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Abstract—Edge computing has emerged as a promising
paradigm to fulfill the escalating demands of latency-sensitive
and computationally intensive applications. In this context, ef-
ficient server deployment and service placement have become
imperative to optimize performance and increase platform profit.
In this paper, we investigate the problem of server deployment
and service placement in a multi-user scenario, aiming to
enhance the profit of Mobile Network Operators (MNOs) while
considering constraints related to distance thresholds, resource
limitations, and connectivity requirements. Then, we propose
a novel two-stage method to decouple the problem, breaking
down server deployment and service placement into two distinct
yet interconnected stages. In stage I, the server deployment is
formulated as a combinatorial optimization problem within the
framework of a Markov Decision Process (MDP), where the state
space, action space, and penalty function are defined to effectively
model the issue. We propose the SDQ algorithm to establish
a relatively stable server deployment strategy. In stage II, the
service placement is formulated as a constrained integer linear
programming problem. We propose the SPIB-TDB algorithm to
optimize service placement. Extensive experimentation validates
the exceptional performance of our proposed algorithms in
enhancing the profit of MNOs.

Index Terms—mobile edge computing, profit-driven optimiza-
tion, reinforcement learning, integer linear programming.

I. INTRODUCTION

Mobile Edge Computing (MEC), as an innovative com-
puting paradigm, offloads computation-intensive tasks from
resource-constrained mobile devices to edge servers located
closer to end users. This effectively alleviates the computa-
tional load on mobile devices and the core network. However,
the expensive cost and limited computational capacity of these
servers, along with the instability of activities among multiple
end-users, present a series of challenges for enhancing the
profit of MNOs. In order to maximize the profit of MNOs and
adapt to the ever-evolving demands of mobile networks, this
paper delves deep into the study of joint server deployment
and service placement in multi-user scenarios.
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Fig. 1. An illustrating example.

A. Motivation and Challenges

Server deployment and service placement significantly im-
pact the profit of MNOs. We turn to the example provided
in Figure 1. Within this illustration, six base stations are
depicted, with servers positioned at b; and by. Some services
have already been placed on edge servers, while the remaining
services are all placed in the cloud. Each service replica serves
a single user and generates income. In Figure 1, deploying
only one server incurs the lowest cost but does not cover
all users. On the other hand, deploying servers in all six
base stations is cost-prohibitive. The service placement phase
cannot only consider the service request rate. This will give
rise to some issues and challenges: (i). How to determine
the number, specifications of servers, and locations of servers
capable of serving as many users as possible in different
areas, given the cost of MNOs. (ii). How to determine service
placement strategies within limited server capacity to increase
the profit of MNOs.

B. Contributions and Paper Organization

In this paper, we investigate the problem of server de-
ployment and service placement in a multi-user scenario,
aiming to enhance the profit of MNOs while considering



constraints related to distance thresholds, resource limitations,
and connectivity requirements. Our research contributions are
summarized as follows:

o We formulate a profit model to address the challenges
of server deployment and service placement in multi-
user scenarios. To better tackle this problem, we employ
a two-stage method to decouple the problem, breaking
down server deployment and service placement into two
distinct yet interconnected stages.

We formalize the server deployment scheme as a Com-
binatorial Optimization Problem (COP) in stage I. The
problem is formulated as an MDP to efficiently describe
the state space, action space, and penalty function. Subse-
quently, we focus on the internal service placement strat-
egy in stage II, which builds upon the deployment results
of edge servers. We reduce this issue to a constrained
Integer Linear Programming (ILP) problem. Then, we
propose a strategy for achieving the integer optimal
solution with remarkable performance.

We conducted extensive experiments to compare our
strategy with several baselines based on a real base
station dataset provided by Shanghai Telecom. Extensive
experiments demonstrate the superior performance of the
proposed algorithm.

The remainder of this paper is organized as follows. In
Section II, we review related research. In Section III, we
modeled the problem. In Section IV, we propose the problem
of server deployment and service placement. In Section V,
we propose the solution to the problem, while in Section VI,
we illustrate the comparative experimental evaluation results.
Finally, in Section VII, we conclude the paper.

II. RELATED WORK
A. Server Deployment

In their work, He et al. [1] developed a two-stage algorithm
based on Binary and GA to obtain optimal and suboptimal
placement schemes for ES. Mazloomi et al. [2] modeled the
practical problem using reinforcement learning to solve the
challenge of minimizing network latency and the number of
edge servers. Ning et al. [3] formulated models for dynamic
multi-user computation offloading and edge server deployment
problems using stochastic game theory. Li et al. [4] introduced
the concept of 5G User Plane Function (UPF) for calculating
access latency and designed a particle swarm optimization-
based algorithm to optimize profit. Guo et al. [5] proposed
an approximate method using k-means and mixed-integer
quadratic programming to balance the workload among edge
clouds. Jia et al. [6] studied cloud placement and assignment
of mobile users to clouds. But these papers do not consider
the heterogeneity of servers

B. Service Placement

In their work, Zhang et al. [7] constructed a joint model for
edge server deployment and service placement to maximize
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MNOs’ profit. Gao et al. [8] designed a two-stage algorithm to
study the joint optimization of MEC access network selection
and service layout. Wang et al. [9] introduced an online
algorithm based on reinforcement learning to learn the optimal
coordination scheme. Gao et al. [10] proposed an iterative-
based algorithm to address the problem of joint optimization
of MEC access network selection and service placement. Brik
et al. [11] introduced a taboo search metaheuristic algorithm
aimed at balancing the computational load. Wu et al. [12]
presented a weighted cost model to minimize the execution
time and energy consumption. Badri et al. [13] modeled the
energy-aware application placement problem as a multi-stage
stochastic program. Many existing studies assume that edge
servers are pre-deployed at base stations [14]-[19]. In such
cases, the connection between edge server deployment and
service placement is severed. In addition, the overall profit of
the MEC platform is also a critical factor to consider [20].
Telecom operators may find it challenging to bear the cost of
deploying edge servers for every base station.

In this paper, we jointly optimize the server deployment
and service placement. Our objective is to maximize the
profit of MNOs while taking into account various constraints
that include distance thresholds, resource limitations, and
connectivity requirements.

III. SYSTEM MODEL
A. The MEC Environment

1) Cloud: The remote cloud is positioned at a considerable
distance from all edge servers, denoted as R. It is assumed
that the remote cloud hosts a diverse range of services
and possesses the capability to process all service requests
forwarded from the edge servers. Here, we use S = {s,}
to denote the set of services, where s,, stands for a specific
service. The volume of each service is denoted as z,. Based
on historical service request records from users, the average
request rate of s,, can be denoted as &;.

2) Edge Layer: We use B denotes the set of base stations,
where B {br}. The position of by is given by Ly,.
Furthermore, we introduce the notion of neighbor vectors for
the base station b, denoted as B, The neighbor vectors of
b consist of those other base stations whose distance from
by, is less than the threshold Dyj,. These adjacent base stations
are capable of communicating with each other. £ denotes
the set of deployed edge servers, where E = {e;}. Here, ¢;
manages multiple base stations, with storage capacity C.; and
average service rate p. . Different services could hold varying
numbers of replicas on the edge servers, denoted as Mg".
Each replica serves a single service request. G represents the
set of server specifications, encompassing processing power,
and storage capabilities. We define a two-dimensional matrix
A(|E| x |B]) to represent the connectivity between base
stations and servers. The binary variable A ;, € {0,1} is
used to denote whether the edge server e; is connected to the
base station by,.
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3) End Layer: Let U to denote the set of users, where U =
{uy}. We use Uy, to represent the set of users connected to
by, where Uy, ) = {uy — bilu,ev}. We use Uy, to denote
the set of users that connected to e;, where U(ej) = {u, —
€jlu,cu}- The estimated number of requests for service s,
received by by, can be approximated as: N(b )= |U(bk)| X gy
The number of requests for s, received by e; is given by:

N&w =2 beB N(SIJZ) RATHOS

(e5)
B. Profit

1) Server Acquisition Cost: We assume that the servers are
heterogeneous, and different prices are determined by varying
processors and storage, denoted as C’“”OC

2) Transmission Cost: The total transmission cost is di-
vided into two components: one is the transmission cost
generated by edge servers dealing with service requests, and
the other is the transmission cost generated by cloud servers
dealing with service requests. In the transmission cost gener-
ated by edge servers dealing with service requests, the cost
from users to base stations is negligible. Now, we calculate
the cost of service requests arriving at the edge servers. As
one edge server could cover several base stations, we use the
average distance between these base stations and the server to
measure how far the service requests from these stations need
to be sent to reach the edge server. The average distance of ¢;
is defined as: D, =37 5 Dbye;) - Dejibon /Db, e8 Dej by
Transmission cost per unit distance for s, is denoted as
0s,- The overall transmission cost of all service requests to

L . trans
e; is formulated as: C(bk,ej)

= ZSMES(QJ-) ]D)cJ C O, Nei“
When the server does not have extra space to handle new
service requests, the cloud needs to handle these redundant
requests. The transmission cost between cloud servers and
edge servers is high, so when relying on cloud servers for
processing, additional transmission cost will be incurred. The
number of service requests for s,, forwarded to the remote
cloud is given by Nz = N(‘gef;) — min{N(e >,M(e )}» where
min{N; E}“)?M(‘Z‘J{ )} is the number of requests actually pro-
cessed by e;. The distance between e; and 2 is denoted as
Dy, ry- Thus, the cost of transmitting all redundant service
trans

requests from e; to R can be formulated as C('(, 'R
steS@j) Die,,r) " 0s, - So the total transmission cost

is defined as Ctrans — trans) + Ct'runs

3) Computation Cost: %"he computatlon cost is incurred due
to computation delay. In order to better represent the compu-
tation delay, the processing of service requests by each edge
server is modeled as an M/M/1 queuing model. Therefore,
according to the definition of the queuing model, the compu-
tation delay of e; in processing service requests can be derived

as: TE™ = 1/(ue, = X, cs,, , min {N M;;»} ).
Let \s, represent the unit computation delay cost for s,,.
Then, the computation delay cost for all service requests sent
to ¢; can be modeled as: CE7"P = > SO Ag

€j
M S S
min {Ne;“, Me]?“ }

(R)

8wE€S(e)
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4) Income: Income is collected by providing services to
users. Let us assume that a replica of s,, serves a request of
s, and generates income 4, . Consequently, the income of ¢;
= ZGLUGS( 2) min {Nsu Msw } .igm'
The cost for services provided by ej is defined as follows

can be expressed as: I,

Cej — ng”oc + Ctrans + Cé:;)mp‘ (1)
Intuitively, the profit of e; can be expressed as:
O, = 1., — C,,. 2)

Our overall objective is to maximize the profit of all servers.

IV. PROBLEM DEFINITION

In this paper, we investigate the server deployment and
service problem. Our objective is to maximize the profit of
all servers under constraints including distance thresholds,
resource limitations, and connectivity requirements. Thus, the
formal definition of this problem is as follows:

P; : maximize » O (A, S,)) 3)
CjEE

stY Ay y, =1, Vb €B, 4)
e;€E

Acj by die; by < Diny, Ve €E, Vb€ B, (5)
> Mgv-z, <Z.,, Ve €E, (6)

SwES(e)) .

M:;“ >0, VEJ' e FE, Vsy€ S(ej), (7)
Y min {Nj;”,Mj;’} < e, Ve; € B (8)

swES(e )

P, is the objective function. Equations (4) to (8) are the
constraints. Equation (4) stipulates that each base station
connects to a single-edge server. Equation (5) determines
that the distance between a base station and the connected
server must not exceed the preset threshold Dy;. Equation (6)
emphasizes that the total volume of service replicas on each
server must not exceed the respective capacities. Equation (7)
asserts that non-negative replicas on servers. Equation (8)
indicates that the number of service requests processed by the
server cannot exceed its processing rate. The solution space
for server deployment and service placement problems is very
huge. We introduce a strategy named the two-stage method to
achieve problem decoupling.

In stage I, we isolate the portion ng”oc + COtrens from
P, for separate analysis, considering it as the objective of
stage 1. This phase presents a balancing act, as reducing Ca”“
results in an increase of C'*"*"$ and vice versa. Therefore
we formulate a COP by minimizing the combined cost. It is
worth emphasizing that the decisive factor within C'*79" is the
distance, denoted as D.,. Consequently, we can perceive this
problem as a process of striking a balance between minimizing
D, and server acquisition cost. The cost for ¢; in stage I can
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be defined as:C.; = C¢!° + ;. The objective function of
stage | is defined as follows:

P, : minimize Z C.,(A)

e;€EE
@ —(6).

P, is the objective function of stage I. In stage I, we focus on
the server deployment phase, aiming to achieve a balance in
this COP problem, taking into account constraints related to
distance thresholds and connectivity requirements.

In stage II, we will address the remaining portion of P;.
In stage I, we have already considered the key factor D,
for minimizing C*"%"¢. However, to compute transmission
cost, the service placement strategy of stage II is required.
Considering that Stage I precedes Stage II, these two stages
share the cost C'"%"%, Consequently, we have deferred the
calculation of C**" to stage II. Through stage I, D,
has already become relatively small. In stage II, we just
need to adjust the service placement strategy to maximize
O, = I, — Ctrans 4 ng"mp . Therefore, while these two

stages are independent, they are interconnected. The objective
function of stage II is defined as follows:

(€))
s.t.

P; : maximize Z O, (S(e;))
e;€E

(6) — (8).

P3 is the objective function of stage II. After stage I, both
E and A have been determined. In stage II, we only need
to adjust the service placement strategy within each server to
maximize profit while considering resource limitations.

(10)
S.t.

V. ANALYSIS AND SOLUTIONS
A. Stage 1

The deployment of servers is framed as a combinatorial
optimization problem within the MDP framework.

Definition 1 (State Space): In our definition, let Y () =
[Lg,[a(1),a(2),...,a(t —1)],{e1 : wili, ez : wla,...}] rep-
resents the state space at time step ¢ which is divided into three
parts: locations of all base stations, previously taken actions,
and current servers’ load status.

We introduce the second and third parts of states that
dynamically update as the agent moves to better comply with
resource limitations.

Definition 2 (Action Space): In our definition, the joint
action space for all base stations is denoted as A
{Ab17Ab27 ceey Abk, e ,Ab‘B‘ }, where Abk = B(bk) x G. For
a(t) at time step ¢, the first part is the chosen base station
(denoted as a®(t)), and the second part is the chosen server
specification (denoted as a?(t)).

In our definition, the action space is divided into two parts,
comprising the neighbor vectors for each base station and the
server specifications to be determined. Therefore, the action
space of each base station is defined as the Cartesian product
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of the set of potential action spaces (denoted as B, )) and
the set of server specifications (denoted as G).

Definition 3 (Penalty Function): The penalty function can
be defined as follows:

P(t) = d(y(t),ab(t)) + (h(t) + l/) -2+ P’I“(LL)) (11)

Here, d(, (1) qb (1)) is the distance between y(t) and a®(t), and
the initial value of z is set to 0. If a®(t) is not in the list of
servers, the value of z is set to 1.

In our algorithm, the penalty function is used instead of
the reward function in standard Q-learning. In order to reduce
the transmission cost, the distance as the first factor must be
added to the penalty function. But to prevent agents from
adding additional edge servers to the network while servers
are available for connection, we introduce a constant v into
the penalty after adding a new edge server, i.e., v > Dyy,.

We need to assign a priority value, denoted as Pr, to each
base station. This value indicates the priority of selecting the
base station as the deployment location of the edge server.
The priority of ab(t) is represented as follows:

D,
Pr(t) = =)

wlan gy + [Bavap | (12
Here, Dy (4 is the average distance between base stations in
neighbor vectors of a®(t), and wlgy (1) represents the workload
of a’(t), and | B,»(4))| denotes the number of neighbor vectors
of ab(t).

After the server deployment location is determined, the
selection of server specifications must meet the actual load
requirements to prevent resource waste. The reasonableness
of a9(t) is defined as follows:

h(t) = |Zag(t) - Wab(t)|. (13)

In the above formula, Z,,(;) represents the storage capacity
of the server that corresponds to the a9(t). W (1) represents
the sum of the workload of base station in B () that has not
yet been connected to a server.

Definition 4 (Q-Table): We create a two-dimensional matrix
of size |B|x (|BxG|) as our Q-table, where | B x G| represents
the size of the action space.

Definition 5 (Forbidden Actions): Forbidden Actions (F'A)
is a two-dimensional matrix with the same shape as the Q-
table, but its entries are binary variables indicating whether
the agent can take the specific action in that state.

Algorithm 1 represents our proposed SDQ method. Our
ultimate goal is to gradually converge the values within the
Q-table. In line 3, the agent moves between base stations. In
lines 5 to 6, if by where the agent is located has a deployed
server, a connection is established with the server. Within lines
8 to 15, when by where the agent is located does not have a
deployed server, we determine feasible actions based on F'A,
denoted as Nei. We also extracted the base stations where
servers have already been deployed from Nei, denoted as PA.
The Q-values of these actions are calculated. Then, we select
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Algorithm 1: Server Deployment with Q (SDQ)
Input: B, Y(t), A, FA
Output: £, A

1 Initialize Q(y, a);

2 for episode <— 1 to MAX do

3 for 7 < 1 to |B| do

4 y(1) < Ly_;

5 if y(7) in E then

6 | a(r) « by

7 else

8 Nei < Get actions based on F'A;

9 PA <+ Get actions based on Y (t), Nei;

10 if [PA| > 0 then

11 Qpa + _get_QValues(PA);

12 Choose a(7) for y(7) using e-greedy
policy from Qpa;

13 else

14 Qnei — _get_QValues(Nei);

15 Choose a(7) for y(7) using e-greedy
policy from Q nes;

16 Take action a(7), y(7 + 1) <= Ly_,, and

obtain P;
17 Update E, Y (), A, FA, Q(y,a);
18 Reset()

19 return £, A

a(7) from these Q-values based on the e-greedy policy. In
lines 16 to 17, the action is taken, and the relevant parameters
are updated. In line 18, the Reset() refers to the process of
resetting the E, Y(¢), A, and F'A. Finally, E and A will be
returned.

B. Stage 11

1) Problem Transformation: For each type of service, the
number of requests received by the server may not be less
than the actual number of deployed replicas. Hence, Equation
(8) can be transformed as follows:

> M <pe,, Ve;€E.
SMES(HJ)

(14)

The service deployment problem within a single server can be
transformed into a constrained ILP problem. The reduction to
the standard form of the Interior-Point algorithm is as follows:

P, : minimize f(x)

In the above formula, x = S(. ), f(x) = =0, (S(,)), ¢1(2),
(2(z) are equivalent to Equations (6) and (14). Equation (7)
translates to the lower bound of x being zero.

We apply the interior point barrier method to transform
the initial constrained problem into an unconstrained one. We

S.t. 15
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utilize the function ¢(n) = 0(n < 0), otherwise ¢(n) =
+oo(n > 0) allowing us to reshape the objective function

P, into:

2
P; - minimize f(z) + > ¢(Gi(x)). (16)
i=1

When the solution of P5 satisfies the two constraints in Py,
©(¢i(z)) = 0, which implies that searching for the solution of
P5 is equivalent to seeking a solution for P4. If the solution
of P5 doesn’t satisfy any of the constraints in Py, then Pj
becomes infinite, making this solution unfeasible.

Definition 6 (Log Barrier Function): The function ¢(n) is
non-differentiable. Therefore, we propose an approximation
for ¢(n) using the function $(n) —i -log(—n). Here, we
define ®(z) = — Z?:l log(—¢;(x)), which is the log barrier
function. Equation (16) is equivalent to:

O(z) + 4 flx).

As 1) increases, the accuracy improves and ¢(7) approximates
©(n), making the solution of Pg closer to the solution of Ps.

Theorem 1: The result of Pg gradually approximates the
value of P4 when 1) increases to infinity, i.e., 1) — oo.
Proof: We employ the Lagrangian algorithm to transform
P, into the Lagrangian function: L(z,\) flz) +
Z?zl AiCi(z). The Lagrangian dual function is defined as:
g(A\) = inf, L(x, A). This function provides a lower bound
estimation for P,. We use p* to represent the minimum value
of Py, thus we have g(\) < p*. The solution of P, must
satisfy the Karush-Kuhn-Tucker (KKT) condition. Therefore,
we can derive the following inequalities:

Pg : minimize 17)

N >0, i=1,2, (19)
2

Vi) + > X Véi(x) =0, (20)
=1

- Gl(z)=0, i=1,2. (1)

For Pg, the function ®(x) possesses favorable properties. It
is a monotonically differentiable function. First, we provide
the first derivative of ®(x):

2
V@(m):Z—

(2

Gi (z)

When v > 0, we define x;j) as the optimal solution for Pg
at the current value of ¢. The derivative of Pg is given by
YV f(z;,) + V&(x;) = 0. By substituting Equation (22), we
can divide both sides by 1) to obtain

V¢ (2). (22)

2
1

Vf(xy)+ > —— - VG(zy) =0. (23)

Let A} = —m and Equation (23) becomes V f(z7,) +

2
i=1

2

A7 - V(i(xy,) = 0. It can be observed that the current
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Algorithm 2: Service Placement with Interior Barrier
Method (SPIB)
Input: Zc]" He;» ch’ Nfe";>|su,esej, isw‘swESe]
Output: S(,)
1 Initialize S(.,) = w0, ¥ = PO, w, e, P
2 for episode <+ 1 to MAX do
3 for episode < 1 to MAX do

4 Calculate z7, %52(:1322) by using Equations
(28) - (30);

5 if 16%(z},) <& then

6 L Break;

7 Update S(cj) — m;"p;

8 P = wip;

9 | if 3 <cthen

10 L return S(ej);

11 return S

expression Equation (26) is now similar in form to Equation
(20), which represents the derivative of the Lagrangian func-
tion L(z, \). We will now discuss the KKT conditions for Pg,
and it can be deduced:

AF>0,i=1,2 (25)
2

V() + > A VG (2) =0 (26)
=1

NG (a)) = —% ~12 @7)

We can observe that as v tends toward infinity, —i approxi-
mates 0, and the KKT conditions become increasingly similar.

After that, we discuss the error between the result of
Ps and the value of Py: ‘ f(ay) — p*‘. For the Lagrangian
dual function g(A*) = inf, L(z, \*), at the optimal point,
ViL(z,A*) = 0. We have derived V,L(z},\") = 0 in
Equation (26), so g(\*) = f(z},) + S A Gi(zy,) =
f(:v;‘;) — % < p*. Since p* is the optimal solution of Py,
we conclude that f(z},) > p*. Thus, we can deduce that
p* < f(ri;) < p*+ % It is evident that as % increases,
f(x7,) progressively approximates p*. [ |

2) Service Placement with Interior Barrier Method (SPIB):
For Pg which is an unconstrained problem can be solved
using Newton’s method. At the current value of ), the initial

iteration point is defined as zj, = zo. We let 0(z) =
®(x) + 1 - f(x), and the algorithm update is given by:

Axy = —(V20(xy,)) " - VO(x,), (28)

Ty =Ty +p- Dxy, (29)

8% (x) = V' 0(xy,) - (V20(xy,)) - VO(x]). (30)

Algorithm 3: Tree-based Branch-and-Bound (TDB)
Input: S(e]), S
Output: S(,)
1 Initialize sp < |(S(c,))]. bound < Q¢ (sp).
root_node, queue
2 queue._push(root_node);
3 while queue not empty do

4 node < queue._pull();
5 l_node, r_node < Branch();
6 Get the solutions for I_node and r_node using

Algorithm 2;
7 if S(i_node) is feasible then

8 if O, (S(i_node)) > bound then

9 if S(1_node) is an integer solution then
10 bound < Oc, (S(i_node))s

1 L 8P < S(i_node)>

12 else

13 | queue._push(I_node);

14 | The same procedure is applied to the r_node;

15 S(e;) < sp;
16 return S )

Where V0 (z7,) is the vector of first derivative, and V29(ij)
represents the Hessian matrix. Equation (28) indicates the iter-
ation step size. Equation (29) represents the iterative approach
to the solution. Through successive iterations, the optimal
solution is gradually approximated. The error between z
and the optimal solution at the current value of 1) can be
expressed by 162 (z3,). Therefore, Equation (30) can be used
as the stopping criterion for iteration.

We use 2 as the stopping criterion for our proposed
algorithm. For a single server, we use our proposed SPIB
algorithm to determine the service deployment strategy, as
shown in Algorithm 2. In line 1, a set of various parameters
is endowed with initial values. Among them, we define the
initial iteration point as xo and the initial . Lines 4 to 6
implement Newton’s method to compute the optimal solution
:c;j} for the current value of . In lines 7 to 10, the iteration
index 1) is updated. Convergence is established when the ratio
% falls below the predetermined threshold €. Upon detecting
convergence, the final service placement strategy vector S(.,)
is returned.

3) Tree-based Branch-and-Bound (TDB): Because the Al-
gorithm 2 produces fractional solutions, we propose Algorithm
3 to find integer solutions that are approximate to the optimal
solution. There are four main steps in Algorithm 3: initial
bounding, branching, bounding, and pruning. In the initial
bounding step, we directly round down the result of Algorithm
2 to obtain the initial integer solution. We substitute the initial
integer solution into P3 to obtain the initial lower bound. The
branching step involves the selection of variables from the
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Fig. 3. Profit comparison for different stages.

current leaf’s solution that do not satisfy integer conditions,
and dividing them into two child nodes. We combine bounding
and pruning to effectively reduce the search space.

As depicted in Algorithm 3, line 1 initializes the initial
integer solution and the lower bound. We set the initial
constraints and the integer solution as the root node. In line
2, we enqueue the root node. In lines 3 to 4, we commence
processing the nodes in the queue. In lines 5 to 6, we perform
the branching step and utilize Algorithm 2 to obtain the
solutions and profit for the left and right child nodes. In lines
7 to 14, we execute the bounding and pruning steps. Finally,
we return the integer optimal solution in lines 15 to 16.

C. Complexity Analysis

Please note that in Algorithm 1, the agent iterates through
each base station and updates the Q-table, resulting in a
complexity of O(|B|?). In Algorithm 2, the calculation of the
convergence steps k is defined by equation: 2/ = 2/(w”
¢(0)) < e. Consequently, the complexity can be expressed
as k > log %) /logw. In Algorithm 3, due to its tree-
based nature, where the depth of the tree is n, the complexity
of Algorithm 3 is O(2"). Thus, the total complexity of our
algorithm is O(|B|? + log (ew% Jlogw + 2™), where |B|
and n represent the number of base stations and the number
of service types, respectively.

VI. EXPERIMENTAL EVALUATION
A. Basic Setting

To evaluate the performance of our proposed SDQ and
SPIB-TDB algorithms, we employed a dataset obtained from
China Telecom Shanghai, which encompasses relevant infor-
mation about 3,233 base stations and connected users over a

span of 30 days in June 2014. The daily volume of service
requests directed to each base station from users is indicative
of the station’s workload. Heterogeneous servers were config-
ured with storage capacities of {30, 70,150}, processing rates
of {20,60,140}, a distance threshold of 9 km, and cost of
{10000, 20000, 40000}. The service benefit ratio coefficient
was set to 1.3, and the ratio coefficient between computation
and transmission cost was set to 1.5. Our experimental setup
employed a desktop computer equipped with a 13th Gen
Intel(R) Core(TM) i7-13700KF CPU and 32 GB of memory.

In stage I, we introduced five baselines in comparison with

our proposed SDQ algorithm:

o Top-K: The preference is to select base stations with the
highest workload.

o K-means: This algorithm is employed iteratively, ad-
justing the parameter K to meet thresholds, resource
limitations, and connectivity requirements constraints.

o Top-DoF: The preference is to select base stations with
a higher number of neighbors.

o« K-means and Top-K (KmTK): K-means is initially
executed. Subsequently, the base station with the highest
workload within each cluster is chosen as the edge server.

o Random: We will randomly select the locations for
deploying the edge servers from among the base stations.

In stage II, we introduced three baselines in comparison

with our proposed SPIB-TDB algorithm:

o Greedy-popular (GP): Priority is given to placing ser-
vices with the highest request rates.

¢ Greedy-popular and income (GPI): In the greedy algo-
rithm, services with high request rates and considerable
income are prioritized.

+ Random: This algorithm involves determining placement
strategy for services in a completely random manner.

B. Experiment Results

1) Stage I: In Algorithm 1, through continuous iterations,
the agent gradually approximates the optimal actions, ulti-
mately converging to a stable state. Figure 2 displays the
total cost for all algorithms across different numbers of base
stations. As the number of base stations increases, we observe
that the SDQ algorithm always maintains a relatively low total
cost. Other algorithms have higher total cost. Notably, the
K-means method performs well in minimizing transmission
cost. However, its tendency to deploy servers to each base
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station results in higher server acquisition cost. As a result,
its total cost is higher than our proposed algorithm. This
trend is also present in other algorithms that utilize clustering.
In the Top-DoF method, prioritizing nodes with the highest
number of neighbors might lead to a concentration of servers
in certain areas, resulting in uneven load distribution. The
Top-K method, which selects servers based on their workload
ranking, might not adequately consider the overall network
topology and connectivity. From these experiments, we can
conclude that SDQ exhibits the lowest total cost, as it simul-
taneously considers two objectives: 1) transmission cost and
2) server acquisition cost.

2) Stage II: since stage II builds upon the result of stage I,
the experiments in stage I maintain a consistent utilization of
our proposed SDQ algorithm for stage I. Distinct algorithms
are employed for stage II to compare the performance, as
illustrated in Figure 3 (a). The vertical axis Profit represents
the objective function value of our stage II (i.e. P3), where
a higher value indicates better algorithm performance. It can
be observed from Figure 3 (a) that the SPIB-TDB algorithm
that we proposed yields the highest Profit. Comparing the
SPIB-TDB algorithm with the GP algorithm highlights the
inadequacy of focusing only on the popularity of services.
However, although the GPI algorithm takes into account both
the popularity of services and the income they bring, it fails to
consider the associated higher computation and storage cost
of these services. Therefore, its algorithm performance is still
lower than our SPIB-TDB algorithm. In Figure 3 (b), the focus
is on our overall objective function P;. This experimental
design provides a more comprehensive illustration of the
excellent performance achieved when combining our proposed
SDQ with SPIB-TDB methods. In stage II, we consistently
employ our proposed SPIB-TDB algorithm. However, In stage
I, we utilize three baseline methods that demonstrated rela-
tively good performance in previous experiments: KmTk, Top-
dof, and K-means. In Figure 3 (b), the combination of SDQ
and SPIB-TDB algorithms still yields the highest profit. Other
algorithms perform poorly in stage I, as indicated in Figure
2. Consequently, they yield lower overall profit, even when
employing our proposed SPIB-TDB algorithm in stage II.

VII. CONCLUSION

In this paper, we investigate the problem of server de-
ployment and service placement in a multi-user scenario,
aiming to enhance the profit of MNOs while considering
constraints related to distance thresholds, resource limitations,
and connectivity requirements. We employ a two-stage method
to decouple the problem. On this basis, we proposed the SDQ
and SPIB-TDB algorithms. Finally, we conducted experiments
using a real base station dataset provided by Shanghai Telecom
to verify the superior performance of our proposed algorithms.
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