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ABSTRACT
Distributed machine learning enables collaborative model training
without centralizing sensitive data, yet achieving efficient and sta-
ble convergence in federated learning remains challenging due to
heterogeneous data distributions, diverse device capabilities, and
dynamic local operating conditions. Existing methods partially ad-
dress these issues but typically rely on fixed heuristics and limited
observability of system and data characteristics. In this paper, we
present EdgeLLM, an LLM-guided system architecture that inte-
grates on-device language model reasoning at the edge to infer
system conditions and guide client selection and aggregation strate-
gies for improved distributed training. Through rigorous evaluation
on a real-world testbed with an NVIDIA Jetson Orin Nano edge
server and 10 Raspberry Pi FL clients, EdgeLLM improves feder-
ated learning performance and robustness, achieving a weighted
F1 score of 0.880 while generating structured, machine-readable
reports for training adaptation. Our work paves the way for us-
ing LLMs at the edge as agents to enhance the observability and
adaptability of distributed learning systems.

CCS CONCEPTS
• Ubiquitous and pervasive computing→ System modeling
and simulation.
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1 INTRODUCTION
DistributedMachine Learning (DML) enables collaborative AImodel
training while preserving data privacy by avoiding centralized data
collection. Federated learning (FL) has emerged as a key paradigm
in this setting, enabling privacy-preserving AI across domains such
as mobile intelligence, healthcare analytics, autonomous vehicles,
smart manufacturing, and Internet of Things (IoT) systems [14].
Beyond conventional FL, Federated Continuous Learning (FCL)
addresses dynamic real-world environments where models must
adapt to evolving data distributions while mitigating temporal cata-
strophic forgetting [1]. However, efficient and reliable convergence
remains challenging due to heterogeneity in device capabilities,
data distributions, and operating conditions. Recent advances in
∗Corresponding Author

Large Language Models (LLMs) provide new opportunities to en-
hance DML by enabling more adaptive, intelligent, and autonomous
optimization strategies. Realizing these benefits requires rethink-
ing system architectures and deployment approaches to integrate
LLM-based components while preserving the efficiency, scalability,
and reliability required by DML applications.

Existing approaches to improve DML efficiency and robust-
ness have explored client selection, adaptive aggregation, resource-
aware scheduling, and gradient-based adaptation [2, 10, 33]. While
effective, these methods are typically designed for specific scenar-
ios and often require additional gradient analysis, clustering, or
regularization, limiting their applicability in dynamic edge envi-
ronments where system operators have incomplete visibility into
client behavior and cannot reliably identify the specifics of each
situation. Meanwhile, LLMs have demonstrated powerful capabil-
ities for analyzing complex data and enabling adaptive decision-
making [18], but cloud-based deployment introduces significant
challenges, including infrastructure dependency, variable commu-
nication latency, and exposure of client sensitive data. Bridging
this gap requires exploring how LLM capabilities can be distributed
across the computing continuum, particularly at the edge, to en-
hance DML adaptability without compromising efficiency and client
privacy.

In this paper, we present EdgeLLM, an innovative system ar-
chitecture that augments FL with LLM capabilities at the edge.
The emergence of Small Language Models (SLMs) deployable on
resource-constrained devices, such as Qwen, combined with the
increasing availability of GPU-accelerated edge platforms, such as
NVIDIA Jetson Orin Nano, enables advanced reasoning capabilities
closer to data sources (aka edge agents [16]). Thus, we introduce
EdgeLLM as a complementary component that supports FL training
by analyzing lightweight client metadata and providing adaptive
guidance for model configuration, client selection, and aggregation
strategies. When compared with LLM-based approaches, EdgeLLM
preserves FL privacy properties by processing sensitive information
locally, while clients share only high-level metadata related to data
characteristics, training progress, and system conditions. Through
rigorous validation on a real-world testbed comprising an NVIDIA
Jetson Orin Nano edge server and 10 Raspberry Pi FL clients, we
demonstrate that EdgeLLM can effectively fine-tune the FL process,
addressing key DML challenges with a weighted F1 score of 0.880
while generating machine-readable reports. Our results show the
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Figure 1: Model convergence behavior of different methods
under different situations.

potential of SLMs as practical edge-side orchestrators for improving
the observability, adaptability, and efficiency of distributed learning
systems, enabling more effective and autonomous training at the
edge.

2 MOTIVATION: FL LIMITATIONS
Procedure: We implement two FL degradation scenarios: client
drift and data shift, on CIFAR-10 with a simple CNN using 10 clients
with 5 selected per round. Client drift is induced by creating a non-
IID label distribution across clients using a Dirichlet partition with
𝛼 = 0.1. Data shift is introduced through client-specific image
preprocessing transformations. We use FedAvg as the baseline,
FedProx [20] as a mitigation method for client drift, and FedBN [21]
as a mitigation method for feature-level data shift.
Result: Figure 1 shows the test accuracy across communication
rounds. FedProx achieves the best performance under client drift
(58% accuracy), while FedBN performs best under data shift (57%
accuracy). However, mismatched mitigation methods can even un-
derperform FedAvg baseline, with FedBN degrading under client
drift (-5%) and FedProx degrading under data shift (-3%).
Insight: Although a variety of FL techniques exist, their effec-
tiveness is often tightly coupled to data characteristics and client
participation patterns that change over time, making static strate-
gies quickly suboptimal. This creates a gap in current FL: the lack
of autonomous, real-time diagnosis of training inefficiencies under
limited observability. This motivates edge-side analysis of light-
weight client metadata to identify likely causes of performance
degradation and communicate it to the cloud aggregation server,
enabling adaptive FL strategies.

3 EDGELLM: SYSTEM DESIGN
We explore a hierarchical architecture consisting of client, edge,
and cloud layers. The edge servers execute SLMs and guide the FL
process by generating informative reports for the cloud aggregation
server.
Design rationale: FL preserves privacy by limiting shared informa-
tion. Even training-related metadata can be privacy-sensitive such

as label distributions, loss histories, and device profiles. These may
reveal client data characteristics or operating environments, and
thus should be protected [5]. However, this limits the server’s abil-
ity to exploit such information, even though it could help diagnose
training dynamics and improve convergence [6]. To address this
tension, we adopt an edge-centric design: edge servers are closer
to clients and can process sensitive metadata within a more limited
spatial and temporal scope [32]. At this layer, local SLMs gener-
ate context-aware reports by interpreting client metadata together
with signals such as environmental changes, client availability, and
recent training history. Unlike fixed rule-based monitoring, this
approach can be flexibly adapted through prompts to better match
the dynamic nature of FL.
System model:We assume that communication between clients
and edge servers, as well as between edge and the cloud server,
is protected by secure protocols to prevent information leakage
and tampering. Under these assumptions, the additional edge layer
does not fundamentally change the trust model of conventional FL,
while enabling edge-based metadata processing and monitoring.
Pipeline: Figure 2 presents a high-level overview of the proposed
FL architecture. In addition to the conventional FL pipeline, we intro-
duce an edge-based monitoring process. Each client first generates
a metadata report containing information such as label distribution,
recent training loss, and gradient statistics, and opportunistically
sends it to the nearest edge server. The edge server collects these re-
ports and aggregates them into a summary, which is then analyzed
by the local SLM to produce a training status report. When training
appears stable, the report confirms the current convergence trend;
when degradation is detected, it estimates which FL challenge is
most likely responsible. This edge-side diagnosis is sent to the cloud
aggregation server, which uses reports from multiple edge servers
to obtain a higher-level view of the ongoing FL process. Based on
this information, the cloud server selects an appropriate FL strategy
for the current situation and continues the next round of federated
training. We describe the three phases in detail below.

(i) Client metadata report creation FL clients hold useful informa-
tion about their local data, system status, and training dynamics.
Each client creates a metadata report containing a label histogram,
device-side information such as battery level, uplink capacity, and
local training time, and training-related signals including recent
loss history, relative update norm, and a compressed model up-
date direction [24]. Depending on the data modality, the report
may also include simple raw-data statistics; for image datasets, per-
channel RGB distributions can help detect environment-induced
data drift. These signals are packed into a single JSON report and
opportunistically shared with the nearest edge server.

(ii) Edge server processing The edge server collects metadata re-
ports frommultiple clients and performs preprocessing to construct
a summary report. This step computes deterministic statistics such
as loss trends, update norms, label imbalance, degraded labels, client
availability, and system-side signals. The local SLM then takes the
current summary report together with a baseline profile and diag-
noses the current FL condition. The baseline profile is obtained from
controlled FL runs in which the model is expected to converge un-
der stable conditions. By comparing current training signals against
this baseline, the SLM can identify whether observed values are
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Figure 2: EdgeLLM augmentation; (a) System architecture integration: Edge on-device AI augmenting the FL architecture. (b)
3-phase pipeline.

unusually high, low, or unstable rather than interpreting them in
isolation. Based on this comparison, it classifies the training state
into the FL challenges discussed in Section 2. The resulting edge
report, including the predicted challenge and confidence score, is
then sent to the cloud aggregation server.

(iii) Cloud server adaptation Using monitoring reports from edge
servers, the cloud aggregation server determines which FL strategy
should be applied to the current training condition. When reports
are received from multiple edge servers, a human operator or an
automated MLOps system considers both the diagnosed challenges
and their confidence scores in selecting suitable mechanisms, such
as aggregation adjustment or client selection, for subsequent train-
ing. In principle, this adaptation can be performed at every round.
In practice, however, some patterns, such as persistent loss trends
or recurring client instability, require observations over multiple
rounds. In this work, the cloud server analyzes the outcomes of
20 training rounds together with the accumulated edge reports to
make more reliable adaptation decisions.

4 THE EXPERIMENT
Testbeds and deployment:Our testbed consists of 10 Raspberry Pi
4 Model B devices as FL clients, an NVIDIA Jetson Orin Nano as the
edge server, and an HP EliteBook 840 G6 as the cloud aggregation
server. For simplicity, the clients and edge server connect to the
cloud server over LAN, providing stable network conditions with
an average round-trip time (RTT) of 102.5ms. We implement the FL
system using Flower and run Qwen3.5-4B-Thinking for diagnose
and Qwen3.5-4B for reformatting as a quantized local SLM on the
edge server via Ollama. For prompting, we adopt a modular design
[17]. When all instructions are placed in a single prompt, the SLM
tends to overthink the task and fail to produce the required fixed-
format JSON output [11]. To address this, we separate diagnosis
from output formatting. Table 1 shows the prompts used for the
SLM and the corresponding diagnostic criteria.

Table 1: Prompt template used for edge-side SLM diagnosis.

System prompt (Extracted)

You are an edge-side diagnostic agent for federated learning. Given a JSON
metadata summary, identify the primary ROOT CAUSE of degraded FL per-
formance. Choose exactly one label: statistical heterogeneity client drift, ...
Calibration: Refer to the IID random-dropout reference.
Decision guide:

• system_heterogeneity_dropout_stragglers: Selected clients
fail to finish or upload updates because of device, network, or run-
time limits.

• selection_aggregation_bias: Client contribution is biased be-
cause selection or aggregation overrepresents certain available or
completed clients.

• non_stationarity_distribution_shift: A large central shift in
the current or evaluation feature distribution.

• statistical_heterogeneity_client_drift: Clients locally
learn well, but their updates point in conflicting directions.

• no_major_issue: No strong signal.

User prompt (Extracted)

performance accuracy/loss deltas; degraded labels; ...
participation dropout rate; ...
updates loss reduction; direction disagreement
config FedAvg; local epoch;

FL challenge implementation:We emulate four representative
FL challenges: client drift due to data heterogeneity, stragglers and
dropouts due to system heterogeneity, selection and aggregation
bias, and distribution shift. Client drift is induced through strongly
non-IID data partitions (𝛼 = 0.05), which amplify the divergence
between local and global updates. Stragglers and dropouts are in-
duced by assigning lower participation probabilities to selected
clients, causing them to complete training less frequently. Selection
bias is induced by undersampling clients that contain specific target
classes, making those classes underrepresented in the aggregated
update. Distribution shift is induced by applying image transforma-
tions, such as brightness changes, color shifts, and noise injection,
to alter the input statistics.
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Figure 3: Classification accuracy and latency on Jetson.

Experiment procedure: We first run a standard IID FL setting as
a baseline and collect client metadata reports under stable conver-
gence. This baseline provides reference training signals for normal
behavior and serves as the basis for the no-major-issue label. We
then conduct FL experiments under the four challenge settings de-
scribed above. For each setting, we run 10 independent trials, each
consisting of 20 FedAvg rounds with a simple CNN. In each round,
5 clients are randomly selected, and each selected client performs
5 local epochs. After each trial, the collected client metadata are
submitted to the edge-side SLM, which predicts one diagnosis label,
including the four challenge types and no-major-issue, together
with a confidence score. We evaluate the SLM in terms of classifi-
cation performance (weighted F1 score) and inference time on the
edge server.

5 RESULTS
SLM performance: Figure 3(a) shows the classification perfor-
mance of the edge-side SLM. The SLM correctly identified the
clean baseline, stragglers/dropouts, and distribution shift with 100%
accuracy. For client drift caused by non-IID data and for selec-
tion/aggregation bias, the accuracy was 70%, with several cases
misclassified as distribution shift. Figure 3(b) shows the inference
latency on the Jetson Orin Nano. The median latency was 687 sec-
onds for the diagnosis step and 4.7 seconds for the reformatting
step, resulting in a total median latency of approximately 700 sec-
onds. The 90th-percentile total latency was 817 seconds. Although
the overhead is non-negligible compared with the average client
local training time of 300 seconds in this setting, its relative im-
pact is expected to decrease as client-side workloads become more
computationally intensive. As a baseline comparison, we examined
whether the cloud server could diagnose training conditions using
only global aggregation-level metrics. In the clean setting, the global
model achieved approximately 50% test accuracy, whereas under
the challenge settings the accuracy dropped to 14–27%, with similar
degradation in loss. These indicate that training performance has
deteriorated, but they cannot distinguish whether the cause is client
drift, stragglers, selection bias, or distribution shift.
FL improvements: Table 2 summarizes the improvements ob-
tained using condition-specific mitigation methods. FedProx im-
proved validation accuracy under client drift by 1.8 percentage

Table 2: Mitigation methods improve the performance over
the corresponding baselines.

Scenario Mitigation method Improvement

Client drift FedProx +1.8 %
Dropout Completion-aware over-selection +4.4 %

Selection bias Label-coverage-aware client selection +1.6 %
Distribution shift Clean-data replay (20%) +9.0 %

points, while completion-aware over-selection improved perfor-
mance under client dropout by 4.4 points. Label-coverage-aware
selection provided a 1.6-point improvement under selection and ag-
gregation bias. Clean-data replay achieved the largest improvement
under distribution shift, increasing overall accuracy by 9.0 points.
In particular, it recovered clean-domain accuracy from 0.09 to 0.19,
mitigating catastrophic forgetting, while decreasing accuracy on
the shifted domain by only 0.2 points.
Reliability of SLM-based diagnosis: The SLM misclassifications
were not random. Most error cases contained overlapping signals
from multiple FL challenges. For example, some distribution-shift
trials also showed disagreement in model update directions, which
is a typical sign of client drift. When we grouped the four challenges
into three broader categories, namely model-update, availability,
and continuous-performance issues, the SLM correctly classified all
cases. This indicates that even when fine-grained labels are ambigu-
ous, the SLM still provides useful diagnostic information for cloud-
side adaptation. The modular prompt design also improved output
reliability. With modular prompting, all SLM outputs followed the
instructed fixed JSON format. In contrast, in the single-prompt ab-
lation, only 20% of the outputs satisfied the required JSON format.
This result highlights that prompt decomposition is important not
only for diagnosis quality but also for producing machine-readable
reports that can be directly used by the cloud server.
GPU-accelerated inference: GPU acceleration is important for
making edge-side SLM inference practical. The Jetson Orin Nano
has a small form factor comparable to Raspberry Pi-class devices,
while providing GPU acceleration for local model inference. In a
controlled experiment with fixed input and output lengths of 128
tokens each, we compared the inference speed of Qwen3.5-4B on a
Jetson Orin Nano GPU, a laptop CPU equipped with an Intel Core
i5 processor, and a Raspberry Pi 4 CPU. As shown in Table 3, the
Jetson achieved 11.77 tokens/s for decoding, which is 2.52× faster
than the laptop CPU and 15.49× faster than the Raspberry Pi 4. It
also achieved 112.39 tokens/s for prompt processing, corresponding
to 1.69× and 10.38× speedups over the laptop CPU and Raspberry
Pi 4, respectively. These are yielding 2.33× and 14.22× end-to-end
speedups. These results show that GPU acceleration improves both
prompt encoding and response decoding. This is especially useful
for our modular prompting design, where the output of one SLM
step is used as the input to the next step. On CPU-only devices,
repeatedly reading and processing previous SLM outputs becomes
a significant bottleneck, whereas the Jetson GPU can execute this
pipeline more efficiently.
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Table 3: Inference speed comparison for Qwen3.5-4B.

Device Decode speed Prompt speed Wall time
(tokens/s) (tokens/s) (s)

Jetson GPU 11.77 112.39 12.18
Intel i5-10th Gen CPU 4.68 66.64 28.39
RPI4 CPU 0.76 10.83 173.16

Jetson v.s. laptop 2.52× 1.69× 2.33×
Jetson v.s. RPi 15.49× 10.38× 14.22×

6 DISCUSSION
Room for improvement: EdgeLLM can be extended in two di-
rections. First, its diagnostic performance could be improved by in-
corporating richer contextual sensing, including mobility, network
conditions, charging state, and temporal user behavior [28]. Such
information would enable more fine-grained diagnosis of FL chal-
lenges by helping identify more specific underlying causes. Second,
its security could be strengthened by deploying trusted execution
environments, with OS integrity protected through mechanisms
such as Secure Boot, trust hardware roots, and sandboxing [4, 26].
SLM challenges and opportunities: Prompt design is crucial for
reliable SLM-based reasoning at the edge. Overly specific prompts
may cause the model to overfit to rigid threshold-based rules, while
ambiguous prompts can lead to excessive reasoning or unnecessar-
ily long generations. Therefore, prompts should bound the reason-
ing process while remaining flexible to diverse client-side condi-
tions. Also since SLM-generated reports are consumed by down-
stream components, output consistency is essential. A modular
prompt design is one of the solutions for organizing diagnosis, expla-
nation, and recommendation into structured fields, which improves
controllability and facilitates integration with the FL pipeline.
EdgeLLM generalization:We demonstrated that EdgeLLM can
dynamically optimize the FL process by selecting the most suitable
client data for training. This adaptive capability is valuable for tailor-
ing the FL process to specific deployment scenarios. Beyond client
selection, EdgeLLM could also identify opportunities for additional
optimizations, such as recommending appropriate data preprocess-
ing or augmentation strategies to improve training convergence.
More broadly, EdgeLLM has the potential to diagnose the overall FL
process and provide actionable recommendations that generalize
across different models, datasets, and training configurations.

7 RELATEDWORK
FL optimization strategies: Model convergence in FL is affected
by multiple sources of heterogeneity, including non-IID client data,
systems heterogeneity such as stragglers and dropouts, biased par-
ticipation, distribution shift, and temporal forgetting [1, 7, 15, 19].
Prior work has proposed different solutions for these issues, such
as FedProx and SCAFFOLD for client drift, resource-aware client
selection for systems heterogeneity, bias-aware objectives for client
distribution imbalance, and continual-learning methods for evolv-
ing data [1, 15, 20, 25]. However, these methods target different
causes of degradation, and their effectiveness depends on whether
the selectedmitigationmatches the actual training condition.Unlike

others, EdgeLLM improves FL training process through LLM guidance
at the edge.

Runtime diagnosis and adaptive mitigation in FL: Since ef-
fective mitigation depends on correctly identifying the cause of
degradation, prior work has used runtime signals to detect ad-
verse FL conditions and adapt training accordingly. Client-side
confidence and loss statistics support concept-drift detection, dy-
namic model clustering, and utility-aware sample selection [13, 31].
System telemetry, including training latency and execution speed,
further supports heterogeneity-aware optimal client selection and
scheduling [3]. However, these signals are not unique to a single
cause: increased loss may result from concept drift, noisy data,
or unstable optimization [27]. A richer alternative is to analyze
model updates using dimensionality reduction and clustering to
identify drifted or anomalous clients [23, 35]. Nevertheless, such
analyses remain problem-specific; deploying multiple detectors in-
troduces substantial overhead and ambiguity when the underlying
cause is unknown or multiple conditions coexist [34]. EdgeLLM
instead jointly analyzes privacy-sensitive client metadata at the edge,
enabling more informed diagnosis and condition-specific mitigation.

Edge-centric architectures in FL: Hierarchical FL, which intro-
duces an edge layer between clients and the server, has been pro-
posed to reduce communication overhead and improve adaptabil-
ity to heterogeneous clients with diverse data distributions [22,
29]. Such architectures can mitigate non-IID convergence chal-
lenges when geographically close clients exhibit similar data dis-
tributions [8], and communication cost is optimized by increas-
ing communication between client and edge and reducing the
edge and cloud [9]. Agent-like capabilities have been proposed
also in the edge layer to foster sensor data governance in IoT en-
vironments [16]. In addition, edge servers can serve as strategic
defense boundaries for implementing hierarchical differential pri-
vacy, shielding sensitive local gradients before they are uploaded
to an untrusted cloud server [30]. Recently, an FL framework has
been proposed that deploys LLM agents at both the clients and the
server [12]. Unlike others, EdgeLLM uses LLMs at the edge to improve
the FL training.

8 SUMMARY AND CONCLUSION
We presented EdgeLLM, an LLM-guided architecture that leverages
on-device language model reasoning to infer system conditions
and guide client selection and aggregation strategies for improved
distributed training. Rigorous evaluation on a FL testbed compris-
ing 10 Raspberry Pi clients and an NVIDIA Jetson Orin Nano edge
server equipped with a Qwen small language model shows that
edge-deployed SLMs can improve FL convergence. While misclassi-
fications are still observed, they suggest that performance could be
further improved through more structured guidance of the FL pro-
cess; however, this would require capturing additional information
about FL dynamics during training, potentially impacting privacy
guarantees. Overall, our results highlight the potential of resource-
constrained language models as practical edge-side orchestrators
for enhancing the adaptability and efficiency of distributed learning
systems.
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