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Abstract—This paper studies the performance of Floating
Gossip, a novel decentralized approach for Gossip Learning
at the network edge. Floating Gossip utilizes Floating Content
to facilitate location-based probabilistic evolution of Machine
Learning models, without external infrastructure support. We
investigate dynamic scenarios requiring continuous learning,
leveraging a mean field approach to analyze Floating Gossip’s
performance boundaries. Our focus is on the quantity of data that
users can integrate into their models, as a function of key system
parameters. Unlike previous studies that separately optimize
communication or computational aspects of Gossip Learning,
our methodology considers their combined effect. We validate
our analysis through comprehensive simulations, demonstrating
the high accuracy of our analytical model. Our methodology
reveals Floating Gossip’s effectiveness in training and updating
Machine Learning models collaboratively, leveraging opportunis-
tic exchanges between mobile users, while flexibly adapting to
different user characteristics and mobility patterns. This research
highlights Floating Gossip’s potential for continuous, cooperative
model training in dynamic, infrastructure-less environments,
offering insight into its performance patterns and its potential in
practical applications.

I. INTRODUCTION

The last two decades have witnessed the introduction of
several innovative technologies for wireless device-to-device
(D2D) communications. The earliest technology on the mar-
ket was Bluetooth, which appeared in 1999 and is now at
version 6.0 [1]. Bluetooth was followed by WiFi Direct [2],
and then by the LTE sidelink [3] and the 5G New Radio
sidelink [4]. This diverse array of D2D protocols is poised to
accelerate the emergence of innovative services that leverage
direct data exchanges between users [5]. As a result, it is
becoming increasingly feasible to implement context-aware,
location-based applications—including mobile crowdsensing
platforms and services like Gigwalk, Waze, and Millionagents
[6]–[8]—where users can seamlessly share contextual and
location information via D2D connections, or applications
for the opportunistic diffusion and storage of information in
a localized area, like in LINGER [9] and Floating Content
(FC) [10]. At the same time, we are witnessing a growing
trend towards services based on continuous ingestion of up-
to-date contextual data—hereafter termed observations—used
to train and update machine learning (ML) models on user
equipment (UE) [11]. Typically, these services implement
real-time, context-aware applications in which localized ML
inference drives decision-making independently of centralized
cloud infrastructure, allowing UEs to continuously update
their strategies and optimize utility functions during task

execution [12]. A relevant example context in which such
applications can be useful is a post-disaster scenario, where
infrastructure has been damaged, and rescue teams must
collect and share information through D2D communications
only. Another relevant scenario is vehicular sensing for Smart
City applications, in which connected vehicles moving through
urban areas collaboratively maintain models of traffic flow,
accident locations, and road conditions, without centralized
servers or raw data transmission, reducing latency and privacy
exposure. Current approaches for training and updating ML
models on UEs include federated learning (FL) [11] and
gossip learning (GL) [13], [14], a decentralized, serverless
alternative where models propagate in a peer-to-peer fashion
and update locally via direct exchanges. These last are gaining
traction due to their elimination of single points of failure,
reduced infrastructure costs, enhanced privacy, and compliance
with strict data sovereignty regulations, as data never leaves
UEs. Recent results [14], [15] suggest that GL matches or
outperforms FL in scenarios with evenly distributed data,
while offering superior scalability and robustness in dynamic
networks. A quite relevant aspect of GL is that it allows
to preserve data privacy by leaving sensitive information at
the UEs, thus limiting exposure to tampering, while ensuring
scalability through lightweight model exchanges. As GL only
transfers model updates rather than raw data streams, it helps
reduce bandwidth and processing overhead.

In this paper, we study the effectiveness of D2D-based
opportunistic services to support collaborative, gossip-based
continual training of ML models in UEs that operate au-
tonomously, without the need for a RAN infrastructure, with-
out centralized support, and without exchanging any obser-
vations. Our main goal is to determine the limit perfor-
mance of this approach to model training, in terms of the
maximum amount of information that a group of UEs can
autonomously learn and incorporate into their ML models,
through decentralized, self-organized collaboration, leveraging
their computational resources alongside D2D communications.
We name the system that we propose and analyze Floating
Gossip (FG), as it combines GL and FC, augmented with local
computing at the UEs.

Numerous prior studies have examined individual aspects
of the system under investigation. For instance, several works
on Floating Content (FC) [16]–[18] have characterized the
opportunistic D2D aspect, providing analytical models for the
probability of a content (e.g., a message, or an ML model)
to persist probabilistically in a given region. Other works



on GL have tackled the collaborative, serverless ML training
aspects [19]–[21]. However, they have focused mainly on
static scenarios with no churn and in which all nodes are
always interconnected. Moreover, these results are related to
very specific GL algorithms, ML architectures, and learning
tasks, and thus they provide only partial indications about the
limit performance of such learning approaches as a function
of the main system parameters. Our modeling approach is
instead based on the combination of a mean field approach
and elements of queuing theory with results from information
theory, validated through detailed simulation experiments.
Specifically, the main contributions of this work are:
• We present Floating Gossip, a fully distributed Gossip

Learning scheme for continual training of a set of models
stored probabilistically among nodes in a region of space,
without support from infrastructure-based communications;

• We derive a mean field-based analytical approach to model
the limit performance of FG, in terms of model staleness
(i.e., of average time elapsed since the collection of the
most recent observation included in the model instance’s
training set), and of learning capacity, (i.e., of the maximum
fraction of observations generated through the RZ which are
incorporated in an ML model);

• We characterize the stability properties of an FG system,
determining the operating conditions within which it can
effectively incorporate the incoming observations.

• We assess numerically our results, validating our assump-
tions against simulation under different configurations,
showing the accuracy of our approach. We characterize the
limit properties of FG as a function of the main system
parameters, and we evaluate the impact of internal infras-
tructure support to FG in the form of static nodes1.

II. RELATED WORK

In the field of distributed learning, fully distributed, server-
less schemes are of particular interest due to their scalability
and robustness. Among these, Gossip Learning (GL) [13] is a
collaborative machine learning paradigm primarily motivated
by the demands for data privacy and scalability. In GL, model
training occurs locally on each device’s dataset, which is con-
tinually updated with new observations, and is complemented
by the sharing and merging of models with other devices.
We adopt GL under the constraint that model exchanges are
restricted to device-to-device (D2D) communications within
the boundaries of a finite region of space (the replication
zone), introducing unique performance and computational
limitations. A related approach has been explored in [19],
where federated learning also leverages opportunistic model
exchanges, demonstrating the effectiveness of encounter-based
learning. However, their framework permits data exchanges
over D2D links, thereby introducing potential privacy vulner-
abilities. We focus on GL protocols which perform horizontal
training, and in which each node trains (and exploits for

1We distinguish between external and internal infrastructure. The former
is a general-purpose telecommunications infrastructure, such as an operator’s
RAN. The latter is a set of FG nodes placed in fixed positions within the RZ.

TABLE I: Features of Floating Gossip, Vertical Federated Learning,
and Horizontal Federated Learning.

Feature FG HFL VFL
Nodes contacts Opportunistic Fixed Fixed
Data differs in Sample space Sample space Feature space

Nodes exchange Model Model Partial results
Nodes keep local Samples+model Samples Samples+model

Nodes model Local Global Local
Collaboration No No Yes

inference) its own model, which in principle differs from that
of other nodes. The study by Giaretta and Girdzijauskas [20]
investigates GL within static networks (i.e., networks whose
connectivity graph does not change over time), analyzing how
data distribution, network connectivity, and communication
speed influence system behavior. Building upon these aspects,
our research extends the analysis to encompass the dynamics
and peculiarities of opportunistic communications.

Regarding data modeling, prevailing literature often as-
sumes a fully distributed scenario in which each device
possesses a single data point (henceforth denoted as obser-
vation) and participates in model training only once (see [21]
and references therein). Notably, [20] is among the few to
propose iterative training over multiple observations, offering
a simulation-based assessment of its impact. Our approach
is more general, as it permits devices to train on multiple,
potentially non-unique observations, reflecting the realistic
possibility that several devices may observe the same event.
This scenario, where observations are not unique across de-
vices, remains largely unexplored in existing studies.

Network connectivity is frequently idealized as stable, with
minimal constraints from physical separation or infrastructure,
commonly assuming environments such as data centers or
multi-threaded computing systems [21]–[23]. Nevertheless,
connectivity plays a crucial role in the convergence of GL,
as evidenced in the context of stochastic gradient descent
algorithms [24]. Our work focuses on opportunistic interac-
tions among physically distinct and independently operating
devices, entirely devoid of infrastructural support. This setting
inherently limits the number of neighboring devices available
for model exchange and introduces dynamic topologies with
user equipment (UE) churn, making the timely and opportunis-
tic exchange of models essential.

Communication speed and protocol overheads are often
overlooked or underestimated in the literature. Some studies
assume unrealistically high data rates or disregard the time
required for connection establishment [25], while others nearly
omit communication delays altogether [26]. In contrast, we
explicitly consider the constraints imposed by D2D connec-
tivity, including limited data rates and the non-negligible time
required to establish connections. Additionally, we recognize
that ongoing data exchanges may preclude the exploitation
of new communication opportunities, leading to missed ex-
changes. Unlike prior approaches that typically optimize ei-
ther communication or computation in isolation, our analysis
centers on the combined effects of both factors.

It is important to note that comprehensive analytical models
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for evaluating GL performance are lacking in the literature,
with most studies relying on simulation or empirical trace
analysis. In this work, simulations are employed solely to
validate the intricate analytical model we develop. The clos-
est methodological precedent is the seminal contribution by
Chaintreau et al. [27], which applies mean field analysis to
the epidemic message dissemination via gossiping. Our ap-
proach similarly leverages mean field techniques, but extends
them to incorporate GL-specific characteristics of learning and
computation, as well as the unique role of FC in maintaining
model availability within designated areas of interest.

Similarities and differences exist between FG and FL, in
both versions called horizontal FL (HFL) and vertical FL
(VFL) [28], as illustrated in Table I for the case of a single
ML model. First of all, while FG is based on FC, hence
on opportunistic data exchanges due to nodes movement, FL
normally assumes fixed connections among nodes. Second, in
the case of VFL, different nodes train different features of
the ML model, while in both FG and HFL all nodes train
all features of the ML model. For this reason, FG and HFL
exchange model parameters among nodes, while in VFL it is
necessary to exchange intermediate results. The samples (that
in this paper we call observations) used to train the model
remain local to nodes in all cases, but in both FG and VFL
also models are kept local to nodes. As a result, FG and VFL
produce models that are local (possibly slightly different) to
nodes, while HFL produces a shared global model. Inferences
are necessarily collaborative in the case of VFL, because of
the feature space partitioning, while in FG and HFL each node
is capable of obtaining autonomously its own inferences.

III. SYSTEM MODEL

A. What is Floating Gossip?

We focus on a distributed Machine Learning (ML) scheme
denoted as Floating Gossip (FG), resulting from the combi-
nation of the Floating Content [18], [29] scheme with Gossip
Learning [20], [22]. Floating Content is a content distribution
scheme that enables probabilistic storage of messages or
ML models over a geographical area by exploiting moving
nodes that traverse the area and opportunistically exchange
content whenever they come sufficiently close for wireless
communication to be possible. Gossip Learning is an ML
training scheme according to which a set of nodes update a
model via continual learning, by acquiring data in a distributed
manner and exchanging and merging models trained on that
data, rather than sharing the raw data itself, with significant
advantages in terms of privacy, scalability, and robustness.

The combination of Floating Content and Gossip Learning
thus brings to Floating Gossip (FG), i.e., to a distributed ML
scheme in which nodes locally update and opportunistically
share ML models trained on data collected at different times in
different positions by different nodes, with no need for sharing
the raw information. In FG, models are stored probabilistically
in a given region of space and trained cooperatively by nodes
in the region. Critically, models are scoped to the Replication
Zone (RZ) and exist only within it. A model instance consists

of coefficients and a training set; when a node exits the RZ, it
discards all model instances and observations, as these models
and data are no longer relevant outside their geographic scope.
However, other nodes remaining in the RZ will continue to
possess instances of the same model type, ensuring the model
remains ”afloat” in the region through their copies. If a node
later re-enters the RZ, it receives a fresh default model instance
(no prior knowledge preserved).

B. The modeled system

We consider a region of space (termed replication zone
- RZ) in a dynamic environment whose conditions change
over time, such as a disaster-struck area in the immediate
aftermath of the disaster. The region is populated by static or
moving nodes representing wireless communication devices or
user equipments (UE), such as smartphones or smart vehicles.
Some of those nodes may be static, thus representing a form
of internal infrastructure support to FG (rescue teams might
populate the disaster area with some ad-hoc communication
infrastructure). Moving nodes enter the RZ, cross it, and leave.
The number of nodes in the RZ is assumed to be random, with
a finite mean N . The node mobility patterns are assumed to be
stationary, and such that at any instant, the node distribution
over the RZ is uniform.

In our model, each node belongs to one of two classes
(denoted with the labels s and f , respectively, for slow and
fast), characterized by different node speeds (zero, in the case
of static nodes) and/or computing capacities. We will mostly
use the two classes to study the effect of static nodes on system
performance. Note that the extension of our approach to an
arbitrary number of classes is straightforward. Still, in what
follows, we consider only the two-class case for simplicity
of notation and exposition. We assume the RZ to be a finite
region of the plane, of arbitrary shape and area A.

We assume that the FG scheme is based on a finite set of ML
model types. Each model type is identified by a specific ML
architecture (e.g., LSTM, DNN) and a specific configuration
for that architecture (e.g., in terms of such hyperparameters as
number of neurons, LSTM input sequence length, number of
LSTM layers, learning rate). For each model type, nodes may
store one or more ML model instances. A model instance is
a version of the given model type, incorporating a given set
of observations. For each model instance, at a given point in
time, the training set is thus the set of observations it has
incorporated through the FG scheme. Two instances of the
same model type may differ in (i) model coefficients, and/or
(ii) training set composition. For each model type, at each
node, the local model instance is the instance that needs to
be continuously updated, and which is exchanged with other
nodes. When a node enters the RZ (or at the start of the FG
scheme, for nodes located within the RZ), for each model
type it receives a pre-configured instance (also called default
instance), to which an empty training set is associated. Indeed,
such an instance is not yet populated with fresh data from the
RZ (for example, a rescue team entering a disaster area may
be endowed with an ML instance that does not yet contain
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(I) (II) (III)

(IV) (VI)(V)

Fig. 1: Observation lifecycle in the FG scheme. (I) Nodes in the RZ (represented as a circle) have instances of the same ML model, with
generally different training sets. Nodes outside have no instance; (II) Once node 3 enters the RZ, it acquires an instance of the ML model
with an empty training set (a default instance). One observation (denoted with label e) is generated at node 1; (III) Node 1 incorporates the
new observation into its model instance through local training; (IV) Node 3 comes in contact with node 1, and it sends its instances to node
3; (V) As nodes move, they come in contact and exchange their instances. The instances received by each node are merged with the local
one, creating a new instance whose training set is the union of the training sets of the merged instances; (VI) When an observation becomes
stale (observation a), it is removed from the training set of all instances. When a node (e.g., Node 5) leaves the RZ, it erases its instance.

recent data about the critical issues in the area). During their
sojourn inside the RZ, nodes collect observations at various
locations and points in time. Each observation is collected
by a single node chosen uniformly at random among those in
the RZ (extensions to arbitrary observation generation patterns
are possible). Whenever a node collects a new observation,
it incorporates it into one or more ML model instances by
training, to update ML models used to make decisions or
perform some tasks within the RZ. We assume that each model
type is linked to a distinct process governing the arrival of
observations within the RZ (such as, e.g., a distinct data source
or a distinct physical process generating the observations).
Specifically, we focus on the scenario where each observation
arrival process is uniquely associated with a single model type.
A model is thus a description of the environment according
to one dimension, and the set of models provides an M -
dimensional representation of the environment within the RZ.
In what follows, observation arrivals follow a Poisson process
with rate λ observations per second, equal for all processes.
We assume all model instances from all types to have the same
size, equal to L bits. We note, though, that our approach can
be easily extended to more general settings, such as scenarios
with different model sizes and different observation arrival
rates. On the contrary, the assumptions of uniform distribution
of nodes over the RZ and of Poisson observation arrivals are
required for our mean field analysis approach, and can be
considered as its main limitations.
Model instances are exchanged opportunistically between
nodes through D2D communications, over links of capacity C
bits per second, and thus with no global connectivity among

them. After the exchange, at each node involved, all model
instances of the same type are merged into a single new local
instance incorporating all the observations from the merged
instances, analogously to what is done in the parameters server
in Federated Learning schemes [19].

Observations become obsolete and thus not useful after a
given amount of time. The age of an observation is the time
since its generation. An age limit (denoted as observation
lifetime τl) is defined for each observation, beyond which it is
not considered useful, and thus discarded (if already incorpo-
rated in a training set). Thus, models have to be continuously
updated by incorporating new observations as long as they are
generated, while stale observations are discarded. Moreover,
we assume that models are relevant only in the region where
observations are generated. UEs moving out of the RZ forget
their local model instance(s) and all collected observations.
If a node re-enters the RZ at a later time, it does so with
only a default instance for each model type. This could be
implemented, e.g., by having a common metadata structure for
every model instance, incorporating training set and generation
time for each observation within it.

Such a scheme therefore implements an incremental or
continual learning scenario [30], where appropriate training,
merging, and forgetting mechanisms ensure that only non-
stale data are incorporated in models and that phenomena
such as catastrophic forgetting are avoided.2 As our modeling
approach is general enough to apply to a large set of learning
architectures, in the rest of this paper, we will not refer to any

2In this sense, our study captures the limit behavior of actual continual
learning architectures.
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TABLE II: Main notation used in the paper.
Notation Parameter
A Area of the Replication Zone (m2)
N Mean number of nodes in the Replication Zone
L Model size (bits)
M Number of model types
g Mean contact rate per node (s−1)
λ Per-model observation generation rate (s−1)
α Node departure rate (s−1)
t0 Transfer setup time (s)
τ Observation age (s)
τl Observation lifetime (s)
TT Training time (s)
TM Merging time (s)
TL Model transfer time (s)

specific ML model architecture. Note that the observation life-
time parameter τl serves a dual purpose. First, it ensures that
observations that have become stale due to temporal dynamics
are automatically discarded (e.g., in a disaster area, environ-
mental sensor readings become invalid after a significant time).
Second, it implicitly accounts for data drift scenarios where
the underlying statistical properties of the environment change
over time. By bounding the age of observations incorporated
into models, the system prevents catastrophic drift where mod-
els are trained on observations from fundamentally different
environmental regimes. The specific value of τl should be set
based on domain knowledge about the rate of environmental
change in the target application.

Table II summarizes the main notation used in the paper.
Fig. 1 illustrates the key aspects of FG operations.

C. Training and merging tasks

Model training operates a transformation that takes as input
a model instance and a new set of one or more observations
and gives as output a new model instance, with a training set
given by the union of the training set of the old model instance
and the new set of observations. We assume that model training
is performed one observation at a time, though our approach
easily extends to the case in which all observations in the
new set are incorporated as a batch in the model instance.
The incorporation of an observation in a model instance via
training lasts TT seconds.
Each node is equipped with a wireless transceiver for wireless
D2D communications. We say that two nodes are in contact
when they can directly exchange information via wireless
communications. When two nodes come in contact with each
other within the RZ, they may exchange their model instances.
We assume that data exchanges are one-to-one (i.e., unicast)
and that the duration of the connection establishment process
is constant (and denoted as t0). We assume nodes can engage
in at most one exchange at a time. We say that a node is busy
at a given time when it is involved in an exchange of model
instances with another node. Once an exchange of model
instances between two nodes is complete, the nodes disconnect
and are again available for new exchanges with other nodes.
The time necessary for the transfer of a model instance is
TL = L

C . We assume that the order in which instances are
transferred is random, as optimization of transfer scheduling

is out of the scope of the present work.
After an exchange, nodes merge each received instance with
the local instance of the corresponding model type. Specifi-
cally, the merging operation is a transformation that takes as
input two instances of a model and gives a new local model
instance as output, whose training set is the union of the
training sets of both input instances. The merging of two
instances lasts TM seconds.
For what concerns the specific merging algorithm, the coeffi-
cients of the ML model obtained through merging are derived
as a weighted average of the coefficients of the merged model
instances, typically, as is typical of Artificial Neural Networks
(ANNs). However, our approach does not depend on the choice
of a specific merging algorithm. Rather, it applies to any ML
architecture for which the merging operation is well-defined.
Two instances of the same model type with the same training
set are considered to be identical, independently of the spe-
cific sequence of training and merging operations that have
produced them, although in practice this may not always
be the case. For this reason, if two nodes come in contact
and their model instances have identical training sets, they
are not exchanged. Whenever a node has to exchange model
instances, for each model type, it sends only the non-default
local instance it possesses, if it has one. Thus, in general, all
model instances received from other nodes are not exchanged.
However, when a node possessing only a default instance for a
given model type receives an instance of that same model type
from another node, it considers the received instance as the
new local instance for that model type, and it starts exchanging
it whenever possible. Algorithm 1 illustrates the mechanism
by which model instances are exchanged in FG.
Computing tasks are managed via two FIFO queues: one
for training, one for merging. Since observations arrive se-
quentially while model instances arrive asynchronously, tasks
are queued individually and processed one-by-one. A single
shared service with finite capacity processes both queues,
with merging tasks being served with non-preemptive priority
over training tasks. Under high computational load, prioritizing
merging ensures recently incorporated observations can be dis-
seminated to other nodes in the RZ. Conversely, high-priority
training would render most tasks obsolete before dissemination
completes. However, our approach easily generalizes to other
scheduling strategies.

IV. PERFORMANCE ANALYSIS OF FLOATING GOSSIP

As explained above, the main goal of the FG scheme is to
enable the collaborative elaboration of “up-to-date” models,
i.e., models that incorporate as much as possible of the relevant
data collected by users about a given context, and to make
them available to these same users in a timely fashion, without
external infrastructure support.

Denote by Y the probability that at a node, the local model
instance is not merged with a received model instance because
the training set of the former is a superset of the training
set of the latter. We say that the system is in the substable
regime when Y ≈ 0. In practice, in the substable regime,
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Algorithm 1 ModelExchange(i, j)
Require: nodes i, j
Ensure: Updated model instances at both nodes

1: if i and j are in wireless D2D range AND neither is busy then
2: establish connection with duration t0 ▷ connection setup

time
3: set i and j in the busy state
4: else
5: return ▷ no action
6: end if
7: models to exchange← ∅
8: for each model type m ∈ {1, 2, . . . ,M} do
9: instancei ← i.local instance[m]

10: instancej ← j.local instance[m]
11: if instancei.training set ̸= instancej .training set then
12: if instancei is not DEFAULT then
13: models to exch.add(m, instancei, i→ j)
14: end if
15: if instancej is not DEFAULT then
16: models to exch.add(m, instancej , j → i)
17: end if
18: end if
19: end for
20: for each exchange (m, inst, sender → receiver) in mod-

els to exch do
21: transfer time← L/C
22: if tr time ≤ remaining c time then
23: transfer inst from sender to receiver
24: receiver.received instance[m]← inst
25: remaining c time← r contact time− tr time
26: else
27: break ▷ transfer interrupted, connection ends
28: end if
29: end for
30: Terminate connection
31: Remove i and j from the busy state

computing load is low enough to ensure timely observation
incorporation in ML models. In other words, the system is
in the substable regime when models are updated at a rate
that is high enough for pairs of nodes exchanging their model
instances to incorporate several observations which are not yet
part of the training set of the local instance, e.g., because they
have recently been generated and thus not yet disseminated
into the system. In scenarios where these conditions are not
verified, the substable regime assumption is conservative for
what concerns the effectiveness of the FG system in training
ML models, as it maximizes the queue length for both training
and merging tasks. In the rest of our analysis, we will assume
the system is in the substable regime.

We now introduce some key parameters describing the
dynamics of the FG system, namely the model availability
and the node busy probability.

Definition 1. (Model availability) In a RZ of area A, the
availability of a model of type m at time t in class j nodes,
(denoted as am,j(t, A), j ∈ {s, f}) is the mean fraction
of class j nodes possessing a non-default instance (i.e., an
instance with a non-empty training set) of that model type.

Model availability generally takes different values for dif-

ferent model types in the same RZ. Let us consider the case
in which the population of nodes with a non-default instance
of a given model type is stationary (as the arrival process
of observations is stationary, such a stationary state for the
node population exists) for all model types. Let us denote the
mean fraction of class j nodes busy at time t with bj(t, A).
Moreover, let bj(t, A) = bjj(t, A)+ bji(t, A), where bjj(t, A)
(resp. bji(t, A)) is the fraction of nodes which are busy due to
contacts between two class j nodes (resp. between a node
of class j and one of class i), with i, j ∈ {s, f}, i ̸= j.
Let us introduce the steady-state quantities am,j(A) and
bj(A). As we assume λ to be the same for all model types,
am,j(A) = am′,j(A), ∀m,m′. Thus, we drop the model type
index m from the notation of model availability. Let TT,j and
TM,j denote the training and merging times for a node of
class j ∈ {s, f}, respectively. We thus have the following
result. It shows that the system stability condition for nodes
of class j is of the threshold type with respect to the per-
model observation generation rate λ (i.e., λ < λmax), and that
the threshold value depends on the ratio between the average
number of nodes in the RZ, N and the number of ML models
M , on model training and merging times on nodes of class j
(respectively, TT,j and TM,j), and on the mean arrival rate of
merging tasks at nodes of class j (rj).

Theorem 1. (Stability condition, mean training and merging
delay) ∀j ∈ {s, f}, the mean arrival rate of merging tasks at
a class j node, denoted as rj , is given by rj = Mg(1 −
bj(A))[aj(A)Sjjvjj(1 − bj(A)) + ai(A)Sjivji(1 − bi(A))]
where Sji (for any j and i, including i=j) is given by

Sji =

∫ +∞

t0

min

(
1,

⌊
(t− t0)

TL

⌋
L

γji

)
fji(t)dt

where t0 is the transfer setup time, and TL = L
C is the mean

time necessary for the transfer of a single model instance
between two nodes. fji is the PDF of contact duration between
a node of class j and one of class i. When the condition

Mλ

N
TT,j + rjTM,j < 1 (1)

holds, then the system is said to be stable, and the mean time
required by an instance of the m-th model received by a class
j node to be incorporated via training (respectively, merged),
denoted as dI,j (resp. dM,j), is given by

dM,j = TM,j +
0.5(ρM,jTM,j + ρT,jTT,j)

1− ρM,j
(2)

dI,j = TM,j +
0.5(ρM,jTM,j + ρT,jTT,j)

(1− ρM,j)(1− ρM,j − ρT,j)
(3)

where ρT,j =
MλTT,j

N , and ρM,j = rjTM,j .

Proof. As a consequence of the substable regime assumption,
we can assume that the probability that two models are not
merged because their training sets are identical or one is a
subset of the other is negligible. Thus, the mean amount of
model instances that a node j may receive on a contact with
another node j (resp. i) is Maj (resp. Mai), if every contact

6



brings a full exchange of all that can be exchanged. To this we
add as a factor the Sjj (resp. Sji), which model the likelihood
for a model to be exchanged, given the distribution of the
duration of a contact between two nodes from class j (resp.
between a node from class j and a node from i).

Then, the mean arrival rate of merging tasks at a class j
node is derived by accounting for g (the mean contact rate)
and vjj (resp. vji), i.e. the fraction of those contacts involving
two class j nodes (resp. a class j and a class i node).

Finally, of all contacts, those that may lead to an exchange
of models are those in which neither node is already busy
exchanging model instances. The probability of such an event
is (1 − bj(A))

2 for the j-j case and (1 − bj(A))(1 − bi(A))
for the j-i case.

Each class j node models as an M/D/1 queue with two
customer types: merging tasks (high priority) and training
tasks (low priority). From the stability of non-preemptive
priority queues, we derive the stability condition and mean
delay expressions.

For the high-priority type, the arrival rate is rjTM,j , and
it is Mλ

N for low priority. From the condition of stability of
an M/D/1 queue with non-preemptive priority, we derive
the condition rjTM,j +

MλTT,j

N < 1. The derivation of the
delay formulas follows standard queuing theory results for
such systems [31].

The stability condition implies that both the queue of
training tasks and that of merging tasks are stable. However,
when the stability condition is not satisfied, queues do not
grow indefinitely. Indeed, in that case, there is not enough
service capacity for serving all of the training tasks waiting in
the queue, and several of them will expire before being served
(a training task expires whenever the observation associated
with it reaches its maximum age). As a consequence, fewer
training tasks are executed, and the condition Y≈0 (substable
regime assumption) does not hold anymore. This entails a
decrease in the mean amount of merging tasks waiting to be
executed at any point in time in the system, and thus of the
overall computing load at each node.
In any case, when condition 1 is not satisfied, even if both
queues remain bounded, the fraction of training and merging
tasks that are never executed, and thus the fraction of arriving
observations not incorporated in a model, becomes substan-
tially large. That is, the system is no longer able to incorporate
effectively the collected observations.

Let us consider an observation that has been incorporated
into the m-th model at a class j node, and let τ denote its
age. With oj(τ) we denote the mean observation availability,
i.e., the mean fraction of class j nodes with the m-th model
whose local instance includes the given observation at age τ ,
at the mean field limit.

Definition 2. (Observation availability) When the system is
stable, given a class j node in the RZ, a given model type,
and a given observation of age τ , at the mean-field limit, the
mean observation availability oj(τ) is the probability to find

that observation of age τ in the training set of an instance of
that model type at that node.

As a consequence of what we have assumed for observa-
tions, oj(τ) = 0 for τ > τl. For a node with a non-default
model instance in the RZ, a return to default (RTD) event takes
place whenever all the observations included in its training set
expire. In this case, the instance is considered equivalent (e.g.,
in terms of accuracy) to the default instance for that model
type. For a single class j node, with Pd,j(t) we denote the
RTD probability for class j, i.e., the probability that the model
at the node will return to default in the interval (t, t+ dt).
The following result states that, ∀m, steady state values of
am,j(t, A), bjj(t, A) and bji(t, A) depend neither on specific
trajectories (i.e., on the amount of initial seeders), nor on
the time at which each model has been seeded, but only on
properties of the system once all transients are exhausted.

Theorem 2. (Mean model availability at the mean field
limit) For t → ∞, ∀m, when the system is stable, the mean
values of the variables am,j(t, A), bjj(t, A), and bji(t, A)
(with i, j ∈ {s, f}, j ̸= i) at the mean-field limit (denoted as
aj , bjj and bji, respectively) are given by the unique solution
of the following fixed point problem in aj , bjj and bji:

bjj
TS,jj

aj(1− aj)

Ej
Sjj +

bji
TS,ji

ai(1− aj)

Eji
Sji+

+min

(
λ

DjA
,
1− rjTM,j

TT,j

)
(1−aj)−

(
αj

DjA
+ Pd,j(t)

)
aj = 0

2vjjg

Dj
(1−bjj−bji)

2
[
1− (1− aj)

2M
]
− bjj
TS,jj

− αj

ADj
2bjj = 0

vjig

Dj
(1−bjj−bji)(1−bii−bji)

[
1− (1− aj)

M (1− ai)
M
]
+

− bji
TS,ji

− αj

ADj
bjj −

αi

ADj
bji = 0 (4)

with

Ej = 1− (1− aj)
21M=1

Eji = 1− (1− aj)(1− ai)1M=1

TS,jj =

∫ +∞

0

min
(
t,
γjj
L

TL + t0

)
fjj(t)dt

TS,ji =

∫ +∞

0

min
(
t,
γji
L

TL + t0

)
fji(t)dt

γji =
ML(aj + ai)

Eji
, γjj =

2MLaj
Ej

(5)

where 1M=1 is the indicator function. Independent of the
initial condition, any trajectory of the system converges to the
unique solution of the fixed-point problem.

Proof. To derive the mean value of the variables am,j(t, A),
bjj(t, A) and bji(t, A) at the mean field limit, we first derive
the differential equations for the drift at time t [32], [33],
which describes the average local variation of these quantities
over time. To this end, we assume the system satisfies the
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homogeneous conditions. These imply that (1) at t = 0 the
mean number of nodes per unit surface possessing a given
model is the same for all models; (2) at any time instant, nodes
possessing a given model are uniformly distributed within the
region; and that (3) the probability of a node to have that
model is independent from the probability of any other node
to have the same model.
Let Na,m,j denote the mean number of class j nodes in the
region possessing a non-default instance of the m− th model
at time t, and Nb,j the mean number of class j nodes in the
region which are busy at time t. Let Nb,j = Nb,jj + Nb,ji,
where the two quantities are the number of class j nodes which
are busy in a contact of the j-j type and j-i type, respectively.
Analogously, let bj(t, A) = bjj(t, A) + bjj(t, A). For ease of
notation, in what follows we drop the dependency on t and A.
Drift term dNb,jj

dt (resp. dNb,ji

dt ). The probability that the two
nodes in contact are not busy is (1 − bj)

2 for the j-j case,
and (1 − bj)(1 − bi) for the other case. Moreover, note that
every contact of the j-j type leads to an increase of 2 in
the number of class j busy nodes, while contacts of the j-
i type bring an increase of only one node each. Note that
for a contact between two nodes to bring those nodes to
the busy state, at least one of them must have a non-default
model. I.e., contacts between nodes possessing only default
models do not count (with probability 1 − (1 − am,j)

2M

for the j-j case, and 1 − (1 − am,j)
M (1 − am,i)

M for the
other case). Thus, the overall rate of increase of busy nodes
is 2vjjgA(1− bj)

2
(
1− (1− am,j)

2M
)

for the j-j case, and
vjigA(1− bj)(1− bi)

(
1− (1− am,j)

M (1− am,i)
M
)

for the
j-i case.
The first loss component models the end of the busy state
due to the completion of the model exchange process among
nodes in contact. As the mean time required to complete
such exchanges is TS,jj (resp. TS,ji), by Little’s law we have
that such events take place with a mean rate ADjbjj(t,A)

TS,jj

(respectively, ADjbji(t,A)
TS,ji

).
The second loss component accounts for class j busy nodes
who stop being busy because they leave the RZ due to their
mobility. Let αj denote the mean rate at which class j nodes
exit the RZ. We assume this rate to be equal to the one at
which class j nodes enter the region, so that the mean amount
of class j nodes does not change over time. Specifically, we
have a contribution from nodes in a contact of the type j-j
(from which two class j busy nodes stop being busy, even if
only one of the two leaves the RZ). Then we have another
contribution from class j nodes in a contact of the type j-i
(from which only a single class j busy node stops being busy)
and due to the departure of the class j node. Finally, we have
another contribution from class i nodes in a contact of the type
j-i, due to the departure of the class i node. Thus we have a
term of the form −αj2bjj for nodes in a contact of the type
j-j, and −αjbji−αibji for nodes in a contact of the type j-i.
Putting all together, and dividing by the mean num-
ber of class j nodes (i.e. by ADj), we get dbjj

dt =

2vjj
g
Dj

(1−bjj−bji)
2
(
1− (1− am,j)

2M
)
− bjj

TS,jj
− αj

ADj
2bjj ,

and dbji
dt = vji

g
Dj

(1 − bjj − bji)(1 − bii − bji) ·(
1− (1− am,j)

M (1− am,i)
M
)
− bji

TS,ji
− αj

ADj
bjj − αi

ADj
bji.

Drift term dNa,m,j

dt . By the definition of model availability,
Na,m,j = am,jADj , where Dj is class j mean node density,
assumed to be constant over time. The drift of Na,m,j is given
by the sum of three components. The first is due by those
class j nodes which, before a contact, owned only a default
instance for the m-th model. For contacts of the j-j type,
the end of a contact corresponds to a decrease of 2 units
in the number of busy nodes. However, it might lead to an
increase of at most one unit in the number of nodes of the
j-th class that own a nondefault model instance. Thus, the
rate of such an event is half of the one in the drift equation
for Nb,jj , and is equal to 0.5

(
Nb,jj

TS,jj

)
. When M = 1, two

nodes in contact might start an exchange (1) because one
possesses a default model, and the other a non-default one
(probability 2am,j(1 − am,j)); or (2) because both have a
non-default model, but with a different training set, and one
is not a subset (proper or improper) of the other. In this
last case, Na,m,j won’t increase. We neglect this, assuming
(conservatively, as for what concerns performance of the
system) that if both nodes have an instance for the same model
(probability a2j ), they always exchange it both ways. Thus, the
mean fraction of all contacts of the j-j type which increase
Na,m,j is 2am,j(1−am,j)

1−(1−am,j)2
. Putting all together, and multiplying

it by the probability that the contact duration is sufficient
to allow such model exchange (Sjj) we have, for M = 1,
Nb,jj

TS,jj

am,j(1−am,j)
1−(1−am,j)2

Sjj . For M > 1, two nodes in contact might
still exchange instances other than those of the m− th model,
even if they have no instance for the m−th model (probability
(1 − am,j)

2). Thus, the mean fraction of all contacts of the
j-j type which increase Na,m,j is 2am,j(1 − am,j), and for
M > 1 we have Nb,jj

TS,jj
am,j(1 − am,j)Sjj . Bottom line, by

using the indicator function, for contacts of the j− j type the
first contribution can be expressed as

Nb,jj

TS,jj

am,j(1− am,j)

1− (1− am,j)21M=1
Sjj (6)

Let us consider now contacts of the j-i type. The end of one
such contact corresponds to the decrease of one unit of the
number of busy nodes of class j, and thus, to an increase of
at most one unit of the number of nodes of the j − th class
which own a non-default model instance. Thus, the rate of
such an event is the same as the one in the drift equation for
Nb,ji, i.e., Nb,ji

TS,ji
. When M = 1, with similar considerations

we have that the mean fraction of all ended contacts of the j-i
type which increase Na,m,j is am,i(1−am,j)

am,i+am,j−am,iam,j
. Putting all

together, and multiplying it by Sji we have, for M = 1,
Nb,ji

TS,ji

am,i(1− am,j)

am,i + am,j − am,iam,j
Sji (7)

For M > 1, taking into account that the probability that the
two nodes have no instance for the m − th model is (1 −
am,j)(1− am,i)), and using the indicator function, we have

Nb,ji

TS,ji

am,i(1− am,j)

1− (1− am,i)(1− am,j)1M=1
Sji (8)
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with i, j ∈ {s, f}. Putting all together, we have that the first
contribution to the drift is given by the sum of (6) and (8).
The second term is given by the rate at which nodes (from
all classes together) receive an observation for the m−th
model (given by λ), multiplied by the fraction of those
nodes which belongs to class j (given by Dj

D ), and by the
probability that those class j nodes do not possess the m−th
model yet (i.e., (1 − am,j)w). The term αjwam,j accounts
for the rate at which class j nodes with an instance for
model m leave the RZ. Finally, the second loss term in
this equation is due to the rate at which non-default models
turn to default models in class j nodes. This is given by
DjAam,jPd,j(t). Putting all together, and dividing by the
mean number of class j nodes (i.e. by ADj), we get dam,j

dt =
bjj

TS,jj

am,j(1−am,j)
1−(1−am,j)21M=1

Sjj+
bji

TS,ji

am,i(1−am,j)
1−(1−am,i)(1−am,j)1M=1

Sji+

λ 1
DA (1−am,j)w− αj

DjA
wam,j−am,jPd,j(t). From these drift

expressions, by applying standard results, it is easy to prove
the convergence to the mean field limit.

Let us define the busy period the fraction of contact time
between two nodes spent transferring model instances. Then
we have that, when the busy period duration is larger than zero,
the mean amount of models transferred is well approximated
by γji =

ML(aj+ai)
1−(1−aj)(1−ai)1M=1

. To derive this, we note that we
assume that the nodes have always at least one model to trans-
fer. Then for the case j-i, M = 1, the nodes transfer a single
model (of size L bits) with probability aj(1−ai)+ai(1−aj),
and two models (one per direction of transfer) with probability
aiaj . Thus γji,M=1 =

L(aj+ai)
aj(1−ai)+ai

. In the j-j, M = 1 case

we have, similarly, γjj,M=1 =
2Laj

aj(1−aj)+aj
= 2L

2−aj
. In the

case j-i, M > 1, for each model, the nodes transfer a single
instance with probability aj(1−ai)+ai(1−aj), two instances
(one per direction of transfer) with probability aiaj , and none
with probability (1−aj)(1−ai). As the event of possessing an
instance of a given model is assumed to be independent from
the event of possessing an instance for other models, we have
γji,M>1 = ML(aj + ai). Finally, in the case j-j, M > 1, we
have, similarly, γjj,M>1 = 2MLaj .

Note that this result relies on a mean-field approximation,
whose accuracy improves with system scale—particularly
as the mean number of contacts per node in the RZ in-
creases—remaining reliable even when key assumptions, such
as uniform node distribution, are mildly violated. With αj ,
j ∈ {s, f}, we denote the mean rate at which nodes enter
the RZ. Definition 2 implies that, given a class j node, a
model and an observation of age τ , the probability that it
is included in an instance of that model on that node is
wajoj(τ). Thus, a performance metric more closely related to
the ability of the FG systems to incorporate information into
models in a timely fashion is the mean observation availability
at the mean field limit. The following result shows that the
mean observation availability at the mean field limit can be
characterized through a compact system of delay-differential
equations (DDEs). These DDEs capture how quickly a given
observation propagates across node classes via opportunistic
contacts, training, and merging, accounting for node churn

and observation aging. Intuitively, higher contact rates and
shorter delays enhance availability by accelerating diffusion.
At the same time, the results reveal a coupling between classes.
That is, observations originating from fast-moving nodes reach
slow/static ones more gradually.

Theorem 3. (Mean observation availability at the mean field
limit) When the stability condition holds, at the mean-field
limit the mean observation availability at age τ ≤ τl for
classes i and j, i, j ∈ {s, f}, j ̸= i, is given by

oj(τ) =
Dj

D
oPj (τ) +

Di

D
oSj (τ) (9)

oi(τ) =
Dj

D
oSi (τ) +

Di

D
oPi (τ) (10)

Where oPj (τ), o
P
i (τ), o

S
j (τ), and oSi (τ) are the solutions of the

following system of delay-differential equations that model the
evolution over time of the average observation availability at
class j nodes when the observation arrives at a node in either
class j or class i:

doPj (τ)

dτ
= Bjjaj(1− aj)o

P
j (τ) +Bjiai(1− aj)o

S
i (τ)+

+Bjja
2
jo

P
j (τ − dM,j)(1− oPj (τ − dM,j))+

+Bjiaiajo
S
i (τ − dM,j)(1− oPj (τ − dM,j))−

αajo
P
j (τ)

DjA

with dI,j ≤ τ ≤ τl, and with initial condition

oPj (τ) =

{
0 τ < dI,j

1
⌈ajDjA⌉ τ = dI,j

(11)

doSi (τ)

dτ
= Biiai(1− ai)o

S
i (τ) +Bjiaj(1− ai)o

P
j (τ)+

+Biia
2
i o

S
i (τ − dM,i)(1− oSi (τ − dM,i))+

+Bjiaiajo
P
j (τ − dM,i)(1− oSi (τ − dM,i))−

αaio
S
i (τ)

DiA

with dI,j ≤ τ ≤ τl, and with initial condition

oSi (τ) =

{
0 τ < dI,j

1
⌈aiDiA⌉ τ = dI,j

(12)

Where Bjj =
bjj

TS,jj
EjSjj , and Bji =

bji
TS,ji

EjiSji.

Proof. We derive the drift, which describes the average local
variation of observation availability over time. We assume
that the time between two consecutive contacts between two
nodes j is ∼ Exp(ηj) and between a node j and a node
i is ∼ Exp(ηji). Thus, the time t until the next contact is
∼ Exp(ηj + ηji), and the probability that this contact is with
a node j is ηj

ηj+ηji
.

Let No,j(τ,A) denote the number of class j nodes in the RZ
possessing a model instance including the given observation,
at a given time τ from observation generation, for a RZ area
A. I.e., No,j(τ,A) = N(A)ajoj(τ,A). For what concerns the
initial period after the new observation arrives in the system,
two cases are possible:
1) Arrived at a class j node (with probability Dj

D ). We have
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No,j(τ,A) = 0, 0 ≤ τ ≤ dI,j . After incorporation, the
number of class j nodes possessing an instance with that
observation will not increase for at least dM,j seconds. Thus,
No,j(τ,A) = 1, dI,j ≤ τ ≤ τj , with τj = dI,j + dM,j

2) Arrived at a class i node (with probability Di

D ). We have
No,j(τ,A) = 0, 0 ≤ τ ≤ τi where τi = dI,i + dM,j . Thus, in
all cases, No,j(τ0, A) = 1. For τ ≥ τj (resp. τ ≥ τi), the rate
at which this quantity varies over time is given by the sum of
three components.
First component. It is due to contacts between, on one side,
a node with a model that incorporates the given observation,
and a node possessing only the default model. The mean rate
at which class j nodes exit the busy state, from a j-j contact
is Nb,jj

TS,jj
. The end of a contact may lead to an increase of at

most one unit in the number of nodes of the j-th class that
own a non-default model instance. Thus, the actual rate of
increase is 0.5

Nb,jj

TS,jj
. Moreover, let us consider one of these

terminating exchanges. The probability that the model was
transferred to the node possessing only the default model
during such exchange is equal to the probability that the sender
node had the model (i.e., that specific model incorporating the
observation we are considering) and that the receiving node
did not have it, given by 2aj(1−aj)

1−(1−aj)21M=1
Sjj . The probability

that the transferred model incorporated the given observation
is instead No,j(τ,A)

ajN̄j
= oj(τ,A).

Second component. It accounts for the case in which
the increase of the observation availability is due to the
fact that a node already with a non-default instance in-
corporated the given observation through merging with a
received instance which contained the given observation.
Thus, this event is associated to an exchange of instances
among two nodes, each possessing a non-default instance.
For the j-j case, proceeding as already done, we get
Nb,jj

TS,jj

a2
j

1−(1−aj)21M=1
Sjjoj(τ − dM,j , A)(1− oj(τ − dM,j , A))

and, for the j-i case, Nb,ji

TS,ji

aiaj

1−(1−ai)(1−aj)1M=1
Sjioi(τ −

dM,j , A)(1 − oj(τ − dM,j , A)). Note that the observation
availability is evaluated at τ − dM,j . as we account for the
time taken to merge the received instance.
Third component. It is given by class j nodes with the given
observation exiting the RZ, and it is given by the rate at which
nodes exit the RZ (i.e., α) multiplied by the fraction of those
exiting nodes which has the model and incorporates the obser-
vation (i.e., wajoj(τ,A)). Putting all together, and normalizing
by DjAaj , we get the final expression of the drift. The rest
of the proof follows the standard procedure for mean field
convergence, i.e., the convergence of initial conditions, and
the condition on the drift of the Population Continuous Time
Markov Chain (PCTMC) associated with the system. As its
drift is continuous for τ ≥ dI , let ō(τ) = limR→∞ o(τ,A).
As our sequence of PCTMC models satisfies these properties,
by Theorem 1 in [32] for any finite time horizon T ≤ ∞,
the sequence of population models associated to A converges
almost surely to the dynamics of the differential equations
in (9), which proves Theorem 3.

In the two-class scenario, this result shows that the obser-
vation availability for class j is the average of the observation
availability for class j when the observation arrives (and is
trained) at a class j node (denoted as oPj (τ)) and of the one
that we have when the observation arrives and is trained at
a class i node (denoted as oSj (τ)). This result states that the
probability of observing a difference between any point of the
trajectory of the availability of a given observation and the
solution of the DDEs in Theorem 3 goes to zero as the RZ
area (and hence the mean number of nodes in a RZ) grows.
That is, in the mean field limit, the error made by considering
a deterministic system characterized by oj(τ), instead of the
actual system goes to zero. Moreover, at any time τ from
observation generation, for any A, oj(τ) is the expected value
of the observation availability at τ in a finite system.
Finally, note that the evolution over time of observation
availability in class j nodes is the weighed average between
that which is observed when the given observation arrives in a
class j node, and that which takes place when the observation
first arrives at a class i node, and it is then passed to class
j nodes at la later time, via gossip based instance exchanges
and merging. The following results gives an expression for the
return-to-default probability, as a function of the observation
availability at the mean field limit.

Lemma 1. (Return-to-default (RTD) probability) Let oj(τ)
be the solution of the system of differential equations in
Theorem 3, where aj is derived from Theorem 2 by assuming
Pd,j(t) = 0. Then the RTD probability Pd,j(t) is given by

Pd,j(t) = λoj(τl)En,τ1,...,τn

[ n∏
q=1

(1− oj(τq))

]
(13)

where: (i) ∀q ∈ [1, n], τq are distributed as a Erlang(λ, q),
truncated and restricted to the interval [TT,j , τl]; (ii) n is
Pois(λ(τl − TT,j)).3

Proof. We consider a given node in the RZ, and we model
the evolution of the system (i.e. a single node of class j) over
time by a continuous time Markov chain (CTMC), where the
state of a node is the number of observations included in the
model possessed by the node. We focus on the state in which
only a single observation is included in the model. In this
case, the RTD probability is the joint probability that (1) in
the time interval (t, t+ dt) the node does not incorporate any
observation in the model, and that (2) the only observation
included in the model has been generated in the time interval
(t− τl, t− τl + dt), and thus expires during the time interval
(t, t+ dt). The probability of event (1) is the probability that
no new observation is included by training in the node’s model
in that time interval, and that the node does not conclude a
merging process in (t, t+dt). For the first point, the process of
arrival of new observations at a node is Poisson with intensity
λ
N . For dt → 0, the probability that in dt no new observation
arrives at the node is 1− λ

N dt. The rate at which models to be
merged arrive at the node is given by the product of the node

3Recall that the empty product is 1, i.e.
∏0

q=1 = 1.
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contact rate, the probability that the other node in contact with
the given node has the model too, and the probability that the
two models have to be merged. We denote with Pin such rate,
and with Pindt the probability that such an event takes place in
a time interval of duration dt. We now compute the probability
that the only observation included expires in (t, t+dt). This is
equivalent to the product of the probability that an observation
is generated in a time interval of duration dt (equal to λdt)
and that such an observation is still included in the model
τl − dt seconds after its generation (probability oj(τl, t, A)).
At the same time, for the above mentioned observation to be
the only one included, all the other observations generated in
the time interval [t− τl, t− TT,j ] must not be incorporated in
the model instance at the node. If n ≥ 0 is the total number of
these observations, by the definition of observation availability
we have that this probability is given by

∏n
q=1(1−oj(τq, t, A))

with n ∼ Pois(λ(τl − TT,j)).
As interarrival times are Exp(λ), τq ∼ Erlang(q, λ),

truncated and restricted to the interval [TT,j , τl]. Putting
all together, the probability of a RTD event for the
given node during an interval dt is thus oj(τl, t, A)(1 −
dt λ

N
Dj

D ) (1− dtPin)λdt
∏n

q=1(1 − oj(τq, t, A)). As dt →
0, this expression becomes Njajλdtoj(τl, t, A)

∏n
q=1(1 −

oj(τq, t, A)). By computing the expectation of the above
expression with respect to all the random variables involved,
we have Equation (13).

A measure of the ability of the FG scheme to incorporate
the most recent measured data is model staleness.

Definition 3. (Model staleness) The staleness of a model
instance at time t is the age of the most recent observation in
the training set of that instance at t. The model staleness at t
is the average staleness over all instances of that model type
present in the RZ.

The mean model staleness is a measure of how much “up
to date” on average an instance of that model is, in a given
scenario. Note however, that a low model staleness is not
necessarily an indicator of a high efficiency in incorporating
observations generated in the RZ, as it may also be due to a
high observation arrival rate.

Theorem 4. (Mean model staleness) When the stability con-
dition holds, for an observation lifetime τl, the mean staleness
of a model is F =

∑
j

Dj

D Fj , where

Fj =

∑∞
n=1 Pois(λτl, n)

1− Pois(λτl, 0)

∑n
x=1 E[τx]Pj(x)∑n

x=1 Pj(x)

with
Pj(x) = E

[
oj(τx)

x−1∏
q=1

(1− oj(τq))

]
(14)

where ∀x ∈ N , τx =
∑x

k=1 ξk, with ξk i.i.d. ∼ Exp(λ). τx
follows thus a truncated gamma(x, λ) distribution over the
interval [TT,j , τl].

Proof. We aim at deriving E[τ |τl]. This corresponds to consid-
ering only the staleness of those models which are non-default.

Let n be the number of observations that have been generated
in a time interval of duration τl. Clearly n ∼ Pois(λτl).
Thus E[τ |τl] =

∑∞
n=1 E[τ |τl,n]Pois(λτl,n)

1−Pois(λτl,0)
. The normalization

is required as we assume that at least one observation is
generated in τl.

For a given time t, let x ∈ N be the label of the x-th
last observation generated in the system, counting backward
in time from t. With E[τ |τl, n, x] we denote the expectation
of τ conditioned on having observation 1 to x−1 not included
in the model, and observation x ≤ n included. With Pj(x) we
denote the probability of such an event. We have, by the law
of total probability, E[τ |τl, n] =

∑n
x=1 E[τ |τl,n,x]Pj(x)∑n

x=1 Pj(x)
, ∀n.

Again, normalization is required as
∑n

x=1 Pj(x) does not nec-
essarily give 1, despite we assume that at least one observation
is included. As observation arrivals are Poisson with intensity
λ, the distribution of τ conditional to τl, n, x is gamma(x, λ),
upper truncated at τl (conditioning to n has no effect).

We now turn to the derivation of P (x). Let τj =
∑j

k=1 ξk
denote the time since the generation of the j-th observation,
with ξk i.i.d. ∼ Exp(λ) and upper truncated at τl, and j ≤ x.

From the properties of the system at the mean field limit,
and the definition of observation availability, for an observa-
tion generated x seconds ago, the probability to be included
in a given model is oj(x). This gives Equation (14).

V. LEARNING CAPACITY OF AN FG SYSTEM

In this section, we derive a set of results that allow evalu-
ating the key performance indicators of our decentralized FG
framework. In what follows, we mostly refer to the case in
which models are neural networks, but considerations may be
extended to a large class of deep and shallow learning. In what
follows, we refer to the concept of model capacity, intended as
the maximum number of observations it can store. This idea
stems from the fact that, when the total number of coefficients
of an ML model instance is larger than the cardinality of its
training set, then labels can be perfectly recovered (see [34]
and references therein). One of the interesting consequences
of this result is that it establishes a linear relationship between
model size L, i.e., the total amount of bits required to represent
the model coefficients, and the maximum cardinality of the
training set associated with a model instance, related to the
maximum amount of information that the model can store.
Note that data in a training set may not be independent
and identically distributed (i.i.d.), and data points might be
redundant and correlated to varying degrees. Thus, the rela-
tionship between the size of a given dataset and the amount of
information stored by an ML model instance trained on that
dataset generally varies according to the specific set of data
points considered. In what follows, we simplify by assuming
that, if a model has length L, and k coefficients are needed
on average to encode independently from other coefficients
the mean amount of information contained in a data point,
with a given ML algorithm, then the ratio L/k is the largest
amount of data points that a model can store and recreate with
arbitrarily small error [34]. k is thus the memory efficiency of
the model.

11



One of the measures of effectiveness of FG training in a
dynamic setting is the node stored information.
Definition 4. (Node stored information) The node stored
information at a given time t is the total number of non-expired
observations incorporated in all of the model instances a node
possesses at that time.

Lemma 2. (Mean node stored information at steady state)
Consider an FG system at steady state for the process of
model training, for which the stability condition (1) holds.
Then the mean node stored information in a class j node is
Maj min

(
L
k , λ

∫ τl
0

oj(τ)dτ
)
.

Proof. The probability for a class j node to possess an instance
of a given model is aj , and thus Maj is the mean number
of model instances it possesses, at the mean field limit. For
each model, the mean amount of observations incorporated is
the minimum between the maximum amount that the model
can store, and the mean of the total number of observations
incorporated in an instance of that model with an age between
0 and τl, given by the integral of the observation incorporation
rate within [0, τl].

In what follows, we assume that, in a model already storing
L/k observations, the incorporation of new data points implies
discarding the oldest data point already stored in the model.
This assumption corresponds to an ideal case, as in practical
cases, many models simply degrade their accuracy when
the number of points incorporated approaches the model’s
capacity. Indeed, in realistic ML architectures, this condition
may give rise to catastrophic forgetting, i.e., to the erasure
of a large share of the information stored, if appropriate
techniques for model retraining are not adopted [35]. On the
other side, a model capacity much larger than the amount of
information it incorporates is a waste of storage, computing,
and communication resources, and it exposes it to the risk
of overfitting and thus to a worsening of generalization error
[36].
Another key performance indicator of the FG scheme is the
learning capacity.

Definition 5. (FG learning capacity) In an FG system at
steady state, the learning capacity (LC) is the maximum
achievable ratio between the node stored information and the
mean amount of non-expired observations present in the RZ at
any time instant, over any feasible value of number of models
and model size.

The learning capacity gives an idea of up to which point
our FG scheme can effectively incorporate in the models
possessed by nodes in the region those observations which are
continuously generated within it, and thus to keep the models
up to date.
From its definition, the learning capacity of an FG scheme is
the solution to the following problem:

maximize
M≥1,L≥1

∑
j Djaj(L,M)min

(
L
k , λ

∫ τl
0

oj(τ, L,M)dτ
)

Dλτl
subject to Eq.(1), (4), (9), (15)

The objective function is obtained by dividing the node stored
information by the quantity Mλτl, i.e. by the mean amount
of information which is present in the FG system at any time
instant, derived through Little’s result. It can be easily seen that
model and observation availability decrease with increasing
communication load (and thus with model size L and number
of models M), and that those constraints which are not satisfied
for a given M0 L0 are not satisfied for any other M > M0 and
L > L0. Thus, the solution of the above optimization problem
is for M = 1.
Let us consider the cases of a single class and a two-class
scenario. In the single class case, let Lsat be the value of L
for which aj(L,M) is equal to 80% of its value at L = 1.
Thus, for the optimization over L, let L = L∗ be the unique
solution of the following fixed point problem:

L∗

k
= λ

∫ τl

0

oj(τ, L
∗,M)dτ (15)

Then if L∗ >> Lsat the stored info is maximized for L = L∗.
Else, it is maximized for L = Lsat or around that value.
In the two classes case, for every class j, let L∗

j be the solution
of the fixed point problem for that class. For each class j, the
stored info for that class decreases monotonically for L > L∗

j ,
until saturation kicks in. The optimal L is within those values
of L which are between the smaller and the larger L∗

j , and at
the same time larger than L = Lsat.

VI. NUMERICAL EVALUATION

In this section, we use the mean-field model presented
in this paper to characterize the limit performance (in the
mean-field sense) of an FG system as a function of the
main system parameters, and we assess the model’s accuracy
through detailed simulations.

A. Setup-default configuration

Unless otherwise specified, in our experiments we consider
a square area with a side of 200 m, with a circular RZ
at the center of it, whose radius is 100 m. Nodes have a
transmission range of 5 m (typical of, e.g., Bluetooth devices,
but we will also consider longer ranges), and enough storage
to accommodate an arbitrary number of models. Nodes are
assumed to move at a constant speed of 0.5 m/s (modeling
average pedestrian mobility in crowded areas) or 8 m/s (about
30 km/h, i.e., slow urban vehicular mobility). We assume
a fixed number of nodes (204 is the default value) move
within the area according to the Random Direction Mobility
Model (RDMM [37]), with reflections at the boundary of the
simulated area, generating at any point in time a uniform
spatial node distribution. Such a choice of user density and
RZ size ensures that, for the given transmission radius, at any
point in time, the wireless D2D connectivity among nodes
does not give rise to a single cluster, while the area size and
shape have been chosen to minimize border effects on the
spatial distribution of users. When two nodes are in contact,
the channel data rate is constant and equal to 10 Mb/s.
The default duration of training and merging tasks is 5 s
and 2.5 s, respectively, as when training simple (non-deep)
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Fig. 2: Mean model availability and node stored information in a single-class FG system versus model size L, for different values of node
speed and number of models M . Simulation results (represented by markers) are averages with 95% confidence intervals (reported as vertical
bars, sometimes too short to be visible because confidence intervals are very narrow).
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Fig. 3: Mean model availability and node stored information in a two-class FG system with 5% static nodes versus model size L, for different
values of node speed and number of models M . Simulation results (represented by markers) are averages with 95% confidence intervals.

ML models on small datasets and on devices with modest
computational resources, such as smartphones and IoT devices.
The default maximum age for an observation is 20 minutes,
to model dynamic settings such as theme parks or large open-
air festivals, in which data gets stale relatively quickly. The
default model size is 10 kb (hence, model exchanges require 2
ms), compatible with e.g., simple mobile-based applications,
running on devices that limit computing power and storage
consumed by a single app, not to jeopardize system resources.
Unless otherwise specified, the memory efficiency parameter
k has been set to its highest value (i.e., 1), though we
also explore the impact of lower values of efficiency on FG
performance.
At the beginning of each simulation run, nodes are ran-
domly positioned within the simulated area, and they only
possess default model instances. Simulation time is divided
into equally sized slots, whose duration is chosen in such a
way as to minimize quantization effects on the accuracy of
results. Simulations are run until a steady state is reached, and
the effects of transients are filtered out from the final results.
B. Analysis validation

In a first set of experiments, we assessed the accuracy of
our analytical model by comparing analytical and simulation
results for the mean model availability and the mean number
of observations stored by each node, versus model size.
Fig. 2 refers to an FG system with just one node class, while
in Fig. 3 we consider an FG system with two node classes. In

the latter figure, static nodes are 5% of the total, and in both
figures, the speed of moving nodes can be either 0.5 or 8 m/s,
and the number of models can be either 1 or 3.
As Fig. 2 and 3 show, the estimates derived with our mean-
field approach well match the simulation results across differ-
ent values of node speed, model size, number of models, num-
ber of node classes, and training and merging times, despite
the numerous approximations introduced in the analysis. We
also see that when model size gets close to the maximum that
can be sustained by the system (due to limitations in contact
duration and in channel throughput), our analytical results
yield slightly optimistic results, as the mean-field approach
is less accurate when the population is sparse.
C. One class of nodes

In a second set of experiments, we aimed at a first character-
ization of the main performance patterns of the FG system in a
single-class scenario. Fig. 4a shows the FG learning capacity,
derived from the solution of Problem 1, as a function of per-
model observation generation rate λ. Fig. 4b instead shows
how model availability at capacity evolves as a function of λ.
From the plots on learning capacity, we can see that its value
is closer to one (i.e. to its maximum theoretical value) when
the time taken by an observation to spread among the node
population in the RZ is small compared to the observation
lifetime, and when contact frequency among nodes is high
enough for the observation to spread rapidly to a large fraction
of the nodes in the RZ. Thus, as visible in the plots, at low
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Fig. 4: Learning capacity, mean model availability, mean training and merging delay, and model size at capacity in an FG system versus
per-model observation generation rate, as a function of system parameters. Baseline configuration: Tx radius 5 m; RZ Radius 100 m; Training
time TT = 5 s, Merging time TM = 2.5 s; Node speed v = 0.5 m/s; Memory efficiency k = 1.

learning loads (low values of λ), capacity is larger when the
contact rate among nodes is increased, e.g., when increasing
the transmission range or the speed of nodes. Indeed, this also
increases the model availability at low loads. Capacity at low
loads is also increased when decreasing training and merging
times (green curve in Fig. 4c), as faster training and merging
accelerate the overall process of diffusion of observations.
As the plots show, the smaller is model availability at low λ,
the more learning capacity (and thus the efficiency with which
the FG system can incorporate information) increases when the
observation arrival rate (and thus the amount of information
that needs to be captured) grows. This feature, which we call
recruiting effect, is present because a higher λ leads to a larger
probability that, by arriving at a node with only a default
version of the model, observations turn it into a non-default
model. This effectively increases model availability (as visible
in Fig. 4b), thus facilitating the spreading of observations. Note
that this effect is less pronounced when nodes have a small
sojourn time in the RZ (light blue curve in Fig. 4b with 5 m/s
node speed), and thus have little time to be ”recruited”, or
when model size is such that the time available for exchanges
among nodes becomes the main performance bottleneck of the
system (red dotted curve in Fig. 4b, with k = 100).

These experiments also show that in all configurations,
there are values of learning load beyond which the system
is no longer stable, i.e., it can no longer sustain the demand
for computing (due to training and merging) that the arrival
rate of observations induces. When this happens, a fraction
of the training and merging tasks at each node are never
performed. This is also evident from Fig. 4c, which shows the
training/merging delay as a function of the learning load. As

expected, since merging tasks have priority over training tasks,
the queues that become unstable are those for training tasks.
Note that faster node speeds lead to a higher queue buildup
for training and merging tasks, and thus to an earlier onset
of instability. The plots in Fig. 4c also show that decreasing
training and merging times by a factor of ten relative to their
default values increases the maximum value of the observa-
tion arrival rate beyond which the system is unstable. Not
surprisingly, decreasing those computing times also increases
learning capacity, since it accelerates the diffusion of models
and observations. In addition, these results indicate that the
number of nodes in the RZ plays a crucial role in determining
the maximum learning load that the system can support.
Specifically, the plots show that, keeping node density and
speed constant, a larger RZ area (100 times larger than the
default, as indicated by the dark blue curve in Fig. 4c) does
not lead to a significant increase in capacity at low loads. This
means that the number of nodes in the system does not affect
the effectiveness with which the information is incorporated
into models. However, it increases (by roughly the same factor)
the maximum learning load at which the system is stable. This
means that larger systems have a larger service capacity, as
they can process a larger amount of information per unit time
than smaller systems. Indeed, the arrival rate of training tasks
at a node is proportional to the ratio between the learning load
and the number of nodes in the RZ.
To better understand the interplay between node churn, com-
munication constraints, and capacity, we examined two bound-
ary cases that relax specific assumptions of the general FG
model, illuminating key performance drivers. In a closed
system setup, there is no node churn in the RZ. This eliminates
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a source of random fluctuation in the population of nodes
with a model. Consequently, model availability equals one
and observations achieve full dissemination. As expected, this
amounts to a higher learning capacity of the system even
at low learning loads, as a closed system does not lose the
observations it incorporates in models by having nodes leave
the RZ. However, these results show that the closed system
has the same maximum learning load as open systems, as the
lack of fluctuations does not impact significantly the overall
computing load for nodes in the RZ. Bottom line, a closed
system is more efficient, as it does not need to compensate
for the consequences of node churn on the learning process.
Complementing this, a fully connected setup maintains node
churn but assumes all-to-all connectivity within the RZ. As
a consequence, model availability is one (or very close to
it, as model transfer takes time). This scenario isolates the
impact of opportunistic communications on system perfor-
mance. By eliminating store-carry-and-forward delays and
locality constraints on model diffusion, this case quantifies the
performance gap attributable to D2D opportunistic exchanges
alone. Indeed, model (and observation) diffusion are very fast
compared to the case in which opportunistic communications
are used. Still, at low learning loads, capacity is around 0.8,
which is greater than 0.6 achieved with a tx radius of 5 m, but
still significantly less than one. This highlights the contribution
to model diffusion of the training and merging delays (and of
the fact that exchanges are still in pairs). Moreover, the higher
rates at which models are exchanged increases the computing
load of nodes, and thus the maximum learning load which
the system can support. Thus, this limit case highlights a key
tradeoff in the FG system: when communications are not a
bottleneck, a higher capacity is achieved, but at the expense
of a lower maximum learning load.
In Fig. 4d we plot the ratio between the model size at capacity
over the learning load λ, as a function of learning load.
As the plot shows, as the learning load increases, capacity
is achieved by increasing proportionally the size of models,
by a factor that does not vary while varying learning load
(except when the system is close to saturation, as it may be
expected). That is, when learning load increases, to achieve
capacity, the system adjusts by increasing proportionally the
amount of observations that can be stored in each model. The
constant of proportionality is essentially a function of memory
efficiency k. Indeed, the plot shows that an increase of one
order of magnitude in k brings to an increase of the constant
of proportionality of the same amount.
To characterize the stability region of the system, in Fig. 5

we plot the range of values of load and of number of models
for which the stability condition (1) holds, i.e, for which the
FG system possesses enough service capacity to incorporate
new observations in a timely manner. In the figure, the color
scale corresponds to the value of the argument of (1). Hence,
the yellow area above the isotonic line at value 1 represents
unstable points. The same line also illustrates the tradeoff
between the number of models and the observation generation
rate. In this specific case, the system is stable with at most
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Fig. 5: Stability region boundary (from equation (1)) versus number
of models M , for different values of per-model observation genera-
tion rate λ, for a model size L = 10 kb.
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interarrival time 1/λ, versus per-model observation generation rate λ.
Baseline configuration: Tx radius 5 m; RZ Radius 100 m; Training
time TT = 5 s, Merging time TM = 2.5 s; Node speed v = 0.5 m/s;
Memory efficiency k = 1, model size L = 10 kb.

about 40 models with a per-model observation generation rate
of one every 100 seconds, but also with just one model whose
observations can be generated as frequently as about 25 times
per second, which is a rate suitable to capture a video. From
Fig. 5, it emerges that for values of per-model observation
generation rate which are small with respect to observation
lifetime, the queue of merging tasks is essentially determined
by the rate at which nodes come in contact.
When the observation generation rate increases, the system
performance is progressively more dependent on the maximum
computing load that each node can support. Clearly, in this
regime, an increase in the number of models entails not only
an increase in the overall observation arrival rate but also in the
training load. Thus, the higher the λ, the lower the maximum
number of models the system can support. This is coherent
with the results for training and merging delay (Fig. 4c) that
show that instability is driven by the queue for training tasks.
Note that discontinuities in the plot are due to quantization in
the number of models.
Another key indicator of the performance of an FG system
is mean model staleness, which is related to the speed at
which observations arriving in the system are incorporated
into a model. As it is expected that model staleness decreases
with increasing learning load, in Fig. 6 we plotted the ratio
between model staleness and mean observation interarrival
time, as a function of per-model observation generation rate.
As the plot shows, the two quantities (respectively, staleness
and mean observation interarrival time) are not directly pro-
portional. Rather, model staleness decreases more slowly than
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model interarrival time. This is because, by increasing the
learning load, the time taken to process and incorporate a
new observation increases, due to longer training and merging
delays, which also affect the time taken by each observation
to spread. As expected, when the size of the RZ is larger,
model staleness is larger too, as the curve for a RZ radius
of 1000 m suggests. In all configurations, we also observe
that the slope of the staleness-interarrival ratio varies with λ,
with this effect being more pronounced for the configuration
with RZ radius equal to 1000 m. Such a behavior is because,
at each node, the mean model staleness is the minimum
between two components. The first ”exogenous” component
is the minimum age of observations derived from other nodes
(and incorporated through merging). The second component
is ”endogenous”, i.e., due to observations arriving at the node
(and incorporated through training). Thus, the varying slope
is due to the interplay between these two components, whose
value decreases with λ at different speeds. In particular, if
N denotes the mean number of users in the RZ, the mean
age of the most recent observation incorporated by training
at a node is N/λ. Instead, the exogenous component depends
on how effectively model instances spread. For large values
of RZ radius, the exogenous component is very large, due
to the longer time taken by the observation to diffuse. Thus,
the peak happens because the endogenous component becomes
dominant and drastically lower than the exogenous one, at least
for a given interval of values of λ. Then, by further increasing
λ, the exogenous component becomes again smaller than the
endogenous component.

D. Two classes of nodes

To further the characterization of the main performance
patterns of FG, in another set of experiments, we consid-
ered a scenario with two different classes of nodes, each
characterized by a different mobility pattern. Specifically, we
investigated the case in which a fraction of the nodes in the
system is static, and deployed uniformly at random within the
RZ. This configuration models settings in which static devices
play the role of dedicated internal infrastructure, aiming at
integrating the service capacity of the system in a way that
does not depend on mobility patterns (as is the case with
moving nodes) and which is thus expected to be more reliable.
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Fig. 8: Capacity vs fraction of static nodes, for different system
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observation generation rate λ = 10 s−1.

In Fig. 3 we have plotted the mean model availability and mean
node stored information for both static and moving nodes, in
three different configurations, for a setting where 5% of the
nodes are static. These results show that our analysis achieves
good accuracy in a variety of scenarios and configurations.
As the plots show, while the parameters of moving nodes (in
terms of model availability and node stored information) are
substantially unaltered by the presence of static nodes, those
of static nodes exhibit a model availability equal to one, and a
node stored information generally larger than that of moving
nodes. These properties hold because there are no ”clean-slate”
static nodes (i.e., nodes with only the default model) in the
system, except (possibly) at FG bootstrap time. Instead, due to
churn in the population of moving nodes inside the RZ, at any
time instant, a fraction of the moving node population in the
RZ is constituted by nodes that just entered, and thus possess
only the default version of each model.

Another key impact that the presence of static nodes has
on an FG system is relative to the stability region of the
system. Fig. 7 shows the maximum total learning load, i.e.,
the values of the product of the per-model observation arrival
rate and the number of models trained, beyond which the FG
system is unstable. These plots show that in all configurations,
an increase in the number of models leads to a decrease
in the maximum total learning load. This is expected, as
splitting the same learning load among many models increases
proportionally both the number of model instances exchanged
at each contact and the number of merging tasks at each node.
These results also show that when there is a single model in
the system, the maximum total learning load is not impacted
by the fraction of static nodes. However, when increasing the
number of models, the effect of the increase in the mean
amount of merging tasks at each node becomes progressively
more evident, and it is different according to the fraction
of static nodes in the system. Specifically, a higher fraction
of static nodes makes the system able to support a larger
amount of total learning load, because of the lower contact
rate that static nodes induce, thus lowering the overall arrival
rate of merging tasks at static nodes. The configurations with
a fraction of static nodes lower than 50% have a maximum
number of models they can support, determined by the load
on the queue of merging tasks. However, when the fraction
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Fig. 9: Ratio of the per-model stored information versus the mean amount of information which can be incorporated by training in a model
instance, as a function of the total learning load and of the number of models, for the case with only moving nodes and with 90% static
nodes, for a model size L = 10 kb.

of static nodes is very high, at high values of the number
of models, the system increases its maximum training load
when the number of models increases. This happens because
the queue for merging tasks hits an upper bound due to the
duration of contacts among nodes, which limits the number
of instances exchanged and thus merged. For high values of
the number of models and of the fraction of static nodes,
models are not exchanged effectively anymore, the few models
received contain no new observations, and the computing load
at each node is almost exclusively due to training tasks. This
is visible in Fig. 9, which shows, for both the setup with
no static nodes and that with 90% static nodes, the ratio
between the mean amount of observations stored in a model
instance and the mean amount of observations which can be
incorporated by training at that model instance. This latter
quantity is the mean amount of information that is incorporated
in a model instance when nodes train it in isolation. Thus, the
figure shows that despite increasing the fraction of static nodes
expands the stability region of the FG system by allowing
the training in parallel of a larger number of models, when
the number of models is large, the FG cooperative training
approach gradually worsens its performance. That is, despite
in these setups the system is stable and somehow managing
to incorporate almost every arriving observation, every ob-
servation is incorporated in at most a single model instance.
As model instances get exchanged less and less effectively,
the more models are in the system, when the fraction of
static nodes takes high values, the system progressively shifts
towards a regime in which each node trains its model based
mainly on its data, in isolation from other nodes. As Fig. 8
suggests, in addition to expanding the stability region of an
FG system, the presence of static nodes in the RZ increases
the system’s capacity in all of the considered setups. This is a
direct consequence of the fact that static nodes have on average
longer contact durations, and model availability equal to one.
As both these factors, as seen in Fig. 3, bring to a larger node
stored information, they also contribute to a larger capacity.
The marginal increase in capacity is larger for scenarios with
larger node speed, as static nodes mitigate the volatility in
the population of nodes with models within the RZ due to
mobility. The marginal increase is also significant for the

configuration with a 20 m transmission radius, as static nodes
tend to form stable node clusters, enhancing the system’s
ability to incorporate and share observations effectively.
The light blue broken line reports the impact of a very large
overhead for the exchange of metadata (100 kb of metadata for
models whose size is 10 kb). This curve proves that even with
such an extreme amount of overhead, the loss in performance
is not very large. With small fractions of static nodes, capacity
decreases by about 20%, and with large fractions of static
nodes (above 10%) the performance loss is below 10%. To
evaluate the impact of the use of lossy data structures (e.g.,
hashes, Bloom filters) to encode the metadata, we have run a
set of experiments assuming a probability of missed exchanges
due to these losses. The red dashed line in Fig. 8 shows that
by assuming a very high missed exchange probability (equal
to 0.3), the capacity loss does not grow larger than about 20%,
for all fractions of static nodes. This is an indication of the fact
that the impact of lossy data structures and overhead in data
transmission is low, and it can be neglected when metadata
overhead is not larger than model size, and loss probabilities
are of the order of a few percentage points.
Finally, we have analyzed the impact on staleness of the
percentage of static nodes, for the same settings considered in
Fig. 8. In all cases, increasing the fraction of static nodes from
10−2 to 0.9 brings to a steady but slight decrease in model
staleness. This suggests that the presence of a population of
static nodes does not accelerate significantly the process of
diffusion of trained models. These results highlight key trade-
offs: higher node speeds accelerate model diffusion (reducing
staleness) but increase training/merging delays and reduce
stability margins due to more frequent churn. Similarly, larger
RZ sizes scale capacity proportionally to node count but
worsen staleness as diffusion times grow. Static nodes expand
stability regions and capacity (especially at a high number of
models) yet yield diminishing returns on staleness reduction
(about 5% improvement).

VII. CONCLUSIONS

In this paper, we propose an analytical framework to char-
acterize the limit performance of Floating Gossip, a fully
distributed learning scheme for the collaborative continual
training of ML models stored by mobile users. Our study
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shows that Floating Gossip can be very effective in imple-
menting opportunistic, fully distributed, privacy-preserving,
training, and updating of ML models in a cooperative manner.
Unlike centralized training schemes, whose performance is
heavily degraded by node churn and mobility, gossip-based
schemes have proven to be robust against those factors and
to depend heavily on nodes’ ability to harvest data about the
environment in which they operate. We have investigated the
impact of infrastructure support to FG in the form of static
nodes, and we have shown that they help improve performance
both in terms of the number of data points incorporated in the
trained models and in the maximum total number of models
that an FG system can train in parallel.
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