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Abstract—Federated learning (FL) is a new paradigm to train
Al models over distributed edge devices (i.e., workers) using
their local data, while confronting various challenges including
communication resource constraints, edge heterogeneity and data
Non-IID. Over-the-air computation (AirComp) is a promising
technique to achieve efficient utilization of communication re-
source for model aggregation by leveraging the superposition
property of a wireless multiple access channel (MAC). However,
AirComp requires strict synchronization among edge devices,
which is hard to achieve in heterogeneous scenarios. In this
paper, we propose an AirComp-based grouping asynchronous
federated learning mechanism (Air-FedGA), which combines the
advantages of AirComp and asynchronous FL to address the
communication and heterogeneity challenges. Specifically, Air-
FedGA organizes workers into groups and performs over-the-
air aggregation within each group, while groups asynchronously
communicate with the parameter server to update the global
model. In this way, Air-FedGA accelerates the FL model training
by over-the-air aggregation, while relaxing the synchronization
requirement of this aggregation technology. We theoretically
prove the convergence of Air-FedGA. We formulate a training
time minimization problem for Air-FedGA and propose the
power control and worker grouping algorithm to solve it, which
jointly optimizes the power scaling factors at edge devices, the
denoising factors at the parameter server, as well as the worker
grouping strategy. We conduct experiments on classical models
and datasets, and the results demonstrate that our proposed
mechanism and algorithm can speed up FL model training by
29.9%-71.6% compared with the state-of-the-art solutions.

Index Terms—Edge Computing, Federated Learning, Over-the-
air Computation, Asynchronous, Heterogeneity, Non-I1ID.

I. INTRODUCTION

The rapid growth of the Internet of Things (IoT) has led to
the generation of massive amounts of data from edge devices,
such as sensors, mobile phones, and base stations [1]. Effec-
tively utilizing this data is crucial for enhancing the quality
of service (QoS) on various applications, such as interactive
online gaming, face recognition, 3D modeling, VR/AR and
vehicle networking systems. Recently, artificial intelligence
(AI) algorithms have deployed from the centralized cloud to
the distributed network edge, which is known as edge Al
[2], enabling efficient data processing locally. This shift has
facilitated the adoption of federated learning (FL), a technique

that trains Al models over edge nodes while preserving privacy
by utilizing data locally.

FL has gained significant attention since its introduction
in 2016 [3]. A typical FL system usually consists of a large
number of edge devices (i.e., workers) for local model training,
and a centralized parameter server (PS) for each round of
local model aggregation [4]. Each worker trains model over
its local dataset and sends the trained local model to the PS.
The PS aggregates these local models into a global model and
broadcasts it back to the workers. This procedure continues
for multiple rounds until the global model converges.

However, when deployed at the network edge, FL faces
several challenges: 1) Limited communication resource: Tra-
ditional orthogonal multiple access (OMA) schemes (TDMA
[5]-[7], OFDMA [8] [9]) are commonly used for FL. model ag-
gregations. However, due to limited communication resources,
the transmission delay increases linearly with the number
of workers when deploying OMA schemes [10], resulting
in unsatisfactory scalability in large-scale FL scenarios. 2)
Edge heterogeneity: The CPU capacities, data sizes, and
network connections are usually heterogeneous at network
edge. As a result, the required time to perform local updating
and receive/upload models may vary significantly. 3) Data
Non-IID: A device’s local data are often not sampled drawn
uniformly from the overall distribution. In other words, the
local data on edge devices are typically non-independent and
non-identically distributed (Non-IID) [11].

Traditional OMA schemes aggregate models on the premise
that all model vectors can be reliably transmitted. However,
the parameter server actually just needs to obtain the weighted
average of the local model vectors, rather than ensuring reli-
able transmission of each individual vector [12]. To this end,
over-the-air computation (AirComp) [13], a new analog non-
orthogonal multiple access (NOMA) technique, is motivated
to break through the limitation of communication resources,
and reduce transmission delay for large-scale FL [14]-[19].
AirComp-based aggregation is achieved by synchronizing
workers to transmit their local model vectors concurrently,
leveraging the superposition property of wireless multiple
access channels (MAC) to sum these vectors over-the-air [14].
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TABLE I: Performance comparison for FL mechanism.

FL Mechanism Commumc.a tion | Handing Ed.ge Handing Non-IID | Scalability
Comsuption Heterogeneity
Synchronous [3], [5]-[9], [11] Medium Poor Medium Poor
AirComp+Synchronous [10], [14]-[19] Low Poor Medium Poor
Asynchronous [20]-[27] High Good Poor Good
AirComp+Asynchronous (Air-FedGA) Low Good Good Good
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Fig. 1: The Architecture of Air-FedGA.

The implementation of AirComp has a bifacial impact on
FL. On one hand, due to the efficient spectrum utilization
of AirComp-based aggregation, it is expected to significantly
reduce the transmission delay compared to the OMA-based
aggregation which decouples communication and computa-
tion. On the other hand, strict synchronization among all
heterogeneous workers is required for successful over-the-
air aggregation [10]. However, due to edge heterogeneity,
the completion time of workers varies significantly [20]. As
a result, the parameter server has to wait for the slowest
worker to complete its local training before the over-the-air
aggregation, while other workers are idle at this time. It is
known as the straggler problem [21], leading long single-
round duration and decelerating FL. Conventionally, asyn-
chronous FL. mechanisms are deployed to tackle the straggler
problem [20]-[27]. In this case, the parameter server updates
the global model with each local model as soon as it arrives,
without waiting for others. However, a fully asynchronous
mechanism cannot be directly applied to AirComp-based ag-
gregation, since the implementation of AirComp is based on
the concurrent transmission of multiple devices.

To address the difficulty of utilizing asynchronous mech-
anism for over-the-air FL, this paper propose an AirComp-
based grouping asynchronous federated learning mechanism
(Air-FedGA) over a noisy fading MAC. As shown in Fig.
1, the workers in the FL system are organized into groups.
The workers within a group perform over-the-air aggregation
simultaneously, whereas each global updates is performed
asynchronously among groups. Air-FedGA relaxes the require-
ment on synchronization of AirComp-based aggregation to
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accelerate FL, in which a worker only needs to wait for
the worker within the same group to complete local training,
instead of waiting for all workers. The comparison of different
FL mechanisms are summarized in Table I.

The main contributions of this paper are as follows:

o We design Air-FedGA, a group asynchronous FL. mech-
anism via over-the-air computation, to address the com-
munication constraint and edge heterogeneity. We analyze
the convergence of Air-FedGA, and explore the quanti-
tative relationship between the convergence bound and
several factors, e.g., data distribution, the transmission
power scaling factors and the denoising factors.

« We formulate a training time minimization problem for
Air-FedGA. To solve this problem, we first jointly op-
timizes the power scaling factors at workers and the
denoising factors at parameter server. Then we propose a
worker grouping algorithm based on both on communi-
cation and data distribution. This approach ensures that,
within each group, the local training times of workers are
similar, while also striving to make the inter-group data
distribution as close to IID as possible to mitigate the
effects of Non-IID data.

« Experimental results on the classical models and datasets
show that, compared with the state-of-the-art solutions,
our proposed mechanism and algorithm can greatly ac-
celerated FL. model training by 29.9%-71.6%.

The rest of this paper is organized as follows. Section II
reviews the related works. Section III introduces the grouping
asynchronous federated learning via AirComp, and Section
IV provides its convergence analysis. The worker grouping
algorithm is proposed in Section V. The experimental results
are shown in Section VI. Section VII concludes this paper.

II. RELATED WORKS
A. Asynchronous Federated Learning

Asynchronous federated learning (FL) addresses the strag-
gler problem by aggregating a local model with the global
model as soon as the parameter server receives it, without
waiting for all workers to finish their local training. How-
ever, this comes at the expense of using out-of-date models,
inevitably incurring staleness concern [21].

Many researches have focused on addressing edge het-
erogeneity with asynchronous scheme while mitigating the
adverse effects of staleness. For example, Xie et al [21]
assign smaller aggregation weights to stale models to lessen
their impact on training. Wu ef al. [20] propose a simple
approach to handle staleness, where the parameter server



discards too stale models during training process. Chen et al.
[22] deploy dynamic learning rates for workers according to
the frequency of their participating in global updating, which
can also alleviate the staleness concern. Zheng et al. [23]
and Zhu et al. [24] compensate delayed gradients based on
approximate Taylor expansion. Ma et al. [25] introduce a semi-
asynchronous FL. mechanism that involves multiple workers in
each global updating to ensure that the model is not too stale.
Chai et al. [26] organize workers into groups according to their
communication time with the parameter server, and perform
global updating asynchronously among groups.

However, these works do not explicitly handle data Non-
IID, which can amplify the negative effects of staleness and
lead to gradient divergence [28]. In contrast, we propose
a novel worker grouping algorithm that considers both the
communication time and the data distribution of workers,
and assigns them to different groups accordingly. Therefore,
our algorithm can reduce the communication overhead and
improve the convergence of FL under data Non-IID.

B. Federated Learning via Over-the-air Computation

The first work that introduced over-the-air computation-
based FL aggregation was by Zhu et al. [10], who leverage the
broadband analog aggregation to achieve low-latency model
aggregation. They further expand their work by using one-bit
quantization at workers, followed by modulation and majority-
voting-based decoding at the parameter server, to reduce the
communication overhead [15]. Yang et al. [16] focus on the
trade-off between communication and learning, and propose a
method that maximizes the number of devices while minimiz-
ing the mean squared error (MSE) of gradient error. Another
challenge in this approach is the bandwidth consumption.
Mohammadi et al. [17] [19] exploit the sparsity of the model
update vector and project it into a low-dimensional space
using random matrices. Their methods significantly reduce the
bandwidth requirement, while preserving the accuracy of the
model aggregation. Power control is another important factor
that affects the performance of FL via AirComp. Zhang et al.
[29] formulate the power control problem as an optimization
problem that minimizes the MSE of gradients, subject to
average power constraints at each worker. Similarly, Cao et
al. [18] conduct an analysis of the convergence of over-the-
air computation FL under various power control policies to
optimize transmit power.

However, a common limitation in the aforementioned works
is the requirement for all workers to concurrently transfer
their local models for over-the-air aggregation, leading to the
critical straggler problem. In response, our proposed group
asynchronous mechanism allows FL to accelerate the model
training by over-the-air aggregation, while relaxing the syn-
chronization requirement of this aggregation technology.

III. SYSTEM MODEL
A. Federated Learning (FL)

For ease of expression, some key notations in this paper
are listed in Table II. We consider a K-class classification

TABLE II: Key Notations.

Symbol Semantics
V The set of workers {vy,va,...,vn}
Vi The set of workers in the j-th group
A% The set of groups {V1, Vs, ..., Vi }
d;,D;,D  The data size of worker v;/group V;/total
dr, D;-“ The data size of class ¢, on worker v;/group V;
ai By M The proportion of the data size of wprker v;
T /group Vj/class cj, to the total data size
k ok The proportion of the data size of class ¢
i B on worker v;/group V;
E, f; The global/local loss function
Wi The error-free global model at round ¢
Wi The estimate of global model at round ¢
wi The local model on worker v; at round ¢
Yt The received signal on PS at round ¢
Z4 The white Gaussian noise at round ¢
Tt The staleness at round ¢
o The scaling factor at round ¢
pi The transmit power of v; at round ¢
E} The energy consumption of v; at round ¢
M The denoising factor at round ¢

problem with a label space C = {cy, ca, ..., ¢k }, and perform
federated learning over a set of workers V = {v1,vs,...,ux},
with [V| = N > 1, in edge computing.

Each worker v; trains a model on a local dataset with size
d;. The size of the data with label ¢, on worker v; is df, and
D erec d¥ = d;. The total data size on all workers is denoted
as D =3 ydi. Let a; = d;/D and N\ = 3, d¥/D
denote the proportion of worker v;’s data size and class cg’s
data size to the total data size, respectively. Let (x,y) and w
denote a particular labeled sample and the model parameter,
respectively. For classification, we use the widely adopted
cross-entropy loss function [30]:

F(w) £ Z —AeEy=c,, [log pr.(x, W), )
creC
where pi(x,w) predicts the probability that the input x
belongs to the class cj, under parameter w. Similarly, the loss
function of worker v; is defined as

fiw) &> —al By, log pr(x, W), @)
creC
k
where af = Z— denotes the proportion of the data size of class

¢, on worker v;. Obviously, the global loss function satisfies

d
F(w) = ZE; Hlilw) = %aifi(w). 3)
The learning problem is to obtain the optimal parameter vector

w* s0 as to minimize F'(w), i.e., w* = argmin,, F/(w).
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Algorithm 1 Grouping Asynchronous Federated Learning via
Over-the-Air Computation (Air-FedGA)

1: for j € [1, M] do

2: T = 0

3: end for

4: fort =1to T do

5:  Processing at Each Worker v;

6.  if receive w;_; from the PS then

7: Update local model wi by Eq. (4)

8: Send READY message to the PS

9: else

10: wi=wi_,

11:  end if

12:  if Receive EXECUTE message from the PS then

13: Transmit w? simultaneously with all the other work-
ers in group V;,

14:  end if

15:  Processing at the Parameter Server

16:  while True do

17: if Receive READY message from worker v; then

18: Jj=arg{j € [1, M]lv; € V;}

19: TP =Tj +1

20: if ry = |Vj| then

21: =17

22: rj, =0

23: Send EXECUTE message to each v; € V;,

24: Receive signal y; by over-the-air aggregation

25: Update global model W, according to Eq. (10)

26: Distribute W to each worker v; € V;,

27: break

28: end if

29: end if

30:  end while

31: end for

32: return global model w1

B. Grouping Asynchronous Federated Learning via Over-the-
air Computation (Air-FedGA)

We propose the AirComp-based Grouping Asynchronous
FL mechanism, which is formally described in Alg. 1.

1) Worker Grouping: Workers in V are organized into M
groups Vi, ..., Vi, satisfying UJNil V; =Vand V;NVy =
@,Vj # j'. Let D; denote the sum of the data size of workers
in group Vj, i.e., D; = Zvlevj d;. Then the proportion of the
data size of group V; to the total data size is 5; = D;/D. Let
Df denote the total size of data labeled as c; in group V;,
ie, Df =% v, d”. Then the proportion of the data size of
class ¢ in group V; is B]’-“ = D;-"/Dj.

2) Local Training: Let V;, denote the group that partici-
pating in the global updating at round ¢. If worker v; ¢ V;,, it
will not receive global model from the parameter server (PS)
at round ¢, and its local model at round ¢ is equal to that
at round ¢ — 1, i.e., wi = wi_; (Line 10). On the contrary,
if worker v; € Vj,, it receives the global model w;_; and
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performs local updating by
wy = w1 — YV fi(Wi1), )
where ~ is the learning rate (i.e., step size). Let 7, be the
interval between the current round ¢ and the last received
global model version by worker in group Vj;,, called the
staleness. Thus, w} is equal to wi__, and wj__ is trained
from a previous version of the global model on v;, i.e.,
W, =W =Wir1 — YV fi(Wi—r—1). &)
Then, v; sends a READY message to the parameter server
(Lines 6-8).
3) Intra-group Alignment: The parameter server maintains
a set of variables 7;,Vj € [1, M]. Once the parameter server
receives a READY message from a worker in group Vj, r;
increases by 1 (Lines 17-29). If the parameter server has
received all READY messages of worker in group V;, i.e.,
r; = |V;], it sends the EXECUTE messages to workers in V;
and reset r; as O (Lines 21-23).

4) Grouping Asynchronous Aggregation: On receiving the
EXECUTE message, worker v; transmits w! and performs
over-the-air aggregation simultaneously with all the other
participating workers (Lines 12-14). Let h! denote the wireless
channel gain between worker v; and the parameter server at
round ¢, which is assumed to remain unchanged within one
communication round. Then the transmit power of v; at round
t 1s set as . dioy

by = h% H
where o; is the power scaling factor at round ¢ determining
the received SNR at the parameter server. According to [31],
the transmission energy consumption on worker v; at round ¢
is given by

(6)

)

As a result, their local models are aggregated over-the-air for
the parameter server. If the aggregation is error-free, the global
model can be obtained by

W= (1250, w1, L, el ®)

However, due to channel fading and noise, the received signal
at the parameter server is given by

= Chiw! + 7, = dioyw! + 24, (9
yt Zvievﬂ pt t t + t Zvievﬂ i0t t + t ( )
where z; is an additive white Gaussian noise (AWGN) vector

with zero mean and variance o3. Therefore, the parameter
server estimates the global model as
Yt

Wi = (1 - Zv,:evjt ai> w1+ D\/UT’

where 7 is the denoising factor at round ¢. After aggregation,
the parameter server distributes the global model w; to all
workers in Vj,.

To visualize the procedure of Air-FedGA, we give an
example in Fig. 2. There are 6 workers v;-vg in the FL system,
divided into 3 groups, i.e., Vi = {vi,v2}, Vo = {vs3,v4},
Vs = {vs,v6} and V = {V1, Vs, Vs}. For instance, workers

vy and v performs over-the-air aggregation simultaneously at
a101w1+a201wf

Vit

B = |lpywi 3.

(10)

Z3

round 1, i.e., w1 = (1—a; —ag)wo+ Dym:
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Fig. 2: The workflow of Air-FedGA.

Since workers v; and vq receive the global model wg at round
1, the staleness 71 = 0. For another instance, workers vs and

ve performs over-the-air aggregation s1multane0uslﬁy at round
QA504Wy+0604W, + Z4
D

4, ie,wy = (1 — a5 — ag)ws +
Since the last time workers vy and 1)6 recelve the global model
wo at round 1, wi = w} and w§ = w?, and the staleness
T,=4—1=3.

IV. CONVERGENCE ANALYSIS

A. Assumptions

We make the following commonly adopted assumptions
[14] [18] on the loss functions F;,Vv; € V.

Assumption 1 (Smoothness). F; is L-smooth with L > 0, i.e.,
Sfor Ywi,ws, Fi(ws) — Fi(wy) < (VFj(wy),wgy — wy) +
L 2
3wz — w ™.

Assumption 2 (Strong convexity). F; is u-strongly con-
vex with u > 0, ie., for le,WQ,2 Fi(wg) — Fiy(wy) >
<VF7;(W1),W2 — W1> + %”W? — W1|| .

Note that models with convex and smooth loss functions
(e.g., linear regression and SVM) satisfy Assumptions 1 and
2. However, the evaluation results in Section VI demonstrate
that our mechanism also performs well for models (e.g., CNN)
with non-convex or non-smooth loss functions.

Assumption 3 (Gradient bound). The squared norm of gra-
dients is uniformly bounded, i.e., ¥k, w, ||G1(W)|? < G2,
where G (W) = VEy =, [log pr(x, w)].

Assumption 4 (Model bound). The squared norm of model
size is uniformly bounded, i.e., |wi||* < W2, Yu; € V,t € [T].

Assumption 4 is reasonable since the model size is relatively
stable during federated learning process.
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B. Analysis of Convergence Bound

The earth mover distance (EMD) is applied to represent the
difference of data distribution between two datasets [32]. We
denote A; as the EMD between group V;’s dataset D; and the
global dataset D, i.e.,

Aj=BMD(D,Dj) =3} _ I8 db
Before convergence analysis, we ﬁrst state a key lemma for
our statement. For ease of expression, we denote I} = t —
7 — 1 > 0 as the version of the received global model on V;,
before the tth global aggregation. 7,,,,, = max;{7:} denotes
the maximum staleness.

Lemma 1. Let Q(t) be a sequence of real numbers for t > 0.
x, y and z are three nonnegative constants, satisfying x+1y <
LIFQ) <zQ(t—1)+yQ(l:) + 2, then
Q) < #'Q(0) +
where p = (z 4 y) ez and § =

12)
1 —;—y :

Lemma 1 can be proved by mathematical induction [33].
Next, we derive the specific values of z, y and z in Air-
FedGA and obtain the convergence bound by applying Lemma
1. For asynchronous aggregation among groups, we denote ),
as the relative frequency of group V; participating in the global
aggregation, satisfying Zvj v =1

Theorem 1. wy is the initial global model. If i << %,
after the over-the-air aggregation Eq. (10) is performed T
times, the trained global model wr satisfies

E[F(wr)] = F(w") < p" (F(wo) — F(w *)) +4, (13)
1= 2y — £) Xy, ey Ui T € (0,1),
Zv ev ¥iBj (”/LAQG2+L2 max;eq1,7) Ct)

where p =

6 - (2uyL—p) Zv_ cv ¥ B; and Ct - (\/':W -
D*WE + 52,
Proof: Accordlng to Eq. (5), the local model
Wt _Wt e — Wt—r—1 — ’YVfl(Wt Te— 1)
' =wy, — YV fi(wy,). (14)
Let w] = D v, Dd—;twi denote the group model of V; at
round ¢, we have
W= Y B Y g
vi €V, Je v; EV“
:Wlt ’}/VF (Wlt) (15)

where Fj(w) =3 €V, Dj L f;(w) is the group loss function.
From Eqs (9) and (10),

i
Doviev,, dioewi + 2

D/

diorwy + 24

Djt Zvlevjc
Dj,\/ne

=(1 = B )we1 + B, W], (16)
where Wi = ey, dgzwif\/nitz’ The group model aggrega-

tion error of V;, caused by the over-the-air aggregation at
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round ¢ is given by
N —— J
g, =Wj; — Wy

dioywi + 2 di
_M;,jt D v%;“ D
di ,( oy Z4
_U;Vjt B, (\/717 - 1> +v§}jt —. (17)
Since F' is convex and 3;, € (0, 1], we can deduce that
F(wi) — F(w?)
=F((1 = B )Wer + B;, %)) — F(w")
<(1 = B;)F(wir) + B, F(W]) — F(w”)
=(1 = Bj,)(F(Wi-1) = F(W")) + 8, (F(%]) — F(W*)()1~8)

According to Assumption 1, it is obvious that F' is L-smooth,
it follows

F(%]) — F(w")
<F(wi,) = F(W") + (VF(wy,), Wi —wy,) + 5“‘7‘/{ —wy, |2
=F(w,) — F(w") + (VF(Wlf,)»Wi +el —w,)
L ..
+olwi e —w, [&
=F(wy,) = F(w") = v(VF(wy,), VFj(w,))
. L~? Lllg2 |12
F(VE(w,). )+ v (w2 + 1D
— L(el, VEj(wi,)- (19)
By using the AM-GM Inequality, we have
(e1, VF(wy,) — LyVFj(wy,))
<Ll L IVEw,) - LAV fi(wi,)|?
=72 2L
_LIEP  IVEw)IP | L2V E (w1
2 2L 2
= UVE(wy,), VEj(wy,)). (20)

Since v < %, by taking Eq. (20) into Eq. (19), we deduce that
F(W]) — F(w")
<E(wi,) — F(wW") = 29(VF(wy,), VFj(wi,))

2 IVFw)I?
+ LIV E (i )|+ Efef)? +

<F(wi,) = F(w") +9|[VF(w;,) — VE;(wy,)|?

; VF(w,)|?
V)P + Ll + VPRI g

From Eq. (1), for Vw, its gradient over the global dataset is

VF(w Z — M VEy|y—c, [log pr(x, w)]
creC
=Y —MGr(w) (22)
cL€C
Similarly, its gradient over dataset D; is
w) =Y —BFGi(w) (23)
creC
According to Assumption 3, we have
[VE(w) - W[ =1 k= B))Gr(w)|?
creC
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<AZG2. (24)
Substituting w{t into Eq. (24), we obtain that
IVF(w],) — VEj(w] )| < A2G*. (25)

According to Assumption 2, it is obvious that F' is p-strongly
convex, it follows

IIVF(Wz,,)II2 > 2u(F(wy,) — F(w")). (26)
Since v > 2L, we have
1 Iz ¥
(=7 + *)HVF(Wz,)IIQ (=2py + ) (F(wy,) = F(w?)).
27)
By taking Egs. (24) and (27) into Eq. (21), we deduce that
F(W]) — F(w")
<(1=2uy+ %)(F(Wzt) — F(w*)) +vA2G® + L]l |I*.

(28)
By taking Eq. (28) into Eq. (18) and taking the expectation,
we have
E[F(w;)] = F(w")

<(1—= > ¢B)(F(wi 1) — F(w"))

V;ev
+(1- 2m+ ) Y iBi(F(w,) — F(w"))
V;eEV
+ > $iB; (7A2G2 + L max ct> (29)
VeV
where )
gt 2 g
Ci=(—=-1 W 30
Let Q(t) £ E[F(w;)] — F(w"). Then F(wt_l) — F(w*) =

Q(t—1) and F(wy,)—

is transformed into

Q) < (1= > 4;8)Q(t - 1)

F(w*) = Q(I;). The recursive relation

VeV
+ (1 —2uy + ) D B Q
VeV
Yt
+ > B (NG + L max ct) (1)
VeV
According to Lemma 1, if py Zvjev ¥;B; € (0,1), then

E[F(wr)] - F(w") < p" (F(wo) — F(w")) +4,  (32)

where p = [1 — (2uy — T) Xy, ey ¥5B] TFmaz TFrmaz € (0,1) and
5= Zv v w]ﬁ](wLAZG2+L max;eq1,7) Ct)

@) Sy, v ViP5 u

C. Discussions
We can draw some meaningful corollaries from Theorem 1.

Corollary 1. The greater the degree of data Non-1ID among
groups, the larger the value of A; for each group V;, and the
higher residual error 6. Given IID data among groups, then
A; =0 for VV; € V, the residual 6 can be reduced.
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Corollary 1 shows that workers can be organized to make
the data distribution among groups close to IID, so as to reduce
the residual error  and improve training performance.

Corollary 2. The convergence factor p decreases as the upper
bound of staleness Ty q, decreases. Tpq. depends partly on the
number M of groups. For example, if M = 1, then Tp,q, = 0,
and p takes the minimum value.

Corollary 2 shows that we can decrease the convergence
factor p by decreasing the number M of groups. However,
it does not mean a short convergence time, because the
completion time of a single round depends on the worker with
the maximum completion time within a group. Consequently,
less groups will result in a longer completion time of a single
round. Accordingly, it is a significant problem to determine the
group strategy to achieve better training performance, which
will be elaborated on in Section V.

V. PROBLEM FORMULATION AND ALGORITHM
DESCRIPTION

A. Problem Formulation

To exploit AirComp for low-latency model aggregation [10],
the model aggregation time is calculated as
Lt = LI (33)
where ¢ is the dimension of the trained model, R is the
number of sub-channels, and L° is the symbol duration of
an OFDM symbol. Let x; ; denote the indicator for whether
worker v; belongs to group V; or not. The grouping strategy
in the whole system is denoted as = {z;;}v,ev,v;ev-
Let [; denote the local training time on worker v;, which
is assumed to be estimated by the historical measurements.
Al = maxy,,cp{l;} — min,,cp{l;} is the difference between
the maximum and minimum local training time of workers in
V. The time for all workers in group V; to complete local
training is determined by the worker with the longest training
time. Then the completion time for V; to complete local
training and model uploading via over-the-air aggregation is
calculated as
(34

Therefore, the number of updates that group V; participates
in per unit time is flj Since all groups participate in global
updating asynchronously, the average completion time of one
round is estimated as

L;= zgleaéi{li} + L.

1

L~ . 35)
1 1 1
I + s + ...+ T
Thus, we formulate our problem as follows:
(P1) : min LT (36a)
o,n,x
st. F(wp) < F(w")+e¢ (36b)
E! < E', Yo, eVt e [T]  (36c)
L; — L" —1; <EAL, Vv, € V;,V; € Vo (36d)
T € {07 1}, v; € V7 Vj eV (36e)

The first inequality (36b) represents that the global model
will converge after 7' rounds, where ¢ is the convergence
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threshold to guarantee the training accuracy. The second set of
inequalities (36¢) represent that each worker v; is subject to a
maximum energy budget £ at each round ¢. The third set of
inequalities (36d) ensures the local training time of workers
within each group is similar (e.g., & = 0.3). Our target is to
determine the power scaling factors o = {oy|t € [T}, the
denoising factors n = {n|t € [T|} and the grouping strategy
T to minimize the total training time, i.e., MiNg 5 & IT.
Theorem 1 provides the convergence bound of the global
model after 7" rounds. To satisfy the constraint in Eq. (36b),
we take the upper bound of E[F(wy)] — F(w™*) less than &,
pT (F(wq) — F(w*)) 46 <e, (37)
where p = [1-(2uy—%) ZVJ v wjﬁj]m. We define that

AL pas Ty and B 21— (2uy — ) Yy, oy ¥ibj €
(0,1), then it holds that
T > (14 Tmaz) logg A, (38)
It is obvious that the group with the largest staleness factor
Tmaz 18 also the group with the longest completion time.
Therefore, 7,,4,, can be estimated as )
7A—'maz = L;_naz Z f
v;ev
Thus we convert the original problem P1 to the following
optimization problem:

P2):

(39

nin L(1 + Fnas) logg A (40a)
2

I
o

st. (36¢),(36d) and (36e). (40b)

B. Power Control

Since the power scaling factor o; and the denoising factor

2 2
ot 2 ok
\/"% 1) Wt + Djzto Mt
as indicated in Eq. (30), and are independent of the remaining
terms in the optimization objective in P2, we decouple the
process of solving for o; and 7n; from P2. Specifically, we

determine o; and 7, to minimize C, i.e.,

1 at round ¢ are only related to Cy = (

(P3) : min C; (41a)
Tt,Mt
st. E! < E', Yu; € V,t € [T] (41b)

Note that o, and 7, are coupled in P3. Therefore, we address
P3 by adopting the alternating optimization method [18],
which is formally described in Alg. 2. The main idea is
to alternately fix o./n; and determine the value of 7./0; to
optimize C. After several iterations, convergent o; and 7}
are obtained.

At each iteration, we first optimize the denoising factors
1 under given scaling factors oy. Let 7y = \/%, Eq. (30) is
transformed to
- 22 . Toli
Ct: (O'tnt—l) Wt + D2 .
The partial derivative of C; with respect tojtﬁt is calculated as

2
f';% =2 (o?m g%ﬁt) SNCE)
Since C; is convex with respect to 7};, the necessary condition
for minimization is given by setting the partial derivative to

(42)

W72 — o W72 +
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Algorithm 2 Iterative Algorithm for Power Control

Algorithm 3 Worker Grouping Algorithm for Air-FedGA

Input: Initial scaling factor oy
Output: convergent o; and n;
1: while I”’ —otl g or ‘”’n 2l > ¢ do
2 of = Ut, N =mn
Jth2+;—g
Jt

o W2

o = min{ U { 457

end while

Of =04 0 =M
return convergent o; and 7/

2

hed

n =

sz S V}
5:
6:
7:

oC: _
» 0A

value of 7); as 7y =

zZero, i.e. = 0. Solving this equation yields the optimal
U,,Wf

oZW2+—9-

, Le.,

(44)

Next, we optimize the scaling factor o; under given denois-
ing factor 7;. On the one hand, the partial derivative of C}
with respect to o, is calculated as

% w2 <ﬁ — L)
doy ’ ui m '
Given that C; is convex with respect to oy, we similarly set
gc, = 0. Solving it shows that C} is minimized when o,
\/E, provided that this value lies within the feasible region.
On the other hand, from Assumption 4 and constraints Eq.

(41b), for Vuv; € V, we have the following inequality:

. o d;oy
m=wwm§(

(45)

2
et ) W2 <E'. (46)
ht

This leads to the bound o; < } W " for Yv; € V. Therefore,
if n; is given, C} can be mimmlzed when

mln{m}U { hi \/7

At last, with a given threshold 9, the convergent o; and 7
can be obtained by alternate optimization for iterations.

Yv; €V 47

C. Worker Grouping Algorithm

After the scaling factors o* and the denoising factors n*
are determined, the parameters §* and A* are accordingly
determined. The problem P2 can be converted to the following
optimization problem:

(P4) :min L(1 + #44) logg A (48a)
4
s.t. (36d) and (36e). (48b)
Without causing ambiguity, we denote L(x) = L(1 +

Tmaz) logg A* and L;(x) as the value of objective and L;
under strategy «, respectively. We introduce the worker group-
ing algorithm to solve P4, which is formally described in Alg.
3. There are two difficulties in solving P4: first, it is difficult
to confirm the number M of groups. Second, even after the
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Input: Data size d;, d¥, Yv; € V, Ve, € C
Output: Final grouping strategy x
1: Group set V=9
2 M=1
3: Sort each worker v; € V in descending order by D; as Q
4: for each v; € Q do

S: Ltemp = 400

6: for each V; € VU V) do
7 T = 1

8: if L(x) < Liemp and Lj(xz) — L —1; < Al then
9: £'temp = £( )

10: 7f=7

11: end if

12: Tij = 0

13:  end for

14:  if j* == M then

15: V=VUVuy

16: M=M-+1

17:  end if

18: T4 jx = 1

19: end for

20: return final grouping strategy x

number of groups is determined, the search space of the group
strategy is unacceptable O(M™) if an exhaustive method is
adopted. Therefore, we adopt a greedy-based method to solve
P4.

The main idea of our algorithm is to determine which group
each worker belongs to one by one, so as to minimize the
current objective function £(x). Specifically, we first sort the
workers in the descending order of their data sizes as a queue
Q (Line 3). Note that the purpose of sorting the workers is
to make the algorithm preferentially traverse the workers with
more data. In this way, the performance of the algorithm is
usually better than traversing in random order. Then, for each
worker v; € Q, we attempt to organize it to each group V; € V
or individually as a new group Vyy, i.e., set z; ; = 1 (Line 7),
and calculate the values of current £(x). We traverse all group
V; € VUV and organize worker v; to the aggregator V-
that minimizes the value of £(x) (Lines 6-18). In particular,
if a single v; alone as a group minimizes £(x), a separate
group V), is created for it (Lines 14-17). Meanwhile, the
constrains (36d), ie, Lj(x) — L* — l; < EAL Yv; € V;
should be guaranteed in this process (Line 8). In the worst
case, with each worker as a group, the time complexity is
O(N?). However, given that N is relatively small, the running
time of worker grouping algorithm is negligible compared to
the model training time.

VI. PERFORMANCE EVALUATION
A. System Setup

We use PyTorch to simulate a large-scale federated learning
system, which consists of one parameter server and 100
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workers. Each worker simulates an individual machine and
trains a local model on its own dataset. We conduct our
experiments on a deep learning workstation with a 10-core
Intel Xeon CPU (Silver 4210R) and 4 NVIDIA GeForce RTX
3090 GPUs with 24GB GDDR6X. The system environment is
Ubuntu 22.04, CUDA v11.7, and cuDNN v8.5.0.

1) Models and Datasets: We adopt three real-world classi-
cal datasets to conduct extensive experiments:

o MNIST [34] comprises a collection of handwritten digits
(from ‘0’ to ‘9’), includes 60,000 training samples and
10,000 testing samples.

CIFAR-10 [35] is composed of 60,000 color images,
which is divided into 10 classes, each containing 6,000
images. The dataset is further split into 50,000 training
images and 10,000 test images.

ImageNet-100 is a subset of dataset ImageNet [36],
which contains 1,281,167 training images, 50,000 valida-
tion images and 100,000 test images, spread across 1,000
categories. To accommodate the limited resources of edge
clients, we construct a subset of ImageNet by randomly
selecting the samples of 100 out of 1000 categories.

To implement the Non-IID data among workers, we adopt
the label skewed method to partition dataset [37]. Specifically,
the data in MNIST labeled as ‘O’ are distributed to workers
v1-v10, labeled as ‘1’ are distributed to workers v11-vag,..., and
labeled as ‘9’ are distributed to workers vg1-v1qg.

Three different models with distinct structures are imple-
mented on the aforementioned datasets:

« LR [38] on MNIST. The logistic regression (LR in short),
which is constructed of a fully connected network with
two hidden layers with 512 units, is adopted for the
MNIST dataset.

CNN [39] on MNIST and CIFAR-10. The plain CNN
models are tailored for the MNIST and CIFAR-10. 1)
For MNIST: It consists of two 5 x 5 convolution layers
(20, 50 channels), two fully-connected layers with 800
and 500 units, and a softmax layer with 10 units. 2) For
CIFAR-10: The CNN consists of two 5 x 5 convolution
layers (32, 64 channels), two fully-connected layers with
1600 and 512 units, and a softmax layer with 10 units.
VGG-16 [40] on ImageNet-100. The VGG-16 model,
which consists of 13 convolutional layers with a kernel
of 3 x 3, followed by two dense layers and a softmax
output layer, is adopted for the ImageNet-100 dataset.

2) Simulation of Edge Heterogeneity: Let I; denote the
actual local training time on v;. Due to the limitations of
training resources and the large-scale scenario, we actually
deploy the virtual workers v1-v199 on the single workstation
for experimentation, their local training times are roughly
equal, ie., l; = l} S-S [100. To simulate the edge
heterogeneity, we introduce a scaling factor x; for each worker
v;, which is a random float number drawn uniformly from
[1,10]. Then, we set the local training time on worker v; as
l; = /@-l}, which means that after completing local training, v;
waits for 0-9 times before sending the READY message to the
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Fig. 3: Loss/Accuracy vs. Time (LR on MNIST). Left: Loss;
Right: Accuracy.

parameter server. This adjusted time /; is then used to calculate
its training completion time and recorded in a dynamically
maintained list, L. By monitoring the training completion
times of all workers recorded in L, we determine when each
group performs over-the-air aggregations. Additionally, we set
the bandwidth B = 1MHz, the noisy variance 0'8 = 1W, and
the energy constraints E' = 10J for each worker in each round.
3) Benchmarks and Metrics: To highlight the benefits of
applying AirComp to asynchronous federated learning, we
evaluate our Air-FedGA mechanism against two OMA-based
mechanisms and two AirComp-based mechanisms.

o FedAvg [11]: A classic OMA-based synchronous mech-
anism, where all workers participating in each round of
global aggregation.

TiFL [26]: An OMA-based group asynchronous mech-
anism, which organize workers into groups according to
their communication time with the parameter server, and
perform global updating asynchronously among groups.

Air-FedAvg [18]: The version of using AirComp tech-
nique to implement the FedAvg mechanism with optimal
power control.

Dynamic [31]: An AirComp-based synchronous solution,
which dynamically selects a subset of workers for each
round of global aggregation, while the rest remain idle.

To evaluate the training performance, we adopt the fol-
lowing performance metrics. 1) Loss Function reflects the
training process of the model and whether convergence has
been achieved. 2) Accuracy is the most common performance
metric in classification problems, which is defined as the
proportion of right data classified by the model to all test data.
3) Training Time is adopted to measure the training rate.

B. Evaluation Results

In this section, we first compare the performance of our
proposed Air-FedGA with other benchmarks in terms of loss
function and accuracy. We then demonstrate the advantages of
Air-FedGA in handling heterogeneity, handling Non-IID data,
and scalability.

1) Loss Function and Accuracy: Figs. 3-6 illustrate the
loss and accuracy curves over time for three models trained
on three datasets. As a control experiment, our Air-FedGA is
compared with two AirComp-based mechanisms Air-FedAvg
and Dynamic. As shown, Air-FedGA outperforms Air-FedAvg
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Fig. 4: Loss/Accuracy vs. Time (CNN on MNIST). Left: Loss;
Right: Accuracy.

Dynamic —©-—- 0.6
2.5 R Air-FedAvg 1
\ 6 Air-FedGA —— 05
N . A -
g 2r \‘ 14 \\ e e §0.4
\ ¥ >
- L9 Y03
15+ : aLE:
el 0.2 “pir-FedGA’ —e— 9
Air-FedAvg
1 I I I I 0.1 ! ! Dynamic —-e—-
10 20 302 40 50 ' 10 20 30 40 50
Time (x10° ) Time (x10%s)

Fig. 5: Loss/Accuracy vs. Time (CNN on CIFAR-10). Left:
Loss; Right: Accuracy.

and Dynamic in terms of convergence speed and accuracy. For
instance, as shown in Fig. 3, Air-FedGA achieves an accuracy
of 89.7% after 5000s of training, while Air-FedAvg and
Dynamic only reach 88.3% and 82.5%, respectively. Moreover,
Air-FedGA attains a stable 80% accuracy in 1077s, which is
about 29.9% and 71.6% faster than Air-FedAvg (1536s) and
Dynamic (3794s), respectively. The reason for the superior
performance of Air-FedGA is that it adopts a group asyn-
chronous updating mechanism that reduces the waiting time
of workers, while Air-FedAvg suffers from long waiting time
due to its synchronous updating. The loss and accuracy curves
of jitter Dynamic more violently due to its selection of workers
in each round, which introduces bias to the global model
[37]. In contrast, Air-FedGA groups workers considering the
data distribution among workers, which makes inter-group data
distribution as close to IID as possible. Therefore, Air-FedGA
can handle Non-IID better and greatly reduce the jitter degree
compared with Dynamic.

2) Handling Edge Heterogeneity: To address edge hetero-
geneity, we intuitively tend to group workers with similar
local training time together. Recall that the parameter £ in
constraint (36d) quantifies the similarity of local training time
of workers within each group. Fig. 7 presents a box plot
illustrating the grouping of 100 workers with varying local
training times when £ = 0.3. As shown in this figure, workers
with comparable training time are generally clustered within
the same group. For example, the local training times of the
100 workers range from 8.1s to 61.6s, while workers in Group
7 have local training times between 49.1s and 61.6s.

It is obvious that the number of workers in each group
increases as the value of & rises. To identify the optimal
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value of £, Fig. 8 illustrates the training time required for
CNN to achieve accuracy of 80%, 85%, and 90% on the
MNIST dataset, with £ ranging from O to 1. The results
indicate that when & = 0.3, the training time to reach 80%,
85%, and 90% accuracy is minimized, taking 485s, 765s and
1834s, respectively. As & approaches 0, required training time
increases sharply. This is because smaller values of £ results
in fewer workers per group, thereby limiting the benefits
of reducing communication time in over-the-air aggregation.
For example, when ¢ = 0, each worker performs global
updating in a fully asynchronous manner without over-the-
air aggregation, and the training times increase significantly,
reaching 14213s, 22426s and 51334s for 80%, 85% and 90%
accuracy, respectively. Conversely, as & approaches 1, the
training time also gradually increases. This is because the
training duration for each group is determined by the worker
with the longest local training time, exacerbating the straggler
problem as the group size grows. At higher values of &, the
number of workers in each group increases and ultimately
decelerating FL. For example, when ¢ = 1, the time required
to reach 80%, 85% and 90% accuracy is 823s, 1288s and
3110s, respectively.

3) Handling Non-I1ID Data: Table III shows the average
EMD A = ﬁ Zvjev A; among groups after applying TiFL
and Air-FedGA grouping methods. As shown, the original
average EMD is A = |5 — 1|+ |& — 0| x 9 = 1.8, since each
worker has data with the same label. After the grouping of
TiFL, the EMD is reduced to 0.69. However, by applying our
proposed Air-FedGA, the EMD is further reduced to 0.21. This
demonstrates that Air-FedGA can achieve a more balanced
data distribution among groups, which is closer to IID.
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TABLE III: The impact of the grouping methods on EMD

Methods
EMD

TiFL
0.69

Air-FedGA
0.21

Original
1.8

4) Energy Consumption for Over-the-air Aggregation: Fig.
9 compares the model aggregation energy consumption of our
Air-FedGA with two other AirComp-based mechanisms: Air-
FedAvg and Dynamic. As shown, to achieve the same training
accuracy, Air-FedGA consumes slightly more energy than
Air-FedAvg, but less than Dynamic. The reason is that Air-
FedGA performs asynchronous global updating among groups,
which leads to more aggregations per worker on average than
Air-FedAvg. Dynamic does not take into account the data
distribution among workers when selecting a subset of workers
for global updating, so it requires more global updating to
converge. For instance, when training CNN on CIFAR-10, the
model aggregation energy consumption of Air-FedAvg, Air-
FedGA and Dynamic to reach 55% accuracy is 28432J, 30856]
and 42343]J, respectively.

5) Scalability: Fig. 10 compares the average single round
and total training time for CNN trained on MNIST of different
methods, respectively, by varying the number N of workers.
Note that due to the significant difference in time in magnitude,
we adopt logarithmic coordinates in this figure. As shown in
the left plot of Fig. 10, the average single round training time
for FedAvg grows with N, whereas Air-FedAvg and Dynamic
remain relatively stable. This is because FedAvg requires each
worker to upload its model to the server, which takes longer as
N increases, whereas Air-FedAvg and Dynamic adopt over-
the-air aggregation, and the latter does not depend on N. On
the other hand, the single round training time of Air-FedGA
and TiFL decrease with N, since more workers lead to more
groups, and the asynchronous participation of groups enables
more frequent global updates. The right plot of Fig. 10 shows
the total training time of different methods to achieve 80%
accuracy. It is observed that the training time of the methods
without over-the-air aggregation increases with the increase of
N, whereas that of the methods with over-the-air aggregation
decreases with the increase of N. Consequently, the greater N,
the more exponential performance advantage our Air-FedGA
can show over other methods. For example, when N = 100,
the total training time of FedAvg, Dynamic, TiFL, Air-FedAvg
and Air-FedGA is 13755s, 3799s, 3319s, 1536s and 1077s,
respectively.
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VII. CONCLUSION

In this paper, we have proposed an AirComp-based grouping
asynchronous federated learning mechanism (Air-FedGA) to
address the challenges of communication resource constraint,
heterogeneity and data Non-IID at network edge. The proposed
mechanism allows FL to accelerate the model training by
over-the-air aggregation, while relaxing the synchronization
requirement of this aggregation technology. We have analyzed
the convergence of Air-FedGA and formulated a training
time minimization problem, which jointly optimizes the power
scaling factors at edge devices, the denoising factors at the
parameter server, and the worker grouping strategy. We have
provided the power control and worker grouping algorithms
to solve this problem. Extensive simulations demonstrate that
the proposed solutions significantly accelerate FL. compared
with the state-of-the- art solutions, while effectively handling
heterogeneity, Non-IID data, and ensuring scalability.
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