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Abstract. Federated Learning (FL) allows multiple devices to collab-
oratively train machine learning models while keeping their raw data
private. However, in real-world scenarios, FL often struggles with unsta-
ble optimization and slow convergence. This is largely caused by het-
erogeneous client data, where both the data distributions and dataset
sizes vary significantly across devices. To address these challenges, we
propose FedDO, an adaptive federated optimization framework guided
by reinforcement learning. Instead of using predefined rules or binary
selection, FedDO formulates client coordination as a continuous con-
trol problem. Specifically, we employ a sample-efficient Distributional
Soft Actor-Critic with Three Refinements (DSAC-T) agent to dynam-
ically allocate a continuous data-usage ratio for each client per round.
This fine-grained adjustment effectively mitigates gradient drift. Further-
more, we introduce a low-rank parameterization technique to compress
the agent’s action space, ensuring scalability to thousands of clients. Ex-
tensive experiments on standard image classification benchmarks show
that FedDO consistently achieves higher accuracy and much faster con-
vergence than state-of-the-art FL baselines, especially under highly un-
balanced and heterogeneous data settings. Code is available at https:
//github.com/leafuan/FedD0_codel

Keywords: Federated Learning - Reinforcement Learning - Adaptive
Control

1 Introduction

Federated Learning (FL) enables collaborative model training across distributed
clients without sharing raw data, effectively addressing privacy and regulatory
concerns. This decentralized approach enhances data privacy by ensuring that
sensitive information remains localized while still enabling global model updates.
However, real-world FL systems face significant challenges due to both statistical
heterogeneity and scale heterogeneity. Statistical heterogeneity refers to the non-
independent and identically distributed (non-I1ID) nature of client data, meaning
that data across clients can have varying distributions, which can hinder model
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convergence. Scale heterogeneity, on the other hand, arises from uneven dataset
sizes across clients, leading to imbalances in the contribution of each client to
the global model. Consequently, clients with massive amounts of data can easily
dominate the training direction, overshadowing the critical but distinct knowl-
edge held by clients with scarce data. These factors significantly complicate the
optimization process, making it harder to obtain efficient and stable conver-
gence. Non-IID data cause gradient drift and client divergence [9], where the
global model struggles to represent the diversity of local client data, leading
to suboptimal performance. In addition, scale imbalance results in inconsistent
aggregation weights during model updates, creating oscillations and slower con-
vergence rates.

In dynamic environments where client availability and data characteristics
evolve over time, fixed participation rates or sampling rules often fail to maintain
model stability. This volatility exacerbates the challenge of achieving robust
convergence [28|. Foundational algorithms like FedAvg [24] are highly sensitive
to these heterogeneous conditions, frequently resulting in slow and unreliable
convergence. Therefore, there is a strong need for an adaptive, round-level control
mechanism that can dynamically assign client data-usage ratios to mitigate the
imbalances and stabilize the optimization process.

Existing approaches have explored the use of reinforcement learning (RL) to
enable adaptive control in FL systems. RL offers a promising framework for op-
timizing client selection and data utilization, as it is capable of learning dynamic
strategies through interaction with the environment. For example, RL has been
applied to guide client selection in FL [31}/38]. These approaches demonstrate
that RL agents can capture temporal patterns and client-specific dynamics, mak-
ing them well-suited for optimizing decision-making processes in distributed
systems. However, while these works show the potential of RL in FL, most
RL-FL frameworks treat client selection as a binary decision—selecting or re-
jecting clients for each round—without considering the continuous nature of the
data usage ratio. This limitation prevents such methods from effectively address-
ing issues related to data-scale imbalance and the diversity of local datasets |37].
Additionally, many existing RL-FL frameworks rely on on-policy RL algorithms,
which are inherently less sample-efficient and require frequent online interactions
to train the RL agent. This results in high communication overhead and further
contributes to instability, as on-policy methods often require large amounts of
data to converge effectively [26]. As a result, these methods struggle to provide
stable and efficient adaptation, particularly under non-IID, asynchronous, and
noisy conditions. Thus, while the potential for RL to enable fine-grained adap-
tive control in FL is clear, the problem remains largely unsolved, especially when
dealing with real-world, complex FL settings.

We propose FedDO, a dynamic federated learning framework that lever-
ages reinforcement learning to adaptively control the optimization process in
heterogeneous environments. In each communication round, an RL agent jointly
controls both client selection and the data usage ratio of each selected client, en-
abling fine-grained adjustment of contribution strength according to data scale,
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distribution, and recent performance. This joint and continuous control mecha-
nism allows FedDO to balance participation among heterogeneous clients, miti-
gate gradient bias caused by unbalanced data, and stabilize global convergence
across rounds. In addition, the agent adaptively adjusts the utilization of local
data within each training round, achieving an implicit trade-off between compu-
tation efficiency and statistical representativeness.

To achieve this adaptive control, FedDO adopts the Distributional Soft
Actor—Critic with Three Refinements (DSAC-T) [6] as its policy-learning
backbone. DSAC-T is an off-policy deep reinforcement learning (DRL) algorithm
that efficiently reuses historical transitions for policy updates while supporting
continuous action spaces. Its distributional critic models the full return distri-
bution rather than only expected Q-values, providing uncertainty-aware value
estimation, while the twin-critic architecture reduces over-optimistic bias and
enhances training stability. Compared with conventional SAC [11]| or PPO [29]
methods, DSAC-T achieves superior stability, sample efficiency, and robustness
under stochastic or noisy reward settings, making it particularly well-suited for
the communication-limited and non-stationary nature of FL. Overall, FedDO
integrates these strengths to realize a practical and scalable adaptive-control
mechanism that dynamically coordinates client participation and data usage
under highly heterogeneous and evolving environments.

Our main contributions are summarized as follows:

— We propose a novel adaptive control framework for federated optimization
that treats the data usage ratio as a continuous control variable, jointly
optimized with client selection to alleviate data-scale heterogeneity.

— We integrate the DSAC-T algorithm as a sample-efficient and stable DRL
agent, enabling reliable decision-making under communication and statistical
constraints.

— Extensive experiments on FashionMNIST, CIFAR-10, CIFAR-100, and Tiny-
ImageNet demonstrate that FedDO substantially accelerates convergence
and achieves higher final accuracy than strong baseline methods.

2 Related Works

Heterogeneity. Federated learning inherently suffers from heterogeneity, where
clients possess non-IID data, varying dataset sizes, and class imbalances. Such
disparities degrade convergence speed and global accuracy. Optimization solu-
tions mitigate client drift or objective inconsistency, such as FedProx [21], SCAF-
FOLD [16], and FedDyn [1], which stabilize local updates through regularization
or dynamic adjustments. Clustered FL frameworks [10] further group clients by
data similarity to reduce gradient conflicts and stabilize global updates, espe-
cially when distributions exhibit strong multimodal structures. Personalized FL
extends this line by tailoring models to individual client distributions, typically
via meta-learning [8], shared representations [3|, or ensemble-based aggrega-
tion |2], thereby capturing client-specific patterns without sacrificing collabora-
tion benefits. Representation alignment [20] and prototype sharing [4] strengthen
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generalization under class imbalance by harmonizing global and local feature
spaces and reducing feature drift across heterogeneous clients. In addition, fair-
ness in FL aims to equalize performance among clients by mitigating disparities
induced by skewed data or device resources. Agnostic FL [25] optimizes the
worst-case client loss, while FairFed [7] explicitly adjusts aggregation weights to
balance group accuracies and ensure equitable contributions. More recent works
pursue multi-dimensional fairness across data quality and network conditions,
such as FedLF |27], FedISM 33|, and FedTrade [12], integrating fairness objec-
tives with robustness and personalization to better handle real-world deployment
constraints.

Adaptive Control. Recent advances employ reinforcement learning to en-
able adaptive control and automation in FL. Instead of relying on fixed heuris-
tics, RL formulates client selection, scheduling, and aggregation as sequential
decision-making processes, allowing agents to learn optimal strategies over time.
Multi-agent RL approaches [32}/38] dynamically choose clients according to con-
tribution, latency, and energy constraints, significantly improving convergence
under system heterogeneity. RL-driven schedulers further optimize communica-
tion efficiency by adjusting aggregation timing and update frequency based on
model staleness |22]. Server-side RL controllers, such as in FedAA [13], adapt ag-
gregation weights to maintain robustness and fairness in non-IID environments.
Compared with heuristic selection policies like Oort [18], these learning-based
frameworks achieve fine-grained, self-tuning coordination between clients and the
server, balancing accuracy, fairness, and communication overhead. Overall, RL
provides a flexible mechanism to orchestrate federated optimization dynamically,
bridging system and data heterogeneity in large-scale deployments.

3 Method

3.1 Problem Statement

We consider a FL system with K clients, where each client k£ holds a private lo-
cal dataset Dj. In each communication round ¢, the server broadcasts the global
model w; and assigns a data usage ratio d¥ € [0,1] to every client. Based on
this ratio, client k randomly and unbiasedly selects a subset SF C D, for local
training, and clients with d¥ > 0 constitute the participating set KC;. After per-
forming local updates on SF, participating clients return their updated models
wr to the server. Let S; = Upex,SF denote the union of all selected samples,
and let £(-) denote the per-sample loss function. The server aims to minimize
the global loss over participating clients. Formally, the FL objective in round ¢
is formulated as

n&}itn {F(wt) = F1t| Z l(wy; 5)},

EES:

w1
.T. t = S Wy -
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3.2 The Agent based on DSAC-T

To adaptively regulate the training process and improve federated optimization
efficiency, we treat the FL server as a DSAC-T agent that continuously inter-
acts with the learning environment. At each communication round, the server
observes the system state, which reflects the global model condition and the
behavior of participating clients. Based on this state, the agent determines an
action specifying how much data each client should use for local training. The
selected actions are then broadcast to clients, enabling adaptive data usage in
every round. In the following, we describe the state space, action space, and
reward function used by the agent.

State: The state at round ¢ captures both the current global model and the
training dynamics across clients:

— 1 2 K

St = (W, 05,05, ...,0; ). (2)

Here w; denotes the global model parameters, while of = ||wF — w;|| measures
k

the parameter drift of client k relative to the global model. The deviation o}
reflects the combined effect of statistical heterogeneity and the strength of local
updates, indicating how well each client’s update aligns with the global opti-
mization direction.

Action: Given the state s, the agent outputs a continuous action vector

ap = (d}, d?, ..., df), (3)

where d¥ € [0,1] represents the proportion of local data used by client k in
round t. This action directly controls the construction of training subsets SF
and implicitly adjusts the participation intensity of each client. The continuous
nature of the action space allows the agent to finely tune the workload distri-
bution across clients, enabling adaptive and nuanced control over the federated
training process.

To keep the state practical and reproducible, FedDO does not feed raw global
weights into the RL networks. Instead, it converts the global model into a com-
pact global summary and combines it with client-wise drift features that measure
how far each client is from the current global model. These client drift features
are consistently normalized within each round so they are comparable across
clients and over training rounds. As a result, the actor and critics use a fixed-
size, stable state vector rather than an infeasible high-dimensional weight input.

Reward: To reflect the effectiveness of each action on global learning
progress, we design a reward based on the change of model accuracy between
consecutive rounds. Let ¢; denote the accuracy of the global model evaluated
on a held-out server validation set after round ¢. The reward is defined as

E(¢t—¢t—1) > b,
”:{ . b= b )

—E@am0d g <y

where = is a shaping coefficient that controls the sensitivity to accuracy changes,
and set to 64 in our experiments. For the first round, no historical accuracy is
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available, the reward is initialized directly from the current accuracy as r; =
Z %1, which provides a consistent baseline for subsequent reward shaping. The
reward design encourages the agent to promote steady improvements in model
performance while penalizing degradation, guiding the training toward faster
and more stable convergence.

3.3 Workflow of FedDO

Fig. [I] illustrates the overall workflow of FedDO. The entire process consists of
one initialization step, a local update performed on all clients, and a repeated
sequence of two steps in each communication round:
Step 1: All K clients register with i

the FL server. The server initializes the @ 9‘ @ 00 @
global model wjy;; and prepares the DSAC- _ B Initalization

T agent. Each client downloads the initial- @ 9‘ o aw‘:kt-o {wl |k € [K]}
ized global model wjyi;. All clients then per- “ i

()
form local updates and upload the updated v
models {w} | k € [K]} to the server.
Step 2: The server aggregates the up- (k| ke Ko}
loaded models to obtain the new global ’ '
model w; and computes the deviations of
for all clients k € [K]. The DSAC-T agent '
constructs the system state s; and outputs
the data-usage ratios a; for the next round. .
{ws | k€ Ks}
Step 3: In round ¢, where t = 1,2,..., o
)

clients with positive data-usage ratios per-
form local training on their sampled sub-
sets and upload the updated local models
{wf, | | k € Ki} to the server.

Step 4: The server aggregates the received models to obtain w;11 and com-
putes the deviations of ;. The DSAC-T agent encodes these deviations into the
new system state s;4; and produces the action a;4; representing the data-usage
ratios.

Steps 3—4 are repeated until the target accuracy or the communication budget
is reached. In this loop, each round t proceeds as follows: clients upload local
models, and the server aggregates them to obtain w;. The server then forms the

Fig.1: The operational workflow of
FedDO.

state s; = (wy, 0;, . ..,0K) with of = ||wF —w||. The actor outputs a continuous
action a; = (d},...,d), clients with d¥ > 0 participate in local training, and

the returned models are aggregated into w4 1.

3.4 Training the Agent

As illustrated in Fig. 2] the DSAC-T agent in FedDO forms a closed training
loop between the actor and twin critics, where the critics evaluate the value
distribution of federated actions and the actor refines the data usage policy
accordingly.
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During training, the DSAC-T agent continuously interacts with the federated
environment to refine its policy toward maximizing long term global accuracy
gains. The agent seeks a stochastic policy my(als) that maximizes the expected
soft return, defined as the cumulative reward regularized by entropy. This ob-
jective encourages exploration while preventing the policy from collapsing into
deterministic patterns, ensuring robustness in heterogeneous federated settings.
Formally, the underlying maximum-entropy RL objective can be written as

!

J(mp) =B, [ 07" (e + a(my (1s0)) |, (5)

t=0

where 7y is the discount factor and « controls the entropy regularization strength.
This objective characterizes the desired behavior of the agent, and the subse-
quent DSAC-T updates provide a tractable way to optimize it from replayed
transitions.

To stabilize target generation, a
pair of slowly updated target net-
works, @; for critics and ¢ for £
the actor, are maintained alongside ﬁ* Globat Mol
their online counterparts. These tar- | U C ¥ 2. 9:» @
get networks are softly synchronized | 9 ! @},% @}% 94”’ wen
with a moving average rate 7 after = ®4 v v 0~
each update step. R

In each training iteration,
the agent samples transitions Fig. 2: The DRL agent training process.
(8¢, at, Tt, St4+1) from the replay buffer
B. For each pair (s, a;), two critic networks output independent value distribu-
tions Zg, (s, ar) = N(Qp, (st,a1), 05, (51, a4)), i € {1,2}, where Qq, estimates the
expected soft return and oy, reflects its uncertainty. Given the next state s;y;
and action a;y1 ~ 7;(:|s¢41), the critic with the smaller mean value provides
the target for both networks. The twin Value Distribution Learning suppresses
over-optimistic estimation and stabilizes training. The expected-value substi-
tution further reduces gradient noise by coupling distributional and expected
targets:

Reward T
{

DRL Agent

of State Ty (als) Action

Next State S¢+1

y;nm =Tt + 7(Q§;(8t+17at+1) —alog W@(at+1\8t+1)) ) (6)
Yot =y + ’Y(Zé:(stﬂa ai1) — alOgﬂzﬁ(at+l|5t+1)) ) (7)

with ¢ = arg min; Qg (S¢41, ar+1). Each critic minimizes the distributional Bell-
man error using yf]m“ to anchor the mean and y™" to preserve the vari-
ance structure of the target distribution. A variance-aware clipping boundary
C(y=in; b) = clip(y™™®, Qq, — b, Qp, + b) is applied to suppress unstable devia-
tions, where b = £ Egloy,] tracks uncertainty through a moving average.

To compensate for different reward magnitudes, the critic objective is
weighted by a variance-based factor w;. We define w; = Eg [agi], yielding the
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scaled distributional loss
J?ale(ai) = Wwj E(s,a)NB [DKL (yglin || 291 (57 a’))] . (8>

Weighting w; aligns the critic update magnitude with the return variance,
making the learning process inherently insensitive to the absolute scale of the
reward. Consequently, in FedDO, the exponential base = in the reward function
merely modulates the relative sensitivity to accuracy changes, while its exact
value has negligible influence on training stability.

Once the critics converge, the actor is updated to maximize a soft value
surrogate that is consistent with the maximum-entropy objective in Eq. .
Following the DSAC-T formulation, the actor parameters are optimized by

T ($) = Bis s min Qo (5,0) — alogmy(als)| ©)

which serves as a sample-based approximation of J(my) and encourages actions
yielding higher soft returns while preserving adequate stochasticity.

Through the iterative process, the DSAC-T agent in FedDO learns an adap-
tive data-usage strategy across clients, achieving steady convergence of the global
model while minimizing redundant communication.

4 Experiments

4.1 Experimental Settings

We implement and integrate FedDO on top of the standard FedAvg framework.
Unless otherwise specified, all experiments assume a total of 100 clients. To en-
sure fair comparison, all participating clients use the same batch size and perform
an identical number of local training epochs. For all federated learning methods
involved, we adopt a unified optimization setup using stochastic gradient descent
(SGD) with a learning rate of 0.01, momentum of 0.9, and a weight decay of
1 x 107, All experiments are conducted on an Ubuntu multi-GPU workstation
equipped with an Intel Xeon CPU, 256 GB RAM, and NVIDIA RTX 4090 GPUs.
Dataset. We evaluate our method on four widely used visual classification
datasets: CIFAR-10 [17], CIFAR-100 |17], FashionMNIST [34], and Tinylma-
geNet [5]. To systematically examine the behavior of FedDO under different
levels of data heterogeneity, we adopt three distribution settings: IID and non-
IID partitions generated by a Dirichlet distribution, denoted as Dir(«) with
a € {0.1,0.5}. Smaller values of « correspond to stronger label and sample skew
(higher heterogeneity); and the IID case serves as the uniform baseline.
Model. We evaluate three representative convolutional architectures for im-
age classification: a lightweight CNN, the mid—depth residual network ResNet-
18 |14], and the deeper sequential model VGG-11 [30]. The CNN follows the
classical baseline commonly adopted in FedAvg, consisting of two convolu-
tion—pooling blocks followed by fully connected layers. Both ResNet-18 and
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VGG-11 use their standard configurations from the official PyTorch model
repository, with only the final classification head replaced to match the number
of classes for each dataset.

Baseline. We compare FedDO with seven representative federated learning
baselines covering the main techniques for mitigating heterogeneity, including
classical aggregation, contrastive regularization, dynamic regularization, label-
shift calibration, knowledge distillation, cross-model collaboration, and adaptive
aggregation. The configurations of all baselines are summarized as follows.

— FedAvg [24] is the classical federated averaging framework, where the server
aggregates local model updates via weighted averaging in each communica-
tion round.

— MOON |20] introduces a contrastive objective between the global model
and each client’s historical model to alleviate representation drift.

— Oort [18] adopts an exploration-exploitation based client selection strategy
to balance statistical utility and system efficiency.

— FedLC [36] mitigates label distribution skew by calibrating model logits
according to client-specific class-frequency statistics.

— FedNTD (19| adopts a not-true distillation strategy to reduce inter-client
model discrepancies through knowledge distillation.

— FedCross |15] is a cross-model collaborative aggregation method that lever-
ages pairwise model similarity for collaborative optimization.

— FedAA [13] employs deep reinforcement learning to adaptively select partic-
ipating clients and optimize aggregation weights for robust and fair federated
optimization.

For all baseline methods, we follow the recommended hyperparameter set-
tings reported in their original papers. We implement all federated learning meth-
ods using the PFLIlib Benchmark [35].

4.2 Experiment Results

Training the DRL Agent We train a separate DRL agent on each of the four
datasets, allowing the policy to specialize to the distinct statistical characteristics
and optimization trajectories of different FL tasks. To ensure computational
efficiency and maintain a fair basis for cross-dataset comparison, all agents are
implemented with an identical network architecture.

(a) FashionMNIST (b) CIFAR-10 (c) CIFAR-100 (d) TinyImageNet

Fig. 3: Training convergence curves of the DRL agents on four datasets.
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Although lightweight, this architecture incorporates representative design el-
ements from CNN, ResNet-18, and VGG-11 to balance expressive capacity and
training stability. Specifically, it adopts VGG-style double convolutional blocks
with max pooling to capture local spatial patterns, introduces residual connec-
tions at strategically selected layers to alleviate gradient degradation in deeper
stages, and applies adaptive average pooling followed by a compact fully con-
nected classification head to preserve feature consistency across datasets of vary-
ing input dimensions.

Fig. B]illustrates the training dynamics of the DRL agent on three represen-
tative FL tasks. Each agent is trained for 200 iterations, where each iteration
corresponds to a complete federated learning cycle—from initializing the global
model, performing round-by-round client participation and data-usage control,
to terminating once the predefined target accuracy is achieved. This formulation
enables the agent to observe the entire trajectory of a federated optimization
process and learn policies that generalize across different levels of data hetero-
geneity. The target accuracies for the four datasets are set as follows: FashionM-
NIST: 0.95, CIFAR-10: 0.55, CIFAR-100: 0.45, and TinyImageNet: 0.30. These
thresholds reflect the typical achievable performance under heterogeneous client
settings and define a unified stopping criterion for evaluating DRL-guided FL

optimization.

(a) FashionMNIST with ResNet-18 (b) CIFAR-10 with CNN

Fig. 4: Test Accuracy vs. Communication Rounds on FashionMNIST and CIFAR-10

(a) CIFAR-100 with VGG-11 (b) TinyImagenet with CNN

Fig. 5: Test Accuracy vs. Communication Rounds on CIFAR-100 and TinyImagenet

Performance Comparison FedDO consistently outperforms all baseline
methods across various models, datasets, and heterogeneity settings. As shown
in Tab. [[J in non-IID conditions, FedDO achieves a significant and stable
accuracy improvement over all baselines. For example, on TinylmageNet, it
outperforms the best baseline by more than 20-30 percentage points. In more
challenging datasets like CIFAR-10/100, FedDO maintains its superiority across
different values of «, with the advantage becoming more prominent as hetero-
geneity increases, demonstrating its strong adaptability to client distribution
skew. On relatively simpler datasets like FashionMNIST, FedDO approaches
saturation while still maintaining a lead over all methods. Even in IID environ-
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Table 1: Top-1 accuracy of baseline methods and FedDO under non-IID and IID data
partitions.

Heterogeneity Acc. (%)
Setting FedAvg MOON Oort FedLC  FedNTD  FedCross  FedAA FedDO

a=0.1 83.66 4 1.49 74.00 £ 10.10 84.29 + 0.60 82.96 £ 1.83 83.78 4 1.32 84.75 4 0.31 75.53 + 1.86 87.49 £+ 0.07
FashionMNIST o =0.5  83.524+2.76 80.48 4+ 1.95 82.99 £ 1.67 83.48 4 2.31 84.53 £ 1.22 84.57 £ 0.69 76.58 + 1.48 97.34 + 0.01
11D 90.80 4 0.20 90.77 £ 0.14 91.06 £ 0.09 90.16 £ 0.21 90.74 = 0.23 89.35 & 0.03 89.88 & 0.03 90.99 + 0.02

a=0.1 66.56 +0.72 46.19 & 3.81 70.78 £ 0.27 67.83 £ 0.08 59.51 =+ 0.43 55.68 & 1.27 50.76 4+ 0.10 71.36 + 0.10

CIFAR-10 a=0.5  56.88+£4.60 46.89 £4.04 34.08 + 3.26 56.23 £ 1.93 59.52 & 0.69 63.28 + 0.67 43.39 £ 2.11 89.70 + 0.05

CNN 11D 64.31+0.06 62.76 & 0.24 63.98 £ 0.09 64.51 £ 0.15 66.13 & 0.07 59.25 & 0.07 57.10 & 0.05 67.03 + 0.08
a=0.1 28.924+0.06 26.41 £ 0.35 25.71 £ 0.32 27.98 £ 0.18 28.93 £ 0.12 49.81 £ 0.05 20.22 + 0.21 50.14 + 0.15

CIFAR-100 a=0.5  26.65+0.18 24.82 £0.47 25.17 £ 0.53 27.02 £ 0.32 27.86 & 0.19 50.92 £ 0.06 19.12 £ 0.23 53.44 + 0.21

11D 23.4440.16 22.50 £ 0.15 22.88 £ 0.16 24.29 £ 0.03 25.91 £ 0.06 31.44 & 0.03 19.61 & 0.06 32.39 + 0.14

a=0.1 12.01+£0.18 10.69 4 0.43 12.49 £ 0.05 11.96 £ 0.15 14.44 4 0.06 12.98 + 0.02 9.47 +0.10 32.45 £+ 0.04
TinyImageNet a=05 11.81£0.13 10.11 £0.39 11.94 +0.18 12.98 £ 0.03 14.57 £ 0.05 13.54 £ 0.05 9.42 £0.13 33.17+0.16
IrD 10.81 £0.08 8.854+0.09 10.2240.13 10.52 4+ 0.03 6.50 & 0.08 8.21+0.05 6.54 £0.05 12.59 & 0.04

a=0.1 9530£0.32 80.87 £3.79 65.34 +2.01 95.79 £ 0.22 83.51 £ 0.77 94.90 + 0.02 67.87 £ 0.61 97.68 + 0.03
FashionMNIST o =0.5  95.83+0.07 82.3544.39 63.85 + 0.42 96.26 4 0.16 87.28 + 1.21 95.34 £ 0.04 72.21 + 0.58 97.69 + 0.01
11D 90.69 +0.09 90.61 +0.06 92.11 £ 0.03 90.77 £ 0.05 91.10 + 0.10 88.23 £ 0.04 91.00 + 0.06 92.11 + 0.03

a=0.1 55.75£4.16 54.18 £1.27 59.25 +0.25 66.42 £ 0.04 53.54 & 1.19 82.50 £ 0.17 42.89 £ 1.92 83.24 + 0.10
CIFAR-10 a=0.5 87.08+0.36 65.9244.89 22.75 £ 4.48 69.99 £ 3.44 72.79 & 2.86 85.27 + 0.46 54.09 £ 0.61 88.26 £ 0.10
ResNet-18 11D 66.07+0.13 67.03 +0.08 66.24 £ 0.21 68.19 & 0.06 68.38 + 0.13 75.06 £ 0.03 57.70 + 0.33 77.03 + 0.08

a=01 2389£0.29 24.22£0.20 23.48 +0.26 27.62 £ 0.25 27.30 & 0.14 26.25 + 0.09 19.20 £ 0.16 31.65 = 0.04
CIFAR-100 a=0.5 19.74 £ 0.59 22.09 4 0.45 24.09 £ 0.34 19.83 £ 0.88 20.65 4 0.50 17.15 + 0.11 19.16 £ 0.15 26.61 £ 0.20
11D 32.374+0.32 31.32£0.09 33.21 £ 0.06 33.08 & 0.05 36.03 £ 0.10 32.65 £ 0.06 27.65 +0.14 37.87 + 0.01

a=0.1 11.11+0.15 11.90 £ 0.11 11.34 £0.10 10.84 £ 0.27 18.49 4 0.13 13.89 = 0.06 8.30 +0.07 22.02 £0.23
TinylmageNet a=0.5 10.42 +0.05 12.36 4 0.09 11.01 £ 0.16 20.47 £ 0.02 15.17 4 0.49 30.48 + 0.10 8.1240.07 31.22 £ 0.11
11D 17.154+0.07 15.54 4 0.10 15.82 £0.12 18.29 £ 0.05 19.73 & 0.17 16.65 = 0.10 8.95+0.12 20.01 £ 0.06

Model Dataset

a=0.1 77.96 £ 1.38 40.52 £ 4.52 38.05 4 1.57 74.84 +4.29 76.11 £ 1.60 74.06 £ 0.09 60.17 £ 2.16 90.65 + 0.02
FashionMNIST o =0.5 7229+ 2.11 55.08 & 1.94 40.20 & 2.24 81.81 & 2.47 72.53 + 3.94 74.13 4 0.36 51.92 £ 1.56 94.63 + 0.01
11D 91.11 4+ 0.06 90.79 £ 0.10 92.06 £ 0.17 91.00 £ 0.05 90.60 = 0.04 89.67 & 0.03 89.40 & 0.21 92.49 + 0.05

a=0.1 75.11 £ 1.77 69.58 £ 2.66 64.44 4 0.59 88.55 + 0.03 76.72 £ 0.54 71.90 £ 0.36 46.05 £ 1.95 81.76 + 0.08
CIFAR-10 a=05 7867+1.30 35.74 £3.24 14.66 +2.96 76.28 £ 2.15 65.05 & 1.54 71.75 £ 0.11 29.38 £ 1.53 90.35 + 0.14
VGG-11 11D 78.54 £ 0.20 79.69 £ 0.19 80.27 4 0.29 78.73 & 0.30 81.80 £ 0.10 73.06 £ 0.04 69.35 £ 0.25 82.37 & 0.07

a=0.1 31.3740.20 22.07 £0.52 12.98 £ 0.61 27.27 £ 0.35 22.55 & 0.30 47.15 £ 0.09 11.29 + 0.59 61.92 + 0.15
CIFAR-100 a=0.,5  26.86%+0.07 24.66 4+ 0.33 12.89 £ 0.42 26.78 £ 0.15 27.87 +0.19 46.12 = 0.10 9.19+1.48 61.34 £ 0.09
11D 44.18 £ 0.12 35.18 - 0.24 37.30 £ 0.38 37.71 £ 0.66 40.91 & 0.55 38.85 & 0.15 27.98 4 0.27 44.84 + 0.06

a=0.1 6.92+0.54 10.41+0.12 3.75+£0.23 6.62+£0.34 597+0.41 11.61 £0.17 5.91 £0.05 14.73 & 0.09
TinyImageNet a=0.5 6.55+0.36 8.35+0.22 4.14+£022 7.02£0.21 6.62+0.24 13.91+£0.06 4.13 £0.22 15.10 = 0.29
11D 21.8540.19 20.28 £ 0.64 13.27 £ 0.34 18.93 £ 0.55 19.24 4 0.46 18.71 £ 0.12 7.62 4+ 0.50 24.14 £+ 0.07

ments, where the performance gap naturally narrows, FedDO remains the best
or tied for the best, indicating that its benefits arise not solely from compensat-
ing for heterogeneity, but from a fundamentally more stable and efficient global
optimization mechanism.

As shown in Figs. [ and 5] FedDO consistently accelerates global convergence
and achieves higher final accuracy across all datasets and model architectures.
In the early communication rounds, the FedDO curves climb much more steeply
than those of all baselines, indicating that the learned control policy quickly
identifies effective participation and data-usage strategies, especially under the
highly non-IID Dir(0.1) setting where several competing methods exhibit slow
progress or even visible stagnation. As training proceeds, FedDO maintains a re-
markably smooth and steadily increasing trajectory, while other methods often
show pronounced oscillations or premature plateaus, reflecting their sensitiv-
ity to gradient drift and client imbalance. This advantage becomes particularly
evident on the more challenging CIFAR-100 and Tiny-ImageNet tasks, where
FedDO continues to make substantial gains after baselines have largely satu-
rated, but it also persists in the mildly non-IID and IID cases, where FedDO
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reaches the accuracy ceiling earlier and with fewer fluctuations. Taken together,
these learning curves demonstrate that FedDO not only improves the ultimate
accuracy but also stabilizes the entire optimization process, providing robust
and adaptable behavior under varying degrees of data heterogeneity.

Tab. @l summarizes the commu-

nication rounds and accuracies re- L
Table 2: Communication rounds R and

quired to reaCh, the target accuracy accuracy (Acc, %) needed to reach the tar-
on CIFAR-10 with ResNet-18, reveal- get accuracy on CIFAR-10 with ResNet.
ing a clear and consistent advantage FRach cell shows (R, Acc); > denotes the
of FedDO across all data-partition method failed to reach the target within
settings. Under the most heteroge- the 1000 rounds and use the best accuracy
neous configuration, Dir(0.1), FedDO achieved.

attains the target accuracy in only Method Dir(0.1) Dir(0.5) 11D
344 rounds, whereas every baseline _Target 714 87.6 66.6
except FedCross fails to reach the FedAvg (>, 55.7) = (784, 87.7) (>, 66.2)

o MOON (>, 14.5) (>, 37.3) (773, 67.1)
target within 1000 rounds, demon- — oot (>, 50.35) (>, 24.1) (>, 66.4)
strating that FedDO accelerates con-  FedLC (>, 66.42) (>, 71.7) (639, 68.1)
vergence by more than a factor of geggTD ((7;9 584;2) E>» ;g% Eg;? Sgg;
. . edCross , 82, >, 89. y (0.
two while preserving accuracy. Under FedAA (=, 42.0) (= 547) (>, 57.1)

Dir(0.5), FedDO again shows a pro-  peqpo (344, 71.5) (429, 87.8) (476, 67.4)
nounced advantage, among the base-

lines that eventually converge, only FedAvg reaches the target, taking almost
twice as many rounds as FedDO and still offering no accuracy benefit. In the
IID setting, where most methods typically behave more similarly, FedDO still
maintains a meaningful lead. It reaches the target accuracy in 476 rounds and
achieves 67.4%, outperforming all baselines in both efficiency and final accuracy.
The results in Tab. ] demonstrate that FedDO not only converges substantially
faster but also attains consistently higher or comparable accuracies. These im-
provements underscore the robustness and optimization stability of FedDO, par-
ticularly in challenging non-IID regimes where classical FL algorithms struggle
to maintain reliable progress.

EES FedAvg [E=S1 MOON =1 Oort SN FedlC =1 FedNTD BN FedCross [ FedAA EEEN FedDO

1000 4 2

‘Time Cost(min)
Energy Consumption(Unit)

dir_0.1 dir_0.5 dir_0.1 dir_0.5

Data Distribution Data Distribution

Fig. 6: Time and Energy Cost on CIFAR-10 with ResNet

Under the settings in Tab. 2] we further evaluate the deployment efficiency of
different methods by measuring the wall-clock time and total energy consump-
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tion during online federated optimization required to reach the target accuracy.
For methods that fail to reach the target, we instead report the time and energy
consumed until convergence. For FedDO, the reported results exclude the one-
time offline DRL policy learning cost and only account for the online deployment
stage. The total energy consumption is estimated following |23|, including both
local computation energy and communication energy. Specifically, the computa-
tion energy depends on the amount of local data processed and the computing
frequency, while the communication energy is determined by the transmission
power and upload duration. As shown in Fig.[6] the reported results focus on the
online deployment stage. While FedDO incurs a one-time offline policy learning
cost, this cost is independent of subsequent federated optimization and can be
amortized across repeated deployments. During online execution, the learned
policy adaptively controls the client-side data usage ratio, reducing redundant
computation and unnecessary communication. Consequently, FedDO achieves
competitive time and energy efficiency across all data distributions, with partic-
ularly significant gains under the highly heterogeneous Dir(0.1) setting. Together
with the substantial reduction in communication rounds shown in Table 2] these
results demonstrate the practical deployment efficiency of FedDO.

Exploration on DRL Agent As shown in Fig. [7] the DRL agent in FedDO
quickly transitions from early-stage exploration to a stable, dataset-aware deci-
sion pattern. For data usage, all three curves exhibit only brief fluctuations in the
first few rounds before converging to distinct steady levels that reflect the degree
of statistical heterogeneity: Dir(0.1) consistently maintains the highest average
data usage, followed by Dir(0.5), while the IID case converges to the lowest level.
This suggests that under severe distribution shift, the agent allocates more local
data to each selected client to mitigate gradient drift and improve the stability
of global updates, whereas more homogeneous settings require less local compu-
tation.

Average Data Usage
o o o
@ I »
( 333
88
Number of Clients

50 100 150 200 250 300 350 400 50 100 150 200 250 300 350 400
Communication Rounds Communication Rounds

(a) Average data usage. (b) Number of participating clients.
Fig. 7: DRL Agent Exploration on CIFAR-10 with VGG.

The number of participating clients exhibits the opposite yet complementary
trend. The agent stabilizes at a relatively small client subset under Dir(0.1),
a moderate participation level under Dir(0.5), and the largest and most stable
client set under IID. Together with the data-usage trends, these results show that
FedDO automatically balances aggregation quality, communication efficiency,
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and client representativeness: stronger heterogeneity favors fewer but more “in-
tensive” clients with larger data budgets, whereas the IID setting involves more
clients while assigning less data to each. Overall, the learned policy effectively
captures the trade-off between client participation and data usage under different
heterogeneity levels, leading to stable and efficient control.

Scalability In real-world federated learning systems, it is common to concur-
rently involve hundreds or even thousands of clients. Under such settings, the
Actor in DSAC-T is required to output an action vector whose dimension equals
the number of clients (K'), while the Critic must process a high-dimensional con-
catenated input. As K increases, the parameters of the Actor’s final layer and
the Critic’s first layer grow approximately linearly with K, leading to substan-
tial computational overhead and optimization instability. This inherent scaling
behavior constitutes the primary bottleneck in terms of scalability.

To address this issue, we adopt
a parameterized restructuring strategy
to reduce the model size. Specifically,
we apply low-rank projection to com-
press the high-dimensional input rep-
resentation and perform low-rank fac-
torization on the output mapping. The K  Acc Para Acc Para
modification does not alter the DSAC- 199 90.62 0.93M 90.29 0.74M (120.4%)
T architecture itself; on the contrary, it 500 91.03 2.26M 89.27 1.28M (143.4%)
introduces a more compact parameter- 1000 89.78 3.96M 89.55 1.95M ({50.8%)
ization of the high-dimensional map- 2000 88.51 7.25M 85.96 3.47M ({52.1%)
pings. As shown in Tab. [3] evaluated
on FashionMNIST with VGG-11 under the IID setting, the total number of
parameters (Para) is significantly reduced. A slight decrease in accuracy is ob-
served, which can be attributed to the low-rank constraint limiting the expressive
capacity of the model to some extent by reducing its degrees of freedom.

Table 3: Impact of parameterized restruc-
turing on model size and accuracy across
varying numbers of clients.

Original Low-Rank

5 Conclusion

In this paper, we proposed FedDO, an adaptive federated learning framework
that employs a DSAC-T RL agent to mitigate statistical and scale heterogeneity
among clients. By assigning continuous data-usage ratios to determine optimal
client participation in each round, FedDO dynamically reduces gradient con-
flicts and stabilizes global model convergence. To ensure scalability to thousands
of clients, we further integrate a low-rank projection module to significantly
compress the agent’s parameters. Comprehensive experiments demonstrate that
FedDO consistently outperforms existing baselines, achieving faster convergence
and higher accuracy across varying degrees of data heterogeneity. Future work
will explore extending the FedDO framework to asynchronous federated learning
environments and integrating advanced privacy-preserving mechanisms.
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