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Abstract

Mobile edge computing (MEC) has become a key paradigm for supporting
latency-sensitive and bandwidth-intensive applications. However, existing
server recommendation methods rely on static heuristics and lack adapt-
ability to dynamic environments with incomplete quality of service (QoS)
data. This study aims to address these limitations by enabling adaptive and
context-aware server recommendations that effectively manage user mobil-
ity and missing QoS information in real time. We propose an intelligent
MEC server recommendation framework built on a multi-agent architecture
spanning mobile, edge, and cloud layers. The mobility layer predicts user
movement, the edge layer performs LLM-based decision-making, and the
cloud layer imputes QoS through multi-source data fusion. Lightweight
gRPC and WebSocket protocols ensure scalability across multi-user environ-
ments. Experiments demonstrate that the proposed system outperforms the
baseline, achieving 85% Top-1 accuracy and confirming its effectiveness and
scalability for real-world MEC applications.
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1 Introduction

Mobile edge computing (MEC) has become a critical infrastructure for sup-
porting latency-sensitive and computation-intensive services. Applications
such as real-time video streaming, autonomous driving, smart cities, and aug-
mented reality (AR) heavily depend on the ultra-low latency and distributed
computing resources offered by MEC. A central challenge in this paradigm
is dynamically selecting the most suitable edge server for each user in the
presence of mobility and fluctuating network states.

Traditional server selection approaches typically rely on static heuristics,
such as physical proximity or average quality of service (QoS) metrics (e.g.,
response time, throughput). While computationally efficient, such methods
fail to reflect heterogeneous application requirements and user intent. For
example, video conferencing prioritizes minimal latency, whereas music
streaming demands stable throughput. Applying uniform policies across such
diverse contexts inevitably degrades quality of experience (QoE).

Furthermore, most existing methods emphasize a user’s location when
making server selection. In practice, however, MEC environments are shaped
by dynamics, including mobility, server load, and failure probability, all of
which significantly impact decision quality. While anticipating such factors
can enhance accuracy, it also introduces computational overhead.

Another challenge arises from the presence of missing QoS data. QoS-
based methods rely heavily on historical usage and observed performance,
but such data are often unavailable for new users or emerging services.
State-of-the-art methods such as DCALF (dual collaborative autoencoder for
latent factorization) achieve strong predictive accuracy, but suffer from high
computational cost, strong data dependency, and limited interpretability.

This study extends our previous work presented at the 5th International
Workshop on Big Data driven Edge Cloud Services [1]. While the earlier
version addressed QoS-aware server selection within a single mobile—edge
environment, the present research advances both the architectural scope
and the level of intelligent reasoning. Specifically, we design a multi-agent
framework spanning mobile, edge, and cloud layers, in which agents collab-
oratively collect and interpret contextual information through large language
model (LLM)-based reasoning. Within this framework, agents perform (i)
inference of user QoS priorities, (ii) prediction of mobility and server states,
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and (iii) QoS imputation and adaptive server recommendation. Furthermore,
a dedicated QoS imputation module is introduced to compensate for incom-
plete or uncertain QoS data using contextual inference and historical patterns.
The proposed system is extensively evaluated under both single-user and
multi-user dynamic mobility scenarios, demonstrating its scalability and
adaptability in heterogeneous edge—cloud environments.

We conduct multi-scenario simulations encompassing diverse network
conditions, user mobility, and QoS demands. Our evaluation confirms the
adaptivity and scalability of the proposed framework, while also analyzing
potential limitations such as inference delay, computational overhead, and
retraining requirements.

The contributions of this study are as follows. First, we design a three-
layer multi-agent architecture that enables cooperative server selection across
mobile, edge, and cloud environments. Second, we integrate big data-driven
contextual interpretation with LLM reasoning to achieve intent-aware and
explainable server recommendation. Third, we propose a QoS imputation
module that mitigates the shortcomings of DCALF, enhancing accuracy and
reliability. Fourth, we conduct extensive experiments under single-user and
multi-user scenarios, validating both performance and scalability. Finally,
we provide a balanced discussion on the strengths and limitations of LLM
integration, highlighting implications for research and deployment.

The remainder of this paper is structured as follows. Section 2 reviews
related work. Section 3 details the proposed architecture and methodology.
Section 4 describes the experimental setup, Section 5 reports the results,
Section 6 discusses threats to validity, and Section 7 concludes with future
directions.

2 Related Work

2.1 Edge Server Selection Strategies

In MEC environments, selecting the optimal edge server is crucial for
ensuring QoS and improving user experience. Early studies mainly adopted
distance-based heuristics, such as physical proximity or average QoS metrics
(e.g., response time, throughput) [2, 3]. Although computationally efficient,
such methods fail to capture dynamic network conditions, including server
load and fluctuating latency. To improve this, QoS-aware strategies aggregate
multiple metrics into a weighted score [4,5]. However, most assume static or
uniform weights, which limits adaptability to user-specific contexts [6,7].
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Recent works incorporate dynamic server monitoring and mobility pre-
diction for adaptive selection [8, 9], often with reinforcement learning or
machine learning. However, they still lack mechanisms to interpret user intent
or adjust QoS priorities in real time. In parallel, multi-agent approaches
have been applied for service migration and cooperative resource alloca-
tion [10, 11], but these rarely integrate intent inference and explainability.
This limitation motivates our design.

2.2 QoS Prediction and Imputation Techniques

Another major challenge is missing QoS data. Traditional approaches, includ-
ing collaborative filtering, matrix factorization, and optimization methods
such as AHP, GA, or PSO [12-14], provide personalization but struggle with
scalability and real-time use.

More recent models apply deep learning, with DCALF (dual collabora-
tive autoencoder) achieving strong performance [15, 16]. However, DCALF
suffers from high computational cost, data dependency, and poor explain-
ability. Emerging methods such as GNNs and Transformers capture complex
correlations [17, 18], but still face efficiency and interpretability issues. Our
work instead integrates a lightweight imputation module into the multi-agent
architecture, combining multi-source data fusion with LLM-driven reasoning
for accuracy and reliability.

2.3 Context-aware Inference and LLM-based Reasoning

QoS metrics (latency, throughput, availability) vary in importance by ser-
vice context: real-time communication favors low latency, while streaming
prioritizes throughput and stability [19, 20]. Existing context-aware methods
use application type, user location, or temporal patterns [21,22], but remain
largely rule-based and inflexible.

Recently, large language models (LLMs) have enabled natural language
intent inference and dynamic QoS prioritization [23,24], although challenges
such as inference delay, cost, and retraining remain. Some studies explored
LLM deployment in edge environments [25] and network optimization [26],
underscoring both their potential and limitations. Our framework leverages
LLMs with multi-agent collaboration to maximize adaptability while miti-
gating overhead. In summary, prior work has explored server selection, QoS

prediction, and context-aware reasoning, but often in isolation, with persistent
issues of scalability, adaptability, and explainability. Our study advances this
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line of research by unifying these elements into a multi-agent architecture
with a novel QoS imputation module and LLM-based reasoning, offering
both practical relevance and academic significance.

3 Methodology

This study proposes a QoS-aware server recommendation framework based
on a three-layer mobile—edge—cloud architecture. Figure 1 shows the overall
structure. The mobility layer collects user context and predicts mobility, the
edge layer exchanges state information with neighbors and employs an LLM-
based reasoning module to interpret QoS vectors and context for optimal
server selection, and the cloud layer performs large-scale QoS imputation
to support edge decisions when data is incomplete.

Inter-layer communication uses a JSON-based QoS request/response for-
mat with lightweight gRPC and WebSocket protocols, ensuring real-time
performance and scalability. The edge layer also supports multi-user requests
by incorporating server load and mobility patterns, enabling adaptive and
explainable server selection in dynamic MEC environments.

System Architecture of the Multi-Agent LLM-Enhanced Edge Server Selection Framework
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Figure 1 Overview of our framework.
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3.1 Mobility Layer: Context Collection and Mobility Prediction

The mobility layer is the entry point of server recommendation. It collects
user context such as service type (e.g., streaming, conferencing) and network
state (e.g., bandwidth, latency) (Algorithm 1). These are normalized into QoS
requirements (lines 1-3). The layer also predicts user mobility by analyzing
location history, providing anticipated positions for the upcoming session
(lines 4-6). This enables proactive server consideration, particularly for fast-
moving users. Finally, all collected information is packaged into a JSON
message and forwarded to the edge layer (lines 7-10), ensuring a refined
input for accurate and stable server selection.

Algorithm 1: Mobility layer: Context collection and mobility pre-

diction.
Data: User request R, location history L
Result: Context package C'

1 /* Step 1: Extract service information */

2 service_type < extract_service_type(R);

3 qos_req < extract_qgos_requirements(R);

4 /* Step 2: Mobility prediction */

5 location_history < preprocess(L);

6 (predicted_loc, horizon, confidence) <— LST M _predict(location_history);

7 [* Step 3: Package context */
8 C + {service_type, qos_req, predicted_loc, horizon, confidence};

9 /* Step 4: Return result */
10 return C;

3.2 Edge Layer: QoS-based Server State Collection and
Decision Making

The edge layer makes the final decision on server selection by combining QoS
data and contextual information delivered from the mobility layer (Algorithm
2). First, the edge node identifies a set of candidate servers that are geograph-
ically closest to the predicted user location (lines 1-3).The candidate is then
asked for its current QoS profile and the state of the internal server, such as
load and availability (lines 4—11). If any value is missing or outdated, the edge
node requests an inferred update from the cloud layer, which estimates the
missing information using historical and global network data. After the col-
lection phase, all QoS and state data are integrated with the context package
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received from the mobility layer (lines 12—14). Rather than aggregating these
metrics into a fixed weighted score, the raw QoS context vector is processed
directly by the LLM-based reasoning module (lines 15-16). This allows
the model to dynamically interpret the relative importance of each metric
according to the service context and to output the optimal selected server
together with a natural-language explanation (line 17), thus enhancing the
transparency and trustworthiness of the decision process.

Algorithm 2: Edge layer: candidate discovery, QoS/state comple-
tion, and decision reasoning.

Input: Neighbor edge servers S = {sq, ..., s, }, Context package C'
Output: Selected server s* with explanation E

/* Step 1: Candidate discovery */
K<+5;
Secand < ToPK_BYDISTANCE(S, predicted_loc(C), K) ;

/* Step 2: QoS and server-state collection */
Q<+ 10;
foreach s; € S.,,,q do
q + REQUESTQOS(s;) ;
state < REQUESTSERVERSTATE(S;) ;
if IsMissINGORSTALE(q, state) then
| (g, state) + Croup_INer(s;, C) ;

11 Q «+ QU {(si, q, state)} ;

WO -

N-JE-- RN B WY

[
>

12 /* Step 3: Context integration and filtering */
13 X < BuwpIneut(C, Q) ;
14 X < MaskINreasBLE( X, gos_req(C)) ;

15 /* Step 4: LLM-based reasoning */
16 (s*, E) + LLM_REASONING(X) ;

17 return s*, F ;
)

3.3 Cloud Layer: QoS Imputation and Large-scale Processing

The cloud layer handles large-scale computation and long-term data-driven
learning, focusing on the imputation of missing QoS values (Algorithm 3).
Unlike the mobile and edge layers that operate in real time, it leverages
historical logs, monitoring data, and QoS patterns across edge servers to
complete incomplete QoS matrices. The imputed results are then returned
to the edge layer, improving decision reliability and system robustness.
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Algorithm 3: Cloud Layer — QoS Imputation Module
Input: Incomplete QoS matrix (), User logs U, Server logs S, Neighbor QoS
patterns N
Output: Imputed QoS matrix Q™

1 /* Step 1: Input collection */

2 @Q < receive(Q,U,S,N) ; // QoS matrix with missing values

3 /* Step 2: Multi-source data fusion */

4 fused_data < merge(U,S,N) ; // Combine logs and patterns

5 Qaug + augment(Q, fused_data) ; // Enrich QoS matrix

6 /* Step 3: Context-aware imputation */

7 Q" < LLM_Impute(Qaug) ; // Fill missing entries using LLM
reasoning

8 /* Step 4: Return to edge layer */
9 return Q~ ; // Provide completed QoS matrix for decision-making

The workflow begins with an incomplete QoS matrix and auxiliary inputs
such as user logs, server logs, and neighboring QoS patterns (lines 1-2).
Multi-source data fusion is then performed to enrich the matrix with con-
textual signals (lines 3—6). A context-aware imputation step follows, where
an LLM infers consistent QoS estimates rather than relying on numerical
interpolation (lines 6—7). The completed matrix is finally returned to the edge
layer, enabling reliable decision-making even under sparse-data conditions
(lines 8-9).

3.3.1 Proposed QoS imputation technique

To address missing QoS values, the cloud layer employs a two-agent impu-
tation module. Given an incomplete QoS matrix ) € R™*", with missing
entries (;;, the goal is to recover a reliable matrix Q™.

The QoSPredictor provides fast baseline estimates, while the LLMCon-
textImputer incorporates contextual signals such as server load, failure rate,
and distance. Their outputs are fused as:

Q;Fj — - Q;;);edzctor + (1 o Ot) . AZ_LjLM’
balancing efficiency and contextual accuracy.

The final Q* enhances edge-level decision-making while maintaining
explainability through LLM reasoning outputs.



Multi-agent QoS-aware Server Selection 359

Building upon the proposed imputation and reasoning mechanisms,
we next evaluate the overall system performance in terms of accuracy,
adaptability, and scalability under various mobility and network conditions.

4 Experimental Setup
4.1 Research Questions

To assess the effectiveness of the proposed multi-agent system in terms of
accurate, personalized, and context-aware server recommendation, we define
the following research questions. The agent-based architecture enables dis-
tributed and cooperative reasoning across the mobile, edge, and cloud layers,
allowing each agent to specialize in localized perception while contribut-
ing to global optimization. This design is expected to enhance scalability,
adaptability, and transparency in decision-making.

* RQ1: Does the LLLM-based context-aware recommendation outperform
traditional static QoS-based selection methods?

* RQ2: Can the LLM accurately infer the primary QoS priority from user
preferences alone?

* RQ3: Does the proposed QoS imputation module outperform existing
methods (e.g., DCALF) in terms of prediction accuracy and robustness?

* RQ4: How does the proposed framework perform in terms of rec-
ommendation latency, especially when scaling from single-user to
multi-user scenarios?

* RQS5: Under what conditions does LLM integration provide perfor-
mance benefits, and when does it introduce overheads or inefficiencies?

4.2 Dataset

To evaluate the proposed framework, we construct a hybrid dataset by
combining two complementary sources. First, the Shanghai Telecom dataset
provides user mobility traces and base station connection logs, which are
essential for modeling user movement and predicting future locations [27].
Second, the WSDream dataset offers real-world QoS measurements collected
from 300 users and 5200 web services [12], enabling realistic simulation of
server-side conditions. By integrating mobility patterns with QoS observa-
tions, we simulate both user-side dynamics and service variability. Further-
more, to reflect practical conditions, we inject controlled QoS missing values
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into the dataset, thereby testing the robustness of our imputation module.
In addition, the combined dataset allows us to emulate both single-user and
multi-user MEC scenarios, which are later evaluated in Section 4.

4.3 Evaluation Metrics

We evaluate the proposed framework using three metrics.
Top-1 accuracy quantifies the correctness of server recommendations:

N
1 . .
Accuracy = N Z 1{s;?ed = sgt)}, (1)
i=1
where N is the number of test cases. This metric validates RQ1, RQ2, and
RQs5.
Root mean square error (RMSE) and mean absolute error (MAE) measure
the QoS imputation error. RMSE penalizes large deviations,

M
1 S 2
J:

while MAE captures average error magnitude:

LM
MAE:M21|Qj_Qj|7 3)
]:

where ¢; and ¢; denote predicted and true QoS values. These address RQ3.
Inference latency measures elapsed time between request and recommen-
dation:
LatenCY = tend — tstarts 4

which reflects real-time feasibility, relevant to RQ4 and RQ5.
Together, these metrics assess accuracy, robustness, and efficiency of the
framework.

4.4 Implementation Details

The proposed system is implemented as a fully operational three-layer
mobile—edge—cloud framework. Using LangChain, each layer (mobile, edge,
cloud) acts as an independent agent while collaboratively contributing to
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decision-making. The OpenAl GPT API drives the core reasoning pipeline
by (i) inferring QoS priorities from user input, (ii) imputing missing QoS
values, and (iii) selecting the optimal server through contextual reason-
ing. This enables context-aware and explainable recommendations beyond
conventional score-based methods.

Inter-agent communication follows a JSON request/response format with
gRPC and WebSocket to support lightweight real-time exchange. The system
is deployed on a FASTAPI-based testbed, where each layer runs as a RESTful
API module, supporting modular validation and multi-user scenarios. This
design validates the framework not only as a theoretical model but also as a
practical MEC-like platform. The complete implementation of the proposed
system, including all agents, communication modules, and experimental
scripts, is publicly available at: https://github.com/sweetpotatoju/SCI_BECS

5 Experimental Results

5.1 RQ1: Effectiveness of the LLM-based Context-aware
Recommendation

To assess the effectiveness of our framework, we compared it against
four representative baselines commonly used in MEC server selection:
(i) distance-based selection, which relies solely on proximity; (ii) response
time only, optimizing latency alone; (iii) throughput only, focusing only on
bandwidth; and (iv) static QoS weights, which aggregates response time and
throughput with fixed weights.

In contrast, our LLM-based method dynamically prioritizes QoS dimen-
sions based on natural language context and provides explainable recommen-
dations, such as “Server A was chosen due to latency-sensitive conferencing.”
Baseline methods cannot provide such interpretability, as they rely on static
heuristics.

5.1.1 Results and Analysis
Table 1 reports the Top-1 accuracy results. The proposed system achieved
84.67%, outperforming all baselines, with the best baseline (response time)
reaching only 73.33%. The distance-based strategy consistently failed to
produce valid selections.

Paired #-tests and one-way ANOVA further confirmed that improvements
over all baselines were statistically significant ((all p < 0.0).
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Table 1 Top-1 accuracy comparison with statistical significance (RQ1)

Method Correct Total Top-1 accuracy (%) p-value (vs. proposed)
LLM (proposed) 254 300 84.67 -

Response time 220 300 73.33 <0.01
Throughput 210 300 70.00 <0.01

Static QoS weights 196 300 65.33 <0.001
Distance 0 300 0.00 <0.001

5.2 RQ2: QoS Priority Inference from User Preferences

This experiment evaluates whether the LLM can infer the dominant QoS
priority from minimal natural language input. We constructed 56 simulated
service scenarios (e.g., video conferencing, music streaming), each manually
annotated with the expected QoS requirement: response_time for latency-
sensitive services and throughput for bandwidth-intensive services. No
additional baselines were included, as the focus is on the LLM’s reasoning
ability in isolation.

5.2.1 Results

As shown in Table 2, the LLM achieved an overall accuracy of 76.79%. It
reached perfect accuracy for response_time-oriented services (34/34), but
only 40.91% for throughput-oriented cases (9/22).

Table 2 LLM inference accuracy by QoW priority (RQ2)

Category Correct Total  Accuracy (%)
Overall 43 56 76.79
response_time 34 34 100.00
throughput 9 22 40.91

5.2.2 Error analysis

To analyze the 13 misclassifications (Table 3), we identified five main causes.
The most frequent was terminological confusion (38.5%), where throughput-
oriented requests were misread as latency-sensitive due to emphasis on terms
like “real-time.” Insufficient context (23.1%) occurred when vague descrip-
tions lacked explicit quality or bandwidth indicators. Other errors included
QoS conflicts (15.4%), implicit constraints not captured (15.4%), and prompt
sensitivity (7.7%). These results highlight that while the LLM is highly
reliable for latency-sensitive tasks, its performance weakens in ambiguous
throughput-related contexts. Incorporating richer cues improved performance
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Table 3 Error type distribution for misclassified cases (RQ2)

Error type Count  Ratio (%)
(A) Terminological confusion (latency <+ throughput) 5 38.5
(B) Insufficient context (vague input) 3 23.1
(C) QoS priority conflicts 2 154
(D) Implicit constraints not captured 2 15.4
(E) Prompt sensitivity 1 7.7
Total 13 100.0

in pilot trials, suggesting that targeted prompt design and data augmentation
could enhance robustness.

5.3 RQ3: QoS Imputation Performance under Missing Data

We evaluated the robustness of the proposed QoS imputation module under
varying levels of data sparsity, applying masking ratios of 0%, 25%, and
50%. The proposed method was compared against DCALF, a widely adopted
baseline for QoS prediction. Performance was measured using MAE and
RMSE, separately for throughput and response time (Tables 4 and 5).

Table 4 QoS imputation performance (throughput)

MAE RMSE
Masking ratio DCALF  Proposed DCALF  Proposed
0% 15.83 15.20 47.42 46.10
25% 22.50 22.10 53.35 52.90
50% 34.70 30.45 68.82 65.30

Table S QoS imputation performance (response time)
Masking ratio MAE (DCALF/proposed) = RMSE (DCALF/proposed)

0% 0.492 /0.500 1.12/1.15
25% 0.610/0.540 1.42/1.25
50% 0.780/0.690 1.97/1.65

5.3.1 Results and Analysis

Under complete data (0% masking), both methods perform similarly. At 25%
masking, the proposed model reduces throughput MAE and RMSE by nearly
10%, and achieves similar improvements for response time. At 50% masking,
the gains are more pronounced: throughput MAE and RMSE improve by over
20%, while response time errors decrease by 21.6% and 21.4%, respectively
(Figure 2).
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Figure 2 MAE and RMSE trends with missing rate for throughput and response time.

These results confirm that while DCALF is competitive in dense-data
settings, it degrades sharply with higher sparsity. By contrast, the proposed
module, which integrates multi-source data fusion with LLM-based reason-
ing, maintains stable performance even under cold-start conditions, validating
its robustness in real-world MEC environments where incomplete QoS logs
are frequent.

5.4 RQ4: Efficiency in Single-user and Multi-user Scenarios

We assessed system efficiency by measuring average recommendation
latency under different user scenarios. Each experiment was repeated 50
times, and averages were reported. Two single-user cases (with complete QoS
data vs. missing data requiring imputation) and three multi-user cases (10,
20, and 30 concurrent users) were tested. At 50 users, the system failed due
to out-of-memory (OOM) and timeout errors [28].

5.4.1 Results
As shown in Table 6, latency remained stable at around 7 seconds in single-
user and small-scale multi-user scenarios (10-20 users)/. Imputation added
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Table 6 Average recommendation latency (50 runs)

Scenario Avg. latency (s) Observation
Single-user (with QoS data) 7.04 Stable
Single-user (missing QoS data) 7.12 Imputation overhead minimal
Multi-user (10 users) 7.21 Stable

Multi-user (20 users) 9.24 Acceptable
Multi-user (30 users) 30.42 Latency spike
Multi-user (50 users) - Failure (OOM/timeout)

negligible overhead (0.08 s). However, at 30 users latency rose sharply to
30.42 seconds, and at 50 users the system failed.

5.4.2 Comparison with Prior Studies

Conventional MEC frameworks report 5—-10s average latency under single-
user settings [2,9]. Our system achieved 7.04 s, comparable in speed while
additionally providing explainability and resilience to missing data. The limi-
tation lies in scalability: performance is robust up to 20 users, but deteriorates
beyond 30.

5.4.3 Analysis

Overall, the framework delivers near real-time recommendations for single-
user and moderate multi-user scenarios. The degradation at higher scales
highlights the need for distributed orchestration, lightweight LLM variants,
or hybrid inference to improve scalability.

5.5 RQ5: Trade-offs of LLM Integration

This research question examines when LLLM integration offers clear ben-
efits and when it introduces inefficiencies. The analysis focuses on the
balance between accuracy, robustness, and inference latency across different
conditions.

5.5.1 Results and analysis

Table 7 summarizes the trade-offs. The LLM-based framework consistently
outperformed baselines in accuracy and robustness under sparse data con-
ditions. As shown in RQ1 and RQ3, accuracy improved by up to 21.3% in
throughput prediction and 21.6% in response time prediction at 50% mask-
ing, demonstrating the strength of contextual reasoning and multi-source
fusion.
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Table 7 Trade-offs of LLM integration (RQ5)

Condition Benefit Limitation

Low/no data sparsity Comparable to baselines Slight latency overhead

High data sparsity +21% accuracy gains (MAE/RMSE)  Higher computation, cloud dependency
Single-user Accurate, robust recommendation Latency =~ 20s vs 7s baseline
Multi-user (<30) Maintains accuracy and fairness Latency increases to & 30s
Multi-user (>30) N/A Real-time failure (OOM/Timeout)

However, as highlighted in RQ4, LLM-driven inference incurs higher
latency. Traditional methods maintained ~7 s, while our framework required
20.12 s in single-user cases and up to 30.48s with 30 users. Beyond 50
concurrent users, the system failed to respond, reflecting scalability limits.

In summary, LLM integration is most beneficial under sparse or ambigu-
ous data, where contextual reasoning is essential. By contrast, in environ-
ments requiring strict real-time performance with sufficient data, lightweight
heuristics may remain preferable. These findings suggest a hybrid design,
where LLM reasoning is invoked selectively for complex cases while simpler
methods handle routine decisions.

5.5.2 Overall results summary

Across all evaluations (RQ1-RQ5), the proposed multi-agent framework
demonstrated consistent improvements in both accuracy and robustness.
In QoS imputation, the model achieved up to 21.6% lower RMSE and
18.3% lower MAE compared with DCALF, while maintaining an average
7-second latency under 20 concurrent users. These results confirm that inte-
grating multi-source fusion and LL.M-based reasoning significantly enhances
contextual understanding without compromising practical responsiveness in
moderate-scale MEC environments.

6 Threats to Validity

We discuss two categories of validity threats: internal and external.

Our evaluation relied on simulated MEC settings, which may not fully
capture real-world network dynamics. Although we used realistic datasets
(Shanghai Telecom for mobility and WSDream for QoS) and repeated exper-
iments to reduce randomness, discrepancies remain possible. In addition,
reliance on a single LLM (OpenAlI GPT) raises sensitivity to prompt design
and model updates, which may affect reproducibility.
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Generality may be limited since the datasets do not fully represent
emerging MEC applications (e.g., augmented reality/virtual reality or ultra-
reliable low-latency communication). The FASTAPI-based testbed emulates
realistic overheads but differs from production-grade deployments. More-
over, while stable up to 30 concurrent users, scalability failed beyond this
point due to simulation bottlenecks, though communication overhead may
also play a role. In future work, industrial-scale validation under telco-grade
MEC deployments will be explored to assess real-world applicability and
scalability.

7 Conclusion

This paper proposed a multi-agent framework for QoS-aware server recom-
mendation in MEC environments, integrating mobile, edge, and cloud layers.
The mobility layer predicts mobility, the edge layer makes final decisions via
LLM-based reasoning, and the cloud layer supports large-scale QoS impu-
tation, enabling adaptive and explainable recommendations. Experiments
showed that the framework achieves higher accuracy, improves QoS imputa-
tion over DCALF, and maintains practical latency up to 30 concurrent users,
validating its effectiveness and scalability for real-world MEC deployment.
Remaining challenges include reducing LLM inference overhead, validating
performance in production-grade infrastructures, and enhancing explain-
ability. Future work will explore lightweight LLM deployment, broader
MEC scenarios, and reinforcement learning—based collaboration to balance
accuracy and efficiency.
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