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Abstract

Federated learning provides a promising approach for collaborative sports image
recognition without directly sharing raw data across organizations. However,
model updates may still expose sensitive information, motivating the use of dif-
ferentially private federated learning (DP-FL). A major challenge is that hetero-
geneous sports data contain both transferable sport semantics and client-specific
visual context. Conventional DP-FL processes these components uniformly, caus-
ing less transferable information to consume part of the limited clipping range
and increasing the distortion of useful sport knowledge. To address this problem,
we propose FedSS, a shareability-aware privacy-preserving federated learning
framework for sports image recognition. FedSS introduces a Sport Semantic
Shareability Module (SSSM) that evaluates stage-wise model components accord-
ing to sport discriminativeness, cross-client invariance, and privacy robustness.
The resulting shareability scores emphasize transferable sport-semantic infor-
mation during private federation while retaining client-specific context locally.
First-order gradient stability is further incorporated to improve the robust-
ness of shared updates under privacy perturbation. Experiments on sport22
and sport100 under different heterogeneous and privacy settings show that
FedSS consistently improves recognition accuracy and the privacy–utility trade-
off over representative DP-FL methods. Further analyses demonstrate stronger
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cross-client semantic consistency and reduced clipping distortion, supporting the
effectiveness of shareability-aware private federation for sports image recognition.

Keywords: federated learning, differential privacy, sports image recognition

1 Introduction

Human-centered artificial intelligence has become an important direction in the devel-
opment of reliable, trustworthy, and privacy-aware intelligent systems [1, 2]. In sports
applications, visual analysis is increasingly used for sport recognition, athlete moni-
toring, training analysis, performance assessment, and coaching support [3, 4]. Sports
images collected during training, competition, and daily exercise contain rich infor-
mation about athlete actions, body configurations, equipment interactions, and sport
categories, providing an important basis for intelligent sports analysis. However, such
data are often distributed across schools, clubs, teams, venues, and sports organi-
zations. Directly centralizing them for model training may raise concerns regarding
athlete privacy, institutional data ownership, and data governance. Therefore, sports
visual intelligence requires learning mechanisms that can exploit distributed data while
avoiding direct exposure of sensitive raw images [5, 6].

Federated Learning (FL) provides a promising solution by allowing multiple clients
to collaboratively train a global model while keeping their raw data locally stored [7, 8].
This paradigm is well suited to sports applications in which different organizations
may benefit from shared visual knowledge without directly exchanging athlete data.
However, keeping raw data local does not provide rigorous privacy protection by itself.
Previous studies have shown that transmitted gradients and model updates may still
reveal sensitive training information through model inversion, membership inference,
attribute inference, and data reconstruction attacks [9–12]. Differentially Private Fed-
erated Learning (DP-FL) therefore introduces gradient clipping and calibrated random
noise into federated optimization to provide formal privacy guarantees [13–16].

Despite its privacy advantages, directly applying conventional DP-FL to sports
image recognition remains challenging because distributed sports data often exhibit
strong visual heterogeneity. Images of the same sport collected from different clients
may share similar athlete poses, motion patterns, and human–equipment interactions,
while differing considerably in athlete appearance, uniforms, backgrounds, illumina-
tion, viewpoints, and scene composition. The former represents transferable sport
semantics that are useful across clients, whereas the latter often reflects client-specific
visual context. An effective federated sports model should therefore preserve knowl-
edge that characterizes the sport itself while reducing excessive dependence on visual
patterns that are specific to individual clients.

Existing FL and DP-FL methods generally process local representations and model
updates as a whole, without explicitly considering that different learned components
may exhibit substantially different cross-client shareability. As a result, transfer-
able sport semantics and client-specific contextual information can become entangled
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during local optimization. Under heterogeneous data distributions, persistent differ-
ences in athlete appearance, uniforms, backgrounds, illumination, and viewpoints
may dominate local representations and increase disagreement among client updates.
When differential privacy is subsequently applied, clipping and noise perturbation
are imposed uniformly on these mixed updates. Low-shareability contextual varia-
tions may therefore consume part of the limited clipping range, while transferable and
discriminative sport information is unnecessarily distorted. This interaction between
visual heterogeneity and uniform private processing can lead to substantial utility
degradation in privacy-preserving federated sports recognition.

Existing DP-FL studies mainly alleviate privacy-induced utility degradation
through improved optimization stability, clipping, sparsification, or perturbation effi-
ciency. Sharpness-Aware Minimization (SAM), for example, has been incorporated
into private federated optimization to encourage flatter solutions and improve robust-
ness to noisy updates [17, 18]. Perturbation and sparsification strategies have also
been explored to reduce the influence of high-dimensional privacy noise [19]. Gradient-
Aware Minimization (GAM) further characterizes model stability using first-order
flatness and provides a more sensitive description of the local optimization land-
scape [20]. Although these approaches improve private optimization, they generally
treat the entire client update uniformly and do not explicitly distinguish globally
transferable task knowledge from predominantly local visual context. This leaves an
important question unresolved: what knowledge should be shared across heterogeneous
sports clients under privacy constraints?

To address this problem, we propose FedSS, a shareability-aware privacy-
preserving federated learning framework for sports image recognition. Instead of
treating all learned components as equally suitable for federation, FedSS explicitly esti-
mates their cross-client shareability and promotes globally transferable sport semantics
while retaining client-specific visual context locally. At its core, a Sport Semantic
Shareability Module (SSSM) evaluates stage-wise model components according
to sport discriminativeness, cross-client invariance, and robustness to privacy per-
turbation. The resulting shareability scores guide private federated optimization by
emphasizing highly shareable sport-semantic components before clipping and Gaus-
sian perturbation, while suppressing low-shareability contextual variations. First-order
gradient stability is further exploited to improve the robustness of transferable updates
under privacy perturbation. In this way, FedSS reduces interference from client-
specific visual context and preserves more transferable sport-semantic information
within the limited clipping range, thereby jointly mitigating visual heterogeneity and
privacy-induced utility degradation.

Our main contributions are summarized as follows:

• We propose FedSS, a shareability-aware privacy-preserving federated learning
framework for sports image recognition under heterogeneous data distributions.
FedSS explicitly distinguishes globally transferable sport semantics from client-
specific visual context, enabling more effective knowledge sharing under privacy
constraints.
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• We introduce a Sport Semantic Shareability Module that adaptively evaluates
stage-wise shareability according to sport discriminativeness, cross-client invari-
ance, and robustness to privacy perturbation. The estimated shareability guides
private federated optimization so that globally useful sport knowledge receives
greater emphasis before clipping and perturbation, while low-shareability contextual
information is retained locally.

• We conduct comprehensive experiments on sports image recognition benchmarks
under varying client scales, participation rates, privacy budgets, and visual hetero-
geneity settings. Extensive results and diagnostic analyses demonstrate improved
privacy–utility trade-offs, reduced clipping distortion, and stronger cross-client
sport-semantic consistency compared with representative DP-FL baselines.

2 Related Work

2.1 Federated Sports Recognition under Visual Heterogeneity

Artificial intelligence has been widely applied to sports image recognition, athlete
monitoring, training analysis, and performance assessment [3, 4, 21]. In practical
applications, sports images are often distributed across teams, schools, clubs, and
venues, making federated learning a suitable paradigm for collaborative model train-
ing without centralized collection of raw data. Existing federated learning studies
mainly investigate statistical heterogeneity such as label-distribution skew [8, 22–
24], while visual applications may additionally exhibit substantial feature-level shifts.
FedBN, for example, preserves local batch-normalization statistics to mitigate fea-
ture distribution differences across clients [25]. In sports recognition, even clients
containing the same sport categories may differ substantially in athlete appearance,
uniforms, backgrounds, illumination, viewpoints, and scene composition. Such vari-
ations can produce inconsistent local representations, whereas sport-related patterns
such as actions, body configurations, and human–equipment interactions are generally
more transferable across clients. Therefore, distinguishing transferable sport semantics
from client-specific visual context is important for federated sports recognition under
heterogeneous data distributions.

2.2 Differentially Private Federated Learning

Federated learning enables distributed clients to collaboratively optimize a global
model while retaining raw data locally [7, 8], but shared gradients and model updates
may still expose sensitive information through model inversion, membership inference,
attribute inference, and gradient reconstruction attacks [9–12, 26–29]. Differential pri-
vacy has therefore been widely incorporated into federated learning to provide formal
privacy guarantees [13–16, 30–32]. A central challenge of DP-FL is the utility degra-
dation caused by update clipping and random perturbation. Existing studies improve
the privacy–utility trade-off through sparsification, adaptive optimization, adaptive
clipping, sensitivity estimation, and flatness-aware training [17–19, 33–38]. These
approaches mainly focus on how updates are optimized, clipped, or perturbed, while
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comparatively less attention has been paid to whether different learned components
have different values for cross-client sharing.

2.3 Shared and Client-Specific Knowledge in Federated

Learning

The separation of globally shared and client-specific knowledge has been extensively
studied in personalized federated learning. FedRep learns a common representation
while maintaining client-specific prediction heads [39], Fed-RoD decouples generic
and personalized prediction objectives through global and local predictors [40], and
CD2-pFed performs channel-wise decomposition of shared and private model com-
ponents [41]. FedBN similarly preserves client-specific batch-normalization statistics
locally to accommodate feature distribution shifts [25]. These approaches demonstrate
that different forms of client knowledge do not necessarily need to be globally aggre-
gated. However, the shared–private separation is typically determined by predefined
architectural components, layers, channels, prediction heads, or feature statistics, and
is mainly designed for personalization. How to determine whether learned information
is simultaneously transferable across heterogeneous clients and suitable for sharing
under differential privacy remains less explored.

3 Preliminaries

3.1 Federated Sports Image Classification

We consider a federated sports image classification system consisting of M clients.
Each client corresponds to a local sports data owner, such as a school, sports club,
training center, or edge device. The local dataset of client i is denoted by

Di = (xij , yij)
ni

j=1, (1)

where xij denotes a sports image and yij is its sport-category label. Raw images remain
stored locally throughout federated training.

The clients collaboratively optimize a global classifier fw with parameters w. The
standard federated objective is

min
w

F (w) =

M∑

i=1

ni

n
Fi(w), (2)

where n =
∑M

i=1 ni and

Fi(w) =
1

ni

ni∑

j=1

ℓ(fw(xij), yij). (3)
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Unlike conventional IID learning, federated sports data exhibit both label heterogene-
ity and substantial visual-context heterogeneity caused by different athletes, uniforms,
venues, backgrounds, viewpoints, illumination conditions, and acquisition devices.

3.2 Client-level Differential Privacy

Although federated learning avoids direct transmission of raw sports images, model
updates can still reveal information about local training data. We therefore consider
client-level differential privacy, where the contribution of each participating client is
bounded before being transmitted to the server.

Given a local update ∆t
i at communication round t, L2 clipping produces

∆̂t
i = ∆t

i ·min

(
1,

C

|∆t
i|2

)
, (4)

where C is the clipping threshold. Gaussian noise is subsequently added as

∆̃t
i = ∆̂t

i +N
(
0, σ2C2I

)
, (5)

where σ is the noise multiplier. Under a specified client sampling rate and privacy
accountant, the resulting mechanism provides client-level (ε, δ)-DP.

3.3 Gradient-Aware Minimization

Gradient-Aware Minimization (GAM) [20] characterizes local model stability through
first-order flatness. Given a local loss Li(w), GAM optimizes

min
w

Li(w) + λ max
|s|2≤ρ

|∇Li(w + s)|2 , (6)

where ρ denotes the neighborhood radius and λ controls the first-order flatness
regularization. Compared with optimization based only on the loss value within a
perturbation neighborhood, first-order flatness directly characterizes the stability of
gradient directions. In FedSS, GAM is used as a local optimization primitive and
also provides gradient-stability information for estimating the robustness of candidate
shared knowledge.

4 Method

4.1 Overview of FedSS

Figure 1 presents the overall framework of FedSS. Sports data distributed across
clients contain both transferable sport semantics, such as actions, body configurations,
and human–equipment interactions, and client-specific visual context, such as athlete
appearance, uniforms, backgrounds, and viewpoints. Conventional DP-FL privatizes
the complete local update without distinguishing these two types of information, which
may cause client-specific variations to consume part of the limited clipping range.
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Fig. 1 Overview of FedSS. The server broadcasts the global model and privacy-protected stage-wise
EMA references to participating clients. After GAM-based local optimization, the Sport Seman-
tic Shareability Module estimates stage-wise shareability from sport discriminativeness, cross-client
invariance, and privacy robustness, and softly separates the candidate update into transferable sport
semantics and client-specific context. The context residual is retained locally, whereas only the
transferable component is clipped, perturbed with Gaussian noise, and uploaded for private server
aggregation. The aggregated update is used to construct the next global model and refresh the stage-
wise EMA references.

FedSS instead organizes federation according to the shareability of learned knowl-
edge. At each communication round, a selected client performs local optimization and
obtains a candidate update. The Sport Semantic Shareability Module (SSSM)
evaluates each network stage from three perspectives: sport discriminativeness, cross-
client invariance, and privacy robustness. The resulting shareability scores softly
separate the candidate update into a transferable sport-semantic component and a
client-specific context component. Only the transferable component is privatized and
uploaded, while the context component is retained locally. The server then aggregates
the private sport-semantic updates to update the global model.

4.2 Sport Semantic Shareability Module

FedSS estimates shareability at the network-stage level to avoid the instability and
computational cost of parameter-wise evaluation. For the ResNet-18 backbone, the
network is divided into five stages,

B = {B1, B2, B3, B4, B5}, (7)
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where B1 contains the stem and Layer1, B2–B4 correspond to Layer2–Layer4, and B5

denotes the classifier. The candidate update of client i at round t is correspondingly
partitioned as

∆t
i = [∆t

i,1,∆
t
i,2, . . . ,∆

t
i,5]. (8)

A shareability coefficient qti,b ∈ [0, 1] is estimated for each stage Bb and updated
dynamically across clients and communication rounds.

4.2.1 Sport Discriminativeness

Sport discriminativeness measures how strongly a network stage contributes to correct
sport recognition. After local training, client i samples a calibration mini-batch Bi and
computes the gradient–activation relevance

sDi,b =
1

|Bi|
∑

(x,y)∈Bi

∥∥∥∥ai,b(x)⊙
∂fy(x)

∂ai,b(x)

∥∥∥∥
1

, (9)

where ai,b(x) is the activation of stage Bb and fy(x) is the logit of the ground-truth
category. The normalized discriminativeness score is

Dt
i,b =

sDi,b
maxk sDi,k + ϵ

. (10)

A larger Dt
i,b indicates a stronger contribution to sport recognition.

4.2.2 Cross-client Invariance

Local discriminativeness alone cannot determine whether information is suitable for
global sharing. FedSS therefore measures the consistency between the current stage
update and knowledge accumulated across clients. The server maintains an exponential
moving average of previously released private updates:

mt−1
b = λmmt−2

b + (1− λm)∆
t−1

b , (11)

where λm is the smoothing coefficient. The cross-client invariance score is

Iti,b =
1

2


1 +

〈
∆t

i,b,m
t−1
b

〉

∥∆t
i,b∥2∥mt−1

b ∥2 + ϵ


 . (12)

A larger value indicates stronger consistency with cross-client knowledge. For the first
communication round, we set I0i,b = 0.5.

4.2.3 Privacy Robustness

FedSS further evaluates whether a stage remains stable and informative under pri-
vacy perturbation. Let gt

i,b and g
t,+
i,b denote the gradients before and after the GAM
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perturbation, respectively. Their relative first-order variation is

ξti,b =
∥gt,+

i,b − gt
i,b∥2

∥gt
i,b∥2 + ϵ

, (13)

and the corresponding stability is

F t
i,b = exp(−ξti,b). (14)

The relative signal strength with respect to Gaussian perturbation is approximated
as

N t
i,b =

∥∆t
i,b∥2

∥∆t
i,b∥2 + σC

√
db + ϵ

, (15)

where db is the number of trainable parameters in stage Bb, C is the clipping threshold,
and σ is the noise multiplier. The privacy-robustness score is then

Rt
i,b = F t

i,bN
t
i,b. (16)

4.2.4 Stage-wise Shareability Estimation

The three criteria are combined with equal weights:

St
i,b =

Dt
i,b + Iti,b +Rt

i,b

3
. (17)

The final shareability coefficient is obtained using a soft threshold:

qti,b = Sigmoid

(
St
i,b − τ

T

)
, (18)

where τ controls the threshold and T controls the softness of the assignment.
For compact notation, the stage-wise shareability operator is defined as

Qt
i = Diag

(
qti,1Id1

, . . . , qti,5Id5

)
. (19)

The coefficients are computed locally and are never directly transmitted to the server.

4.3 Shareability-Guided Semantic–Context Decoupling

FedSS uses the estimated shareability to softly decompose each candidate update into
a transferable sport-semantic component and a client-specific context component:

∆t
i,sport = Qt

i∆
t
i, ∆t

i,context = (I−Qt
i)∆

t
i. (20)

Because qti,b is continuous, each network stage can contribute to both components
rather than being assigned exclusively to global or local learning.
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Each client maintains a local residual to preserve client-specific information:

rt+1
i = µrti +∆t

i,context, (21)

where µ controls context retention. When client i participates again, its local model
is initialized as

w
t,0
i = wt + rti. (22)

The residual is retained locally and is never communicated.

4.4 Shareability-Guided Private Optimization

Starting from w
t,0
i , each selected client performs E epochs of GAM-based local

optimization and obtains
∆t

i = w
t,E
i −w

t,0
i . (23)

After semantic–context decoupling, client-level differential privacy is applied only to
∆t

i,sport. The transferable update is first clipped:

∆̂t
i,sport = ∆t

i,sport min

(
1,

C

∥∆t
i,sport∥2

)
, (24)

and Gaussian noise is then added:

∆̃t
i,sport = ∆̂t

i,sport + zt
i, zt

i ∼ N (0, σ2C2I). (25)

Only the privatized sport-semantic update is transmitted. Since the released
update is clipped to the same norm bound before the Gaussian mechanism, FedSS fol-
lows the same client-level privacy accounting procedure as standard DP-FL. Filtering
low-shareability components before clipping reduces their occupation of the clipping
range and preserves more transferable signal under the same privacy configuration.

4.5 Server Aggregation

Given the participating client set St, the server computes the aggregated private
update

∆
t
=
∑

i∈St

ni∑
j∈St

nj

∆̃t
i,sport, (26)

and updates the global model as

wt+1 = wt +∆
t
. (27)

The stage-wise reference used in the next communication round is updated by

mt
b = λmmt−1

b + (1− λm)∆
t

b, b = 1, . . . , 5. (28)

Since this reference is constructed entirely from already privatized updates, its reuse
is post-processing of DP outputs.
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Algorithm 1: FedSS

Input : Client datasets {Di}
M
i=1; rounds R; local epochs E; DP parameters

(C, σ); GAM parameters; shareability parameters (τ, T ); EMA coefficient

λm; context coefficient µ; initial model w0

Output: Global model wR

1 Partition the backbone into stages via Eq. (7);

Initialize local residuals r0i = 0 and stage references m−1
b

= 0;

2 for t = 0 to R− 1 do

3 Sample clients St and broadcast wt and stage references;

4 for each i ∈ St in parallel do
5 Initialize the local model via Eq. (22);

6 Perform GAM-based local training for E epochs and obtain the candidate
update via Eq. (23);

7 Partition the update via Eq. (8);

8 Compute sport discriminativeness via Eqs. (9)–(10);

9 Compute cross-client invariance via Eq. (12);

10 Compute privacy robustness via Eqs. (13)–(16);

11 Estimate stage-wise shareability via Eqs. (17)–(19);

12 Decompose the candidate update via Eq. (20);

13 Update the local residual via Eq. (21);

14 Privatize the transferable update via Eqs. (24)–(25);

15 Upload ∆̃t
i,sport;

16 end

17 Aggregate private updates via Eq. (26);
Update the global model via Eq. (27);
Update stage-wise references via Eq. (28);

18 end

19 return wR;

The complete training procedure is summarized in Algorithm 1.

5 Theoretical Analysis

We analyze FedSS from four complementary perspectives. First, we show that the data-
dependent stage-wise shareability estimation, the cross-round local context residual,
and the private EMA reference do not introduce an additional privacy channel as long
as every released client update is independently bounded and privatized. Second, we
establish that the stage-wise soft shareability operator is non-expansive and therefore
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cannot increase L2 clipping distortion. Third, we characterize the error of extract-
ing transferable sport semantics from an update containing both sport-semantic and
client-specific components. Finally, we derive an aggregation-level error bound that
jointly accounts for semantic suppression, context leakage, clipping distortion, and
Gaussian perturbation. Together, these results explain why FedSS can improve pri-
vate federated utility without weakening the underlying client-level differential privacy
guarantee.

Under the stage-wise implementation of FedSS, the shareability operator of client
i at round t is

Qt
i = Diag

(
qti,1Id1

, . . . , qti,5Id5

)
, (29)

where qti,b ∈ [0, 1] is the dynamically estimated shareability coefficient of stage Bb.
Hence,

0 ⪯ Qt
i ⪯ I, (30)

and the same scalar coefficient is applied to all parameters belonging to a given network
stage.

5.1 Privacy Guarantee

At round t, let Ht−1 denote the public history available before client computation,
including previously released private updates, global models, and the stage-wise EMA
references {mt−1

b }5b=1. The local context residual rti, in contrast, remains private to
client i.

Conditioned on Ht−1, client i produces a candidate update ∆t
i and a data-

dependent stage-wise operator Qt
i. The transferable update is

ut
i = Qt

i∆
t
i, (31)

which is clipped as
û
t
i = ClipC

(
ut
i

)
. (32)

The released update is
ũ
t
i = û

t
i + zt

i, (33)

where the Gaussian perturbation is calibrated according to the clipping bound and
the adopted client-level adjacency definition.

Proposition 1. Conditioned on any public history Ht−1, suppose that the stage-
wise shareability coefficients and local context residual are never directly released,
and that the only client-dependent quantity transmitted at round t is ũ

t
i. Then the

round-t mechanism can use the same client-level Gaussian-mechanism privacy cali-
bration as standard DP-FL under the same clipping bound, client-sampling scheme,
and adjacency definition. Adaptive composition over communication rounds therefore
yields the same privacy-accounting procedure used by the underlying client-level DP-FL
mechanism.

Proof. For a fixed public historyHt−1, define the deterministic pre-noise mechanism

ht(Di) = ClipC
(
Qt

i(Di)∆
t
i(Di)

)
. (34)
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Although both the candidate update and the shareability coefficients may depend
arbitrarily on the private local dataset and the private local state, clipping guarantees

∥ht(Di)∥2 ≤ C. (35)

Hence, under add/remove client adjacency with the absent-client contribution rep-
resented by zero, the sensitivity is bounded by C. Under replacement adjacency,
the distance between two bounded contributions is at most 2C. The corresponding
Gaussian mechanism can therefore be calibrated using exactly the same sensitivity
convention as the baseline client-level DP-FL algorithm.

The stage-wise scores {qti,b}5b=1 and the local residual rti remain internal variables

and are never directly released. Although rti affects future local initializations, every
future client-dependent release is again passed through clipping and Gaussian pertur-
bation. Differential privacy is closed under such adaptive composition of conditionally
private mechanisms.

Furthermore, the EMA references {mt−1
b }5b=1 are constructed exclusively from pre-

viously released private updates. Their construction, broadcast, and reuse therefore
constitute post-processing of differentially private outputs and incur no additional
privacy loss. Applying the adopted subsampling and composition accountant over all
communication rounds yields the final (ε, δ) guarantee. □

This result is particularly important for FedSS because both the stage-wise
shareability computation and the cross-round local memory are data dependent.
Proposition 1 shows that these internal computations do not require separate privacy
accounting as long as the externally released client contribution is always bounded
and privatized.

5.2 Non-expansiveness and Clipping Distortion

A major source of utility loss in client-level DP-FL is clipping. For an arbitrary update
v, define its clipping distortion under threshold C as

EC(v) = ∥v − ClipC(v)∥2 . (36)

For standard L2 clipping,
EC(v) = (∥v∥2 − C)+ , (37)

where (a)+ = max(a, 0).
The stage-wise structure of FedSS gives the following contraction property.
Proposition 2. For any candidate update ∆i and stage-wise shareability operator

Qi with qi,b ∈ [0, 1],
∥Qi∆i∥2 ≤ ∥∆i∥2. (38)

Consequently,
EC (Qi∆i) ≤ EC(∆i). (39)

Proof. Decomposing ∆i according to the five network stages gives

∆i = [∆i,1, . . . ,∆i,5]. (40)
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By the definition of Qi,

∥Qi∆i∥22 =

5∑

b=1

q2i,b∥∆i,b∥22

≤
5∑

b=1

∥∆i,b∥22 = ∥∆i∥22,
(41)

because 0 ≤ qi,b ≤ 1. Therefore, ∥Qi∆i∥2 ≤ ∥∆i∥2. Since (x − C)+ is monotonically
non-decreasing in x, the clipping distortion inequality follows immediately. □

Corollary 1. If ∥∆i∥2 > C and at least one stage with a non-zero update is
strictly attenuated, i.e., qi,b < 1, then ∥Qi∆i∥2 < ∥∆i∥2. The clipping distortion is
therefore strictly reduced whenever the filtered update remains above C, and becomes
zero if its norm falls below C.

Proposition 2 does not claim that reducing the update norm alone is sufficient for
better learning. Rather, it establishes a guaranteed optimization-side benefit of the
SSSM: stage-wise filtering cannot make clipping more severe. The semantic value of
the filtering decision is characterized next.

5.3 Stage-wise Semantic–Context Separation

To characterize the semantic effect of stage-wise shareability, we conceptually decom-
pose the candidate update of client i as

∆i = ∆s
i +∆c

i , (42)

where ∆s
i denotes the ideal transferable sport-semantic component and ∆c

i denotes
client-specific contextual variation. Both components follow the same five-stage
partition:

∆s
i = [∆s

i,1, . . . ,∆
s
i,5], ∆c

i = [∆c
i,1, . . . ,∆

c
i,5]. (43)

This decomposition is used only for analysis and is not assumed to be available to
FedSS during training.

FedSS selects
ui = Qi∆i. (44)

Its deviation from the ideal semantic update satisfies

ui −∆s
i = Qi (∆

s
i +∆c

i )−∆s
i

= − (I−Qi)∆
s
i +Qi∆

c
i .

(45)

The first term corresponds to transferable sport semantics suppressed by the stage-
wise gate, while the second corresponds to client-specific context that remains in the
shared update.

Proposition 3. For any stage-wise shareability operator Qi,

∥ui −∆s
i∥2 ≤ ∥(I−Qi)∆

s
i∥2 + ∥Qi∆

c
i∥2 . (46)
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Proof. The result follows directly from the decomposition above and the triangle
inequality:

∥ui −∆s
i∥2 = ∥−(I−Qi)∆

s
i +Qi∆

c
i∥2

≤ ∥(I−Qi)∆
s
i∥2 + ∥Qi∆

c
i∥2 .

(47)

□

For non-zero semantic and contextual components, define the semantic suppression
ratio

κs
i =

∥(I−Qi)∆
s
i∥2

∥∆s
i∥2

, (48)

and the context leakage ratio

κc
i =

∥Qi∆
c
i∥2

∥∆c
i∥2

. (49)

If either denominator is zero, its corresponding ratio is defined as zero. Since 0 ⪯ Qi ⪯
I, both ratios lie in [0, 1]. Proposition 3 therefore becomes

∥ui −∆s
i∥2 ≤ κs

i∥∆s
i∥2 + κc

i∥∆c
i∥2. (50)

This expression exposes the two competing objectives of semantic shareability. A
small κs

i means that useful sport knowledge is preserved, whereas a small κc
i means

that client-specific context is suppressed.
The same interpretation extends directly to server aggregation. Let

ωi =
ni∑

j∈St
nj

(51)

denote the aggregation weight of client i. Then the contextual component entering the
server before clipping satisfies

∥∥∥∥∥
∑

i∈St

ωiQi∆
c
i

∥∥∥∥∥
2

≤
∑

i∈St

ωiκ
c
i∥∆c

i∥2. (52)

Because κc
i ≤ 1, FedSS provides a no-larger worst-case upper bound on contextual con-

tamination than sharing the complete client updates. The reduction is strict whenever
context-dominated stages are assigned coefficients below one.

The three components of the SSSM are designed to reduce these two error sources
from complementary perspectives. Sport discriminativeness encourages retention of
stages that contribute to correct sport prediction, cross-client invariance penalizes
update directions that are inconsistent with the privacy-protected cross-client history,
and privacy robustness favors stages whose signals remain stable under local pertur-
bation and DP noise. Importantly, Proposition 3 does not assume that FedSS observes
the latent semantic/context decomposition; it only characterizes the desirable behavior
induced when the estimated shareability coefficients align with that decomposition.
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5.4 Error of Private Server Aggregation

We finally connect semantic separation, clipping, and Gaussian perturbation at the
server level. For each participating client, define

ui = Qi∆i, ûi = ClipC(ui), (53)

and
ũi = ûi + zi, (54)

where
zi ∼ N

(
0, ν2I

)
(55)

and the noises are independent across participating clients.
The aggregated private update is

g̃ =
∑

i∈St

ωiũi, (56)

whereas the ideal semantic aggregate is

gs =
∑

i∈St

ωi∆
s
i . (57)

Proposition 4. Let d denote the dimensionality of the transmitted model update.
Then

E
[
∥g̃ − gs∥22

]
≤
[
∑

i∈St

ωi (κ
s
i∥∆s

i∥2 + κc
i∥∆c

i∥2 + EC(ui))

]2

+ dν2
∑

i∈St

ω2
i .

(58)

Proof. Write the aggregation error as

g̃ − gs =
∑

i∈St

ωi (ûi −∆s
i )

+
∑

i∈St

ωizi.
(59)

Because the Gaussian noises are zero-mean and independent of the deterministic
clipped updates,

E
[
∥g̃ − gs∥22

]
=

∥∥∥∥∥
∑

i∈St

ωi (ûi −∆s
i )

∥∥∥∥∥

2

2

+ E

∥∥∥∥∥
∑

i∈St

ωizi

∥∥∥∥∥

2

2

.

(60)
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For the deterministic term, the triangle inequality gives

∥ûi −∆s
i∥2 ≤∥ûi − ui∥2 + ∥ui −∆s

i∥2
≤EC(ui) + κs

i∥∆s
i∥2 + κc

i∥∆c
i∥2,

(61)

where the second inequality follows from Proposition 3. Applying the triangle
inequality once more after aggregation yields the squared first term in the proposition.

For the stochastic term, independence and isotropic Gaussian covariance give

E

∥∥∥∥∥
∑

i∈St

ωizi

∥∥∥∥∥

2

2

= dν2
∑

i∈St

ω2
i . (62)

Combining the deterministic and stochastic terms proves the result. □

Proposition 4 reveals four distinct sources of error in the private global update:
semantic suppression, context leakage, clipping distortion, and the unavoidable Gaus-
sian noise floor. Under a fixed client-level privacy configuration, the last term is
determined by the DP mechanism and cannot be directly eliminated by FedSS. The
role of FedSS is instead to reduce the first three terms before private aggregation. The
stage-wise SSSM is designed to simultaneously preserve sport-discriminative knowl-
edge and suppress client-specific context, while Proposition 2 guarantees that the
resulting soft filtering cannot increase clipping distortion. The privacy-robustness crite-
rion further biases sharing toward stages whose optimization signals are stable relative
to DP perturbation. This decomposition therefore provides a direct theoretical expla-
nation for the empirical improvements in cross-client semantic consistency, clipping
behavior, and privacy–utility trade-off observed in our experiments.

6 Experiments

6.1 Experimental Setup

6.1.1 Datasets

We evaluate FedSS on two sports image recognition benchmarks, sport22 [42] and
sport100 [43]. Sport22 contains 22 sports categories, whereas sport100 contains 100
categories and provides a more fine-grained recognition setting. The two datasets
cover diverse athlete appearances, sports equipment, backgrounds, and acquisition
conditions, making them suitable for studying privacy-preserving federated sports
recognition. Following the federated setting, the training images are distributed across
multiple clients, while the original test split of each dataset is retained for evaluat-
ing the global sports classifier. Raw sports images remain stored locally throughout
federated training.

6.1.2 Federated Sports Heterogeneity

A central objective of our experiments is to distinguish conventional label hetero-
geneity from persistent client-specific visual heterogeneity. We therefore consider four
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Table 1 Federated sports heterogeneity settings
used in our experiments.

Setting Label Distribution Visual Context

IID Balanced Shared
L-Het Non-IID (α = 0.3) Shared
C-Het Balanced Client-specific
M-Het Non-IID (α = 0.3) Client-specific

data-distribution settings. IID approximately balances both sport categories and
visual conditions across clients. L-Het introduces label heterogeneity using a Dirichlet
partition with α = 0.3 while keeping visual conditions shared. C-Het maintains approx-
imately balanced class distributions but assigns each client a fixed visual-context
profile consisting of illumination, color style, viewpoint, and camera-quality trans-
formations. The parameters of each profile are sampled once and remain unchanged
throughout training, thereby simulating persistent acquisition differences across sports
data owners rather than random data augmentation. The same client-specific pro-
file is also applied to the corresponding held-out test samples. M-Het combines the
Dirichlet label partition with these persistent client-specific context profiles, simulta-
neously introducing semantic-distribution skew and visual-context shift. We further
consider two system scales. In S1, the dataset is distributed across 100 clients and
10% of the clients participate in each communication round. In S2, the dataset is dis-
tributed across 500 clients and 2% participate in each round. Both settings involve
approximately the same number of active clients per round, while S2 represents a
more fragmented federation with substantially lower participation frequency for each
individual client.

6.1.3 Baselines

We compare FedSS with several representative privacy-preserving federated learning
methods, including DP-FedAvg [44], which applies client-level clipping and Gaus-
sian perturbation to conventional FedAvg updates; DP-FedAvg-blur [17], which
improves private optimization through gradient smoothing; Fed-SMP [19], which
adopts sparse model perturbation for client-level differentially private federated
learning; DP-FedSAM [18], which incorporates Sharpness-Aware Minimization into
private federated optimization; ADDPNFL [33], an adaptive private federated opti-
mizer using first- and second-order moment information; and DPSIR-Fed [38], which
employs sparsity-inducing reparameterization and activation-pruned backpropagation
to concentrate salient update signals and improve robustness to differential privacy
noise.

6.1.4 Implementation Details

For both datasets, we adopt ResNet-18 as the backbone. The classification head con-
tains 22 outputs for sport22 and 100 outputs for sport100. Batch Normalization layers
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are replaced with Group Normalization to improve stability under heterogeneous fed-
erated training [45]. Unless otherwise specified, the total number of communication
rounds is R = 400, the number of local epochs is E = 20, and the local batch size
is 50. The initial learning rate is 0.1 and the weight decay is 5 × 10−4. For GAM-
based optimization, the perturbation radius is set to ρ = 0.5 by default. The clipping
threshold is fixed to C = 0.4, and the default Gaussian noise multiplier is σ = 0.95.
The failure probability is δ = 1/M , where M denotes the total number of federated
clients. The privacy budget ε is calculated using a Rényi Differential Privacy accoun-
tant according to the client sampling rate, communication rounds, noise multiplier,
and δ. For the SSSM, the default shareability threshold is τ = 0.5, the temperature is
T = 0.2, and the three shareability terms are assigned equal initial weights unless oth-
erwise specified. The local context-retention coefficient is set to µ = 0.75. The model
update is partitioned into parameter blocks corresponding to network stages and clas-
sifier parameters when computing shareability. All quantitative results are reported as
mean ± standard deviation over three independent runs with different random seeds.

Unless otherwise specified, all main experiments use σ = 0.95, C = 0.4, and δ =
1/M . Under S1 with a 10% client-sampling rate and R = 400 communication rounds,
the RDP accountant gives a default privacy budget of approximately ε = 12. The
experiments in Table 3 separately vary the privacy budget by adjusting the Gaussian
noise multiplier while keeping the remaining federated configuration unchanged.

6.1.5 Evaluation Metrics

We evaluate recognition utility, privacy protection, representation quality, and update
behavior using the following metrics.

Top-1 Accuracy. We report Top-1 classification accuracy on the original test set
as the primary measure of recognition performance.

Privacy Level. Client-level privacy is measured by the privacy budget ε under a
fixed δ = 1/M , where M is the total number of clients. Smaller ε indicates stronger
privacy protection.

Sport Semantic Consistency (SCS). SCS measures the cross-client consistency
of representations belonging to the same sport category. For each valid class c, we
compute client class prototypes pi,c and average their pairwise cosine similarity:

SCS =
1

|C′|
∑

c∈C′

1

|Pc|
∑

(i,j)∈Pc

cos(pi,c,pj,c), (63)

where Pc contains valid client pairs sharing class c. Higher SCS indicates stronger
cross-client semantic consistency.

Class-Conditional Client-Context Predictability (C-CCP). C-CCP mea-
sures how much client-specific information remains in the shared representation after
controlling for sport category. For each class c, a linear probe predicts client identity
from frozen representations, and the balanced accuracy Ac is normalized by its chance
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level:

C-CCP =
100

|C′|
∑

c∈C′

Ac − 1/Kc

1− 1/Kc

, (64)

where Kc is the number of eligible clients for class c. Lower C-CCP indicates less
client-specific information in the shared representation.

Pre-clipping Update Norm. We report the average L2 norm of the update
immediately before differential privacy clipping. For FedSS, we additionally compare
the candidate-update norm before shareability filtering with the transferable-update
norm after filtering.

Clipping Rate. The clipping rate is the proportion of participating clients whose
pre-clipping update norm exceeds the clipping threshold C:

ClipRate =
1

|St|
∑

i∈St

I
[
∥ut

i∥2 > C
]
. (65)

A lower value indicates that fewer updates require clipping.
Clipping Distortion. Clipping distortion measures the information removed by

norm clipping:

ClipDist =
1

|St|
∑

i∈St

∥∥ut
i − ClipC(u

t
i)
∥∥
2
. (66)

Lower ClipDist indicates that more of the original update is preserved before Gaussian
perturbation.

Implementation and Reproducibility Details.

All experiments are implemented in Python 3.10 using PyTorch 2.1.2 and CUDA 12.1,
and are conducted on a workstation equipped with an NVIDIA GeForce RTX 4090
GPU with 24GB memory, an Intel Xeon CPU, and 128GB system RAM, running
Ubuntu 22.04. Unless otherwise specified, all reported results are averaged over three
independent runs with random seeds 20, 21, and 22, and the corresponding standard
deviations are reported. The same random seeds are used across different methods
under each experimental configuration to ensure a consistent comparison. Dataset
partitioning, client sampling, model initialization, and other stochastic operations are
controlled by the corresponding random seed. We use ResNet-18 as the backbone
and replace Batch Normalization with Group Normalization to reduce the influence
of client-specific batch statistics under heterogeneous federated settings. All methods
are implemented within the same federated learning codebase and evaluated using
identical data partitions, client participation schedules, and privacy-accounting pro-
tocols whenever applicable. The implementation code and experiment configurations
are available internally and will be made publicly available upon reasonable request
and/or following publication to facilitate reproducibility.

6.2 Main Results under Structured Sports Heterogeneity

Table 2 compares the Top-1 accuracy under four heterogeneity settings using S1. FedSS
achieves the best performance across all settings on both sport22 and sport100. Com-
pared with the strongest baseline, DPSIR-Fed, FedSS provides the largest gains under
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Table 2 Top-1 test accuracy (%) under different heterogeneity settings using S1.
L-Het denotes label heterogeneity, C-Het denotes visual-context heterogeneity, and
M-Het denotes their combination.

sport22

Method IID L-Het C-Het M-Het

DP-FedAvg 46.19± 0.17 41.43± 0.31 40.16± 0.42 37.72± 0.48
DP-FedAvg-blur 47.54± 0.38 43.23± 0.53 42.08± 0.44 39.71± 0.51
Fed-SMP-topk 49.54± 0.29 45.99± 0.67 44.67± 0.39 42.35± 0.46
DP-FedSAM 53.12± 0.56 48.98± 0.92 47.31± 0.53 44.86± 0.59
ADDPNFL 52.32± 0.32 47.98± 0.99 46.12± 0.48 43.57± 0.55
DPSIR-Fed 57.63± 0.32 52.76± 0.41 49.98± 0.38 47.82± 0.44
FedSS 59.84± 0.28 54.91± 0.35 55.76± 0.31 50.93± 0.37

sport100

Method IID L-Het C-Het M-Het

DP-FedAvg 39.15± 0.37 35.33± 0.12 34.07± 0.35 31.86± 0.41
DP-FedAvg-blur 39.98± 0.26 36.58± 0.42 35.46± 0.38 33.14± 0.43
Fed-SMP-topk 43.43± 0.28 38.95± 0.76 38.18± 0.44 35.02± 0.48
DP-FedSAM 47.56± 0.71 41.94± 0.28 41.03± 0.42 38.71± 0.46
ADDPNFL 45.15± 0.79 41.65± 0.46 39.84± 0.47 37.29± 0.51
DPSIR-Fed 52.13± 0.50 47.72± 0.17 45.76± 0.36 43.08± 0.39
FedSS 53.84± 0.34 50.81± 0.29 51.47± 0.33 45.72± 0.35

C-Het, improving accuracy by 5.78 percentage points on sport22 and 5.71 points on
sport100. This result indicates that explicitly modeling cross-client shareability is par-
ticularly effective when clients share similar sport categories but differ substantially
in visual context. Under the more challenging M-Het setting, FedSS still outperforms
DPSIR-Fed by 3.11 and 2.64 percentage points on sport22 and sport100, respectively.
Overall, the results show that shareability-aware federation provides consistent bene-
fits under both statistical and visual heterogeneity by better preserving transferable
sport-semantic information during private aggregation.

6.3 Privacy–Utility Trade-off

We further evaluate FedSS under different privacy budgets ε ∈ 4, 6, 8, 10, 12 using the
challenging S1-M-Het setting, with ε = 12 as the default configuration. As shown in
Table 3, the accuracy of all methods generally increases with a larger privacy budget,
while FedSS consistently achieves the best performance on both datasets. Compared
with DPSIR-Fed, FedSS provides gains of approximately 3.0–4.1 percentage points
on sport22 and 2.3–2.8 points on sport100 across the evaluated privacy budgets. The
advantage is particularly clear under the strongest privacy setting (ε = 4), where
FedSS improves accuracy from 42.6746.81% on sport22 and from 36.79% to 39.63%
on sport100. These results indicate that shareability-aware federation better preserves
transferable sport-semantic information under stronger privacy perturbation, while
maintaining consistent benefits across a broad range of privacy budgets.
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Table 3 Top-1 accuracy (%) under different privacy budgets in the S1-M-Het setting. Results
are reported as mean ± standard deviation over three independent runs. Smaller ε indicates
stronger privacy.

sport22

Method ϵ = 4 ϵ = 6 ϵ = 8 ϵ = 10 ϵ = 12

DP-FedAvg 32.94±0.61 34.86±0.55 36.12±0.52 37.15±0.49 37.52±0.48
DP-FedAvg-blur 34.25±0.64 36.55±0.60 37.62±0.57 38.84±0.54 39.71±0.51
Fed-SMP-topk 36.90±0.59 39.10±0.55 40.55±0.51 41.54±0.48 42.35±0.46
DP-FedSAM 38.71±0.74 40.91±0.69 42.55±0.65 43.88±0.62 44.86±0.59
ADDPNFL 37.96±0.69 40.14±0.65 41.68±0.61 42.82±0.58 43.57±0.55
DPSIR-Fed 42.67±0.57 44.53±0.53 45.82±0.49 46.96±0.46 47.92±0.44
FedSS 46.81±0.49 48.25±0.45 49.31±0.42 50.08±0.40 50.93±0.37

sport100

Method ϵ = 4 ϵ = 6 ϵ = 8 ϵ = 10 ϵ = 12

DP-FedAvg 26.81±0.57 28.66±0.53 29.77±0.48 30.91±0.44 31.66±0.45
DP-FedAvg-blur 28.32±0.55 29.65±0.51 30.81±0.48 32.02±0.45 33.14±0.43
Fed-SMP-topk 29.67±0.62 31.21±0.57 32.76±0.54 33.91±0.51 35.02±0.48
DP-FedSAM 32.67±0.58 34.25±0.54 35.86±0.51 37.31±0.49 38.71±0.45
ADDPNFL 31.95±0.63 33.44±0.58 34.96±0.55 36.28±0.53 37.29±0.51
DPSIR-Fed 36.79±0.52 38.71±0.48 40.20±0.45 41.72±0.42 43.08±0.39
FedSS 39.63±0.47 41.04±0.44 42.68±0.41 44.19±0.38 45.72±0.35

Table 4 Ablation study of FedSS under S1-M-Het. D, I, and R denote sport discriminativeness,
cross-client invariance, and privacy robustness, respectively. SCS and C-CCP are reported on sport22.

Variant sport22 Acc. ↑ sport100 Acc. ↑ SCS ↑ C-CCP (%) ↓ ClipDist ↓

w/o Shareability Module 46.82 42.08 0.701 34.86 0.109
w/o Sport Discriminativeness (D) 48.47 43.56 0.736 23.41 0.068
w/o Cross-client Invariance (I) 47.91 43.02 0.712 30.74 0.066
w/o Privacy Robustness (R) 49.16 44.11 0.753 22.68 0.081
w/o Local Context Memory 49.52 44.63 0.768 19.85 0.064
w/o GAM 49.87 44.91 0.773 20.31 0.072
Full FedSS 50.93 45.72 0.782 18.63 0.061

6.4 Ablation Study

We conduct an ablation study under S1-M-Het to evaluate the contribution of each
FedSS component. As shown in Table 4, removing the complete SSSM causes the
largest accuracy drop, from 50.93% to 46.82% on sport22 and from 45.72% to
42.08% on sport100, confirming that semantic shareability is the main source of
improvement. The three shareability factors provide complementary benefits: sport
discriminativeness mainly preserves task-relevant information, cross-client invariance
improves semantic consistency and suppresses client-specific context, and privacy
robustness reduces clipping distortion. Removing the local context memory also
degrades accuracy, showing that low-shareability information is better retained locally
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Table 5 Sensitivity to the shareability threshold τ and local
context-retention coefficient µ under S1-M-Het. Results are reported
as mean ± standard deviation over three independent runs.

Parameter Value sport22 Acc. (%) sport100 Acc. (%)

τ

0.2 48.91±0.46 43.97±0.43
0.4 50.35±0.41 45.16±0.39
0.5 50.93±0.37 45.72±0.35

0.6 50.21±0.40 45.08±0.38
0.8 47.84±0.49 42.96±0.45

µ

0.00 49.52±0.44 44.63±0.41
0.25 50.04±0.42 45.02±0.39
0.50 50.48±0.39 45.39±0.37
0.75 50.93±0.37 45.72±0.35

0.90 50.36±0.41 45.21±0.38

than discarded. GAM provides an additional but smaller improvement in accuracy
and clipping stability. Overall, the results confirm that SSSM is the core compo-
nent of FedSS, while local context retention and first-order optimization provide
complementary gains.

6.5 Sensitivity to Shareability Hyperparameters

We analyze the sensitivity of FedSS to the shareability threshold τ and local context
retention coefficient µ under S1-M-Het. As shown in Table 5, FedSS remains relatively
stable over a broad range of both hyperparameters, with moderate values providing
the best performance. For τ , performance first improves as the threshold increases,
reaching the best results at τ = 0.5, while overly small or large values weaken the bal-
ance between preserving transferable sport semantics and suppressing low-shareability
context. A similar trend is observed for µ, where moderate context retention bene-
fits local adaptation, but excessive retention slightly degrades performance. Overall,
τ = 0.5 and µ = 0.75 provide the best results and are used as the default settings.

6.6 Scalability under Different Client Populations

As shown in Table 6, increasing the federation scale from S1 to S2 reduces the accuracy
of all methods due to the larger client population and lower participation frequency.
Nevertheless, FedSS consistently achieves the best performance on both datasets.
Compared with DPSIR-Fed, FedSS maintains gains of about 3 percentage points on
sport22 and 2.6 percentage points on sport100 under both S1 and S2. Although its
absolute accuracy decreases as the federation scale increases, the relative advantage
remains nearly unchanged. These results indicate that shareability-aware federation
remains effective under sparse participation and larger-scale federated settings.
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Table 6 Top-1 accuracy (%) under different client scales in the M-Het
setting. S1 uses 100 clients with 10% participation, while S2 uses 500 clients
with 2% participation. Results are reported as mean ± standard deviation
over three independent runs.

sport22 sport100

Method S1 S2 S1 S2

DP-FedAvg 37.72±0.48 35.41±0.65 31.86±0.41 29.84±0.49
DP-FedAvg-blur 39.71±0.51 37.19±0.58 33.14±0.43 31.11±0.51
Fed-SMP-topk 42.35±0.46 39.76±0.54 35.02±0.48 32.73±0.52
DP-FedSAM 44.86±0.59 42.18±0.62 38.71±0.46 36.42±0.53
ADDPNFL 43.57±0.55 40.88±0.61 37.29±0.51 34.98±0.55
DPSIR-Fed 47.82±0.44 45.23±0.51 43.08±0.39 40.47±0.46
FedSS 50.93±0.37 48.24±0.43 45.72±0.35 43.08±0.41

7 Conclusion

In this paper, we proposed FedSS, a shareability-aware privacy-preserving federated
learning framework for sports image recognition. FedSS distinguishes transferable
sport semantics from client-specific visual context and introduces a SSSM to evalu-
ate stage-wise model components according to sport discriminativeness, cross-client
invariance, and privacy robustness. The resulting shareability scores guide private
aggregation so that more transferable information is preserved while client-specific
context remains local. Experiments on sport22 and sport100 demonstrate that FedSS
consistently improves recognition accuracy and the privacy–utility trade-off under dif-
ferent heterogeneous and privacy settings. Further analyses show stronger cross-client
semantic consistency, lower client-context predictability, and reduced clipping rate
and distortion compared with representative DP-FL baselines. These results demon-
strate the effectiveness of shareability-aware private federation for heterogeneous
sports image recognition. Future work will extend FedSS to video and multimodal
sports data, investigate naturally occurring cross-institutional data heterogeneity, and
explore finer-grained adaptive shareability estimation.
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