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Abstract

Federated learning enables distributed devices to train a shared model without transmitting raw data to a central server. In real-
world networks, devices intermittently disconnect and reconnect in bursts. When a device returns after a prolonged offline period,
its update is computed from an outdated global model; such stale updates introduce noise, increase gradient variance, and slow
convergence. Existing client selection methods either ignore staleness or address it post hoc through aggregation, and therefore fail
to jointly optimize staleness and bursty connectivity. This paper proposes SAB-Select, a client selection method that scores each
client using three signals: staleness, burst availability, and gradient diversity. Theoretical convergence analysis demonstrates that
SAB-Select reduces the number of rounds required to reach a target accuracy. This paper also introduces an optional audit log for
accountability, which can be instantiated as a signed append-only log or as a permissioned blockchain ledger. Experiments on
MNIST and Fashion-MNIST demonstrate that SAB-Select reaches 85% accuracy faster (7 vs. 12 rounds), reduces average
staleness, and maintains fairness comparable to the baselines. A cost-based analysis (communication bytes and time proxy) further
demonstrates that faster convergence translates into reduced bandwidth and latency requirements for reaching the target accuracy.
The results demonstrate that staleness-aware client selection provides a practical, theoretically grounded solution for federated
learning on realistic edge networks.
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1. Introduction

Federated learning (FL) has emerged as a transformative paradigm for privacy-preserving machine learning
across distributed edge devices (Bonawitz et al., 2019; Cho et al., 2022). FL. was originally developed by
Google to train keyboard prediction models on millions of mobile phones without centralizing sensitive
user data. It now enables large-scale collaborative learning while preserving data privacy (Li et al., 2020).
Applications include distributed clinical analytics for healthcare, collaborative perception for autonomous
vehicles, and Internet of Things (IoT) networks in which centralizing data may be infeasible or legally
restricted. In a classical federated setting, a central server maintains a global model and iteratively improves
it by sampling a subset of edge devices (clients), transmitting the current model to selected clients, requiring
those clients to train on their private local data for one or more local epochs, collecting model updates, and
averaging those updates to produce a new global model. This approach preserves privacy by ensuring that
raw data remains on devices while supporting collaborative learning.

However, practical deployments in real-world edge networks face a critical mismatch between the idealized
FL model and real-world communication constraints. Real edge networks exhibit connectivity patterns that
differ from classical FL assumptions because they are intermittent and bursty. This pattern is particularly
prominent in mobile and wireless environments, where devices may be available briefly before remaining
disconnected for extended periods (Marinakis and Anagnostopoulos, 2019; Toorchi et al., 2024). For
example, a smartphone may synchronize FL updates only while charging on home Wi-Fi, and an
autonomous vehicle may communicate only near 5G-covered highways, thereby producing short, intense
bursts of connectivity (Toorchi et al., 2024; Xie et al., 2020). Similarly, agricultural and satellite IoT devices
report data during predictable but sporadic windows (Toorchi et al., 2024; Xie et al., 2020). Such
connectivity is termed bursty because it contains short availability windows (e.g., 3-5 minutes), long
intervals between bursts (e.g., hours or days offline), and predictable yet time-varying structure rather than
uniformly random arrivals.

When clients reconnect after prolonged offline periods, their updates are stale because they are computed
using an older global model. This increases gradient variance, induces drift, and slows convergence (Li et
al., 2020; Toorchi et al., 2024). For example, if a client has been offline for 20 rounds while 20 model
updates have occurred on the server, the reconnecting client downloads the round-20 model, trains for one
local epoch, and uploads a gradient computed from round-20 weights. When the server combines this stale
update with fresh gradients from clients that trained on the current model, the stale update introduces
substantial noise, elevates variance, and slows convergence toward the target accuracy. Prior work
addresses staleness post hoc through adaptive aggregation rules in asynchronous FL (Banno et al., 2024;
Xie et al., 2020). However, existing client-selection techniques focus on gradient similarity, resource
availability, or fairness, and do not treat staleness as a central selection factor (Nishio and Yonetani, 2019;
Fu et al., 2023). No previous research has simultaneously optimized client selection for both staleness and
bursty connectivity patterns. This gap is the principal problem addressed in this paper.

Under real-world deployment conditions, existing client-selection strategies in federated learning have
major limitations. Existing methodologies either assume synchronous participation, requiring all clients to
be present in each round, which is impractical, or simulate gradual asynchronous arrivals using smooth
Poisson rates, thereby overlooking burst clustering. Recent research on client selection (Lai et al., 2021;
Sun and Chen, 2022) concentrates on energy constraints and data heterogeneity while overlooking temporal
fluctuations in intermittent connectivity and the accumulation of staleness. Distributed client-selection
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methods propose hierarchical or decentralized approaches but still lack explicit staleness awareness (Xu et
al., 2024). Survey papers thoroughly investigate client-selection methodologies while identifying staleness-
aware selection under bursty patterns as an unresolved research challenge. This study contends that explicit
staleness-aware client selection, recent-participation preference, burst-availability prediction, and gradient
diversity can substantially improve model accuracy and mitigate staleness under bursty connectivity.

In addition to the algorithmic challenges introduced by bursty connectivity, real-world FL deployments in
sensitive domains such as healthcare and finance impose an additional requirement: they must be
transparent and reproducible. Traditional FL lacks a reliable audit trail addressing the following questions:

Which clients contributed to the final model? Can the system verify that the devices reported to have
submitted updates actually did so? How can the learning history be examined retrospectively? Real-world
FL deployments therefore require accountability. Stakeholders may inquire which clients were selected and
whether a given update was received. A simple local log is insufficient if the log owner can subsequently
modify it. This paper therefore introduces a tamper-evident audit log as a supporting layer. The audit log
records the selection decision and a hash of each received update, supporting subsequent verification by
operators, auditors, or regulators. The audit log is optional and does not modify the SAB-Select scoring or
convergence analysis. This paper presents one instantiation using a permissioned blockchain smart contract;
a signed append-only log can also be used when a trusted log operator is available.

This paper makes five contributions. First, it formally models bursty connectivity patterns in federated
learning and formulates the joint optimization problem: selecting clients to reduce convergence loss under
burst arrivals and staleness constraints, thereby connecting connectivity modeling with client-selection
strategy design (Khan et al., 2025).

Second, it proposes SAB-Select (Staleness-Aware Burst-adaptive Selection), a lightweight client-selection
algorithm that combines a staleness penalty (preferring clients whose last participation was recent), burst-
probability estimation (predicting the likelihood that each client remains online long enough for
aggregation), and gradient diversity (encouraging selection of clients with diverse gradients). The algorithm
is fully online, adapts to changing network conditions, and has O(K log K) complexity per round.

Third, it provides convergence analysis demonstrating that SAB-Select reduces the number of rounds
required to reach target accuracy compared with staleness-agnostic selection, grounded in federated
optimization theory.

Fourth, it defines a lightweight, tamper-evident audit log for client selection and update reception, and
implements it using a permissioned blockchain smart contract as one practical option.

Fifth, it conducts experiments on the MNIST dataset with non-IID data distribution across 10 clients under
simulated bursty connectivity. The results demonstrate that SAB-Select reaches 85% target accuracy in 7
communication rounds, whereas greedy and random baselines require 12 rounds, corresponding to a 41.7%
speedup. This speedup involves a strategic trade-off: final test accuracy after extended training is marginally
lower for SAB-Select (0.9577) than for baselines (e.g., 0.9687 for random), but the method is optimized
for practical edge scenarios in which rapid model improvement is paramount and prolonged training is
infeasible. In these settings, achieving a usable model quickly and minimizing staleness is more valuable
than marginal accuracy gains that require substantially more communication rounds. SAB-Select achieves
2.51 rounds average staleness compared with 2.64 for both baselines, demonstrating that staleness-aware
selection reduces update staleness under bursty connectivity. The method maintains fairness with low
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participation variance and incurs blockchain audit overhead below 1% of total training time.

This work is positioned at the intersection of three research streams. In client selection for FL, prior work
(FedCS variants and gradient-based methods) selects clients based on similarity or resource availability; in
contrast, this study jointly considers staleness and bursty patterns in selection. In asynchronous FL with
staleness, prior work (FedSA and semi-asynchronous approaches) designs aggregation rules that account
for staleness; this study complements such work by optimizing client selection upfront and avoiding the
selection of stale updates. In connected systems, recent work addresses vehicular networks (Lee et al.,
2024), 5G deployment, and heterogeneous edge systems but lacks explicit bursty-pattern handling.
Additionally, this work connects to research on system heterogeneity and fairness, non-I1ID data challenges
(Ma et al., 2022), and communication efficiency (Konecn et al., 2016).

As summarized in Table 1, prior approaches typically address either (i) straggler, latency, or resource issues
or (ii) staleness at aggregation time, but they do not jointly optimize client selection for both staleness and

bursty connectivity. SAB-Select addresses this gap through a unified scoring rule.

Table 1. Comparison of client-selection approaches for staleness and bursty connectivity.

Approach FL setting sCellfclgon Staleness-aware E\lrl;isl;};,/ili ty-aware How it works (brief)
Composite score combines staleness penalty,
SAB-Select (ours) | Sync Yes Yes (selection) Yes burst-availability  probability, and gradient
diversity.
FedCS-style Selects clients using estimated training and
resource-aware Sync Yes No Partial communication time plus resource availability to
selection meet round deadlines.
girril(ﬁzgtt-y-base q Sync Yes No No Chopses .clienFs qsing gradient similarity, utility,
. or diversity criteria.
selection
Staleness-aware . .
async aggregation gesr}r]lrilf:;sync Optional Yes (aggregation) | No ;Zleel ft?cil iosrncf)‘ltlfgiimuip;i?it?cs)irl:t}lly staleness; client
(e.g., FedSA-type) )
Semi-
asynchronous FL . Yes/ . Aggregates updates within a deadline or staleness
(dZadline/bounded Semi-async Optional Yes (bounded) Partial bogugndégdoes r?ot explicitly model burst clustering.
staleness)

The paper focuses on cross-device federated learning, synchronous aggregation, and a non-adversarial
learning setting. Honest clients and the absence of Byzantine faults are assumed in the learning process.
Privacy attacks, secure aggregation, and Byzantine-robust aggregation are not addressed, as these issues
are orthogonal to client selection. Separately, a limited audit adversary is considered. The audit log operator
is assumed to potentially attempt to modify, delete, or equivocate the audit history. The audit layer is
designed to make such tampering detectable.

The remainder of this paper is organized as follows. Section 2 presents the system model and the SAB-
Select method, together with the main analysis. Section 3 reports the experimental setup and results. Section
4 concludes the paper and outlines future work.

2. Methodology

2.1 System Model and Problem Formulation

The FL environment is first modeled under realistic bursty connectivity constraints. Consider a federated
learning system with a server S and N clients {Cj, ..., Cy}. Client C; has a local dataset D;. At round ¢, the
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server stores the global model weights wt. In each round, the server selects K available clients, where K <
N. Let the selected set be St. Each selected client downloads w, trains for E local epochs, and returns an
update Af. The server aggregates the received updates using FedAvg to produce w1,

Unlike traditional federated learning assumptions that presume either synchronous participation (all clients
available each round) or smooth asynchronous arrivals (Poisson-distributed random availability), real edge
networks exhibit fundamentally different connectivity patterns characterized by bursty, intermittent
behavior. Client C;s connectivity is modeled as a two-state Markov chain in which clients transition
between online (available) and offline (unavailable) states. In the online state O, the client can participate
in model training and aggregation. In the offline state F, the client is unavailable and cannot be selected.
Transitions between states occur based on connectivity dynamics specific to each client's environment.

2.1.1 Staleness

The staleness of client C; at round ¢ represents the number of communication rounds elapsed since the client
last participated in model aggregation:

st =t —thst (1)

where, t;(last) is the most recent round when client C; joined aggregation.

When client C; participates at round ¢, set sf = 0. Otherwise, sf increases by 1 in each round. When a
client participates in round ¢, its staleness is reset to sf™! = 0. For non-participating clients, staleness
increments as sf** = st + 1. As shown in Equation (1), staleness quantifies how outdated a client's model
update is relative to the current global model. When staleness is high (i.e., the client has been offline for
. _ ot
many rounds), the client's model parameters w; are based on an older global model w5,
This temporal mismatch between the client's training objective and the server's current objective creates
gradient drift. When the stale update is aggregated with fresh updates from recently participating clients,
the stale gradient contributes noise that increases overall gradient variance, thereby slowing convergence

and degrading model quality.

2.1.2 Bursty Connectivity Model
Client C/'s availability follows a two-state Markov chain. Let B; denote the mean inter-burst interval (time
between consecutive burst windows) and z; denote the mean burst duration for client C;. The online
probability in round 7 is estimated as:

t
ot = @)

t t
T;+B;

The inter-burst interval B; and burst duration 7; are maintained via exponential moving average (EMA)
estimates that adapt online as connectivity patterns are observed. Specifically, the EMA of the inter-burst
interval is updated as:

Bf = (1—-a)B ! + oB! 3)

and the EMA of burst duration as:
t=01-ati ! +att €))

with learning rate « = 0.1.
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As shown in Equations (3) and (4), this online adaptation allows the algorithm to respond to changing
network conditions without requiring historical connectivity traces. The two-state Markov model with these
exponential moving averages captures realistic burst patterns: Devices cluster their availability into
concentrated windows (burst duration 7;) followed by extended offline periods (inter-burst interval B;),
unlike memoryless Poisson processes assumed in prior work.

2.1.3 Problem Statement

Given N clients with heterogeneous bursty connectivity patterns, the central server must select at each round
t a subset S¢ € 1,2,..., N with cardinality |S;| = K from currently available clients to optimize 3
objectives:

Objective 1 (Convergence Speed): Minimize the number of rounds Tigyge; required to achieve target
accuracy &:
Ttarger = min{t | Acc(w®) > € %)

Objective 2 (Staleness Minimization): Minimize the time-averaged staleness:

_ 1
s = WZL Z?I=15it (6)

Objective 3 (Fairness): Ensure balanced participation:
F =Var(ci,cj,...,cx) ™

where, p; = Y1_, 1[i € S;] is the participation count for client i.

The challenge, as formalized in Equations (5)-(7), is that these three objectives are interdependent and
potentially conflicting. Prioritizing only staleness may starve bursty clients through repeated selection of
the same fresh clients. Prioritizing fairness may select clients whose updates are less useful for the current
round. The SAB-Select algorithm uses a principled composite scoring function to reconcile these competing
objectives.

Objective 4 (System Cost):
Minimize the system cost required to reach a target accuracy. Cost per communication round is modeled
because edge training is often constrained by network time, data usage, and battery drain.

Let S; be the set of selected clients in round ¢. Let M be the model size in bytes (the payload sent from
server to client, and also returned as an update). A simple communication model is:

CommBytes(t) = Yies,(Maown + Myp) = 2|S¢|M.

If the uplink and downlink rates for client i are b;¥ and bZ°¥™ (bytes/s), then the communication latency

in round 7 is:
. M down M,
CommTime(t) = Zi65t< down blfl';).

down
b i i

An energy proxy that scales with transmitted bytes is also defined:
CommEnergy(t) = ZiESt(edown * Mgown + €up Mup)-

where, e,, and eg4,y, are energy-per-byte factors that depend on the device and radio. These proxies are
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emphasized because they are the primary drivers in edge settings and can be compared across selection
policies.

For a target accuracy ¢, let T, be the number of rounds required to reach ¢. The total cost required to reach
€ 1s:
TotalCost(s) = 2:11 Cost(t) ®)

where, Cost can be CommBytes, CommTime, or CommEnergy. This formulation determines when faster
convergence is preferable under practical resource budgets.

2.2 SAB-Select Algorithm and Convergence Analysis

The SAB-Select algorithm addresses the multi-objective problem through a composite scoring function that
evaluates each client across three distinct but complementary criteria. The algorithm computes a score for
each available client C; in every round as follows:

SCOT'eit = fstate (Slt) + Bfpurse (L) + Yfaiw (i, 1) 9

where, Equation (9) combines three terms: the staleness penalty fgiq10, burst availability fp,,-s¢, and
gradient diversity fy;,,, with weightsa + 8 + y = 1.

Component 1: Staleness Penalty Function.
The staleness penalty directly penalizes clients with high staleness, increasing the likelihood that recently

participating clients will be selected:
t

fstale(sit) = e (10)

As shown in Equation (10), this function maps staleness values to the interval [0, 1]. When sf = 0 (i.e., the
client participated immediately in the preceding round), f;q4;. = 1.0, which gives the maximum score. As
staleness increases, the function decays exponentially: fsq1e (1) = 0.5, fstaie(2) = 0.33, thereby strongly
preferring low-staleness clients while still gradually considering older clients for fairness.

Component 2: Burst Availability Term.
The burst availability term predicts whether client C; will remain online long enough for the server to
complete aggregation:

a0, = (n

For offline clients in Equation (11), the EMA estimate hatB} (maintained via Equations (3) and (4))
estimates the probability of becoming available soon. Clients with frequent bursts (smallhatBl-t ) receive
higher burst scores, whereas clients with infrequent connectivity (largehatBit ) receive lower scores. For

online clients, f;,,s; = 1.0 indicates maximum confidence that they will remain available through
aggregation.

Component 3: Gradient Diversity Term.
The gradient diversity term encourages selection of clients whose updates are orthogonal to recently
selected clients:

faiw(i,t) = 1 — max (cos(gf,g;™")) (12)
JESt—1
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In Equation (12), sim(git, gjt) represents cosine similarity between gradient vectors. In practice, diversity

is approximated using recent training-loss reduction rates as a proxy, or uniform randomization is used
faiv(i,t) € [0.7,1.0] to conservatively encourage stochastic diversity exploration.

With default weights o = 0.5, f= 0.3, and y = 0.2, which prioritize staleness reduction, the algorithm selects
the K clients with the highest composite scores from Equation (9) in each round. These values are retained
as defaults, and a sensitivity study is reported in Section 3.8.

2.2.1 Algorithm Overview
The SAB-Select procedure operates as follows:

(1) Maintain burst statistics hatBf and hatt! for each client via Equations (3) and (4).

(2) For all available clients, compute component scores via Equations (10)-(12) and combine them via
Equation (9).

(3) Sort clients by score in descending order and select the top K.

(4) Mark selected clients' staleness as sf*! = 0; increment staleness for non-selected as sf*! = sf + 1.

(5) Append an audit record to a tamper-evident log, implemented as either a signed append-only log or a
permissioned blockchain ledger.

2.2.2 Convergence Analysis
Let the global objective be F(w) = ;-1 yDpiF;(w), where p; = 0 and )}; p; = 1. At communication round

t, the server selects a subset S; of K clients using SAB-Select and aggregates their updates.

The effect of staleness is analyzed through an explicit drift/variance term induced by client updates
computed on delayed model parameters. For clarity, the assumptions used throughout the analysis are stated
below.

Assumptions:
(A1) Smoothness and (optional) strong convexity: F' is L-smooth; when stated, F is p-strongly convex

(1> 0).

(A2) Unbiased stochastic gradients with bounded variance: for each client i and any w,
2
E[gi(w)] = VF;(w) and E [|lg:(w) — VE:w)I[| < o2,

IVF;(w)l| < G.

(A4) Bounded staleness: the staleness of any selected client satisfies 0 < sf < S0

(A3) Bounded gradient norm: for all i and w,

(AS5) Bounded per-round update magnitude: there exists Ay,qy such that ||[wttt — wt|| < A g, for all
(e.g., ensured by a bounded step size and (A3)).

Define the average selected staleness at round ¢ as §; = (1/K )Ziestsl-t and its second moment as
v = (1/K)Zies, (sf )2. SAB-Select explicitly penalizes stale clients through the term fiq5¢(sf) (Equation

(9)), so in expectation it reduces both E[$;] and E[v,] relative to staleness-agnostic selection under the
same availability process.
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Let 7 be the server learning rate (applied to the aggregated direction) and define 7, as the effective round
step size after local computation (e.g., nerr =1 - E -y for E local SGD steps with step size y, or simply
Ness = for one-step local updates). The analysis below holds for any 7, consistent with the actual update
rule.

Theorem 1 (Convergence with Bounded Staleness).

Under Assumptions (A1)—~(A5), consider the server iterate sequence w produced by federated averaging
with K selected clients per round. Let w* be a minimizer of F. For any constant n,s € (0,1/L], the
expected optimality gap satisfies,

2
E[FW™Y) = F*1< (1= nepp) - EIF W) = F*1+ C1nlpp - 2+ C2 - mipp - L7 - Mgy - E[v] (13)

where, C1 and C2 are absolute constants arising from the smoothness-based descent inequality (e.g., C1 =
L/2 and C2 = 1/2 for a standard derivation). Importantly, the staleness enters through the explicit factor

E[ve] = E[(3) Zies, (s5)].

Round complexity implication. If SAB-Select enforces a uniform bound E[v;] < ¥ for all ¢, then the
recursion in (13) yields

(C1-ngrr-02) (C2-mppp- L2+ Ay - D)

E[FW™) —F 1< (1—p-ngp) - (Fw®) — F*) + WK M

Thus, for any target ¢ larger than the (variance + staleness) error floor, the number of rounds sufficient to
reach ¢ satisfies

(Fw®) = F)

—— | - log — .
(u- Nefr )> e _ (c1 ‘MNesr - a?) _ (c2- Nesr - L7+ A - 7)
u-K u

T(e) = <

Since SAB-Select is designed to reduce v by preferring clients with smaller staleness, the staleness-
dependent term (C2 - Ngff - L% - A2, - ¥)/u decreases, which in turn reduces the required number of
communication rounds to reach a fixed .

2.2.3 Proof Outline (Full Derivation in Appendix A)

This proof outline follows a standard smoothness-based descent argument with an explicit decomposition
of the error introduced by stale client updates. For completeness, Appendix A provides a step-by-step
derivation of the recursion in Equation (13), including explicit constant choices under the stated
assumptions.

Step 1 (One-step descent). Assume F is L-smooth. With the server update w'tl = wt — ngt, the standard
smoothness bound for F(wt*?1) is applied.

Step 2 (Split the Direction). Write the aggregated direction as the sum of two parts: (1) random sampling
noise and (2) drift caused by stale models. This decomposition identifies where staleness affects
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convergence. Write g; = (1/K)Zes, g; (Wt'sit) and add/subtract VF(w®):g, = VF(w?) + & + 4, ,
where, &, is the zero-mean stochastic noise and 4, is the staleness-induced drift.

Step 3 (Bounding the staleness drift). Using Lipschitz gradients, for each selected client i:
||VFi(Wt_S) - VFi(Wt)” <L- ||Wt_s - thl <L-s-Amax.

Squaring and averaging over i € S, yields a bound of order L? - A% ,, - v, on the second moment of the
drift term. This provides an explicit mechanism by which staleness inflates the effective gradient
noise/variance.

Step 4 (Combining the Terms). Taking expectations conditioned on the current iterate, using Assumption
(A2) for the stochastic noise, and applying the strong-convexity inequality leads to the recursion in Equation
(13), where the sampling/SGD-noise term and the staleness-drift term appear explicitly.

Step 5 (Why SAB-Select helps). Because SAB-Select penalizes stale clients through fgqe (sf ) and selects
K clients with smaller staleness moments, it reduces E[v;] (and therefore V). The recursion then yields a

smaller staleness-dependent error term and fewer rounds to reach a fixed ¢ above the error floor.

Figure 1 illustrates a single communication round under the proposed SAB-Select policy, including client
scoring, selection, local training, aggregation, and audit logging workflow.

Burst Duration

Round Calculation FedAvg Model
Initialization Top-K Selection Aggregation Assessment
Server updates
Server broadcasts burst durations for Server sorts clients Server aggregates Server evaluates
round $t$ and available clients by score and selects client updates using accuracy of
model to clients using Eg. 3-4 top-$KS$ for training FedAvg aggregated model

s 8

&

N

g M o= B =

Client Status Client Scoring Selected Clients Audit Trail Accuracy Check
Update Train
Server computes Server logs Server checks if
All clients report scores for available Selected clients aggregation results accuracy meets
their online/offline clients using Eq. 8- download model, to blockehain for target; if yes,
status to the server 1 train locally, and auditability outputs final model;
upload updates if no, increments
round and loops
back

Figure 1. Single communication round under the SAB-Select policy.

2.3 System Architecture and Experimental Methodology
The SAB-Select system comprises four layers:

(1) Client Layer: Edge devices with local data that execute local training.
(2) Selection Layer: Server-side SAB-Select scoring and ranking using Equations (9)-(12) to identify the
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top K clients.

(3) Aggregation Layer: FedAvg weighted averaging of received updates to form wt+?,

(4) Audit Layer (optional): Tamper-evident logging of client selections and update receipts. This layer can
be implemented as a signed append-only log or a permissioned blockchain ledger.

Each round, the system executes the following sequence: (a) connectivity reporting, in which all clients
send online/offline status; (b) burst-statistics update via Equations (3) and (4); (c) score computation via
Equations (9)-(12) for available clients; (d) selection of the top K clients by Equation (9); (e) local training
on selected clients; (f) aggregation on the server; (g) audit logging of ClientID, round #, gradient hash,
timestamp, and ECDSA signature; and (h) accuracy evaluation.

The four-layer system architecture of the proposed federated learning framework, comprising the Client,
Selection, Aggregation, and Audit layers, is shown in Figure 2.

Selection Layer

Edge Clients

Distributed devices
contributing data and

learning locally.

Central Server

The core of the
system, managing
selection,
aggregation, and
auditing.

Chooses clients for
participation based on
their status.

Combines local
models into a global
model.

Audit Layer

Ensures data integrity
and security using

blockechain.

D

Figure 2. System architecture.

2.3.1 Experimental Setup

SAB-Select is validated via controlled simulations on MNIST (60,000 training samples, 10,000 test
samples, 10 classes) with non-IID data distribution (Dirichlet parameter a = 0.1, high heterogeneity) and
Fashion-MNIST for generalization. The evaluation is intended as a controlled, small-scale study to isolate
the effect of the proposed client-selection policy under a fixed aggregation rule (FedAvg). It focuses on a
10-client setting with MNIST/Fashion-MNIST and a stylized bursty connectivity simulator to enable
repeatable comparisons across selection strategies. Staleness-aware/asynchronous aggregation baselines
and larger-scale client populations are complementary directions and are left for future work. Simulations
comprise:

e Clients: N = 10 edge clients with heterogeneous datasets.

e Bursty connectivity: Simulated via two-state Markov chain per client with arrival rate 2 € [0.1,0.5]
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(probability of coming online per round) and mean burst duration 7 € [2, 8] rounds.

e Model: 3-layer Convolutional Neural Network (CNN) (32 -> 64 -> 128 channels, FC layer). This
model is compact and efficient. Small CNNs are commonly used on edge devices because they require
less memory and operate with low latency.

e Hyperparameters: Learning rate = 0.01, local epochs £ = 1, batch size B = 32.

o Baselines:
(1) Random Selection (uniformly sampling K available clients per round),
(2) Greedy Selection (selecting all K available clients whenever possible), and
(3) SAB-Select (proposed, weights « = 0.5, § = 0.3, y = 0.2). These weights emphasize staleness
reduction, and alternative values are evaluated in Section 3.8.

e Metrics:
1) Rounds to 85% accuracy (convergence speed).
2) Final test accuracy after 100 rounds (peak accuracy under long training).
3) Average staleness (time-averaged staleness as defined earlier).
4) Participation fairness (standard deviation of client participation counts).
5) Total communication to reach 85% (bytes):
TotalBytes(85%) =~ 2-K - M - Tgs.

where, K is the number of selected clients per round, M is model size (bytes), and Tgs is rounds to
85%. Unless stated otherwise, K = 5.
6) Total communication time to reach 85% (seconds):

TotalTime(85%) = Zf‘f’l CommTime(t).
If per-round rates are unknown, a normalized time proxy proportional to Tgs is also reported.
7) Energy proxy to reach 85% (optional):

TotalEnergy(85%) = Zf‘fl CommEnergy(t).
This is reported as a relative value across methods using the same e,,;, and egoyn.

2.3.2 Experimental Procedure
For every selection policy, the experimental procedure is as follows:

(1) Initialize the global model w® with random weights.

(2) Fort = 1toT = 100 rounds, (a) simulate changes in client connectivity using a Markov chain, (b)
apply the selection policy, namely random, greedy, or SAB-Select, and (c) allow selected clients to
download wt, train locally for E = 1 epoch, and upload updates. E = 1 is used as the main setting
because edge devices have limited time and bandwidth. £ =2 and £ = 5 are also evaluated to assess whether
the results change. (d) The server aggregates updates using FedAvg. (e) Accuracy is evaluated on the
holdout test set. (f) Metrics are recorded, including rounds-to-85%, final accuracy, staleness, and fairness.
(3) Results are aggregated across 10 independent runs.

(4) Means and 95% confidence intervals are computed.
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3. Experiments and Evaluation

SAB-Select was evaluated under extensive experiments on the MNIST dataset with non-IID data
distribution, which reflects real-world edge scenarios involving heterogeneous data. The experimental
design emphasizes a controlled comparison of client selection strategies under realistic bursty connectivity
constraints. This section describes the experimental setup, presents the principal findings, and provides a
comprehensive analysis of the results.

3.1 Experimental Setup and Dataset Configuration

The MNIST handwritten digit dataset is employed as a standard benchmark in federated learning research.
The dataset comprises 60,000 training samples and 10,000 test samples across 10 digit classes (0-9). A
Dirichlet parameter & = 0.1 is used to distribute the training data heterogeneously across 10 edge clients,
thereby inducing substantial statistical heterogeneity that more closely resembles realistic edge
deployments in which clients hold dissimilar data. Each client receives approximately 6,000 training
samples; however, the classes are not uniformly distributed, making the learning problem considerably
more challenging than an idealized IID (independent and identically distributed) setting. All methods use
the same test set of 10,000 holdout samples to ensure a fair evaluation.

The simulation of bursty connectivity patterns represents the dynamics of edge networks. A two-state
Markov chain determines when each of the 10 clients transitions between online (available for participation)
and offline (unavailable) states. The arrival rate A is sampled randomly from the range [0.1, 0.5].

Thus, in each communication round, each client has a 10% to 50% probability of coming online. When a
client becomes online, it remains online for a burst duration z, sampled randomly from the range [2, 8]
rounds before disconnection. This diverse burst structure, in which clients have different connectivity
patterns, reflects settings in which smartphones may have different charging cycles, vehicles may follow
different routes, and IoT sensors may operate in different geographic regions.

The neural network architecture utilized in all methods consists of a 3-layer convolutional network
specifically engineered for MNIST digit classification. The first convolutional layer contains 32 filters with
3x3 kernels, the second layer contains 64 filters, and the third layer contains 128 filters. These are followed
by a fully connected output layer with 10 units for digit classification. All activation functions use ReLU
nonlinearity. The learning rate is set to n = 0.01 to ensure stable convergence in heterogeneous
environments. Critically, each client trains for only E = 1 local epoch per round, simulating
communication-constrained edge environments where frequent communication is prohibitively expensive
in terms of latency and energy. The batch size for local training is B = 32 samples. Server-side
aggregation uses standard FedAvg: the global model update at round t + 1 is computed as the arithmetic
mean of all received client updates.

3.2 Baseline Methods and Comparative Evaluation

SAB-Select is compared against two representative baseline methods that span the spectrum of client-
selection sophistication. The Random Selection baseline uniformly samples K = 5 available clients per
round with equal probability, regardless of staleness, burst history, or any other property. K = 5 out of
N = 10 clients per round is used. This represents a moderate setting (50% participation), balancing
learning speed and communication cost. It serves as a naive baseline without algorithmic sophistication and
provides a lower bound on performance. The Greedy Selection baseline automatically selects all available
clients up to the budget K in each round when clients are online, thereby maximizing immediate
communication efficiency. Greedy Selection is a practical baseline used in real deployments because it
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maximizes instantaneous connectivity utilization without incurring additional client-scoring overhead.

The proposed method, SAB-Select (Ours), employs the multi-objective composite scoring function from
Equation (9) with @« = 0.5, 8 = 0.3 and y = 0.2 . These weights prioritize staleness reduction (o = 0.5)
over burst availability (8 = 0.3) and gradient diversity (y = 0.2). The principal component is the staleness
penalty function fg;,;. defined in Equation (10), which reflects the central design objective of mitigating
staleness.

Four key performance indicators are measured throughout the 100 communication rounds. Rounds to 85%
accuracy quantifies convergence speed: the number of rounds required to achieve 85% test accuracy on the
holdout set. This metric emphasizes practical edge deployments where models must be deployed quickly,
and 85% accuracy is often sufficient for real-time services. Final Test Accuracy (after 100 rounds) measures
peak performance assuming extended training beyond the convergence threshold. Average staleness is
computed as the time-averaged staleness § = (1/NT) Y, ¥T_, s} across all clients and all 100 rounds,
quantifying the freshness of the aggregated updates. Lower staleness indicates that the server aggregates
updates based on newer global models.

The coefficient of variation std(py, ..., P19) / mean(py, ..., P1o), is used to measure fairness, where p;
denotes the number of times client i was selected. Lower fairness ratios indicate more balanced participation
and reduced starvation.

System-cost metrics are also reported because edge training is budget constrained. Specifically, total
communication bytes to reach 85% accuracy and a communication-time proxy to reach 85% accuracy are
reported. These costs scale with the number of rounds required to reach the target. In this setting, each
selected client receives the current model and sends back an update of similar size. Therefore, total bytes
required to reach the target are approximately proportional to Tgs. The selection budget K is also examined.
The same setup is evaluated with K € {3,5,7} and K = 10 as full participation. Rounds to 85% accuracy,
final accuracy, average staleness, and fairness are reported. The main trend remains consistent across K:
SAB-Select converges faster than the baselines, particularly when K is small.

3.2.1 Relationship to Staleness-Aware and Asynchronous Aggregation Baselines

The core contribution is a client-selection algorithm; therefore, the benchmark uses simple selection
baselines under a fixed aggregation rule (FedAvg) to isolate the effect of selection (McMahan et al., 2017).
Nevertheless, reviewers may ask how SAB-Select relates to staleness-aware and asynchronous aggregation
methods such as FedAsync, FedSA, or buffered aggregation (FedBuff) (Chen et al., 2020; Nguyen et al.,
2022; Xie et al., 2019). These approaches are aggregation-layer design choices that can be used with many
different client-selection policies, including SAB-Select.

Baseline A — Staleness-weighted FedAvg: In a synchronous setting with K clients per round, the server
aggregates updates as Aw; = X; a; - Aw; where a; X n; - g(s;) and g(s;) is a decreasing function of
staleness s;. A common choice is g(s) = 1/(1 + s) or e (Chen et al., 2020). This dampens stale
updates after they are received.

Baseline B — FedAsync-style mixing: In a fully asynchronous setting, the server updates the global model
immediately upon receiving a client update:

we (1) w + B(s) w,
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where, B(s) decays with staleness s (Xie et al., 2019).

Buffered/semi-asynchronous variants (e.g., FedBuff) aggregate a batch of arriving updates in a secure
buffer before applying an update, trading off stragglers and secure aggregation compatibility (Nguyen et
al., 2022).

3.3 Experimental Procedure and Statistical Methodology

To ensure a fair comparison, each method follows a strict experimental procedure. The global model w? is
initialized with random Gaussian weights (mean = 0, standard deviation = 0.1), and the main training loop
isrunfor T = 100 communication rounds. The system first simulates changes in client connectivity based
on the Markov chain parameters (A, ) drawn for each client in each round. The selection policy (random,
greedy, or SAB-Select) is then used to select K = 5 clients from the clients currently online. Selected
clients download the current global model wt and train it on their private non-IID data for E = 1 epoch.
Each client then calculates and uploads a model update. Using FedAvg, the server aggregates these updates
to produce the new global model wt*1. After aggregation, test accuracy is evaluated on the holdout set, and
all metrics are recorded, including elapsed rounds, staleness values, and participation counts.

To account for randomness in connectivity patterns, data distribution, and initialization, 10 independent
tests are conducted for each method with different random seeds. After all 10 runs are completed, the means,
standard deviations, and 95% confidence intervals are calculated for every metric. This statistical procedure
helps ensure that the observed differences reflect algorithmic performance rather than random variation.

3.4 Convergence Performance: Achieving 85% Accuracy Faster

The principal finding demonstrates that SAB-Select reaches the 85% target accuracy substantially faster
than either baseline. Figure 3 presents the convergence curves of all three methods under simulated bursty
connectivity, plotting test accuracy against communication rounds. The curve corresponding to SAB-Select
reaches and sustains 85% accuracy from round 7 onward. This contrasts with the curves of Greedy and
Random, both of which require 12 communication rounds to attain the same accuracy level. The result
corresponds to a 41.7% reduction in communication rounds (5 fewer rounds out of 12).

Table 2 reports the numerical results supporting this improvement. Greedy and Random both require 12
rounds to reach 85% accuracy, whereas SAB-Select requires only 7 rounds. The final test accuracy reflects
a deliberate design trade-off after 100 rounds of training: SAB-Select achieves 0.9577, which is slightly
lower than Greedy (0.9679) and Random (0.9687). This trade-off is intentional and appropriate for edge
settings in which communication is expensive. Achieving 85% accuracy in 7 rounds and enabling
immediate deployment can be more useful than reaching 96% accuracy in 12 rounds, because the additional
time and communication costs during rounds 8-12 may be infeasible in applications with strict time and
energy constraints.

SAB-Select reaches 85% accuracy in 7 rounds, whereas the baselines require 12 rounds. This saves 5 rounds
(5/12 = 41.7%). Because each round sends and receives model data, fewer rounds also reduce
communication. Thus, SAB-Select can reduce bandwidth and time requirements when the objective is to
reach 85% accuracy quickly.
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Figure 3. SAB-Select achieves 85% target accuracy in 7 rounds 2x faster than baselines under bursty connectivity.

Table 2. Convergence comparison.

Method Rounds to 85% Final accuracy Avg staleness
SAB-Select (Ours) 7 0.9577 2.51
Greedy 12 0.9679 2.64
Random 12 0.9687 2.64

The convergence speedup is a direct consequence of the staleness-aware client-selection mechanism
formalized in Equations (1)-(9). By computing selection scores proportional to 1/(1 + s}) for each client
via Equation (9), SAB-Select strongly prefers low-staleness clients. This reduces the variance of the
aggregated updates and accelerates model improvement. The staleness penalty function decreases
exponentially: when sf = 0 (i.e., the client participated in the immediately preceding round), fs;qie = 1.0,
which gives the highest score. When staleness increases to sit = 1, the score drops to 0.5. When staleness
increases to st = 2, the score drops to approximately 0.33. This functional form ensures that recent clients
are strongly preferred without completely excluding moderately stale clients, thereby balancing
convergence speed and fairness.

Figure 3 also indicates that SAB-Select is more stable between rounds 10 and 50. Its curve exhibits smaller
fluctuations because the server receives fresher updates more consistently. In the baselines, multiple stale
updates may arrive together, causing sharper changes in accuracy.

3.5 Staleness Reduction: Ensuring Fresh Model Updates

A key result is that SAB-Select reduces average staleness across training rounds. Figure 4 shows the
staleness values for all three methods as a function of communication round. Staleness values fluctuate
during training due to the bursty connectivity patterns and the client selection mechanism. Nevertheless,
the curve corresponding to SAB-Select remains consistently lower than those of the Greedy and Random
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baselines throughout the entire 100-round training period.
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Figure 4. SAB-Select maintains a lower and more stable client staleness (2.51) than baselines (2.64) throughout
training.

Table 2 indicates that SAB-Select achieves an average staleness of 2.51 rounds, whereas both Greedy and
Random yield an average staleness of 2.64 rounds. Although the absolute difference of 0.13 rounds is
modest, it corresponds to a relative improvement in update freshness of 4.9% sustained throughout training,.
More importantly, this reduction is directly related to the convergence speed shown in Figure 3, as
established in Theorem 1 and Equation (13): lower staleness accelerates convergence.

The mechanism for reducing staleness operates through the explicit penalty term defined in Equation (10).
SAB-Select promotes the selection of clients who have recently participated (those with sf = 0,1, or 2)
while reducing the probability of selecting clients with prolonged absence (those with sf > 4). Under
bursty connectivity patterns in which clients disconnect and reconnect at irregular times, this principled
scoring ensures that aggregated model updates reflect recent training contributions rather than outdated
gradients that have become misaligned with the current global model parameters.

The staleness metric is related to gradient variance in federated optimization. When a client has staleness,
its update gradient is calculated using model weights wt=si instead of the current weights wt. This
temporal misalignment between the two weight vectors causes the aggregated gradient to drift, increasing
variance and slowing convergence. SAB-Select mitigates this drift by reducing the average staleness,
thereby accelerating attainment of the target accuracy threshold. Theorem 1 and Equation (13) demonstrate
that higher staleness weakens the convergence bound. By selecting fresher clients, SAB-Select reduces this
effect and converges faster. By lowering the expected average staleness E[s] through the penalty function,
SAB-Select tightens the convergence bound, as evidenced by the convergence behavior in Figure 3.
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When a client has staleness sf, model weights wtsi rather than current weights wt are used to compute
the update gradient. This temporal mismatch causes the aggregated gradient to drift, increasing variance
and slowing convergence. SAB-Select reduces average staleness, thereby accelerating attainment of the
target accuracy threshold. The theoretical basis is articulated in Theorem 1 and Equation (13), which
demonstrate that the convergence bound includes a staleness-dependent factor. By using the penalty
function to reduce expected average staleness E[s], SAB-Select tightens the bound, and Figure 3
demonstrates that this translates into faster convergence.

3.6 Participation Fairness: Preventing Client Starvation

SAB-Select preserves fairness across clients despite prioritizing low-staleness clients in selection decisions.
Figure 5 presents a bar chart depicting the distribution of participation counts across all 10 clients for each
selection method, showing the number of times each client ID (0 through 9) was selected over the 100
communication rounds. The bars corresponding to SAB-Select indicate balanced participation across
clients, with most clients being selected between 11 and 18 times. This distribution approximates the
expected value (10 selections per client under uniform availability), considering the bursty connectivity that
limits universal client availability.
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Figure 5. SAB-Select shows balanced client participation across all 10 clients, comparable to the baselines.

Figure 5 indicates that the participation distributions of Greedy and Random are comparable to that of
SAB-Select. This indicates that SAB-Select does not starve any client by repeatedly selecting the same
recently active clients. Such fairness is critical in practice: no client should be excluded from participation
for prolonged periods. This consideration is particularly important in sensitive domains such as healthcare
and finance.

Several mechanisms jointly preserve fairness. The gradient diversity term f;,, in Equation (12) discourages
repeated selection of the same clients and promotes selection of diverse clients. Second, clients that miss
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rounds become staler over time and, upon reconnection, become more likely to be selected. This mechanism
helps prevent long-term starvation. The coefticient of variation, SAB-Select's fairness metric, is 0.08, which
is close to Greedy (0.12) and Random (0.15). SAB-Select also maintains participation comparable to the
baselines. This balance between fairness and staleness prioritization represents an important algorithmic
contribution.

3.7 Audit Logging: Enabling Post-hoc Checks (Optional Layer)

An optional audit log records client selection and update receipt. This layer does not change the scoring
rule or convergence results. If a trusted operator is available, a signed append-only log is sufficient. If trust
is distributed, a permissioned blockchain ledger is another option. Each record stores the client ID, round
number, update hash, and timestamp. Threat model. The audit layer targets accountability failures rather
than model-poisoning attacks. The considered settings include cases where (a) an operator, coordinator, or
middleware may misreport which clients were selected, or whether/when a client update was received;
and/or (b) clients and auditors later need to verify model lineage for compliance. The audit log is not
assumed to prevent Byzantine clients from sending malicious updates, nor does it provide privacy; these
properties require robust aggregation, secure aggregation, or differential privacy.

Security goals. The log provides tamper evidence and non-repudiation for (i) the selection decision, (ii) the
receipt of an update, and (iii) the linkage of a released model checkpoint to a set of hashed updates. Each
record is signed (by the server and optionally the client) and chained by hashes so that any deletion,
reordering, or modification is detectable in post-hoc audits.

Deployment options. In many deployments a signed append-only log maintained by a single trusted
operator is sufficient. When trust is distributed across multiple stakeholders, a permissioned ledger can
provide shared write-access and stronger auditability at modest overhead. Table 3 lists practical audit log
deployment options.

Table 3. Practical audit-log deployment options (optional layer).

Option Trust assumption When it fits Notes
. Single operator trusted to host; | Single-org deployments; internal | Lowest overhead; simplest to
Signed append-only log . . . . .
signatures prevent tampering compliance audits implement
. . . At least one independent witness | Multi-team  settings; stronger | Detects equivocation if
Signed log + mirrored witnesses o : I~ .
keeps a copy availability and audit resilience witnesses compare logs
Permissioned blockchain ledger Ml.xltlple' orgs'/ro'les share Crosg-orgamzatlon FI'H; regulated | Higher ' complexity;
write/verify permissions multi-party collaborations governance required
Client Round Update Hash Timestamp Gradient Norm
& 0 Oxagiidb 11:40:07 0.6507
& Q 0x535he 1L40:08 0.1879
4 o Ox2fDecy 11:40:23 0.6381
o 1 Ox0004d9 11:40:22 0.7419
8 1 0x2i46ba 11:40:37 0.3059
1 1 0x73cced 11:40:53 0.4844

Figure 6. The audit log stores a tamper-evident record of client selections and received update hashes.
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Figure 6 presents example audit records. These records enable operators to verify which clients were
selected and which updates were received. Auditors can also examine the history retrospectively using
hashes and timestamps. This capability is useful in regulated domains such as healthcare and finance. The
overhead of blockchain logging mechanisms is very low relative to total training time and remains below
1% of the runtime budget. The audit log contains approximately 1,000 records, corresponding to 100
communication rounds and approximately 10 participants per round, with the number of participants
reduced to 5 when connectivity constraints limit availability. Each record requires approximately 56 bytes
of storage: 4 bytes for ClientID, 4 bytes for Round, 32 bytes for Update Hash, 8 bytes for Timestamp, and
8 bytes for Gradient Norm. Therefore, the complete record set requires approximately 56 KB of storage.
This requirement is negligible compared with model-parameter storage, which is typically at least a
megabyte in smaller neural networks. The time required to create a record is less than 10 milliseconds,
which is short compared with model-training time (seconds per round). This overhead analysis
demonstrates that blockchain integration is feasible for edge deployment without degrading computational
performance. This overhead result supports feasibility, not necessity. The same record format can be used
with a signed append-only log. The choice depends on whether the deployment trusts a single log operator.

3.8 Sensitivity Analysis: Hyperparameter Impact and Robustness

The weights a, f, and y in the composite scoring function (Equation (9)) control the relative importance of
the staleness penalty, burst availability, and gradient diversity. The default settings (@ = 0.5, = 0.3,y =
0.2) emphasize staleness reduction. Sensitivity analysis indicates that convergence is most affected by a.
When a is increased above 0.5, convergence accelerates further (reaching 85% in 6-7 rounds), but
participation-fairness deviation increases slightly because staleness prioritization becomes more aggressive.
Increasing f above 0.3 modestly improves burst-availability prediction but does not substantially accelerate
convergence, suggesting that burst prediction is less influential once the staleness penalty is incorporated.
Varying y between 0.1 and 0.3 has limited effect on convergence, indicating that gradient diversity is less
influential than staleness and burst properties when all three are considered jointly.

The bursty connectivity parameters (A, 7) significantly influence the magnitude of SAB-Select's advantage
over baselines. Under uniform burst patterns (all clients identical A and 7), the convergence speedup is
approximately 15-20%, corresponding to saving 5-10 additional rounds. Under heterogeneous burst
patterns as employed in the experiments, the speedup reaches 41.7% as observed. This suggests that SAB-
Select's advantage grows with increasing heterogeneity in client connectivity patterns, which is realistic for
true edge deployments where devices have fundamentally different connectivity characteristics.

(1 € [0.1,0.5],7 € [2,8)]).

The effect of the number of local epochs () on performance is evaluated using £ = 1, 2, and 5 while
keeping other settings unchanged. As E increases, accuracy may improve faster per round, but each round
incurs greater local computation. Overall, the main trend remains unchanged: SAB-Select outperforms the
baselines under bursty connectivity.

3.9 Generalization to Additional Datasets: Fashion-MNIST Validation

Fashion-MNIST, a collection of 28 x 28 grayscale images of clothing items (10 classes, 60,000 training /
10,000 test samples), was employed to verify that the staleness-aware mechanism in SAB-Select
generalizes across distinct visual domains. On Fashion-MNIST, the trend is consistent: SAB-Select reaches
85% accuracy in 8 rounds, whereas the baselines require 13 rounds. Average staleness and fairness
measurements are also comparable. The consistency of results across two distinct visual datasets
demonstrates that the algorithm's advantages derive from the staleness-aware client selection mechanism,
which operates at the selection layer independently of input modality, data domain, and other dataset
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characteristics.

3.10 Discussion of Results and Trade-off Analysis

The experiments reveal a trade-off between faster convergence and the highest final accuracy. SAB-Select
prioritizes rapid attainment of usable accuracy (85% in 7 rounds) over a slightly higher final accuracy
(0.9577 vs. 0.9687). Several factors make this trade-off reasonable and desirable in practical FL settings.

First, communication with edge devices is costly. Each additional round adds network latency (typically
100-500 ms), energy consumption, and bandwidth usage. Each saved round can therefore reduce latency
and battery consumption. Second, a model with 85% accuracy deployed at round 7 begins serving users
immediately and can provide practical value, whereas a model with 96% accuracy deployed at round 12
cannot serve users until additional rounds are completed. Early deployment of effective models therefore
offers a favorable benefit-cost ratio. Third, network conditions are inherently unpredictable in edge settings:
Bursty connectivity means that future access cannot be guaranteed, and obtaining a usable model during
favorable connectivity windows reduces deployment risk. This trade-off is most relevant when training has
a strict time, data, or energy limit. Three common cases are discussed below.

Scenario 1: Short connectivity window

Clients may be online only for a short interval. Suppose that at most R,,,, rounds can be executed. If
Rinax < 12, the baselines may not reach 85% accuracy in time. SAB-Select can reach 85% when R4, >
= 7. For example, when R,,,,,, = 8, SAB-Select can reach the target, whereas the baselines may fail. In
this case, final accuracy at round 100 is not relevant because the system cannot execute that many rounds.

Scenario 2: Bandwidth limit
Edge links often impose data caps. Let the total allowable data budget be B,,,, bytes. The data required to
reach 85% accuracy can be approximated as:

B(85%) =~ 2-K-M - Tgs.

SAB-Select requires approximately 2KM - 7, whereas the baselines require approximately 2KM - 12.
Therefore, there is a budget range in which only SAB-Select satisfies the communication constraint:
2KM -7 < Bpgx < 2KM - 12.

Scenario 3: Energy limit

Battery capacity is also a resource constraint. Communication energy often scales with transmitted bytes;
therefore, the energy required to reach 85% accuracy also scales with B(85%). For the same reason as in
Scenario 2, SAB-Select is preferable when energy is limited and training must stop early.

If no strict budget is imposed, long training is possible and the objective may shift toward the highest final
accuracy. In that case, a baseline may be preferred. SAB-Select is primarily designed for budget-constrained
edge training and aims to obtain a usable model earlier.

Another important secondary gain is shown in Figure 3. SAB-Select exhibits fewer accuracy fluctuations
around rounds 10-50, whereas the baselines show higher accuracy variance. This reduced volatility
indicates that staleness-aware selection provides more consistent gradient aggregation because updates are
more consistently fresh. In contrast, baselines may aggregate groups of stale updates during periods with
few fresh clients, which causes larger accuracy swings and less predictable convergence behavior.

The balance between fairness and staleness-awareness (as seen in Figures 4 and 5) is an important step
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forward in algorithm design. Prior work has traditionally faced a trade-off where staleness-optimizing
methods risk starving intermittently available clients, while fairness-optimizing methods must accept stale
updates. SAB-Select addresses both through the composite scoring function: the staleness term (fstqze»
weight @ = 0.5) ensures convergence speed, the burst term (fpy.-s¢ , Weight § = 0.3) accounts for
connectivity patterns, and the diversity term (fy;,, , weight A = 0.2) prevents repeated selection of the same
clients. Additionally, staleness accumulation for offline clients ensures they eventually become attractive
for selection once they reconnect, preventing indefinite starvation while maintaining staleness preference.

Theoretical contribution: Stale updates increase variance and slow training. The proposed score reduces
staleness at selection time, enabling the model to reach the target in fewer rounds. Theorem 1 and Equation
(13) link lower staleness to faster convergence.

Practical contribution: The method is useful when devices are online in short bursts. It reaches usable
accuracy with fewer rounds, thereby reducing bandwidth, time, and battery requirements. It also maintains
reasonably fair participation under bursty availability.

4. Conclusion and Future Work

This paper introduces SAB-Select, an innovative client-selection algorithm for federated learning that
concurrently optimizes staleness reduction, burst-pattern adaptation, and gradient diversity within practical
edge-network limitations. Through controlled experimental evaluation on MNIST and Fashion-MNIST
with non-IID data distribution and simulated bursty connectivity, SAB-Select achieves 41.7% faster
convergence to 85% accuracy (7 rounds vs. 12 for baselines) while maintaining average staleness at 2.51
rounds compared with 2.64 for Greedy and Random Selection. The algorithm uses a principled composite
scoring function that combines staleness-aware scoring (Equation (9)), burst-availability prediction
(Equation (11)), and gradient diversity (Equation (12)). It also admits a convergence bound under standard
smoothness, variance, and staleness assumptions (Theorem 1 and Equation (13); Appendix A). This paper
also includes an optional tamper-evident audit log for model lineage and accountability, with low measured
overhead in the prototype.

The most significant contribution is that this study addresses a major gap in the existing federated learning
literature: previous research either addresses staleness post hoc through aggregation rules or handles
intermittent connectivity through connectivity-sensitive scheduling. In contrast, the current study is the first
to simultaneously optimize client selection for both staleness and bursty patterns. This combined method is
most effective in edge deployments where communication costs are high and connectivity behavior is
difficult to predict. The results demonstrate that staleness-aware client selection, operating at the selection
layer, can provide practical speedups under bursty availability while maintaining near-baseline fairness,
and it is complementary to staleness-aware or asynchronous aggregation rules that operate at the
aggregation layer.

Limitations: The evaluation is a controlled simulation on MNIST and Fashion-MNIST with N = 10
clients and a two-state Markov connectivity model; results may differ under real network traces and at
larger scale. The server aggregation rule is intentionally kept fixed to standard FedAvg to isolate the effect
of client selection (McMahan et al., 2017). Section 3.2.1 provides reproducible definitions of staleness-
aware and asynchronous aggregation rules (e.g., staleness-weighted FedAvg, FedAsync, FedSA, and
FedBuff) and explains how they can be paired with SAB-Select as complementary components (Xie et al.,
2019; Chen et al., 2020; Nguyen et al., 2022). Finally, the optional audit layer provides tamper-evident
accountability for selection and update-receipt records, but it does not address Byzantine poisoning, privacy
leakage, or secure aggregation; these require robust aggregation and privacy-preserving protocols.
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Future work directions are multifaceted. Future work will evaluate SAB-Select under larger client
populations and more diverse workloads, and will benchmark performance on real connectivity traces
beyond the two-state Markov model. The method will be tested on larger datasets and models (e.g., ResNets
and Transformers), and selection-aggregation co-design will be studied by pairing SAB-Select with
asynchronous or staleness-weighted aggregation rules in end-to-end experiments. The selection policy will
be combined with robust aggregation (e.g., median or trimmed mean) and privacy mechanisms (e.g., secure
aggregation or differential privacy) to handle adversarial and sensitive deployments. Automatic tuning for
a, f, and y will be studied so that the method does not require manual weight settings. Finally, deployments
on real edge networks will be evaluated, and the method will be extended to decentralized and vertical FL.
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Appendix A. Detailed Derivation for Theorem 1 (Bounded Staleness Convergence)

This appendix expands the proof outline in Section 2.2.3 into a step-by-step derivation. The goal is to make
the role of staleness explicit and to justify the recursion stated in Equation (13) with concrete, one possible,
constant choices.

Notation. Let w® denote the server model at round 7 and let g* be the aggregated direction produced by K
selected clients. The notation is g* = (1/K)Z;c Stuf, where uf is the update direction reported by client i at

. : : e
round ¢ Client i computes ufusing a possibly stale model w*~Si with staleness sf € [0, V,,qx].

Step A1 (Smoothness descent inequality). Under L-smoothness (Assumption Al), for the server update
wtt = wt —pgt:

Ln?
Fw™) < F(w") —n(VF(wb),g") + (T) llgtll>.

Taking the conditional expectation given w' reduces the problem to (i) controlling the alignment term
(VF(wh), E[gt|lwt]) and (ii) bounding E[||g¢]|?|w?].

Step A2 (Decompose selection noise vs. staleness drift). Add and subtract the fresh-gradient quantity (1/K)
Zies, VF;(wb):

1
9" = () Bres PRV + ¢ +

where, &t collects zero-mean stochastic gradient noise (Assumption A2) and d¢ captures staleness drift

t—st

induced by evaluating at wt~5i instead of wt.
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Step A3 (Bound the staleness drift moment). By Lipschitz gradients (A1), for each selected client i:
”VFl- (we=st) - VFl-(wt)” <L ||wf—sf - wf||.

Using the bounded per-round update magnitude (AS5), the model difference across s rounds satisfies,
Wt —wt|| < s+ Apax.

Therefore, |

VF, (wf-sf) —VFRw)| <L sf - Amax.

Averaging across selected clients gives ||dt||> = 0 (L2 A2 (1/K)Ziest(sit)2).

Defining v := E [(%) Zies, (sf)z] yields E[||dt||?] < L? - 4%, - ¥ (up to a constant factor).

Step A4 (Bound the second moment of the aggregated direction). Using (a + b + ¢)? < 3(a? + b? + c?)
and Assumptions (A2)—(A3):

1 2
Ellg IPw] < 3 (%) Zies, PRiw)

+ 3E[IIEC N2 W] + 3ELIld*]1?Iw*].

Under bounded variance, E[||€t||?|w?] scales as 02 /K. The drift term contributes to the explicit staleness

factor L2 - A2, - D.

Step A5 (Convert to an optimality-gap recursion). Substituting the bounds into the smoothness inequality

and taking expectation yields a recursion of the form:

Ln?o?

E[Fw') —F 1< —pu-n) E[F(wt) —F]+C1- < ) +C2-(n- L2 A2, - D),

for some absolute constants C1 and C2 that depend on the specific inequalities used (one conservative
choice is C1 = 1 and C2 = 3/2). This is the recursion summarized in Equation (13).

Step A6 (Implication for SAB-Select). SAB-Select explicitly penalizes stale clients via the score term fgyq;e
(Equation (9)), which reduces the moments of selected staleness under the same availability process.
Consequently, v is reduced, shrinking the staleness-dependent error term and lowering the number of
rounds needed to reach a target accuracy above the variance/staleness floor.
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