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1 Abstract—Federated learning (FL) as a promising distributed
> machine learning paradigm has been widely adopted in Artificial
s Intelligence of Things (AIoT) applications. However, the efficiency
+ and inference capability of FL is seriously limited due to the
s presence of stragglers and data imbalance across massive AloT
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devices, respectively. To address the above challenges, we present
a novel asynchronous FL approach named CaBaFL, which
includes a hierarchical cache-based aggregation mechanism and
a feature balance-guided device selection strategy. CaBaFL
maintains multiple intermediate models simultaneously for local
training. The hierarchical cache-based aggregation mechanism
enables each intermediate model to be trained on multiple devices
to align the training time and mitigate the straggler issue. In
specific, each intermediate model is stored in a low-level cache for
local training and when it is trained by sufficient local devices, it
will be stored in a high-level cache for aggregation. To address the
problem of imbalanced data, the feature balance-guided device
selection strategy in CaBaFL adopts the activation distribution
as a metric, which enables each intermediate model to be
trained across devices with totally balanced data distributions
before aggregation. Experimental results show that compared to
the state-of-the-art FL. methods, CaBaFL achieves up to 9.26X
training acceleration and 19.71% accuracy improvements.

Index Terms—Artificial Intelligence of Things (AloT), asyn-
chronous federated learning (FL), data/device heterogeneity,
feature balance.

I. INTRODUCTION

WITH the prosperity of artificial intelligence (AI) and
the Internet of Things (IoT), Al of Things (AloT)
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is becoming the mainstream paradigm for the design of
large-scale distributed systems [1], [2], [3], [4]. Federated
learning (FL) [5], [6], [7], [8], [9], [10] as an important
distributed machine learning paradigm has been widely used
in AloT-based applications, e.g., mobile edge computing [11],
healthcare systems [12], and autonomous driving [13].
Typically, AloT-based FL consists of a central server and a
set of AloT devices. The cloud server maintains a global
model and dispatches it to multiple AloT devices for training.
Each AloT device trains its received global model using its
local data and then uploads the local model to the server.
By aggregating all the local models, the server can achieve
collaboratively global model training without leaking the raw
data of any devices.

However, due to the heterogeneity of devices and data,
AloT-based FL still encounters two main challenges. The
first challenge is the straggler problem. The heterogeneous
nature of AloT devices (e.g., varying computing and wireless
network communication capacities), can result in significant
differences in the training time for each device [14], [15].
Aggregating all the local models, including those from devices
with poor computation capabilities, can lead to longer training
time. The second challenge is that the data among AloT
devices are not independent-and-identically distributed (non-
IID) [16]. Such a data imbalance issue among AloT devices
can lead to the problem of “weight divergence” [17] and
results in the inference accuracy degradation of the global
model [18], [19]. To address the above challenges, the exist-
ing solutions can be mainly classified into three schemes,
i.e., synchronous [20], [21], [22], asynchronous [23], [24],
and semi-asynchronous [25], [26], [27]. In synchronous FL
methods [5], the cloud server generates the global model after
receiving all the local models. The non-IID problem could be
alleviated with some well-designed training and client selec-
tion strategies [20], [28], [29], while the straggler problems
cannot be well addressed. Asynchronous FL methods [23]
directly aggregate the uploaded local model to update the
global model without waiting for other local models. By
a timeout strategy, asynchronous FL methods could discard
stragglers, thereby avoiding the inefficient update in the global
model. However, non-IID scenarios still seriously limit the
performance of existing asynchronous FL methods. Semi-
asynchronous FL methods [25], [26] maintain a buffer to store
uploaded local models, when the stored models reach a certain
number, the server performs an aggregation operation and
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clears the buffer. Although semi-asynchronous FL methods
can alleviate the straggler problems, they still encounter the
problems of non-IID data. Due to adopting different train-
ing mechanisms, synchronous methods are often difficult to
combine directly with asynchronous methods. Therefore, how
to ensure performance in scenarios of data imbalance while
solving the straggler problem is a serious challenge.

To address both the straggler and data imbalance challenges,
this article presents a novel asynchronous FL. approach named
CaBaFL. It maintains a hierarchical cache structure to allow
each intermediate model to be asynchronously trained by
multiple clients before aggregation and uses a feature balance-
guided client selection strategy to enable each model to
eventually be trained by totally balanced data. To address
the challenge of stragglers, we use a hierarchical cache-based
aggregation mechanism to achieve asynchronous training.
Specifically, we use multiple intermediate models for local
training and to guarantee the number of activated devices,
we enable each intermediate model participant in the aggre-
gation after multiple times of local training. To facilitate the
asynchronous aggregation, each intermediate model is stored
in the low-level cache named L2 cache. When trained with
sufficient devices, a model can be stored in the high-level
cache named L1 cache. While a certain number of devices
trains a model, it will be updated with the global model
aggregated with all the models in the L1 cache. Based on our
asynchronous mechanism, the feature balance-guided device
selection strategy wisely selects a device for each intermediate
model, aiming to make the total data used to train the
model balanced before aggregation. However, gaining direct
access to the data distribution of each device could potentially
compromise users’ privacy. To address this concern, we are
inspired by the observation that the middle-layer features
strongly reflect the underlying data distributions and propose a
method to select devices based on their middle-layer activation
patterns. This article has three major contributions.

1) We propose a novel asynchronous FL framework named
CaBaFL, which enables multiple intermediate models
for collaborative training asynchronously using a hierar-
chical cache-based aggregation mechanism.

We present a feature balance-guided device selection
strategy to wisely select devices according to the acti-
vation distribution to make each intermediate model be
trained with totally balanced data, which alleviates the
performance deterioration caused by data imbalance.
We conduct comprehensive experiments on both well-
known datasets and models to show the superiority of
CaBaFL over state-of-the-art (SOTA) FL methods for
both IID and non-IID scenarios.

2)

3)

II. PRELIMINARY AND RELATED WORK

125 A. Preliminary of Federated Learning

126

127

128

129

130

In general, an FL system consists of one cloud server and
multiple dispersed clients. In each round of training in FL, the
cloud server first selects a subset of devices to distribute the
global model. After receiving the model, the devices conduct
local training and upload the model to the cloud server. Finally,

the cloud server aggregates the received models and obtains a
new global model. The learning objective of FL is to minimize
the loss function over the collection of training data at N
clients, i.e.,

o 1Dl
min F(w) = ) CF(w)

)
— DI

where N is the number of clients that participate in local
training, w is the global model parameters, Dy is the k" client,
|Di| represents the training data size on Dyg, and Fr(w) =
1/ |Dk|)2jeDk]§-(w) is the loss empirical objective over the
data samples at client k.

B. Related Work

Asynchronous FL has a natural advantage in solving the
straggler effect, where the server can aggregate without wait-
ing for stragglers. Xie et al. [23] developed a FedAsync
algorithm, which combines a function of staleness with
asynchronous update protocol. In FedASync, whenever a
model is uploaded, the server directly aggregates it. Although
FedASync can solve the straggler problem, some stragglers
may become stale models, thereby reducing the accuracy of
the global model. In addition, the client in FedASync will
send a large number of models to the server, causing a lot
of communication overhead. In terms of reducing data trans-
mission, Wu et al. [25] proposed a SAFA protocol, in which
asynchronous clients continuously perform local updates until
the difference between the local update version and the global
model version reaches tolerance. Although SAFA considers
model staleness, the server needs to wait for the asynchronous
clients. Moreover, SAFA needs to maintain a bigger buffer
compared to FL, which can cause more memory costs and
thus lead to high complexity and low scalability. Similarly,
Ma et al. [26] set a model buffer for model aggregation to
achieve semi-asynchronous FL and dynamically adjust the
learning rate and local training epochs to mitigate the impact
of stragglers and data heterogeneity. However, none of the
above methods can solve the problem of data heterogeneity
well.

To address the data heterogeneity problem, Zhou et al. [30]
proposed the WKAFL protocol, which leverages the stale
models of stragglers by maintaining a globally unbiased gra-
dient and mitigates the impact of data heterogeneity through
gradient clipping. Hu et al. [31] used the semi-asynchronous
FL mechanism, which maintains a buffer in the cloud server
to store the local models. The server attempts to alleviate the
impact of data heterogeneity by minimizing the variance of
hard labels in the buffer. However, this method requires the
clients to send the hard labels to the server. Unfortunately, in
real-world scenarios, hard labels of data often contain sensitive
information and cannot be obtained by the server. As an alter-
native, FedAC [32] employs a momentum aggregation strategy
for updating the global model and incorporates fine-grained
correction to adjust client gradients, effectively mitigating the
challenges posed by data heterogeneity. FedL.C [33] deals with
the non-IID problem by enabling local collaboration among
edge devices and solves the stale model problem through
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Fig. 1. Motivating example of our asynchronous FL method. (a) Conventional
synchronous FL. (b) Intuition of our asynchronous FL.

dynamic learning rates. However, these methods optimize the
aggregation strategy without using a wise device selection
strategy, which still seriously limits their performance.

To the best of our knowledge, CaBaFL is the first attempt
to employ collaborative training and feature balance-guided
device selection strategy in asynchronous FL to improve both
model accuracy and training stability.

III. MOTIVATION

13 A. Intuition of Our Asynchronous FL Mechanism
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Fig. 1 presents the intuition of our asynchronous FL. mech-
anism. Assume that one FL training involves the local training
of three models. Fig. 1(a) presents a training snapshot of some
conventional synchronous FL methods, where local models
are aggregated after they finish training on one activated
device. In this case, the FL. method performs two aggregation
operations without taking the straggler problem into account.
From this subfigure, we can clearly observe that some models
become idle in between two aggregations. Unlike conventional
FL methods, our approach always pushes models to conduct
local training synchronously in a balanced way. Specifically,
our approach considers the straggler problem and allows a
model to be trained on multiple devices before an aggregation
operation. When an activated device finishes its local training,
it will immediately forward its hosting model to another device
with a balanced training overhead. As an example shown
in Fig. 1(b), a model can traverse two devices before one
aggregation operation, and all three models have similar total
training time spent on their two traversed devices. In this
way, the straggler problem can be mitigated, since a compact
training scheme can not only enable stragglers to be chosen for
local training more often in a fair manner but also accelerate
the training convergence processes.

B. Correlation Between Data and Activation Distributions

To mitigate the challenge posed by data imbalance, our
objective is to carefully choose devices for each intermediate
model and ensure that the total data used for training the model
is balanced before aggregation. Accomplishing this task neces-
sitates having knowledge of the data distribution associated

with each device. Due to the risk of privacy leakage, it is
difficult for the server to obtain the data distribution of each
device directly. Therefore, selecting an easily obtainable metric
that does not compromise privacy to guide device selection,
which ensures that each intermediate model is trained by
balanced data is a key challenge for our asynchronous FL
approach in dealing with the non-IID problem. We have made
the following important observations that demonstrate the
ability of middle-layer activation patterns to reflect the input
data distribution of each device. Moreover, we have found that
the activation distributions (i.e., feature distributions) of some
model middle-layer can provide a finer-grained representation
of input data distributions than the one relying solely on input
data labels. These observations motivate us to select devices
based on middle-layer activation distributions.

Observation 1: To explore the connection between the
activation distribution and the data distribution, we divide
CIFAR-10 into six subdatasets (i.e., Dg—Ds), in which the data
in Dy is balanced, i.e., IID, and the other five data are divided
according to the Diricht distribution [34] Dir(8), where a
small value of B indicates a more seriously data imbalance
among subdatasets. We select ResNet-18 for model training
and computing the activation distribution of a specific layer on
the whole CIFAR-10 dataset and six subdatasets, respectively.

Fig. 2(a)—(c) present the cosine similarities of the activation
distribution using the whole CIFAR-10 dataset with that using
six subdatasets, with 8 = 0.1, 0.5, and 1.0, respectively. We
can observe that the Dy achieves the highest-cosine similarity
and the subdatasets divided with a smaller 8 achieves lower-
cosine similarity. Therefore, if the data distribution of a
subdataset is more similar to that of the whole dataset, it
achieves a higher-cosine similarity of their activation dis-
tribution. Fig. 2(d)—(f) present the cosine similarities of the
activation distribution using the CIFAR-10 dataset with that
using the combinations of five imbalance subdatasets. Note
that since the data in CIFAR-10 dataset and Dg is balanced,
data of the combination of all the five imbalance subdatasets
is balanced. From Fig. 2(d)—(f), we can observe that with the
data distribution of the combination dataset close to the whole
dataset, the cosine similarity of their activation distribution
becomes higher. Because the activation amount is obtained
by counting the number of times the neuron is activated, the
activation amount of the combination dataset is equal to the
sum of that of all the combined datasets.

Observation 2: Due to the preference difference of devices,
even if they have the same data label, the features of their data
may be different. For example, for the “Dog” category, some
users prefer Husky dogs, and some users prefer Teddy dogs.
Therefore, the data category distribution sometimes ignores
the differences between the same category data.

To explore whether differences between the same category
data can lead to different activation distributions, we select
the CIFAR-100 dataset, which contains 100 fine-grained and
20 coarse-grained classifications. We divide the CIFAR-100
dataset into six subdatasets (i.e., Dg—Ds), in which the data
in Dy is balanced on fine-grained classifications and the other
five data are balanced on course-gained classifications but
imbalanced on fine-grained classifications. We conduct model
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Cosine Similarity

Fig. 2. Cosine similarity comparison of activation distributions. (a) 8 = 0.1.
(b) B =0.5. (¢c) B = 1.0. (d) Combination for (a). (¢) Combination for (b).
(f) Combination for (c).
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Cosine similarity comparison on CIFAR-100 dataset.

28

training on the task of the coarse-grained classification and
computing the activation distribution of a specific layer on the
whole CIFAR-100 dataset and six subdatasets, respectively.
Fig. 3 presents the cosine similarities of the activation
distribution using CIFAR-100 with six subdatasets. We can
observe that Dy achieves the highest-cosine similarity and the
difference of data with the same category can decrease the
similarity of activation distribution. Therefore, compared to
the data distribution, the activation distribution can express the
differences between data in a more fine-grained manner.
201 The above observations indicate that the higher the cosine
similarity between the activation distributions of training data
and the global activation distribution, the more balanced the
training data are. Therefore, selecting a device that enables
high-cosine similarity can lead the training data distribution to
be IID. In our approach, we use activation distributions as a
metric to guide the server to select devices, ensuring that each
intermediate model is trained using more balanced data.
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IV. Our CABAFL APPROACH

299
a0 A. Overview

st Fig. 4illustrates the framework and workflow of our CaBaFL
a2 approach, which consists of a central cloud server and multiple
AloT devices, i.e., D1 — Dy, where the cloud server includes
two crucial components, i.e., a hierarchical cache-based model
aggregation controller and a feature balance-guided device
selector, respectively. The hierarchical cache-based model
aggregation controller performs the model aggregation and
updating according to the number of training times. The feature

303

304

305
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307

308

balance-guided device selector chooses clients for local training
based on the cosine similarity between the model’s feature in
the L2 cache and the global feature. Note that, according to
the observations in Section III, we select the activation of a
specific layer as the metric to calculate the feature. Assume that
[ is a layer of some model m. From the perspective of m, the
feature distribution of a device is the activation distribution of
[ using raw device data as inputs of m. The feature distribution
of an intermediate model indicates the accumulative feature
distributions of / on all its traversed devices since the last
aggregation. For example, assume that an intermediate model
my is continuously trained by devices D; and D;, its feature
distribution can be calculated as f,, = fp; +fp;, where fp, and
/b, are the feature distribution on D; and Dj, respectively. Note
that, the global feature distribution is the sum of all the device
feature distributions. Assume there are N devices, the global
feature can be calculated with f, = Zf’:] Ipi-

Inspired by the concept of cache in the computer archi-
tecture domain, we developed a novel two-level cache-like
data structure that is hosted in the memory. In CaBaFL, the
hierarchical cache-based model aggregation controller consists
of a 2-level cache data structure to store intermediate models
and a cache update controller to control model updating in
L1 cache. The feature balance-guided device selector consists
of a model feature distribution cache and a device feature
distribution cache, where the model feature distribution cache
records the feature distribution of each intermediate model and
the device feature distribution cache records the global feature
distribution and feature distributions of each device. When
an intermediate model completes a local training session, the
device selector updates its feature distribution by adding the
feature distribution of its latest dispatched device to its original
feature distribution. In addition, CaBaFL periodically broad-
casts the global model to all devices to collect their feature
distributions. Upon receiving the global model, each device
calculates the device feature distribution using its raw data.
After the feature distribution collection, the server updates the
device feature distribution cache and model feature distribution
cache. Note that the feature distribution collection process
operates asynchronously with the FL training process. As
shown in Fig. 4, the FL training process for each intermediate
model in CaBaFL includes five steps as follows.

1) Step 1 (Device Selection): For an intermediate model,
the device selector selects a device according to the
feature distribution and training time of the intermediate
model and the feature distributions of candidate devices.

2) Step 2 (Model Dispatching): The server dispatches
intermediate models to selected devices for local
training.

3) Step 3 (Model Uploading): The device uploads the
model to the cloud server after local training is com-
pleted.

4) Step 4 (Cache Update): The cache update controller
stores the received model in the L2 cache and decides
if it updates the model to the L1 cache according to its
training times and features.

5) Step 5 (Cache Aggregation): If an intermediate model
reaches the specified training times, the cloud server
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Fig. 4. Framework and workflow of CaBaFL.

aggregates all the models in the L1 cache to generate

a new global model and update the intermediate model

using the global model.
Our approach repeats steps 1-5 until a given time threshold
is reached. Throughout the training process, none of the
intermediate models need to wait for other intermediate models,
i.e., all the intermediate models are trained asynchronously.

Algorithm 1 details the implementation of our CaBaFL

approach. Assume that there are at most K activated clients
participating in local training at the same time. Line 1
initializes the 2-level caches and other parameters we need.
Note that the size of the L1 and L2 cache is K intermediate
models. Line 2 initializes the vector sims. Lines 3-28 present
the FL training process of models in the 2-level cache, where
the “for” loop is a parallel loop. Line 6 represents that the
model m; is uploaded to the server after training on the
device D;. Line 7 represents the training times of m; plus one.
Line 8 represents the server storing the model m; in the L2
cache. In line 9, the server calculates the cosine similarity
sim; between the model feature distribution f;,;, and the global
feature distribution f, as sim;. After that, the server adds sim; to
sims and sorts sims (lines 10 and 11). In lines 12—16, the server
updates miL1 using the eligible m;. Line 13 represents that the
server updates the model in the L2 cache to the corresponding
L1 cache. In lines 15 and 16, the server updates the feature
distribution f, 11 and the training data size for m{‘l after the
L1 cache is ui)dated. Lines 18-23 present the details of the
model aggregation process. In line 18, model aggregation is
triggered when c;, the training times of m;, achieves k. In line
19, the server aggregates models in the L1 cache to obtain a
new global model mgy;,. In lines 20-23, the server replaces m;
and cache[1][i — 1] with the mg;, and resets the training times
and model feature of m;. In line 25, DevSel() selects a device
D; for m; for model dispatching.

B. CaBaFL Implementation

1) Hierarchical Cache-Based Asynchronous Aggregation:
Hierarchical Cache Updating: CaBaFL maintains a 2-level
cache in the cloud server to screen models in the L2 cache.

Algorithm 1 Implementation of CaBaFL

Input: i) fg, global feature distribution; ii) fp, feature distributions of
devices; iii) fi, feature distributions of models; iv) T, time threshold.
Output: mg,, the global model;
CaBaFL(fg.fp fin.T)

1: Init(cache, c, DS, DSLI, S);

2: Veclnit(sims);

3: while time threshold 7 is not reached do
4 /* Parallel for */
5 fori < 1,...,K do
6: m; <— ReceiveModel(i);
7.
8
9

ci<ci+1;
cache[0][i — 1] < m;;
simj < cossim(fg,fmi);

add(sims, sim;);
11 sort(sims); )
12: if ¢; > % or‘% >yth€fn
13: cache[1][i — 1] < cache[O][i — 1];
14: mkl < cache[1][i — 1];
15: mel <—fmi;

1

16: DSH < Ds;;
17: end if
18: if ¢; = k then
19: Mglp < Aggr(le, DSLI);
20: cache[1][i — 1] < Mglp}
21: mj <= Mgy}
22: ci < 0;
23: Sm; < null;
24 end if
25: Dj < DevSel(fg, fp. DS, S, ci, fm;);
26: end for

27: end while
28: return mgp;

When a model completes local training and is uploaded to the
cloud server, the cloud server first saves the model in the L2
cache. If the model meets certain conditions, the server updates
the model to the L1 cache. The server calculate the cosine
similarity sim; between the model feature distribution f,,, and
the global feature distribution f, as sim; = cossim(fg, fn,) =
[(fe - fin) / (e N fom; D] If sim; is low, aggregating these models
hurts the performance of the global model. To perform
effective model screening, the cloud server maintains a sorted
list sims, which records the similarity between the features
of all models trained and f,. The server adds sim; to sims.
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ml-“ will be updated to m;, if ([index(sim;)]/[len(sims)]) > y,
where index(sim;) represents the index of sim; in sims and
len(sims) represents the length of sims. In addition, if the
number of model training times exceeds half of the specified
times, i.e., ¢; > (k/2), the cloud server will also update miL1
to m; because the model has learned enough knowledge to
participate in model aggregation.

Model Aggregation Strategy (Aggr(-)): In cache aggregation,
our approach calculates a weight for the model in the L1 cache
based on the training data size and the similarity between the
model features and global features. The aggregation process
is formulated as follows:

K (DsE)”
AggregatiOIl(le DSLl) = Lo X Lo 2
’ k (Dsp)”
Q=1 T=c;

where miL1 represents the model in L1 cache, DSZ.L1 represents
the size of training data of miLl, CS; = cossim(f, L1, fg) T€P-
resents the similarities between the feature distribution of the
model in L1 cache fmlLl and the global feature distribution fg,
K represents the size of the cache, and « is a hyperparameter
that is less than 1.

To calculate the weight, we first calculate the model weights
based on the model’s training data size. Due to the possibility
of different numbers of training times of the model in the L1
cache, there may be significant differences in the training data
size of the model. Therefore, if we directly use the training
data size as the weight, it may harm the performance of
the global model when data heterogeneity is high. Therefore,
we use the hyperparameter v to mitigate this effect. After
that, we calculate the weights based on the similarity CS;
cossim(fg, f,.01). The higher the CS;, the more balanced the
model feature distribution is, and the higher the weight is
assigned to the model. Since the similarity between models is
very close to 1, to achieve small differences between them,
we use 1 — CS; to amplify these differences.

2) Feature Balance Guided Device Selection: Algorithm 2
presents the device selection strategy of CaBaFL. When select-
ing devices, greedily choosing the device with the greatest
similarity between model features and global features can lead
to fairness issues by causing some devices to be selected
repeatedly while others are rarely selected. Therefore, CaBaFL
sets a hyperparameter . When the variance of the number
of times devices are selected exceeds o, the server selects
devices from those idle devices with the fewest selections;
otherwise, the selection range is all idle devices (lines 1-4).
Note that we normalize before calculating the variance. If the
model has just started a new training round, i.e., ¢; = 0,
the server randomly selects a device for the model to start
a new training round (lines 6-9). Otherwise, for each device
Dj, CaBaFL calculates the cosine similarity wq between the
model feature distribution when Dj is selected and the global
feature distribution (line 11). CaBaFL also considers balancing
the total training time of the models in the L2 cache when
selecting devices. Since the training time of a device is often
directly proportional to the size of its data, balancing the model
training data size can indirectly balance training time between
models in the L2 cache. More balanced training times between

Algorithm 2 Device Selection Procedure

Input: i) fg, global feature distribution; ii) fp, feature distributions of
devices; iii) DS, data size of L2 cache; iv) S, selected times of devices;
V) ¢;, training times of m;; vi) f,;, feature distribution of m;.
Output: D;, selected device.
DevSel(f, fp.DS.S,ci fim;)
1 sr < GetldleDevice();
: Sdle  (Sp. | D; € sr}
. if var(S) > o then )
st < (D | S’[;"j’f = min(§™le)};
end if
: if ¢; = 0 then
Dj < RandomlySelect(sr);
return D;
: end if
: for Dj € sr do
11: wy < cossim(fg, fin; +ij);
DS <« DS;
13: DS} < DS, + |D;

WRIDN 2D

>

14: wy < var(DS');
15: WD; < Wl —wp;
16: end for

17: res < argmaxD/, wD;3
18: Sres < Spes + 1

s Jmg < Jm; +IDyeg

: DS; < DS; + |Dresl;
: return res

models can alleviate the stale model problem caused by the
stragglers and allow for faster training. Therefore, CaBaFL
calculates the variance of the training data size of the model
in the L2 cache when D; is selected (lines 12-14), where | D]
represents the training data size on Dj. w is then subtracted
by the variance to obtain the weight of the device (line 15),
and the device with the highest weight is selected for model
dispatching (line 17). Finally, lines 18-20 update Sy, fin; and
DS;.

V. PERFORMANCE EVALUATION
A. Experimental Setup

To demonstrate the effectiveness of our approach, we
implemented CaBaFL using the PyTorch framework [35]. All
experimental results were obtained from a Ubuntu workstation
equipped with an Intel i9 CPU, 64GB of memory, and an
NVIDIA RTX 4090 GPU.

Settings of Baselines: We compared our approach with six
baselines, including the classical FedAvg [5] and five SOTA
FL methods (i.e., FedProx [20], FedAsync [23], SAFA [25],
FedSA [26], and WKAFL [30]), which aim to solve similar
problem. Note that FedAvg and FedProx are synchronous FL
methods, FedAsync is an asynchronous FL method, and the
other three are semi-asynchronous FL methods. For SAFA,
FedSA, and WKAFL, we set the model buffer size to K/2. To
ensure a fair comparison, we used an SGD optimizer with a
learning rate of 0.01 and a momentum of 0.5 for all baselines
and CaBaFL. Each client was trained locally for five epochs
with a batch size of 50. Note that all these experimental
settings are widely used in the evaluation of baselines.

Settings of Datasets and Models: Our experiments were
conducted on three well-known datasets, i.e., CIFAR-10,
CIFAR-100 [36], and FEMNIST [37], which are widely used
in evaluating the performance of the above baselines. To create
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TABLE I
COMPARISON OF TEST ACCURACY FOR BOTH IID AND NON-IID SCENARIOS

Dataset Model Heterogeneity Test Accuracy (%)

Settings FedAvg [5] FedProx [22]  FedASync [25] FedSA [30] SAFA [29] WKAFL [34] CaBaFL
B8 =0.1 45.65 +3.52  45.57 £ 1.42 47.34 £0.72 47.26 £1.61 42.20+2.63 40.86 £5.98 55.46 £+ 0.67
ResNet-18 B=0.5 60.34 +0.37  58.66 £+ 0.27 60.70 + 0.28 60.59 +£0.28 57.69+0.71 67.84+0.78 69.31 +0.18
) B8=1.0 65.79+0.34 63.55+0.11 66.61 +0.22 65.11 +£0.27 61.924+0.44 71.194+049 72.84 4+ 0.36
11D 64.89 +0.17 63.78 £0.14 64.76 + 0.10 64.98+0.12 64.284+0.16 73.50+0.18 74.83 £ 0.07
B =0.1 46.58 £ 1.29 46.59 £ 1.06 48.90 + 0.68 4858 £+ 1.92 42.66 £2.23 41.03+3.91 52.92 £ 0.62
CIFAR-10 CNN B8=0.5 54.77 £ 0.60 54.33 £0.22 55.97 + 0.66 55.44+0.37 52.63+1.30 50.25+3.15 57.89 £ 0.59
B8=1.0 55.88 £ 0.53  55.72 £ 0.28 56.00 = 0.31 56.45+0.28 54.42+1.02 53.88+1.78 58.58 +£0.72
11D 57.87+0.19 57.76 £0.21 57.82 + 0.09 57.94+0.14 55.88+0.17 58.15+0.38 61.75 £ 0.30
B5=0.1 62.67 = 5.15 63.31 £3.28 66.26 + 1.24 65.26 +2.13  56.37 £3.95 55.09+3.92 70.68 £1.49
VGG-16 B8=0.5 77.94+046 77.15+£0.09 78.26 £ 0.20 78.02+0.26 75.40+0.87 78.78 £0.20 82.36 £ 0.25
B8=1.0 79.45+041 78.58 £0.14 79.69 £ 0.17 78.64+0.33 T77.46+0.75 80.19+1.02 83.81+0.27
11D 80.35+0.05 79.22 £ 0.08 80.30 &+ 0.06 80.42+0.04 79.25+0.14 82.89+0.24 85.12 4 0.05
B8 =0.1 33.64 +£0.52 33.24 £ 0.38 35.05 +0.41 33.61 +£0.49 31.01+1.04 27.65+222 37.77+£0.35
ResNet-18 B=0.5 41.31+0.19 40.08 £0.18 42.75 +0.37 41.96 £ 0.20 39.44+0.44 44.78 £1.48 47.30 &+ 0.28
i B =1.0 43.33+0.19 41.76 £0.11 44.85 +0.23 42.75+0.23 40.924+0.23 47.41+0.76 48.10 & 0.44
11D 42.76 +£0.09 42.63 +0.15 42.20 £ 0.18 43.18 £ 0.15 42.074+0.16 49.10+0.20 49.64 % 0.06
B =0.1 29.44+0.65 30.64 £0.83 31.81 £0.57 30.52+0.49 29.44+1.44 19.18+259 33.22 £ 0.48
CIFAR-100 CNN B=0.5 34.08 +0.64 34.73+0.45 32.99 +0.30 34.70 +£0.49 33.984+0.95 28.88+2.25 36.44 1+ 0.39
B=1.0 32.43+0.48 32.74+0.38 32.84 +£0.27 34.27+0.30 33.554+0.35 31.35+1.35 37.31 4 0.49
11D 33.04 +0.24 33.55+0.20 32.60 + 0.22 33.23+0.15 31.734+0.37 32.99+0.68 36.88 & 0.33
B =0.1 4730+ 1.27 4729 £0.45 49.69 £+ 0.68 46.91 +1.41 4234+1.66 30.82+3.78 50.53 £0.49
VGG-16 B8=0.5 54.83 £ 0.59  53.80 £ 0.59 56.39 +0.47 54.55+0.40 50.61 +£0.66 53.08+2.40 57.37 £0.37
B8=1.0 56.49 +0.21  54.50 £+ 0.35 57.30 + 0.35 55.24+0.31 53.65+0.40 56.71+1.07 59.53 £0.17
11D 57.56 £0.05 56.30 £+ 0.23 57.91 +£0.13 56.39+0.14 55.33+0.24 61.16+0.38 64.96 £ 0.04
ResNet-18 - 82.25+0.43 81.57 +0.30 82.87 +0.35 82.07+£0.43 76.85+0.35 74.68+0.60 84.08+0.17
FEMNIST CNN - 81.29+0.38 81.57 £0.29 82.68 +0.23 81.99 £0.46 76.82+0.38 73.81+0.58 84.00 £ 0.10
VGG-16 - 82.34+£0.38 81.38£0.21 82.73 £ 0.26 82.00 £0.47 76.87£0.39 74.62+0.47 84.30+£0.13

TABLE II

so+ the heterogeneity of device data for CIFAR-10 and CIFAR-
ss 100, we employed the Dirichlet distribution Dir(8) [34],
sos Where smaller values of B indicate greater data heterogeneity.
sov As FEMNIST already possesses a non-IID distribution, we
sos did not require the use of the Dirichlet distribution. Moreover,
s00 to show the pervasiveness of our approach, we conducted
s10 experiments on three networks, i.e., CNN, ResNet-18, and
511 VGG-16, which have different structures and depths.

2 Settings of System Heterogeneity: To simulate system het-
s13 erogeneity, for the experiments on datasets CIFAR-10 and
s14 CIFAR-100, we assumed each of them involved 100 AloT
s15 devices with varying computing power. However, for dataset
st6 FEMNIST, there are a total of 180 devices. First, we simulate
stz different computing power based on the processing speed of
s18 true devices. Since the NVIDIA Jetson AGX Xavier device can
s19 be powered by different performance modes that can provide
s20 different computing power, we measured the processing speed
s21 under different performance modes and used it as the basis for
s22 simulating the computing power of our devices. To generate
s2s the simulated computing power, we used a Gaussian distri-
s2« bution with the mean and variance obtained from actual time
s2s consumption data of training models on Jetson AGX Xavier.
s26 Specifically, we assume that the training performance (i.e.,
s27 the training time of one data sample) of a device follows the
s2s Gaussian distribution N(0.03, 0.01), as measured in seconds.
s20 Second, we simulated a fixed network bandwidth for each
s30 device to calculate the communication time required with the
s31 cloud server. In addition, we assume only 10% of devices can
se2 participate in training at the same time.

5

]

s B. Performance Comparison

ss¢ 1) Comparison of Accuracy: Table 1 compares the test
ss5 accuracy between CaBaFL and all the baselines on three
ss datasets with different non-IID and IID settings using ResNet-
ss7 18, CNN, and VGG-16 models. From Table I, it can be

COMPARISON OF COMMUNICATION OVERHEAD

Heter. Communication Overhead

Settings Ace. (%) FedAvg FedProx FedASync FedSA SAFA WKAFL CaBaFL
B=0.1 40 1620 1620 600 1510 4700 7930 1360
i 45 2300 2300 4220 2380 14640 7940 2120
B=05 58 2760 2760 3160 3160 9550 2680 1811
i 60 7860 NA 11060 11040 NA 3380 2259
B=10 63 2920 5200 2580 4560  NA 2960 2085
i 65 7480 NA 5760 10270 NA 3270 2279
IID 63 1200 1220 940 1770 5800 1580 1593
70 NA NA NA NA NA 4010 2441

observed that CaBaFL can achieve the highest-test accuracy
in all the scenarios regardless of model type, dataset type,
and data heterogeneity. For example, CaBaFL improves test
accuracy by 19.71% over WKAFL in CIFAR-100 dataset with
VGG-16 model when 8 = 0.1. Fig. 5 shows the learning
curves of CaBaFL and all baseline methods on CIFAR-10 and
ResNet-18. As an example of dataset CIFAR-10, when 8 = 0.1
and the target accuracy is 45%, CaBaFL outperforms SAFA
by 9.26X in terms of training time. Moreover, We can observe
that CaBaFL achieves the highest accuracy and exhibits good
stability in its learning curve. Furthermore, we can find that
our method can perform better than the baselines even in the
IID scenario. This is mainly because in CaBaFL, a model can
be trained on multiple devices before being aggregated, i.e., it
can perform more times of stochastic gradient descent.

2) Comparison of Communication Overhead: To evalu-
ate the communication overhead caused by CaBaFL, we
conducted experiments on the CIFAR-10 dataset using the
ResNet-18 model. Table II compares the communication over-
heads between CaBaFL and the baselines to achieve specified
inference accuracy for the global model. We can find CaBaFL
leads to the least communication overhead within six out of
the eight cases. For example, when the target accuracy is 65%
and 8 = 1.0, the communication overhead of FedASync is
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Fig. 5. Learning curves of training CIFAR-10 with ResNet-18. (a) g = 0.1.
(b) B =0.5. (c) p=1.0. (d) IID.
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TABLE III
STABILITY COMPARISON USING THE STANDARD DEVIATION OF MA

FedProx
0.41

FedSA
0.56

SAFA WKAFL  CaBaFL
1.47 4.13 0.37

FedAvg
0.72

FedASync
0.38

5760, while our approach is 2279. Note that both FedProx and
SAFA cannot achieve the target in this case.

3) Comparison of Stability and Fairness: We conducted
experiments to quantify the stability and fairness of models
using the CIFAR-10 dataset and ResNet-18 model with g =
0.5. For stability analysis, we used the standard deviation of
the moving average (MA) to quantify model stability. We
calculated the performance of our method and all baselines
on this metric, and the results are shown in Table III. We
can find that CaBaFL performs best. Meanwhile, our approach
considers the fairness of device selection. By introducing the
hyperparameter o (see line 3 of Algorithm 2), our device
selection strategy can ensure that all devices are selected with
a similar number of times. We normalized the number of times
a device is selected and used the variance of the normalized
values of devices to quantify such fairness. We compared
our device selection strategy with the classic random device
selection strategy. We found that the fairness of using our
device selection strategy is 8.7 x 10~7, while the fairness of
using the random strategy is 1 x 107, indicating the fairness
of CaBaFL is similar to the one of FedAvg.

C. Impacts of Different Configuration

1) Impacts of Different Features: We investigated the
impact of selecting features from different model layers on
accuracy. Since ResNet-18 has 4 blocks, we performed pooling
operations on the feature outputs of each block separately
and used them as features when selecting the device. The
feature dimensions of Blocks 1 to 4 are 64, 128, 256, and 512,
respectively. Fig. 6 shows all experiment results conducted
on CIFAR-10 with IID distribution and Dirichlet distribution
where f = 0.5. We can observe that selecting the features
from Block 4 performs the best. We can conclude that because

Accuracy (%)
Accuracy (%)
3

—— Blockl

Block2
—— Block3
—— Blockd

10000
Time

(a)

5000 10000

Time

(b)

15000 20

Fig. 6. Impact of different features on test accuracy. (a) 8§ = 0.5. (b) IID.

FedASync
—— FedAvg
—— FedProx
—— FedsA
SAFA
—— WKAFL

0 2000 4000 6000
Time

(b)

Accuracy (%)

anl I
0 2000

4000

(d)

6000
e

Fig. 7. Learning curves for different ratios of simultaneously training clients.
(a) 5%. (b) 10%. (c) 20%. (d) 50%.

of the highest dimensionality of Block 4, the features from
Block 4 can represent data distribution in a more fine-grained
manner, thus achieving the highest accuracy.

2) Impacts of Different Number of Simultaneously Training
Devices: By default, we assumed that 10% of devices were
selected to participate in the training simultaneously. To
investigate the impact of different numbers of devices trained
simultaneously, we also considered four different ratios (i.e.,
5%, 10%, 20%, and 50%) for simultaneously training devices,
and conducted experiments using ResNet-18 on CIFAR-10
with B = 0.5. Note that in the experiments, we did not
specify the percentages of stragglers using the above ratios.
Instead, we assumed that the performance of devices within
an experiment follows some Gaussian distribution, where
stragglers only denote weak devices with low-training speed.
From Fig. 7, we can find that more selected devices will lead
to more stable training convergence. This is because more
selected devices lead to more training data, thus alleviating the
weight divergence problem during the global model training.

3) Impacts of Different Device Performance: We conducted
an experiment to assess the generalization ability of CaBaFL.
Our experiment considered the impact of network conditions
on delay and the varying computing capabilities of devices on
local training time. To facilitate the evaluation, we combined
the delay and local training time, assuming that their combina-
tions adhere to Gaussian distributions. We consider five kinds
of device conditions, i.e., excellent, high, medium, low, and
critical, as illustrated in Table IV.
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TABLE IV

TRAINING PERFORMANCE FOR DEVICES

Quality Excellent

High Medium

Low

Critical

Device Settings N(10,1)

N(152) _ N(20,2)

N(03)  N(50,5)

TABLE V

CONFIGURATIONS OF DIFFERENT DEVICE COMPOSITIONS

Confi # of Clients
g Excellent High  Medium  Low  Critical

Configl 40 30 10 10 10

Config2 10 10 10 30 40

Config3 10 20 40 20 10

Configd 20 20 20 20 20

TABLE VI
TEST ACCURACY COMPARISON FOR DIFFERENT DEVICE
CONFIGURATIONS
Configration Configl Config2 Config3 Configd

FedAvg 4491 £2.63 44.78 £2.57 45.45+2.83 45.32+2.99
FedProx 46.34 £2.55 4459+286 46.14£3.11 43.79+£2.63
Test FedASync  50.31 £1.78 48.67 £1.65 50.12+2.17 49.16 £ 1.47
Acuracy FedSA 47.75+£232 46.32+1.21 46.51 £2.54 47.04 £2.51
(%) SAFA 41.68 £2.97 40.14£2.51 41.32+3.02 40.44+3.88
WKAFL 49.06 £6.67 39.30+6.65 46.79+6.16 39.55+5.12
CaBaFL 56.96 + 0.58 56.06 +0.50  56.13 £+ 0.54 56.74 + 0.60

e2 Based on Table IV, we considered four configurations as
e23 shown in Table V that have different device compositions to

e+ evaluate the generalization ability of CaBaFL.

e2s  We conducted our experiments using the ResNet-18 model
e26 on the CIFAR-10 dataset with § = 0.1. Table VI compares
e27 the accuracy between CaBaFL and all baselines.

e2s From this table, we can find that CaBaFL can achieve the
e20 highest and stablest accuracy in all four cases. Meanwhile,
s0 we can observe that the accuracy of baselines decreases
1 significantly when the numbers of stragglers increase, while
e the accuracy differences of our approach are small. This
e3s is mainly because both synchronous and semi-asynchronous
e3¢ methods must wait for a certain number of models before
s aggregating. Therefore, their accuracy is affected by stragglers.
e3s Moreover, the number of stale models increased due to the
e37 increase in the number of stragglers, leading to a decrease in

6!

@

6!

@

638 dccuracy.

e9 4) Impacts of Different Model Training Times: To inves-
es0 tigate the impact of model training times k, we set up five
41 different model training times, respectively, 10, 15, 20, 25,
sz and 30, and conducted experiments using ResNet-18 model
ss3 on CIFAR-10 dataset with IID distribution. Fig. 8 exhibits the
sss experiment result. We can find that as the model training times
ess k increase, the accuracy of the global model improves, but too
ss6 high a number of model training times leads to a decrease in
ez global model accuracy and instability of the learning curve.

e J) Impacts of Task Types: To evaluate the generalization
eso ability of our approach to different types of tasks, we
sso conducted experiments on two well-known nonimage-based
est datasets, i.e., the text type dataset Shakespeare [37] and the
es2 table type dataset Activity [38], using the LSTM model and
ess MLP model, respectively. From Table VII, we can find that
es¢ CaBaFL can achieve the best results in all two cases, indicating

ess the generalization ability of CaBaFL on different tasks.

Accuracy (%)
&

o o
=N

0 2000 4000 6000 8000 10000
Time

Fig. 8. Impact of training times on test accuracy.

o
.thl‘

111110 —
5000 10000
Time Time

0 5000 10000 15000 20000

(a) (b)

Fig. 9. Impact of the feature collection cycle. (a) 8 = 0.1. (b) IID.

6) Impacts of Feature Collection Cycles: We assumed that
feature collection is performed after every m cache aggrega-
tion. We set m to be 1, 10, 20, 50, and 100, respectively, and
conduct experiments on the CIFAR-10 dataset and ResNet-
18 model with both the IID distribution and the Dirichlet
distribution (with B = 0.1). Fig. 9 exhibits the experiment
results. From the results, we can find that both too-fast and
too-slow feature collection cycles result in lower-global model
accuracy. In addition, a feature collection cycle that is too fast
will significantly increase the communication overhead, since
the server needs to frequently send the global model to all
devices for feature collection.

D. Ablation Study

1) Key Components of CaBaFL: To demonstrate the effec-
tiveness of CaBaFL, we investigated five variants of CaBaFL:
1) Confl represents selecting devices-based only on the sim-
ilarity between model feature and global feature; 2) Conf2
denotes selecting devices-based only on data size; 3) Conf3
indicates randomly selecting devices; 4) Conf4 represents
aggregating models in the L2 Cache, which means only
L2 Cache is available in the server; and 5) Conf5 denotes
averaging aggregation during model aggregation.

We conducted experiments using the ResNet-18 model on
CIFAR-10 with both non-IID and IID settings, and the results
are presented in Table VIII. Table VIII shows that CaBaFL
achieves the highest-test accuracy among all six designs. By
comparing the performance of Conf4 and CaBaFL, we can
observe that our 2-level cache structure significantly improves
the stability of model training and enhances model accuracy in
scenarios with high levels of data heterogeneity. By comparing
the performance of Conf5 and CaBaFL, we observed that our
cache aggregation strategy significantly improves the model
accuracy. Furthermore, by comparing the performance of
Confl to Conf3 with that of CaBaFL, we observed that our
feature balance-guided device selection strategy is effective
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TABLE VII
TEST ACCURACY COMPARISON FOR DIFFERENT TASK TYPES

Test Accuracy (%)

Dataset FedAvg FedProx FedASync FedSA SAFA WKAFL CaBaFL
Shakespeare  51.61 £ 0.07 51.68£0.12 50.83 £0.10 51.80 £0.05 51.13£0.23 5178 £0.32 52.69 £ 0.10
Activity 9510 £0.16 9523 £0.12 95.06 £0.08 9527 £0.09 9347 £0.45 95.17 £0.76  95.43 £ 0.23
TABLE VIII .
COMPARISON OF TEST ACCURACY AMONG CABAFL AND ITS VARIANTS
. Test Accuracy(%)
Settings B=01 B=05 F=10 11D
CaBaFL  55.46 £ 0.67 69.31 £0.18 72.84 £0.36 74.83 £ 0.07
Confl 5254 £005 69.05 023 72.73E023 73.99 £0.18
Conf2 5416 £0.65 68.04L020 71.59+0.35 72.60 L 0.18
Conf3 5350 E£1.23 60.16 £0.10 72.80£0.34 72.67 £ 0.26
Confd  5329£2.12 6927 £042 72.49E026 73.91 £0.09
Conf5  53.08 1049 68.30L025 7147+0.12 72.99 L 0.18
Fig. 11. Our real test-bed platform.
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Fig. 10.  Comparison of accuracy based on activation amounts and hard
labels. (a) CIFAR-10, g = 0.1. (b) CIFAR-10, IID. (c) CIFAR-100, special.

69

in different scenarios of data heterogeneity. Especially under
the extreme data heterogeneity condition where 8§ = 0.1,
our device selection strategy can significantly improve the
accuracy of the global model compared to Conf3, which is
random device selection.

2) Activation Amounts Versus Hard Labels: We evaluated
the impact of activation amounts and hard labels on the
training performance of CaBaFL. Fig. 10(a) and (b) show
the results conducted on the combination of CIFAR-10 and
ResNet-18 within IID and non-IID (8 = 0.1), respectively. We
can find activation amount-based CaBaFL outperforms hard
label-based CaBaFL since activation distributions provide a
fine-grained representation for data distributions. Note that the
CIFAR-100 dataset consists of 20 coarse-grained categories,
which can be refined into 100 fine-grained categories. To
reproduce Observation 2 in Section III, we construct a special
data distribution for devices based on CIFAR-100, where the
device data are IID according to coarse-grained categories but
non-IID according to fine-grained categories. Fig. 10(c) shows
the training processes using ResNet-18, where activation
amount-based CaBaFL outperforms hard label-based CaBaFL
due to its fine-grained representation of data distributions.
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73 E. Real Test-Bed Evaluation

To evaluate the effectiveness of our approach in practical
scenarios, we conducted experiments on real devices using
CNN models and the CIFAR-10 dataset, considering both IID
and non-IID (8 = 1.0) scenarios. Fig. 11 shows our test-
78 bed platform, which uses: 1) an Ubuntu-based cloud server
equipped with an Intel 19 CPU, 32-GB memory, and an
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Fig. 12.  Comparison of accuracy for different system metrics (8 = 1.0).
(a) Wall clock time. (b) Communication overhead. (c) Energy consumption.
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Fig. 13. Comparison of accuracy for different system metrics (IID). (a) Wall
clock time. (b) Communication overhead. (c) Energy consumption.

NVIDIA RTX 3090Ti GPU and 2) four NVIDIA Jetson Nano
boards and six Raspberry Pi boards as heterogeneous clients.

Figs. 12 and 13 present a comparison of accuracy for
different system metrics on our test-bed platform. We can find
that CaBaFL can also achieve the best performance compared
to all the baselines. Please note that the number of samples per
device in the real test-bed platform is much bigger than the
number of samples per device in the simulation experiment.
As a result, the experiment in Fig. 10 is more likely to cause
much more severe catastrophic forgetting even when g =
1.0, resulting in large amplitudes of the learning curves. Note
that since the local epoch is smaller with 8 = 1.0 than with
IID distribution, the communication overhead is greater with
B = 1.0 than with IID distribution.

F. Impact of Hyperparameters

To evaluate the impact of hyperparameters in CaBaFL,
we set different configurations for «, y, and o, respectively,
and performed experiments in the CIFAR-10 dataset using
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TABLE IX
IMPACT OF @ ON TEST ACCURACY

Hetero. Value of o
Settings 0.5 0.7 0.9 1
5 =01 5546+0.67 54.63+£0.46 55.144+0.79 53.70+0.79
IID 73.07£0.09 73.31+0.11 73.48+0.20 74.83+0.07
TABLE X
IMPACT OF ¢ ON TEST ACCURACY
Hetero. Value of o
Settings 1x107° 2 x 10~° 3x107° 4x10°°
5 =0.1 5519+0.27 53.60+£0.33 5546 +0.67 54.44+1.07
IID 74.83+£0.07 72804+0.10 73.17+0.15 73.72+0.09
TABLE XI
IMPACT OF y ON TEST ACCURACY
Hetero. Value of ~
Settings 0.4 0.3 0.2 0.01
B8=0.1 5459+1.62 55.56+0.77 54.08+1.04 53.26+1.95
11D 73.19+£0.10 73.06+0.14 73.11+0.11 74.83£0.07

ResNet-18 model with IID and Non-IID (8 = 0.1) scenarios.
Tables IX—XI exhibit the experiment results.

Table IX shows the inference accuracy with different set-
tings of «. From Table IX, we can find that when the non-IID
degree is high, a smaller @ can improve the accuracy of
the model, while under the IID distribution, a larger o can
improve the accuracy of the model. This is mainly because
when the degree of non-IID is high, the local data size of the
device varies greatly, so a smaller « is needed to balance this
difference, while the opposite is true in the case of IID.

Table X shows the impact of o. We can find that when the
non-I1ID degree is high, a larger o can improve the accuracy
of the model, while under the IID distribution, a smaller o can
improve the accuracy of the model. Please note that CaBaFL
normalizes the number of times a device is selected before
calculating the variance of the number of times the device is
selected, so the value of o is less than 0.

Table XI shows the impact of y. We can find that when
the value of y is appropriate, CaBaFL can achieve better-
global model accuracy. When the non-IID degree is high, a
larger y, i.e., filtering more models to make the cumulative
training data of the model in the L1 cache more balanced, is
required to achieve higher-global model accuracy, while under
the IID distribution, a smaller y, i.e., filtering few models,
allows CaBaFL to achieve higher-model accuracy.

VI. DISCUSSION

4 A. Fairness and Workload Balance
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We strive to address the fairness and workload balance
issues in our device selection mechanism, where we use the
hyperparameter o to control the fairness of device selection
(see line 3 of Algorithm 2). During the FL training, if the vari-
ance of the number of device selections exceeds o, CaBaFL
will select idle devices that have been touched least frequently,
ensuring the fairness of device selection. We recorded the
number of times a device was selected using our device
selection strategy as well as the random selection strategy.
From Fig. 14, we can find that compared to the random

200
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N o @
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Number of times selected

-
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o
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randomly selecting ours

Fig. 14. Comparison between random selection strategy and our feature
balance-guided device selection strategy.

selection strategy, except for a few outliers, the number of
selected devices for our strategy is very close, demonstrating
that the workload between devices is balanced.

B. Complexity and Scalability

Assume that the dimension size of flattened feature distri-
butions is d, the current FL training round index is k, and the
number of activated devices in a round is n. Let D be the
number of all devices, and m be the total number of model
parameters. The memory and time complexity analysis of our
approach is as follows.

Time Complexity: The time complexity of our method
mainly comes from Cache Update and Device Selection.

1) Cache Update: From lines 9—12 of Algorithm 1, we can
figure out that the time complexity of Cache Update is
O(klogk + d).

2) Device Selection: From lines 10-16 of Algorithm 2, we
can determine the time complexity of device selection
is O(n(d + n)).

Above all, the overall time complexity of our method is
O(klogk + d + n(d + n)). Even for a FL system with 1000
devices, one round of Cache Update and Device Selection
costs less than 2ms, which is negligible compared with local
training time.

Memory Complexity: The memory complexity of our
method mainly also comes from cache update and device
selection.

1) Cache Update: Although there are two caches in our
method, we can only maintain the L1 cache, and the
L2 cache can only exist logically. Because the model in
the L2 cache can be deleted from memory after being
sent to the device for training. Therefore, the memory
complexity is O(nm). In addition, our method also main-
tains the model feature distribution and device feature
distribution, and its memory complexity is O((D +n)d).
Device Selection: From Algorithm 2, we can determine
that the memory complexity of device selection is
O(Dd + n). Since nm > Dd + dn + n, the overall
memory complexity of our method is approximately
O(nm), which is the same as the traditional FL.

2)

VII. CONCLUSION

To improve the inference performance of FL in large-scale
AloT applications, this article introduced a new asynchronous

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

813

814

815

816



81

I

81

®

81

©

82|

o

82

822

82

@

824

82!

o

82

3

82

N

82

®

82!

©

83

S

83

832

833

834

835

83

>

837

838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863
864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879
880
881
882

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

FL method named CaBaFL, which can effectively mitigate the
notorious straggler and data imbalance problems caused by
device and data heterogeneity. Specifically, CaBaFL maintains
a hierarchical cache data structure on the server that can:
1) mitigate the straggler problem caused by device heterogene-
ity using our proposed hierarchical cache-based aggregation
mechanism and 2) achieve stable training convergence and
high-global model accuracy by properly placing models in
different hierarchies of the cache. Moreover, by using our
feature balance-guided device selection strategy, CaBaFL
can alleviate the performance deterioration caused by data
imbalance. Comprehensive experimental results demonstrate
that CaBaFL can achieve much better-inference performance
compared with SOTA heterogeneous FL. methods within both
IID and non-IID scenarios.
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