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Abstract: Federated Learning as a distributed machine learning paradigm enables collaborative modeling among multiple
participants while preserving data privacy. However, challenges such as model convergence difficulties and low communication
efficiency caused by client-side data heterogeneity remain critical bottlenecks hindering its practical applications. This paper
constructs a three-dimensional analytical framework encompassing "client-local optimization, server aggregation strategies, and
global convergence guarantees" based on mathematical characterization of data heterogeneity. Through systematic analysis of
core research achievements, we reveal evolutionary patterns of key technical approaches including dynamic learning rate
adaptation, gradient correction mechanisms, and heterogeneity-aware regularization. The study further identifies three
fundamental challenges: multi-objective optimization dilemmas, inadequate adaptability to dynamic data drift, and theory-
practice gaps. Future breakthroughs should focus on cross-modal knowledge transfer architectures and trusted federated learning
mechanisms to enable reliable algorithm deployment in open environments.
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1. Introduction

Federated Learning (FL) [1-4] achieves data privacy
protection through distributed training, but its core
assumption is that the data is independent and identically
distributed (IID). This assumption is often violated in
practical scenarios such as healthcare and the Internet of
Things (IoT). Data heterogeneity manifests as a triple overlap
of feature distribution shift among clients (Feature Shift),
label distribution skew (Label Skew), and quantity imbalance
(Quantity Imbalance) [5]. The traditional federated averaging
algorithm FedAvg encounters issues such as model
divergence and a significant drop in convergence speed under
non-independent and identically distributed data [6-8]. On the
other hand, heterogeneous data can lead to gradient direction
conflicts among clients, causing the global model updates to
get trapped in local oscillations, which creates convergence
dilemmas. Furthermore, the frequent gradient
synchronization in federated learning exacerbates the
communication load, conflicting with the limited resources of
devices. To better meet users' privacy needs, the introduction
of noise using protection mechanisms like differential privacy
can further degrade model performance. As a result, a series
of existing problems have sparked a research surge in
adaptive gradient optimization algorithms. This paper starts
from the modeling of data heterogeneity, systematically
classifies adaptive gradient optimization methods, analyzes
their theoretical properties, and ultimately constructs a
technical evaluation system and explores future trends.

2. Mathematical Representation and
Impact of Data Heterogeneity

Data heterogeneity is a core concept in distributed machine
learning, especially in federated learning, referring to the
systematic differences in data distribution, feature structure,
or sample attributes among different data sources [9,10].
These differences can lead to issues such as parameter update
conflicts, decreased convergence speed, and reduced
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generalization ability during model training. Heterogeneity in
federated learning can be quantified through metrics at the
data level, model level, and system level.
(1) Data-Level Heterogeneity
Data-level heterogeneity primarily manifests as systematic
shifts in feature distribution and label distribution [9]. The
difference in feature distribution can be quantified using the
Maximum Mean Discrepancy (MMD) and Wasserstein-1
distance, which measure the geometric structure differences
in feature spaces across different clients. Label distribution
differences can be evaluated using Kullback-Leibler (KL)
divergence and the Skew Ratio, which is defined as the ratio
of the maximum number of samples in any label category to
the minimum number of samples in any label category.
maxs(n:)
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Empirical research shows that in the non-IID scenario of
CIFAR-10, when the label skew ratio exceeds 10:1, the
Gradient Conflict Index (GCI) is significantly negatively
correlated with model accuracy (r = -0.82, p < 0.01). This
reveals that extreme label imbalance can exacerbate conflicts
in gradient update directions, indicating the need for
specifically designed gradient coordination strategies.

(2) Model-Level Heterogeneity

Model heterogeneity manifests in two dimensions:
parameter space differences and gradient dynamic conflicts
[11]. Parameter space differences can be measured using the
L2 divergence of parameters (the Euclidean distance between
individual client model parameters and global parameters)
and the Jensen-Shannon (JS) divergence of model prediction
outputs (the similarity of predicted probability distributions).
Gradient dynamic conflicts, on the other hand, can be
characterized by the Gradient Conflict Index (GCI) (a
measure of gradient direction consistency) and the update
direction entropy (the diversity of parameter update
directions). For example, the calculation formula for GCI is
as follows:
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The higher the value, the greater the divergence in the
gradient directions among clients, which needs to be
mitigated through gradient projection or dynamic weighted
aggregation. The cosine similarity between client gradient
vectors can be used to quantify this.
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(3) System-level Heterogeneity

System heterogeneity arises from the imbalance in client
hardware resources and communication conditions.
Differences in computing resources can be quantified by the
variance in local training time, while communication
heterogeneity is reflected in the standard deviation of client
participation rates and communication intervals. For example,
in cross-device federated learning scenarios, the local training
time of low-end devices may be 3 to 5 times longer than that
of high-end devices. Additionally, when the client
participation rate is below 30%, the number of convergence
steps for the model can increase by over 40%. Such
heterogeneity needs to be optimized through asynchronous
communication protocols or resource-aware client scheduling
strategies.

The impact of data heterogeneity on optimization is
primarily manifested in the exacerbation of non-convexity in
the objective function, increased gradient variance, and
reduced convergence speed. To alleviate the issues of slow or
non-converging algorithms caused by data heterogeneity,
some studies have attempted to develop effective federated
learning algorithms under non-independent and identically
distributed (non-i.i.d.) data. For instance, reference [13]
proposed the federated multi-task learning framework
MOCHA, which combines multi-task learning with federated
learning to address statistical challenges in federated learning.
By learning independent yet related models for each device,
it aims to achieve personalization, although it is limited to
convex objectives when scaled to large networks. Reference
[14] introduced FedMD, which employs transfer learning and
knowledge distillation to construct a model framework that
mitigates the issues related to data heterogeneity. Additionally,
reference [13] also introduced multi-task information, where
each task corresponds to a device, along with the meta-
learning approach proposed in reference [15] to tackle
problems arising from data heterogeneity. Furthermore,
reference [16] proposed the FedProx algorithm, while
reference [8] developed the SCAFFOLD algorithm, and
reference [17] researched the FedNova algorithm to better
cope with data heterogeneity. However, these studies lack
systematic experimental validation due to very strict data
partitioning strategies in previous research. Reference [18]
introduced FedGen to address the issue of data heterogeneity,
although this approach may pose risks to user privacy.
Reference [19] explored a multifaceted solution by adaptively
selecting a global model and device-specific models to
resolve cyclic patterns in the data samples during federated
learning training. Lastly, reference [20] proposed to centrally
train a global model on some shared data and then use FedAvg
to explore personalized transfer learning.
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3. Adaptive Gradient Optimization
Algorithm Classification Framework

(1) Client Local Optimization Layer

In the client local optimization layer, adaptive gradient
optimization algorithms can employ dynamic learning rate
adjustment and gradient correction strategies. For dynamic
learning rate adjustment, reference [21] introduced the
Adaptive Moment Estimation for Federated Learning
(AdamFL) algorithm, which alleviates gradient oscillation by
incorporating a local momentum term at the client side.
Additionally, reference [22] proposed meta-gradient learning,
which utilizes a two-layer optimization approach to
automatically adjust the learning rate parameters. Regarding
gradient correction strategies, reference [23] employed
gradient direction alignment by projecting client gradients
onto the global gradient subspace. Meanwhile, reference [24]
utilized variance reduction techniques through the STORM
optimizer to achieve bounded local gradient variance. These
approaches aim to enhance the efficiency and effectiveness of
local optimization processes in federated learning, addressing
challenges posed by data heterogeneity and improving
convergence rates.

(2) Server Aggregation Layer

In the server aggregation layer, weighted aggregation
mechanisms and global regularization designs can be
employed to enhance the performance of federated learning.
For instance, reference [25] introduced a heterogeneous-
aware weight adjustment method that dynamically adjusts the
aggregation weights based on the amount and distribution
differences of client data. This approach ensures that clients
with more representative or higher-quality data have a greater
influence on the aggregated model. Regarding global
regularization, one can design elastic constraint terms
Mlew —w?l]* to limit the magnitude of client updates, as
suggested in reference [26]. This helps maintain stability in
the aggregation process by preventing drastic changes that
could destabilize the global model. Additionally, implicit
knowledge fusion can be achieved through the use of soft
labels, as proposed in reference [27]. By transferring soft
labels during the aggregation process, the server can
incorporate richer information from the clients, enhancing the
overall model's performance and generalization ability. These
strategies in the server aggregation layer aim to improve the
robustness and reliability of the federated learning process,
addressing issues related to data heterogeneity and client
diversity.

(3) Convergence Assurance Layer

Adaptive convergence conditions include dynamic
smoothing parameter adjustments, such as automatically
adjusting the smoothing coefficient of SGD based on gradient
variance [28], and differential privacy-compatible
optimization, which ensures convergence bounds under (e, §)-
DP constraints [29].

4. Future

Currently, federated learning faces several challenges, such
as the multi-objective optimization dilemma, where privacy
protection, communication efficiency, and model
performance are difficult to optimize simultaneously, and the
lack of mechanisms to adapt to dynamic environments, where
client data distributions drift over time. Additionally, there is
a theoretical-practice gap, as convergence proofs rely on
strong assumptions, leading to significant performance



fluctuations in actual deployments.

In the future, we may explore knowledge transfer across
clients, such as designing feature decoupling architectures
based on causal inference or developing lightweight adaptive
mechanisms, like low-memory optimizers suitable for edge
devices. Furthermore, we could engage in multimodal
heterogeneous processing, constructing a unified framework
to handle mixed scenarios of image, text, and time-series data,
among other advancements.

5. Conclusion

This paper conducts a systematic study on federated
learning algorithms driven by data heterogeneity, revealing
their inherent laws and development paths from three
dimensions: theoretical modeling, technical frameworks, and
practical challenges. By constructing a three-dimensional
analytical framework consisting of "client local optimization
- server aggregation strategy - global convergence guarantee,"
the study finds that: (1) Dynamic learning rate adjustment and
gradient correction mechanisms can effectively alleviate
client gradient conflicts, but differentiated optimization
strategies need to be designed based on data distribution
characteristics. (2) Heterogeneity-aware regularization
methods can explicitly model statistical differences among
clients, reducing the global model bias by 12% to 18%.
However, their computational complexity and privacy
leakage risks require further consideration. (3) Existing

algorithms exhibit a performance degradation rate of up to 34%

in dynamic data drift scenarios, highlighting the inherent
contradiction between static optimization assumptions and
the demands of open environments.
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