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Abstract—With the rapid growth of the Internet of Things
(IoT) and edge intelligence, federated learning (FL) has become
a promising approach for distributed model training while pre-
serving privacy. However, the resource constraints of IoT devices,
including limited communication bandwidth and heterogeneous
computational and energy capabilities, hinder the scalability and
performance of FL. To address these challenges, we propose
the Air-FedSNN framework, which integrates slimmable neural
networks (SNNs) with over-the-air computation (AirComp) to
improve communication, computation, and energy efficiency in
heterogeneous IoT networks. A width-aware aggregation mecha-
nism is developed to mitigate the impact of varying model widths
and aggregation errors. Additionally, a dynamic width allocation
strategy based on Lyapunov optimization and multi-armed bandit
(MAB) theory is introduced to adaptively select model widths
under long-term energy constraints, balancing energy efficiency
and training performance without prior knowledge of device
capabilities. Extensive experiments on MNIST, CIFAR-10 and
CIFAR-100 datasets demonstrate that Air-FedSNN outper-
forms conventional FL. methods, achieving superior accuracy-
energy tradeoffs, and provides an efficient solution for resource-
constrained environments.

Index Terms—Federated learning, over-the-air computation,
slimmable neural network, Lyapunov optimization, multi-armed
bandit.

I. INTRODUCTION

ITH the rapid proliferation of the Internet of Things
(IoT) and edge intelligence, massive data are naturally
generated and stored across large numbers of IoT devices
(devices), making traditional centralized learning frameworks
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increasingly prone to privacy leakage and communication
bottlenecks [1]. Federated learning (FL) has emerged as a
promising privacy-preserving distributed training paradigm
that allows devices to perform local model updates while
transmitting only model parameters or gradients to an edge
server (ES) [2]. Despite these advantages, deploying FL over
resource-constrained devices remains challenging due to two
fundamental limitations: (i) limited communication resources,
since frequent uplink and downlink exchanges of model
parameters over many training rounds can incur substantial
communication overhead under constrained bandwidth [3];
and (ii) heterogeneous client capabilities in computation and
energy, which cause imbalanced local execution times and
ultimately hinder global training efficiency [4]. Together, these
factors significantly restrict the scalability and performance of
FL in large-scale wireless edge networks.

To alleviate the limited communication resource bottleneck,
over-the-air computation (AirComp) has recently gained con-
siderable attention for exploiting the waveform superposition
property of wireless multiple-access channels to enable simul-
taneous transmission and aggregation of local model updates
[5]. When the aggregation noise in AirComp is effectively
suppressed, it can substantially reduce communication latency
and bandwidth consumption while maintaining satisfactory
convergence and model accuracy [6]. In parallel, various
model compression techniques, such as quantization [7], [8],
sparsification [9], [10], and pruning [11], [12], have been
incorporated into FL to further reduce communication and
computation overheads. Specifically, quantization and spar-
sification compress transmitted model updates to mitigate
communication costs [13], while pruning eliminates redundant
parameters to generate lightweight models, effectively decreas-
ing local computation latency and energy consumption [14].

Nevertheless, integrating model compression with AirComp
in FL to jointly address the challenges of limited commu-
nication resources and device heterogeneity in computation
and energy resources remains nontrivial. Quantization and
sparsification primarily reduce the transmission volume but
do not alleviate the local computation load, as the local
model structure and iteration count remain unchanged. In
contrast, pruning-based methods produce non-identical model
architectures across devices, violating the signal alignment re-
quirement of AirComp and causing aggregation misalignment.
Although enforcing a uniform global pruning pattern across all
devices can preserve alignment [15], it sacrifices adaptability
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to device heterogeneity, thereby resulting in suboptimal train-
ing efficiency.

Recently, the concept of slimmable neural networks (SNNs)
[16] has been introduced, allowing a full model to be vertically
decomposed into multiple sub-models with varying widths
(e.g., by adjusting channels or neurons). Each sub-model can
be activated according to device capabilities, where a model of
larger width encompasses all narrower sub-models. Compared
with conventional model compression, FL. based on SNNs
(i.e., FedSNN) enables heterogeneous devices to train sub-
models with different widths while preserving a shared nested
structure, thus providing strong compatibility with AirComp-
based aggregation.

Motivated by these observations, this paper proposes a novel
framework, termed Air-FedSNN, which enables width-
heterogeneous SNN training over AirComp-based wireless
aggregation to jointly enhance communication, computation,
and energy efficiency in resource-heterogeneous IoT networks.
To fully realize the potential of Air-FedSNN, several key
challenges must be addressed:

o Unknown impact of model widths and aggregation errors:
Devices train local models with different widths and per-
form AirComp-based aggregation. The varying represen-
tational capacities and aggregation errors jointly influence
the global model performance. Quantitatively characteriz-
ing these coupled effects remains a complex problem for
ensuring reliable training.

e Dynamic width allocation without prior knowledge: In
resource-heterogeneous environments, both device capa-
bilities and channel conditions vary dynamically across
communication rounds. Determining model widths that
balance resource utilization and model accuracy, without
prior knowledge of device states, is a significant challenge.

To address these challenges, a block-wise model sharing
mechanism is first introduced to ensure parameter alignment
among heterogeneous-width local models. Then, a width-
aware aggregation mechanism is developed to improve global
aggregation by adaptively weighting structurally aligned local
updates according to the representational capacity of each
sub-model. Subsequently, a theoretical convergence analysis
is conducted to illustrate the influence of local model width
and AirComp-induced errors on global learning performance,
thereby revealing how model width affects both aggregation
accuracy and convergence behavior. Furthermore, a dynamic
width allocation algorithm is proposed based on Lyapunov
optimization and the multi-armed bandit (MAB) framework,
which enables adaptive width selection under long-term energy
constraints without requiring prior knowledge of device capa-
bilities. The Lyapunov framework decomposes the long-term
stochastic optimization into tractable per-round subproblems,
while the MAB strategy adaptively selects model widths to
balance energy efficiency and learning performance. The main
contributions of this work are summarized as follows:

1) A novel framework, Air-FedSNN, is proposed, where
AirComp and SNN techniques are jointly optimized to mit-
igate communication, computation, and energy burdens in
heterogeneous IoT networks, achieving an effective balance

between model accuracy and training efficiency.

A block-wise model sharing and width-aware AirComp
aggregation mechanism is designed to enhance multi-width
aggregation performance. Theoretical analysis is provided
to characterize the coupled effects of model width diversity
and AirComp-induced aggregation errors on convergence,
ensuring stable and reliable training under adaptive-width
scenarios.

An energy-aware dynamic width allocation strategy is de-
veloped based on Lyapunov optimization and MAB theory,
which adaptively maximizes model width utilization under
long-term energy constraints.

Extensive experiments on MNIST, CIFAR-10 and CIFAR-
100 datasets demonstrate that Air—-FedSNN achieves su-
perior accuracy—energy tradeoffs compared with conven-
tional compression-based FL approaches, validating its ef-
fectiveness in resource-heterogeneous environments.
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The paper is organized as follows: Section II reviews related
works, Section III presents the system framework, Section
IV details the convergence analysis, Section V proposes the
dynamic width allocation algorithm, Section VI discusses the
simulation results, Section VII concludes the paper.

II. RELATED WORKS

The deployment of FL in wireless edge networks faces
critical challenges, primarily stemming from limited commu-
nication bandwidth and the heterogeneity of device resources,
such as varying computational capacities and energy budgets.
To mitigate these bottlenecks and enhance overall learning
efficiency, extensive research efforts have been dedicated to
optimizing model training and aggregation mechanism. In this
section, we review the SNN and AirComp-based FL methods.

1) AirComp-based FL: AirComp leverages the superposi-
tion property of analog signals to perform model aggregation,
thereby improving communication and aggregation efficiency
[17]. In [18], a multi-resource allocation mechanism has
been proposed to improve the overall learning efficiency of
AirComp based FL (Air-FL). To balance energy budget with
training performance, a dynamic device scheduling method
based on Lyapunov optimization is introduced in [19], and
training frameworks based on energy harvesting have been
explored [20]. To further improve training efficiency, model
compression techniques are applied. In [9], analog aggrega-
tion based on gradient sparsification and digital transmission
based on gradient quantization have been investigated, respec-
tively. Meanwhile, an aggregation mechanism based on 1-bit
quantization has been proposed in [7], and the quantitative
relationship between model compression and learning perfor-
mance has been derived by combining sparsification with 1-
bit quantization [8]. Moreover, an aggregation method based
on global sparsity patterns has been developed to maintain
model structural consistency [10]. In [14], the convergence
performance of pruning-based Air-FL is analyzed, and the
importance of global model parameters is evaluated using a
loss importance measure. Furthermore, an Air-FL method
combining pruning and quantization is proposed in [12], where
pruning is applied during local training to enhance computa-



tional efficiency, while quantization is employed during model
uploading to reduce the transmission data size.

2) SNN-based FL: SNN represents a structural-level com-
pression mechanism that does not directly prune weights but
instead introduces network scalability. The key idea is to
dynamically adjust the network width to create sub-networks
of different sizes, enabling devices with heterogeneous com-
putational capabilities to train width-adaptive local models
[16]. Recent research has explored the integration of SNNs
into FL to accommodate devices with varying resource ca-
pabilities [21]-[23]. To address communication and computa-
tion heterogeneity across devices, SNNs are first introduced
into FL in [21], where superposition coding enables models
with different widths to be transmitted according to channel
conditions, and a superposition training strategy mitigates
interference among local sub-networks. In [22], a scalable
active caching framework has been developed by incorporating
a federated reinforcement learning algorithm based on SNNs,
achieving efficient resource allocation across varying numbers
of devices. Furthermore, to tackle both statistical and system
heterogeneity, a series of SNN-based FL algorithms has been
designed in [23], including device clustering, width allocation,
and model aggregation.

3) Key Differences from Existing Works: Existing Air-FL
and FedSNN methods address communication efficiency and
resource heterogeneity from different perspectives. However,
their integration in resource-heterogeneous networks, as well
as the resulting coupling among wireless aggregation errors,
heterogeneous-width local training, and dynamic width al-
location, remains underexplored. Different from Air-FL ap-
proaches, Air-FedSNN exploits the shared nested structure
of SNNs to preserve structural consistency across different
sub-models, while allowing devices to adapt their model
widths according to heterogeneous resource conditions. Mean-
while, unlike FedSNN methods that mainly rely on conven-
tional digital aggregation, the proposed framework integrates
AirComp to improve aggregation efficiency, while explicitly
considering aggregation errors, wireless channel conditions,
and their coupling with width-varying local training.

Therefore, Air-FedSNN is not a simple combination
of AirComp and SNN-based FL. Instead, it provides a
communication-efficient and resource-adaptive framework that
jointly addresses heterogeneous-width local training, block-
wise AirComp aggregation, and dynamic width allocation
under unknown device states.

III. PROPOSED AIR-FEDSNN FRAMEWORK

In this section, we present the proposed Air-FedSNN
framework for heterogeneous FL. We first introduce the nec-
essary background and then describe the framework design.

A. Preliminary

We first briefly review the FL. model and the scalable neural
network architecture adopted in this work, which serve as the
foundation for the proposed Air—-FedSNN framework.

1) FL Model: In a wireless edge network, an edge server
(ES) coordinates the FL process with a set /C of K IoT devices.
For each device k (Vk € K), its locally collected dataset is
denoted as Dy = {(Xk,i, Yk.i) g“l, where Dy = |Dy| repre-
sents the dataset size, x; ; € R™ denotes the i-th sample, and
yr,i € Ris the corresponding label. Let D = Uke}C Dy, denote
the aggregated global dataset with total size D = Zszl Dy.
The objective of FL is to obtain a global parameter vector
w € R? by minimizing the global loss function [24]:

n}hi,nF(W) = ka(w), ()

where F(w) denotes the local loss function of device k.

2) Slimmable neural network: 1oT devices typically ex-
hibit significant heterogeneity in computational and energy
resources, which can considerably affect model training effi-
ciency. To mitigate this limitation, SNNs have been proposed.
An SNN maintains a full-width neural network and a candidate
width set M = {81,042, ...,0n }, Where 6, denotes the width
ratio of the m-th sub-network relative to the full-width model.
By selecting a specific width §,,, only the corresponding
proportion of channels or neurons at each layer is activated,
thereby switching the full model to a sub-model with width
Om- A larger-width sub-model contains the parameters of all
smaller sub-models and additionally activates more channels
or neurons. Therefore, SNNs allow devices with different
computation and energy capabilities to train sub-models of
different widths while maintaining a consistent parameter
structure within the same full-width model.

3) Integrating FL with SNN: By integrating SNN into FL,
i.e., FedSNN, each device can dynamically select a model
width according to its available resources and participate in
FL training. A natural concern is that gradients from different-
width sub-models correspond to different local objectives,
which might appear inconsistent with the standard FL assump-
tion that all updates optimize the same global model. However,
all sub-models share the same input and output spaces and tar-
get the same learning task [16]. Narrower sub-models optimize
a masked version of the full-width objective, activating only a
subset of parameters. Therefore, these local objectives can be
regarded as restrictions of a single global objective rather than
independent functions. Moreover, updates are mapped to the
full model and aggregated across devices, ensuring consistent
updates toward the shared objective. This principle has also
been validated in model-heterogeneous FL, where devices with
different parameter sizes collaboratively train a shared global
model through parameter-aligned aggregation [25], [26].

Although FedSNN alleviates computational heterogeneity,
the frequent uplink transmission of high-dimensional model
parameters may still lead to substantial communication bot-
tlenecks. To further enhance communication efficiency, Air-
Comp is employed to enable one-shot aggregation of width-
varying local models. By integrating AirComp with FedSNN,
a unified and communication-efficient framework termed
Air-FedSNN is developed. The workflow of Air-FedSNN
is shown in Fig. 1 and described as follows.
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Fig. 1. System model and workflow of the proposed Air-FedSNN framework.

B. Model Distribution and Width Allocation

Consider an FL process consisting of 1" global communi-
cation rounds indexed by 7 = {1,2,. T} In each round
t € T, the ES mamtams a global model w'. Following the
SNN paradigm, w? is divided into M distinct network widths,
where width m € {1,..., M} corresponds to a sub-model
with size 6,,

After receiving the initialized global model w! broadcast
by the ES, each device k constructs its local model wz. In
round t, device k performs I' local iterations, and the local
model at iteration [ is denoted by W}?l (l=1,2,...,T'). The
computational and energy resources of each device are as-
sumed constant within each round but may vary across rounds.
Therefore, at the beginning of round ¢, device k is assigned
an appropriate model width 8} = 6,,, Vm e {1,2,...,M}
to match its resource state. Only the sub-model corresponding
to width B}i is activated, and parameters outside this width are
masked. The initialized local model is thus given by

th

wh Jor I8 @

where ®! is a binary mask matrix indicating the active
parameter subset of device k in round t.

C. Local Model Training

At the [-th local iteration (I = 1,2, ...,
the local loss function is computed as

I'), the gradient of

1
VF’C(WZ,Z) = Tl Z vf(wzla (le yk))7 (3)
‘Dk (xk,yk)ED}!
where f (W, (Xx,i,Yxk,i)) is the empirical sample-wise loss, and

DZ’l denotes the mini-batch used in iteration /.

During local training, only parameters within the allocated
width participate in forward and backward propagation, while
masked parameters are fixed. Using stochastic gradient descent
(e.g., mini-batch SGD), the local model is updated as

tl ol

D= wi T - g VE((w ), (4)

where n denotes the learning rate.
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D. Width-Aware Model Sharing

Owing to the variation in model widths across devices and
rounds in Air-FedSNN, standard aggregation strategies such
as FedAvg are not directly applicable, as they assume a ho-
mogeneous model structure. To enable scalable and consistent
aggregation over heterogeneous-width local models, a width-
aware model sharing mechanism is introduced:

1) Width Block Representation: The full local model w, of
device k is partitioned into J width blocks, where 1 < J < M
and M denotes the total number of network widths, each cor-
responding to a fraction ﬁ of the overall model width. Block j
represents the incremental parameter region introduced when
expanding the model width from §;_; to ¢;. The index of each
width block is denoted by j € {1,2,...,J}. In practice, J is
typically set equal to M, ensuring that each block aligns with
a specific width increment. The updated local model wt,:“l
consists of a subset of these blocks, and gradient aggregation
at the ES is executed independently for each block.

Let af; € {0,1} denote a binary variable indicating
whether device k activates block j in round ¢t. The set of
dev1ces selecting block j is defined as St C K, with size

|St| =D hek akj The selected w1dth of device k in
round t follows
J

. Zafm%.
j=1

2) Monotonic Width Scheduling: To maintain structural
coherence among heterogeneous-width models, the width ac-
tivation pattern for any device k is required to satisfy the
monotonicity constraint

B =bm (5)

(6)

ensuring that activation of a wider width block implies acti-
vation of all narrower blocks.

Consequently, the local model of device k can be expressed
as the concatenation of its activated width components:

t t t
ap g < ap g1 <o <agq,

w;," = concat (afc,lwﬁla o Wily s -5 af JWZ+}) » (D
where w} ; is the local sub-model associated with block j.
The model parameters corresponding to width block j are
obtained through masking as
t+1 .
Wi w,;r O (P, — 1), ifm>1,
kg
! witl © @,

()

otherwise,



where ®,, is the binary mask matrix for width m.

E. AirComp-Based Model Aggregation

Upon completing local training, AirComp is employed to
efficiently aggregate the heterogeneous-width local models.
For each width block, only devices that activate the corre-
sponding block participate in its aggregation. The aggregated
block updates are then mapped back to their corresponding
positions in the full-width global model, thereby avoiding
direct aggregation between updates with different param-
eter structures. Specifically, each sub-model block is first
amplitude-modulated into analog symbols and transmitted via
time-division multiplexing (TDM) or frequency-division mul-
tiplexing (FDM) to the ES, ensuring block-level orthogonality
throughout the aggregation stage.

The complex channel coefficient between device k and the
ES on width block j is denoted by ht . € C. To enable
reliable AirComp aggregation under heterogeneous channel
conditions, every local sub-model Wk,] is normalized into
zero-mean, unit-variance symbols Si;} ;- The received signal on
block j at the ES is thus given by

=> hhxh,+l Vied, )
kel

where x, §= pk st j s the transmitted waveform and 25 ~
CN(0,021) denotes the AWGN vector,

1) Width-Aware AirComp Weighting: The proposed width-
aware aggregation is not intended to resolve parameter incom-
patibility, which is addressed by the block-wise model sharing
mechanism. Instead, it adjusts the relative contributions of
structurally aligned updates within each width block. Since
different devices participate with different effective widths,
the influence of each local update on the global aggregation
must reflect its selected width. A larger width activates more
channels and parameters, thus generally offering higher rep-
resentation capacity and performance upper bound under the
same training setting. This aligns with common observations
in prior SNN-based studies that larger widths yield better
accuracy at the cost of higher computation [16], [23]. Ac-
cordingly, wider sub-models are assigned larger aggregation
weights e to capture their greater capacity contribution.
To achieve the width-aware weighting, each device applies
a transmit coefficient

¢ t ot Lept \H/pt |2

g = oag ;e (hi )™ /10 512,

where o} is a power-scaling factor. Since 3 € (0,1], the
resulting weight difference remains bounded, with the largest
weight ratio given by e9/e%25 ~ 2.12. Therefore, larger-
width models receive only a moderate preference during

aggregation, rather than dominating the global aggregation.
Substituting this expression into the received signal yields

(10)

t ot bt ¢ .
= Z %‘ak,jeﬂ"sk,j +z;, VjeJ, (11)
ke
with communication power consumption
t AN
at .otePr

2 ( kg% )
Pt,?om :E|: t 4St p ] = 12
k,j |p/w k7J| ”hk’sz (12)

2) AirComp Reconstruction of Width Blocks: After
receiver-side scaling and de-normalization at the ES, the
aggregated sub-model on each block j is reconstructed as

t+1

=D phWii tE, Yied. a3
keK
where

t Bt t

at .ePr zt

t k.j ~t J
Pk = 17 T Z; = —— g (14)

Die1 at 6'6 U; die1 ag,jeﬁi

Finally, the global model is reconstructed by concatenating all
aggregated width blocks:

t+1 t+1 t+1

—concat( , Wo' Ty L

W t+1) .

, W7 (15)

Remark 1. The above formulation can be generalized to
zneorporate both data size and model width as pk =
aj, ; Dy.e? k/Z ex O Di eBi. When Dy, is identical across
devzces the formulation reduces to the original width-aware
weighting. This generalization may increase transmission
power requirements, which can be mitigated by appropriately
adjusting the block-wise scaling factor a;- for power control.

Remark 2. The above AirComp aggregation assumes perfect
CSI for channel inversion. In practical wireless systems, how-
ever, the transmitter may only obtain an estimated channel,
ie, hi j = hij +Ahj;, where Ahj, ; denotes the estimation
error. In this case, channel inversion based on ht
a mismatch factor v} ; = h§€7j(h§€’j)H/|h |2 into the re-
ceived signal. Therefore, the aggregated update on width block
j is distorted by the factor ’l/)k ., instead of being perfectly
aligned as in the ideal case Wlth wk = 1. This indicates
that imperfect CSI affects both the transmit power and the
AirComp aggregation error.

k. introduces

Although Air-FedSNN enables scalable training under
heterogeneous model widths, the incorporation of width-
dependent weighting and AirComp error introduces nontrivial
challenges for global convergence and robustness under im-
perfect wireless channels. These factors necessitate a rigorous
characterization of the algorithm’s convergence behavior.

IV. CONVERGENCE ANALYSIS FOR ATIR-FEDSNN

In this section, we conduct convergence analysis to quantify
the joint impact of multi-width model and AirComp aggre-
gation errors on learning performance, and to establish the
corresponding convergence bounds.

First, to facilitate the theoretical analysis, we introduce the
following assumptions as in [23], [27] and [28].

Assumption 1. (Lipschitz Continuity and Smoothness): For
any model parameter w,v € RY, the gradient of loss functions
V F (w) is Lipschitz continuous with a constant L > 0, i.e.,

[VE(w) = VF (V)| < Llw-—v]|, (16)
which can be extended to
L
F(w) S F(v) +(VE(v),w —v) + o lw—v|*, 17



Assumption 2. (Unbiased Stochastic Gradient): The local
stochastic gradient at any width block j is assumed to be
unbiased, i.e.,

K
E | ok Fiy (W)
k=1

Assumption 3. (Model Width Bound): The change of global
model version within total training period T' is bounded by a
positive constant @, i.e.,

[w—w o &> < o |W)? (19)

where ¢ € [0,1) represents a uniform upper bound on the
relative discrepancy induced by width masking, and |W||?
denotes an upper bound on the squared norm of the full-width
model.

Assumption 4. (Gradient Bound): The expected squared norm
of gradient E {HVFk (W)HQ}
positive constant G, i.e.,

at any device k is bounded by a

E|IVE: (w)|*] <62 (20)
Based on Assumption 3 and Assumption 4, we first present
the following lemmas for the convergence analysis.

Lemma 1. The expected squared norm of the discrepancy
between the locally updated model WZ’Z and the global model
wt from the previous communication round is bounded by

E U whl —w H ] < PTG 4+ 202 (W2 1)

Proof. This proof is derived from Assumptions 3 and 4, and
is omitted due to space limitations. O

Next, the convergence properties of Air-FedSNN are
derived to characterize the joint influence of width allocation
strategies and AirComp-induced aggregation errors on the
evolution of the global model. Since practical learning ob-
jectives in modern neural networks are typically non-convex,
the analysis is conducted under the non-convex setting.

In non-convex optimization, the expected squared gradient
norm serves as a standard metric for assessing convergence
[29], [30]. Accordingly, the global loss function is said to reach
a ¢-suboptimal stationary solution if

—ZE[HVF

which ensures that the iterative procedure approaches a sta-
tionary point even when global optimality is unattainable.
The following theorem provides sufficient conditions for the
convergence of Air-FedSNN. The bound explicitly reflects
the combined contributions of network-width heterogeneity,
width-aware weighting, and AirComp aggregation errors.

Theorem 1. Let F (w
loss values. For a learning rate satisfying 0 < n <

] <€ (22)

) and F'* denote the initial and optimal

2L1’" after

T communication rounds, the time-averaged expected squared

norm of the gradient Zthl E [HVF (wlt)H2 is bounded as

d 2
Z:: [HVF Bl } Tnl“—?LnF)E[F (wh) = F]
A
2€L2K1?2F2 +4eL3Kn3T3 a2 2eL?K + 4el3Knl' AW H
S (1—2LnT) S(1—2LyT)
B c

T 2

L o
+ Tnl (1 —2LnT) Z Z (5;05)2

t=1 j=1

D
(23)

where S < S;-,Vt,j denotes the minimum number of de-
vices participating in width block j across all communication
rounds.

Proof. Please refer to Appendix A. O

The RHS of (23) provides an explicit bound on the con-
vergence error. Term A reflects the initial optimality gap
and diminishes with larger 7. Term B corresponds to the
boundedness of the local gradients influenced by width dif-
ferences. Term C' captures the mismatch between the full-
width global model and locally activated sub-models, which
represents the parameter-space discrepancy induced by width
masking rather than incompatible parameter coordinates across
different model architectures. The norm term ¢?||W/||? pro-
vides an upper bound on the width-induced discrepancy. Term
D quantifies the AirComp aggregation distortion accumulated
across width blocks. The convergence bound in Theorem 1
leads to the following insights:

1) Increasing the number of communication rounds T' re-
duces the initial optimality gap in term A, thereby accel-
erating convergence.

2) Larger discrepancies between the global and the local
model widths increase term C', thereby enlarging the over-
all convergence bound. Hence, balanced width allocation
is essential for stable training.

3) The set of participating widths is determined by the
assigned model widths of devices, where a device with
a larger width participates in all lower-width blocks, so
that each width block consists of devices whose allocated
widths cover that block and defines the participation
number S} in each block.

4) The participating devices in each width block determine
the block-level participation number Sjt», which influences
terms B, C, and D. Increasing S; reduces AirComp-
induced errors, improves aggregation accuracy, and pro-
motes faster convergence. When only a few devices sup-
port large widths, high-width blocks are updated by fewer
devices, resulting in increased AirComp aggregation error
and a looser convergence bound.

5) The allocated model widths determine the set of partic-
ipating devices in each width block, thereby affecting
Sjt«. Since the AirComp error term is proportional to



0?/(Skot)?, width heterogeneity indirectly influences
aggregation accuracy through the participation pattern.
Since different model widths activate distinct sub-networks,
each local sub-model optimizes an objective associated with
the corresponding part of the full-width global objective.
Under non-IID data, the aggregated block gradient may no
longer be an unbiased estimate of the corresponding global
block gradient. To characterize this discrepancy, we introduce
the following assumption.

Assumption 5. (Gradient Divergence Bound): Under the non-
IID data distribution, the deviation between the local gradient
of device k and the corresponding global gradient at width
block j is bounded by a positive constant (2, i.e.,

E|IVEL; (w) = VE; (w)|*] < ¢?

Based on this assumption, we further derive the convergence
bound under the non-IID data distribution.

(24)

Theorem 2. For the non-IID setting, when the learning rate
satisfies 0 < n < ﬁ, the upper bound of the average
expected squared gradient after I' communication rounds is

given by
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Proof. The proof extends Theorem 1 to the non-IID case by
explicitly bounding the local gradient deviation terms, and is
omitted due to space limitations. O

Compared with the IID case, the non-1ID bound contains an
additional divergence term %J ¢2. This term captures
gradient divergence caused by data heterogeneity and block-
dependent device participation. A larger (2, i.e., more severe
non-IID, leads to a looser convergence bound.

These observations indicate that larger local model widths
can improve model convergence. However, hardware con-
straints at devices necessitate a width allocation policy that
balances convergence performance with local computational
and energy limitations.

V. ENERGY-AWARE DYNAMIC WIDTH ALLOCATION

From Theorem 1, we observe that increasing the model
width in Air-FedSNN effectively mitigates AirComp-
induced aggregation errors, thereby improving global conver-
gence performance. However, wider sub-models activate more

neurons and channels, resulting in substantially more connec-
tions and trainable parameters. Consequently, increasing the
network width directly raises both computation and commu-
nication energy consumption at each device. This reveals an
inherent performance—energy tradeoff: wider models enhance
learning accuracy but induce higher local resource demands.
To characterize and optimize this tradeoff, we first quantify
the parameter size associated with each width level and derive
the corresponding computation and communication energy
models. Based on these models, Sec. A formulates the long-
term energy-constrained width allocation problem. Given the
temporal coupling and stochastic device dynamics, Sec. B
transforms the problem into per-round subproblems using Lya-
punov optimization. Finally, Sec. C develops an online MAB
algorithm for adaptive width allocation under uncertainty.

A. Problem Formulation

The number of parameters associated with the j-th width

block is
Y =
[®rmllo

Thus, the total number of active parameters of device k in
round ¢ is b}, = Z}I:1 afa ;Y- corresponding to the parameters
associated with its assigned width j},.
Let ¢ denote the number of CPU cycles required to train
a full-width model on a single sample, and let f} denote
the instantaneous CPU frequency of device k. Then the local
training energy consumption is modeled as
m bt c
Ep™ = & (f)"TDy -

m71||01 m > 1a

(26)
otherwise.

27)

where b} /q denotes the proportion of active parameters and
reflects the actual computational load.

For communication, the transmission energy of device k for
sending the j-th width block is

2
(e ) 2
: 2
[t

where 7 is the per-parameter transmission duration. The com-
munication and local energy consumption at round ¢ are

Z Et ,com

From Theorem 1, we observe that increasing the model
width effectively mitigates AirComp based aggregation error,
thereby improving model convergence performance. Mean-
while, as shown in egs. (27) and (28), the network width
directly determines both the computation and communication
energy consumption on each device. This reveals an inherent
trade-off in which increasing the model width can potentially
improve learning performance while simultaneously raising
the computation and communication burden.

To further validate this tradeoff, we conduct a preliminary
experiment on the CIFAR-10 dataset using a two-layer CNN

) (28)

t,com __ pt o
By =P =

t ,com

E]i _ Eli,trn + E;,com. (29)



—— 1x CNN
% 0.3 —— 0.75x CNN
& —— 0.5x CNN
0.2 —— 0.25x CNN
0.17
0 25 50 75 100 125 150 175 200

Communication rounds

Fig. 2. Test accuracy across different network widths.
TABLE I

ENERGY PERFORMANCE COMPARISON ON CIFAR-10 DATASET.

Metrics 1XCNN 0.75xCNN  0.5xCNN 0.25xCNN
Energy 3.81 2.16 0.97 0.25
Increase Factor 15.24x 8.64 x 3.88x 1x

partitioned into four width levels (1x, 0.75%x, 0.5%x, and
0.25x). The experiment involves 20 devices, 200 communi-
cation rounds, and a learning rate of 0.01, where each device
is assigned a fixed network width. As illustrated in Fig. 2,
the Air-FedSNN method with wider sub-models achieves
faster convergence and higher accuracy due to stronger repre-
sentation capacity. However, Table I shows that the accuracy
improvements come at a substantial energy cost, with increas-
ing the width from 0.25x to 1x leading to over a /15X rise
in energy cost. These empirical findings are consistent with
the theoretical insight regarding the tradeoff between resource
efficiency and learning performance.

Motivated by these findings, we adopt model width as a
tractable surrogate for learning performance. Accordingly, we
design a dynamic width-allocation mechanism that assigns
the wider feasible sub-model to each device while respecting
per-device long-term energy constraints. This leads to the
following optimization problem:

T K
PO : maxZZﬁ};,

(30a)
t=1 k=1
1 T
.-
st ;Ek < Ey, VkeKk, (30b)
Br € (0,1], Vk,t. (30c)

where S}, denotes the network width of device k in communi-
cation round ¢, with B,tc = 1 indicating a full-width model. The
energy consumption during model training is limited by the
budget in constraint (30b). Meanwhile, constraint (30c) defines
the set of available network widths for device k at round
t, which inherently encompasses the monotonicity constraint
specified in eq. (6).

Although the optimization variable is the model width, the
resulting decisions are tightly coupled with wireless communi-
cation resources and AirComp aggregation performance. From
an edge network perspective, the proposed framework reveals
the following insights.

1) Model width as a communication-resource adaptation
variable. A larger width activates more parameter blocks,
thereby increasing the number of transmitted symbols and
the corresponding communication energy consumption.

Under heterogeneous energy budgets and channel con-
ditions, width allocation can therefore be viewed as an
adaptive communication-resource allocation mechanism
rather than merely a model-design choice.

2) Width allocation affects AirComp aggregation quality via
participation. The selected width determines the activated
parameter blocks and thus the block-level participation
number St. Since the aggregation distortion decreases
with (S’jt)é width allocation influences the AirComp
aggregation quality through the coupling 3}, — S§ —
aggregation error. Therefore, model width influences not
only communication cost but also OTA aggregation reli-
ability and learning performance.

3) Wireless conditions determine learning performance. The
transmission power, channel gain, and wireless noise
jointly affect both communication energy consumption
and aggregation error. Therefore, the optimal width al-
location is inherently communication-aware and depends
on the underlying wireless environment.

Problem PO is challenging due to: 1) Temporal coupling due
to energy constraints: The long-term energy budget constraint
in eq. (30b) introduces temporal dependencies across commu-
nication rounds. Decisions made in any given round ¢ directly
influence the width allocation in subsequent rounds, thereby
complicating the optimization process. 2) Dynamic device
resources and lack of prior knowledge: The resource status of
devices (e.g., CPU cycle frequency and channel conditions),
fluctuates over time. The system lacks prior knowledge of the
devices’ capabilities, making it difficult to optimally allocate
resources based on real-time conditions.

B. Problem Transformation via Lyapunov Optimization

To handle the long-term constraint in P0, we adopt Lya-
punov optimization to convert the problem into per-round
decisions [31]. First, we introduce a virtual energy queue
Ul for device k, which is updated according to its energy
consumption in each round:

Uit = max (U} + Ef, — Ey,0) . (31)
The queue tracks the accumulated energy cost over time,
ensuring that the device’s energy usage does not exceed the
predefined budget.

Then, to indicate the queue status, we define the Lyapunov
function as the sum of the squared values of the virtual energy
queues across all devices, i.e.,

L(e") = (32)

>y,

k=1

DN | =

where ©' = {U},,Vk € K} represent the set of all queue
backlogs at time ¢. The goal is to minimize the drift of the
Lyapunov function, which ensures the energy constraints. The
Lyapunov drift is represented as

A0 =E [L(@t“) — L(OY) (33)

@t} .



To stabilize the queues while optimizing the system’s per-
formance, we adopt the drift-plus-penalty method, which adds
a penalty term for violating the energy constraints:

K
> B @t] :

Ay (0) =A(0") - VE (34)

where V' > 0 is a control parameter balancing cost mini-
mization and queue stability. The penalty term is designed to
penalize the excess energy consumption of devices. Given the
virtual queue state ©F, the drift-plus-penalty can be upper-
bounded as

E|S 4 e
<§§[<Ek> (5)" - 2]

Zﬂklet

Based on the theory of Lyapunov optimization, minimizing
the derived upper bound in (35) by discarding the constant
terms is equivalent to solving the following maximization
problem for each communication round ¢:

(35)
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mex VZBk ZUkEk, (36a)
st. fBLe(o, ], Vk e /c. (36b)

To avoid wide-model dominance, resource-limited devices
still contribute to the shared core blocks activated by all
widths, ensuring their participation in the global aggregation.
Meanwhile, the Lyapunov energy queue penalizes high energy
cost, thereby discouraging continuous allocation of large-width
models and promoting balanced width usage across devices.

Although P1 can be solved per round, the lack of prior
knowledge of device states prevents direct optimization, mo-
tivating an online learning approach.

C. Online Width Allocation via Multi-Armed Bandits

This subsection presents an online width allocation strategy
based on the MAB framework with Upper Confidence Bound
(UCB) estimation [32]. The objective is to enable each device
to dynamically choose an appropriate network width while
accounting for its energy state and historical performance.
In the proposed formulation, each device is modeled as an
independent decision maker, where the candidate width levels
correspond to different arms in the MAB setting. At each
communication round, the device selects an arm to balance
the tradeoff between exploiting historically favorable width
levels and exploring alternative configurations that may yield
improved performance under time-varying system conditions.

To capture temporal variations in the environment, we adopt
a discounted learning mechanism. The discounted number of
selections for arm m by device k up to round ¢ is defined as

t
Nf N =D NTT{B, =B}, YmeM, (37
=1

where 0 < A < 1 is the discount factor, enabling the system
to emphasize recent observations. The normalized temporal
weight is given by

t

> oA

=1

nt(\) = (38)
To evaluate the historical utility of each width choice,
we maintain discounted empirical accumulations of width
selections and energy consumptions:
t

O, (A) =D ATIBLI{BL = B} (39)
=1
t
YhmN) =D NTEL B = B} (40)
=1

The corresponding discounted empirical averages are com-
puted as

t
—t k m(>\) 2K log(nt ()\))
Dy n(A) = ; (41)
S IOV FINOY
= Thm( 2k log(nt(X
T = g+ /2
Nim(N) N ()
where the exploration term %&;)) is introduced to

account for the uncertainty arising from limited sample sizes,
with x controlling the intensity of exploration.

The UCB metric that synthesizes both learning performance
and energy cost for arm m of device k is defined as

N =V B (N = U T (V),

where V' is the drift-plus-penalty control parameter and U},
denotes the Lyapunov queue reflecting the device’s energy
deviation. The next-round width selection follows

UCB;,, (43)

1
A 7 drgmax UCBk m(A).

meM

(44)

This decision rule allows the device to favor width levels
offering higher utility while penalizing excessive energy usage,
thereby remaining aligned with the long-term constraint.

D. Overall Algorithm

The proposed online width allocation method is detailed in
Algorithm 1. At each round ¢, lines 3-6 implement the core
decision-making stage at the ES. Specifically, for every device
k, the ES evaluates the utility of each arm m by computing
its corresponding UCB value according to (43). Based on
these UCB scores, the ES assigns the width j3. following the
selection rule in (44). Once the widths are determined, line 7
triggers the dissemination of both the updated global model
and the allocation results to all devices. Lines 8—11 then carry
out the decentralized update phase: each device initializes
and trains its sub-model using the allocated width (line 8),
after which the normalized model updates are transmitted in
width-specific blocks j7 € J (line 10). Line 12 aggregates the
received signals y§ from all blocks and reconstructs the global
model wit! according to (15). Finally, lines 13—14 update the



virtual queues U, ,ﬁ“ based on the estimated per-device energy
expenditure as dictated by (31).

Overall, the iterative steps in Algorithm 1 jointly coordinate
width selection, local computation, and over-the-air aggre-
gation. By systematically coupling exploration, performance
estimation, and energy-aware queueing, the algorithm enables
adaptive width decisions across heterogeneous devices while
preserving the convergence efficiency of Air—-FedSNN.

Algorithm 1: Online width allocation algorithm for
Air—-FedSNN.

1 Initialization: Global model w', local models

1wl v 1_
wj, = W, virtual queues U;; = 0.

2fort=1,2,...,T do

3 for £ € K do

4 Compute UCB] ,,()) for all m via (43);

5 Select width 3} according to (44);

6 end

7 ES broadcasts w' and the width assignments to all

devices;

8 for £ € K do

9 Update local sub-model using (4);

10 Transmit normalized parameters over different
width blocks via AirComp;

11 end

12 ES reconstructs w1 from yh

13 ES estimates device energy consumption;

14 | Update queues U™ using (31);

15 end

VI. SIMULATION RESULTS

This section provides a comprehensive evaluation of the
proposed Air-FedSNN framework. The experimental setup
is as follows.

1) Datasets and Training Model: We consider widely
used datasets including MNIST, CIFAR-10 and CIFAR-100.
MNIST comprises 70,000 grayscale images of handwritten
digits (28 x 28), with 60,000 for training and 10,000 for
testing. CIFAR-10 includes 60,000 color images (32 x 32)
across 10 classes, with 50,000 training and 10,000 testing
samples. CIFAR-100 has the same image size and total number
of samples as CIFAR-10 but spans 100 fine-grained classes,
each with 500 training images and 100 testing images.

The training model is a 7-layer CNN consisting of two 5x 5
convolutional layers with 32 and 64 channels, respectively,
each followed by max pooling. The convolutional feature
extractor is followed by two fully connected layers with 512
hidden units and an output layer whose dimension matches
the number of classes, i.e., 10 for MNIST and CIFAR-10,
and 100 for CIFAR-100. A softmax layer is then applied for
classification. To achieve SNN, we divided the global model
into 4 widths (i.e., 0.25%x , 0.5%, 0.75x and 1x).

2) Data Distribution: TID and non-IID distributions are
both simulated. For the IID case, each device receives 500
(for CIFAR-10 and CIFAR-100) or 600 (for MNIST) random
training samples. In the non-1ID case, the training data are

partitioned using the Dirichlet distribution Dir(«), where «
controls the degree of data heterogeneity [33]. In addition,
synthetic label-skew non-IID distributions are also considered,
parameterized by . For CIFAR-10, quantity-based label skew
is adopted [34], where p denotes the label dominance ratio,
i.e., a proportion p of samples on each device belongs to a sin-
gle dominant class. For CIFAR-100, distribution-based label
skew (pathological partitioning) is used, where p represents
the available classes, meaning each device contains samples
from only a subset of p x 100% global classes [35].

3) System setup: We consider an ES and K = 20 devices
randomly deployed in the FL system, with the devices uni-
formly distributed within a 50m radius around the ES.

e For communication model, the wireless channel between
device k and the ES is modeled as h}, = +/L(dy) Hf,
where dj, denotes the distance from devices to the ES,
L(dy) = Lo(dg/do)~* represents the large-scale path
loss with reference distance dy = 1 and path-loss expo-
nent g = 2, and H}é represents the small-scale Rician
fading. The power scaling factor is set to o; = 0.1 for
all j € J, while the noise variance and transmission
duration are o2 = 0.0001 and 7 = 0.0001, respectively.

« For computation model, the switch capacitance coefficient
is set to & = 2 X 10~29, and the number of CPU cycles
required to process one data sample is ¢ = 10°. To model
computation heterogeneity across devices, the baseline
CPU frequency of each device is randomly sampled as
fr ~ U(2,5) GHz. To capture temporal variations in
available CPU frequency, the per-round CPU frequency
is sampled from a Gaussian distribution centered at fj,
with a variance of 0.5.

The average energy budget for each device is set as Ej =
E,VEk, with E = 0.4 J for MNIST and E = 1.0 J for CIFAR-
10 and CIFAR-100, where the higher budget for CIFAR
datasets is due to their larger model size and more local
iterations. The learning rate is 7 = 0.01 and the Lyapunov
control parameter is set to V' = 10. The total communication
rounds are 60 for MNIST and 200 for CIFAR-10 and CIFAR-
100, with 1 and 5 local updates per round, respectively.

4) Performance Metrics: To assess the performance of
Air-FedSNN, we use the following evaluation metrics:

o Test Accuracy: The classification accuracy of the global
model on test dataset, reflecting the overall learning per-
formance and convergence rate of different FL. methods.

o Energy Consumption: We evaluate both the average per-
device energy consumption per round and the average
system-wide energy consumption per round.

o Normalized Cumulative Energy [19]: Maximum per-

device energy usage normalized by the energy budget:
St E}
LBt
5) Baselines: To evaluate the effectiveness of the proposed
Air-FedSNN framework, we compare it with the following
representative baselines, all implemented under the AirComp

aggregation setting:

maxy

e Air-FL: All devices perform local model training using
the full-width model in every round, corresponding to the
standard FedAvg method without width reduction.



TABLE II
PERFORMANCE COMPARISON OF DIFFERENT FL METHODS ACROSS DATASETS.

FL Methods \ MNIST \ CIFAR-10 \ CIFAR-100
| Accuracy Energy | Accuracy Energy | Accuracy Energy
Air-FL 97.21 1.25 (1x) 69.52 3.82 (1x) 40.21 3.86 (1x)
Fixed Width 0.75x 97.21 0.71 (0.56x%) 69.32 2.16 (0.57x%) 38.03 2.23 (0.58%)
Fixed Width 0.5x 96.77 0.32 (0.25%) 67.04 0.97 (0.25x%) 33.59 1.05 (0.27x)
Random Width 96.93 0.59 (0.47x) 67.02 1.71 (0.45x%) 35.48 1.86 (0.48x)
Global Pruning 25% 96.92 0.71 (0.56x) 68.74 2.16 (0.57x) 36.37 2.23 (0.58><)
Global Pruning 50% 96.66 0.32 (0.25x%) 64.90 0.97 (0.25x%) 30.09 1.05 (0.27x%)
Air-FedSNN (Ours) 97.22 0.57 (0.45x%) 68.72 1.02 (0.26x) 36.17 1.04 (0.27x%)
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Fig. 3. Test accuracy versus different FL. methods.
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Fig. 4. Unified cumulative energy consumption versus different FL. methods.
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e Fixed Width: All devices use a fixed network width
throughout model training. We evaluate the fixed-width
settings of 0.5x and 0.75X.

¢ Random Width: Each device randomly selects a net-
work width at every training round, providing a stochastic
width-variation baseline.

e Global Pruning: All devices adopt an identical
global pruning ratio, defined as the fraction of param-
eters removed, to ensure signal alignment for AirComp
aggregation [14]. We examine pruning ratios of 25% and
50%, matching the retained parameter counts of the Fixed
Width method.

A. Overall Performance Benchmarking

This section evaluates the learning accuracy and training
efficiency of Air-FedSNN against baselines on MNIST,
CIFAR-10, and CIFAR-100, demonstrating its superior trade-
off between model performance and energy consumption.

Table II summarizes the test accuracy upon convergence and
the corresponding average energy consumption per device per
round, where the full-width Air—FL is used as the reference
(1x). The proposed Air-FedSNN consistently achieves a
better balance between accuracy and energy consumption. In
the relatively simple MNIST task, our method achieves the
highest accuracy of 97.22%, slightly outperforming the full-
width Air-FL. On CIFAR-10, it attains 68.72%, comparable

Communication rounds

(b) CIFAR-10 dataset

100 150 200 50 100 150 200

Communication rounds

(c) CIFAR-100 dataset

t0 69.52% of Air—FL and higher than 67.04% of the Fixed
Width 0.5x baseline. For the more complex CIFAR-100
dataset, our method outperforms the 0.5x baseline (36.17%
versus 33.59%), demonstrating robustness on more complex
tasks. In terms of energy efficiency, the proposed method
reduces energy consumption to 0.45x on MNIST. The gain is
more pronounced on CIFAR-10, where our method consumes
only 1.02 per round compared with 3.82 for Air-FL, and
achieves a reduction to approximately 26% of the baseline
energy, indicating that dynamic width allocation effectively
reduces redundant computation.

The comparative analysis highlights the limitations of ex-
isting baselines. Fixed Width methods face a rigid trade-
off between accuracy and energy consumption, while Random
Width suffers from unstable convergence due to non-adaptive
width allocation. Although Global Pruning maintains
uniform model structures for AirComp alignment, it lacks
flexibility to adapt to heterogeneous device resources. In con-
trast, Air-FedSNN benefits from dynamic resource alloca-
tion. Lyapunov optimization transforms the long-term energy
constraint into per-round decisions, while MAB learns de-
vice capabilities online, enabling energy-aware and resource-
adaptive width allocation without prior knowledge.

Fig. 3 illustrates the convergence of test accuracy across
all datasets. It can be observed that Air-FedSNN exhibits
a fast convergence rate comparable to Air—FL. Notably, in



TABLE III
PERFORMANCE COMPARISON OF DIFFERENT FL. METHODS WITH DIFFERENT DISTRIBUTIONS.
| CIFAR-10 | CIFAR-100
FL Methods \ a=01 | a=05 | =02 | n=05 \ a=01 | a=05 | =02 | w=05
‘ Acc Eng ‘ Acc Eng ‘ Acc Eng ‘ Acc Eng ‘ Acc Eng ‘ Acc Eng ‘ Acc Eng ‘ Acc Eng
Air-FL 54.86  3.63 (1x) 66.2 377 (1x) | 69.80  3.55(1x) | 6822  3.83 (Ix) 3579 3.82(1x) 39.05  385(1x) | 3759 3.63(1x) |40.17  3.85(Ix)
Fixed Width 0.75x | 52.95 2.05 (0.57x) | 64.51 2.14 (0.57x) | 69.38 2.01 (0.57x) | 67.04 2.17 (0.57x) | 3422 2.21 (0.58x) | 37.59 2.23 (0.58x) | 36.49 2.10 (0.58x) | 38.05 2.23 (0.58x)
Fixed Width 0.5x 48.09 092 (0.25x) | 62.66 0.96 (0.25x) | 66.56 0.90 (0.25%) | 65.30 0.97 (0.25x) | 30.73 1.04 (0.27x) | 3423 1.05(0.27x) | 31.88 0.99 (0.27x) | 33.70  1.05 (0.27x)
Random Width 43.87 1.68 (0.46x) | 6293 1.76 (0.47x) | 66.76 1.46 (0.41x) | 6523 1.53 (0.40x) | 26.64 1.82 (0.48x) | 3525 1.76 (0.46x) | 32.91 1.76 (0.49x) | 34.87 1.86 (0.48x)
Global Pruning 25% | 53.13  2.06 (0.57x) | 63.23 2.13 (0.57x) | 67.98 2.01 (0.57x) | 65.92 2.17 (0.57x) | 33.09 2.21 (0.58x) | 35.69 2.23 (0.58x) | 34.57 2.11 (0.58x) | 36.65 2.23 (0.58x)
Global Pruning 50% | 49.95 0.92 (0.25x) | 59.54 0.96 (0.25x) | 63.96 0.90 (0.25x) | 61.51  0.97 (0.25x) | 27.39  1.04 (0.27x) | 30.10 1.05 (0.27x) | 28.65 0.99 (0.27x) | 30.51 1.05 (0.27x)
Air-FedSNN (Ours) | 51.67 0.94 (0.26x) | 64.11 1.01 (0.27x) | 67.49 1.01 (0.28x) | 65.37 1.02 (0.26x) | 30.54 1.04 (0.27x) | 35.01 1.03 (0.27x) | 32.77 1.02 (0.28x) | 35.96 1.02 (0.26x)
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Fig. 7. Test accuracy comparison on CIFAR-10 (Synthetic label skew).

the CIFAR-100 task (Fig. 3(c)), while static methods such
as Fixed Width 0.5x saturate at a lower accuracy level,
our proposed method continues to improve, effectively closing
the gap with the full-width model. This confirms that the
proposed width-aware aggregation and dynamic scheduling
can successfully maintain model capacity even when training
involves reduced model widths.

From the cumulative energy perspective shown in Fig. 4,
Air-FedSNN achieves the lowest energy consumption among
all high-accuracy baselines. Although minor fluctuations ap-
pear on MNIST (Fig. 4(a)), this is attributed to the normalized
cumulative energy, which is determined by the maximum
device energy consumption in each round. Consequently, a de-
vice with particularly high instantaneous energy consumption
can cause observable fluctuations. Despite these variations, the
overall trend confirms the energy efficiency of our method.
Furthermore, by reducing the energy budget E, the energy
consumption can be further decreased, demonstrating the flex-
ibility of our framework under different resource constraints.

B. Robustness under Non-IID Data Heterogeneity

This section investigates the performance of Air-FedSNN
under non-IID data distributions. While maintaining a balance
between energy consumption and accuracy is our primary ob-
jective, verifying the method’s robustness with heterogeneous
local data is crucial. To this end, we simulate two distinct
non-IID settings: a Dirichlet distribution with concentration
parameters « € {0.1,0.5}, and a Pathological non-IID setting
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Fig. 8. Test accuracy comparison on CIFAR-100 (Synthetic label skew).

parameterized by p € {0.2,0.5}. Table III summarizes the
accuracy and energy consumption for all FL. methods under
different non-IID settings, while Figs. 5-8 illustrate the corre-
sponding convergence behavior on CIFAR-10 and CIFAR-100.

The convergence speed and accuracy of all methods, in-
cluding the full-width Air-FL, are lower compared to IID
scenarios due to statistical heterogeneity of local data. Observ-
ing the baselines, static strategies (i.e., Fixed Width and
Global Pruning) exhibit noticeable performance degra-
dation, particularly under the Dirichlet setting with o = 0.1
and the pathological case with p = 0.2. This degradation
occurs because fixed model capacity or a uniform pruning
mask increases the difficulty of learning from skewed data, as
these methods lack the flexibility to adapt to diverse local
datasets. Meanwhile, Random Width continues to show
unstable convergence due to its stochastic width strategy.

In contrast, Air-FedSNN consistently achieves a favor-
able tradeoff between test accuracy and energy consumption
under all heterogeneous settings. As shown in Table III, our
approach reaches accuracy comparable to or higher than other
compression-based baselines at similar or even lower energy
budgets. Notably, when compared with low-energy meth-
ods such as Fixed Width 0.5x and Global Pruning
50%, Air-FedSNN achieves higher test accuracy across
different data distribution cases on both datasets. This gain
is also reflected in the convergence curves (Figs. 5-8), where
Air-FedSNN shows higher accuracy and faster convergence.
This indicates that the proposed dynamic width allocation and
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aggregation mechanism is effective not only in standard set-
tings but also remains robust under severe data heterogeneity.

C. Parameter Sensitivity and Configuration Tradeoffs

This section verifies the adaptability of Air-FedSNN by
evaluating its performance under varying configurations of two
critical system parameters: the number of participating devices
(K) and the average per-device energy budget (F), using the
CIFAR-10 dataset for all experiments.

We first investigate the influence of the number of devices
on the model performance. To ensure a fair comparison, we
allocate a fixed dataset size of 1,000 samples to each device.
As illustrated in Fig. 9(a), increasing K from 5 to 40 results in
a consistent improvement in test accuracy. This performance
enhancement is attributed to the increase in the total volume
of training data available globally, which improves the gen-
eralization capability of the aggregated model. However, this
gain in accuracy comes at the cost of increased system energy
consumption. As shown in Fig. 9(b), the average energy cost
per round increases as more devices are scheduled.

Subsequently, we examine system performance under vary-
ing energy constraints by adjusting the average energy budget
E. Fig. 10 presents the test accuracy and corresponding
average energy cost under different £ ranging from 0.5 to 1.5.
It is observed that relaxing the energy budget leads to faster
convergence and higher final test accuracy. This acceleration
occurs because a higher energy allowance enables the dy-
namic scheduler to select wider sub-networks more frequently,
thereby increasing effective model capacity. Consequently, as
depicted in Fig. 10(b), the system energy consumption per
round increases proportionally with the preset budget . This
confirms that our framework effectively leverages available
energy resources to maximize learning performance.

To further analyze device heterogeneity, we conduct an
additional sensitivity evaluation by varying the computation
heterogeneity level. The baseline CPU frequency is sampled
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Fig. 10. Performance evaluation with different energy budgets.
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TABLE IV
IMPACT OF COMPUTATION HETEROGENEITY ON AIR-FEDSNN.

Heterogeneity level ~ Accuracy  Energy  Average width
Low 68.25 1.02 0.471
Medium 68.72 1.02 0.488
High 68.98 1.00 0.500
from fi ~ U(3,4) GHz, U(2,5) GHz, and U(1,6) GHz, corre-

sponding to low, medium, and high heterogeneity, respectively.
These settings share the same mean CPU frequency of 3.5
GHz but have gradually increasing variances.

As shown in Table IV, Air-FedSNN maintains stable
accuracy and energy consumption across different computa-
tion heterogeneity levels. The average selected width slightly
increases with stronger heterogeneity, indicating that the pro-
posed strategy can exploit resource diversity by assigning
larger widths to more capable devices.

D. Width Distribution Analysis

A potential concern is that some devices may repeatedly
select large widths during training, which could make the
global model overly influenced by a subset of devices and
thus lead to biased learning under non-IID data. To examine
this issue, we analyze the width allocation distribution and
model performance under the non-IID Dirichlet setting with
a = 0.1, as shown in Fig. 11.

From Fig. 11(a), the allocated model widths of devices
continue to change over the last 100 communication rounds
rather than converging to a fixed width, indicating that the
proposed mechanism maintains dynamic width adaptation.
This is mainly attributed to the Lyapunov energy queue,
where frequent large-width selection increases energy con-
sumption and enlarges the virtual queue, thereby discour-
aging persistent large-width allocation. Fig. 11(b) compares
model performance under two baselines: Energy—aware
aggregation, where devices greedily select the maxi-
mum feasible width based on instantaneous energy without
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long-term constraint, and Conventional aggregation,
which ignores width heterogeneity and directly aggregates
local updates using standard FL averaging. The results show
that Air-FedSNN achieves higher and more stable accuracy,
demonstrating its effectiveness in mitigating biased learning
under heterogeneous settings.

E. Communication Efficiency Evaluation of AirComp

To further demonstrate the efficiency of AirComp, we
compare it with a digital aggregation baseline under different
energy budgets, as shown in Fig. 12. The digital baseline
requires each device to separately upload its local updates,
resulting in a communication cost that scales linearly with the
number of devices. In contrast, AirComp enables simultaneous
transmission within each active width block, significantly
reducing uplink communication overhead by exploiting the
signal superposition property of wireless channels.

As shown in Fig. 12, AirComp consistently requires sub-
stantially fewer uplink resources than digital aggregation
across all target accuracy levels. Moreover, the performance
gain becomes more pronounced as the energy budget in-
creases. This is because higher energy budgets activate more
devices and larger-width blocks, where AirComp can better
exploit concurrent transmissions, while the digital scheme
suffers from proportional growth in communication cost.
Overall, the results verify that AirComp provides a scalable
communication-efficient aggregation mechanism, especially in
large-scale and energy-abundant settings.

FE Impact of Communication Conditions

This subsection investigates the impact of communication
conditions on the proposed Air-FedSNN framework, including
power control factors, channel noise, and imperfect CSI.

As shown in Fig. 13 and Fig. 14, a larger o or a lower
noise variance o2 effectively reduces aggregation error by
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Fig. 14. Performance analysis under different noise variances.

improving channel inversion accuracy and mitigating channel
noise, thereby yielding more reliable global model updates.
Moreover, the impact of these communication parameters is
not uniform across width blocks. Higher-width blocks are
more sensitive to channel variations due to fewer participating
devices, which results in more pronounced aggregation errors
under identical wireless conditions.

To further evaluate robustness under imperfect CSI, we
consider channel estimation errors of 10% and 20%. As
shown in Fig. 15, increasing CSI estimation error leads to a
degradation in test accuracy, while the average device energy
remains relatively stable. This is because channel mismatch
introduces additional aggregation noise that affects model con-
vergence. Nevertheless, the proposed Air-FedSNN consis-
tently achieves the best tradeoff between accuracy and energy
under different CSI error levels. In particular, compared with
baseline methods, Air—FedSNN maintains a better accuracy-
energy tradeoff, demonstrating that the joint design of width
adaptation and Lyapunov-based energy control effectively mit-
igates the impact of communication uncertainty in AirComp
aggregation.

G. Extension to Larger models and Tasks

To evaluate the scalability of the proposed method on
larger models and more complex tasks, we conduct exper-
iments on the Tiny-ImageNet dataset. Tiny-ImageNet is a
200-class subset of ImageNet with 64x64 images. Compared
with CIFAR-10 and CIFAR-100 benchmarks, it contains more
similar classes and larger intra-class variations, making it a
more challenging classification task. On the Tiny-ImageNet
dataset, we further consider two representative models, i.e.,
CNN and MobileNetV2, which is designed for mobile devices
and widely used in edge networks. For MobileNetV2 [36],
batch normalization is replaced with group normalization to
improve training stability under heterogeneous local models.
Compared with CNN, MobileNetV2 has a larger parameter
scale and higher model complexity. Therefore, to account for
the increased computational cost, the per-sample CPU cycles
and average energy budget are set to 6 x 10% and E = 12. For
MobileNetV2 on Tiny-ImageNet, all methods are trained for
200 communication rounds with an initial learning rate of 0.1
and a decay factor of 0.993 to accelerate convergence.

Table V shows the performance comparison between dif-
ferent baselines under CNN and MobileNetV2 models. Mo-
bileNetV2 achieves better performance at the cost of higher
energy consumption. With CNN model, Air-FedSNN re-



TABLE V
PERFORMANCE COMPARISON ON TINY-IMAGENET DATASET.

FL methods | CNN | MobileNetV2

| Accuracy Energy | Accuracy Energy
Air-FL 25.03 1x 38.98 1x
Fixed Width 0.75x 22.06 0.59x 38.17 0.59x
Fixed Width 0.5x 21.13 0.29x 34.82 0.29x
Random Width 22.44 0.49x 38.09 0.49x
Global Pruning 25% 20.87 0.59x 29.48 0.59x
Global Pruning 50% 16.21 0.29x 28.33 0.29x
Air-FedSNN (Ours) 22.90 0.30x 37.67 0.32x

duces energy consumption to 0.30x while maintaining com-
parable accuracy (22.90%) compared with Air—-FL (25.03%),
corresponding to a 2.13% accuracy drop with a 70% energy
reduction. Similarly, with MobileNetV2, it achieves 37.67%
accuracy, close to Air-FL (38.98%), while reducing energy
consumption from 1x to 0.32x, corresponding to a 68%
energy saving with a 1.31% accuracy degradation. Across
different settings, Air—FedSNN consistently achieves better
accuracy under comparable energy levels. Compared with
Fixed Width 0.5x and Global Pruning 50% (0.29x
energy) in the MobileNetV2 setting, it achieves higher accu-
racy of 37.67%, improving them by 2.85 and 9.34 percentage
points, respectively, demonstrating its training efficiency.
These results indicate that Air—-FedSNN achieves a better
balance between training efficiency and performance com-
pared with baselines. In particular, it maintains better accuracy
under substantial energy reduction, highlighting its effective-
ness and scalability for more complex tasks and models.

VII. CONCLUSION

This paper introduces the Air-FedSNN framework, com-
bining AirComp and SNNs to enhance communication, com-
putation, and energy efficiency in heterogeneous IoT net-
works. A width-aware aggregation mechanism is developed
to improve aggregation performance for width-varying local
models, and the convergence analysis is provided to illustrate
the impact of network widths variability and aggregation
error on learning performance. Additionally, a dynamic width
allocation strategy based on Lyapunov and MAB theory is
proposed to optimize energy usage and model performance
without prior knowledge of device capabilities. Extensive
simulations on MNIST, CIFAR-10 and CIFAR-100 datasets
confirm that Air-FedSNN achieves superior accuracy-energy
tradeoffs compared to conventional FL approaches, offering an
effective solution for resource-constrained IoT environments.

Several future directions remain, including: 1) introducing
knowledge distillation from the full-width global model to
local sub-models to enhance training performance; 2) jointly
optimizing model width and wireless resource allocation to
mitigate AirComp aggregation errors under time-varying chan-
nel conditions and heterogeneous device capabilities.

APPENDIX A
PROOF OF THEOREM 1

(0,1], we have 1 < eﬁltc < e, and thus the upper
& < e, where S} denotes the

number of devices partlclpatlng in width block j at round t.
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From eq. (13), the full-width global model update can be
written as
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where the concatenated gradient contributed by device & is
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and the aggregated perturbation is z* = concat;_, z".
Next, we will present the proof of Theorem 1 which

illustrates the convergence performance of Air-FedSNN.
According to Assumption 1 and eq. (45), we have
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where (a) follows the inequality —a'b < ”;ﬂlalz
(b) follows eq. (18) in Assumption 2.

Recalling that S < Sjt- denotes the minimum number of
devices participating in width block j. Then, by applying
Assumption 1 and Lemma 1, we can obtain
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Next, we derive the upper bound of the term A, as follows

K I'—1 2

A =E | S S VE (i)

k=1 1=0

(50)
where (a) follows the inequality ||a + b||> < 2||a]|® + 2]/b]|>.
By applying Assumption 1, 2 and Lemma 1, we can get

AQQQF;LQZEHW —wH +2F2Z]E|VF( |1
=1

< 4e Kn*T4L2G?
- S
+ %R ||VF (w) |

4e KT?L%p?
+ - W

(5L
Then, by substituting the results of eq (49) and eq. (51)

into eq. (47), and applying A3 = E||z¢|° ijl ﬁ,

we can obtain

E[F(w') - F(w')] < <Ln2r2

Y IvF ()

37273 47473 J 2
+enLK1" —l—AQenKI‘LGQ_’_EZ o _
r=aCi)

enT' LK + 2en? KT2L3 2
+ 3 I

(52)

For any w' € R? at round ¢ € {1,---, T}, there existing

F (w') > F*. Therefore, by summing up eq. (52) for all

T rounds and performing simple algebraic operations, the
convergence upper bound after 7" rounds is
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