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 A B S T R A C T

Federated Learning (FL) allows multiple clients to collaboratively train a global model without sharing 
their local data, thereby preserving privacy. However, architecting FL systems involves complex architectural 
design choices that depend on both intrinsic system characteristics (e.g., the number of available clients) and 
evolving runtime conditions, such as network instability or new data arriving between training rounds. While 
architectural patterns can address these concerns, existing approaches typically keep them static throughout 
the entire FL execution. This static activation poses a significant limitation, as a pattern that provides 
benefits in early training rounds may later introduce performance drawbacks as operational conditions evolve. 
For instance, a pattern intended to improve model accuracy might eventually introduce more time and 
computational overhead if it is not deactivated when no longer needed. This paper introduces an agentic 
approach that treats architectural patterns as runtime-reconfigurable entities. We extend the standard FL 
workflow with a Multiple AI-Agent layer that leverages Large Language Models (LLMs) to dynamically 
(de)activate patterns after each training round. These decisions are driven by real-time performance metrics 
and evolving system characteristics. To coordinate the agents, we implement and compare three distinct 
coordination strategies: Voting-based, Role-based, and Debate-based, evaluating them against three baselines. 
Experiments are conducted by emulating clients with heterogeneous characteristics and varying system 
operational conditions to test the effectiveness of our approach. Results examine different datasets and show 
that, by adaptively (de)selecting architectural patterns across FL rounds, agentic approaches improve learning 
accuracy and can reduce execution time, at the cost of a moderate overhead.
. Introduction

Federated Learning (FL) has emerged as a novel paradigm in dis-
ributed machine learning, enabling the orchestration of global model 
raining without sharing raw data (Hongyi Zhang et al., 2020; McMa-
an et al., 2017; Kairouz et al., 2021). By decentralizing the learning 
rocess, FL allows multiple clients to collaboratively train a model on 
heir local data, addressing critical privacy concerns. This way, each 
lient shares only the trained model weights with a centralized server, 
hich then aggregates them into a global model using information 
usion algorithms (e.g. FedAvg McMahan et al., 2017).
In the software architecture community, designing FL systems is 

ecognized as a primary challenge, with performance optimization being 
 central concern (Kairouz et al., 2021; Hongyi Zhang et al., 2020). This 
s coherent with studies on distributed computing environments, which 
how that dynamic workloads and resource heterogeneity can affect ex-
cution efficiency (Menon et al., 2024; Verbraeken et al., 2021). While 
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significant research in FL has focused on refining training algorithms 
and global model aggregation techniques, the role of the underlying 
architecture has received less attention. A seminal contribution in this 
context is the FLRA reference architecture (Lo et al., 2021), which 
promotes the use of architectural patterns to encapsulate best practices 
for recurring problems. Building upon this reference architecture, the 
same authors further identified a catalog of 15 architectural patterns 
specifically tailored for FL systems (Lo et al., 2022). Concrete examples 
of such patterns include: (𝑖) the Client Selector, which restricts training 
participation to clients meeting specific criteria; (𝑖𝑖) the Heterogeneous 
Data Handler, which employs data augmentation to mitigate training 
data heterogeneity; and (𝑖𝑖𝑖) the Message Compressor, which compresses 
the size of client–server messages to minimize communication latency.

Traditionally, architectural patterns in FL are implemented stati-
cally at design time, meaning that the list of active patterns remains 
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fixed throughout the entire training process (Chen Zhang et al., 2021; 
Lo et al., 2022). Our previous works (Compagnucci et al., 2026b, 
2025) show that these patterns exhibit both benefits and drawbacks 
depending on system settings (e.g., the number of clients and the effi-
ciency of the communication network). However, since these settings 
can change at runtime (e.g., the communication network may become 
unstable), a static architectural pattern setup fails to maximize the 
effectiveness of the FL system. In fact, a pattern that is beneficial in the 
initial rounds may introduce drawbacks later. To provide a practical 
example, consider a Client Selector pattern whose selection criterion is 
based on computational power. In the early rounds, including all clients 
may be ideal to maximize data coverage and model generalization. 
If network conditions deteriorate in later rounds, dynamically activat-
ing this pattern to exclude low-power clients can prevent bottlenecks 
and significantly reduce the total time required to complete the FL 
execution.

Based on these premises, we envision architectural patterns as
runtime-reconfigurable entities that can be adaptively (de)activated at 
each round of the FL execution. This implies monitoring the actual 
system’s configuration and deciding which patterns contribute to enact 
the most effective design alternative at runtime. However, managing 
such complex decisions (i.e., which pattern (de)activate and why) poses 
significant challenges. The decision-making process must account for 
unpredictable factors, such as fluctuating network latency and varying 
data availability, which can change throughout the training process. 
Therefore, this requires a continuous, round-by-round evaluation that 
correlates the actual system settings with performance metrics gathered 
from previous rounds. This need aligns with a growing trend in the soft-
ware architecture community, where Large Language Models (LLMs) 
are increasingly used to support complex architectural decisions (Soli-
man and Keim, 2025; Li et al., 2024; Pace et al., 2024, 2025; Dhar et al., 
2024a,b; Compagnucci and Trubiani, 2025). Beyond decision support, 
LLM-based agents can be integrated into software systems to monitor 
runtime behavior, learn from historical outcomes, and suggest real-time 
interventions. This integration is particularly valuable in the FL context, 
enabling systems to autonomously self-optimize and adapt to evolving 
operational contexts (Bass et al., 2025; Vaidhyanathan and Muccini, 
2025).

This work presents an agentic approach for the dynamic runtime 
management of architectural patterns in FL systems. To achieve this, 
we first instantiate the FLRA reference architecture by integrating 
three specific patterns from Lo et al. (2022), namely Client Selector, 
Heterogeneous Data Handler, and Message Compressor. We then ex-
tend this architecture by introducing a Multiple AI-Agent layer. At 
the conclusion of each FL round, this layer evaluates the current 
system settings and performance metrics collected so far to decide 
the configuration of active patterns expected to be most effective. To 
govern this decision-making process, we implement and compare three 
coordination strategies proposed in the AgentOps catalog from Liu 
et al. (2025): (𝑖) Voting-based, where agents submit preferences and 
a coordinator takes the final decision; (𝑖𝑖) Role-based, where agents 
are assigned specific roles, such as specialist for a specific pattern, 
to reach a conclusion; and (𝑖𝑖𝑖) Debate-based, where agents provide 
arguments to motivate their opinions and interact to converge toward 
a consensus. The effectiveness of our approach is validated through 
an extensive experimental campaign designed to grasp the inherent 
complexity and heterogeneity of FL systems. Specifically, we conduct 
experiments in an FL environment characterized by high system and 
data heterogeneity, where clients exhibit diverse computational capac-
ities, skewed data distributions, and different data-inflow regimes, all 
under stochastic network instability. Results show that architectural 
decisions, i.e., the choice of whether to activate or deactivate a pat-
tern, can be transformed into effective runtime control mechanisms. 
By introducing an agentic approach to coordinate the activation of 
architectural patterns, the system effectively turns static design choices 
2 
Fig. 1. Federated learning workflow.

into active entities, enabling the architecture to autonomously adapt 
and optimize its efficiency in real-time.

In summary, the main contributions of this paper are: (i) we extend 
the Federated Learning Reference Architecture (FLRA) by introducing 
a Multiple AI-Agents layer that treats architectural patterns as runtime 
configurable entities. The system dynamically (de)activates patterns by 
reasoning over evolving operational conditions and real-time perfor-
mance metrics; (ii) we implement three distinct agentic coordination 
strategies to automate the selection of three actionable architectural 
patterns; (iii) we conduct an extensive experimental campaign that 
provides quantitative evidence of the Multiple AI-Agents layer effec-
tiveness in representative FL scenarios. To ensure reproducibility, all 
artifacts are publicly available (Compagnucci et al., 2026a).

2. Preliminaries

2.1. Federated learning in a nutshell

In traditional Machine Learning (ML), training data is typically 
centralized on cloud servers to enable the development of a single 
predictive model (Amershi et al., 2019). However, rising privacy con-
cerns and regulatory constraints have reduced the willingness to share 
sensitive information (Kairouz et al., 2021; Sánchez et al., 2024), 
resulting in data silos where data are isolated for protection (Yang et al., 
2019). Federated Learning (FL) offers a privacy-preserving alternative 
by enabling collaborative model training across distributed data sources 
without transferring raw data (Kairouz et al., 2021). Due to these 
advantages, FL has experienced rapid adoption in recent years, with 
successful applications across various domains, including healthcare, 
finance, and industry (Hongyi Zhang et al., 2020).

The main steps of the FL workflow are illustrated in Fig.  1. The 
workflow starts with a central server broadcasting the initial global 
model parameters (e.g., model weights) to all participating clients 1⃝. 
Each client then trains the model locally using its private data 2⃝ 
and returns only the updated model weights to the server 3⃝. The 
server aggregates these updates to obtain a new global model 4⃝, 
which is subsequently redistributed to the clients for the next training 
round. This cycle constitutes a single FL round and is repeated for 
a fixed number of rounds or until a predefined stopping criterion is 
met (e.g., convergence of the global model, stabilization of validation 
performance).
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Fig. 2. Architectural patterns candidates for selection.
2.2. Architectural patterns in federated learning systems

Architectural patterns offer reusable solutions for common design 
challenges in complex systems (Richards, 2015). Lo et al. (2022) pro-
pose a set of patterns tailored to FL, addressing macro areas such as 
client management, model management, and model training, covering 
these system dimensions with architectural solutions. In our study, we 
consider different dimensions, focusing on clients, data, and communi-
cation, which are targeted by the following patterns: the Client Selector, 
the Heterogeneous Data Handler, and the Message Compressor (Lo 
et al., 2022), as shown in Fig.  2. It is worth recalling that patterns 
are evaluated (and possibly selected) at each round of FL execution, 
thereby accounting for dynamic changes during operation.

2.2.1. Client selector
The Client Selector is depicted in Fig.  2(a). It determines the subset 

of clients that will participate in the learning process according to 
predefined criteria (Lo et al., 2022). Selection criteria can be: (𝑖) data-
centric (e.g., dataset size, heterogeneity, quality), (𝑖𝑖) resource-centric
(e.g. computation and network capacity), and (𝑖𝑖𝑖) performance-centric
(i.e., recent contribution to the global model) (Briggs et al., 2020; Lo 
et al., 2022).  Our current implementation includes the resource-centric
selection criterion: clients are excluded if the number of physical CPU 
cores per client is below a predefined threshold.

Performance Implications. Client Selector can reduce both training 
and total round time, by excluding clients with low computational 
power, thereby mitigating bottlenecks during global model aggrega-
tion (Lo et al., 2022; Compagnucci et al., 2026b; Vu et al., 2021; 
Compagnucci et al., 2025). On the other hand, it may slow model 
convergence or degrade model accuracy, because excluding clients 
from training prevents the model from incorporating weight updates 
computed from their local data.

2.2.2. Heterogeneous data handler
Fig.  2(b) depicts the goal of the Heterogeneous Data Handler, which 

is to mitigate issues arising from non-IID client data (e.g., local datasets 
with different label proportions or feature distributions) that may 
negatively affect the global model’s accuracy. In our implementation, 
the pattern applies data augmentation to generate synthetic samples and 
increase the diversity and size of the local dataset using Generative 
Adversarial Networks (GANs) (Goodfellow et al., 2014; Yu et al., 2017; 
Zhang et al., 2017). When active, a generator produces synthetic sam-
ples while a discriminator learns to distinguish them from real ones; 
as training progresses, the generator improves and is used to create 
class-conditional samples that populate underrepresented classes. Non-
IID conditions are detected through the Jensen–Shannon Divergence 
(JSD) metric (Hu et al., 2025) computed locally on each client and 
shared with the server as a single scalar 𝐽𝑆𝐷𝑟

𝑖 = 𝐽𝑆𝐷(𝐷𝑟
𝑖 ) ∈ [0, 1]

for round 𝑟, where 𝐷𝑟
𝑖  is the client dataset and 𝐽𝑆𝐷𝑟

𝑖 = 0 denotes 
a perfectly balanced distribution. This supports server-side decision 
making without exposing raw data or dataset statistics (Hu et al., 2025).

Performance Implications. This pattern improves model accuracy by 
mitigating the effects of non-IID data through augmentation. However, 
3 
it introduces additional overhead due to the extra steps required by the 
GAN augmentation mechanism. In our setting, this overhead is included 
in the training time because, when enabled, GAN-based augmentation 
runs as an additional sub-phase before the client’s local training (Lo 
et al., 2022; Compagnucci et al., 2026b).

2.2.3. Message compressor
The Message Compressor aims to reduce the communication time 

overhead by compressing the model parameters exchanged between the 
server and clients. Fig.  2(c) illustrates the four phases (Lo et al., 2022): 
1⃝ the server compresses the model weights and sends them to clients; 
2⃝ clients decompress the received parameters for local training; 3⃝ 
after training, clients compress their updated parameters and return 
them to the server; 4⃝ the server decompresses incoming updates for 
aggregation. Weight compression can reduce communication overhead 
when the client–server payload exchanged is large, e.g., models with 
a large number of parameters (Lo et al., 2022; Hongyi Zhang et al., 
2020). Compression yields benefits only if the data exchanged is suffi-
ciently large; otherwise, the compression and decompression overhead 
outweigh the benefits (Compagnucci et al., 2025).

Performance Implications. By reducing the volume of data trans-
mitted, this pattern can decrease Client–Server communication time 
and save bandwidth, which is particularly beneficial for bandwidth-
constrained clients (Lo et al., 2022). However, the extra computa-
tion required for compression and decompression may outweigh the 
communication-time savings, especially when the exchanged payload 
is small (Hongyi Zhang et al., 2020; Lo et al., 2022; Compagnucci et al., 
2025).

3. Related work

In this section we review three complementary lines of work linked 
to our contribution: (i) the use of LLMs to support software-architecture 
tasks and architectural decision making, (ii) architectural solutions for 
FL, including reference architectures and catalogs of FL architectural 
patterns, and (iii) dynamic and self-adaptive FL approaches where the
FL system adapts its architecture or behavior on the fly. Building on 
these three macro areas, we then position our contribution with respect 
to prior work by clarifying the novelty of our approach.

3.1. LLMs for software architecture design

Software engineers increasingly adopt LLMs for a variety of devel-
opment activities, and software architects have begun to investigate 
their suitability for supporting architectural design decisions. LLMs are 
increasingly used to support architectural design decisions (Pace et al., 
2024; Soliman and Keim, 2025; Li et al., 2024; Arun et al., 2025). 
Soliman and Keim (2025) evaluate seven LLMs on questions about the 
architectural knowledge of existing systems, showing that LLMs encode 
useful architectural information but suffer from precision and reliability 
issues. Dhar et al. (2024a) conduct an empirical study on LLMs gen-
erating architectural design decisions as architecture decision records. 
Preliminary analyses suggest that such LLM-generated decisions can 
support software architects, although further research is needed. Pace 
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et al. (2024) introduce an LLM-based assistant that guides novice 
architects through interactive decision-making workflows that combine 
architectural knowledge and quality attributes. Dhar et al. (2024b) 
study whether LLMs can generate Architecture Decision Records and 
later propose DRAFT, a retrieval-augmented and few-shot fine-tuned 
approach for more effective and efficient ADR drafting. Arun et al. 
(2025) investigate the effectiveness of LLMs for generating architectural 
components by comparing LLM-produced code with human-developed 
implementations.

3.2. Architectural solutions in federated learning

Prior work has proposed several architectural solutions for FL sys-
tems. FLRA (Lo et al., 2021) defines a pattern-oriented reference archi-
tecture spanning the main FL phases, from job creation to monitoring, 
and provides the foundation for our Multiple AI-Agents layer. Baresi 
et al. (2025) present a requirement-driven reference architecture that 
integrates node selection and configuration strategies and empirically 
compares alternative configurations under varying conditions. Hongyi 
Zhang et al. (2020) analyze four FL system architectures (centralized, 
hierarchical, regional, decentralized) and compare them in terms of 
communication overhead, convergence speed, and scalability. Lo et al. 
(2022) complement these contributions with a catalog of FL architec-
tural patterns (e.g., the Client Selector adopted in this work), each 
providing actionable design strategies.

Many research works benchmark the performance of FL systems. 
FedScale (Lai et al., 2022) offers realistic datasets, a scalable runtime, 
and high-level APIs to support and benchmark FL experiments. Li 
et al. (2020) survey FL optimization issues, highlighting the impact of 
device constraints, non-IID data, and privacy. Client selection strate-
gies have been systematically analyzed (Fu et al., 2023; Mayhoub 
and M. Shami, 2024), addressing data heterogeneity, hardware limita-
tions, and scheduling. Compagnucci et al. (2026b) empirically evaluate 
four FL architectural patterns and their combinations from Lo et al. 
(2022), quantifying the trade-offs between computational overhead and 
resulting performance gains.

3.3. Architectural adaptation in federated learning

Dynamic FL focuses on developing methods or strategies to improve 
the efficiency of FL executions at each round (Rizk et al., 2020). 
However, these methods are typically driven by runtime observations 
(e.g., accuracy trends, resource availability, and data heterogeneity), 
while keeping the underlying system architecture fixed (Rizk et al., 
2020). As a result, architectural variability is not treated as a first-
class adaptation mechanism, and the architecture itself is not leveraged 
as a runtime optimization knob. Baresi et al. (2021) frame FL as a 
self-adaptation problem: given a target accuracy for the next round, 
the system estimates the number of local epochs based on clients’ 
resource constraints and the accuracy observed in the previous two 
rounds. Wang et al. (2019) introduce a control scheme that, under a 
fixed resource budget, tunes the balance between local computation 
and global aggregation across rounds to reduce training loss. Li et al. 
(2021) propose a server-side approach that exploits information from 
past executions to predict, for each client, the workload it can realis-
tically sustain in subsequent rounds. Jie Zhang et al. (2021) mitigate 
the degradation caused by non-IID data by adjusting each client’s 
batch size at every round, tailoring local training to the observed 
heterogeneity. Ilhan et al. (2023) address model downsizing by adding 
early-exit classifiers, thereby improving training cost-effectiveness for 
clients with limited resources. Singh and Adhikari (2025) address the 
problem of data heterogeneity via an FL strategy that applies adaptive 
masking to unlabeled data, thereby reducing prediction entropy and 
increasing confidence. These contributions confirm the usefulness of 
self-adaptation in FL. However, they mostly target training-level levers 
(e.g., the number of local epochs, batch size, aggregation frequency) or 
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the learning model itself (e.g., architectural variants or hyperparameter 
settings), rather than the FL solution’s system architecture. In contrast, 
our work applies self-adaptation to architectural decisions by selecting 
and dynamically toggling FL architectural patterns, which provides a 
distinct and complementary optimization dimension for FL systems.

3.4. Research gap and positioning

Existing research on FL architectures provides reference models 
and catalogs of architectural patterns, but these patterns are typically 
treated as static design-time decisions (Lo et al., 2022, 2021). Once 
selected, they remain statically configured throughout the training pro-
cess, even though system conditions (e.g., client heterogeneity, network 
instability, and evolving data availability) may change across rounds. 
At the same time, dynamic FL approaches focus primarily on adapting 
training-level parameters (e.g., local epochs, aggregation frequency, 
batch size), while leaving the architectural structure unchanged. As a 
result, architectural variability has not been systematically exploited as 
a runtime optimization mechanism.

Our work addresses this gap by elevating architectural pattern 
activation to a first-class runtime architectural decision. We leverage 
LLM-based agents not merely as advisory tools, but as decision-making 
components that reason over system settings and historical evaluation 
metrics to determine, at each round, the most suitable architectural 
setup. By dynamically reconfiguring the system architecture itself, 
rather than only tuning training parameters, we introduce a com-
plementary adaptation dimension for FL systems. This positions our 
contribution at the intersection of FL architectural design and agent-
based runtime adaptation, enabling architectural decisions to be treated 
as systematic and context-aware optimization entities.

4. Our approach

In this section, we present the rationale for our work and describe 
the architectural design of our approach, which instantiates FLRA (Lo 
et al., 2021) and augments it with a Multi AI-Agents layer. We then 
present three coordination strategies implemented to manage agent 
decisions, explaining how this layer integrates into the standard FL 
workflow.

4.1. Motivation

Let us consider the goal of pursuing the performance optimization in 
FL systems. A traditional static configuration of architectural patterns 
acts like a fixed checklist, applying the same setup each FL round, 
regardless of context. In contrast, an AI-based agent may act like 
an intelligent system architect, analyzing past and actual performance 
metrics and dynamically selecting architectural patterns for the next FL 
round. The operational logic of this agentic layer can be grounded in 
the MAPE-K (Monitor-Analyze-Plan-Execute over Knowledge) reference 
model for self-adaptive systems (Kephart and Chess, 2003; Brun et al., 
2009). From this perspective, the agent realizes a structured feedback 
loop that monitors the FL environment, analyzes performance and sys-
tem metrics, plans the possible architectural alternatives, and executes
the selection of the most appropriate pattern(s) for the subsequent 
round. By placing AI agents at the core of this loop, the framework 
leverages their reasoning capabilities as the Knowledge component, thus 
the system can autonomously manage complex trade-offs and adapt to 
changing operational conditions, thereby continuously monitoring the 
FL system.

Consider the use case reported by Dayan et al. (2021), where a 
group of researchers deployed a FL system for the COVID-19 emer-
gency, where 20 hospitals collaboratively trained a classification model 
without moving patient data, using only the first emergency-
department measurements available at presentation (i.e., vital signs, 
laboratory values, and the initial chest X-ray) to predict patients’ 
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Fig. 3. Component diagram representing the FLRA extended with the multiple AI-agents layer.
oxygen needs at 24 and 72 h. In such settings, early rounds may benefit 
from selecting a larger set of hospitals (Client Selector) to maximize data 
coverage and train the global model with a larger dataset. As training 
progresses, however, including every hospital in every round can make 
the overall process unnecessarily slow: clients with limited computa-
tional resources or poor connectivity may consistently take longer to 
complete local training, becoming stragglers that delay aggregation and 
turn each round into a bottleneck. In later rounds, the client selector 
can therefore prioritize clients with higher computational capacity, 
reducing round duration and accelerating convergence. Likewise, when 
the local datasets follow different data distributions across hospitals, 
enabling a Heterogeneous Data Handler can mitigate non-IID effects 
(e.g., skewed case severity across hospitals) and improve generaliza-
tion; and when network latency becomes a bottleneck, activating a
Message Compressor can reduce communication time by exchanging 
compressed updates. The key advantage is that these patterns can 
be (de)activated on the fly, making the FL process dynamic and 
context-aware, thereby improving overall system performance.

4.2. Extending the FLRA with a multiple AI-agents layer

Our approach extends the Federated Learning Reference Architec-
ture (FLRA) (Lo et al., 2021) by introducing a Multiple AI-Agents 
layer. The rationale for choosing this reference architecture is that, 
to the best of our knowledge, it is the only one that enables modular 
integration of architectural patterns while preserving the standard FL 
workflow (see Fig.  1). Moreover, FLRA is grounded in a systematic 
literature review and qualitatively validated using evidence from both 
the literature and industrial implementations (Lo et al., 2021). FLRA’s 
explicit modularization of architectural pattern components enables 
runtime reconfiguration, allowing us to (de)activate and combine pat-
terns on the fly without affecting the rest of the system. This choice 
also supports our optimization goals, as the architectural patterns im-
plemented in FLRA affect system architecture (e.g., client participation, 
local training configuration, and communication policies), which, in 
turn, influence system evaluation metrics such as accuracy, training 
time, and communication time.

Fig.  3 depicts a component diagram representing the FLRA archi-
tecture extended with the Multiple AI-Agents layer. It consists of three 
components: the Central Server, the i-th Client Device (i.e., multiple 
instances may be present; only one is illustrated for simplicity), and 
the Multiple AI-Agents layer. Note that FLRA includes the FL archi-
tectural patterns analyzed in this study (i.e., Client Selector, Message 
Compressor, and Heterogeneous Data Handler), which represent de-
sign strategies of the FL system itself. The Multiple AI-Agents layer 
includes three coordination strategies (i.e., Voting-based, Role-based, 
5 
and Debate-based) to manage and coordinate the AI agents’ decision-
making processes. Each architectural pattern and coordination strategy 
is modeled as a configurable component that can be activated (ON) or 
deactivated (OFF). Importantly, while all patterns can be switched OFF, 
at least one coordination strategy must be enabled to ensure agentic 
decision-making.

Central server. It initializes the ML task, coordinates federated training, 
collects client updates, aggregates the global model, and computes 
core metrics. The server includes the Architectural Pattern Manager
to determine which patterns to enable, and applies this decision by 
toggling the pattern switches, thereby configuring the patterns enabled 
for the next FL round. Specifically, the component manager receives a 
binary array from the agentic layer, where each value indicates whether 
a target pattern is active.
Client devicei. Each client prepares its local data and model, trains and 
evaluates locally, and sends its update to the server. At the beginning of 
every FL round, the Architectural Pattern Manager, guided by the Mul-
tiple AI-Agents layer, broadcasts a binary array to each client specifying 
which patterns to activate or not. Patterns apply to three stages of the 
workflow: (i) selecting which clients join the round (Client Selector); (ii) 
augmenting client training data (Heterogeneous Data Handler); and (iii) 
compressing client–server messages (Message Compressor).
Multiple AI-agents. This layer consists of a set of AI agents that leverage 
LLMs to analyze the current FL system configuration and the eval-
uation metrics collected so far, identifying the pattern combination 
they deem optimal for the next round. Note that both architecture 
pattern activation and deactivation do not require additional client-
side infrastructure; clients simply execute the corresponding modules 
as part of the standard FL workflow. This avoids compatibility issues 
across heterogeneous clients and prevents additional runtime overhead 
beyond the execution of the selected architectural pattern modules.

The agentic recommendation process employs three coordination 
strategies drawn from the AgentOps catalog (Liu et al., 2025), specif-
ically: Voting-based, Role-based, and Debate-based Cooperation. Addi-
tional details on these coordination strategies and their implementation 
are provided hereafter.

4.3. Multiple AI-agents coordination strategies

4.3.1. Voting-based cooperation
This strategy introduces a decision mechanism in which multiple AI 

agents independently form opinions and then cast votes to a centralized 
coordinator agent, which then elaborates on and delivers a verdict (Liu 
et al., 2025). Typical voting rules include (𝑖) democratic majority or 
(𝑖𝑖) weighted voting, where weights may reflect agent roles or reliability. 
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Fig. 4. Voting-based coordination strategy.

Fig. 5. Role-based coordination strategy.

As depicted in Fig.  4, a central coordinator agent receives a prompt 
incorporating a task from a tool. It then broadcasts the request to a set 
of agents, who reason locally and return their votes. The coordinator 
evaluates the votes and, according to the chosen voting rule, sends the 
final decision, i.e., the set of patterns to be activated in the next FL 
round. This strategy preserves fairness and accountability by logging 
each agent’s vote, allowing for the aggregation of collective intelligence 
to enhance decision quality.

Our Implementation. We implement the Voting-based coordination 
strategy by deploying multiple AI agents alongside a coordinator agent. 
At the end of each FL round, each agent, together with a textual 
explanation, can express a binary preference (ON or OFF) for each 
pattern, which will then be compared with the preferences expressed 
by other agents on the same pattern. The coordinator collects these 
choices and decides whether to set the pattern to ON or OFF based on 
the democratic majority, i.e., the pattern endorsed by receiving >50% 
of votes from agents is selected.

4.3.2. Role-based cooperation
This strategy assigns explicit roles to the agents, each with specific 

responsibilities (Liu et al., 2025). Typical roles include (𝑖) coordinator
to orchestrate other agents; (𝑖𝑖) a specialist, which performs predefined 
and tailored tasks; and (𝑖𝑖𝑖) evaluator/auditor to assess outcomes and 
compliance. As depicted in Fig.  5, a central coordinator agent receives 
a task, applies the role policy, and dispatches tasks to agents according 
to their roles; agents act within their corresponding role boundaries 
and return outputs accordingly. The coordinator then merges and or-
ganizes the results. This strategy improves accountability and safety by 
enforcing least privilege, separating concerns, and making each action 
attributable to an agent, which simplifies auditing (Liu et al., 2025).

Our Implementation. We implement the Role-based coordination 
strategy by defining two main agent roles: the Coordinator and the
Pattern Architect. Each Pattern Architect is ‘‘specialized’’ in a specific ar-
chitectural pattern under analysis (i.e., Client Selector, Heterogeneous 
Data Handler, and Message Compressor) and implemented as an AI 
agent. The task of each Pattern Architect is to recommend whether 
the corresponding pattern should be selected in the next round, and 
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Fig. 6. Debate-based coordination strategy.

justify the decision with a rationale. The Coordinator then aggregates 
all recommendations and applies the resulting configuration, that is, 
the combination of ON/OFF pattern states for the next FL round.

4.3.3. Debate-based cooperation
The Debate-based cooperation strategy lets agents present proposals 

and challenge each other’s reasons under a coordinator agent (Liu 
et al., 2025). It is useful when trade-offs are complex and evidence is 
uncertain, as arguments must be explicit, comparable, and auditable. 
Typical rules include time-limited turns, a single critique round, and 
scoring mechanisms to select the winning proposal. As depicted in Fig. 
6, the coordinator proposes a task along with its corresponding context. 
Based on this information, agents submit a proposal accompanied by a 
rationale. Subsequently, agents criticize and may revise their proposals. 
After this revision, the coordinator applies the scoring rule to select the 
best-supported option and outputs the decision. This strategy enhances 
transparency and decision quality by requiring agents to provide rea-
sons tied to evidence, thereby reducing single-heuristic bias and making 
the outcome easier to audit (Liu et al., 2025).

Our Implementation. The Debate-based coordination strategy is im-
plemented by deploying multiple AI agents and a coordinator agent. 
At the end of each FL round, the coordinator triggers a debate among 
the AI agents. Each agent first drafts its ON/OFF proposal for all pat-
terns with a brief rationale. Then, agents exchange their positions and 
iteratively revise both proposal and critique in reply to other agents’ 
proposals. A lightweight shared debate memory records arguments 
and refinements. The debate stops when agents converge on the same 
proposal or when a maximum of n turns is reached. As suggested in Liu 
et al. (2025), in our experimentation, we set a maximum number of 
debate turns (i.e., n = 5) to avoid the overhead introduced due to the 
high reasoning time. If no consensus emerges, the current configuration 
is carried over to the next round, with convergence defined as stable 
proposals or a strict majority agreeing on each pattern.

4.4. Integrating the multiple AI-agents layer into the federated learning 
workflow

Fig.  7 depicts the extended FL workflow, introducing the ‘‘Archi-
tectural Pattern Selection’’ phase 5⃝. After the ‘‘Model Aggregation’’ 
step 4⃝, the server maintains a system configuration file reflecting the 
actual system configuration (e.g., number of clients, their computing 
capabilities, the list of currently active patterns) and an evaluation 
metrics report containing the evaluation metrics history of previous 
rounds (e.g., model accuracy, training time). These files are updated 
round-by-round to provide a detailed snapshot of the system state and 
process performance. Leveraging these files, the server initiates the 
‘‘Architectural Pattern Selection’’ phase 5⃝ by invoking the Multiple 
AI-Agents layer to determine the updated pattern configuration for the 
next round.

To augment each AI agent’s decision-making process, a prompt must 
be carefully designed. A prompt is a textual input given to an LLM 
that defines its role, specifies the task, provides context if needed, and 
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Fig. 7. Federated learning workflow including the multiple AI-agents Layer.

instructs the desired output format (Brown et al., 2020; Liu et al., 2023; 
Hou et al., 2024) and (Vaswani et al., 2017). Following the guidelines 
in Bass et al. (2025), we structure the prompt into four parts: (𝑖) Role
(i.e., the role that the agent must assume), (𝑖𝑖) Task (i.e., the task that 
the agent must perform), (𝑖𝑖𝑖) Guardrails (i.e., guidelines and rules to 
avoid failures), (𝑖𝑣) Output (i.e., the type of output format expected). 
To further enhance reasoning capabilities, the agents operate under a 
Retrieval-Augmented Generation (RAG) configuration. The RAG setup 
enables LLMs to integrate relevant external knowledge (e.g., database 
data) at inference time (Arslan et al., 2024). In our implementation, 
RAG provides access to two key information sources: (𝑖) the system 
configuration file (see Table  1 for a concrete example), which specifies 
all the system configuration parameters governing the FL process, and 
(𝑖𝑖) the evaluation metrics report listing the metrics from all previous 
rounds. The description of the considered evaluation metrics is reported 
in Table  2. Both files contain key information that supports the agentic 
decision to select architectural patterns, ensuring it is driven by runtime 
contextual parameters and performance metrics.

The final decision is encoded as an updated binary array of ON/OFF 
flags, which overwrites the corresponding entries in the system config-
uration file. Once these changes are committed, the server starts a new 
FL round and propagates the updated configuration to all participants. 
Consequently, before beginning local training 2⃝, each client applies 
the received settings by toggling its internal pattern-specific compo-
nents according to the binary array. This ensures that the subsequent 
execution of steps 1⃝– 4⃝ is performed under a dynamically optimized 
architectural setup, fully aligned with the agentic decision.

5. Experiments design

We aim to address three research questions. We first identify the 
optimal LLM configurations and prompting strategies to ensure reliable 
architectural decisions (RQ1). We then evaluate how this orchestration 
impacts FL system evaluation metrics (RQ2). Finally, we quantify the 
computational overhead introduced by the Multiple AI-Agents layer to 
assess the practical sustainability of our approach (RQ3).

The research questions are listed as follows:

RQ1 Which LLM configurations are most suitable for deploying the Mul-
tiple AI-Agents layer?
We evaluate diverse LLM families to identify which model pro-
vides the most effective architectural decisions for our use case.
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Table 1
System input parameters.
 Parameter Value  
 Model Architecture {CNN, MLP}  
 Dataset {FashionMNIST, AG_NEWS}  
 Data Distribution Type {IID, non-IID (𝛼 = 0.5)}  
 Client Data Inflow {One-shot, Batched}  
 Network Condition {Stable, Unstable}  
 Experiments Configuration Parameters
 (C1) Client 1 - High-Spec. 5 CPU; non-IID; One-shot; Stable  
 (C2) Client 2 - High-Spec. 5 CPU; non-IID; Batched; Stable  
 (C3) Client 3 - High-Spec. 5 CPU; IID; Batched; Unstable  
 (C4) Client 4 - Low-Spec. 3 CPU; non-IID; Batched; Unstable 
 (C5) Client 5 - Low-Spec. 3 CPU; IID; One-shot; Stable  

Table 2
System evaluation metrics.
 Evaluation Metric Description  
 Model Accuracy Global Model Accuracy (F1 Score)  
 Training Time Local Model Training Time per Client  
 Communication Time Client–Server Communication Time  
 Total Round Time Time to Complete a FL Round  
 Agent Reasoning Time Overhead Introduced by AI-Agents  
 Total FL Time Time to Complete an entire FL Execution 

RQ2 How effective is the Multiple AI-Agents layer in improving FL system 
evaluation metrics?
We quantify the impact of the Multiple AI-Agents layer on the 
FL system’s evaluation metrics.

RQ3 What is the computational overhead introduced by the Multiple 
AI-Agents layer?
We measure the overhead introduced by the Multiple AI-Agents 
layer on the FL process.

Subject Systems. Table  1 reports the input parameters chosen for 
our experimentation. To evaluate our approach, we consider two differ-
ent ML tasks for training the global model: image and text classification. 
For the image classification task, we run 10 FL rounds by training a 
Convolutional Neural Network (CNN) as the global model on Fash-
ionMNIST (Xiao et al., 2017), which contains 70, 000 28×28 images 
(60, 000 for training and 10, 000 for testing) across 10 clothing categories 
(e.g., T-shirt/top, trouser, dress, sneaker). For the Text Classification 
task, we also run 10 FL rounds and train a Multi-Layer Perceptron 
(MLP) on AG_NEWS, a benchmark dataset of text news articles labeled 
by topic (e.g., World, Sport, Business). AG_NEWS contains 120, 000
training samples and 7, 600 testing samples. Each sample includes a 
news title and a short description, which are jointly used as input 
for text classification. We emulate a heterogeneous federation of five 
clients with two hardware profiles: High-Spec. clients utilize 5 CPU 
cores, and Low-Spec. clients utilize 3 CPU cores. This setup exposes 
the ‘‘Straggler’’ effect (Vu et al., 2021), where lower-spec clients delay 
the completion of the round and higher-spec clients are forced to 
wait idle for them. Client data distribution mixes IID and non-IID 
using a Dirichlet sampler with 𝛼 = 0.5. Data inflow is either one-
shot (all training data available from round 1) or batched (an equal 
fraction released each round so that by round 10 the client has its 
full local dataset). Network conditions are stable or unstable; in the 
unstable setting, we inject a random client-to-server latency of 20–50 s 
during model-parameter uploads each round. The concrete per-client 
setup is: C1 (5 CPU, non-IID, one-shot, stable), C2 (5 CPU, non-IID, 
batched, stable), C3 (5 CPU, IID, batched, unstable), C4 (3 CPU, non-
IID, batched, unstable), and C5 (3 CPU, IID, one-shot, stable). Note that, 
rather than relying on a synthetic simulation, we use Docker Compose 
to emulate the FL environment; by containerizing the server and each 
client with dedicated physical resources, we ensure a more realistic 
assessment of system evaluation metrics.
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Evaluation Metrics. Table  2 describes the evaluation metrics used 
in our experiments, building on the indicators proposed in Jiang et al. 
(2022) to assess FL systems. Model Accuracy captures the predictive 
effectiveness of the global model and is reported as F1 score (Wardhani 
et al., 2019). Training Time measures the average duration of local model 
training on the clients, while Communication Time quantifies the time 
spent exchanging messages between clients and the server. Total Round 
Time denotes the time required to complete one FL round, and Total FL 
Time measures the duration of the entire FL process, i.e., considering 
all the rounds. The Agent Reasoning Time measures the additional time 
required by the Multiple AI-Agents layer to reason over the current FL 
state and select the architectural patterns for the next round.

Evaluation Baselines. To the best of our knowledge, the current 
literature lacks approaches for the intelligent and dynamic adaptation 
of FL architectural patterns at runtime. Consequently, to rigorously 
evaluate the effectiveness of our solution, we define three distinct 
baseline strategies for comparative analysis. In the (𝑖) Never configu-
ration, all architectural patterns remain disabled throughout the entire 
training process, serving as a static solution to measure the performance 
of the FL system in the absence of any architectural pattern. In (𝑖𝑖)
Random, each pattern is stochastically activated at each round with a 
fixed probability of 50%, providing a benchmark to determine whether 
our approach yields a significant advantage over a non-deterministic 
adaptation strategy. Finally, (𝑖𝑖𝑖) Expert-Driven strategy relies on de-
terministic activation conditions derived from the quantitative evidence 
reported in prior empirical studies on FL architectural patterns (Com-
pagnucci et al., 2026b; Lo et al., 2022; Compagnucci et al., 2025). 
Instead of using fixed absolute thresholds, the activation logic is driven 
by observable variations in model accuracy, data distribution, and 
communication overhead. The activation rules at round r are defined 
as follows:
Model Accuracy𝑟
Total Round Time𝑟 <

Model Accuracy𝑟−1
Total Round Time𝑟−1 ⇒ (Client Selector)

JSD𝑟 > JSD𝑟−1 ∧Model Accuracy𝑟 < Model Accuracy𝑟−1 ⇒ (Heterogeneous Data Handler)
Communication Time𝑟 > Communication Time𝑟−1 ⇒ (Message Compressor)

The Client Selector is activated when the ratio between model accu-
racy and total round time begins to decline; in this case, the pattern 
discards Low-Spec clients to prevent them from creating bottlenecks 
in the FL process. The Heterogeneous Data Handler is triggered when 
an increase in the JSD metric correlates with a decrease in model 
accuracy, addressing statistical heterogeneity only when it seems to 
affect model accuracy. Finally, the Message Compressor is activated when
Communication Time increases, specifically when network bottlenecks 
become an issue on the total round duration.

Hardware Setup. Experiments are conducted using a workstation 
machine with an Intel Xeon W5-2445 chip featuring a 24 Core CPU 
@3.1 GHz and 64 GB of RAM. Resource allocation across containers 
is managed via Docker Compose (Docker, Inc., 2026) to emulate a 
controlled system heterogeneity. For instance, in the Client Selector
pattern, clients are assigned different CPU quotas to assess performance 
under varied computational capacities. It is worth noting that the 
maximum number of containers running at the same time is bounded by 
the capacity of the host machine (i.e., 24 cores) to avoid CPU overcom-
mitment. This constraint is motivated by the need to avoid exceeding 
available processing capacity, which may lead to resource contention, 
affecting execution conditions and compromising the validity of the 
experiment results (Cohen et al., 2019).

Statistical Analysis. To compare the performance of our approach 
against the baselines, we follow the guidelines proposed by Arcuri 
and Briand (2011). We repeat each experiment 10× and apply the 
Mann–Whitney U test to assess whether the observed differences are 
statistically significant. We then compute Vargha and Delaney’s 𝐴12
statistic to quantify the effect size of the difference between sam-
ples (Vargha and Delaney, 2000). We interpret the effect size using 
the standard thresholds adopted in the literature: small (3) for values 
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Table 3
LLMs considered in this study.
 Model Family Model Version Model Parameters Model Size Context Length 
 Llama 3.2 3B 1.3 GB 128K  
 DeepSeek r1 8B 5.2 GB 128K  
 OpenAI gpt-oss 20B 14 GB 128K  

greater than 0.55, medium (33) for values greater than 0.63, and large
(333) for values greater than 0.70. If no statistically significant differ-
ence is detected (i.e., 0.45 ≤ 𝐴12 ≤ 0.55), we use the ≡ symbol. Note that 
for metrics where ‘‘lower is better’’ (e.g., execution time), we invert the 
𝐴12 calculation to ensure that a Large effect size consistently represents 
a significant performance improvement in favor of our approach. Note 
that the statistical analyses are reported for each RQ and discussed in 
the corresponding section. 

5.1. RQ1: Multiple AI-agents layer configuration

This research question aims to explore which configuration settings 
of AI agents (e.g., LLM type, prompt structure) contribute to optimizing 
FL systems. We use this experiment to determine which settings yield 
the optimal configuration. The identified configuration will serve as the 
LLM baseline model for the subsequent research questions.

We evaluate the agents using three open-source LLMs from the 
Llama (Llama Team, 2024), DeepSeek (Guo et al., 2025), and Ope-
nAI (Agarwal et al., 2025) families. The choice falls on these model 
families because, according to the study by Soliman and Keim (2025), 
they have proven particularly effective in providing accurate and con-
sistent answers to queries involving architectural design decisions. 
Specifically, the selected models belong to three families: Llama,
DeepSeek, and OpenAI. For each family, we consider one represen-
tative version, i.e., 3.2 for Llama, r1 for DeepSeek, and gpt-oss
for OpenAI. As shown in Table  3, these models also cover different 
scales in terms of parameter count and storage requirements, ranging 
from 3B parameters and 1.3 GB for Llama 3.2, to 8B parameters 
and 5.2 GB for DeepSeek r1, up to 20B parameters and 14 GB for
OpenAI gpt-oss. All models share the same 128K-token context 
length and are evaluated with a temperature of 1.0, following the 
baseline configuration used in a recent study that investigates the 
impact of temperature on LLM performance (Li et al., 2025). This 
supports a consistent setup for comparing different model families and 
sizes.

We implement and test the LLMs’ reasoning ability by consider-
ing two inference strategies that reflect different levels of contextual 
guidance: (𝑖) the zero-shot and (𝑖𝑖) the few-shot configurations. In the 
zero-shot setting, the model relies exclusively on the provided context 
prompt (Brown et al., 2020; Mosbach et al., 2023). Conversely, the 
few-shot setting augments the same contextual prompt with a small 
set of representative examples (Liu et al., 2023). Prompt 1 shows the 
structure of the few-shot configuration, whereas the zero-shot setting 
follows the same structure but omits the Examples part.1 For instance, 
the contextual prompt includes as guardrails the requirement of having 
at least two clients participating in each FL round, otherwise the 
learning is not performed in a federated fashion. As another example, 
the RAG instructs verification of data from the system configuration 
file (e.g., CPU/RAM per client contributes to agents’ decisions) and the 
evaluation metrics report (e.g., the current model accuracy is compared 
to the previous round to evaluate its variation). Examples include 
brief explanations of the context and the subsequent decision to be 
taken. For instance, in Prompt 1 we can see: Example 1: ‘‘4 High-
Spec + 1 Low-Spec’’ implies the straggler effect (Vu et al., 2021), 

1 All the text prompts used in this work are available at the following link: 
https://anonymous.4open.science/r/Agentic-FL-Prompts/README.md.

https://anonymous.4open.science/r/Agentic-FL-Prompts/README.md
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Prompt 1: Simplified Example of the Few-Shot Prompt

 Contextual Prompt

Role: ‘‘You are an expert software architect advising a Fed-
erated Learning system [...]’’
Task: ‘‘Recommend which architectural patterns to activate 
or deactivate for the next round [...]’’
Guardrails: ‘‘At least 2 clients must always participate in the 
FL round otherwise [...]’’
Output: ‘‘Return only a Rationale text and a JSON object with 
the following format [...]’’

 Retrieval-Augmented Generation (RAG)

∙ From the system configuration file: extract the actual 
system parameters (e.g., dataset, CPU/RAM per client, data 
distr. type)
∙ From the evaluation metrics report: extract the actual 
system performance (e.g., model accuracy, total round time, 
training time).

 Examples

{Example 1:‘‘In an FL system with 4 High-Spec. and 1 Low-
Spec. clients, the Low-Spec. client slows down the round, 
leaving others idle while waiting for synchronization [...]’’ 
→ Example 1 Decision: ‘‘Enable Client Selector (CS=ON) and 
exclude the Low-Spec. client [...]’’}
{Example 2:‘‘CPUs [5, 5, 5, 5, 1]; CS=OFF; high Total 
Round Time;’’ → Example 2 Decision: ‘‘CS=ON with selec-
tion_value>1; 9× lower Total Round Time;’’)
{Example n: ...} → {Example n Decision: ...}

 LLM Output

Decision:{‘‘CS=OFF; HDH=OFF; MC=ON; Rationale=Given 
the system configuration and the evaluation metrics, I decided 
to activate the message compressor pattern only because 
[...]’’}

and the corresponding decision is the following: ‘‘CS=ON; exclude 
Low-Spec. client’’). It is worth discussing that this scenario can be 
supported by providing another example that numerically quantifies 
such system behavior. For instance, Prompt 1 reports, under Example 
2, the numerical values of CPUs: four clients have 5 CPUs, whereas 
one client has 1 CPU. The decision is to activate the Client Selector 
and exclude the client with 1 CPU, resulting in a 9× reduction in Total 
Round Time. The outcome of the example in Prompt 1 is that LLM 
decides to select the Message Compressor pattern only.

Results. Table  4 shows the results of the LLMs benchmark against 
baseline configurations. We assess the agent’s performance based on 
the global model accuracy, the total time required to complete the FL 
process (i.e., total FL time), and the additional overhead introduced by 
the LLM’s reasoning, in order to identify an effective trade-off between 
computational efficiency and predictive accuracy. Regarding the base-
line results, Never and Random both yield an accuracy of 0.74, but 
show a large difference in execution time: while Never completes the 
process in 1666 s, Random has the highest total FL time (3796 seconds), 
with very high variance. The Expert-Driven baseline, as expected, 
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shows a slight improvement, reaching an accuracy of 0.76 ± 0.01 and 
a shorter total FL time of 1619 s.

On the other hand, LLM configurations surpass the baselines in 
model accuracy, but they do not always achieve shorter total FL times. 
While agentic approaches are significantly faster than the random 
baseline (Random), they exhibit a higher total FL time across nearly 
all configurations compared to static baselines (Never and Expert-
Driven), except for llama3.2 models, which achieve a lower total FL 
time. Zero-Shot (ZS) approaches bring moderate improvements, whereas 
Few-Shot (FS) settings generally achieve higher accuracy; however, 
their impact on total FL time depends on the model family. Among 
them, deepseek-r1 (FS) achieves the highest accuracy, reaching 
0.84, with an average total FL process time of 1893 s and an agent 
reasoning overhead of 18 s. By contrast, llama3.2 (FS) achieves 
lowest accuracy (i.e., 0.82), completing the entire FL process in an 
average of 1372 s, with only a minimal reasoning overhead (e.g., 5 s), 
representing the fastest configuration but with fewer accuracy gains. 
Finally, gpt-oss (FS) achieves 0.83 accuracy with 1765 s total FL time
and 180 s overhead, indicating very high reasoning cost despite a good 
model accuracy. Statistical analyses of the collected results confirm 
that all LLM-based configurations significantly outperform the baselines 
in terms of Model Accuracy, with consistently large effect sizes. For
Total FL Time, only llama3.2 (ZS) and (FS) outperforms the Never
and Expert-Driven baselines, whereas the other LLM configurations 
improve over Random but are slower than Never and Expert-Driven.

In light of these results, we confirm the findings of Soliman and 
Keim (2025) and select deepseek-r1 with the Few-Shot approach 
as the baseline LLM configuration for the Multiple AI-Agents layer. 
Although llama3.2 (FS) is faster, we prioritize the higher accuracy 
of deepseek-r1 (FS), as even small gains in accuracy are relevant in 
FL processes (Chen Zhang et al., 2021; Kairouz et al., 2021; Li et al., 
2020).

5.2. RQ2: Multiple AI-agents layer effectiveness

In this research question, we evaluate the effectiveness of the Mul-
tiple AI-Agents layer in optimizing the FL system’s evaluation metrics 
compared to non-adaptive configurations. After fixing the LLM configu-
ration identified in RQ1, we compare the three coordination strategies 
(Voting-based, Role-based, and Debate-based) against three baselines 
(Never, Random, and Expert-Driven). The analysis examines, for both 
ML tasks, the round-by-round evolution of Model Accuracy, Training 
Time, Communication Time, and Total Round Time, thereby assessing both 
predictive performance and execution efficiency.

Results. The performance outcomes are depicted in Fig.  8. Note 
that all time-related metrics show an upward trend across rounds. This 
trend is driven by the batched data-inflow regime adopted by some 
clients: as additional data becomes available at each round, the local 
dataset grows progressively. Consequently, clients require more time 
for training, leading to a natural increase in both training and total 
round time.

Fig.  8(a) shows the global model accuracy for each configuration in 
image classification. From the early rounds, the coordination strategies 
reach higher accuracy and faster convergence than the baselines. The
Expert-Driven configuration is the strongest baseline, achieving an F1 
score of about 0.79, whereas the agentic strategies reach final values 
of 0.84–0.85. The three coordination strategies follow similar trends, 
suggesting that the Multiple AI-Agents layer consistently improves 
predictive performance in this task. Fig.  8(b) reports the average client 
training time. The agentic configurations reduce training time with 
respect to Never and Random. Role-based shows the clearest reduction 
from round 6 onward, which is consistent with the frequent activa-
tion of the Client Selector pattern. However, Expert-Driven remains 
competitive, maintaining a relatively short training time. Fig.  8(c) 
reports the average communication time. The agentic strategies reduce 
communication time compared to Random, whose trend increases 



I. Compagnucci et al. The Journal of Systems & Software 240 (2026) 112966 
Table 4
Never, Random, Expert-Driven, and LLM-based configurations benchmark, together with the statistical analysis for each LLM configuration against the baselines 
on Model Accuracy and Total FL Time. (ZS) and (FS) indicate Zero-Shot and Few-Shot prompting strategies adopted by the LLM, respectively.
 Configurations Evaluation metrics 𝐴12 on Model accuracy 𝐴12 on Total FL time
 Model Accuracy Total FL Time Agent Overhead Never Random Expert-Driven Never Random Expert-Driven 
 Never 0.74 ± 0.00 1666 ± 124 – – – – – – –  
 Random 0.74 ± 0.01 3796 ± 977 – – – – – – –  
 Expert-Driven 0.76 ± 0.01 1619 ± 291 – – – – – – –  
 llama3.2 (ZS) 0.77 ± 0.01 1422 ± 66 7 ± 0 333 333 33 333 333 333  
 deepseek-r1 (ZS) 0.80 ± 0.00 1870 ± 240 19 ± 4 333 333 333 777 333 777  
 gpt-oss (ZS) 0.79 ± 0.01 2276 ± 665 176 ± 6 333 333 333 777 333 777  
 llama3.2 (FS) 0.82 ± 0.02 1372 ± 151 5 ± 1 333 333 333 333 333 333  
 deepseek-r1 (FS) 0.84 ± 0.01 1893 ± 188 18 ± 1 333 333 333 777 333 777  
 gpt-oss (FS) 0.83 ± 0.01 1765 ± 627 180 ± 0 333 333 333 777 333 777  
Fig. 8. Performance analysis of the Multiple AI-Agents coordination strategies.
across rounds. Voting-based and Role-based remain close to Expert-
Driven, while Debate-based is closer to Never and achieves among the 
lowest communication times. Fig.  8(d) reports the total round time. All 
agentic strategies improve over Random, but they are not always faster 
than Never and Expert-Driven. This is expected because Never avoids 
architectural-pattern overhead, while Expert-Driven activates patterns 
only under predefined conditions. Among the agentic strategies, Role-
based shows the highest total round time, whereas Voting-based and 
Debate-based follow more similar trends.

For text classification, Fig.  8(e) shows that the differences in model 
accuracy are less evident. All configurations converge to a similar 
range, with Debate-based showing a slight advantage. The main benefit 
of the Multiple AI-Agents layer appears in the time-related metrics. As 
shown in Figs.  8(f) and 8(g), the coordination strategies reduce both 
training and communication time with respect to the baselines. For 
total round time, Fig.  8(h) shows that Role-based and Debate-based 
improve over all baselines, while Voting-based remains comparable to
Never and improves over Random and Expert-Driven.

Table  5 reports the statistical analysis. For image classification, 
Voting-based significantly improves Model Accuracy over all baselines, 
while Role-based and Debate-based improve over Never and Ran-
dom but are statistically equivalent to Expert-Driven. For Training 
Time and Communication Time, the agentic strategies generally improve 
over Never and Random, although Expert-Driven remains compet-
itive. For Total Round Time, all coordination strategies improve over
Random, but Expert-Driven remains stronger. For text classification, 
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accuracy differences are limited, whereas all agentic strategies signif-
icantly improve Training Time and Communication Time. Role-based and 
Debate-based also improve Total Round Time over all baselines. Overall, 
the results show that coordinated runtime pattern activation is more 
effective than random activation.

5.3. RQ3: Multiple AI-agents layer overhead

This research question accounts for the overhead introduced by the 
Multiple AI-Agents layer. We measure the time required for the agents 
to reason and elaborate on which pattern or combination should be 
activated, along with the coordinator (if present), which takes the final 
decision.  Importantly, the Agent Reasoning Time is not included in the
Total FL time metric and analyzed in RQ2. We report this overhead 
for both ML tasks considered in this study: image and text classifi-
cation. We also perform a statistical analysis to assess whether the 
observed differences in agent reasoning time among the coordination 
mechanisms are statistically significant.

Results. Fig.  9 depicts the time overhead introduced by the Multiple 
AI-Agents layer for both ML tasks in rounds 1–9, since the FL process 
concludes at the 10th round. For each round, the overhead is computed 
as the average reasoning time over the 10 repetitions executed with 
the same configuration and coordination mechanism. Overall, across 
both ML tasks, the agents’ reasoning time per FL round ranges from 30 
to 70 s, showing noticeable variability across coordination strategies. 
On average, for the image recognition task, the Voting-based strategy 
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Table 5
Statistical analysis for RQ2: Agentic configurations against baselines.
 (a) Image Classification (CNN and FashionMNIST)
 Evaluation Metric Configuration Never Random Expert-Driven 
 
Model Accuracy

Voting-based 333 333 333  
 Role-based 333 333 ≡  
 Debate-based 333 333 ≡  
 
Training Time

Voting-based 333 333 777  
 Role-based 333 333 ≡  
 Debate-based 333 333 777  
 
Communication Time

Voting-based 333 333 ≡  
 Role-based 333 333 ≡  
 Debate-based 333 333 ≡  
 
Total Round Time

Voting-based 777 333 777  
 Role-based 777 333 777  
 Debate-based ≡ 333 777   
 (b) Text Classification (MLP and AG NEWS)
 Evaluation Metric Configuration Never Random Expert-Driven 
 
Model Accuracy

Voting-based ≡ ≡ ≡  
 Role-based ≡ ≡ ≡  
 Debate-based 333 ≡ ≡  
 
Training Time

Voting-based 333 333 333  
 Role-based 333 333 333  
 Debate-based 333 333 333  
 
Communication Time

Voting-based 333 333 333  
 Role-based 333 333 333  
 Debate-based 333 333 333  
 
Total Round Time

Voting-based ≡ 333 333  
 Role-based 333 333 333  
 Debate-based 333 333 333  
Fig. 9. Multiple AI-agents Layer: Average Agent Reasoning Time Overhead.
Table 6
Statistical analysis for the Multiple AI-Agents Layer Reasoning Time Overhead.
 (a) CNN and FashionMNIST
 Voting-based Role-based Debate-based 
 Voting-based – ≡ 777  
 Role-based ≡ – ≡  
 Debate-based 777 ≡ –   
 (b) MLP and AG_NEWS
 Voting-based Role-based Debate-based 
 Voting-based – ≡ 777  
 Role-based ≡ – ≡  
 Debate-based 777 ≡ –  
11 
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requires about 51.7 s per round (approximately 465.7 s over 9 rounds), 
the Role-based strategy about 43.1 s per round (approximately 387.6 s 
in total), and the Debate-based strategy about 42.2 s per round (approx-
imately 372.0 s over 9 rounds). For text classification, the Voting-based 
strategy requires about 55.5 s per round (approximately 499.6 s over 9 
rounds), the Role-based strategy about 51.5 s per round (approximately 
463.7 s in total), and the Debate-based strategy about 46.9 s per round 
(approximately 422.3 s over 9 rounds). Overall, our experimentation 
points out that the Debate-based strategy is slightly faster than the 
others, whereas the Voting-based strategy is the slowest.

Table  6 reports the pairwise statistical analysis of the agent reasoning 
time for both ML tasks. The results show a consistent trend across image 
and text classification tasks. In both cases, Voting-based and Role-based 
coordination do not show a statistically significant difference. Similarly, 
Role-based and Debate-based coordination do not show a statistically 
significant difference. Interestingly, Voting-based coordination is signif-
icantly worse than Debate-based coordination with a large effect size in 
both tasks. This result is consistent with the descriptive results reported 
above: Voting-based coordination shows the highest average reasoning 
time, whereas Debate-based coordination shows the lowest.

6. Discussion

This section discusses the main findings of our study and reflects on 
the overall effectiveness of our approach. We analyze how the different 
coordination strategies influence the FL evaluation metrics and what 
these results imply for adopting dynamic, agent-driven architectural 
decisions in practice.

6.1. Configuration efficiency score

We evaluate and compare the coordination strategies against the 
considered baselines using a weighted composite score, denoted by . 
This metric is computed as: 

 = 𝑤1 ⋅
Model Accuracy − 𝐴min

𝐴max − 𝐴min
+𝑤2 ⋅

𝑇max − Total FL Time
𝑇max − 𝑇min

(1)

where 𝑤1, 𝑤2 ∈ [0, 1] and 𝑤1 + 𝑤2 = 1. The weight 𝑤1 determines 
the contribution of Model Accuracy, whereas 𝑤2 determines the com-
plementary contribution of Total FL Time. Both terms are normalized 
in the range [0, 1]. The second term is inverted so that lower Total FL 
Time yields a higher score. Therefore, larger values of  indicate a more 
favorable trade-off between predictive quality and execution time. For 
example, setting 𝑤1 = 0.7 and 𝑤2 = 0.3 means that 70% of the final 
score is determined by Model Accuracy, whereas the remaining 30% is 
determined by Total FL Time. In our evaluation, we adopt the balanced 
setting with 𝑤1 = 0.5 and 𝑤2 = 0.5.

The values assumed by this ratio are shown in Fig.  10. Contrary 
to our initial expectation, not all coordination strategies outperform 
every baseline. In the image classification task (Fig.  10(a)), Random
obtains the lowest efficiency score, indicating that purely stochastic 
activation of architectural patterns does not yield a favorable trade-
off between accuracy and execution time. In the text classification 
task (Fig.  10(b)), Random remains among the weakest configurations, 
although the differences among strategies are less marked. In contrast, 
both Never and Expert-Driven achieve competitive efficiency values 
in some cases. In particular, Expert-Driven stands out among the 
baselines, confirming that rule-based activation grounded in empirical 
evidence can still serve as a strong reference point. At the same time,
Never benefits from architectural simplicity, avoiding the additional 
overhead introduced by pattern management and reducing execution 
time. Among the agentic approaches, the Role-based strategy yields a 
less favorable trade-off in the image classification task, while remaining 
closer to the other agentic configurations in the text classification 
task. This behavior is mainly explained by its coordination structure: 
each agent acts as a specialist for a single architectural pattern and 
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recommends its activation independently from the others. As a result, 
Role-based tends to activate individual patterns more often, which can 
increase the Total FL Time and reduce the configuration efficiency score 
when the additional execution cost is not compensated by proportional 
accuracy gains. In contrast, Voting-based and Debate-based evaluate 
pattern configurations more collectively, leading to more competitive 
median values of  across the two tasks. Voting-based is particularly 
effective in image classification (Fig.  10(a)), whereas Debate-based 
achieves the highest median in text classification (Fig.  10(b)).

Although the configuration efficiency score  does not imply the 
existence of a silver bullet strategy, the results show that agentic ap-
proaches generally achieve higher efficiency, except for the Role-based 
approach. This confirms that treating architectural pattern activation as 
a runtime, systematically coordinated decision process can significantly 
improve the balance between predictive performance and total FL time. 
At the same time, the magnitude of these improvements depends on 
the specific system settings (e.g., client heterogeneity, data distribution, 
and network conditions). In other words, while the agentic approach 
proves advantageous in our experimental scenarios, its effectiveness 
may vary across operational conditions and should therefore not be 
considered always superior in all possible deployment contexts.

6.2. Architectural implications: Baseline strategies

The Never configuration represents the simplest architectural setup, 
where no patterns are activated throughout the FL process. Its main 
advantage lies in its stability: by avoiding additional processing related 
to pattern activation, it achieves consistently low total round times. 
However, this simplicity comes at the cost of limited adaptability, 
preventing the system from reacting to runtime heterogeneity in data 
distribution, client resources, or network conditions.

The Random configuration highlights the risks of uncoordinated 
adaptation. While patterns are dynamically activated, the absence of a 
decision rationale leads to unstable behavior and the lowest efficiency 
score. This suggests that architectural variability alone is insufficient; 
without systematic coordination, dynamic activation may introduce 
overhead (e.g., by activating architectural patterns when unnecessary) 
without delivering proportional performance gains.

The Expert-Driven configuration provides a more elaborate alterna-
tive. By grounding activation rules in empirical evidence (Compagnucci 
et al., 2026b, 2025), it achieves competitive efficiency scores and a 
balanced trade-off between accuracy and total execution time. From 
an architectural perspective, this confirms that rule-based logic derived 
from prior studies remains a solid baseline. However, fixed activation 
rules based only on the metrics from the previous round may limit 
responsiveness to broader runtime dynamics, especially when decisions 
would benefit from observing trends over multiple rounds or combining 
several contextual factors.

6.3. Architectural implications: Agentic strategies

The Voting-based strategy achieves a competitive median score , 
especially in image classification, although the Debate-based strategy 
achieves a higher median in text classification. It also reduces total 
FL time compared to the Random configuration and avoids the higher 
activation cost observed in the Role-based configuration. In our setting, 
each agent reasons about the list of architectural patterns and their im-
pact on the FL metrics, and the voting step aggregates all proposals into 
a single decision. This behavior aligns with practitioners’ expectations 
for Voting-based cooperation, where decisions made by multiple agents 
are more accurate and reliable than those made by a single agent (Liu 
et al., 2025). This strategy leverages Collective Intelligence, which filters 
out locally optimal but globally harmful suggestions and favors pattern 
combinations that multiple agents independently regard as beneficial, 
rather than optimizing a single pattern in isolation (Liu et al., 2025).
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Fig. 10. Comparative analysis of the Configuration Efficiency Score (): Agentic strategies versus baseline configurations.
Fig. 11. Architectural Patterns Activation by different strategies. In the Debate-based strategy, labels n/5 indicate the number of debate iterations required to 
reach consensus, while X marks rounds without consensus, in which the previous configuration of architectural pattern is reused.
The Role-based strategy achieves a lower score  than the Voting- 
and Debate-based strategies in the image classification task, while 
remaining closer to the other agentic configurations in the text clas-
sification task. It also exhibits higher total FL round time, often close 
to the Random configuration and clearly higher than the Voting and 
Debate-based approaches, especially in the image classification task. 
Accuracy, however, remains broadly comparable to the other strategies; 
what deteriorates primarily is the total round time, which increases 
due to frequent pattern activations. This is particularly evident in 
Fig.  11, where the Role-based strategy shows the highest number of 
individual FL pattern activations. This behavior stems from each role 
agent acting as a Pattern Architect for a single architectural pattern and 
reasoning primarily about its own activation, without a full view of 
how combinations of patterns affect the global FL metrics. Prior work 
on FL performance analysis (Compagnucci et al., 2025) has shown that 
combining patterns can yield both benefits and degradations, depend-
ing on how they interact. When two or more patterns are activated 
simultaneously, they may interfere, resulting in degraded performance 
(e.g., longer total round time). This is why, in this context, software 
architects are encouraged to use a global coordination strategy that 
leverages collective intelligence across agents.

The Debate-based strategy delivers one of the highest scores 
among the agentic coordination strategies, reaching values comparable 
to Voting-based in the image classification task and higher median 
values in the text classification task. This indicates that the explicit 
exchange of arguments among agents can help identify effective pattern 
combinations, especially when the decision involves multiple interact-
ing architectural concerns. However, the iterative nature of the debate 
still introduces variability: when agents disagree for several turns, the 
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system spends more time debating before making a decision, thereby 
directly increasing the total FL time. This behavior is consistent with 
practitioners’ reports on Debate-based strategy (Liu et al., 2025), where 
richer debates among agents introduce extra communication and coor-
dination time. In our setting, Debate-based is therefore a competitive 
coordination strategy rather than only an occasional best-case solution: 
it can occasionally outperform all other strategies when consensus is 
reached quickly; however, it can also take a long time to reach a 
decision when consensus is not reached quickly. Software architects 
should consider the Debate-based strategy for scenarios where higher 
decision quality is required and coordination variability is acceptable. 
Future work will investigate the Debate-based strategy with more 
capable LLMs (e.g., models with more parameters) to assess whether 
higher-capacity agents can shorten the time to reach consensus and, in 
turn, reduce variability, making this strategy a more reliable option.

6.4. Adaptation overhead

The time overhead introduced by the Multiple AI-Agents layer is 
analyzed by measuring the reasoning cost required to decide which 
architectural patterns to activate or deactivate at runtime. It affects the 
FL execution in two different ways: (i) it can reduce the time required 
to complete the overall FL execution by avoiding unnecessary pattern 
activations, but (ii) it also introduces an additional cost due to LLM 
reasoning.

From the Total FL Time perspective, the agentic strategies are effec-
tive in reducing the time required to complete the overall FL execution 
by making pattern activation more selective, especially compared with 
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the Random baseline. In the image classification task, Random re-
quires, on average, about 379.1 s per round, whereas Voting-based 
and Debate-based coordination reduce this value to about 192.2 and 
193.9 s, corresponding to reductions of approximately 49.3% and 
48.8%, respectively. Role-based coordination also improves over Ran-
dom, with an average round time of about 288.5 s, corresponding to 
a reduction of approximately 23.9%. A similar effect is observed in the 
text classification task: Voting-based, Role-based, and Debate-based co-
ordination require about 42.9, 43.6, and 40.2 s per round, respectively, 
compared to 47.3 s for Random and 49.3 s for Expert-Driven.

However, the reduction in Total FL Time comes with an additional 
cost. The LLM reasoning phase introduces extra execution time, since 
agents need to analyze the current FL state and decide the architec-
tural configuration for the next round. Across the two ML tasks, the 
average reasoning overhead is about 53.6 s per round for Voting-
based coordination, 47.3 s per round for Role-based coordination, and 
44.6 s per round for Debate-based coordination. Therefore, although 
agentic configurations reduce the Total FL Time through more informed 
architectural decisions, accounting for the agentic adaptation phase 
increases overall execution time, adding an average cost of about 33% 
over the Total FL Time. However, this overhead should be interpreted 
together with the effectiveness gains of the Multiple AI-Agents layer. 
Across all experiments, agentic configurations improve average model 
accuracy relative to the baselines, indicating that the reasoning cost 
yields measurable predictive gains.

Overall, these results clarify the main trade-off introduced by the 
Multiple AI-Agents layer. On the one hand, the agents improve the qual-
ity of architectural decisions: they reduce unnecessary time overhead 
caused by architectural patterns and avoid ineffective pattern combina-
tions. On the other hand, they introduce a new source of overhead due 
to LLM reasoning. Therefore, the Multiple AI-Agents layer shifts part of 
the execution cost from pattern execution to decision making. This cost 
can be justified when reasoning prevents the activation of expensive 
patterns that would not improve the FL process (e.g., avoiding the 
Heterogeneous Data Handler when synthetic data generation would 
increase training time without improving accuracy). In light of this, 
reasoning overhead should not be interpreted in isolation. The absence 
of large differences in reasoning time among coordination strategies 
suggests that this metric alone is insufficient to determine the most 
suitable strategy. Instead, the choice of the coordination mechanism 
should be considered together with the effectiveness results discussed 
in RQ2.

6.5. Threats to validity

External Validity. Generalization of findings is not guaranteed since 
we present a specific experimental setup. Our current evaluation is 
limited to a restricted setup of the considered architectural patterns, 
the number of datasets, FL rounds, and clients. This setup reflects a 
methodological trade-off, since we prioritize: (i) the implementation of 
patterns contributing to different evaluation metrics; (ii) the datasets 
learning different data types; (iii) the hardware-level fidelity by as-
signing dedicated CPU resources to each client container and avoiding 
CPU overcommitment. Exceeding available processing capacity can 
lead to resource contention, potentially affecting execution conditions 
and compromising the correctness of the collected metrics (Cohen et al., 
2019). While this limits the number of concurrent clients, it endorses 
the reliability of the performance metrics used by the agents for runtime 
architectural decisions. Yet, there is a combination of diverse LLMs, 
coordination strategies, and FL scenarios spanning multiple dimensions, 
including LLM families and prompting regimes (zero-shot and few-
shot), datasets performing different classification tasks, heterogeneous 
client hardware profiles, and varying network conditions. Such vari-
ations span a broad range of variegate conditions and provide initial 
evidence that our approach can be applied beyond a single case. To 
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further strengthen external validity, we plan to expand the experimen-
tation by considering more architectural patterns, as well as further 
datasets and models, along with more FL rounds and clients.

Internal Validity. The settings and input parameters adopted for 
performance analysis can be vulnerable to potential threats, as they 
rely on numerical values that serve as evidence of performance varia-
tions. Yet, identifying appropriate configuration settings and parameter 
values remains a challenge in software performance (Bondi, 2015), 
and additional alternatives could be explored in future work. To this 
end, we make the framework available to replicate the presented 
experimental results and potentially investigate additional variations 
of the input parameters. Besides, adopting computational power as a 
client selection criterion may represent a threat, since excluding low-
power devices can improve overall system efficiency at the cost of 
unfairly excluding certain types of clients that may contain relevant 
training data (Lo et al., 2022), possibly adding bias to the overall 
model. As future work, we plan to develop different client selection 
strategies, e.g., by measuring the fairness of client selection during 
training without compromising their privacy.

Construct Validity. Threats to construct validity concern possible 
misinterpretation of the measured metrics. We assess FL systems using 
standard metrics, e.g., F1 score. We do not employ text generation 
metrics such as ROUGE-1 (Lin, 2004) or BERTScore (Tianyi Zhang 
et al., 2020), as our setting lacks ground-truth outputs for comparison 
with model responses. Instead, we evaluate LLMs indirectly through 
FL metrics as proxies for their decision effectiveness. Moreover, a 
significant threat in this context is the inherent non-determinism of 
LLMs, which can introduce variability in the agents’ decisions across 
different runs, potentially masking the actual impact of the coordina-
tion strategies. To mitigate this, we repeat each experiment 10× and 
assess the statistical significance of the observed variations using the 
Mann–Whitney U test and Vargha and Delaney’s 𝐴̂12 effect size.

7. Conclusion

This paper investigates how architectural decisions in FL systems 
can be elevated from static design-time choices to dynamic runtime 
mechanisms. We introduce an agentic framework in which multiple AI 
agents, coordinated through Voting-, Role-, and Debate-based strate-
gies, dynamically (de)activate three architectural patterns: Client Selec-
tor, Heterogeneous Data Handler, and Message Compressor. Our results 
show that treating architectural pattern activation as a systematically 
coordinated runtime decision can improve the balance between pre-
dictive performance and total execution time. In particular, agentic 
coordination strategies achieve higher configuration efficiency scores 
in almost all cases in our experimental setting, showing that context-
aware architectural reconfiguration improves the trade-off between 
predictive performance and core FL execution time, while the addi-
tional reasoning overhead remains a practical cost to be considered. 
These results highlight a complementary optimization dimension for 
FL systems: beyond tuning training parameters or global model ag-
gregation strategies, the system architecture itself can be dynamically 
reconfigured based on evolving runtime conditions and historical per-
formance metrics. While no single coordination strategy is a silver 
bullet across all scenarios, our findings provide quantitative evidence 
that agent-driven architectural adaptation can significantly improve 
the efficiency of FL systems under heterogeneous, dynamic operating 
conditions.

As future work, we plan to investigate additional agentic coordina-
tion strategies and experiment with new families of LLMs (e.g., Gemma 
4 Google DeepMind, 2026, Ministral-3 Mistral AI, 2026, and Qwen
Qwen Team, 2025) to further assess their reasoning capabilities. This is 
particularly relevant, as LLMs are advancing rapidly, with new models 
and updated versions released frequently. Moreover, we intend to 
integrate a broader set of FL architectural patterns in order to expand 
the space of runtime design alternatives.
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