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Abstract: Recent attention to privacy issues demands a communication-safe method for training human activity recognition (HAR)
models on client activity data. Federated learning (FL) has become a compelling technique to facilitate model training between
the server and clients while preserving data privacy. However, classical FL methods often assume independent and identically
distributed (IID) data among clients. This assumption does not hold true in practical scenarios. Human activity in real-world
scenarios varies, resulting in skewness where identical activities are executed uniquely across clients. This leads to local model
objectives drifting away from the global model objective, thereby impeding overall convergence. To address this challenge, we
propose FedCoad, a novel federated model leveraging contrastive learning with adaptive control variates to handle the skewness
among HAR clients. Model contrastive learning minimizes the gap in representation between global and local models to help
global model convergence. During local model updates, the adaptive control variates penalize the local model updates with respect
to the model weight and the rate of change from the control variates update. Our experiments show that FedCoad outperforms
state-of-the-art FL algorithms on HAR benchmark datasets.

Key words: Federated learning (FL); Human activity recognition (HAR); Contrastive learning; Deep learning
https://doi.org/10.1631/FITEE.2400797 CLC number: TP391

1 Introduction solution for training models across devices distributed

among clients. The FL method works well when the

Sensor-based human activity recognition (HAR)
using wearable devices is critical in user-centered appli-
cations like healthcare (Wu et al., 2022), smart environ-
ments (Bianchi et al., 2019), and fall detection (Mrozek
et al., 2020). Federated learning (FL) (McMabhan et al.,
2017) offers a decentralized and privacy-preserving
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client data are independent and identically distributed
(IID) as most of the clients have similar quantities,
labels, and features of data. However, humans per-
form various activities and even have unique patterns.
Therefore, real-world HAR data are inherently non-IID
since they exhibit some skewness that can degrade
model performance.

There are three types of HAR skewness in real-
world conditions (Presotto et al., 2022): feature dis-
tribution skew, where two clients perform the same
activity with different patterns (e.g., walking patterns
differ between younger and older individuals); quan-
tity distribution skew, where clients have imbalanced
labeled data volumes; label distribution skew, where
two clients have different sets of labels. For example,
an athlete has more activity labels related to sports
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than an office worker does. These conditions lead to
divergent local objectives during training and hinder
global model optimization (Karimireddy et al., 2020;
Li X et al., 2020).

Existing methods have sought to address these
non-IID challenges. Some methods focus on the model
aggregation stage to handle non-IID issues, such as
implementing momentum for model aggregation nor-
malization (Hsu et al., 2019) or clustering clients with
similar data distributions for grouped updates (Presotto
et al., 2022; Guo JL et al., 2024). However, normaliza-
tion during model aggregation may fail, as the local
updates are already skewed and clustering operations
require significant computational resources, especially
as the number of clients grows. Other methods focus
on the local training stage, such as FedProx, which ap-
plies L2-norm regularization to constrain local updates
(Li T et al., 2020), and SCAFFOLD, which uses con-
trol variates to reduce update variance (Karimireddy
et al., 2020). While effective in some cases, these
methods risk local model overfitting due to the limited
diversity of client data in HAR.

Fig. 1 illustrates the problem where two hetero-
geneous clients are trained together in an FL manner
compared to a centralized training update. Unlike cen-
tralized training, which uses a comprehensive data-
set to achieve the global optimum, FL relies on locally
skewed datasets. Local models trained on heteroge-
neous data diverge from the global objective, and the
aggregated global model often fails to generalize. In
FL, local clients learn only from their own dataset
and overlook other clients’ underlying data distribu-
tions, leading to updates that are misaligned with the
true global optima.

An additional approach for mitigating the local
model overfitting issue is to provide an auxiliary per-
spective, such as supplementary data for generalization
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or convergence direction correction, which helps pre-
vent local model overfitting. Recently, contrastive learn-
ing has emerged as a promising solution to enhance
generalization by encouraging models to align simi-
lar representations. It can be used in unsupervised or
supervised settings. Unsupervised approaches (Guo
CR et al., 2024) leverage unlabeled data, while super-
vised methods (Li CL et al., 2021) teach the model to
create different representations for data with distinct
labels. However, both types are affected by the amount
of available data that can be stored in wearable de-
vices, and each client’s data reflect only individual
patterns. Another approach, MOON (Li QB et al., 2021),
introduces model contrastive learning that uses the
global model as an external resource for the local train-
ing guide to prevent local model overfitting. Despite
its advantages, MOON focuses solely on the training
phase and is susceptible to misdirection by the biased
global model.

To investigate the assumption above, we con-
ducted experiments using the MotionSense dataset
by training a one-dimensional convolutional neural
network (1D CNN). T-distributed stochastic neighbor
embedding (T-SNE) was used to visualize the hidden
vectors. Fig. 2a shows that a centralized model achieves
well-separated representations, capturing diverse activ-
ity classes. However, unlike the result of Li QB et al.
(2021), the global model in Fig. 2b reveals overlap-
ping representations in the global model trained with
FL, caused by the local model overfitting to skewed
datasets (Fig. 2¢). Therefore, solely relying on global
model aggregation to correct local client updates may
fail to guide local model training.

To address these limitations, we propose FedCoad,
a method that seamlessly unifies model contrastive
learning with dynamic control variates to enhance
local model training stability and achieve better global

Fig. 1 Effect of client update variance on the global model to reach true global optima. References to color refer to the

online version of this figure
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Fig. 2 T-SNE visualization in the MotionSense dataset for
the centralized model (a), FedAvg (b), and local model (c).
dws: walking downstairs; jog: jogging; sit: sitting; std:
standing; ups: walking upstairs; wlk: walking. References
to color refer to the online version of this figure

model convergence. Unlike existing methods, which
address local model divergence in either the training
phase (e.g., MOON and FedProx) or the parameter
update phase (e.g., SCAFFOLD), FedCoad addresses
both simultaneously. During the training phase, model
contrastive learning aligns local and global model rep-
resentations, mitigating discrepancies while maintain-
ing local objectives. In the parameter update phase,
adaptive control variates penalize deviations from the

global update trajectory, preventing overfitting and
ensuring convergence. By addressing the divergence
in both the training and parameter update phases,
FedCoad ensures that local models avoid overfitting
and achieve superior performance in non-IID envi-
ronments. To summarize, the contributions of this work
are as follows:

1. We propose a new FL method that maximizes
the synergy of model contrastive learning and control
variates to prevent local model divergence in a non-I1ID
environment.

2. The proposed FedCoad handles the local model
divergence in both the training and parameter update
phases.

3. Our proposed method can significantly reduce
the communication exchange cost compared to the
state-of-the-art methods for HAR.

4. We perform extensive experiments and abla-
tion studies in popular HAR benchmark datasets and
demonstrate the superiority of the proposed FedCoad.

2 Related studies

In this section, we give an overview of popular FL.
algorithms, as shown in Table 1. FedAvg (McMahan
et al., 2017) was the first and is the most popular FL
algorithm for training a global model with multiple cli-
ents. The popularity of FedAvg has led to the adop-
tion of FL technology within the realm of HAR re-
search, as shown by recent studies (Sozinov et al., 2018),
which have started to explore the applicability of FL to
HAR for distributed training. However, one of the prob-
lems in FL for HAR is that each client’s data are dif-
ferent and follow non-IID patterns. A recent study (Li
X et al., 2020) found that the non-IID condition affects
FedAvg and decreases its performance because each
local model is trained on its own skewed dataset. Subse-
quently, some studies attempted to improve FedAvg
by handling non-IID conditions with improvement cat-
egorizations such as aggregation (Hsu et al., 2019;
Wang et al., 2020) and local training (Karimireddy
etal., 2020; Li T et al., 2020; Li QB et al., 2021).

The work that handles the global model aggre-
gation step involves the server normalizing the aggre-
gation updates during the global model update. FedMA
(Wang et al., 2020) matches and averages weights in
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Table 1 List of state-of-the-art FL algorithms and current limitations

Reference Methodology

Limitation

McMahan et al., 2017
LiTetal., 2020 FedProx
Hsu et al., 2019 FedAvgM
Karimireddy et al., 2020 SCAFFOLD

FedAvg

LiQBetal., 2021 MOON
LiCLetal., 2021 Meta-HAR
Guo CR et al., 2024 ModCL

Performance decreases due to the clients’ skewness in non-IID environments

The penalty from regularization may affect the local model convergence

Encountered issues when local model is skewed before global model aggregation
The training objectives lack a previous local model as reference to prevent overfitting
Global model may fail to guide the local model learning in some cases

Limited labeled data may introduce bias to local model representation

Client devices have limited capacity to store large amounts of data

a layer-wise manner using a Bayesian non-parametric
method. FedAvgM (Hsu et al., 2019) introduces mo-
mentum when aggregating the local model weights
for the global model updates. However, normaliz-
ing the weights during model aggregation may fail, as
their local model updates already overfit their skewed
local environment before aggregation. Another way
is to separate the clients based on their characteris-
tics and provide FL training for similar clients. For
instance, the server can cluster the clients (Presotto
et al., 2022; Guo JL et al., 2024) based on perfor-
mance comparisons or similarity metrics. Instead of
having a single global model, each cluster has a clus-
ter model, which is exchanged and updated by the
clients in the respective cluster. However, clustering-
based methods have a computational issue since the
clustering operation performs iterative comparisons
between clients. Moreover, when the number of cli-
ents increases, the computation requirements scale
proportionally.

The work that handles local training involves the
clients controlling the local updates to prevent the
local model from being too skewed to their local con-
dition by using a regularization term. FedProx (Li T
et al., 2020) presents a penalty term for the local
training objective. The term uses the L2 norm to cal-
culate the distance between the local model weights
and the global model weights during local model train-
ing. Rather than regularizing the local model during
training, SCAFFOLD (Karimireddy et al., 2020) con-
trols the local model parameter updates by using con-
trol variates. Both a server and clients have control
variates. After training, the client uses the difference
between those control variates to adjust the parame-
ters of the local model. Generally, all methods in the
second category try to control the local model update,

but their ability to prevent the local model from over-
fitting is limited, as they have a perspective only from
their skewed dataset. Additionally, both methods regu-
larize the local model only in either the training phase
or parameter update phase.

Instead of directly learning from client-labeled
data, which can introduce bias, some FL studies ad-
opted contrastive learning (Li CL et al., 2021; Guo
CR et al., 2024) that compares data points and obtains
a general representation inside the underlying structure
of the data. In general, contrastive learning methods
can be deployed in unsupervised and supervised set-
tings. The unsupervised setting uses the unlabeled
data of the clients to guide the model training. For ex-
ample, ModCL (Guo CR et al., 2024) is one of the
HAR state-of-the-art methods that pre-trains the model
on unlabeled data using inter- and intra-modality con-
sistency in a contrastive manner before adapting to the
clients. Although successful, this method requires the
client to have a lot of unlabeled data because learning
can be unstable with small amounts of data. Clients’
wearable devices often have little storage and insuffi-
cient computations to train with massive data over
a long period. The supervised setting uses the labeled
data information and guides the model to learn repre-
sentations that can differentiate them through contras-
tive learning. For example, Meta-HAR (Li CL et al.,
2021) pre-trains a global encoder model with pairwise
loss before fine-tuning the global encoder into the cli-
ents. However, there are usually only small amounts
of client-labeled data, and they are often biased toward
individual patterns.

In the image domain, the MOON technique in-
volves model contrastive learning using the global model
as another local training guide to prevent local model
overfitting and promote generalized representations.
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Even though MOON (Li QB et al., 2021) falls into
the supervised contrastive learning category, this model
tries to handle this issue by looking at the global model
representation as another perspective to adjust the
local model updates. As the global model learns from
various clients, it contains general knowledge that can
handle heterogeneity. MOON proposes to conduct
model contrastive learning by comparing the global
model and the previous round of local model output
representation as drift control. This approach is suc-
cessful in the image domain, but the global model
may fail to guide the local model update in HAR, as
the global model itself is the average result of skewed
client local models.

Our proposed approach falls into the second cat-
egory, which handles non-IID by improving the client’s
local training. To handle the limitation of model con-
trastive learning, this approach penalizes the local
training loss by regulating it with control variates that
take the previous local and global model updates into
consideration.

3 Methodology

This section introduces the problem statement
in this study and describes the FedCoad framework.
Table 2 lists the notations that are used throughout

3.1 Preliminaries

In FL, there are N clients, denoted as C={C,,
C,, -+, Cy}. Client C, has a local dataset D,={(x,y)},
where x represents the feature data and y represents
the activity label. Let us consider a set of datasets D=
{D,, D,,--+, Dy} where each dataset corresponds to
a client in C. D is non-1ID if there exists a pair of
datasets 2,, D, eD that follows one of the conditions
below:

Feature distribution skew: P, (x)#P, (x) is a
condition where there exists an inequality between
the probability distributions of 2, and 2, since the fea-
ture data in 2, have a significantly marginal distribution
compared to the feature data in 2,. This can happen
in HAR, since everyone may perform activities in dif-
ferent ways. For example, an elderly person may have
a slower walking pattern than an adolescent person.

Label distribution skew: P, (y)#P,, () is a con-

dition where there exists an inequality between the prob-
ability distributions of 2, and 2, because the labels
in D, have a significantly marginal distribution com-
pared to those in 2,. In HAR, each person may have
different daily activities. For example, office workers
may spend more time sitting than athletes.

Quantity distribution skew: The total amount of
data |2 is significantly different from |2,|. In HAR,
since each person has a different schedule for the same

this paper. activity, they have a different number of samples.
Table 2 Notations used in this paper
Symbol Description Symbol Description
c Set of clients X Feature instances of a dataset
C, Client at index i, C,eC y Label instances of a dataset
N Total number of clients P glob Control variate of the global model
D Set of datasets pPi Control variate of client at index i
D, Dataset of client at index i, D, eD 4, Rate of change between the previous and
0 Model weight updated control variates of client at index i
0; Local model weight of client i at round r Faup, Supervised cross entropy loss of client at index i
O4oo  Global model weight at round r Oeon, Model contrastive loss of client at index i
Fy(*)  Output of the whole model with weight 0 Olocal, Total local loss of client at index i
Jo() Output of the model with weight 8 before the Oreg, Regularized total local loss of client at index i
output layer Learning rate
Pp(x)  Feature distribution of dataset 2, u Hyperparameter for controlling the influence of
P p(y) Label distribution of dataset 2, model contrastive loss
r Round of federated learning T Temperature of model contrastive loss
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With the conditions above, the objective is to build
a model with weight 6 over the dataset DéU[ D

e{1.N} i
without exchanging any of the client’s personal train-
ing data. This work also assumes that each client
learns only classes available during local training
because updating model parameters for unseen classes
may harm the performance of FL (Diao et al., 2021).
Therefore, the objective is to minimize loss according
to Eq. (1):

N | D,
r%inc(e):Zw’ﬂL[(e), (1)

i=1

where L,(0)=E_, ,[0,0; (x,»))]is the empirical
loss of C..
3.2 Method

This subsection explains FedCoad components
such as the model architecture used for model con-
trastive learning, the inner workings of FedCoad during
the local model training and parameter update phase,
and the FL workflow in FedCoad.

3.2.1 Model architecture

The model has three components (Fig. 3): the
base encoder which is responsible for extracting
representations from data inputs; the projection head
which is an additional layer that maps the encoder
representation to another space with a determined
dimension; an output layer that predicts the class la-
bel based on projection head output. To formalize the
formula, we use the notations F,(-) to denote the whole
model and J,(+) to denote the model before the output
layer. For example, J, (x) refers to the mapped repre-
sentation of data input x.

3.2.2 Local training phase

In local model training, the local model needs to
optimize two losses (Fig. 3): classification loss and
model contrastive loss. Classification loss refers to
cross-entropy loss, and model contrastive loss refers to
metric learning loss, which operates on the similarity
between the representations of the current local model
and the global model along with the previous local
model. When a client C, starts to conduct local training,
it downloads the global model 9., from the server and

glob
trains its local model 8] at round r. For every data

input x, the model obtains the representation of x
from the current local model being updated g=J,, (x),

the representation of x from the global model g, =
J, (x), and the representation of x from the local

model at the previous round g,.,=J, (x). With the

assumption that the global model can produce better
representations (Li QB et al., 2021), the goal is to
minimize the distance between g and g, while in-
creasing the dissimilarity between g and g,.,. There-
fore, to encourage g to have hard-to-learn distinc-
tions with g .., the calculation of client C; model con-
trastive loss (d,,, ) follows Eq. (2):

con;

( Sim(g5 gglob))
Xp\l ———————

T

Oon. < log - : >
' (Slm(g’gg]ob)) (Slm(g’gprcv))
€eXp f texp|l —

T

)

where 7 denotes the temperature parameter that con-
trols the penalty strength on the distance between the
local model and the previous local model. The total
local loss of client C, is the sum of its classification
loss (J,,) and model contrastive loss (Eq. (3)):

i

sup,
alocal, :5sup, (91)7 (x,y) )+:u§con, (0;’ 0;‘-' ; eglob 5 x), (3)

where p is a hyperparameter that controls the influ-
ence of contrastive loss.

3.2.3 Local parameter update phase

As clients are trained only with their local data,
their updates tend to drift from the true global optima
and pursue their local minima (Karimireddy et al., 2020).
Therefore, assigning a new parameter directly after
local training hinders global model convergence. To
handle this, clients need to regularize their local para-
meter updates after the local training. Karimireddy et al.
(2020) used control variates to adjust the local model
update to minimize client drift. Following their foot-
steps, in this study, we incorporate control variates
such as local control variates denoted as p, p,, ***, py
and a global control variate denoted as p .

The purpose of the control variate is to adjust the
local model update so that it does not pursue local
minima. The local control variate represents the update
speed or the rate of change between a client-trained local
model and the global model. As the global control
variate is the average of the local control variates, it
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Fig. 3 Framework of FedCoad

embodies the overall client update speed. Therefore,
FedCoad prevents local clients from converging too
fast to their local minima by factoring the divergence
between overall clients (global control variates) and
their update speed (local control variates).

In the first round, the server initializes the global
control variate using random weights and makes copies
for the client’s local control variate. Therefore, the
regularized local loss for the local client updates fol-
lows Eq. (4):

P glob ~Pi i (4)

reg; 5local
The local objective follows the expression below:

ITEII E(X,y%D[[ 5supl (91' 5 (X,y) )

TO oo (O] 0] b glob ;x) +pg10b_p[]'

(&)

con,

For every C,, the parameter weight updates follow
Eq. (6):
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0/~ avV5,,, (6)

where a is the learning rate and V4, is the local model

update. Next, C, updates p, according to Eq. (7):

Q"
glob i , (7)

piepi_pglob-i_ EOC

where E is the number of local epochs. After all cli-
ents send their local model updates and their local
control variate rate of change A, the server updates
P 400 @ccording to Eq. (8):

N
P glob :zAk' ()
=1

3.2.4 FL algorithm

Using all the components mentioned above,
FedCoad aims to build a global model by using a
server to arrange FL training with clients. Details of the
workflow are shown in Algorithms 1 and 2. In the first
round (r=1), the server initializes the first global model
weight Hglob and server control variates p,, (Algo-
rithm 1, lines 2 and 3). Then, the server lists N clients
that will join the training and sends leob and other
hyperparameters to C (Algorithm 1, line 6). After re-
ceiving the server transmission, each client C, performs
“LocalTraining” using their local model 6] and p,
(Algorithm 1, line 7). Additionally, if it is the first round
(r=1), C, will initialize their local control variates p,
(Algorithm 2, line 3). Inside “LocalTraining,” client C,

calculates the prediction loss J,

», Using cross-entropy

and model contrastive loss d,,, . To obtain d,,, C; runs

sup,?
6! on their local data 2, to obtain local model predic-
tion Fg’,v and compares it with the true label y (Algo-
rithm 2, line 8). For the J_,, C, runs 6/, 07, and 6/
on 2, to obtain g, g, and g, respectively, before
(Algorithm 2, lines 9—12). Next, C,
sums d,, and d,,, as Jy,., (Algorithm 2, line 13), which

P
con,> glob>

C, calculates o

con,;

will then be penalized using p,,,, and p, (Algorithm 2,
line 14). The penalized loss J,,, is then used for updat-
ing 0; (Algorithm 2, line 15). After “LocalTraining,”
C, updates the p, values and their rate of change 4,
(Algorithm 2, lines 18—20). Subsequently, each C, sends
the updated 8] and A, to the server (Algorithm 2, line

21). Finally, the server receives a list of {6,0,,---,0,}
and {A,, A,,--+, Ay} to update Oy, and p,, (Algo-
rithm 1, lines 8 and 9).

Algorithm 1 FedCoad server workflow
Input:

number of communication rounds R, clients C, client
datasets D, and learning rate a

Output: final global model 0y,
1 Server:

2 initialize O},

3 initialize p g,

4 forr=1,2,---,Rdo

5 fori=1,2,---,Ndo

6 send 0}, and p ,, to C;

7 0/, A; < LocalTraining (7, 0], p )

8 end for

N ‘ D
9 ot = k o
glob /Z] ‘D| k

10 P aop < update global control variates using Eq. (8)
11 end for

R
12 return 0,

Algorithm 2 Local training workflow

Input:  client index i, client model weight 6, number of local
epochs E, batch size B, and global control variate
P glob
Output: updated model weight #; and local control variate
rate of change A,
1 LocalTraining (7, 0;, p go):
2 if =1 then
3 P Paob
4 end if
S0 0,
6 for epoche=1,2, .-+, E do
7 for each batch b={x,y} of D, do
8 65% «—CrossEntropy( ¥ Y )
9 g=J p (x)
10 o =7y ()
11 Eprev = g1 (X)
12 Ocon, < loss calculated by using Eq. (2)
13 Olocar, < sum of local loss calculated by
using Eq. (3)
14 0., penalized loss calculated by
using Eq. (4)
15 update local model weight 6] using Eq. (6)
16 end for
17 end for
18 Premp=Pi

19 p,;< local control variates updated by using Eq. (7)

20 A=Pi=P e
21 return 6] and A; to the server




4 Experiments

This section describes the experiment and analy-
sis results. FedCoad was evaluated on popular HAR
benchmark datasets and compared with methods from
previous studies. The supplementary materials cover
other details such as the performance measure, com-
parison with pretraining methods, embedding visualiza-
tion, and communication exchange comparison (sup-
plementary materials, Sections 1.1-1.4).

4.1 Datasets

Three benchmark datasets were used in this study:

MotionSense (Malekzadeh et al., 2019) includes
results from a study aimed at advancing the develop-
ment of privacy preservation in sensor data transmis-
sion systems. There were 24 subjects, including 10
women and 14 men, in the experiment. The subjects’
ages ranged from 18 to 46 years, and their body
weights ranged from 48 to 102 kg. An iPhone 6s was
used as the mobile device and placed in each subject’s
front trouser pocket. The subjects performed activi-
ties, including walking upstairs, sitting, walking, stand-
ing, jogging, and walking downstairs. Fig. 4a shows
the distribution of activities in the dataset. This study
used only the accelerometer signal from the mobile
device for compatibility.

Wireless sensor data mining (WISDM) (Kwapisz
et al., 2011) was used to inspect problems in collect-
ing sensor data embedded in mobile devices. There
were 36 subjects who performed daily living activities
such as standing, walking, sitting, walking upstairs,
jogging, and walking downstairs. Fig. 4b shows the
distribution of activities in the dataset. The subjects

MotionSense
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used a smartphone in the front pocket of their trou-
sers while performing each activity at various times.
The data were gathered from the accelerometer inside
the smartphone with a sampling frequency of 20 Hz.

Heterogeneity HAR (HHAR) (Stisen et al., 2015)
was used to investigate the effects of heterogeneous
mobile devices in terms of sensors, device models,
and workloads on the performance of activity recog-
nition. HHAR contains data from nine subjects aged
between 25 and 30 when performing daily living ac-
tivities, including walking, biking, walking upstairs,
walking downstairs, sitting, and standing. Fig. 4c shows
the distribution of activities in the dataset. Smart-
watches were strapped around the subjects’ arms, and
smartphones of variable frequency were placed on their
waists. The following devices were used during the
HHAR study: Samsung Galaxy S3 Mini (100 Hz),
Samsung Galaxy S Plus (50 Hz), LG Nexus 4 (200 Hz),
Samsung Galaxy S3 (150 Hz), Samsung Galaxy Wear
(100 Hz), and LG G (200 Hz). During the data col-
lection, all the subjects were asked to perform each
activity for 5 min. This study used only the triaxial
accelerometer signals from the smartphone for com-
patibility with other datasets.

4.2 Experimental setup

The experiment was performed on a computer
with Intel® Core™ 19-9900K 3.60 GHz, GPU NVIDIA
RTX 2080, and the neural network was built using
Python and PyTorch libraries. This study compared
FedCoad with the state-of-the-art approaches FedAvg
(McMahan et al., 2017), FedAvgM (Hsu et al., 2019),
SCAFFOLD (Karimireddy et al., 2020), FedProx (Li
T et al., 2020), and MOON (Li QB et al., 2021). The

HHAR
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Fig. 4 Class distributions in the MotionSense (a), WISDM (b), and HHAR (c) datasets. bik: biking. References to color refer

to the online version of this figure
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model used 1D CNN as the base encoder, followed
by two fully connected layers as the projection head
and one fully connected layer as the output layer.

For data preprocessing, all the data were seg-
mented into a time window with 50% overlap and a
sequence length of 200. For example, MotionSense
was captured at 50 Hz, so sensor readings with a dura-
tion of 4 s were taken as one sample window. During
the evaluation, 80% of the subjects were used as train-
ing clients, while the rest were used for server private
evaluation data. Each algorithm used Adam as the
optimizer with a learning rate of 0.001 and a weight
decay of 0.000 01. The number of batch size was set
to 8, the number of communication rounds was set to
100, and the number of local epochs was set to 5.
Additionally, the temperature parameter 7 in methods
that used contrastive learning was set to 0.5.

4.3 Performance comparison

In this subsection, we report the performance of all
the listed algorithms for those clients with fully labeled
data. All algorithms were run five times to account for
variation. The experiment varied the hyperparameter
1={1.0,5.0,10.0} for both FedCoad and MOON ac-
cording to the range used by Li QB et al. (2021). For
FedAvgM, the momentum value f was set to 0.7 and
0.997 following the original paper (Hsu et al., 2019).
Table 3 shows the accuracy and F1-score results of all
the listed algorithms.

With respect to the accuracy metric, FedCoad
outperformed MOON, which used model contrastive

learning, and SCAFFOLD, which used control variates.
For example, FedCoad (1#=1.0) outperformed MOON
(4=10.0) by 3.58% in MotionSense and outperformed
SCAFFOLD by 1.16% in WISDM. FedCoad (u=
1.0) also slightly outperformed FedProx by 0.28% in
MotionSense and 0.97% in WISDM. For the HHAR
dataset, FedCoad (#=5.0) achieved the highest accu-
racy and outperformed SCAFFOLD by 1.38% and
FedProx by 4.46%.

Next, we used the F1l-score, which accounts for
class imbalance in HAR, to estimate the FedCoad
improvement. From the F1-score results, methods that
included only model contrastive learning failed to im-
prove the performance on vanilla FedAvg. For exam-
ple, MOON (1=1.0) achieved 66.26% in terms of the
F1-score while FedAvg was 67.69% in WISDM, which
showed that model contrastive learning alone is in-
sufficient for HAR. On the other hand, the methods
that included regularization in the local training step,
such as FedProx, SCAFFOLD, and FedCoad, outper-
formed FedAvg. Specifically, FedCoad, FedProx, and
SCAFFOLD can perform competitively among other
methods. For example, the F1-score of FedCoad (u=
1.0) outperformed that of FedAvg by 4.38% and 5.86%
in MotionSense and WISDM, respectively.

For hyperparameter 1, FedCoad with ¢=1.0 and
1=5.0 achieved the highest F1-score and accuracy on
all benchmark datasets. For the MotionSense dataset,
FedCoad with ©=1.0 achieved an accuracy of 95.52%
and an Fl-score of 92.70%, which surpassed those of
other methods. On the other hand, FedCoad with x=5.0

Table 3 Performance results of FedCoad and other FL algorithms on benchmark datasets

A %
Method ccuracy (%)

F1-score (%)

MotionSense WISDM HHAR MotionSense WISDM HHAR
FedAvg 91.44 73.94 80.86 88.32 67.69 79.07
FedProx 95.24 75.61 79.85 92.16 70.33 77.63
SCAFFOLD 92.48 75.42 82.93 90.29 71.20 82.02
FedAvgM ($=0.7) 86.23 73.48 77.10 83.13 66.52 74.53
FedAvgM ($=0.997) 81.76 64.25 65.92 78.00 55.74 71.09
MOON (¢=1.0) 91.76 74.62 80.36 88.32 66.26 78.24
MOON (u=5.0) 91.65 73.36 77.58 87.90 64.59 74.64
MOON (¢=10.0) 91.94 72.63 80.24 88.37 63.26 78.25
FedCoad (1#=1.0) 95.52 76.58 83.78 92.70 73.55 82.81
FedCoad (1#=5.0) 93.47 76.67 84.31 90.61 73.17 83.22
FedCoad (#=10.0) 94.78 76.46 84.06 91.67 71.91 82.91
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outperformed the other methods on the HHAR da-
taset, with an accuracy of 84.31% and an F1-score of
83.22%. For the WISDM dataset, u=1.0 and u=5.0
gave the same performance in terms of accuracy and
Fl1-score. Therefore, u=1.0 and x=5.0 are suitable
values for FedCoad.

Fig. 5 shows the correctness of FedCoad class
predictions for all benchmark datasets. In MotionSense,
FedCoad could correctly predict the true classes with
a minimal amount of error. For the other datasets,
FedCoad produced some classification errors for activi-
ties with similar locomotion. For example, in Figs. 5b
and 5c, FedCoad showed some errors distinguishing
between “upstairs” and “downstairs” in WISDM and
between “sit” and “stand” in HHAR. However, FedCoad
correctly predicted the true classes for most of the
cases in both datasets.

According to the results of FedCoad, combin-
ing model contrastive learning with control variates
improves the performance compared to the other
methods. For example, FedCoad (4=1.0), with F1-scores
of 92.70% and 73.55%, outperformed SCAFFOLD
by 2.41% and 2.35% in MotionSense and WISDM,
respectively.

4.4 Convergence speed comparison

In this subsection, we compare all the methods
against FedAvg in terms of their F1-score convergence
rates. The number of rounds needed for all methods to
achieve a similar Fl-score as running FedAvg for
100 rounds is shown in Table 4. Fig. 6 compares the
convergence speed of all methods. FL baselines with
regularization can achieve significant speedup com-
pared to FedAvg. For example, in Table 4, FedCoad
and SCAFFOLD achieved a 12.5% speedup compared to
FedAvg in WISDM. At the start of the round, the speed
of Fl-score improvement in FedCoad was similar to
that in FedAvg and other FL methods. Nevertheless,
FedCoad achieved a higher F1-score than FedAvg in
later rounds. Furthermore, FedCoad achieved the high-
est speedup in two out of three datasets (MotionSense
and WISDM), demonstrating its superiority.

On the other hand, all methods had unstable con-
vergence in the HHAR dataset (Fig. 6¢). Unlike the
other datasets, the clients in the HHAR dataset had dif-
ferent devices, such as the Samsung Galaxy S3 or LG
Nexus 4. Therefore, heterogeneity from the devices
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Fig. 5 FedCoad confusion matrix on MotionSense (a),
WISDM (b), and HHAR (c) datasets. References to color
refer to the online version of this figure

affects global model aggregation. Nevertheless, the
proposed FedCoad had an upward and stable trend
from round 80 to round 100 and achieved the highest
F1-score performance in the end compared to the other
methods.

For all benchmark datasets, FedCoad and
SCAFFOLD performed competitively in terms of the
convergence rate. For MotionSense, FedCoad was
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Table 4 Number of rounds for FL methods to achieve a similar F1-score as running FedAvg for 100 rounds
Method Number of rounds Speedup
MotionSense WISDM HHAR MotionSense WISDM HHAR

FedAvg 100 100 100 1x 1x 1x
FedAvgM \ 51 7 \ 1.96x% 14.28x
FedProx 11 19 11 9.1x 5.26x% 9.1x
SCAFFOLD 9 8 9 11.11x 12.5% 11.11x%
MOON (¢=1.0) 15 48 27 6.67x 2.08x 3.7x
MOON (u=5.0) 73 94 32 1.37x% 1.06% 3.12x%
MOON (¢=10.0) 40 99 4 2.5x 1.0x 25x%
FedCoad (#=1.0) 7 8 10 14.3x 12.5% 10x

“\” means that the method fails to outperform FedAvg in terms of the convergence speed
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for MotionSense (a), WISDM (b), and HHAR (c) datasets.
References to color refer to the online version of this figure

superior to all the other methods (14.3 times faster
than FedAvg). However, in WISDM, SCAFFOLD and
FedCoad were both 12.5 times faster than FedAVG.

4.5 Handling real-world HAR skewness

In real-world HAR implementation, three skew-
ness scenarios (Presotto et al., 2022) are considered. In
this study, we simulated skewness using the bench-
mark dataset that previously followed laboratory set-
tings to make it follow non-IID in a real-world setting.
Fig. 7 shows the effects of each skewness scenario on
the clients’ data distributions. The following steps were
taken to simulate the skewness:

1. Feature distribution skew (FS): this experiment
used the skewness already present in each dataset, as
each client already had a different pattern.

2. Label distribution skew (LS): 0 to 2 labels were
randomly removed to simulate the variation in the
available activities of each client (Li CL et al., 2021).

3. Quantity distribution skew (QS): each client has
only small amounts of labeled data in real life (Tang
et al., 2021); thus, in the experiments, each client used
only 10% of the available data as a training set.

4.5.1 Feature skew and label skew (FS+LS)

In the FS+LS condition, some of the clients’
original training label sets were removed. There-
fore, the clients had an uneven label set for training,
and each client’s local objectives can misguide local
model training. Table 5 shows that the performance
of all FL methods was reduced significantly in the
FS+LS condition. For example, the performance of
SCAFFOLD decreased by 5.24%, and that of MOON
decreased by 2.82% on average across all datasets. A no-
table exception was FedProx, whose F1-score decreased
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Table 5 F1-score and reduction of FL. methods in the FS+LS scenario

F1-score (%)

Reduction (%)

Method

MotionSense WISDM HHAR MotionSense WISDM HHAR
FedAvg 86.80 66.58 71.32 1.52 1.11 7.75
FedProx 90.87 69.44 59.64 1.29 0.89 17.99
SCAFFOLD 88.10 66.42 73.28 2.19 4.78 8.74
FedAvgM (5=0.7) 82.10 68.01 68.21 1.03 -1.49 6.32
MOON (1=1.0) 85.27 65.24 73.84 3.05 1.02 4.40
FedCoad (1=1.0) 90.58 63.77 72.06 2.12 9.78 10.75

by only 1.29% in MotionSense and 0.89% in WISDM.
However, FedProx had the worst performance in HHAR,
showing a reduction of 17.99%. Even though FedCoad
achieved competitive performance with the other
methods in MotionSense and WISDM, it showed a
severe performance reduction of 7.55% on average
across all datasets.

4.5.2 Feature skew and quantity skew (FS+QS)

In the FS+QS condition, all clients retained their
original training label set, but the quantity decreased
to 10% of the original size. Therefore, the risk of over-
fitting in local model training increases since the amount
of training data is reduced. Compared to the FL+LS con-
dition, there were no significant performance reductions
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among all FL methods. For example, FedCoad per-
formance decreased by 2.04% on average across all
datasets (Table 6). FedProx had the most significant
performance reduction of 5.43% in MotionSense. How-
ever, there is an odd phenomenon in HHAR. In-
stead of decreasing, the performance of all FL
methods increased over their performance in the FS
condition. Nevertheless, FedCoad is robust enough to
train a global model in the FS+QS condition.

4.5.3 All skewness scenarios combined (FS+QS+LS)

In the FS+QS+LS condition, some of the clients’
original training label set was removed and the quantity
of the remaining training data decreased by 10%.
Most FL. methods experienced a larger performance
reduction than in the FS+QS condition (Table 7).
For example, FedCoad performance was reduced by
4.24% on average across all datasets in FS+QS+LS
compared to 2.04% in the FS+QS condition. It seems
the FS+LS and FS+QS+LS conditions caused large
performance reductions using all FL methods. There-
fore, LS skewness was the main cause of perfor-
mance reduction among other skewness scenarios. In
terms of performance, FedCoad performed the best
in the FS+QS+LS conditions. For example, it achieved
the highest F1-score of 88.54% in MotionSense and
69.49% in WISDM.

5 Discussion

In this section, we delve into the experimental re-
sults and provide insights into the factors contributing
to the observed outcomes. Without the simulated skew-
ness, as described in Section 4.3, the proposed FedCoad
achieved competitive performance compared to methods
like MOON and SCAFFOLD, which address hetero-
geneity either during local training or through local
model parameter updates. For instance, in the WIS-
DM dataset, FedCoad («=1.0) outperformed MOON
(©=1.0) by 1.96% and SCAFFOLD by 1.16% in accu-
racy. This suggests that FedCoad and similar baseline
methods are sufficient for training a global model in the
FS condition. However, the F1-score results indicate
that FedCoad (x=1.0) predictions are more balanced
across classes, with an F1-score improvement of 7.29%
over MOON (x=1.0).

When introducing simulated skewness (Section 4.5)
that reflects real-world conditions, the performance
of several FL baseline methods declined significantly.
For example, in the MotionSense dataset under FS+
LS+QS conditions, methods like MOON, which fo-
cuses on heterogeneity during local training, and
SCAFFOLD, which focuses on parameter updates,
experienced more severe degradation than FedCoad.
MOON, which uses only model contrastive learning

Table 6 F1-score and reduction of FL methods in the FS+QS scenario

F1-score (%)

Reduction (%)

Method - -
MotionSense WISDM HHAR MotionSense WISDM HHAR
FedAvg 85.07 64.08 80.11 3.25 3.61 -1.04
FedProx 86.73 66.64 87.04 5.43 3.69 -9.41
SCAFFOLD 90.12 67.97 85.87 0.17 3.23 -3.85
FedAvgM (5=0.7) 83.20 62.61 80.88 -0.07 391 -6.35
MOON (p=1.0) 87.90 66.53 78.29 0.42 -0.27 -0.05
FedCoad (¢=1.0) 89.84 67.62 85.47 2.86 5.93 -2.66
Table 7 F1-score and reduction of FL. methods in the FS+LS+QS scenario
Fl-score (%) Reduction (%)
Method - -
MotionSense WISDM HHAR MotionSense WISDM HHAR
FedAvg 76.14 63.95 76.91 12.18 3.74 2.16
FedProx 85.03 65.35 86.96 7.13 4.98 -9.33
SCAFFOLD 84.69 67.33 75.51 5.60 3.87 6.51
FedAvgM (5=0.7) 77.62 61.48 78.92 5.51 5.04 -4.39
MOON (u=1.0) 77.57 63.85 75.93 10.75 2.41 2.31
FedCoad (¢=1.0) 88.54 69.49 78.31 4.16 4.06 4.50
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during local training, showed a 10.75% reduction
in Fl-score compared to its performance without
simulated skewness. This highlights the insufficiency
of handling heterogeneity solely during local train-
ing. Similarly, FedProx and SCAFFOLD, which ad-
dress heterogeneity during parameter updates, showed
Fl1-score decreases of 7.13% and 5.6%, respectively,
indicating that regularizing local model weights after
training mitigates some of the effects of HAR skew-
ness, as it directly reduces the bias from skewed local
training objectives. FedCoad, which addresses het-
erogeneity during both local training and local model
parameter updates, showed superior performance under
these conditions. It achieved the highest F1-score of
88.54% with the smallest performance decrease (4.16%)
compared to other baseline methods. These results
underscore FedCoad’s resilience and robustness in
handling non-IID environments. Additional experi-
ments further validated its strengths, showing higher
convergence rates and the ability to train model en-
coders that generate distinguishable feature embed-
dings (supplementary materials, Section, 1.3), which
are essential for classification tasks.

Furthermore, the ablation studies described in
the supplementary materials reveal the contribution
of FedCoad’s components (supplementary materials,
Section 2.1) and their synergistic effect on perfor-
mance. Experiments on client availability (supple-
mentary materials, Section 2.3) also highlight FedCoad’s
scalability. For example, when client availability in-
creased from 20% to 100%, FedAvg’s Fl-score was
improved by only 1.41%, whereas FedCoad’s improved
by 4.44%.

Despite its advantages, FedCoad has limitations
for real-world implementation. It currently does not
use unlabeled data, which are abundant on client de-
vices and could enhance local training and adapta-
tion. Additionally, FedCoad incurs higher communi-
cation costs due to the exchange of global and local
control variates during training. Nevertheless, its strong
performance in simulated skewness environments sug-
gests its potential for real-world applications. Future
work should focus on addressing these limitations, such
as incorporating semi-supervised learning to leverage
unlabeled data and optimizing communication effi-
ciency to reduce costs.

6 Conclusions

In this work, we study the problem of HAR in
the FL setting and build a generalized global model that
can be adapted for participating clients. The skew-
ness among clients in the real world poses significant
challenges to implementing FL for HAR. To address
this problem, we propose FedCoad, a new approach
to align global and local model representation using
model contrastive learning to bridge and control vari-
ates to regularize the local model update. In our ex-
periments, FedCoad outperformed other methods in
tests of skewed dataset settings (non-1ID) in the bench-
mark datasets. Even though FedCoad had disadvan-
tages in the FS+LS conditions, it outperformed other
methods in the FS+QS+LS conditions, which implies
that FedCoad can be more robust in a real-world
scenario. Furthermore, the performance of FedCoad
was comparable to that of pretraining methods that
require additional fine-tuning data (supplementary ma-
terials, Section 1.2). The results also showed that
FedCoad can reduce the communication cost by up
to 90.4% compared to the state-of-the-art ModCL (sup-
plementary materials, Section 1.4).

Despite these improvements, FedCoad has a limi-
tation in the unlabeled data partition and personaliza-
tion scheme. It lacks the use of unlabeled data on the
client side, which is beneficial for local training and
adaptation steps to optimize the performance in client
environments. Extreme heterogeneity in hardware
capabilities or data imbalance among clients may also
impact FedCoad’s stability and performance. More-
over, FedCoad’s additional memory requirements for
control variates may pose challenges to low-powered
edge devices with minimal storage.

In future work, this study can be extended to use
unlabeled data with semi-supervised learning on the
client’s side for leveraging the unlabeled data to opti-
mize performance and explore personalization strate-
gies that could further tailor the model to individual
client environments. The development of an adaptive
weighting mechanism could also help in the server
aggregation step to combine the local model updates
from clients with extreme data imbalance. Addition-
ally, optimizing or compressing control variates could
reduce memory demands, making FedCoad more suit-
able for edge devices.
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