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Abstract—Federated Learning (FL) enables distributed clients
to train a global classification model collaboratively while pre-
serving data privacy. A major challenge in FL is ensuring
efficient training with limited computing and communication
resources, especially when clients’ datasets contain samples from
a restricted subset of target classes, a problem known as extreme
label skew. Under such a condition, model updates from clients
are biased toward their local data distributions, resulting in
slow convergence and increased energy consumption due to the
need for additional training rounds. This paper introduces FL
with Gradient-Aware Participation (FedGAP), a novel strategy
aimed at reducing energy consumption while preserving model
accuracy even with extreme label skew. FedGAP dynamically
adjusts the cohort size, i.e., the number of participating clients
per training round, based on the evolution of the global model’s
pseudo-gradient. By detecting stagnant phases where progress
toward convergence stalls, FedGAP increases the cohort size
to escape suboptimal regions and accelerate learning, thereby
minimizing the waste of resources. Experiments on CIFAR-10
and CIFAR-100 demonstrate that FedGAP achieves up to 2.74×
greater energy efficiency compared to state-of-the-art methods
without compromising accuracy.

Index Terms—Cross-device Federated Learning, Energy Opti-
mization, Internet of Things, Extreme Label Skew

I. INTRODUCTION AND MOTIVATIONS

Cross-device Federated Learning (FL) is a collaborative
training protocol where distributed clients, such as mobile
and IoT devices, implement machine learning (ML) without
sharing their local data, ensuring compliance with data pro-
tection regulations [1]. In a typical FL architecture, a central
server maintains a global model that is iteratively updated over
multiple training rounds. Each round consists of three main
stages: (i) the server randomly samples a subset of clients to
form a cohort of workers; (ii) the selected workers download
the global model, run a local training with private data, and
upload the updates to the server; (iii) the server aggregates
the collected updates improving the global model.

While FL has shown promise in a wide range of IoT
applications [2], like image classification [3], fall detection [4],
and intrusion detection systems [5], deployment in real-world
scenarios poses several challenges. One of the main concerns
is the energy budget associated with clients. Tiny and per-
haps battery-powered devices might lack enough resources to
keep on the required computing and transmission tasks over
multiple rounds [6]. Moreover, each device usually collects
data samples representing only a subset of the target classes.

TABLE I
ENERGY COST OF FL ON CIFAR-10 UNDER HOMOGENEOUS LABEL

DISTRIBUTION (L=10) AND EXTREME LABEL SKEW (L≤4).

L W Ath > 79.0% Ath > 79.5% Ath > 80.0%

=10 5 28.3 31.0 35.9

≤4
5 227.2 - -
10 298.7 317.3 455.2
20 398.2 514.4 599.0

For instance, in intrusion detection services from network logs,
only a few clients record events of illicit traffic, and none has
examples of all types of attacks [5]. This kind of label distribu-
tion, known as extreme label skew, leads to an increase in the
number of rounds required for training and substantial energy
overhead for the clients. The problem is further exacerbated
by partial client participation, as even the combined datasets
of selected workers may still miss some target classes. Over
successive rounds, the under-representation of certain classes
can slow convergence and degrade accuracy.

The common ground in these issues is the cohort size, which
becomes key in balancing the quality of training with energy
consumption. Preliminary results reported in Table I demon-
strate the existing relationship using as a benchmark a five-
layer convolutional neural network trained on the CIFAR-10
dataset (more details about the setup are in Sec. IV-A). The
table shows the average energy cost per client calculated as the
average number of rounds each client must participate in to let
the global model meet predefined accuracy thresholds Ath. The
experiments, which involved 100 clients in a 5000-round train-
ing, explore configurations characterized by different numbers
of classes each client holds L and increasing cohort sizes W .
With an unskewed label distribution (L=10), the target accu-
racies are reached in a few tens of rounds, with energy costs
ranging from 28.3 for Ath > 79.0% to 35.9 for Ath > 80.0%.
However, under extreme label skew (L≤4), both accuracy and
energy are affected. With a small cohort (W=5), the training
succeeds in reaching the lowest target Ath > 79.0% (it fails
for 79.5% and 80.0%), but the energy cost gets 8.03× larger
than that observed in the unskewed label distribution (227.2
vs. 28.3). Interestingly, larger cohort sizes (W=10 and W=20)
help mitigate the label skew effect providing the aggregation
stages with local updates obtained from a more representative
set of data and labels, but energy costs get drastically high
as clients participate in more rounds, up to 16.69× higher



for Ath > 80.0% (599.0 vs. 35.9). This analysis reveals that a
fixed cohort size either results in poor accuracy or high energy
consumption and suggests the cohort size itself is a knob for
quality-energy trade-off.

We thereby propose FL with Gradient-Aware participation
(FedGAP), a novel resource management protocol that dynam-
ically adjusts the cohort size based on the training progress.
The assumption confirmed by our empirical observations is
that during the first initial rounds, when the model is far
from convergence, even small cohorts can provide effective
updates to improving the global model; by contrast, engaging
too many workers incurs a waste of energy, which should be
avoided. As training moves further and the model approaches
a stagnant phase where progress stalls, larger cohorts help mit-
igate the bias in local updates and boost convergence. FedGAP
thus implements a cohort sizing mechanism triggered by the
stagnant phases of learning inferred from the evolution of the
global model pseudo-gradient. The dynamic scheme ensures
efficient resource allocation and higher quality of training,
even when labels are extremely skewed. Experiments on the
CIFAR-10 and CIFAR-100 datasets validate the effectiveness
of our proposal, showing that FedGAP reduces the energy
consumption at the client side by 2.74× (best case) compared
to state-of-the-art methods, still preserving, and in many cases
improving, the attainable accuracy.

II. RELATED WORK

Substantial efforts have recently been dedicated to enhanc-
ing FL energy efficiency. Research focused on optimization
techniques designed to reduce both computational and com-
munication energy costs. Notable examples include widely
adopted model compression methods, such as pruning [7]
and low-precision training [8], as well as strategies specifi-
cally developed for FL, such as partial synchronization via
parameter [9] or tensor [10]–[12] freezing. While effective
in reducing energy consumption, these techniques often incur
accuracy degradation and lack adaptation to label-skewed
datasets. Other studies directly addressed extreme label skew
by focusing on accelerating model convergence. We classified
these approaches into four groups based on the stage they
operate: on-device training, label augmentation, model aggre-
gation, and client sampling.

a) On-device Training: The optimization of local train-
ing has been extensively studied, with emphasis on the design
of effective loss functions. Cross-entropy loss, commonly
used for classification tasks, performs poorly on imbalanced
datasets and is particularly ineffective under extreme label
skew. Several works thus proposed tailored loss functions
that can generate unbiased updates regardless of the local
data distribution [13]–[16], as unbiased updates are supposed
to accelerate convergence. For instance, FedRS [13] intro-
duces a modified cross-entropy loss that suppresses gradients
corresponding to missing classes. Other methods [17]–[20]
employ knowledge distillation from the global model to retain
information about missing classes but incur extra energy costs

due to the required forward pass of the global model during
each local training iteration.

b) Label Augmentation: An alternative approach to ad-
dress label imbalance is to retrieve auxiliary data from public
repositories [21] or generate synthetic training examples [22]
for missing classes. However, these methods rely on the
availability of appropriate data and incur additional energy
costs for data retrieval or generation.

c) Model Aggregation: Server-side techniques modify
the aggregation process to account for label skew. For instance,
FedConcat [23] creates clusters of clients with similar label
distributions and maintains separate model versions for each
cluster; these versions are later merged into a unified model
during the final stage of the learning process. FedConcat
was built under the assumption of full client participation
at each training round, which is unrealistic in cross-device
settings, and adapting the underlying technique for partial
participation might result problematic due to difficulties in
learning representative clusters.

d) Clients’ Sampling: Efficient client sampling policies
can accelerate convergence, thereby reducing the clients’
energy consumption. Two main approaches have garnered
research interest: (i) prioritizing clients based on their ef-
fectiveness and (ii) dynamically adjusting cohort sizes to
enhance data diversity. Several studies addressed the first
approach [24], including advanced methods that integrate
energy-aware policies based on selection metrics that consider
both the update quality and the remaining battery charge of
the clients [25]. Still, designing general metrics to assess
client contributions remains a challenging task. The second
approach, which is the focus of our work, remains largely
under-explored. AdaFL [26] represents an initial attempt. It
proposes an incremental strategy where cohort size increases at
fixed intervals. Our proposed method, FedGAP, differentiates
from AdaFL in two main aspects: (i) it dynamically adjusts the
cohort size based on the global model’s training progress rather
than at predefined intervals, and (ii) it adapts to varying label
distributions and dataset complexities. As demonstrated by
our experiments (Sec. IV-B), these factors enable concurrent
energy reduction and model accuracy improvement. More re-
cently, FedDR [27] proposed a two-phase participation policy
consisting of a longer phase with a small cohort followed by
a shorter phase with an increased cohort. Its implementation
requires knowledge of the clients’ remaining data traffic to
control the transition from low to high participation, which
occurs when the remaining budget for all clients drops below
a certain threshold. FedGAP differs as it requires no prior
knowledge of the clients’ resources.

III. METHODOLOGY

A. FL System

We consider a centralized, synchronous FL based on Fe-
dAvg [28], as outlined in Algorithm 1. Table II summarizes
the notation used. The system architecture consists of a central
server coordinating a fleet of end nodes S . Each device s ∈ S
maintains a local dataset Ds. At the beginning, the server



Algorithm 1: FedAvg Workflow.

1 w1 ← Random weights
2 for r = 1,...,R do
3 Sample a subset Sr of clients

/* On-device Training */
4 for s ∈ Sr do in parallel
5 wr,1

s ← wr

6 wr,K
s ← TRAIN(wr,1

s , Ds, K)
7 δrs ← wr,K

s −wr

8 Upload δrs to the server
/* Server Aggregation */

9 δr ← 1
|Sr|

∑
s∈Sr δrs

10 wr+1 ← wr + δr

initializes the global model w1 with random weights (line 1)
and then starts the training cycle that proceeds iteratively for
R rounds (lines 2–10).

In each round r, the server selects a cohort of workers
by randomly sampling a subset of clients Sr ⊆ S (line 3).
Each selected device s downloads the latest version of the
global model wr from the server (line 5), runs K iterations of
local training using its local dataset Ds (line 6), computes the
model updates δrs as the difference between the locally trained
weights and wr (line 7), and transmits these updates back to
the server (line 8). The server aggregates the collected updates
obtaining the “pseudo-gradient” δr (line 9) and updates the
global model accordingly obtaining wr+1 (line 10).

In standard FL systems, the cohort size is fixed across
training rounds, that is, |Sr|=W , ∀r ∈ [1, R], with W the
desired number of workers per round given as a predefined
hyper-parameter. As shown in Sec. I, the choice of cohort size
influences the energy consumed by the clients, as it indirectly
defines the frequency of their involvement during the training
flow. On the other hand, FedGAP promotes W as a direct
control variable to reduce energy consumption.

B. Understanding Energy Model & Optimization Goal

We adopted the energy model outlined in [29]. The total
energy consumption of a selected device s during a single
training round r is denoted as Er

s and consists of two contri-
butions:

Er
s = Ecomp

s + Ecomm
s . (1)

Ecomp
s is the energy consumed for computing the local

update (lines 6 and 7 in Algorithm 1), which depends on
factors such as the CPU specifications, clock frequency, model
complexity, and the number of training iterations. Ecomm

s is the
energy consumed for communications with the server (lines 5
and 8 in Algorithm 1), influenced by the technology in use
(e.g., 5G or WiFi) and the volume of the transmitted payloads.

The total energy consumption of client s during the whole
training process is as follows:

Etot
s =

∑
r∈[1,R]

1s∈Sr · Er
s , (2)

TABLE II
SUMMARY OF NOTATION.

Notation Description

R Total number of training rounds
r Current training round, r ∈ [1, R]
S Set of devices
Sr Training cohort sampled at round r, Sr ⊂ S
wr Global model at round r
K Number of on-device training steps
Ds Local dataset of device s
wr,K

s Local model of device s at round r after K steps
δr
s Difference between wr,K

s and wr

δr Pseudo-gradient at round r
gr Gradient alignment at round r
gr Gradient alignment score at round r

where 1s∈Sr is an indicator function equal to 1 if client s is
selected for training in round r and 0 otherwise.

In cross-device FL, clients show a variety of hardware
configurations and network specifications, and hence different
latency and power consumption profiles that make energy
estimation difficult and highly inaccurate. Abstracting such
device-specific features is paramount in federated contexts. We
thus opted for a more representative proxy metric called energy
cost, which measures the average number of rounds a client
participates in during training. Formally:

Energy Cost =

∑
s∈S

∑
r∈[1,R] 1s∈Sr

|S|
. (3)

This metric offers an intuitive measure of the average effort
required from a client, enabling a direct comparison of energy
demands across different cohort sizes and setups. In other
words, the energy cost in Eq. (3) serves as a hardware-neutral
proxy for fair and systemic assessments.

The objective of the proposed FedGAP strategy is to min-
imize the energy cost required to achieve a target accuracy,
introducing a gradient-aware policy that dynamically adjusts
the cohort size based on the progress of the global model
training.

C. Gradient-Aware Participation

Model training is an optimization problem that searches for
the optimal set of weights that minimizes a loss function.
As demonstrated in the mathematical analysis of [9], in a
convex setting, the model weights wr undergo a transient
phase, during which their values change substantially, followed
by a stationary phase, where updates are marginal. During
the transient phase, the pseudo-gradients δr of consecutive
rounds are aligned, pointing in the same direction and driving
the model toward convergence. As the model approaches the
optimum, the pseudo-gradients oscillate around zero, leading
to the stationary phase where changes to the weight values
are minimal. However, real-world cross-device FL scenarios
introduce nonidealities, like extreme label skew and partial
device participation, which make the problem non-convex. As
a result, the model might stuck in a sub-optimal region and
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Fig. 1. Gradient alignment score during training on CIFAR-10 under extreme
label skew (L≤4) using FedAvg with different cohort sizes (W ).

enter a stagnant phase, where the pseudo-gradients remain far
from zero but fail to push the model toward the global optima.

The core idea of FedGAP lies in monitoring the evolution
of the global model’s pseudo-gradient over consecutive rounds
to detect stagnant phases and trigger cohort resizing. To this
end, we introduce the gradient alignment score as a training
status probe suitable for FL. For an observation window of λ
rounds, the gradient alignment gr is defined as:

gr =
||
∑r

i=r−λ+1 δ
i||abs∑r

i=r−λ+1 ||δi||abs
, (4)

where δi is the pseudo-gradient vector at round i and || · ||abs
represents the element-wise absolute value operation. To avoid
the memory overhead of storing pseudo-gradients for λ rounds,
we approximate the moving average using an exponential
weighted moving average. Such approximation modifies the
numerator (mr) and denominator (pr) in Eq. (4) as follows:

mr =
2

λ+ 1
δr +

(
1− 2

λ+ 1

)
mr−1 , (5)

pr =
2

λ+ 1
||δr||abs +

(
1− 2

λ+ 1

)
pr−1 , (6)

where λ defines the virtual observation window of the values
that contribute most to the final result. The resulting gradient
alignment at round r is expressed as:

gr =
||mr||abs

pr
. (7)

Averaging the elements in gr gives the scalar gradient align-
ment score gr.

The gradient alignment score serves as an aggregated metric
to assess the convergence status, with values ∈ [0, 1]. In
general, values close to 1 indicate that consecutive pseudo-
gradients are aligned, suggesting that the model is in a
transient learning phase; values close to 0 imply that pseudo-
gradients oscillate around zero, suggesting that the model is
approaching convergence. Due to non-convexity, the gradient
alignment score may plateau without reaching zero. The occur-
rence of this condition suggests the model is stuck and unable
to progress further. FedGAP makes use of this information to

Algorithm 2: FedGAP Control Logic.

1 gmin ← 1
2 t← 0
3 for r = 1,...,R do
4 if gr < gmin − ϵ then
5 gmin ← gr

6 t← 0
7 else
8 t← t+ 1
9 if t > λ then

10 Increment the cohort size by one.
11 gmin ← 1
12 t← 0

implement a cohort resizing policy, which will be discussed
later.

We first provide empirical evidence of our assumptions. The
plot in Fig. 1 shows the evolution of the gradient alignment
score during a 5000-round training on CIFAR-10 of a five-
layer convolutional neural network, assuming extreme label
skew (L ≤ 4), and using the FedAvg algorithm with varying
cohort sizes W , which is the experimental setup introduced
for Table I. gr starts from one and decreases sharply during
the first few rounds. During this early stage, the cohort size
has a marginal role, as indicated by the overlapping curves
for W=5, W=10, and W=20. After a certain number of
rounds, gr tends to stabilize, eventually reaching a final value
that changes with W . Larger cohort sizes result in lower
scores, suggesting that more concurrent participants facilitate
the learning progress. This analysis reinforces our idea of
employing a dynamic participation policy. It suggests that
smaller cohorts should be favored during the early phase to
conserve energy without compromising training quality. Once
the model gets stuck in a suboptimal point, the cohort size
should increase to escape suboptimal regions and accelerate
learning toward better solutions.

D. FedGAP Implementation

FedGAP implements a thresholding policy using the gradi-
ent alignment score, as detailed in Algorithm 2. The variable
gmin keeps track of the lowest gradient alignment score ob-
served during the training process, while the counter t tracks
the number of consecutive rounds the gradient alignment
shows negligible reduction. gmin and t are initialized to 1 and
0 respectively (lines 1–2). If gr did not reduce by at least ϵ
over the last λ rounds, the cohort size is incremented by one
(lines 3–10). Once adjusted, the cohort size remains constant
for at least λ rounds to allow the score to stabilize under the
new settings; this is done by resetting gmin and t to their initial
values (lines 11–12). The sensitivity of ϵ and λ is discussed
in Sec. IV-C. It is also worth noting that the computation of
the gradient alignment score and the execution of the FedGAP
control logic are hosted by the server, relieving the training
workers of any extra computation.



TABLE III
COMPARISONS ON CIFAR-10.

L Method Ath > 79.0% Ath > 79.5% Ath > 80.0%

≤4

FedGAP (Our) 159.6 202.7 235.2
FedAvg W=5 227.2 (1.42×) - -
FedAvg W=10 298.7 (1.87×) 317.3 (1.57×) 455.2 (1.94×)
FedAvg W=20 398.2 (2.49×) 514.4 (2.54×) 599.0 (2.55×)
FedRS W=5 - - -
FedRS W=10 269.2 (1.69×) - -
FedRS W=20 352.6 (2.21×) - -
AdaFL 226.3 (1.42×) 235.7 (1.16×) 306.0 (1.30×)

≤3

FedGAP (Our) 240.5 281.2 351.8
FedAvg W=5 - - -
FedAvg W=10 374.1 (1.56×) 479.1 (1.70×) -
FedAvg W=20 547.4 (2.28×) 615.4 (2.19×) 965.6 (2.74×)
FedRS W=5 - - -
FedRS W=10 - - -
FedRS W=20 - - -
AdaFL 328.8 (1.37×) 363.4 (1.29×) 417.9 (1.19×)

Best results in bold. A dash (-) indicates the target accuracy is not met.

TABLE IV
COMPARISONS ON CIFAR-100.

L Method Ath > 42.0% Ath > 44.0% Ath > 46.0%

≤5

FedGAP (Our) 154.9 211.2 360.4
FedAvg W=5 - - -
FedAvg W=10 261.7 (1.69×) 431.9 (2.04×) -
FedAvg W=20 340.2 (2.20×) 504.8 (2.39×) 875.0 (2.43×)
FedRS W=5 178.8 (1.15×) - -
FedRS W=10 204.1 (1.32×) - -
FedRS W=20 403.4 (2.60×) - -
AdaFL 217.4 (1.40×) 286.9 (1.36×) 506.7 (1.41×)

≤3

FedGAP (Our) 213.5 293.8 494.8
FedAvg W=5 - - -
FedAvg W=10 349.4 (1.64×) - -
FedAvg W=20 417.4 (1.96×) 587.6 (2.00×) 928.4 (1.88×)
FedRS W=5 - - -
FedRS W=10 - - -
FedRS W=20 - - -
AdaFL 261.5 (1.23×) 385.8 (1.31×) 764.3 (1.54×)

Best results in bold. A dash (-) indicates the target accuracy is not met.

IV. RESULTS

A. Experimental Setup

Datasets. We conducted experiments on two image classifi-
cation tasks trained on the CIFAR-10 and CIFAR-100 datasets
and using the standard splits for training and testing. Each
training dataset was partitioned into non-overlapping subsets
distributed among 100 clients. Following the partitioning pro-
cedure outlined in [28], each client was assigned at most L
labels. That was achieved by creating 100 × L data shards,
with each shard containing samples of the same label, which
were then randomly assigned to the clients.

Model and Training Settings. As a benchmark, we adopted
the five-layer convolutional neural network from [28]. The
FL process was iterated over 5000 training rounds. During
each round, the on-device training consisted of K=20 steps
of Stochastic Gradient Descent (SGD) optimization with the

following hyper-parameters: momentum 0.9, weight decay
1e−3, learning rate 1e−2, batch size 50.

Baselines and Implementation Details. We compared our
approach against three representative state-of-the-art baselines:
FedAvg, [28], FedRS [13], AdaFL [26].

• FedAvg is the standard FL algorithm with a fixed and
static cohort size consisting of W workers and the cross-
entropy loss for on-device training. We tested FedAvg
with varying cohort sizes (W ∈ {5, 10, 20}) to explore
the energy-accuracy trade-off.

• FedRS adjusts the local training loss function to account
for missing labels. Like FedAvg, we conducted a para-
metric analysis with W ∈ {5, 10, 20}, and, as suggested
by the authors, we fine-tuned the hyper-parameter α ∈
{0.5, 0.9} picking the best-performing setting. It is worth
mentioning that we considered FedRS in our comparisons
to investigate the actual weakness of on-device training
optimization (currently the prevailing approach), both in



terms of the quality of training and end energy efficiency.
• AdaFL implements a dynamic policy that gradually

increases the cohort size, directly competing with our
FedGAP. Specifically, AdaFL increases the cohort size
W by one unit every ∆R rounds and up to a predefined
maximum. We set an initial size of 5, a maximum size
of 30, and tuned ∆R ∈ {100, 200}.

• FedGAP is our proposal. Unless specified otherwise, we
used λ=100 and ϵ=5e−4, with 5 initial workers and up
to 30 workers.

Metrics. To assess performance, we tracked the global
model’s classification accuracy on the test set, computing
a 30-round moving average to smooth inherent oscillations
during training—a well-established evaluation protocol for re-
liable assessment [30]. Furthermore, we measured the average
client’s energy cost consumed to achieve predefined accuracy
targets using Eq. (3).

B. Results and Discussion

Tables III and IV show a comparison of the energy cost
of FedGAP against the baselines under consideration on the
CIFAR-10 and CIFAR-100 datasets, respectively. These tables
report the energy cost required to reach predefined accuracy
thresholds Ath. Numbers in parentheses indicate the energy
overhead of each baseline compared to FedGAP. We evaluated
the performance under different degrees of extreme label skew:
L≤4 and L≤3 for CIFAR-10; L≤5 and L≤3 for CIFAR-100.
For FedRS and AdaFL, we reported the results achieved with
the best hyper-parameter configuration.

At a glance, FedGAP always reaches the highest accuracy
threshold and outperforms the other methods, which show
energy overheads ranging from 1.16× to 2.74× on CIFAR-10,
and from 1.15× to 2.60× on CIFAR-100.

The performance and efficiency of FedAvg are affected
by the cohort size W . Using a fixed cohort size forces a
static trade-off between accuracy and energy consumption. A
larger cohort size is needed for high accuracy, but it results
in increased energy consumption. Only configurations with
W=20 achieve the highest accuracy level in all benchmarks,
yet at the cost of substantial energy overhead. For instance, on
CIFAR-10 with L≤4, achieving Ath > 79.0% almost doubles
the energy cost from 227.2 with W=5 to 398.2 with W=20.
Smaller cohorts reduce energy but compromise the achievable
accuracy. In particular, FedAvg with W=5 achieves only one
target accuracy for one benchmark (CIFAR-10 with L≤ 4)
and performs poorly under higher degrees of label skews
(CIFAR-10 with L≤3) or when trained on the more complex
dataset (CIFAR-100). FedAvg with W=10 gets below 80% for
CIAFR-10 with L≤3 and 46% for CIFAR-100 with L≤5, and
never exceeds 44% accuracy for CIFAR-100 with L≤3.

FedRS shows higher energy efficiency for lower accuracy
targets but struggles to achieve high accuracy. On CIFAR-100
with L≤5, FedRS with W=5 reaches 42.0% accuracy with
an energy cost of 178.8, much lower than FedAvg with
W=10 (261.7) and W=20 (340.2). However, it fails to achieve
accuracy beyond higher thresholds, even with larger cohorts.

TABLE V
SENSITIVITY ANALYSIS ON FEDGAP HYPER-PARAMETERS.

RESULTS ON CIFAR-10 WITH L≤3.

λ ϵ Ath > 79.0 Ath > 79.5 Ath > 80.0

100 5e−4 240.5 281.2 351.8
1e−4 229.0 251.0 383.1

200 5e−4 197.5 208.3 242.4
1e−4 215.8 252.1 273.6

TABLE VI
SENSITIVITY ANALYSIS ON FEDGAP HYPER-PARAMETERS.

RESULTS ON CIFAR-100 WITH L≤3.

λ ϵ Ath > 42.0 Ath > 44.0 Ath > 46.0

100 5e−4 213.5 293.8 494.8
1e−4 197.8 297.1 494.9

200 5e−4 183.5 240.2 365.6
1e−4 191.5 233.5 319.6

Indeed, while FedAvg with larger W can reach higher ac-
curacy levels, e.g., Ath>44.0% with W=10 and Ath>46.0%
with W=20, FedRS playing with larger W brings higher costs
without substantial improvements in the maximum attainable
accuracy. Furthermore, FedRS worsens under higher degrees
of label skews, i.e., L≤3, failing to meet any of the ac-
curacy targets, both for CIFAR-10 and CIFAR-100. As per
our understanding, the modified loss function implemented in
FedRS accelerates convergence for the initial training phases
but slows it down in the later stages, limiting the overall
training effectiveness.

The dynamic protocol of AdaFL shows better accuracy-
energy trade-offs compared to FedAvg and FedRS. It achieves
all the accuracy targets while consuming less energy than the
static baselines. We reported only one exception in CIFAR-100
with L≤5 and accuracy target Ath>42.0%. In this specific
case, AdaFL incurs an energy cost of 217.4, while FedRS
achieves the same accuracy with a lower cost of 178.8.

Although AdaFL shows promising results, FedGAP, thanks
to its gradient-aware policy, consistently achieves higher ef-
ficiency without sacrificing accuracy. On CIFAR-10, FedAvg,
FedRS, and AdaFL consume up to 2.74×, 2.21×, and 1.42×
more energy than FedGAP, respectively. On CIFAR-100, their
energy overheads are up to 2.43×, 2.60×, and 1.54×, respec-
tively. Remarkably, on CIFAR-100 with L≤5, FedGAP attains
2% higher accuracy (44.0% vs. 42.0%) than AdaFL with a
lower energy cost (211.2 vs. 217.4).

These findings showcase the advantages of the FedGAP’s
gradient-aware participation scaling policy. Unlike AdaFL,
which increases the cohort size at fixed intervals irrespective
of training dynamics, FedGAP adapts to the training dynam-
ics more precisely, increasing the cohort size when actually
needed. Overall, the analysis of results proves the superior
flexibility and adaptability of FedGAP in optimizing the trade-
off between energy efficiency and training performance across
diverse datasets and label distributions.



C. FedGAP Sensitivity Analysis

In the previous comparisons, we fixed the hyper-parameter
values of FedGAP to λ=100 and ϵ=5e−4. This subsection
presents a sensitivity analysis for these hyper-parameters.
Specifically, we conducted a grid-search exploration with
λ ∈ {100, 200} and ϵ ∈ {5e−4, 1e−4}. The analysis focused
on the two benchmarks: CIFAR-10 and CIFAR-100, both
with L≤3. The results in Tables V and VI demonstrate the
stability of FedGAP across different configurations, with all
the accuracy targets consistently achieved.

Fine-tuning the hyper-parameters can yield additional en-
ergy savings. We observed that ϵ has a lower impact, while λ
leads to substantial gains. For instance, on CIFAR-10, when
targeting Ath>80.0, increasing λ from 100 to 200 reduces
energy consumption by 1.45× (351.8 to 242.4) using the same
value of ϵ=5e−4; similarly, on CIFAR-100 for Ath>46.0, the
same adjustment improves efficiency by 1.35× (from 494.8 to
365.6). In summary, the results indicate that FedGAP benefits
from larger λ values when energy efficiency is a priority.

V. CONCLUSION

We introduced FedGAP, a new energy minimization strategy
for the federated training of classifiers across end devices.
FedGAP addresses a key limitation of standard federated algo-
rithms: the substantial increase in energy consumption of the
participating clients when the local datasets contain samples
from a subset of the target classes. By dynamically adjusting
the number of training workers based on the global model
progress, FedGAP offers an effective solution to mitigate the
overhead, achieving up to 2.74× lower energy cost. Such
results are driven by the introduction of a novel performance
metric, the gradient alignment score, designed specifically to
monitor training dynamics in federated contexts.
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