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Abstract

Federated Learning (FL) enables collaborative model
training without sharing raw data, but client data are
often Non-Independent and Identically Distributed (Non-
IID), which often slow convergence and degrade global per-
formance. Meanwhile, privacy preservation is also a criti-
cal concern in FL. To address these two issues, we propose
FedAlign, a differentially private framework that aligns
local data distributions via client-side statistical moment
alignment.  Clients upload perturbed distribution statis-
tics, which the server aggregates to infer global distribution
characteristics and guide local alignment, thereby reducing
inter-client discrepancies. Theoretical analysis and experi-
ments show that FedAlign accelerates convergence and im-
proves accuracy under Non-IID settings while preserving
rigorous privacy guarantees.

1. Introduction

Federated learning (FL) [20] could be affected by data
heterogeneities [30], which refers to the statistical differ-
ences in local data distributions among clients, such as
distinct label distributions, feature spaces, and sampling
biases. These skew characteristics can cause local mod-
els to deviate from the global optimum, hinder conver-
gence, and lead to unstable or suboptimal global perfor-
mance [12, 17, 18, 31], posing a fundamental challenge
for the convergence of federated learning. As illustrated
in Fig. 1, data heterogeneity manifests in three principal
forms:label skew, quantity skew and feature skew [15].
These diverse forms of data heterogeneity collectively
give rise to Non-Independent and Identically Distributed
(Non-IID) characteristics among clients, which fundamen-
tally alter the optimization dynamics of federated learn-
ing. As shown by the dashed convergence trajectory in
Fig. 1, such Non-IID conditions cause local models to
drift away from the global optimum. Compared with
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Figure 1. [llustration of data heterogeneity in federated learning.

the solid curve representing the IID scenario, the global
model exhibits slower convergence and unstable optimiza-
tion. This heterogeneity-induced divergence substantially
degrades model performance, increases optimization vari-
ance, and poses considerable challenges to achieving stable
and efficient convergence in federated learning systems.
Beyond impairing convergence, data heterogeneity also
amplifies privacy vulnerabilities in federated learning [33].
The same statistical disparities that induce optimization
drift make client gradients increasingly distinctive, enabling
potential information leakage. Although FL avoids raw data
sharing, adversaries can exploit exchanged gradients or pa-
rameters to perform model inversion [24], membership in-
ference [22], or gradient leakage attacks [7]. These risks are
further intensified under Non-IID settings, where heteroge-
neous data distributions enhance gradient uniqueness [37].
Differential Privacy (DP) provides a principled defense
by injecting calibrated noise into gradients or updates,
bounding the influence of any individual data point [4].
Variants such as Rényi DP [23], Local DP [28], Distributed
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DP [27], Individualized DP [2], and Adaptive DP [14] have
been developed to strengthen protection. However, DP-
based FL still faces a fundamental trade-off among privacy,
model utility, and convergence speed. Techniques includ-
ing adaptive noise injection [8], gradient clipping [1], and
model sparsification [3] have been explored to mitigate this
trade-off and improve robustness.

In summary, federated learning faces intertwined chal-
lenges: data heterogeneity degrades convergence, while
Non-IID conditions exacerbate privacy leakage. These cou-
pled issues jointly threaten model stability and client con-
fidentiality, underscoring the need for approaches that ad-
dress both convergence efficiency and privacy preservation.

In this paper, we propose FedAlign, a federated learning
framework designed for Non-IID environments to jointly
mitigate data heterogeneity and privacy leakage. The core
idea is to align client data distributions via statistical mo-
ments, enabling each client to match global distribution
characteristics without exposing its raw data. This align-
ment facilitates stable convergence while preserving privacy
throughout training.

Our main contributions are summarized as follows:

* We propose FedAlign, a privacy-preserving federated op-
timization framework that mitigates the adverse impact of
data heterogeneity on global convergence and model per-
formance. FedAlign aligns statistical distributions across
clients under differential privacy constraints, enabling ef-
fective collaboration without compromising local data
confidentiality.

* We theoretically model data heterogeneity through sta-
tistical moments and establish a quantitative connection
between distributional divergence and gradient inconsis-
tency. This analysis provides theoretical insight into how
Non-IID data induces local model drift and slows down
convergence in federated learning.

* We conduct experiments under diverse Non-IID settings
which demonstrate that FedAlign consistently outper-
forms state-of-the-art methods. Ablation studies further
validate that statistical moment alignment effectively re-
duces gradient bias, accelerates convergence, and im-
proves model accuracy.

2. Related Work

2.1. Federated Optimization under Data Hetero-
geneity

Under Non-IID data distributions, discrepancies among
clients local datasets are a primary factor contributing to
the performance degradation of the global model. Exist-
ing studies [15] typically categorize data heterogeneity into
three types of skewness:

1. Label skew, where the label distributions across clients
are imbalanced.

2. Feature skew, where samples from the same class exhibit
different feature distributions across clients.

3. Quantity skew, where the amount of data varies signifi-
cantly among clients.

To tackle the challenges posed by Non-IID data, vari-
ous federated optimization strategies have been developed.
For instance, FedOPT [25] improves aggregation stability
through adaptive optimizers. FedProx [16] introduces a
proximal regularization term to constrain local model drift.
FedSkip [6] enhances client-side optimization by intermit-
tently skipping aggregation. Hsieh et al. [10] increase com-
munication frequency to mitigate biased updates, albeit at
the expense of training efficiency. FedFA [36] leverages
global statistics to reduce feature shift, while FedProto [26]
exchanges client prototypes to address distributional hetero-
geneity. Despite their effectiveness, these approaches gen-
erally lack theoretical validation on how inter-client distri-
bution divergence influences the global models convergence
behavior under Non-IID conditions.

In parallel, Data Augmentation (DA) has been intro-
duced to improve local data diversity and alleviate Non-1ID
effects by applying transformations such as rotation, scal-
ing, or noise injection [35]. Representative methods like
FedMix [34] share averaged representations to enrich local
data, while FedRDN [32] injects randomized cross-client
statistics to enhance privacy. FedBR [9] generates pseudo-
data to correct learning bias, and FedNova [30] normalizes
updates to address objective inconsistency. FedMA [29]
aligns hidden-layer elements to construct a coherent global
model. While DA-based strategies enhance sample diver-
sity and alleviate certain Non-IID effects, most rely on lim-
ited statistical information and fail to adequately address
inter-client drift. Their influence on the global models con-
vergence under heterogeneous data remains largely unex-
plored.

2.2, Differentially Private Federated Learning

Differentially Private Federated Learning (DP-FL) inte-
grates differential privacy mechanisms into the FL frame-
work, aiming to prevent information leakage while preserv-
ing model utility. Its core idea is to inject random noise into
the gradients or model updates uploaded by clients, thereby
constraining the influence of any individual data sample on
the global model and ensuring that user privacy is protected.

For example, Fed-SMP [11] achieves client-level DP by
applying model update sparsification followed by Gaussian
noise injection. However, its sparsification ratio and noise
scale require manual tuning, limiting scalability to large
models and complex systems. McMahan et al. [21] first
incorporated DP into FL in RNN-based language model-
ing, using gradient clipping and Gaussian noise to achieve
record- or client-level DP. Yet, under Non-IID data and deep
architectures, its accuracy drops significantly, and commu-
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nication optimization as well as convergence analysis re-
main insufficient. Liu et al. [19] enhance DP-FL perfor-
mance through a shuffling mechanism that combines local
and central DP to improve privacy amplification. Nonethe-
less, its effectiveness diminishes under extreme Non-IID
scenarios and relies heavily on randomized client update or-
dering. Erlingsson et al. [5] proposed a theoretically veri-
fiable privacy amplification framework that upgrades local
DP to approximate central DP, thereby reducing the per-
client noise requirement. However, these approaches still
overlook the impact of Non-IID data and lack a formal con-
vergence analysis across iterative training rounds.

3. FedAlign Framework

3.1. Overview

The proposed framework, FedAlign aims to mitigate the dis-
tributional divergence caused by Non-IID data under client-
level differential privacy constraints. FedAlign achieves this
by aligning the local sampled data of each client at the level
of statistical moments (mean, variance, skewness, and kur-
tosis) prior to training. This alignment accelerates global
model convergence and improves accuracy. The framework
employs the Gaussian mechanism as the differential privacy
noise injection approach. Specifically, it perturbs both the
uploaded local unsampled-data statistics and the local gra-
dients. The server aggregates only the noisy statistics and
noisy gradients without accessing any raw data or unper-
turbed local gradients.

As illustrated in Fig. 2, the workflow of the FedAlign
framework consists of four modules:

1. Global Model Distribution: The server maintains a
global model w! and distributes its parameters to all
clients at the beginning of each communication round,
serving as the initialization or reference direction for lo-
cal training.

2. Global Statistical Calculation:

(a) Local Unsampled Data Statistics Computation and
Private Reporting: Each client divides its local
dataset into sampled dataset (used for the current
local training) and unsampled dataset (used for es-
timating the remaining local distribution). On the
unsampled dataset, the client computes local sta-
tistical moments including mean i, variance o2,
skewness 7, and kurtosis ;. Gaussian noise is
then added to each statistic to ensure (¢, ¢)-DP be-
fore uploading them to the server.

(b) Server-Side Private Aggregation and Global Es-
timation: The server receives the noisy statistics
from all clients and aggregates them using sample-
size-weighted averaging to obtain global statistics
Hglobals Uglobal, Yelobal, and Kglopat fOr subsequent
alignment guidance.

3. Local Distribution Alignment: The server broadcasts the
aggregated global statistics back to all clients. Each
client then adjusts its local sampled data distribution to
align its statistical moments with the global statistics as
closely as possible. The aligned sampled data are subse-
quently used for local model training.

4. Local Training and Global Model Aggregation: Each
client performs several local training epochs on the
aligned sampled data, computes the model update or gra-
dient g}, applies gradient clipping to bound sensitivity,
and adds Gaussian noise to ensure differential privacy:

i = g1+ N(0,6°1), (1)

where o denotes the noise scale. The server aggregates
all noisy gradients, typically via weighted averaging, and
updates the global model as:

K

t+1 _ ot Nk

wT =w - — 2

Y 5k 2)
k=1

where 7 is the learning rate, ny is the local sample size

of client k, and N = Zszl ny, is the total number of
samples.

3.2. Statistical View of Non-IID Data Skew

Statistical heterogeneity among client data distributions
critically affects the convergence of federated learning un-
der Non-IID conditions. To quantify this heterogeneity,
we analyze feature distributions at multiple levels: sample,
client, and global.

At the sample level, each feature dimension encodes an
underlying data characteristic that can be described through
statistical moments. The mean reflects the central tendency
and reveals potential biases in brightness, color intensity, or
other intrinsic properties. The variance captures dispersion
and intra-sample variability. Skewness describes distribu-
tional asymmetry, and kurtosis characterizes peakedness or
tail thickness. These moments provide a quantitative basis
for assessing variations across samples.

At the client level, statistics are aggregated over each
participant’s local dataset. Deviations from other clients
quantify inter-client heterogeneity. Differences in mean,
skewness, or kurtosis indicate pronounced feature skew,
while variance captures heterogeneity in local feature diver-
sity. Client-level statistics thus offer an objective measure
of Non-IID feature distributions, guiding aggregation, nor-
malization, or alignment strategies robust to client-specific
biases.

Global-level reference statistics define an idealized, op-
timal distribution for the current Non-IID scenario, aggre-
gating global information in a manner akin to data augmen-
tation. Serving as a target for feature alignment, this refer-
ence enables each client to adjust its local statistics toward
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Figure 2. Overall framework of FedAlign.

the global benchmark, effectively mitigating the impact of
data heterogeneity on convergence and performance.

3.3. Client-Side Private Statistic Computation

Each client k£ computes private statistical descriptors from
its unsampled dataset U{;,. To capture the essential distribu-
tional characteristics, the first four statistical moments are
computed, including the mean, variance, skewness, and kur-
tosis:

1 1 (x; — p)*
k=7 Xiy Kk = 55 — a1
=g 2 X % 2 of

X €U x; EU
1 1 (xi — px)?
0§=W > (Xi—uk)Z,Skzm Y.
k X €U k x; €U, k

To preserve privacy, Gaussian noise is injected into each
statistic:

fir = e + N(0,05,), 67 =0p +N(0,05), 3

where o4, denotes the noise scale determined by the
differential privacy budget (e,d). The noisy statistics
{fir, G2, 3k, Fr } are then transmitted to the server for ag-
gregation.

3.4. Server-Side Statistic Aggregation

Upon receiving the noisy local statistics, the central server
performs weighted aggregation to estimate the global distri-
bution characteristics. Given the sample size ny of client k&
and total number N = Z,[f:l ng, the aggregated mean and
variance are computed as

K
_ ~ =2 _ Nk -2
p=D i 00 = ok @

The higher-order moments are similarly aggregated:
K - K
k-
B E S Y

The aggregated statistics {i, 52, 5, i } serve as the global
reference for aligning client-side distributions, ensuring sta-
tistical consistency across heterogeneous local datasets.

3.5. Client-Side Distribution Alignment

Client-side data heterogeneity plays a fundamental role in
determining the convergence behavior of federated learn-
ing under Non-IID data distributions. To rigorously char-
acterize this effect, in this section, we first provide a de-
composition of the deviation between each clients local gra-
dient and the global differentially private gradient (Theo-
rem 1), explicitly isolating contributions from the expected
gradient bias, local variance, inter-client covariance, and
DP-induced noise. Building upon this decomposition, we
formulate a sequence of propositions that quantify the in-
fluence of the four statistical moments of the local data,
namely mean, variance, skewness, and kurtosis, on gra-
dient behavior, accounting for both intrinsic data hetero-
geneity and differential privacy perturbations. Leveraging
these insights, Lemma 3 and Theorem 2 establish an explicit
connection between client-level statistical disparities and
the global convergence bound of federated learning. Col-
lectively, this theoretical framework provides a principled
bridge linking client-side data statistics to gradient dynam-
ics and overall algorithmic convergence. Detailed proofs of
all the theorems presented in this section are provided in the
Appendix.
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3.5.1. Statistical Decomposition of Gradient Disparity

Under the Dirichlet Non-IID data partition, the expected
squared distance between client k’s local gradient and the
global DP gradient admits the following decomposition:

Theorem 1 (Gradient Disparity Decomposition). In feder-
ated learning with differential privacy and Non-IID data
partitioning, the expected squared distance between client
k’s local gradient and the global DP gradient satisfies,

Elllgr =" 1P = llgr —9gll®  +1r(Var(gr))
N——— —
Expected Gradient Bias Local Variance

K
n; ~ ~
-2y ~ r(Cov(gr, 7))

=1
Cross-Client Covariance (6)
+ZZ tr (Cov(Gi, ;)
=1 j=1

Global Covariance Structure
+ w(Var(n)) ,
——

DP Noise Variance

where G, is the local stochastic gradient, GPF is the global
differentially private gradient, and 7 is the DP noise.

3.5.2. Impact of Statistical Moments on Gradient
The four key statistical moments of client data distributions
influence gradient behavior through distinct mechanisms.

Proposition 1 (Mean Disparity Impact). The mean dispar-
ity A,k = || — pl|? bounds the expected gradient bias:

lge = glI* < [|HW)||7 - Ak (7)

where H(w) approximates the Hessian matrix. With DP
noise €, ~ N (0, afLI ), the complete bound becomes

-3 ()
j=1 N
(3

where Ly, is the local mean, p is the global mean, and [i is
the DP-protected mean estimate.

lge=gll* < 1 H ()7 | Elll ke — fll°]

Proposition 2 (Variance Impact). The gradient variance is
upper bounded by the local data variance:

tr(Var(ge)) < L?(tr(Sk) + [leell?), ©)

where L is the Lipschitz constant and Yy, is the local co-
variance matrix.

Table 1. Summary of key notations used in this paper.

Symbol Description

w' Global model at communication round ¢.

gr, gt Local gradient of client k, before / after
DP noise injection.

7, M Global / local learning rate.

T Number of local training epochs per
round.

F(),L Global loss function and its Lipschitz
constant.

K,ng, N =), nr Number of clients, local sample size, and
total data size.

Sk, Uy Sampled / unsampled subsets of client k.

Lk, O',%, Vs Kk Local mean, variance, skewness, and kur-
tosis.

[y G2, Ak, R DP-protected statistical moments.

Lhes oé, Ye» Kg Aggregated global statistics.

Yk Covariance matrix of client ks data.

Odp, Ostat> Tgrad DP noise scales for statistics / gradients.

C, Ssat Clipping thresholds for gradients / statis-
tics.

o) DP privacy parameters.

Dstat, Ap,k Statistical disparity and mean deviation
terms.

olp Variance of Gaussian DP noise.

When DP noise n, ~ N (0,0pp 1) is added, the bound
becomes

tr(Var(g") < L7 (tr@k) + e

() ete)

where dy is the dimension of the flattened covariance ma-
trix.

(10)

Proposition 3 (Skewness Impact on Gradient). Let v be
the local skewness of client k and 7 = Zszl (ng/N)y the
aggregated skewness. Then, under Edgeworth expansion
and Gaussian DP noise epp ~ N (0,03 ), the deviation of
the DP-protected local gradient from the global DP gradi-
ent satisfies

DP _QDPH2

9% o< i, — 712 (11)

Proposition 4 (Kurtosis Impact). The gradient variance is
affected by the local kurtosis ky,:

tr(Var(gPt)) o (1 4 Bk 3) tr(Xg) + dodp, (12)

where Xy, is the local covariance, d is the gradient dimen-
sion, and o is the variance of the Gaussian DP noise.
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3.5.3. Convergence Bound with Statistical Disparity

Lemma 1 (Relation between statistical disparity and gradi-
ent variance). For any client k, the local gradient variance
satisfies

Ellgr — gl* < LEALk + L3 2k — Z[F + O(obp).

Building upon the gradient analysis, we establish the di-
rect relationship between client statistical disparities and
federated learning convergence.

Theorem 2 (Statistical Disparity Convergence Bound).
Under L-smoothness and non-convex assumptions, DP fed-
erated learning convergence rate satisfies

-« 2Ap
Il Z ”VF Wy ” ] nT +77L( m111+rstat+UDp)
t=0

T
(13)
where the statistical disparity term Uggny is bounded by

(14)

stut =

K
Z (L2A, + L2y - 2|3

= + Loy |y — vl + Lilwr, — &)
and the DP noise variance o3, = 8C?log(1.25/5)/€* de-
pends on the privacy budget (e, ).

3.6. Private Statistic-Based Distribution Alignment

FedAlign is designed to enhance federated learning un-
der heterogeneous and Non-IID client data distributions by
aligning local client distributions to the global statistics in a
differentially private manner. The overall procedure con-
sists of server-side coordination and client-side local up-
dates with distribution alignment, as illustrated in Algo-
rithms | and 2.

On the server side (Algorithm 1), in each global round
t, the server first selects a subset of clients W; and broad-
casts the current global model w! to them. Each client com-
putes DP statistics of its local data and sends them to the
server. The server aggregates these statistics to form the
global mean, variance, skewness, and kurtosis, which are
then broadcast back to all selected clients. Subsequently,
clients perform local training on their aligned data, and the
server aggregates the DP-protected local updates to update
the global model. This process is repeated for 7' rounds
until convergence.

On the client side (Algorithm 2), each client first splits
its local data into sampled and unsampled sets. The un-
sampled data is used to compute local statistical moments,
which are clipped and perturbed with Gaussian noise to en-
sure differential privacy. After receiving aggregated global
statistics from the server, the client aligns its sampled data
to the global distribution. Local training is then performed

Algorithm 1 Server-Side Procedure of FedAlign

Require: Number of clients n;
Number of selected clients per round r;
Number of global rounds T7;
Global learning rate 7;
Total data size N = >, ny;
Noise multiplier for statistics oga;
Noise multiplier for gradients o grag.
Ensure: Final global model w” .
1: Initialize global model w° € R<.
2: foreachroundt =0,1,...,7 —1do
3: Sample a subset of clients W, C
random.
Broadcast current global model w! to all k € W,.
5: for each client & € W, in parallel do
6: Receive DP-protected
(k> Gy ks Fok)-
7: end for
8: Compute aggregated global statistics:

ng . 2t Nk -
N 0= D o

[r] uniformly at

»

statistics

keW, keEW,
t ng . t Nk .
"}/g = E W’Yk, K/g = E —Kk.
kEW: keEW:

o: Broadcast (,ug, 7 ,'yg, g) to all k € W,.
10 for each client k£ € W, in parallel do
11: Receive DP-protected local update AZ.
12: end for
13: Aggregate client updates and update global model:

t+1 _ ot Nk Xt
=w' — E —A
n N "k

kew,

14: end for

15: return w’.

on the aligned data for 7 epochs, producing a local gradi-
ent. This gradient is further perturbed with Gaussian noise
for privacy and securely transmitted back to the server.

Overall, FedAlign explicitly targets the dominant sources
of statistical disparityprimarily the mean and variance dif-
ferences among clientswhile modulating the secondary ef-
fects of skewness and kurtosis. By reducing the deviations
of local updates from the global gradient, FedAlign im-
proves convergence speed and enhances the final model ac-
curacy under Non-IID and heterogeneous data conditions.
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4. Experiments

4.1. Baseline Methods

We compare FedAlign with several federated learning algo-

rithms:

* FedAvg [20] is the standard federated averaging method
that aggregates local model updates from clients by
weighted averaging according to their dataset sizes. It
serves as a fundamental baseline for FL under both IID
and Non-IID data.

» FedProx [16] introduces a proximal term in the local loss
function to constrain each client model to remain close to
the global model during updates.

* SCAFFOLD [13] mitigates client drift under Non-IID
data by correcting the direction of local updates through
control variates, aligning them with the ideal global up-
date path.

* FedNova [30] normalizes the scaling of local updates to
reduce bias in the aggregated global model.

* FedRDN [32] randomly inject statistics of other clients
into local data of each client.

Comprehensive descriptions of the experimental environ-

ments and implementation details are presented in the Ap-

pendix.

4.2. Validation of Distribution Alignment Effective-
ness

We conduct experiments on the CIFAR-10 and MNIST
datasets using two representative architectures, a standard
CNN and ResNet50, to evaluate the effectiveness of client-
side distribution alignment in enhancing both model accu-
racy and convergence speed. In all experiments, the local
data distributions are aligned with the global distribution by
adjusting their means and variances.

As summarized in Table 2 and illustrated in Fig. 3,
Fig. 4, FedAlign consistently outperforms all baseline meth-
ods across both datasets under various Non-IID settings.
Specifically, with Dirichlet « = 0.5 and Gaussian noise
N(0,) with 3 = 0.05 for data heterogeneity, FedAlign
achieves 54.9% test accuracy on CIFAR-10, correspond-
ing to relative improvements of 11.9%, 7.5%, 10.7%, 4.8%,
and 3.9% over FedAvg, FedProx, Scaffold, FedNova, and
FedRDN, respectively. The corresponding MNIST accu-
racy reaches 99.26%, also surpassing all baselines. Under
B = 0.1, FedAlign attains 54.3% on CIFAR-10 and 99.12%
on MNIST, again achieving the best overall performance.

Furthermore, Fig. 5 demonstrates that the superiority of
FedAlign extends to deeper architectures such as ResNet50,
yielding consistently higher accuracy on CIFAR-10 com-
pared to all baselines. These results collectively con-
firm that aligning client-side distribution effectively reduces
inter-client gradient bias and drift, thereby accelerating con-
vergence and improving final model performance, which

Algorithm 2 Client-Side Procedure of FedAlign

Require: Local learning rate 7;
Local epoch ;
Statistical clipping bound Si;
Gradient clipping threshold C.
Ensure: DP-protected local gradient gp..
1: Receive w! from the server.
2: Partition local data into sampled set Sy and unsampled
set Uy,.
3: Compute statistical moments on Uy:

(1k, 0%, Vi, i) = EmpiricalMoments(Uy,).

4: Clip each statistic by Sgy.
5: Add Gaussian noise for DP protection:

/]k = Uk +N(O’ agtat)?
&l% = O’,% JFN(Ov 0s2tat>v

o=+ N(0,02,),  Fr = ki, +N(0,02,).

6: Send (fiy, 5%, Yk, Ki) to the server.
7: Receive aggregated global statistics (uf;, 02", v}, k).
8: Perform distribution alignment on Sk :

S;. = Align(Sk; ,utg, aﬁ’tm;, Kh).

9: Initialize local model w}, , = w'.

10: for each local epoche =1,...,7 do
11 Update w?eﬂ = w?e — mek(w,tﬁe; S
12: end for

Ult—ﬂ)i‘ﬂ_

13: Compute local gradient g}, =
14: Add Gaussian noise:

mT

§Z = gli: +N(O7 JgradI)'

15: Encrypt and send ¢!, to the server via secure aggrega-
tion.

validate the theoretical analysis presented in Section IV,
highlighting the robustness of distribution alignment for
federated learning with heterogeneous data.

4.3. Ablation Study

The first ablation experiment examines how the propor-
tion of global unsampled data affects distribution alignment.
Specifically, we vary the proportion of global unsampled
data incorporated into the alignment process and analyze its
effect on convergence speed and test accuracy. Experiments
are conducted on the CIFAR-10 dataset using a CNN model
to evaluate the sensitivity of FedAlign to this proportion.
The term proportion of global unsampled data refers to
the fraction of unseen samples whose aggregated statistics
are utilized for distribution alignment. A larger proportion
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allows the global statistics to more accurately approximate
the true data distribution, thereby providing stronger guid-
ance for local alignment.

Let p € [0,1] denote the proportion of global unsam-
pled data incorporated into the alignment process. As p in-
creases, the estimated global moments become more rep-
resentative, leading to faster convergence and improved
model accuracy.

As shown in Fig. 6a, increasing p consistently enhances
test accuracy and stabilizes convergence. For example, uti-
lizing the full set of global unsampled data yields approx-
imately 16% higher test accuracy at 100 training rounds
compared to using only 40% of the data, confirming the
effectiveness of distribution alignment in FedAlign.

The second ablation experiment examines the contribu-
tion of aligning different statistical moments within the dis-
tribution alignment process. Four configurations are com-
pared: aligning only the mean, aligning only the variance,
aligning both mean and variance, and jointly aligning all
four moments.

The results, presented in Fig. 6b, demonstrate that mean
and variance plays a decisive role in improving convergence
speed and model accuracy. Specifically, mean and vari-
ance dominate the expected gradient bias and inter-client
drift, whereas higher-order moments primarily capture local
asymmetry and tail behavior, modulating the convergence,
which is consistent with the theoretical analysis. Jointly
aligning all four moments further reduces inter-client statis-
tical disparities, resulting in faster convergence and higher
accuracy under Non-IID conditions.
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Figure 3. Test accuracy over training rounds for CNN models with
a = 0.5 and 8 = 0.05 on CIFAR-10 and MNIST.
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Figure 4. Test accuracy over training rounds for CNN models with
a = 0.5and 8 = 0.1 on CIFAR-10 and MNIST.

Table 2. Test Accuracy (%) of Different FL Methods on CIFAR-
10 and MNIST under different Non-IID settings.

Method CIFAR-10 MNIST

FedAvg 49.1 99.13
FedProx 51.1 99.08
Scaffold 49.6 99.22
FedNova 52.4 99.04
FedRDN 52.8 98.92
FedAlign 54.9 99.26

FedAvg 50.7 99.02
FedProx 50.5 99.05
Scaffold 48.1 99.12
FedNova 49.0 99.08
FedRDN 49.8 98.94
FedAlign 54.3 99.12

Non-IID Skewness

Dirichlet o = 0.5
Gaussian noise N(0, 3)
with 8 = 0.05

Dirichlet o« = 0.5
Gaussian noise N(0, 3)
with 8 = 0.1

FedNova
------- FedProx
—-— FedRDN
- SCAFFOLD
——= FedAlign

0 10 20 30 40 50
Communication round

Test acc

Figure 5. Test accuracy of ResNet50 on CIFAR-10.
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Figure 6. Ablation Study of FedAlign on CIFAR-10.

5. Conclusion

This paper introduces FedAlign, a federated learning frame-
work designed to mitigate Non-IID data heterogeneity
through moment-based distribution alignment under dif-
ferential privacy constraints. Theoretical analysis and ex-
perimental evaluations demonstrate that aligning statistical
moments effectively reduces gradient discrepancies, accel-
erates convergence, and improves global model accuracy.
Ablation studies further verify the contribution of higher-
order moments to effective distribution alignment. Over-
all, FedAlign provides a principled framework that enhances
convergence and model accuracy while preserving privacy
in federated learning.
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