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Abstract—Deploying a Hierarchical Federated Learning (HFL)
pipeline across the computing continuum (CC) requires careful
organization of participants into a hierarchical structure with
intermediate aggregation nodes between FL clients and the
global FL server. This is challenging to achieve due to (i)
cost constraints, (ii) varying data distributions, and (iii) the
volatile operating environment of the CC. In response to these
challenges, we present a framework for the adaptive orchestration
of HFL pipelines, designed to be reactive to client churn and
infrastructure-level events, while balancing communication cost
and ML model accuracy. Our mechanisms identify and react
to events that cause HFL reconfiguration actions at runtime,
building on multi-level monitoring information (model accuracy,
resource availability, resource cost). Moreover, our framework
introduces a generic methodology for estimating reconfiguration
costs to continuously re-evaluate the quality of adaptation actions,
while being extensible to optimize for various HFL performance
criteria. By extending the Kubernetes ecosystem, our framework
demonstrates the ability to react promptly and effectively to
changes in the operating environment, making the best of the
available communication cost budget and effectively balancing
costs and ML performance at runtime.

Index Terms—hierarchical federated learning, service orches-
tration, edge computing.

I. INTRODUCTION

Federated learning (FL) trains machine learning (ML) mod-
els on a federation of (edge) devices without the need to
centrally store and process the raw data on cloud servers [1].
Data remains on (IoT or other edge) devices, called clients,
and local ML model versions are sent to a central aggregator
typically running in the cloud. The aggregator creates a
global model which is sent back to the FL clients for the
subsequent training round. This iterative process continues
until a convergence criterion is met. FL thus improves privacy
and significantly reduces the computational and storage costs
of the central server.

FL faces a number of challenges [2] due to the heterogeneity
of the environments in which it operates. Clients typically run
on (i) different hardware which is often resource-constrained
and unreliable, (ii) use different communication protocols to
exchange ML models with the aggregator, or (iii) train on data
that are unbalanced and often not independent and identically
distributed (non-IID). Hardware heterogeneity delivers differ-
ent training performances and leads to the occurrence of slow
clients, i.e., stragglers [3]. Furthermore, although raw data do

not have to be transported, the exchange of model updates
can be costly, particularly for large-scale FL tasks and when
training large models. In IoT use cases where FL is highly
relevant [4], this problem is even more severe as devices often
operate over unstable and bandwidth-limited networks.

Hierarchical federated learning (HFL) [5] emerged in re-
sponse to these challenges. HFL places intermediate nodes
at the edge of the computing continuum (CC), closer to
FL clients, to perform local aggregation before sending the
aggregated models to the global aggregator. It has been shown
that this has the potential to reduce communication costs and
overall training time [5], [6], thus also saving energy [7].

HFL pipelines are well suited for execution in the CC, as
their multi-layered architecture fits seamlessly into the decen-
tralized and tiered structure of the CC. However, configuring
an HFL pipeline is not trivial: Aggregator nodes need to be
strategically placed in the CC so that clients are assigned
to them considering not only resource-level information and
network distance, but also ideally taking into account the
characteristics of individual client datasets [8]. These most
likely vary in volume and contain non-IID data, which almost
inevitably leads to performance degradation of an FL task [9].
Importantly, the volatility of the CC suggests that, during
the lifetime of an HFL pipeline, changes in the operating
environment will occur and impact it, potentially severely, e.g.,
by degrading model accuracy or generating considerable net-
work traffic. Therefore, the HFL pipeline must be continuously
reconfigured during its runtime.

While the literature on HFL is extensive (§ V), system
support and mechanisms for continuous HFL adaptations are
rather understudied. We bridge this gap by introducing a
framework for adaptive and continuous orchestration of HFL
pipelines tailored to dynamic CC environments. In particular,
we make the following contributions:
HFL Orchestrator (§ II). We introduce an HFL orchestrator
that is extensible to support various configuration strategies,
such as communication cost minimization, balanced data dis-
tribution, or combinations thereof. Our special-purpose orches-
trator interfaces with general-purpose orchestrators (Kuber-
netes and its edge-centric variants) to deploy the entities of
the HFL pipeline on CC hosts, monitors the execution of the
pipeline at the resource and service levels, and reconfigures the
pipeline at runtime if needed. Our orchestration framework is
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available as open source.1

Algorithm (§ III). Reconfiguration actions can take place
on various dimensions (e.g., attach a client to a different
aggregator node, adapt the model aggregation frequency),
and involve a direct cost (e.g., cost to transfer container
images and initialize a new aggregator node) and a post-
reconfiguration impact that could be positive or negative. We
introduce a generic methodology to model these costs and
adopt a hybrid reactive-predictive orchestration approach: The
HFL orchestrator reacts to a relevant event (e.g., a new client
joins) by computing and applying a new configuration, and
executes a Reconfiguration Validation Algorithm (RVA) that
continuously evaluates reconfiguration decisions by predicting
their future impact in terms of operational costs (particularly,
communication-related) and model accuracy, reverting them
upon a negative performance forecast.
Evaluation (§ IV). We evaluate our approach on HFL tasks
using the CIFAR-10 dataset [10] over a testbed including a K3s
cluster with commodity hardware. Our results demonstrate that
our scheme promptly reacts to environmental changes such as
client churn, effectively balancing communication costs and
ML performance during runtime.

II. HIERARCHICAL FEDERATED LEARNING (HFL)
ORCHESTRATION

A. Preliminaries

Contrary to traditional FL where there is a single global
aggregator (GA) typically residing in the cloud, HFL intro-
duces local aggregators (LAs) at the edge. In a typical HFL
setup, an ML engineer defines an HFL task that runs within an
HFL pipeline in the CC, as outlined in Fig. 1. The HFL task
is defined with the following inputs: (i) an initial ML model,
(ii) training parameters, and (iii) the orchestration objective.
The initial ML model serves as the starting point from which
all clients begin their training during the initialization phase
of the pipeline. The training parameters include batch size,
learning rate, etc. The orchestration objective can be defined
on a case-by-case basis, for example, to either optimize the
model’s performance within a predefined communication cost
budget or to minimize the cost while achieving a specific
performance target, such as a target level of accuracy or loss.
Other objectives are also possible and can be supported by an
HFL orchestrator. A typical HFL pipeline is executed through

Input

Initial ML Model

Training parameters

Objective

Output

Trained ML Model

HFL Pipeline

Computing Continuum

Fig. 1. HFL task definition.

the following phases:

1https://github.com/AIoTwin/fl-orchestrator/tree/icmlcn

1) Initialization phase: Clients prepare their local data for
training and the initial ML model is distributed by the GA
to all clusters and, in turn, to the clients.

2) Local training: Clients train their local models for a
predefined number of epochs.

3) Local aggregation: After local training, clients send their
model updates to their LA for aggregation. The aggregated
model is distributed back to the clients in the cluster.

4) Global aggregation: After a predefined number of local
aggregations, usually called local rounds, the local model
is sent to the GA for global aggregation. Subsequently, the
global model is distributed back to the LAs which forward
it to the clients in their cluster. This marks the beginning
of a new global round.

5) Model convergence and completion: When the model
has converged, or a certain threshold has been reached,
the pipeline execution is completed.

B. HFL pipeline configuration

An HFL pipeline is characterized by its configuration, which
is defined to contain the following elements.
• Topology. The topology of an HFL pipeline defines which

nodes residing in the CC are used by the pipeline, which
roles these nodes take and how the nodes are interconnected
based on the roles. Compared to traditional flat FL, the
topology in a hierarchical FL setup is extended to define
node clusters and the placement of LAs at the edge and the
GA in the cloud. A client selection process can take place
before the initialization phase and between local or global
training rounds [11] and, compared to flat FL, should also
consider the dimension of client-LA association. Topology
formation criteria can account for node resources, network
connectivity, or per-client data volume.

• Aggregation algorithm. A configuration includes the se-
lected aggregation algorithm (e.g., FedAvg [1], FedAvgM
[12], or FedOpt [13]), which determines how model up-
dates are aggregated at the local and global level. These
algorithms can be classified into two categories depending
on how they perform the aggregation: synchronously or
asynchronously. In this paper, we only consider synchronous
aggregation.

• Aggregation frequency. It is defined as the number of
local iterations before a model is sent for aggregation.
In HFL, two parameters define this frequency: (i) local
epochs, which are used by clients to create local models
that are sent for local aggregation to the LAs, and (ii) local
rounds which specify the number of local model update-
aggregation rounds performed by the LAs before the models
are sent to the GA. Aggregation frequency has a direct im-
pact on communication costs. In addition, the experiments
reported in [8] demonstrate that the frequency of model
aggregation can significantly affect FL performance when
distributed nodes have imbalanced training data.
Changes in the operating environment of an HFL pipeline,

such as nodes joining and leaving, node resource fluctuations,
or network disruptions can have various effects on pipeline
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execution. For example, a client becoming unavailable can
introduce degradation of the ML model performance, or a
network change can increase the communication cost of the
pipeline and this can faster deplete a potential cost budget
defined for a task. Responding to such events requires an adap-
tive orchestration mechanism that maintains the HFL pipeline
deployed with the best HFL configuration for the given state
of the CC, i.e., events cause pipeline reconfigurations.

Carrying out the appropriate reconfigurations is however
non-trivial, as applying a new configuration at runtime is not
guaranteed to provide better ML model performance in the
future. Predicting the impact of a reconfiguration (e.g., re-
assigning client nodes to LAs) before applying it would be
invaluable for an HFL orchestrator. To this end, one could
reasonably apply approaches that quantify and account for
node utility [11]. However, our pilot experiments have shown
that a node’s utility does not always reflect on the ML
model performance as expected. Instead, motivated by our ex-
perimental findings, we implement reconfiguration validation
reactively: Our HFL orchestrator computes and applies a new
configuration it deems optimal, i.e., the best-fit configuration,
monitors its short-term effects, and uses this information to
forecast whether it should maintain the new configuration
or revert to the previous one, while taking into account the
specific orchestration objective.

C. HFL orchestrator design

We adopt a two-level orchestration design, making a dis-
tinction between HFL service-specific and general-purpose
orchestration tasks. Our HFL orchestrator makes service-
specific pipeline configuration decisions, which translates to
actionable input for a General Purpose Orchestrator (GPO)
– in our case Kubernetes or its edge-centric derivatives. Our
orchestration framework carries out the following functions:
1) deploying and managing the entities of the HFL pipeline,

i.e., clients and aggregators;
2) monitoring the execution of the pipeline at the infrastruc-

ture and HFL service levels; and
3) performing HFL pipeline reconfiguration as needed.

Our framework collects infrastructure characteristics by
interfacing with the GPO, as well as monitors HFL-specific
information (e.g., historical learning performance information,
whether a node hosts data available for training and can
thus assume the role of a client or it can only be used for
aggregation, etc.). Furthermore, it allows the user to define
the orchestration objective, which serves as the optimization
goal for the orchestrator (e.g., to save on communication cost,
to minimize training time, etc.). In this paper, we focus on the
following objective: Providing the best ML model performance
under a user-specified total available communication cost
budget B. Note that our orchestrator also supports different
objectives, such as minimizing total cost to reach a user-
specified target model accuracy. Our modular design allows
to incorporate and activate on demand existing state-of-the-
art configuration strategies to meet an orchestration objective,
such as the ones proposed in [8], [14], [15].

Once a configuration is derived – either at pipeline deploy-
ment time or in response to events – the GPO is invoked to
deploy containerized versions of the HFL entities (termed HFL
service instances) over CC hosts. An HFL service instance can
be either a client or an aggregator. This service runs with a
sidecar HFL agent that is designed to monitor the progress
of an HFL task and send reports to the HFL orchestrator
component. In the interest of space, we omit further technical
details of our orchestration framework.

III. HFL PIPELINE RECONFIGURATION

HFL pipeline reconfiguration is triggered by various events
monitored by our orchestrator. These events can be categorized
as either infrastructure-related or related to ML model perfor-
mance metrics. Reconfiguration is triggered reactively when
an event such as a node failure or a significant increase in
training loss occurs. Reconfiguration does not come for free:
The calculation of a new pipeline configuration introduces
the computational cost of solving a complex optimization
problem, while additional HFL service artifacts may have to be
deployed, interrupting the FL flow. Reconfiguration costs are
particularly increased in environments with a high number of
clients and potential aggregation nodes. Nevertheless, pipeline
reconfiguration may enhance HFL performance to such an
extent that the invested cost is fully recouped.

Whatever the trigger, reconfiguration is performed in the
same manner. First, a new best-fit configuration has to be
identified considering the new environmental conditions. Next,
the HFL orchestrator checks the differences between the
original configuration, i.e., the one before reconfiguration, and
the new configuration, i.e., the one after reconfiguration, to
define changes necessary to apply the reconfiguration. Fig. 2
shows an example illustrating this process. In the original
configuration, we have two clusters with three clients each, and
a new client C7 joins the pipeline causing its reconfiguration.

C1 C4 C5 C2 C3 C6

LA1 LA2

GA

C7

C7

C1 C2 C3 C4 C5 C6

LA1 LA2

GA

Original configuration New configuration

Fig. 2. Reconfiguration trigger: a new client joins the pipeline.

Depending on which configuration strategy we use (e.g.,
minimizing per-round communication cost and maximizing
cluster data diversity [8]), the best-fit configuration for a given
environment may vary. Let us consider an example of a best-fit
configuration, shown on the right in Fig. 2, to demonstrate how
configuration differences affect the changes to be made when
reconfiguring. In this new configuration, four existing nodes
are assigned to a different LA, thus both clusters are affected.
If we define ∆C as the set of reconfiguration changes, five
changes take place to create the new configuration (|∆C| = 5).
Additionally, the cost per global aggregation round is likely to
be different for the original and new configuration since new
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clusters are defined and nodes with different network distances
are used as clients and aggregators in the pipeline.

A. Reconfiguration cost

In general, the reconfiguration cost Ψrec can be expressed
with two values:

Ψrec = (Ψrc,Ψpr), (1)

where Ψrc is the cost of reconfiguration changes and Ψpr is
the post-reconfiguration cost defined as follows:

Ψrc =

|∆C|∑
i=1

ψrc(i), Ψrc ≥ 0 (2)

Ψpr = Ψnew
gr −Ψorig

gr = ∆Ψgr, Ψpr ∈ (−∞,+∞) (3)

Equation (2) defines the cost of reconfiguration changes
which is the sum of the cost for all ∆C reconfiguration
changes. Ψrc is a fixed cost incurred once during reconfig-
uration (expressed in cost units). It can be equal to or greater
than zero, since a reconfiguration change either generates cost
or has no associated cost (when a client fails or leaves the
pipeline). Equation (3) defines the post-reconfiguration cost
Ψpr which is the difference between the cost per global round
of the new and the original configuration. Since ∆Ψgr is a
recurring cost for each global round, it is given in cost units
per round. Ψpr can be negative, which means that the post-
reconfiguration leads to a gain, i.e., the costs are reduced after
reconfiguration. For example, if a reconfiguration removes a
client from the pipeline, the communication cost is reduced
since one model update is no longer sent to an LA.

In this paper, we focus on reconfiguration cost with respect
to communication. Communication cost is usually defined as
the traversed distance by packets [8] or as network bandwidth
consumption on the path between communicating nodes [15].
The longer the distance a packet has to travel or the higher
the bandwidth along the path of the packet, the higher the
communication cost. In HFL, this refers to the communication
cost of transmitting model updates from clients to LAs or from
LAs to the GA, both during and after reconfiguration.

Each reconfiguration change incurs a cost of downloading
the HFL service artifacts, e.g., service container image, if the
service is not already present on the node, and the cost of
downloading the model from a parent aggregator. We define
Ssvc as the size of the HFL service artifacts in bits and M
as the model size in bits, where AS is the artifact server
node, e.g., a container image repository, and PA is the parent
aggregator node. Then, we can calculate the communication
cost of each reconfiguration change ψcomm

rc as follows:

ψcomm
rc (i) = Ssvc×l(ni, AS)+M×l(ni, PA), i ∈ ∆C, (4)

where l(x, y) is the link cost between nodes x and y (in units
per bit), and ni is the node affected by change i. If the service
is already downloaded on node ni, we set l(ni, AS) = 0.

The post-reconfiguration cost is a recurring one that depends
on the communication cost within one global round. If we

define K as the total number of local clusters (i.e., local
aggregators), Ni as the number of clients in cluster i where
cij is its j−th client, L as the number of local rounds, and
GA as the global aggregator node, the communication cost for
one global round Ψcomm

gr in HFL can be defined as:

Ψcomm
gr = Ψcomm

ga +Ψcomm
la (5)

Ψcomm
ga =

K∑
i=1

(l(LAi, GA)× Smu) (6)

Ψcomm
la = L×

K∑
i=1

Ni∑
j=1

(l(cij , LAi)× Smu), (7)

where Ψcomm
ga is the communication cost of global aggregation

and Ψcomm
la is the cost of local aggregations. We can observe

that in each global round, we perform L local aggregations
from clients to their local aggregators (7) and one global
aggregation from local aggregators to the global aggregator
(6). Smu represents the model update size. In the rest of this
paper, Smu = M. However, more compact model update rep-
resentations by means of compression are also possible [16].

B. Reconfiguration validation algorithm

Reconfiguration can sometimes have a negative impact on
model performance or cost. To address this, we introduce a
reactive reconfiguration validation approach Reconfiguration
Validation Algorithm (RVA) which is built into our orches-
tration framework. RVA validates the reconfiguration status
after a specific number of global rounds post-reconfiguration,
denoted as the validation window W . RVA can decide to keep
the new configuration or to revert the pipeline to the original
configuration. Fig. 3a shows an example of the sequential flow
of reconfiguration validation. An event occurs at round Rrec

and the reconfiguration is performed at the end of the current
global round.2 After that, the orchestrator waits W rounds
until Rval when it performs reconfiguration validation. In this
example, the validation decision is based on the observation
that the last reconfiguration leads to a degradation of model
performance, and the original configuration is restored.

Ac
cu

ra
cy

Global round

ActualWReconfiguration Reconfiguration
validation

(a) Event flow

Ac
cu

ra
cy

Global round

Actual Predicted original Predicted new

(b) Performance approximation

Fig. 3. RVA performing reconfiguration validation.

2If the occurring event is a node leaving the system, the reconfiguration
is postponed for at least W rounds. The reason for this is that, compared to
other events such as a new client joining or network changes, we do not know
how the original configuration would behave without the missing node. Thus,
we need to wait at least a few rounds to analyze the ML model behavior with
the original configuration without the missing node.
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The decision whether the configuration leads to an im-
provement or degradation of the model performance is made
based on the approximation of the future behavior of the
original and new configuration. This approximation is made by
regression based on the actual model performance values. An
example of approximation functions is shown in Fig. 3b. We
can see that the prediction of the original configuration is made
based on the observed performance before the reconfiguration,
while the prediction of the pipeline performance with the
new configuration is made based on the observed performance
during the validation window. After calculating the regression
functions for both configurations, the orchestrator predicts the
performance value of the round in which the communication
budget is exceeded, Rfinal. The final round can be determined
as follows:

Rorig
final = Rval+

Brem −Ψrc

Ψorig
gr

, Rnew
final = Rval+

Brem

Ψnew
gr

(8)

where Rorig
final and Rnew

final stand for the final rounds with
the original and new configuration, respectively, and Brem

is the remaining budget. The number of remaining rounds
with the original configuration depends also on the cost of
reconfiguration change, since additional cost is introduced
when restoring the original configuration.

Algorithm 1 Reconfiguration validation algorithm.
1: procedure RECONFIGURATION(event, progress, task, orch)
2: origConfig ← progress.config
3: newConfig ← orch.calcBestF itConfig(orch.environment)
4: Ψrc ← getReconfChangeCost(origConfig, newConfig)

(eq. 4)
5: if event.type = ”nodeLeft” then
6: waitNRounds(orch.W )
7: end if
8: Rcur ← progress.currentRound
9: schedule(recV al(progress, origConfig, task.objective, Rcur),

Rcur + orch.W )
10: progress.totalCost+ = Ψrc

11: deployConfiguration(newConfig)
12: end procedure
13: function RECVAL(progress, origConfig, objective, Rrec)
14: newConfig ← progress.config
15: Ψrc ← getReconfChangeCost(newConfig, origConfig)

(eq. 4)
16: Ψorig

gr ← calcPerRoundCost(origConfig) (eq. 5)
17: Ψnew

gr ← calcPerRoundCost(newConfig) (eq. 5)
18: forig ← getPerformanceApproxFunction(

progress.accuracies[: Rrec])
19: fnew ← getPerformanceApproxFunction(

progress.accuracies[Rrec :])
20: Rcur ← progress.currentRound
21: Brem = objective.budget− progress.totalCost
22: Rorig

final ← calcF inalRound(RcurBrem,Ψrc,Ψ
orig
gr )

(eq. 8)
23: Rnew

final ← calcF inalRound(Rcur, Brem,Ψnew
gr )

(eq. 8)
24: Aorig

final ← forig(R
orig
final)

25: Anew
final ← fnew(Rnew

final)

26: if Aorig
final > Anew

final then
27: progress.totalCost+ = Ψrc

28: deployConfiguration(origConfig)
29: end if

30: end function

Algorithm 1 presents the steps of the RVA. An infrastructure
change event triggers the calculation of the new best-fit
configuration (line 3) using a selected configuration strategy.
The orchestrator then calculates the cost of reconfiguration

change to switch to the new configuration (line 4), adds
this cost to the total cost, and deploys the pipeline with
the new configuration.3 The orchestrator then schedules the
reconfiguration validation after W global rounds.

When the validation function is triggered, the orchestrator
calculates the cost per global round for both the original
(line 16) and new configuration (line 17). The approximation
functions are then determined by regression (lines 18 and 19).
Note that for the approximation of the original function it
only considers the values of accuracy up to the reconfiguration
round, and for the new configuration it uses the values obtained
during the validation window. Next, the orchestrator predicts
the final accuracy value for both the original and new config-
uration. If the value of the original configuration is expected
to be higher compared to the new configuration, it reverts the
pipeline to the original configuration (lines 26 - 28).

IV. EXPERIMENTAL EVALUATION

To evaluate our HFL orchestration framework and RVA, we
conducted a series of testbed experiments on a K3s [17] clus-
ter, a lightweight distribution of Kubernetes tailored to edge
settings. We deployed a cluster of 13 nodes: one controller
and 12 worker nodes. All nodes were VMs running Ubuntu
Server 22.04 with 2 CPU cores and 4 GB of RAM.

C1 C2 C3

LA1 LA2

GA

10 10 10

50 50

C4 C9

10 10

C5 C6 C7 C8 C10

10 10 10 10 10

Fig. 4. Experimental evaluation: topology.

In all experiments, we deploy the nodes based on the
infrastructure topology shown in Fig. 4. It depicts the nodes
placed in clusters and the communication cost between a node
and its parent, defined in units per MB. At the beginning of
each experiment, two clusters are deployed consisting of four
clients with two LA nodes (LA1 and LA2) and the top GA
node. After 10 rounds (Rrec), two new client nodes C9 and
C10 are added to the topology using the configuration strategy
that minimizes communication cost between clients and their
LAs (an adaptation of [8]). All configuration parameters are
specified in Table I. Clients train a CNN model for an image
classification task on the CIFAR-10 dataset in all experiments.
The CNN model used has two convolutional layers (6 and 16
channels) each followed by a ReLU activation function and a
2x2 max pooling. After flattening the output of the last layer,
the model includes two fully connected layers with 120 and
84 units respectively, both using ReLU activation functions.
The output layer of 10 units, for each class in CIFAR-10.

The dataset on each client was specified for each experiment
separately to show the difference in performance with different

3In the event of a node leaving the system, the orchestrator schedules a
reconfiguration after W global rounds (line 6).
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TABLE I
EXPERIMENTAL EVALUATION: CONFIGURATION PARAMETERS.

Communication Budget 100,000 units
Configuration Strategy minCommCost

Local Epochs 2
Local Rounds 2

Smu 3.3 MB
Rrec 10
W 5

Regression Function Logarithmic

data distributions. We evaluate RVA with two types of data
distributions on the client nodes: IID and non-IID. In the
IID setup, all clients bring in similar datasets containing all
ten classes of the CIFAR-10 dataset and an equal number of
samples per class. In the non-IID setup, each client has two
classes in its dataset and the number of samples per class is
equal. Table II shows the data distribution per client for each
scenario evaluating RVA.

TABLE II
CLIENT DATA DISTRIBUTION PER EVALUATION SCENARIO.

Client 1.a (I) 1.b (I) 2.a (NI) 2.b (NI)
C1 S S [0, 1] [0, 1]
C2 S S [2, 3] [2, 3]
C3 S S [4, 5] [4, 5]
C4 S S [6, 7] [6, 7]
C5 S S [0, 1] [0, 1]
C6 S S [2, 3] [2, 3]
C7 S S [4, 5] [4, 5]
C8 S S [6, 7] [6, 7]
C9 S L [0, 1] [8, 9]
C10 S L [0, 1] [8, 9]

I - IID; NI - Non-IID
S - small IID dataset (100 samples per class)
L - large IID dataset (1000 samples per class)

[0, 1] - classes 0 and 1 (1000 samples per class)

Two scenarios were used to evaluate RVA: scenario 1 with
IID data and scenario 2 with non-IID data. Each scenario con-
sists of two sub-scenarios that are designed to show examples
when new nodes either improve (1.b and 2.b) or degrade (1.a
and 2.a) model performance. Degraded performance means
that the final model accuracy with the new configuration
would be lower than with the original one. In scenario 1.a the
model performance is not expected to improve much as new
clients bring in comparable datasets to those already present
in the setup, while in scenario 1.b new clients introduce larger
datasets, which is expected to significantly improve the model.
Similarly, in scenario 2.a new clients bring in classes that are
already covered within clusters which is not expected to impact
model performance, while in 2.b clients bring in two missing
classes in both clusters.

The model accuracy observed in the end of all scenarios
are shown in Fig. 5. When RVA is used to revert the pipeline
to the original configuration in which new nodes degrade the
performance (1.a and 2.a), we note a consistent improvement
of the model accuracy under a limited communication budget,
compared to the setup that is not using RVA (RVA-disabled).
The results also show that RVA decided correctly to keep

the new pipeline configuration in scenarios 1.b and 2.b 4 by
comparing the final accuracy of the setup which uses RVA
with a setup that erroneously decided to revert the pipeline
to the original configuration (Original). These results show
that RVA detects events that introduce both improvement and
degradation of model performance and makes correct decisions
favoring performance under a limited communication budget.
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Fig. 5. RVA evaluation: results.

In Fig. 6 we analyze how accuracy and cost change over
global rounds for scenario 2.a with non-IID datasets. We
can observe a significant drop in model accuracy (Fig. 6a)
after reconfiguration in round Rrec. As the new configuration
introduced higher cost per round, the budget without RVA is
exceeded earlier (Fig. 6b) while reaching lower accuracy com-
pared to the configuration that used RVA. Thus, by validating
reconfiguration decisions at runtime, RVA enables the selection
of configurations that achieve improved model performance
within a communication cost budget.
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Fig. 6. Scenario 2.a: trend of accuracy and cost over global rounds.

Note that our framework introduces minimal computing
overhead to the system (15 MB RAM, 0.15 cores). Also, it
needs significantly more time to detect a new node (15 s) than
node removal (0.5 s) due to K3s limitations. Prompt reaction
to node removal is more important in our use cases, as the
orchestrator can quickly reconfigure the pipeline with the best-
fit configuration without the removed node.

V. RELATED WORK

A significant number of works [6], [8], [18]–[23] have
studied different variants of the HFL pipeline configura-
tion problem, addressing aspects such as topology formation
(client-LA association) and configuring how aggregation and

4The result of RVA is thus the same as with RVA-disabled.
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model distribution take place. These works do not address HFL
pipeline reconfiguration or offer limited (periodic) reconfigu-
ration support.

Dyn-FedCH [24] and HiFlash [25] focus on environments
where global aggregation takes place asynchronously, which
introduces the problem of stale updates. Dyn-FedCH and,
similarly, DCFL [15], define weights that encode the im-
portance of stale updates during global aggregation, while
HiFlash proposes a reinforcement learning (RL) scheme that
dynamically adapts these weights. Topology reconfiguration
takes place when an LA is (de)activated (HiFlash) or when
many LAs include straggler clients (Dyn-FedCH, DCFL).
These approaches assume different HFL architectures and do
not evaluate the impact of topology reconfiguration decisions,
which is hard to predict in advance. Sai et al. [26] also assign
aggregation weights to each client and use RL to adapt them
at every global round. The reward received at each adaptation
decision accounts for both accuracy improvement and cost
reduction, and per-round topology is implicitly configured
by only including clients whose weight exceeds a threshold;
contrary to our scheme and many other works in the literature,
client-LA association is fixed. HED-FL [7] generalizes to
multi-level FL hierarchies, where the frequency of commu-
nication rounds is adapted based on the observed accuracy.
In contrast with our target scenarios, a fixed tree topology is
assumed where at each round an aggregator randomly selects
clients or aggregators from the level below.

Notably, the aforementioned works do not deal with or-
chestrator design aspects, often neglecting significant practical
reconfiguration costs. Let us stress that different device-LA
association algorithms from the literature can be integrated
into our orchestration framework, without affecting the func-
tionality of our RVA.

VI. CONCLUSION AND FUTURE WORK

Many prior studies have explored various aspects of HFL
pipeline configuration but often overlook runtime reconfigura-
tion and its impact on ML model performance. This paper
introduces a framework for adaptive orchestration of HFL
pipelines, enabling runtime reconfigurations while estimating
their costs and predicting their impact on future ML per-
formance. The framework incorporates mechanisms to reac-
tively validate reconfiguration decisions using the proposed
RVA and, if necessary, revert to the original configuration.
Our evaluation in a realistic K3s cluster demonstrates that
reconfiguration validation during runtime can improve ML
model accuracy within the limited communication cost budget.
Future work will address current limitations in our scheme’s
evaluation, particularly focusing on two aspects: (i) measuring
RVA performance under more complex datasets and tasks, and
(ii) demonstrating the ability of our framework to support
additional orchestration objectives, such as completion time
or energy consumption minimization. Finally, our plan is to
extend RVA’s predictive capabilities by also considering node
utility.
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