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Abstract—Federated Learning (FL) collaboratively trains a
shared global model without exposing clients’ private data. In
practical FL systems, clients (e.g., smartphones and wearables)
typically have disparate system resources. Traditional FL, how-
ever, adopts a one-size-fits-all solution, where a homogeneous
large model is sent to and trained on each client. This method
results in an overwhelming workload for less capable clients
and starvation for others. To tackle this, we propose FedConv,
a client-friendly FL framework, minimizing the system over-
head on resource-constrained clients by providing heterogeneous
customized sub-models. FedConv features a novel learning-on-
model paradigm that learns the parameters of heterogeneous
sub-models via convolutional compression. To aggregate hetero-
geneous sub-models, we propose transposed convolutional dilation
to convert them back to large models with a unified size while
retaining personalized information. The compression and dilation
processes, transparent to clients, are tuned on the server using
a small public dataset. We further propose a hierarchical and
clustering-based local training strategy for enhanced performance.
Extensive experiments on six datasets show that FedConv outper-
forms state-of-the-art FL systems in terms of model accuracy (by
more than 35% on average), computation and communication
overhead (with 33% and 25% reduction, respectively).

Index Terms—Federated learning, Model heterogeneity, Model
compression, Personalization

I. INTRODUCTION

EDERATED Learning (FL) allows mobile devices to col-
laboratively train a shared global model without exposing
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Fig. 1. Heterogeneous models in federated learning.
their private data [[1]], [2], [30, [4], [5]. In each communication
round, clients keep their private data locally and only upload
their model parameters or gradients to a server after local
training. The server then orchestrates model aggregation and
updates the global model for the next round [6], [7], [8], [9].

In conventional FL, all clients share the same model archi-
tecture. In practice, however, clients have diverse computation
and system resources. For example, high-end PCs have more
resources and computation powers than wearables (Fig. [I).
Therefore, the size of a global model is upper-bounded by the
clients with the least resources. Such a one-size-fits-all solution
often leads to sub-optimal performance. Moreover, clients
with more resources suffer from starvation when waiting for
weaker clients in synchronized FL [10]. To make full use of
more powerful clients while accommodating those with limited
resources, it is necessary to develop an FL system that supports
heterogeneous models with varied parameter sizes that best fit
all clients with diverse resources [11], [12]], [13], [14], [15].

Existing solutions that generate distinct models mainly
include knowledge distillation (KD) [[L6], parameter sharing
[17], and model pruning [18]. KD distills the knowledge from
heterogeneous client models to a global model for aggregation.
Yet, it imposes additional compute overhead on clients as they
must first train on public data and then transfer knowledge
via private data [16]. Parameter-sharing strategies distribute
different regions of a global model as sub-models to different
clients. However, some sub-models can only be trained on a
small portion of the dataset. Model pruning methods adopt
channel or filter level pruning to generate sparse sub-models.
However, they suffer from information loss due to the removal
of entire channels or filters (§ [[I-A). Moreover, to determine
the pruning structure, clients need to receive the large global
model from the server and then perform the pruning operation
locally, increasing the overhead of clients.
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Ideally, the heterogeneous sub-models should retain the
global model information in a way that enables them to be
efficiently sent to and trained on resource-constrained clients
without any extra overhead. To this end, we propose FedConv,
a client-friendly FL framework for heterogeneous models
based on a new learning-on-model paradigm. The key insight
is that convolution, a technique to extract effective features
from data, can also compress large models to preserve crucial
information. In FedConv, the server performs convolutional
compression on the global model to learn parameters of diverse
sub-models according to clients’ resource budgets. Clients
directly train on the compressed sub-models as in traditional
FL without model decompression. In model aggregation, the
server first uses transposed convolution (TC) to transform het-
erogeneous client models into large models that have the same
size as the global model. Then, the server assigns different
learned weight vectors to these dilated models and aggregates
them. FedConv optimizes the model compression, dilation,
and aggregation processes by leveraging a small dataset on
the server that can be obtained via crowdsourcing, or vol-
untarily shared by users without compromising their privacy.
Therefore, our system does not incur extra communication or
computation overhead for resource-constrained clients.

To deliver a practical system, we address three key tech-
nical challenges: 1) How to learn heterogeneous sub-model
parameters via convolution while retaining the global model’s
prediction capability? To tackle this, we formulate the com-
pression process as a training task. By iteratively fine-tuning
the convolution operations, heterogeneous sub-models can be
learned effectively and achieve a performance comparable
to the global model. 2) How to enhance the personalization
performance during client-side local training and server-side
aggregation? We propose a hierarchical and clustering-based
local training strategy that enables parameter exchange among
clients with similar data distributions. Additionally, during
aggregation, we apply separate TC operations on each client’s
model parameters and learn a set of dilated models, which
further inherit their personalized information into the global
model. 3) How to aggregate the dilated models with imbal-
anced contributions of heterogeneous federated clients? Client
models are trained on the non-independent and identically
distributed (non-1ID) data, directly averaging [19] these large
models will lead to performance degradation. To solve it, we
set different learnable weight vectors for the dilated models.
Through a tuning process, the server can learn the relative im-
portance of each model and orchestrate the final aggregation.

We implement FedConv[]_-] based on a user-friendly FL frame-
work (Flower [20]]) with two representative FL tasks (image
classification and human activity recognition). We evaluate
FedConv on six public datasets and compare its performance
with eight baselines. The experiments show that FedConv
outperforms the SOTA in terms of inference accuracy (by
more than 35% on average), memory, and communication cost
(with 21% and 25% reduction, respectively). Besides, FedConv
substantially reduces the computation overhead for federated
clients and saves the total training time. In summary, we make

I'The code is available at https://github.com/lemingshen/FedConv,

the following key contributions:

« To the best of our knowledge, FedConv is the first compres-
sion method based on convolution operations. This paradigm
can not only compress the global model effectively but also
preserve crucial information without imposing extra burden
on resource-constrained mobile clients.

e FedConv handles heterogeneous models with new technolo-
gies. Specifically, we propose a convolutional compression
module to compress the global model and generate hetero-
geneous sub-models via our learning-on-model paradigm.
We create a hierarchical and clustering-based local train-
ing strategy to enhance the personalization performance of
heterogeneous clients. We design a transposed convolutional
dilation method to obtain models with uniform sizes and use
weighted average aggregation to balance clients’ contribu-
tions for final aggregation.

e We evaluate FedConv via comprehensive evaluations with
heterogeneous mobile devices. The results demonstrate the
superior performance of FedConv in terms of both inference
accuracy and resource efficiency.

II. MOTIVATION
In this section, we analyze SOTA works (parameter sharing
and model pruning) to motivate our work. KD-based methods
incur heavy overhead on clients (§ , which is not suitable
for resource-constrained mobile devices.

A. Limitations of Existing Solutions

Imbalanced Parameter Sharing. As a representative work,
HeteroFL [17] makes clients share different regions of the
global model. In Fig. [2(a)] the shared portions (the overlapped
parts) are fixed, and parameters are aggregated only from
clients that hold them, missing information from other clients.
To demonstrate its impact, we train a ResNet18 model [21]]
on the CIFAR10 dataset [22] and find that smaller models
outperform larger models (Fig. 2(b)) due to their exposure
to a larger volume of data held by more clients. Besides, the
global model exhibits instability and even performs worse than
the large model due to unbalanced aggregation. Thus, this
scheme will lead to imbalanced performance among clients
and unexpected performance degradation [23]. FedRolex [24]]
proposes a dynamic sharing scheme that enables sub-models
to share different parts of the global model’s parameters
via multiple rolling windows, ensuring that the aggregated
parameters are evenly trained. However, as different clients
contribute distinct parts, the aggregated parameters comprise
mixed windows from the diverse sub-models, leading to a
distorted distribution of the global model’s parameters with
degraded performance and a longer convergence time [25]].
Information Loss and Client Workload in Model Pruning.
Model pruning can be categorized into two types (Fig. 2(c)).
1) Channel-level pruning removes some input channels from
the model parameters, where the corresponding channels of
the input data are also excluded from training. 2) Filter-level
pruning discards some output channels (filters), generating
fewer feature maps. Consequently, these two schemes suffer
from information loss as they not only discard some input
data channels or feature maps but also remove certain weights
or connections [18]]. To study the information loss, we apply
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these two pruning methods to the pre-trained ResNet18 model
based on the parameter magnitude ranking and measure the
mutual information (MI) I(X, Z), which quantifies the amount
of information that can be inferred from X after observing
Z [26]. We find that the MI between the parameters of the
ResNet18 model and itself is 3.29, whereas the MI between
the parameters of the pre-trained model and the channel-
pruned model is reduced to 2.56, with an accuracy drop from
84.04% to 73.36%. Similarly, the accuracy of the filter-pruned
model drops to 75.64% while MI is 2.68. This indicates
information loss due to pruning. Moreover, existing pruning-
based methods typically require the server to transmit all
the parameters of a global model to clients, and perform
model pruning at resource-constrained clients, which incurs
high communication and computation overhead for clients.

B. Model Compression via Convolution

Ideally, a compression method should minimize the infor-
mation loss of model parameters to retain the performance
without posing extra system overhead on resource-constrained
clients. To this end, we propose a novel convolutional com-
pression technique that applies convolution operations on the
global model parameters to generate the parameters of het-
erogeneous sub-models while preserving crucial global model
information (e.g., parameter distributions and patterns). Our
studies find that by applying refined convolution operations via
various receptive fields [27], the sub-model can inherit spatial
and hierarchical parameter patterns from the global model.
These receptive fields selectively determine which parameter
information should be retained after convolution. Hence, the
generated sub-models can also extract valuable features from
the input, similar to the features extracted by the global model.

To demonstrate that a compressed model generated by con-
volutional compression can effectively extract features from
the input data, we compress the pre-trained model described
in § [I-A] at a shrinkage ratio of 0.75. We then select the top-4
and top-3 feature maps with the highest importance outputted
by a convolutional layer (measured by IG [28])) from the large
model and the sub-model, respectively. As shown in Fig. [3]

both the large model and the sub-model can learn and focus
on the key features (e.g., the deer’s body, head, and horn).
Moreover, compared with the large model, the first two feature
maps from the sub-model pay more attention (deeper color) to
the deer’s body and ears. The third feature map can be regarded
as a fusion of the last two feature maps from the large model,
as it focuses on both the body and head of the deer. This
observation indicates that the feature extraction capability of
the large model can be effectively preserved and transferred
to the sub-model via convolutional compression. Besides, the
accuracy of the sub-model only decreases by 0.19% and the
mutual information between the parameters of the large model
and the sub-model is 3.09 (Fig. 2(d)), which is much higher
than that of the pruned model. This indicates that our proposed
convolutional compression method can effectively minimize
information loss after model compression.

To refine the compression process, same as existing knowl-
edge distillation-based FL works [[16]], [29] that use server-side
data during FL training, we also maintain a small publicly
available dataset on the server to fine-tune the compression
process (§ [[V-A). The server-side data can be crowdsourced
by clients and volunteers who are willing to share their data,
or collected from public datasets. By iteratively refining the
compression process using the server-side data that has the
same task (e.g., image classification) to the clients, the server
can gradually gain a comprehensive global view [30] of the
entire FL process and thus transfer more general information
from the server to heterogeneous clients [31]. Note that same
as conventional FL schemes, clients do not need to share their
data and only focus on local training.

III. FRAMEWORK OVERVIEW

FedConv comprises four main modules (Fig. ): convo-
lutional compression (§ , hierarchical and clustering-
based Local training (§ [[V-B), transposed convolutional dila-
tion (§ [V-C), and weighted average aggregation (§ [[V-D).

The server first initializes a global model with an estimated
memory requirement and records a set of shrinkage ratios
(SR) reported by each client based on their resource profiles
(®). In the first communication round, the server pre-trains
the global model for several epochs with a server-side dataset
to gain a better global view of the data distribution. Based
on the SRs, a set of fine-tuned convolution parameters are
then used to compress the global model with the convolutional
compression module, and generate heterogeneous sub-models
(®). Next, the server sends the heterogeneous sub-models to
corresponding federated edge servers (@), each managing a
group of clients with the same SR value. The edge server
will distribute the parameters to their corresponding clients.
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Fig. 4. Framework architecture of FedConv.

Then, with the hierarchical and clustering-based local training
module, each edge server further groups its clients into several
clusters based on the similarity of their local data distributions.
Clients will perform several epochs of local training and
exchange intermediate outputs with clients from other clusters
to enhance their personalization performance (®). The updated
parameters will then be uploaded to the server (®) through the
edge servers. After that, the server performs the transposed
convolutional dilation, where different transposed convolution
parameters are used to dilate the sub-models to a set of large
models that have the same size as the global model (®).
Finally, the server applies the weighted average aggregation
to aggregate the dilated models with the learned weights(®).
In FedConv, the compression and dilation operations are
transparent to clients and performed by the powerful server,
which can be seamlessly integrated into conventional FL
systems where clients only need to perform local training.

IV. FRAMEWORK DESIGN

A. Convolutional Compression

This module utilizes a set of convolutional layers (termed as
compression layers) to compress the global model and gener-
ate heterogeneous sub-models. After feeding the global model
parameters to the compression layers, the generated sub-model
parameters are smaller and output fewer feature maps (Fig.
[3). We use the server-side data to iteratively tune convolution
parameters (the parameters of compression layers) until sub-
models achieve comparable performance to the global model.
As such, the parameter information from the global model
is inherited with a comprehensive perspective. Thus, they are
able to extract general features and can be further updated by
clients to fit their local data for personalization enhancement.
Convolution Configurations. To determine sub-model sizes,
clients first specify their shrinkage ratios (SRs). Specifically,
the server first broadcasts the global model size to all clients.
Next, each client determines an appropriate SR for its cor-
responding sub-model to meet the resource budgeﬂ (e.g.,
memory, bandwidth). The SRs are then sent back to the server,
which accordingly determines corresponding configurations of
the compression layers (input channel in, output channel out,
kernel size (k1, k2), stride s, and padding p) so that the sizes of
sub-models match with expected SRs. Taking convolution lay-
ers as an example, in the upper part of Fig.[5] a convolutional
layer in the global model has 16 input and 32 output channels

2Resource profiling can be performed by existing tools, e.g., nn-Meter [32].
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with a 3x3 kernel. Regarding each element in the kernel as
a single unit, we can reshape the weight from (32,16,3,3) to
9x%(1,32,16). Suppose the SR is 0.75, the shape of the weight
should be 9x(1,24,12) after compression. Thus, we use nine
separate 2D convolutional layers (i.e., compression layers) to
compress the reshaped weight. The conﬁguratio of each
compression layer is Conv{(in=1, out=1, k=(9,5), s=1, p=0).
This convolution-based process can also be applied to com-
press other types of layers by properly adjusting the configu-
rations. Note that the input channels of the first layer are not
compressed, ensuring that all channels of the raw data can be
fed into the sub-model. Similarly, the output channels of the
last layer are also uncompressed, ensuring that the sub-models
and the global model have the same prediction task.

Convolution Parameter Fine-tuning. Next, we fine-tune the
convolution parameters to generate sub-models that inherit
parameter information from the global model with comparable
performance. We use the server-side data to iteratively adapt
the convolution parameters by minimizing the loss between
the ground truth and the prediction result of the sub-model:
min“’icam‘z Za) ‘C(f(xv WéJ © wic(mv’l), y)7 )
st.vie{l,2,--- L}V (z,y) € D,Vie{1,2,---,I;}.

where L is the Cross-entropy loss [33]], f(-) is the forward
function of the compressed model, (x,y) is the data and the
corresponding label from server-side data D, Wci:,l is the -
th weight matrix of the [-th layer in the global model, I; is
the number of parameter matrices of the [-th layer, w’éom’l
is the convolution parameters for compression, and © is the
convolution operation. To fine-tune convolution parameters,
the compressed sub-model (Wci:,l @wéom’ ;) 1s first evaluated
on the server-side data. Specifically, taking the [-th layer from
the global model as an example, the forward process is:

we,t = Wa,1 © Woonw,l

2] = wep - X (2)

L=L(3,y)
where weoone,1 1s the convolution parameters to compress the
weight matrix W ; of the [-th layer from the global model,
we, is the compressed weight, X is the input data for the
I-th layer, and z; is the output generated by the compressed
weight. Cascaded with multiple such compressed layers, the
compressed model generates an output, denoted as . We then
compute the loss, L, based on ¢ and the ground truth label y.
Next, gradients of the convolution parameters are calculated

3By default, we set the stride and padding as one and zero, respectively.
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via back-propagation using the chain rule:
§(L) = %
swen) — 9L . 03

99 we, 3)
s(Weonv,) — 8L 05 . _OWea
09  Owe Owconw,l

where (%) is the gradient of loss with respect to output, §(%e:t)
is the gradient of compressed weight, and §(*cerv.t) is the
gradient of convolution parameters, which are further updated:

WConv,l = WConwv,l — & " 6(wConu,L) 4

where « is the learning rate. During iterative fine-tuning, the
convolution parameters wéom,l is updated while others (i.e.,
the parameters of the global model and the sub-model) are
frozen. Through such a back-propagation process, the tuned
convolution parameters effectively compress the global model
without discarding important parameter information.
Remarks. In convolutional compression, the server fine-tunes
convolution parameters to learn sub-model parameters, thus
preserving the global model’s crucial parameter information
and prediction capability. Such a learning-on-model paradigm
fundamentally differs from traditional learning-on-data meth-
ods. Specifically, learning-on-data methods take raw data as
input and train a model to extract features, while our learning-
on-model paradigm takes model parameters as input and uses
compression layers to generate sub-model parameters. The
parameters of compression layers are tuned by minimizing
the loss between sub-model outputs and ground-truth labels.
Challenges. Several practical challenges emerge during this
compression process. We use a trained model on the MNIST
[34] dataset (with 99.04% accuracy) as an example to show
how we address these challenges and the progress we make.
(1) Information Loss. After tuning convolution parameters, we
find that the amount of parameter information in the sub-model

0.0 -1.5-1.0-0.5 0.0 0.5 1.0 ’3%0 T 2 3
Parameter value Sy x

(a) Parameter distribution (b) Modified activation function
Fig. 7. (a) After using the MLR, the sub-model’s parameter distribution
becomes similar to the large global model (blue curve); (b) The MLR function.

inferred from the global model is still low (the MI between
the parameters of the global model and the sub-model is only
0.84). This is because a single compression layer may fail
to capture fine-grained parameter information, leading to a
lower accuracy (90.2%). To address this issue, we add two
1x1 convolutional layers before compression (Fig. [6(a)). The
first layer increases the number of output channels to 16,
capturing diverse and complex parameter information in the
global model. The second layer decreases the channel number
back to one, fusing information from different channels and
producing a comprehensive parameter representation. We also
add a skip connection between the input large parameters
and the output of the second Convlixl, facilitating parameter
information transfer from the global model to sub-models.
With these designs, the sub-models’ accuracy increases to
93.15%, effectively mitigating the information loss.

(2) Imbalanced Parameter Distribution. Though the parameter
distributions of sub-models and the global model are similar,
the sub-model parameters skew towards negative values (Fig.
[7(a), leading to numerical instability, slow convergence, and
performance degradation. We adopt a modified Leaky ReLLU
(MLR) activation function (Fig. [7(b)) to rectify negative parts,
where s,, and s, are slopes for negative and positive values,
respectively. Smaller s,, can suppress the negative parameters
but not entirely eliminate them, thereby preserving potential
information embedded in negative parameters. After applying
the MLR, the sub-model parameters exhibit a similar distribu-
tion pattern and value range to the global model (Fig. [7(a)),
with the sub-model accuracy further increasing to 95.06%.
(3) Performance Fluctuation. During tuning, we observe sig-
nificant performance fluctuation of the sub-model. This is
because in learning-on-data methods, model parameters are
directly updated during training. However, in our learning-
on-model method, only convolution parameters are updated,
which subsequently generate sub-model parameters via the
convolution process. As a result, the sub-model exhibits much
higher sensitivity to convolution parameters. To tackle this, we
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apply weight normalization on convolution parameters to de-
couple their magnitude and direction during tuning, stabilizing
convergence in a fine-grained way [35]. Moreover, we apply
a learning rate scheduler that dynamically varies the learning
rate to avoid local optima and enables faster convergence [36].
The learning rate undergoes a cosine function decay:

Ir =lrmin + 0.5("maz — Pmin) (1 + cos (6/Timaz - 7)) (5)

where e is the current epoch index, Ir,,;, and I7,,,, are the
lower and upper bound of the learning rate, and 7,4, is the
maximum number of iterations before the [r restarts to I7,,i,.
Specifically, the learning rate begins with a large value (I7,44)
to explore the loss landscape quickly. As training progresses,
it decreases smoothly following the cosine curve to help the
model settle into a minimum without overshooting. By the
last few epochs, the learning rate decreases slowly, focusing
on tuning convolution parameters via a smaller value (I7,;,).
With weight normalization and the scheduler, the accuracy of
the sub-model improves to 96.8% and 98.59%, respectively.
Meanwhile, the performance becomes more stable, and the
sub-model converges after around 20 epochs (Fig. B(a)).
(4) Heavy Serve Overhead. During compression, we find that
fine-tuning convolution parameters poses a heavy overhead
on the server, especially when the global model has a vast
number of parameters. Specifically, we vary the kernel size
of a single network layer in the global model to control the
parameter amount. With a constant SR, we create several sets
of convolution parameters and record the tuning time and GPU
memory usage when updating the convolution parameters.
From Fig. 0] we see that as the size of the network layer
increases, the required tuning time and the GPU memory
increase dramatically. The main reason is that we create
separate convolution parameters for each weight matrix in all
the network layers of the global model. As a result, when the
global model has larger parameter sizes, the convolution pa-
rameters also become extremely large, consuming a significant
amount of GPU memory and time during fine-tuning.

To tackle this, we propose an optimization mechanism
that allows the parameter matrices within one network layer
to use the same convolution parameters. The lower part in
Fig. [5] shows the difference after applying our optimization
method. For example, with the weight matrix (32, 16, 3, 3)
from the global model, we only create one set of convolution
parameters for all of the nine extracted (1, 32, 16) matrices,
instead of nine separate sets. We also assign different weights
for the nine matrices to balance their contribution during
tuning. With our optimization method, the tuning process is:

MiNwe g,y 2g E(f(l’;wlj : Wé,l O Wconw,1),Y), ©6)
st.Vie{l,2,--- ,L},V (z,y) € D,V j€e{1,2,---,J}.
where for all the parameter matrices Wé ; of the [-th network
layer, we use the same convolution parameters Wcony, for

5>6.51-0- Before 00 0 23510 Before pe)
%5 o| @ After 0-0% 0% E 1g0| O After o
g !/ ~ ,O"o, 0
E U
B35l 00 5125 o700
on oo Ye] s O O
£ o© (o
22,0 500°° 5 70 g8°
= ©0-0-0 [ o5
E o5 22 3 1500

16 32 48 64 16 32 48 64

Kernel size Kernel size
(a) Fine-tuning time (b) Fine-tuning GPU memory
Fig. 9. Server overhead before and after adopting the optimization method.

Algorithm 1: Convolutional compression

Input : Global round r, pre-training epochs ey, convolution
parameters updating epochs e., device type number n, SR
list {SRl, SRo,- -, SRn}, Trmazs Irmazs IPmin

Output: Compressed parameters { Py, Po,-- -, Pn}

/* Configuration initialization */;

if == I then

Initialize the global model as W (r);

Pre-train W (r) for ep, epochs on D;

for device_type i € {1,2,--- ,n} parallel do
current_shrinkage_ratio < SR; ;
Conwv;(r) < Initialize_Conv(W (1), SR;);

end

else

| Convi(r) < Convi(r — 1);

end

/* Convolution parameters fine-tuning */;

for device_type i € {1,2,--- ,n} parallel do

for e € {1,2,--- ,e.} do

Ir = lrmin + 0-5(lrmaac - lrmin)(l +cos (e/Tmaa: .

for each (x,y) in D do

forl e {1,2,--- ,L};5€{1,2,---,J;} do
P; +~ MLR(w} - W (r)] ® Conv;(r),);
output + f(z; B;);
loss < Loss_fn(output, y);
Back-propagate gradient g; to Conv;(r);;
Conwv;(r); < Conv;(r); —lr - g;;

- R N A N

[
SREBESx 3ah&wbR3

end
end

~
[N

N
£

25 end
26 end
27 Send P; to the corresponding client;

compression and tuning. wlj is the weight assigned for the j-
th weight matrix of the [-th network layer. By compressing
the matrices using one shared set of convolution parameters
and collaboratively fine-tuning the parameter set, the server
overhead (i.e., GPU memory usage and tuning time) can be
significantly reduced, as shown in Fig. [0} Further evaluations
also demonstrate that our proposed optimization approach only
results in a slight performance degradation (§ [VI-E2).

After convolutional compression, the server sends the com-
pressed parameters to the corresponding clients for local
training. The tuned convolution parameters are kept on the
server and updated in the next global round. This process is
performed entirely on the server without imposing any extra
computation or communication burden on clients. Algo. [I]
shows the detailed process of conmvolutional compression.
The server first initializes the global model and convolution
parameters based on SR values reported from heterogeneous
clients (Line 1-11). Next, for each SR, the server performs
several epochs of convolution parameter tuning so that the
compressed model achieves comparable performance to the
global model (Line 12-26). The convolutional compression
process fully exploits our learning-on-model paradigm with
our MLR function, cosine learning rate scheduler, and tuning
optimization method.
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Fig. 10. Traditional clustering-based FL vs. with heterogeneous models.

B. Hierarchical and Clustering-Based Local Training

A practical issue arises during local training: different
clients may have diverse data distributions, i.e., data hetero-
geneity [37]. Existing works typically adopt clustering-based
methods, where clients with similar data distributions are
clustered together. The server first aggregates client models
within the same cluster, i.e., intra-aggregation. With such
aggregated models from different clusters, the server further
aggregates them via weighted average to mitigate data hetero-
geneity, i.e., inter-aggregation. However, when clients within
the same cluster have heterogeneous model sizes, they cannot
be directly aggregated due to model size mismatch (Fig. [I0).
As a result, during intra-aggregation, clients may miss model
information from other client models trained on local data
from different domains. For instance, smartphone models may
miss information from PC models that capture features of data
from a different domain. This leads to domain misalignment
among clients and causes unexpected performance degradation
[38]]. To mitigate such misalignment among clients under both
data and model heterogeneity, we propose a hierarchical and
clustering-based local training module to enhance the client
model performance. We first create several edge servers and
organize clients into a hierarchical structure: edge servers —
clusters — clients. By grouping clients with similar data distri-
butions into clusters, the personalized performance after local
training can be enhanced. Besides, we create a knowledge-
sharing strategy by creating several projection layers to enable
cross-cluster parameter exchange. Through such a hierarchi-
cal design, the personalization performance of heterogeneous
clients can be improved with reduced domain gaps.
Clustering. Before FL starts, the edge servers first group their
corresponding clients into multiple clusters based on their
data distributions. Specifically, each edge server first creates
a model and distributes it to its clients. Clients perform one
epoch of local training to tune the received model. Then, each
client sends the tuned model back to the edge server. The
edge server performs K-means Clustering [39] based on the
Kullback-Leibler Divergence (KLD) [40]], which serves as a
distance measuring metric between different model parame-
ters. A higher KLD value indicates greater similarity between
the two models with a more similar data distribution [41]. Note
that the number of clusters, K, can be dynamically determined
during runtime following previous works [42]], [41]].
Local Training & Cross-cluster Parameter Exchange. After
receiving the model parameters from the edge server, clients
perform several epochs of local training same as the con-
ventional FL process. Next, clients transmit their models to
the edge server, which will perform parameter aggregation
for each cluster. By extracting the last linear layer that best

represents clients’ data distributions [43]] into a pool, the edge
server will construct a triangular matrix by calculating the
KLD value between the parameters of each layer pair in the
pool. The KLD matrix K, ) is expressed as:

K n) = KLD(w;, wj), Vi€ {1,2,--- ,n},j€{i+1,---,n} (1)
where n is the number of clusters from all the edge servers, w;
is the parameter of the i-th linear layer in the pool, and KLD(-)
represents the KLD function. With the triangular matrix, we
select a subset of layer pairs whose KLD values are below a
pre-defined threshold. Two projection layers are then created
between the two selected linear layers. Furthering this, all
clients continue to perform several epochs of local training
with the projection layers. Specifically, the input x; to client i’s
layer will be fed into a projection layer P;_, ;(-). The output of
the project layer is combined with client j’s layer to generate
the final prediction output. This process can be expressed as:

0i = Fi(xs) + X - Pj(zy) ®)

0j = Fj(x;) + (1 = A) - Pi(xi)
where o; and o; are the output of the two clients’ last linear
layers. F;(-) and P;(-) are the linear layer and the projection
layer of client ¢, respectively. A is a hyperparameter to balance
the knowledge sharing between the two clients. During local
training, we only update the linear layer and the projection
layer via back-propagation. Such a two-stage training method
enables cross-cluster information sharing among clients with
similar data distributions but different model sizes, signifi-
cantly enhancing personalization performance(§ [VI-E3). The
intermediate outputs and the back-propagated gradients are
transmitted via such a “client <+ edge server <+ client” path.
Privacy. Though transmitting intermediate outputs may pose
privacy risks via model inversion attacks [44], [45], SplitFed
[46] has theoretically proven that such methods are privacy-
preserving. Each client only accesses the smashed data (i.e., in-
termediate output before linear layers) from another client. Re-
constructing the original data requires inverting entire model
parameters, which is impractical. This risk can be reduced
by using larger fully connected layers [47] or modifying
loss functions [48]. Privacy can be further enhanced with
techniques like differential privacy (DP), which adds calibrated
noise while maintaining utility [49]]. Our experiments confirm
that FedCony still achieves comparable performance on the
MNIST dataset [34] after applying DP.
Remarks. We do not pose overhead on resource-constrained
clients as the projection layers are kept on edge servers.
Besides, the overhead of edge servers is also moderate as
they only perform aggregation and parameter transmission.
Following FedAvg, we adopt the same client selection strategy
(random selection), ensuring that each client has an equal
probability of being selected. To further enhance fairness and
model performance, we can orthogonally integrate advanced
client selection methods [S0] or dropping strategies [41]].
C. Transposed Convolutional Dilation

Upon receiving the updated sub-models from clients, we
rescale the heterogeneous client models to a unified size for
further aggregation. Although KD-based methods are promis-
ing, they impose significant system overhead on clients (§ [I).
Instead, we adopt transposed convolution (TC), a reverse
operation to the convolution compression. We apply different
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TABLE I
THE HARDWARE CONFIGURATION OF HETEROGENEOUS DEVICES IN A REAL-WORLD EXPERIMENT.
Type Device Name Number CPU RAM GPU GDDR Network SR
ASUS W790- Intel Xeon Gold
Server ACE Server 1 6248R. 3.0GHz 640GB NVIDIA A100 40GB Ethernet
Edge Server i“lpfsrg‘frg 3 E;;;"g iTgHZ 32GB NVIDIA RTX 4090 24GB  Ethernet
. Qualcomm IPQ5000
Router Mi Router AX3000 1 AS3. 1.0GHz 256MB Ethernet
Supermicro Intel Xeon
X11SCA-F 2 E-2236, 34GHz 32GB NVIDIA RTX A4000 16GB Ethernet 1.0
PC Supermicro Intel Xeon E5-2620
SYS-5038A-I 2 v, 2.10GHz 64GB NVIDIA GeForce GTX 1080 Ti 12GB * 2 Wi-Fi 1.0
ThinkPad P52s Intel i5-8350U S
Laptop 4 . 1.70GHz 32GB NVIDIA Quadro P500 2GB Wi-Fi 0.75
NVIDIA Jetson TX2 4 Dual-Core NVIDIA ¢ 5p 256-core NVIDIA Pascal GPU 4GB Wi-Fi  0.75
Denver 2, 2GHz
Board ARM Cortex-A57
NVIDIA Jetson Nano 4 4GB NVIDIA Maxwell architecture GPU 2GB Wi-Fi 0.5
MPCore, 1.5 GHz
Raspberry Pi 4 4 Quad core Cortex- 8GB - - WiFi 025

A72, 1.8GHz

TC layers to each of the received client models, as they are
trained on non-IID data with different sensing heterogeneity
and thereby inherently carry diverse personalized information.
Then, by meticulously fine-tuning the TC parameters (i.e.,
parameters of the TC layers), the personalized information em-
bedded in each client model’s parameters will be preserved and
transferred to the dilated models for subsequent aggregation.
TC Configurations. To transform heterogeneous client mod-
els to unified sizes, the configurations of each TC layer
for dilation are identical to the corresponding compression
layer. For instance, a convolutional layer in a client model
has 12 input and 24 output channels with a (3,3) kernel.
With the SR of 0.75, the TC layer configuration should be
TC(in=1, out=1, k=(9,5), s=1, p=0), as shown in Fig.
This process can also be employed to dilate other kinds of
layers. Note that the input channel of the first layer and the
output channel of the last layer are also unchanged.
TC Parameter Fine-tuning. To fine-tune TC parameters, we
also set them learnable and minimize the loss between the
ground truth and the prediction result of the dilated model.
Similarly, we also apply the optimization strategy to the TC
dilation process to reduce the server’s system overhead during
tuning. The fine-tuning process can be expressed as
mianc,l ZI L(F(z; Qf . Wé,l ® 'ch,l),y),
st.vie{1,2,---,L},V (z,y) €D,V je{L1,2,--, i}
where F(-) is the dilated model’s forward function, W is
client model parameters, ijc, ; is the TC parameters assigned
for the j-th weight matrix in the I-th layer of the client model,
® is the TC operation, and (2] is the weight assigned for the
TC parameters. To further enhance the transfer of personalized
information into dilated models, we also add two 1x1 TC
layers with a residual connection before dilation (Fig. [6(b)).

(©)]

D. Weighted Average Aggregation

Given a set of dilated models, the server aggregates them
to obtain the global model. However, we find that directly
averaging dilated models’ parameters leads to severe perfor-
mance degradation (the accuracy of the aggregated model is
only 47.6%). The reasons are twofold: 1) the magnitude of
the dilated models’ parameters varies with their sizes [30]; 2)
the parameters of the dilated models through TC operations
also carry personalized information from different clients,
thus exhibiting distinct patterns and varying skewness toward
client-side data distribution (Fig. [§(b)). Simply aggregating

these dilated models overlooks the diverse contributions that
heterogeneous clients can make in the aggregation process.

Contribution Balancing. To balance the diverse personalized
information of dilated models, we first normalize their parame-
ters to [0, 1] and then assign different learnable weight vectors
to every network layer in each dilated model for weighted
aggregation. The parameters of the [-th aggregated layer are:

n n
W, = (Z vj1 - 85 'wjvl)/zsj (10)
i=1 i=1

where W is the parameters of the [-th layer in the aggregated
model, n is the number of large models. w;; and v;; are the
parameters and the corresponding weight vector of the [-th
layer in the j-th large model, s; is the number of data samples
that are used for training the j-th client model. We iteratively
optimize v;; to gradually balance the distinct contributions.

Aggregation Enhancement. To further quantify the distinct
contributions of heterogeneous clients and enhance the aggre-
gation process, we use KLD to measure the similarity between
the parameters of the global model and the dilated models. The
higher the similarity, the more contribution the large model
will make to the aggregation. Thus, the aggregated global
model can attain higher generalizability and a more compre-
hensive global perspective. The KLD for the j-th dilated model
is denoted as KLD; = Y1, S We () log %, where
W is the global model parameters from the pf7éVi0us com-
munication round. The optimization of the weight vectors is:

L(v) =Lp(W)+A> KLD; an

j=1
where L is the Cross-Entropy loss for the model output, and
A is a coefficient for balance. After fine-tuning the weight
vectors, the aggregated model will be used for the next round.

V. EXPERIMENT SETUP
A. Implementation

We develop FedConv with Flower [20]. We override the
load_state_dict () function to enable gradients to back-
propagate to convolution/TC parameters. We evaluate FedConv
with a cloud server, four edge servers, a router, and 20 hetero-
geneous mobile devices. Detailed configurations of the devices
are described in Table [l We deploy these edge devices in our
offices and laboratories under real-world network conditions.

B. Datasets and Models
We select two representative mobile applications and use
different model architectures and sizes on various datasets.
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Fig. 11. Accuracy comparison under model heterogeneity (o = 0.1).

Image Classification is a popular computer vision application.
We choose three datasets: 1) MNIST [34] consists of 60K
2828 gray-scale images of ten handwritten digits. We use a
convolutional neural network (CNN) with two Conv layers and
one linear layer for evaluation; 2) CIFAR10 [22] consists of
60K 32x32 color images in ten classes. We use ResNet18 [21]]
for evaluation; 3) CINIC10 [51] contains 180K 32x32 color
images in ten classes. We use GoogLeNet [52] for evaluation.
Human Activity Recognition (HAR) [53]], [54] analyzes
different types of sensor data (e.g., Depth camera, IMU [35]],
[56], [57], and WiFi CSI [58], [59], [60], [61]). We select
three datasets: 1) WiAR [62] includes 480 90x250 CSI data
of 16 activities. We augment it to 64K samples following [63]];
2) Depth camera dataset (DCD) [41] contains SK 36x36
gray-scale depth images of five gestures; 3) HARBox [41]]
includes 30K 1x900 features extracted from IMU data of
five activities, collected from 121 users with 77 smartphones,
exhibiting sensing heterogeneity. We use a CNN model with
three Conv layers and one linear layer for evaluation.

We divide these datasets into four parts: 1) the IID data
for convolution/TC parameters and weight vectors tuning, 2)
IID test data for global model evaluation, 3) training and 4)
testing data (IID or non-IID) for client model. Each part counts
for 5%, 20%, 70%, and 5% of the total dataset, respectively.
The first and second sub-sets are kept on the server, whereas
the third and fourth parts are distributed among heterogeneous
clients. To emulate real-world heterogeneity, we also employ
different datasets on the server and clients (§ [VI-G).

C. Baselines

1) Serveralone trains one model with only the server-
side data. We evaluate the model using the server-side IID
test data and non-IID client-side test data. 2) Standalone
allows each client to train an affordable local model using
private data without parameter exchange. 3) FedAvg [19]
is a classic FL paradigm where clients upload the updated
local model to a central server for averaging aggregation. We
assign the smallest affordable models to all clients to meet the
constrained resources of some devices. 4) FedMD [16] utilizes
KD to reach a consensus among heterogeneous client models
by training on a public dataset. 5) LotteryFL [64] exploits
the Lottery Ticket hypothesis to generate heterogeneous sub-
models. 6) Hermes [18] finds a sparse sub-model for each
client by performing channel-wise pruning to reduce client
overhead. 7) TailorFL [30] produces sub-models by filter-level
pruning based on the learned importance value of each filter.
8) HeteroFL [17] is a parameter-sharing method that allows
each client to share a subset of the parameters from the global
model. 9) FedRolex [24] adopts dynamic rolling windows
when extracting sub-models for heterogeneous clients.

D. Heterogeneity Consideration

For model heterogeneity, we consider four SRs: [0.25, 0.5,

0.75, 1.0], according to the resource profiles of the hetero-
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geneous clients, as detailed in Table [l We adopt larger SRs
for powerful clients (e.g., 0.75 for laptops) and smaller SRs
for resource-constrained clients (e.g., 0.25 for Raspberry Pis).
For data heterogeneity, we sample the disjoint non-IID client-
side data using the Dirichlet distribution Dir(«). A smaller «
generates a more heterogeneous distribution [65].

E. Hyper-parameter Settings

We set the number of global rounds to 100, the local
training epochs to 5, and the learning rate to 0.001. In model
compression and dilation, the stride and padding of all the
convolution parameters are 1 and 0. The server-side pre-
training epoch number is 5. The epoch number for updating
convolution/TC parameters are both 20, and the T},,0z, ITmin,
I7maz 10 the learning rate scheduler are 4, 0.00001, and 0.001,
respectively. s, and s,, (Fig. of the activation function are
0.85 and 0.001, respectively. In model aggregation, the number
of epochs, the learning rate for updating weight vectors, and
A in Eq. are 10, 0.001, and 0.2, respectively.
A Metrics VI. EVALUATION
Training Performance: 1) Model accuracy: we measure the
global model accuracy on the server-side test data to evaluate
the generalizability of the global model. We report the average
client model accuracy on client-side test data to evaluate per-
sonalization performance. 2) Communication cost: we monitor
the network traffic of all the clients over 100 global rounds.
Runtime Performance: 1) Memory footprint: we monitor
real-time GPU memory usage via PyTorch CUDA Toolkit. We
track each client’s process ID over 100 communication rounds
to monitor their CPU usage and report the average value. 2)
Wall-clock time: we measure the execution time of each client
from receiving model parameters to finishing local training,
and report the average wall-clock time in each round.

B. Overall Performance

1) Global Model Performance: We first evaluate the global
model’s accuracy to investigate its generalizability. Standalone
and FedMD are excluded because they do not create global
models. Fig. shows the global model accuracy under the
same data heterogeneity level (a = 0.1). Serveralone achieves
higher accuracy than baselines in most cases, as the server-side
training and testing data are both IID. FedConv achieves aver-
age improvements of 20.5%, 13.8%, and 10.5% compared with
pruning-based methods (Hermes and TailorFL), parameter-
sharing-based method (HeteroFL and FedRolex) and the rests,
respectively. Since we assign the smallest affordable model to
all clients in FedAvg, the client models have an insufficient
number of parameters for training. Therefore, FedConv can
outperform FedAvg even with IID data. This shows the supe-
rior generalization performance of FedConv.

Moreover, Fig. shows the global model accuracy of
FedConv and baselines across different non-1ID data on all



IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. X, NO. X, SEPTEMBER 2024 10
[ % FedConv FedAvg @ LotteryFL Hermes TailorFL 3¢ HeteroFL FedRolex FedMD Standalone |
= MNIST CIFAR10 CINIC10 WiAR DCD HARBox
100 = H— 0 100 ./ 100/ ———d—g | 90
Z 80 / 80| bk | 75| 2 | » 95 80 =
5 60 Z 65 /\.—/—' 60 ” 80 90 70 *
g 40| —" 50 45 70 85 60
E 20 # 35 30 60 80 50
© o ¥
&) 0 0.05 0.1 1 1000 20 0.05 0.1 1 1000 15 0.05 0.1 1 1000 30 0.05 0.1 1 1000 73 0.05 0.1 1 1000 40 0.05 0.1 1 1000
a a a a a a
(a) Global model accuracy comparison
= MNIST CIFAR10 CINIC10 WiAR DCD HARBox
5100 * > —k 95 95 100 *x =" 100 1—7=§:—* 100
> 95 85 80 | 95 95| A2 90
g 9 75 */*——'é/* 65 k/‘7:* 90 / 90 80 ya
= - & o
g 85 65 % 50 7 85| ¥ 85 70
8 80| « 55 35| =7 sof & 80 60 '\\/
75 45| a e 20 75 75 50
5 70 0.05 0.1 1 10000 3 0.05 0.1 1 1000 3 0.05 0.1 1 10000 70 0.05 0.1 1 10000 70 0.05 0.1 1 10000 40 0.05 0.1 1 1000
. T4 . T o X T 4 . T 4 . T 4 . T o
(b) Client model accuracy comparison
Fig. 12. The inference accuracy of aggregated global models and client models on different datasets.
TABLE II
SYSTEM RESOURCE OVERHEAD.
Metric System Heterogeneous Data (o« = 0.05) H il Data (o = 10000)
Y MNIST _CIFARI0 CINICI0 _WiAR __DCD _ HARBox __ MNIST _ CIFARI0 _ CINICI0 _WiAR __DCD __ HARBox
Standalone  2.14 3.51 407 3.95 2.24 2.19 213 3.47 447 403 221 217
FedAvg 1.90 2.40 331 239 1.98 2.01 1.90 251 2.79 2.36 1.88 2.08
Memory FedMD 271 3.65 751 471 2.99 279 271 3.65 7.93 458 2.99 2.81
Footprint  LotteryFL 2.62 3.51 430 323 2.69 2.67 2.63 3.49 436 327 2.70 2.66
CPU + GPU  Hermes 2.64 3.45 6.07 3.28 273 2.69 2.64 335 6.13 332 272 2.68
(GB) TailorFL 275 3.61 5.09 341 2.79 271 275 347 7.52 3.16 2.77 2.70
HeteroFL 2.63 331 4.15 3.25 273 267 2.63 3.45 4.10 3.08 273 267
FedRolex 2.63 321 415 325 272 2.67 2.60 3.54 4.16 3.16 2.68 2.69
FedConv 252 321 415 3.02 2.60 2.67 2.52 335 4.10 3.14 2.62 2.67
Standalone  3.87 24.65 279.62 8.05 591 354 938 52.38 273.52 7.60 6.14 356
FedAvg 7.05 39.19 285.30 1062 10.19 10.09 13.75 97.95 171134 2079 43.67 26.98
FedMD 4434 437.14 537083 5503 75.25 32.92 4517 475.42 6700.17 6443 79.10 34.53
Wall-clock ~ LotteryFL.  9.18 147.98 699.35 8.89 8.61 5.69 17.59 235.89 182033 1977  22.06 10.92
Time (s) Hermes 43.22 714.00 558071  103.90  169.97  104.53 43.84 937.82 762138 117.85 21797 11531
TailorFL 6.98 62.89 393.46 1444 1272 10.11 13.61 99.60 81394 2553  13.96 13.27
HeteroFL 6.96 42.56 64121 1078 10.03 5.10 13.56 82.07 131081 2226  23.90 10.98
FedRolex 6.92 45.98 602.48 1157 1234 4.87 12.46 84.25 1389.41 2364  20.14 11.26
FedCony 5.96 40.68 26430 1296  10.15 4.40 10.33 71.26 140687 2179 17.22 9.89
datasets. We can see that the performance enhancement of Fed- TABLE III
Conv becomes more significant as a decreases, meaning that COMMUNICATION OVERHEAD COMPARISON (GB).
FedConv can better cope with the increased data heterogeneity. System  MNIST _ CIFAR10 _ CINIC10 _WiAR _ DCD _ HARBox
Although FedConv does not obviously outperform FedAvg FedAvg 1480 481584 2697.85 2824 1345 8.87
th h d it exhibits b lizabili d FedMD 19.99 512646 285979 4091  19.94 16.24
with homogeneous data, 1t exhibits better generalizability an LoteryFL 1111 471391 262393 2301  10.05 8.55
robustness in the global model under heterogeneous data. Hermes 1634 7099.66 284883 3663 1502 1295
. . TailorFL 11.40 4787.18  2686.15 2430  10.32 8.82
FedConvy also provides better personalization performance for HeteroFL 1111 471391 262393 2301 10.05 8.55
clients (§ [VI-BZ). The performance improvements of the FedRolex 1111 471391 262393 2301 1005 8.55
FedConv  11.11 471391 262393 2301  10.05 8.55

global model stem from our convolutional compression and
TC dilation methods. They facilitate the information embedded
in the global model being preserved and transferred from the

server to clients through our learning-on-model approach.
2) Client Model Performance: To evaluate personalization

performance, we measure the average accuracy of the client
models. Fig. shows that with the same non-IID data
settings, FedConv outperforms baselines (FedAvg, LotteryFL,
Hermes, TailorFL, HeteroFL, and FedRolex) with accuracy
improvements ranging from 8.4% to 50.6%. In Serveralone,
when evaluating the global model on the client-side non-
IID data, the accuracy drops below that of most baseline
systems. This is because, in FedConv, the server-side data
occupies a small portion (5%) of the entire dataset. Therefore,
Serveralone’s global model hasn’t seen sufficient data, leading
to degraded performance on the client-side non-1ID data.
Additionally, Fig. [I2(b)] shows the client model accuracy
under different data heterogeneity levels. We see that the per-
formance disparities become more substantial as « decreases,
implying that FedConv is more robust and can achieve con-
sistently high accuracy across diverse data distribution. This
performance gain stems from the TC dilation process, where

distinct TC parameters are assigned to each uploaded client
model on the server. The dilated models will thereby preserve
clients’ personalization information, which is then aggregated
into the global model. Besides, in Fig. with sensing
heterogeneity in the HARBox dataset, FedConv achieves a
better and more stable performance. However, when « is small
(e.g., 0.05 and 0.1 on CIFARI10), the client model accuracy of
FedMD is higher than FedConv. The better performance stems
from the distilled knowledge shared by all clients. Nonethe-
less, the downside is that it imposes excessive communication
and computational overhead on clients (Table [[I] & Table [ITI).
By contrast, FedConv can achieve comparable personalization
performance without an extra burden on clients. In practice,
we can further improve the personalization performance by
adding task-specific layers [66] (detailed in§ [VI-F).
Remarks. FedConv exhibits significant performance gains in
both global and client models across various settings. The
parameter information of the global model can be preserved
via our convolutional compression module. We suspect that the
performance instability of some baselines might be attributed
to the information loss in pruning and parameter sharing.
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Fig. 13. Varying number of clients.

C. Overhead Assessment

We evaluate the memory footprint, wall-clock time, and
communication overhead of each client in FedConv and base-
lines with both homogeneous (o = 10000) and heterogeneous
(o = 0.05) data across clients. Table [II] provides an overview
of the average memory usage and the average wall-clock time
of each client. With the same set of SRs, FedConv achieves an
average saving of 40.6% in memory cost and 54.6% in com-
putation overhead compared with the baselines, respectively.
Furthermore, when the client model is complex (ResNetl8
and GoogleNet), FedConv only needs approximately half of
the memory and training time compared to the pruning-based
methods. For example, in the homogeneous data condition,
FedConv needs 2GB less memory and saves around 90 min-
utes of wall-clock time than Hermes in one single round.
This is because the computation-intensive pruning operations
are executed on the resource-constrained clients. In contrast,
clients in FedConv only need to perform local training in each
round, resulting in significant savings in terms of memory,
computation, and communication resources. Note that FedAvg
consumes less memory and wall-clock time because we assign
the smallest affordable models to all clients.

Table lists the total size of data packets transmitted
through the network by all clients. We observe that the
communication cost of FedConv, LotteryFL, and HeteroFL are
comparable, as they exclusively transmit sub-model parame-
ters without extra contents. In contrast, Hermes and TailorFL
have to transmit the pruning structure, and FedMD needs
to transmit logits. Thus, FedConv, LotteryFL, and HeteroFL
are more friendly to resource-constrained clients. Moreover, it
holds significant potential that exiting quantization techniques
[67], [68] and masking method [69] can be extended to
FedConv, to further diminish the communication overhead.
Remarks. In summary, benefiting from the lighter com-
munication and computation burden imposed on resource-
constrained clients, FedConv saves more system resources and
performs inference tasks faster than the baselines.

D. Sensitivity Analysis

1) Varying Client Number: We simulate 100 clients and
vary the number of selected participating clients from 10 to
50 (o = 10000) to compare the client model performance
with the baselines. As shown in Fig. [[3(a)] the client model
accuracy in FedConv exhibits an upward trend as the number
of clients increases. For example, the client model accuracy
on HARBox increases by 17.54% when the number of clients
increases from 10 to 50. We then select CIFAR10 to compare
the client model performance of FedConv with pruning-based
and parameter-sharing-based methods. From Fig.[I3(b)] we see
that FedCony attains an average client model accuracy that is
at least 32.5% higher than that of the baselines. The results
demonstrate the scalability and superiority of FedConv with
varying client numbers.
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Fig. 14. Varying shrinkage ratios.

2) Varying Shrinkage Ratios: To investigate the trade-off
between the SR and model performance, we set the SR for
10 clients as 1.0 and set the SR for the remaining 10 clients
as r. We then vary r from 1.0 to 0.05 and record the average
client model accuracy (o« = 10000). From Fig. we can
see that as the SR decreases below a certain threshold, there
is a notable accuracy drop in client models, as expected. For
MNIST, WiAR, and DCD, the SR threshold is about 0.25
(the red shadow), and for CIFAR10, CINIC10, and HARBox,
the threshold is about 0.4 (the blue shadow). Fortunately,
we find that even a lightweight device (e.g., Raspberry Pis)
can afford the GoogleNet model on CINIC10 when the SR
is 0.4. Consequently, as long as the SR remains above the
corresponding threshold, it can be reduced to conserve system
resources effectively.

We then use CIFAR10 to compare FedConv with the base-
lines, and the client model accuracy is shown in Fig. We
can see that though the accuracy of FedConv also decreases
with limited resources, it can retain much higher accuracy
than the baselines. The reason is that with a lower SR (higher
pruning rate), the baselines discard a larger amount of param-
eter information. In contrast, with convolutional compression,
FedCony can effectively preserve the parameter information
of the global model as much as possible to the sub-models
bounded by their sizes and resource budgets.

3) Varying Server-side Data Sizes: To investigate the im-
pact of server-side data, we vary the sample number ratio of
the server-side data from 1% to 25%, with a step of 0.005. As
shown in Fig. we obtain two key observations: 1) When
the ratio of the server-side data varies from 1% to 5%, the
client models will have better performance, due to the richer
information obtained from the server-side data; 2) After the
turning point (5%) the global model tends to overfit to the
server-side data, leading to less personalization and degraded
client model performance. In our evaluation, we set the default
sample ratio of the server-side data to 5%. Note that the actual
turning point may differ in practice. In addition, continuous
learning [70]] or incremental learning [71] techniques can be
further applied as more server-side data become available.

4) Varying Hyper-parameters: We vary the number of tun-
ing epochs in the model compression, dilation, and aggregation
to evaluate the impact on the personalization performance of
client models. We select CIFAR10 and HARBox for demon-
stration. We first vary the number of epochs for updating the
convolution/TC parameters in each global round. Fig.
shows that when the number of convolution/TC parameters
updating epochs is around 20, the client models achieve better
and more stable performance. After the 20-th and the 40-th
epoch, the client model accuracy gradually drops due to the
convolution/TC parameters being over-fitted to the server-side
data. Similarly, from Fig. we can observe that when the
number of tuning epochs for updating weight vectors exceeds
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40 and 80, the accuracy of the aggregated global model also
decreases. Therefore, we set the number of epochs for model
compression, dilation, and aggregation to 20.

We also vary the kernel size and stride length of the
compression layers and report the mean client model accuracy
to explore the impact on client performance. We select a
convolutional layer from the large model as an example, whose
parameter matrix has a shape of 9 x (1,64, 64). With the SR
being 0.75, the compressed parameter matrix will have a shape
of 9x (1,48, 48). Since the kernel size k and the stride s should
satisfy (64 +2p — k + 1)/s = 48, the padding p can then be
determined accordingly. In general, a larger kernel captures
more comprehensive parameter information, and a smaller
stride captures more fine-grained information. As shown in
Fig. [I5(d)] client models tend to have better performance as
the kernel size increases and the stride decreases. However,
a larger kernel incurs high computational complexity and
imposes a heavy workload on the server. Therefore, we set
the kernel size and stride as 23 and 1 by default, respectively.

E. Ablation Study

Next, we conduct ablation studies to investigate the impor-
tance of different technical modules in FedConv.

1) Server-side Pre-training: Fig. [[6(a)] shows the impact
on global model accuracy with and without server-side pre-
training with o = 0.05. It can be observed that with the
integration of pre-training, the global model achieves higher
average accuracy (about 15.69%) and reaches faster conver-
gence (about 40 communication rounds earlier), which helps
the FL server and clients save communication, computation,

and energy costs involved in the training process.
2) Tuning Optimization Mechanism: To investigate the in-

fluence of our tuning optimization mechanism on the server-
side overhead, we monitor its average memory footprint and
wall-clock time before and after adopting the optimization
strategy, respectively. Specifically, we select two datasets
(CIFAR10 and HARBox) and record the maximum GPU
memory usage during the convolutional compression process.
Additionally, we also report the time cost from when the server
begins to compress the global model to when it completes
model compression for all SRs. As shown in Fig. after
adopting our optimization mechanism for the server, both the
GPU requirement and the time cost for convolutional compres-
sion decrease dramatically. Take HARBox as an example, the
tuning optimization method saves around 80% GPU memory

and 83% tuning time, respectively. The ratios will be further
enlarged when the model has a more complex architecture,
i.e., nearly 90% ResNet18 for CIFARI10. Besides, we observe
that the global model and the client model only experience
slight performance degradation (only 2.3%). Such a huge
system resource reduction at the cost of slight performance
degradation stems from our tuning optimization mechanism,
where we assign only one set of convolution parameters for

all the parameter matrices from the network layer.
3) Hierarchical and Clustering-based Local Training: To

explore the effect of our proposed hierarchical and clustering-
based local training strategy on client model performance,
we conduct two ablation studies. First, we remove the cross-
cluster parameter exchange module, making the local training
and aggregation similar to hierarchical FL [72], i.e., clients
perform conventional local training while each edge server
aggregates the model parameters from its corresponding clients
and then sends the aggregated model to the central server
for further aggregation. Next, we remove the hierarchical
architecture of the local clients, i.e., each client separately
performs traditional local training and directly transmits the
tuned model to the central server for aggregation. We then
record the average client model accuracy and wall-clock local
training time on two datasets with the original FedConvy,
FedConv without parameter exchange, and FedConv without
the entire hierarchical and clustering-based local training
module, respectively. As shown in Fig. [I6(d)] the performance
degradation of client models is more obvious when remov-
ing the parameter exchange strategy than when removing
the hierarchical local training structure. The main reason is
that the cross-cluster parameter exchange methodology allows
knowledge sharing among clients from different clusters with
disparate model sizes that have similar data distributions,
which can further enhance the personalization performance.
Since training the projection layers during parameter exchange
requires extra tuning epochs, the wall-clock time will be
reduced to some extent if we remove the hierarchical and
clustering-based local training module. The results demon-
strate the effectiveness of our proposed parameter exchange
strategy to enable knowledge sharing between different clients
for enhanced personalization performance.

4) Weighted Average Aggregation: To demonstrate the im-
pact of the weight vectors for model aggregation, we assign
weights with respect to sample number as in FedAvg to all
clients and measure the global model accuracy. Fig. [I6(b)]
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shows the effect on global model accuracy when performing
model aggregation with learned weights and equal weights
separately. Significant performance degradation can be ob-
served when employing the averaging aggregation method.
This is because the parameters from heterogeneous client
models usually exhibit varying skewness toward their local
data distribution. Merely averaging all the model parameters
overlooks the different contributions made by clients in the
aggregation process. On the contrary, with the learned weight
vectors, clients can contribute different parameter information
to the aggregated model and improve its generalization ability.

F. Personalization Enhancement

We extend FedConv by adding task-specific layers [66] on
each client for enhanced personalization, and evaluate the
client model accuracy. Specifically, each client appends it
personal layers to the sub-model received from the server. By
doing so, the personalization performance can be enhanced
during local training. We record the average accuracy of client
models after 100 global rounds. Fig.[T7)shows the performance
improvement on five datasets. Compared with FedMD, which
achieves the highest client model accuracy (§ [VI-B2), we can
see that FedConv with personalization enhancement is able
to surpass FedMD in most cases. This result indicates that
FedConv can be enhanced with existing personalized federated
learning methods to achieve better performance.

G. Case Study with Real-World Heterogeneity

In our default configuration, both the server-side and client-
side data are from the same domain. To assess the impact of
real-world heterogeneity, we conduct a case study where the
Chars74K dataset [73]] resides on the server, while the MNIST
dataset is kept on heterogeneous clients. The Chars74K dataset
contains images of digits from computer fonts with variations
(italic, bold, and normal). In this case, the global model learns
and extracts general features (e.g., different digit shapes),
while heterogeneous clients further fine-tune the sub-model to
extract personalized features (e.g., various writing styles of the
digits from the MNIST dataset). The convolutional compres-
sion process and the TC dilation process can be regarded as a
transformation from one data domain to another. The generated
sub-models via convolutional compression contain parameter
information from the large global model and can thereby
extract general features. Similarly, the server applies TC to the
locally trained heterogeneous client models to rescale them.
This facilitates the aggregation process to form a new global
model, retaining the personalization information of the client-
side data. As shown in Fig.[T8(a)| and Fig.[I8(b)] due to the do-
main gap between the server-side and the client-side data, there
is a decrease in both the global model and the client model
accuracy. FedMD still achieves comparable performance to
FedConv with only the MNIST dataset, benefiting from the
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Fig. 18. Case study with real-world heterogeneity.

knowledge distillation method. However, after applying trans-
fer learning methods [74]], [[75] tailored to FL, the domain gap
between the server-side and the client-side data is significantly
mitigated, with FedConv achieving much higher accuracy than
the baselines. This observation indicates that FedConv can be
integrated with existing federated transfer learning approaches
orthogonally to achieve better performance.

VII. DISCUSSION
Privacy Concerns. In addition to model parameter transmis-
sion between the server and clients, FedConv requires all
clients to report their SRs before the FL training starts. To
determine appropriate SRs, clients perform resource profil-
ing locally and report to the server. Additionally, though in
the hierarchical and clustering-based local training module,
there are some extra transmissions between edge servers and
clients, only model parameters or intermediate outputs are
sent through the network. Note that same as conventional FL
schemes, no client-side sensor data is transferred to the server
during this process. Thus, we believe the privacy protection of
conventional FL schemes can be effectively retained.
Practicality of FedConv. In FedConv, we use the Flower [20]]
framework to orchestrate the entire FL process. While Flower
offers a stable and robust simulated environment for FL, de-
ploying it in a mixed Linux-Android environment encounters
significant obstacles. These include technical challenges in
training neural network models on Android devices and issues
related to the compatibility of the Flower framework with
Android systems. Fortunately, recent advancements [76] in
Flower support federated learning setup with Android clients
using TensorFlow Lite [77]. Additionally, considering real-
world scenarios where clients are typically geographically
isolated, we can create multiple edge servers for each SR.
For instance, if there are 10 clients with the same SR value,
with 5 located in one position and the rest located in another,
two edge servers can be deployed to manage them separately.
Server-side Data. Same as KD-based works that share server-
side data among clients throughout the FL process, FedConv
also keeps a small publicly available dataset on the server to
refine the convolution parameters. Unlike KD-based methods
that require clients to first train on the public data and then
on the local data for knowledge transfer, FedConv keeps
the public data only on the server during compression and
dilation, eliminating any extra burden on clients. From clients’
perspective, they do not need to participate in the pre-training
and fine-tuning process and can join the FL process at any
time, which is the same as the conventional FL systems. When
server data is unavailable due to strict privacy constraints, we
can skip the convolutional compression process in the first
round and later iteratively minimize the logits generated by
the global model and heterogeneous sub-models.
Generalize to Other Architectures. In FedConv, our convo-
lutional compression module focuses on compressing convolu-
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tional layers and linear layers, since these two types of network
layers dominate most existing popular Al models [78], [79].
For other network architectures (e.g., Transformers [80Q]),
merely compressing the model weights is insufficient. This is
because Transformer models include internal hyperparameters
(e.g., the number of attention heads) that control the model
size and should also be considered for compression. In future
work, we plan to comprehensively generalize our learning-on-
model paradigm to other model architectures.

VIII. RELATED WORK

Data Heterogeneity. Recent works optimize FL. performance
under non-IID data. Clustering-based methods group clients
according to the distribution of their data or model parameters.
For example, ClusterFL [41] captures the intrinsic clustering
patterns among clients by measuring the similarity of client
models. Shu er al. [81]] propose a clustered multi-task federated
learning on non-IID data. Personalized FL adopts local fine-
tuning or add task-specific layers on client side. For example,
pFedMe [82] uses Moreau envelopes as a regularized loss
function to decouple the task of optimizing a personalized
model from the global model learning. Yosinski et al. [82]
enable the upper layers of the global model to learn task-
specific features, while the lower layers capture more general
features which are further shared across clients. Our work is
orthogonal to these works and requires minimal modification
to clients for integration into existing FL systems.

Model Heterogeneity and Compression. To accommodate
heterogeneous clients [83], [84]], recent works mainly com-
press the global model to reduce communication and compu-
tation costs: 1) Knowledge distillation (KD) FL [29] shares a
publicly available dataset among the server and heterogeneous
clients to perform knowledge transfer. In FCCL [835]], clients
first compute a distillation loss by feeding their local data
into the global model from the previous round, and then
calculate an additional distillation loss by inputting the same
data into a pre-trained local model. However, extra overhead
on clients is unavoidable in KD-based FL, as the public
dataset plays a crucial role in knowledge transfer between
the server and heterogeneous clients; 2) Parameter sharing
strategies [86] allow sub-models to share a part of the global
model parameters to reduce computation overhead. HeteroFL
[L7] enables heterogeneous clients to select fixed subsets of
global parameters with minimal modification to the existing
FL framework. Yet, the sharing strategy suffers from the
imbalance issue; 3) Pruning-based methods have gained pop-
ularity in heterogeneous FL. Hermes [18] applies a channel-
level pruning method to selectively prune out less important
channels. TailorFL [30] proposes an importance value-based
filter-level pruning scheme to enable a dual-personalized FL
system. Removing entire channels or filters results in infor-
mation loss and performance degradation [87]. Unlike these
works, we compress the global model with convolutional
compression to generate sub-models. Orthogonal to our work,
traditional compression techniques (e.g., quantization [88]]) can
be applied to compress model parameters and reduce network
traffic. However, as the compressed parameters should be
decompressed back to their original size before training, these
works cannot reduce the system overhead of clients.

IX. CONCLUSION

We propose FedConv, a client-friendly federated learning
framework for heterogeneous clients, aiming to minimize
the system overhead on resource-constrained mobile devices.
FedConv contributes four key technical modules: 1) a novel
model compression scheme that generates heterogeneous sub-
models with convolutional compression on the global model;
2) a hierarchical and clustering-based local training strategy
that enhances client performance by enabling cross-cluster
knowledge sharing; 3) a transposed convolutional dilation
module that converts heterogeneous client models back to
large models with a unified size; and 4) a weighted aver-
age aggregation scheme that fully leverages personalization
information of client models to update the global model.
Extensive experiments demonstrate that FedConv outperforms
SOTA baselines in terms of model accuracy with much lower
computation and communication overhead for FL clients. We
believe the proposed learning-on-model paradigm is worthy of
further exploration and can potentially benefit other FL tasks
where heterogeneous sub-models can be generated to retain
the information of a global model.
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