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Abstract

Multi-label text feature selection aims to identify compact and discriminative feature sub-
sets for documents associated with multiple correlated labels. In federated environments,
this task is further complicated by high-dimensional search spaces, non-independent
and non-identically distributed data, complex label dependencies, and the requirement
that raw feature and label data remain local. To address these challenges, this paper
proposes the Federated Anchor-Guided Frequency-Domain Optimization Algorithm (Fed-
AGFDO), a federated multi-label text feature selection framework. At each client, the
Anchor-Guided Frequency-Domain Optimization (AGFDO) module transforms the en-
coded search population into the frequency domain and combines random spectral explo-
ration, elite-guided mixing, diversity-aware anchor screening, and multi-anchor direction
aggregation to balance exploration and exploitation. Candidate feature-weight vectors
are evaluated using a manifold-regularized fitness function that jointly considers sam-
ple structure, label-consensus regularization, sparsity regularization, and a soft global
feature-weight consistency penalty. The server aggregates only local feature-weight vectors
through sample-size-weighted aggregation followed by an exponential moving average
update to smooth inter-round changes in the global feature weights while keeping raw
data local. Experiments on eight multi-label text datasets demonstrate that Fed-AGFDO
achieves strong classification and label-ranking performance with compact feature subsets.
Under the representative subset settings, Fed-AGFDO improves Average Precision by up
to 5.83% over Fuzzy Federated Multi-Label Feature Selection (Fuzzy FMFS) and reduces
Ranking Loss by up to 22.65% relative to Federated Multi-Label Feature Selection (FMLFS).
Parameter sensitivity and ablation analyses further demonstrate robustness across the
examined parameter ranges and the complementary contributions of anchor guidance,
diversity screening, and multi-anchor aggregation. These results indicate that Fed-AGFDO
provides an effective and data-locality-aware solution for high-dimensional federated
multi-label text feature selection.

Keywords: federated learning; multi-label text feature selection; frequency-domain
optimization algorithm; anchor-guided search; manifold regularization; feature ranking

1. Introduction
In recent years, the rapid development of the internet, smart healthcare, and digital

media platforms has led to a continuous increase in the volume of text data. An increas-
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ing number of real-world tasks require the simultaneous prediction of multiple semantic
categories associated with a single document, making multi-label text classification an
important research topic in natural language processing. Unlike conventional single-label
classification, multi-label text data are typically high-dimensional, sparse, and highly re-
dundant. Moreover, complex correlations, co-occurrence relationships, and latent semantic
dependencies among labels further complicate model training [1]. As the dimensionality of
text representations increases, a large number of irrelevant or weakly informative features
may exacerbate the curse of dimensionality and increase computational and storage costs.
They may also lead to model overfitting and impair the generalization capability of classifi-
cation models [2]. Therefore, selecting a compact subset of highly discriminative features
from a large number of candidate text features, while reducing computational complexity
and preserving multi-label classification performance, has become an important research
problem in multi-label text analysis.

However, in practical applications, text data are often distributed across different insti-
tutions, organizations, or end devices. Data governance policies, confidentiality require-
ments, and restrictions on data exchange may prevent these data from being centralized on
a single server. In such scenarios, the motivation for federated learning (FL) is determined
primarily by distributed data ownership and data-locality constraints rather than by the
absolute size of an individual local dataset. Even when each participating party holds a
moderate amount of data, centralized feature selection may still be infeasible when raw
data cannot be directly pooled or exchanged. Federated learning therefore provides a
suitable framework for collaborative data analysis by allowing multiple parties to exchange
model parameters or intermediate information while keeping their raw data local [3].
Nevertheless, extending feature selection to federated multi-label text settings remains
challenging. On the one hand, data that are not independently and identically distributed
(Non-IID) are common across clients. Different clients may have distinct distributions of
text topics, label preferences, and statistical patterns of features. These differences may
result in substantial discrepancies in local feature importance evaluation [4,5]. On the
other hand, the sparse and high-dimensional representations of multi-label text, together
with complex label dependencies, further enlarge the feature search space. In addition,
communication constraints and privacy requirements in federated environments require
an algorithm to have both strong local search capability and the ability to effectively use
collaborative information from multiple clients [6]. Therefore, achieving stable and effi-
cient federated multi-label text feature selection without sharing raw text data remains a
challenging research problem.

Although continuous progress has been made in both multi-label feature selection
and federated feature selection, their integration still presents several limitations. First,
most multi-label text feature selection methods assume centralized data access and require
the complete training dataset for feature evaluation or optimization. Consequently, these
methods cannot be directly transferred to federated environments when data cannot be
centrally stored because of privacy constraints. Second, existing federated feature selection
methods generally rely on statistical evaluation criteria, models with structural constraints,
or conventional optimization strategies [7,8]. Although these methods can integrate feature-
importance information across clients to a certain extent, sparse and high-dimensional text
representations remain challenging because of the enlarged search space and heterogeneous
local evaluations. For optimization-driven approaches in particular, candidate evolution
is still mainly performed in the original solution space, leaving alternative transformed
search representations relatively underexplored [9].

In recent years, frequency-domain analysis has provided an alternative representation
for complex optimization problems. Unlike methods that update candidate solutions di-
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rectly in the original variable space, frequency-domain methods map candidate solutions
into transformed coordinates through the Fourier Transform and perform search operations
in this alternative representation, providing a new perspective for exploration during
optimization [10]. Candidate solutions in high-dimensional feature selection can generally
be represented as continuous or discrete vectors of feature weights. Such vectors can be
transformed into frequency-domain representations using the Discrete Fourier Transform
(DFT) or its efficient implementation, the Fast Fourier Transform (FFT), without changing
the dimensionality of the search space. Since each transformed coefficient depends on
the complete candidate vector, perturbations applied in the transformed coordinates can
be mapped through the inverse transform into coordinated adjustments across multiple
original dimensions. This use of the Fourier transform does not require neighboring feature
indices to possess spatial, temporal, or semantic locality, but instead provides an alter-
native global representation for the optimization process. Existing studies have shown
that frequency-domain representations can provide search behaviors for continuous opti-
mization that differ from conventional operations in the original solution space. However,
existing frequency-domain optimization methods are mainly designed for general continu-
ous optimization problems. Their application to federated multi-label text feature selection,
where high-dimensional feature search, client heterogeneity, label dependencies, and data-
locality constraints need to be considered jointly, remains insufficiently investigated.

To address these issues, this study proposes the Federated Anchor-Guided Frequency-
Domain Optimization Algorithm (Fed-AGFDO) for federated multi-label text feature selec-
tion. Fed-AGFDO introduces an anchor-guided frequency-domain optimization mecha-
nism into the FL framework and enables collaborative feature search across clients without
sharing raw text data. Specifically, on the client side, Anchor-Guided Frequency-Domain
Optimization (AGFDO) is designed as the local optimizer. AGFDO maintains a set of elite
anchors selected from high-quality candidate solutions while ensuring sufficient diversity
among them. The directional information provided by these anchors is then used to guide
spectral updates, thereby providing directional guidance for balancing exploration and
exploitation in sparse, high-dimensional text space. Meanwhile, a structured feature evalu-
ation mechanism is used to assess the quality of candidate solutions. Manifold constraints
and sparsity regularization are incorporated into the optimization objective to preserve
local data structures and encourage sparse global feature importance during feature selec-
tion. They improve the reliability of feature weight estimation, whereas the actual search
process is driven by the frequency-domain optimization mechanism of AGFDO. On the
server side, a federated aggregation mechanism for feature weights is designed to support
knowledge sharing among clients. It combines aggregation weighted by client sample
size with smooth updates across communication rounds, thereby improving global feature
selection without exchanging raw text data. Based on these designs, Fed-AGFDO enables
effective multi-label text feature selection while keeping data local. The main contributions
of this study are summarized as follows:

1. A federated multi-label text feature selection framework, Fed-AGFDO, is proposed. It
integrates frequency-domain optimization at the clients with collaborative aggrega-
tion at the server. This framework enables the collaborative optimization of feature
weights across clients without sharing raw text data and provides a data-locality-
aware solution for federated multi-label text feature selection.

2. An anchor-guided frequency-domain optimization method, AGFDO, is developed. By
introducing diverse elite anchors and a spectral update strategy guided by these an-
chors, AGFDO provides more effective search directions in sparse, high-dimensional
text space. It therefore supports a more effective balance between exploration and
exploitation during the optimization process.
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3. A federated aggregation strategy for feature weights is designed. This strategy ex-
changes only feature-weight vectors between the clients and the server and combines
sample-size-weighted aggregation with exponential moving average (EMA) updating.
The EMA step smooths inter-round changes in the aggregated feature weights while
incorporating information from the current client updates.

4. Systematic experiments are conducted on eight publicly available multi-label text
datasets under a unified evaluation protocol. Comparative, sensitivity, ablation
and controlled, federated robustness, statistical, and practical-efficiency analyses are
performed to evaluate the effectiveness, robustness, and practical characteristics of
the proposed framework.

The remainder of this paper is organized as follows. Section 2 reviews related stud-
ies on multi-label text feature selection, metaheuristic optimization, frequency-domain
optimization, and federated feature selection. Section 3 presents the formulation of feder-
ated multi-label text feature selection, together with the Fed-AGFDO framework and its
optimization procedure. Section 4 reports the experimental setup, comparative results, sen-
sitivity and controlled analyses, federated robustness, statistical significance, and practical
efficiency. Finally, Section 5 concludes the paper and discusses future research directions.

2. Related Work
This section reviews the literature related to Fed-AGFDO from three perspectives:

multi-label text feature selection, metaheuristic and frequency-domain optimization, and
federated feature selection. Based on these research directions, the limitations of existing
methods are summarized to motivate the development of frequency-domain collaborative
feature selection for high-dimensional and heterogeneous federated text data.

2.1. Multi-Label Text Feature Selection

Multi-label text feature selection (MLTFS) aims to identify a compact and highly
discriminative subset of features from high-dimensional text representations. Its goal
is to reduce data dimensionality and computational cost while preserving multi-label
classification performance. Text data are typically high-dimensional, sparse, and highly
redundant, while each sample in a multi-label task may be associated with multiple
semantic labels. Therefore, feature selection must consider not only the importance of
individual features but also the relationships between features and multiple labels, as well
as the latent dependencies among labels [11].

Existing MLTFS methods can generally be divided into three categories: statistical
evaluation methods, structural representation methods, and optimization-driven methods.

Statistical evaluation methods generally rank candidate features by analyzing the rela-
tionships between features and labels [12,13]. These methods commonly measure feature
contributions using information-theoretic criteria, statistical correlations, or probabilistic
analysis [14,15]. They may also use strategies for controlling redundancy to select features
with high information content [16]. Owing to their relatively low computational cost, these
methods have been widely used for processing large-scale text data [17]. However, methods
based on manually designed evaluation criteria often fail to fully capture complex label
dependencies and nonlinear semantic relationships [18]. They therefore remain limited
when dealing with the high-order label structures commonly found in multi-label text data.

To improve the modeling of intrinsic data structures, structural representation methods
have gradually been introduced into multi-label feature selection. These methods construct
structural constraints or representations in a latent space [19–21]. In this way, they jointly
consider sample relationships, label dependencies, and feature structures [22]. Common
techniques include sparse learning, low-rank representation, and manifold learning. These
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techniques can exploit the intrinsic structure of the data and improve the compactness of
feature representations [23–28]. However, such methods generally depend on predefined
structural constraints or continuous optimization procedures. Therefore, they have limited
ability to address search problems that involve complex combinations of discrete features.

Optimization-driven methods formulate feature selection as a combinatorial optimiza-
tion problem [29]. They use search strategies to directly identify feature subsets that satisfy
the requirements for classification performance. Compared with methods based on fixed
evaluation criteria, these approaches can balance classification performance against the size
of the selected feature subset [30]. They therefore offer greater flexibility. Nevertheless, in
high-dimensional text space, conventional optimization-driven methods remain prone to
rapid expansion of the search space and convergence to local optima.

Overall, existing MLTFS studies have established a relatively comprehensive method-
ological framework. However, most methods are still developed under the assumption
of centralized data access and require the complete training dataset for feature evaluation
or search. When text data are distributed across multiple clients and cannot be central-
ized, effective feature selection without accessing raw data remains an important topic for
further investigation.

2.2. Metaheuristic Optimization and Frequency-Domain Search

Feature selection is inherently a combinatorial optimization problem. Consequently,
metaheuristic methods have been widely used to search for feature subsets in high-
dimensional data [31,32]. Unlike feature ranking methods that rely on a single evaluation
criterion, metaheuristic algorithms simulate search mechanisms observed in natural sys-
tems to identify near-optimal solutions in complex search space. In recent years, particle
swarm optimization [33], genetic algorithms [34], differential evolution [35], ant colony op-
timization [36], and other methods based on swarm intelligence have been widely applied
to feature selection, classification optimization, and combinatorial decision tasks [37,38].

To improve search performance, numerous strategies have been proposed, including
adaptive parameter adjustment [39], hybrid search mechanisms [40–42], multi-objective
optimization [43,44], and cooperative coevolution [45]. These strategies can improve the
exploration capability and stability of the search process. However, most conventional
metaheuristic algorithms still operate directly in the original solution space. Their opti-
mization procedures mainly rely on position updates among candidate solutions, random
perturbations, and neighborhood search. In sparse, high-dimensional text space, the num-
ber of search dimensions increases rapidly. Limited search resources may therefore be
insufficient to cover the entire solution space [46], which can result in reduced search
efficiency and premature convergence.

In recent years, frequency-domain analysis has been explored as an alternative rep-
resentation for optimization. The Fourier Transform maps a candidate vector from its
original coordinates to a set of globally coupled transformed coefficients. Since each Fourier
coefficient depends on the complete input vector, search operations performed in the trans-
formed coordinates can induce coordinated changes across multiple original dimensions
after inverse transformation. This representation has therefore been investigated as an
alternative to direct updates in the original solution space [10].

For feature selection, a candidate solution can generally be represented as a feature-
weight vector or a binary selection sequence. Such a vector can be algebraically transformed
using DFT/FFT without assuming spatial, temporal, or semantic adjacency among fea-
ture indices. Related studies have investigated search operations in these transformed
coordinates and then mapped the updated candidates back to the original space [10].
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This provides an alternative representation for balancing exploration and exploitation in
continuous optimization.

However, existing frequency-domain optimization methods mainly address general
continuous optimization problems. Their design objectives differ substantially from those of
federated MLTFS. On the one hand, MLTFS requires the encoding of discrete feature subsets
and complex evaluation based on classification performance. On the other hand, federated
environments introduce additional challenges, including client heterogeneity, communica-
tion constraints, and privacy requirements. Therefore, how to integrate frequency-domain
search with federated MLTFS and use effective guidance to improve search performance in
high-dimensional space remains insufficiently studied.

2.3. Federated Feature Selection

As the demand for data privacy continues to increase, FL has provided a new solution
for collaborative data analysis in distributed environments. It has also promoted the devel-
opment of federated feature selection. Unlike conventional centralized feature selection,
federated feature selection cannot directly access the raw data of all clients. It therefore
relies on collaboration among clients to estimate global feature importance and optimize
feature selection without centralizing raw data [47].

Existing studies on federated feature selection mainly follow two research directions.
The first direction focuses on computing local feature importance at each client and obtain-
ing a global evaluation through aggregation at the server [7]. These methods generally
measure feature value using statistical correlations, information content, or model con-
tributions. Their main advantages are relatively low communication costs and ease of
deployment. However, data distributions often differ across clients, which may introduce
bias into local evaluation results. As a result, simple aggregation may fail to accurately
reflect the global importance of each feature [48].

The second direction extends conventional feature selection models to federated
environments and exploits complementary information across clients through joint opti-
mization. Structural constraints and sparse regularization are commonly used to improve
the estimation of feature weights [9]. For example, manifold constraints can characterize
structures in the sample and label spaces, while the L2,1-norm can induce row sparsity in the
feature-weight matrix. However, these constraints mainly improve the reliability of feature
evaluation rather than directly addressing the search for discrete feature combinations in
high-dimensional space.

To improve the search for complex feature combinations in federated environments,
several studies have introduced population-based optimization into federated feature
selection [8,49]. Recent work has further explored this direction in federated multi-label
feature selection. Zheng et al. [50] combined manifold-aware sparse modeling with coop-
erative grey wolf optimization in a two-stage client-side framework, while the dual-layer
hybrid breeding cooperative particle swarm optimization method [51] integrated manifold
and sparsity regularization with population-based collaborative search. These studies
demonstrate the effectiveness of combining structural feature evaluation with evolutionary
optimization in federated multi-label settings. In contrast, the present work focuses on
a different search representation and guidance mechanism: the encoded population is
evolved in Fourier-transformed coordinates, and diversity-aware multi-anchor guidance is
introduced to direct the spectral search.

Therefore, further improvement in federated MLTFS requires search mechanisms
that can complement existing structural modeling and population-based optimization
with alternative solution representations and more informative directional guidance. Such
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mechanisms may provide additional flexibility for exploring high-dimensional feature
spaces while retaining federated collaboration.

2.4. Summary and Research Gap

In summary, extensive studies have investigated MLTFS, metaheuristic optimiza-
tion, and federated feature selection. Nevertheless, a clear research gap remains at the
intersection of these three areas.

First, most existing MLTFS methods assume centralized data availability and require
access to the complete training dataset for feature evaluation and optimization. Conse-
quently, they are difficult to apply directly to distributed text environments in which data
cannot be centralized because of privacy constraints.

Second, recent federated multi-label feature-selection methods have increasingly in-
corporated structural regularization and population-based optimization to improve feature
evaluation and search. However, their candidate evolution is still mainly performed in
the original solution space. In sparse and high-dimensional text representations, alter-
native search representations together with diversity-aware directional guidance remain
insufficiently explored.

Finally, frequency-domain optimization provides an alternative representation for
population-based search, but its integration with federated MLTFS remains insufficiently
investigated. In particular, how to combine spectral search with diversity-aware directional
guidance and federated feature-weight coordination has received limited attention.

Based on these observations, a federated feature-selection method that combines
an alternative search representation with diversity-aware guidance provides a natural
direction for improving high-dimensional collaborative optimization.

3. The Proposed Method
This section presents Fed-AGFDO for federated MLTFS. It first formulates the opti-

mization problem and introduces the overall framework, and then describes the client-
side anchor-guided frequency-domain search, manifold-regularized fitness evaluation,
federated feature-weight aggregation and updating, global feature ranking and subset
construction, and computational and communication complexity.

3.1. Federated Multi-Label Text Feature Selection Formulation

As the volume of text data continues to increase, multi-label text classification requires
discriminative feature subsets to be learned from high-dimensional text representations. In
practical applications, however, text data are often generated independently by different
entities and cannot be directly centralized because of data governance policies and privacy
requirements. This study therefore considers MLTFS in an FL setting. The objective is to
obtain discriminative global feature weights through collaborative optimization across
clients without sharing raw text data and to use these weights to generate a compact feature
subset for multi-label classification.

Let the multi-label text dataset used for federated training be denoted by Dtrain =

{(xi, yi)}ntrain
i=1 , where ntrain is the total number of training samples, xi ∈ Rd is the d-

dimensional feature vector of the i-th text sample, and yi ∈ {0, 1}L is the corresponding
multi-label vector. The number of labels is denoted by L. The feature matrix and label
matrix formed by all training samples are, respectively, written as X = [x1, x2, . . . , xntrain ]

T ∈
Rntrain×d and Y = [y1, y2, . . . , yntrain ]

T ∈ {0, 1}ntrain×L.
In the FL setting, the training data are distributed across C clients. Client c holds the

local datasetDc = (Xc, Yc), where c = 1, 2, . . . , C, Xc ∈ Rnc×d, Yc ∈ {0, 1}nc×L, and nc is the
number of local training samples at client c. The local sample sizes satisfy ∑C

c=1 nc = ntrain.
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All clients share the same feature and label spaces, but their sample sizes and label
distributions may differ. This study considers a horizontal FL setting with Non-IID data.
For any two distinct clients c and c′, their local joint distributions generally satisfy Pc(x, y) ̸=
Pc′(x, y) for c ̸= c′. This heterogeneity is mainly reflected in imbalanced client sample sizes
and shifts in label proportions.

The objective of federated MLTFS is to learn a continuous feature-weight vector
without centralizing the data held by the clients. The feature-weight vector is defined as

w = [w1, w2, . . . , wd]
T ∈ [0, 1]d. (1)

As defined in Equation (1), w assigns a continuous importance score to each of the d
features, where wj represents the importance of the j-th feature. A larger value of wj

indicates a greater contribution of the corresponding feature to multi-label classification.
After federated optimization, the server ranks all features according to the final global
weights and selects the features with the highest weights to form the final subset. The
detailed mapping procedure is provided in Section 3.6.1.

For client c, the base local fitness of a candidate feature-weight vector w is defined in
Equation (2):

fc,base(w) = min
Fc
Jc(Fc, W(w)), (2)

where W(w) is the feature–label weight matrix constructed from the shared feature-weight
vector w, Fc is the latent label representation at client c, and Jc(·, ·) is a proxy objective
constructed from the local data structure and shared feature importance. Specifically,
W(w) = w1T

L , where 1L denotes an all-one vector with length L. Therefore, all labels share
the same feature-weight representation, and the model learns global feature importance
rather than label-specific feature weights.

During federated round r, the actual fitness function used by client c is denoted by
f (r)c (w). When no global weights are available, f (r)c (w) is equal to the base local fitness
fc,base(w). When the global weights obtained from the previous round are available, the
fitness also includes a soft global consistency penalty. The proxy objective, base fitness, and
global consistency penalty are defined in Section 3.4.

From a system-level perspective, the round-specific federated objective can be concep-
tually characterized as

Φ(r)(w) =
C

∑
c=1

nc

ntrain
f (r)c (w), (3)

where nc/ntrain reflects the relative contribution of client c according to its local sample
size. Equation (3) provides a system-level characterization of the aggregate optimization
objective across clients and establishes the relationship between the local round-specific ob-
jectives and the overall federated optimization goal. It does not correspond to a centralized
objective that is explicitly evaluated or directly minimized by the server. Instead, during
communication round r, each client independently optimizes f (r)c (w) using only its local
data and obtains a locally optimized feature-weight vector. The server receives these local
feature-weight vectors rather than local objective values or gradients, and coordinates them
through the sample-size-weighted aggregation and EMA-based global updating described
in Section 3.5. Accordingly, the practical realization of Fed-AGFDO relies on distributed
local optimization and server-side feature-weight aggregation, while Φ(r)(w) serves as a
conceptual system-level formulation of the collaborative optimization objective.
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3.2. Federated Optimization Workflow

To address feature selection for high-dimensional multi-label text in an FL setting, this
study proposes Fed-AGFDO. The method consists of the local AGFDO optimizer deployed
at each client and a feature-weight aggregation module at the server. A global feature-
importance ranking is obtained through multiple rounds of local search and coordinated
server updates. Unlike centralized methods, Fed-AGFDO does not collect the complete
training dataset. Instead, the clients and the server exchange continuous feature-weight
vectors defined in a shared feature space.

As shown in Figure 1, the overall procedure of Fed-AGFDO consists of four stages:
client initialization and local optimization, client weight uploading, server aggregation,
and global feature selection.

Client 1

Population Initialization

Feature Weight Decoding

Frequency-Domain Search

Anchor Guidance

Fitness Evaluation

Client 2

Population Initialization

Feature Weight Decoding

Frequency-Domain Search

Anchor Guidance

Fitness Evaluation

Client C

Population Initialization

Feature Weight Decoding

Frequency-Domain Search

Anchor Guidance

Fitness Evaluation

···

Server Aggregation 

Sample-Size-
Weighted

Aggregation

EMA-Based
Global Weight

Updating

Global
Feature
Ranking

Client Layer

Server Layer

Upload Local 
Feature Weights

Global 
Feature Weights

 1

 2

 3

Top-k Feature
Subset

 4

Figure 1. Overall framework of Fed-AGFDO. The numbered markers 1–4 denote client initialization
and local optimization, client weight uploading, server aggregation, and global feature selection,
respectively. Blue upward arrows indicate uploaded local feature weights, whereas orange downward
arrows indicate global feature weights returned by the server.

1. Client initialization and local optimization. During communication round r, the server
provides the currently available global feature-weight vector to the clients. In the first
round, no historical global weights are available, and each client initializes its search
directly from its local data. Client c independently performs AGFDO optimization
using the local dataset (Xc, Yc). Candidate encoding and decoding, frequency-domain
search, anchor guidance, and fitness evaluation are then performed to obtain the final
retained local feature-weight vector w(r)

c for the current round.
2. Client weight uploading. After local optimization, each client uploads its complete

continuous feature-weight vector w(r)
c ∈ [0, 1]d. The local feature matrix Xc, label

matrix Yc, local population, anchor information, and spectral coefficients remain
at the client and are not transmitted. Therefore, the server receives only the local
feature-importance estimates learned by the clients in the shared feature space.

3. Server aggregation. After receiving the local feature-weight vectors, the server first
performs sample-size-weighted aggregation to obtain the aggregated feature-weight
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vector for the current communication round. It then updates the global feature weights
using an EMA to reduce round-to-round fluctuations caused by Non-IID data and
stochastic local search. The updated global feature-weight vector is subsequently
provided to the clients as a global reference for the next communication round.

4. Global feature selection. After the predefined number of communication rounds has
been completed, the server ranks all text features in descending order according to
the final global feature weights. The Top-k features are then selected to form the final
feature subset for subsequent multi-label classification.

Throughout the federated optimization process, the local feature and label data remain
at the clients, while only local and global feature-weight vectors are exchanged between
the clients and the server. Fed-AGFDO therefore follows a data-locality-aware federated
design in which raw feature and label data are not directly transmitted. This data-locality
property does not constitute a formal differential-privacy guarantee for the exchanged
feature-weight vectors.

3.3. Anchor-Guided Frequency-Domain Search

This subsection presents the client-side search procedure of AGFDO. It first describes
the continuous population representation, structure-aware initialization, feature-weight
decoding, and local candidate selection, and then introduces the frequency-domain pop-
ulation update and the anchor-guided spectral mechanism for balancing exploration
and exploitation.

3.3.1. Population Initialization and Feature-Weight Decoding

Text representations in federated MLTFS are typically high-dimensional and sparse.
Directly searching for discrete feature combinations causes the search space to grow expo-
nentially with the number of features. To reduce the complexity of this combinatorial search,
Fed-AGFDO employs continuous search variables and decodes them into continuous fea-
ture weights, thereby formulating feature selection as a continuous optimization problem.

(1) Search-space encoding. During federated round r, client c performs AGFDO
optimization and maintains a continuous search population. The initial encoded population
is defined in Equation (4):

P1
c =

⎡⎢⎢⎢⎢⎣
(p1

c,1)
T

(p1
c,2)

T

...
(p1

c,N)
T

⎤⎥⎥⎥⎥⎦ ∈ [0, 1]N×d, (4)

where N is the population size, and p1
c,i ∈ [0, 1]d denotes the i-th search vector, with

i = 1, 2, . . . , N. Its j-th element, p1
c,i,j, is an internal search variable associated with the j-th

feature, where j = 1, 2, . . . , d. The same encoding is used at subsequent generations, with
Pt

c and pt
c,i denoting the population and the i-th search vector at generation t, respectively.

When the initial structure scores are available, pt
c,i,j controls the direction and magnitude

of the residual adjustment applied to the corresponding initial score. When the initial
structure scores are unavailable, it directly represents the weight of the corresponding
feature. This continuous representation also preserves the numerical information required
for subsequent frequency-domain updates.

(2) Initial structural reference. At the beginning of each federated round, client c
computes an initial structure score vector from its local data. This vector is defined in
Equation (5):

s0,c = [s0,c,1, s0,c,2, . . . , s0,c,d]
T ∈ [0, 1]d, (5)
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where s0,c denotes the initial structure score vector computed by client c, and s0,c,j is the
initial score assigned to the j-th feature. A larger value indicates that the corresponding
feature is considered more important according to the local sample and label structures.
For clarity, the federated-round superscript of s0,c is omitted in this subsection.

The score vector is generated using a lightweight structure-aware procedure adapted
from manifold-regularized discriminative feature selection [28]. Based on the local
graph/fitness subset, the sample Laplacian L f ,c, label Laplacian L0,c, and centering ma-
trix Hc are first constructed. An auxiliary feature–label matrix Uc ∈ Rd×L is randomly
initialized and refined for 15 iterations. At each iteration, the latent representation Fc is
obtained by solving the Sylvester equation with Ac = L f ,c + α f Hc + α f I˜︁nc , Bc = β f L0,c,
and Cc = −α f Hc˜︁XcUc − α f ˜︁Yc. A diagonal reweighting matrix is then constructed with
Dc,jj = 1/(2∥Uc,j:∥2 + ε), where ε denotes the double-precision machine epsilon used for nu-
merical stabilization, and Uc is updated as Uc ← (α f ˜︁XT

c Hc˜︁Xc + γ f Dc + εId)
−1(α f ˜︁XT

c HcFc).
After 15 iterations, ˆ︁s0,c,j = ∥Uc,j:∥2 is used as the importance score of feature j, and the
resulting vector is min–max normalized to [0, 1] to obtain s0,c. The initial structure score
remains fixed during the subsequent local AGFDO search and serves as the structural
baseline for feature-weight decoding.

(3) Population initialization and decoding. When the initial structure scores are
available, the search vectors are initialized around the neutral search position according to
Equation (6):

p1
c,i = clip(0.51d + 0.15ϵc,i, 0, 1), ϵc,i ∼ N (0, Id), (6)

where 1d is the d-dimensional all-ones vector, Id is the identity matrix, and clip(·, 0, 1)
truncates each element to [0, 1]. The value 0.5 represents the neutral position because
it produces a zero residual adjustment after decoding. Therefore, this neutral-centered
initialization causes the decoded initial feature-weight vectors to lie near the initial structure
scores while preserving random differences among individuals.

When the initial structure scores are unavailable and no previous global weights
are available, all search vectors are initialized uniformly over [0, 1]d. When w(r−1)

g is
available, approximately 30% of the population is initialized in its neighborhood by adding
Gaussian noise with a standard deviation of 0.1 and clipping the perturbed vectors to
[0, 1]d, while the remaining individuals are initialized uniformly over [0, 1]d. This partial
initialization introduces information from the previous global solution while retaining
sufficient population diversity.

When s0,c is available, each encoded search vector is decoded into a feature-weight
vector using the residual mapping defined in Equation (7):

wt
c,i = Normmax

[︁
max

(︁
0, s0,c + ρ

(︁
2pt

c,i − 1d
)︁)︁]︁

, (7)

where wt
c,i ∈ [0, 1]d denotes the decoded feature-weight vector of the i-th individual at

generation t, and ρ = 0.3 controls the residual adjustment range. For the j-th feature, the
corresponding adjustment is ρ(2pt

c,i,j − 1) ∈ [−ρ, ρ]. Consequently, pt
c,i,j > 0.5 increases the

corresponding initial score, pt
c,i,j < 0.5 decreases it, and pt

c,i,j = 0.5 leaves it unchanged. The
element-wise maximum operation removes negative values, and Normmax(·) divides the
resulting vector by its maximum element. If the maximum value of the truncated vector is
zero, s0,c is directly used as the decoded result.

When s0,c is unavailable, the search space and the feature-weight space are identical,
and thus wt

c,i = pt
c,i. The search vector pt

c,i participates in the frequency-domain update,
whereas the decoded vector wt

c,i is submitted to the round-specific local fitness function. Its

fitness value is denoted by ℓt
c,i = f (r)c

(︂
wt

c,i

)︂
. Therefore, AGFDO updates the encoded search

vectors, while candidate quality is evaluated using the decoded feature-weight vectors.
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(4) Local candidate selection. After the local AGFDO search, let w(r)
best,c denote the best

decoded feature-weight vector found during round r. When the initial structure scores are
available, both s0,c and w(r)

best,c are evaluated using the same round-specific fitness function

f (r)c (·). The client selects its final local feature-weight vector according to Equation (8):

w(r)
c =

⎧⎨⎩s0,c, f (r)c (s0,c) ≤ f (r)c

(︂
w(r)

best,c

)︂
,

w(r)
best,c, f (r)c (s0,c) > f (r)c

(︂
w(r)

best,c

)︂
.

(8)

When the initial structure scores are unavailable, w(r)
best,c is directly retained as w(r)

c .
This final comparison prevents the local search from returning a solution inferior to the
initial structure-based candidate under the current round-specific evaluation criterion.
Therefore, the initial structure scores serve as a fixed baseline for residual decoding and
as an additional candidate in the final local selection. The neutral-centered initialization
causes the decoded initial candidates to lie near this structural baseline, whereas iterative
optimization is performed in the continuous search space through the frequency-domain
search mechanism of AGFDO.

3.3.2. Frequency-Domain Search Update

Direct perturbation in a high-dimensional continuous search space may lead to dis-
persed search directions and unstable updates. AGFDO therefore applies the FFT along the
feature dimension to obtain a complex frequency-domain representation of the encoded
population. Random spectral exploration, anchor guidance, and elite-guided mixing are
then performed, after which the updated spectra are mapped back to the encoded search
space using the Inverse Fast Fourier Transform (IFFT).

The frequency-domain transformation does not change the dimensionality of the
encoded search space. It provides an alternative numerical representation for search
updates, while the updated vectors are mapped back through the inverse transform before
decoding and fitness evaluation. Therefore, the Fourier representation does not redefine
the semantics of individual text features or require neighboring feature indices to possess
spatial, temporal, or semantic locality. Since each spectral coefficient is determined by
the complete encoded search vector, perturbations in the transformed coordinates can
induce coordinated adjustments across multiple dimensions after inverse transformation.
Consistent with Section 3.3.1, AGFDO updates the encoded population Pt

c, whereas the
corresponding feature weights are obtained through decoding before fitness evaluation.
The initial population is regarded as generation 1, and Pt

c is generated from Pt−1
c for

t = 2, 3, . . . , T.
(1) Frequency-domain representation. The encoded parent population is transformed

into the frequency domain according to Equation (9):

St−1
c = FFTd

(︂
Pt−1

c

)︂
, (9)

where St−1
c ∈ CN×d denotes the complex spectrum of the parent population, and its i-th

row corresponds to the encoded search vector pt−1
c,i . The subscript d indicates that the FFT

is performed along the feature dimension.
(2) Random spectral exploration and anchor guidance. A complex-valued Gaus-

sian perturbation is generated as ηt
c = ηt

Re,c + iηt
Im,c, where i is the imaginary unit,

ηt
Re,c, ηt

Im,c ∈ RN×d, and their elements are independently sampled from N (0, 1). The
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intermediate spectrum after random exploration and anchor guidance is computed accord-
ing to Equation (10): ˜︁St

c = St−1
c + αtγ0

⃓⃓⃓
St−1

c

⃓⃓⃓
⊙ ηt

c + St
a,c, (10)

where | · | denotes the element-wise magnitude of a complex matrix, ⊙ denotes element-
wise multiplication, γ0 = 0.1 is the noise scale, and St

a,c ∈ CN×d is the anchor-guidance
spectrum defined in Section 3.3.3. The exploration factor is αt = αmax(1− t/T), where
αmax = 0.8. Thus, stronger perturbations are applied in the early stage, whereas random
exploration gradually decreases as the search proceeds.

(3) Elite-guided spectral mixing. Random spectral perturbation alone may produce
unstable search directions. AGFDO therefore constructs an elite target using the best
encoded search vector recorded before update t. Let pt−1

best,c denote the encoded search
vector with the lowest round-specific fitness recorded before update t. Based on the best
encoded search vector and the availability of the previous global weights, the elite target is
defined in Equation (11):

pt
tar,c =

⎧⎨⎩0.7pt−1
best,c + 0.3w(r−1)

g , s0,c = ∅ and w(r−1)
g ̸= ∅,

pt−1
best,c, otherwise.

(11)

When s0,c is unavailable, the search vectors and feature weights belong to the same
space, allowing direct combination with w(r−1)

g . When s0,c is available, the search vectors
encode residual adjustments and are therefore not directly combined with the global
feature weights.

The target spectrum is obtained by replicating the elite target across the population
and applying the FFT according to Equation (12):

St
tar,c = FFTd

(︂
1N
(︁
pt

tar,c
)︁T
)︂

, (12)

where 1N ∈ RN is the N-dimensional all-ones vector, and 1N(pt
tar,c)

T ∈ RN×d forms a
target population with identical rows. The intermediate spectrum and the target spectrum
are combined through elite-guided spectral mixing according to Equation (13):

St
new,c = (1− βt)˜︁St

c + βtSt
tar,c, (13)

where βt = βmaxt/T and βmax = 0.4. The increasing value of βt gradually strengthens elite
guidance and shifts the search from exploration toward exploitation.

(4) Search-space recovery and boundary control. The updated spectrum is mapped
back to the encoded search space through the IFFT, and the resulting values are constrained
to [0, 1] according to Equation (14):

Pt
off,c = clip

(︁
Re
[︁
IFFTd

(︁
St

new,c
)︁]︁

, 0, 1
)︁
, (14)

where Pt
off,c ∈ [0, 1]N×d denotes the offspring population, and Re(·) extracts the real

component. The clipping operation is applied element-wise: values below 0 are set to 0,
values above 1 are set to 1, and values within [0, 1] remain unchanged. Each offspring
search vector is decoded according to Section 3.3.1 and evaluated using the round-specific
fitness function f (r)c (·) defined in Section 3.4.2.
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(5) Parent–offspring competition and elitist retention. For parent–offspring competi-
tion, the parent and offspring populations are concatenated according to Equation (15):

Pt
all,c =

[︄
Pt−1

c
Pt

off,c

]︄
∈ [0, 1]2N×d. (15)

Let ℓt
all,c = [ℓt

all,c,1, . . . , ℓt
all,c,2N ]

T ∈ R2N denote the fitness vector of the combined
population. Each fitness value is obtained by decoding the corresponding search vector and
evaluating it using f (r)c (·). Because the fitness objective is minimized, the next-generation
population is selected by retaining the N candidates with the lowest fitness values according
to Equation (16):

Pt
c = SelectN

(︂
Pt

all,c; ℓt
all,c

)︂
, (16)

where SelectN(·) returns the N rows associated with the lowest fitness values. If a retained
candidate improves the current best record, pt

best,c is updated accordingly. After the final

generation, the best recorded search vector is decoded to obtain w(r)
best,c, which is used in

the local candidate selection described in Section 3.3.1.

3.3.3. Anchor-Guided Spectral Update

Random spectral perturbation expands the search range but does not explicitly exploit
the directional information of the current population. AGFDO therefore selects high-
quality and diverse encoded search vectors from the parent population and constructs
an anchor direction from their average displacement relative to the population center.
The resulting anchor-guidance spectrum forms the term St

a,c in Equation (10), while the
remaining frequency-domain update follows Section 3.3.2.

(1) Candidate-anchor selection and diversity screening. Before update t, each encoded
search vector pt−1

c,i is decoded according to Section 3.3.1 and evaluated as ℓt−1
c,i = f (r)c (wt−1

c,i ).
After sorting the population in ascending order of fitness, the encoded search vectors corre-
sponding to the first K = 6 candidates form the initial anchor set defined in Equation (17):

At−1
0,c =

{︂
at−1

c,1 , at−1
c,2 , . . . , at−1

c,K

}︂
, K = 6, (17)

where each at−1
c,j ∈ [0, 1]d is an encoded search vector rather than a decoded feature-weight

vector, and the anchor indices follow the ascending fitness order.
To avoid selecting highly similar anchors, AGFDO performs sequential diversity

screening using the absolute cosine distance defined in Equation (18):

Dcos

(︂
at−1

c,i , at−1
c,j

)︂
= 1−

⃓⃓⃓⃓(︂
at−1

c,i

)︂T
at−1

c,j

⃓⃓⃓⃓
⃦⃦⃦

at−1
c,i

⃦⃦⃦
2

⃦⃦⃦
at−1

c,j

⃦⃦⃦
2
+ εcos

, (18)

where ∥ · ∥2 denotes the L2-norm, and εcos = 10−12 prevents division by zero. Candidates
are examined in ascending fitness order. The first candidate is retained, and each subsequent
candidate is accepted only if its distance from every retained anchor is at least δ = 0.3. After
screening, the retained anchors are relabeled asAt−1

c = {at−1
c,1 , . . . , at−1

c,m }, where m = |At−1
c |

and 1 ≤ m ≤ K.
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(2) Anchor-direction construction. The center of the parent population is p̄t−1
c =

N−1 ∑N
i=1 pt−1

c,i ∈ [0, 1]d. The average displacement from the population center toward the
retained anchors is defined as the anchor direction in Equation (19):

gt
a,c =

1
m

m

∑
j=1

(︂
at−1

c,j − p̄t−1
c

)︂
, (19)

where gt
a,c ∈ Rd represents the average displacement from the population center toward

the retained high-quality and diverse anchors. Compared with guidance based only on the
best individual, the aggregated direction reduces the influence of an accidental deviation
in a single candidate.

(3) Frequency-domain mapping. The anchor-guidance spectrum is constructed by
replicating the anchor direction across the population and transforming it into the frequency
domain according to Equation (20):

St
a,c = αa FFTd

[︂
1N
(︁
gt

a,c
)︁T
]︂
, (20)

where 1N ∈ RN is the N-dimensional all-ones vector, 1N(gt
a,c)

T ∈ RN×d is the expanded
anchor-direction matrix, and αa = 0.8 controls the anchor-guidance strength. The resulting
spectrum St

a,c ∈ CN×d has the same dimensions as the population spectrum and is added
directly in Equation (10).

The anchor mechanism therefore converts the directional information of high-quality
and diverse local search vectors into spectral guidance through fitness ranking, diver-
sity screening, and displacement aggregation. All operations are performed locally and
introduce no additional federated communication.

3.4. Manifold-Regularized Fitness Evaluation

This subsection defines the fitness evaluation criterion used by AGFDO for candidate
comparison and local search guidance. It first formulates a manifold-regularized local fit-
ness function that integrates sample-manifold preservation, label-consensus regularization,
label fitting, and feature sparsity, and then introduces a soft global feature-weight consis-
tency penalty to coordinate local candidate evaluation with aggregated global information
under Non-IID data.

3.4.1. Local Fitness Function with Sparsity Regularization

AGFDO evaluates decoded feature-weight vectors using a local fitness function for
parent–offspring competition, local-best updating, and anchor selection. The base fitness is
constructed from a manifold-regularized proxy objective that considers the local sample
manifold, label consensus, label fitting, and feature-level sparsity. This objective is used
only for candidate evaluation and is independent of the frequency-domain update operator
described in Section 3.3.2.

To reduce the cost of graph construction and repeated local fitness evaluation, client c
uses a fixed local graph/fitness subset. If nc > 600, 600 local training samples are uniformly
sampled without replacement using a fixed random seed of 1; otherwise, all local samples
are retained. The resulting data are denoted by ˜︁Dc = (˜︁Xc, ˜︁Yc), where ˜︁nc = min(nc, 600).
For a fixed client partition, the same subset is reproduced and reused across communication
rounds. It is used only for graph construction, structural-score estimation, and local proxy-
fitness evaluation, whereas final classification performance is evaluated on the common
held-out test set. Controlled Fed-AGFDO variants sharing the same graph-based evaluator
use the same subset under paired client partitions, while competing methods that do not
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use this evaluator are not restricted to the 600-sample subset. The complete local sample
size nc is retained for server-side sample-size-weighted aggregation.

For a decoded candidate w = [w1, . . . , wd]
T ∈ [0, 1]d, the corresponding feature–label

weight matrix is constructed according to Equation (21):

W(w) = w1T
L ∈ Rd×L, (21)

where 1L ∈ RL is the all-ones vector. This formulation expands the shared feature-weight
vector w along the label dimension, where each label uses the same feature-weight repre-
sentation. Therefore, W(w) does not represent independently learned label-specific feature
weights, but a shared global feature importance representation across all labels.

The sample and label graphs are constructed using the same k-nearest-neighbor proce-
dure. Unless otherwise specified, the neighborhood size is set to kg = max(1, L− 1) and
is further bounded by the number of graph nodes minus one. Euclidean distance is used
to identify neighbors, and retained neighbor relations are assigned binary weights. The
directed adjacency matrix is symmetrized as A ← (A + AT)/2, and the unnormalized
combinatorial Laplacian is calculated as L = D − A. For the sample graph, the nodes
are the samples in ˜︁Xc; for the label graph, each column of ˜︁Yc is treated as one label vec-
tor. Under this setting, the label graph contains L nodes and uses kg = L− 1; excluding
self-connections therefore yields an unweighted complete graph, with A0,c = 1L1T

L − IL

and L0,c = LIL − 1L1T
L. Accordingly, L0,c provides uniform regularization across the

label-associated latent representations, whereas the sample graph remains data-dependent
through its local neighborhood structure. No additional kernel weighting or normalized-
Laplacian transformation is applied. The resulting sample and label Laplacians are denoted
by L f ,c and L0,c, respectively. The centering matrix used to remove the mean component is
defined in Equation (22):

Hc = I˜︁nc −
1˜︁nc

1˜︁nc 1T˜︁nc
, (22)

where I˜︁nc and 1˜︁nc denote the identity matrix and all-ones vector of dimension ˜︁nc, respectively.
Let Fc ∈ R˜︁nc×L denote the latent label representation. The manifold-regularized local

proxy objective used for candidate evaluation is defined in Equation (23):

Jc(Fc, W(w)) = Tr
(︂

FT
c L f ,cFc

)︂
+ α f

⃦⃦⃦
Hc˜︁XcW(w)−HcFc

⃦⃦⃦2

F

+ α f

⃦⃦⃦
Fc − ˜︁Yc

⃦⃦⃦2

F
+ β f Tr

(︂
FcL0,cFT

c

)︂
+ γ f ∥W(w)∥2,1,

(23)

where Tr(·) denotes the matrix trace and ∥ · ∥F is the Frobenius norm. The regularization
term is written as

∥W(w)∥2,1 =
d

∑
j=1
∥Wj:∥2, (24)

where Wj: denotes the j-th row of W(w). Since all columns of W(w) are identical under
the shared feature-weight formulation, this term can be rewritten as

∥W(w)∥2,1 =
√

L
d

∑
j=1
|wj| =

√
L∥w∥1. (25)

Therefore, the regularization term is equivalent to a scaled L1 sparsity constraint
on the shared global feature-weight vector. The five terms, respectively, preserve the
sample manifold, align the weighted feature representation with the latent labels, fit the
observed labels, encourage consistency among the label-associated latent representations,
and encourage sparse global feature importance. The parameters α f , β f , and γ f control
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the mapping and label-fitting terms, label-consensus regularization, and sparsity penalty,
respectively.

For a fixed w, minimizing the local proxy objective in Equation (23) with respect to Fc

yields the Sylvester equation given in Equation (26):(︂
L f ,c + α f Hc + α f I˜︁nc

)︂
Fc + β f FcL0,c

= α f Hc˜︁XcW(w) + α f ˜︁Yc.
(26)

Let F∗c (w) denote the solution of Equation (26). Substituting this solution into the local
proxy objective gives the base local fitness defined in Equation (27):

fc,base(w) = Jc(F∗c (w), W(w)). (27)

A lower value indicates a better balance among sample-manifold preservation, label-
consensus regularization, label fitting, and feature sparsity. During evaluation, each search
vector is decoded into w, after which W(w) and F∗c (w) are obtained to calculate fc,base(w).

3.4.2. Global Weight Consistency Penalty

Under Non-IID data, different clients may produce substantially different local feature
weights. Although server aggregation combines these local results after each communi-
cation round, the aggregated weights do not affect subsequent local candidate evaluation
unless they are explicitly incorporated into the fitness function. Fed-AGFDO therefore adds
a soft global consistency penalty to the base fitness, allowing each client to use the previous
global weights as guidance without enforcing strict agreement with them.

At the beginning of federated round r, the available global feature-weight vector is
denoted by w(r−1)

g = [w(r−1)
g,1 , . . . , w(r−1)

g,d ]T ∈ [0, 1]d. The feature-wise difference between a
candidate w and the previous global feature weights is measured using the mean absolute
difference defined in Equation (28):

Dg

(︂
w, w(r−1)

g

)︂
=

1
d

d

∑
j=1

⃓⃓⃓
wj − w(r−1)

g,j

⃓⃓⃓
, (28)

where Dg(·, ·) ∈ [0, 1] is the mean absolute difference between corresponding feature
weights. A smaller value indicates stronger numerical consistency with the previous global
weights, but does not imply identical feature rankings.

By incorporating the global feature-weight consistency penalty into the base local
fitness when previous global weights are available, the round-specific fitness used by client
c is defined in Equation (29):

f (r)c (w) =

⎧⎪⎨⎪⎩
fc,base(w), r = 1 or w(r−1)

g = ∅,

fc,base(w) + λguideDg

(︂
w, w(r−1)

g

)︂
max

(︁
1,
⃓⃓
fc,base(w)

⃓⃓)︁
, otherwise,

(29)

where λguide = 0.05 controls the strength of global guidance. The factor max(1, | fc,base(w)|)
adjusts the penalty to the magnitude of the base fitness while preventing the scaling factor
from becoming smaller than 1. Because the fitness is minimized, a larger deviation from
the previous global weights increases the candidate fitness and places the candidate at a
disadvantage during parent–offspring competition and local-best updating.

In the first federated round, or whenever no previous global weights are available, can-
didates are evaluated only by the base local fitness. In subsequent rounds, the penalty softly
encourages consistency with the previous global solution while retaining the influence of
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local data. It affects only candidate evaluation, does not modify the frequency-domain up-
date rules, and introduces no additional communication because w(r−1)

g is already provided
to the clients at the beginning of the round.

3.5. Federated Feature-Weight Aggregation and Updating

This subsection describes the server-side integration and updating of feature weights
in Fed-AGFDO. It first combines the retained local feature-weight vectors through sample-
size-weighted aggregation based on the complete local sample counts, and then applies an
EMA to smooth inter-round variations in the global feature weights used for subsequent
local optimization and final feature ranking.

3.5.1. Sample-Size-Weighted Aggregation of Local Feature Weights

During each federated round, every client independently performs AGFDO optimiza-
tion using its local data. Because client sample sizes and data distributions may differ, the
retained local feature-weight vectors can vary across clients. Fed-AGFDO therefore uploads
these vectors to the server and combines them through sample-size-weighted aggregation.

After the local search and candidate-selection procedures described in Section 3.3,
client c obtains the retained feature-weight vector w(r)

c = [w(r)
c,1 , . . . , w(r)

c,d ]
T ∈ [0, 1]d, where

w(r)
c,j denotes the importance assigned to the j-th feature during federated round r. Each

client uploads only w(r)
c , while its local feature matrix, label matrix, search population, and

intermediate structures remain local.
The server combines the uploaded local feature-weight vectors through sample-size-

weighted aggregation based on the complete local training sample counts, as specified in
Equation (30):

w(r)
agg =

C

∑
c=1

nc

ntrain
w(r)

c , (30)

where nc is the number of training samples held by client c, ntrain = ∑C
c=1 nc, and w(r)

agg ∈
[0, 1]d is the aggregated feature-weight vector for round r. Because the coefficients nc/ntrain

are nonnegative and sum to 1, the aggregation is a convex combination of the local vectors.
Clients with more training samples receive larger aggregation coefficients, allowing

their local estimates to contribute in proportion to their data sizes. The evaluation subset
introduced in Section 3.4.1 affects only local fitness computation; the server always uses
the complete local sample count nc for aggregation. This mechanism integrates feature-
importance information across clients while keeping the underlying local data at the clients.

3.5.2. Exponential Moving Average-Based Global Weight Updating

Under Non-IID data and stochastic local optimization, the aggregated feature weights
may fluctuate across communication rounds. Fed-AGFDO therefore applies an EMA after
sample-size-weighted aggregation to combine the previous global weights with the current
aggregation result.

After sample-size-weighted aggregation, the global feature-weight vector is updated
using the EMA rule defined in Equation (31):

w(r)
g =

⎧⎨⎩w(1)
agg, r = 1,

0.7w(r−1)
g + 0.3w(r)

agg, r = 2, 3, . . . , R.
(31)

where w(r)
g ∈ [0, 1]d denotes the global feature-weight vector after round r, w(r)

agg ∈ [0, 1]d is
the current sample-size-weighted aggregation result, and R is the total number of commu-
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nication rounds, with R = 5 in the main experiments. Because the EMA coefficients are
nonnegative and sum to 1, the updated vector remains within [0, 1]d.

In the first round, no historical global weights are available, and the server directly
sets w(1)

g = w(1)
agg. From the second round onward, the larger coefficient assigned to w(r−1)

g

suppresses abrupt changes caused by a single round, while w(r)
agg incorporates recent client

updates. EMA is applied only to server-side global-weight updating and does not modify
the local AGFDO search operators.

After round r, w(r)
g is provided to the clients as the global reference for round r + 1.

It is used in the global weight consistency penalty defined in Section 3.4.2 and, when
the initial structure scores are unavailable, in the elite-target construction described in
Section 3.3.2. After all R rounds, the final vector w(R)

g is used for feature ranking and final
subset generation.

Fed-AGFDO thus performs server updating in two stages: sample-size-weighted
aggregation integrates local feature-importance estimates within each round, while EMA
smooths inter-round variations in the global feature weights.

3.6. Global Feature Selection and Overall Procedure

This subsection describes how the final global feature weights are converted into
a ranked feature set and summarizes the complete Fed-AGFDO procedure. It first con-
structs a deterministic global ranking and the corresponding Top-k feature subset from the
final global weights, and then presents the end-to-end workflow integrating client-side
optimization, server-side aggregation and updating, and global feature selection.

3.6.1. Global Feature Ranking and Top-k Subset Construction

After the predefined R communication rounds, the server obtains the final global
feature-weight vector w(R)

g ∈ [0, 1]d through sample-size-weighted aggregation and EMA
updating. Because Fed-AGFDO produces continuous feature weights rather than a fixed
discrete subset, the final weights are ranked and mapped to a subset of a specified size.

The global feature ranking is obtained by sorting the final global feature weights in
descending order according to Equation (32):

σ = argsortdesc

(︂
w(R)

g

)︂
, (32)

where σ = [σ1, σ2, . . . , σd]
T is a permutation of the feature indices {1, 2, . . . , d} satisfying

w(R)
g,σ1 ≥ w(R)

g,σ2 ≥ · · · ≥ w(R)
g,σd . When equal weights occur, the corresponding features are

ordered by their original indices to ensure deterministic ranking.
For a target number of selected features k, the Top-k feature-index set is constructed

from the first k entries of the global ranking according to Equation (33):

Sk = {σ1, σ2, . . . , σk}, 1 ≤ k ≤ d. (33)

The server provides Sk to the clients, and each client constructs its reduced local
feature matrix by retaining the columns indexed by Sk, as defined in Equation (34):

X(k)
c = (Xc):,Sk

∈ Rnc×k, (34)

where (Xc):,Sk
denotes the submatrix formed by the columns indexed by Sk. The same

feature-index set is also applied to the held-out test data.
The primary output of Fed-AGFDO is therefore the continuous global feature-weight

vector and its associated ranking, rather than a single fixed subset. Different subsets can be
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generated by varying k, allowing the trade-off between feature dimensionality and classifi-
cation performance to be examined without repeating the federated optimization process.

3.6.2. Overall Procedure of Fed-AGFDO

The complete Fed-AGFDO procedure integrates client-side AGFDO optimization with
server-side feature-weight aggregation. During each communication round, the available
global feature-weight vector is provided to the clients, and each client independently
performs local search using the round-specific fitness function. After local optimization,
the retained feature-weight vectors are uploaded for sample-size-weighted aggregation
and EMA updating. After all communication rounds, the final global weights are ranked
to obtain the Top-k feature set. The complete procedure is summarized in Algorithm 1.

Algorithm 1 Fed-AGFDO Optimization Procedure

Input: Local datasets {Dc}C
c=1, number of clients C, communication rounds R, population size N, local generations

T, and target feature number k
Output: Final global feature-weight vector w(R)

g and Top-k feature set Sk

1: w(0)
g ← ∅

2: // Step 1: Federated Local Optimization
3: for r ← 1 to R do
4: if r > 1 then
5: Broadcast w(r−1)

g to all clients
6: end if
7: for each client c ∈ {1, . . . , C} in parallel do
8: if nc < 2 then
9: w(r)

c ← 0d
10: else
11: Construct the fixed evaluation subset ˜︁Dc and local graph structures

12: Define the round-specific fitness function f (r)c (·)
13: Compute the initial structure scores s0,c and initialize P1

c
14: Decode and evaluate P1

c , and record p1
best,c

15: for t← 2 to T do
16: Construct the anchor-guidance spectrum St

a,c
17: Generate Pt

off,c using the frequency-domain update

18: Decode and evaluate the offspring using f (r)c (·)
19: Retain the best N candidates through parent–offspring competition
20: Update the best record pt

best,c from Pt
c, retaining pt−1

best,c if no improvement occurs
21: end for
22: Decode the best recorded vector to obtain w(r)

best,c
23: if s0,c is available then
24: Determine w(r)

c using Equation (8)
25: else
26: w(r)

c ← w(r)
best,c

27: end if
28: end if
29: Upload w(r)

c to the server
30: end for
31: // Step 2: Server Aggregation and Global Updating
32: Compute w(r)

agg using Equation (30)

33: Update w(r)
g using Equation (31)

34: end for
35: // Step 3: Global Ranking and Feature Selection
36: σ ← argsortdesc

(︂
w(R)

g

)︂
37: Sk ← {σ1, σ2, . . . , σk}
38: return w(R)

g and Sk

3.7. Computational and Communication Complexity

Fed-AGFDO assigns most of its computation to the clients. Let C denote the number of
clients, R the number of communication rounds, N the population size, T the number of lo-
cal generations, and d the feature dimension. In each generation, the row-wise FFT and IFFT
operations require O(Nd log d) time, while spectral perturbation, anchor guidance, and
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other element-wise updates require O(Nd). Fitness-based ranking and parent–offspring
selection require O(N log N). Since the number of candidate anchors is fixed at K = 6, the
corresponding diversity screening cost is absorbed into the lower-order update cost.

Each generation evaluates N newly generated candidates. Let Cfit,c denote the cost of
evaluating one candidate at client c, including the solution of the latent label representation
and the calculation of the manifold-regularization and sparsity terms. Let Cprep,c denote
the per-round preprocessing cost of constructing the fixed evaluation subset, local graph
structures, and initial structure scores. Accordingly, the aggregate client-side computational
complexity over all communication rounds is given in Equation (35):

O

(︄
R

C

∑
c=1

[︁
Cprep,c + NT(d log d + Cfit,c + log N)

]︁)︄
. (35)

The initial population evaluation is absorbed into the O(NTCfit,c) term. In the high-
dimensional setting, the dominant terms are typically the frequency-domain transforma-
tions and repeated fitness evaluations. When nc > 600, the fixed evaluation size ˜︁nc = 600
bounds the sample-dependent costs of graph construction and proxy-fitness evaluation.
This sampling does not alter the dependence on the feature and label dimensions.

This expression represents the total computational work across all clients. Because
clients perform local optimization in parallel, the idealized execution time of each commu-
nication round is governed by the client with the largest local computational cost.

At the server, sample-size-weighted aggregation requires O(Cd) time per round, while
EMA updating requires O(d). The total server-side complexity over R rounds is therefore
O(RCd), followed by O(d log d) for final global feature ranking.

In each round, every client uploads one d-dimensional local feature-weight vector.
From the second communication round onward, each client also receives the global feature-
weight vector obtained from the preceding round. Ignoring constant factors, the bidirec-
tional communication volume is O(Cd) per round and O(RCd) over all rounds. Hence,
the dominant computational cost of Fed-AGFDO arises from repeated client-side fitness
evaluation, whereas server computation and federated communication scale linearly with
the number of clients, communication rounds, and features.

4. Experiments and Results Analysis
This section evaluates the effectiveness and robustness of Fed-AGFDO through com-

prehensive experiments on eight multi-label text datasets. It first presents the datasets,
evaluation metrics, compared methods, federated protocol, parameter settings, and ex-
perimental environment, and then analyzes comparative performance, parameter sensi-
tivity, ablation and controlled analyses, federated robustness, statistical significance, and
practical efficiency.

4.1. Experimental Setup

To evaluate Fed-AGFDO for federated MLTFS, the experiments cover six aspects:
comparative performance, parameter sensitivity, ablation and controlled analysis, federated
robustness, statistical significance, and practical efficiency. Comparative experiments use
eight datasets and six evaluation metrics, while the remaining analyses use representative
datasets as specified in the corresponding subsections. Friedman and Nemenyi tests are
further used to assess overall rank differences among the compared methods.

4.1.1. Datasets

Eight real-world multi-label text datasets from the Yahoo collection distributed through
the MULAN repository are used in the experiments: Education, Reference, Health, Arts,
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Entertainment, Social, Recreation, and Science [52]. Each dataset represents an independent
multi-label text classification task. In the experimental representation, the feature matrix
contains the numerical attributes used to characterize the documents, whereas the label
matrix contains binary target variables indicating the multiple categories associated with
each document. Accordingly, the “Number of Features” and “Number of Labels” columns
in Table 1 denote the dimensionalities of the feature space and label space of each dataset,
respectively. The feature and label spaces are dataset-specific and are not semantically
aligned across different datasets.

In the experimental pipeline, the loaded feature matrices are converted to double-
precision numerical form, while the label matrices are binarized as Y ← I(Y ̸= 0). No
additional global z-score standardization or min–max normalization is applied before
federated partitioning; the centering required by the structure-aware objective is performed
internally through Hc.

Each dataset contains 5000 text samples, while the feature dimensionality, number of
labels, and label distribution vary across datasets. For a multi-label dataset containing n
samples, let Yi denote the set of relevant labels for the i-th sample, and let L denote the
total number of labels in the corresponding dataset. Label Cardinality (LC) [53], which
measures the average number of relevant labels per sample, is defined in Equation (36):

LC =
1
n

n

∑
i=1
|Yi|. (36)

Label Density (LD) [53] normalizes LC by the total number of labels and is defined in
Equation (37):

LD =
1

nL

n

∑
i=1
|Yi| =

LC
L

. (37)

Table 1. Statistics of the Experimental Datasets.

Dataset Samples Number of Labels Number of Features LC LD

Education 5000 33 550 1.4606 0.0443
Reference 5000 33 793 1.1690 0.0354
Health 5000 32 612 1.6622 0.0519
Arts 5000 26 462 1.6360 0.0629
Entertainment 5000 21 640 1.4204 0.0676
Social 5000 39 1047 1.2834 0.0329
Recreation 5000 22 606 1.4232 0.0647
Science 5000 40 743 1.4500 0.0363

The dataset statistics are reported in Table 1. The feature dimensionality ranges from
462 to 1047, and the number of labels ranges from 21 to 40. Social has the largest feature
dimension, Science has the largest label space, and Entertainment has the highest label
density. Reference and Social have relatively low label densities, indicating that each
sample is associated with only a small proportion of the available labels. These differences
provide diverse experimental settings in terms of feature dimensionality, label-space size,
and label distribution.

4.1.2. Evaluation Metrics

Six metrics are used to evaluate the selected feature subsets: Average Precision (AP),
Macro-F1, Micro-F1, Coverage (CV), Hamming Loss (HL), and Ranking Loss (RL). All
methods use multi-label k-nearest neighbor (ML-KNN) as the downstream classifier, with
the number of neighbors set to 10 and the smoothing parameter set to 1.
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Let the test set contain nte samples, and let the label space be Y = {1, 2, . . . , L}. For the
i-th test sample, the relevant and predicted label sets are denoted by Yi and ˆ︁Yi, respectively.
For label y, fi(y) denotes its prediction score for sample i, and ranki(y) denotes its position
in the predicted ranking, where a smaller value indicates a higher rank.

AP measures how highly the relevant labels are ranked and is computed according to
Equation (38):

AP =
1

nte

nte

∑
i=1

1
|Yi| ∑

y∈Yi

|{y′ ∈ Yi : ranki(y′) ≤ ranki(y)}|
ranki(y)

. (38)

A larger AP indicates that relevant labels are concentrated near the top of the predicted ranking.
For label ℓ, let TPℓ, FPℓ, and FNℓ denote the numbers of true-positive, false-positive,

and false-negative predictions, respectively. Macro-F1 first calculates the F1 score for each
label and then averages the label-wise scores according to Equation (39):

Macro-F1 =
1
L

L

∑
ℓ=1

2TPℓ

2TPℓ + FPℓ + FNℓ
. (39)

Because each label receives equal weight, Macro-F1 reflects performance on both frequent
and infrequent labels.

Micro-F1 aggregates the true-positive, false-positive, and false-negative counts over
all labels and then calculates a single F1 score according to Equation (40):

Micro-F1 =
2 ∑L

ℓ=1 TPℓ

2 ∑L
ℓ=1 TPℓ + ∑L

ℓ=1 FPℓ + ∑L
ℓ=1 FNℓ

. (40)

Micro-F1 is more strongly influenced by frequent labels and reflects overall classification
performance across all sample–label pairs.

CV measures how far the predicted ranking must be traversed to cover all relevant
labels and is computed according to Equation (41):

CV =
1

nte

nte

∑
i=1

[︃
max
y∈Yi

ranki(y)− 1
]︃

. (41)

A smaller CV indicates that the relevant labels appear earlier in the predicted ranking.
HL measures the proportion of incorrectly predicted sample–label pairs and is calcu-

lated according to Equation (42):

HL =
1

nteL

nte

∑
i=1

⃓⃓⃓
Yi△ ˆ︁Yi

⃓⃓⃓
, (42)

where△ denotes the symmetric difference between the relevant and predicted label sets.
RL measures the proportion of relevant–irrelevant label pairs that are incorrectly

ordered and is computed according to Equation (43):

RL =
1

nte

nte

∑
i=1

|{(y+, y−) ∈ Yi × (Y \ Yi) : fi(y+) ≤ fi(y−)}|
|Yi||Y \ Yi|

. (43)

Higher values are preferred for AP, Macro-F1, and Micro-F1, whereas lower values are
preferred for CV, HL, and RL. Together, these metrics evaluate label-ranking quality, label-
wise classification performance, overall classification performance, and prediction error.
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4.1.3. Compared Methods

Fed-AGFDO is compared with the following methods: (1) Org: a non-optimization
reference baseline that directly retains the first k dimensions of the original feature represen-
tation without feature ranking or optimization; (2) ML-COPRAS: a multi-label text feature
selection method based on multicriteria decision analysis [54]; (3) FMLFS: an information-
theoretic method for federated multi-label feature selection [7]; (4) Fuzzy FMFS: a feder-
ated multi-label feature selection method combining fuzzy information measures with
intelligent optimization [8]; (5) LRDG: a multi-label feature selection method combin-
ing latent representation learning with dynamic graph constraints [55]; (6) MOEA/D: a
decomposition-based multiobjective evolutionary optimization method [56]; (7) NSGA-
III: a reference-point-based evolutionary algorithm for multiobjective optimization [57];
(8) GLFS: a multi-label feature selection method that preserves group structure and label
specificity [22]; and (9) PDMFS: a parallel dual-channel method for multi-label feature
selection [58].

These methods cover centralized, federated, and optimization-based feature-selection
paradigms. FMLFS and Fuzzy FMFS are evaluated under their federated formulations,
whereas ML-COPRAS, LRDG, MOEA/D, NSGA-III, GLFS, and PDMFS operate on the
pooled training data according to their original centralized formulations. Org directly
retains the first k original feature dimensions as a non-optimized reference. The actual
implementation sources, principal computational budgets, stopping criteria, and output
rules used for the compared methods are summarized in Table 2. No dataset-specific
parameter tuning is performed for the comparative experiments. All methods use the same
predefined target feature numbers and the same ML-KNN settings for final evaluation.

Table 2. Implementation and Main Configuration of the Compared Methods.

Method Implementation/Data Access Main Budget or Stopping Rule Output Rule

Org Local reference/Centralized Deterministic First k original features
ML-COPRAS Reimplemented/Centralized Deterministic ranking Top-k ranked features

FMLFS Reimplemented/Federated Single client-statistics aggregation Top-k ranked features
Fuzzy FMFS Reimplemented/Federated 25 ants, 10 iterations Top-k solution/ranking

LRDG Author code/Centralized Maximum 50 iterations Top-k by ∥Si:∥2
2

MOEA/D Local MOEA/D wrapper/Centralized Population 30, 100 generations Top-k from wrapper feature score
NSGA-III Local NSGA-III wrapper/Centralized Population 30, 100 generations Top-k from wrapper feature score

GLFS Author code/Centralized Maximum 200 iterations or tol. 10−3 Top-k by row-wise feature score
PDMFS Reimplemented/Centralized Deterministic dual-channel ranking Top-k from fused ranking

Fed-AGFDO Proposed/Federated R = 5, population 30, 100 generations Top-k by final global weights

For MOEA/D and NSGA-III, each solution is represented by a continuous feature-
weight vector in [0, 1]d. Both methods optimize two objectives: (1) ML-KNN Hamming
Loss evaluated on an internal 70/30 split of the outer training set, and (2) the mean feature
weight as a cardinality proxy. The held-out outer test set is not used during evolutionary
search and is accessed only for final evaluation. MOEA/D uses a neighborhood size of 8
with F = 0.5 and CR = 0.9, while NSGA-III uses two-objective simplex reference points,
SBX and polynomial mutation with distribution indices of 20.

4.1.4. Federated Protocol and Parameter Settings

A horizontal federated learning setting is considered, where all clients share the same
feature and label spaces while holding different local data distributions. In the main
comparison experiments, five clients are used as the reference configuration with target
sample proportions of [0.30, 0.25, 0.20, 0.15, 0.10]. The corresponding target client sizes
are obtained by rounding these proportions according to the number of training samples
and are minimally adjusted so that their sum is exactly ntrain. This setting provides a
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moderate federation scale for the extensive comparative evaluation, while Section 4.5
further examines larger client configurations.

To introduce label-distribution heterogeneity, each client c is assigned a label-
preference vector

πc ∼ Dir(αD1L), (44)

where αD controls the degree of label skew. For client allocation only, each multi-label
training instance is associated with its first active label in the stored label order, while
its complete multi-label vector is retained after assignment. The training instances are
processed in random order. For an instance with allocation label ℓi, the score of an eligible
client c is calculated as πc,ℓi

/(mc + 1), where mc is the number of samples currently assigned
to client c, and the instance is assigned to the eligible client with the highest score. Once a
client reaches its target size, it is excluded from subsequent assignments. Consequently,
each training instance is assigned to exactly one client without duplication, while the
predefined client sizes are satisfied. Unless otherwise specified, αD = 0.5 is used in the
main experiments.

The degree of Non-IID heterogeneity is quantified by the label-distribution divergence
among clients. For a client c, its label distribution is represented as pc, and the average
pairwise Jensen–Shannon divergence is calculated as

HJS =
2

C(C− 1)

C−1

∑
i=1

C

∑
j=i+1

JS(pi, pj), (45)

where JS(·, ·) denotes the Jensen–Shannon divergence. This metric is used in the robustness
analysis to characterize the actual heterogeneity level under different Dirichlet settings.

In addition to label-distribution heterogeneity, the imbalance of local sample sizes is
quantified by the coefficient of variation:

CVn =
σ(nc)

µ(nc)
, (46)

where nc denotes the number of samples held by client c. This metric is used to describe
the degree of sample-size imbalance among clients in the federated partition.

Each dataset is randomly divided into training and test sets using a ratio of 0.7:0.3 be-
fore federated client partitioning; multilabel stratification is not applied. Only the training
portion is used for feature selection, while the held-out test set is used for final performance
evaluation. For each dataset and run, all compared methods use the same train–test parti-
tion. The federated methods additionally use the same client partition and Non-IID setting
within the corresponding run. Algorithm-specific stochastic operations are performed after
these common data partitions have been fixed, so that the compared methods share the
same data realization while retaining their respective internal optimization procedures.

Fed-AGFDO uses five communication rounds in the main experiments. The feder-
ated baselines retain their respective communication procedures summarized in Table 2,
whereas the centralized methods operate on the pooled training data and do not involve
federated communication rounds. The influence of communication rounds on round-wise
optimization behavior and performance stability is further investigated by varying the
number of rounds from 1 to 10 in Section 4.5. The AGFDO population size is 30, and the
maximum number of local generations is 100. At the server, uploaded local weights are
first aggregated according to client sample size and then updated using EMA coefficients
of 0.7 and 0.3 for the historical global weights and current aggregated weights, respectively.

For all datasets except Arts, the target numbers of selected features are k ∈
{10, 20, . . . , 100}; for Arts, they are k ∈ {2, 4, . . . , 20}. The main comparative experiments
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are independently repeated 30 times. The repetition counts for the parameter-sensitivity,
ablation, controlled, and federated robustness experiments are specified in their respective
subsections. The comparative experiments report both the mean and standard deviation of
all evaluation metrics to provide a more comprehensive analysis of performance stability.
The ablation experiments also report the mean and standard deviation to further analyze
the contribution of different components.

The settings used in the experiments can be divided into protocol-related settings and
algorithm-specific parameters. The train–test protocol, target feature numbers, ML-KNN
settings, and number of main evaluation runs are shared across the compared methods.
Fed-AGFDO uses the fixed federated and optimization settings summarized in Table 3,
while the comparator-specific computational budgets are given in Table 2. The Dirichlet
concentration parameter specifies the reference degree of label-distribution heterogeneity
used in the main experiments. For Fed-AGFDO, the algorithm-specific parameters are
fixed as a common reference configuration prior to the sensitivity analysis and are shared
across all datasets rather than adjusted separately for individual datasets. Their values are
determined according to the functional roles and numerical scales of the corresponding
components, with the aim of avoiding excessively strong perturbation, guidance, or regular-
ization during the search process. Specifically, ρ = 0.3 restricts the residual adjustment to a
moderate range around the structural reference, while γ0 = 0.1 introduces relatively small
frequency-domain perturbations to avoid excessively disruptive spectral updates. The
anchor-guidance strength is set to αa = 0.8 to provide sufficiently strong directional guid-
ance without completely dominating the population update, and the diversity threshold
δ = 0.3 is used to remove highly similar anchor directions while retaining multiple comple-
mentary candidates. The constant εcos = 10−12 is introduced solely for numerical stability.
For the structure-aware objective, α f = 1, β f = 1, and γ f = 100, and the structural-score
refinement is performed for 15 iterations. The maximum evaluation subset size of 600
is used to bound the computational cost of repeated local fitness evaluations. The EMA
coefficients of 0.7 and 0.3 place greater emphasis on the historical global estimate while
still incorporating information from the current aggregation. The ML-KNN neighborhood
size and smoothing parameter are fixed at 10 and 1, respectively, and the same classifier
settings are used for all compared feature-selection methods. The repeated main experi-
ments use independent random realizations across runs. For the controlled experiments,
the train–test split, client partition, and optimization seeds are explicitly paired between
compared variants using MATLAB’s twister generator. The fixed 600-sample graph/fitness
subset uses seed 1 as described in Section 3.4.1.

Among the algorithm-specific settings, K, αmax, βmax, and λguide directly influence
anchor selection, exploration, elite-guided exploitation, and global consistency guidance,
respectively. Their robustness is therefore further examined in Section 4.3 by varying
each parameter around the common reference configuration while keeping the remaining
settings unchanged. The main experimental protocol and Fed-AGFDO parameters are
summarized in Table 3.

4.1.5. Experimental Environment

All experiments are implemented in MATLAB R2022a and conducted on Windows 11
using an Intel Core i7-13700KF processor at 3.40 GHz with 32 GB of RAM. All methods
are executed under the same hardware and software conditions. The Sylvester equations
involved in the structure-aware computation are solved using MATLAB’s lyap(A,B,C)
routine from the Control System Toolbox. No user-defined numerical tolerance is specified;
the default numerical settings of MATLAB R2022a are used.
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4.2. Comparison with Competing Methods

Figures 2–7 show the AP, Macro-F1, Micro-F1, CV, HL, and RL results of Fed-AGFDO
and the competing methods on the eight datasets. Higher AP, Macro-F1, and Micro-F1
values indicate better classification performance, whereas lower CV, HL, and RL val-
ues indicate better label-ranking quality and fewer prediction errors. The number of
selected features ranges from 2 to 20 on Arts and from 10 to 100 on the remaining datasets.
Figures 2–7 present the mean performance trends over the examined feature-subset sizes,
while Table 4 additionally reports the mean ± standard deviation at representative subset
sizes to characterize run-to-run variation.

Table 3. Main Experimental Protocol and Fed-AGFDO Parameters.

Parameter Symbol Setting

Number of clients C 5
Target client sample proportions – [0.30, 0.25, 0.20, 0.15, 0.10]

Dirichlet concentration parameter αD 0.5
Communication rounds R 5

Training ratio – 0.7
Test ratio – 0.3

Independent runs (main experiments) – 30
Population size N 30

Local generations T 100
Mapping and label-fitting coefficient α f 1

Label-consensus regularization coefficient β f 1
Sparsity coefficient γ f 100

Residual decoding scale ρ 0.3
Maximum exploration strength αmax 0.8

Maximum elite-mixing coefficient βmax 0.4
Frequency-domain noise scale γ0 0.1

Anchor-guidance strength αa 0.8
Number of candidate anchors K 6

Diversity threshold δ 0.3
Cosine stability constant εcos 10−12

Global consistency coefficient λguide 0.05
Maximum evaluation subset size – 600

EMA coefficient for historical weights – 0.7
EMA coefficient for current weights – 0.3

Number of ML-KNN neighbors – 10
ML-KNN smoothing parameter – 1

As the number of selected features increases, AP, Macro-F1, and Micro-F1 generally
increase, while CV, HL, and RL generally decrease and then gradually stabilize. This trend
indicates that enlarging the feature subset initially introduces useful information, whereas
the contribution of additional features diminishes after a certain subset size and may be
affected by redundancy or noise. Fed-AGFDO achieves competitive performance with
relatively small subsets and remains stable as more features are included, indicating that
its highly ranked features retain substantial discriminative information.

Table 4 reports the mean ± standard deviation of Fed-AGFDO at k = 10 on Arts and
k = 50 on the other datasets, together with the maximum mean AP over the examined
feature-subset sizes.
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Fig. 3.  Average precision of the compared methods across the eight datasets.
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Figure 2. AP results of Fed-AGFDO and the competing methods under different numbers of selected
features on the eight datasets.
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Fig. 4.  Macro-F1 of the compared methods across the eight datasets.
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Figure 3. Macro-F1 results of Fed-AGFDO and the competing methods under different numbers of
selected features on the eight datasets.
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Fig. 5.  micro-F1 of the compared methods across the eight datasets.
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Figure 4. Micro-F1 results of Fed-AGFDO and the competing methods under different numbers of
selected features on the eight datasets.
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Fig. 6.  Coverage of the compared methods across the eight datasets.
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Figure 5. CV results of Fed-AGFDO and the competing methods under different numbers of selected
features on the eight datasets.
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Fig. 7.  Hamming loss of the compared methods across the eight datasets.
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Figure 6. HL results of Fed-AGFDO and the competing methods under different numbers of selected
features on the eight datasets.
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Fig. 8.  Ranking loss of the compared methods across the eight datasets.
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Figure 7. RL results of Fed-AGFDO and the competing methods under different numbers of selected
features on the eight datasets.

At the representative subset sizes, Fed-AGFDO achieves the highest AP on all eight
datasets and shows consistently competitive performance on the remaining classification
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and ranking metrics. Several competing methods obtain slightly better results on indi-
vidual metrics; for example, LRDG achieves a higher Macro-F1 on Education, Social, and
Science, while ML-COPRAS obtains a higher Micro-F1 on Education and Social. Neverthe-
less, Fed-AGFDO maintains a favorable overall balance across AP, F1-based classification
performance, and label-ranking metrics. In addition, the representative AP values are
already close to the maximum mean AP values observed over the tested subset sizes. For
example, Reference achieves 0.6440 at k = 50 compared with a maximum of 0.6470, while
Arts achieves 0.5080 at k = 10 compared with a maximum of 0.5090. These results indicate
that relatively compact feature subsets can retain substantial predictive information while
reducing the original feature dimensionality.

Table 4. Representative Results and Maximum Mean AP Values of Fed-AGFDO.

Dataset k AP Macro-F1 Micro-F1 CV HL RL Max. Mean
AP

Education 50 0.6090 ± 0.0040 0.2193 ± 0.0117 0.2814 ± 0.0148 3.55 ± 0.09 0.1938 ± 0.0008 0.1250 ± 0.0016 0.6180
Reference 50 0.6440 ± 0.0063 0.4991 ± 0.0126 0.5716 ± 0.0176 2.32 ± 0.10 0.0306 ± 0.0005 0.0911 ± 0.0021 0.6470
Health 50 0.7160 ± 0.0084 0.5324 ± 0.0134 0.6187 ± 0.0169 13.47 ± 0.08 0.0393 ± 0.0005 0.0379 ± 0.0023 0.7220
Arts 10 0.5080 ± 0.0110 0.4686 ± 0.0143 0.5521 ± 0.0185 5.08 ± 0.16 0.0566 ± 0.0010 0.2101 ± 0.0045 0.5090
Entertainment 50 0.5930 ± 0.0043 0.5118 ± 0.0129 0.5986 ± 0.0193 1.19 ± 0.12 0.0545 ± 0.0006 0.1579 ± 0.0036 0.6020
Social 50 0.7160 ± 0.0029 0.5789 ± 0.0108 0.6764 ± 0.0137 6.35 ± 0.08 0.0214 ± 0.0005 0.0518 ± 0.0006 0.7220
Recreation 50 0.5210 ± 0.0145 0.6917 ± 0.0115 0.7789 ± 0.0122 0.90 ± 0.18 0.0285 ± 0.0013 0.0923 ± 0.0053 0.5310
Science 50 0.4970 ± 0.0119 0.4087 ± 0.0094 0.5463 ± 0.0105 6.49 ± 0.19 0.0330 ± 0.0003 0.1380 ± 0.0048 0.5020

4.3. Parameter Sensitivity Analysis

Parameter sensitivity is examined on Arts, Reference, and Social, which represent
relatively low, medium, and high feature dimensionalities, respectively. The purpose
of this analysis is to evaluate the robustness of Fed-AGFDO to reasonable variations in
its principal search parameters after the common reference configuration has been fixed,
rather than to select the reference parameter values from the evaluation results. A one-
factor-at-a-time strategy is adopted, where one parameter is varied around the reference
configuration while the remaining parameters are kept fixed. The examined parameters
are the number of candidate anchors K, maximum exploration strength αmax, maximum
elite-mixing coefficient βmax, and global consistency coefficient λguide. Arts is evaluated
with k = 10, whereas Reference and Social use k = 50. Each configuration is independently
repeated five times, and the results are reported as the mean ± standard deviation. Higher
AP and lower HL indicate better performance. In Tables 5–8, Mean AP and Mean HL
denote the arithmetic averages of the corresponding mean values over the three datasets.

Table 5. Sensitivity to the Number of Candidate Anchors K.

K
Arts Reference Social

Mean AP Mean HL
AP HL AP HL AP HL

2 0.4728± 0.0072 0.0615± 0.0005 0.6455± 0.0059 0.0285± 0.0008 0.7072± 0.0075 0.0245± 0.0007 0.6085 0.0382
4 0.4713± 0.0031 0.0625± 0.0012 0.6467± 0.0073 0.0286± 0.0004 0.7097± 0.0075 0.0243± 0.0005 0.6092 0.0385
6 0.4802± 0.0083 0.0614± 0.0011 0.6409± 0.0057 0.0290± 0.0004 0.7140± 0.0058 0.0239± 0.0006 0.6117 0.0381
8 0.4829± 0.0073 0.0607± 0.0012 0.6487± 0.0041 0.0280± 0.0004 0.7136± 0.0129 0.0236± 0.0011 0.6151 0.0374

10 0.4798± 0.0112 0.0609± 0.0005 0.6429± 0.0104 0.0288± 0.0006 0.7139± 0.0092 0.0238± 0.0006 0.6122 0.0378

Table 6. Sensitivity to the Maximum Exploration Strength αmax.

αmax

Arts Reference Social
Mean AP Mean HL

AP HL AP HL AP HL

0.5 0.4716± 0.0086 0.0610± 0.0003 0.6518± 0.0032 0.0283± 0.0004 0.7179± 0.0084 0.0238± 0.0003 0.6138 0.0377
0.6 0.4793± 0.0081 0.0619± 0.0010 0.6434± 0.0100 0.0293± 0.0009 0.7047± 0.0103 0.0245± 0.0006 0.6091 0.0386
0.7 0.4774± 0.0056 0.0624± 0.0007 0.6443± 0.0080 0.0289± 0.0005 0.7088± 0.0077 0.0244± 0.0009 0.6102 0.0386
0.8 0.4832± 0.0074 0.0607± 0.0010 0.6504± 0.0091 0.0281± 0.0002 0.7126± 0.0083 0.0244± 0.0006 0.6154 0.0377
0.9 0.4877± 0.0070 0.0610± 0.0006 0.6454± 0.0057 0.0289± 0.0006 0.7069± 0.0094 0.0246± 0.0010 0.6133 0.0382
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Table 7. Sensitivity to the Maximum Elite-Mixing Coefficient βmax.

βmax

Arts Reference Social
Mean AP Mean HL

AP HL AP HL AP HL

0.2 0.4811± 0.0094 0.0616± 0.0010 0.6410± 0.0056 0.0287± 0.0005 0.7080± 0.0099 0.0245± 0.0004 0.6100 0.0383
0.4 0.4820± 0.0066 0.0604± 0.0009 0.6524± 0.0060 0.0285± 0.0003 0.7130± 0.0089 0.0242± 0.0006 0.6158 0.0377
0.6 0.4715± 0.0073 0.0616± 0.0009 0.6408± 0.0064 0.0288± 0.0004 0.7069± 0.0089 0.0245± 0.0007 0.6064 0.0383
0.8 0.4813± 0.0118 0.0609± 0.0015 0.6461± 0.0058 0.0291± 0.0005 0.7076± 0.0082 0.0239± 0.0010 0.6117 0.0380
1.0 0.4729± 0.0076 0.0612± 0.0014 0.6434± 0.0059 0.0289± 0.0002 0.7092± 0.0097 0.0241± 0.0007 0.6085 0.0381

As shown in Table 5, the performance varies only moderately as K changes from 2 to
10. Although K = 8 yields the highest Mean AP and the lowest Mean HL, the improvement
over the reference setting K = 6 is limited, while a larger number of candidate anchors
increases the cost of anchor screening. This result indicates that Fed-AGFDO does not rely
on a narrowly specified value of K.

Table 8. Sensitivity to the Global Consistency Coefficient λguide.

λguide

Arts Reference Social
Mean AP Mean HL

AP HL AP HL AP HL

0.01 0.4722± 0.0098 0.0612± 0.0010 0.6442± 0.0130 0.0287± 0.0006 0.7115± 0.0051 0.0241± 0.0003 0.6093 0.0380
0.05 0.4777± 0.0068 0.0619± 0.0011 0.6447± 0.0046 0.0285± 0.0005 0.7101± 0.0058 0.0243± 0.0005 0.6108 0.0382
0.10 0.4791± 0.0086 0.0611± 0.0010 0.6417± 0.0085 0.0287± 0.0006 0.7078± 0.0110 0.0246± 0.0004 0.6095 0.0381
0.20 0.4779± 0.0100 0.0613± 0.0005 0.6477± 0.0110 0.0282± 0.0001 0.7149± 0.0096 0.0243± 0.0007 0.6135 0.0379

Table 6 shows that the performance remains relatively stable over the examined range
of αmax. The reference setting αmax = 0.8 achieves the highest Mean AP and ties for the
lowest Mean HL, while neighboring settings also yield comparable results. This behavior
indicates that the exploration mechanism remains effective under moderate variations in
the maximum exploration strength.

According to Table 7, βmax = 0.4 provides the highest Mean AP and the lowest Mean
HL among the examined settings. Nevertheless, the overall variation across the tested
range remains moderate, suggesting that Fed-AGFDO can maintain a reasonable balance
between exploration and elite-guided exploitation without requiring highly precise tuning
of βmax.

As reported in Table 8, λguide has a relatively limited influence on performance, with
a difference of only 0.0042 between the highest and lowest Mean AP values. Although
λguide = 0.20 achieves the highest Mean AP, the differences among the examined settings
are small, indicating that Fed-AGFDO is relatively insensitive to the exact strength of the
global consistency guidance.

Overall, the results in Tables 5–8 indicate that Fed-AGFDO remains relatively stable
over the examined ranges of the four principal parameters. These results provide a robust-
ness assessment of the common reference configuration used throughout the experiments
rather than a procedure for selecting the reference parameter values from the evaluation
results. In particular, the observed variations show that the performance of Fed-AGFDO
does not depend on narrowly tuned values of K, αmax, βmax, or λguide.

4.4. Ablation and Controlled Analysis

To examine the contributions of the key components in Fed-AGFDO, this section
first evaluates several anchor-guidance variants and then performs controlled analyses of
the structural initialization, frequency-domain update, and feature-order sensitivity. Arts,
Reference, and Social are used as representative datasets with relatively low, medium, and
high feature dimensionalities, respectively. The representative subset sizes are set to k = 10
for Arts and k = 50 for Reference and Social.
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For the anchor-related ablation analysis, four variants are compared: (1) Fed-AGFDO,
the complete method with candidate-anchor selection, diversity screening, and averaged
multi-anchor guidance; (2) Fed-AGFDO-noAnchor, which removes anchor guidance while
retaining the remaining frequency-domain search operators; (3) Fed-AGFDO-noDiversity,
which retains the top-K candidate anchors without cosine-distance-based diversity screen-
ing; and (4) Fed-AGFDO-singleBest, which constructs the anchor direction using only
the current best individual. Except for the ablated component, all variants use the same
federated protocol and parameter settings. Each experiment is independently repeated
30 times, and Table 9 reports the mean ± standard deviation of AP and HL.

Table 9. Ablation Results of Different Anchor-Guidance Variants.

Dataset Variant AP HL

Arts

Fed-AGFDO 0.5080± 0.0110 0.0566± 0.0010
Fed-AGFDO-noAnchor 0.4842± 0.0095 0.0609± 0.0002
Fed-AGFDO-noDiversity 0.4829± 0.0092 0.0608± 0.0008
Fed-AGFDO-singleBest 0.4936± 0.0131 0.0624± 0.0007

Reference

Fed-AGFDO 0.6440± 0.0063 0.0306± 0.0005
Fed-AGFDO-noAnchor 0.6371± 0.0053 0.0489± 0.0006
Fed-AGFDO-noDiversity 0.6221± 0.0063 0.0486± 0.0003
Fed-AGFDO-singleBest 0.6320± 0.0027 0.0483± 0.0004

Social

Fed-AGFDO 0.7160± 0.0029 0.0214± 0.0005
Fed-AGFDO-noAnchor 0.7144± 0.0043 0.0242± 0.0005
Fed-AGFDO-noDiversity 0.7113± 0.0095 0.0240± 0.0006
Fed-AGFDO-singleBest 0.7099± 0.0024 0.0243± 0.0006

As shown in Table 9, Fed-AGFDO achieves the highest AP and the lowest HL on all
three datasets. On Arts, removing or simplifying the anchor mechanism reduces AP by
0.0144–0.0251 and increases HL by 0.0042–0.0058. On Reference, the complete method
improves AP by up to 0.0219 compared with the ablated variants, while reducing HL by
at least 0.0177. The lower performance of Fed-AGFDO-noDiversity indicates that directly
using similar anchor directions may introduce redundant guidance information. On Social,
although the performance differences are smaller due to the relatively stable feature-
selection landscape, Fed-AGFDO consistently achieves better AP and HL values than
the three variants. These results demonstrate that the anchor-guidance strategy provides
effective search directions, while diversity screening and multi-anchor aggregation improve
the robustness of the guidance process.

To further distinguish the contribution of the structural initialization from that of
the evolutionary optimization process, a structural-initialization-only variant, denoted
as Fed-Structure, is introduced. Fed-Structure retains the same initial structure score s0,c,
federated aggregation strategy, and EMA updating procedure as Fed-AGFDO, but removes
all subsequent AGFDO search operations. Therefore, each client directly uses the structural
initialization score for feature-weight estimation without frequency-domain evolution,
anchor guidance, or population-based refinement. The comparison is conducted over three
paired runs using a three-round federated protocol, with the train–test split, client partition,
and optimization seed paired between the two variants. The results are reported in Table 10.

As shown in Table 10, Fed-Structure achieves performance very close to Fed-AGFDO
on Reference and Social, indicating that the structural initialization itself provides an
informative feature-importance prior on these datasets. On Arts, Fed-AGFDO increases
AP from 0.4738 to 0.5020 and reduces HL from 0.0606 to 0.0562, showing a clearer benefit
from the subsequent adaptive optimization. These results indicate that the structural
prior provides a strong initialization, while the subsequent adaptive optimization stage
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can further refine the feature weights when the initialization alone is less sufficient. The
specific role of the frequency-domain update is examined separately through the matched
original-space comparison below.

Table 10. Comparison between Fed-AGFDO and Structural-Initialization-Only Variant.

Dataset Variant AP HL

Arts Fed-AGFDO 0.5020± 0.0037 0.0562± 0.0006
Fed-Structure 0.4738± 0.0059 0.0606± 0.0004

Reference Fed-AGFDO 0.6484± 0.0067 0.0285± 0.0002
Fed-Structure 0.6485± 0.0063 0.0283± 0.0004

Social Fed-AGFDO 0.7151± 0.0064 0.0241± 0.0005
Fed-Structure 0.7155± 0.0057 0.0240± 0.0006

The above ablation and controlled comparison mainly investigate the contributions of
the guidance mechanism and structural prior. To further investigate whether the frequency-
domain search operator itself contributes to the optimization process, Fed-AGFDO is
compared with a matched original-space variant, denoted as Fed-AGFDO-OS. In Fed-
AGFDO-OS, all FFT/IFFT operations are removed, and the corresponding perturbation,
anchor guidance, and elite mixing operations are directly performed in the original encoded
search space. The stochastic perturbation follows the analogous real-valued form αtγ0|p| ⊙
ξ, while Fed-AGFDO applies the magnitude-dependent perturbation in the transformed
frequency coordinates. The population initialization, feature-weight decoding, anchor
selection, diversity screening, fitness evaluation, population size, local generations, and
federated aggregation are kept identical between the two variants. The train–test split,
client partition, and optimization seeds are also paired. Due to the additional computational
cost of controlled comparisons, each variant is evaluated over five paired runs using the
same five-round federated protocol.

As shown in Table 11, Fed-AGFDO achieves higher mean AP than Fed-AGFDO-
OS on all three datasets, with the largest mean AP difference observed on Arts.
Based on the five matched runs, the paired AP differences (∆AP = APFed − APOS)
are 0.0049± 0.0090 (95% CI: [−0.0062, 0.0161]), 0.0026 ± 0.0047 ([−0.0032, 0.0084]), and
0.0035± 0.0098 ([−0.0086, 0.0156]) on Arts, Reference, and Social, respectively. The
corresponding paired HL differences (∆HL = HLOS − HLFed) are 0.0004 ± 0.0008
([−0.0006, 0.0014]), −0.00003 ± 0.00050 ([−0.00065, 0.00059]), and 0.0004 ± 0.0007
([−0.0004, 0.0012]), respectively. Thus, the frequency-domain formulation yields posi-
tive mean AP differences on all three datasets, with the largest mean gain on Arts, while
the HL differences are small and dataset dependent. Because the experiment contains only
five matched runs and all corresponding 95% confidence intervals include zero, this control
is interpreted as supporting evidence for the frequency-domain search mechanism, while
no stronger conclusion regarding either statistical superiority or equivalence is drawn from
this experiment.

Since Fourier transformation depends on coordinate ordering, the sensitivity of Fed-
AGFDO to feature ordering is further examined through random feature-column permu-
tations. The original feature order and five fixed random permutations are considered.
For each permutation, the same column transformation is applied to the complete feature
matrix before train–test splitting and federated client partitioning. Therefore, all clients and
the evaluation data share the same reordered feature space. Within each paired experiment,
the data-split, client-partition, and optimization seeds are kept identical across different fea-
ture orderings. A five-round federated protocol is adopted, and each ordering is evaluated
over five paired runs. Table 12 reports the mean ± standard deviation of AP and HL.
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Table 11. Matched Comparison of Frequency-Domain and Original-Space Updates.

Dataset Variant AP HL

Arts Fed-AGFDO 0.4778± 0.0076 0.0604± 0.0007
Fed-AGFDO-OS 0.4729± 0.0100 0.0608± 0.0010

Reference Fed-AGFDO 0.6465± 0.0066 0.0285± 0.0002
Fed-AGFDO-OS 0.6439± 0.0057 0.0284± 0.0004

Social Fed-AGFDO 0.7177± 0.0107 0.0241± 0.0007
Fed-AGFDO-OS 0.7142± 0.0087 0.0244± 0.0005

Table 12. Feature-Order Sensitivity under Random Column Permutations.

Dataset Feature Ordering AP HL

Arts

Original 0.4981± 0.0173 0.0585± 0.0007
Permutation 1 0.4932± 0.0166 0.0586± 0.0009
Permutation 2 0.4934± 0.0169 0.0586± 0.0009
Permutation 3 0.4934± 0.0169 0.0586± 0.0009
Permutation 4 0.4934± 0.0169 0.0586± 0.0009
Permutation 5 0.4934± 0.0169 0.0586± 0.0009

Reference

Original 0.6420± 0.0040 0.0285± 0.0005
Permutation 1 0.6417± 0.0047 0.0288± 0.0006
Permutation 2 0.6408± 0.0041 0.0285± 0.0005
Permutation 3 0.6388± 0.0019 0.0287± 0.0005
Permutation 4 0.6393± 0.0015 0.0286± 0.0004
Permutation 5 0.6417± 0.0047 0.0286± 0.0004

Social

Original 0.7214± 0.0043 0.0235± 0.0004
Permutation 1 0.7214± 0.0043 0.0235± 0.0004
Permutation 2 0.7214± 0.0043 0.0235± 0.0004
Permutation 3 0.7214± 0.0043 0.0234± 0.0003
Permutation 4 0.7214± 0.0043 0.0234± 0.0003
Permutation 5 0.7214± 0.0043 0.0235± 0.0004

As shown in Table 12, Fed-AGFDO exhibits limited sensitivity to arbitrary feature-
column permutations. On Arts, the mean AP ranges from 0.4932 to 0.4981, with a maximum
deviation of approximately 0.0049 from the original ordering, while the HL variation
remains approximately 0.0001. Reference shows a slightly larger variation, where the mean
AP ranges from 0.6388 to 0.6420, corresponding to a maximum deviation of approximately
0.0032 from the original ordering. The corresponding HL differences remain below 0.0003.
On Social, all tested permutations produce nearly identical results, indicating negligible
sensitivity to feature ordering on this dataset.

Changing the feature ordering modifies the Fourier basis, and therefore the frequency-
domain transformation is not theoretically permutation invariant. However, the small
variations observed under random column permutations suggest that Fed-AGFDO does
not strongly depend on a specific manually defined feature ordering in the examined
datasets. Combined with the matched original-space comparison, these results indicate
that the frequency-domain update provides an alternative search representation while
maintaining practical robustness to arbitrary feature-column arrangements.

4.5. Federated Robustness Analysis

To further evaluate the robustness of Fed-AGFDO under different federated environ-
ments, additional experiments are conducted by varying four important federated factors:
the number of clients, the degree of Non-IID heterogeneity, the client participation rate, and
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the number of communication rounds. These factors directly affect the data distribution, ag-
gregation process, and optimization stability in practical federated learning scenarios. Arts,
Reference, and Social are selected as representative datasets with relatively low, medium,
and high feature dimensionalities, respectively.

Since these experiments involve multiple federated configurations, the robustness
analysis focuses on evaluating performance trends under different settings. Therefore, each
configuration is evaluated with three independent runs under different random seeds, and
the average performance is reported.

4.5.1. Effect of Client Number

The influence of federation scale is investigated by varying the total number of clients
as C ∈ {5, 10, 20} while keeping the total number of training samples unchanged. In-
creasing the number of clients results in more fragmented local data and may increase the
difficulty of collaborative optimization. The corresponding results are reported in Table 13.

As shown in Table 13, Fed-AGFDO maintains acceptable performance degradation
when the number of clients increases. On Arts and Reference, AP decreases gradually with
increasing client numbers, while the changes in HL remain limited. On Social, although
performance decreases when increasing the number of clients from 5 to 10, it remains
stable when further increasing the number to 20. Overall, Fed-AGFDO maintains effective
feature-selection performance across the examined federation sizes of 5, 10, and 20 clients.

Table 13. Effect of Different Numbers of Clients.

Dataset Number of Clients AP HL

Arts
5 0.4874± 0.0174 0.0611± 0.0010

10 0.4807± 0.0101 0.0615± 0.0006
20 0.4606± 0.0074 0.0630± 0.0008

Reference
5 0.6418± 0.0136 0.0287± 0.0005

10 0.6397± 0.0096 0.0296± 0.0006
20 0.6357± 0.0052 0.0292± 0.0006

Social
5 0.7183± 0.0057 0.0236± 0.0002

10 0.7021± 0.0053 0.0250± 0.0007
20 0.7061± 0.0095 0.0249± 0.0006

4.5.2. Effect of Non-IID Heterogeneity

The influence of Non-IID heterogeneity is investigated by varying the Dirichlet con-
centration parameter as αD ∈ {0.1, 0.5, 1.0}. A smaller αD produces a more concentrated
label-preference distribution in the Dirichlet sampling step, while the realized client-level
label-distribution divergence is quantitatively characterized by HJS. The corresponding
results are presented in Table 14.

Table 14. Performance under Different Dirichlet Settings and Realized Client Heterogeneity.

Dataset αD HJS AP HL

Arts
0.1 0.1620± 0.0412 0.4860± 0.0026 0.0607± 0.0016
0.5 0.1794± 0.0079 0.4803± 0.0036 0.0611± 0.0011
1.0 0.1786± 0.0080 0.4722± 0.0075 0.0610± 0.0010

Reference
0.1 0.2272± 0.0485 0.6429± 0.0184 0.0285± 0.0006
0.5 0.2461± 0.0127 0.6499± 0.0084 0.0284± 0.0004
1.0 0.2353± 0.0215 0.6369± 0.0108 0.0289± 0.0002

Social
0.1 0.2206± 0.0190 0.7136± 0.0026 0.0240± 0.0004
0.5 0.2283± 0.0386 0.7148± 0.0096 0.0240± 0.0006
1.0 0.2143± 0.0189 0.7149± 0.0069 0.0246± 0.0005
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As shown in Table 14, αD controls the stochastic partition-generation process, whereas
HJS characterizes the heterogeneity actually realized in each finite client partition. The
HJS ranges produced by different Dirichlet settings can therefore overlap and need
not vary monotonically with αD. Across the realized heterogeneity ranges examined
here, Fed-AGFDO maintains relatively stable AP and HL performance on the three
representative datasets.

4.5.3. Effect of Client Participation Rate

To evaluate the influence of incomplete client availability, the participation experiment
uses C = 10 clients and five communication rounds, with the client participation rate
varied as q ∈ {0.5, 0.8, 1.0}. In each round, npart = round(qC) clients are sampled without
replacement, and sample-size-weighted aggregation is normalized over the participating
clients. The corresponding results are reported in Table 15.

As shown in Table 15, Fed-AGFDO remains effective under different participation
rates. Although partial participation introduces additional randomness into the aggregation
process, the overall performance variation remains limited. Overall, Fed-AGFDO remains
effective across the examined participation rates of q ∈ {0.5, 0.8, 1.0}.

Table 15. Effect of Different Client Participation Rates.

Dataset Participation Rate AP HL

Arts
0.5 0.4679± 0.0101 0.0628± 0.0010
0.8 0.4681± 0.0045 0.0616± 0.0011
1.0 0.4758± 0.0049 0.0618± 0.0005

Reference
0.5 0.6300± 0.0129 0.0289± 0.0012
0.8 0.6357± 0.0032 0.0294± 0.0008
1.0 0.6392± 0.0098 0.0290± 0.0007

Social
0.5 0.7180± 0.0054 0.0240± 0.0003
0.8 0.7135± 0.0041 0.0248± 0.0004
1.0 0.7116± 0.0056 0.0243± 0.0006

4.5.4. Effect of Communication Rounds

The influence of communication rounds is further investigated by varying the number
of rounds from 1 to 10. The default comparison protocol uses five communication rounds,
while additional experiments are conducted to evaluate whether increasing the communi-
cation budget provides consistent performance improvements. For concise presentation,
Table 16 reports representative results at R ∈ {1, 3, 5, 10}.

Table 16. Effect of Different Communication Rounds.

Dataset Communication Rounds AP HL

Arts

1 0.4743 0.0601
3 0.4743 0.0601
5 0.4786 0.0599

10 0.4743 0.0601

Reference

1 0.6547 0.0278
3 0.6547 0.0278
5 0.6535 0.0279

10 0.6535 0.0279

Social

1 0.7085 0.0244
3 0.7068 0.0243
5 0.7054 0.0248

10 0.7076 0.0246
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Within the examined range of 1–10 communication rounds, Fed-AGFDO exhibits rela-
tively stable performance, and additional rounds do not lead to consistent improvements.
The observed variations also indicate that increasing the communication budget beyond
the predefined reference setting of R = 5 does not provide consistent performance gains
within the examined range.

4.6. Statistical Significance Analysis

In addition to the rank-based analysis, representative matched effect sizes are reported
to characterize the magnitude and uncertainty of the run-level differences. For each
matched run, the difference is defined such that a positive value favors Fed-AGFDO:
∆ = Fed−Comparator for AP, Macro-F1, and Micro-F1, and ∆ = Comparator− Fed for
CV, HL, and RL. Table 17 reports a representative comparison with MOEA/D on Education
using the 30 matched runs.

Table 17. Representative Paired Effect-Size Analysis between Fed-AGFDO and MOEA/D on Education.

Metric Mean ∆ 95% CI p-Value Cohen’s dz

AP 0.0120 [−0.0029, 0.0269] 0.1111 0.3001
Macro-F1 0.0217 [0.0152, 0.0282] 1.77× 10−7 1.2434
Micro-F1 0.0294 [0.0225, 0.0363] 1.27× 10−9 1.5963
CV 0.3600 [0.1987, 0.5213] 8.50× 10−5 0.8333
HL 0.0006 [0.0001, 0.0011] 0.0303 0.4160
RL 0.0030 [0.0008, 0.0052] 0.0092 0.5099

As shown in Table 17, the matched comparison illustrates that the magnitude of the
advantage varies across metrics. On Education, the paired differences favor Fed-AGFDO
on all six metrics, with moderate-to-large standardized effects for Macro-F1, Micro-F1,
and CV, whereas the AP difference is smaller and its confidence interval includes zero.
The complete comparative conclusions are therefore assessed jointly through the matched
run-level analysis and the Friedman–Iman–Davenport and Nemenyi tests below.

The Friedman test is applied separately to AP, Macro-F1, Micro-F1, CV, HL, and RL to
determine whether the differences among the ten methods are statistically significant. For
each metric, the results of each method are first averaged over the tested feature sizes on
each dataset and then ranked according to the preferred metric direction. AP, Macro-F1,
and Micro-F1 are ranked in descending order, whereas CV, HL, and RL are ranked in
ascending order. The best method receives rank 1, and tied methods receive average ranks.

Let M denote the number of methods, ND the number of datasets, and Rj the average
rank of method j. Based on these average ranks, the Friedman statistic is computed
according to Equation (47):

χ2
F =

12ND
M(M + 1)

[︄
M

∑
j=1

R2
j −

M(M + 1)2

4

]︄
. (47)

To obtain a more accurate finite-sample approximation of the Friedman statistic, the
Iman–Davenport correction is applied according to Equation (48):

FF =
(ND − 1)χ2

F
ND(M− 1)− χ2

F
. (48)

The significance level is set to α = 0.05. With M = 10 and ND = 8, the degrees of
freedom of the corrected test are 9 and 63. The results are reported in Table 18.

https://doi.org/10.3390/a19100828

https://doi.org/10.3390/a19100828


Algorithms 2026, 19, 828 39 of 44

All p-values are substantially below 0.05; therefore, the null hypothesis of equivalent
performance is rejected for every metric. Fed-AGFDO obtains the best average rank for
all six metrics, with average ranks of 1.000 for AP, 2.000 for Macro-F1, 1.500 for Micro-F1,
1.000 for CV, 1.125 for HL, and 1.000 for RL.

The Nemenyi post hoc test is subsequently used for pairwise comparisons. The critical
difference used to determine whether two average ranks differ significantly is computed
according to Equation (49):

CD = qα

√︄
M(M + 1)

6ND
. (49)

Table 18. Friedman and Iman–Davenport Test Results.

Metric χ2
F FF p-Value

AP 57.9614 28.9009 3.97× 10−19

Macro-F1 63.2114 50.3468 2.08× 10−25

Micro-F1 59.7545 34.1581 5.95× 10−21

CV 50.8432 16.8221 1.05× 10−13

HL 47.0659 13.2133 1.43× 10−11

RL 46.4659 12.7383 2.89× 10−11

For M = 10, ND = 8, and α = 0.05, the critical difference is CD = 4.7893. A smaller
average rank indicates better performance, and two methods are considered significantly
different when their rank difference exceeds the CD.

As shown in Figure 8, Fed-AGFDO obtains the lowest average rank on all six metrics.
Its rank differences from Org, MOEA/D, GLFS, and PDMFS exceed the critical difference,
whereas the differences from ML-COPRAS, LRDG, FMLFS, Fuzzy FMFS, and NSGA-
III remain within the CD. These results indicate that Fed-AGFDO achieves the strongest
overall average ranking across the examined datasets and feature-subset sizes, while several
competitive methods remain statistically indistinguishable under the Nemenyi criterion.
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Figure 8. Critical-difference diagrams of the ten methods on the six evaluation metrics. A smaller
average rank indicates better performance. The red horizontal segment indicates the critical-difference
interval relative to Fed-AGFDO.

4.7. Practical Efficiency Analysis

Although the computational and communication complexity of Fed-AGFDO has
been theoretically analyzed in Section 3, theoretical complexity mainly characterizes the
asymptotic growth trend with respect to the number of clients, communication rounds, and
feature dimensions. For practical federated deployment, the actual communication volume,
runtime, peak memory usage, and inter-round stabilization are also important factors for
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evaluating the efficiency of an iterative optimization-based feature selection framework.
Therefore, practical efficiency is further examined from these four aspects.

In Fed-AGFDO, the communication process only involves the exchange of continuous
feature-weight vectors between clients and the server. Specifically, each client uploads
its locally optimized feature-weight vector w(r)

c ∈ [0, 1]d to the server, and the server re-
turns the updated global feature-weight vector for the subsequent communication round.
The raw text data, label information, local search populations, anchor information, and
frequency-domain representations remain locally stored and are never transmitted. There-
fore, the practical communication volume mainly depends on the number of participating
clients, feature dimension, and communication rounds rather than the original data size.

To empirically evaluate the communication efficiency of Fed-AGFDO, we record the
actual communication overhead during the complete federated optimization process on
three representative multi-label text datasets, including Arts, Reference, and Social. For this
practical cost analysis, the 10-round configuration is used to characterize cumulative com-
putational and communication requirements over the extended communication horizon.
The runtime and communication statistics are averaged over three independent 10-round
runs, while peak memory is measured separately using a dedicated single-run memory
probe under the same implementation environment. The experiments are executed as a
serial MATLAB simulation in which participating clients perform their local optimization
sequentially; therefore, the reported wall-clock time should not be interpreted as the latency
of an ideal parallel distributed deployment. The communication cost includes both client-
to-server uploading and server-to-client downloading across all communication rounds.
The detailed results are reported in Table 19.

Table 19. Practical computational and communication cost of Fed-AGFDO.

Dataset Runtime (s) Peak Mem. (MB) Upload (KB) Download (KB) Total Comm. (KB)

Arts 8014.14 2454.1 184.80 166.32 351.12
Reference 8680.23 2531.0 317.20 285.48 602.68
Social 7094.15 2565.5 418.80 376.92 795.72

As shown in Table 19, Fed-AGFDO maintains a controllable communication over-
head during federated optimization. The measured peak memory usages are 2454.1 MB,
2531.0 MB, and 2565.5 MB on Arts, Reference, and Social, respectively, indicating compara-
ble memory requirements across the three representative datasets. The total communication
costs on Arts, Reference, and Social are 351.12 KB, 602.68 KB, and 795.72 KB, respectively.
The communication volume increases with the feature dimension because larger feature-
weight vectors need to be exchanged between clients and the server. However, since
Fed-AGFDO only transmits compact feature-weight vectors rather than raw text data or
intermediate optimization states, the required communication overhead remains limited
during federated collaboration.

In addition to communication efficiency, we further evaluate the runtime required by
Fed-AGFDO to complete the federated feature selection process. The runtime is measured
from the initialization of local optimization to the generation of the final global feature
subset. As reported in Table 19, the runtime values on Arts, Reference, and Social are
8014.14 s, 8680.23 s, and 7094.15 s, respectively. The runtime differences mainly result
from variations in feature dimensionality, sample distribution, and optimization difficulty
among datasets. Since Fed-AGFDO adopts a population-based iterative optimization
strategy, the computational cost is mainly influenced by the population size, the number of
local optimization iterations, the number of fitness evaluations, and the complexity of the
manifold-regularized fitness function.
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A separate matched three-round runtime control further shows that Fed-Structure
requires approximately 21.2, 24.1, and 27.2 s on Arts, Reference, and Social, respectively,
compared with approximately 2050.9, 2192.9, and 2149.2 s for the complete Fed-AGFDO.
This comparison shows that the structural prior itself is computationally inexpensive,
while most of the additional cost is introduced by the subsequent population-based
adaptive optimization.

To examine the round-wise optimization behavior of Fed-AGFDO, we record the
mean of the terminal best local fitness values obtained by the participating clients at each
communication round. Specifically,

J̄(r) =
1
|Sr| ∑

c∈Sr

J(r)c,best,

where Sr denotes the participating client set in round r. As shown in Figure 9, the mean
local best fitness exhibits round-to-round fluctuations without a consistent monotonic trend
on the three representative datasets. Because the local fitness incorporates the current global
feature-weight information and is therefore round-dependent, the curves are interpreted
as an empirical diagnostic of the federated optimization process rather than as a formal
convergence trajectory of a fixed global objective.
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Figure 9. Round-wise mean client-local best fitness of Fed-AGFDO on Arts, Reference, and Social.

Overall, the measured communication volume, runtime, peak memory usage, and
inter-round stabilization complement the theoretical complexity analysis in Section 3 and
characterize the practical computational and communication requirements of Fed-AGFDO
under the examined settings.

5. Conclusions
This study investigated federated multi-label text feature selection under data-locality

constraints and proposed Fed-AGFDO. At each client, AGFDO performs high-dimensional
search through frequency-domain exploration, elite-guided mixing, diversity-aware anchor
screening, and multi-anchor direction aggregation. Candidate feature weights are evaluated
using a manifold-regularized fitness function that integrates sample-manifold structure,
label-consensus regularization, feature sparsity, and soft global-weight consistency. The
server aggregates only local feature-weight vectors through sample-size-weighted aggrega-
tion and EMA updating, while the raw feature and label data remain local. Experiments
on eight multi-label text datasets show that Fed-AGFDO obtains the best average rank on
all six evaluation metrics. The Nemenyi analysis further shows significant average-rank
differences from Org, MOEA/D, GLFS, and PDMFS, while several competing methods
remain competitive on individual F1-based metrics. The controlled experiments indicate
that the structural initialization itself provides a strong feature prior on some datasets,
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whereas the subsequent adaptive optimization stage can provide additional refinement
when the structural prior alone is insufficient. The federated robustness experiments further
demonstrate stable performance over the examined client, participation, communication-
round, and realized Non-IID heterogeneity settings. The present experiments are based
on moderate federation scales and a serial MATLAB simulation. Future work will there-
fore investigate larger-scale and asynchronous federated environments, stronger privacy
mechanisms such as differential privacy and secure aggregation, and more efficient graph
construction and local optimization. Structured spectral representations and extensions to
pretrained language-model and multimodal features will also be explored.
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