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Abstract—Compared to conventional two-layer federated
learning (FL), three-layer FL, which adds a layer of edge servers
between the central server and clients, is less studied but could
provide better training performance in terms of reducing elapsed
wall-clock time to complete training. However, three-layer FL
inherits and magnifies some inherent challenges in two-layer FL,
such as client heterogeneity. With different computing capabilities
and network connections, slow clients require exceedingly long
training times. To alleviate the negative effect due to slow clients,
this paper is the first to study asynchronous three-layer FL, where
edge servers conduct local aggregation without waiting for slow
clients and the central server aggregates updates from fast edge
servers. Unfortunately, asynchronous three-layer FL could suffer
from performance degradation as when aggregating updates from
slow clients and edge servers, those updates are not computed
based on the newest global model. Therefore, we propose a
staleness-aware framework, PEGASUS, with newly designed client
selection, compression, and update aggregation mechanisms to
improve every important aspect during training. Our extensive
evaluation of different training tasks demonstrates that PEGASUS
can achieve a reduction in elapsed wall-clock training time by at
least 46.8% with an increase in converged accuracy of the trained
global model by up to 0.3% as compared to the state-of-the-art.

Index Terms—Asynchronous Federated Learning, Three-Layer
Federated Learning, Staleness-Aware Optimization

I. INTRODUCTION

Conventional federated learning (FL) [1] employs a two-
layer structure with a central server and a layer of numerous
clients to train a global model while keeping private local
data on clients. In each communication round, the central
server sends the current global model to clients, who train
locally and only return their local updates for aggregating a
new global model. Despite preserving privacy, two-layer FL
suffers from communication bottlenecks as clients share the
limited bandwidth to communicate with the central server.

Hence, three-layer FL, which is shown in Fig. 1, has
been proposed to add a layer of edge servers between the
central server and clients. With this hierarchy, the central
server only needs to communicate with edge servers and
each client only communicates with its edge server, leading
to faster convergence in theory [2]-[4] and in practice [5].
This structure, also known as hierarchical FL [2], [4], [6]-
[8], improves communication efficiency and training speed.

However, three-layer FL inherits and can amplify challenges
of client heterogeneity in two-layer FL. In reality, clients often
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Fig. 1: Three-layer FL.

have non-i.i.d. (not independent and identically distributed)
local datasets, which could significantly reduce the accuracy
and slow down the convergence of the global model [9], [10].
Their computing capabilities also vary widely, with slower
clients — known as stragglers [11], [12] in conventional
distributed machine learning — delaying training, as edge
servers must wait for their updates. This delay propagates to
the central server, further slowing down global aggregation.

A key performance metric in FL is the elapsed wall-
clock training time for the global model to converge to a
target accuracy. To reduce this by alleviating the performance
degradation due to stragglers, some works of two-layer FL
have proposed to proceed FL server asynchronously with only
a subset of timely client updates [13]-[16]. It has been shown
that asynchronous two-layer FL can outperform synchronous
two-layer FL with heterogeneous clients [17]. Hence, it is
intuitive to use asynchronous central server and edge servers
in three-layer FL. Yet, as far as we know, asynchronous three-
layer FL remains unexplored.

Unfortunately, similar to asynchronous two-layer FL, asyn-
chronous three-layer FL also suffers from degraded perfor-
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mance due to staleness of updates [17]. Since the server may
have progressed several rounds by aggregating updates from
faster clients, the global model used by a slower client for local
training can become stale. In three-layer FL, this issue worsens
as edge servers perform multiple rounds of local aggregation
before reporting to the central server. The more rounds an edge
server with slow clients processes, the staler its aggregated
update becomes. To address staleness at both client and edge
levels, customized mechanisms are needed to improve training
performance in asynchronous three-layer FL.

In this paper, we propose PEGASUS, a staleness-aware
framework for asynchronous three-layer FL that reduces the
elapsed wall-clock time required to reach target accuracy. PE-
GASUS introduces new client selection, pruning, quantization,
and update aggregation methods, tailored for asynchronous
three-layer FL to enhance all key aspects of training. For
each local aggregation, edge servers record selection scores for
clients, calculated using staleness and the quality of their latest
updates. During aggregation, client updates receive weights
based on staleness and divergence from the locally aggre-
gated model. Similarly, when the central server aggregates,
each edge server’s update is weighted by its staleness and
divergence from the current global model.

A key challenge in pruning updates from clients and edge
servers is avoiding performance degradation from removing
important parameters. However, pruning can do more than
reduce update size: it can improve performance by eliminating
parameters that would otherwise lower global model accuracy.
PEGASUS leverages both pruning and quantization to compress
updates while minimizing or even reversing accuracy loss.
Designed for asynchronous three-layer FL, PEGASUS applies
more aggressive compression to staler clients and edge servers,
whose updates are typically less valuable to the global model.

Original contributions. Highlights of our original contri-
butions in this paper are as follows. First, to our best knowl-
edge, we are the first to study asynchronous three-layer FL.
Second, we propose a new framework PEGASUS, to reduce the
elapsed wall-clock training time with carefully designed client
selection, pruning, quantization, and update aggregation mech-
anisms. Our mechanisms are staleness-aware, in that updates
with higher degrees of staleness are pruned more aggressively
and have smaller aggregation weights. Also, these clients are
less likely to be selected in future rounds. Finally, with a
scalable implementation and reproducible experiments, our
evaluation demonstrated convincing evidence that PEGASUS
consistently outperformed its state-of-the-art alternatives with
respect to the wall-clock training time used for converging to
a target accuracy over a variety of tasks. Towards even better
reproducibility, our work will be released as open-source to
the research community and open for cross-examinations.

II. PRELIMINARIES

A. Three-Layer Federated Learning

To formulate the three-layer FL. model in Fig. 1, assume
the bottom layer has N clients and the second layer has M
edge servers. Each client communicates with one edge server,

and the central server only communicates with edge servers.
Suppose each client n, n € [N], has a local dataset D,,. If
client n connects to edge server m, m € [M], and is selected
in the current round, then n € C™), with C(™) = |c(™)|,
The dataset of edge server m’s selected clients is D™ =
Upectm Dy, and the union of all data is D = UM_ D(m),

We use the FedAvg algorithm [1], the most widely used
algorithm for two-layer FL, which combines local stochastic
gradient descent (SGD) on clients with update aggregation at a
central server. For the three-layer setup, we adapt it as follows.
In each global communication round ¢, the central server sends
model w(t) to edge servers, which forward it to their clients.
In local round t., client n at edge server m performs 7. epochs
of SGD on w(™(t,t,) to produce w,(t,t.,7.), and sends
update A, (t,te) = Wy (t, te, Tc) — wi(m) (t,te).

Edge server m aggregates updates from all n € C("™) into
its aggregated model w(™) (¢, ¢, + 1):

(m) — D (m)
w (t7t€+1) - Z |D(m)|An(t;te)+w (tate) (1)
nec(m)
Fort. =1,2,...,7.—1, edge server m sends its aggregated

weights w("™ (¢, t, 4 1) to newly selected clients. After 7,
rounds of local aggregation, update A () = w(™ (¢, 7, +
1) — w(t) is reported to the central server. After receiving
aggregated updates of all the edge servers, the central server
updates the global model w (¢ + 1) by aggregating them:

- [DOm)]
wit+1)= 3 Spm AT +wo). 2)
m=1

B. Asynchronous Three-Layer FL

A limitation of the above FedAvg-based three-layer FL
is that the central server (edge server m) aggregates only
after receiving updates from all M edge servers (or all C'(™)
selected clients). Yet some clients may take longer to finish
local training, delaying the entire process.

To deal with slow clients, we propose to let the central
server and edge servers aggregate asynchronously. The central
server updates after receiving V (V' < M) edge server updates;
each edge server aggregates after K(™) (K(™ < (™)
client updates. However, as shown in prior work [15], [17],
staleness in asynchronous FL can degrade performance. In the
t-th global communication round, an update received may be
based on an outdated global model different from w(¢). Such
a phenomenon is referred to as client staleness. Unfortunately,
in asynchronous three-layer FL, staleness could exist on not
only clients but also edge servers, and thus global model
performance would have higher chances to be degraded. We
define the edge server staleness and client staleness as follows:

Definition 1 (Edge server staleness). In global communication
round t at the central server, edge server staleness s™ (t) is
the number of global communication rounds that has elapsed
since the last time edge server m received the global model
from the central server. If edge server m received the global
model W(H(m)) and passes it to its clients for local training,
the edge server staleness s (t) ==t — k(™).
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Definition 2 (Client staleness). In global communication
round t at the central server and local aggregation round t.
at edge server m, client staleness s,(t,t.), n € C'"™), is the
number of local aggregations that have processed on edge
server m since the last time client n received an aggregated
model from edge server m. If client n received the aggregated
model w'™ (k™) k,,) and uses it to conduct local training,
the client staleness s, (t,t.) := (t — K"™)) 7o + to — K.

III. RELATED WORK

Most existing asynchronous FL mechanisms [13], [16]—
[18] are designed for two-layer FL. The first proposed one
is FedAsync [13], which lets the central server to aggregate
whenever it receives one client update. However, stale updates
from slower clients degrades the training performance and
could even result in divergence [17]. To mitigate the issue of
staleness, FedBuff [16] aggregates with more than one updates.

To improve training performance in FL, techniques such
as client selection and pruning have been widely studied.
Oort [19] selects clients based on statistical utility and system
utility, measured by their most recent training loss and training
time. Hermes [20] prunes channels with the lowest magnitudes
in each local model. It adjusts the pruning amount based
on each local model’s test accuracy and its previous pruning
amount. Sub-FedAvg [21] iteratively prunes the parameters and
channels of each client’s local model based on its test accuracy
during its local training. However, all the above-mentioned
mechanisms were designed for synchronous two-layer FL.
Staleness, a major factor in global model performance in
asynchronous FL, was not considered. Also, the training
scheme of three-layer FL is different from two-layer FL. Thus,
directly using them in asynchronous three-layer FL leads to
degraded performance degradation, highlighting the need for
mechanisms tailored to asynchronous three-layer FL.

IV. OVERVIEW

To reduce the elapsed wall-clock training time by enhancing
all critical components of asynchronous three-layer FL train-
ing, we propose a new staleness-aware framework, PEGASUS.

Fig. 2 shows the overview of PEGASUS, which includes
a global update aggregator on the central server, a client
selector, local update aggregator, and a compressor on each
edge server, and a compressor on each client. The global
update aggregator is designed based on edge server staleness,
while the edge server components and client-side compressor
are designed based on client staleness.

Ideally, staleness should be measured using Definition 1|
and Definition 2. Unfortunately, such values are not always
available when needed. For example, an edge server cannot
predict its staleness at the moment of compression, as it does
not know the communication round in which its update will
be aggregated at the central server. By the similar token, a
client cannot know its staleness when compressing its local
update. Hence, we need observable measures to substitute for
edge server staleness and client staleness.
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Update
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\ t
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| /
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Fig. 2: PEGASUS: a design overview.

A substitute for client staleness. Longer local training
typically leads to staler updates, as more aggregation rounds
occur during training. Therefore, we use a client’s local
training time to substitute for its staleness. Edge server m,
m € [M], records %.(m), the average local training time of ¢
reported clients. After it receives the (i + 1)-th update from
its client n, it updates %(fl) as:

(m) . Iy
my _ Vi XUt m

Yiv1 = i1 ) (3)
where [, is client n’s local training time, |D,,| is its dataset
size, and 'y(()m) =0, Vm € [M]. As local dataset sizes usually
vary among clients, a client with a larger local dataset should
need a longer local training time than one with the same
computing capability but a smaller local dataset. Thus, instead
of I, 1 /|Dy| is used in Eq. (3) to update v("™) for fairness.

A substitute for edge server staleness. Similarly, edge
server staleness is substituted with the central server recording
7v;, the average training time of j reported edge servers. After
receiving the (j + 1)-th locally aggregated update from edge
server m, the central server updates ;4 as:
X

Yi+1 = P
where (™) is the substitute for client staleness of edge server
m that the central server received with edge server m’s update.

The workflow. In the first global communication round,
the central server sends all the M edge servers a randomly
initialized global model and 7y = 0. Each edge server m
then randomly selects C'™ clients and sends them the current
global model and fyém) =0.

; 4)
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Fig. 3: Designing PEGASUS: motivational examples over the EMNIST dataset.

The selected client n of edge server m conducts local
training based on received w(™) to generate its update, which
will be compressed based on client n’s staleness estimated
with its received ("), Client n then sends the compressed
update, local training time I,,, and |D,,| to its edge server m.

After collecting K (™) (K (™) < C(™)) updates, edge server
m aggregates them and updates 7("). Before finishing 7.
rounds of local aggregation, edge server m’s client selector
will select K(™ clients and send them its latest locally
aggregated model, w("™), and ~(™). After 7. rounds, edge
server m sends its update AC™) and (") to the central server.

On the central server, once it receives V(V < M) reports,
its global update aggregator assigns different weights to these
locally aggregated updates based on their staleness and uses
weighted averaging to generate a new global model. The
central server then updates v with Eq. (4) and starts a new
communication round by sending the current global model
and updated v to the V' edge servers that just reported.

V. MOTIVATION AND DESIGN

This section presents empirical studies that motivate our
design of the client selector, compressor, local update aggre-
gator, and global aggregator in PEGASUS. All experiments use
the same setup: M = 8 edge servers and N = 1000 clients.
Each edge server selects C'™) = 15 clients from its 125 and
aggregates updates from K (™) = 10 per round. After 7, = 3
rounds of local aggregation, edge servers send updates to the
central server, which aggregates once it receives V' = 6 edge
server updates. We use the LeNet-5 model and EMNIST dataset.
Clients train with batch size 32, 5 epochs, learning rate 0.01,
momentum 0.9, and no weight decay.

A. Client Selector

Due to their different local data distributions and computing
capabilities, some clients can quickly report their updates of
high quality, i.e., updates that would increase the global model
accuracy. We thus design a client selector on edge servers to
give those clients higher chances of being selected.

Each edge server maintains a client selector that tracks a
selection score for each client, with higher scores indicating
higher selection probabilities. All scores are initialized as
K(™) | the number of updates required for local aggregation.

Denote the set of clients whose updates are aggregated in
local aggregation round t. of global communication round ¢
as A(™)(t,t,). After this local aggregation, the client selector
updates the selection score of client n, Vn € A)(t,t.) as:

(m)\ ¢
Vln) 5)

|Dn|

DU, te)|

Score, (t,t.) = D,

D x sigmoid(

Update quality Local training time

where |D™(t,t,)] = 2 neAtm (1) | Dnl is the total number

of data samples of reported clients in A (t,t,). & =
O(An(tte), W™ (tite+1)=w ™ (t,te)) 41
2

, where © is cosine sim-
ilarity. A, (t,t.) is the local update of client n. v(™ is the
current average local training time.

The first component of Eq. (5) represents the quality of
client update A, (t,t.). Since aggregating a client update that
has the same angle as w(™(t,t, + 1) — w(™)(¢,t,) would
contribute the most to improving the newly aggregated local
model w(™)(t,t,+1), we use the cosine similarity © to quan-
tify the quality of A, (¢,t.). With our design, a client update
with a smaller angle between w(™) (¢, t, + 1) — w(™)(t,t,)
would have a higher value of this component and thus have a
higher selection score.

The second component captures local training time, a sub-
stitute for client staleness. We use the sigmoid function, which
is monotonically increasing, to assign higher selection scores
to clients with shorter local training times. A hyperparameter
« is introduced as a tuning knob to control how much the local
training time should contribute to the client selection score.

In the next local aggregation round ¢.+1, client n is selected
with probability ¢, (t,te + 1) = g~———corenllee)

Score; (t,te)’

ies(m) (t,to4+1)
where S(™)(t,t, + 1) are the set of currently available
clients. For any client i € S(™)(¢,t.) and i ¢ A™)(t,t.),
Score; (t,t.) = Score;(t,te — 1).

Fig. 3a illustrates our evaluation on our client selector with
a=0,1,2,4, compared to random selection, which is labeled
as FedBuff in the figure, and Oort [19], a state-of-the-art client
selection mechanism designed for synchronous two-layer FL.
Here we apply the selection strategy of Oort on edge servers
for them to select clients. Its performance is labeled as FedBuff
+ Oort in Fig. 3a. Our method consistently outperforms all
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TABLE I: Elapsed wall-clock training times to reach different target accuracies with different client selection mechanisms.

Target Elapsed Wall-Clock Training Time (Hours)

Accuracy  FedBuff Oort a=0 a=1 a=2 a=4
76% 1.73 1.78 (-2.8%) 1.23 (289%) 1.51 (124%) 1.06 (38.4%) 1.35 (22.0%)
77% 2.51 2.49 (0.7%) 1.41 (43.9%) 1.67 (33.6%) 1.29 (48.7%) 1.49 (40.7%)
78% 2.86 422 (-477%) 2.03 (29.1%) 225 (21.4%) 1.63 (43.0%) 2.06 (28.0%)
79% 6.27 742 (-183%) 3.82 (39.0%) 4.71 (24.9%) 3.40 (45.7%) 3.46 (44.9%)

alternatives. Oort, however, at some training points had lower
accuracies than using random selection.

Table I lists elapsed wall-clock training times to reach
different target accuracies. Numbers in brackets are the per-
centages of reduced training time compared with FedBuff. We
can see that Oort used a longer amount of time than random
selection to reach 76%, 78%, and 79%. Oort’s unsatisfactory
performance is due to its design for synchronous FL. It
compares client n’s local training time /,, with a predefined I'.
For any client n with [,, > I', Oort decreases their probability
of being selected with the same amount. There are two major
problems in this design. First, I" is hard to decide before
training while it largely affects Oort’s performance. Second, it
is unreasonable to decrease slow clients’ probability of being
selected with the same amount. As clients could be highly
heterogeneous in FL, some may only take training times that
are slightly longer than I', while others may much longer. Our
mechanism avoids using any predefined values and penalizes
slow clients based on their local training time, thus leading to
better performance than Oort.

Another notable observation in the results is that among the
four values, o = 2 yielded the shortest training time to reach
the target accuracy. It shows that besides staleness, update
quality is also an important factor in client selection. For the
best performance, we need to balance these two factors.

B. Compressor: Pruning

To decrease training time, PEGASUS prunes both local
updates of clients and aggregated updates of edge servers to
reduce transmission overhead, which often dominates training
time. We use L1-norm pruning [22], removing parameters with
the smallest L1-norm. The intuition is that those parameters
usually have less significant effects on the output, and hence
are less likely to have a material impact on model performance
if they are pruned.

Pruning is adaptive to staleness. The pruning amount of
client n is formulated as:

.y
pn=1-— 51gm01d(ln), (6)
[Dal

where (™) was sent along with the locally aggregated model
from client n’s edge server m.

After local training, client n prunes its update before send-
ing it out. It zeros out p,, of parameters with the smallest L1-
norm. As a client would not know its staleness when pruning,
its pruning amount is computed based on its local training

time. Our formulation of Eq. (6) follows the rule that a client
with longer local training time should prune more, and the
reason is two-fold. One is that if a client’s local training time
is long, its staleness will be high when its edge server receives
its local update. Hence, the quality of this update is more likely
to be low. The other is that as the client already took a long
time for local training, it should compress its update more so
that its edge server can receive it more quickly.

Each edge server also prunes its locally aggregated update
before sending it to the central server. The pruning amount of
edge server m is formulated as:

(m) _
p(m) = sigmoid <H) , 7
Y

where 7 is the average training time that edge server m
received along with the global model from the central server.

Since an edge server m would not know its staleness when
pruning, we use its 7™ to determine its pruning amount.
Basically, we assign a higher pruning amount to an edge server
with a larger 7("), because larger v(") implies more time
spent on local aggregation and greater staleness. Thus, the
update is likely of lower quality and should be pruned more
aggressively for faster transmission.

To test the efficiency of our pruning mechanism with our
client selection mechanism, we compare the combination of
them with FedBuff, which uses random client selection and
no pruning, as the baseline, and with FedBuff + Oort +
Sub-FedAvg. Designed for synchronous two-layer FL, Sub-
FedAvg [21] iteratively prunes the parameters and channels
of each client’s local model based on its test accuracy during
its local training. We use the pruning strategy of Sub-FedAvg
on both clients and edge servers for a fair comparison.

Fig. 3b highlights the advantage of our pruning mechanism
combined with our selector, outperforming Sub-FedAvg across
all tested o values.

C. Update Aggregators

In PEGASUS, two types of aggregators are used: local update
aggregators at edge servers, and a global update aggregator at
the central server.

Local update aggregator. In asynchronous three-layer
FL, client updates vary in staleness and quality. For better
training performance, each edge server should assign larger
aggregation weights to updates with higher quality and lower
staleness. Thus, we adopt the following Eq. (8) to compute
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TABLE II: Elapsed wall-clock training times to reach different target accuracies with different 3; and 3,.

Target Elapsed Wall-Clock Training Time (Hours)

Accuracy  FedBuff B =0,8=0 B =28,=2 B =284=4 pi=408=2
76% 1.73 1.21 (29.8%) 0.94 (45.5%) 0.95 (44.8%) 0.86 (50.2%)
77% 2.51 1.71 (32.0%) 1.39 (44.6%) 1.24 (50.6%) 1.02 (59.4%)
78% 2.86 2.27 (20.7%) 2.06 (28.0%) 1.43 (49.9%) 1.33 (53.6%)
79% 6.27 3.74 (40.3%) 3.40 (45.8%) 1.81 (71.1%) 2.30 (63.4%)

the aggregation weight of client n in local aggregation round
t. of communication round ¢:

|Dn| Sn (ta te) B
Pultite) = ——m 1 - el
B D™ (¢, L) ( s (t te) + 1)
—_——
Estimation of update quality Staleness (8)
_ O(An(tte) w ™ (o) —w ™ (it —1))+1
where ¥ = S and

sgﬁi(t, t.) is the highest staleness of updates to be aggregated.

There are two components in Eq. (8). The first estimates the
quality of the update. Since the new locally aggregated model
w(m™)(t,t, + 1) is not yet available, the aggregator cannot
compute O (A, (t,t.), w™ (t,t,+1)—w™)(t,t.)). Instead, it
uses O(A,, (t,te), wm™ (t,t.)—w(™ (t,t,—1)) to estimate the
update quality. The second component accounts for staleness,
assigning higher aggregation weights to fresher updates. The
hyperparameter /3; controls how strongly staleness influences
the weights.

After normalizing all p,(t,t.), VYn € A™)(t,t.), so they
sum to 1, the local update aggregator on edge server m
computes a locally aggregated model as:

>

neAlm) (tt.)

w(™ (t,t,+1) = w™ (t,t.)+ Pty te)An(t,te).
©))
Global update aggregator. To generate an improved global
model, the global update aggregator on the central server
conducts weighted averaging by assigning a different weight
to each aggregated update based on its staleness. Intuitively,
aggregated updates with higher quality and lower staleness
should have larger aggregation weights. Therefore, we formu-
late the following Eq. (10) to compute the aggregation weight
of reported edge server m in communication round ¢:

O(AM (1), w(t) —w(t—1)) +1

(m) () —
P (t) 5
Estimated quality of locally aggregated update (10)
s (1) 8
x (1- )™,
Smax(t) + 1

Staleness

where spmax(t) is the highest staleness of locally aggregated
updates to be aggregated.

Same as the client aggregation weight in Eq. (8), edge
server aggregation weight also has two components. The first
one is for update quality and the second one is for staleness.
Similarly, we use ©(A™) (), w(t) — w(t — 1)) to estimate
the update quality. As the new global model w(t + 1) has

not been aggregated at this point, the aggregator cannot use
O(AM™) (1), w(t + 1) — w(t)) to quantify the quality of the
aggregated update A™)(t).

To increase aggregation weights for edge servers with lower
staleness and decrease for those with higher staleness, we use
the second component in Eq. (10). Similar to the hyperparam-
eter 3; for local update aggregator, here we have hyperparam-
eter 3, to control how significantly staleness should affect the
aggregation weights of locally aggregated updates.

Denote A(t) as the set of edge servers whose updates
are about to be aggregated. After normalizing all p(™(t),
VYm € A(t), such that their sum becomes 1, the global update
aggregator aggregates an improved global model as:

wt+1) =wt)+ Y pmHA™ ().
mEA()

(1)

Fig. 3c shows the performance of the global model trained
with our global update aggregator, local update aggregator,
client selector, and pruning mechanism. As o = 2 had the best
performance in the previous two examples, we set « = 2 and
evaluated among differences values of §; and §,. It is obvious
that adding the local and global update aggregators further
improved the training performance of PEGASUS, indicating
that our update aggregation mechanism is better than assigning
weights only based on sizes of local datasets, as Eq. (1) and
Eq. (2), in conventional FL.

Table II records elapsed wall-clock training times to reach
target accuracies. Time reductions compared to FedBuff are
shown in brackets. PEGASUS consistently accelerated training.
With 8; = 2 and 8, = 4, it reduced time by 71.1% to reach
79% accuracy. With 3; = 4, 8, = 2, reductions ranged from
50.2% to 63.4%.

D. Additional Compressor: Quantization

To further boost PEGASUS’s performance, we incorporate
quantization as an additional compression method. Our em-
pirical study shows that converting the global model, locally
aggregated models, and both edge and client updates from 32-
bit to 16-bit floating-point significantly reduces elapsed wall-
clock training time without degrading the performance of the
trained global model.

Fig. 4 demonstrates these performance improvements in
both FedBuff and PEGASUS. Fig. 4a shows that quantization
largely reduced the wall-clock time for both mechanisms.
Regarding the communication overhead (accumulated sizes of
transferred models and updates), the advantage of quantization
became more noticeable as Fig. 4b illustrates.
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Fig. 4: Quantization can help reduce elapsed wall-clock train-
ing time and communication overhead.

80 160 240 320 400 480 560 640 720
Communication overhead (MB)

Thus, PEGASUS combines quantization with pruning. The
central server sends a quantized global model to edge servers,
who forward it to their selected clients. Clients dequantize the
model to 32-bit format before local training. After training,
they prune and quantize their updates before sending them
back. Upon receiving K (™ updates, edge server m dequan-
tizes and aggregates them. In local aggregation round ¢, < 7,
the edge server quantizes its aggregated model and sends the
quantized model to its selected clients for another round of
local aggregation. In the 7.-th local aggregation round, the
edge server prunes and quantizes its aggregated update before
reporting to the central server. After receiving V' quantized
updates from edge servers, the central server dequantizes and
aggregates them to generate a new global model.

VI. IMPLEMENTATION AND EVALUATION
A. Implementation and Preparation

We have implemented three-layer FL and PEGASUS in the
open-source FL research framework, PLATO', which supports
scalable, reproducible, and extensible FL research. While
PLATO already supports conventional two-layer FL, extending
it to three-layer FL required implementing edge servers, which
is the most challenging part.

An edge server functions as both a server and a client:
it receives the global model and reports aggregated updates
to the central server (client role), while selecting clients,
distributing models, and aggregating updates locally (server
role). To enable this dual functionality, each edge server runs
two asynchronous tasks, one as a client and one as a server,
using the asynchronous event-driven programming paradigm,
which is only supported since Python 3.4.

To make sure a training session can proceed correctly, there
are two special timings when one of the two tasks of an edge
server needs to signal the other. At the beginning of a global
communication round, when an edge server is selected, its
client task signals its server task to start a new round of local
aggregation by selecting clients. After finishing 7. rounds of
local aggregation, the server task signals the client task to
report to the central server. Using synchronization primitives
Event from the Python library to notify tasks that some events
have happened, we implement two Event objects, one for

Thttps://github.com/TL-System/plato

starting a new global communication round, and the other for
completing 7. rounds of local aggregation.

An Event object manages an internal flag that is set to false
initially. When the event happens, the set() method set the
flag to true. The clear() method resets the flag to false, and
the wait() method blocks until the flag is set to true. For
example, to correctly start an edge server’s first round of local
aggregation, the server task of this edge server calls wait()
to block before selecting clients, so that it can wait for the
client task to call set() right after the edge server is selected
by the central server. The server task then uses clear () to set
the flag to false for the next global communication round.

To launch a three-layer FL training session, the central
server starts as a WebSocket server, then initiates all edge
servers as WebSocket clients. Once all edge servers are
running, the central server initializes clients. Each edge server
also starts a WebSocket server to communicate with its clients.

Experimental settings. We evaluate PEGASUS on six FL
training tasks: training LeNet-5 with MNIST, FashionMNIST,
EMNIST, and FEMNIST; ResNet-18 with CIFAR-1@; and VGG-16
with CINIC-10.

There are M = 8 edge servers, each with an equal number
of clients. Every edge server performs 7. = 3 local aggregation
rounds before sending updates to the central server, which
aggregates after receiving updates from V' = 6 edge servers.
Except for the FEMNIST dataset which naturally provides 3597
non-i.i.d. local datasets, the data distribution of local datasets
is sampled with the symmetric Dirichlet distribution with a
concentration of 5. For local training of clients, we use a
batch size of 32, 5 local epochs, a learning rate of 0.01, and a
momentum of 0.9 across all tasks. Additional key parameters
are listed in Table III.

TABLE III: Parameter settings for evaluating PEGASUS.

MNIST

Parameter ~ FashionMNIST ~ FEMNIST S;??jg
EMNIST
Total clients 1000 3597 1000
cm) 15 15 6
K(m) 10 10 4
Weight decay 0 0 0.0001

Hyperparameter sweep. Before comparing PEGASUS with
state-of-the-art mechanisms, we first perform a hyperparameter
sweep for o in Eq. (5), 8; in Eq. (8), and 3, in Eq. (10).
We simulate heavy-tailed local training times using the Pareto
distribution and fix a random seed to ensure consistent training
times across runs for fairness and reproducibility.

Using LeNet-5 on the EMNIST dataset as an example,
we tested 27 combinations with o, 8,8, = 0,2,4. Fig. 5
compares representative combinations, showing that a = 2,
B =4, and B, = 2 consistently outperformed others across
all tasks. We therefore adopt this setting for our performance
evaluations.

B. Performance Evaluation

Evaluating PEGASUS without quantization. We first eval-
uate PEGASUS with its basic components: client selector,
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Fig. 5: Evaluating different combinations of hyperparameters
a, 3, and f,.

adaptive pruning, local update aggregator, and global update
aggregator, without quantization. Fig. 6 presents results, where
the label FedBuff + represents FedBuff + Oort + Sub-FedAvg.
FedAvg is for synchronous three-layer FL as another baseline.

Across all six tasks, PEGASUS consistently outperformed
its competitors, achieving the shortest time to any validation
accuracy. By replacing random selection with its client se-
lector, PEGASUS favored clients with higher-quality, less-stale
updates, resulting in higher accuracy than FedBuff throughout
training. Its adaptive pruning also reduced transmission time
per round, further enhancing performance. In contrast, Fed-
Buff with Oort’s client selection and Sub-FedAvg’s pruning
performed only marginally better or even worse than vanilla
FedBuff on the FashionMNIST, CIFAR-10, and CINIC-10
datasets, reinforcing our view that both client and edge server
staleness matter in asynchronous three-layer FL.

Evaluating PEGASUS with quantization. To further reduce
wall-clock training time by cutting communication overhead,
we applied quantization on the central server, edge servers,
and clients, and evaluated its impact.

TABLE IV: Communication overhead to reach a target accu-
racy and converged global model accuracy.

Communication Overhead (GB);

Settings Converged Accuracy

Dataset Target  prgasus PEGASUS w/

Accuracy Quantization
MNIST 98%  0.2; 98.49% 0.1 (50.0%); 98.49%
FashionMNIST  86%  0.6; 86.38% 0.3 (50.0%); 86.40%
EMNIST 75% 0.5, 79.70% 0.2 (60.0%); 79.39%
FEMNIST 2%  2.3; 76.34% 1.1 (52.2%); 76.47%
CIFAR-10 80%  21.1; 86.82% 12.8 (39.3%); 86.80%
CINIC-10 55%  35.7; 57.40% 16.9 (52.7%); 57.66%

As shown in Table IV, quantization significantly reduced
communication overhead across all six training tasks by up
to 60%. The percentages in brackets indicate the reduction
achieved. Compared to PEGASUS without quantization, the
converged global accuracy remained nearly unchanged, and
for the FashionMNIST, FEMNIST, and CINIC-10 tasks, it even
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Fig. 6: Performance comparison: PEGASUS vs. its competitors.

improved the accuracy.

Table V presents the wall-clock training times to reach target
accuracy, with percentages in brackets indicating reductions
compared to FedBuff + Oort + Sub-FedAvg. With quantiza-
tion, PEGASUS further shortened training time, amplifying its
superiority over its competitors.

Table VI shows the converged accuracies of global models
under different three-layer FL mechanisms. FedBuff with Oort
and Sub-FedAvg consistently converged to lower accuracies. In
contrast, PEGASUS, both with and without quantization, often
achieved higher accuracies (marked in blue cells). In other
case, its accuracy was only slightly lower than that of FedBuff.

VII. CONCLUDING REMARKS

This paper studies asynchronous three-layer FL. and aims
to improve its training performance in terms of reducing
wall-clock training time for the global model to converge
to a target accuracy. By combining newly designed client
selectors on edge servers, adaptive pruning mechanisms for
clients and edge servers, local update aggregator on edge
servers, and global update aggregator on the central server, we
propose a staleness-aware framework, PEGASUS, to improve
every important aspect of a training process. In our extensive
evaluation of various training tasks, PEGASUS has indicated
consistent and substantial superiority over its state-of-the-art
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TABLE V: Elapsed wall-clock training time of global models trained with different mechanisms to reach a target accuracy.

Settings Elapsed Wall-Clock Training Time (Hours)
Target FedBuff + Oort + PEGASUS w/
Dataset Model Accuracy FedAvg  FedBuff Sub-FedAvg PEGASUS Quantization
MNIST LeNet-5 98% 2.48 1.80 0.52 0.25 (51.92%)  0.16 (69.23%)
FashionMNIST LeNet-5 85.5% 1.50 0.53 1.93 0.48 (75.13%)  0.15 (92.23%)
EMNIST LeNet-5 75% 1.95 1.55 0.98 0.75 (23.47%)  0.43 (56.12%)
FEMNIST LeNet-5 72% 8.95 7.22 6.54 444 (32.11%)  3.48 (46.79%)
CIFAR-10 ResNet-18 80% 6.78 3.15 3.34 1.72 (48.50%)  1.46 (56.29%)
CINIC-10 VGG-16 55% 6.77 5.37 5.75 2.97 (48.35%)  1.77 (69.22%)

TABLE VI: Converged accuracies of global models trained with different three-layer FL. mechanisms.

Converged Global Model Accuracy

pataset Modl FedAvg  FedBuff Fedsli 'Z?PF: dg\?: *  PEGASUS giiggfastix
MNIST LeNet-5 98.21% 98.3% 98.22% 98.49% 98.49%
FashionMNIST LeNet-5 86.02%  86.41% 85.74% 86.38% 86.40%
EMNIST LeNet-5 79.29%  79.24% 78.56% 79.70% 79.39%
FEMNIST LeNet-5 76.19%  76.10% 75.46% 76.34% 76.47%
CIFAR-10 ResNet-18  86.38%  86.76% 86.51% 86.82% 86.80%
CINIC-10 VGG-16 57.92%  56.02% 56.72% 57.40% 57.66%

competitors with respect to not only wall-clock training time
but also converged accuracy of the global model.
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