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Improving Multimodal Reasoning in Large Language Models via Federated Example
Selection

Beatrice Fawcett®', Felix Ashworth®|, Harriet Dunbar

Abstract

Large language models have experienced a significant transformation with the advent of powerful models capable of generating,
translating, and summarizing text. However, effectively integrating and reasoning with multimodal data, which includes text, im-
ages, and audio, continues to pose a formidable challenge. The novel concept of federated example selection, as proposed in this
paper, is significant because it addresses critical issues of data privacy, diversity, and representation, thus enhancing multimodal
reasoning capabilities in Al models. By modifying the open-source LLM, Llama, with a federated example selection algorithm,
this research demonstrates substantial improvements in model performance across various tasks. The methodology involves a com-
prehensive approach that includes secure data collection, algorithm design, and iterative model refinement, all within a federated
learning framework. The experimental results indicate notable advancements in accuracy, precision, recall, and F1-score, outper-
forming state-of-the-art models and showcasing the algorithm’s efficacy. Additionally, scalability analysis confirms the algorithm’s
ability to handle large-scale datasets efficiently, while ablation studies highlight the importance of each algorithmic component.
The findings suggest that the proposed methodology not only enhances the integration of diverse data types but also paves the way
for future developments in multimodal Al, demonstrating the transformative potential of federated learning approaches.

Keywords: Multimodal reasoning, Federated learning, Example selection, Data privacy, Al integration

1. Introduction understand and generate content that spans multiple modalities,

necessitating robust multimodal reasoning capabilities. Mul-
Large language models (LLMs) have significantly transformed = i odal reasoning refers to the ability of an AI system to in-
the landscape of natural language processing, enabling unprece- terpret, process, and generate content involving more than one
dented advancements in tasks such as text generation, trans- type of data, such as combining textual descriptions with cor-
lation, and summarization. Despite these remarkable achieve- responding images or audio. This capability is essential for ad-
ments, the evolution of LLMs towards effectively handling and  yanced Al applications in diverse fields, including autonomous
reasoning with multimodal data, which includes diverse types driving, medical diagnostics, and interactive Al systems. Tra-
of information such as text, images, and audio, remains a formidable §;ional methods for enhancing multimodal reasoning in LLMs
challenge. Multimodal reasoning is crucial for numerous ap-  paye primarily relied on centralized data processing approaches,
plications that require the integration of multiple data types to  \hich pose significant challenges related to data privacy, scala-
generate coherent and contextually relevant outputs. Enhancing bility, and diversity.
multimodal reasoning capabilities in LLMs involves address- Federated learning introduces a paradigm shift, enabling the
ing several complex technical challenges, including data het-  (rajning of machine learning models across decentralized data
erogeneity, efficient representation learning, and model scala- sources while maintaining data privacy and security. Within the
bility. The present paper proposes a novel approach to enhance  conext of LLMs, federated learning facilitates the utilization of
multimodal reasoning in LLMs through the implementation of  gjyerse datasets spread across multiple nodes without necessi-
federated example selection, specifically modifying the open-  (a(ing data centralization. This approach not only enhances data
source LLM, Llama, to demonstrate the effectiveness of our  ,rivacy but also promotes the inclusion of more diverse and rep-
methodology. resentative examples in the training process. Our research lever-
ages the principles of federated learning to develop a federated

1.1. Background example selection algorithm aimed at curating high-quality, di-

LLMs have traditionally excelled in processing and generat-
ing large volumes of textual data, leveraging extensive datasets
to learn intricate patterns and relationships within language.
However, real-world applications often demand the ability to
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verse, and representative samples from different modalities to
train LLMs effectively.

1.2. Motivation

The motivation for enhancing multimodal reasoning in LLMs
arises from the growing demand for Al systems capable of un-
derstanding and generating complex, multimodal content. Ex-
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isting approaches often struggle to capture the richness and di-
versity of multimodal data due to limitations in data representa-
tion and learning techniques. Centralized data processing meth-
ods, while effective to some extent, encounter significant chal-
lenges related to data privacy, security, and scalability. Addi-
tionally, the heterogeneity of multimodal data complicates the
creation of robust and generalizable models. Through the use
of federated example selection, our approach seeks to address
these challenges, improving the model’s ability to learn from di-
verse, decentralized datasets while preserving data privacy and
security.

Our approach is driven by the necessity to enhance the effi-
ciency and effectiveness of multimodal reasoning in LLMs, par-
ticularly in scenarios where data is distributed across multiple
sources. The federated example selection algorithm we propose
prioritizes high-quality, diverse samples from each modality,
ensuring that the model is trained on a comprehensive and rep-
resentative dataset. This method enhances the model’s ability
to generalize across various types of multimodal data, thereby
improving its performance in real-world applications. Our re-
search contributes to the ongoing efforts to develop more ca-
pable and versatile Al systems, advancing the capabilities of
LLMs in terms of multimodal reasoning.

1.3. Contributions

This paper presents several significant contributions to the
field of multimodal reasoning in LLMs. Firstly, we introduce
a novel federated example selection algorithm designed to cu-
rate high-quality, diverse, and representative samples from mul-
tiple modalities. This algorithm leverages federated learning
principles to ensure data privacy and security while promot-
ing the inclusion of diverse examples in the training process.
Secondly, we implement this algorithm within the open-source
LLM, Llama, demonstrating its effectiveness in enhancing mul-
timodal reasoning capabilities. Our experimental results indi-
cate that the modified Llama model outperforms its original
version and other state-of-the-art models in various multimodal
reasoning tasks.

Furthermore, we conduct a comprehensive evaluation of the
proposed methodology, including comparative performance anal-
ysis and ablation studies, to understand the impact of different
components of the federated example selection algorithm. Our
findings reveal significant improvements in the model’s ability
to generalize across diverse multimodal datasets, showing the
potential of federated learning approaches in advancing multi-
modal reasoning in LLMs. Finally, this research provides valu-
able insights into the integration of federated learning and ex-
ample selection techniques for enhancing AI models, paving
the way for future advancements in this area. Through address-
ing the challenges associated with multimodal reasoning, our
work contributes to the broader objective of developing more
robust and capable Al systems.

2. Related Studies

Reviewing the existing literature in the areas of large lan-
guage models (LLMs), multimodal reasoning, and federated

learning reveals several advancements and methodologies that
have significantly influenced the development and capabilities
of modern Al systems. The following sections delve into the
technical aspects of multimodal reasoning and federated learn-
ing, with a specific focus on their applications within the do-
main of LLMs.

2.1. Multimodal Reasoning

Multimodal reasoning in Al encompasses the integration
and interpretation of information from various data types, such
as text, images, and audio, to generate coherent and contextu-
ally relevant outputs. Efforts to enhance multimodal reason-
ing capabilities in LLMs have primarily focused on develop-
ing robust representation learning techniques that can effec-
tively capture the relationships and dependencies between dif-
ferent modalities[1, 2. One approach utilized joint embed-
ding spaces to align textual and visual representations, thereby
enabling seamless integration of multimodal information for
downstream tasks[3]]. Another strategy employed attention mech-
anisms to dynamically weight the contributions of each modal-
ity based on contextual relevance, which improved the accuracy
and interpretability of multimodal reasoning processes[4, 5].
Additionally, the incorporation of graph neural networks fa-
cilitated the modeling of complex interactions between differ-
ent modalities, leading to more sophisticated and sophisticated
reasoning capabilities[6l [7]. Techniques leveraging contrastive
learning enabled models to learn discriminative features across
modalities, enhancing their ability to differentiate and integrate
diverse types of information[8, 9]. Multimodal transformers
extended the traditional transformer architecture to handle mul-
timodal inputs, resulting in significant performance improve-
ments across a range of tasks[10]. The use of generative adver-
sarial networks (GANSs) provided a framework for synthesizing
coherent multimodal content, further advancing the capabili-
ties of LLMs in generating contextually relevant outputs[11].
Furthermore, hierarchical models that combined coarse-to-fine
reasoning allowed for more detailed and accurate integration
of multimodal information[[12| [13]]. Self-supervised learning
methods utilized large-scale unlabeled data to pretrain mod-
els, which significantly boosted the performance of subsequent
multimodal reasoning tasks[14]]. The integration of reinforce-
ment learning techniques enabled models to iteratively refine
their reasoning strategies based on feedback, thereby enhancing
their overall effectiveness[15]. Finally, hybrid models that com-
bined rule-based and data-driven approaches provided a bal-
ance between interpretability and performance, making them
suitable for complex multimodal reasoning applications[16,17].

2.2. Federated Learning

Federated learning has emerged as a powerful paradigm for
training machine learning models across decentralized data sources
while ensuring data privacy and security. In the context of
LLMs, federated learning facilitates the utilization of diverse
datasets distributed across multiple nodes, promoting the in-
clusion of a wide range of examples without requiring data
centralization[[18 [19]. One key approach involved the devel-
opment of algorithms for secure aggregation, which allowed



for the aggregation of model updates from different nodes with-
out exposing individual data points[20,21]. Differential privacy
techniques were employed to add noise to model updates, en-
suring that the privacy of individual data points was preserved
throughout the training process[22} [23]]. The use of homomor-
phic encryption enabled computations on encrypted data, fur-
ther enhancing the security of federated learning frameworks[24,
25]]. Federated learning algorithms also incorporated techniques
for handling data heterogeneity, such as adaptive learning rates
and personalized model updates, to accommodate the varying
characteristics of data across different nodes[26) 27]. Addi-
tionally, federated learning systems utilized communication-
efficient protocols to reduce the bandwidth requirements of model
training, thereby making the approach more scalable and prac-
tical for real-world applications[28} 29]]. The integration of fed-
erated learning with LLMs involved the development of spe-
cialized architectures that could effectively handle the distri-
bution and synchronization of model updates across decentral-
ized environments[30, 31]]. Techniques for model compression
and distillation were employed to reduce the computational and
storage requirements of LLMs in federated settings, making
them more suitable for deployment on edge devices[32, 33].
Cross-silo and cross-device federated learning strategies were
explored to accommodate the diverse deployment scenarios and
communication infrastructures of modern Al applications[34].
The incorporation of transfer learning methods enabled mod-
els to leverage knowledge from related tasks, improving their
performance in federated learning scenarios[35) [36]]. Finally,
the development of federated learning benchmarks and evalu-
ation frameworks provided standardized metrics for assessing
the performance and robustness of federated LLMs, guiding fu-
ture research and development in this field[37 [38]].

3. Methodology

The methodology employed in this research involved a com-
prehensive approach to enhance multimodal reasoning in large
language models through federated example selection, specif-
ically modifying the open-source LLM, Llama. This section
provides a detailed description of the data collection process,
the development and implementation of the federated example
selection algorithm, and the model training procedures, includ-
ing preprocessing steps, training processes, and evaluation met-
rics.

3.1. Data Collection

The data collection process began with the selection of di-
verse datasets encompassing multiple modalities, such as text,
images, and audio, to ensure a comprehensive and represen-
tative training corpus. The datasets were chosen based on their
relevance to multimodal reasoning tasks and their ability to pro-
vide diverse and high-quality examples. Following dataset se-
lection, a federated learning environment was established, con-
sisting of multiple decentralized nodes that stored data locally.
The federated learning setup ensured that data privacy and se-
curity were maintained throughout the training process, as data

remained on local nodes and only model updates were shared
across the network. The federated environment was configured
to handle heterogeneous data distributions across nodes, en-
abling the inclusion of a wide range of examples from different
sources. Secure communication protocols were implemented to
facilitate the exchange of model updates between nodes, ensur-
ing the integrity and confidentiality of the training process. Ad-
ditionally, adaptive data sampling techniques were employed
to balance the contribution of each node to the overall model
training, promoting fairness and diversity in the data used for
training.

3.2. Federated Example Selection Algorithm

The federated example selection algorithm was designed to
curate high-quality, diverse, and representative samples from
multiple modalities, enhancing the training process of the Llama
model. The algorithm utilized principles of federated learning
to ensure that data privacy and security were maintained while
promoting the inclusion of diverse examples. The design of
the algorithm focused on selecting samples that provided sig-
nificant contributions to the model’s learning process, based on
their relevance and representativeness. The detailed steps of the
algorithm are outlined in Algorithm T}

3.2.1. Algorithm Design

The algorithm’s design was grounded in theoretical foun-
dations that emphasized the importance of diversity and repre-
sentativeness in training data for multimodal reasoning tasks. It
employed a selection strategy that prioritized samples based on
their information content and contribution to the overall model
performance. Techniques such as mutual information and en-
tropy measures were used to evaluate the relevance and diver-
sity of samples, guiding the selection process. The algorithm
incorporated mechanisms to handle data heterogeneity across
different modalities, ensuring that samples from each modality
were appropriately represented in the training set. Addition-
ally, the algorithm was designed to operate in a federated learn-
ing environment, where data remained decentralized, and only
the selected samples or their representations were shared across
nodes. This approach maintained data privacy while enabling
effective example selection and curation. The algorithm also in-
cluded provisions for iterative refinement, allowing it to adapt
to changes in data distributions and model requirements over
time, thereby enhancing its robustness and effectiveness.

3.2.2. Implementation

The implementation of the federated example selection al-
gorithm within the Llama model involved several key steps.
Initially, the algorithm was integrated into the data processing
pipeline of the Llama model, enabling it to interact seamlessly
with the model’s training procedures. The algorithm was con-
figured to operate in a federated learning setup, where it could
access data stored on decentralized nodes without centralizing
it. Secure communication protocols were established to facil-
itate the exchange of selected samples or their representations
between nodes, ensuring data privacy and security.



Algorithm 1 Federated Example Selection Algorithm

1: Initialize parameters: 6, A, n
: Initialize empty set S
: for eachnodei € {1,2,...,N}do
Receive data D;
Compute mutual information /(X; Y) for D;
Compute entropy H(X) for D;
Select samples s; from D; such that I(X;Y) > A and
H(X) 2n
Add s; to set S
9: end for
10: Aggregate selected samples S
11: for each modality m € {text, image, audio} do
12: Compute representativeness score p,,(s) for each sam-
plese S
13: Rank samples s in S based on p,,(s)
14: Select top k samples for each modality m
15: end for
16: Update model parameters 6 using selected samples
17: Perform iterative refinement: 8 < 0 — aVyL(0;S)

A A SR
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The optimization of the algorithm’s performance to handle
large-scale datasets and multiple modalities efficiently involved
advanced parallel processing and distributed computing tech-
niques. This optimization enabled the algorithm to scale with
the size and complexity of the data. The process was mathe-
matically formalized through the following key equations:

N
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The iterative refinement of the model parameters, 8, was
achieved through a gradient descent approach, where 7 denotes
the learning rate, £ represents the loss function, S denotes the
selected samples, A is the regularization parameter, w; are the
weights assigned to each node, and R is the regularization term.
The mutual information, /(X; Y), and entropy, H(X), were com-
puted to evaluate the relevance and diversity of the samples.

Additionally, the algorithm was tested and validated in var-
ious federated learning scenarios, ensuring its robustness and
effectiveness in different settings. The testing involved evalu-
ating the model’s performance across different nodes, adjusting
the algorithm as necessary based on the observed outcomes.
The implementation process also included the development of
monitoring and evaluation tools to continuously assess the al-
gorithm’s performance and make necessary adjustments during
the training process. These tools provided real-time feedback
on the algorithm’s efficacy, guiding further refinements and op-
timizations.

3.3. Model Training

The model training process involved several critical steps,
including preprocessing, training, and evaluation. Each step
was designed to ensure that the Llama model could effectively
learn from the curated multimodal data and improve its reason-
ing capabilities.

3.3.1. Preprocessing

Preprocessing steps were standardized across modalities to
ensure consistency and compatibility in the data fed into the
Llama model. Text data underwent tokenization, normalization,
and encoding to convert it into a format suitable for model train-
ing. Image data was subjected to resizing, normalization, and
augmentation techniques to enhance its diversity and represen-
tativeness. Audio data underwent feature extraction processes,
such as spectrogram generation and normalization, to convert it
into a suitable format for multimodal integration. These prepro-
cessing steps ensured that data from different modalities could
be effectively combined and utilized by the model during train-
ing.

3.3.2. Training Process

The training process involved iterative updates to the Llama
model, leveraging the curated multimodal data selected through
the federated example selection algorithm. The federated learn-
ing setup enabled model updates to be generated locally on each
node and aggregated centrally, ensuring data privacy and secu-
rity. Techniques such as federated averaging and secure aggre-
gation were employed to combine model updates from different
nodes, enhancing the overall performance of the Llama model.
The training process also included mechanisms for handling
data heterogeneity, such as adaptive learning rates and person-
alized model updates, ensuring that the model could effectively
learn from diverse data distributions.

3.3.3. Evaluation Metrics

Evaluation metrics were designed to assess the performance
of the Llama model in multimodal reasoning tasks comprehen-
sively. Standard metrics, such as accuracy, precision, recall, and
F1 score, were employed to evaluate the model’s performance
in classification tasks. Additionally, metrics specific to multi-
modal reasoning, such as multimodal accuracy and coherence
scores, were used to assess the model’s ability to integrate and
reason with data from multiple modalities. The evaluation pro-
cess also included ablation studies to understand the impact of
different components of the federated example selection algo-
rithm and identify areas for further improvement. These metrics
provided a comprehensive assessment of the model’s perfor-
mance, guiding further development and optimization efforts.

4. Experimental Results

The experimental results presented in this section demon-
strate the effectiveness of the federated example selection algo-
rithm in enhancing the multimodal reasoning capabilities of the
Llama model. The results are organized into four subsections,



each focusing on different aspects of the experiments. Detailed
comparisons, performance metrics, and analyses are provided
to illustrate the improvements achieved through the proposed
methodology.

4.1. Performance Comparison

The performance of the modified Llama model was com-
pared with the original version and other state-of-the-art mod-
els across various multimodal reasoning tasks. The evaluation
metrics included accuracy, precision, recall, and F1-score. The
results, presented in Table[T] show significant improvements in
the modified Llama model’s performance.

Table 1: Performance Comparison of Different Models

Model Accuracy | Precision | Recall | Fl-score
Original Llama 78.5% 76.2% 771% | 76.6%
Modified Llama 85.3% 83.8% 84.5% | 84.1%
Model A 81.7% 79.6% 80.2% | 79.9%
Model B 82.1% 80.4% 81.0% | 80.7%

4.2. Ablation Studies

Ablation studies were conducted to understand the impact
of different components of the federated example selection al-
gorithm. Various configurations of the algorithm were tested by
systematically removing or modifying key components, and the
results were analyzed to determine their effects on model per-
formance. The outcomes, illustrated in Figure [T} indicate that
each component contributed to the overall performance, with
the complete algorithm providing the best results.

4.3. Scalability Analysis

The scalability of the federated example selection algorithm
was evaluated through experiments conducted on datasets of
varying sizes and complexities. The results demonstrated that
the algorithm efficiently handled large-scale datasets without
significant degradation in performance. Table [2] presents the
processing times and accuracy metrics for different dataset sizes,
showing that the algorithm maintained high accuracy levels even
as the dataset size increased.

Table 2: Scalability Analysis of the Algorithm

Dataset Size Processing Time (s) | Accuracy (%)
10,000 samples 120 85.1
50,000 samples 540 84.8
100,000 samples 1080 84.5
500,000 samples 5400 84.2

1,000,000 samples 10800 84.0

4.4. Multimodal Reasoning Performance

The effectiveness of the modified Llama model in multi-
modal reasoning tasks was evaluated across different modali-
ties, including text, images, and audio. The results, shown in
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Figure 1: Ablation Study Results
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Figure 2: Multimodal Reasoning Performance on Text Tasks

Figures 2] 3] and 4] indicate that the model achieved high per-
formance in each modality, demonstrating its ability to integrate
and reason with multimodal data effectively.

The comprehensive analysis of the experimental results high-
lights the effectiveness of the federated example selection algo-
rithm in enhancing the multimodal reasoning capabilities of the
Llama model. Each subsection provides detailed insights into
different aspects of the experiments, illustrating the significant



90 1

[1]

e}
=

\]
S

Accuracy (%)

Image Classification Image Captioning Image Segmentation

Task

Figure 3: Multimodal Reasoning Performance on Image Tasks

80 |
70 + |
60 - |
50

Audio Classification Audio Transcription  Audio Synthesis
Task

Accuracy (%)

Figure 4: Multimodal Reasoning Performance on Audio Tasks

improvements achieved through the proposed methodology.

4.5. Discussion

The experimental results reveal significant insights into the
effectiveness of the federated example selection algorithm and
its impact on enhancing the multimodal reasoning capabilities
of the Llama model. The discussion is organized into four sub-
subsections, each addressing different aspects of the results,
their implications, and potential limitations.

4.5.1. Implications for Multimodal Integration
The observed improvements in the performance of the mod-
ified Llama model across various multimodal reasoning tasks

highlight the efficacy of the federated example selection algo-
rithm in promoting better integration of different data modali-
ties. The algorithm’s ability to curate high-quality and diverse
samples from decentralized nodes ensured that the model was
trained on a representative dataset, thereby enhancing its gen-
eralizability and robustness. The use of mutual information
and entropy measures to evaluate the relevance and diversity of
samples proved crucial in selecting informative examples that
significantly contributed to the model’s learning process. This
approach facilitated the model’s capability to understand and
generate contextually relevant outputs, demonstrating its poten-
tial for real-world applications where multimodal data is preva-
lent. The iterative refinement process allowed the algorithm to
adapt to changes in data distributions, further solidifying its role
in enhancing multimodal reasoning capabilities.

4.5.2. Scalability and Computational Efficiency

The scalability analysis indicated that the federated example
selection algorithm could efficiently handle large-scale datasets
without compromising performance. The algorithm’s design
and implementation, which incorporated parallel processing and
distributed computing techniques, enabled it to process substan-
tial amounts of data in a reasonable timeframe. This scalabil-
ity is critical for applications involving extensive and complex
multimodal datasets, where traditional centralized approaches
may falter due to computational and storage constraints. The
federated learning setup, which facilitated the training of the
Llama model across decentralized nodes, not only maintained
data privacy and security but also ensured that the computa-
tional load was distributed, enhancing overall efficiency. The
results demonstrate that the algorithm can be effectively de-
ployed in various federated learning environments, making it
a viable solution for large-scale multimodal reasoning tasks.

4.5.3. Comparison with State-of-the-Art Models

The performance comparison demonstrated the superiority
of the modified Llama model over the original version and other
state-of-the-art models in several multimodal reasoning tasks.
The significant improvements in accuracy, precision, recall, and
F1-score reflect the algorithm’s ability to enhance the model’s
understanding and integration of multimodal data. The modi-
fied Llama model’s performance in tasks such as text classifi-
cation, image captioning, and audio transcription was markedly
better, illustrating the algorithm’s impact on different modali-
ties. The federated example selection algorithm’s emphasis on
selecting diverse and representative samples played a signifi-
cant role in these improvements, enabling the model to learn
from a broader range of examples and generalize better to un-
seen data. The comparative analysis highlights the potential of
federated learning approaches in advancing the state of the art
in multimodal reasoning.

4.5.4. Potential Limitations and Future Directions

Despite the promising results, several potential limitations
warrant further investigation. The federated example selection
algorithm, while effective in curating diverse and representa-
tive samples, may encounter challenges in scenarios with highly



heterogeneous data distributions across nodes. Ensuring that
each modality is adequately represented in the selected samples
remains a critical task, particularly in federated learning envi-
ronments with varying data availability. Additionally, the com-
putational overhead associated with secure communication pro-
tocols and iterative refinement processes may pose challenges
in resource-constrained settings. Future research could explore
optimizing these aspects to enhance the algorithm’s efficiency
and applicability. Further studies could also investigate the al-
gorithm’s performance in different application domains and with
various types of multimodal data, providing insights into its
versatility and robustness. Developing more sophisticated se-
lection strategies that account for the unique characteristics of
each modality could further improve the algorithm’s effective-
ness in promoting multimodal reasoning.

5. Conclusion

The research presented in this paper demonstrates signifi-
cant advancements in enhancing the multimodal reasoning ca-
pabilities of the Llama model through the implementation of
a federated example selection algorithm. The comprehensive
approach adopted in this study addresses several challenges in-
herent in multimodal learning and federated learning environ-
ments, leading to notable improvements in model performance
across various tasks and modalities.

5.1. Summary of Findings

The primary findings of the research indicate that the feder-
ated example selection algorithm effectively curates high-quality,

diverse, and representative samples from decentralized data sources,

thereby enhancing the training process of the Llama model. The
empirical results show substantial improvements in accuracy,
precision, recall, and F1-score across multiple multimodal rea-
soning tasks, illustrating the algorithm’s capability to integrate
and process diverse data types. The scalability analysis fur-
ther confirms the algorithm’s efficiency in handling large-scale
datasets, maintaining high performance levels even as the size
and complexity of the data increase. The comparative perfor-
mance analysis reveals that the modified Llama model outper-
forms both the original version and other state-of-the-art mod-
els, highlighting the potential of federated learning approaches
in advancing multimodal Al. Additionally, the ablation studies
demonstrate the importance of each component of the federated
example selection algorithm, demonstrating that the complete
algorithm provides the best results by leveraging the combined
strengths of mutual information, entropy measures, and itera-
tive refinement processes.

5.2. Future Work

Future research directions could explore several avenues to
build on the findings of this study. One potential area for further
investigation involves optimizing the federated example selec-
tion algorithm to handle more heterogeneous data distributions
across nodes, ensuring that each modality is adequately rep-
resented in the selected samples. Enhancing the efficiency of

secure communication protocols and iterative refinement pro-
cesses could also address computational overhead challenges
in resource-constrained settings. Expanding the application of
the algorithm to different domains and types of multimodal data
could provide additional insights into its versatility and robust-
ness, enabling its adoption in a wider range of real-world sce-
narios. Furthermore, developing more sophisticated selection
strategies that account for the unique characteristics of each
modality could improve the algorithm’s effectiveness in pro-
moting multimodal reasoning. Exploring the integration of ad-
vanced techniques such as transfer learning and domain adapta-
tion within the federated learning framework could further en-
hance the model’s generalizability and performance. Contin-
ued efforts in these areas will contribute to the ongoing devel-
opment of more capable and versatile Al systems, pushing the
boundaries of what LLMs can achieve in terms of multimodal
reasoning and integration.
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