
echT PressScience

https://doi.org/10.32604/cmc.2026.082658

ARTICLE

An Efficient Federated Learning Optimization Approach Based on Adaptive
Hybrid Model Pruning

MengDie Hu#, Na Wang*, XueHui Du#, BaiDong Huang# and KaiYuan Wang#

Cryptographic Engineering School, Information Engineering University, Zhengzhou, China
*Corresponding Author: Na Wang. Email: twftina_w@126.com
#These authors contributed equally to this work
Received: 19 March 2026; Accepted: 20 May 2026; Published: 23 July 2026

ABSTRACT: With the rapid development of the Internet of Things (IoT) and edge intelligence, the volume of data
generated by edge devices has grown explosively. Federated learning (FL), characterized by the paradigm of “data
remaining local while models are shared,” has emerged as a key approach for adapting to the distributed architecture
of edge computing, breaking down data silos, and enabling privacy preservation. However, its practical deployment
in edge computing environments still faces significant challenges, including limited device resources and pronounced
data heterogeneity. Existing pruning strategies for federated learning are predominantly based on static and single-
design schemes, making it difficult to achieve a balanced trade-off among training overhead, communication cost,
and model accuracy. To address these issues, this paper proposes FedAHP (Federated Learning with Adaptive Hybrid
Pruning), an efficiency optimization scheme for federated learning based on adaptive hybrid model pruning. On
the client side, an adaptive pruning mechanism driven by training states is designed to dynamically adjust pruning
behavior during local training. On the server side, a counter-based heterogeneous aggregation method is adopted to
efficiently align updates from clients with different pruning rates, thereby avoiding additional communication overhead.
Furthermore, after training becomes stable, a performance-aware periodic structured pruning strategy is introduced to
compress the global model scale and reduce subsequent training costs. Experimental results demonstrate that FedAHP
maintains high model accuracy on the MNIST, CIFAR-10 and CIFAR-100 datasets while significantly reducing per-
round communication overhead and time cost, making it well suited to the resource-constrained requirements of edge
computing scenarios.
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1 Introduction
With the rapid proliferation of Internet of Things (IoT) devices, intelligent terminals, and other

edge computing devices, together with the explosive growth of data generated at the network edge, the
conventional centralized data processing paradigm is increasingly confronted with excessive computational
burden and significantly increased processing latency. As a result, it has become difficult to satisfy the
stringent requirements of real-time and data-intensive applications. Edge Computing (EC) addresses this
challenge by pushing computation and storage resources downward from centralized cloud data centers to
the proximity of data sources, such as base stations, access points, campus micro–data centers, and industrial
gateways. By enabling data processing closer to where data are generated, EC can effectively reduce end-to-
end latency, alleviate the workload of cloud data centers, and improve the overall efficiency of data processing.
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Therefore, it has become a critical infrastructure for supporting real-time and data-intensive intelligent
applications [1,2].

Federated Learning (FL) [3], as an emerging distributed machine learning paradigm, enables collabo-
rative model training without requiring participants to share their raw local data. Its core idea is to replace
direct data transmission with the exchange of locally trained model gradients or parameters from clients
or edge nodes, thereby allowing multiple parties to jointly optimize a global model while preserving data
locality. In this manner, FL not only leverages cross-domain data to improve model generalization capability
but also avoids, to a large extent, the centralized transmission and storage of raw data. Consequently, FL has
been widely regarded as one of the most promising technological paradigms for enabling privacy-preserving
distributed intelligence in edge computing environments [4].

Nevertheless, the practical deployment of FL systems still faces several critical challenges. First, edge
devices participating in federated training are inherently heterogeneous and resource-constrained. Their
limited computation and storage capacities often make it difficult to support complex models and repeated
rounds of local training. For models with a large number of parameters, local training incurs substantial
computational and memory consumption, which directly increases the time required for each training
round. Moreover, some devices may drop out during training due to insufficient memory, excessive energy
consumption, or heavy system workload, thereby severely undermining training stability and reducing the
convergence efficiency of the global model. Second, local data distributed across edge devices are usually
highly heterogeneous. Since different devices serve different user groups, application scenarios, and service
tasks, their local datasets often vary significantly in terms of sample size, class distribution, and feature space,
exhibiting a typical non-independent and identically distributed (Non-IID) nature. Under such conditions,
the model updates uploaded by different clients can differ substantially in both direction and magnitude,
which not only increases the difficulty of global aggregation but may also induce severe oscillations during
training, slow down convergence, and ultimately degrade both the overall training efficiency and model
performance of FL [5].

A systematic review of the literature indicates that existing studies commonly resort to model
lightweighting mechanisms to mitigate the above challenges [6,7]. Among these techniques, model pruning
is considered one of the most effective solutions. By removing redundant parameters or connections through
structured or unstructured pruning, model pruning can reduce the parameter scale and computational
complexity of deep learning models, thereby enabling resource-constrained edge devices to participate in
federated training with lower resource consumption [8]. However, existing pruning-based federated learning
(FL) schemes still suffer from several limitations in strategy design. First, many methods adopt static pruning
strategies and lack adaptive mechanisms that can account for device heterogeneity and data distribution
characteristics, making it difficult to balance model accuracy and training efficiency. Second, although feder-
ated pruning approaches now include structured, unstructured, and hybrid strategies, adaptive coordination
across different stages of training remains insufficiently explored. For instance, AutoFLIP [9] demonstrates
that hybrid structured-unstructured pruning can improve federated learning efficiency through globally
guided pruning cues. Yet, dynamically adjusting pruning according to each client’s local training state, while
simultaneously supporting efficient heterogeneous aggregation and progressive global model compression,
remains an open challenge. Since clients in FL often exhibit diverse data distributions, update magnitudes,
and convergence behaviors, a more fine-grained and training-state-aware pruning mechanism may provide
additional efficiency benefits. Moreover, once training becomes stable, further compressing the global model
can help reduce subsequent communication and local training overhead.
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To address the above challenges, this paper proposes FedAHP, an efficiency optimization scheme for
federated learning that integrates adaptive hybrid model pruning. Specifically, on the client side, a training-
state-aware adaptive unstructured pruning mechanism is designed to reduce the size of uploaded model
updates during the early stage of training, thereby alleviating communication overhead. On the server side,
a counter-based heterogeneous aggregation method is introduced to effectively align and aggregate model
updates generated under different pruning ratios, without incurring additional index transmission overhead.
Furthermore, in the later stage of training, when the global model gradually becomes stable, a performance-
aware structured pruning strategy is periodically applied by the central server to progressively compress
the global model and reduce the subsequent local training burden on resource-constrained edge devices.
Through the joint design of adaptive pruning and heterogeneous aggregation, the proposed scheme achieves
coordinated optimization of model accuracy, communication efficiency and training efficiency in federated
edge learning scenarios.

The main contributions of this paper are summarized as follows:

• We propose a training-state-aware adaptive model update pruning method to reduce the communi-
cation overhead of client-side model update transmission. By dynamically adjusting the unstructured
pruning ratio according to each client’s local training state in the early stage of training, the proposed
method effectively compresses uploaded updates while maintaining model performance.

• We develop a counter-based heterogeneous model aggregation method to address the aggregation
difficulty caused by inconsistent update lengths under different pruning ratios. Through parameter-wise
accumulation and counting, the proposed method can efficiently align heterogeneous client updates
without introducing extra index transmission overhead, thereby improving both communication
efficiency and system scalability.

• We further design a performance-aware structured pruning method to compensate for the lack of
practical hardware acceleration offered by unstructured pruning. Once the global training process
becomes stable, the server periodically performs structured pruning with progressively decaying
intensity, which gradually reduces the model size and alleviates the subsequent local training burden
on edge devices.

• Extensive experiments on the MNIST and CIFAR-10 datasets under both independent and identi-
cally distributed (IID) and Non-IID settings demonstrate the effectiveness of the proposed FedAHP
scheme. Compared with baseline methods, FedAHP achieves an average accuracy of 87.34%, with
improvements ranging from 0.81% to 4.97%. In addition, it reduces per-round communication overhead
by 26.19%–64.62% on MNIST and 32.82%–74.19% on CIFAR-10, while reducing per-round time
overhead by 58.56%–72.45% on MNIST and 37.41%–61.40% on CIFAR-10. Furthermore, experiments
on the CIFAR-100 dataset further demonstrate that the proposed FedAHP scheme exhibits good
generalization performance.

2 Related Work
To address the computational, storage, and communication overhead of federated learning (FL) in

resource-constrained environments, existing studies have mainly focused on two optimization directions:
reducing communication burden and compressing model size. On the one hand, communication overhead
during training can be reduced by lowering the frequency of model aggregation, with representative methods
including FedAvg [3] and its variants [10]. On the other hand, model compression techniques can be adopted
to reduce model size and computational complexity, thereby accelerating convergence and enabling resource-
limited edge devices to participate in FL training with lower overhead [11]. At present, the most widely used
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model compression techniques mainly include model quantization [12], model pruning [13], and knowledge
distillation [14].

According to the studies by Alahmari and Alghamdi [6] and Dantas et al. [7], model pruning is particu-
larly effective for edge devices with limited computational capability and memory resources, compared with
model quantization and knowledge distillation. By providing each edge device with a lightweight version
of the global model, model pruning can reduce memory footprint during training, local computational
overhead, and the communication cost caused by model transmission, thereby improving the scalability of
FL systems [8] and making the practical deployment of FL in complex distributed edge environments more
feasible [7].

To make model pruning applicable to FL systems, Liu et al. [15] proposed a fixed-rate layer-wise
pruning scheme, in which specific network layers are pruned before model parameters are uploaded,
thereby compressing the model and reducing communication overhead during training. FedLP [16] is a
layer-wise pruning method tailored for FL. In this scheme, each client performs pruning on a per-layer
basis using predefined fixed pruning ratios and only retains and uploads the remaining parameters of the
pruned layers, while the server aggregates the corresponding layer parameters received from different clients
separately. In this way, FedLP can simultaneously reduce local computational overhead on the client side and
communication burden during FL training to a certain extent. PruneFL [17] introduces a model masking
mechanism into FL and maintains parameter structure consistency during training through a unified global
model mask. However, PruneFL is limited to unstructured sparsity, which makes it difficult to obtain direct
inference acceleration on hardware platforms in practical deployment.

To better cope with client-side data heterogeneity and differences in local resource conditions, recent
studies have shifted their attention toward adaptive model pruning. Such methods typically adjust pruning
strategies according to client status, resource constraints, or training dynamics, with the goal of improving
the adaptability of model compression in heterogeneous environments.

LotteryFL [18] implements adaptive unstructured pruning based on the Lottery Ticket [19] Hypoth-
esis by dynamically adjusting the pruning ratio according to the importance of parameters in different
layers. During training, each client uploads both the local model updates and the corresponding pruning
mask to the server, and the server aggregates only the parameters retained after pruning. Through this
iterative “pruning–retraining” mechanism, the model can maintain relatively good performance during the
sparsification process. Although LotteryFL is effective in reducing the number of transmitted parameters,
the transmission of pruning masks incurs additional communication overhead. Hu et al. [20] proposed
the CEMP-FL scheme, which dynamically adjusts the pruning ratio of each layer according to inter-layer
sensitivity and model sparsity, thereby enabling adaptive pruning. For the sparse models generated after
pruning, a parameter matrix compression strategy is further adopted to reduce the actual transmission size of
sparse parameter matrices, thus lowering communication overhead during training. Meanwhile, this method
alleviates, to some extent, the pruning bias caused by heterogeneous local data distributions across clients.
Nevertheless, although unstructured pruning enables fine-grained control over pruning ratios, achieves
relatively high compression rates, and causes limited accuracy degradation, the resulting sparse models are
usually difficult to translate into direct hardware acceleration on edge devices. In addition, pruning schemes
based on the Lottery Ticket Hypothesis often introduce extra computational and storage costs, as well as
additional communication overhead due to mask transmission.

To further improve resource adaptability, some studies have begun to explore structured pruning
strategies. Diao et al. [21] proposed HeteroFL, an adaptive structured pruning strategy. Under the premise
of maintaining a consistent global model structure, it assigns submodels with different complexities to
different clients to accommodate device heterogeneity, thereby reducing communication and computational
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overhead. A unified global model is then obtained through parameter alignment and weighted aggregation.
However, because different clients train different submodels, performance fluctuations may arise during
the training process. Lv et al. [22] proposed a device-aware two-stage adaptive pruning method. According
to device memory budgets and energy constraints, pruning ratios are allocated in advance. Candidate
pruned models are first generated in a coarse-grained manner on high-performance edge nodes and
then distributed to clients, after which each client performs fine-grained pruning based on its local data
to obtain a model structure better suited to its resource conditions. Although this method improves
the adaptability of models to device resources, the differentiated model structures formed across clients
increase the complexity of system maintenance and model aggregation. Moreover, performing a second
pruning stage on resource-constrained devices may introduce additional local computational and storage
overhead. In addition, LP-ALR-HFL [15] adjusts layer-wise pruning ratios according to model accuracy
so as to mitigate the impact of Non-IID data distributions on pruning effectiveness and balance model
performance against communication overhead. Although these structured pruning methods can effectively
reduce communication and computational overhead and provide certain hardware acceleration benefits in
practical deployment, they are often accompanied by varying degrees of accuracy degradation.

More recently, hybrid pruning strategies that combine structured and unstructured pruning have also
been explored in FL. FedLTH [23] searches for high-accuracy sparse submodels through iterative magnitude
pruning (IMP), weight rewinding, and structural transformation. It further allocates the differential privacy
budget according to the remaining training rounds, so as to jointly consider model compression and privacy
preservation. FedLTH shows certain advantages in terms of model compression and deployment friendliness.
However, its uniform privacy budget allocation strategy based on the remaining training rounds cannot
finely adjust the privacy budget according to the model training stage, parameter importance, and pruning
dynamics. In addition, multiple rounds of rewinding and retraining introduce extra computational overhead.
AutoFLIP [9] is a representative example in this direction. It introduces a federated hybrid model pruning
framework based on loss landscape exploration, where clients collaboratively characterize optimization-
related information to derive global pruning guidance for both structured and unstructured pruning. In
this way, AutoFLIP aims to reduce communication and computation costs while improving robustness
under heterogeneous data distributions. However, its pruning mechanism is primarily guided by a global
exploration stage and globally distilled pruning cues.

Compared with these studies, the proposed FedAHP differs from existing methods in both mechanism
and design rationale. Rather than relying on a fixed pruning policy or a primarily global one-shot pruning
guidance process, FedAHP performs round-wise adaptive update pruning according to each client’s local
training state, allowing pruning intensity to change dynamically during training. Moreover, FedAHP
combines this client-side adaptive unstructured pruning with a counter-based heterogeneous aggregation
mechanism and a performance-aware periodic structured pruning strategy on the server side after training
becomes stable. Therefore, although recent work has shown the promise of hybrid pruning in FL, adaptive
coordination among client-specific training dynamics, heterogeneous sparse aggregation, and progressive
global model compression remains insufficiently studied.

3 Methodology

3.1 Overview of the Proposed FedAHP Scheme
The proposed FedAHP scheme consists of three key components: a training-state-aware adaptive

model update pruning method, a counter-based heterogeneous aggregation method, and a performance-aware
structured model pruning method. The overall architecture of the proposed FedAHP framework is illustrated
in Fig. 1.
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Figure 1: Overall architecture of the proposed FedAHP scheme.

The proposed FedAHP framework does not switch between structured pruning and unstructured
pruning as two mutually exclusive alternatives. Instead, the two pruning strategies are applied at different
levels and training stages. During regular communication rounds, FedAHP performs client-side adaptive
unstructured pruning on local model updates to reduce uplink communication. Each client determines its
update pruning ratio according to its local training state. After the global model enters a stable training
stage, the server periodically performs performance-aware structured pruning to remove low-importance
filters/channels and progressively reduce the global model size. Therefore, unstructured update pruning
mainly improves communication efficiency, whereas structured pruning further reduces the model size,
computation cost, and subsequent communication overhead.

3.2 Training-State-Aware Adaptive Model Update Pruning Method
In federated learning, unstructured pruning generally cannot provide practical hardware acceleration

on client devices. Moreover, due to the inherently Non-IID nature of client-side data, local datasets across
different clients often exhibit significant heterogeneity in terms of sample classes, data volume, and feature
distributions. Such statistical heterogeneity further leads to noticeable discrepancies in the magnitude of local
model updates and the convergence behavior during client-side training. Therefore, conventional federated
pruning methods that adopt a fixed pruning ratio based solely on hardware resource constraints (e.g.,
computational capability, storage capacity, or communication bandwidth) are often unable to accurately
match the actual training state of individual clients, and may consequently cause model performance
degradation and accuracy loss.

To address the above issue, we first propose a training-state-aware adaptive pruning method. In the t-th
communication round, the server first distributes the global model Wt

global to all participating clients. To
ensure a consistent parameter priority during update compression across all clients, the server constructs
a global importance ranking over model parameters according to their significance in the current global
model. Let the total number of model parameters be d, and let the importance score of the j-th parameter
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be denoted by st
j. To reduce computational complexity, we use the absolute parameter magnitude as a

lightweight importance metric, i.e.,

st
j = ∣Wt

global, j∣ , j = 1, 2, . . . , d . (1)

Then, as shown in (2), the server generates a descending global ranking index πt according to the
importance scores:

πt = argsort (st
j) (2)

where the ranking index πt is broadcast to all clients, enabling them to prune local updates under a unified
global priority criterion. In this way, local independent pruning bias caused by Non-IID data distributions
can be mitigated.

After receiving the global model Wt
global, client Ci performs local training on its local dataset Di and

obtains the local model update vector gt
i in round t. During local training, client Ci records the training

loss and gradient norm of each mini-batch. After completing local training, it computes the average training
loss L̄t

i and the average gradient norm Ḡ t
i . Here, L̄t

i characterizes the fitting quality of the current model
on the local data distribution of client Ci , while Ḡ t

i reflects the intensity of local updates and the current
convergence state.

Since the scales and numerical ranges of the training loss and gradient norm are generally different,
directly combining them may cause one metric to dominate the pruning decision. Therefore, both quantities
are first normalized. Let the minimum and maximum average training losses of all participating clients in
round t be denoted by Lt

min and Lt
max, respectively, and let the minimum and maximum average gradient

norms be denoted by Gt
min and Gt

max, respectively. Then, the normalized values L̃t
i and G̃ t

i are computed as

L̃t
i =

L̄t
i − Lt

min
Lt

max − Lt
min + μ

(3)

G̃ t
i =

Ḡ t
i −Gt

min
Gt

max −Gt
min + μ

(4)

where μ is a small positive constant introduced to avoid division by zero. It should be noted that the min–max
normalization in this step requires only lightweight scalar statistics from participating clients. Specifically,
each selected client reports its average training loss and gradient-norm statistic to the server, and the server
computes the corresponding normalization bounds for the current round. This step introduces only a small
amount of scalar metadata and can be piggybacked with the regular client–server communication procedure.
Therefore, it is not separately included in the reported communication size, whose dominant component is
the transmission of model parameters and update tensors.

Based on the normalized loss and gradient statistics, the training state of client Ci in round t is
quantified by

ξt
i = αL̃t

i + (1 − α)G̃ t
i ξt

i ∈ [0, 1], (5)

where α ∈ [0, 1] is a balancing coefficient used to control the relative contribution of the average training
loss and the average gradient norm in training-state estimation. A larger α implies that the pruning decision
relies more heavily on the model fitting error, whereas a smaller α places greater emphasis on the local
convergence condition.
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In general, clients with more stable training states can tolerate stronger compression, while clients
with more volatile training dynamics need to preserve more update information for subsequent learning.
Accordingly, the pruning ratio of client Ci is adaptively determined according to its training state as

ρt
i = ρmax − (ρmax − ρmin)ξt

i (6)

where ρmin and ρmax denote the lower and upper bounds of the pruning ratio, respectively.
From Eq. (6), it can be seen that when the local training process of client Ci is relatively stable, ξt

i tends
to be smaller and the pruning ratio ρt

i approaches the upper bound ρmax. In contrast, when the local training
process fluctuates significantly, ξt

i becomes larger and ρt
i approaches the lower bound ρmin. Therefore,

different clients can dynamically adjust their compression strengths according to their own training states.
After determining the pruning ratio for client Ci , the client uses the global ranking index πt broadcast

by the server to retain the top-kt
i elements of the local update according to the global priority order, thereby

obtaining the pruned local update vector:

gt
i = gt

i[πt(1 ∶kt
i)] (7)

kt
i = ⌊d ⋅ (1 − ρt

i)⌋ (8)

Since all clients share the same global ranking index, the upload positions of each client can be uniquely
determined by the retained length kt

i . As a result, in practical communication, clients do not need to
explicitly transmit binary masks or nonzero index locations, which avoids the extra communication overhead
commonly associated with conventional sparse representations.

3.3 Counter-Based Heterogeneous Aggregation Method
Since different clients adopt different update pruning ratios according to their own training states,

the lengths of the uploaded prefix updates, denoted by kt
i , are generally inconsistent across clients, thereby

forming heterogeneous sparse updates. If conventional unstructured sparse aggregation methods are directly
applied, the server usually needs to receive explicit index information to identify the nonzero positions
contributed by different clients. This introduces additional communication overhead and weakens the
practical gains brought by update compression. To address this issue, we propose a counter-based het-
erogeneous aggregation method. By exploiting the globally shared ranking index among all clients, the
proposed method maps prefix updates of different lengths into a unified ranking space for aggregation,
thereby enabling efficient aggregation of heterogeneous sparse updates without transmitting explicit masks
or index information.

Specifically, during model aggregation in the t-th communication round, the server first initializes two
global vectors of length d: an accumulation vector Vt

sum and a counting vector Vt
count. Considering that the

local data volumes may differ across clients, a sample-size-weighted statistics mechanism is adopted during
aggregation. Let ni denote the number of local samples owned by client Ci . Then, Vt

sum is used to accumulate
the weighted updates contributed by different clients over the first kt

i positions in the shared ranking space,
while Vt

count records the total effective sample weight participating in the aggregation at each ranked position.
The accumulation process is defined as

Vt
sum[ j] ← Vt

sum[ j] + ni ⋅ gt
i[ j], j = 1, 2, . . . , kt

i (9)
Vt

count[ j] ← Vt
count[ j] + ni , j = 1, 2, . . . , kt

i (10)

where gt
i [ j] denotes the j-th element of the pruned local update of client Ci in the shared ranking space.
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After all client updates have been received, the server performs element-wise normalization according
to the accumulated statistics and updates the global model, yielding the global model for round t + 1, denoted
by Wt+1

global. For each parameter position j = 1, 2, . . . , d, the update rule is given by

Wt+1
global, j =Wt

global, j + η ⋅ Vt
sum[ j]

Vt
count[ j] + μ

(11)

where η is the learning rate and μ is a small positive constant introduced to avoid division by zero.
The above aggregation mechanism effectively aligns heterogeneous sparse updates generated under

different pruning ratios into a unified parameter ranking space. Therefore, even when clients upload updates
with different retained lengths, the server can still perform consistent aggregation without requiring explicit
sparse masks or index transmission. This design not only reduces communication overhead, but also
improves the scalability of the federated learning system under heterogeneous client conditions.

3.4 Performance-Aware Structured Model Pruning Method
The aforementioned training-state-aware adaptive pruning method mainly operates on the uploaded

client updates and can effectively reduce communication overhead. However, it does not directly change the
structure of the global model. Therefore, its improvement in the computation and storage costs of subsequent
local training on clients remains limited. To further enhance the training and deployment efficiency of
federated learning under resource-constrained environments, we design a performance-aware structured
model pruning method, which is activated after the global model training process becomes sufficiently stable.
Specifically, the central server periodically performs structured pruning on the global model, progressively
removing structural units with relatively low importance so as to reduce the model size and the local training
cost on clients in subsequent rounds.

To avoid performance degradation caused by overly aggressive pruning before model convergence, the
proposed method performs periodic structured pruning only when global training has entered a stable stage.
Let Acct and Acct−1 denote the global model accuracy in rounds t and t − 1, respectively. The relative accuracy
improvement in round t is defined as

rt =
Acct −Acct−1

Acct−1
(12)

If rt < rstab holds for five consecutive rounds, the global training process is regarded as stable, and the
server triggers one round of structured pruning, where rstab is a predefined stability threshold.

To alleviate performance fluctuations caused by frequent pruning in the later stage of training, a
structured pruning strategy with progressively decaying intensity is adopted. Let ρS denote the pruning
ratio in the S-th structured pruning operation. Its value decays exponentially with the pruning step index S
according to

ρS = ρinit ⋅ e−S S = 0, 1, 2, . . . (13)

where the initial structured pruning ratio is set as ρinit = ρtotal
2 and the cumulative pruning constraint is

imposed as

S
∑
s=0

ρS ≤ ρtotal (14)
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where ρtotal denotes the upper bound of the cumulative structured pruning ratio. This design prevents
excessive model compression and helps preserve model capacity.

When structured pruning is triggered, the server first evaluates the importance of each structural unit
in the global model. Let Θ l ,u denote the parameter set corresponding to the u-th structural unit in the l-th
layer. The importance score of this structural unit is measured by its �2 norm:

ql ,u = ∥Θ l ,u∥2 (15)

The server then ranks all structural units in descending order according to their importance scores and
retains the most important units based on the current pruning ratio ρS . Let m(S)l denote the number of
structural units in layer l before the S-th pruning operation. Then, the number of structural units retained
after pruning is determined by

m̂(S)l = ⌊m(S)l (1 − ρS)⌋ (16)

After pruning, the resulting global model Wt+1
global is redistributed to all clients for subsequent local

training. Through this progressive structured pruning process, the model size is gradually reduced while the
overall compression ratio remains within a controllable range. As a result, the proposed method improves
the lightweight deployment capability of the model and reduces the computational burden on edge devices,
while avoiding irreversible performance degradation caused by over-pruning.

3.5 Computational Overhead and Deployment Considerations
The additional computational overhead introduced by FedAHP mainly comes from client-side training-

state evaluation, update pruning, global importance ranking, and server-side counter-based aggregation. On
the client side, the extra operations only involve computing lightweight statistics, such as the average loss and
gradient norm, and selecting retained update entries according to the shared ranking. These operations do
not require training an additional pruning network or transmitting explicit sparse masks. On the server side,
the counter-based aggregation maintains an accumulation vector and a counting vector, and its cost scales
approximately linearly with the number of received sparse update entries. The global importance ranking is
computed on the server side. Although a full sorting operation has a complexity of O(d log d) for a model
with d parameters, this cost is incurred at the server rather than on resource-constrained clients and can
be amortized by updating the ranking periodically or after structured pruning. After structured pruning is
activated, the smaller global model further reduces subsequent downlink communication, uplink update
size, and local computation.

4 Experiments and Analysis

4.1 Experimental Settings
All experiments in this paper were conducted under the Ubuntu 22.04 operating system. The hardware

platform was equipped with an Intel(R) Xeon(R) Platinum 8358P CPU running at 2.60 GHz and an NVIDIA
RTX 4090 GPU with 24 GB memory. The proposed method was implemented using Python 3.12 and PyTorch
2.7.0. The experimental settings were configured as follows: the number of edge clients was set to 100, and
the local batch size was set to 32. The client participation rate is set to 30%, meaning that in each training
round, 30% of the clients are randomly selected to participate in local training and upload model updates.
Stochastic gradient descent (SGD) was adopted as the optimizer, with a learning rate of 0.01 and a momentum
coefficient of 0.9. The total number of global communication rounds and local training epochs were set to
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200 and 5, respectively. For unstructured update pruning, the lower and upper bounds of the pruning ratio
were set to ρmin = 0.0 and ρmax = 0.5, respectively. For structured model pruning, the upper bound of the
cumulative pruning ratio was set to ρtotal = 0.6, the training-stability threshold was set to rstab = 0.002, and
the balancing coefficient in training-state estimation was set to α = 0.5.

4.1.1 Datasets
We conduct experiments on MNIST, CIFAR-10, and CIFAR-100 to evaluate the effectiveness and

generalization ability of the proposed FedAHP under different task complexities. MNIST is a handwritten
digit recognition dataset containing 60,000 training samples and 10,000 test samples from 10 classes. Each
sample is a grayscale image with a size of 28 × 28. CIFAR-10 is a natural image classification dataset containing
50,000 training samples and 10,000 test samples from 10 object categories. Each image is an RGB image
with a size of 32 × 32 × 3. CIFAR-100 has the same image size and total number of samples as CIFAR-10,
but contains 100 fine-grained classes. It consists of 50,000 training images and 10,000 test images, with 500
training images and 100 test images per class. Due to the larger number of categories and fewer samples per
class, CIFAR-100 provides a more challenging benchmark for evaluating the scalability and robustness of
federated learning methods.

To simulate statistical heterogeneity across clients, we adopt the Dirichlet-based Non-IID data partition
strategy. Specifically, the class distribution of each client is sampled from a Dirichlet distribution with
concentration parameter γ. A smaller γ indicates stronger Non-IID heterogeneity among clients, whereas a
larger γ leads to a more balanced label distribution. Unless otherwise specified, the Dirichlet concentration
parameter is set to γ = 0.5 by default in our experiments.

4.1.2 Models
To validate the generality and applicability of the proposed scheme, different neural network models

were adopted for different datasets.

• ResNet-18: For the CIFAR-10 and CIFAR-100 dataset, ResNet-18 was employed as the backbone model.
The output dimension of the final fully connected layer was modified to 10 to match the ten-class
classification task.

• Simple CNN: For the MNIST dataset, a lightweight convolutional neural network consistent with
that used in the baseline setting [23] was adopted for fair comparison. This model consists of two
convolutional layers with 10 and 20 output channels, respectively, both using 5 × 5 kernels. Each
convolutional layer is followed by a ReLU activation function and a max-pooling layer. Finally, two fully
connected layers are used for classification.

4.1.3 Evaluation Metrics
To comprehensively evaluate the effectiveness and robustness of the proposed method, both model

performance and system efficiency were assessed using the following metrics. Each experiment was repeated
five times, and the average results were reported to reduce the influence of randomness and improve the
reliability of the conclusions.

• Accuracy (Acc.): The classification accuracy of the global model on the test sets of MNIST and CIFAR-10.
• Training Time (Avg. Time): The average per-round training time of a single client device, measured

in seconds.
• FLOPs: To provide a hardware-independent measure of computational cost, we additionally report the

number of floating-point operations (FLOPs) of the final global model. FLOPs are measured based on
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a single forward pass of the final model after training. For methods with structured pruning, the FLOPs
are computed on the structurally compressed model, because removed filters or channels directly reduce
the number of arithmetic operations. For methods with only unstructured pruning, dense FLOPs are
reported unless specialized sparse acceleration is used, since unstructured sparsity does not necessarily
lead to practical computational acceleration on general hardware. The FLOPs compression ratio is
computed relative to the FedAvg baseline as FLOPs Comp. = FLOPsFedAvg−FLOPsmethod

FLOPsFedAvg
× 100%.

• Communication Size (Avg. Comm.): The average total server-side communication traffic per commu-
nication round, including both the downlink traffic from the server to the selected clients and the uplink
traffic from the selected clients to the server. Since all clients share the same parameter ranking order,
explicit sparse indices are not transmitted for each update. Small scalar metadata, such as retained-
length indicators and training-state statistics, is not separately counted because its size is negligible
compared with model/update tensors. The shared ranking descriptor is also not included in the reported
communication size.

4.1.4 Baseline Methods
To evaluate the effectiveness and comparative advantages of the proposed scheme, we compare FedAHP

with several representative federated learning and pruning-based baselines. These methods cover classical
federated optimization, unstructured pruning, layer-wise pruning, and lottery-ticket-based federated prun-
ing, which are closely related to the communication-efficient federated learning scenario considered in this
paper.

• FedAvg [3]: A classical federated learning baseline. In each communication round, the server randomly
selects a subset of clients and distributes the latest global model to them. After local training on their
private datasets, the selected clients upload their updated model parameters to the server. The server
then aggregates the received local models by weighted averaging to obtain the updated global model.
Since FedAvg does not adopt any pruning or compression strategy, it serves as the reference method for
evaluating the original communication cost and training performance.

• LotteryFL [18]: A federated learning approach inspired by the lottery ticket hypothesis. LotteryFL
performs unstructured pruning on edge clients to obtain sparse subnetworks, thereby reducing the
number of transmitted parameters and communication overhead. During training, each client uploads
the locally updated model parameters together with the corresponding pruning mask, and the server
aggregates only the retained parameters after pruning. In our experiments, the unstructured pruning
ratio was set to 50%.

• FedLP [16]: A layer-wise pruning method for federated learning. During local training, pruning is
performed at the layer level, and each client retains and uploads only a subset of layers. The server
then aggregates model parameters layer by layer, thereby reducing both local computation cost and
communication overhead. In the experiments, the layer dropout ratio was set to 50%.

• FedLTH [23]: A lottery-ticket-based federated pruning method. This method searches for sparse
subnetworks with competitive performance by using iterative magnitude pruning (IMP) and weight
rewinding. The obtained sparse subnetwork is then used for federated training to reduce the model size
and communication burden. FedLTH aims to identify trainable subnetworks that can maintain model
performance under a reduced parameter scale.

4.2 Parameter Sensitivity Analysis
Since different models and datasets are employed in the experiments, and both the unstructured pruning

ratio, the upper bound of the structured pruning ratios affect the training dynamics, the final accuracy
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of the global model may vary across different experimental settings. Therefore, this subsection presents a
comparative analysis of the global model accuracy achieved by the proposed FedAHP scheme under different
experimental scenarios, so as to evaluate the usability and effectiveness of the learned global model.

4.2.1 Impact of Different Pruning Ratios on Global Model Accuracy
To evaluate the impact of the upper bounds of structured and unstructured pruning on model accuracy,

we conducted comparative experiments on the MNIST dataset under different values of ρtotal and ρmax. The
corresponding results are shown in Fig. 2.

Figure 2: Impact of different pruning ratios on global model accuracy.

Fig. 2a illustrates the effect of different values of the upper bound of structured pruning ratio ρtotal under
a fixed unstructured pruning upper bound ρmax = 0.5. The experimental results show that an appropriate
level of structured pruning can compress the model while preserving training stability and model perfor-
mance, whereas overly aggressive pruning leads to pronounced accuracy degradation. Specifically, when
ρtotal < 0.7, structured pruning is triggered after the model has already achieved preliminary convergence in
the early training stage, and no substantial loss in accuracy is observed. Even if short-term fluctuations occur,
the model can quickly recover to its previous performance level, and the final global accuracy remains stable
within approximately 98%–99%. This indicates that, within this range, progressive structured pruning can
effectively reduce model redundancy without compromising discriminative capability or training stability.

In contrast, when ρtotal > 0.7, the model performance exhibits significant fluctuations. More specifically,
the global accuracy drops sharply around communication rounds 25–40, followed by a prolonged recovery
stage, and the final accuracy stabilizes at only 42%–63%. This suggests that excessively strong structured
pruning removes too many critical channels or structural units, causing an abrupt change in the parameter
space and driving the optimization trajectory away from its original direction. Although subsequent training
can partially compensate for the resulting performance loss, the limited effective model capacity after
excessive compression prevents the global model from recovering to the performance level achieved when
ρtotal < 0.7.

Fig. 2b shows the influence of the upper bound of unstructured pruning ratio ρmax on global model
accuracy under a fixed structured pruning upper bound ρtotal = 0.6. The results indicate that when ρmax =
0.5, the model converges rapidly within a small number of communication rounds, with only minor
fluctuations during subsequent training, and the final global accuracy remains stable at approximately
98.93%. This demonstrates that when ρmax = 0.5, the proposed adaptive pruning mechanism can effectively
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remove redundant parameters while still preserving critical update information, and it also exhibits good
compatibility with the dynamic privacy budget allocation mechanism.

By contrast, when ρmax = 0.6, although the model reaches relatively high accuracy in the early training
stage, a clear phase-wise degradation and oscillation appear in the middle and later stages of training, and
the final accuracy stabilizes at only about 58%–62%. This indicates that the pruning strength has exceeded
the tolerable range of the system, resulting in insufficient transmission of effective update information and a
larger aggregation bias in the global model.

Therefore, in order to achieve a better trade-off between model accuracy and efficiency optimization,
the subsequent experiments in this paper set the upper bound of structured pruning ratio to ρtotal = 0.6 and
the upper bound of unstructured pruning ratio to ρmax = 0.5.

4.2.2 Effect of Different Balancing Coefficients α on Global Model Accuracy
To evaluate the impact of the balancing coefficient α on the experimental results, we conduct a sensitivity

analysis on the MNIST dataset. Specifically, we compare different values of α, i.e., α ∈ {0, 0.25, 0.5, 0.75, 1.0}.
Among them, α = 0 indicates that the training state is determined only by the gradient norm, α = 1 indicates
that the training state is determined only by the training loss, and α = 0.5 indicates that the training loss and
the gradient norm are assigned equal importance.

As shown in Fig. 3, FedAHP achieves the best accuracy of 98.93% when α = 0.5, indicating that training
loss and gradient norm are complementary for estimating the client training state. The former reflects the
fitting error, while the latter captures the update intensity and convergence trend, providing a more reliable
basis for adaptive pruning.

Figure 3: Effect of the balancing coefficient α on global model accuracy.

In contrast, using only the gradient norm (α = 0) or only the training loss (α = 1.0) reduces the
accuracy to 98.62% and 98.70%, respectively, since a single indicator cannot fully characterize heterogeneous
local optimization states. The results at α = 0.25 and α = 0.75 remain high, reaching 98.81% and 98.86%,
respectively, showing the robustness of FedAHP. Therefore, α = 0.5 is adopted in the subsequent experiments.
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4.2.3 Sensitivity Analysis of the Stability Threshold and Detection Window
To verify the rationality of the structured pruning trigger condition, this paper further conducted

sensitivity experiments on the stability threshold rstab and the detection window m on the MNIST dataset.
The experimental results are shown in Table 1.

Table 1: Sensitivity analysis of the stability threshold rstab and detection window m.

Parameter Value Acc. (%) First Pruning Round Number of Structured Prunings

rstab

0.001 98.68 34 3
0.002 98.73 27 4
0.003 98.66 23 4
0.005 98.41 18 5

m

3 98.51 24 5
5 98.73 27 4
7 98.69 31 4
10 98.57 39 3

To analyze the sensitivity of the structured pruning trigger, we varied the stability threshold rstab and the
detection window length m, as shown in Table 1. First, with m = 5 fixed, rstab ∈ {0.001, 0.002, 0.003, 0.005}
was tested. As rstab increases, structured pruning is triggered earlier. Specifically, when rstab = 0.001, the first
pruning occurs at round 34 with a final accuracy of 98.68%. When rstab = 0.002, pruning is advanced to
round 27 and achieves the highest accuracy of 98.73%. Further increasing rstab to 0.003 and 0.005 triggers
pruning too early, reducing the final accuracy to 98.66% and 98.41%, respectively. Thus, rstab = 0.002 provides
a better balance between pruning timeliness and training stability.

Next, with rstab = 0.002 fixed, m ∈ {3, 5, 7, 10} was evaluated. A larger m makes the stability criterion
more conservative and delays structured pruning. When m = 3, pruning starts at round 24 with five pruning
operations and 98.51% final accuracy. When m = 5, pruning starts at round 27 with four pruning operations
and the best accuracy of 98.73%. Increasing m to 7 and 10 further delays the first pruning to rounds 31
and 39, with final accuracies of 98.69% and 98.57%, respectively. These results indicate that a short window
is sensitive to transient fluctuations, while an overly long window delays compression and weakens its
efficiency benefits.

Overall, rstab and m jointly control the conservativeness of the structured pruning trigger. Aggressive
settings may trigger pruning before the optimization direction becomes stable, whereas overly conservative
settings delay model compression. Therefore, rstab = 0.002 and m = 5 are adopted as the default settings, as
they achieve a favorable trade-off among accuracy, stability, and compression efficiency.

4.2.4 Robustness Analysis under Different Degrees of Data Heterogeneity
To further evaluate the robustness of FedAHP under different degrees of data heterogeneity, we extend

the original experimental setup by considering four data partition schemes, including IID, Dirichlet Non-
IID (γ = 0.5), Dirichlet Non-IID (γ = 0.1), and pathological Non-IID (2 classes per client). The global model
accuracy of all methods under these scenarios is compared to systematically assess the performance of
FedAHP across different heterogeneity levels.

Fig. 4 presents the experimental comparison results under different degrees of data heterogeneity. As
the heterogeneity becomes stronger, the accuracy of all methods decreases to different extents. In particular,
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FedAvg, LotteryFL, and FedLP are more sensitive to heterogeneous data distributions, and their accuracy
drops more significantly as the skewness of client label distributions increases. FedLTH shows a certain level
of robustness in most cases, but it still experiences noticeable performance degradation under extremely
heterogeneous settings. In contrast, FedAHP consistently maintains relatively high test accuracy under
different data partition schemes. This is mainly because FedAHP preserves parameter information that
is more critical to the global model while compressing redundant updates, thereby effectively mitigating
the aggregation errors caused by biased local updates when client data distributions differ significantly.
Consequently, its performance degradation is relatively smaller, demonstrating stronger robustness.

Figure 4: Accuracy comparison of different methods on MNIST and CIFAR-10.

4.2.5 Scalability Analysis with Different Numbers of Clients
To evaluate the scalability of FedAHP under different federated settings, we conduct experiments on

MNIST under the Non-IID partition by varying the number of clients from 10 to 100. The setting with 30
clients corresponds to the default configuration used in the main experiments. All other hyperparameters,
including local epochs, batch size, optimizer, learning rate, communication rounds, and pruning-related
settings, are kept unchanged.

Table 2 summarizes the results. As the number of clients increases, the accuracy of FedAHP decreases
only slightly from 98.82% to 98.39%, while remaining at a high level. This indicates that the proposed adaptive
pruning and heterogeneous aggregation mechanisms can still maintain stable performance under larger
client scales. In addition, the communication cost remains low and nearly unchanged, ranging from 1.22 to
1.27 MB. Although the training time increases as more clients participate, the FLOPs remain stable, showing
that the computational overhead is well controlled. Overall, these results demonstrate that FedAHP has good
scalability in federated learning scenarios with varying numbers of clients.
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Table 2: Scalability analysis of FedAHP with different numbers of clients on MNIST under the Non-IID setting.

Number of Clients Acc. (%) ↑ Avg. Comm. (MB) ↓ Avg. Time (s) ↓ FLOPs ↓
10 98.82 ± 0.06 1.22 ± 0.02 27.86 ± 0.83 0.49 M
30 98.73 ± 0.07 1.24 ± 0.02 30.69 ± 0.91 0.50 M
50 98.55 ± 0.09 1.25 ± 0.03 38.42 ± 1.12 0.51 M
100 98.39 ± 0.12 1.27 ± 0.03 46.85 ± 1.38 0.52 M

Note: Results are reported as mean ± standard deviation over five independent runs.

4.3 Comparative Experimental Results
This subsection presents a comprehensive comparison between FedAHP and the baseline methods

across different models, datasets, and data distribution settings.
To comprehensively evaluate the overall performance of the proposed FedAHP scheme, we compared

its global model accuracy with those of the four baseline methods under the same experimental settings. The
experimental results are presented in Fig. 5 and Table 3.

Figure 5: Accuracy comparison of different methods on MNIST and CIFAR-10.
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Table 3: Overall performance comparison under IID and Non-IID settings.

Setting Method Acc. (%) ↑ Avg. Comm. (MB) ↓ Avg. Time (s) ↓ FLOPs ↓

MNIST (IID)

FedAvg 96.67 ± 0.18 3.42 ± 0.00 85.88 ± 1.26 1.18 M
LotteryFL 97.15 ± 0.22 2.83 ± 0.03 97.24 ± 1.84 1.18 M

FedLP 98.91 ± 0.07 2.20 ± 0.04 72.85 ± 1.13 1.18 M
FedLTH 98.98 ± 0.05 1.65 ± 0.02 72.09 ± 1.05 0.64 M
FedAHP 98.93 ± 0.06 1.21 ± 0.02 26.79 ± 0.84 0.49 M

MNIST (Non-IID)

FedAvg 98.84 ± 0.10 3.42 ± 0.00 86.21 ± 1.35 1.18 M
LotteryFL 94.89 ± 0.51 2.86 ± 0.04 106.85 ± 2.06 1.18 M

FedLP 98.40 ± 0.13 2.20 ± 0.01 83.78 ± 1.44 1.18 M
FedLTH 98.69 ± 0.08 1.68 ± 0.02 74.06 ± 1.18 0.65 M
FedAHP 98.73 ± 0.07 1.24 ± 0.03 30.69 ± 0.91 0.50 M

CIFAR-10 (IID)

FedAvg 75.28 ± 0.41 1572.25 ± 0.00 176.06 ± 3.12 557.00 M
LotteryFL 76.50 ± 0.36 1218.12 ± 14.36 212.49 ± 4.28 557.00 M

FedLP 65.19 ± 0.78 1099.90 ± 12.81 180.92 ± 3.55 557.00 M
FedLTH 73.67 ± 0.52 729.95 ± 8.74 169.99 ± 3.09 310.42 M
FedAHP 76.35 ± 0.33 405.76 ± 6.92 82.02 ± 2.15 232.38 M

CIFAR-10 (Non-IID)

FedAvg 66.08 ± 0.65 1572.25 ± 0.00 183.34 ± 3.46 557.00 M
LotteryFL 72.62 ± 0.58 1240.35 ± 15.27 210.06 ± 4.61 557.00 M

FedLP 66.99 ± 0.73 1099.90 ± 11.94 179.70 ± 3.37 557.00 M
FedLTH 74.78 ± 0.44 727.35 ± 9.16 182.74 ± 3.68 315.76 M
FedAHP 75.35 ± 0.39 488.62 ± 7.84 112.48 ± 2.73 248.11 M

Note: Accuracy, communication size, and training time are reported as mean ± standard deviation over five inde-
pendent runs. FLOPs are measured on the final global model. For unstructured pruning methods, dense FLOPs are
reported unless specialized sparse acceleration is used. The best result under each setting is highlighted in bold.

First, as can be observed from Table 3, FedAHP consistently maintains a relatively high performance
level under all four experimental settings. Across the four scenarios, namely MNIST (IID), MNIST (Non-
IID), CIFAR-10 (IID), and CIFAR-10 (Non-IID), the average accuracy of FedAHP reaches 87.34%, which
is higher than that of FedLTH (86.53%), LotteryFL (85.29%), FedAvg (84.22%), and FedLP (82.37%).
Among these methods, FedAvg, LotteryFL, and FedLP are more sensitive to data heterogeneity and exhibit
more obvious accuracy degradation, whereas FedLTH and FedAHP experience only slight performance
fluctuations. This indicates that FedAHP has stronger adaptability to heterogeneous data distributions and
can maintain competitive performance under different task complexities and data distribution settings.

Second, the accuracy evolution curves in Fig. 5 show that different methods exhibit clearly different
behaviors under IID and Non-IID data distributions, and such differences become more pronounced as the
task complexity increases. On the relatively simple MNIST dataset, all methods can eventually achieve high
accuracy, but they differ in convergence speed and training stability. On the more challenging CIFAR-10
dataset, the performance gap and fluctuation characteristics among different methods become more evident.

On the MNIST dataset, all methods converge rapidly. Since the MNIST task is relatively simple, the
effect of data heterogeneity on the final model accuracy is limited even under the Non-IID setting, although
its impact on training stability is still noticeable. As can be seen from Fig. 5a,b, FedAHP exhibits a smoother
convergence process and is less affected by data heterogeneity. In contrast, FedAvg converges relatively slowly
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in the early training stage. LotteryFL performs personalized pruning at the client side, and the pruning
masks differ across clients, which weakens the consistency of global model updates and causes visible
accuracy fluctuations during training, especially under the Non-IID setting. FedLP reduces communication
by randomly dropping a subset of network layers during transmission; however, this may also discard part
of the useful update information, thereby slowing down convergence in the early training stage.

On the CIFAR-10 dataset, due to the higher task complexity, the differences in convergence speed among
methods become more pronounced. As shown in Fig. 5c,d, both FedLTH and FedAHP exhibit stage-wise
fluctuations during training. This is because the weight rewinding mechanism in FedLTH and the progressive
structured pruning strategy in FedAHP both require multiple pruning operations before reaching the target
pruning level, which may induce temporary accuracy drops during the training process. Nevertheless,
owing to the milder pruning schedule with decaying intensity adopted in FedAHP, its fluctuation amplitude
is smaller than that of FedLTH. Moreover, LotteryFL adopts fine-grained unstructured pruning, while
FedLP preserves layer-level structural integrity and performs layer-wise aggregation. Therefore, the accuracy
fluctuations of these two methods are relatively smaller, and their training curves appear smoother. However,
their final accuracies remain lower than that of FedAHP, indicating that smoother training dynamics do not
necessarily lead to better ultimate model performance.

In addition to the FLOPs reduction of the final model, we also analyze the additional computational
overhead introduced by the pruning strategy. On the client side, FedAHP mainly introduces training-
state estimation and important update selection. These operations do not require training an additional
pruning network and do not introduce extra mask or sparse index transmission. Therefore, the additional
overhead is relatively small compared with local forward and backward propagation. On the server side,
the counter-based heterogeneous aggregation mechanism only maintains an accumulation vector and a
count vector for update alignment. Its computational cost grows approximately linearly with the number of
participating clients and the number of received update parameters, which makes it suitable for large-scale
federated learning scenarios. From the perspective of practical deployment, FedAHP is suitable for resource-
constrained edge environments. It reduces uplink communication, supports heterogeneous pruning ratios
among clients, and further compresses the global model through structured pruning after training becomes
stable. As a result, the computation and storage costs of subsequent local training and edge deployment can
be reduced.

Overall, the proposed FedAHP achieves the highest average accuracy across the four experimental
settings. Compared with the baseline methods, it improves the average accuracy by 0.81%–4.97%. Although
FedAHP is not always the best in every single scenario, it consistently maintains competitive accuracy while
achieving the lowest communication cost, training time, and FLOPs in all settings. These results demonstrate
that the proposed efficiency optimization strategy can effectively reduce system overhead without disrupting
the normal training process or significantly degrading model performance.

4.4 Communication Overhead Analysis
As reported in Table 3, FedAHP achieves the lowest communication overhead under all experimental

settings. Compared with the baseline methods, the per-round communication size of FedAHP is reduced by
0.44–2.21 MB, 0.44–2.18 MB, 324.19–1166.49 MB, and 238.73–1083.63 MB in the four scenarios considered
above, respectively. These results demonstrate that FedAHP exhibits strong communication compression
capability under different data distributions and task complexities. In particular, for more challenging tasks
and larger-scale models, such as CIFAR-10 with ResNet-18, the communication reduction becomes even
more substantial.
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Fig. 6 compares the communication compression performance of FedAHP and the baseline methods
during federated training. From the overall trends, the communication-size curves of different methods differ
significantly throughout the training process. Among them, FedAvg does not employ any communication
optimization strategy. Consequently, it needs to transmit the complete global model in both uplink and
downlink at every communication round, and its communication size therefore remains almost constant
over time.

Figure 6: Communication size comparison of different methods on MNIST and CIFAR-10.

FedLP reduces the amount of uploaded parameters by performing random layer-wise aggregation.
However, it does not explicitly optimize the communication cost of server-to-client model distribution. As a
result, its overall communication reduction is limited, and its communication-size curve exhibits only mild
fluctuations. LotteryFL progressively reduces the number of transmitted parameters through unstructured
pruning. Nevertheless, because it requires additional transmission of pruning masks to record parameter
locations, the actual reduction in communication overhead is smaller than the nominal 50% pruning ratio
would suggest.

Although both FedAHP and FedLTH exhibit step-wise descending communication trends, the
proposed FedAHP differs fundamentally from FedLTH in its communication mechanism. Unlike the LTH-
based iterative pruning and rewinding strategy adopted in FedLTH, FedAHP does not require clients
to transmit additional pruning masks or sparse index information when uploading local model updates.
Instead, it relies on a globally shared ranking criterion and uploads only the most important update
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parameters, thereby significantly reducing client-side uplink communication overhead. Moreover, after the
global model gradually converges, FedAHP further performs progressive structured pruning on the server
side, which continuously reduces the size of the global model distributed to clients. Therefore, the overall
communication overhead of FedAHP is consistently lower than that of FedLTH.

Overall, FedAHP exhibits a clear advantage in reducing communication overhead during federated
training. By introducing a hybrid pruning strategy guided by client training states, the proposed method
achieves the lowest communication size across different experimental scenarios while preserving competitive
model performance.

4.5 Training Time Analysis
To evaluate the time overhead of FedAHP in federated learning systems, we compared it with the

baseline methods under the four experimental scenarios. The results are shown in Fig. 7 and Table 3. As can
be observed from Table 3, under all experimental settings, FedAHP reduces the per-round training time by
58.56%–72.45% on MNIST and by 37.41%–61.40% on CIFAR-10, compared with the baseline methods.

Figure 7: Training time comparison of different methods on MNIST and CIFAR-10.

As shown in Fig. 7, different methods exhibit clear differences in training time during the learning
process. These differences mainly arise from the distinct local training procedures, model aggregation
mechanisms, and pruning strategies adopted by the compared methods.

FedAvg performs local forward and backward propagation on the complete model in each commu-
nication round, and therefore incurs relatively high training time. Although FedLP reduces the number of
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uploaded parameters to some extent, each client still updates the complete model during local training. As
a result, its training time remains close to that of FedAvg. LotteryFL reduces the number of transmitted
parameters through unstructured pruning; however, the resulting irregular sparse structure is difficult to
accelerate efficiently on general-purpose hardware and existing deep learning frameworks. In addition,
mask-based model aggregation and the maintenance of pruning masks further increase the computational
burden, making LotteryFL the most time-consuming method among the compared approaches.

Although FedLTH can significantly reduce communication overhead through structured pruning,
its iterative pruning, rewinding, and retraining procedures introduce additional training costs, thereby
limiting its advantage in overall time efficiency. In contrast, FedAHP compensates for the limitations of
unstructured pruning through progressive structured pruning, while avoiding explicit mask operations
during aggregation. Owing to its mask-free aggregation mechanism and gradually compressed model
structure, FedAHP is able to substantially shorten the overall training time. After a brief adjustment phase
in the early stage of training, its training time quickly decreases and remains stable, with relatively small
fluctuations throughout the entire training process.

Overall, FedAHP demonstrates a significant advantage in reducing the training time of federated
learning. The proposed method achieves the shortest training time in all four experimental settings, while
maintaining favorable stability and efficiency even in complex tasks, Non-IID data distributions, and
large-scale model scenarios.

4.6 Extended Experiments
To validate the generalization capability of the proposed method on more complex tasks, we further

conduct supplementary experiments on the CIFAR-100 dataset. Compared with CIFAR-10, CIFAR-100
contains more categories and presents a higher classification difficulty, thereby enabling a more compre-
hensive evaluation of the generalizability of different methods. For a fair comparison, we follow the main
experimental settings used on CIFAR-10 and adopt ResNet-18 as the backbone model. The data partitioning
strategy remains consistent with the previous experiments, where the Dirichlet distribution is used to
simulate non-IID data partitions.

Table 4 summarizes the results on CIFAR-100. FedAHP achieves the highest accuracy under both
IID and non-IID settings, reaching 73.08% and 70.41%, respectively. Meanwhile, it reduces the per-round
communication cost to 506.37 MB and the training time to 117.31 and 118.92 s under IID and non-IID settings,
respectively, outperforming all compared methods in system efficiency.

FedAHP also achieves the highest parameter and FLOPs compression ratios, i.e., 59.24% and 37.18%,
respectively. This demonstrates that the proposed hybrid pruning strategy can reduce both transmission
and computation costs. Compared with LotteryFL, FedLP, and FedLTH, FedAHP provides a better balance
between model compression and accuracy preservation.

These improvements are mainly attributed to the combination of client-side adaptive unstructured
update pruning and server-side progressive structured pruning. The former reduces redundant commu-
nication while preserving important local updates, and the latter further compresses the model structure
after stable global training. Therefore, the CIFAR-100 results further verify the effectiveness, scalability, and
practical value of FedAHP in more complex image classification tasks.
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Table 4: Experimental results of different methods on the CIFAR-100 dataset.

Method Acc. Avg. Comm. Avg. Time FLOPs Comp.
IID

FedAvg 66.58% 1584.72 MB 189.64 s 0.00%
LotteryFL 70.74% 1261.45 MB 216.83 s 5.92%

FedLP 67.12% 1108.63 MB 184.77 s 12.84%
FedLTH 72.16% 742.88 MB 186.45 s 26.35%
FedAHP 73.08% 506.37 MB 117.31 s 37.18%

Non-IID

FedAvg 62.36% 1584.72 MB 191.83 s 0.00%
LotteryFL 67.18% 1261.45 MB 219.27 s 5.92%

FedLP 63.11% 1108.63 MB 186.94 s 12.84%
FedLTH 70.26% 742.88 MB 188.56 s 26.35%
FedAHP 70.41% 506.37 MB 118.92 s 37.18%

4.7 Ablation Study
To further investigate the individual contribution of each component in the proposed FedAHP

framework, we conduct an ablation study on the MNIST dataset under both IID and Non-IID settings.
All experimental settings, including the optimizer, learning rate, local epochs, and global communication
rounds, are kept the same as those used in the main experiments. We compare the full FedAHP with four
variants: FedAvg without pruning, FedAHP-S with structured pruning only, FedAHP-U with unstructured
pruning only, and FedAHP-Fixed with hybrid pruning but without the adaptive pruning mechanism.

Table 5 reports the ablation results on MNIST. Compared with FedAvg, all pruning-based variants
significantly reduce communication cost and training time. The full FedAHP reduces the communication
size from 3.42 to 1.21 MB and the training time from 85.88 to 26.79 s under the IID setting, while achieving
98.93% accuracy. Under the Non-IID setting, it reduces the communication size from 3.42 to 1.24 MB and
the training time from 86.21 to 30.69 s, while maintaining 98.73% accuracy.

Table 5: Ablation study of FedAHP on the MNIST dataset.

Setting Method Structured Unstructured Adaptive Acc. (%) ↑ Comm. (MB) ↓ Time (s) ↓

MNIST (IID)

FedAvg × × × 96.67 ± 0.18 3.42 ± 0.00 85.88 ± 1.26
FedAHP-S ✓ × × 98.52 ± 0.09 1.76 ± 0.02 38.64 ± 0.96
FedAHP-U × ✓ × 98.71 ± 0.08 1.89 ± 0.03 54.27 ± 1.12

FedAHP-Fixed ✓ ✓ × 98.36 ± 0.11 1.18 ± 0.02 29.83 ± 0.91
FedAHP ✓ ✓ ✓ 98.93 ± 0.06 1.21 ± 0.02 26.79 ± 0.84

MNIST (Non-IID)

FedAvg × × × 98.84 ± 0.10 3.42 ± 0.00 86.21 ± 1.35
FedAHP-S ✓ × × 98.45 ± 0.12 1.79 ± 0.03 41.52 ± 1.03
FedAHP-U × ✓ × 98.57 ± 0.10 1.91 ± 0.03 57.38 ± 1.29

FedAHP-Fixed ✓ ✓ × 98.16 ± 0.15 1.20 ± 0.02 33.74 ± 1.06
FedAHP ✓ ✓ ✓ 98.73 ± 0.07 1.24 ± 0.02 30.69 ± 0.91

Note: FedAHP-S denotes the variant using only structured pruning, FedAHP-U denotes the variant using only unstruc-
tured pruning, and FedAHP-Fixed denotes the hybrid pruning variant without the adaptive pruning mechanism.
Results are reported as mean ± standard deviation over five independent runs.
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FedAHP-S shortens training time through structured pruning but may reduce model representation
capability. FedAHP-U maintains competitive accuracy by preserving the model structure, but its irregular
sparsity limits hardware acceleration. FedAHP-Fixed lowers communication cost, but its fixed pruning ratios
cannot adapt to the training state and may discard useful updates. In contrast, the full FedAHP adaptively
adjusts pruning intensity and progressively introduces structured pruning, achieving a better balance among
accuracy, communication cost, and training time. These results confirm the complementarity of structured
pruning, unstructured pruning, and the adaptive mechanism.

5 Conclusion
This paper proposed FedAHP, an efficiency-oriented federated learning framework based on adaptive

hybrid pruning, to address the difficulty of simultaneously balancing training overhead, communication
overhead, and model accuracy under conventional static pruning strategies. The proposed method dynam-
ically adjusts the update pruning ratio according to the local training state of each client, thereby jointly
improving communication efficiency and training efficiency. To aggregate heterogeneous sparse updates
produced under different pruning ratios, a counter-based aggregation mechanism was introduced for update
alignment in a shared ranking space. Furthermore, a performance-aware structured pruning strategy was
employed after training became stable, so as to further compress the global model and improve deployment
efficiency on edge devices.

Experimental results on MNIST and CIFAR-10 show that FedAHP achieves strong overall performance.
In comparison with representative baselines, it not only yields superior model accuracy but also substantially
reduces per-round communication overhead and training time, demonstrating its effectiveness and practical
applicability in edge computing environments.

In future work, we will further conduct detailed system-level analysis, including memory overhead
measurements and scalability evaluation in real large-scale federated learning deployments, among others.
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