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ABSTRACT
Networked learning systems increasingly operate over distributed data sources that cannot be centralized due to regulatory,
organizational, or technical constraints. At the same time, the performance of such systems is sensitive to parameter choices at
both the model and system levels, including learning rates, regularization strengths, aggregation weights, and communication
schedules. Conventional parameter tuning procedures that rely on centralized access to validation data or repeated global
retraining are often incompatible with privacy and communication constraints. Swarm-based metaheuristics provide a flexible
mechanism for exploring high-dimensional parameter spaces, yet standard designs assume globally visible objective evaluations.
This paper examines a federated swarm optimization strategy for parameter tuning in networked learning systems where
data remain local and only carefully controlled summaries are exchanged. The approach conceptualizes each client as an
autonomous optimizer that evaluates candidate parameter configurations on local tasks while contributing to a collective search
process mediated by a coordinating server. Privacy is addressed by combining aggregation mechanisms with controlled
perturbations of shared statistics, while communication costs are managed by sparse and event-driven exchanges of swarm
information. The study presents a formal problem formulation, an algorithmic design integrating federated interaction patterns
with swarm dynamics, and an analysis of privacy and convergence properties under simplified assumptions on local loss
functions and network connectivity. Numerical considerations relevant to practical deployment, such as dimensionality, parameter
constraints, and sensitivity to hyperparameters of the swarm itself, are discussed as part of a broader examination of the
applicability of federated swarm optimization to privacy-aware networked learning.
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1. Introduction
Distributed and networked learning systems have become a
common architectural choice in environments where data are
generated at the edge of the network, for example on embedded
devices, mobile phones, or institutional data silos [1]. In such
settings, learning algorithms must operate under constrained
communication, heterogeneous computation capabilities, and
restrictive privacy or governance rules. A recurring challenge
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in these systems is the tuning of model and algorithm parame-
ters that strongly influence predictive accuracy, robustness, and
resource usage [2]. While centralized machine learning typi-
cally relies on cross-validation and grid or random search over
a parameter space, these techniques are difficult to deploy when
validation data cannot be pooled and when repeated retraining or
evaluation incurs substantial communication and computation
overhead.

This situation has motivated interest in optimization and
learning paradigms that can coordinate computations across
multiple clients without exposing raw local data. Federated
learning is an example of such a paradigm, where clients com-
pute local model updates that are aggregated by a central server
[3]. In many practical implementations, however, the param-
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Figure 1 Federated swarm optimization architecture with distributed clients hosting local data, a central coordinator maintaining global swarm
state, and a shared parameter space where aggregated scores inform the evolution of candidate configurations.
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Figure 2 Local view of swarm particles at a single client, where candidate parameter positions evolve toward the local best configuration while
being weakly influenced by a global reference shared across the network.

eters of the underlying learning algorithm, including learning
rates, momentum coefficients, and regularization terms, are still
chosen by heuristic procedures or transferred from centralized
prototypes. When data distributions across clients differ, and
when privacy constraints preclude rich monitoring of validation
performance, the choice of these parameters becomes nontrivial
and can lead to suboptimal performance or unstable training
dynamics.

Swarm-based optimization methods, such as variants of par-
ticle swarm optimization, have been used in centralized settings
for continuous parameter tuning in high-dimensional spaces
[4]. These methods are attractive in part due to their derivative-
free nature and their ability to explore multimodal landscapes.
They rely on a population of candidate solutions that move
through the parameter space according to rules that combine
local exploration with attraction toward historically successful
configurations [5]. Classical formulations assume that each can-
didate solution can be evaluated on a globally defined objective,

or at least that information about the objective values can be
shared without restriction. In a networked learning environment
with local validation data, this assumption no longer holds.

Federated swarm optimization adapts swarm-based search
procedures to a context in which each client maintains and eval-
uates candidate parameter configurations using only its local
data [6]. A coordinating server aggregates selected information
about candidate performance across the network, forming a
global or partially global notion of quality that can influence
the motion of the swarm. Because raw data are not transmitted,
the aggregated signals become the primary mechanism through
which the distributed system aligns its search for suitable pa-
rameter values. This setup introduces new trade-offs between
exploration and exploitation, between privacy and informative-
ness of shared signals, and between communication cost and
search efficiency [7].

Privacy-preserving parameter tuning in this context requires
more than simply withholding raw data. Evaluations of pa-
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Figure 3 Privacy-preserving reporting pipeline in which a client converts local validation data into a score, perturbs the score through a random-
ized mechanism, transmits the result through secure aggregation, and contributes to the global reference parameter maintained at the coordinator.
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Figure 4 Round-based communication schedule illustrating client activity over time, selective uploads from clients to the coordinator, and
intermittent updates of the global reference parameter shared across the network.

rameter configurations on local validation sets may themselves
leak information if reported without protection, especially when
combined across multiple rounds or with side information about
client distributions [8]. To mitigate such risks, aggregation
mechanisms can be combined with noise injection strategies
that provide formal privacy guarantees while maintaining usable
optimization signals. The calibration of these mechanisms inter-
acts with the design of the swarm dynamics, since the effective
signal-to-noise ratio influences convergence behavior and the
stability of the population of candidate solutions.

This paper develops a formal framework for federated swarm
optimization in networked learning systems with privacy re-
quirements [9]. The framework models clients as agents con-
nected through a coordinating entity, with each agent holding
local data and participating in a collective optimization process
over a shared parameter space. The swarm, distributed across
clients, evolves according to update rules that rely on locally
computed loss values and globally aggregated quality indica-
tors. Privacy is modeled through constraints on the information
that may be revealed about local loss functions, represented
as restrictions on the form and precision of the communicated
quantities [10]. Within this setting, the paper describes an algo-
rithmic template, examines structural properties of the resulting
dynamics, and discusses implications for communication cost,
privacy loss, and practical deployment in heterogeneous net-
works.

2. Networked Learning and Parameter Tuning
Model

The starting point for the analysis is a networked learning system
composed of a finite set of clients indexed by a set K, with |K| =

m [11]. Each client k holds a local dataset that is not shared with
any other entity, including a coordinating server. The learning
task is modeled through a parameter vector that resides in a
Euclidean space of dimension d. Denote this parameter vector
by w, where w ∈ Rd. The parameter may represent model
weights, algorithmic hyperparameters, or a mixture of both,
depending on the specific application [12].

For each client k, a local loss function is defined as a mapping
from the parameter space to the real numbers. This mapping is
denoted by Fk, where

Fk(w) = Ez∼Dk

[
ℓ(w, z)

]
.

Here Dk denotes the local data distribution at client k, and ℓ is a
per-sample loss function. The expectation is taken with respect
to the randomness in the local data [13]. In practice, the loss is
approximated by empirical averages over finite datasets, but for
modeling purposes it is convenient to express it in expectation
form.

The global performance of a parameter vector across the
network is modeled as an aggregation of the local loss functions.
A simple choice, which is adopted here for analytical clarity, is
a weighted average [14]. Let αk be nonnegative weights that
sum to one. The global loss is then

F(w) = ∑
k∈K

αkFk(w).

The parameter tuning task is to identify values of w that min-
imize this global loss [15]. In cases where local distributions
differ substantially, the global loss captures a compromise be-
tween clients, moderated by the weights αk.
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Figure 5 One-dimensional illustration of a shared parameter axis with client-specific loss surfaces, showing swarm particles migrating toward
locally and globally favorable regions of the landscape as the swarm integrates information from heterogeneous clients.
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Figure 6 Hierarchical deployment of federated swarm optimization where clients are grouped into clusters with local aggregators that maintain
cluster-specific reference parameters, while a global coordinator reconciles cluster summaries into a shared reference.

The learning algorithm that uses the tuned parameters is
treated as a black box that, given a parameter vector w, produces
a model or a sequence of updates that can be evaluated on
local validation data. In many applications, the performance
measure used for tuning is derived from the same loss ℓ as used
during training, but evaluated on a separate validation set. The
distinction between training and validation is not critical for the
modeling here; what matters is that each client can compute a
scalar performance metric Gk(w) that reflects the quality of w
from the perspective of client k. For simplicity, one may set
Gk = Fk, although in practice more complex metrics can be
used.

In a classical centralized search procedure over w, a central
controller would propose parameter vectors, obtain evaluations
of Gk from all clients or from a pooled dataset, and use these
evaluations to guide the search. In a privacy-constrained net-
worked setting, direct reporting of Gk(w) to a central server
may be restricted or must be perturbed to satisfy privacy poli-
cies. The optimization process must therefore rely on limited,
noisy, or aggregated information about the local performance of
candidate parameters [16].

Privacy requirements can be formalized in different ways. A
common formulation is based on the notion of indistinguisha-
bility between neighboring datasets. For each client k, consider
local datasets that differ by at most one sample [17]. A mecha-
nism that maps these datasets to shared statistics is said to satisfy
a privacy constraint if its output distributions on neighboring

datasets are close in a specified sense. In the context of federated
swarm optimization, the reported statistics include evaluations
of candidate parameters and possibly other summary quantities
derived from local computations [18]. To protect privacy, noise
may be added to these quantities before they are transmitted,
and aggregation mechanisms can be structured so that individual
contributions cannot be isolated by an adversary that observes
network traffic or server states.

Another dimension of the model concerns the network topol-
ogy and communication pattern. While a star topology with
a central server that communicates with all clients is common
in federated learning, other structures are possible, including
peer-to-peer connectivity or hierarchical clusters [19]. For the
present discussion, it is assumed that a central coordinating
entity exists and that each client can exchange messages with
this entity, although the frequency and content of these mes-
sages are constrained. The communication pattern unfolds in
rounds, indexed by a nonnegative integer t, during which clients
may send summaries of local evaluations and receive updated
information about the swarm state.

It is convenient to introduce notation for the state of the
swarm that explores the parameter space [20]. Let P denote
the total number of particles, or candidate parameter configura-
tions, in the swarm. These particles are distributed across the
clients [21]. For client k, let Pk be the set of indices of particles
managed by that client. The cardinalities |Pk| may vary across
clients, and their sum equals P. Each particle i is associated
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with a parameter vector xi ∈ Rd and an auxiliary state such
as a velocity vector vi ∈ Rd. The mapping between particle
indices and client identifiers is fixed throughout the optimization
process or may evolve over time if particles migrate between
clients.

The parameter tuning problem is then reinterpreted as guid-
ing the swarm so that, over successive rounds, many particles
concentrate near regions of the parameter space in which the
global loss F(w) is low. Because F(w) is not directly observ-
able at any single site, the swarm dynamics must be based
on partially observed or aggregated information obtained from
clients [22]. This setup differentiates the federated swarm sce-
nario from centralized swarm optimization and motivates the
algorithmic modifications described in subsequent sections.

3. Federated Swarm Optimization Algorithm
The federated swarm optimization algorithm considered in this
paper adapts classical swarm dynamics to a setting with dis-
tributed data and constrained information exchange. The core
idea is that each client maintains a subset of the swarm and
evolves the associated particles based on local evaluations of
their performance, while periodically communicating selected
summaries to a central coordinator [23]. The coordinator aggre-
gates this information to construct a notion of global or shared
best configurations, which are then transmitted back to clients
to influence further evolution of the swarm.

Each particle i is characterized at round t by its position xt
i

in the parameter space and by a velocity vt
i . A standard form of

update in swarm optimization can be expressed as

vt+1
i = ωtvt

i + ct
1rt

1
(

pt
i − xt

i
)
+ ct

2rt
2
(

gt
i − xt

i
)
,

followed by [24]
xt+1

i = xt
i + vt+1

i .

Here pt
i denotes the best position encountered so far by particle

i according to a local performance measure, and gt
i denotes a

reference position that captures information about the perfor-
mance of other particles. The coefficients ωt, ct

1, and ct
2 are

scalar parameters that may vary with t, and rt
1, rt

2 are random
variables, often sampled independently from a uniform distri-
bution on an interval. These equations are compact and remain
within a limited width by design.

In the federated setting, the interpretation of pt
i and gt

i must
be adapted. For each client k, the local best position for particle
i ∈ Pk is defined using evaluations of a performance measure
Gk. At round t, client k evaluates the current position xt

i on its
validation data and obtains a scalar value Gk(xt

i ). The local best
position pt

i is updated whenever the new evaluation is better
than the value recorded at the previous local best. Because the
evaluation uses only local data, the definition of pt

i depends on
the specific client managing particle i.

The role of gt
i in the update equations is to introduce infor-

mation about promising regions discovered by other particles,
potentially at other clients. The simplest version of federated
swarm optimization uses a single global reference position gt

that is shared across all particles. This global reference is de-
rived from aggregated information collected at the server [25].
At the end of each round, clients transmit summaries of their
local particle performance to the server. For example, for each
client k, a candidate position qt

k and its associated performance
score can be selected among the particles in Pk. The server then
identifies a position gt whose associated aggregated score is
better than or comparable to others and broadcasts this position
to all clients. In this case, one sets gt

i = gt in the velocity
update for all particles.

To reduce communication, clients may not transmit informa-
tion about all particles in each round. Instead, an event-driven
strategy can be adopted in which a client transmits an update
only when the performance of some local particle improves
by more than a threshold [26]. Another possibility is to sub-
sample a subset of particles or to quantize the positions before
transmission, reducing the amount of information sent. These
design choices introduce approximations into the global view of
the swarm held by the server, but they can substantially reduce
communication costs.

The federated algorithm proceeds in rounds [27]. At the
beginning of round t, each client possesses the positions and
velocities of its particles and the current reference position gt re-
ceived from the server. The client evaluates the performance of
each local particle position using its local data, updates the local
best positions pt

i , and then computes new velocities and posi-
tions using the update equations. After updating, the client may
choose one or more candidate positions to report to the server,
along with associated performance metrics that are possibly
perturbed to satisfy privacy constraints. The server aggregates
these reports to update the global reference position gt+1. This
cycle repeats until a termination condition is reached, such as a
maximum number of rounds or stabilization of the swarm [28].

Parameter constraints can be incorporated into the swarm
dynamics by projecting updated positions onto a feasible set.
Suppose the parameter space of interest is a closed and convex
subset W of Rd. The projection operator onto W is denoted by
ΠW . After computing xt+1

i , the client replaces it by

xt+1
i = ΠW

(
xt

i + vt+1
i

)
.

This projection can enforce bounds on individual coordinates,
linear constraints, or more complex structural restrictions, pro-
vided they can be expressed as a convex set with an efficiently
computable projection.

The algorithmic description above leaves several degrees
of freedom open, including the choice of coefficients ωt, ct

1,
ct

2, the distribution of random terms, the criteria for selecting
candidate positions to send to the server, and the rules by which
the server aggregates reported positions into a reference gt.
These degrees of freedom can be used to adapt the algorithm
to specific applications, to account for heterogeneous client
capacities, or to manage privacy and communication budgets
[29]. The next section extends the algorithmic template by
incorporating explicit privacy-preserving mechanisms into the
communication protocol.

s
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Parameter Symbol Typical Range Role
Inertia coefficient ωt [0.3, 0.9] Controls momentum of particle motion
Cognitive weight ct

1 [0.5, 2.5] Attraction to particle-local best
Social weight ct

2 [0.5, 2.5] Attraction to global reference
Swarm size P [16, 256] Number of candidate configurations
Dimension d [16, 103] Length of parameter vector w
Max rounds T [50, 500] Upper bound on optimization iterations

Table 1 Core swarm hyperparameters used in federated parameter tuning together with representative ranges and qualitative roles in the dynam-
ics.

Quantity Client-side Cost Server-side Cost Scaling Factor
Local evaluation Gk(x) O(nkd) none grows with data size
Velocity update vt

i O(d) none per particle
Position update xt

i O(d) none per particle
Projection ΠW (x) O(d) none depends on constraint set
Aggregation of scores none O(m) linear in clients
Reference update gt none O(Pd) depends on selection rule

Table 2 Computational complexity of principal operations in federated swarm optimization, separated by client-side and server-side contribu-
tions.

4. Privacy-Preserving Mechanisms
In federated swarm optimization, privacy concerns arise from
the transmission of information about local evaluations of pa-
rameter configurations. Even if raw data are not shared, repeated
reporting of precise performance metrics can enable reconstruc-
tion or inference attacks, especially when an adversary has
auxiliary knowledge about client distributions or has access to
the sequence of messages over many rounds [30]. To reduce
such risks, privacy-preserving mechanisms can be integrated
into the communication process between clients and the server.

A common formal framework for studying privacy is based
on randomization of the reported outputs [31]. For each client
k, consider a reporting mechanism that takes as input the local
dataset and a set of candidate positions and produces as output
one or more messages to be sent to the server. The mechanism
is randomized in the sense that, for a fixed input, it may produce
different outputs on different executions. The randomness is
used to limit the extent to which the output reveals information
about individual data points [32]. In the present setting, the
inputs to the mechanism include loss values Gk(x) computed
on the local data for various positions x. These loss values, or
derived scores, are then perturbed before transmission.

A simple mechanism for perturbation is additive noise. Sup-
pose client k wishes to report a scalar score st

k associated with a
candidate position x̂t

k at round t. The client constructs a noisy
score [33]

s̃t
k = st

k + ξt
k,

where ξt
k is a random variable drawn from a distribution that is

independent of the data, such as a Gaussian or Laplace distri-
bution with mean zero. The variance or scale of ξt

k is chosen
based on a sensitivity bound that quantifies how much the score
st

k could change when a single data point in the local dataset is
modified. Under appropriate calibrations, the resulting mech-
anism can satisfy a formal privacy guarantee for each client
across multiple rounds.

The presence of noise in the reported scores affects the
server’s ability to identify high-quality candidate positions.

When the server receives reports s̃t
k from multiple clients, it

must form an estimate of the relative quality of the associated
positions x̂t

k. A simple strategy is to treat the noisy scores as
unbiased estimates and select the position with the smallest s̃t

k as
the new reference gt+1. Alternatively, the server can maintain a
distribution over candidate positions and update it in a proba-
bilistic manner based on the noisy scores, thereby smoothing
the impact of any single noisy report [34].

To further reduce the risk of linking reported scores to indi-
vidual clients, secure aggregation mechanisms can be employed.
In such mechanisms, each client masks its report using random
values shared with other clients in such a way that the server
can recover only an aggregate, such as a sum or average of
the scores, but cannot see individual contributions [35]. For
example, clients can collaborate to generate pairwise random
masks that cancel out when summed across clients. If the server
receives only aggregated noisy scores

s̄t = ∑
k∈K

s̃t
k,

then individual client scores remain hidden, although this form
of aggregation is more naturally suited for averaging than for
identification of a single best candidate [36]. To adapt aggre-
gation to the swarm setting, one can aggregate statistics that
reflect distributions over candidate positions instead of individ-
ual scores.

An alternative is to let each client maintain a local ranking
of its particles and to report only coarse information, such as
the index of a locally best particle or a binary indicator of
improvement. These reports can be encoded in a way that
allows the server to infer global trends without observing precise
loss values [37]. For instance, clients may use randomized
response mechanisms to decide whether or not to signal that
a candidate has improved beyond a local threshold, adding
uncertainty to any inference about true performance while still
providing useful hints for guiding the swarm.

The design of privacy-preserving mechanisms must be coor-
dinated with the desired privacy budget across rounds [38]. If
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Mechanism Noise Distribution Typical Scale Comment
Additive Gaussian N (0, σ2) σ ∈ [0.01, 0.5] Smooth perturbations of scores
Additive Laplace Lap(0, b) b ∈ [0.01, 0.3] Suitable for ℓ1 sensitivity bounds
Randomized response two-point flip prob. ∈ [5%, 30%] Coarse binary signaling
Score quantization discrete grid step ∈ [10−3, 10−1] Reduces precision before noise
Secure aggregation mask sum implicit Hides individual contributions

Table 3 Privacy-preserving reporting mechanisms used at clients before transmission of local statistics to the coordinator.

Strategy Upload Pattern Downlink Pattern Bandwidth Use
Full synchronous every round every round highest
Event driven on improvement periodic reduced, adaptive
Subsampled particles fixed subset periodic proportional to subset size
Clustered reporting via aggregators periodic amortized over clusters
Sparse broadcast compressed gt rare heavily reduced downlink

Table 4 Representative communication strategies for exchanging swarm-related information between clients and coordinator under bandwidth
constraints.

each round consumes a portion of a global privacy budget for
each client, then the depth of the optimization process and the
frequency of reporting must be balanced against the level of pri-
vacy protection. This introduces a trade-off: more frequent and
precise reports can improve the efficiency of the optimization
but may increase the cumulative privacy loss, whereas infre-
quent and heavily perturbed reports protect privacy at the cost
of slower convergence or higher variance in the optimization
trajectory.

From an analytical perspective, the effect of noise and limited
precision on the swarm dynamics can be captured by modeling
the reference position gt as a random variable whose distribution
depends on the true local performance of particles and on the
noise mechanisms. For a given particle i, the update of its
velocity at round t depends on gt

i , which may be set equal to
gt or to a client-specific reference. If the noise variance is
large relative to the variation in true scores, the direction and
magnitude of the attraction toward the reference may become
erratic, potentially reducing the algorithm’s ability to exploit
true improvements in performance [39]. Conversely, moderate
noise can preserve the global direction of improvement while
hiding individual contributions.

In practical deployments, privacy-preserving mechanisms
can be adjusted dynamically based on monitoring of optimiza-
tion progress and privacy consumption. For example, larger
noise levels can be used in early rounds when the swarm is still
exploring coarse regions of the parameter space, while smaller
noise levels can be reserved for later rounds when fine-grained
adjustments are necessary [40]. Similarly, the number of parti-
cles or the frequency of reporting can be reduced as the search
narrows to a region of interest, conserving privacy budget and
communication resources while focusing computational effort
on refinement.

5. Convergence and Complexity Analysis
The convergence behavior of federated swarm optimization dif-
fers from classical centralized swarm optimization because of
the additional sources of uncertainty and delay introduced by
distributed evaluations, noisy reporting, and constrained com-
munication [41]. A complete theoretical analysis under realistic

conditions is challenging, especially when local loss functions
are nonconvex and when client participation is intermittent.
Nevertheless, useful insights can be obtained by examining
simplified models that capture key aspects of the dynamics.

Consider a scenario in which all clients participate in every
round, and where local loss functions are smooth and share a
common minimizer w⋆ in the parameter space. In such a case,
the global loss function admits the same minimizer, and one
can analyze the behavior of the swarm in a neighborhood of w⋆.
For each particle i, define the error vector [42]

et
i = xt

i − w⋆.

Under certain parameter choices for the swarm dynamics, in-
cluding bounds on the inertia coefficient and attraction coef-
ficients, it is possible to show that the expected norm of et

i
decreases over time, provided the noise in the reference position
is not too large. This type of analysis builds on linearization of
the update equations around the equilibrium and on bounding
the spectral radius of an associated transition matrix.

To illustrate the structure, suppose the reference position gt

is equal to w⋆ for all t, and that noise in the updates arises only
from the random coefficients rt

1 and rt
2. The velocity update can

then be written in terms of the error as

vt+1
i = ωtvt

i − ct
1rt

1et
i − ct

2rt
2et

i .

Combining this with the position update yields a linear stochas-
tic system in the variables et

i and vt
i . Conditions for mean-square

stability of such systems translate into bounds on the coefficients
and their expectations [43]. When the reference is not exactly
at w⋆ but fluctuates around it due to noise in the reporting and
aggregation process, additional terms appear that act as persis-
tent disturbances in the error dynamics, leading to convergence
to a neighborhood of w⋆ rather than to the exact minimizer.

The impact of communication constraints can be modeled by
introducing delays and partial updates in the reference position.
For example, if the server updates gt only every L rounds, then
for intermediate rounds clients use a stale reference. Analysis
of the resulting dynamics can be based on viewing the swarm as
operating under piecewise constant references, with occasional
adjustments [44]. Stability and convergence rates then depend
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Client Type Data Size nk Loss Curvature Participation Pattern
Edge sensor small low intermittent
Mobile device medium moderate bursty
Institutional node large high regular
Archive server very large mixed scheduled
Simulated client configurable configurable synthetic schedule

Table 5 Categories of clients considered in networked learning scenarios and qualitative characteristics that influence federated swarm dynamics.

Regime Coefficients Swarm Behavior Typical Use
Exploration dominated ω high, c1, c2 small broad search early rounds
Local refinement ω moderate, c1 moderate focus around local best mid rounds
Consensus seeking ω small, c2 large strong pull to gt late rounds
Noisy aggregation c2 moderate, noisy gt stochastic drift high privacy
Decoupled clients c2 ≈ 0 independent search baseline comparison

Table 6 Qualitative convergence regimes induced by different choices of swarm coefficients and levels of aggregation noise.

on the frequency of updates and on how rapidly the swarm
reacts to changes in the reference. Broadly, less frequent up-
dates reduce communication but may slow convergence and can
lead to oscillatory behavior if the swarm overreacts to outdated
references.

Complexity analysis focuses on the computational and com-
munication costs associated with each round and with the overall
optimization process [45]. At each client k, the dominant com-
putational cost arises from evaluating the loss function Gk(x)
for each local particle. If client k manages |Pk| particles and
uses a validation set of size nk, then the cost per round of
loss evaluation scales with |Pk|nk, modulo the cost of a single
evaluation of ℓ. Additional computational cost is due to the
velocity and position updates, which scale with |Pk|d, and to
any projection operations or local ranking computations.

Communication complexity is more sensitive to design
choices. If each client were to send the position and precise
score of each local particle to the server in every round, the com-
munication load would be linear in Pd per round in each direc-
tion, which can be prohibitive for high-dimensional parameter
spaces or large swarms. The federated algorithm therefore relies
on sparse and possibly quantized communication, with clients
sending only selected positions and coarse or noisy scores [46].
If each client sends a fixed number of candidate positions per
round, say one or a small constant number, the communication
load per round becomes independent of the swarm size and
depends only on the number of clients and the dimensionality d.
Quantization can further reduce the number of transmitted bits
per coordinate.

From a complexity standpoint, one can also consider the
number of rounds required to reach a parameter configuration
whose global loss is within a target tolerance of the infimum [47].
This number depends on the condition of the loss landscape, the
swarm parameters, the degree of noise, and the communication
pattern. While precise bounds are difficult to derive, qualita-
tive trends are as expected: larger swarms and more frequent
communication tend to improve exploration and convergence
at the cost of higher computation and communication, while
stronger privacy protections that introduce more noise tend to
slow convergence and may limit the attainable accuracy [48].

An additional aspect of the analysis concerns robustness

to client heterogeneity. In many networked learning systems,
clients have different data distributions, computational capabili-
ties, and availability patterns. Heterogeneity in data distributions
can be modeled by allowing the local loss functions Fk to have
different minimizers. In such cases, a single global parameter
vector may not be optimal for all clients, and the swarm may
converge to a compromise solution that balances performance
across the network [49]. The behavior of the federated swarm
under such heterogeneity can be studied by examining how lo-
cal evaluations influence the aggregated reference and how the
swarm distributes itself in the parameter space.

Robustness to participation heterogeneity can be modeled by
allowing clients to drop out or join at different rounds. When
participation is intermittent, some particles may remain inactive
for several rounds, while others continue to evolve [50]. The
server must adapt its aggregation process to account for varying
participation, possibly by weighting reports based on recency
or by maintaining separate reference positions for groups of
clients. These mechanisms further complicate the analysis but
reflect realistic operating conditions [51].

6. Experimental Design and Discussion
Although the preceding sections focus on modeling and analysis,
it is useful to outline how federated swarm optimization can be
evaluated empirically in networked learning scenarios. Such
evaluation typically involves constructing synthetic or semi-
synthetic environments in which multiple clients hold local
datasets, implementing the federated swarm algorithm with
privacy-preserving mechanisms, and comparing its parameter
tuning performance to that of baseline methods under various
constraints.

A basic experimental setting can be constructed as follows
[52]. The parameter vector w represents the weights of a linear
model or a low-depth neural network used for prediction tasks
on data distributed across clients. Local datasets can be derived
from a common source by partitioning examples according to
features or labels, thereby inducing heterogeneity in local dis-
tributions. For each client, a portion of its data is reserved for
training the model under candidate parameters, and a separate
portion is reserved for evaluating the performance metric Gk
used in the swarm optimization. The federated swarm algo-
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Objective Notation Example Constraint Evaluation Site
Predictive loss F(w) F(w) ≤ τ aggregated over clients
Communication cost C(w) C(w) ≤ Cmax coordinator statistics
Energy budget Ek(w) Ek(w) ≤ Emax

k per client
Fairness deviation ∆(w) ∆(w) ≤ γ across-client disparity
Model size S(w) S(w) ≤ Smax global parameter representation

Table 7 Multiobjective view on federated parameter tuning, listing representative quantities and example constraints considered during optimiza-
tion.

Configuration Swarm Size P Rounds T Privacy Noise Level
Lightweight 32 80 low
Balanced 64 150 medium
Communication aware 48 200 medium high
Privacy focused 80 250 high
High accuracy 128 300 low medium

Table 8 Example experimental configurations illustrating trade-offs between swarm size, optimization depth, and privacy noise in federated
parameter tuning.

rithm is then applied to tune parameters such as regularization
strengths, learning rates, or architectural coefficients, while re-
specting a budget on the number of communication rounds and
on privacy loss [53].

To simulate privacy-preserving reporting, additive noise is
applied to local scores or to aggregated statistics at the client
side before transmission. The noise variance is chosen accord-
ing to a target privacy level [54]. The resulting noisy scores
are aggregated at the server to update the reference position gt.
Baseline methods for comparison can include centralized swarm
optimization using pooled validation data, if such pooling is
allowed in a simulated environment, and local tuning methods
where each client tunes its parameters independently without co-
ordination. The performance of the federated swarm can then be
measured in terms of the global loss F(w) achieved by the tuned
parameters, communication cost, and privacy consumption.

Interpreting experimental results requires attention to how
heterogeneity and privacy mechanisms interact with the swarm
dynamics [55]. For example, when local data distributions dif-
fer significantly, a parameter configuration that performs well
on one client may not perform well on another. The federated
swarm aggregates these local perspectives through the reference
position, which tends to favor configurations that balance per-
formance across clients. Experiments can explore how different
weighting schemes for clients, reflected in the choice of αk,
influence the final tuned parameters. In some applications, it
may be desirable to give higher weight to clients with larger
datasets or to those representing critical use cases [56].

Another dimension of experimental investigation concerns
the choice of swarm hyperparameters, including the number
of particles, the coefficients ωt, ct

1, ct
2, and the strategies for

updating them over time. These hyperparameters influence the
trade-off between exploration and exploitation. Experiments
can examine how different choices affect convergence speed,
stability, and sensitivity to noise. For instance, larger inertia
coefficients can encourage broader exploration early in the op-
timization but may lead to overshooting or oscillations unless
reduced over time [57]. Similarly, strong attraction toward
the reference position can accelerate convergence when the
reference is reliable but can amplify the effect of noise when

privacy-preserving perturbations are large.
Communication strategies are also amenable to empirical

study [58]. Event-driven reporting, in which clients transmit
updates only when local improvements exceed a threshold, can
substantially reduce communication in environments where
progress is incremental. Experiments can investigate how to set
such thresholds as functions of local variance in loss evaluations
or as adaptive quantities that change over the course of training.
Quantization of transmitted positions and scores introduces
additional approximation errors, but may be necessary to meet
bandwidth constraints [59]. Measuring the impact of different
quantization levels on the quality of tuned parameters helps
inform trade-offs between precision and communication cost.

From a privacy perspective, empirical evaluation can track
how noise in reported statistics impacts both optimization per-
formance and privacy guarantees. While formal privacy analysis
provides theoretical bounds, empirical observations can reveal
how much noise can be tolerated in practice before optimiza-
tion performance degrades [60]. Experiments can vary noise
levels while monitoring convergence behavior, final loss values,
and robustness to initialization. In addition, different privacy
mechanisms, such as additive noise, randomized response, or
secure aggregation of coarse indicators, can be compared in
terms of the balance they offer between privacy protection and
optimization efficacy [61].

Finally, the interpretability and operational implications of
the tuned parameters in real systems merit discussion. In net-
worked learning applications deployed in practice, parameters
tuned via federated swarm optimization may need to satisfy
operational constraints, such as limits on model size, energy
consumption on edge devices, or fairness considerations across
client groups. Integrating such constraints into the optimization
formulation can be achieved via feasible sets and penalty terms,
and experiments can explore how these constraints affect both
the search process and the resulting models [62]. While the
experiments outlined here are stylized, they can provide insights
into how federated swarm optimization might behave in more
complex, real-world deployments and help identify configu-
rations and mechanisms that achieve a balanced compromise
among accuracy, privacy, and resource usage.
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7. Conclusion
This paper has examined federated swarm optimization as a
method for privacy-preserving parameter tuning in networked
learning systems. The analysis began with a formal model
of distributed clients, each holding local data and loss func-
tions, and introduced a shared parameter vector whose values
influence learning performance across the network [63]. By dis-
tributing a swarm of candidate parameter configurations across
clients and coordinating their evolution via a central server, the
method seeks to explore the parameter space while respecting
constraints on data movement and privacy.

The algorithmic framework adapts classical swarm dynam-
ics by restricting direct access to global loss evaluations and
by structuring communication around privacy-preserving sum-
maries of local performance [64]. Clients maintain local best
positions based on evaluations on their own data, while the
server aggregates noisy or coarse reports to construct a refer-
ence position that guides collective behavior. The integration
of noise and secure aggregation mechanisms aims to reduce
the information available to potential adversaries, at the cost of
introducing uncertainty into the optimization trajectory. Analyt-
ical considerations suggest that, under simplified conditions and
moderate noise, the swarm can still converge toward regions
with good global performance, although convergence may be to
a neighborhood of an optimum rather than to an exact minimizer
[65].

Complexity considerations indicate that the computational
cost is dominated by local evaluations of candidate parameters,
while communication cost depends strongly on the frequency
and richness of reports from clients. Strategies such as event-
driven reporting, position quantization, and limited numbers of
transmitted candidates per round can reduce communication,
with corresponding impacts on convergence speed and stabil-
ity. Experimental designs outlined in the discussion section
highlight how the framework can be studied empirically us-
ing synthetic or partitioned datasets, allowing examination of
trade-offs among accuracy, communication, and privacy [66].

Federated swarm optimization provides a structured way
to address parameter tuning in settings where data cannot be
centralized and where privacy and communication constraints
are significant. The framework accommodates heterogeneous
clients and allows for integration of various privacy mechanisms
and communication strategies. Future investigations can refine
theoretical analyses, explore additional algorithmic variants,
and examine behavior in more complex and realistic networked
learning environments, including those with dynamic client
populations, nonstationary data distributions, and multiobjective
criteria that extend beyond predictive accuracy alone [67].
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