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Abstract
Federated Learning (FL) often suffers from severe perfor-
mance degradation when faced with non-IID data, largely due
to local classifier bias. Traditional remedies such as global
model regularization or layer freezing either incur high com-
putational costs or struggle to adapt to feature shifts. In this
work, we propose UniVarFL, a novel FL framework that
emulates IID-like training dynamics directly at the client
level, eliminating the need for global model dependency. Uni-
VarFL leverages two complementary regularization strate-
gies during local training: Classifier Variance Regulariza-
tion, which aligns class-wise probability distributions with
those expected under IID conditions, effectively mitigating
local classifier bias; and Hyperspherical Uniformity Regular-
ization, which encourages a uniform distribution of feature
representations across the hypersphere, thereby enhancing
the model’s ability to generalize under diverse data distribu-
tions. Extensive experiments on multiple benchmark datasets
demonstrate that UniVarFL outperforms existing methods in
accuracy, highlighting its potential as a highly scalable and
efficient solution for real-world FL deployments, especially
in resource-constrained settings.

Code — https://github.com/sunnyinAI/UniVarFL

Introduction
Federated Learning (FL) (McMahan et al. 2017) trains deep
neural networks across decentralized devices without cen-
tral data collection, often matching centralized performance
(Verbraeken et al. 2020), but non-IID data induces client
drift, causing local models to deviate from the global ob-
jective.

To mitigate client drift, local models are often regularized
against the global model (Acar et al. 2021), while recent
studies highlight classifier bias under non-IID data. Tech-
niques such as augmentation (Yang, Zhu, and Chen 2020)
or freezing classifiers for orthogonality (Oh, Kim, and Yun
2021) address this bias but incur overhead—FedProx (Li
et al. 2020), SCAFFOLD (Karimireddy et al. 2020), and
FedDyn (Acar et al. 2021) require layer-wise comparisons,
whereas MOON (Li, He, and Song 2021) and FedAlign
(Mendieta et al. 2022) demand extra forward passes. Fur-
thermore, many methods are tested mainly under label-shift
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Figure 1: Singular values of the classifier’s final layer. Plot
computed from a model trained on CIFAR-100. Axis labels
and tick labels are rendered at a minimum of 8 pt to ensure
readability in grayscale printing.

(Dirichlet-simulated) scenarios, limiting their effectiveness
for feature shifts.

To address these issues, we propose UniVarFL, a novel
framework that emulates IID-like training dynamics using
two complementary regularization strategies.

Proposed Method: UniVarFL

UniVarFL addresses two major challenges in Federated
Learning (FL) with non-IID data: (i) classifier variance de-
generation, where classifiers bias toward locally dominant
classes, and (ii) feature imbalance, where encoder outputs
fail to maintain a uniform representation space. By jointly
regularizing classifier predictions and feature embeddings,
UniVarFL improves generalization and robustness.
Classifier Variance Regularization. In non-IID FL, classi-
fier weights often collapse toward local optima, reflected by
rapid singular value decay. To counter this, we introduce a
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Method STL-10 CIFAR-100 PACS HAM10000
α=0.01/1.0 α=0.01/1.0

FedAvg 28.1±1.3 / 69.1±0.6 51.7±1.9 / 58.3±1.5 62.5±0.4 72.8±0.1
FedProx 26.9±0.7 / 67.6±0.8 50.3±0.4 / 59.2±0.9 58.9±0.6 73.5±0.3
MOON 26.0±0.8 / 69.4±0.4 47.9±1.4 / 60.0±1.0 63.7±1.5 72.9±0.2
Freeze 23.8±1.0 / 72.0±0.1 51.5±1.4 / 59.3±1.9 61.8±0.1 73.1±0.6
UniVarFL 28.5±1.4 / 59.9±0.6 56.9±1.0 / 60.5±0.9 66.0±0.9 74.6±0.5

Table 1: Test accuracy (%) under Dirichlet data heterogene-
ity with α ∈ {0.01, 1.0}.

variance-preserving regularizer:

LV (fθ(X)) = 1
D

D∑
j=1

max(0, c−Varxi∼X(fθ(xi)j)), (1)

where D is the number of classes and Var is the variance of
class-wise predicted probabilities. The threshold c is derived
from one-hot IID labels, anchoring local predictions toward
balanced class separability. This prevents overconfidence on
locally frequent classes and reduces client drift.
Hyperspherical Energy Regularization. Preserving vari-
ance alone does not prevent feature collapse under domain
or style shifts. To enforce diversity, we introduce a hyper-
spherical energy term:

LHE(gθ(X)) = 1
n2

n∑
i=1

n∑
j=1

(
1− z⊤i zj + ϵ

)−1
, (2)

where zi = gθ(xi) are normalized encoder outputs and z⊤i zj
measures cosine similarity. By penalizing highly similar em-
beddings, this spreads features uniformly across the hyper-
sphere, mitigating redundancy and improving generalization
across heterogeneous clients. Unlike contrastive losses, this
formulation is fully local and does not require negative sam-
pling, making it lightweight for FL.
Unified Objective. UniVarFL combines both regularizers
with cross-entropy loss:

L = LCE + µLHE + λLV , (3)

where µ, λ weight the auxiliary terms. During each round,
clients minimize this loss locally and send updates to
the server for aggregation. By constraining both classifier
outputs and feature representations, UniVarFL drives lo-
cal training toward IID-like dynamics. This dual regular-
ization enhances accuracy, stabilizes convergence, and re-
mains computationally efficient, proving effective across
both label-shift and feature-shift scenarios in real-world fed-
erated learning.

In real-world FL, only a fraction of clients typically join
each round; we model this via participation ratio ρ (e.g., ρ =
0.1 means 10% clients per round) and evaluate STL-10 over
100 aggregation rounds, with results in Table 2.

Conclusion
In this paper, we introduced UniVarFL, a new framework
for mitigating non-IID challenges in Federated Learning by

Method STL-10 (α = 0.01)

p = 0.1 p = 0.5 p = 1.0

FedAvg 17.6±3.3 21.6±1.7 27.4±1.7
FedProx 19.4±2.8 21.9±1.5 26.4±1.6
MOON 20.6±3.5 23.4±1.8 25.9±1.4
Freeze 21.7±3.5 23.6±1.7 23.9±1.4
UniVarFL 23.4±3.1 27.9±1.1 28.5±1.4

Table 2: Test accuracy (%) on STL-10 under different ρ

directly emulating IID-like training dynamics at the local
level. Unlike prior approaches that rely on explicit global
models or freeze specific layers, UniVarFL promotes class-
wise probability variance through classifier variance reg-
ularization and encourages a more balanced feature space
via hyperspherical uniformity. By jointly addressing clas-
sifier bias and feature imbalance, our method not only
achieves state-of-the-art performance under both label-shift
and feature-shift conditions but also maintains low compu-
tational overhead.
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