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Abstract—Classic federated learning (FL) trains client models
in parallel, and its accuracy hinges on each client’s local update.
But when those updates come from small, highly heterogeneous
datasets, parallel FL’s performance collapses. Sequential FL
alleviates this problem by letting clients update the model in
a serial manner. But this sequential execution leaves all but one
client idle and wastes computation resources for training. By
combining both parallel and sequential FL, hybrid FL partitions
clients into groups to run groups in parallel while keeping
sequential updates within each group. Motivated by hybrid FL,
we propose a novel solution called FedHusky that can fundamen-
tally advance the hybrid FL solution. Most notably, FedHusky
employs a novel calendar mechanism at each client to record
its busy intervals that have been booked by different working
groups. A novel optimization-based approach is employed to
generate new groups, aiming at maximizing the number of
busy intervals on each client’s calendar while avoiding clients
being double-booked by different groups at any time. FedHusky
also employs a dynamic birth—death process to maintain the
active groups during training, enabling a vibrant ecosystem by
allowing the membership (clients) in each group to change over
time while striving for the maximum number of simultaneous
groups. By incorporating a simple delay mechanism, FedHusky
can be highly robust to potential estimation errors in key timing
parameters, capable of maintaining smooth operation without
interruption. Experiments show that under small datasets and
high heterogeneity, FedHusky accelerates convergence by at least
3x and increases the average busy ratio by 6.7 x when compared
with hybrid FL.

I. INTRODUCTION

Federated Learning (FL) is a distributed machine learning
(ML) paradigm that enables multiple clients to collaboratively
train a shared model while preserving the privacy of their local
data from the central server [1]-[3]. The most well-known
algorithm for FL is FedAvg [4], introduced by Google in 2017.
In FedAvg, the central server broadcasts the global model to all
clients, each of which performs local training on its local data
and then uploads its updated model to the central server, which
then aggregates these models to update the global model. This
process is repeated until the global model converges. Under
FedAvg, clients work in a parallel manner (see Fig. 1(a)),
i.e., all clients perform their local training in parallel upon
receiving a global model. The advantage of parallel FL is
evident: it incorporates data from all clients while shortening
the duration of each training round. However, under parallel
FL, its performance can be severely degraded by small-scale
and highly heterogeneous client datasets [5].
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Fig. 1. An illustration that compares parallel, sequential, and hybrid FL.

A small-scale dataset is characterized by a limited number
of local samples per client, while a highly heterogeneous
dataset means pronounced disparities in label and feature
distributions across clients (usually refers to non-i.i.d.). Under
parallel FL, clients’ updates are aggregated simultaneously.
Scarce data makes these updates noisy and biased [6], and
heterogeneity steers them in conflicting directions [7], [8]. As
a result, naive averaging suppresses useful signals and mag-
nifies noise. Together, small-scale datasets and heterogeneity
slow down or even prevent convergence, sharply limiting the
accuracy of parallel FL [9].

To address the limitation of parallel FL under small-scale
datasets and heterogeneity, the so-called sequential FL training
was proposed in [10]. Unlike parallel FL, sequential FL
requires clients to perform local training in a serial manner.
Each client takes the model that is trained by its predecessor,
performs its local training, and then passes the newly trained
model to the next client (see Fig. 1(b)). In essence, sequen-
tial FL turns global learning (i.e., averaging disparate local
models) into incrementally updating the global model with
each client’s contribution in sequence, thereby removing the
variance penalty of tiny local datasets and the bias penalty
of extreme non-i.i.d. splits [11]. This ensures each client’s
information is captured without destructive cancellation.

However, while sequential FL. improves parallel FL (in
terms of convergence and accuracy) in the presence of small-
scale datasets and heterogeneity, its training process appears
to be highly inefficient. Specifically, at any time, there is only
one client busy training while all the other clients are idle
(waiting for their turns). Hence, its training efficiency is low.

To address the efficiency problem in sequential FL, au-
thors in [12]-[14] proposed a hybrid training solution (see
Fig. 1(c)), which combines features from both the parallel
and sequential FL. Under hybrid FL, clients are partitioned
into separate groups. Within each group, sequential training is



employed, while all the groups are running in parallel. Further,
to emulate homogeneous parallel FL, hybrid FL puts clients
with markedly different data in the same group for sequential
training [14]. Intuitively, hybrid FL can be envisioned as a
general form for both parallel and sequential FL, with both as
its extreme cases. Specifically, when the number of groups
equals the number of clients, hybrid FL degenerates into
parallel FL. On the other hand, when the number of groups is
one, hybrid FL degenerates into sequential training. By tuning
the number of groups and the number of clients per group
to match the actual data distribution, the hybrid solution can
efficiently boost training performance.

Although hybrid FL is a major advancement of parallel and
sequential FL, it still inherits the drawback of sequential FL.
Namely, within each group, only one client is busy training
while the other clients in the group are idle. This is a huge
waste of computational resources in the training process.
This paper focuses on this problem by proposing a novel
FL algorithm called FedHusky.! The goal of FedHusky is
to maximize the system’s training efficiency by maximizing
each client’s training efficiency, i.e., the percentage of time
the client is busy training its local model. The novelties and
highlights of FedHusky are summarized below.

o FedHusky employs a novel calendar mechanism at each
client to record its busy intervals. This calendar allows
each client to be booked (reserved) for training by dif-
ferent groups at different times, effectively enabling each
client to hop across different groups over time. Compared
to hybrid FL, this novel calendar mechanism is the key
technology to reduce the downtime of each client and
enable it to work much more efficiently.

o FedHusky also employs a novel optimization-based ap-
proach to generate new groups and update the calendars
at the clients as time progresses. The objective of each
optimization problem is to create a new working group,
which subsequently increases the number of busy inter-
vals on those clients in the new group, while meeting
various scheduling constraints, including no “double-
booking” constraint for each client. The finding of a
feasible solution to the optimization problem will lead
to the generation of a new working group as well as the
updates of the calendars of those clients selected by the
new group.

o FedHusky employs a dynamic birth-death process for
each group so as to maintain a vibrant learning ecosystem
among the clients. Once a client completes its training,
it is released by the group and immediately triggers a
new optimization problem with the attempt to generate a
new group. Once the last client in the group completes
its training, it uploads its trained model to the server
and the group dies. By allowing such dynamic formation
and dissolution of working groups, FedHusky strives to

The codename FedHusky is inspired by Alaskan Husky—a hard-working
dog primarily for sledding. Husky symbolizes our goal of striving to keep the
clients as busy as possible in training their local models.

generate the maximum possible number of groups while
keeping the membership of each new group as fluid as
possible.

o Although FedHusky requires knowledge of processing
time for busy intervals at each client when solving each
optimization problem, it is robust to potential estimation
errors in this key parameter. Specifically, whenever there
is an underestimation of processing time and thus a partial
overlap of actual busy intervals on a client’s calendar
(i.e., partial double-booking), all that the affected client
needs to do is to complete the current training task at
hand in one group and then start the next job in another
group. Although this will cause a slight delay in the latter
group, it does not pose any serious issue in the continuing
operation of FedHusky, making FedHusky highly robust
and flexible.

o Experimental results show that under small-scale and
highly heterogeneous dataset settings, FedHusky signif-
icantly outperforms hybrid FL. In particular, it attains a
convergence speedup of 5.9x for the MNIST dataset and
3x for the Fashion-MNIST dataset compared to hybrid
FL. Moreover, the average client busy ratio of FedHusky
is 6.7x higher than that of hybrid FL.

II. FEDHUSKY: AN OVERVIEW

This paper considers a general FL scenario with a central
server and a number of mobile clients. Each mobile client
is assumed to be capable of data collection, local training,
and wireless communications. The central server performs
aggregation and updates the global model.

To address the limitations of hybrid FL, we propose Fed-
Husky, a novel FL solution aiming to maximize the busy
intervals of each client, thereby improving training efficiency.
As shown in Fig. 2, FedHusky has the following major steps.

o Step 1: Initial Training and Clustering: In the initializa-
tion phase, the FL server transmits an initial global model
to all clients. Each client then trains its local model for a
few rounds and then sends it to the server. In particular,
each client estimates the processing time to train its model
for each round.?> Following this training of local data,
the server groups the clients into clusters based on the
similarity of the locally trained models—clients in the
same cluster share similar data labels (see Section III-A
for more details).

o Step 2: Generating Initial Groups: Based on the clus-
ters in Step 1, the server creates groups, with each group
containing one client from every cluster. In this step,
FedHusky employs a novel distributed calendar mech-
anism at each client and aims to form as many groups
as possible—each client can be in as many groups as
possible, as long as it is not double-booked by two groups
at the same time (i.e., no overlap of two busy intervals
on its calendar). Note that this is in fundamental contrast

2A client’s local processing time, upload and download communication
time will be estimated throughout the training process. In Section III-E, we
will show that FedHusky has great tolerance of errors incurred in estimation.



-—)
Download
-
Upload

e Initial Grouping

| R TR

__....______

~~—_____—"

SN

(=W ] [

/ Finished local training \‘

b S S N Trlgger group-forming request
= | [ N et

— =

~~—_____—"

________

...__—___ ___— ___

~____.—..._—

9 Sequential Training and Asynchronous Aggregation

/PJP\ W0

= P—= -]

-2

o+ ¥ - %\

o Generation of New Groups

Calendar
74 Busy in current groups [_] Idle
Busy in the new group

/////I-I//////I////// >

—»[%»%»%]

Fig. 2. Workflow of FedHusky.

to hybrid FL, where each client can only participate
in training in one group. The calendar-based scheduling
mechanism enables a client to hop freely across different
groups at different times, instead of being bound to only
one group as in hybrid FL. The main challenge here is
how to set up these initial groups so that as many initial
groups as possible can be generated, while none of the
clients is double-booked by two groups at the same time
on its local calendar. We propose to address this prob-
lem by developing and solving a series of optimization
problems. The details are given in Section III-B.

Step 3: Sequential Training in Each Group and
Aggregation: Once the initial groups are formed, clients
in each group start their training, following their local
calendars that are created in Step 2. Local training in each
group follows a sequential manner. This process stops
until the last client in the group completes its training and
uploads its trained model back to the server. The details
are given in Section III-C. Since each client’s processing
time is estimated in Step 1 (and subsequently used in
Step 2), its actual processing time is likely to differ. In
Section III-E, we show that FedHusky is highly robust
to such estimation errors and can easily adapt to them as
the training process progresses over time.

Step 4: Generation of New Groups: For each group
in Step 3, once a client completes its training in the
group, the client will be released from the group. Once the
last client in the group completes its training, the group
ceases to exist (dies). To ensure a vibrant ecosystem
(without encountering extinction), FedHusky attempts to
generate new groups whenever such an opportunity arises.
Specifically, whenever a client completes its task and is
released from its current group, it triggers a new group-
forming request at the server. The server will attempt to
form a new group by solving a new optimization problem

(similar to those in Step 2). The goal is to have as many
simultaneous groups as possible and to have each client
hop around in as many groups as possible. The details
on this step are given in Section III-D. For each newly
generated group, it goes to Step 3 to perform training
and aggregation.

o Step 5: Termination: The algorithm terminates once a
pre-defined training time limit is reached.

In the following section, we provide details on these steps.

III. FEDHUSKY: DESIGN DETAILS

In this section, we provide details on the above key steps
in FedHusky.

A. Step 1: Initial Training and Clustering

Ideally, clustering should be directly based on clients’
data distributions. However, due to privacy concerns, sharing
clients’ data distributions with the server is prohibited. Instead,
the clients initiate a short period of local training in the initial
stage and upload their local models w;, ¢ = 1,2,...,N
(N denotes the number of clients) to the server, which will
perform clustering based on these local models.

At the server, the first step is to determine how many
clusters will be formed, which we denote as C. Too few
clusters may put dissimilar clients in the same group, while too
many clusters may excessively fragment the data types, both
hindering training performance. We adopt the gap statistic
algorithm [15] to carry out this process.

Once the number of clusters C' is determined, the clustering
results can also be obtained concurrently via the K-means
algorithm [16]. Denote the C' clusters as K1, Ko, ..., K¢, re-
spectively, where clients in the same cluster share similar local
models and are likely to possess similar data distributions.

A potential problem with clustering is that the number of
clients in each cluster may vary widely, which hinders our



subsequent grouping operation. To address this problem, we
perform a re-balancing step. Ideally, we should have a cluster
size of either [&] or |&|. For a cluster with the number
of clients greater than [ |, the server discards the “farthest”
clients and reassigns them to the cluster that is “nearest” that
currently has fewer clients than L%J Here, “farthest” and
“nearest” refer to the Euclidean distance between each client’s
local model and the centroid of a cluster as determined by the
K-means algorithm.

When a client uploads its model w;, it also submits its local
training time ;. Upon receiving 9; from client 4, the server
computes the total processing time at client 7, denoted as A,
as follows: A; = d; + ;, where ; is the communication
time of transmitting the model. For each client ¢, the server
maintains a tuple (A;, m(i)), where m(i) € {1,2,...,C} is
a mapping, denoting the specific cluster that client ¢ belongs
to.

B. Step 2: Generating Initial Groups

Recall that in hybrid FL, the number of groups (denoted
as G) is [ & ]. Under FedHusky, where a client can hop into
other groups as long as it is not double-booked at the same
time, we will have many more groups than [ ]. An upper
bound for GG is N, where each client will be the first client
in each of the IV groups. But in reality, we will have a group
number smaller than N, due to heterogeneity in training time
at each client and estimation error of various time durations
(upload, download, actual training time). So the goal of Step 2
is to form as many groups as possible by allowing a client to
participate in as many groups as possible, as long as it is not
double-booked at the same time.

To achieve this, the server iteratively considers each client
from 1 to N as the first member of a potential group (i.e.,
a total of N potential groups). That is, for each potential
group j, j = 1,2,..., N, the first (head) member of the group
is client j. FedHusky selects the remaining clients from each
remaining cluster by solving an optimization problem.

We start our discussion with the first group.

1) Generating the first group: For the first group, the first
client in the group is client #1, which comes from cluster
m(1). For the rest C' — 1 clusters, the server selects one
client from each of the other C'— 1 clusters, respectively, and
randomly places them in the rest C' — 1 positions in the group.
The position of each client in the group corresponds to its
training order. Given its position in the group, each selected
client ¢ can record its busy interval.

To keep track of the busy intervals at each client ¢, it is
necessary to establish a calendar for each client. Define ; as
the calendar (represented as a set) for client ¢ as follows:

1,2,...}, (1)

where each element in set 53; is an interval [bz(-k),ez(-k)] rep-

resenting the begin and ending times of client i’s k-th busy
interval. The busy intervals are ordered chronologically, i.e.,
BF < e < p"FY (1 = 1,2..)) and the number of

B = {bM. M), k=

elements (busy intervals) in set B; can go to infinite if the
training process goes on indefinitely.

After generating %roup 1, each client ¢ in this group adds
its busy interval [bl(»1 ,egl)] in its calendar B;.

2) Generating the second group: After the first group is
formed, the server moves on to generate the second group.
Recall that the server places the client 2, which is in cluster
m(2), as the first client in the second group. For the remaining
C — 1 positions, the server will select one client from each of
the other C' — 1 clusters.

It is important to note that the clients in each of the clusters
is not changed. Given that the clients in the other C'—1 clusters
remain the same as the previous iteration, the server may select
clients that are already selected in the first group. To ensure
there is no overlap between the busy intervals for any client,
we model the client selection problem mathematically as a
feasibility problem.

Denote z; as a binary variable indicating whether or not
client 7 will be selected for group 2, i.e.,

L

Since exactly only one client is selected from each of the C'
clusters, we have:

if client ¢ is selected for group 2,

otherwise.

To = 1, (2)
Y ai=1 (e=12,...,0). (3)
e,

The generation of the second group depends on the ordering
of the clients in the first group, as well as the clients to
be chosen for the second group so as to avoid any double-
booking. Denote ¥;,,,, as a binary variable indicating whether
or not client ¢ is placed in position p (p = 1,2,...,C) in the
second group:

1, if client ¢ is placed in position p in group 2,
Yirsp = .
0  otherwise.

Since we place client 2 in the first position of group 2, we
have:

Yos1 = L. €]

Since for each position p, we can have exactly one client, we
have:
N

> Wip=1 (p=1,2,...
i=1
Also, for any client ¢, it can appear no more than once (or
none) in group 2. We have:
c

> Wiy =i (i=1,2,...,N). 6)
p=1

,0). (&)

Denote h|p)] as the start time of the client at the p-th position
in group 2, p = 1,2,...,C. Denote t; as the start time for
group 2, i.e.,

h[1] = to. (N



Since h[p] is the sum of the start time of the client at position
(p— 1) and its busy interval, we have:

N
hlpl =hlp =1+ > visp1Ai (p=2,3,...C). (8)
i=1
Denote client ¢’s start time of its busy interval in group 2 as
s;. Then we have the following relationship among s;, h[p],
and y;,, for group 2:

hlp], if y;p =1 for group 2,
Si = .
undefined otherwise.

To reformulate the above raw formulation into a mathematical
program, we have:

8; > hip] = M(1 = yirsp)
s; < hlpl + M(1 = yisp)

where M is a sufficiently large constant.

Based on the calendar concept that we introduced earlier,
we must ensure that the busy interval on the calendar of each
client in group 2 does not conflict with its busy interval marked
in group 1 if the client also belongs to group 1. For a client ¢
that already belongs to group 1, it has its calendar as B; =
{[bgl), egl)]}. If this same client 4 is to be put in position p in
group 2, then its new busy interval [s;, s; + A;] can only be
before or after the existing busy interval [bgl), ez(-l)] S0 as not
to be double-booked.

Specifically, if client ¢ is in group 1, then there are two gaps
in B; to place its new busy interval if it is also selected for
group 2, i.e., [O,bgl)] (which we call “gap 1”) and [el(-l),T]
(or “gap 27), where T is the termination time of FedHusky.
To determine which gap to insert the new busy interval, we

introduce a binary variable zi(k) (k=1,2) as follows:

1

(r=12,...,0), )
(p=1,2,....C). (10

, if client 7 inserts the new busy interval
k .

zf ) = into gap k,

0 otherwise.

Since this new busy interval can only be inserted into one gap
on client 7’s calendar (when x; = 1 for group 2), we have:

2

Moreover, if z;"” = 1 (i.e., client ¢’s new busy interval can be
successfully inserted into its k-th gap), we have s; > egk_l),
si +A; < bgk), where we define 61(»0) = 0 and bl(?) =1T.
Otherwise, i.e., zﬁk) = 0 (client ¢’s new busy interval is not
inserted into the k-th gap), there is no relationship between s;
and the k-th gap [ez(-k_l), bl(-k)]. The above two statements can

be formulated as:
8; > ez(-k_l) - M(1 - zlgk))

(1)

(k)

(k=1,2),
(k=1,2),

12)
13)

where M is a sufficiently large positive constant so that
constraints always hold when zik) =0.

Since the goal of FedHusky is to keep clients as busy as
possible, we define a busy ratio, 6;, for client 4. If client 7 is
not selected in group 1, then ; = 0 at this point. If client ¢
is selected in group 1 (i.e., it has one busy interval [bgl), el(-l)]
in its calendar), 0; = (651) — bgl)) /T. When generating the
second group (as well as future groups), the server aims to
maximize the minimum current busy ratio, i.e., the busy ratio
after the group 2’s possible selecting action 6; + A;x; /T over
all clients ¢ = 1,2, ..., N (we denote the set of clients as ).
We now have the following problem formulation to generate
group 2:

. AVE S
OPT-2 : max 51;}{/1 0; + T (14a)
s.t. Client selection: (3), (14b)
Position selection: (5) to (10), (14¢)
Gap selection: (11),(12), (13), (144)
Pre-assigned parameters: (2), (4), (14e)
i, Yispr 207 € {0,1}. (14)

Problem OPT-2 is an integer program (IP), which can be
solved efficiently by the Gurobi solver [17]. After solving
OPT-2, the selected clients for group 2 update each of their
calendars with their new busy intervals.

3) Generating the i-th group (v = 3,4,...N): Based on
our experience in generating group 2, it is easy to move on
to groups ¢ = 3,4,...,N. In essence, for each group i, we
need to solve an optimization problem OPT-i, based on the
calendars for all clients that are determined from the previous
optimization problems.

Specifically, for group ¢, we have client ¢ selected (i.e., z; =
1) and placed in the first position of the group (i.e., ¥;—1 = 1).
Accordingly, constraint (2) and (4) should be updated for client
i.

For each client ;5 = 1,2,..., N, the number of busy
intervals K; in its current calendar B; is at most i — 1,
representing that it has been selected in all previous groups.
Therefore, there are K; + 1 gaps for potential insertion of a
new busy interval. So for OPT-¢, constraints (11), (12), and
(13) must all update the range of k to span from 1 to K; 41
(for each j). Also, the busy ratio 6; in the objective function is

updated to 0; = Zf;l (e§k) - bg»k) /T. Note that if K; = 0,
6; is 0. For the other constraints in OPT-i, they have the same
mathematical formulation as (3), (5) to (10) in OPT-2.

For the updated optimization problem OPT-7, it will either
have an optimal solution or be infeasible. If an optimal solution
exists, then we have a new group ¢ and will need to update the
calendars of those clients in this new group. Otherwise (OPT-
i is infeasible), we move on to develop OPT-(i + 1). After
FedHusky solves the last (i.e., OPT-IV) optimization problem,
we have completed Step 2.

In Fig. 3, we present the process of inserting client ¢’s new
busy interval [s;, s; + A,] into its calendar 55; once we have
a new group.
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Fig. 3. Insert the new busy interval [s;, s; + A;] into client ¢’s calendar B;.

C. Step 3: Sequential Training in Each Group and Aggrega-
tion

1) Sequential training: Upon forming the initial groups,
the server broadcasts its current global model to all clients.
The first client in each group starts to train its model and
then passes it to the next client in the group and so forth.
This process continues sequentially until the last client in each
group completes its training and uploads the final model back
to the server.

Denote w(; , and F(;,)(-) as the local model and loss
function of the client in the p-th position from the j-th group.
7 denotes the version of the global model received by the
group, and n denotes the learning rate. Each client performs
local training through stochastic gradient descent (SGD) as
follows:

(p=1,2,...0),

15)

W) = Wip-1) ~ MIVEGp) (’w(TJ}p*l))

T

where for p =1, w(; o

from the server.

By denoting D;,y as the client’s dataset from the p-th
position in group j and &, as the data sample from the local
dataset Dy; ;). In (15), the local loss function can be further
expressed as follows,

) Tepresents the global model received

F(]}:D)(wz—j,p—l)) = EE@ED(N,) [f(jm) (w?jm—l)v&) , (16)

where f(j7p)(w(7j’p_1),§g) represents the sample-wise loss
function.

The relaying of a locally trained model from one client
to the next in the group can be done via ad hoc networking
or using the server as a relay, whichever is faster. So the
processing time for each client ¢ (including communication
time) is upper bounded by A;.

2) Asynchronous aggregation: Whenever the last client in
a group completes its training, it sends its model to the server
for aggregation. Since 'w(Tj’O) is the global model received by
the first client in group j, then the model trained by the last
client in group j is w(jyc). Denote w? as the current global
model residing at the server, where ¢ represents its version.
Denote /3 as an aggregation coefficient. Then the aggregation
process performed by the server is:

w™ = (1 - pw’ + pw] o, (17
where [ can be expressed as:
B=(1+(t—T)) ¢ (18)

In (18), ¢ > 0 is a decay parameter and ¢ — 7 is called the
model-version gap.

D. Step 4: Generation of New Groups

In FedHusky, each generated group is used only once. That
is, whenever a client in a group completes its training and
relays its model to the next client, it is released from the
group. When the last client in a group completes its training
and uploads its model to the server, the group ceases to
exist (dies). The reason why FedHusky avoids reusing the
same group is that having the same set of clients perform
sequential training in a cyclical manner will lead the model
to fall into a local optimum, potentially degrading the overall
model performance.

To ensure the number of active groups does not go “extinc-
tion” and that each client can continue hopping across different
groups, new groups must be formed as time progresses. Al-
though there are different ways to form new groups, FedHusky
aims to maximize the number of active groups throughout the
training process.

Specifically, after a client is released from a group, it im-
mediately notifies the server. Upon receiving this notification,
the server will attempt to generate a new group by solving
problem OPT-£, where k£ > N. Note that OPT-£ will drop (2)
and (4) from its constraints, meaning that no specific client is
chosen for the first position in this k-th new group. Further, ¢
in (7) (i.e., the start time of the first position A[l]) is shifted
to the current wall clock time.

If there is a feasible solution to OPT-k, a new k-th group
is generated and each client in this group will need to update
its calendar. Otherwise (i.e., no feasible solution to OPT-k),
there is no new group; the server waits until the next client
notification arrives and then starts the same process for OPT-
(k+1).

E. Relaxation of Key Assumption

In this subsection, we show that a key assumption in
developing FedHusky can be relaxed, making it a highly robust
solution in the field.

Recall that generating a new group requires the estimated
A,; for each client i. Since A; includes both training and
communication times, minor estimation errors are inevitable.
However, because FedHusky dynamically routes models via
ad hoc networks or a central server—whichever is faster
(Step 3)—the estimated A; effectively acts as an upper bound.
Therefore, A; is highly likely to be overestimated, which is
harmless since clients simply finish their tasks early.

Consequently, the potentially disruptive scenario where A;
is underestimated is rare. Even when an occasional underes-
timation occurs, the resulting partial overlap of actual busy
intervals on client ¢’s calendar is easily managed. The client
simply completes its current job before starting the next. This
partial “double-booking” causes only a minor delay in the
subsequent group and does not disrupt FedHusky’s overall
operation.

IV. EXPERIMENTAL RESULTS

In this section, we evaluate the performance of FedHusky
and compare it to hybrid FL.
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A. Experimental Settings

We assume the server is equipped in a UAV, hovering at a
fixed altitude of 100 meters. A total of N = 50 clients are ran-
domly deployed on the ground within a circular area of 1000
meters radius. Both uplink and downlink channel bandwidth
are 50 MHz, respectively. The wireless channel is modeled
by large-scale path loss as: PL(d) = PLg + 10 - aloglo(d%),
where d denotes the distance between a client and the UAV
server and PL( denotes the reference path loss (free space
path loss) at dyp = 10 meters and the path-loss exponent is set
to o = 2.8. Each client transmits with a fixed power of 23
dBm, and the noise power spectral density is -174 dBm/Hz.

We perform the simulation on two common-use datasets:
MNIST [18] and Fashion-MNIST [19]. A convolutional neural
network (CNN) with two convolutional and three fully con-
nected layers with a model size of 1.7 MB is employed to train
both datasets. The learning rate is set to 7 = 0.01. The decay
parameter in (18) is set to ¢ = 0.9. The clients’ local training
times 0; are uniformly distributed over [1, 10] seconds.

To create small-scale, heterogeneous datasets, we set each
client’s dataset size to |D;| = 100 and use the Dirichlet distri-
bution [20] to simulate heterogeneity across clients. Denote e
as the Dirichlet coefficient, which controls the heterogeneity
level of data across clients. Clients’ data distribution under
different € is shown in Fig. 4. While ¢ = 0 represents the
extreme non-IID case where each client holds only one label,
e = 0.5 illustrates moderate heterogeneity, and ¢ = 10
approaches a completely IID scenario where clients hold a
uniform mix of all labels. We set ¢ = 0 in our simulation,
representing the most heterogeneous scenario.

The termination time for FedHusky is set to 7' = 1000
seconds.

B. Results

In this section, we provide results for FedHusky through a
case study.

The experimental settings are given in the previous section.
According to the data distribution of each client shown in
Fig. 4 (¢ = 0), N = 50 clients are formed into C = 10
clusters, where each cluster has 5 clients.

First, we present the test accuracy performance of FedHusky
and compare it with other FL solutions, i.e., hybrid FL (a.k.a
PSFL in [14]), parallel FL (FedAvg in [4]) and sequential FL
[11]. Fig. 5 shows the results under two datasets. Clearly, under
the given termination time (7" = 1000 seconds), FedHusky
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Fig. 5. Test accuracy comparison under two different datasets. N = 50.

outperforms hybrid FL, parallel FL, and sequential FL in
accuracy and convergence speed. For example, under the
MNIST dataset, to achieve an 80% test accuracy, FedHusky
converges 5.9x faster than hybrid FL, 7.9 x faster than sequen-
tial FL, whereas parallel FL fails to converge to 80%. Under
both datasets, we find that parallel FL performs the worst
in terms of test accuracy; hybrid FL achieves a noticeable
performance improvement over sequential FL, primarily due
to its incorporation of multiple groups. FedHusky performs
better than hybrid FL due to its higher utilization of clients
in training. Note that there are some early fluctuations in
FedHusky. This is because in FedHusky, the early global
model aggregations include only a subset of clients, which
causes temporary instability.

In Fig 6, we show the busy ratio (i.e., #;) for all 50 clients
over T'. For FedHusky, the busy ratio varies from 35.8% to
86.9% over the 50 clients, with the average ratio being 63.4%.
In contrast, the busy ratio for hybrid FL varies from 1.8% to
15.5%, with the average ratio being 8.2%. That is, the average
client busy ratio for FedHusky is 670% more than that for
hybrid FL. Such improvement in each client’s work efficiency
by FedHusky is the key to its performance improvement in
accuracy and convergence speed over hybrid FL.

In Fig. 7, we show the number of active (live) working
groups over time throughout the simulation period (7' = 1000
seconds). The result shows that hybrid FL (orange color) has
no more than 5 groups at any time (10 clients per group). In
contrast, the average number of active groups in FedHusky is
32 per second. Note that the number of active working groups
in FedHusky drops towards the end (right before termination
time). This is because, when it gets close to the time limit
T = 1000 seconds, an attempt to generate a new working
group will find that the potential new group’s ending time will
exceed the time limit. As a result, FedHusky will abandon this
attempt without generating a new group.

Finally, we zoom in to examine the calendar of each
individual client over time. Due to space limitations, we show,
in Fig. 8(a), the calendars of a few randomly selected clients,
namely, clients 8, 18, 22, 35, and 45, over the first 100-second
time period. In Fig. 8(b), we show the busy intervals for these
clients under hybrid FL. Clearly, each client under FedHusky
works much harder (more efficiently) than it works under
hybrid FL.
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V. CONCLUSIONS

In this paper, we address the inherent client idleness prob-
lem embedded in hybrid FL, which is currently the state-of-
the-art solution that addresses small datasets and heterogeneity
problems in FL. We propose FedHusky—a novel FL algorithm
designed to maximize client utilization. The key enabling
mechanism in FedHusky is a distributed calendar for each
client, which allows it to keep track of its reservations of busy
intervals by different working groups, effectively enabling a
client to hop around groups as time progresses. The second
novelty in FedHusky is its use of an optimization-based
approach to generate new groups, which maximizes work
efficiency across clients while preventing double-booking. The
third novelty in FedHusky is its employment of a dynamic
birth—death process for working groups, ensuring a vibrant
client-group ecosystem during the learning process. Finally,
FedHusky is highly robust to potential estimation errors in
processing time, a key parameter required in the optimization
problem to generate new groups and update calendars. Ex-
tensive experiment results show that FedHusky significantly
outperforms hybrid FL in terms of test accuracy, convergence
speed, and per-client utilization. The proposed FedHusky

represents a major advancement in addressing small datasets
and heterogeneity problems in FL.
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