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Abstract—Federated Learning (FL) is a promising machine
learning solution in large-scale IoT systems, guaranteeing
load distribution and privacy. However, FL does not natively
consider infrastructure efficiency, a critical concern for systems
operating in resource-constrained environments. Several Rein-
forcement Learning (RL) based solutions offer improved client
selection for FL; however, they do not consider infrastructure
challenges, such as resource limitations and device churn.
Furthermore, the training of RL methods is often not designed
for practical application, as these approaches frequently do
not consider generalizability and are not optimized for en-
ergy efficiency. To fill this gap, we propose BIPPO (Budget-
aware Independent Proximal Policy Optimization), which is
an energy-efficient multi-agent RL solution that improves
performance. We evaluate BIPPO on two image classification
tasks run in a highly budget-constrained setting, with FL
clients training on non-IID data, a challenging context for
vanilla FL. The improved sampler of BIPPO enables it to
increase the mean accuracy compared to non-RL mechanisms,
traditional PPO, and IPPO. In addition, BIPPO only consumes
a negligible proportion of the budget, which stays consistent
even if the number of clients increases. Overall, BIPPO delivers
a performant, stable, scalable, and sustainable solution for
client selection in IoT-FL.

Index Terms—Federated Learning, PPO, Edge Computing,
AIoT, Sustainable ML, Green ICT

I. INTRODUCTION

Internet of Things (IoT) devices embed increasingly so-
phisticated sensing, computing, and connectivity capabilities
pervade our daily lives and have led to a surge in data
created at the edge. To identify hidden patterns in the
vast amount of data, big data analytics, machine learning
(ML), and deep learning (DL) algorithms are essential [1].
The application of AI for data processing in IoT is also
known as Artificial Internet of Things (AIoT), which is
a new computing paradigm [2]. A leading solution for
AIoT and for processing the vast amount of edge data is
Federated Learning (FL) [3], due to its ability to distribute
ML model training load while guaranteeing privacy and data
locality. Despite its advantages, training shared models with
FL comes with several challenges [4]. Without care, non-
independent, identically distributed (non-IID) training data
on client devices, characteristic of many IoT scenarios we
target, can affect FL convergence behavior negatively [5],
[6]. Furthermore, as resources are finite, it is crucial to
properly orchestrate the ML services that use them [7]. In the
context of FL in particular, a major orchestration dimension

is client selection. Identifying a client selection strategy
that autonomously balances the multidimensional problem
of non-IID data and heterogeneous device resources is not
trivial. Several heuristic approaches have been proposed in
recent years, which are practical, but they cannot easily adapt
to dynamic changes, and a fixed rule may lead to a biased
selection and overrepresentation of a few clients [8].

In such complex scenarios, Deep Reinforcement Learn-
ing (DRL) offers a novel perspective through its ability
to autonomously learn effective strategies [9]. However,
existing methods that propose RL solutions for FL client
selection are not optimized to perform well in practical
AIoT applications, and many challenges that come with them
remain unsolved. The main challenges we address in our
work can be split into AI challenges that address both the
model performance and generalizability, and IoT challenges
addressing the infrastructure and resource management level.

The AI challenges we address in our work include both
our FL use case and our RL method. The FL challenge we
address in this work is client selection in environments with
non-IID data and heterogeneous devices. Although various
methods have been proposed for performance improvement
with non-IID data, a single best solution still needs to be
identified. This FL challenge can be solved with an RL
solution that autonomously learns a good client selection
policy. However, many proposed RL-based solutions are not
generalizable to new environments as they are often trained
to fit only one specific environment [10]–[13]. This limits
their applicability in real-world scenarios, where information
such as data distribution or device capabilities may not be
available, making it impossible to reproduce the exact train-
ing conditions. Therefore, making our RL-based selection
generalizable to new scenarios is an important challenge we
address.

To make our method sustainable, efficient resource man-
agement is needed, which is a relevant IoT challenge. To
support practical applications, a proposed method should
operate efficiently in a budget-constrained environment,
where available resources have a fixed limit. Such budget-
constrained orchestration scenarios can arise when coordi-
nating multiple FL and/or other ML workflows in an as-a-
service manner [6], [14] over shared edge-compute infras-
tructure. In most existing RL work, such a budget constraint
cannot easily be added, as it heavily influences exploration.
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A low budget will lead to clients exploring non-participation
more, which biases their action preference. An important
resource management aspect that is often not considered,
but highly relevant in energy optimization problems, is the
energy consumed by the proposed RL method and how
to minimize the energy consumption for training the RL
method itself [10]–[13]. The importance of energy-efficient
solutions is further emphasized by an increasing number
of industrial companies that are investing in environmental
protection to meet growing environmental awareness [15].
The sustainable use of resources is indeed crucial and has
to be taken into account when finding solutions for efficient
data processing. Scalability is needed since AIoT networks
are expected to grow significantly, with an increase in
the number of devices, users, applications, and data. It is
therefore essential to find methods that can adjust to larger-
scale environments to cope with this growth. Stability is
another important IoT challenge that has not been considered
so far in most existing RL-based FL client selection schemes,
where clients join or leave during the FL training. Due to
structural changes, network availability, and device updates,
FL clients may join or leave over time, and it is essential
for the client selection method to be able to adapt in these
dynamic environments.

To address these limitations, we propose Budget-aware
Independent Proximal Policy Optimization (BIPPO), a novel
approach for efficient client selection in FL. BIPPO is based
on IPPO, but it has an improved sampler that not only
manages the budget constraint but also improves the overall
performance. BIPPO is built to work in resource-constrained
environments as it coordinates a limited energy budget
by intelligently selecting a subset of clients, considering
multiple client parameters such as energy usage, data size,
and local model performance. Due to our energy-optimized
training, BIPPO’s training cost remains independent of the
number of clients and is orders of magnitude lower than
SARL’s as the number of clients increases. For BIPPO, the
energy consumed for training is independent of the number
of clients and stays consistent, making our approach more
scalable. In summary, we make the following contributions:

• New energy-aware client selection strategy (§ IV): We
introduce a novel RL method that coordinates a shared
energy budget between various heterogeneous IoT de-
vices in the context of FL (§ III). Contrary to other
client selection methods (§ II), the number of selected
clients is not assumed fixed but depends on the given
budget and the energy consumption of the participating
clients’ devices.

• Performance considering AI challenges (§ V): Our ex-
tensive evaluation demonstrates that BIPPO, compared
to traditional PPO, IPPO, and heuristic baselines, im-
proves model accuracy and stabilizes performance in
non-IID environments. It functions well in resource-
constrained, low-budget environments, where identify-
ing the right clients has a high impact on performance
and generalizes well to new datasets.

• Performance considering IoT challenges (§ V): BIPPO
scales to more complex environments, while training
it only uses up a negligible amount of the energy
budget, which notably does not scale with additional
clients, further highlighting the sustainability of our
design. BIPPO also shows consistent performance when
clients join or leave, showing its stability in dynamic
environments. The implementation of our method and
of our evaluation framework is available on GitHub 1.

II. RELATED WORK

FL Solutions for Non-IID Data: Non-IID data shows
differences in data distribution and characteristics between
clients, which can significantly affect FL performance, as
the imbalanced class distribution leads to uneven local
model updates. As a result, this increases communication
overhead [19], since it takes the model longer to reach a
satisfactory accuracy. In recent years, various solutions have
been proposed to mitigate the negative effects of non-IID
data, which can be grouped into data-based, algorithmic, and
system-level approaches [20].

Data-based solutions can be split into data augmentation
and data sharing techniques. Both of these approaches en-
hance learning performance, but most of them require data
sharing, increasing the risk of data privacy leakage [20].

A system-level approach is to cluster the clients based on
their data distribution. In the work of Chen et al. [21], the
FL server estimates the statistical heterogeneity of the data
of each client by using the client’s update of the network’s
output layer. Based on this information, the clients are then
clustered. This can also be extended by not only taking
the data distribution into account, but also classifying the
clients based on additional factors, such as sample size [22].
However, system-level approaches may need reconfiguration
when the number of clients changes, as shown in [14].
Reconfiguration may be expensive and delay FL training.

The selection of FL clients, which falls in both system-
level and algorithmic approaches, is an efficient way to
deal with non-IID data, as it can speed up convergence and
increase accuracy [23]. To solve the challenge of choosing
the right subset, various client selection algorithms have
been developed that show promising performance improve-
ments [8]. However, determining the optimal client selection
method for a specific Federated Learning process can be
challenging due to the wide range of available strategies
and influencing factors [24]. One algorithmic approach is
to identify non-IID clients by looking at their weight diver-
gence [25]. Clients with a lower degree of non-IID data will
more frequently be chosen for the training, which can signif-
icantly increase accuracy. Another well-known method is the
power-of-choice method, where clients with the highest loss
are chosen to participate in the FL training [26]. However,
these approaches do not focus on multiple dimensions, such
as dataset size and device heterogeneity.

1https://github.com/Lacki28/BIPPO/
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TABLE I: FL non-IID client selection solutions in the literature that use RL.

Ref. Year RL Method Device Diversity/ Generalizability Resource Limits Scalability Stability
non-IID Data of RL method (Budget) (Client-churn)

[1] 2022 REIN-FORCE ✓ ∼ ✓ ✓ ∼
[16] 2024 DDPG ✓ ∼ − ∼ −
[4] 2022 VDN ✓ ✓ − ✓ ∼
[17] 2025 PPO ✓ ✓ − ∼ −
[10] 2024 REIN-FORCE ✓ − − ∼ −
[11] 2023 IPPO ✓ − − ∼ ∼
[5], [18] 2020,2024 DDQN − ∼ − − −
[12] 2022 PPO ✓ − − − −
[13] 2023 SAC ✓ − − − −

BIPPO 2025 IPPO ✓ ✓ ✓ ✓ ✓

Several solutions have improved the overall performance
in non-IID environments, but some methods only consider
one dimension, such as data distribution, and do not include
other factors, such as device heterogeneity and dataset size.
Additionally, an algorithmic approach with a fixed selection
strategy may not perform well in every environment, and it
has no chance of learning or improving its strategy over time.
Due to these limitations, we focus on RL methods, since they
can autonomously learn and improve their strategy in various
environments. With the appropriate reward configuration,
which provides feedback for the RL agent to improve its
policy, RL is also able to learn a strategy that considers
multiple dimensions and autonomously learns a solution that
finds a trade-off between multiple defined goals.

RL for FL Client Selection To achieve an intelligent client
selection that can learn and improve its strategy, several
works have been presented that use Reinforcement Learning
to optimize Federated Learning. An overview of existing
approaches is given in Table I, where we compare our
method to existing RL methods that aim to learn an optimal
client selection in heterogeneous environments. A check
mark in the table indicates that a feature is addressed in
the paper, a minus sign denotes it is absent, and a tilde
signifies that it is either not clear whether this feature is in
the paper or it means that it could be applicable, but it is not
evaluated. When considering the RL methods that have been
used, one can observe that numerous approaches have been
applied, but no clear preference towards one RL method
has emerged. Therefore, there is no specific method that has
become a standard in FL client selection settings yet.. Most
methods not only consider non-IID data, but also device
heterogeneity. Only about half of the RL methods have been
trained in one setting and tested in a new environment.
Only one work so far considers budget constraints related
to cost; other existing work often selects a fixed number of
clients, or the selected clients entirely depend on the action
of the RL method. Few works are also scalable and tested
in different environments. Some of the solutions have the
same number of clients and change the number of selected
clients. However, to the best of our knowledge, no work has
shown the effects of client churn so far.

To the best of our knowledge, our article presents the first
RL-based client selection work that shows the effect on the
performance of clients joining and leaving during the FL

training process, and that optimizes the RL training energy
consumption. In addition, our method is the first one that not
only considers a shared budget, but it also does not heavily
rely on accurate pretraining, as it learns fast and is capable
of adjusting to a changing number of clients.

III. SYSTEM MODEL

In this section, we provide an overview of the system
model, its components, and the information flow.

A. System Model and Federated Learning Process

Figure 1 illustrates the coordinated FL service with its
elements and how they communicate with each other.

FL Server

FL Clients

BIPPO

5) Server sends clients
the aggregated model
and their budget share 1) Clients send FL

Server the trained
model and state

information

Sampler RL

2) Server sends RL
agent(s) client states

3) RL agent(s) sends
Sampler the client

participation
suggestions

4) Sampler sends
FL Server the

clients' budgets0) Clients receive
global model from

Server

Fig. 1: Overview of our system design.

At the core of our system is the FL process, which is a
distributed model training technique. In each training round
t, a shared global model is adjusted by aggregating local
updates coming from the participating clients. In detail, the
FL process starts with the server sending the global model to
the clients (Step 0). After every participating client receives
the most recent global model parameters wt, each client n
updates its local model parameters wt

n with the global model
wt using gradient descent to minimize its local loss function
Ln(w

t
n), which is defined as the average of the individual

batch losses lj(w
t
n) [1]:

Ln(w
t
n) =

1

|Dn|
∑
j∈Dn

lj(w
t
n) (1)

At the beginning of a new FL workflow (round t = 0), the
clients train for only one epoch, and the updated local model
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parameters wt+1
n are sent to the server together with their

state information, including an estimation of their energy
consumption (Step 1). During each FL round t, the central
server chooses a subset of candidate clients from the whole
set to participate in the following training round. The choice
of clients is determined by BIPPO, as detailed in Steps 2-4.
In our system, we segment this selection phase into smaller
steps, as we include an RL layer. First, the server sends the
RL agent(s) the state information of the clients (Step 2). The
RL agent(s) use their own model to validate possible actions
in the given state and send them to the sampler (Step 3). In
our model, we call these values, derived from the RL actor
network(s), participation suggestions. More details on the
sampler can be found in Section IV-D. The sampler decides
on the final action, based on the participation suggestions
and budget, and sends its decision to the server (Step 4).
The server aggregates the models received by the clients
using the Federated Averaging (FedAvg) algorithm:

wt+1 =

∑N
n=1 |Dn|wt+1

n∑N
n=1 |Dn|

(2)

where |Dn| is the number of data samples used by client
n for local training. The updated global model parameters
wt+1 are then sent back to all clients for the next training
round. The server then sends each client its budget share
for the following round, together with the aggregated model
(Step 5). If the received budget share is equal to or higher
than the training cost, the client trains locally for several
epochs. This completes the first Federated Learning round.
In the following rounds, clients that received enough budget
train their model based on the budget that they received and
send their results back to the server (Step 1).

B. Energy Consumption Model

We model the energy cost as a function of the energy
consumption for communication and the computation of
the participating clients in one FL round. Our model is
consistent with previous work [16], [27]–[30], and it assumes
that this function only takes into account the variable energy
consumption, which is the energy consumed by participating
clients, but not other aspects of the FL process.

The first of two terms in the energy consumption compu-
tation is the communication energy [29], which is measured
at each FL round as the energy required for letting the
clients send model updates. To make our work comparable
to related work, for the communication energy, we use the
formula proposed by [10]. Specifically, we can express the
communication energy as:

Et,comm
n = Pn

sn

B log2
(
1 + hnPn

σ

) (3)

where B is the bandwidth, transmitter power Pn, background
noise power σ, the channel gain hn, and model size sn.

The second term in the energy consumption formula is
the computation energy. We use the following expression
to model it, which is typical in FL literature [28]–[30]:

Et,comp
n =

αn

2
ηn |D̃n| f2

n (4)

where |D̃n| is the data size of client n in bits that it trains
on in round t, fn the CPU-cycle frequency, the number of
CPU cycles to execute one data bit ηn, and the effective
capacitance of client n’s computing chipset αn

2 .
Given the communication and computation energy terms,

we can express the energy consumed by one participating
client as:

Et,total
n = Et,comm

n + epochs× Et,comp
n (5)

The total energy consumed by all participating clients in
one round, which should stay within the energy budget, can
therefore be formulated as:

Et,total =
∑

n∈P⊆N

(
Et,comm

n + epochs× Et,comp
n

)
(6)

where P is the number of participating clients, i.e., a subset
of all clients N .

In our proposed framework, the FL clients use this func-
tion to estimate their own energy consumption and send their
energy estimate to the server at the beginning of the FL
process. In a real-world deployment, these estimates could
easily be replaced by energy cost measurements if possible,
as discussed in Section IV-E.

IV. BIPPO: BUDGET-AWARE INDEPENDENT PPO

The main premise of BIPPO is that RL-based methods
can autonomously learn to find a good strategy for client
selection and adapt over time. In RL, an agent learns a policy
for selecting actions that lead to favorable subsequent states
through interaction with the environment. RL is a popular
approach for FL client selection [1], [5], [10], [17], [18],
since it can learn complex patterns without having to define
rules a priori, and it can adjust its strategy over time. A
popular RL method for FL client selection is Double Deep
Q-Networks (DDQN) [31], as shown by [5], [18]. However,
the effectiveness of DDQN can be inconsistent due to the
sensitivity of the hyperparameters chosen, as demonstrated
by Sadiki et al. [32], who showed that batch size alone
can make a huge performance difference. As an alternative,
we investigate Proximal Policy Optimization (PPO) [33].
Compared to DDQN, PPO is an on-policy method that does
not have a replay buffer. Therefore, the data collected during
its training does not need to be stored for long; once it
has been used to update the policy, it is discarded. This
makes PPO also well-suited in our scenario, where we want
to train the RL method on the go without depending on
large amounts of stored experience. In addition, PPO is
very effective in cooperative multi-agent settings [34]. Yu
et al. [35] also recently showed that PPO and Multi-Agent
PPO (MAPPO), in particular, outperform DDQN. PPO’s ef-
fectiveness and robustness represent key desirable properties
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for our problem. Compared to MAPPO, Independent PPO
(IPPO) [36] is a logically decentralized design where each
agent has its own value and critic network, and they do
not exchange local information. MAPPO uses a critic that
takes into account the global state of all agents. When a new
client joins, this influences the dimension of the global state
space, and MAPPO would therefore need to retrain a new
critic network. IPPO does not have this problem, since each
agent has its own actor/critic networks, and their dimensions
do not depend on the global state space.

A. Proximal Policy Optimization

PPO uses two neural networks, a policy network πθ(a|s)
that outputs a probability distribution over the actions and
a value network Vϕ(s) to estimate returns. A key feature
of PPO is the clipped surrogate objective function, which
prevents large policy updates and stabilizes performance.

After a given batch size, based on data collected in the last
rounds, the critic network is used to calculate the generalized
advantage estimation (GAE) [11], [33]. For each agent (I),
the GAE can be calculated using the following formula:

Ai
t =

T∑
l=0

(γµ)lδit+l (7)

where δit = rit + γVϕ(s
i
t+1) − Vϕ(s

i
t) is the Temporal

Difference error at time step t. Vϕ(s
i
t) and Vϕ(s

i
t+1) denote

the estimated state-value function at time steps t and t+ 1,
using the critic network Vϕ. γ is the discount factor that
controls the weighting of future rewards, and µ denotes the
parameter used to govern the bias-variance trade-off in the
estimation of the advantage function.

To stabilize training and prevent large, destabilizing up-
dates to the policy, PPO optimizes a clipped surrogate
objective function to calculate the policy loss for each agent
(i):

LCLIP(θi) = Ei
t

[
min

(
rit(θi)Â

i
t, clip(rit(θi), 1− ϵ, 1 + ϵ)Âi

t

)]
(8)

where
• rit(θi) =

πθi
(ai

t|s
i
t)

π
θold
i

(ai
t|sit)

is the probability ratio between the

new and old policies,
• Âi

t is the advantage estimate of agent i,
• ϵ is a hyperparameter controlling the trust region.
Additionally, the critic network parameters of each agent

(i) ϕi are updated by minimizing the squared error between
the predicted value and the observed return:

LVF(ϕ) = Et

[(
Vϕi(s

i
t)−Ri

t

)2]
(9)

Where the return is defined as Ri
t = Ai

t + Vϕold
i

(sit)

B. Multi-Agent Reinforcement Learning

To make our RL approach adjust to a changing number of
clients, we formulate it as a cooperative multi-agent solution.
In cooperative MARL, a set of I agents is trained to produce

optimal actions that maximize team reward [4]. At each time
step t, every agent i observes the local state stn of a client n
and chooses an action atn based on that state. After all agents
act, the team receives a joint reward rt and the environment
transitions to the next state st+1

n . The overall objective is to
maximize the total expected reward.
State: The state stn represents the state of client n at
time t. It is defined as stn = {acct, |Dn|, acctn, en, ptn}.
stn contains context information, which in this case is the
average accuracy acct achieved after communication round
t. In addition, the state also consists of the dataset size of the
client |Dn|, the accuracy on its local test dataset acctn, the
energy consumption for one training round en, and whether
client n participated in the last round ptn.
Action: In our FL setting, we consider N clients. At each
time step t, the RL agent(s) suggest for each client n whether
to participate in the FL training, denoted by a probability
value atn. The participation suggestion is forwarded to the
sampler, which will decide on the final action ātn. The final
action is structured as a list including the energy share for
each client in round t. Details on the sampling strategy can
be found in subsection IV-D.
Reward: The reward function is used to evaluate the ef-
fectiveness of the action at taken in state st. We define
it as: r(st, at) = φλ(|acct−acct−1|), where λ is a constant
that makes the reward grow with the global test accuracy.
Inspired by related work [5], we set λ to 64. When the last
global accuracy is smaller than the current global accuracy,
φ is 1; otherwise, it is -1 to decrease the participation
probability of the clients that took part in that round. Details
on why the reward was defined this way and how this
definition helps with the energy-aware RL training can
be found in Section IV-C. The reward does not include
the energy cost of the clients, since our goal is not to
minimize energy consumption of the FL clients, but to
optimize performance in energy-constrained environments. It
may be the case that an optimal selection includes only one
client, which takes up all the budget, but it has a balanced
dataset that helps improve performance. Our policy should
learn these trade-offs automatically; neither our reward nor
our sampler is optimized to select cheaper client, because
they may decrease performance if their datasets are highly
imbalanced.

C. Energy-Efficient RL Training

An important aspect of our energy-efficient framework is
to guarantee that the RL training only consumes a minimal
amount of energy. The energy consumed by the RL training
is an aspect that, to the best of our knowledge, is not con-
sidered or evaluated in other RL-based FL client selection
works. The first step for our energy-efficient training is to
make it independent of the number of clients, so that when
there is a large number of clients, we are still able to train our
RL model on the go with only a minimal amount of energy.
One design choice that supports the energy consumption
stability is our MARL approach, where the state and action
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dimensions of each network are independent of the number
of clients. However, with an increasing number of FL clients,
there will also be more actor/critic networks. To keep energy
consumption stable, we only let the clients who participated
in an FL round update their policies; the other clients
will not train their RL methods. This, however, leads to
them only exploring one of the possible actions. To update
the probabilities in our stochastic policy accordingly, it is
important that we introduce a negative reward of comparable
magnitude to the positive reward in order to adequately
discourage non-participation and decrease the participation
probability. The results of our evaluation V show that BIPPO
is indeed able to learn a solid strategy, even if the models
are only updated when the client participates. Due to our
training design choice, we can save 90% of the energy used
for RL training if only 10% of clients are selected. A lower
energy budget leads to a decreasing number of participating
clients, which makes the energy used for RL training also
decrease accordingly. If more clients are included in the FL
process, the training cost of BIPPO remains consistent. More
details on the energy consumed by our RL model are in the
evaluation section V-H.

D. Sampling Strategies

Traditionally, in IPPO, the action decision will be made
for each actor network individually, by sampling over the
output probability distributions. In our case, this, however,
could lead to the global energy consumption in our FL
process being too high or inefficiently used if not further
controlled. Given our energy budget, we therefore need a
global sampler that selects as many clients as possible,
without going over the budget. Two different sampling
strategies are evaluated for our sampler, both inspired by
popular RL methods. The sampling strategies are called
stochastic policy sampling and ϵ-greedy sampling, inspired
by how actions are chosen by PPO and DDQN. Given the
probabilities of the actor network, the stochastic action sam-
pler of PPO randomly selects an action, where actions with
higher probability are more likely to be chosen. However,
the deterministic action selection strategy of DDQN chooses
the action with the highest value. To guarantee exploration,
DDQN needs an epsilon parameter that requires fine-tuning.
The idea of epsilon is that whenever a random number is
smaller than this epsilon, a random action is chosen. In each
round, or every few rounds, epsilon decreases, reducing the
chances of choosing a random action, which reduces the
exploration. An overview of the client selection steps is
provided in Algorithm 1.

As shown in the algorithm, each agent (i) first gets the
probability for client i to participate in the next RL round
ati, given its policy (πi) and the current state (sti) of client i.
The stochastic policy randomly selects a client considering
its probability, while the ϵ-greedy sampler chooses a random
client with probability ϵ, otherwise it chooses the client with
the highest probability. After a client has been selected and
added to the participating clients āt, its probability is set to

Algorithm 1 Budget-Based Client Selection for IPPO with
different samplers

for each agent i = 1 to I do ▷ RL
Get action probability for client i: ati = πi(s

t
i)

end for
cost ← 0
while budget not reached do ▷ Sampler

if policy = stochastic then ▷ IPPO
Sample client c ∼ at = [ati]

N
i=1

else if policy = ϵ-greedy then ▷ BIPPO
Sample e ∼ U(0, 1)
if e < ϵ then

c← random client
else

c← argmaxi ati
end if

end if
if cost + energy(c) < budget then

cost← cost + energy(c)
Add client c to āt

Set atc ← 0
end if

end while
ϵ← max(ϵ ∗ 0.9, 0.05)

0, and the process continues until the budget is reached. At
the end of one client selection round, the exploration for the
ϵ-greedy method is reduced by lowering ϵ.

Figure 2 illustrates the performance of BIPPO with the
different samplers. The data for this plot was collected by
running FL on Fashion-MNIST with 20 clients. Further con-
figuration details can be found in the Subsection V-C. From
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Fig. 2: Comparison of different sampling strategies.

this Figure, it is visible that the ϵ-greedy sampler used for
our BIPPO method provides a more stable performance than
the IPPO traditional stochastic sampler. Therefore, we have
decided not to use the PPO traditional sampling mechanism,
but instead the improved and more stable version.
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E. Practical Considerations
BIPPO requires that clients report their energy costs. The

accuracy of the reported values depends on the measuring
capabilities of the client devices. For example, for popular
NVIDIA GPUs, the nvidia-smi utility or the NVML
library2 can be used to retrieve GPU power draw information
during training. However, accurate monitoring of training
energy costs is challenging [37]. Regarding the energy cost
of communicating the computation results of an FL round,
this is a function of the time a transmitter is active sending
data (itself depending on link quality; the poorer the signal
conditions, the longer the time to transmit the results), the
size of the ML model, and the transmission power used.
These vary depending on the network topology and the
connectivity technology. When the latter applies transmit
power control (e.g., 4G/5G), a conservative estimate can
be derived assuming that devices transmit at the maximum
power allowed. In the absence of precise energy measure-
ment capabilities, devices can resort to models for estimating
energy cost. This is also the approach we follow in this work,
applying models, definitions, and assumptions typical in the
FL literature [16], [27], [28]. We briefly elaborate on this
approach in Section III-B.

V. EVALUATION

We evaluate BIPPO against a number of baselines, in-
cluding PPO, IPPO, our implementation of the FedPPO
method, the FedAvg random selection approach, the Power-
of-Choice method, and our new baseline, Power-of-Choice-
Accuracy, which selects the lowest performing clients that
train on data that may be underrepresented in the global
model. The analysis aims at checking the goodness of the
learned strategy in picking the best clients, given the budget,
to improve the model accuracy.

A. Experimental Setup
Datasets: For our tests, we chose two different classifica-
tion datasets, which are often used in FL prediction tasks,
Fashion-MNIST and CIFAR-10. The non-IID label distribu-
tion for 20 clients is shown in Figure 3a. The distribution
for Fashion-MNIST and CIFAR-10 was the same; the only
difference was that clients received fewer samples, as shown
in Table II. In this figure, one can additionally see the two
clients that join in the stability tests. The class distribution
for 48 clients is in Figure 3b. Details on the models and the
data size of each client are in Table II.
Hardware: The tests conducted in this work ran on a
server that is equipped with 32 CPUs, specifically the AMD
Ryzen 9 5950X 16-Core Processor, each with a maximum
clock speed of 5083.3979 MHz. Additionally, the server
incorporates two NVIDIA GeForce RTX 3090 GPUs, each
featuring 24576 MB of memory.
Hyperparameters: The hyperparameters for the FL process,
the RL models, and the ϵ-greedy sampler are listed in Table
II.

2https://docs.nvidia.com/deploy/nvml-api/index.html
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Fig. 3: Comparison of class distributions for different num-
bers of clients.

TABLE II: FL, PPO, and ϵ-greedy sampler Hyperparameters

FL Hyperparameter Value
Batch size 32
Local epochs 5
Learning rate 0.1
Fashion-MNIST model Simple CNN [14]
Fashion-MNIST client training data 1.200
Fashion-MNIST client test data 200
CIFAR-10 model Resnet-18 [38]
CIFAR-10 client training data 1.000
CIFAR-10 client test data 200
Energy Hyperparameters [29] Value
Bandwidth (B) 1 MHz
Transmitter power (Pn) 0.5 W
Channel gain (hn) 10−8

Background noise power (σ) 10−10

CPU cycles per bit 20
αi
2

2× 10−28

CPU-cycle frequency (f ) 700, (1430), 1500 MHz
PPO Hyperparameter Value
Batch size 2
Local epochs 8
Hidden layer size 128
Learning rate 0.001
Discount factor (γ) 0.9
Clip parameter 0.2
Bias-variance tradeoff (µ) 0.8
ϵ-greedy Hyperparameter Value
Epsilon (ϵ) 1.0
Epsilon decay 0.9
Minimum epsilon (ϵmin) 0.05

B. Baselines

To compare our method, we decided on various heuristic
and RL baselines:
FedAvg (Heuristic): The sampler of this approach randomly
selects the clients until the budget is reached [3], [17].
PoC (Heuristic): The Power-of-Choice method [26] selects
the clients with the highest loss until the budget is reached.
Using clients with the highest loss often improves model
convergence, as shown by [26].
PoCA (Heuristic): The Power-of-Choice-Accuracy method
is our adaptation and implementation of the Power-of-Choice
method; instead of selecting the clients with the highest loss,
it selects the clients with the lowest accuracy until the budget
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is reached. The lowest performing clients have data that may
be underrepresented in the current global model.
FPPO (RL): FPPO gathers the participation suggestions
for each client through a single network and chooses the
ones with the highest values until reaching the budget
threshold. To train the policy, it computes the reward and
stores samples of the participating clients to train with.
This baseline is inspired by the PPO implementation of the
recently published work by Zhao et al. called FedPPO [17]
and adapted to our use case.
PPO (RL) We implement PPO, pairing it with a traditional,
stochastic-policy sampler, which has a weighted random
selection approach, within budget boundaries.
IPPO (RL) This baseline has the same sampler as PPO, but
instead of the RL method having a global view, each client
has its own network.

C. Non-IID and Heterogeneous Device Performance

These tests evaluate the influence of the different client se-
lection methods on the overall FL model’s performance. The
data distribution is non-IID as described in Figure 3a, the
clients have different device types, and the goal is to select
clients that optimize performance in an energy-constrained
environment. To simulate heterogeneous devices, we in-
cluded 8 low- and 12 high-energy device types, which are
evenly distributed, given by the CPU-cycle frequency in
table II. The budget for the participating clients in each round
is set to approximately 11% of the total energy that would be
consumed if all clients were training for one round. Relative
to the selected budget, a cheap client takes about 33% of this
budget to train, and thus up to 3 clients of this type could be
selected. Only one expensive client can be selected in each
round, since each of them needs about 56% of this budget.
We evaluate our approach in a setting with 20 clients and
using the Fashion-MNIST dataset.
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Fig. 4: 11% Energy budget, 20 clients training on Fashion-
MNIST.

Looking at the results of Figure 4, one can see that BIPPO
and FPPO have the best performance, since they achieve
high accuracy and have a low interquartile range (IQR),
which indicates stable performance. The RL methods with
the traditional stochastic sampler (IPPO, PPO) also achieve

high performance, but they have higher IQR ranges, indicat-
ing less consistency of the global performance. The heuristic
approaches (FedAvg, PoCA, PoC) have lower performance.
Especially in the last rounds, one can see a clear difference.
PoC performed so badly in these first tests that we introduced
PoCA, which we will use for the other evaluation sections

D. Generalizability

To see how well our results generalize to a different
FL setting, we test our method on a more challenging FL
dataset, which is trained on Resnet-18.

For these tests, we used 20 clients with two heterogeneous
device types and the same data distribution as in the Fashion-
MNIST tests. For the CIFAR-10 dataset, we set our energy
budget at about 10%, so that it has roughly the same
percentage as the first tests. The cheaper clients, which take
about 32% of the budget, could be chosen 3 times, and the
most expensive client with about 54% of the budget can only
be selected once. In these tests, we included 8 cheaper and
12 expensive clients, the same distribution as in the first set
of tests.
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Fig. 5: Accuray distribution on CIFAR-10.

The results of the CIFAR-10 tests, visualized in Figure
5, show that BIPPO outperforms all other methods as it
has the highest median and the smallest IQR, indicating a
consistently high performance. The other RL methods have
comparable performance, with the difference that FPPO has
a slightly lower IQR range. The heuristic methods cannot
keep up performance-wise with the RL methods, as they
both have lower performance.

E. Transfer-Learning

Most existing work heavily relies on accurate pretraining.
However, pretraining an RL method for FL is challenging,
as to the best of our knowledge, there is no FL dataset
that demonstrates the effect on the accuracy of selecting
certain clients. This additional step not only costs additional
energy for creating the training data, but also for performing
the actual training. In real-world scenarios, one may not
be able to traditionally train numerous RL episodes in the
test environment or get an accurate training dataset that
represents the real environment. To make our approach
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relevant in such settings, we demonstrated that even if
accurate training data is not available, our energy-efficient
BIPPO still manages to find a good strategy by learning on
the go while adding only a minimum amount of additional
energy, as demonstrated in Figure 12. To evaluate how much
the performance would increase or decrease if a training
setup with training data is available, we perform additional
tests on pretrained RL. Since one usually does not have
access to data for the exact same environment, we use the
data collected from the Fashion-MNIST runs, pretrain our
RL methods on this data, and use the trained RL methods
for an FL process on CIFAR-10. This approach is inspired
by transfer learning and may be used in real-world settings.
It should be mentioned here that both setups differ in terms
of dataset, FL model type, and energy consumption, but the
data distribution and the distribution of cheaper and more
expensive devices were the same.
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Fig. 6: Accuracy distribution of CIFAR-10 pretrained.

0 25 50 75 100 125 150 175 200
0.1

0.2

0.3

0.4

0.5

Ac
cu

ra
cy

Rolling Mean ± Std (window=5)

BIPPO
BIPPO pretrained
IPPO pretrained

Fig. 7: CIFAR-10 pretrained, rolling mean +- standard
deviation.

Figure 6 shows the performance of BIPPO in an FL setting
that is training on CIFAR-10. We compare BIPPO, which
is untrained and learning a completely new strategy, to a
pretrained version that has been trained on the previous
experiments with Fashion MNIST and fine-tunes its policy
to the new setup. Not surprisingly, the pretrained RL method
outperforms a non-pretrained method, especially in the first
rounds. For the last 100 rounds, the mean accuracy of BIPPO
is 0.485 for the non-pretrained method and 0.500 for the
pretrained method. In addition, we compare BIPPO with a

pretrained IPPO. IPPO reaches a mean accuracy of 0.495,
which is slightly higher than that of BIPPO. Not surprisingly,
pretraining the RL model can additionally increase the per-
formance. However, pretraining adds additional energy cost
for training and for generating training data. Additionally, in
real-world settings, one may not have detailed information
about data distribution to generate an accurate training
environment. More details on the performance difference can
be found in Figure 7, where one can see the rolling mean
of the accuracy.

F. Stability

In a practical use case, IoT devices may join or leave
the FL process over time. Therefore, it is important for an
RL method to be robust to such changes. For the following
tests, we do not focus on transferring previously learned
knowledge to a new policy. Instead, the purpose of these
experiments is to evaluate what each RL type (SARL,
MARL) can achieve in terms of stabilizing the performance
in dynamic environments. For the MARL approaches BIPPO
and IPPO, we either added or removed the actor and critic
networks for the clients that join or leave, while for the
centralized SARL approaches PPO and FPPO, we initialized
a new network to fit the new action and state dimensions.

After 100 rounds, two new clients join the FL process: one
cheap client with a balanced dataset and one expensive client
with an unbalanced dataset. In addition, after 150 rounds,
two clients leave. To see the effect of clients leaving, we
remove two (10% of the original) of the first five clients,
which have a balanced dataset.

When comparing rounds 100-180, in which some clients
join and leave, there is not much difference between the
BIPPO and IPPO performance in Figures 4 and 8. However,
as expected, the PPO and IPPO models have significantly
higher performance drops than the MARL approaches, since
they need to train from scratch when the state and action
spaces change, while the MARL methods only have to
learn new strategies for the new clients. The performance
of FedAvg also decreased slightly, compared to Figure 4,
while the PoCA remained more consistent. However, both
have significantly lower accuracy values compared to our
RL methods.
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Fig. 8: Accuracy distribution in dynamic scenarios.
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To provide a more detailed overview of the performance
of our RL methods over time, we depict, in Figure 9, the
rolling mean and standard deviation of BIPPO, IPPO, PPO,
and FPPO. For the sake of clarity, we omit the line plots of
the heuristic baselines, as their performance is much lower.
This figure shows a significant performance degradation of
PPO and FPPO when new clients join, while BIPPO and
IPPO do not have a visible performance drop in such a case.
When clients leave, all methods remain stable, except for
the FPPO, where one can see that the accuracy significantly
drops.

These tests demonstrate that the design of BIPPO, in fact,
makes it robust to maintain its performance in dynamic envi-
ronments where clients may join or leave, without requiring
knowledge transfer optimization.

G. Scalability

To test whether our method will scale to a larger number
of clients, we run experiments with 48 clients, which is more
than double the number of clients from the previous settings,
and it is within the limit of clients our hardware supports.
To make the environment even more challenging, clients in
this setting have 3 different device types, non-IID data, and
their data sizes are also different. We ran the experiments
for 300 rounds.

Our larger-scale tests show that BIPPO improves the
performance, compared to IPPO, even in larger settings
with more clients, as illustrated in Figure 11a. Compared to
FPPO, it takes a bit longer to converge, shown in 11b. While
FPPO takes about 75 rounds to reach a global accuracy of
about 80%, BIPPO needs about 125 rounds. FPPO may find
a good selection policy faster, but the energy cost for training
FPPO in larger settings increases, compared to BIPPO,
which manages to keep energy consumption consistent even
in larger settings, as discussed in section V-H. Figure
10 shows that our RL methods again outperform heuristic
approaches, with BIPPO and FPPO reaching higher accuracy
than PPO and IPPO.
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Fig. 10: Performance with 48 clients training on Fashion-
MNIST.
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Fig. 11: Comparison of BIPPO scalability results.

H. Sustainability

Since performance is not the only relevant factor of
scalability, this section provides a comparison of how much
additional computation load (and, in turn, energy cost) the
RL methods incur. For the energy consumption comparison,
we used the metric MACs (Multiply-Accumulate Opera-
tions). An approximate translation from FLOPs to MACs can
be achieved by dividing the number of FLOPs by two [39].
Despite not being an exact measure of energy consumption
[40], MACs are sufficient to show the relative difference
between our RL and FL training.

Figure 12 provides an overview of the MACs it takes to
pass all the data through the NN once. To get the energy
consumed for training, this would have to be multiplied
by the buffer size and by the number of epochs. Both of
these parameters are the same for SARL and MARL For
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these measurements, we used torchprofile.3 When we have
20 clients, SARL needs 23.424 MACs, which is roughly
14 times the amount PPO needs for one NN pass with
1.664 MACs. In the case of our larger setting with 48
clients, SARL needs 55.680 MAC, which is more than
double the MACs needed for 20 clients, while for BIPPO it
stays consistent. Figure 12 shows the MACs for up to 1000
clients, where one can see that for SARL it increases linearly,
but for MARL it stays consistent. The number of MACs
to pass one image through the CIFAR-10 dataset is about
556.037.632, and for Fashion-MNIST it is 2.751.000. To
get the number of MACs for one training client, this would
have to be multiplied by the number of samples and by the
epochs. Therefore, the energy consumed by the RL methods
only adds minimal additional cost, which makes them useful
in resource-constrained real-world scenarios. One important
aspect to mention here is that the energy consumption
for one round of training SARL and MARL depends on
the budget. With a lower budget, fewer clients will be
chosen, which leads to fewer training samples for training
the RL methods. This lowers the energy consumption for
RL training in low-budget environments.

To summarize, BIPPO has an energy consumption that,
compared to SARL, stays consistent with an increasing
number of clients, while it costs only a negligible proportion
of the total budget. Due to its multi-agent design, both action
selection and training can easily be parallelized for BIPPO,
which reduces computation time and makes this approach
scalable in larger environments.

VI. DISCUSSION

Table III summarizes the main results of the evaluation.
The best results are always bold, and the second-best results
are underlined. A few rows are highlighted in grey. These
rows are emphasized as these are metrics that, to the best
of our knowledge, no other RL-based FL client selection
work has considered. This table shows the average number

3https://github.com/zhijian-liu/torchprofile

of rounds until round x is reached, where round x is the
round at which the average of the last 10 rounds is equal to
or above the target accuracy [17]. For Fashion-MNIST, the
target accuracy is 80%, while for CIFAR-10 it is 40%. For
Fashion-MNIST, the target accuracy is inspired and taken
from [41]. The average accuracy reached with CIFAR-10,
given the budget and the non-IID environment, was between
35% for FedAvg and 45% for BIPPO. We therefore decided
on the target accuracy of 40% as a representative mid-point.

The first finding from this table is that heuristic meth-
ods may consume less energy, but they cannot keep up
performance-wise with the RL methods. The traditional PPO
methods that use the stochastic sampler perform worse than
the RL methods with the ϵ-greedy sampler. Table III shows
that when it comes to the mean accuracy or mean number of
rounds until round x is reached, BIPPO always performs best
or second best. Our evaluation also demonstrates BIPPO’s
stable performance in dynamic environments, while exhibit-
ing minimal and constant energy consumption.

In summary, BIPPO demonstrates good performance
while it consumes only a minimal amount of additional
energy, which is independent of the total number of FL
clients. Importantly, it is also robust to clients joining and
leaving, managing to maintain good performance in dynamic
settings.

To improve convergence in later settings, in future work,
we want to optimize transfer learning to improve the cur-
rent strategy even more. We aim to pretrain a model that
will generalize well over various settings to help MARL
converge faster. Additionally, we want to consider security
aspects, particularly in scenarios where clients may behave
maliciously. The energy consumption in this work was
estimated using a formula, which is a standard approach in
related studies that facilitates comparison to existing work.
Furthermore, the hyperparameters to calculate the energy
consumed in each FL round were also taken from previous
studies. However, in the future, we aim to measure actual
energy consumption. The datasets used for this work are
commonly used in related FL research, ensuring comparabil-
ity; however, testing our approach on a dataset for a different
learning task is an interesting future direction.

VII. CONCLUSION

This paper presents BIPPO, an RL-based method for
selecting IoT devices to participate in an FL task within
a limited energy budget, making it suitable for real-world
scenarios. BIPPO quickly and autonomously learns a good
strategy that outperforms conventional heuristic client se-
lection methods and traditional RL methods in various
environments, achieving higher mean accuracy. Compared to
the Single-Agent RL (SARL) approach FPPO, BIPPO had
comparable or improved accuracy in smaller settings. Still,
BIPPO needed more time in larger settings to find a good
selection strategy. However, FPPO’s performance comes at
a much higher cost, given that it consumes more than 14
times the energy consumed by BIPPO in smaller settings.
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TABLE III: Summary of the experiments, bold is the best result, and underlined is the second best.

Section Challenge Metric BIPPO FPPO IPPO PPO FedAvg PoCA
V-C non-IID mean of round x 43.0 41.75 66.75 43.0 88.25 -
V-C non-IID std of round x 10.416 13.663 17.297 12.748 41.342 -
V-C non-IID mean accuracy 0.779 0.787 0.751 0.759 0.701 0.491
V-C non-IID std of accuracy 0.14 0.147 0.157 0.157 0.158 0.163
V-D Generalisability mean of round x 36.25 38.0 42.0 44.5 80.25 -
V-D Generalisability std of round x 9.808 9.67 13.019 16.286 12.577 -
V-D Generalisability mean accuracy 0.452 0.415 0.413 0.427 0.352 0.226
V-D Generalisability sstd of accuracy 0.096 0.105 0.121 0.121 0.114 0.053
V-F Stability mean of round x 43.0 41.75 66.75 43.0 89.5 -
V-F Stability std of round x 10.416 13.663 17.297 12.748 43.396 -
V-F Stability mean accuracy after round x 0.784 0.767 0.754 0.739 0.698 0.495
V-F Stability std of accuracy after round x 0.139 0.158 0.158 0.158 0.16 0.16
V-G Scalability mean of round x 110.333 72.667 201.333 197.333 242.5 -
V-G Scalability std of round x 32.014 9.843 22.455 54.199 57.5 -
V-G Scalability mean accuracy 0.709 0.736 0.657 0.678 0.621 0.396
V-G Scalability std of accuracy 0.178 0.17 0.178 0.183 0.164 0.133
V-H Scalability RL NN MACs 20 clients 1.664 23.424 1.664 23.424 - -
V-H Scalability RL NN MACs 48 clients 1.664 52.096 1.664 52.096 - -

The energy consumption for SARL scales with the number
of clients, making it even higher in larger settings, while
for BIPPO it remains consistent. Importantly, compared
to SARL, BIPPO also allows seamless integration of new
clients without the need to retrain the entire system from
scratch. The evaluation showed that BIPPO indeed manages
to keep its performance in dynamic conditions where clients
join and leave.
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