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Abstract
Federated learning (FL) enables collaborative train-
ing of deep models while keeping raw data on lo-
cal devices. A critical factor affecting the global
performance is server-side aggregation. The most
common strategy weights client updates by the
amount of local data, which is often unreliable
as the server cannot inspect data. More im-
portantly, it ignores substantial variations in data
quality (e.g., label noise) across heterogeneous
clients. To address this issue, we propose a data-
Quality-aware aggregation framework by intro-
ducing an Evolutionary-computation-inspired de-
sign into Federated learning (FedEvoQ), with a
lightweight dual-branch architecture. Each client
trains a main-task branch as usual, while a frozen
auxiliary branch (EvoQ) performs evolutionary-
style controlled sampling with crossover and mu-
tation at the input and representation level to probe
data diversity and reliability. EvoQ outputs a com-
pact quality score that jointly reflects learnabil-
ity (loss-based signal), geometric consistency (sta-
bility under perturbations), representation diver-
sity, and out-of-distribution (OOD) deviation, en-
abling the server to compute quality-only aggrega-
tion weights. Extensive experiments on CIFAR10,
CIFAR100, and PathMNIST under noisy and Non-
independent and identically distributed (Non-IID)
settings demonstrate that FedEvoQ consistently
outperforms 10 state-of-the-art (SOTA) federated
aggregation methods, improving the average test
accuracy of the global model by over 2% with mod-
est overhead.

1 Introduction
In federated learning (FL), collaborative training mainly in-
volves two steps: clients train local models using their private
data and upload the learned model parameters to the server,
and the server performs a weighted aggregation of the re-
ceived client parameters to obtain a global model [Jin et al.,
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Figure 1: Global model test accuracy with noisy data: aggregation
by noise-free data quantity vs. total data volume. Here, quality ag-
gregation means aggregating according to the amount of noise-free
data.

2023]. Since the final effectiveness of collaboration depends
on the performance of the global model, server-side weighted
aggregation is critical to federated training [Fan et al., 2025].

The most common weighted aggregation strategy, FedAvg
[McMahan et al., 2017; Li et al., 2020; Wu et al., 2023;
Wu et al., 2024], assigns weights according to the amount
of data on each client. This strategy has several advantages:
it can minimize the global empirical risk and prevent clients
with small datasets from dominating the optimization due to
high estimation bias. Additionally, it can reduce aggrega-
tion variance, improve convergence speed and generalization
performance, and maintain solution stability under hetero-
geneous data distributions. However, weighting aggregation
only by the amount of training data while ignoring its quality
can cause serious issues [Wu et al., 2025; Deng et al., 2022;
Gao et al., 2023]. Our experiments show that when noisy data
exists, aggregating by the total data size yields lower perfor-
mance than aggregating by the amount of noise-free data, and
the latter significantly improves the accuracy of the global
model, as shown in Figure 1. Therefore, a fairer weighted ag-
gregation strategy is to weight clients according to the size of
their effective training data.

Existing data quality-aware aggregation methods (e.g.,
FedAW [Tang, 2024], FAIR [Deng et al., 2021a], FedFAIM
[Shi et al., 2022], and other quality-driven auto-weighting ap-
proaches) introduce quality signals to suppress the negative
impact of low-quality or noisy clients on the global model.
However, they typically suffer from several limitations, in-
cluding insufficient comparability of quality measurements
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(metric bias under Non-IID data [Li et al., 2022]), additional
evaluation cost and system complexity, and potential manip-
ulability and fairness degradation (where long-tail or disad-
vantaged clients may be overly down-weighted). In particu-
lar, methods that use proxy signals such as training loss [Yi
et al., 2022] or validation-set performance to measure client
data quality often require extra evaluation mechanisms or ad-
ditional evaluation data, are sensitive to noisy or anomalous
data, and can be vulnerable to strategic manipulation.

To address these limitations, we introduce evolutionary-
computation principles into FL and propose FedEvoQ with
three key components:

• Lightweight dual-branch client design. Each client
maintains a dual-branch architecture, where the main
branch is optimized for the target task, while a frozen
auxiliary branch conducts evolutionary-style probing
through controlled sampling, crossover, and mutation.

• Compact data-quality scoring. We compute a compact
data-quality score Qk from the probing outputs to sum-
marize the reliability of each client update—capturing
learnability, stability, representation diversity, and OOD
deviation—without accessing any raw data.

• Server-side quality-only weighted aggregation. On
the server, we perform quality-only weighted aggrega-
tion by mapping {Qk} to aggregation weights, thereby
down-weighting low-quality or noisy client updates.
Across ten SOTA aggregation baselines, FedEvoQ im-
proves the average global accuracy by more than 2%.

2 Related Work
2.1 Data quality-based aggregation
Sample-size averaging is efficient but cannot separate clean
information from Non-IID drift, label noise, or poisoning.
Recent work therefore injects quality and credibility into
aggregation: malicious label corruption can be exposed by
recovering latent feature distributions and flagging abnor-
mal clients [Jiang et al., 2023], or by multi-level quality
regularization that down-weights low-quality instances, fea-
tures, or clients during training [Zhang et al., 2024]. Loss
and performance proxies are also used to infer contribution
and support quality-weighted aggregation [Shyn et al., 2021;
Shi et al., 2022; Liu et al., 2022], while relevance-aware data
selection improves global generalization when local data are
partly unrelated to the target task [Nagalapatti et al., 2022].
Distributional valuation further aggregates via principled dis-
tances (e.g., Wasserstein barycenter) to obtain transparent
contribution-aware weights [Li et al., 2024]. However, qual-
ity inference may still be possible under secure aggregation,
creating privacy risk and making “quality-aware” aggregation
harder to deploy safely [Pejó and Biczók, 2023].

2.2 Selection, incentives, and robust aggregation
Quality-aware FL is often coupled with participation con-
trol: incentive and recruitment mechanisms integrate esti-
mated learning quality into payments and aggregation to at-
tract useful clients [Deng et al., 2021a; Deng et al., 2022],
and automated selection optimizes quality under budget and

efficiency constraints [Deng et al., 2021b; Saha et al., 2022].
Robust and heterogeneity-aware policies suppress unreliable
clients via confidence re-weighting, robust aggregation, or
clustering-based weighting when quality and distribution het-
erogeneity coexist [Fang and Ye, 2022; Fang and Ye, 2024;
Li et al., 2025; Ma et al., 2025]. Other lines correct label
noise explicitly [Lin et al., 2025] or reduce long-term harm
via server-side filtering and federated unlearning [Wang et al.,
2023].

Despite progress, many methods require extra supervision
or auxiliary data, rely on assumed attack ratios, or implicitly
trust reported quality; some even leak relative quality under
secure aggregation [Huang et al., 2024]. To address these
issues, FedEvoQ employs the EvoQ branch with evolution-
ary sampling, crossover, and mutation to enrich representa-
tion signals and evaluate client data quality.

3 The Proposed FedEvoQ Method
This section systematically describes the proposed algorithm
FedEvoQ, with reference to the schematic framework illus-
trated in Figure 2.

3.1 Problem Description
In heterogeneous Non-IID FL, client data quality (e.g., diver-
sity, coverage, label noise, and OOD ratio) strongly affects
the global model’s generalization. However, the server can-
not access raw data and only observes locally trained param-
eters, making quality estimation and utilization challenging.
To address this, we equip each client with a dual-branch ar-
chitecture: a primary model fθ for standard local task train-
ing and an evolutionary model gϕ that performs evolutionary-
style sampling and augmentation (crossover and mutation)
to construct a set for quality assessment and output privacy-
preserving statistics that quantify local data quality. The gϕ
is pre-trained on a small synthetic dataset. The server then
uses these statistics to perform quality-weighted aggregation,
aiming to reduce global risk.

Let K = {1, . . . ,K} be the client set and St ⊆ K the
sampled clients at round t. Client k holds Dk = {(xi, yi)}Nk

i=1
with |Dk| = Nk, and optimizes the local empirical risk

Lk(θ) =
1

Nk

∑
(x,y)∈Dk

ℓ
(
fθ(x), y

)
. (1)

The global objective is

min
θ

K∑
k=1

pk E(x,y)∼Dk

[
ℓ(fθ(x), y)

]
,

∑
k

pk = 1, (2)

and the server aggregates local updates as

θt+1 =
∑
k∈St

ptk θ
t
k. (3)

Since pk critically determines global performance, volume-
based weighting is often suboptimal under Non-IID data
because it ignores quality. The core problem is thus
to learn data-quality-dependent aggregation weights from
client-reported statistics, without exposing raw data.
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Figure 2: Framework diagram of the proposed FedEvoQ. We design a dual-branch network architecture. The Backbone main branch is used
to accomplish the client’s primary task. The EvoQ branch estimates representation diversity as a proxy signal of data quality and sends this
signal back to the server, enabling a data-quality-aware weighted aggregation scheme based on each client’s training data quality.

3.2 Proposed FedEvoQ Framework
In the proposed FedEvoQ, the model designed to assess
training-data quality mainly consists of two components.
One component is the backbone network, i.e., the main-task
branch, which handles the primary task. The other compo-
nent is EvoQ, which is responsible for evaluating the quality
of the training data.

The main-task branch enables each client to accomplish the
primary objective, such as classification or prediction. The
data-quality evaluation branch, EvoQ, integrates evolution-
ary computation and uses representation diversity as a proxy
signal of data quality. This signal is sent back to the server to
support a data-quality-aware weighted aggregation scheme.
In this deep learning network, we further define hyperparame-
ters in the EvoQ branch, including the sampling ratio of client
training data CEv and the crossover and mutation probabili-
ties PC and PM , to mitigate fairness issues when evaluating
data quality via diversity.

3.3 EvoQ Branch Network
Evolutionary algorithms [Jin et al., 2018; Zhang et al., 2025;
Liu et al., 2025; Zhao et al., 2025] maintain the diversity
of candidate solutions in a population, which encourages
broad exploration of the search space and helps avoid pre-
mature convergence to local optima. Through the combined
effects of selection, crossover, and mutation, high-quality and
diverse solutions are continuously recombined and refined,
gradually approaching the global optimum. This diversity-

Figure 3: Illustration of the crossover and mutation operations in
the EvoQ branch for client training-data quality assessment in the
proposed method. The images highlighted by red boxes indicate the
samples selected for crossover and mutation.

driven principle of evolutionary algorithms inspires our pro-
posed EvoQ model.

Both EvoQ and the main-task branch require input sam-
ples to train the model. The difference is that the main-task
branch feeds the entire local dataset into the network in a stan-
dard mini-batch manner, whereas the EvoQ branch samples
the data before input. Based on the sampled inputs, EvoQ
further increases the diversity of the solution space (i.e., the
data space) by applying operations analogous to crossover
and mutation in evolutionary algorithms. Specifically, EvoQ
first randomly samples several mini-batches from the client’s
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Algorithm 1 FedEvoQ
Require: Total rounds T , client set K, initial global model

θ0; local epochs E, batch size B; sampling ratio CEv ,
crossover prob. PC , mutation prob. PM ; temperature τ ,
weight floor ϵp.

1: for t = 0 to T − 1 do
2: Server: sample participating clients St ⊆ K and

broadcast θt
3: for all clients k ∈ St in parallel do
4: Client k: θ ← θt {Main-task local training}
5: for e = 1 to E do
6: for each mini-batch B ⊂ Dk of size B do
7: θ ← θ − η∇θℓ

(
fθ(B)

)
8: end for
9: end for

{Frozen EvoQ forward evaluation for quality}
10: Sample Nb mini-batches from Dk with ratio CEv to

form Db = {(Xi, yi)}Nb
i=1

11: With prob. PC , apply crossover across (Xi, yi) and
(Xj , yj) by swapping indexed subsets

12: With prob. PM , apply mutation by replacing se-
lected indices with samples re-drawn from Dk /∈ Db

13: Compute L̃t
Evo(k), S̃t

mix(k), R̃t
stab(k), D̃t

Rep(k),
Õt

odd(k) from Eq. 5, 6, 7, 8 and 9
14: Upload (θtk=θ, Qt

k) to the server
15: end for
16: Server: compute quality-only weights by Equation 10

and 11
17: Server: aggregate θt+1 ←

∑
k∈St ptk θ

t
k

18: end for
19: return θT

local training data and constructs

Db = {(Xi, yi)}Nb
i=1, Xi ∈ RB×d, yi ∈ RB (4)

where Nb denotes the number of sampled mini-batches, B is
the batch size, and d is the sample dimension. These mini-
batches are then fed into the frozen EvoQ for forward evalua-
tion. During this process, crossover is applied to the sampled
mini-batches with probability PC to construct mixed batches
for quality assessment. For example, samples indexed by I
in Xi are swapped with samples indexed by J in Xj . Mean-
while, EvoQ performs mutation with probability PM , i.e., it
samples a subset of data from outside Db to update the cur-
rent mini-batch. The sampling, crossover, and mutation oper-
ations of the EvoQ branch are illustrated in Figure 3.

We define the quality score of client k, denoted by Qk, as
a monotonic mapping of the EvoQ fitness function. We first
construct the fitness:

Fk = a
(
1− L̃Evo

)
+ bCk + c Ik (5)

where L̃Evo is the averaged EvoQ loss after client-side con-
trolled sampling, crossover and mutation. The term

Ck = ζ1S̃mix + ζ2R̃stab (6)

is the structural-consistency component, where S̃mix is a
linear-consistency metric for feature interpolation:

S̃mix ∝ E
[∥∥gϕ(x̃i←j)−

(
ρ gϕ(xi) + (1− ρ) gϕ(xj)

)∥∥
2

]−1
,

(7)
It measures the model’s linear interpolability along the

connected path between samples. R̃stab denotes prediction
stability, defined as the negative variance of predictions un-
der data augmentation or small perturbations, after normal-
ization, a larger value indicates higher stability. The term

Ik = ξ1D̃Rep − ξ2Õodd (8)

is the information–compatibility component. Here, D̃Rep is
the representation diversity. It can be instantiated by the spec-
tral dispersion of the feature covariance at an intermediate
layer (e.g., the entropy of covariance eigenvalues or the log-
determinant), or by the mean inter-cluster distance based on
prototypes, reflecting the information content and coverage
of the local data. Õodd is an OOD deviation measure, which
can be determined by thresholding the Mahalanobis distance
in the feature space with respect to global prototypes or a ref-
erence distribution; a larger value indicates a stronger devia-
tion from the global distribution and thus lower quality. The
coefficients a, b, c, ζ1, ζ2, ξ1, ξ2 ≥ 0 can be selected using a
validation set or updated via meta-learning. Finally, we com-
press the fitness into (0, 1) by

Qk = σ(Fk) (9)
where σ(·) is the Sigmoid function. The Qk is then used by
the server as the basis for quality-aware aggregation weights.
L̃Evo, Ck, and Ik measure learnability, geometric consis-

tency and effective informativeness under distribution com-
patibility, respectively. In Non-IID and noisy scenarios, they
are linked to: 1) lower variance of local gradients and bet-
ter optimizability, 2) stability-enhanced generalization with
smoother decision boundaries, and 3) stronger compatibility
with the global distribution, improved transferability, and in-
creased Fisher information. Hence, Qk serves as an approx-
imate reliability indicator of client updates toward the global
optimum. For quality-aware aggregation, under mild assump-
tions, our weighting admits an inverse-variance-style reliabil-
ity interpretation (Appendix), improving convergence stabil-
ity and global accuracy against noise and a small fraction of
malicious clients. Moreover, Õodd in Ik downweights sam-
ples that are diverse yet incompatible, mitigating bias toward
external distributions and preserving the robustness–coverage
trade-off.

Given the quality score Qt
k ∈ (0, 1), we define the aggre-

gation weights solely based on quality by

ptk =
exp(τQt

k)∑
j∈St exp(τQt

j)
(10)

, where τ > 0 is a temperature controlling how sharply the
server focuses on high-quality clients. To avoid vanishing
weights and improve stability, one may further apply a floor
ϵp > 0:

p̃tk = max(ptk, ϵp), ptk ←
p̃tk∑

j∈St p̃tj
. (11)
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Figure 4: Comparison of test accuracy on CIFAR-10 with Gaussian noise: standard data-volume aggregation, data-volume aggregation after
removing noisy samples, FedAvg on noise-free CIFAR-10 (Sanitize aggregation), and the proposed FedEvoQ.

CIFAR10 CIFAR100 PathMNIST

Variant 0.1 0.5 1 2 5 10 0.1 0.5 1 2 5 10 0.1 0.5 1 2 5 10

FedAvg (w/o quality)
48.90
±0.84

81.30
±0.06

83.21
±0.04

86.01
±0.01

86.16
±0.02

86.56
±0.01

48.94
±0.01

53.54
±0.01

53.64
±0.01

52.88
±0.01

51.12
±0.01

51.21
±0.01

24.71
±0.91

78.39
±0.03

78.66
±0.01

78.56
±0.06

81.22
±0.01

80.41
±0.01

Random sampling only
53.81
±0.57

82.16
±0.09

83.24
±0.03

85.97
±0.05

86.61
±0.04

86.97
±0.02

49.27
±0.03

53.78
±0.04

54.86
±0.02

55.56
±0.03

55.78
±0.05

55.22
±0.02

46.51
±0.73

78.59
±0.04

78.96
±0.03

79.31
±0.04

81.26
±0.01

82.94
±0.03

w/o crossover (PC=0)
54.09
±0.67

82.24
±0.06

83.66
±0.02

86.14
±0.03

86.78
±0.03

87.93
±0.02

50.33
±0.04

54.83
±0.03

55.73
±0.01

55.85
±0.02

56.49
±0.04

56.67
±0.03

47.32
±0.41

78.82
±0.03

79.39
±0.01

80.71
±0.03

81.79
±0.02

84.03
±0.06

w/o mutation (PM=0)
54.67
±0.34

82.54
±0.10

83.82
±0.01

86.42
±0.01

86.39
±0.02

88.03
±0.04

49.49
±0.01

55.09
±0.03

55.69
±0.01

55.89
±0.02

56.29
±0.06

56.59
±0.03

48.87
±0.82

78.85
±0.01

79.37
±0.01

81.19
±0.03

82.17
±0.02

83.70
±0.04

only (1− L̃Evo)
54.32
±0.28

82.09
±0.07

83.44
±0.03

86.14
±0.02

86.45
±0.05

87.34
±0.01

48.97
±0.02

54.32
±0.04

55.17
±0.03

54.52
±0.01

55.76
±0.02

55.43
±0.04

46.29
±0.96

78.93
±0.05

79.14
±0.03

80.48
±0.02

81.68
±0.04

83.30
±0.05

remove OOD penalty (ξ2=0)
54.67
±0.47

82.48
±0.08

83.79
±0.02

86.76
±0.4

87.01
±0.03

88.16
±0.03

49.96
±0.05

54.66
±0.03

55.46
±0.02

56.05
±0.01

56.92
±0.05

56.96
±0.02

45.84
±0.93

77.93
±0.07

79.45
±0.02

80.88
±0.03

82.12
±0.01

84.75
±0.06

FedEvoQ (Full)
55.44
±0.53

83.44
±0.04

84.50
±0.02

87.53
±0.01

87.29
±0.04

88.81
±0.01

51.02
±0.01

55.98
±0.04

56.29
±0.01

56.93
±0.01

57.29
±0.01

57.65
±0.07

49.97
±0.33

79.38
±0.01

79.98
±0.02

81.87
±0.01

83.32
±0.01

84.96
±0.03

Table 1: Ablation study of FedEvoQ (Test Acc., %). Results are reported under different Non-IID levels β ∈ {0.1, 0.5, 1, 2, 5, 10} on
CIFAR10, CIFAR100, and PathMNIST.

3.4 Secure and Efficient Dual-Branch Training
Mechanism

To estimate client data quality more accurately without extra
privacy risk or communication overhead, we employ a dual-
branch design. The Main branch is trained locally and aggre-
gated as in standard FL. The EvoQ branch is fully frozen (no
updates and no parameter transmission) and is used only for
forward inference to compute the quality score Qk. In each
round, the client uploads only ∇θMain

k
, Qk, and a small set of

statistical summaries.
This design offers two benefits. Privacy: gradient inver-

sion attacks typically exploit exposed gradients and a trace-
able computation graph. Freezing EvoQ removes its back-
ward path and eliminates multi-branch gradient exposure,
leaving only main-branch updates and a few scalars, which
substantially reduces reconstruction risk. Communication:
it avoids transmitting EvoQ-related parameters, reducing the
per-round cost from

O (|θMain|+ |θEvoQ|) , (12)

to O (|θMain|) + O(1). The server then performs quality-
aware aggregation using weights derived from Qk, balancing
measurable quality, controlled risk, and low cost.

4 Experimental Evaluation
4.1 Experiment Settings
Datasets and Models. We select three datasets: CIFAR-
10 [Krizhevsky et al., 2009], CIFAR-100, and PathMNIST

[Kather et al., 2019]. The first two are widely used bench-
mark RGB image datasets for classification, containing 10
and 100 classes, respectively. PathMNIST is a pathology im-
age classification subset from the MedMNIST [Yang et al.,
2023] collection, which provides labels for 9 classes. For the
above three datasets, we adopt VGG16 [Simonyan and Zis-
serman, 2014], ResNet34, and ResNet18 [He et al., 2016] as
the model architectures in our experiments, respectively.

Implementation Details. In the FL setup, we set the total
number of clients to 100. In each communication round, 10
clients are randomly selected to participate in training, cor-
responding to a client participation rate of 10%. All exper-
iments use a default configuration: CEv = 0.2, Nb = 10,
B = 64, PC = 0.5, PM = 0.3, rM = 0.2, and ρ ∼
Beta(1, 1). We set a = b = c = 1, ζ1 = ζ2 = 0.5, and
ξ1 = ξ2 = 0.5, with per-round normalization across partic-
ipating clients. For aggregation, τ = 5 and ϵp = 0.01. We
set the OOD threshold to the 95th percentile. Local training
uses E = 5 epochs with SGD (lr= 0.01, momentum= 0.9)
or Adam (lr= 0.001). Non-IID partitions are generated by a
Dirichlet distribution, where β controls heterogeneity and a
smaller β indicates higher Non-IID. All experiments are im-
plemented in PyTorch and conducted on NVIDIA H20 GPUs.

To simulate realistic data conditions, we add Gaussian
noise to the training data. The noise level is governed by
three factors: the proportion of noisy clients, the fraction of
noisy samples on each noisy client, and the noise magnitude
(variance). In our experiments, 50% of clients are designated
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Algorithms Aggregation Rule Additional Assumptions Server Cost Non-IID Incentive

FedAvg [McMahan et al., 2017] Sample-size-weighted averaging Client sample counts known Low Medium None
Krum [Blanchard et al., 2017] Majority-consistent update selection Byzantine bound, pairwise distances High (O(n2)) Medium None
Multi-Krum [Blanchard et al., 2017] Multi-update selection averaging Byzantine bound, pairwise distances High Medium None
RFA [Pillutla et al., 2022] Geometric-median aggregation Iterative median optimization Med–High Medium None
FedAWA [Shi et al., 2025] Alignment-aware dynamic reweighting Update-direction metrics required Medium Strong None
FedLAW [Li et al., 2023] Learned aggregation weights and shrink-

age
Weight learning, consistency checks Medium Strong None

FedAW [Tang, 2024] Quality-aware weighting Quality and reliability signals required Medium Strong Weak
QSFL [Yi et al., 2022] Eligibility screening, uplink sparsification Eligibility criteria, compression settings Medium Medium None
FAIR [Deng et al., 2021a] Loss-aware upweighting for tail fairness Client-side loss reporting Medium Med–Strong Strong
FedFAIM [Shi et al., 2022] Contribution-aware aggregation, incentive

allocation
Contribution eval, incentive mechanism Med–High Medium Strong

FedEvoQ Quality-aware weighting Local EvoQ-based quality score Low Strong Strong

Table 2: Comparison of aggregation methods in FL.
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Figure 5: Test accuracy convergence of FedEvoQ and ten federated aggregation strategies on CIFAR-10 and CIFAR-100 under different
Non-IID settings.

as noisy, 30% of samples on each noisy client are perturbed,
and the injected noise follows a Gaussian distribution with
variance 0.5.
Comparison Methods. To comprehensively evaluate the ro-
bustness and fairness of the proposed method under distri-
bution heterogeneity and quality heterogeneity, we select ten
representative FL aggregation frameworks from recent years
as baselines. All methods are evaluated under the same train-
ing setting. The selected baselines are listed in Table 2.

4.2 Performance Comparison
First, we evaluate the proposed FedEvoQ on CIFAR-10 un-
der the classical FedAvg setting. Under three Non-IID levels

(β = {0.1, 1, 10}), we compare four settings: (i) FedAvg
with Gaussian noise (σ = 0.5) and data quantity weight-
ing, (ii) FedAvg with the same noise but weighted by the
post-cleaning effective quantity of data, (iii) sanitize aggre-
gation (training on cleaned data and aggregating by the quan-
tity of data), and (iv) FedEvoQ under the same noise. The
results are reported in Fig. 4. As shown in Fig. 4, when
noisy data exist, weighting FedAvg by the effective sam-
ple size after noise removal consistently outperforms stan-
dard data quantity weighting, because the effective sam-
ple size serves as a credibility proxy and reduces the im-
pact of noisy clients. More importantly, FedEvoQ achieves
the best accuracy across all Non-IID levels, regardless of
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CIFAR10 CIFAR100 PathMNIST

Variant 0.1 10 0.1 10 0.1 10

Full (τ = τ0, ϵp = 0)
55.44
±0.53

88.81
±0.01

51.02
±0.01

57.65
±0.07

49.97
±0.33

84.96
±0.03

τ = 1 (w/ floor)
54.47
±0.71

88.57
±0.02

49.17
±0.03

56.86
±0.06

47.64
±0.52

84.33
±0.05

τ = 5 (w/ floor)
54.43
±0.49

88.61
±0.01

49.82
±0.02

57.96
±0.04

49.58
±0.45

85.11
±0.03

τ = 10 (w/ floor)
53.72
±0.86

88.54
±0.03

50.26
±0.03

56.98
±0.04

46.62
±0.61

84.72
±0.03

w/o floor (ϵp = 0)
51.47
±0.52

86.94
±0.02

49.38
±0.04

55.89
±0.03

46.67
±0.76

83.26
±0.02

Table 3: Sensitivity of quality-only weighting: temperature τ and
weight floor ϵp. Results are averaged over β ∈ {0.1, 10}.

whether noisy samples are removed. For β = 1, after 300
rounds, the converged accuracies are 81.02% (noisy FedAvg),
82.17% (effective-sample weighting), 83.46% (sanitize ag-
gregation), and 84.50% (FedEvoQ), corresponding to gains
of 3.48%, 2.33%, and 1.04%, respectively. This improvement
comes from assigning smaller aggregation weights to low-
quality (high-noise) clients, which suppresses contaminated
updates and drives the solution closer to the clean-data op-
timum. Compared with sanitize aggregation, FedEvoQ fur-
ther avoids the bias and information loss caused by discard-
ing samples under Non-IID data, since it suppresses noise via
client-level reliability weighting.

To further validate FedEvoQ, we compare it with 10
SOTA aggregation methods in Table 2. As shown in Fig-
ure 5, on CIFAR-10 and CIFAR-100 with β = 0.1, 1, 10,
FedEvoQ consistently achieves the highest test accuracy,
with larger margins under severe heterogeneity (β = 0.1).
For example, on CIFAR-100 with β = 0.1, FedEvoQ
reaches 51.02%, outperforming the strongest baselines Fed-
FAIM (47.25%), FedAvg (47.04%), QSFL (46.97%), and
RFA (44.89%). Overall, FedEvoQ shows a clear and robust
advantage over all compared methods.

4.3 Ablation Study
Table 1 demonstrates that the full model consistently achieves
the best performance on CIFAR10, CIFAR100 and PathM-
NIST across all Non-IID levels β ∈ {0.1, 0.5, 1, 2, 5, 10},
validating the effectiveness of quality-aware aggregation.
Even without evolutionary recombination, Random sampling
only markedly outperforms FedAvg, indicating that quality-
based weighting is the primary source of gains (e.g., PathM-
NIST at β = 0.1: 46.51% vs. 24.71%). Disabling ei-
ther crossover or mutation reduces accuracy, while using
both yields the highest results, confirming their complemen-
tary contribution. Moreover, using only the learnability term
1 − L̃Evo underperforms the full score, and removing the
OOD penalty by setting ξ2 = 0 causes a clear drop in chal-
lenging regimes (e.g., PathMNIST at β = 0.1: 49.97% to
45.84%), supporting the necessity of penalizing diverse-but-
incompatible clients.

Table 3 studies the sensitivity of the quality-only weighting
to the temperature τ and the weight floor ϵp under represen-
tative β ∈ {0.1, 10}. With ϵp>0, performance is relatively

stable across τ , and moderate τ is generally preferable; in
contrast, removing the floor (ϵp = 0) consistently degrades
accuracy (e.g., CIFAR10: 55.44% to 51.47% at β=0.1 and
88.81% to 86.94% at β=10), indicating that the floor is crucial
to prevent weight collapse and stabilize aggregation. Overall,
these ablations confirm that the proposed score composition
and the bounded, temperature-controlled weighting are both
necessary for robust aggregation.

4.4 Computation and Communication Costs
Table 4 reports the average time per communication round
under identical settings. FedEvoQ adds a lightweight,
forward-only EvoQ evaluation for quality scoring, hence the
overhead over FedAvg is small on CIFAR10 (e.g., β=0.1:
25.40s vs. 24.16s) and remains competitive with most base-
lines across datasets, while being far cheaper than heavy
methods such as FedLAW (e.g., CIFAR100: 39.2s vs. 80-
115s). Communication overhead is negligible since only the
main-branch update is transmitted and EvoQ is frozen; each
client additionally uploads only a scalar quality score Qk

(and a few summaries), so the uplink complexity remains
O (|θMain|) +O(1).

Times (s) CIFAR10 CIFAR100 PathMNIST

0.1 1 10 0.1 1 10 0.1 1 10

FedAvg 24.16 20.23 19.85 26.59 30.98 32.62 14.91 15.16 12.01
Krum 20.22 23.05 25.82 28.17 22.47 22.60 11.11 11.08 15.04
Multi-Krum 19.39 22.96 22.82 22.54 20.00 34.03 15.26 11.73 9.74
FedAWA 21.32 23.77 23.64 32.58 37.38 38.97 14.85 14.95 11.73
QSFL 24.17 24.04 23.58 28.24 31.73 45.85 14.62 15.10 11.89
FedLAW 122.33 120.20 104.52 115.13 81.48 79.96 57.57 49.93 49.55
FAIR 20.26 25.86 26.09 28.52 34.52 34.85 15.09 15.89 12.35
FedFAIM 21.35 23.77 23.54 29.54 34.70 34.68 32.97 22.39 22.08
RFA 22.49 28.41 25.67 29.22 34.52 34.89 15.19 15.05 11.74
FedAW 11.40 16.04 16.72 21.51 21.46 25.38 10.26 11.09 8.70
FedEvoQ
(ours) 25.40 25.53 24.28 39.56 39.28 39.21 19.86 13.73 18.72

Table 4: Running time (s) per communication round (average across
algorithms under identical experimental settings) under different
Non-IID levels (β = {0.1, 1, 10}) on CIFAR10, CIFAR100, and
PathMNIST.

5 Conclusions and Future Work
In this paper, we address the issue of unreliable aggregation
in FL under heterogeneous and noisy Non-IID data. We pro-
pose FedEvoQ, a data-quality-aware aggregation framework
that weights clients using quality signals only. The key idea is
a dual-branch client design: the main branch performs local
training, while a frozen auxiliary branch uses evolutionary-
style probing to compute a compact quality score measuring
learnability, geometric consistency, representation diversity,
and OOD compatibility. The server then conducts quality-
only weighted aggregation based on these scores. Experimen-
tal results demonstrate that FedEvoQ consistently improves
global generalization, with moderate overhead and negligible
extra communication.

In subsequent research, we will study robustness against
strategic manipulation of quality signals and extend
FedEvoQ to larger models and more diverse FL scenarios.
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