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Abstract

The deployment of edge servers plays a crucial
role in supporting large-scale edge computing sys-
tems, where multiple conflicting objectives—such
as latency, energy consumption, load balancing,
and service reliability—must be jointly optimized
in complex, dynamic environments. Existing solu-
tions often struggle to scale effectively or to bal-
ance these objectives in a unified learning frame-
work. In this paper, we propose GMM-TDQN,
a two-stage multi-objective reinforcement learn-
ing framework for large-scale edge server deploy-
ment. The first stage employs a Gaussian Mix-
ture Model (GMM) to capture spatial and work-
load heterogeneity, enabling an efficient reduc-
tion of the deployment search space. Build-
ing upon this structured initialization, the sec-
ond stage formulates the deployment problem as
a sequential decision-making task and adopts a
Transformer-enhanced Deep Q-Network (TDQN)
to learn adaptive deployment policies that bal-
ance multiple objectives. Extensive experiments on
real-world datasets demonstrate that GMM-TDQN
consistently outperforms state-of-the-art methods,
achieving reductions of 29.18% in average latency
and 17.55% in energy consumption, while improv-
ing load balancing by 27.50% and system reliabil-
ity by 32.55%. These results validate the effective-
ness and scalability of the proposed framework for
multi-objective edge server deployment.

1 Introduction

Edge computing has emerged as a key paradigm for support-
ing latency-sensitive and resource-intensive applications in
large-scale Internet of Things (IoT) systems, such as intel-
ligent transportation, smart cities, and industrial automation
[He er al., 2025]. By offloading computation from central-
ized cloud servers to geographically distributed edge servers
(ESs), edge computing can significantly reduce service la-
tency, alleviate backbone network congestion, and improve
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system reliability. However, the effectiveness of edge com-
puting critically depends on the deployment strategy of ESs,
which determines how computational resources are spatially
distributed and dynamically utilized.

Designing an effective ES deployment strategy is challeng-
ing for several reasons." First, the deployment problem is in-
herently large-scale, involving numerous base stations (BSs)
with heterogeneous spatial distributions and workload char-
acteristics. Second, the deployment aim is multi-objective,
requiring the simultaneous optimization of conflicting objec-
tives, such as service latency, energy consumption, load bal-
ance, and system reliability. Improving one objective often
degrades another, making the problem difficult to solve using
traditional single-objective optimization techniques. Third,
the deployment environment is frequently dynamic and un-
certain, with time-varying user demands and network condi-
tions, which limit the applicability of static or heuristic-based
methods.

Existing approaches to ESs deployment can be broadly cat-
egorized into meta-heuristic optimization approaches, clus-
tering and graph-based methods, and learning-based solu-
tions [Wu et al., 2024]. Heuristic and meta-heuristic ap-
proaches, while more scalable, usually lack adaptability and
offer no guarantees on solution quality. Clustering-based
methods typically group BSs or user nodes based on spatial
proximity, traffic demand, or service similarity, and deploy
ESs at the cluster centers. Recently, reinforcement learn-
ing (RL) has gained increasing attention for edge computing
problems due to its ability to learn adaptive policies through
interaction with the environment. Nevertheless, directly ap-
plying RL to large-scale ES deployments remains challeng-
ing, as high-dimensional state and action spaces can lead to
slow convergence and unstable learning, especially in multi-
objective settings.

To address these challenges, we propose GMM-TDQN,
a two-stage multi-objective reinforcement learning frame-
work for large-scale ES deployment. The core idea is to
decompose the complex deployment problem into two com-
plementary stages that jointly improve scalability and learn-
ing efficiency. In the first stage, a Gaussian Mixture Model
(GMM) is employed to capture the spatial and workload het-
erogeneity of base stations, providing a structured initializa-
tion that significantly reduces the deployment search space.
In the second stage, the deployment problem is formulated
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as a sequential decision-making process, and a Transformer-
enhanced Deep Q-Network (TDQN) is developed to learn
adaptive deployment policies that balance multiple objec-
tives. The Transformer-based attention mechanism enables
the model to capture long-range dependencies and complex
interactions among deployment decisions, leading to more ef-
fective multi-objective optimization.

Extensive experiments conducted on real-world datasets
demonstrate that the proposed framework consistently out-
performs state-of-the-art methods across multiple perfor-
mance metrics. The results show significant improvements
in latency reduction, energy efficiency, load balancing, and
system reliability, validating the effectiveness and scalability
of GMM-TDQN in realistic large-scale edge computing en-
vironments.

The main contributions of this paper are summarized as
follows:

* We formulate large-scale ES deployment as a multi-
objective reinforcement learning problem, capturing
multiple conflicting performance objectives within a
unified learning framework;

L]

We propose a two-stage deployment strategy: a GMM-
based clustering stage that reduces decision complexity
and enhances scalability, followed by a Transformer-
enhanced DQN (TDQN) that learns adaptive deploy-
ment policies;

We design a TDQN architecture tailored for multi-
objective deployment optimization, enabling effective
modeling of complex dependencies among deployment
decisions;

We conduct extensive experiments on real-world
datasets, demonstrating that the proposed framework
significantly outperforms existing approaches across
multiple objectives.

2 Related Work

Edge server placement (ESP) has emerged as a critical issue
in mobile edge computing (MEC) and smart city networks,
aiming to provide low-latency services while optimizing re-
source utilization and system stability. Prior research in ESP
can be broadly categorized into three classes: meta-heuristic
optimization approaches, clustering and graph-based meth-
ods, and machine learning and reinforcement learning-based
approaches.

2.1 Meta-Heuristic Optimization Approaches

Meta-heuristic algorithms have been widely applied to ESP
due to its NP-hard nature. Genetic Algorithm (GA), Parti-
cle Swarm Optimization (PSO), and their hybrid variants are
commonly used to search for near-optimal server placements
under complex constraints. Han et al. [Han et al., 2024] pro-
posed GP4ESP, a hybrid GA-PSO algorithm that combines
evolutionary exploration with fast convergence, achieving a
reduction in overall response time compared with baseline
approaches. Pandey et al. [Pandey et al., 2023] introduced
a traffic-aware meta-heuristic ESP scheme to improve load
balancing and energy efficiency. Similarly, Sajadinia and Yari

[Sajadinia and Yari, 2023] applied multi-objective genetic al-
gorithms combined with clustering for virtual machine place-
ment in cloud environments, demonstrating reduced energy
consumption and improved resource utilization.

Recent studies have also focused on robustness and cost-
awareness. In Ref. [Liu er al., 2024], an improved snake
optimization-based dynamic ESP scheme was introduced ,
which minimizes service delay and operational cost through
an interior-point-assisted optimization strategy. In addition,
multi-objective evolutionary algorithms have also been ex-
tensively explored for ESP. For instance, an NSGA-II-based
edge server placement and allocation framework was pro-
posed in [Ghasemzadeh et al., 2024], where latency and
server workload variance were jointly optimized to obtain
balanced Pareto-optimal solutions. Although effective in
handling conflicting objectives, such approaches rely on
population-based search and lack learning capability, which
limits their adaptability to highly dynamic MEC environ-
ments.

2.2 Clustering and Graph-Based Methods

Clustering and graph-based techniques exploit the spatial and
topological characteristics of BSs and ESs to improve place-
ment efficiency. Vali et al. [Vali et al., 2024] proposed
RESP, a recursive clustering-based ESP approach that places
ESs according to cluster medians, achieving balanced work-
loads and reduced network traffic. Yucel [Yucel, 2021] ex-
tended spectral clustering with hierarchical and density-aware
enhancements to support collaborative virtual services. In
addition, Zhang et al. [Zhang er al., 2024] introduced a
graph convolutional network (GCN)-based framework com-
bined with differentiable K-Means, transforming ESP into
an end-to-end optimization task that jointly minimizes la-
tency and server workload. For application-specific scenar-
i0s, Doostmohammadi et al. [Doostmohammadi ef al., 2023]
proposed DyMECC, a dynamic clustering strategy for MEC
video streaming based on queuing theory, reducing delivery
delay under fluctuating traffic. Qin et al. [Qin ef al., 2024]
studied joint optimization of base station clustering and ser-
vice caching, demonstrating that spatial clustering plays a
critical role in latency and cache cost reduction. However,
such methods typically rely on static assumptions and lack
adaptability to time-varying workloads.

2.3 Machine Learning and Reinforcement
Learning-Based Approaches

Recent studies increasingly leverage machine learning (ML)
and RL to capture dynamic network conditions and op-
timize ESP adaptively. Chen and Guo [Chen and Guo,
2023] proposed an RL-based framework (ESDR) for dy-
namic MEC environments, achieving notable energy savings
through learned deployment policies. Ling et al. [Ling erf al.,
2023] integrated graph convolutional networks to predict user
traffic and guide ESP decisions, improving both latency and
energy efficiency. Deep reinforcement learning has also been
applied to reliability and mobility-aware scenarios. Zhang
and Jabbari [Zhang and Jabbari, 2024] employed deep RL for
joint content placement and IoT device allocation. Toufga et
al. [Shinde and Tarchi, 2024] proposed a multi-time-scale
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reinforcement learning approach for joint service placement
and task offloading, utilizing aerial platforms and advanced
deep Q-learning to minimize latency and energy consump-
tion.

3 System Architecture and Problem
Formulation

This section explores the system architecture and problem
formulation of ESs placement.

3.1 System Architecture

Fig. 1 illustrates a three-layer architecture for ESs deploy-
ment, consisting of the user layer, edge layer, and cloud layer .
This work focuses on the edge layer, which includes n base
stations (BSs) and m ESs, denoted by B = {b1,ba,...,b,}
and S = {s1, $2,. .., Sm }, respectively.

The user layer comprises heterogeneous intelligent devices
(e.g., mobile terminals, sensors, and cameras) that continu-
ously generate computation requests [Nguyen er al., 2024].
These requests are first transmitted to the nearest BS and then
forwarded to the edge layer for processing.

The edge layer hosts ESs with limited computing resources
to serve latency-sensitive tasks locally. When edge resources
are insufficient, tasks are offloaded to the cloud layer, which
provides abundant computation and storage at the cost of
higher transmission delay and energy consumption. There-
fore, efficient edge server deployment strategies are critical
to achieving low latency, energy efficiency, and reliable ser-
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Figure 1: System architecture

3.2 Related Definition and the Optimization
Problem

In the ES placement algorithm, four critical performance met-

rics are identified: delay, energy consumption, load balanc-

ing, and network reliability. Each of them is described below.

Delay Metrics

The delay of an ES s; is defined as the total geographical
distance to all BSs it serves:
= > dbi,s;) M

b;€B;

Delay(s

where B; is the set of BSs assigned to s;, and d(b;, s;) is the
great-circle distance calculated using the Haversine formula:

d(b“ S]‘) =2Rx

Alon

Alat
arcsin \/ sin? Ta + cos(lat; ) cos(lat;) sin? 2)

Where R is the Earth’s radius, and Alat, Alon are the lati-
tude/longitude differences (in radians) between b; and s;.
The overall system delay is the sum over all ESs:

= > d(b,s)). 3)

bi€B;

Delay(s;)

Load Balancing Metrics

The load on ES s is defined as the sum of its associated BSs’
workloads:

Wi(s;)= Y wi (4)

where B; is the set of BSs served by s;, and w; is the work-
load of b;.

The load balancing performance is measured by the coeffi-
cient of variation of ES loads:

Balance(S) = U—L, (5)
(237

with o, and p g, being the standard deviation and mean of the
ES loads, respectively.

Energy Consumption Metrics

The energy consumption of an ES s; is determined by its
power profile and CPU utilization:

to
Energy(sj) = / [Pidle+ (Pmax 1dle) UP( )} dt7 (6)

t1

where P,gje and Pp,.x denote the idle and maximum power,
and Up(t) is the instantaneous CPU utilization.

CPU utilization is modeled as a piecewise function based
on the server load W (s) and a capacity threshold Wry:

W(s)
Up(s) = 4 Wiy 7 (8) < Wan (7
]-7 W(S) 2 WTH~

The total energy consumption of the system is:

Z Energy(s;). (8)

sj;ES

Energy(S) =



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

Network Reliability
Network reliability quantifies the system’s ability to maintain
service under failures. Redundancy is enhanced when BSs
are covered by multiple ESs.

Define a binary indicator C';; for whether ES s; can serve
base station b; within its coverage radius R,:

13 d(bi7sj) < Rea
Cji = ] )
0, otherwise.

The normalized reliability R(S) is the average coverage
per BS:
Is| 18]

1

j=1i=1

A value R(S) € [0,1] close to one indicates high redun-
dancy and fault tolerance.

3.3 Problem Formulation

Given the definitions in Section 3.2, the ESs deployment
problem aims to determine the optimal placement of m ESs
over n BSs. Each BS is associated with its nearest ES based
on the Haversine distance, and each ES serves the traffic de-
mands of its assigned BSs.

The problem is formulated as a multi-objective optimiza-
tion by jointly considering system delay, energy consump-
tion, load balancing, and network reliability:

Minimize: F'(S) = A\; x Delay(S) +

11
A2 X Energy(S) + A3 x Balance(S) — Ay X R(S) (i

A+ X+ A3+ Mg = 1. (12)
The optimization is subject to the following constraints:

Up <1, W(s;) <Wrn, Vs; €8, (13)
> aiy=1, a;€{0,1}, Vb€ B, (14)
SjES
bi — arg min d(b;, s;), (15)
[W(si) —W| <6, Vsi €8, (16)
d(bz; Sj) S dmaxa E(Si) S Emaxa (17)
R(S) Z Rmin- (18)

These constraints ensure exclusive BS—ES association,
bounded resource utilization, balanced workload distribution,
limited communication distance, energy feasibility, and min-
imum network reliability. Due to its combinatorial and non-
convex nature, the formulated ES deployment problem is NP-
hard.

To address this challenge, a hybrid GMM-TDQN frame-
work is adopted, where GMM provides spatial initialization
and a TDQN refines ES placement through reinforcement
learning.

4 GMM-TDQN Algorithm

In this section, we introduce the ESs placement algorithm
GMM-TDQN.

4.1 The Overall Process of the GMM-TDQN

To address the ESs placement problem under complex spatial
distributions and service demands, we propose a two-stage
optimization framework termed GMM-TDQN, as illustrated
in Fig. 2. The framework integrates GMM clustering for
deployment initialization with a TDQN for adaptive refine-
ment [K et al., 2024].

In the first stage, a GMM is employed to initialize ES loca-
tions by clustering BSs according to their spatial distribution
and traffic load. After convergence of the EM algorithm, each
BS is assigned to its most probable Gaussian component, and
the centroid of each cluster is selected as the initial ES posi-
tion. This procedure places ESs in dense and high-demand
regions, providing a favorable starting point for optimization.

In the second stage, the TDQN iteratively refines ES po-
sitions through reinforcement learning. Agents interact with
the environment under an e-greedy policy, and transition sam-
ples are stored in a replay buffer. The Transformer-based
Q-network is updated using mini-batch training to capture
global spatial dependencies among ESs and improve deploy-
ment decisions.

By combining probabilistic clustering, global attention
modeling, and value-based reinforcement learning, the pro-
posed GMM-TDQN framework enables efficient initializa-
tion and adaptive optimization of ES deployment. Detailed
descriptions of the GMM and TDQN components are pro-
vided in Sections 4.2 and 4.3, respectively.

4.2 Initialization Using GMM

To provide a principled initialization for ES deployment, a
GMM is adopted to capture the spatial distribution of BSs.
Each BS b; € B is characterized by its geographical co-
ordinates and traffic load, and the overall BS distribution is
modeled as a mixture of m Gaussian components, where m
corresponds to the number of ESs.

The probability density of BS b; is given by

m
p(bi | ©) =Y me N(bi | ., T), (19)
k=1
where 7y, 1k, and X denote the mixture weight, mean, and
covariance of the k-th component, respectively, and O rep-
resents the model parameters. In this work, the feature di-
mension is set to d = 3, incorporating spatial coordinates and
traffic load.
The parameters are estimated via the Expectation—
Maximization (EM) algorithm by maximizing the log-
likelihood

i=1 k=1

After convergence, each BS is assigned to the Gaussian com-
ponent with the highest posterior responsibility.

Server Initialization
Based on the clustering results, the initial position of ES sy, is
determined as the centroid of BSs belonging to cluster By:

o_ 1 < 21
Sk ‘Bk| Z b’L' ( )

b; € By
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Figure 2: Overall process.of the GMM-TDQN framework

This initialization places ESs close to dense and high-
demand regions, providing a favorable starting point for re-
ducing latency and energy consumption while improving load
balance and network reliability. The subsequent reinforce-
ment learning module further refines the deployment to opti-
mize the overall objective.

Algorithm 1 summarizes the GMM-based ES initialization
procedure.

4.3 Optimal ES Deployment Based on the TDQN
Algorithm

To further enhance the ES deployment optimization, we pro-
pose a TDQN algorithm that leverages the self-attention
mechanism to capture complex dependencies among ES. This
section introduces the details of the ES environment model-
ing and the TDQN algorithm for ES deployment.

Environment Modeling for ES Deployment
The ES deployment environment is modeled as a grid-based
system with the following components:

State Space: The state representation for each ES includes
its normalized coordinates, nearby BS statistics, and load in-
formation. Formally, the state for ES i is represented as:

Wnearby
I/Vtolal

lon; lat; Npeary d
) b b )
CTYmax CTYmax N, total D max

0; =

Algorithm 1 Initialization of ES deployment based on GMM
Input: Base station set B
Output: Initial ES positions S(*)

1: Randomly initialize pg, X, mg;

2: Set iteration counter ¢ = 0 and log-likelihood £(©) =

o0
3: while not converged do
4: t—t+1;
5 Compute the responsibility of component k for each
base station b;;
6: Update model parameters based on current
responsibilities pg, Xk, Tk;
7:  Compute the updated log-likelihood £(*);
8 Stopif |[£® — £LE-D| < ¢
9: end while
10: Assign each base station b; to the most probable Gaussian

component By;
11: Compute the initial position of each ES as the centroid of

its assigned cluster s(o);

12: return S©) = {sgo),sgo)7 . .,s£2>}.

where lon; and lat; denote the spatial coordinates of ES
1, Gmax 1s the maximum grid size of the deployment area,
N7 and Niota) represent the number of nearby BSs associ-
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Algorithm 2 TDQN for ES deployment

Input: Initial ES positions from Algorithm 1
Output: Final ES deployment positions S*
1: Initialize TDQN parameters 6 and target network 6~ ;
2: Initialize replay buffer D and environment;
3: for episode e = 1 to E' do
4: Reset environment, obtain initial global state o,
construct embedding Xo;
5: for time step t = 0 to Tyax — 1 do

6: Encode X; to ZF via Transformer;
7: For each ES ¢, compute Q-values Q;(0;, a;;6)
fora; € A;
8: Select actions for all ESs using e-greedy;
9: Execute joint action a* = (a!,...,adl),
update ES positions;
10: Observe reward 7 and next state o’;
11: Store transition (o, a, r, o) in buffer D;
12: if buffer D contains at least B samples then
13: Sample mini-batch {(o, a,r,0')} of size B;
14: Compute current Q-values Q;(0;, a;; 0) for all
ESs i;
15: Compute TD targets according to Eq.(24);
16: Update 6 by minimizing DQN loss according
to (23);
17: Every C steps update target parameters
0~ « 0,
18: end if
19: end for
20: end for

21: Apply the learned optimal policy 7*(0) to determine the
final ES positions.
22: return Final ES deployment positions S*

ated with ES 7 and the total number of BSs in the system, d; is
the average Euclidean distance between ES ¢ and its nearby
BSs, Dpax denotes the maximum possible distance within
the considered region, Woearby jo the mean traffic load of the
nearby BSs, and Wi, denotes the aggregated load of all
BSs.

Action Space: Each ES can perform one of five possible
actions:

A = {Up, Down, Left, Right, Stay}

Reward Function: The reward function incorporates mul-
tiple optimization objectives, including latency, energy con-
sumption, load balancing, and network reliability:

Reward = A\ x Delay(S) +

22
A2 X Energy(S) + A3 x Balance(S) — \y x 22)

R(S)
where \; to A4 are weighting coefficients that balance the
importance of each objective.

ES Deployment Based on TDQN
To enhance the representation capability of conventional
DQN, a Transformer encoder is integrated to model spa-

tial correlations and interaction dependencies among multi-
ple ESs, as illustrated in Fig. 3. Unlike CNN- or MLP-based

P

Environment s

=S
Reward

Transformer
Encoder !
N Scaled Dot-Product
Attention
Comput
loss

1]

Positional Encoding

Figure 3: TDQN architecture

architectures, the proposed TDQN explicitly captures global
deployment patterns through self-attention.

Each ES i is represented by an embedding vector x; € R?,
constructed from normalized spatial coordinates, local BS
statistics, and load indicators. The embedding sequence is
denoted as

X = [z1,70,... ,xm]T e Rm*4,

which is projected to the model dimension and combined with
positional encodings:

Hy=XWg+ P.

The Transformer encoder consists of L stacked self-attention
layers, enabling each ES to aggregate information from all
other ESs and generate a context-aware representation Z;, €
R™>dmotel | This representation encodes global spatial depen-
dencies and workload interactions among ESs.

The encoded features are fed into a linear Q-head to pro-
duce per-server Q-values over a discrete action set

A = {Up, Down, Left, Right, Stay}.

Let Q;(0;,a;) denote the Q-value of ES i. The TDQN is
trained using the standard DQN loss:

Lpon = E ;; (i — Qi(oi, ai))2 ; (23)

where the temporal-difference target is defined as

yi = r + (1 — done) max Q;(0}, a;). (24

During training, each ES selects actions following an e-
greedy policy, and all ESs execute their actions simultane-
ously to update deployment positions. A replay buffer is used
to store transition tuples (o, a,r,0’), and a target network is
periodically synchronized to stabilize training.

By continuously interacting with the environment, the
TDQN learns an optimal deployment policy 7* (o) that adap-
tively adjusts ES locations to jointly reduce latency, energy
consumption, and load imbalance while maintaining network
reliability. Benefiting from the self-attention mechanism, the
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Figure 4: Performance comparison of ES deployment strategies with different numbers

proposed method enables coordinated server movements and
achieves faster convergence and more balanced deployment
compared with conventional DQN-based approaches.

Algorithm 2 summarizes the pseudocode of the TDQN al-
gorithm.

Base Station ID _Latitude Longitude = Load/min
1292 31.212450 121.637072 54600
2386 31.306850 121.519579 46080
952 31.177646  121.555355 105840
615 31.103599 121.416145 7620
2574 31.362367 121.461011 7020

Table 1: Partial base station information

S Experimental Results and Analysis

To comprehensively evaluate the performance of the GMM-
TDQN approach, we compare the GMM-TDQN algorithm
against several representative baseline methods spanning di-
verse optimization paradigms. These baseline algorithms in-

Parameter Value
Replay Buffer Capacity 2,000
Batch Size 64
Learning Rate le-4
Discount Factor (vy) 0.99
Exploration Decay Rate 0.995
Training Episodes 100
Steps per Episode 20
Latency Weight 0.3
Energy Consumption Weight 0.1
Load Balancing Weight 0.4
Reliability Weight 0.2
Idle Power Consumption (P,qe) 03W
Maximum Power Consumption (Pp,x) 05W
Threshold Workload (Wry) 3 x 10° min

Table 2: Experimental parameters and configurations

clude K-Means [Huang et al., 2025], Top-K [Chen and Xiao,
2025], Simulated Annealing (SA) [Lan et al., 2025], and
TDQN (without GMM Initialization).
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Figure 5: Performance comparison under different conditions

5.1 Experimental Parameters and Configuration

This study utilizes a real-world network dataset provided by
the Shanghai Telecommunications Bureau. The processed
dataset comprises records for 2,753 base stations, including
their unique identifiers, latitude and longitude coordinates,
and access durations over a continuous 15-day period, as
shown in Table 1 and Table 2.

5.2 Experimental Comparison and Analysis

Performance Comparison under Different Numbers of
ESs

In this experiment, the number of base stations is fixed at
2753, while the number of ESs increases from 20 to 100. The
five deployment schemes are evaluated in terms of system la-
tency, load balancing, energy consumption, and network reli-
ability, as illustrated in Fig. 4(a)-4(d).

The experimental results consistently demonstrate that
GMM-TDQN significantly outperforms the four baseline
strategies across all evaluation metrics. Its superiority be-
comes increasingly pronounced as system scale grows. This

performance advantage stems from GMM-TDQN’s multi-
objective decision mechanism, which jointly optimizes la-
tency, energy usage, load distribution, and reliability within
a unified learning framework. In contrast, clustering-based
K-Means and heuristic SA methods are limited by their static
objectives, while the TDQN and Top-K strategies lack the ca-
pacity to reason about spatial-temporal patterns or global re-
source coordination. These findings underscore the necessity
of intelligent and adaptive optimization methods for large-
scale edge server deployment in complex and dynamic envi-
ronments.

Performance Comparison under Different Numbers of
BSs

To comprehensively evaluate the performance of the pro-
posed GMM-TDQN algorithm, we compare it with four
baseline methods, including K-Means, Top-K, SA, and
TDQN deployment, under different numbers of base stations
(300-1900). The evaluation metrics include average latency,
energy consumption, load balancing, and system reliability.
As shown in Fig. 5(a)-5(d), experimental results con-
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firm that the GMM-TDQN algorithm exhibits better scala-
bility and robustness compared with traditional clustering-
and heuristic-based methods. It dynamically adapts to the
increase in network density while optimizing multiple objec-
tives, demonstrating its potential for practical deployment in
large-scale edge computing environments.

6 Conclusion

We investigated the problem of large-scale ESs deployment
under multi-objective optimization requirements. To address
the challenges posed by scalability, conflicting objectives,
and dynamic environments, we proposed GMM-TDQN, a
two-stage multi-objective reinforcement learning framework.
Experimental results on real-world datasets demonstrate that
the proposed approach consistently outperforms state-of-the-
art methods, highlighting its effectiveness and scalability in
realistic edge computing scenarios.

Future work will explore extending the proposed frame-
work to more dynamic settings, such as online deployment
with time-varying workloads and mobile edge nodes.
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