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1 Abstract—Along with the increasing popularity of deep learn-
2 ing (DL) techniques, more and more Artificial Intelligence of
s Things (AIoT) systems are adopting federated learning (FL) to
4 enable privacy-aware collaborative learning among the AloT
s devices. However, due to the inherent data and device hetero-
s geneity issues, the existing FL-based AloT systems suffer from
7 the model selection problem. Although various heterogeneous
s FL. methods have been investigated to enable collaborative
o training among the heterogeneous models, there is still a lack
10 of 1) wise heterogeneous model generation methods for the
1 devices; 2) consideration of uncertain factors; and 3) performance
12 guarantee for the large models, thus strongly limiting the
3 overall FL performance. To address the above issues, this article
14 introduces a novel heterogeneous FL framework named FlexFL.
15 By adopting our average percentage of zeros (APoZ)-guided
16 flexible pruning strategy, FlexFL can effectively derive best-fit
17 models for the heterogeneous devices to explore their greatest
18 potential. Meanwhile, our proposed adaptive local pruning
19 strategy allows the AIoT devices to prune their received models
20 according to their varying resources within uncertain scenarios.
21 Moreover, based on the self-knowledge distillation, FlexFL can
22 enhance the inference performance of the large models by
23 learning the knowledge from the small models. Comprehensive
24 experimental results show that, compared to the state-of-the-art
25 heterogeneous FL methods, FlexFL can significantly improve the
26 overall inference accuracy by up to 14.24%. Our code can be
27 found here https://github.com/mastlab-T3S/FlexFL.

28 Index Terms—Artificial Intelligence of Things (AloT), APoZ,
29 heterogeneous federated learning (FL), model pruning, uncertain
30 scenario.
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I. INTRODUCTION
LONG with the prosperity of artificial intelligence (AI)

and the Internet of Things (IoT), federated learning
(FL) [11, [2], [3], [4], [5], [6] is becoming a mainstream
distributed deep learning (DL) paradigm in the design Al
of Things (AloT) systems [7], [8], [9], since it enables col-
laborative learning among the devices without compromising
their data privacy. So far, FL has been widely investigated in
various AloT applications, such as edge-based mobile com-
puting [10], [11], real-time control [12], [13], and healthcare
systems [14], [15]. Typically, an FL-based AIoT system is
based on a client-server architecture involving a cloud server
and numerous AloT devices. In each FL training round,
the cloud server first dispatches the latest global model to
multiple selected (activated) devices for local training and
then aggregates the trained local models to update the global
model. Since, the communication between the cloud server and
devices is based on the model gradients, FL enables the knowl-
edge sharing among the AloT devices without the privacy
leaks.

Although the existing FL. methods are promising for sharing
the knowledge among the devices, they are not well-suited for
the large-scale AIoT applications involving various heteroge-
neous devices with different available resources [16]. This is
because the traditional FL. methods assume that all the device
models are of the same architecture. According to the Cannikin
Law, only the models best fit for the weakest devices can be
used for FL training. Typically, such models are of small sizes
with limited inference capability, thus strongly suppressing
the potential FL learning performance. To maximize the
knowledge learned on the heterogeneous devices, various
heterogeneous FL. methods have been investigated to use
heterogeneous models for local training, which can be mainly
classified into two categories, i.e., completely heterogeneous
methods and partially heterogeneous methods. Specifically,
completely heterogeneous methods [17] apply the knowledge
distillation (KD) strategies [18], [19], [20] on the heteroge-
neous models with totally different structures for knowledge
sharing, while the partially heterogeneous methods [21], [22],
[23], [24] derive heterogeneous models from the same large
global model for local training and knowledge aggregation. As
an example of partially heterogeneous methods, for a given
large global model, HeteroFL [21] can generate heterogeneous
models to fit the devices by pruning the parameters of each
model layer.
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When dealing with real-world AloT applications, the
existing heterogeneous FL methods greatly suffer from the
following three problems.

1) Low-performance heterogeneous models derived by

unwise model pruning strategies.

2) Inefficient or ineffective local training within uncertain

scenarios.

3) Low inference performance of large models caused by

resource-constrained scenarios.

Specifically, the existing methods generate heterogeneous
models coarsely by pruning the parameters of each model
layer with the same ratio or directly removing the entire layer.
Without considering the different functions of parameters
within layers, such unwise pruning strategies severely limit
the performance of the heterogeneous models. Meanwhile,
when encountering various uncertainty factors, such as
hardware performance fluctuations caused by process varia-
tions [13], [25], dynamic resource utilization (e.g., available
memory size), the traditional FL. may fail in local training
since they assume static device resources during FL train-
ing. Due to the inaccurate estimation of available device
resources, the overall training performance can be deteri-
orated. Furthermore, within a large-scale AloT application,
typically large models cannot be accommodated by most
resource-constrained devices. As a result, the small amount of
training data will inevitably influence the inference capability
of the large models. Therefore, how to wisely generate
high-performance heterogeneous models to fit for uncertain
scenarios is becoming an urgent issue in heterogeneous FL
design.

Intuitively, to achieve high-performance pruned models,
a model pruning method should delete the least significant
neurons first. As a promising measure, activation information
can be used to evaluate the importance of neurons, where the
neurons with more activation times have greater importance.
In other words, if a model layer consists of more neurons
with fewer activation times, it has more parameters to be
pruned. According to [26], the activation percentage of zeros
(APoZ) can be used to measure the percentage of zero
neuron activation times under the rectified linear unit (ReLU)
mapping. Therefore, the higher the APoZ score of a model
layer, the higher the pruning ratio we can apply to the
layer. Based on this motivation, this article proposes a novel
heterogeneous FL approach named FlexFL, which utilizes the
APoZ scores of the model layers to perform finer-grained
pruning to generate high-performance heterogeneous to best fit
their target devices for high-quality local training. To accom-
modate various uncertain scenarios, FlexFL allows devices
to adaptively prune their received models according to their
available resources. Meanwhile, based on a self-KD-based
training strategy, FlexFL enables large models to learn from
the small models, thus improving their inference performance.
Note that in FlexFL, the small models are derived from the
large models, and the self-KD-based training is only performed
by devices. In this way, FlexFL can effectively explore the
greatest potential of devices, thus improving the overall FL
training performance. This article makes the following four
major contributions.

1) We propose an APoZ-guided flexible pruning strategy to
wisely generate the heterogeneous models best for the
devices.

We design an adaptive local pruning strategy to enable
devices to further prune their local models to adapt to
varying available resources within uncertain scenarios.
We present a self-KD-based local training strategy that
utilizes the knowledge of the small models to enhance
the training of the large models.

We perform extensive experiments based on the simu-
lation and real test-beds to evaluate the performance of
FlexFL.

2)
3)

4)

II. BACKGROUND AND RELATED WORK
A. Background

1) Federated Learning: FL is a distributed machine learn-
ing approach that addresses the data privacy protection and
decentralization issues. Traditional FL framework usually con-
sists of a server and multiple devices. In FL training, the server
maintains a global model and dispatches it to the selected
devices for local training in each round. Each device then
trains locally on its own data and uploads the trained model to
the server after training. Finally, the server aggregates all the
received models to generate a new global model. Specifically,
the optimization objective of FL is based on FedAvg [1], which
is defined as follows:

|D| | Dl

LS fiom, st fiw) = ﬁ .t )

min F(w) =
w ID| =

where |D| denotes the number of devices and the function
fe(w) is the loss value of the model on the device k, |Dk|
denotes the data set size in the device k and ¢ denotes the loss
function (e.g., cross-entropy (CE) loss), and w is the model
parameter as well as optimization objective, and x; and y;, are
the samples and the corresponding labels, respectively.

2) Model Pruning: In the field of machine learning and
DL, model pruning is a technique to reduce the model com-
plexity and computational resource requirements by reducing
the redundant parameters and connections in neural network
models. The main objective of model pruning is to achieve
a more compact and efficient model without significantly
sacrificing its performance. Initially, the trained model is
analysed to identify parameters or connections that contribute
less to the overall model performance. These parameters
are considered redundant and can be pruned without affect-
ing the model’s performance. Common approaches include
magnitude-based pruning [27], which removes parameters
with small weights; sensitivity-based pruning [28], which
measures the impact of each parameter on the model’s output;
and structured pruning [29], which removes entire neurons or
channels.

APo0Z [26] is a metric used in the model pruning to quantify
the sparsity level of neural network activations. It measures
the percentage of zero activations in a layer or network after
applying a pruning technique. A high APoZ score indicates
that a large proportion of activations in the network are zero,
indicating that the network has achieved significant sparsity. In
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Fig. 1. Framework and workflow of FlexFL.

the essence, APoZ provides a quantitative measure of sparsity,
allowing us to assess the impact of pruning methods on the
neural network architectures and optimize pruning strategies
to achieve the desired tradeoff between the model size and
performance.

B. Model Heterogeneous Federated Learning

Model heterogeneous FL [21], [22], [24], [30] has a natural
advantage in solving the systemic heterogeneity. Different
from the traditional FL, model heterogeneous FL usually main-
tains some models of different sizes on the cloud server, so
as to better deal with the heterogeneous resources of different
devices. The current model heterogeneous FL. methods can
be classified into three categories, i.e., width-wise pruning,
depth-wise pruning, and 2-D pruning. For the width-wise
pruning, Diao et al. [21] proposed HeteroFL, which alleviated
the problem of the device system heterogeneity by tailoring
the model width and conducted parameter-averaging over the
heterogeneous models. Similarly, Horvath et al. [31] proposed
FJoRD, which used the ordered dropout mechanism to extract
the lower footprint submodels. For the depth-wise pruning,
DepthFL [22] prunes the later parts of deeper networks to
reduce the number of network parameters. In InclusiveFL
Liu et al. [32] proposed a layer-wise model pruning method
with momentum KD to better transfer knowledge among
submodels. For 2-D pruning, in ScaleFL Ilhan et al. [24]
introduced a pruning method that scales from both the width
and depth dimensions, aiming to balance the proportions of
the model width and depth. Additionally, it incorporates skip
connections to facilitate connections between the shallower
models and the network’s classification layers. However,
the existing approaches seldom consider the characteristics
of each model and the differences in neuronal activation
distribution on different datasets, and most of them adopt
a fixed pruning method while ignoring the different model

architectures. Moreover, the existing methods largely lack
consideration of device-related resource uncertainties in real-
world environments. Most of them are studied under the
assumption of fixed device resources, which deviates from the
dynamic nature of AIoT scenarios.

To the best of our knowledge, FlexFL is the first attempt
to utilize a flexible pruning strategy to generate the heteroge-
neous models in FL under the resource uncertainty scenarios.
Using APoZ scores and the number of parameters of each
layer, FlexFL can generate higher-performance heterogeneous
models for local training. To deal with various uncertain and
resource-constrained scenarios, FlexFL integrates an adaptive
local pruning mechanism and self-KD-based local training
strategy, which enables the devices to adaptively prune their
received model according to their available resources and
effectively improves the performance of FL training.

III. OUR FLEXFL APPROACH
A. Overview of FlexFL

Fig. 1 presents the framework and workflow of FlexFL,
which consists of two stages, i.e., the preprocessing stage
and the FL training stage. FlexFL maintains a large model
as the global model and generates multiple heterogeneous
models for local training based on the global model. The
preprocessing stage aims to calculate the APoZ scores of
each layer, which are used for the model pruning to generate
the heterogeneous models. The FL training stage aims to
train the multiple heterogeneous models, which are pruned
from the global model.

As shown in Fig. 1, in the preprocessing stage, the cloud
server maintains a proxy dataset to pretrain the global model
and calculates the APoZ scores for each layer according to the
neuron activation. Since, APoZ calculation does not require
the model to be fully trained, the proxy dataset requires only
a small amount of data compared to the training dataset. The
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cloud server then prunes the global model to generate multiple
heterogeneous models based on the calculated APoZ scores.
Specifically, the workflow of the preprocessing stage consists
of three steps as follows.

1) Step 1 (Pretraining): Since, the APoZ scores are calcu-
lated based on a trained model, the cloud server uses a
proxy dataset to train the global model. Note that, the
proxy dataset consists of two parts, i.e., a training part
and a test part.

Step 2 (APoZ Score Calculation): The cloud server
inputs the test part of the proxy dataset into the pre-
trained model and records the activation of each neuron.
Then, the could server calculates the APoZ scores of
each layer based on the activation of its neurons.

Step 3 (Heterogeneous Model Generation): The cloud
server first specifies multiple levels of heterogeneous
models with varying parameter sizes. For example, the
cloud server can specify to generate the three levels of
heterogeneous models with 25% (small), 50% (medium),
and 100% (large) parameters of the original global
model, respectively. For each heterogeneous model,
the cloud server calculates the pruning ratio for each
layer according to its APoZ score, adjustment weight,
and target model pruning ratio. The cloud server then
generates multiple heterogeneous models by pruning
the global model according to its calculated pruning
ratio. Our pruning strategy ensures that a small model
is a submodel of any model larger than it. The gen-
erated heterogeneous models are stored in the model
pool.

The FL training stage consists of multiple FL training
rounds. As shown in Fig. 1, the cloud server maintains a table
to record the device resource configuration, which can be
requested directly from each device. In each FL training round,
the cloud server selects multiple devices for local training
according to their resources. Then, the cloud server dispatches
the heterogeneous models in the model pool to the selected
AloT devices. Note that, each device is dispatched with a
model coupled with its APoZ scores to guide local pruning.
Here, the APoZ score is an array with the length of the number
of global model layers, whose communication overhead is
negligible. The device adaptively prunes the model according
to its currently available resources before conducting local
training. To improve the performance of the large model, the
devices perform a self-KD-based training strategy, which uses
the output of the small models to guide the training of the large
model. Note that, since small models are pruned from the large
model, devices can directly obtain small models from their
dispatched model. After local training, devices upload their
trained model to the cloud server. The cloud server aggregates
all the local models to update the global model and uses the
new global model to update the models in the model pool.
Specifically, as shown in Fig. 1, the workflow of each FL
training round consists of seven steps as follows.

1) Step 1 (Model and Device Selection): The cloud
server selects devices for local training and assigns a
model from the pool to each device according to their
resources.

2)

3)

2) Step 2 (Model Dispatching): The cloud server dis-
patches models from the model pool to its corresponding
selected devices for local training. Note that, the cloud
server also sends the APoZ scores to devices for local
pruning.

Step 3 (Adaptive Local Pruning): Due to various uncer-
tain factors, the available resources of a device may not
be sufficient to enable training of the dispatched model.
To facilitate local training, a device prunes its received
models when its available resources are insufficient.
FlexFL enables a device to prune partial parameters
based on its received model. If the device cannot train
the model, it will be pruned directly to a smaller model.
Step 4 (Self-KD-Based Local Training): Each device
uses its local data to train the pruned model. Since, a
small model is the subset of any larger model, the pruned
model includes all the parameters of the small models.
Small models can be trained on more devices, which
means that small models are more adequately trained.
To improve the performance of large models, devices
calculate the loss for the large model training using the
soft label of the small models together with the true label
of the data samples.

Step 5 (Model Uploading): Each device uploads its
trained model to the cloud server for aggregation.

Step 6 (Model Aggregation): The cloud server aggregates
the corresponding parameters of the local models to
generate a new global model.

Step 7 (Model Pool Updating): The cloud server uses
the new global model to update the parameters of each
model in the model pool.

3)

4)

5)

6)

7)

B. APoZ-Guided Model Generation

FlexFL generates multiple heterogeneous models by pruning
the global model. To generate high-performance heteroge-
neous models for local training, FlexFL aims to assign a higher
pruning ratio to the layers with more redundant parameters.
Based on this motivation, FlexFL adopts the APoZ [26] score
as a metric to guide the model generation.

1) APoZ Score Calculation (APoZCal(-)): APoZ is a metric
that measures the number of neuron activations after the ReLU
layer. For each ReL.U layer i, APoZ is defined as

Dlesl .
X S s) = 0)

D x N

A, ey

where f(6) is a Boolean function, which returns 1
when the Boolean statement § = T, N denotes the dimension
of the output feature map after the ReLU layer, |D;**'| denotes
the total size of the test part of the proxy dataset, and h};(Sj)
denotes the kth output feature map of the jth sample S; after
the ith ReLU layer.

For models consisting of multiple residual blocks, e.g.,
ResNet [33] and MobileNet [34], we adjust the number of
channels between the blocks. When a block contains multiple
ReLU layers, we average its APoZs as the APoZ score of
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Algorithm 1: Heterogeneous Model Generation

Input: i) Sapoz, the set of APoZ scores for each layer;
ii) M, global model, iii) L, list of target model
pruning ratios.

Output: P, the model pool.

1 P« {}
2 s[illj] <= 1 for i € [1, len(Lp)], j € [1, len(Sapoz)]
sfori=1,...,len(L,) do

4 y <0

5 Di < Lpli] x size(M)

6 M <~ M

7 while |p; — size(M’)| > € do

8 forj=1,...,len(Sapoz) do

9 (lj, Aj) < Sapozlj]

10 AdjW; < AdjWCal(l;, M)

11 s[illj] < (1 —A; x AdjW)) x y

12 s[i][j] < max(min(s[Z][/], 1), 0.01)
13 end

14 M’ <« prune(M, s[i])

15 y «<y+E& /€ = 0.01 is the iteration step.
16 end

17 P« PU{M}

18 end

19 return P

this block. Specifically, if the ith block contains the K; ReLU
layers, the block APoZ is calculated as

: |Dtesl|
1 i i YA FU(S) = 0)
K; |Diest| x N )

=1

A; 2

2) Adjustment Weight Calculation (AdjWCal(-)): Typically,
the model layers with more parameters often contain more
redundant neurons, diminishing the significance of individual
neurons within the layers. When pruning a specific number
of neurons, prioritizing the layers with more parameters is
likely to have less impact on the overall model performance
compared to the layers with fewer parameters. Therefore, we
calculate the adjustment weight as follows to adjust the APoZ
scores:

log size(l;)

log max (size(l)), .. ., size(lenmr)))

where /; is the ith layer of M, the function size(/;) calculates
the number of parameters of the i’ layer, and len(M) denotes
the number of layers of the model M.

3) Heterogeneous Model Generation (ModelGen(-)):
Based on the calculated APoZ scores and adjustment
weights, FlexFL can prune the global model to generate the
heterogeneous models. Note that, the heterogeneous model
generation is performed on the server side and only once
upon initialization. Algorithm 1 presents the process of the
heterogeneous model generation. Lines 1 and 2 initialize the
model pool P and the pruning ratios s for each target model.
Lines 3-18 generates the multiple models according to the
target model pruning ratios in L,. Lines 4-6 initialize the
pruning control variable y, the target model size p;, and
the target model M’, respectively. Line 7 evaluates the gap

AdjWCal(l;, M) =

3)

between the size of M’ and a target model size p;. Line 10
uses (3) to calculate the adjustment weight AdjW; for the
layer /;. Line 11 generates pruning ratio s[i][j] based on the
APOZ score A;j and the adjustment weight AdjW;. In line 12,
we set the minimum pruning ratios of each layer to 0.01 to
avoid the parameters of a layer being completely pruned. In
line 14, according to the pruning ratios s[i][] generated, we
prune the global model M to M. Specifically, for the layer I;,
y;j and x; represent the numbers of output and input channels,
according to the pruning ratios s[i][], we prune it to a model
M’ with x; x s[i][j — 1] input channels and y; x s[{][/] output
channels. Note that, if W; € RY*% is the hidden weight
matrix of the global model M in the layer /;, after pruning,
Wi e RO>¥sUIDxC5xstill=1D s the new hidden weight matrix
of the pruned model M’ in the layer /;. In line 17, for M’
with an error less than or equal to €, we add M’ to the model
pool P as the pruned model corresponding to the target model
pruning ratio L,[i].

C. Adaptive Local Model Pruning (AdaPrune(-))

To address the problem of insufficient available resources
within uncertain scenarios, FlexFL enables devices to adap-
tively prune their received models to the adaptive models for
local training, focusing on the memory resource constraints.
Specifically, when a device does not have sufficient memory
resources for training its received model, it first prunes I' x
size(M) parameters to generate an adaptive model for local
training, where I" is the adaptive pruning size and size(M) is
the number of parameters of the global model M. Note that,
our approach requires that the size of the pruned parameters
(i.e., I' x size(M)) should be smaller than the smallest size
of the parameter differences between any two models. When
its available resources are still insufficient to train the pruned
model, the device directly prunes it to a smaller model that
best fits the device. For example, assume that M1, M>, and M3
denote the small, medium, and large models, respectively. Let
M/, and M, be the adaptive models of M> and M3, respectively.
If a model of type M3 is dispatched to some device with
insufficient resources, the client will adaptively prune the
model in the order of M}, M>, M), and M; until the pruned
model can be accommodated by the device.

Similar to Algorithm 1, the adaptive pruning is still based
on our calculated APoZ scores. Since, our APoZ scores are
calculated before FL training and are not updated within the
training process, the cloud server can directly send the APoZ
scores to all the devices. In addition, since all the heterogeneous
models in FlexFL are pruned from the same global model
without any extra exit layers, and a smaller model is a submodel
of a larger model, the devices can prune the received model
according to the corresponding pruning scheme.

D. Self-Knowledge Distillation-Based Local Training

In resource-constrained scenarios, the majority of devices
cannot train the large models, which results in inadequate
training for the large models. To improve the performance
of the large models, FlexFL adopts a KD [19], [35] strategy.
Since, small models are the submodel of the large models, the
devices can utilize adequately trained small models to enhance
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the training of large training. Specifically, during the model
training, the device can obtain the outputs (i.e., soft labels) of
the large model and small models. Then, the device calculates
the CE loss using the output of the large model and true labels
and calculates the Kullback—Leibler (KL) loss based on the
outputs of the large and small models. Finally, the device uses
both the CE and KL losses to update the model. Assume that
M; is a large model, y; is the soft labels of the model M; and
y; is ground truth, the CE loss of M; is defined as

Lcg = —logh(3i)[vi]

where h(-) is the softmax function. Assume that, M, My, ...,
M;_; are the smaller models for M; and y1, V2, ..., yi—| are
the soft labels of these models. The KL loss can be calculated
as follows:

i—1

— 12 sum (h(3;)/7) - T*log
=1

h($))
h($:)
where 7 is the temperature to control the distillation process.
Note that, a higher value of t leads to smoother probability
distributions, making the model focus more on relatively
difficult samples, and a lower value of T makes the probability
distribution sharper, making the model more confident and
prone to overfitting.

According to the CE and KL losses, we can obtain the final
loss £ of the model M; as follows:

L= Lcg+ ALkL

Ly =

“4)

where A is a hyperparameter that controls the training pref-
erence for the two types of losses. Note that, a large value
of A makes the model training more influenced by the KL
divergence loss. On the contrary, a small value of A guides the
training to focus more on the CE loss.

E. Heterogeneous Model Aggregation (Aggr(-))

When all the local models are received and saved in Sypload,
the cloud server can perform the aggregation. Since, all the
heterogeneous models are pruned from the global model, the
cloud server generates a new global model by aggregating
the corresponding parameters of the models in Sypload With the
weights determined by the number of its trained data.

Assume that p is a parameter in the global model M, and
o (P, Supload) extracts the model in the set that contains the
corresponding parameter of p and the numbers of their training
data. Let 6 be the parameters of the aggregated global model
M, which can be calculated as follows:

m m
Zmea (P’Supload) P X d
m
Zmea (psSupload) d

where p™ denotes the corresponding parameter of p in m and
d™ is the number of training data of m.

By applying the above equation to aggregate all the param-
eters of models in Sypioad, the cloud server can generate an
updated global model. Subsequently, the cloud server updates
all the heterogeneous models in the model pool P by assigning
the parameter values of the aggregated global model to their
corresponding parameters.

Vpeb, p=

Algorithm 2: Implementation of FlexFL

Input: i) 7, training rounds; ii) D, the set of devices;
iii)f, fraction of selected devices; iv) M, global
model; v) D,, proxy dataset, vi) L,, list of
pruning ratios of heterogeneous models.

T, < ResConfRequest(D)

Sapoz < APoZCal(M, D))

1
2

3 Reset(M)

4 {M], Mz, ey Mp} < ModelGen(SApoz, M, Lp)
5 P« {MI,M2,...,MP}

6 for epoch e =1,...,T do

7 K < max(1, f|D])

8 Sq < DevSel(D, P, K)

9 Supload < {}

10 [*parallel for*/

1 for (dy, my) in Sg do

12 rq, < ResRequest(dy)

13 mj, < AdaPrune(rg,, my)

14 L < L(m;, Dy)

15 O < Oy — aaﬁ

16 Suploud <~ Suploud U {(m;(’ |Dkl)}

17 end

18 M < Aggr(Supload)

19 P <« update(P, M)

20 end

F. Implementation of FlexFL

Algorithm 2 presents the implementation of our FlexFL
approach. Lines 1-5 denote the operations of preprocessing.
Line 1 initializes the resource configuration table, where
the function ResConfRequest(-) requests all the devices to
upload their available resource information. In line 2, the
function APoZCalculate(-) pretrains the global model M using
the training part of the proxy dataset D]‘,rai“ and calculates
the APoZ scores for each layer of M using the test part
of the proxy dataset D;f“, where Sapoz is a set of two-tuples
(li, A;), l; denotes the ith layer of M, and A; denotes the
APo0Z score of the ith layer. Line 3 resets the global model.
Line 4 generates len(L,) heterogeneous models according to
the calculated APoZ scores. Line 5 stores the generated models
in the model pool P. Lines 6-20 present the process of the FL
training stage. Line 7 calculates the number of devices needed
to participate in local training. In line 8, the function DevSel(-)
selects K devices and their respective trained models, where
Sy is a set of two tuples (d, m), d € D is a selected device, and
m € P is a model that will be dispatched to d. Line 9 initializes
the model set Sypload, a set of two tuples (m, num), where
m is a local model and num is the number of data samples
used to train m. Lines 11-17 present the local training process.
Line 12 requests the current resources of dj and Line 13 uses
our adaptive local pruning strategy to prune the received model
my; according to rg4,. Line 14 employs (4) to calculate the loss
L and line 15 updates the parameters of m, according to L,
where 6,, denotes the parameters of m,. In line 16, the device
uploads its trained model n, together with the number of data
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TABLE I
DEVICE UNCERTAINTY SETTINGS

Level # Device Maximum Capacity s Variance u

Weak 40% ra = 35 o2 € [5,8,10]
Medium 30% ry = 60 % € [5,8,10]
Strong 30% ry = 110 02 € [5,8,10]

samples |Dy| to the model set Sypioad. Line 18 aggregates all
the models in Sypload to update the global model M. Line 19
updates the models in P using the global model M.

IV. PERFORMANCE EVALUATION

To evaluate FlexFL performance, we implemented FlexFL
using PyTorch. For all the investigated FL methods, we
adopted the same SGD optimizer with a learning rate of 0.01
and a momentum of 0.5. For local training, we set the batch
size to 50 and the local epoch to 5. We assumed that |D| = 100
AloT devices were involved in total, and f = 10% of them
were selected in each FL training round. All the experiments
were conducted on an Ubuntu workstation with one Intel i9
13900k CPU, 64 GB memory, and one NVIDIA RTX 4090
GPU.

sa3 A. Experimental Settings
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1) Device Heterogeneity Settings: To evaluate the
performance of FlexFL in uncertain and resource-constrained
scenarios, we simulated various devices with different dynamic
resources (available memory size). Specifically, we employed
the Gaussian distribution to define dynamic device resources
as follows: r = ry; — |u|, where ry; is the maximum memory
capacity of the device and u ~ N (0, o).

In our experiment, we adopted three levels of devices, i.e.,
weak, medium, and strong. We set the ratio of the number
of devices at these three levels to 40%, 30%, and 30%,
respectively. The distribution of their available memory size
across these devices is uncertain as shown in Table I. If the
device memory is smaller than its received model m, i.e., r <
(size(m)/size(M)) x 100, our approach will not train m due to
insufficient memory resources. In this case, m will be pruned
to be an adaptive model to fit the device. For example, if r
is 30, the number of parameters of a pruned model cannot
exceed 30% of its original counterpart.

2) Data Settings: In our experiments, we utilized three
well-known datasets, i.e., CIFAR-10 [36], CIFAR-100 [36],
and TinyImagenet [37]. To investigate the performance on non-
IID scenarios, we adopted the Dirichlet distribution Dir(«) to
assign the data to the devices involved. By controlling the
hyperparameter « of the Dirichlet distribution, we managed
the degree of the IID bias in the data, where the smaller values
of « indicate higher data heterogeneity.

3) Model Settings: To validate the generality of our
method, we conducted experiments under the models of
different sizes and different architectures, i.e., VGG16 [38],
ResNet34 [33], and MobileNetV2 [34].

We adopted p = 3 and uniformly set the list of target
model pruning ratios L, to [25%, 50%, 100%] for all the
methods, yielding a model pool P = {M, M>, M3} with three

scaling rate s[i][j]

Fig. 2. Comparison of submodels (VGG16 on CIFAR10). (a) FlexFL.
(b) ScaleFL. (c) HeteroFL.

)
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Fig. 3. Learning curves of FlexFL and three baselines. (a) CIFAR10, IID.
(b) CIFAR10, o = 0.3. (c) CIFAR100, IID. (d) CIFAR100, « = 0.3.

models, where the model M3 is the largest model and also
the global model. Fig. 2 presents an example to visualize the
pruned models based on different FL. methods. In the case
of FlexFL, the adaptive models are M) and M}, which are
obtained by pruning I" x size(M3) parameters from M and M3,
respectively, where I' = 10%. For self-KD hyperparameters,
we set T =3 and A = 10.

B. Performance Comparison

In our experiment, we compared three methods to our
method: 1) decoupled [1]; 2) HeteroFL [21]; and 3) ScaleFL
[24]. Decoupled follows a strategy similar to FedAvg [1],
where large, medium, and small models are trained on the
devices capable of hosting them without considering the model
aggregation. HeteroFL generates corresponding models based
on the width-wise pruning. ScaleFL, on the other hand, the
prunes models based on both the width and depth proportions
to create their corresponding models. Fig. 3 illustrates the
comparison between the accuracy of our method and three
other baselines. The solid line in the middle represents the
average accuracy of the 25%, 50%, and 100% models, and
the boundaries filled with corresponding colors represent the
highest and lowest accuracies among all the models.

1) Large Model Performance Analysis: In Table II, we use
the notation “x/y” to specify the test accuracy, where x
denotes the average accuracy of the 25%, 50%, and 100%
models and y indicates the accuracy of the 100% model.
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TABLE II
TEST ACCURACY (%) OF AVERAGE AND LARGE MODELS. THE BEST RESULTS ARE SHOWN IN BOLD

. CIFAR10 CIFAR100 TinyImagenet
Model Algorithm iy a=06  a=03 L) a=06 a=03 LD a=06 a=03
Decoupled | 75.81772.76  73.57/69.91  69.95/66.01 | 34.53/20.44  33.68/29.12  33.33/28.77 | 2562/21.14  26.56/22.53  26.70/23.51
VGGI6 HeteroFL | 79.75/76.92  77.53/7545  73.89/71.50 | 34.37/29.92  35.02/31.31  3543/31.56 | 25.51/23.19  26.63/25.01  27.90/26.78
ScaleFL | 80.36/77.72  75.99/74.00  72.95/69.87 | 34.10/29.00  34.26/29.38  33.60/29.18 | 22.37/19.38  23.15/20.96  24.67/21.62
FlexFL | 84.75/85.16  83.11/83.45  80.60/81.06 | 40.27/40.35  41.29/41.30  39.55/39.99 | 26.61/26.97  29.19/29.56  31.07/31.42
Decoupled | 62.92/56.97  59.01/54.11  55.35/51.32 | 26.88/22.28  26.68/22.01  25.24/19.81 | 33.13/20.07  32.95/25.03  31.33 24.80
Resnet34 HeteroFL | 69.56/63.17  65.14/61.25  61.29/57.02 | 31.79/2452  31.01/2537  30.92/24.68 | 38.35/31.90  36.52/33.19  35.02/32.67
esne ScaleFL | 76.65/74.23  71.57/68.50  66.56/61.67 | 36.84/31.87  34.9529.51  32.81/27.50 | 3831/32.84  36.68/31.32  36.02/31.77
FlexFL | 77.48/78.06  72.89/73.71  69.08/69.60 | 37.76/37.38  37.63/37.31  37.34/37.38 | 40.53/40.85  38.64/38.32  37.89/37.88
Decoupled | 53.01/52.03  48.34/47.71  42.42/4029 | 2020/17.74  20.74/18.08  20.22/17.58 | 21.57/16.11  20.34/17.60  20.11 16.35
MobileNetyz ~ HeteroFL | 57.60/52.60  S1.31/4833  44.00/40.16 | 2349/1931  22.60/19.20  21.60/17.80 | 24.96/20.05 ~ 24.96/22.23  22.52/20.82
ScaleFL | 63.42/59.83  54.57/48.77  49.90/45.10 | 26.53/21.72  25.09/19.90  24.30/18.24 | 26.64/23.63  26.31/23.43  24.69/22.25
FlexFL | 68.47/69.18  60.00/61.32  56.87/58.23 | 29.11/28.30  27.86/27.14  26.78/26.41 | 28.26/27.44  27.46/25.55  25.38/24.00
. . . . 100
It is evident that FlexFL consistently achieves an accuracy /r“ﬁ
improvement ranging from 1.75% to 13.13% in terms of large .80
model accuracy, regardless of whether in the IID or non-IID 3
. T . » 60 Similarity M.
scenarios. This indicates that our method performs better in S —*— Similarity M;
. . . k| —— Similarity 1
obtaining high accuracy on the larger models. This discrepancy Z 40 Sfmflarfty "
. e . £ —— Similarity M,
can be attributed to the greater flexibility in pruning offered % 0 Similarity M
by VGGI16 and MobileNetV2. Specifically, VGG16 permits Similarity M,
pruning of up to the first 15 layers, whereas MobileNetV2 020 20 6o 100
Percenatge (%)

allows for pruning of up to nine blocks. In contrast, due to
the inability to disrupt the internal structure of residual blocks
in ResNet34, we can only prune five blocks, resulting in a
relatively smaller improvement compared to the baselines.

2) Average Model Performance Analysis: Our experiment
also evaluated the average model accuracy as shown in
Table II. Based on our observations of the datasets, our
approach demonstrates an accuracy improvement ranging from
0.92% to 7.65% compared to ScaleFL. We also observe that in
most datasets, the accuracy of the largest model is higher than
the average model. Conversely, in the ScaleFL, HeteroFL, and
decoupled approaches, the accuracy of the largest model is
lower than that of the average model. This indicates that in our
approach, large models can effectively leverage their greater
number of parameters, while in the other methods, the large
models exhibit a paradoxical scenario where they possess more
parameters but lower accuracy compared to the smaller or
medium-sized models. This phenomenon arises from the fact
that the small models can be trained on all the devices, whereas
the large models can only be trained on the devices with
ample resources. Consequently, the small models encapsulate a
broader spectrum of knowledge. In our approach, by distilling
knowledge from the large models to smaller ones, the larger
models can enhance accuracy by assimilating knowledge from
the other models.

C. Impacts of Different Configurations

1) Proxy Dataset Size: To evaluate the impact of the
pruning ratio s on different proxy dataset sizes, we used the
training datasets of sizes 100%, 50%, 20%, 10%, 5%, and
1% as the proxy datasets, where 80% of the proxy dataset
was used as the training set for pretraining. After training
for 100 rounds, the remaining portion was used as the test
set to calculate the APoZ scores. Based on Algorithm 1, we
compared the similarity of pruning ratio sy¢[i] obtained from
the model M; in the model pool P, where p% represents the

Fig. 4. Model pruning ratios similarity with different proxy dataset sizes.

TABLE III
TEST ACCURACY (%) IN DIFFERENT PROXY DATASET SIZE

Proxy Dataset Size ~ Global Model Accuracy ~ Avg Model Accuracy

1% 84.90% 85.19%
5% 84.37% 84.63%
10% 84.11% 84.31%
20% 84.60% 84.88%
50% 84.02% 84.37%
100% 84.56% 84.90%

proxy dataset size. The similarity is defined as

Ispoeli] — 8100%[i]|)

51009 1]

sim(p%,Mi) =1- avg(

Fig. 4 shows the similarity for each level model M;. We can
observe that even with only 1% of the data, FlexFL achieves
pruning ratios similar to those using the full dataset.

We conducted heterogeneous FL training using different
model pools P generated by different proxy dataset sizes. As
shown in Table III, FlexFL achieves inference accuracy similar
to that of the full dataset when using only 1% data as a proxy
dataset. Therefore, FlexFL can achieve good performance only
by using a very small proxy dataset.

2) Numbers of Involved Devices: To investigate the scala-
bility of our approach in various heterogeneous FL scenarios,
we studied the impact of varying numbers of involved devices
on the inference accuracy. Specifically, we conducted experi-
ments based on CIFAR10 and VGG16 within the IID scenarios
involving |D| = 50, 100, 200, and 500 devices, respectively.
In each training round, 10% of the devices were selected.
Fig. 5 shows that our method consistently improves the
performance across different numbers of devices. Moreover, as
|D| increases, the accuracy of all the methods decreases. And

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666



667

668

669

6

2

0

671

672

673

674

CHEN et al.: FlexFL:

85 85
80 80
s 15
g g
570 Decoupled a§.7u Decoupled
<65 —— HeteroFL, <65 —— HeteroFL
P —— ScaleFL —— ScaleFL.
—— FlexFL 0 — FlexFL
0 200 400 600 800 1000 0 200 400 600 800 1000
Epochs Epochs
@ (b)
S
8 80
80
70
~75 -~
S 260
370 =
g £50
2 65 Decoupled 2 Decoupled
260 —— HeteroFL 240 —— HeteroFL
55 ScaleFL 30 —— ScaleFL
50 FlexFL 20 — FlexFL
0 200 400 600 800 1000 0 200 400 600 800 1000
Epochs Epochs
© (d)

Fig. 5. Learning curves for different numbers of involved devices. (a) |D| =
50. (b) |D| = 100. (c) |D| = 200. (d) |D| = 500.
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it indicates that our method is more practical and adaptable to
the heterogeneous FL scenarios with large numbers of devices.

3) Numbers of Selected Devices: Assume that there are
a total of |C| = 100 devices. Fig. 6 compares the training
performance of the FL. methods considering different ratios f
of selected devices based on the CIFAR10 and VGG16 within
an IID scenario. We can find that our approach achieves the
best performance in all the four cases. Moreover, as the ratio

e75 f increases, the accuracy of our method remains stable, and
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the differences between the accuracy of the large and small
models are the smallest.

4) Proportions of Different Devices: We compared our
method with three baselines in terms of accuracy under
different proportions of devices as shown in Fig. 7. We cate-
gorized all the devices into three groups, and the uncertainty
configurations for each group of devices are shown in Table 1.

es3 We varied the device proportions to 1:1:8, 1:8:1, and 8:1:1.

684
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According to our experimental results, we observed that our
method outperformed the baselines in terms of the average
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devices using VGG on CIFARIO in the IID scenario. (a) 1:1:8. (b) 1:8:1.
(c) 8:1:1. (d) 4:3:3.

TABLE IV
TEST ACCURACY COMPARISON WITH DIFFERENT I"

r Global Accuracy  Avg Accuracy

1% 84.38% 84.22%
2% 84.86% 84.65%
5% 84.88% 84.67%
10% 85.16% 84.75%
15% 84.40% 84.21%

model accuracy across all the device proportions. Furthermore,
as the device proportions changed, our method’s accuracy
remained relatively stable, while the other baselines exhibited
performance degradation.

5) Adaptive Local Model Pruning Size: We conducted
experiments on the CIFARI0 within an IID scenario with
VGG16 to evaluate the impact of adaptive pruning sizes I'.
The experimental results are presented in Table IV. We can
find that the optimal value for the hyperparameter I' in our
experiments is 10%. This is mainly because a low value of
I" leads to lower utilization of the adaptive models, meaning
more devices degrade their received models directly to the
smaller models. In contrast, although a high value of T
can improve the utilization of adaptive models, it causes
smaller sizes of the adaptive models, which results in a lower
utilization of resources.

6) Self-KD Hyperparameter Settings: We investigated the
impact of the hyperparameter A in self-KD on our experiments.
In our experimental setup, we fixed the temperature parameter
v = 3 for self-KD and varied the coefficient of KL-loss A
during local training as A = 0, 5, 10, 20, 50.

Fig. 8 shows that without self-KD (A = 0), the accuracy
of our method decreased by approximately 2-4% compared
to when the distillation was used. Furthermore, with increas-
ing distillation coefficient A, the accuracy showed an initial
increase followed by a decreasing trend in both the IID and
non-IID scenarios. When the distillation coefficient X is at a
reasonable range, i.e., A € [10, 20], the overall loss can be well
balanced between the distillation loss and CE loss. When 2 is

686

687

688

689

690

691

692

693

694

695



715

716

77

718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

10 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS

®
=3

®
g

%
N

—— a=0.6
—— a=0.3

Accuracy(%)
)
® S

<
=

<
N

0 10 20 N 30 40 50

Fig. 8. Average accuracy of VGG16 on CIFAR10 with different A.

TABLE V
CONFIGURATIONS OF DIFFERENT DEVICE RESOURCE DISTRIBUTIONS

Configuration # Device ~ Max Capacity ras Variance u

40% 35 02 =0

Confl 30% 60 02 =0
30% 110 o2 =0
40% 35 o? € [5,8,10]

Conf2 30% 60 o? € [5,8,10]
30% 110 % € [5,8,10]
40% 35 o2 € [10, 20, 30]

Conf3 30% 60 a2 € [10,20, 30]
30% 110 a2 € [10, 20, 30]

TABLE VI
TEST ACCURACY (%) OF MODELS IN DIFFERENT CONFIGURATIONS

. . Accuarcy
Configuration Algoroithm i) =06 T =03

Decoupled 75.83/72.00  73.20/69.62  70.23/65.20

Confl HeteroFL 79.08/76.21 76.91/74.27  73.98/69.96
ScaleFL 80.14/77.52  76.71/74.15  72.24/69.27

FlexFL 84.46/84.64  83.36/83.70  80.70/81.17

Decoupled 75.81/72.76  73.57/69.91 69.95/66.01

Conf2 HeteroFL 79.75/76.92  77.53/75.45  73.89/71.50
ScaleFL 80.36/77.72  75.99/74.00  72.95/69.87

FlexFL 84.75/85.16  83.11/83.45  80.60/81.06

Decoupled 76.90/73.16  74.38/69.42  71.35/66.27

Conf3 HeteroFL 79.23/77.67  76.49/73.16  73.12/71.36
ScaleFL 80.24/78.79  76.37/74.96  73.08/71.50

FlexFL 84.31/84.74  83.70/84.03  81.21/81.58

set to a high value, the overall loss is dominated by distillation
loss, which hinders effective learning of knowledge from the
local dataset, resulting in an accuracy decrease.

7) Different Settings of Resource Distributions: To explore
our method’s adaptability in different resource allocation
scenarios, we constructed three distinct configuration plans
as shown in Table V. ConfI indicates a constant number of
resources for each device, Conf2 indicates slight fluctuations
in the resources of devices, and Conf3 suggests significant
resource fluctuations across devices.

We conducted a study comparing the accuracy differences
between our method and three baseline methods with results
shown in Table VI. Our method achieved approximately a 4%
performance improvement compared to ScaleFL across all the
configs, indicating that our method can maintain high accuracy
when dealing with various degrees of resource fluctuations.

8) Real-World Datasets: To validate the generalization
ability of our approach, we extended our experiments to
include the real-world datasets, i.e., FEMNIST [39] and
Widar [40], in addition to the image recognition datasets.
The FEMNIST dataset comprises 180 devices, with each
training round selecting 10% devices. The data distribution
on the devices is naturally non-IID. We assumed that the

TABLE VII
TEST ACCURACY (%) COMPARISON ON REAL-WORLD DATASETS

. WIDAR

Model Algorithm | FEMNIST Jiib) 2 =06 a=03
Decoupled | 78.70/71.63 | 67.51/60.80 66.41/60.28  64.12/58.47

VGG16 HeteroFL | 79.84/72.54 | 70.81/67.35 68.82/64.90 67.28/64.11
ScaleFL | 70.85/63.61 | 69.99/67.80 68.42/65.95 64.50/62.99
FlexFL 77.16/75.94 | 71.66/72.13 71.04/70.92 67.20/68.11
Decoupled | 74.02/64.27 | 63.54/58.36  60.65/54.89  58.84/53.84

Resnet34 HeteroFL | 76.99/68.07 | 67.90/63.05 65.17/60.59 59.83/56.71
ScaleFL | 76.94/69.25 | 64.77/61.17 61.44/58.92 58.97/57.67
FlexFL 83.64/80.46 | 72.43/73.10 71.19/71.57 67.91/68.77
Decoupled | 68.40/56.33 | 51.28/44.45 45.92/44.04 43.76/38.92
MobileNetV2 HeteroFL | 70.94/61.87 | 56.49/53.05 51.74/49.15 47.67/45.02
ScaleFL | 71.38/62.02 | 58.17/55.01 53.13/47.45 46.93/44.12
FlexFL 77.25/71.38 | 64.92/65.67 63.43/63.98 57.61/59.26

Widar dataset involves 100 devices following given Dirichlet
distributions, and ten devices are selected for local training in
each FL round. We applied the uncertainty settings in Table I
to all devices.

The results presented in Table VII demonstrate the
performance of our method on ResNet34 and MobileNetV2,
with performance improvements of up to 10.63%. There
is minimal difference between the average model accuracy
and the accuracy of the best-performing model. On VGG16,
although FlexFL exhibits a 2.68% lower average accuracy
compared to HeteroFL on the FEMNIST dataset, FlexFL still
demonstrates improved accuracy for the largest model.

D. Ablation Study

We conducted a study on the effectiveness of each compo-
nent within our method to investigate their respective impacts
on the accuracy of our approach. We designed four varieties
of FlexFL: 1) “w/o self-KD” indicates the absence of self-
distillation during local training; 2) “w/o adaptive model”
implies the utilization of only models My, M;, and M3, with
the current model M; being pruned to the model M;_; under
the resource constraints; 3) “w/o APoZ” involves only using
adjustment weight AdjW for the model pruning; and 4) “w/o
adjustment” entails utilizing APoZ for model pruning without
adjustment weight AdjW. Fig. 9 shows the superiority of
FlexFL against its four variants, indicating that the absence of
our proposed components will decrease model accuracy, with
the lack of APoZ causing the most significant decline.

E. Evaluation on Real Test-Bed

To demonstrate the effectiveness of FlexFL in real AloT
scenarios, we conducted experiments on a real test-bed plat-
form, which consists of 17 different AIoT devices and a cloud
server. Table VIII shows the details of the configuration of
these AloT devices. Based on our real test-bed platform, we
conducted experiments with a non-IID o = 0.1 scenario on
CIFARI1O [36] dataset using MobileNetV2 [34] models and
selected ten devices to participate in local training in each FL
training round. We set an uniform time limit of 70000 s for
FlexFL, ScaleFL, and HeteroFL.

Fig. 10 illustrates our real test-bed devices and the learning
curves of the methods. From Fig. 10(b), we can observe that
FlexFL achieves the highest accuracy compared to ScaleFL
and HeteroFL. In addition, we can also find that compared
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TABLE VIII
REAL TEST-BED PLATFORM CONFIGURATION

Device Comp Mem Num
Raspberry Pi 4B ARM Cortex-A72 CPU 2G 4
Jetson Nano 128-core Maxwell GPU 8G 10
Jetson Xavier AGX 512-core NVIDIA GPU 32G 3
Workstation NVIDIA RTX 4090 GPU 64G 1

HeteroFL
ScaleFL
FlexFL

60k

(a)

Fig. 10. Real test-bed devices and the learning curves. (a) Real test-bed
platform. (b) Learning curves.
TABLE IX
TIME OVERHEAD OF COMPONENTS PER ROUND (VGG ON IID
CIFAR10)
Dispatched Adaptive Local
Method Mogel Size Pruging Training Total
100% 1.45s (1.3%) 108.59s (98.7%) 110.04s
FlexFL 50% 1.45s (1.9%)  73.92s (98.1%)  75.37s
25% 0s (0%) 46.06s (100%) 46.06s
Avg 1.45s (2.0%) 70.37s (98.0%) 71.82s
100% 1.44s (2.2%) 64.17s (97.8%) 65.61s
FlexFL 50% 1.45s (2.6%) 52.88s (97.4%) 54.33s
w/o self-KD 25% 0s (0%) 45.77s (100%) 45.77s
Avg 1.44s (2.8%) 50.61s (97.2%) 52.05s

with the two baselines, FlexFL has relatively small accuracy
fluctuations. Therefore, compared to ScaleFL. and HereroFL,
FlexFL still achieves the best inference accuracy and stability
on the real test-bed platform.

F. Discussion

1) Computation Overhead: To evaluate the computation
overhead of components (i.e., preprocessing, adaptive local
pruning, and self-KD local training) introduced by FlexFL, we
conducted various experiments in our real test-bed platform
to investigate their impacts on the overall training time.
Specifically, we evaluated from two aspects: 1) time overhead
of components per FL training round and 2) training time
to achieve a specific test accuracy. From Table IX, we can
find that the introduction of self-KD will result in longer

TABLE X
TRAINING TIME AND COMMUNICATION OVERHEAD TO ACHIEVE THE
SAME ACCURACY (VGG ON IID CIFAR10)

Target Accuracy 70% 75% 80% 85%
Time (s) 4849 6857 11736 32810
FlexFL Dispatch (MB) 18337 26580 45860 132298
Upload (MB) 17751 25914 44736 129075
FlexFL ] Time (s) 2566 4013 7985 N/A
wio self-KD | Dispatch (MB) 16520 28767 59857 N/A
Upload (MB) 16022 27973 58208 N/A
Time (s) 9566 14808 77926 N/A
ScaleFL Dispatch (MB) | 35935 55727 300499 N/A
Upload (MB) 34252 53226 288020 N/A
Time (s) 4900 8328 N/A N/A
HeteroFL Dispatch (MB) 26412 45624 N/A N/A
Upload (MB) 24023 41822 N/A N/A
Time (s) 3821 N/A N/A N/A
All Large Dispatch (MB) | 37684 N/A N/A N/A
Upload (MB) 37684 N/A N/A N/A

local training time. Note that, our method’s preprocessing time
accounts for approximately 0.3% of the total training time (219
s for 1000 rounds of training), and its adaptive pruning time
accounts for about 2% of the local time. Overall, the computa-
tional overhead of adaptive pruning and pretraining is almost
negligible, and the main additional computational overhead of
FlexFL comes from self-KD. However, as shown in Table X,
FlexFL needs much less training time to achieve a specific test
accuracy than HeteroFL and ScaleFL. Specifically, compared
with ScaleFL, FlexFL can achieve a training speedup of up
to 6.63x. Here, “all large” represents the results obtained
by only dispatching the largest models for the FL training
under FedAvg, and the notation “N/A” means not available.
Moreover, FlexFL can achieve an accuracy of 85%, while all
the other methods fail, mainly benefit from the performance
improvement brought about by our proposed self-KD tech-
nique.

2) Communication Overhead: From Table X, we can
observe that FlexFL achieves the optimal communication
overhead under all the target accuracy levels and can reduce
the communication overhead (Dispatch+Upload) by up to
85%. Since, APoZ-guided pruning, adaptive local pruning,
and self-distillation do not rely on any extra complex data
structures, the additional memory overhead they introduce is
negligible. Note that, APoZ-guided pruning is performed on
the server side and only once upon initialization, it does not
impose any burden on the devices.

V. CONCLUSION

Due to the lack of strategies to generate high-performance
heterogeneous models, existing heterogeneous FL suffers from
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low inference performance, especially for various uncertain
scenarios. To address this problem, this article presents a
novel heterogeneous FL approach named FlexFL, which
adopts an APoZ-guided flexible pruning strategy to wisely
generate heterogeneous models to fit various heterogeneous
AloT devices. Based on our proposed adaptive local pruning
mechanism, FlexFL enables devices to further prune their
received models to accommodate various uncertain scenarios.
Meanwhile, FlexFL introduces an effective self-KD-based
local training strategy, which can improve the inference
capability of large models by learning from small models,
thus boosting the overall FL performance. Comprehensive
experimental results obtained from simulation- and real test-
bed-based AloT systems show that our approach can achieve
sss better inference performance compared with state-of-the-art
s30 heterogeneous FL methods.
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