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Abstract—Standard federated learning (FL) requires persistent
device connectivity across multiple communication rounds, mak-
ing it unsuitable for dynamic environments such as vehicular
networks, where devices frequently join and leave. One-shot
FL offers a promising alternative by completing training in
a single communication round. However, one-shot FL suffers
from model solidification and cannot readily adapt to subsequent
client dynamics, including new client contributions and the with-
drawal of previous contributions. We therefore consider exact
model editing, which removes withdrawn contributions through
unlearning or incorporates newly contributed ones through
incremental learning without retraining from scratch. We identify
that efficient editing fundamentally hinges on learning stability.
To this end, we propose F-SOSA, the first stable one-shot
FL algorithm that enables rapid and exact model editing. F-
SOSA leverages sub-sampling of local models with carefully
tuned rate for stable aggregation and performs curvature-aware
model fusion to preserve utility. We prove that F-SOSA achieves
vanishing training error and reasonably small generalization
error bounds. Building on this stability, we further develop
two single-round editing algorithms: F-SOSA-U for unlearning
and F-SOSA-I for incremental learning. They ensure that the
edited model, along with all intermediate algorithmic states,
is statistically indistinguishable from retraining while incurring
only an expected O(p) fraction of its cost, where p quantifies
stability. Experiments demonstrate that our approach matches
retraining performance while reducing cumulative time and
communication overhead by at least 36 % and 22 %, respectively,
under realistic urban mobility simulations.

Index Terms—Federated Learning, Dynamic Participation,
Model Editing, Single-Round Communication

I. INTRODUCTION

Federated learning (FL) [1] enables collaborative model
training across distributed devices without sharing raw data.
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In mobile edge computing (MEC) scenarios such as vehicular
networks, client participation is inherently dynamic. Devices
frequently join or leave due to mobility or network instability.
This challenges standard FL algorithms like FedAvg [1], Fed-
Prox [2], and SCAFFOLD [3]. These methods rely on a largely
fixed client population and multiple rounds of communication.
Such assumptions rarely hold in practice.

To remove reliance on persistent availability, one-shot
FL [4] has emerged, which completes training in a sin-
gle round. Recent studies [5]-[7] show that one-shot FL
can achieve competitive performance over non-iid data. This
makes it well-suited for dynamic systems. A representative
use case is vehicular micro-clouds (VMCs) [8]. In a VMC,
nearby vehicles form a temporary edge collaboration, making
persistent multi-round participation difficult to maintain. One-
shot FL is therefore a natural solution.

However, one-shot FL suffers from model solidification.
Once trained, the global model cannot adapt to changes in
the client population. When clients arrive or depart, the set of
participants contributing to the collaborative model changes.
A newly arrived client can contribute its local model and
benefit from the resulting global model, whereas a departing
client may withdraw its previous contribution for privacy
before disconnecting from the coordinator. Supporting such
contribution additions and withdrawals requires the one-shot
model to accommodate incremental learning and unlearning
after its initial training. This issue is particularly relevant in
dynamic edge applications such as VMCs, where vehicles
participate only temporarily and repeated retraining after every
arrival or departure would incur substantial communication
and computation overhead. Approximate editing methods such
as fine-tuning or model calibration can reduce this cost, but
successive approximate updates may deviate from the model
produced by retraining and propagate this deviation to later
edits. Exact editing instead restores the same distribution as re-
training after every change, preventing such history-dependent
drift. These challenges motivate the following question:

Can we efficiently edit a one-shot trained FL model to reflect
an updated client set without retraining?

We formalize this goal as exact federated model editing, which
includes two tasks: (1) client unlearning to remove a client’s
previous contribution upon a withdrawal request, and (2) client
incremental learning to incorporate the contribution of a newly
participating client. By exactness, we require statistical indis-
tinguishability between editing and retraining, which applies



to both the final model and all intermediate algorithmic states.
To achieve this goal, we propose the first exact model editing
framework for one-shot FL. The framework consists of a stable
one-shot FL algorithm, F-SOSA, and two editing algorithms:
F-SOSA-U for client unlearning and F-SOSA-I for client
incremental learning. Our main contributions are summarized
as follows:

1) We formalize the definition of exact federated model edit-
ing through statistical indistinguishability between editing
and retraining. Specifically, we require that the joint dis-
tributions of the obtained model and all intermediate algo-
rithmic states produced by editing match those generated
by retraining on the updated client set.

2) We design F-SOSA as an edit-friendly one-shot FL al-
gorithm that combines two complementary mechanisms.
First, we reformulate curvature-aware model fusion as a
projection characterized by client-additive sufficient statis-
tics, so that a single-client change can be incorporated by
updating only the corresponding contribution rather than
rerunning the full fusion procedure. Second, we introduce
randomized client subsampling to make the one-shot output
stable in total variation, thereby allowing many member-
ship changes to reuse the existing model and states without
recomputation.

3) We provide theoretical utility guarantees for F-SOSA.
Specifically, we establish upper bounds on both training
and generalization errors for over-parameterized neural
networks. The training error vanishes as network width and
local training increase. The generalization error converges
to a constant governed by data non-degeneracy and be-
comes favorably small as the numbers of data samples and
clients grow.

4) Building upon F-SOSA, we develop F-SOSA-U and F-
SOSA-I for client unlearning and incremental learning.
Thanks to F-SOSA’s total variation stability quantified by
p < 1, not all editing requests need execution. We design
a lightweight verification to determine the necessity. As a
result, only an expected O(p)-fraction of requests trigger
the editing process.

5) We conduct extensive experiments on standard benchmarks
to evaluate model utility, editing exactness, and efficiency.
F-SOSA achieves strong accuracy compared with state-
of-the-art one-shot FL methods. F-SOSA-U/I match re-
training performance while significantly reducing time and
communication costs. We verify the exactness of editing
using membership inference attacks. We also present a case
study with simulated vehicular scenarios to demonstrate the
practical applicability of our proposed approach.

II. RELATED WORK

We review three related research directions in FL: unlearn-
ing, continual learning, and dynamic client participation.
Federated unlearning. Federated unlearning was first studied
in [9], which removes a client approximately by reversing its
updates. While faster than retraining, it remains computation-
ally expensive. Subsequent works improve efficiency through
noise perturbation [10], [11], knowledge distillation [12],

class-discriminative pruning [13], or gradient ascent [14].
However, all these methods provide only approximate removal.
As a result, the model remains vulnerable to membership
inference and gradient leakage [15]-[20]. Recent studies ex-
plore exact unlearning. Liu et al. [21] propose a Newton-style
retraining method that uses Fisher information for curvature
approximation. However, their retraining path deviates from
the original trajectory and relies on convexity assumptions.
Tao et al. [22] introduce a stabilized FedAvg variant called
FATS for exact unlearning via resampling and rapid retraining.
Their one-shot variant, however, suffers from degraded utility
due to simple averaging and does not support client addition.
Federated continual learning. Federated continual learning
assumes a fixed set of clients whose local data evolve over
time. Existing work considers different settings including
task-incremental [23]-[26], class-incremental [27]-[29], and
domain-incremental [30]-[32], which correspond to sequen-
tial tasks, new classes, and domain shifts, respectively. The
primary goal is to mitigate catastrophic forgetting and preserve
past knowledge. As they prioritize knowledge retention over
exact alignment with new data, these methods cannot guaran-
tee statistical equivalence to retraining. In addition, they rely
on multi-round training and continued access to past clients.
In contrast, we study dynamic client populations where new
clients may join after others have left.

Federated Learning with dynamic participation. Recent
studies consider federated learning with dynamic participants.
Ruan et al. [33] and Chang et al. [34] allow clients to join
or leave during training and provide convergence guarantees.
Their setting differs fundamentally from ours. They study
multi-round federated training where client changes occur
across rounds and the goal is to adapt during training. In
contrast, we focus on one-shot FL, which involves only a
single round. In this setting, client dynamics arise after training
rather than during it. Our goal is therefore to enable exact
model editing of the trained model to accommodate changes
in the client population.

Summary. Existing studies address related but distinct chal-
lenges. Federated unlearning focuses on removing clients but
typically provides only approximate guarantees or suffers from
utility degradation in one-shot settings. Federated continual
learning assumes a fixed client set and prioritizes knowledge
retention rather than exact alignment with updated data. Work
on dynamic participation adapts to client churn during multi-
round training and does not apply to post-training model
editing in one-shot FL. Consequently, none of these direc-
tions directly address our setting, where client additions and
withdrawals occur after one-shot training. This challenge is
amplified under repeated edits, since any residual deviation
may propagate to subsequent updates. The goal is therefore not
merely post-training adaptation, but efficient and exact editing
that remains valid across successive client-set changes.

III. PRELIMINARIES
A. System Model

We consider an edge system consisting of a trusted
infrastructure-based coordinator and a dynamic set of devices.



The coordinator can, for example, be an RSU or MEC server
in a vehicular micro-cloud (VMC), with vehicles serving
as participating devices. Time proceeds in discrete rounds.
Devices may join or leave at each round. We do not impose
a particular distribution on client arrivals or departures; their
occurrence may be non-uniform across devices and time. Let
M(t) denote the set of active devices at round ¢, and let
M(t) = |M(t)|. The coordinator maintains knowledge of
the active device set. When a new device joins, it establishes
a connection with the coordinator and may submit its local
model for inclusion in the collaborative model. Before an
active device departs and loses connectivity to the coordinator,
it may issue an unlearning request to withdraw its previous
contribution. Standard authenticated communication between
devices and the coordinator is assumed.

B. Federated Learning

Let M denote the number of active devices when the
initial one-shot learning is performed. Each device ¢ € [M]
holds a local dataset D; = {(®ij,yi;)}7—,, where x;; € RP
denotes the feature vector and y;; € R denotes the label. The
global dataset is D = Uf\il D; with total size N = Mn.
The learning objective can be formulated as the following
distributed optimization problem:

M
Ry L 1t
Jmin, L' (W) = 1 ;Lm (W), 1)
where L%’f(W) = %Z(%y)efpi Lf(W,z),y), f(W,:) de-
notes the model parameterized by W, and £(-,-) denotes
the loss function. Following the standard streaming-edit set-
ting [35], we consider editing sequences in which the active
population remains within a constant factor of its initial size,
ie, M/2 < M(t) <2M.

C. Federated Model Editing

To support dynamic client participation, our goal is to
enable the global model to adapt efficiently to changes in the
client set. Specifically, we aim to (i) remove the influence
of departed clients that withdraw their previous contributions
(client unlearning), and (ii) incorporate newly arrived clients
(client incremental learning), while preserving model utility
and avoiding full retraining.

Let 2t denote the space of devices, VW the space of model
parameters, and S the space of internal algorithmic states,
which will be specified later. A one-shot FL algorithm is a
randomized map A : 9" — W x S. Given a set of devices,
it produces a global model together with internal algorithmic
states. A model editing algorithm is a map &/ : W xS x M* —
W x S. It takes the current model, the associated states, and
a set of client addition or removal requests, and outputs an
updated model and states. Examples of internal states include
sketches of device information or intermediate computations
that can be reused during editing.

Definition 1 (Exact Federated Model Editing). Let M and
M’ denote the device sets before and after a change. Given a

one-shot FL algorithm A, a model editing algorithm I/ satisfies
exact model editing if for any measurable event £ C W x S,

PAM') € €] = P[U(AM), M & M) € €],

where M @& M’ denotes the symmetric difference, i.e., M &
M =M\ M)YU M\ M).

This definition requires that both the output model and
all internal algorithmic states after editing be statistically
indistinguishable from those obtained by retraining on the
updated device set. Requiring exactness for the internal states
is important for repeated editing: these states are reused by
subsequent editing operations, and any approximation retained
in them may be propagated to later model updates. If one
edit produces exactly the same joint distribution as retraining,
the resulting state can be treated as a fresh execution of the
learning algorithm on the updated client set. The guarantee
thus extends to an arbitrary sequence of edits by induction,
without accumulating approximation error across requests.

D. Total Variation (TV) Stability

Tao et al. [22] showed that exact federated unlearning can
be achieved efficiently when the FL algorithm is stable in
total variation (TV) distance. We extend this insight to general
model editing. Let P = A(M) and Q = A(M’) denote the
distributions of the one-shot FL output, including the model
and internal states, before and after editing. Model editing can
be viewed as transporting probability mass from P to Q.

Retraining corresponds to a trivial transport plan that sam-
ples independently from (, but it incurs high computational
cost. Efficient editing instead exploits the overlap between
P and @ by reusing existing computations. Let II(P, Q)
denote the set of couplings between P and (). To quantify
editing cost, we follow [22] and adopt the 0-1 cost function
clz,y) =1{z #y}, Vr,ye Q:=WxS. Let TV(P,Q)
denote the total variation distance between P and Q:

TV(P,Q) =

swp |P(2) ~ Q(2)] = Gllér — dalh,

measurable Z
where ¢p and ¢¢ are the probability densities of P and Q).
The minimal expected editing cost is then

inf E(m,y)rww[]l{x 7& y}] = TV(P7 Q)

rell(P,Q)
Thus, only an O(TV(P,Q)) fraction of editing requests
requires actual recomputation. In practice, the future device
changes are unknown at training time. When generating P,
we do not know the corresponding target distribution ). To
enable efficient editing under arbitrary future changes, a one-
shot FL algorithm must guarantee uniformly bounded TV
distance across all possible single-device edits. This motivates
the following notion of stability.

Definition 2 (p-TV-Stable One-Shot FL Algorithm). A
one-shot FL algorithm A is p-TV-stable if for any de-
vice sets M and M’ with |[M & M’'| = 1, we have
TV (A1 (M), A1 (M) < p, where A;(-) denotes the model
output of A.



Algorithm 1: F-SOSA: Fisher-Informed Subsample
One-Shot Averaging

Input: Initial model W(O), number of local iterations
K, learning rate n, stability level p

Coordinator sets P = pM and samples a client subset
P C [M] of size P uniformly at random;

2 Coordinator broadcasts W) to clients;

3 for every client i € P in parallel do

s | St W WO,

5
6

—

for k< 1,--- /K do
L W = WY gLy, (W),
7 Set WZ- — WEK);

Compute the Fisher F'; <
% '21 ]Ey[VIOgP(y|fEij7Wi)VIOgP(y\fBij,Wi)T];
j:

9 Communicate Wi and F'; to the coordinator;

Coordinator computes and stores Wp, Fp and bp:

Wp—S W,/P, Fp— > Fi, bp+— S F,W;;
i€P iEP i€P
Coordinator solves the linear system in A € R%:

F%A = Q(FPV_VP — bp);
Coordinator sets the global model as
V_VS) — ‘_/T/];p — %F'pA;
Output: W,

-
=)

-
—

-
[S]

Note that Definition 2 only requires stability of the marginal
distribution of model output. The internal states need not be
considered. For multiple device changes, suppose | M\ M'| =
k1 and |[M’'\ M| = k. By the triangle inequality of TV
distance and repeated application of Definition 2, we have
TV (Ai(M), Ay (M) < (k1 + ka)p.

IV. OUR METHOD

A. TV-Stable One-Shot Federated Learning: F-SOSA

The federated learning admits a posterior-inference interpre-
tation. Specifically, the learning objective in (1) corresponds
to finding the mode of a global posterior distribution over
model parameters. This viewpoint has recently been used to
derive one-shot FL algorithms that aggregate local posterior
information in a single communication round [5]. We adopt
this probabilistic formulation as a technical starting point, but
our design goal is fundamentally different. Existing posterior-
based one-shot FL. methods primarily optimize a single fusion
operation. In contrast, our setting requires the fused model to
support repeated post-training edits as the client set changes.
This creates two additional requirements. First, the fusion
state should admit efficient single-client addition and removal
without rerunning the entire fusion procedure. Second, the out-
put should remain stable under a single-client change so that
previously computed results can be reused whenever possible.
We address these requirements in two stages: we first derive
a curvature-aware projection characterized by client-additive

statistics, and then introduce randomized client subsampling
to control total-variation stability.

We first recall the probabilistic formulation. Following
standard treatments in posterior-based FL [5], we assume
the loss corresponds to a negative log-likelihood from an
exponential-family model, which holds for common choices
such as squared loss and cross-entropy.

Assumption 1. Given z = [f(W,z), {(z,y)
—logP(y|z) where P(y|z) = h(y) exp(z ' T(y)— A(z)) and
h(y),T(y), A(z) are some real-valued functions.

Under this assumption, the likelihood of a data point (x,y)
given parameters W can be written as

P((x,y)|W) = P(x)P(y|z, W)
08 q(CL') exp( - g(f(W? CE), y))7
where ¢(-) is a prior on x independent of W. Under a flat
prior P(W) 1, the global Maximum A Posteriori (MAP)

estimator coincides with the minimizer of (1) [36]. Moreover,
the global posterior factorizes as

M
P(W|D) o [ [B(WI[D;).
i=1
This factorization suggests a one-shot protocol where each
client transmits a summary of its local posterior once and
the server combines these summaries to obtain a global MAP
estimate. Unfortunately, an analytical expression of P(W|D;)
is generally intractable for modern models. A standard remedy
is to approximate each local posterior near its mode. Let

W, € argmax P(W|D;),
w

which is obtained by local training. A second-order expansion
around W, yields a Gaussian (Laplace) approximation:

log (W [D;) ~ log B(W[ D)~ 5 (W W) H,(W-W),
where

1
H; = ——V?logP(W|D;
n

)|W:V~V,-'

To ensure a tractable and well-behaved curvature surrogate,
H ; is commonly replaced by the Fisher information at W ;:
1 n

— > Ey[ViogP(y|zi;, W)V log P(y|ai;, W) '],

j=1

F, =

evaluated at W = V~Vi. F'; is symmetric and positive semi-
definite (PSD). Computing and communicating the full Fisher
matrix F; € R%*? can be prohibitive for large models.
Our fusion formulation does not depend on a particular
Fisher representation, so structured approximations can be
adopted according to the available computation, storage, and
communication resources. For a layer with weight matrix of
size oy X 1 and dy = oyiy parameters, Table I summarizes
representative per-client Fisher representations. A diagonal
approximation retains only the diagonal curvature and has
linear representation cost, whereas K-FAC preserves richer
layer-wise curvature through Kronecker factors while avoiding
the quadratic representation cost of a full Fisher matrix.



TABLE I
STRUCTURAL COMPLEXITY OF REPRESENTATIVE PER-CLIENT FISHER
REPRESENTATIONS FOR A LAYER WITH dy = 0piy PARAMETERS.

Structure | Storage / Communication Curvature Structure
Full O(d?) Full
Diagonal O(dy) Diagonal only
K-FAC O(i2 + 02) Kronecker-factorized

Thus, the choice of Fisher approximation provides a trade-off
between curvature fidelity and resource overhead. Combining
these local posterior approximations yields a Fisher-weighted
quadratic form for the global log-posterior:

logP(W|D)
M _ n M _ _

~ > logP(W,|D;) — ) S (W -W)TF,(W-W,).
=1 =1

Maximizing this approximation is equivalent to solving

M
min Y (W —W,) F{(W —W,). 2)
WeRd

i=1

Since each F'; >~ 0, any minimizer satisfies the first-order

condition
M M _
(Z F) W = ZFiW,-. (3)
=1 =1

In over-parameterized regimes (d > N), the system in (3)
can admit multiple solutions. To select a unique and well-
behaved estimator, an effective selection rule is to choose
the feasible solution that stays closest to the collection of
local optima [5]. This leads to the following constrained least-
squares formulation

M M
Jmin, {Z W — W2 stt. (21?) W = ;FW} .
“4)
A solution to (2) can be obtained by 1terat1ve 0pt1mlzat10n [S].
Starting from the average initialization wlol = M ZZ 1 W,
gradient descent with step size ns < 1/Amax, Where Apax is
the largest eigenvalue of Zf\il F';, generates iterates witl
wit=1_j Z£1 F;(WE1 — W), which converge asymp-
totically to a minimizer W*. While such iterative fusion is
suitable for one-time aggregation, it is poorly matched to
repeated model editing. When a single client changes, the fu-
sion objective changes accordingly, and the iterative procedure
generally needs to be rerun to obtain the updated solution.
Moreover, the previous optimization trajectory is not directly
reusable for updating only the affected client contribution. This

motivates the following projection formulation. Let

1 &
- —S"w,. (5)
Py

Using the identity

M M
DWWl =MW - W5+ |W - W3,
i=1 1=1

problem (4) is equivalent to

W -—W|2st. FW =b 6
Jmin I3 s. 1 ©6)
where
M M ~
F = ZF b= ZFW (7
i=1 i

Hence, the fusion state needed for subsequent editing is
summarized by (W, F,b), each of which decomposes over
clients. Under a single-client replacement, these statistics
can be updated by subtracting the outgoing contribution and
adding the incoming one, while all unchanged client contri-
butions are reused. Since each F; = 0, b = ZZ. F,W, €
Range(F), so the affine constraint FW = b in (6) is feasible.
Thus, solving (6) reduces to computing the orthogonal projec-
tion of W onto the affine set {W : FW = b}. This projection
admits an explicit characterization via the KKT conditions.
Consider the Lagrangian

LOW,A) =W -W|3+AT(FW -b), (8)

where A € R? is the dual variable. Since the objective is
strictly convex and the constraint is affine, the KKT conditions
are necessary and sufficient for optimality. Taking derivatives
of (8) yields the stationarity and primal feasibility conditions:

2(W —-W)+FA=0, ©)
FW —-b=0.
From the first condition,
W =W — JFA. (10)

Substituting into the constraint yields a linear system in the
dual variable A:

F?A = 2(FW —b). (11)

Therefore, model fusion reduces to solving the linear sys-
tem (11). The linear system in (11) remains consistent even
when the aggregated Fisher matrix F' is sparse, singular, or
low-rank. Since b € Range(F') and FW < Range(F), we
have FW — b € Range(F). Moreover, because F is sym-
metric and positive semidefinite, Range(F?) = Range(F).
Therefore, (11) always admits a solution. Rank deficiency may
make the dual solution A* non-unique. However, if A} and
A are two solutions, then F*(A% — A%) = 0. For symmetric
positive semidefinite F, Null(F?) = Null(F'), and hence
F(AT — A}) = 0. Thus, all dual solutions yield the same
FA* and therefore the same projected primal solution W* =
W — LFA*. Hence, rank deficiency may affect numerical
conditioning and dual uniqueness, but not the existence or
uniqueness of the projected primal solution. Once a solution
A* is obtained, the optimal model follows directly from (10):

W* =W — 1FA*. (12)
This formulation makes clear that the fusion problem de-
composes into two steps: solving a linear system defined
by aggregated curvature statistics, and then recovering the

projected model in closed form.



The linear system (11) in A can be solved efficiently and
accurately by standard linear solvers. For example, conjugate
gradient (CG) applies here because F? is symmetric positive
semidefinite and the linear system (11) is always consistent.
In particular, CG minimizes the quadratic energy

min IATF?A — AT2(FW —b), (13)
whose first-order optimality condition is exactly (11). CG
terminates in at most » = rank(F') iterations, which is typi-
cally much smaller than d in over-parameterized settings. This
follows from the fact that CG minimizes the quadratic energy
over an expanding Krylov subspaces and the Krylov subspace
associated with the nonzero eigenspace has dimension at most
rank(F'). That said, CG is only one possible solver;
any method capable of solving (11) can be used within this
projection-based fusion framework. The practical cost of the
projection step also depends on the Fisher representation.
A diagonal approximation incurs the lowest structural over-
head, while K-FAC retains richer curvature information and
substantially reduces representation and communication costs
relative to a full Fisher matrix. However, a sum of client-
wise K-FAC matrices does not generally preserve a single
Kronecker factorization. Since our coordinator stores only
the aggregated curvature statistic rather than individual K-
FAC factors, this structure may be lost after aggregation, and
the coordinator-side projection cost can approach that of a
less structured representation. Hence, the Fisher approximation
can be selected according to the desired trade-off among
curvature fidelity, communication overhead, and coordinator-
side computation.

To enable efficient exact model editing, the one-shot FL
algorithm must be p-TV-stable (Definition 2) for a pre-
specified stability level p. The fusion rule above uses all
available clients and is deterministic. This benefits model
utility, but it yields no distributional stability. In particular, for
any neighboring device sets M and M’ with M@ M'| =1,
the outputs A; (M) and A;(M’) are Dirac measures sup-
ported at different points. Hence, TV (A; (M), A;(M')) =1,
which cannot meet an arbitrary target p < 1. We address
this by introducing randomized client subsampling for model
aggregation. The coordinator samples a client subset P C [M]
of size P for local training and model fusion. This shared
randomness induces overlap between the output distributions
under neighboring client sets, which is directly controlled
by the sampling rate p. At the initial execution of F-SOSA
with M clients, the subsample size P is chosen as pM
and is fixed thereafter. Note that, for the general dynamic-
device learning setting considered in this work, we assume
that client contributions have comparable aggregation priority,
under which uniform random subsampling is appropriate. In
some safety-critical applications, such as autonomous driving,
certain client updates may need to be incorporated with higher
priority. These clients can be treated as mandatory participants
rather than being randomly subsampled, even at the expense
of reduced editing efficiency. Extending the stability analysis
to priority-aware participation is beyond the current scope.

Combining Fisher-informed projection with client sub-
sampling yields our p-TV-stable one-shot FL algorithm, F-

T =

Algorithm 2: F-SOSA-U

Input: Unlearning request from client 7~ with its local
contribution (W;—, F;), initial model W ®,
number of local iterations K, learning rate 7

1 if i~ € P then

2 | Coordinator samples ™ ~ Uniform([M]\P);

3 | Coordinator updates P + P\{i"}U{it};

4

5

Coordinator communicates W? to client it
Client i+ performs local training and Fisher
computation following Lines 4-9 of Algorithm 1,

and sends (W+, F;+) to the coordinator;
6 Coordinator updates Wp, F'p and bp:

V_Vp — V_Vp + %(Wﬁ— —Wi_),
Fp<+— Fp+ (Fﬁ- _Fi—)7
b7> — bp+ (Fi+Wi+ *Fi—wi—);

7 Coordinator solves the linear system for A € R%:
F5A =2(FpWp —bp);

8 Coordinator sets the updated global model:

Ws; — V_Vp — %F pA;

Output: W,

SOSA (Fisher-Informed Subsample One-Shot Averaging). Al-
gorithm 1 summarizes the procedure. The coordinator samples
P (step 1) and broadcasts the initialization w (step 2).
Here, P = pM is determined at the initial execution of
F-SOSA and remains fixed during all subsequent editing
operations. Each client ¢ € P runs K steps of local gradient
descent to obtain W, (steps 3-7), computes its Fisher matrix
F; at W, (step 8), and uploads (Wi, F;) to the coordinator
(step 9). The coordinator then forms the sufficient statistics

- 1 ~ -
Wp = szi, Fp= ZFz‘, bp = ZFsz
ieP ieP icP
as shown in step 10. Finally, it outputs the global model by
projecting Wp onto the affine set {W : FpW = bp}. This
projection is computed by solving the linear system for the
dual variable A(steps 11) and then recovering the final fused
= F
model Wy, (step 12).

B. Efficient Editing Algorithms: F-SOSA-U and F-SOSA-I

F-SOSA achieves p-TV stability by aggregating over a
uniformly sampled subset P of size P = pM. When the
client population changes, the support of the uniform size-P
subset distribution changes accordingly. Exact model editing
therefore reduces to constructing a coupling between the pre-
and post-change sampling procedures.

The key observation is that editing depends on the proba-
bility mass of the realized subset under the updated sampling
distribution. If the realized P has the same probability under
the post-change distribution as under the pre-change one, then
we can keep P unchanged. In this case, the sufficient statistics
(Wop, Fp,bp) and the fused model remain distributionally



Algorithm 3: F-SOSA-1I

Input: new client index i
1 if Bernoulli(37:7) then
2 Coordinator samples i~ ~ Uniform(P);
3 Coordinator requests (W;—, F;,—) from client i~
and (W4, F;+) from client i";
4 Coordinator updates P < P\{i~} U {it};
5 Coordinator updates W, Fp and bp:
- - 1, ~ -
Wp+—Wp+ F(Wﬁ - W’L*)?

Fp <« Fp+ (Fir — F;-),
b”p < bP+ (Fi+wi+ —Fi—Wi—);

6 Coordinator solves the linear system for A € R%:
F%A = Q(F'pW'p - bp);
7 Coordinator updates the global model:

L Ws; — Wp — %FPA;
Output: W,

consistent with retraining, so no editing is required. Otherwise,
we update P in a way that restores the correct post-change
sampling distribution and then recompute the projection-based
fusion using updated sufficient statistics. Thus, we construct
a maximal coupling between the two uniform subset dis-
tributions for efficient editing. As shown later, under the
maximal coupling, the probability that an update is needed
equals the TV distance between the two sampling distributions,
and is at most p. Based on this principle, we develop two
exact editing procedures: F-SOSA-U for client unlearning
(Algorithm 2) and F-SOSA-I for client incremental learning
(Algorithm 3). The coordinator persistently maintains only the
sampled subset 7 and the aggregate statistics (Wp,Fp,bp).
Individual client contributions (W, F';) need not be retained
at the coordinator. While connected, each active client keeps
its own contribution and transmits it only when required by
an editing operation; in particular, a departing client sends
its contribution together with the unlearning request before
disconnecting. The coordinator then updates the aggregate
statistics by subtracting the departing contribution and adding
the incoming one. Hence, its persistent state does not grow
with the number of clients that have participated historically.

o Client unlearning (F-SOSA-U). When the coordinator re-
ceives an unlearning request from client ¢~ the coordinator
first checks whether it belongs to the sampled subset P.
If i~ ¢ P, then under the maximal coupling the subset
remains unchanged, and no editing is needed. Otherwise,
we must replace the removed client to preserve the subset
size and sampling distribution. The coordinator therefore
draws a replacement client i+ uniformly from [M]\ P and
updates P «+— P\{i~ }U{i™ }. The new client performs local
training and Fisher computation, after which the coordinator
updates the sufficient statistics via rank-one adjustments:
W p, Fp,bp. The edited global model is then obtained by
solving the same projection system as in F-SOSA. Since

only one client contribution changes, the update cost is
independent of the total number of clients.

e Client incremental learning (F-SOSA-I). When a new
client 7" joins, we determine whether it would have been
selected under the updated F-SOSA sampling distribution.
Conditional on the current client set in the learning objective
containing M + 1 clients, F-SOSA samples a size-P subset
uniformly at random. Hence, each client in the updated
set, including the newly arrived client ¢*,, has inclusion
probability Pr(i* € P’) = P/(M + 1). This probability
is determined by the conditional subset-sampling rule and
is independent of the external arrival distribution. If the
Bernoulli trial fails, the sampled subset remains unchanged
under the coupling. Otherwise, the coordinator replaces a
uniformly chosen client i~ € P with i* and updates
the sufficient statistics using the same adjustments as in
unlearning.

Both editing algorithms modify only a single selected-client
contribution while reusing the current aggregate fusion statis-
tics. Consequently, each triggered editing operation updates
only one client contribution to the sufficient statistics and per-
forms one projection solve. Its coordinator-side cost depends
on the chosen Fisher representation, as discussed above, but
does not require recomputing the contributions of all previ-
ously sampled clients. Moreover, since editing is triggered
with probability at most O(p), the expected editing cost per
client change is O(p) relative to full retraining. Together, these
procedures enable provably exact and communication-efficient
model adaptation to dynamic client participation in one-shot
federated learning.

Finally, we demonstrate that, the proposed editing pro-
cedures extend naturally to scenarios where multiple client
changes occur, either simultaneously or sequentially.

« Simultaneous requests. When multiple unlearning and in-
cremental requests arrive simultaneously, we process them
using the batch editing procedure shown in Algorithm 4. The
coordinator first performs the same verification steps as in F-
SOSA-U and F-SOSA-I to determine which requests affect
the realized subset P. For unlearning requests, this reduces
to checking membership in P; for incremental requests,
this is determined by the Bernoulli inclusion test. Requests
that do not affect P are applied directly to the client set
without modifying the subset or sufficient statistics. The
remaining requests are then processed sequentially to update
‘P under the correct post-change sampling distribution. After
the final subset P’ is obtained, the sufficient statistics and
fused model are updated in a single batch using aggregated
rank-one adjustments. By the triangle inequality of total
variation distance and the p-TV stability of F-SOSA, if a
batch contains k client changes, the probability that editing
is triggered is at most kp. Since all affected contributions are
incorporated through a single projection solve, the expected
total editing cost scales as O(kp) relative to retraining.
Consequently, the expected amortized overhead per client
change remains O(p).

« Sequential requests. When client changes arrive over time,
we simply apply F-SOSA-U and F-SOSA-I iteratively. After



each edit, the updated subset P and sufficient statistics
(W p, Fp,bp) remain valid summaries of the current client
set. Because exact editing restores the joint distribution of
both the model and these internal states to that of retraining,
each subsequent request starts from a statistically valid
retraining-equivalent state. Hence, approximation errors do
not propagate across successive edits. Moreover, by the
triangle inequality of TV distance, the expected number of
triggered updates over a sequence of edits grows linearly
with the number of client changes, while the expected
fraction remains O(p), so does the expected editing cost
relative to full retraining.

Overall, F-SOSA enables exact adaptation to both batched or

streaming client dynamics, while ensuring that the expected

editing cost per change is a O(p)-fraction of retraining.

V. THEORETICAL RESULTS
A. Stability of F-SOSA

We consider a general device set M with |[M| = M,
and note that all results apply to any round ¢ with device
set M(t). We first prove that F-SOSA is p-TV-stable for
any given stability level p, and then analyze its learning
utility. Our stability analysis uses the concept of the push-
forward measure: for a measurable map f : X — ) and
a measure u on X, the push-forward f#pu is defined by
(f#1)(Z) = u(f~1(Z)) for any measurable set Z C ).

Theorem 1. F-SOSA is p-TV-stable for any p € (0, 1).

Proof. Let M be original device set and M’ be the update de-
vice set such that [M&M’| = 1. We first consider M contains
M —1 devices, where w.l.0.g. we assume device M leaves, i.e.,
M={1,2,--- M} and M’ = {1,2,--- M — 1}. Let the
sigma-algebra on these sets be the power sets of M and M’
respectively, denoted by Pow (M) and Pow(AM) respectively.
Let p(p,ary be the sub-sampling probability measure on M
devices in M, i.e., sub-samples a subset P of size P out of
M elements in M uniformly at random. Similarly we can
define f(ppr—1) for M'’. We first extend the sigma-algebra
for the probability spaces so that the random variables 11 p ar)
and p(p,ar—1) are defined on a common probability space.
For this, we will just add an event where the device M can
be sampled under p(pps—q) with probability 0. We define
1 p ary @s follows: for any set P € Pow(M), pip 5p (P) =
{H(P,M—l)(P)» it M ¢ P

. Note that, for fixed initialization
0, otherwise

W and other parameters, Algorithm A(M) and A(M’)
is the same deterministic map from P € [M]F to W.
They only differ because of different measure on the input
space. Hence TV distance between A(M) and A(M’) is
just the TV distance between the push-forward measures
AM)# 11 vy and AM')# 11 5y, Which by using the fact
that A(M) = A(M’) and data processing inequality is at
most the TV distance between i p 5y and u’( M) Therefore,

TV(AM), AM")) < TV(up,an)s 1 par))

M-1 M
< iep,an) (S containing M) = (P 1)/<P> = P/M.

Algorithm 4: F-SOSA-Batch: Batch Editing for
Mixed Unlearning and Incremental Requests

Input: request list R
1 Coordinator initializes queue Q + [ ];
2 Coordinator foreach request r € R (in order) do

3 if r = Unlearn(i~) then

4 if i~ € P then

5 ‘ Append r to Q;

6 else

7 | Update M+ M\{i"};
8 | elseif r = Insert(i") then

9 if Bernoulli(g{/7) then

10 | Append r to Q;

11 else

12 | Update M « MU {i*};

13 Coordinator stores P,q <+ P;
14 Coordinator foreach request r € Q (in order) do
15 if r = Unlearn(i—) then

16 Sample j ~ Uniform(M\P);

17 it (W ;, F,) not available then

18 Coordinator sends W to client 7

19 Client j executes Lines 4-9 of Algorithm 1
and sends (W j, F;) to the coordinator;

20 Update P < P\{i" }U{j};

21 Update M + M\{i" };

22 | else if » = Insert(i*) then

23 if (W4, F+) not available then

24 Coordinator sends W to client i+;

25 Client it executes Lines 4-9 of
Algorithm 1 and sends (W ;+, F;+) to the
coordinator;

26 Sample i~ ~ Uniform(P);

27 Update P« P\{i~ }U{it}

8 | Update M <+ MU {i"};

29 Coordinator sets P’ — P;
30 Coordinator sets S_ < Poa\P’ and Sy + P\ Poia;
31 Coordinator updates statistics:

W e Wot | S Wi 3w,
€54 [ASTe .

Fp + Fp+ ZFZ_ZFZ s
1€S i€S_

bp: + bp + ZFZWL—ZFLWL
ics, ies_

32 Coordinator solves the linear system for A € R%:
}S%/A = 2(F73/W7)/ - bp/)7 and set

WE;)/ <« W'p/ — %FP’A-
Output: W,




A similar argument works when M’ = {1,2, M, M +
1}, yielding a TV bound of MLH < %. Taking a uni-
form bound over all neighbouring set M’, we get that
supj pemr|=1 TV(AM), AM')) < P/M. Since in F-

SOSA, P is set to pM, thus TV(AM), A(M")) <p. O

B. Learning Utility of F-SOSA

We analyze the utility guarantee of WS, obtained by F-
SOSA under the following standard data assumptions:

Assumption 2 (Data Normalization). For any (x,y) € D,

|z|2 = 1 and |y| < C for some constant C' > 0.

Assumption 3 (Data Uniqueness). Any two samples (x,y)
and (z,y’) in D satisfy |x — x'|2 > ¢ > 0.

Assumption 4 (Data Non-Degeneracy). The minimum eigen-
value of the Gram matrix H>* e RV*Y defined by (H*>) ;=
Eew~Ar(0,1) [a:kTacl]l{mek > 0fl{w"x; > 0}], is bounded
below: Apin (H®) = g > 0.

No bounded heterogeneity assumption is made, so our
results hold under arbitrary non-i.i.d. client data. We consider
a two-layer ReLU neural network (NN) where the first-layer
consists of m trainable weights {w, }" ; and the second-layer
weights @ = {a,}"; are drawn i.i.d. from {+1,—1} at ran-

dom and then fixed [5], [37]. Let W = vec(w1, wa, ..., Wy).
The NN is modeled as
1 m
faW,2) = —= > axy(z w,), (14)
\/TTL r=1

where y(z) = max{x,0} is the ReLU activation function.
This model can be equivalently written in a linearized form:
fa(W ) =0a(W ) W, (15)
where
arzl{x w; >0}
1 asxl{x wy > 0}
ba(W,x) = eR™. (16)

vm :
amzl{z"w,, >0}
The neural-network objective is non-convex. We analyze it
using the two-layer ReLU model, a standard canonical setting
for NTK-style analysis of over-parameterized neural networks,
where the training dynamics can be characterized through acti-
vation stability and the associated Gram matrix. In this regime,
gradient descent remains within a controlled neighborhood of
the random initialization, the relevant Gram matrices remain
well conditioned, and the empirical fitting error decreases
geometrically with the number of local iterations.

We first record a basic bound on the feature representa-
tion that will be used repeatedly in the subsequent analysis.
It follows directly from the definition of ¢, (W, x), since
ar € {—1,+1} and each activation indicator is at most one.

Lemma 1. For YW € R? and ||z[]2 < 1, [|¢a(W, )2 < 1.

We initialize w'® " A (0,021). To quantify activation
pattern stability, given a real R > 0, define event &;;,(R) =

(Bw: |w—w”|s < R 1{z]w!” >0} # 1{z]w > 0}}.
We next characterize the stablllty of ReLU actlvatlon patterns
around the random initialization.

Lemma 2 ( [5, Lemma 3]). The random initialization of
w” "% N(0,021) ensures that P(E;;,(R)) < 2R/(v/270).

We then invoke a standard over-parameterized training result
to control both the local fitting error and the distance traveled
by each local model.

Lemma 3 ( [5, Lemma 2]). Let m = Q(/\4 253) and n =

O(%) With probability at least 1 — § over the initialization
of W and a, we have simultaneously for all i € [M]:

D X0~ oW @@i))? = O(5):
2) Zg 1(3/1] fa,(W,‘,.’IJij))Q < (1 _ %)K . O(%)v
3) For Vr € [m], H"I’i,r _ w£O)H2 < Ro. where Ry —

oy B 0= BT = LW )

AoV m

Combining 1) and 3), we have Ry < O(

o)

Building on these local training properties, we next bound
the deviations of the trained local models and their subsampled
average from the common initialization. Proofs of all auxiliary
lemmas established in this paper are deferred to Appendix A.

-1 —1
Lemma 4. Let m = %2)‘“), n = O(3%). and

o = O(22%). With probability at least 1 — § over random
initialization:
1) for all ¢ € [M], ||W wO, <

No poly(N Ay 5~ 1)
O(W) + 1/401/2 ;

) [[Wp — WO, < JBEHETY 4 ey o

poly(N, Ay ",671)
ml/4g1/2

y, (HX) 1y, +

These parameter-space bounds further allow us to control
the prediction discrepancy between the averaged model and the
collection of local models. Let y = vec(yy,Yq, - ,Yp) €
RY be the true label vector and § = vec(§y, o, -+, Yps) =
faW1,211), fa(Wi,212), -, fa(W, ann)]T € RY
be the predictions of trained local models. We define the proxy
output f(W,xi;) = o (Wi, i) W for YW € R? and ;.

Lemma 5. Let m = poly(N,6 1, \; 1) /0% n = O(\g/N?),
and 0 = O(Aod/N). With probability at least 1 — ¢ over the
random initialization, we have

- 12 N o
Hf(WP»ﬂﬂz'j) - sz <O (pyT(H ) 1y> :

We define four matrices associated with the initial model
w© and participant set P = {iy,...,ip}: A%),Ap €
R(Pr)X(mp) and H( ) Ay € RPX(Pn),

¢a(W(z),$ill)T ¢a(V:V1,iBz‘11)T
A§S> _ Pa(W! .),5131'12)T CAp e ¢a(W1., Ti2)"

paWO ;)T Ga(War, Tipn) "
HY = ALDADT Hp = ApAj.



We next study the conditioning of the Gram matrices
associated with the sampled clients, which is needed to control
the projection step.

Lemma 6. Let HY € R(PP)X(Pn) pe the principal submatrix
of H* formed by P. If m = Q(M) with proba-

bility at least 1—4, | H\Y'—H|| < \o/4, Amm(H<°))>3A0/4

Lemma 7. If m = Q( o2 53) then with probability at least
1 — 6, we have )\min(Hp) > Ao/2 and Amax(ﬁp) < pN.

With these spectral bounds in place, we can quantify the
additional displacement introduced by Fisher-based projection.
2

Agd :
Lemma 8. Let m Z m, g = O(%) With

probability at least 1 — § over the initialization, we have

HWP Wp _o<\/m0 1y>.

Lemma 9. Let m = poly(N, 6 1, \; 1) /a2, n = O(\o/N?),
and o = O(\gd/N). With probability at least 1 — ¢ over the

random initialization, we have
N
T Hoe —1 .
g VY (H>) y)

The resulting neuron-wise displacement bound allows us to
control activation-pattern mismatches between the fused and
local models. Given any (7,7) pair, we define SF = {r €
(m] : I{x @, > 0} = I{zjw;, > 0}} as "the set o
neurons with matching activation signs between the global and
local models. Let Sf;- := [m] \ S}, denote the mismatch set.

|k, — @p, 2 < By < O (

Lemma 10. With probability at least 1 — § over the initializa-

tion, |S}3H| = (w) for all 4, j simultaneously.

Note that the mismatch size \S 1| is independent of the
client subsampling rate p, since Ro bounds the deviation of
each local trained model w;, from initial wgo) uniformly
across ¢ € [M], regardless of which clients are sampled.

We are now ready to establish the empirical fitting guar-
antee of F-SOSA. Lemma 3 controls the local fitting error,
while Lemmas 8-10 bound the additional error induced by
Fisher-based fusion through the resulting activation-pattern
mismatches. Combining these two components yields the
following training-error guarantee.

Theorem 2 (Training Error for Fitting the Data). Under
Assumptions 2 — 4, let m = Q(N6/(M\4026%)), n = \o/N?,
w!” ~ N(0,0%T), a, ~ Uniform({—1,+1}), then with
probability at least 1 — §, we have
_ L)‘O)K X ﬁ N6(yT(HOO)_1y)2)

2 5 mdto2\} '

LE (W) < 0((1

Proof. We decompose the loss L{)’e(V_VSD) as follows
1 M n
= NZZ WPamzj yij)2

— F - F . .
(W p, mij)TW’P — Yij + Yij — yij)2

M n M n
< %ZZ(QS(W;?:EZJ)TWP ym ZZ (Gij— ym
i=1j5=1 i=1j=1
T1 T>

T5 measures how well the local models fit their local data and

K
can be bounded via Lemma 3 as 175, = O ((1 — %) %

By taking ¢t — oo in (21), §;; = qﬁa(Wi, mij)TV_Vsp, we have

9 M n B ~ _ )
- N Z Z(¢(W17:” mij)TW; - ¢(Wi7$ij)TWl;)2

i=1 j=1
9 M n
I
i=1 j=1
(Z:T’GS,ZL arwg—jw%,r(]l{wz—'gwg,r 20}_]]'{w;;w1,7“ 20}))2
m
2 ‘SFJ‘|
<25 3By (ot
=1 j=1 reSy
M n FLl
2 |S;; _ . N2
<% LY (e, — wlb,)
=1 j=1 reSH-
M F1 |2
‘S | F ~ 2
< — T _ D,
N ;j:l m re[m] ’ wWHZ
mN?(R2 + R?)

mN?%(R} + R}
(54 1)) < 0 (ML)

M) 1))

)
Agm

6202
N4
go( ( +
3202 \ \I52m?
2
y' (H*) 'y) )

méto2 A
where the second-to-the-last inequality uses upper bounds on
Ro and R; from Lemma 3 and Lemma 9. O

Corollary 1. Under the setting of Theorem 2, given a target
training error ¢, if we set m = Q(poly (N, 1, \;')/a2), n

Mo/N?%, 0 = O(MNS/N), and K = Q((l/n)\o)log(N/ée))
then with probability at least 1 — §, we have L (WP) <e.

Corollary 1 shows that the empirical risk can be made
vanishingly small in the over-parameterized regime by choos-
ing the network width m and the number of local iterations
K sufficiently large. The above width conditions are suffi-
cient analytical conditions for establishing the guarantee in
this tractable regime, rather than architectural requirements
of F-SOSA itself. The learning and editing procedures are
not restricted to two-layer networks and can be instantiated
with finite-width deep architectures, as further evaluated with
ResNet18 and YOLOVSs in our experiments.

Having established the empirical fitting guarantee, we next
study generalization to unseen data. For this purpose, we adopt
a two-level data distribution framework [38]. Let Z = X x
Y denote the data space, © the set of distributions over Z,
and 7 a meta-distribution over ©. Each client ¢ samples a
distribution D; ~ T and obtains n i.i.d. samples D; ~ D}
Let D = Ui\il D; be the union of local datasets. We consider



the squared loss £(z,y) = 3(z — y)?. The empirical risk over

training data is

QL A

)= 37 27 23
i=1 j=1

The population risk is defined as

]ED~T]Ez~D[ (fa(W,z) —y)?.

We also define the semi-populatlon risk:

M Z EZND

To extend the empirical analysis to unseen data, we adopt
the following federated Rademacher complexity.

L' w fa(W,zij) — yi5)*.

LYW =

L (w fa (W, z) —y)?.

Definition 3 (Federated Rademacher complexity). Let F be a
class of functions g : X — R. For M clients with n samples
each, the federated Rademacher complexity is

1 1 —
RM(F)=Ey, . — ) = ij - g(®4;
n (F) {LIJ}[jg%[igzlnjEZILJ g(xi;)]

where {¢;;} are i.i.d. Rademacher variables.

When M = 1, this reduces to the classical Rademacher
complexity Ey, y[sup e r 1 Z?Zl tj9(x;)]. We define a neu-
ral network class with weight constraints relatlve to initializa-
tion: Fyyo o g = {fa(W,") : [Jw, — w!® || < R, Vr €
[m], |W — W©|, < B}. The following existing result
bounds the Rademacher complexity of the network class
determined by the parameter neighborhood above.

Lemma 11 ( [5, Lemma 8]). Given R > 0, with probability
at least 1 — 0 over the initialization, uniformly over all B > 0,

Ry (Fw© ar.B)

B 2log(2/6) 1, 2R%\/m 5
gm(u( - M+ . + R+/210g(2/6).

We next recall the empirical-to-semi-population generaliza-
tion bound under the two-level federated data model.

Lemma 12 ( [38, Lemma 1]). Let the loss function
0(f(W,x),y) be bounded in [0, ¢]. Under the two-level dis-
tribution setting, with probability at least 1 — §, we have

log(2/0)

_ fi < M
LB} < 2RY(F) + 30y =2

sup{LJ;’Z
feF
The remaining step is to control the gap between the semi-
population and population risks.

Lemma 13. Let the loss ¢(f(W,x),
With probability at least 1 — 4,

] Y , log(2/6) \/log(2/5)
feF T S0 = " * C\/ 2N e 2M

y) be bounded in [0, ¢].

sup{LL:* — 1LY < 2RM(F)+2

Lemmas 4 and 8-9 control the fused model around the
initialization, while Lemmas 11-13 bound the generalization
gaps. Together with Theorem 2, these results yield the follow-
ing population-risk bound.

Theorem 3 (Generalization Error for Unseen Data).

Under Assumptions 2, 3 and 4, let ¢ = O(Nd/N),
m = Qpoly(N,67 1, ;") /0%, n = Xo/N?
w” ~ N(0,6°T), a, ~ Uniform({—1,+1}) and
K = Q((1/nx0)log(pN/(0(1 + p)yT (H*)"'y))), with

probability at least 1 — §, we have

_ 1 1
rety < oL jy HX)y log 5 log 5
L (Wp)_O(p,/ ™ A A )

Proof. We first bound ||V_Vl7:3 -
Lemma 4, which gives

IWp — W2 < O(VN/(pho) - /3T (H=)"y). (17)

Similarly, we bound @}, —
Lemma 9, which gives

D]y < O(poly(N, 571, Ay

Wopllz via Lemmas 8 and

Wp,|l2 via Lemmas 3 and

h/vm)

Using above bounds, we can conclude that fa(V_Vsp,) €
.7-"W<o)’a7R)B with R and B set by Equation (18) and (17)
respectively. Using Lemma 12 and Lemma 13, we have

(LY (W) — LE (W)}

@Y, — w (18)

sup
fe]:w(f’),a,R,B

< swp {LP(Wp)-LE (W)}

fer w(©) a R,B

=_F =_F
+  sup AL (Wp)-LE (Wp)}

fe]:w(o),a,R,B

R (Fw© a..5) + V10g(1/0) /N + /log(1/6)/M).

By Lemma 11, the Rademacher

R£\14(‘FW<”),a,R,B) < O(% y' (H>)~1y/)\o). Since
L yasE A xxrF L vxF £ i F

Ly (W) = 13" (Wp) — L5 (Wp) + L5 (W), by

combing with the training error established in Theorem 2, we

obtain the result by union bound. O

<0(

complexity satisfies

Theorem 3 shows that, with sufficiently many clients and
local samples, the generalization of F-SOSA is governed by a
Rademacher complexity term of order 2+/y T (H>)"1y/\.
As shown in [37], the quantity y " (H>)~'y is bounded by a
constant independent of sample size for a broad class of target
functions, including linear, quadratic, and cosine models. The
factor 1/p reflects a trade-off between editing efficiency and
generalization: larger p includes more clients and improves
the utility/generalization bound, but weakens TV stability and
increases the expected editing cost.

C. Exactness and Efficiency of Model Editing
F-SOSA-U/T are valid transports and efficient for editing.

Theorem 4. (F-SOSA, F-SOSA-U/I) satisfies exact federated
model editing. For R editing requests, F-SOSA-U/I triggers at
most O(pR) recomputation in expectation, with total expected
runtime bounded by O(max{pR - Training Time, R}).

Proof. Let pp ) be the uniform distribution over size-P
subsets of [M]. Let P ~ fi(pary be a sampled client subset.
Assume M leaves or M + 1 joins, and consider a deletion



map DEL P — P C [M-1] (for client removal),
and an insertion map INS : P — P’ C [M+1] (for
new client addition). These induce pushforward distributions

1eh s = DEL#ucpary and s,y = INS#ucp ar). To

show F-SOSA-U/ are valid transports, we prove that for

any P € [M]", upy(P) = ppy-1(P) and for any
P e M+ 17, wE5n (P) = we s (P).

For F-SOSA-U, we consider two cases based on whether
the membership verification succeeds. Case 1 (verification
succeeds). The pushforward measure M%EAI;I) is simply 1(p,ar)

conditioned on the event M ¢ P,

e (PN{MEP})
e ({M EP})

The denominator yup py({M ¢ P})=1—ppry({MeP}) =
1—(33)/(F) = 1=P/M. For ppan(PN{M ¢ P}),
it equals 0 if M € P, and ppar(P) otherwise. In both
branches, we have uip'y (P) = ppa—1(P). Case 2 (ver-
ification fails). In this case, M would have been replaced
by some point in P and there are M possibilities. Let
v be the uniform probability measure over [M]. For each
k € [M], let & be the event that M was replaced by ij. The
events &’s are disjoint and P is UL, . Then ,u@,%{b (P) =

MI(%%) (P)= K@, M) (PIM¢P)=

u&%( he1Ek) = Yol tean (PG U (MPo(fin}) =
1/( ):ﬂ(P,M—l)(P)-

For F-SOSA-I, given P, we consider two cases based on
whether the inserted M + 1 lies in P or not. Case 1 (M+1 €
P). In this case, Bernoulli(P/(M+1) must be 1, M+1 would
have replaced some other points in [M 4 1]\P and there are
M+1—P possibilities. Let v be a uniform probability measure
over [M+1—P]. For each k € [M+1—P], let & be the event
that M +1 replaced iy, then &’s are disjoint and the event P

is UpZ ™", Then p(p3, (Ex) equals
JINS

1pnn (PNM + Uik} ik replaced)u(P ) (ik replaced)

= pe,nn (PNM + Ui i) v (in) = )(Ml+1 p)

- INS (UJVI+1 ~Pg pparsn(P).

Case 2 (M +1¢P). Bernoulh(P/(M + 1)) = 0, there is no
(. (= 5220/ () = /(") =

replacement, fu(p (P) =
w1y (P).

Therefore, F-SOSA-U/I are both valid transports. Let PEPT
be the post-editing sampled subset. By p-TV-stability of F-
SOSA, P(P#PEPT) <p, and M/2 < M(t) < 2M, so each
request triggers recomputation with probability at most 2p.
For R total edits, the expected number of recomputations is
O(pR), with total expected runtime bounded by O (max{pR -
Training Time, R}). O

(w1
Thus, ¥, (P) = il &) =
)=

VI. EXPERIMENTS

We empirically evaluate our framework with focus on: (1)
one-shot learning performance, (2) model editing accuracy and
efficiency, (3) trade-offs controlled by the stability level p, and
(4) resilience to membership inference attacks. We also include
a realistic case study based on vehicle mobility simulation.

A. Experimental Setup

1) Datasets and Models: We use MNIST [39], SVHN [40],
CIFAR-10 [41], and FEMNIST from LEAF [42]. For
MNIST/SVHN/CIFAR-10, we simulate client heterogeneity
using Dirichlet partitioning (o« € {0.1,0.5,0.8}; default
a=0.5). FEMNIST, as a FL dataset, naturally exhibits non-
IID characteristics; we follow [6], sampling 10% of users
and grouping into M clients. Unless otherwise specified,
we use the two-layer CNN from [5] with K-FAC Fisher
approximation. To evaluate F-SOSA beyond the default classi-
fication setting, we additionally consider ResNet18 on CIFAR-
10 and YOLOVS8s on the real-world driving dataset BDD100K;
detailed results are reported in the Appendix.

2) Baselines: We compare F-SOSA with state-of-the-art
one-shot FL baselines: FedFisher [5] leverages client-specific
Fisher information to improve utility under heterogeneity;
FedLPA [6] applies layer-wise Laplace approximation to con-
struct local posteriors; Dense [7] uses GAN-generated samples
for data-free distillation at the server. For model editing, we
evaluate both unlearning and incremental learning settings. In
unlearning: Retrain simply does re-execution; FedEraser [9]
reconstructs the target model via calibrated gradient updates;
FedRR [21] uses diagonal Fisher information with momentum
correction; FATS-CU [22] stabilizes FedAvg for rapid unlearn-
ing. In incremental learning, we compare with Retrain and
Fine-Tuning, where the latter adapts the global model locally
on the new client using a tuned number of epochs selected
from {5, 10, ...,50}. All methods are evaluated under the one-
shot constraint for fair comparison.

3) Hyperparameters: We follow the settings in [5], using
learning rate 7 = 0.01 and default local epoch number
K = 50. For learning experiments, we set M = 20 clients;
for model editing, we use at most 100 clients and initialize
with 50 active clients, while the scalability experiments in the
Appendix consider client populations from 20 to 500. The
stability level is set to p = 0.5 unless otherwise specified.

4) Evaluation Metrics: (1) test accuracy, measuring model
generalization; (2) training loss, reflecting the model’s fit
to training data; (3) time cost, the total wall-clock time
of execution; (4) communication cost, measuring the total
bytes transmitted during training and model editing, including
global-model broadcasts, local-model uploads, and Fisher-
information uploads; (5) time efficiency and (6) communication
efficiency, defined as the average accuracy gain per unit of time
and communication, respectively, for efficiency evaluation.

B. Experimental Results

1) Performance of F-SOSA in Heterogeneous Settings:
We evaluate F-SOSA under varying data heterogeneity lev-
els (a € {0.1,0.5,0.8}) on MNIST/SVHN/CIFAR-10, and
include FEMNIST as an inherently heterogeneous FL dataset.
We compare against three state-of-the-art one-shot FL base-
lines. As shown in Table II and Table III, F-SOSA consistently
achieves the lowest communication cost across all datasets and
heterogeneity levels, leading to the highest communication
efficiency. This benefit arises from its client subsampling
mechanism, which reduces aggregation overhead. Time cost



TABLE 11
PERFORMANCE COMPARISON OF F-SOSA AND BASELINES ACROSS MNIST, SVHN, AND CIFAR-10 UNDER VARYING DIRICHLET HETEROGENEITY «.
BEST RESULTS ARE IN BOLD; SECOND-BEST RESULTS ARE UNDERLINED.

Dataset Metrics - a=01 - a=05 - a=08

FedFisher ~FedLPA  Dense F-SOSA FedFisher ~FedLPA  Dense F-SOSA FedFisher ~FedLPA  Dense F-SOSA

Accuracy (%) 90.35 87.90 85.92 91.08 95.98 94.21 96.06 95.43 96.08 92.82 96.93 95.80

Time (s) 43.11 2459 18796  34.63 4376 26.61 19054 3459 43.15 2902 19358  35.56

MNIST Comm. (MB) 35.30 793.31 33.76 18.46 35.30 793.31 33.76 18.46 35.30 793.31 33.76 18.46

Time Efficiency 2.10 3.57 0.52 2.63 2.19 3.54 0.57 2.76 2.23 3.20 0.58 2.69

Comm. Efficiency 2.56 0.11 2.55 4.93 2.72 0.12 2.85 5.17 2.72 0.12 2.87 5.19

Accuracy (%) 64.89 38.81 62.78 64.88 80.52 76.24 70.63 80.33 79.64 717.75 78.76 79.40

Time (s) 29.15 5050  198.85  23.54 28.98 5161 18483  21.29 28.53 5133 18870  22.14

SVHN Comm. (MB) 77.04 362.74 75.27 40.31 77.04 362.74 7527 40.31 77.04 362.74 75.27 40.31

Time Efficiency 223 0.77 0.36 2.76 278 1.48 0.40 3.77 2.79 1.51 0.46 3.59

Comm. Efficiency 0.84 0.11 0.83 1.61 1.05 0.21 0.94 1.99 1.03 0.21 1.05 1.97

Accuracy (%) 39.99 30.49 36.57 32.38 51.86 40.36 50.09 51.69 55.18 44.32 52.58 52.65

Time (s) 2276 63.79 20291 16.55 23.16 56.50 197.96 16.26 2322 55.92 197.70 16.22

CIFARI0 Comm. (MB) 77.04 362.74 75.27 40.31 77.04 362.74 75.27 40.31 77.04 362.74 75.27 40.31

Time Efficiency 1.76 0.48 0.19 1.96 224 0.72 0.26 3.18 2.38 0.79 0.28 3.25

Comm. Efficiency 0.52 0.08 0.49 0.80 0.67 0.11 0.67 1.28 0.72 0.12 0.70 131
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Fig. 1. Effect of the stability level p on F-SOSA’s accuracy and time/ communication overhead across datasets.

TABLE III
PERFORMANCE COMPARISON ON FEMNIST UNDER A REAL-WORLD
NON-IID SETTING. BEST RESULTS ARE IN BOLD; SECOND-BEST RESULTS
ARE UNDERLINED.

Metrics FedFisher =~ FedLPA  Dense  F-SOSA
Accuracy (%) 76.94 70.18 7597 75.71
Time (s) 115.89 18.69 138.57 67.07
Comm. (MB) 554.12 1968.70  528.83  289.68
Time Efficiency 0.66 3.75 0.64 1.13
Comm. Efficiency 0.139 0.036 0.144 0.261

is also substantially lower, often by over 50% compared to
FedLPA and Dense, while remaining comparable to FedFisher
in most cases. In terms of accuracy, F-SOSA matches or ex-
ceeds FedFisher under moderate heterogeneity (o = 0.5,0.8),
and consistently outperforms Dense and FedLPA. Under high
heterogeneity (o = 0.1), its performance remains robust with
minimal degradation. These results demonstrate that F-SOSA
offers strong utility-efficiency trade-offs, maintaining competi-
tive accuracy while substantially reducing communication and
computation costs.

2) Impact and Selection of Hyperparameters: We examine
how the stability parameter p and local epoch number K affect
F-SOSA’s utility and efficiency. Figure 1 shows that increasing
p improves accuracy, as more clients are aggregated, enhanc-
ing generalization. When p = 1.0, F-SOSA recovers FedFisher
and achieves the highest accuracy. However, this comes at a
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Fig. 2. Effect of local epoch number K on performance. Top-left: MNIST,
top-right: SVHN, bottom-left: FEMNIST, bottom-right: CIFAR-10.

cost of increased time and communication, especially on larger
datasets like FEMNIST. A moderate setting (p = 0.5) provides
a strong trade-off between utility and efficiency, and is used by
default. As shown in Figure 2, larger K reduces training loss,
indicating better local fitting. However, test accuracy peaks
around K = 30 or 50, beyond which overfitting may reduce
generalization. Meanwhile, time cost grows linearly with K.
We adopt K = 50 as default, balancing generalization and
efficiency across datasets.

3) Performance of F-SOSA-I/U: We evaluate F-SOSA-1/U
on CIFAR-10 using a fixed sequence of randomly generated
client join and leave requests. All methods are tested on



TABLE IV
MEMBERSHIP INFERENCE ATTACK (MIA) RESULTS ON UNLEARNED GLOBAL MODELS FROM DIFFERENT METHODS ON FEMNIST AND CIFAR-10.

Method FEMNIST CIFAR-10
Accuracy (%) Precision (%) AUC (%) Accuracy (%) Precision (%) AUC (%)
FedErasesr 50.0140.02 51.084+3.23 50.0140.02 48.9940.78 40.754+7.83 48.9940.78
FedRR 50.4540.49 50.374+0.41 50.4510.49 451742 33 42.294 9 87 45174233
FATS-CU 50.4740.25 50.3340.18 50.4740.25 53.5410.88 61.2942.99 53.544+0.88
Retrain 50.4540.21 50.3140.15 50.4540.21 51.6441.67 52.0442.09 51.6441 67
F-SOSA-U 50.924.0.33 50.6340.23 50.9240.33 51.634+1.80 52.1742.72 51.6311.80
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Fig. 4. Effect of stability parameter p on accuracy and efficiency. Top-left:
MNIST, top-right: SVHN, bottom-left: FEMNIST, bottom-right: CIFAR-10.

the same sequence for fair comparison. Figure 3 presents
the results. Note that initial accuracy and overhead differ
across unlearning baselines due to their learning methods:
FedEraser, FedRR, and FATS-CU use FedAvg, while F-SOSA-

munication and time costs, but suffers from significant util-
ity loss. F-SOSA-U reaches accuracy comparable to Retrain
and surpasses FedEraser/FedRR/FATS-CU by up to 10%.
This advantage arises from Fisher-aware aggregation. While
FedEraser/FedRR/FATS-CU incur slightly lower time costs,
their performance drops notably. F-SOSA-U also reduces
accuracy fluctuation and maintains high efficiency by avoiding
redundant recomputation.

4) Trade-off Between Editing Utility and Efficiency w.r.t.
Stability Parameter p: We study how the stability parameter p
influences the utility-efficiency trade-off in F-SOSA-I/U across
datasets, with results in Figure 4. As p increases, accuracy
improves due to greater client participation, which enhances
generalization. However, this comes at the cost of increased
time and communication overhead from larger aggregation
sets. Notably, small values of p (e.g., 0.1-0.3) yield significant
accuracy gains with minimal efficiency loss, suggesting that
editing benefits from a small number of well-chosen clients.
Around p = 0.5, F-SOSA-I/U achieves a favorable balance
between accuracy and resource usage across all datasets.

5) Resistance to Membership Inference Attacks: We assess
unlearning effectiveness via membership inference attacks
(MIA) on the global models produced by different methods
on FEMNIST and CIFAR-10 (Table IV). F-SOSA-U achieves
near-random metrics (accuracy, precision, AUC around 50%),
closely matching Retrain across both datasets. This suggests
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that the model cannot reliably distinguish whether a sample
was seen during training, confirming successful unlearning.
On CIFAR-10, F-SOSA-U shows even smaller deviations
from random guessing compared to other baselines, some of
which exceed 5%, indicating a lower risk of memorization
leakage. Although Retrain is marginally stronger in a few
cases, the differences are negligible. Given its much lower
time and communication costs, F-SOSA-U offers an effective
and efficient solution for one-shot federated unlearning.

6) F-SOSA Performance Across Model Architectures: We
additionally evaluate F-SOSA with ResNet18 on CIFAR-10
and YOLOv8s on BDDI100K, with detailed results reported
in the Appendix B-B. Across both architectures and vary-
ing data heterogeneity, F-SOSA maintains competitive utility
while reducing communication and computation costs. These
results complement the default experiments by demonstrating
the effectiveness of F-SOSA on substantially deeper network
architectures.

7) Scalability with the Number of Clients: We evaluate F-
SOSA-I/U with total client populations ranging from 20 to
500, using 15 sequential incremental-learning and 15 sequen-
tial unlearning requests at each scale. Across the evaluated
range, F-SOSA-I/U maintain accuracy close to Retrain while
consistently reducing communication and computation costs.

The efficiency gains remain substantial even with 500 clients,
showing that selective editing continues to provide benefits as
the client population grows. Detailed results are reported in
the Appendix B-C.

C. Case Study Using Simulation of Urban Mobility (SUMO)

We further evaluate F-SOSA-I/U using the Simulation of
Urban MObility (SUMO) [43], focusing on a selected city
center region in the Luxembourg scenario [44] (see Figure 5).
Editing requests are triggered by vehicle movements during the
08:00 morning rush hour, simulating dynamic client join/leave
events. For this case study, we map each vehicle arrival
to a new client contribution and each vehicle departure to
an unlearning request issued before disconnection, thereby
generating a mobility-driven editing sequence. We apply F-
SOSA-I/U and Retrain to the resulting request sequence across
four datasets. Figure 6 reports the test accuracy after each
request and the cumulative time/communication costs. F-
SOSA-I/U match the accuracy of Retrain while maintaining
smaller fluctuations. On SVHN, for instance, Retrain ex-
hibits swings over 5%, whereas F-SOSA-I/U keep variations
within 3.96% across all datasets. This robustness stems from
client subsampling and Bernoulli sampling, which avoid un-
necessary updates when edits do not affect the aggregation
set. In terms of efficiency, F-SOSA-I/U reduce cumulative
time and communication overhead by 36.66%-53.84% and
21.97%-25.76%, respectively, where the reported communi-
cation cost includes all model transfers and Fisher-information
uploads. In summary, F-SOSA-I/U deliver model editing with
near-optimal accuracy and significantly improved efficiency,
showing their practical benefits in dynamic environments. We
further replay the same mobility-driven editing sequence on a
YOLOVS8s object-detection model trained on BDD100K; the
corresponding results are reported in the Appendix B-D.

VII. CONCLUSIONS

We present a principled framework for exact model editing
in one-shot FL, enabling both client unlearning and incre-
mental learning. At its core is F-SOSA, a stable learning
algorithm that supports efficient post-training edits. Together
with the editing algorithms F-SOSA-U and F-SOSA-I, our
method achieves statistical exactness while preserving model
utility and efficiency. We provide theoretical guarantees and
comprehensive experiments demonstrating its effectiveness
across standard benchmarks and dynamic edge scenarios.
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APPENDIX A
PROOFS OF AUXILIARY LEMMAS

Proof of Lemma 4. Part 1) is directly from [5, Lemma 10]. For Part 2), we first apply convexity of the squared norm to bound
[Wp — W@ |2 by the average |[W; — W |2 over i € P.
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where each summation term can be bounded using Part 1. Expressing the resulting sum via the block-diagonal Gram matrix
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The proof concludes by the setting of m and o. O

Proof of Lemma 5. We bound || f(Wp,x,;) — §||3 by first expanding the difference as a sum of squared inner products and
then applying ||¢q (W, )|z < 1 from Lemma 1.
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By Lemma 4 and the setting of m, 7, J, we obtain
||f(W7>7~’Uu)—f§||§

<ZZO Lyl @)y

=1 j=1

(Hoo)7 y+yT (dag(HTo7Hgoa o aHﬁ))71

—o(n(* - v)

=0 (j;]yT(H”)‘ly> :

Proof of Lemma 6. By Assumption 4 and Cauchy’s interlacing theorem, we have Ani, (HY) > Ao. For any entry (k,1),
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where k' = iy /n1, B = k—[k/n]+1,1' =ifny, 1" = 1—[1/n]+1. Thus Hgg)(k7 1) is an average of m bounded independent
variables. Applying Hoeffding’s inequality yields

Y (k,1) — HE (k. 1)| < 4\/log(pN/0) /m.
for all (k,l) with probability at least 1 — §. Therefore,
|HE — B[ < [HE — H¥ |} <= 16(oN)* log(pN/5) /m.
Setting m = Q) (W\M) completes the proof. O
0

Proof of Lemma 7. The (k,[)-th entry of Hp is given by
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Then, we bound the Frobenius norm,
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Using Markov’s inequality, with probability 1 — §, we get
|Fip — HY |Ir < E[|[Fp — HR || /6 < 4(oN)* Ro/(V2760).

Thus,
[Fip — HY||> < [Hp — HR || < 4(oN)*Ro/(V2760).

By Lemma 6 and the settng of m, we have
Amin(Fp) > Amin (HY)) — 4(pN)2 Ry / (V2760) > Ao/2.
To get upper bound of A\ .x (I:Ip), we have
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where the last inequality uses Lemma 1. O



Proof of Lemma 8. By [5, Lemma 1], Wl; is equivalent to the solution obtained via a gradient descent (GD) procedure. Let

stacking f(WE,xij) across all 7 € [M],j € [n]:
F@)= OV 10), fOWR,12), o FWE, 2] T €RY.

Thus, GD produces the recurrence

which implies the prediction evolution
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Unrolling the recurrence, we obtain for any ¢,
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The distance between the final global model and the initialization is expressed as a gradient series:
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Let U := g(I - ngIp)t be the geometric series matrix. Then
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Using eigen-decomposition pr = VDV, we obtain
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The squared distance becomes
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where the last inequality is due to Lemma 7. Finally, Lemma 5 bounds || f(0) — |2, which leads to the desired results.

Proof of Lemma 9. By (22), for each neuron r, we have,
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ng] be the t-th iterate of the GD procedure with the initialization Wg;.] = Wp. Define the vectorized output f(t) € RV by
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where we use the notation Alx : y] to denote the submatrix of A having row numbers z to y, and the last inequality follows
from the definition of Ap and the data normalization assumption (Assumption 2). Combing with Lemma (5), we completes

the proof.

Proof of Lemma 10. Each mismatch requires a sign flip between wp - or w; , and the shared initialization w
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By applying Markov’s inequality with failure probability 6/N and taking a union bound over all (i, ;) pairs, we obtain the
desired bound. O

Proof of Lemma 13. By [38, Lemma 2], sup ;e { L} — L} is less than
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where the last inequality follows from McDiarmid’s inequality, since replacing one point z;; changes R(F) by at most ¢/N. [

APPENDIX B
ADDITIONAL EXPERIMENTAL DETAILS AND RESULTS

A. Additional Experimental Details

1) Dataset and Models: Beyond the default two-layer CNN, we further evaluate F-SOSA using an ImageNet-pretrained
ResNet18 on CIFAR-10 and YOLOVS8s [45] on BDD100K [46]. BDD100K is a large-scale real-world driving dataset containing
100,000 40-second videos recorded at 720p and 30 FPS across diverse road, weather, and lighting conditions. It supports ten
autonomous-driving tasks, with bounding-box annotations for ten traffic-related object categories. For both settings, we simulate
client heterogeneity using the same Dirichlet partitioning scheme (« € {0.1,0.5,0.8}; default «=0.5).

2) Hyperparameters: For experiments on CIFAR-10 with ResNet18 and BDD100K with YOLOvSs, we set the local learning
rate to 7 = 0.001 and the total number of clients to M = 20. For CIFAR-10, we set the number of local epochs to K = 50 and
the batch size to 64; for BDD100K, we use K = 20 local epochs, a batch size of 32, and an input resolution of 640 x 640. Both
settings employ SGD, with momentum 0.9. For BDD100K, we additionally apply weight decay of 5 x 10~%, a three-epoch
warm-up, and cosine learning-rate decay.

3) Metrics: For the object-detection task on BDD100K, we use mAP5( g5 as the primary metric to evaluate the detection
utility of F-SOSA and the baselines. It is computed by evaluating average precision (AP) at IoU thresholds from 0.50 to 0.95
in increments of 0.05 and averaging the results across all thresholds and ten object categories. This metric jointly reflects
object recognition and bounding-box localization accuracy, with higher values indicating better overall detection performance.

B. F-SOSA Performance Across Model Architectures

To demonstrate that F-SOSA generalizes across models with different capacities, we evaluate network architectures beyond
the two-layer CNN, including ResNet18 on CIFAR-10 and YOLOvVSs on the real-world autonomous-driving dataset BDD100K.
We further evaluate F-SOSA under varying data heterogeneity levels (« € {0.1,0.5,0.8}) to assess its robustness across both
model architectures and non-IID settings. As shown in Table V, on CIFAR-10 with ResNet18, F-SOSA consistently achieves
the lowest communication cost of 462.44 MB, reducing communication by 47.6% relative to FedFisher, 48.3% relative to
Dense, and 94.3% relative to FedLPA. It also achieves the lowest time cost across all heterogeneity levels, with reductions
of up to 43.0%, 56.0%, and 91.1% compared with FedFisher, Dense, and FedLPA, respectively. Although F-SOSA trails the
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TABLE V
PERFORMANCE COMPARISON OF F-SOSA AND BASELINES ACROSS CIFAR-10 AND BDD 100K UNDER VARYING DIRICHLET HETEROGENEITY .. BEST
RESULTS ARE IN BOLD; SECOND-BEST RESULTS ARE UNDERLINED.

Dataset Metrics a=01 a=05 a=08
FedFisher =~ FedLPA  Dense F-SOSA FedFisher =~ FedLPA  Dense F-SOSA FedFisher =~ FedLPA  Dense F-SOSA
Accuracy (%) 46.60 45.18 28.04 35.17 69.66 68.41 57.48 65.98 72.61 70.55 63.92 69.87
Time (s) 361.02 2493.05 479.82 278.22 362.14 2355.83  474.14 210.34 365.50 1713.55  473.76 208.27
(ggﬁg:g) Comm. (MB) 882.16 8066.21  895.13 462.44 882.16 8066.21  895.13 462.44 882.16 8066.21  895.13 462.44
Time Efficiency 0.129 0.018 0.058 0.126 0.192 0.029 0.121 0.314 0.199 0.041 0.135 0.335
Comm. Efficiency 0.053 0.006 0.031 0.076 0.079 0.008 0.064 0.143 0.082 0.009 0.071 0.151
mAP50.95 (%) 20.82 20.98 20.76 20.78 21.18 21.17 19.54 21.18 21.21 21.22 21.13 21.30
Time (min) 39.88 3641 37.28 32.52 37.77 31.32 34.67 28.96 37.69 31.10 37.11 3431
(%%Elo%%lj) Comm. (GB) 0.87 9.55 0.88 0.46 0.87 9.55 0.88 0.46 0.87 9.55 0.88 0.46
Time Efficiency 0.52 0.58 0.56 0.64 0.56 0.68 0.61 0.73 0.56 0.68 0.57 0.62
Comm. Efficiency 2393 2.20 23.59 45.17 2434 222 22.20 46.04 24.38 222 24.01 46.30

best-performing baseline under high heterogeneity (o = 0.1), it still outperforms Dense by 7.13 percentage points. At a = 0.5
and 0.8, its accuracy increases to 65.98% and 69.87%, narrowing the gap with FedFisher to 3.68 and 2.74 percentage points,
respectively, while continuing to outperform Dense. Given its consistently lowest time and communication costs, these modest
accuracy gaps represent a reasonable utility-efficiency trade-off. On BDD100K with YOLOv8s, F-SOSA maintains competitive
detection performance, achieving an mAP5g.95 only 0.20 percentage points below the best result at o = 0.1, tying for the
best result at = 0.5, and obtaining the highest mAPs5q.g5 of 21.30% at o = 0.8. Meanwhile, it consistently incurs the
lowest communication cost of 0.46 GB, representing reductions of 47.1% over FedFisher, 47.7% over Dense, and 95.2% over
FedLPA. F-SOSA also achieves the lowest time cost at & = 0.1 and 0.5 and the second-lowest at o = 0.8, while delivering
the highest communication efficiency under all settings. These results demonstrate that F-SOSA remains effective with larger
classification and detection models, offering a favorable utility—efficiency trade-off across different model architectures, tasks,
and degrees of data heterogeneity.

C. Scalability of F-SOSA-U and F-SOSA-I Across Client Populations

To assess the scalability of F-SOSA-I/U with increasing edge-device density, we consider five total client populations,
{20, 50,100, 200, 500}. For each population, we execute 15 sequential incremental-learning requests and 15 sequential
unlearning requests. Table VI reports the mean accuracy, time-cost savings relative to full retraining, and communication
cost normalized to Retrain, which together capture utility preservation and system efficiency.

For incremental learning, F-SOSA-I maintains accuracy comparable to Retrain across the evaluated client scales. Even at
500 clients, the accuracy gap between F-SOSA-I and Retrain remains within 2.46 percentage points across all four datasets.
In the 50-client case, F-SOSA-I achieves the highest accuracy on MNIST, SVHN, and CIFAR-10, reaching 94.35%, 68.95%,
and 59.99%, respectively. As the system scales to 200 clients, it achieves the best performance on FEMNIST and CIFAR-10,
with accuracies of 32.33% and 46.27%, respectively. For the largest population of 500 clients, the accuracy gap between
F-SOSA-I and Retrain remains within 2.46 percentage points across all four datasets, while F-SOSA-I outperforms Fine-tuning
by 2.45-10.90 percentage points. This utility advantage is particularly pronounced on the inherently heterogeneous FEMNIST
dataset: as the client population increases from 100 to 500, F-SOSA-I maintains an accuracy of approximately 31%, whereas
Fine-tuning remains around 20%. In terms of efficiency, the normalized communication cost of F-SOSA-I never exceeds
0.87x that of Retrain and decreases to 0.67x with 500 clients, corresponding to a 33% reduction. Although Fine-tuning incurs
marginally lower communication overhead at some scales, these savings come at the cost of substantial accuracy degradation,
particularly on MNIST, SVHN, and FEMNIST. F-SOSA-I therefore provides a more favorable utility—efficiency trade-off. Its
time-cost savings remain positive across all configurations, ranging from 15.84% to 49.04%. Even with a population of 500
clients, F-SOSA-I saves 23.26%-49.04% of the retraining time, indicating that its computational benefits persist as the edge
system becomes increasingly dense.

Regarding unlearning, F-SOSA-U exhibits similarly strong scalability. Across all evaluated client populations, its accuracy
closely tracks or exceeds that of Retrain while consistently outperforming most unlearning baselines. The results for 100
clients show that F-SOSA-U achieves the highest accuracy on MNIST, SVHN, and CIFAR-10. When the client population
reaches 500, F-SOSA-U surpasses Retrain on SVHN, FEMNIST, and CIFAR-10 and remains within 0.89 percentage points
of Retrain on MNIST. In this largest-scale regime, F-SOSA-U also outperforms the strongest competing unlearning baseline
by 1.24-4.85 percentage points across the four datasets. Its normalized communication cost remains below that of Retrain
throughout the evaluated range. With 500 clients, F-SOSA-U reduces communication by 47% relative to Retrain and FATS-
CU and by approximately 60% relative to FedEraser and FedRR, whose communication costs exceed 1.33x that of Retrain.
Moreover, F-SOSA-U continues to save 38.92%-43.35% of the retraining time at the maximum evaluated scale. Although
FedEraser and FATS-CU achieve greater time-cost savings, their accuracy degrades more noticeably as the client population



22

N
o
v
)
N

4

n —=- Retrain g —e: Retrain Comm. WSy 1250¢
20.4 L ,l\ —— F-SOSA-I/U =10 —=— F-SOSA-I/U Comm. t’f/ £
Qg I 1\ n - o 1000
£20.3 l A E 8 o £
n | 1 e O —
o 1 i\ 8 A"" . 750 =
320.2 iR 6 s o
g I 2 o’ 500 5
§20.1 ¥ s 4 =
1 = E

\ =] -
20.0 'l,' { g 2 : Retrain Time 250 g
i S — F-SOSA-/UTime = ©

0 5 10 15 20 25 30 09 10 20 30
Model Editing Request Index Model Editing Request Index

Fig. 7. mAP50.95 (left) and cumulative cost (right) of F-SOSA-I/U vs. Retrain under simulator-generated model editing requests on the real driving dataset
BDD100K.

increases. Consequently, F-SOSA-U provides a more favorable overall trade-off among utility, communication efficiency, and
computational cost.

In addition, we note that the absolute accuracy on MNIST, SVHN, and CIFAR-10 decreases as the number of clients
increases, whereas this trend is not observed on the inherently non-IID FEMNIST dataset. This behavior is a consequence of
our data-partitioning strategy: increasing the number of clients reduces the amount of training data assigned to each client,
thereby limiting the local data available for one-shot FL and subsequent editing. Importantly, F-SOSA-I and F-SOSA-U still
achieve the best or near-best relative accuracy compared with their respective baselines across different client scales. This
suggests that the decline is primarily associated with the reduced amount of local data per client, rather than a deterioration
unique to F-SOSA-I/U.

Overall, these results show that the relative communication and computation benefits of F-SOSA-I/U remain substantial as
the client population increases. Across the evaluated range of up to 500 clients, both editing algorithms preserve utility close
to Retrain while continuing to reduce its communication and computation costs. This indicates that the efficiency advantage
of selective exact editing remains robust under increasingly dense client populations.

D. Real-World Driving Case Study with BDD100OK and SUMO Mobility

We further evaluate F-SOSA-I/U on a dynamic federated object-detection task by combining mobility traces generated by
the Simulation of Urban MObility (SUMO) with the real-world BDD100K driving dataset. Following the mobility-trace setting
described in section VI-C, the trace produces 31 sequential editing requests, comprising 16 client arrivals and 15 departures.
We replay this request sequence on BDD100K using YOLOvS8s and report the mAP5( g5 after each request, together with the
cumulative computation time and communication cost, in Figure 7. F-SOSA-I/U closely tracks the utility of Retrain throughout
the sequence, with a maximum mAP5(.g5 difference of only 0.39 percentage points. Across the 31 editing requests, F-SOSA-
I/U matches or outperforms Retrain after 19 requests and achieves a slightly higher average mAP5(.95 of 20.25%, compared
with 20.21% for Retrain. After the final request, its mAPs5q.95 reaches 20.27%, exceeding the 20.19% achieved by Retrain.
F-SOSA-I/U also exhibits greater stability: its mAP5y.95 varies within a range of 0.35 percentage points, compared with 0.55
for Retrain, while its maximum request-to-request variation is 0.28 percentage points, versus 0.46 for Retrain.

More notably, F-SOSA-I/U provides substantial efficiency gains. As shown in the figure, its communication and time curves
remain essentially flat for 8 of the 31 requests. When the client involved in a request is not selected for aggregation, Bernoulli
sampling avoids unnecessary computation and communication. These skipped updates save 2.74 GB of communication and
343.73 minutes of computation, accounting for 100% and approximately 78.31% of the overall communication and time savings,
respectively. The savings do not arise solely from skipped updates: across the remaining 23 requests that require model updates,
F-SOSA-I/U saves an additional 95.19 minutes. This additional time saving occurs because some requests require F-SOSA-
I/U to update only one client with a relatively small local dataset, whereas Retrain must wait for all participating clients
to complete local training and is therefore limited by the slowest client. After the complete request sequence, F-SOSA-I/U
incurs 8.21 GB of cumulative communication, compared with 10.94 GB for Retrain, corresponding to a 25.00% reduction. Its
cumulative computation time decreases from 1335.21 to 896.28 minutes, yielding a 32.87% reduction. These absolute savings
are particularly significant on BDD100K, since repeatedly retraining YOLOv8s and communicating its model updates over
complex real-world driving data is considerably more expensive than editing lightweight classification models.

Taken together, F-SOSA-I/U preserves near-retraining detection utility while substantially reducing the cost of frequent
recomputation, demonstrating its practical value in dynamic and communication-constrained edge environments.
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TABLE VI
SCALABILITY OVER 15 INCREMENTAL-LEARNING OR UNLEARNING REQUESTS. WE REPORT MEAN ACCURACY (ACC.), MEAN TIME-COST SAVING
(T-SAVE), AND MEAN COMMUNICATION COST NORMALIZED TO RETRAIN (COMM.; RETRAIN = 1.00). T-SAVE IS RELATIVE TO RETRAIN; HIGHER IS
BETTER FOR ACC. AND T-SAVE, WHILE LOWER IS BETTER FOR COMM. BEST RESULTS ARE IN BOLD; SECOND-BEST RESULTS ARE UNDERLINED.

Clients Method MNIST SVHN FEMNIST CIFAR10

Acc. (%) T-save (%) Comm. (x) Acc. (%) T-save (%) Comm. (Xx) Acc. (%) T-save (%) Comm. (X) Acc. (%) T-save (%) Comm. (X)

(a) Incremental learning

Retrain 96.33 0.00 1.00 73.07 0.00 1.00 27.06 0.00 1.00 68.51 0.00 1.00
20 Fine-tuning 95.74 79.68 0.78 74.67 81.48 0.78 21.65 69.13 0.78 67.86 78.89 0.78
F-SOSA-I 95.62 20.83 0.75 72.82 37.84 0.75 25.64 19.67 0.75 69.34 45.26 0.75
Retrain 94.11 0.00 1.00 66.61 0.00 1.00 30.22 0.00 1.00 57.11 0.00 1.00
50 Fine-tuning ~ 93.30 79.67 0.70 65.95 79.70 0.70 19.72 62.36 0.70 52.88 78.29 0.70
F-SOSA-1 94.35 21.64 0.72 68.95 38.63 0.72 30.09 20.47 0.72 59.99 46.08 0.72
Retrain 92.81 0.00 1.00 62.55 0.00 1.00 31.24 0.00 1.00 56.01 0.00 1.00
100 Fine-tuning 91.32 72.55 0.68 55.83 79.64 0.68 20.28 64.89 0.68 47.70 77.37 0.68
F-SOSA-I 92.94 16.93 0.87 62.18 34.86 0.87 31.05 15.84 0.87 54.22 41.87 0.87
Retrain 91.30 0.00 1.00 36.56 0.00 1.00 30.65 0.00 1.00 43.65 0.00 1.00
200  Fine-tuning 81.98 82.80 0.67 23.08 79.03 0.67 19.22 72.35 0.67 42.41 75.61 0.67
F-SOSA-1 90.22 18.25 0.87 35.94 36.04 0.87 32.33 17.16 0.87 46.27 43.18 0.87
Retrain 85.38 0.00 1.00 19.60 0.00 1.00 31.88 0.00 1.00 35.65 0.00 1.00
500  Fine-tuning 75.52 80.26 0.67 14.77 79.95 0.67 20.15 76.82 0.67 30.74 74.48 0.67
F-SOSA-1 85.95 24.17 0.67 17.88 41.63 0.67 31.05 23.26 0.67 33.19 49.04 0.67

(b) Unlearning

Retrain 95.73 0.00 1.00 65.04 0.00 1.00 26.12 0.00 1.00 64.75 0.00 1.00
FedEraser  93.95 78.64 135 68.48 79.12 135 2117 77.85 135 67.74 78.31 135
20 FedRR 92.20 64.18 1.35 56.26 68.79 1.35 24.78 44.18 1.35 62.03 64.10 1.35
FATS-CU 8872 76.92 1.00 61.25 77.36 1.00 20.11 75.94 1.00 61.85 76.58 1.00
F-SOSA-U  94.87 1473 0.75 64.95 45381 0.75 26.51 41.62 0.75 6391 4379 0.75
Retrain 94.87 0.00 1.00 63.73 0.00 1.00 26.49 0.00 1.00 56.93 0.00 1.00
FedEraser 9321 78.21 134 56.80 78.77 134 18.59 77.46 134 59.14 77.94 134
50  FedRR 91.97 63.76 1.34 39.11 68.31 1.34 21.22 43.76 1.34 56.10 63.69 134
FATS-CU  90.87 76.49 1.00 53.63 76.94 1.00 18.38 75.61 1.00 57.10 76.17 1.00
F-SOSA-U 9428 1416 0.87 62.88 1522 0.87 28.01 41.08 0.87 57.86 4325 0.87
Retrain 92.26 0.00 1.00 58.58 0.00 1.00 30.68 0.00 1.00 51.64 0.00 1.00
FedEraser 9131 77.83 1.34 4550 78.39 1.34 23.82 77.02 134 51.57 77.56 134
100  FedRR 90.04 61.21 1.34 26.75 65.18 1.34 22.48 43.11 1.34 5038 63.02 1.34
FATS-CU 9024 76.12 1.00 44.65 76.58 1.00 2351 75.18 1.00 50.67 75.83 1.00
F-SOSA-U 9233 1358 0.80 59.32 1476 0.80 29.81 4054 0.80 5172 42,61 0.80
Retrain 91.21 0.00 1.00 40.09 0.00 1.00 28.41 0.00 1.00 48.61 0.00 1.00
FedEraser  87.56 77.34 1.33 25.56 77.95 1.33 24.00 76.58 1.33 4329 77.18 133
200  FedRR 86.95 59.84 1.33 19.59 62.46 1.33 25.90 42.42 1.33 40.06 62.74 1.33
FATS-CU 8623 75.67 1.00 24.08 76.11 1.00 23.24 74.72 1.00 42.64 7541 1.00
F-SOSA-U  90.28 4291 0.67 39.62 3413 0.67 29.09 39.86 0.67 4622 41.94 0.67
Retrain 86.62 0.00 1.00 19.66 0.00 1.00 30.45 0.00 1.00 33.71 0.00 1.00
FedEraser  80.99 76.82 1.33 19.59 77.46 1.33 25.11 76.11 1.33 31.90 76.73 133
500  FedRR 80.71 59.37 1.33 19.59 61.92 1.33 26.18 4157 1.33 26.84 62.48 1.33
FATS-CU  79.63 75.13 1.00 19.66 75.62 1.00 25.38 74.29 1.00 3171 74.96 1.00
F-SOSA-U  85.73 4176 0.53 20.90 4335 053 31.03 38.92 053 34.64 40.87 0.53

E. Detailed Communication-Cost Breakdown

To provide a clear breakdown of the communication costs, Table VII reports the per-round costs for selected and unselected
clients in F-SOSA with M = 20 and p = 0.5. Under this configuration, ten clients are selected, while the remaining ten are
unselected. The server first broadcasts the global model to all clients. Then, only the selected clients upload their local models
and approximate Fisher information, represented by either Diag or K-FAC, whereas the unselected clients do not upload any
information. Note that although four experiments in the table use two-layer CNNs, their architectures and parameter counts
differ, resulting in different model sizes.

As shown in the table, the uplink cost of the Diag Fisher information is equal to that of the 16-bit quantized local model
for all model architectures. Their combined size is therefore equal to the communication size of one FP32 model. This is
because 16-bit quantization is applied to both the local models and the Diag Fisher information in our implementation. After
receiving the quantized information, the server reconstructs the values and performs aggregation. More specifically, each local
model and its diagonal Fisher information are quantized layer by layer to 16-bit precision before aggregation. They have the
same communication cost because both contain one value for each model parameter. For K-FAC, the Fisher factors are further
compressed using low-rank decomposition and quantization. Therefore, the K-FAC communication cost depends on the model
architecture and the dimensions of its Fisher factors, and may differ slightly from the Diag cost. The table also shows that
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TABLE VII
DETAILED COMMUNICATION COSTS (MB) OF F-SOSA FOR M = 20 AND p = 0.5, WHERE M IS THE TOTAL NUMBER OF CLIENTS AND p IS THE CLIENT
SELECTION RATIO. THE DOWNLINK CORRESPONDS TO ONE BROADCAST OF THE GLOBAL MODEL TO ALL ACTIVE CLIENTS. MODEL UP., DIAG UP., AND
K-FAC UP. DENOTE THE AGGREGATE UPLINK COMMUNICATION OF THE SELECTED CLIENTS FOR LOCAL MODELS, DIAGONAL FISHER INFORMATION,
AND KRONECKER-FACTORED APPROXIMATE CURVATURE (K-FAC) FISHER INFORMATION, RESPECTIVELY. UNSELECTED CLIENTS INCUR NO UPLINK
COMMUNICATION. THE FINAL COLUMN REPORTS THE TOTAL COMMUNICATION COSTS OF THE DIAG AND K-FAC VARIANTS.

Dataset Model Broadcast Selected Clients Unselected Clients Round Total

Downlink Model Up. Diag Up. K-FAC Up. Uplink Diag/K-FAC
MNIST Two-Layer CNN 1.61 8.04 8.04 8.81 0 17.69/18.46
SVHN Two-Layer CNN 3.58 17.92 17.92 18.81 0 39.42/40.31
CIFAR1I0  Two-Layer CNN 3.58 17.92 17.92 18.81 0 39.42/40.31
CIFAR10  ResNetl8-Pretrained 42.63 213.13 213.13 206.68 0 468.89/462.44
FEMNIST Two-Layer CNN 25.18 125.91 12591 138.59 0 277.00/289.68
BDDI0O0OK YOLOv8s 42.49 212.47 212.47 211.99 0 467.43/466.95

unselected clients incur no uplink cost. The final column reports the total communication costs of the Diag and K-FAC variants,
respectively. The two-layer CNN has the same communication cost on SVHN and CIFAR-10 because the two settings use the
same model architecture and number of parameters.

Furthermore, as shown in Tables VIII-XII, we report a detailed breakdown of the actual amount of data transmitted during the
initial training round and 31 sequential editing requests. The communication cost includes three parts: global-model broadcasts,
local-model uploads from selected clients, and approximate Fisher information uploads from selected clients. Unselected clients
do not upload models or Fisher information. Therefore, the reported totals include all communication required to exchange the
current model and Fisher information between the server and clients. With this complete accounting, F-SOSA-I/U reduces the
cumulative communication cost from 424.48 to 329.61 MB on MNIST, from 966.63 to 717.63 MB on SVHN, from 6942.18
to 5416.97 MB on FEMNIST, from 966.63 to 750.59 MB on CIFAR-10, and from 11207.23 to 8405.42 MB on BDD100K.
These results correspond to reductions of 22.35%, 25.76%, 21.97%, 22.35%, and 25.00%, respectively. The detailed BDD100K
results further show that the F-SOSA-I/U total of 8405.42 MB consists of 1019.76 MB of global-model broadcasts, 3696.95
MB of local-model uploads, and 3688.71 MB of Fisher-information uploads. In comparison, retraining requires 1359.68,
4929.27, and 4918.28 MB for the same three parts, respectively. Thus, the reduction is obtained even after including the large
Fisher-information uploads and all model transfers. When an editing request requires an update, F-SOSA-I/U has the same
per-round communication components as retraining; however, it avoids the full broadcast and upload process when the request
does not require updating the selected clients. This saves 94.87, 249.00, 1525.21, 216.04, and 2801.81 MB on MNIST, SVHN,
FEMNIST, CIFAR-10, and BDD100K, respectively. SVHN achieves the largest relative reduction of 25.76%, while BDD100K
achieves the largest absolute reduction of 2801.81 MB. Overall, F-SOSA-I/U provides consistent communication savings across
datasets, ranging from 21.97% on FEMNIST to 25.76% on SVHN, while preserving performance comparable to retraining.



25

TABLE VIII
DETAILED COMMUNICATION COSTS (MB) OF SEQUENTIAL EDITING ON MNIST WITH p = 0.5. EACH COMMUNICATION ENTRY IS REPORTED AS
F-SOSA-I/U VERSUS RETRAIN, WITH THE FIRST VALUE CORRESPONDING TO F-SOSA-I/U AND THE SECOND TO RETRAIN. MODEL UP. AND FISHER
UP. DENOTE THE COMMUNICATION COSTS OF UPLOADING THE MODEL AND THE APPROXIMATE FISHER INFORMATION, RESPECTIVELY. IN THE REQUEST
COLUMN, THE NUMBER IDENTIFIES THE AFFECTED CLIENT, WHILE + AND — DENOTE CLIENT ADDITION AND CLIENT REMOVAL, RESPECTIVELY.

Request  Broadcast Selected Clients Unselected Clients  Round Total
Downlink Model Up. Fisher Up. Uplink
Initial 1.61/1.61 4.82/4.82 4.82/4.82 0.00/0.00 11.25/11.25
12+ 0.00/1.61 0.00/4.82 0.00/4.82 0.00/0.00 0.00/11.25
13+ 1.61/1.61 5.63/5.63 5.63/5.63 0.00/0.00 12.87/12.87
14+ 0.00/1.61 0.00/5.63 0.00/5.63 0.00/0.00 0.00/12.87
15+ 1.61/1.61 6.43/6.43 6.43/6.43 0.00/0.00 14.47/14.47
16+ 0.00/1.61 0.00/6.43 0.00/6.43 0.00/0.00 0.00/14.47
3- 0.00/1.61 0.00/6.43 0.00/6.43 0.00/0.00 0.00/14.47
6- 1.61/1.61 5.63/5.63 5.63/5.63 0.00/0.00 12.87/12.87
7- 1.61/1.61 5.63/5.63 5.63/5.63 0.00/0.00 12.87/12.87
17+ 1.61/1.61 5.63/5.63 5.63/5.63 0.00/0.00 12.87/12.87
18+ 1.61/1.61 6.43/6.43 6.43/6.43 0.00/0.00 14.47/14.47
19+ 0.00/1.61 0.00/6.43 0.00/6.43 0.00/0.00 0.00/14.47
1- 1.61/1.61 6.43/6.43 6.43/6.43 0.00/0.00 14.47/14.47
11- 1.61/1.61 5.63/5.63 5.63/5.63 0.00/0.00 12.87/12.87
16- 1.61/1.61 5.63/5.63 5.63/5.63 0.00/0.00 12.87/12.87
2- 1.61/1.61 4.82/4.82 4.82/4.82 0.00/0.00 11.25/11.25
20+ 1.61/1.61 5.63/5.63 5.63/5.63 0.00/0.00 12.87/12.87
21+ 1.61/1.61 5.63/5.63 5.63/5.63 0.00/0.00 12.87/12.87
22+ 1.61/1.61 6.43/6.43 6.43/6.43 0.00/0.00 14.47/14.47
4- 1.61/1.61 5.63/5.63 5.63/5.63 0.00/0.00 12.87/12.87
8- 0.00/1.61 0.00/5.63 0.00/5.63 0.00/0.00 0.00/12.87
9- 1.61/1.61 4.82/4.82 4.82/4.82 0.00/0.00 11.25/11.25
23+ 1.61/1.61 5.63/5.63 5.63/5.63 0.00/0.00 12.87/12.87
24+ 1.61/1.61 5.63/5.63 5.63/5.63 0.00/0.00 12.87/12.87
25+ 1.61/1.61 6.43/6.43 6.43/6.43 0.00/0.00 14.47/14.47
26+ 1.61/1.61 6.43/6.43 6.43/6.43 0.00/0.00 14.47/14.47
27+ 1.61/1.61 7.23/7.23 7.23/7.23 0.00/0.00 16.07/16.07
0- 1.61/1.61 6.43/6.43 6.43/6.43 0.00/0.00 14.47/14.47
10- 0.00/1.61 0.00/6.43 0.00/6.43 0.00/0.00 0.00/14.47
17- 1.61/1.61 5.63/5.63 5.63/5.63 0.00/0.00 12.87/12.87
18- 1.61/1.61 5.63/5.63 5.63/5.63 0.00/0.00 12.87/12.87
19- 1.61/1.61 4.82/4.82 4.82/4.82 0.00/0.00 11.25/11.25

Total  40.25/51.52 144.68/186.48 144.68/186.48 0.00/0.00 329.61/424.48




DETAILED COMMUNICATION COSTS (MB) OF SEQUENTIAL EDITING ON SVHN WITH p = 0.5. EACH COMMUNICATION ENTRY IS REPORTED AS
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26

F-SOSA-I/U VERSUS RETRAIN, WITH THE FIRST VALUE CORRESPONDING TO F-SOSA-I/U AND THE SECOND TO RETRAIN. MODEL UP. AND FISHER
UP. DENOTE THE COMMUNICATION COSTS OF UPLOADING THE MODEL AND THE APPROXIMATE FISHER INFORMATION, RESPECTIVELY. IN THE REQUEST

COLUMN, THE NUMBER IDENTIFIES THE AFFECTED CLIENT, WHILE + AND — DENOTE CLIENT ADDITION AND CLIENT REMOVAL, RESPECTIVELY.

Request Broadcast Selected Clients Unselected Clients  Round Total
Downlink Model Up. Fisher Up. Uplink
Initial 3.58/3.58 10.75/10.75 11.28/11.28 0.00/0.00 25.61/25.61
12+ 3.58/3.58 10.75/10.75 11.28/11.28 0.00/0.00 25.61/25.61
13+ 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
14+ 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
15+ 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
16+ 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
3- 0.00/3.58 0.00/14.34 0.00/15.04 0.00/0.00 0.00/32.96
6- 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
7- 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
17+ 0.00/3.58 0.00/12.55 0.00/13.16 0.00/0.00 0.00/29.29
18+ 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
19+ 0.00/3.58 0.00/14.34 0.00/15.04 0.00/0.00 0.00/32.96
1- 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
11- 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
16- 0.00/3.58 0.00/12.55 0.00/13.16 0.00/0.00 0.00/29.29
2- 3.58/3.58 10.75/10.75 11.28/11.28 0.00/0.00 25.61/25.61
20+ 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
21+ 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
22+ 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
4- 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
8- 0.00/3.58 0.00/12.55 0.00/13.16 0.00/0.00 0.00/29.29
9- 3.58/3.58 10.75/10.75 11.28/11.28 0.00/0.00 25.61/25.61
23+ 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
24+ 0.00/3.58 0.00/12.55 0.00/13.16 0.00/0.00 0.00/29.29
25+ 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
26+ 0.00/3.58 0.00/14.34 0.00/15.04 0.00/0.00 0.00/32.96
27+ 3.58/3.58 16.13/16.13 16.93/16.93 0.00/0.00 36.64/36.64
0- 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
10- 0.00/3.58 0.00/14.34 0.00/15.04 0.00/0.00 0.00/32.96
17- 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
18- 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
19- 3.58/3.58 10.75/10.75 11.28/11.28 0.00/0.00 25.61/25.61
Total 85.92/114.56 308.25/415.78 323.46/436.29 0.00/0.00 717.63/966.63




DETAILED COMMUNICATION COSTS (MB) OF SEQUENTIAL EDITING ON FEMNIST WITH p = 0.5. EACH COMMUNICATION ENTRY IS REPORTED AS

TABLE X
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F-SOSA-I/U VERSUS RETRAIN, WITH THE FIRST VALUE CORRESPONDING TO F-SOSA-I/U AND THE SECOND TO RETRAIN. MODEL UP. AND FISHER
UP. DENOTE THE COMMUNICATION COSTS OF UPLOADING THE MODEL AND THE APPROXIMATE FISHER INFORMATION, RESPECTIVELY. IN THE REQUEST

COLUMN, THE NUMBER IDENTIFIES THE AFFECTED CLIENT, WHILE + AND — DENOTE CLIENT ADDITION AND CLIENT REMOVAL, RESPECTIVELY.

Request Broadcast Selected Clients Unselected Clients Round Total
Downlink Model Up. Fisher Up. Uplink
Initial 25.18/25.18 75.55/75.55 83.15/83.15 0.00/0.00 183.88/183.88
12+ 0.00/25.18 0.00/75.55 0.00/83.15 0.00/0.00 0.00/183.88
13+ 25.18/25.18 88.14/88.14 97.01/97.01 0.00/0.00 210.33/210.33
14+ 0.00/25.18 0.00/88.14 0.00/97.01 0.00/0.00 0.00/210.33
15+ 25.18/25.18 100.73/100.73 110.87/110.87 0.00/0.00 236.78/236.78
16+ 0.00/25.18 0.00/100.73 0.00/110.87 0.00/0.00 0.00/236.78
3- 25.18/25.18 100.73/100.73 110.87/110.87 0.00/0.00 236.78/236.78
6- 25.18/25.18 88.14/88.14 97.01/97.01 0.00/0.00 210.33/210.33
7- 25.18/25.18 88.14/88.14 97.01/97.01 0.00/0.00 210.33/210.33
17+ 25.18/25.18 88.14/88.14 97.01/97.01 0.00/0.00 210.33/210.33
18+ 25.18/25.18 100.73/100.73 110.87/110.87 0.00/0.00 236.78/236.78
19+ 25.18/25.18 100.73/100.73 110.87/110.87 0.00/0.00 236.78/236.78
1- 0.00/25.18 0.00/100.73 0.00/110.87 0.00/0.00 0.00/236.78
11- 25.18/25.18 88.14/88.14 97.01/97.01 0.00/0.00 210.33/210.33
16- 25.18/25.18 88.14/88.14 97.01/97.01 0.00/0.00 210.33/210.33
2- 25.18/25.18 75.55/75.55 83.15/83.15 0.00/0.00 183.88/183.88
20+ 25.18/25.18 88.14/88.14 97.01/97.01 0.00/0.00 210.33/210.33
21+ 25.18/25.18 88.14/88.14 97.01/97.01 0.00/0.00 210.33/210.33
22+ 25.18/25.18 100.73/100.73 110.87/110.87 0.00/0.00 236.78/236.78
4- 25.18/25.18 88.14/88.14 97.01/97.01 0.00/0.00 210.33/210.33
8- 25.18/25.18 88.14/88.14 97.01/97.01 0.00/0.00 210.33/210.33
9- 25.18/25.18 75.55/75.55 83.15/83.15 0.00/0.00 183.88/183.88
23+ 25.18/25.18 88.14/88.14 97.01/97.01 0.00/0.00 210.33/210.33
24+ 0.00/25.18 0.00/88.14 0.00/97.01 0.00/0.00 0.00/210.33
25+ 25.18/25.18 100.73/100.73 110.87/110.87 0.00/0.00 236.78/236.78
26+ 25.18/25.18 100.73/100.73 110.87/110.87 0.00/0.00 236.78/236.78
27+ 25.18/25.18 113.32/113.32 124.73/124.73 0.00/0.00 263.23/263.23
0- 25.18/25.18 100.73/100.73 110.87/110.87 0.00/0.00 236.78/236.78
10- 0.00/25.18 0.00/100.73 0.00/110.87 0.00/0.00 0.00/236.78
17- 25.18/25.18 88.14/88.14 97.01/97.01 0.00/0.00 210.33/210.33
18- 0.00/25.18 0.00/88.14 0.00/97.01 0.00/0.00 0.00/210.33
19- 25.18/25.18 75.55/75.55 83.15/83.15 0.00/0.00 183.88/183.88

Total

629.50/805.76 2279.04/2921.20 2508.43/3215.22

0.00/0.00 5416.97/6942.18




DETAILED COMMUNICATION COSTS (MB) OF SEQUENTIAL EDITING ON CIFAR10 WITH p = 0.5. EACH COMMUNICATION ENTRY IS REPORTED AS

TABLE XI
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F-SOSA-I/U VERSUS RETRAIN, WITH THE FIRST VALUE CORRESPONDING TO F-SOSA-I/U AND THE SECOND TO RETRAIN. MODEL UP. AND FISHER
UP. DENOTE THE COMMUNICATION COSTS OF UPLOADING THE MODEL AND THE APPROXIMATE FISHER INFORMATION, RESPECTIVELY. IN THE REQUEST

COLUMN, THE NUMBER IDENTIFIES THE AFFECTED CLIENT, WHILE + AND — DENOTE CLIENT ADDITION AND CLIENT REMOVAL, RESPECTIVELY.

Request Broadcast Selected Clients Unselected Clients  Round Total
Downlink Model Up. Fisher Up. Uplink
Initial 3.58/3.58 10.75/10.75 11.28/11.28 0.00/0.00 25.61/25.61
12+ 3.58/3.58 10.75/10.75 11.28/11.28 0.00/0.00 25.61/25.61
13+ 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
14+ 0.00/3.58 0.00/12.55 0.00/13.16 0.00/0.00 0.00/29.29
15+ 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
16+ 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
3- 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
6- 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
7- 0.00/3.58 0.00/12.55 0.00/13.16 0.00/0.00 0.00/29.29
17+ 0.00/3.58 0.00/12.55 0.00/13.16 0.00/0.00 0.00/29.29
18+ 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
19+ 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
1- 0.00/3.58 0.00/14.34 0.00/15.04 0.00/0.00 0.00/32.96
11- 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
16- 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
2- 3.58/3.58 10.75/10.75 11.28/11.28 0.00/0.00 25.61/25.61
20+ 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
21+ 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
22+ 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
4- 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
8- 0.00/3.58 0.00/12.55 0.00/13.16 0.00/0.00 0.00/29.29
9- 3.58/3.58 10.75/10.75 11.28/11.28 0.00/0.00 25.61/25.61
23+ 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
24+ 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
25+ 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
26+ 0.00/3.58 0.00/14.34 0.00/15.04 0.00/0.00 0.00/32.96
27+ 3.58/3.58 16.13/16.13 16.93/16.93 0.00/0.00 36.64/36.64
0- 3.58/3.58 14.34/14.34 15.04/15.04 0.00/0.00 32.96/32.96
10- 0.00/3.58 0.00/14.34 0.00/15.04 0.00/0.00 0.00/32.96
17- 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
18- 3.58/3.58 12.55/12.55 13.16/13.16 0.00/0.00 29.29/29.29
19- 3.58/3.58 10.75/10.75 11.28/11.28 0.00/0.00 25.61/25.61

Total

89.50/114.56 322.59/415.78 338.50/436.29

0.00/0.00 750.59/966.63




DETAILED COMMUNICATION COSTS (MB) OF SEQUENTIAL EDITING ON BDD 100K WITH p = 0.5. EACH COMMUNICATION ENTRY IS REPORTED AS

TABLE XII
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F-SOSA-I/U VERSUS RETRAIN, WITH THE FIRST VALUE CORRESPONDING TO F-SOSA-I/U AND THE SECOND TO RETRAIN. MODEL UP. AND FISHER
UP. DENOTE THE COMMUNICATION COSTS OF UPLOADING THE MODEL AND THE APPROXIMATE FISHER INFORMATION, RESPECTIVELY. IN THE REQUEST

COLUMN, THE NUMBER IDENTIFIES THE AFFECTED CLIENT, WHILE + AND — DENOTE CLIENT ADDITION AND CLIENT REMOVAL, RESPECTIVELY.

Request Broadcast Selected Clients Unselected Clients Round Total
Downlink Model Up. Fisher Up. Uplink
Initial 42.49/42.49 127.48/127.48 127.20/127.20 0.00/0.00 297.17/297.17
12+ 0.00/42.49 0.00/127.48 0.00/127.20 0.00/0.00 0.00/297.17
13+ 42.49/42.49 148.73/148.73 148.40/148.40 0.00/0.00 339.62/339.62
14+ 0.00/42.49 0.00/148.73 0.00/148.40 0.00/0.00 0.00/339.62
15+ 42.49/42.49 169.97/169.97 169.60/169.60 0.00/0.00 382.06/382.06
16+ 42.49/42.49 169.97/169.97 169.60/169.60 0.00/0.00 382.06/382.06
3- 0.00/42.49 0.00/169.97 0.00/169.60 0.00/0.00 0.00/382.06
6- 42.49/42.49 148.73/148.73 148.40/148.40 0.00/0.00 339.62/339.62
7- 42.49/42.49 148.73/148.73 148.40/148.40 0.00/0.00 339.62/339.62
17+ 0.00/42.49 0.00/148.73 0.00/148.40 0.00/0.00 0.00/339.62
18+ 42.49/42.49 169.97/169.97 169.60/169.60 0.00/0.00 382.06/382.06
19+ 0.00/42.49 0.00/169.97 0.00/169.60 0.00/0.00 0.00/382.06
1- 42.49/42.49 169.97/169.97 169.60/169.60 0.00/0.00 382.06/382.06
11- 42.49/42.49 148.73/148.73 148.40/148.40 0.00/0.00 339.62/339.62
16- 42.49/42.49 148.73/148.73 148.40/148.40 0.00/0.00 339.62/339.62
2- 42.49/42.49 127.48/127.48 127.20/127.20 0.00/0.00 297.17/297.17
20+ 42.49/42.49 148.73/148.73 148.40/148.40 0.00/0.00 339.62/339.62
21+ 42.49/42.49 148.73/148.73 148.40/148.40 0.00/0.00 339.62/339.62
22+ 42.49/42.49 169.97/169.97 169.60/169.60 0.00/0.00 382.06/382.06
4- 42.49/42.49 148.73/148.73 148.40/148.40 0.00/0.00 339.62/339.62
8- 0.00/42.49 0.00/148.73 0.00/148.40 0.00/0.00 0.00/339.62
9- 42.49/42.49 127.48/127.48 127.20/127.20 0.00/0.00 297.17/297.17
23+ 42.49/42.49 148.73/148.73 148.40/148.40 0.00/0.00 339.62/339.62
24+ 0.00/42.49 0.00/148.73 0.00/148.40 0.00/0.00 0.00/339.62
25+ 42.49/42.49 169.97/169.97 169.60/169.60 0.00/0.00 382.06/382.06
26+ 42.49/42.49 169.97/169.97 169.60/169.60 0.00/0.00 382.06/382.06
27+ 42.49/42.49 191.22/191.22 190.80/190.80 0.00/0.00 424.51/424.51
0- 42.49/42.49 169.97/169.97 169.60/169.60 0.00/0.00 382.06/382.06
10- 0.00/42.49 0.00/169.97 0.00/169.60 0.00/0.00 0.00/382.06
17- 42.49/42.49 148.73/148.73 148.40/148.40 0.00/0.00 339.62/339.62
18- 42.49/42.49 148.73/148.73 148.40/148.40 0.00/0.00 339.62/339.62
19- 42.49/42.49 127.48/127.48 127.20/127.20 0.00/0.00 297.17/297.17

Total

1019.76/1359.68 3696.95/4929.27 3688.71/4918.28

0.00/0.00 8405.42/11207.23




