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Abstract

Computer vision systems are increasingly used in educa-
tional environments to analyze classroom activities and
support data-driven learning analytics. However, class-
room visual data often contain sensitive student informa-
tion and cannot be centralized across institutions due to pri-
vacy and governance constraints. Federated learning (FL)
enables collaborative model training without sharing raw
data, but its performance can degrade when visual data
originate from heterogeneous capture environments. Un-
der such conditions, unreliable client updates can introduce
negative transfer during model aggregation. In this work,
we propose ReSoFed', a privacy-preserving, reliability-
guided federated aggregation framework designed to im-
prove robustness under heterogeneous classroom environ-
ments. The framework estimates the cross-domain gener-
alization capability of client models using a heterogeneous
server-held validation set and incorporates this signal into
a two-stage aggregation process. Specifically, a greedy
model-soup procedure identifies a subset of reliable client
models whose weight-space combination improves valida-
tion performance, followed by reliability-aware weighted
aggregation. Experiments on the SCB dataset across multi-
ple CNN and transformer backbones demonstrate that Re-
SoFed consistently outperforms standard federated learn-
ing baselines under heterogeneous visual conditions while
preserving data privacy.

1. Introduction

Computer vision technologies are increasingly integrated
into educational environments to support classroom analyt-
ics, student engagement monitoring, and automated analy-
sis of learning behaviors. By analyzing visual cues such as
classroom activities, participation patterns, and student in-
teractions, these systems can provide valuable insights for
educators [24]. Recent research has also explored multi-

ICodes and data are available at TBA

modal approaches that combine visual, behavioral, and con-
textual signals to detect collaborative learning states and
support Al-assisted classroom analytics [2, 4]. However,
deploying such vision-based educational systems across in-
stitutions presents a fundamental challenge: educational
data is highly sensitive and subject to strict privacy regu-
lations and institutional policies. Video streams, classroom
recordings, and student behavior data cannot typically be
centralized or shared across institutions due to ethical and
privacy constraints.

Federated learning (FL) offers a promising solution by
enabling collaborative model training across distributed
institutions without exchanging raw data [11]. In this
paradigm, each institution trains a model locally on its pri-
vate data and shares only model parameters with a central
server for aggregation [14], allowing knowledge sharing
while preserving privacy. However, applying FL to real-
world classroom vision systems introduces additional chal-
lenges. Classroom environments differ significantly across
institutions in terms of camera hardware, lighting condi-
tions, viewpoints, and recording setups, leading to substan-
tial distribution shifts in visual data [7]. These variations
produce highly non-IID client distributions [1], which can
degrade the performance and stability of federated learning
models and limit their ability to generalize across heteroge-
neous institutions.

A critical but often overlooked factor contributing to
this issue is that not all client updates are equally reli-
able. Clients operating under degraded visual conditions
may produce models that overfit to environment-specific ar-
tifacts. Conventional federated aggregation strategies, such
as Federated Averaging (FedAvg) [18], implicitly assume
that all client updates contribute equally useful informa-
tion and therefore aggregate models using uniform or data-
size—weighted averaging. Under heterogeneous visual con-
ditions, this assumption can lead to negative transfer, where
poorly generalizing client updates degrade the performance
of the global model [22]. This challenge becomes particu-
larly pronounced in educational settings, where classroom
capture conditions can vary substantially across institutions.
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Uniform Averaging

(a) Standard Aggregation (FedAvg)

(b) ReSoFed (Ours)

Figure 1. Comparison between (a) standard federated aggregation (FedAvg) and (b) the proposed ReSoFed framework. FedAvg uniformly
aggregates all client updates (61, - - - ,05), which may introduce negative transfer under heterogeneous visual conditions. In contrast,
ReSoFed performs greedy model-soup—based client selection to filter unreliable clients and then applies reliability-aware weighted aggre-

gation to produce the global model Oy;obq:. Strongly generalizing clients are shown in

In this work, we argue that cross-domain reliability can
serve as a key signal for federated aggregation in privacy-
preserving educational vision systems. Client models that
generalize well beyond their local classroom conditions are
more reliable for constructing a robust global model. Mo-
tivated by this insight, we propose ReSoFed (Reliability-
guided Soup for Federated Learning), a federated aggrega-
tion framework that explicitly estimates and leverages client
reliability during model aggregation. Instead of assuming
uniform contributions from all clients, ReSoFed evaluates
locally trained models on a heterogeneous server-held vali-
dation set to estimate their cross-domain generalization ca-
pability. Building on this signal, the framework performs
a two-stage aggregation process. First, a greedy model-
soup-based client selection procedure iteratively combines
candidate models only when their inclusion improves val-
idation performance, filtering out poorly generalizing up-
dates. Second, reliability-aware weighted aggregation is ap-
plied over the selected clients, assigning greater influence
to models with stronger cross-domain generalization. Fig-
ure | provides a high-level comparison between the stan-
dard FedAvg aggregation and the proposed ReSoFed frame-
work. We evaluate ReSoFed on the SCB dataset [30] for
classroom activity recognition, where client heterogeneity
is simulated through diverse augmentations. Experimen-
tal results show that ReSoFed mitigates negative transfer
while preserving privacy, requires no modification to local
training objectives, and remains compatible with diverse ar-
chitectures, including both convolutional and transformer-
based models.

Our major contributions are as follows:

¢ We introduce ReSoFed, a privacy-preserving, reliability-
guided federated aggregation framework that models
client reliability via cross-domain validation performance
under heterogeneous visual conditions.

, while weak clients are marked in red.

* We propose a cross-domain reliability estimation strategy
that evaluates client models on a heterogeneous server-
held validation set to assess their generalization capability
beyond local data distributions.

* A two-stage reliability-guided aggregation mechanism is
developed that integrates greedy model-soup—based client
selection with reliability-aware weighted averaging, en-
abling the server to filter weakly generalizing updates and
prioritize robust client models during global aggregation.

» Extensive experiments demonstrate that ReSoFed consis-
tently improves robustness and global model performance
over standard federated learning baselines while remain-
ing privacy-preserving, architecture-agnostic, and com-
putationally lightweight.

2. Related Works
2.1. Federated Learning

Federated Learning (FL) is a distributed machine learning
paradigm that enables multiple clients to collaboratively
train a shared model without exchanging raw data, thereby
preserving data privacy and reducing the need for central-
ized data collection [11, 18]. In a typical FL setup, each
client performs local optimization on its private dataset and
sends model weights to a central server, which aggregates
them to form a global model. The most widely used base-
line is Federated Averaging (FedAvg) [18], which aggre-
gates client updates through data-size-weighted averaging.
Despite its advantages, FL faces several challenges that are
not present in traditional distributed learning settings. In
particular, data heterogeneity across clients, often referred
to as non-IID distribution, can significantly degrade model
convergence and generalization performance [7, 14]. Such
heterogeneity commonly arises in real-world deployments
due to variations in device characteristics, environmental
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conditions, or user behavior. To address the challenges
posed by heterogeneous data, several extensions to FedAvg
have been proposed. For example, FedProx introduces a
proximal regularization term in the local optimization ob-
jective to stabilize training under heterogeneous conditions
[15]. Other approaches focus on improving optimization
and communication efficiency through modified aggrega-
tion strategies or adaptive optimization schemes [10, 23].
These methods highlight the importance of designing ag-
gregation strategies that can effectively handle variability
across distributed clients while maintaining the privacy-
preserving benefits of federated learning.

2.2. Client Selection and Aggregation Strategies

Beyond the standard Federated Averaging (FedAvg) al-
gorithm, a large body of work has focused on improv-
ing the aggregation and client participation strategies in
federated learning. The aggregation rule plays a central
role in federated optimization, as it integrates knowledge
from distributed client models to produce a global model
while addressing challenges such as statistical heterogene-
ity and communication constraints [19, 21]. One line of
research focuses on improving aggregation through adap-
tive optimization strategies. Methods such as FedOpt intro-
duce server-side adaptive optimization schemes to stabilize
global model updates under heterogeneous client distribu-
tions [23]. Similarly, FedNova addresses objective incon-
sistency caused by varying local update steps across clients,
improving convergence behavior in heterogeneous settings
[28]. These approaches aim to improve the stability and ef-
ficiency of global aggregation without explicitly modeling
client reliability. More recently, several works have inves-
tigated reliability-driven or contribution-aware aggregation
mechanisms. These methods attempt to quantify the impor-
tance of each client update using metrics such as local loss,
gradient similarity, or contribution scores, and adjust ag-
gregation weights accordingly [9]. While these approaches
demonstrate improvements under heterogeneous data con-
ditions, many of them require additional information from
clients or introduce significant computational overhead.

In contrast, our approach focuses on estimating cross-
domain reliability using a server-held validation set and in-
tegrating this signal into the aggregation process through
reliability-guided client selection and weighted model ag-
gregation. This design enables improved robustness under
heterogeneous visual conditions while maintaining compat-
ibility with standard federated training pipelines.

2.3. Computer Vision for Education

Computer vision has increasingly been applied to educa-
tional environments to analyze student behaviors, engage-
ment levels, and classroom interactions. Early research pri-
marily focused on engagement recognition using facial ex-

pressions, head pose, and gaze patterns captured through
webcams in online learning settings. Datasets such as
DAISEE have enabled the development of models that es-
timate student engagement levels from video streams by
analyzing visual cues such as facial movements and atten-
tion patterns [5, 12]. More recent works leverage deep
neural networks, including convolutional and transformer-
based architectures, to improve engagement recognition us-
ing spatio-temporal visual signals [20, 25]. These studies
demonstrate the potential of computer vision to support in-
telligent tutoring systems and provide educators with in-
sights into student learning behavior. Another important re-
search direction focuses on detecting and recognizing class-
room activities from visual data. For example, the Student
Classroom Behavior (SCB) dataset provides annotated im-
ages of common activities such as reading, writing, rais-
ing hands, and listening, enabling the development of au-
tomated behavior recognition systems [26]. Computer vi-
sion models based on object detection and action recogni-
tion frameworks have been proposed to analyze classroom
scenes and identify student activities associated with en-
gagement and participation [3]. These approaches aim to
support classroom analytics and enhance teaching effective-
ness by providing automated behavioral monitoring.

Despite significant progress in federated learning, aggre-
gation strategies, and computer vision for education, sev-
eral challenges remain when deploying vision models in
real-world educational environments. Federated learning
enables privacy-preserving collaborative training but suf-
fers from degraded convergence and generalization under
heterogeneous data distributions. Existing aggregation and
client selection methods improve optimization stability but
often do not explicitly capture cross-domain reliability of
client models [13]. Meanwhile, most computer vision ap-
proaches for educational analytics, including engagement
and behavior recognition, assume centralized training on
pooled datasets [5, 26]. In practice, educational data are
distributed across institutions and captured under highly
heterogeneous visual conditions. To address these chal-
lenges, we propose a reliability-guided federated learning
framework that combines cross-domain validation—based
reliability estimation with model-soup—inspired client se-
lection and reliability-aware aggregation, enabling robust
and privacy-preserving learning across heterogeneous class-
room environments.

3. Methodology

3.1. Problem Formulation

We consider a federated image classification setting with
K distributed clients. Each client ¥ € {1,..., K} pos-
sesses a private local dataset D, = {(x¥,y¥)}75, of size
nk, where ¥ € X denotes an image and y¥ € {1,...,C}
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denotes its corresponding label. In our setting, C' = 11 for
classroom action recognition. Due to heterogeneous visual
capture conditions, the local datasets Dy, are non-identically
distributed (non-IID) across clients.

Let fy : X — R denote a shared model parameterized
by 6 € R?. In standard federated learning, the objective is
to minimize the global empirical loss:

K

min F(0) = Z Uk

K
0 k=1 Zj:l 1

where F},(0) denotes the local empirical loss at client k.

Under heterogeneous visual conditions, direct aggrega-
tion of locally optimized parameters can cause negative
transfer, as local models may overfit to client-specific dis-
tortions. To assess cross-domain generalization, we intro-
duce a small server-held validation set D,,; that reflects di-
verse capture conditions across clients. Importantly, D,
is used solely for aggregation-time evaluation, without ac-
cessing raw client data.

Our objective is to learn a global model Ogioba that (i)
achieves strong overall performance across heterogeneous
clients, (ii) remains robust under domain shift, and (iii) pre-
serves data privacy by sharing only model parameters.

Fi(0).

3.2. Federated Learning

In standard federated learning, training proceeds in iterative
communication rounds between a central server and K dis-
tributed clients. Atround t, the server broadcasts the current
global model parameters #' to participating clients. Each
client performs local optimization on its private dataset Dy,
producing updated parameters th“ after one or more local
training epochs. The server then aggregates these locally
optimized parameters to obtain the next global model.

The most common aggregation rule, known as Federated
Averaging (FedAvg) [18], computes a data-weighted aver-
age of client updates:

K

gt+1 — Z Nk

K
k=1 Zj:l g

This procedure approximates minimization of the global
empirical objective while preserving data privacy, since
only model parameters (or gradients) are communicated.
However, FedAvg implicitly assumes that client updates
are equally reliable outside their local domains. Under het-
erogeneous visual conditions, local updates may be biased
toward client-specific distortions, leading to suboptimal ag-
gregation and negative transfer [16]. In such non-IID set-
tings, uniform data-proportional weighting often fails to
capture the true cross-domain generalization capability of
individual clients. This limitation motivates the develop-
ment of aggregation strategies that explicitly incorporate
measures of client reliability during the update process.

t+1
oLt

3.3. ReSoFed

We introduce ReSoFed, a two-stage aggregation frame-
work that explicitly incorporates cross-domain reliability
into federated optimization. Rather than assuming uniform
contribution from all clients, ReSoFed evaluates the gen-
eralization behavior of locally trained client models using
a server-held validation set D,; and integrates this signal
into the aggregation process. The framework consists of (i)
greedy soup-based client selection and (ii) reliability-aware
weighted aggregation, as illustrated in Figure 2.

Greedy Soup-Based Client Selection: Let {0} | denote
the locally optimized client models received at the server af-
ter training. We first estimate the reliability of each client
model using the validation set D,,4;. Specifically, we com-
pute a reliability score:

T = Eval((‘)k, Dval)7

where Eval(-) denotes a validation metric (e.g., accuracy in
our experiments). The reliability score r reflects how well
client k£ generalizes beyond its local data characteristics.
Motivated by the model soup paradigm [29], which
shows that weight-space averaging of independently fine-
tuned models can improve generalization without increas-
ing inference cost, we adapt greedy model souping to the
federated aggregation setting. Unlike conventional model
soups trained on centralized data, our approach performs
reliability-guided souping over distributed client models.
Clients are sorted in descending order of reliability. We
initialize the soup set .S with the most reliable client:

S={k*}, k*= Arg Max ry.

We then iteratively consider adding the remaining clients
to S. For a candidate client j, we compute the uniformly
averaged model over S U {j}:

~ 1
Osurn = 0.
Su{j} |S‘ +1 keg}{j} k

If the validation performance improves, i.e.,
Eval(ésu{j}v Dval) > EVal(és, Dval)a

then client j is added to S; otherwise, it is discarded. This
greedy procedure continues until all clients have been eval-
uated.

This stage serves as a hard filtering mechanism, prevent-
ing poorly generalizing or incompatible client updates from
influencing the global model. By evaluating aggregated
models directly on D,,,;, the selection process explicitly fa-
vors combinations that improve cross-domain robustness.
Reliability-Aware Weighted Aggregation: After identi-
fying the selected client subset S, we compute the final
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Reliability Scores: [r1,re, 73, 74,75

Greedy Soup-Based Client Selection

eliability-Aware Weighted Aggregation

afp =

Zjes Ty

a1~6'1

Qg - 02 —> 4}@
eglobal
Qy - 94

| fq Trainable % Frozen @ selected €D Discarded

Figure 2. Overview of the proposed ReSoFed framework. Each client & € {Client; - - - Clients} trains a local model 6y on its private
dataset Dy, under heterogeneous visual conditions (simulated via diverse augmentation regimes). Each locally trained model is evaluated
on a diverse server-held validation set D,,q; to compute a reliability score 1. Greedy Soup-Based Client Selection: Clients are sorted in
descending order of reliability, and a soup set S is initialized with the most reliable client k* = arg maxy, ri. Additional clients are itera-
tively included only if the aggregated model improves validation performance. Poorly generalizing clients are discarded. Reliability-Aware
Weighted Aggregation: The final global model is computed using reliability-proportional weights a resulting in Ogiobat = Y, c g k0.
Only model parameters are communicated, preserving data privacy while improving robustness under heterogeneous visual conditions.

global model using reliability-aware weighted aggregation
over the selected clients. Instead of uniform averaging, we
assign weights oy, proportional to the reliability scores:

Tk
> jesTi ’
The global model is then computed as:

aglobal = E aply.
kesS

ap = fork € S.

This soft weighting mechanism further emphasizes
clients that exhibit stronger cross-domain generalization
while still allowing multiple reliable clients to contribute.
Unlike standard FedAvg, which weights clients solely based
on data size, ReSoFed directly incorporates validation-
driven reliability into the aggregation process.

Importantly, the proposed framework does not modify
local training objectives or optimization at the client level.
All reliability estimation and selection steps are performed
at the server using model parameters only, thereby preserv-
ing privacy and introducing negligible computational over-
head compared to standard federated aggregation. By com-
bining greedy soup-based client selection with reliability-
weighted aggregation, ReSoFed effectively filters poorly
generalizing clients while prioritizing models that demon-
strate stronger cross-domain reliability. This reliability-
guided aggregation strategy mitigates negative transfer un-

der heterogeneous visual conditions, leading to more stable
global updates and improved overall performance.

4. Experiments

4.1. Setup

Dataset: We conduct experiments on the SCB (Student
Classroom Behavior) dataset [30], which contains images
collected from real classroom environments and annotated
with bounding boxes representing student and teacher ac-
tivities. Using the provided annotations, we extract object-
level image crops to construct an image classification
dataset. The processed dataset contains 14 behavior cat-
egories derived from classroom activities and scene ele-
ments. The dataset exhibits notable class imbalance across
behaviors, where frequent activities contain significantly
more samples compared to rarer behaviors, resulting in a
long-tailed distribution. In total, the resulting dataset con-
tains over 90,000 labeled instances. It also captures diverse
classroom interactions, viewpoints, and environmental con-
ditions, providing a realistic benchmark for evaluating ro-
bust classroom behavior recognition models. Representa-
tive samples from the dataset are illustrated in Figure 3.

Federated Client Construction: To construct the feder-
ated learning setting, the processed dataset is partitioned
across five distributed clients, each representing an inde-
pendent institution with its own local training data. Prior to
partitioning, several low-frequency classes are removed due
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hand-raising

read

write

bow the head

turn the head

Figure 3.

Sample cropped instances extracted from the SCB
dataset using bounding box annotations [30]. The dataset captures
diverse classroom behaviors and visual conditions, including vari-
ations in viewpoint, occlusion, and lighting commonly observed
in real educational environments.

to insufficient sample counts, ensuring that the remaining
categories contain adequate instances for reliable training
and evaluation. The filtered dataset is subsequently divided
into training, validation, and tests subsets. The training por-
tion is distributed across the five clients while maintaining
balanced class representation, whereas the validation and
test sets remain centralized at the server. This partition-
ing introduces client-specific data distributions, reflecting
the non-1ID characteristics commonly observed in federated
learning scenarios. Under this configuration, each client
performs local model optimization on its private dataset
while sharing only model parameters with the central server,
thereby preserving data privacy while enabling collabora-
tive model training.

Heterogeneous Camera Simulation: To simulate hetero-
geneous visual capture conditions across educational in-
stitutions, each federated client is trained under a distinct
augmentation regime designed to emulate common cam-
era artifacts observed in real-world classroom recordings.
These augmentations model variations frequently encoun-
tered in webcam-based data acquisition, including illumi-
nation changes, motion blur, compression artifacts, and par-
tial occlusions arising from differences in camera hard-
ware, lighting conditions, and recording environments. The
specific augmentation configuration assigned to each client
is summarized in Table 1. Such degradations are widely
studied in robustness benchmarks and are known to affect
computer vision models under distribution shift. In par-
ticular, corruption types such as brightness variation, blur,
and compression artifacts are commonly used in robustness
benchmarks such as ImageNet-C [8]. Similarly, occlusion-
based perturbations have been extensively explored in vi-

Client  Simulated Condition Reference

C1 Clean reference capture
Co Brightness shift

Csy Motion / defocus blur
Cy Compression artifacts
Cs Partial occlusion

Standard baseline setting
ImageNet-C [8]

ImageNet-C [8]

ImageNet-C [8]

Cutout [6], Random Erasing [31]

Table 1. Client-specific visual conditions used to simulate hetero-
geneous camera environments across federated institutions. Each
client is trained under a distinct augmentation regime reflecting
commonly observed real-world capture artifacts.

sual recognition through techniques such as Cutout [6] and
Random Erasing [31]. In our setup, each client is as-
signed a specific augmentation configuration that approx-
imates a distinct camera condition while preserving the se-
mantic content of the images. This strategy introduces con-
trolled cross-client visual heterogeneity, enabling system-
atic evaluation of federated learning methods under realistic
domain shifts while maintaining consistent evaluation using
a shared validation and test set.

Implementation Details: All experiments are conducted
using five simulated federated clients, each trained under
distinct visual augmentation settings to emulate heteroge-
neous capture conditions. Specifically, client heterogene-
ity is introduced through different augmentation regimes.
Each client trains a local model using its augmented data
partition without sharing raw images. We evaluate the pro-
posed framework across multiple backbone architectures,
including three convolutional neural networks (CNNs) [17]
(ResNet-50, EfficientNet-V2-S, and ConvNeXt-B) and three
transformer-based models [27] (Swin-V2-T, Swin-V2-B, and
Vision Transformer B-16). All models are fine-tuned on the
SCB dataset for the classroom action recognition task. Im-
ages are resized and normalized using standard ImageNet
statistics. Local models are trained using the Adam opti-
mizer with a learning rate of 1 x 10~4. A small server-held
validation set D,,q; is used to estimate client reliability and
guide the aggregation process in ReSoFed. This validation
set is constructed to reflect diverse visual conditions and re-
mains independent of all client training data. In our setup,
reliability scores are computed using classification accuracy
on D,,;. All experiments are implemented in PyTorch and
executed on a single NVIDIA RTX 3090 GPU. We eval-
uate model performance using standard classification met-
rics, including Accuracy, Precision, Recall, and F1-score.

4.2. Results and Analysis

In this section, we present the evaluation results of the
proposed framework, ReSoFed, on the SCB dataset for
classroom action recognition. For comparison, we also re-
port the performance of standard federated learning using
Federated Averaging (FedAvg) under the same experimen-
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Method CNN Models Transformer-based Models
Model Acc (%) Pre (%) Rec (%) Fl (%) ‘ Model Acc (%) Pre (%) Rec(%) Fl (%)
Standard FL ResNet-50 73.82 77.34 73.67 72.83 ViT B-16 80.47 80.75 80.36 80.22
(FedAvg) EfficientNet-V2-S 78.93 80.31 78.79 78.45 Swin-V2-Tiny 81.23 82.56 81.10 80.80
edave ConvNeXt-Base 81.82 81.97 80.78 81.37 Swin-V2-Base 81.96 83.26 81.73 81.41
ResNet-50 78.50 78.38 78.44 78.06 ViT B-16 81.00 81.18 80.91 80.85
ReSoFed EfficientNet-V2-S 81.61 81.49 81.57 81.22 Swin-V2-Tiny 81.68 83.01 81.58 81.18
ConvNeXt-Base 82.75 83.00 82.68 82.35 Swin-V2-Base 82.35 82.55 82.29 82.16

Table 2. Performance comparison between standard federated learning (FedAvg) and the proposed ReSoFed framework on the SCB dataset.
Results are reported across CNN and transformer architectures. Bold values indicate the best performance within each architecture group.

tal setting. Table 2 summarizes the classification perfor-
mance across convolutional neural networks (CNNs) and
transformer-based architectures to assess the effectiveness
of ReSoFed across diverse model types.

The key observations from Table 2 are as follows: (1)
ReSoFed consistently outperforms the standard federated
aggregation (FedAvg) across all six models, including both
CNN and transformer architectures, demonstrating the ro-
bustness and architecture-agnostic nature of the framework.
(2) The performance improvements are particularly notice-
able for CNN models. For instance, ResNet-50 shows a sig-
nificant improvement in accuracy from 73.82% to 78.50%,
while EfficientNet-V2-S improves from 78.93% to 81.61%,
indicating that the proposed aggregation effectively mit-
igates negative transfer under heterogeneous visual con-
ditions. (3) Although transformer architectures already
achieve strong baseline performance under FedAvg, Re-
SoFed still provides consistent improvements, with Swin-
V2-Base achieving the highest transformer performance
at 82.35% accuracy. (4) Among all evaluated models,
ConvNeXt-Base with ReSoFed achieves the best overall
performance, reaching 82.75% accuracy and 82.35% F1-
score, suggesting that modern CNN architectures benefit
strongly from reliability-guided federated aggregation. (5)
Overall, the consistent improvements across both architec-
tures confirm that ReSoFed effectively handles client het-
erogeneity introduced by simulated camera conditions, val-
idating the importance of reliability-guided client selection
and weighted aggregation in federated learning settings.

4.3. Ablation Studies

To demonstrate the contribution of each component in the
proposed ReSoFed framework, we conduct two ablation
studies: (a) the effect of greedy soup-based client selec-
tion and (b) the effect of reliability-aware weighted aggre-
gation. The ablations are performed on two representative
backbone models, ResNet-50 and Swin-V2-Base.

Effect of Greedy Soup-Based Client Selection: To eval-
uate the importance of the greedy client selection mecha-
nism, we remove the greedy selection step and aggregate
all client models using reliability-weighted averaging only.

Figure 4a presents the accuracy and F1 scores achieved by
the two models with and without the greedy selection stage.
The results show that removing the greedy selection proce-
dure leads to noticeable performance degradation for both
models. This indicates that greedy soup-based client selec-
tion plays a crucial role in filtering weak generalizing client
models before aggregation, thereby reducing negative trans-
fer and improving the robustness of the global model.
Effect of Reliability-Aware Weighted Aggregation: We
next evaluate the impact of reliability-aware weighted ag-
gregation. In this setting, we retain the greedy client se-
lection stage but replace reliability-based weighting with
uniform averaging among the selected clients. Figure 4b
presents the performance before and after applying reli-
ability weights during aggregation. The results demon-
strate that reliability weighting provides additional perfor-
mance gains beyond greedy selection alone. This confirms
that reliability-aware weighting effectively prioritizes client
models with stronger cross-domain generalization ability,
further improving the performance of the aggregated model.
Overall, these ablations verify that both components of
ReSoFed, greedy client selection and reliability-guided ag-
gregation, contribute meaningfully to the final performance
improvements observed in the proposed framework.

5. Discussion

The experimental results demonstrate that incorporating
reliability-aware aggregation into federated learning can
significantly improve model performance under heteroge-
neous visual conditions. By combining greedy model-
soup-based client selection with reliability-weighted aggre-
gation, ReSoFed mitigates the negative transfer effects that
often arise when locally biased client models are aggregated
indiscriminately. The consistent improvements observed
across both convolutional and transformer-based backbones
indicate that the proposed strategy is architecture-agnostic
and can generalize across diverse model families.

Another important observation is that reliability estima-
tion using a diverse server-held validation set provides an
effective proxy for cross-domain generalization. Clients
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Figure 4. Ablation study of the ReSoFed framework. (a) Effect of greedy soup-based client selection, where removing greedy selection
significantly degrades performance for both ResNet-50 and Swin-Base models. (b) Effect of reliability-aware weighted aggregation,
showing that incorporating reliability scores during aggregation improves both accuracy and F1-score compared to uniform averaging.

whose locally trained models generalize well to this valida-
tion set are more likely to contribute positively to the global
model. This allows ReSoFed to selectively emphasize re-
liable clients while discarding harmful updates originating
from locally overfitted models. As a result, the global model
benefits from better overall classification performance.
Furthermore, the proposed approach operates entirely at
the aggregation stage without modifying the local training
procedure. This design choice makes ReSoFed easy to inte-
grate into existing federated learning pipelines. Since relia-
bility estimation and client selection occur only at the server
using model parameters, the approach preserves the core
privacy advantages of federated learning while introducing
minimal computational overhead.
Limitations: Despite its effectiveness, the proposed frame-
work has several limitations. First, the reliability estimation
depends on a server-held validation set representing diverse
visual conditions; if this set is not representative of the client
distributions, the reliability scores may not accurately cap-
ture cross-domain generalization. Second, our evaluation is
conducted in a simulated setting where heterogeneity is in-
troduced through controlled augmentations. Although these
augmentations are based on established robustness bench-
marks, real-world deployments may exhibit more complex
distribution shifts. Third, the greedy client selection stage
requires additional validation-time evaluation during aggre-
gation, which may increase computational cost as the num-
ber of clients grows.

6. Conclusion

In this work, we introduced ReSoFed, a reliability-guided
federated aggregation framework designed to improve ro-

bustness under heterogeneous visual conditions. The pro-
posed approach combines greedy model-soup—based client
selection with reliability-aware weighted aggregation, en-
abling the server to prioritize clients that demonstrate
stronger cross-domain generalization. By leveraging a
server-held validation set to estimate client reliability, Re-
SoFed mitigates the negative transfer that often arises when
locally biased models are aggregated indiscriminately. Ex-
perimental results on the SCB dataset for classroom action
recognition demonstrate that ReSoFed consistently outper-
forms standard federated learning, FedAvg, across multiple
backbone architectures, including both convolutional neural
networks and transformer-based models. These improve-
ments highlight the effectiveness of reliability-guided ag-
gregation for handling client heterogeneity while preserving
the privacy of raw client data.

Future research directions include extending ReSoFed
to multi-round federated optimization settings, exploring
more advanced reliability estimation strategies beyond val-
idation accuracy, and evaluating the framework on larger
real-world federated settings with naturally occurring client
heterogeneity. Additionally, exploring alternative reliabil-
ity estimation strategies and more advanced client selection
mechanisms could further enhance the robustness of feder-
ated aggregation under diverse real-world data conditions.
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