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Abstract - Federated Learning (FL) enables collaborative model
training across decentralized clients while preserving data
privacy. However, non-IID data often induces client drift and
unstable convergence due to mismatched local training dynamics
across clients. Standard FL methods typically utilize fixed local
training budgets, leading to computational inefficiency in
heterogeneous environments. This paper proposes Adaptive
Local Step Tuning (ALST), a lightweight client-autonomous
framework that dynamically adjusts local training steps based on
an empirical drift proxy estimated from a single probe update.
The framework operates entirely on the client side without
introducing additional communication overhead or metadata
sharing. Experimental results on EMNIST and CIFAR-100
demonstrate that ALST maintains stable convergence while
improving the efficiency-performance trade-off under
heterogeneous settings. While EMNIST validates the stability of
the proposed adaptive mechanism, results on the more
challenging CIFAR-100 benchmark show that ALST reduces
total local computation by 23.09% while maintaining predictive
performance within 0.14% of fixed-work baselines.
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1. Introduction

Federated Learning (FL) has emerged as an important
paradigm for decentralized machine learning, enabling
multiple clients to collaboratively train a shared global
model without exchanging raw data [1], [2]. By preserving
data locality, FL provides an effective solution for privacy-
sensitive applications such as mobile services, healthcare,
and edge intelligence [3]. Recent studies have also
highlighted the importance of lightweight deep learning for
resource-constrained edge devices [4]. Among existing FL
algorithms, Federated Averaging (FedAvg) remains the
most widely adopted optimization framework due to its
simplicity and communication efficiency [5]. However, the
performance of FedAvg is highly sensitive to statistical
heterogeneity, commonly referred to as non-IID data,
where local client distributions differ significantly from the
overall population distribution.

Under heterogeneous data distributions, local clients
optimize toward inconsistent objectives, leading to local
model updates that deviate from the global optimization
direction. This phenomenon, widely known as client drift,
degrades convergence stability and reduces global model
performance [5] - [8]. Existing studies categorize statistical
heterogeneity into several forms, including label skew,
feature skew, and quantity skew [2], [8]. In practical FL
deployments, such heterogeneity is unavoidable because

user-generated data naturally varies across devices and
environments. Furthermore, standard FL protocols
generally employ a fixed local training budget for all clients
regardless of their optimization difficulty. This fixed-work
strategy is inherently inefficient. For clients with high
statistical skew, excessive local iterations do not
proportionally contribute to global utility but instead
accelerate weight divergence, thereby destabilizing
convergence and wasting computational resources [7], [10].

Several approaches have been proposed to mitigate
client drift. Variance-reduction methods, such as
SCAFFOLD, introduce control variates to stabilize local
optimization [8], while proximal regularization methods,
such as FedProx, constrain local updates via additional
optimization terms [11]. Other methods, including
FedNova, address aggregation bias caused by
heterogeneous local training lengths across clients [10].
Although effective, many of these approaches require
additional communication, server-side coordination, or
complex hyperparameter tuning, which may reduce
practicality in resource-constrained edge environments.

To address these limitations, this paper introduces
Adaptive Local Step Tuning (ALST), a lightweight client-
autonomous framework that adjusts local training steps
dynamically based on an empirical drift proxy estimated
from a single probe update. Instead of applying a uniform
local workload across all clients, ALST enables each client
to independently adapt its local optimization effort based
on observed optimization behavior. The proposed
mechanism operates entirely on the client side without
requiring additional metadata exchange or communication
overhead, thereby maintaining communication efficiency
and privacy.

The main contributions of this work are summarized as
follows:

- We propose a lightweight adaptive local training
mechanism that dynamically adjusts the number of local
training steps based on client-specific optimization
behavior under heterogeneous data distributions.

- We design a client-autonomous adjustment strategy
based on an empirical drift proxy estimated from a single
probe update, enabling adaptive local optimization without
additional communication overhead.

- We establish a controlled experimental framework on
EMNIST and CIFAR-100 to evaluate the effectiveness of
ALST under heterogeneous federated settings.
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- Experimental results demonstrate that the proposed
method maintains stable convergence while reducing
unnecessary local computation compared with fixed-work
federated optimization baselines.

2. Related Work

FL under heterogeneous data distributions has attracted
significant research attention due to the instability caused
by client drift. FedAvg remains the foundational
optimization algorithm for FL because of its simplicity and
communication efficiency [1]. However, FedAvg assumes
relatively consistent local optimization behavior across
clients, which becomes problematic under strongly non-
IID settings.

Several methods have been proposed to improve
convergence stability in heterogeneous FL environments.
FedProx introduces a proximal regularization term to
constrain local updates and reduce divergence between
local and global models [11]. SCAFFOLD further
mitigates client drift through control variates that correct
local update directions [9]. FedNova addresses objective
inconsistency caused by heterogencous local training
lengths via normalized aggregation [10]. Although these
methods improve optimization stability, they often
introduce additional communication overhead, auxiliary
variables, or increased optimization complexity.

Recent studies have also explored adaptive local
training strategies to improve computational efficiency in
FL systems. These approaches regulate local optimization
effort based on client-specific training behavior or
resource availability [11] - [14]. However, many existing
approaches rely on centralized coordination or on
additional metadata exchange between clients and the
server.

In contrast to existing approaches such as FedProx,
SCAFFOLD, and FedNova, the proposed ALST
framework performs its adaptive local step adjustment
entirely on the client side using a lightweight probe update
to estimate local optimization behavior. Unlike methods
requiring proximal regularization, control variates, or
aggregation normalization, ALST regulates local
optimization effort without introducing auxiliary
optimization variables or additional communication
overhead. This lightweight client-autonomous design
preserves communication neutrality while minimizing
implementation complexity under heterogeneous federated
settings.

3. Proposed Method
3.1. Federated Learning Formulation

Consider a FL system consisting of K clients. Each
client k possesses a local dataset D, with data distribution
P, (x,y), which may vary significantly across clients under
heterogeneous settings. The global optimization objective
is defined as:

mMi/n F(w) = II§=1 Px Firr(w) (D

where, F(w) and p, denote the local objective and
aggregation weight of the client k, respectively.

In standard FedAvg, all participating clients perform a
fixed number of local training epochs Ej,,, during each
communication round before transmitting updated model
parameters to the server. Under non-IID conditions, this
fixed-work strategy may lead to excessive local
optimization on highly skewed clients, thereby increasing
divergence among local updates and destabilizing global
convergence.

3.2. Probe-Based Drift Estimation

To address this issue, the proposed ALST framework
dynamically adjusts local training steps based on an
empirical drift proxy estimated from local optimization
behavior.

At the beginning of each communication round, client
k performs a lightweight probe update and computes the
variation in local loss:

Dy = |1 - L] 2)

where LECO) and LE? denote the mean empirical training
loss computed on the same first local mini-batch before
and after a single SGD probe update, respectively. Using
the same mini-batch ensures that the observed loss
variation primarily reflects the effect of the probe update
rather than differences in data sampling. The standard
cross-entropy loss is adopted as the local objective for
both EMNIST and CIFAR-100. The local loss is
computed as follows:

1
Lk = |B_“Z(xi,yi)63k€(f(xi;w)' yl) (3)

where B, is the first local mini-batch of client k,
|B;| denotes the mini-batch size, f(x;;w) denotes the
model prediction with parameters w, y; is the
corresponding ground-truth label, and £(-) denotes the
cross-entropy loss function.

The probe update is included in the local training
budget to avoid additional computational overhead during
adaptive step estimation.

The quantity D, serves as an empirical indicator of
local optimization difficulty and drift intensity. The
absolute value is used because the magnitude of local loss
variation, regardless of direction, provides a lightweight
proxy for local optimization instability —under
heterogeneous conditions. Larger D, values indicate
stronger divergence tendencies between local and global
update directions, suggesting that excessive local training
may negatively affect convergence stability.

3.3. Adaptive Local Step Tuning

Based on the estimated drift intensity, each client
dynamically adjusts its local training budget as:

E, = max(Emm, round(Epgge — aDk)) )

where, E, is the adjusted local training budget for client
k, Epqse 1s the default local training budget used in
standard Federated Averaging, E,;, is the minimum
allowable local training budget (E,;, = 1) to prevent
zero-progress communication rounds, and « is the
adaptation coefficient controlling the adjustment
sensitivity.
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This linear adjustment strategy reduces local
computation for clients exhibiting stronger drift intensity
while preserving sufficient local optimization progress.
Consequently, ALST constrains the magnitudes of
unstable updates under heterogeneous conditions without
introducing additional communication overhead.

3.4. ALST Training Procedure

The overall ALST procedure during
communication round is summarized as follows:

each

1. The server broadcasts the current global model to
participating clients.

2. Each client computes the initial local loss.

3. A single probe update is performed locally.

4. The client estimates drift intensity Dy,.

5. The adaptive local epoch budget E} is computed.

6. The client performs local training using the adjusted
epoch budget.

7. The server aggregates updated local models using
standard federated averaging.

Since all adaptation operations are performed entirely
on the client side, ALST preserves metadata privacy and
does not require additional information exchange between
clients and the server.

4. Experimental Setup
4.1. Datasets

Experiments are conducted on two benchmark FL
datasets provided by TensorFlow Federated (TFF) [16].

« EMNIST: A naturally partitioned handwritten
character recognition dataset consisting of decentralized
client-specific data partitions. The dataset exhibits
moderate statistical heterogeneity and is commonly used to
evaluate convergence stability in federated optimization
settings.

* CIFAR-100: A federated image classification
benchmark containing 100 object categories, which exhibit
significantly higher optimization difficulty and stronger
heterogeneous characteristics than EMNIST. This dataset
is used to evaluate the effectiveness of ALST under more
challenging non-IID conditions.

4.2. Compared Methods

The proposed ALST framework is compared against
the following baselines:

* FedAvg: Standard federated averaging with fixed
local training budget across all participating clients.

* Fixed-E: A fixed-work implementation sharing the
same training infrastructure and hyperparameter
configuration as ALST, but without its adaptive local step
adjustment mechanism.

* ALST: The proposed client-autonomous local step
adjustment strategy based on the linear adjustment policy
described in Section 3.3.

All methods use identical model architectures,
optimization settings, and communication protocols to
ensure fair comparison.

4.3. Training Configuration

All experiments are implemented using TFF [16]. To
ensure reproducibility and fair comparison, all methods
share identical optimization settings unless otherwise
specified.

For EMNIST experiments, training is conducted over
100 communication rounds; for CIFAR-100 experiments,
200 communication rounds are utilized due to the
heightened optimization challenges presented by the
dataset.

The local batch size is fixed at 20, and 50 clients are
sampled during each communication round. All local
optimization procedures use stochastic gradient descent
(SGD) as the client optimizer.

To improve statistical reliability, each experiment is
repeated with three random seeds: 42, 123, and 999. Final
results are reported as the mean and standard deviation
across all runs.

For ALST, the adaptive local training budget is
constrained within predefined lower and upper bounds to
maintain stable optimization behavior and prevent
excessively small local updates.

4.4. Evaluation Metrics

The proposed method is evaluated using the following
metrics:

* Global Test Accuracy: The overall performance of
the global model is evaluated on the test dataset.

* Cumulative Local Training Steps: The total number
of local optimization steps performed throughout the entire
training process.

* Compute Saving: Relative decrease in total local
computation compared to the FedAvg baseline.

» Convergence Stability: Consistency of optimization
behavior across communication rounds and different
random seeds.

Besides quantitative performance comparison, this
study examines convergence behavior and efficiency-
performance trade-offs through convergence curves and
cumulative local computation metrics.

5. Result and Discussion
5.1. CIFAR-100 Results
Table 1. Experimental results on CIFAR-100

Method | Test Accuracy | Total Local Steps Cg::}g:‘gte
FedAvg | 0.2258 £ 0.0052 | 50,000.00 + 0.00 0.00%

Fixed-E | 0.2265 +0.0041 | 50,000.00 +0.00 0.00%
ALST | 0.2244+0.0039 |38,454.33 £ 125.96| 23.09%

Table 1 summarizes the final experimental results on
CIFAR-100. Compared with fixed-work federated
optimization baselines, the proposed ALST framework
achieves comparable predictive performance while
significantly reducing total local computation.

In particular, ALST reduces total local training steps by
23.09% compared with FedAvg while maintaining test
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accuracy within approximately 0.14% of the baseline.
These results suggest that ALST becomes increasingly
beneficial under more challenging heterogencous

optimization conditions.
CIFAR-100 Convergence Curves
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Figure 1. Global test accuracy over communication rounds on
CIFAR-100. ALST maintains stable convergence behavior
comparable to fixed-work federated optimization baselines
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Figure 2. Efficiency—performance trade-off on CIFAR-100
measured by global test accuracy versus cumulative local
training steps. ALST achieves competitive predictive
performance with substantially reduced local computation

As shown in Figure 1, ALST maintains stable
convergence behavior throughout training despite
dynamically adjusting local training budgets. Although the
final test accuracy is slightly lower than FedAvg and
Fixed-E, the convergence trajectories remain smooth and
consistent across communication rounds without
exhibiting unstable optimization behavior.

Moreover, the convergence curves indicate that
substantial reductions in local computation can be achieved
without significantly sacrificing predictive performance,
highlighting the effectiveness of ALST under highly
heterogeneous federated settings.

5.2. Efficiency—Performance Trade-off

To further evaluate computational efficiency,
cumulative local computation and predictive performance
are analyzed on the CIFAR-100 dataset. The results
indicate that ALST substantially reduces unnecessary local
training effort while maintaining predictive performance
comparable to fixed-work baselines.

As illustrated in Figure 2, ALST achieves comparable

accuracy with significantly fewer accumulated local
training steps than FedAvg and Fixed-E. The relatively

small performance gap between the compared methods
suggests that ALST effectively improves computational
efficiency without noticeably degrading convergence
quality.
Adaptive Local Step Dynamics on CIFAR-100
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Figure 3. Average local training steps of ALST on CIFAR-100
across communication rounds. The adaptive tuning strategy
progressively reduces local computation under heterogeneous
optimization conditions

These observations further indicate that ALST achieves
a favorable efficiency-performance Pareto trade-off,
making the proposed framework suitable for resource-
constrained decentralized learning environments.

5.3. Adaptive Local Step Dynamics

To further examine the adaptive behavior of ALST, the
average local training budget is analyzed throughout
CIFAR-100 training. The results show that ALST
progressively reduces local computation as optimization
difficulty increases under heterogeneous federated
conditions.

As illustrated in Figure 3, the average local training
budget gradually decreases from the initial configuration
toward a more conservative optimization regime during
training. This behavior indicates that ALST autonomously
limits excessive local optimization effort while preserving
sufficient local training progress.

These observations suggest that ALST helps mitigate
unstable local updates under heterogeneous settings,
thereby improving both the efficiency and stability of
federated optimization.

5.4. EMNIST Results
Table 2. Experimental results on EMNIST

Method| Test Accuracy |Total Local Steps| Compute Saving

FedAvg| 0.9332 £0.0049 | 250.00 +0.00 0.00%

Fixed-E| 0.9376 +0.0047 | 250.00 = 0.00 0.00%
ALST | 0.9374 £0.0048 | 249.73 £0.15 0.11%

Table 2 summarizes the experimental results on
EMNIST under moderate heterogeneous conditions.
Compared with FedAvg and Fixed-E, the proposed ALST
framework achieves comparable predictive performance
while maintaining nearly identical local computation.

In particular, ALST slightly improves final test
accuracy compared with FedAvg while introducing
negligible differences in accumulated local training steps.
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These results suggest that the proposed adaptive
mechanism behaves conservatively under moderate
optimization difficulty, preserving stable convergence
without unnecessary local computation.

The quantitative results indicate that the adaptive
adjustment mechanism is activated only when necessary.
Since the optimization process on EMNIST remains
relatively stable throughout training, ALST performs
nearly the same amount of local computation as the fixed-
work baselines while maintaining comparable predictive
performance. This behavior demonstrates that the proposed
framework avoids unnecessary adaptation when local
optimization difficulty is limited.

As shown in Figure 4, the convergence curves on
EMNIST remain closely aligned across all methods
throughout training. Unlike CIFAR-100, no significant
divergence behavior is observed under this relatively less
challenging federated setting.

Moreover, the convergence trajectories suggest that
ALST does not destabilize federated optimization when
local optimization difficulty is relatively low. The minimal
performance differences among the compared methods
further indicate that ALST adaptively reduces its
intervention under moderate statistical heterogeneity,
thereby maintaining robustness and convergence stability
across different FL scenarios.

EMNIST Convergence Curves
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Figure 4. Convergence behavior on EMNIST.
ALST maintains stable convergence dynamics comparable to
fixed-work federated optimization baselines under moderate
heterogeneous conditions

5.5. Discussion

The experimental results suggest that ALST is
particularly beneficial under challenging heterogeneous
federated settings such as CIFAR-100, where excessive
local training can amplify client drift and computational
inefficiency. By dynamically reducing unnecessary local
optimization effort, ALST improves computational
efficiency while preserving stable convergence behavior.
In contrast, under relatively moderate heterogeneous
conditions, such as EMNIST, the proposed mechanism
behaves conservatively and maintains training dynamics
comparable to fixed-work baselines.

Another important advantage of ALST is its
lightweight client-side design. Unlike methods requiring
auxiliary  optimization  variables or  additional

communication rounds, ALST operates without
introducing extra communication overhead, making it
suitable for resource-constrained edge and IoT
environments. In addition, the drift indicators remain
entirely on the client side and are never transmitted to the
server, thereby preserving metadata privacy during
federated optimization.

Despite these promising results, several limitations
remain. First, the proposed adjustment strategy relies on
an empirical drift proxy estimated from local loss
variation rather than a formal theoretical measure of
optimization divergence. Although the proposed
adjustment strategy is heuristic, the experimental results
demonstrate consistent convergence behavior across both
moderate and  highly heterogeneous federated
benchmarks. Compared with gradient-based divergence
estimation, the proposed loss-based drift proxy incurs
minimal computational overhead because it requires only
scalar loss evaluation instead of explicit gradient norm
computation, making it more suitable for resource-
constrained edge environments.

Second, the current study focuses primarily on image
classification benchmarks and does not evaluate
deployment on real edge devices. Although EMNIST and
CIFAR-100 represent two federated benchmarks with
different optimization characteristics, additional evaluation
on larger-scale datasets and federated systems with more
participating clients would further strengthen the
generality of the proposed framework.

Future work will therefore investigate theoretical
convergence guarantees, adaptive parameter calibration
strategies, and broader evaluation on larger-scale
federated systems and real-world edge deployment
scenarios.

6. Conclusion

This paper proposed ALST, a lightweight client-
autonomous framework for regulating local optimization
effort in FL under heterogeneous data distributions. The
proposed method dynamically adjusts local training steps
based on an empirical drift proxy estimated from a
lightweight probe update while preserving communication
neutrality and metadata privacy.

Experimental results on EMNIST and CIFAR-100
demonstrate that ALST maintains stable convergence
while  reducing unnecessary local = computation
under heterogeneous federated settings. In particular,
ALST achieves a 23.09% reduction in total local
computation on CIFAR-100 while maintaining predictive
performance within approximately 0.14% of fixed-work
baselines.

The experimental analysis further indicates that ALST
becomes increasingly beneficial under more challenging
heterogeneous optimization conditions. While ALST
behaves conservatively on moderate heterogeneous
benchmarks such as EMNIST, the proposed framework
demonstrates a favorable efficiency-performance trade-off
on more difficult federated optimization tasks.
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Overall, these findings suggest that ALST is an
effective and practical strategy for improving the
computational efficiency and practicality of FL systems.
Future work will investigate theoretical convergence
analysis, adaptive parameter calibration, and deployment
in realistic edge computing environments.
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