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Abstract
Conventional Federated Learning (FL) pipelines
focus on the collaborative training of a global dense
model across client devices. Sparsity has been in-
creasingly adopted in FL, during or after local op-
timization, for a range of objectives, including re-
ducing communication and computation costs, sup-
porting unlearning, enhancing privacy guarantees,
and improving local personalization. In this survey,
we introduce a novel taxonomy of sparse FL meth-
ods that systematically organizes the existing litera-
ture according to their core objectives and method-
ological choices. Using this taxonomy, we ana-
lyze and categorize prior work, highlighting the un-
derlying intuitions, technical mechanisms, benefits,
and limitations of each class of approaches. Fi-
nally, we identify open challenges, expose research
gaps, and extract guidance to help practitioners un-
derstand and adopt sparsity mechanisms in FL.

1 Introduction
Federated Learning (FL) has emerged as a standard paradigm
for distributed training on private data, particularly in set-
tings involving edge devices [McMahan et al., 2017]. Beyond
controlled academic benchmarks, FL is increasingly used
in real-world deployments involving mobile devices, multi-
center medical studies, and industrial IoT systems, where
models are trained across heterogeneous client populations
while maintaining data locality [You et al., 2025; Hanser
et al., 2025]. These deployment scenarios introduce prac-
tical constraints that distinguish FL from centralized learn-
ing, including resource-constrained devices, heterogeneous
data distributions, privacy requirements, and personalization–
generalization trade-offs [Kairouz et al., 2021].

Sparsity has long been studied in centralized deep learning
[Hoefler et al., 2021; Cheng et al., 2024] as a means to re-
duce parameter redundancy, memory footprint, and computa-
tional cost, typically through pruning, structured sparsity, or
sparse architectural design. These ideas have naturally been
extended to the federated setting, initially with the goal of
reducing communication overhead by transmitting sparse up-
dates or compressed models. However, the role of sparsity in
FL extends beyond compression.

Unlike centralized training, sparsity in FL must be man-
aged across a federation of autonomous clients that may
observe heterogeneous data, participate intermittently, and
evolve their local models independently before aggregation.
As a result, sparsity introduces new design challenges that
are inherently federated: how sparse structures are coordi-
nated across clients, how sparsity patterns interact with client
drift, how sparse models or updates are aggregated without
destroying sparsity properties, and how consistency is main-
tained across communication rounds. In this sense, sparsity
in FL is not merely a local optimization choice, but a system-
level design dimension.

Driven by these system-level considerations, recent work
has explored sparsity in FL for objectives beyond commu-
nication efficiency [Sattler et al., 2019]. Sparse mecha-
nisms have been leveraged to reduce local computational re-
quirements at resource-constrained devices [Guastella et al.,
2025], to enhance privacy by restricting information flow
through selective parameter updates or constrained represen-
tations [Shen et al., 2025], to enable federated unlearning
by identifying and pruning parameter subsets associated with
specific data contributions [Zhong et al., 2025], and to sup-
port personalization by adapting sparse subnetworks to local
data while preserving a shared global structure [Bai et al.,
2025]. In this light, sparsity has emerged as a versatile mech-
anism to address core FL challenges across efficiency, pri-
vacy, unlearning, and personalization.

Contribution and related surveys. While substantial
progress has been made, the literature on sparse FL remains
fragmented. Existing sparsity surveys focus on centralized
deep learning [Hoefler et al., 2021; Cheng et al., 2024], while
general FL surveys [Woisetschläger et al., 2024] typically
treat sparsity only as an efficiency mechanism, without ad-
dressing its broader roles or federated-specific challenges. To
narrow this gap, our contributions are threefold:

• We introduce a federated-specific taxonomy for sparse
FL methods that organizes existing approaches along di-
mensions intrinsic to distributed and privacy-preserving
training, including the motivation for sparsity, the object
being pruned, the mechanism used to induce sparsity, the
stage of the FL workflow at which sparsity is applied, the
degree of coordination across clients, and the server-side
aggregation strategy.
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• We systematically categorize and analyze prior work
using this taxonomy, distilling common design princi-
ples, dominant patterns, and technical limitations.

• We identify underexplored areas and promis-
ing research directions for sparse FL, and provide
practitioner-oriented guidance for selecting tech-
niques under real-world deployment constraints.

Organization. Section 2 introduces preliminaries and the
taxonomy; Section 3 reviews sparse FL methods by motiva-
tion; Section 4 outlines current trends and open issues; Sec-
tion 5 distills practical guidance for selecting sparse FL tech-
niques; Section 6 concludes.

2 Preliminaries and Taxonomy
This section formalizes the notion of sparsity used through-
out the proposed taxonomy and introduces the basics of FL.
These preliminaries establish a common vocabulary for clas-
sifying existing sparse FL methods.

2.1 Sparsity Primitives
We first formalize the notion of sparsity independently of any
specific learning paradigm. Let x ∈ Rd denote a generic d-
dimensional vector. We say that x is sparse if a large fraction
of its entries are zero.
Sparsity mask. Sparsity is commonly represented through
the application of a binary mask m ∈ {0, 1}d. The masked
version of x is defined as

x(m) = m⊙ x,

where ⊙ denotes element-wise multiplication.
The support of the mask is given by supp(m) = {i | mi =

1}. The density of the mask is defined as

ρ(m) =
∥m∥0
d

,

where ∥m∥0 denotes the number of non-zero entries in m.
The corresponding sparsity level is s(m) = 1 − ρ(m), of-
ten reported as a percentage (e.g., 90% sparse). Equivalently,
sparsity can be interpreted as an explicit constraint on the
number of active (non-zero) elements, i.e., ∥m∥0 ≤ ρd for
a target density ρ ∈ (0, 1].

In the remainder of this section, these definitions will be in-
stantiated in the context of FL, where multiple d-dimensional
vectors naturally arise.

2.2 Federated Learning
Let K = {1, . . . ,K} denote the set of clients and let w ∈ Rd

represent the parameters of a shared global model maintained
by the server [McMahan et al., 2017]. The global model is
iteratively trained across communication rounds. In conven-
tional FL formulations, neither w nor the client-side updates
derived from it are assumed to satisfy any sparsity constraint;
all such vectors are treated as dense.

We explicitly describe the FL workflow in a step-wise man-
ner, as these stages will serve as reference points for the tax-
onomy introduced later in the survey. A standard FL proce-
dure, such as FedAvg [McMahan et al., 2017], can be ab-
stracted through the following sequence of per-round steps:

Step 0: Initialization (server side). The global model winit

is initialized once before federated training starts.
Step 1: Before local training (client side). At round t, the
server broadcasts the current global model wt to a subset of
clients, which initialize their local models accordingly.
Step 2: Local training (client side). Each participating
client k ∈ St ⊆ K performs local optimization on its
private data, producing a locally updated model wt

k. The
model update generated by client k at round t is defined as
∆t

k ≜ wt
k − wt.

Step 3: After local training (client side). Clients transmit
either wt

k or ∆t
k to the server; before communication, local

models or updates may optionally be transformed.
Step 4: Aggregation (server side). The server aggregates
the received client updates to compute the next global model
as wt+1 = wt +

∑
k∈St

nk ∆
t
k, where nk are aggregation

weights, typically proportional to local dataset sizes.
Steps 1-4 repeat until convergence.

2.3 Taxonomy
To systematically organize existing sparse FL methods, we
introduce a taxonomy (visualized in Figure 1) that character-
izes approaches along multiple complementary dimensions.
The taxonomy answers the following questions: why sparsity
is introduced, what is made sparse, how sparsity is techni-
cally realized, when and by which entity (client or server) it
is applied, how sparsity patterns are coordinated or decided,
and how sparse information is aggregated.

Challenge. We first classify methods according to their pri-
mary motivation for introducing sparsity: (i) efficiency (com-
munication, computation), (ii) privacy enhancement, (iii) un-
learning, and (iv) personalization.

Object of sparsity. This dimension captures what is made
sparse: model parameters (w), model updates (∆), activations
(a), or learned gates (g). Gates are trainable scalar variables
associated with structural units (e.g., neurons, channels) and
are jointly optimized with model weights; units with low gate
values are pruned.

Technique. This describes how sparsity is technically real-
ized and is further decomposed into three components:

• Sparsity regime: describes how sparsity is applied dur-
ing model training. We distinguish: (i) one-shot prun-
ing, where the model is trained densely and sparsified in
a single post-hoc step; (ii) static sparse training, where
the model is pruned once and trained only on the remain-
ing parameters, without weight regrowth; and (iii) dy-
namic sparse training, where training proceeds under a
sparse mask that is updated online (e.g., through prune–
grow cycles), allowing weights to regrow into previously
pruned positions.

• Pruning criterion: common criteria to estimate im-
portance of model parameters include: (i) weight-based
(WEI), where importance depends only on the current
parameter values; (ii) gradient-based (GRAD), where
importance is derived from gradients or their statis-
tics; (iii) activation-based (ACT), where scores are com-
puted from feature activations or activation discrepan-
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Figure 1: Taxonomy of sparse FL methods.

cies; (iv) learned (LRN), where learnable gates are opti-
mized jointly with model weights and low-gate units are
pruned; (v) random (RND), where sparsity patterns are
sampled independently of model or data statistics.

• Pattern: we distinguish between unstructured sparsity
(UNS), where individual parameters can be removed in-
dependently, and structured (STR) sparsity, where entire
groups of parameters (e.g., channels, neurons, or blocks)
are removed according to predefined patterns, typically
enabling more practical computational speedups.

Application stage. This dimension specifies when and by
whom sparsity is applied within the FL workflow. We map
sparsity application to the stages defined in Section 2.2:
server-side initialization (S-INIT), client-side before local
training (C-BLT), client-side during local training (C-DLT),
client-side after local training and before communication (C-
ALT), and after server-side aggregation (S-AAG).
Sparsity coordination. This dimension describes how
sparsity patterns or masks are synchronized across the fed-
eration. We distinguish: (i) fixed global masks (FIX), where
a single mask is predefined (or initialized) and remains iden-
tical for all clients throughout training; (ii) coordinated dy-
namic masks (DYN), where masks are updated during train-
ing but periodically synchronized at the server; and (iii) per-
sonalized masks (PERS), where each client maintains its pri-
vate mask with no synchronization.
Aggregation rule. Finally, we classify methods according
to how sparse entities are aggregated at the server. We dis-
tinguish: (i) mask-unaware, where sparse updates or mod-
els are aggregated as dense vectors without accounting for
sparsity patterns; (ii) mask-aware aggregation, where the
server exploits client-side masks during averaging (e.g., av-
eraging only over overlapping active parameters, or using
union/intersection rules on supports); and (iii) server-side
sparsity restoration, where the server performs standard Fe-
dAvg to obtain a dense intermediate model and subsequently
reintroduces sparsity.

3 Sparsity in FL
This section presents the surveyed works organized by moti-
vation, the first axis of our taxonomy (Section 2.3). Table 1
provides a compact characterization of the literature.

3.1 Efficiency-Oriented Sparsity
We first consider sparsity applied for communication and/or
computational efficiency. Within this category, we group

methods according to the training regime dimension of our
taxonomy: one-shot sparsity, static sparse training, and dy-
namic sparse training. We dedicate the closing paragraph
to reviewing strategies that prevent post-aggregation sparsity
erosion (i.e., loss of sparsity after server aggregation).

One-shot sparsity. These methods train densely and spar-
sify after local training, reducing communication but not local
floating-point operations (FLOPs).

A representative example is Sparse Ternary Compression
(STC) [Sattler et al., 2019], which applies unstructured Top-
K magnitude pruning to client updates followed by ternary
quantization of retained values, together with residual error
accumulation to mitigate information loss. Structured vari-
ants such as FedSCR [Wu et al., 2020] exploit the observa-
tion that Top-K supports often cluster within convolutional
channels and filters, and therefore, prune structured groups
rather than individual parameters. A recent line of work ap-
plies one-shot pruning in the context of federated large lan-
guage models (LLM), with FedSpaLLM [Bai et al., 2025]
performing unstructured importance-based pruning to dense
LLM weights before communicating them back to the server.

Static sparse training. Static sparse training determines
a sparsity mask once ahead of local training, usually at ini-
tialization or after a short warm-up phase, and trains only
the remaining parameters throughout the FL procedure. This
reduces both computational cost and uplink communication
cost (updates are inherently sparse).

Several works adopt this approach, often inspired by the
Lottery Ticket Hypothesis (LTH) [Frankle and Carbin, 2019].
PruneFL [Jiang et al., 2023a] performs initial pruning at
a powerful client, and periodically reconfigures the global
mask at the server based on aggregated importance statistics,
but masks remain unchanged during local training phases.
FLASH [Babakniya et al., 2023] initializes a sensitivity-
driven consensus mask on a subset of clients and supports two
modes: SPDST, where clients perform static sparse training,
and JMWST, where the server periodically restores the con-
sensus mask after aggregation (dynamic training with server-
side sparsity restoration). FedSNIP [Bustincio et al., 2025]
uses gradient-based importance scoring to prune networks at
initialization without regrowth. BiPruneFL [Lee and Jang,
2025] also falls under static sparse training: it identifies
sparse binary subnetworks at initialization using the multi-
prize LTH, then trains them with binary operations.

Dynamic sparse training. Dynamic sparse training allows
weights to regrow into previously pruned positions, typi-
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Figure 2: Illustration of sparsity erosion after aggregation. Each
client applies the same sparsity level locally (3 active parameters out
of 9), yet heterogeneous sparsity patterns yield a significantly denser
aggregated model under FedAvg. For clarity, we use magnitude-
based pruning in the illustrative examples, i.e., parameters with the
smallest absolute values are set to zero.

cally through prune-grow cycles, prune-restore procedures,
or structured participation decisions. This adaptivity helps
accommodate heterogeneous client data and evolving model
representations, but introduces challenges related to mask di-
vergence and aggregation.

FedDST [Bibikar et al., 2022] exemplifies this regime:
clients prune and regrow weights during local training,
while the server enforces a target per-layer sparsity af-
ter aggregation, coordinating mask evolution across rounds.
SparsyFed [Guastella et al., 2025] and ZeroFL [Qiu et al.,
2022] reduce FLOPs by enforcing sparse weights and sparse
activations during training, although the resulting speedups
may depend on sparse kernel support. NTK-BAFFLE [Zhang
et al., 2025] takes a more radical approach: it eliminates
backpropagation and combines Neural Tangent Kernel-based
foresight pruning with backpropagation-free FL, reducing
memory and compute on constrained devices.
Preserving sparsity across aggregation. A fundamental
challenge in FL with sparse communication arises from the
decentralized and heterogeneous nature of client data. Even
when clients employ the same sparsification mechanism, dif-
ferences in local data distributions and participation lead
to substantially misaligned sparsity patterns [Jiang et al.,
2023b]. As a result, FedAvg aggregation of locally sparse
models or updates typically produces a denser global model,
as illustrated in Figure 2. This loss of sparsity has two ma-
jor consequences: (i) clients must repeatedly download dense
global models, increasing downlink communication cost, and
(ii) sparsity must be re-induced from scratch during each
round of local training.

To mitigate this issue, existing methods can be grouped ac-
cording to the aggregation rule dimension of our taxonomy,
as presented below.

(i) Mask-unaware aggregation. Several works retain
standard FedAvg without explicitly accounting for sparsity
patterns. This choice mainly arises in two settings. First,
when sparsity is used only to reduce uplink communication
or to serve objectives beyond efficiency (discussed in 3.2, 3.3,
and 3.4), the densification of the global model after aggrega-
tion is not a concern. Second, when clients share a consen-
sus mask and perform static sparse training, sparsity is pre-

served by construction under FedAvg. Such shared masks
can be initialized once and remain unchanged [Huang et al.,
2022], periodically reconfigured using server-side statistics
as in PruneFL [Jiang et al., 2023a] and FLASH [Babakniya
et al., 2023].

(ii) Mask-aware aggregation. A second class of meth-
ods modifies the aggregation operator to account for hetero-
geneous client masks. In FedDST [Bibikar et al., 2022], each
parameter is averaged only over clients for which it is active.
Majority voting or union/intersection rules can also be used
to form a global mask before averaging, as in [Stripelis et al.,
2022] and FedSpaLLM [Bai et al., 2025]. These approaches
prevent sparsity erosion by aligning or respecting client-side
supports during aggregation.

(iii) Server-side sparsity restoration. A third family
performs standard FedAvg to obtain a dense intermediate
model and then restores sparsity on the server. A represen-
tative example is [Shah and Lau, 2021], which solves an
ℓ1-regularized reconstruction problem and then applies soft-
thresholding. FedDST [Bibikar et al., 2022] also includes a
restoration step: after mask-aware aggregation, the server en-
forces a target per-layer sparsity by magnitude-based pruning,
yielding a new global sparse model.

Other strategies. Other approaches promote implicit con-
sensus without explicit masks: SparsyFed [Guastella et al.,
2025] aligns Top-K supports through sparsity-inducing local
optimization, while [Isik et al., 2023] treats masks themselves
as the primary object of optimization and communication.

3.2 Enhanced Privacy
Privacy preservation is a central challenge in FL, as ex-
changed model updates can leak sensitive information
about clients’ private data. Unlike efficiency-oriented spar-
sity, which aims to reduce communication or computation,
privacy-oriented sparsity targets inference attacks (e.g., gra-
dient inversion, membership inference), often prioritizing in-
formation suppression or randomization over model compres-
sion [Shen et al., 2025].
Sparsity-based privacy mechanisms. Theoretical analysis
indicates that sparsity alone offers limited privacy protec-
tion [Chu et al., 2025]. PriPrune [Chu et al., 2025] shows
that model updates remain vulnerable even at 90% sparsity,
and proposes pseudo-pruning, where clients transmit heav-
ily pruned updates while keeping dense local models, en-
abling privacy–utility trade-offs via information asymmetry.
Building on this insight, FedPM [Isik et al., 2023] lever-
ages stochastic Bernoulli masks, where random sparsification
yields privacy amplification under Rényi differential privacy
[Mironov, 2017] (DP), and aggregation operates on proba-
bility masks rather than deterministic updates. MemDefense
[Shen et al., 2025] adopts a targeted strategy, pruning parame-
ters most responsible for membership inference leakage while
minimally affecting task accuracy, providing lightweight pro-
tection for constrained devices.

For stronger guarantees, sparsity is combined with crypto-
graphic or robustness-oriented defenses. Beguier et al. [Be-
guier et al., 2021] integrate top-K sparsification with additive
secret sharing to enable efficient secure aggregation against
malicious adversaries, while QuanCryptFL [Mia and Amini,
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Technique

Work Object Regime Criterion Pattern Stage Coordination Aggregation
E

ffi
ci

en
cy

STC [Sattler et al., 2019] w, ∆ one-shot WEI UNS C-ALT, S-AAG PERS mask-unaware
FedSCR [Wu et al., 2020] ∆ one-shot WEI STR C-ALT PERS mask-unaware
FedSparsify [Stripelis et al., 2022] w dynamic WEI UNS C-ALT / S-AAG DYN mask-aware
ZeroFL [Qiu et al., 2022] w, a dynamic WEI, ACT UNS, STR C-DLT, C-ALT DYN mask-unaware
FedDST [Bibikar et al., 2022] w dynamic WEI UNS C-BLT, S-AAG DYN mask-aware, restoration
PruneFL [Jiang et al., 2023a] w dynamic GRAD UNS S-INIT, S-AAG DYN mask-unaware
FLASH–S [Babakniya et al., 2023] w static WEI UNS S-INIT, C-DLT FIX mask-unaware
FLASH–J [Babakniya et al., 2023] w dynamic WEI UNS S-INIT, C-DLT, S-AAG DYN restoration
FedSpaLLM [Bai et al., 2025] w one-shot WEI, GRAD UNS C-ALT, S-AAG DYN mask-aware
SparsyFed [Guastella et al., 2025] w, a dynamic WEI UNS C-DLT, C-ALT DYN mask-unaware
NTK-BAFFLE [Zhang et al., 2025] w one-shot LRN UNS S-INIT, C-DLT FIX mask-unaware
FedSNIP [Bustincio et al., 2025] w static GRAD UNS S-INIT, C-DLT FIX mask-unaware
BiPruneFL [Lee and Jang, 2025] w static LRN UNS S-INIT, C-DLT FIX mask-unaware

Pr
i v

ac
y

Beguier et al. [Beguier et al., 2021] ∆ one-shot WEI UNS C-ALT PERS mask-aware
SparseFed [Panda et al., 2022] ∆ one-shot WEI UNS S-AAG DYN mask-unaware
FedPM [Isik et al., 2023] w, g dynamic LRN UNS C-DLT DYN mask-aware
PriPrune [Chu et al., 2025] w, ∆ one-shot GRAD UNS C-ALT PERS mask-unaware
QuanCryptFL [Mia and Amini, 2025] w one-shot WEI UNS C-ALT PERS mask-unaware
MemDefense [Shen et al., 2025] w one-shot GRAD UNS C-ALT PERS mask-unaware

U
nl

ea
rn

in
g Wang et al. [Wang et al., 2022] w one-shot ACT STR S-AAG FIX mask-unaware

FedOrtho [Gong et al., 2025] w one-shot ACT STR S-AAG FIX mask-unaware
FedUP [Romandini et al., 2025] w one-shot WEI UNS S-AAG PERS mask-unaware
FUSED [Zhong et al., 2025] w static RND UNS S-INIT, C-DLT FIX mask-unaware

P e
rs

on
al

iz
at

io
n FedMask [Li et al., 2021] w dynamic WEI, LRN STR C-DLT, C-ALT DYN mask-aware

DisPFL [Dai et al., 2022] w dynamic WEI, GRAD UNS C-BLT, C-DLT, C-ALT PERS mask-aware
FedRolex [Alam et al., 2022] w dynamic RND STR S-INIT, C-DLT, S-AAG DYN mask-aware
ASPFL [Jiang et al., 2023b] w dynamic WEI, GRAD UNS S-INIT, C-DLT PERS mask-aware
pFedGate [Chen et al., 2023] w, g dynamic LRN STR C-DLT PERS mask-unaware
SpaFL [Kim et al., 2024] w dynamic LRN UNS C-DLT PERS mask-unaware
FLASC [Kuo et al., 2024] ∆ dynamic WEI UNS C-ALT, S-AAG PERS mask-unaware

Table 1: Overview of sparse FL methods organized according to the proposed taxonomy (Section 2.3). Object: model weights (w), model up-
dates (∆), activations (a), learned gates (g). Regime: one-shot, static, dynamic. Criterion: weight-based (WEI), gradient-based (GRAD),
activation-based (ACT), learned (LRN), random (RND). Pattern: unstructured (UNS), structured (STR). Stage: server init. (S-INIT),
client before training (C-BLT), client during training (C-DLT), client after training (C-ALT), server after aggregation (S-AAG). Coordina-
tion: fixed (FIX), dynamic (DYN), personalized (PERS). Aggregation: mask-unaware, mask-aware, sparsity restoration.

2025] reduces the overhead of fully homomorphic encryp-
tion by coupling it with low-bit quantization and unstructured
pruning. Sparsity can also actively limit adversarial impact:
SparseFed [Panda et al., 2022] exploits the tension between
large gradients needed to survive top-K selection and norm
clipping, yielding certified robustness guarantees.

Privacy-preserving aggregation of sparse updates.
Privacy-focused aggregation differs fundamentally from
efficiency-driven sparsification. Rather than preserv-
ing sparsity across rounds, these methods tolerate
sparsity erosion if it strengthens protection. Crypto-
graphic approaches aggregate updates entirely in en-
crypted or secret-shared domains [Beguier et al., 2021;
Mia and Amini, 2025], ensuring the server never observes
individual updates, even if the aggregated model becomes
dense. Probabilistic methods such as FedPM [Isik et al.,
2023] aggregate distributions instead of realizations, while
PriPrune [Chu et al., 2025] operates transparently over
standard aggregation rules.

3.3 Effective Unlearning
Federated unlearning (FU) aims to remove the contribution
of specific training data from a federated model, such as the
data of an entire client, a subset of samples, or particular
classes [Romandini et al., 2024]. Unlike standard FL, FU

must selectively alter a trained model to eliminate the influ-
ence of targeted data while preserving overall utility.

Inspired by centralized machine unlearning (e.g., [Foster
et al., 2024]), FU methods leverage sparsity to identify and
modify parameters that encode information about the for-
get data [Wang et al., 2022; Zhong et al., 2025; Romandini
et al., 2025; Gong et al., 2025]. In contrast to efficiency-
oriented sparsity, which prunes low-importance weights to
reduce communication or computation, unlearning-oriented
sparsity targets high-impact components associated with the
data to be removed.

Existing sparsity-based FU methods differ primarily in
where the forgettable information is assumed to reside and
thus at what granularity sparsity is applied. Accordingly,
current approaches can be grouped into three categories:
(i) channel-level methods that remove discriminative feature
channels, (ii) parameter-level methods that suppress individ-
ual high-impact weights, and (iii) module-level methods that
confine deletions to specific architectural adapters.

Channel-level forgetting. Wang et al. [Wang et al., 2022]
perform class-level unlearning by pruning convolutional
channels with high term–frequency discrimination scores
computed from client-side activations, followed by light fine-
tuning. Gong et al. [Gong et al., 2025] introduce Fe-
dOrtho, which enforces kernel orthogonality to decouple
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feature spaces and then soft-prunes forget-dominant chan-
nels based on aggregated activation discrepancies, enabling
single-step class forgetting.

Parameter-level forgetting. FedUP [Romandini et al.,
2025] introduces a server-side pruning approach for adversar-
ial settings where malicious clients do not cooperate. FedUP
identifies high-impact parameters by measuring discrepancies
between benign and malicious client updates, and selectively
zeros them at the server without requiring historical updates,
auxiliary data, or additional client-side computation.

Module-level forgetting. Zhong et al. [Zhong et al., 2025]
propose FUSED, which applies sparsity to trainable adapters
rather than modifying base model parameters directly. Sen-
sitive layers are identified via offline calibration, after which
sparse adapters are trained on frozen backbones using only re-
tained clients. This design reduces communication and limits
parameter modifications, but relies on calibration heuristics
and manually tuned sparsity ratios.

3.4 Improved Personalization
Personalized federated learning (PFL) addresses statistical
heterogeneity by allowing clients to deviate from a single
global model. Sparsity naturally supports personalization
by activating different parameter subsets across clients while
maintaining a shared parameter space. Existing methods can
be broadly grouped into mask-based personalization, oper-
ating at client or finer granularity, and model-heterogeneous
approaches that accommodate diverse client capacities.

Mask-based personalization. Most approaches assign
each client a personalized sparse mask over shared weights.
FedMask [Li et al., 2021] learns heterogeneous structured
masks over frozen parameters and aggregates only overlap-
ping mask entries, preserving client-specific sparse struc-
tures. DisPFL [Dai et al., 2022] extends this idea to decen-
tralized settings via sparse-to-sparse gossip averaging over
mask intersections, with masks refined through pruning and
gradient-based regrowth. ASPFL [Jiang et al., 2023b] intro-
duces adaptive layer-wise sparsity with drop–grow dynam-
ics, leading to implicit clustering as clients with similar data
converge to similar sparse topologies. Finer-grained person-
alization further conditions sparsity below the client level:
pFedGate [Chen et al., 2023] predicts block-wise masks from
input batches using private gating layers, while SpaFL [Kim
et al., 2024] communicates only global per-neuron thresh-
olds, keeping weights local and yielding emergent personal-
ized sparsity with minimal communication.

Model-heterogeneous personalization. Sparsity also en-
ables participation under heterogeneous computational bud-
gets. FedRolex [Alam et al., 2022] trains rolling submod-
els aligned with client capacity, ensuring that all server pa-
rameters are updated over time. For large language mod-
els, FLASC [Kuo et al., 2024] sparsifies LoRA adapters
only during communication, with asymmetric upload and
download sparsity to handle bandwidth constraints, while
FedSpaLLM [Bai et al., 2025] employs ℓ0-norm aggregation
to prevent highly sparse clients from diluting important pa-
rameters.

Aggregation under heterogeneous sparsity. Personalized
sparse FL fundamentally alters aggregation, shifting it from
enforcing consensus to selectively transferring knowledge
across partially overlapping supports. Standard FedAvg leads
to sparsity erosion when masks diverge, motivating alterna-
tives that aggregate only overlapping parameters [Dai et al.,
2022; Li et al., 2021], weight updates by client participa-
tion [Jiang et al., 2023b], or avoid weight aggregation en-
tirely [Kim et al., 2024]. Nonetheless, a core tension remains:
increasing sparsity heterogeneity reduces aggregation bene-
fits, while enforcing alignment constrains personalization.

4 Current Trends and Open Issues
To inform practitioners and highlight open challenges, we an-
alyze experimental practices across the 29 sparse FL methods
surveyed, revealing strong standardization but limited realism
in evaluations. We also discuss gaps in theoretical founda-
tions that currently limit principled design of sparse FL.

Hardware evaluation gap. A critical limitation is the lack
of hardware realism. Only 17.2% of surveyed papers (5/29)
report wall-clock or on-device measurements [Li et al., 2021;
Jiang et al., 2023a; Chen et al., 2023; Mia and Amini, 2025;
Bibikar et al., 2022]; the vast majority rely on theoretical
FLOPs as efficiency proxies. Moreover, just 13.8% (4/29)
include actual edge device timing, typically on Raspberry Pi
or NVIDIA Jetson. As shown in Table 1, 79.3% (23/29)
of methods employ unstructured sparsity, yet such patterns
provide limited or inconsistent speedups on commodity hard-
ware where structured patterns are required for real acceler-
ation. This mismatch between evaluation methodology and
deployment reality undermines efficiency claims.

Beyond low-resolution benchmarks and small architec-
tures. Sparse FL evaluation is heavily concentrated on low-
resolution vision benchmarks and small convolutional mod-
els. CIFAR-10 alone appears in 86.2% of surveyed works
(25/29), the CIFAR family in 93.1% (27/29), and MNIST
variants in 51.7% (15/29), reflecting continued reliance on
early FL testbeds [McMahan et al., 2017]. Consistently,
ResNet-18 and generic CNNs account for 75.9% of eval-
uated architectures, while transformers and Vision Trans-
formers [Dosovitskiy et al., 2021] appear in only 17.2%
(5/29). This co-limitation of data and model scale raises
questions about whether observed sparsity gains extend to
higher-dimensional inputs, richer distributions, and architec-
tures with attention and large feed-forward blocks. Beyond
vision, task coverage remains sparse: language modeling ap-
pears in 10.3% of works [Li et al., 2021; Panda et al., 2022;
Kuo et al., 2024], only one study targets LLM-scale mod-
els [Bai et al., 2025], and medical imaging is addressed
once [Mia and Amini, 2025].

Oversimplified data and client heterogeneity. Non-IID
data is predominantly simulated via label skew using Dirich-
let partitioning with concentration parameters α ∈ [0.1, 1.0].
While this convention aids reproducibility, it may oversim-
plify real-world heterogeneity. Client configurations also
cluster narrowly: 69.0% (20/29) of studies use 100 clients
with 10% participation per round, while only two works scale
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Challenges Regime Stage Pattern Coordination Aggregation

Communication One-shot C-ALT / S-AAG UNS Fixed / None Mask-unaware or Restoration
Computation Static / Dynamic C-BLT / C-DLT STR Fixed / Dynamic Mask-aware or Restoration
Privacy One-shot C-ALT UNS Personalized Mask-unaware
Unlearning One-shot S-AAG STR or UNS Personalized Mask-unaware
Personalization Dynamic C-DLT STR or UNS Personalized Mask-aware

Table 2: Practitioner mapping from challenges to recommended sparsity configurations along key taxonomy dimensions.

beyond 1,000 clients. As analyzed in Section 3, data het-
erogeneity directly influences local mask evolution, and sys-
tematic studies on how sparsity patterns interact with realistic
client scales and participation rates remain limited.

Limited theoretical understanding. Despite early
progress, theoretical foundations for sparse FL remain
incomplete. Existing analyses only partially capture how
sparse masks interact with data heterogeneity, client partici-
pation, and server aggregation. While recent efforts provide
convergence guarantees under dynamic client-specific
sparsity [Zhou et al., 2023] or adaptive pruning [Yu et al.,
2025], these results address isolated settings. Beyond conver-
gence, there is no general theory describing sparsity–utility
trade-offs, aggregation bias, or coverage requirements across
heterogeneous deployments. Similar gaps exist for privacy
and unlearning: the extent to which sparsity amplifies,
preserves, or weakens guarantees remains poorly understood.

5 Practitioner Guidance
The characterization of sparsity varies depending on the chal-
lenge it targets. As practical guidance, we extract design prin-
ciples that relate the main dimensions of our taxonomy to rel-
evant deployment scenarios. Table 2 summarizes common
configurations observed in the surveyed literature.

Identify the primary motivation. Sparse FL can be driven
by four main motivations: efficiency, privacy enhancement,
unlearning, or personalization. Identifying the dominant goal
narrows the viable design space for regime, application stage,
pattern, and coordination.

Select an appropriate sparsity regime. The regime should
reflect the deployment goal: one-shot sparsity suits pure com-
munication efficiency; static sparse training reduces com-
putation and memory throughout training; dynamic sparse
training provides finer adaptation under non-identical data or
evolving client populations. Privacy- and unlearning-oriented
approaches typically train dense models and apply one-shot
pruning after training, since modifying the optimization dy-
namics can be unnecessary.

Place sparsity at the correct stage of the FL workflow.
The application stage determines which resources benefit. C-
BLT/C-DLT reduce client-side computation and memory; C-
ALT primarily reduces uplink communication; S-AAG can
reduce downlink communication by restoring sparsity after
densification. For privacy, C-ALT enables asymmetric disclo-
sure, while dense training preserves gradients locally. For un-
learning, S-AAG is natural for class- or client-level removal
without re-running local training.

Match sparsity pattern to the bottleneck. Unstructured
sparsity maximizes compression for communication effi-
ciency and is common in privacy settings due to its less infor-
mative structure. Structured sparsity (e.g., channels, blocks)
aligns with hardware execution units and suits computation-
or memory-constrained edge devices. Unlearning can lever-
age structured sparsity when the influence of specific forget
data emerges from clustered model parameters, but can also
exploit unstructured sparsity for selective removal of fine-
grained contributions. Personalization may adopt either pat-
tern depending on whether the goal is communication reduc-
tion (unstructured) or on-device efficiency (structured).

Choose mask coordination based on data heterogeneity.
Under homogeneous data, fixed global masks minimize coor-
dination overhead. In heterogeneous client or data settings,
dynamic coordination prevents model collapse, while per-
sonalized masks decouple model structures at the cost of re-
duced parameter overlap. In privacy-oriented and unlearning-
oriented settings, mask divergence can be desirable to re-
duce shared exposure or to localize forgettable information.
Personalization naturally benefits from mask divergence for
device-adaptive model capacity.

Couple sparsity with aggregation logic. Standard FedAvg
implicitly densifies sparse client updates, preventing spar-
sity from persisting across rounds. As a result, efficiency-
oriented deployments typically require mask-aware aggre-
gation or server-side sparsity restoration to preserve com-
munication and computation benefits over time. Similar is-
sues arise under data and model heterogeneity, including per-
sonalized FL settings, where naive aggregation likewise dis-
rupts sparsity patterns. By contrast, privacy– and unlearning–
oriented deployments often tolerate or even benefit from den-
sification. In privacy-focused settings, server-side reconstruc-
tion noise or dense aggregation may strengthen secrecy or DP
guarantees. In unlearning-oriented pipelines, pruning is com-
monly applied as a one-shot post-aggregation operation.

6 Conclusion
Sparsity supports multiple roles in FL, from communication
and computation efficiency to privacy, unlearning, and per-
sonalization. We introduced a federated-specific taxonomy to
organize this space and compare existing methods. Using this
framework, we reviewed the literature along its key design
dimensions, identified common patterns and methodological
gaps, and analyzed experimental practices and deployment
assumptions. We further distilled practitioner-oriented design
principles and highlighted open challenges to guide future re-
search and real-world adoption.
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