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Abstract—This paper addresses the virtual network embed-
ding (VNE) problem in integrated satellite-terrestrial networks
(STNs). VNE consists of mapping virtual network functions
(VNFs) in a service function chain (SFC) to physical nodes and
mapping virtual links connecting the VNFs to physical links.
Compared to terrestrial networks, VNE in STNs is challenging
due to the movement of the non-geostationary orbit (NGSO)
satellites and limited onboard processing resources. A static VNE
strategy fails to efficiently address the diverse requirements of
heterogeneous service requests in such a highly dynamic topology.
In addition, existing solutions do not consider the capacity
limitation and connectivity duration of inter-satellite links (ISLs)
and ground-to-satellite links, which are essential parameters
for deploying a VNE strategy in STNs. This work proposes a
heuristic solution and reinforcement learning (RL)-based im-
proved solution for the VNE scheme that can dynamically modify
the existing VNF deployment strategy to maximize the average
service acceptance rate and revenue. The RL agent selects a
suitable VNE strategy for each service request considering the
time-varying network topology and service’s requirements. The
proposed scheme increases the service acceptance ratio by 19.95%
compared to the benchmark TS-MAPSCH.

Index Terms—Software-Defined Networking (SDN), Virtual
Network Embedding (VNE), Reinforcement Learning, Non-
Terrestrial Networks, Satellite Constellation.

I. INTRODUCTION

The next-generation satellite-terrestrial network (STN) aims
to support services with diverse objectives [1]. However,
traditional STN architectures are not sufficiently flexible to
address these heterogeneous services’ specific quality of ser-
vice (QoS) demands. Virtual network embedding (VNE) is a
recent paradigm that can add flexibility to STNs by defining
multiple virtual networks over the same physical infrastructure.
VNE involves mapping virtual network requests (VNRs) to
the substrate network [2]. A VNR consists of one or more
VNFs arranged in a serial processing order, referred to as a
service function chain (SFC) [3]. VNE is a two-step process
– (1) mapping each VNF to a physical node in the substrate
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network for processing and (2) defining a subgraph over the
network topology, which refers to mapping the virtual links
connecting each pair of VNFs to physical links [4]. VNE relies
on network function virtualization (NFV) technology [5] that
dissociates network functions from hardware infrastructure and
deploys virtual network functions (VNFs) on network nodes
for execution [3] [6]. Integrating software-defined networking
(SDN) with STN also eases request-specific management by
separating the control and data planes [7]. However, inappro-
priate deployment of VNFs may increase service completion
duration and reduce the service acceptance ratio.

A. Motivation

The topology of STN is highly dynamic due to the move-
ment of non-geostationary orbit (NGSO) satellites. Accord-
ingly, in STN, the link connectivity and quality change with
time. This significantly impacts VNE, the primary mechanism
for realizing SDN/NFV-based service provisioning in STN.
A fixed VNE strategy is sufficient for terrestrial networks
where the link connectivity is static over time. However,
in STN, a fixed VNE strategy [5] [8] underperforms for
several reasons. For example, the mapped physical link may
become unavailable when a VNF needs to send the processed
result to the next VNF in the SFC or the destination ground
station. Moreover, the capacity of a mapped physical link
may fluctuate due to time-varying topology. Therefore, for
STN, dynamic VNE is necessary where an existing VNE
strategy is modified, taking into account the network statistics
and traffic demand. In this context, it is worth mentioning
that several factors, such as link connectivity and capacity,
and completion time requirements of heterogeneous VNRs,
influence the selection of a dynamic VNE strategy. However,
existing VNE solutions in STN do not consider these factors
jointly [9] [1].

Figure 1 shows a motivational scenario with a substrate
network consisting of three NGSO satellites (s1, s2, and s3)
and two ground stations (g1 and g2). The satellites have
onboard computing resources [10]. At topology snapshot 1, a
VNR with a single VNF is requested at g1 whose destination
is g2. The routing path g1 → s1 → s2 → g2 is selected for the
VNR, and the VNF is mapped to s2. Let us assume that the
processing of the VNF is incomplete in the topology snapshot
2. From Figure 1, we see that in the topology snapshot 2,
the link between s2 and g2 is unavailable. This may happen
if s2 moves out of the visibility range of g2 or the link
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Fig. 1: Motivating Scenario

cannot accommodate the VNR, which requires a certain data
rate. In this case, the routing path of the VNR is updated
to g1 → s1 → s2 → s3 → g2. This routing path update
incurs additional latency for the VNR. However, from Figure
1, we observe that the route g1 → s1 → s3 → g2 is more
stable than the route g1 → s1 → s2 → g2. Therefore,
mapping the VNF to s3 and routing the VNR through the
path g1 → s1 → s3 → g2 is a feasible VNE strategy. This
scenario intensifies in the presence the multiple heterogeneous
VNRs with one or multiple VNFs. Motivated by this scenario,
in this work, we consider link connectivity and stability as the
metric for selecting the VNE strategy in STN.

The motivation scenario presented above is a simplistic ex-
ample. However, in real networks, the scenario is complex due
to the many satellites and several VNRs of different types. Tra-
ditional approaches for VNE rely on heuristic algorithms that
often struggle to handle such networks’ complex and dynamic
nature. On the other hand, machine learning (ML) techniques,
specifically reinforcement learning (RL), have demonstrated
their capacity to adapt and optimize decision-making processes
through environmental interactions [11] [12] [13] [14]. In the
case of VNE, the training of RL algorithms can occur either
online, through a real system, or offline, using a generative
emulator representing the real environment. By leveraging RL
algorithms, the VNE process can be enhanced by enabling
intelligent, data-driven decision-making that adapts to the
evolving network conditions and requirements. A single con-
troller or a group of controllers can handle traffic engineering.
These controllers serve as the operational entity where the RL-
learned policies are applied during network operation. Using
RL-learned policies at the controller level allows efficient and
effective resource allocation, improved network performance,
and enhanced scalability in STNs, ultimately contributing to
the overall quality of service and user experience.

B. Contribution

In this work, we propose an RL-based dynamic VNE
approach for STNs. The proposed solution, ReViNE, considers
time-varying topology with NGSO satellites, processing re-
source limitation on satellite nodes, and capacity limitation of
the substrate network as the parameters for VNE in STN. The
proposed solution also facilitates VNF remapping to address
the topology dynamics of STN. The primary contributions of
this work are summarized as follows:

• We formulate the VNE problem based on the link and
capacity availability of the substrate network and the
processing time and data rate requirement of the VNRs.

• We design a linear relaxation-based greedy heuristic
algorithm to decide the VNE strategy for new and existing
VNRs.

• We design an RL-based VNE solution that adapts to
the changing network conditions. The formulated reward
function prioritizes the path with high revenue, low
VNR deployment cost, high link stability, and high link
capacity.

• Extensive simulation results show the effectiveness of
ReViNE in terms of request acceptance ratio and service
revenue.

C. Paper Organization

The remainder of the paper is organized as follows. Section
II discusses the literature on VNE in terrestrial and non-
terrestrial networks. Section III describes the system model
in terms of the physical network model, virtual network
model, and cost model. Section IV formulates the problem
and presents the proposed heuristic solution and the RL frame-
work. Section V evaluates the performance of the proposed
scheme. Finally, Section VI concludes the paper.
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II. RELATED WORK

In this section, we discuss recent works on VNE in both
terrestrial networks and non-terrestrial networks.

A. VNE in Terrestrial Networks

The allocation of resources to VNF and mapping VNFs to
physical nodes are the main topics of existing works relating to
VNE in terrestrial networks. A Deep Reinforcement Learning
(DRL) model for the dynamic scaling of VNF resources was
developed by Jalodia et al. [3]. Additionally, a Graph Neural
Network (GNN) model was used in this study to quantify
topological dependencies. Alhussein et al. [5] proposed a
heuristic method for multicast routing and VNF mapping,
which prioritizes service requests based on the request size and
provisioning cost. In [15], resilient VNF placement was inves-
tigated to lessen the number of SFC requests impacted when a
physical node fails. Liu et al. [8] designed heuristic algorithms
for dynamic VNF placement and routing, considering resource
and QoS constraints in terrestrial networks. The Dynamical
VNF Placement and Routing Problem (DVPRP) and the Delay,
packet Loss, and Jitter Aware Dynamical VNF Placement
and Routing Problem (DLJA-DVPRP) are two optimization
problems were developed therein. To meet the rule space’s
capacity, resource, and rate constraints, DVPRP seeks to
minimize the total cost of links and nodes in the routing path
of an SFC request and the cost of VNF deployment along the
path. DLJA-DVPRP also considers additional restrictions such
as end-to-end (E2E) delay, jitter, and packet loss.

B. VNE in Non-Terrestrial Networks

Several recent works on VNE have considered SDN/NFV-
enabled non-terrestrial networks (NTNs). The authors of [16]
put forth a framework with a topology awareness module to
track changes to the network topology and link status in the
Space-Ground Integrated Network (SGIN). The best routing
strategy was then determined using a DRL model based on
the most recent topology information. A reconfigurable VNF
embedding strategy was presented by Wang et al. [1] to maxi-
mize the number of service requests that can be accommodated
while minimizing computation and communication costs. Due
to the higher resource availability in the ground network, it is
preferred in this approach over the aerial network. However,
this work does not consider the readjustment of the current
VNF mapping and dynamic changes in network conditions.
Moreover, if the node has sufficient resources, this approach
assigns all VNFs for a service request to that node. In
a real-world scenario, each node can process VNFs of a
particular service type, such as [9]. The work of Li et al. [9]
emphasizes the need for dynamic adjustment of VNF mapping
and scheduling strategy to handle a range of Internet of Vehi-
cle (IoV) service demands in a Space-Air-Ground Integrated
Network (SAGIN). The authors addressed the E2E delay
requirement of recently received service requests by proposing
a Tabu search-based VNF remapping and rescheduling (TS-
MAPSCH) algorithm that modifies the current VNF mapping
and scheduling strategy. This approach does not explicitly

consider the effects of changes in link properties for a dynamic
network topology like satellite networks. This method also
does not contemplate the rate constraints of physical links.
Yuan et al. [17] proposed a greedy algorithm for joint VNF
placement and routing in STNs aiming to minimize the av-
erage E2E service latency. This approach approximates the
dynamics of STN topology with a time-evolving graph (TEG).
However, this work does not consider VNF deployment costs,
including the VNF remapping overhead. Yang et al. [18]
also exploit TEG for joint VNF placement and flow routing
in space information networks. This work considers a full
cooperation VNF deployment scheme where the same VNF
can be deployed at multiple nodes accessible by each VNR.
Therefore, this work aims to maximize the network flow
by balancing the coordination overhead from deploying the
same VNF at multiple nodes. Yue et al. [19] investigate VNF
placement problem in 6G NTN. The authors formulated the
VNF placement problem as an optimal matching problem and
proposed a Linear Programming (LP)-based approach to min-
imize the distance between the weighted graphs representing
the SFC requests and the physical network. Subsequently, this
work designs a Hungarian-based algorithm for SFC mapping,
considering the delay and resource requirements of each SFC.

C. Learning-Based VNE

Some current works use AI for resource management based
on VNF mapping. These studies take into account terrestrial
networks, though. Deep learning is used, for instance, in [20]
to map VNFs and allocate processing resources to the VNFs.
The time-varying nature of the traffic load is taken into account
in this work. Another study [21] uses DRL actor-critic archi-
tecture to allocate processing and storage resources to VNFs
for 5G terrestrial networks. The authors first develop a Markov
decision process (MDP) for dynamic resource allocation. The
deployed VNFs are then online resource-allocated by a DRL-
based algorithm following their dynamic resource needs. Also,
DRL is used in related work [22] to distribute data center (DC)
resources among VNFs.

The analysis of the existing literature reveals that, except
for the strategy suggested in [9], most works concentrate
on static VNE. Our work considers dynamic VNF mapping,
where the current strategy changes depending on the situation,
similar to [9]. Unlike the existing literature, our work considers
additional restrictions on the strength and stability of physical
links, such as the duration of link availability and capacity.
We also consider an NGSO constellation as the substrate
network, where the availability of multiple E2E routes adds
complexity to the VNE process, which is relevant in the real-
world scenario. Moreover, incorporating an RL-based solution
adds a layer of adaptability to the VNE scheme. The RL
agent dynamically selects a suitable VNE strategy for each
VNR, considering (1) VNR-specific parameters such as source
and destination nodes, revenue, latency requirements, and
deployment cost and (2) network-specific parameters such as
available E2E paths, and stability and capacity of the links on
each path.
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Fig. 2: Network Architecture

III. SYSTEM MODEL

A. Physical Network Model

As shown in Figure 2, we consider a software-defined STN
consisting of a set of nodesN in the data plane, which includes
a set of low earth orbit (LEO) satellite nodes Ns and a set of
ground nodes Ng . The ground and satellite nodes vary in terms
of processing capacity [23] [24]. Let pi denote the processing
capacity of ni in terms of processing units. Let E denote the
set of links and eij ∈ E represent the link connecting ni ∈ N
and nj ∈ N . The links connected to satellite nodes are time-
varying regarding availability, link capacity, and propagation
latency. The time-varying network topology is described via
multiple time slots where the network topology is static in
each time slot [25]. Let the duration of each time slot be σ
time units and the start time of the tth time slot be tstart.
Let bij [t] and δij [t] denote the available capacity in Mbps and
propagation latency of eij , respectively.

Definition 1 (Link Connectivity). The link connectivity is
indicated as:

aij [t] =

{
1 only if the link eij is available at time slot t,
0 otherwise.

(1)

Factors such as satellite visibility, minimum elevation angle,
and antenna re-pointing periods determine link connectivity.

Definition 2 (Link Stability). The link stability is expressed
as:

sij [t] =


m if aij [t] = 1 and eij connected for m slots,

starting from the current time slot t,
0 otherwise.

(2)

Table I depicts the list of symbols used in this paper.

B. Virtual Network Model

Let F [t] denote the set of VNRs that are new or currently
in process at time slot t. Each VNR consists of an ordered
set of VNFs installed and executed on network nodes. User
Equipment (UE) associated with ground nodes request these
VNRs. The request is unidirectional and can be either point-
to-point or point-to-multipoint.

A VNR fk ∈ F [t] is represented by a tuple
< nk

s ,N k
d , V

k, Ek, tkarr, rk, Dk >, where nk
s ∈ N is the

source node, N k
d ⊂ N is the set of destination nodes, V k is an

ordered set of VNFs, Ek is the set of virtual links connecting
the VNFs, tkarr is the arrival time of the request, rk is the
normalized revenue for servicing the request, and Dk is the
maximum allowable delay.

We consider that a VNF va ∈ V k requires βa processing
units. A virtual link egh ∈ Ek has rate unit requirement
denoted by bgh. Each virtual link is mapped to one or multiple
physical links. The following binary variable indicates whether
a virtual link is mapped to a physical link at time slot t:

yijgh[t] =

{
1 if egh ∈ Ek is mapped to eij ∈ E at t,
0 otherwise.

(3)

The mapping of a VNF va to a node ni at time slot t is denoted
by the following binary variable:

xa
i [t] =

{
1 if va is mapped to ni at t,
0 otherwise.

(4)

The processing duration of fk is estimated as:
dk =

∑
va∈V k

∑
ni∈N

xa
i [t]δ

a
i +

∑
egh∈Ek

∑
eij∈E

yijgh[t]δij [t], (5)

where δai is the execution time for va at ni. Therefore, the
number of time slots required to process fk is treqk = ⌈dk

σ ⌉.

C. Cost Model
The VNR deployment cost consists of the cost of embedding

new VNRs, which may involve the migration of VNF mapping
for incomplete requests arrived at earlier time slots [26]. This
cost depends on the number of VNFs mapped or remapped for
a given service. For an existing VNR fk where tk,arr < tstart,
the VNF deployment cost includes the cost of remapping
already mapped VNFs and is given by:

Cd
k [t] =

∑
va∈V k

∑
ni∈N

xa
i [t] (1− xa

i [t− 1]) (cir + cim)∑
ni∈N

(cir + cim)
, (6)

where cim and cir are the costs in time units for instantiating
and remapping a VNF to ni, respectively. For a new VNR
arriving at the current slot, the VNF deployment cost is given
by:

Cd
k [t] =

∑
va∈V k

∑
ni∈N

xa
i [t]c

i
m∑

ni∈N
(cir + cim)

. (7)
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TABLE I: Table of Symbols

Symbol Definition Measurement Unit (if applicable)
N Set of physical nodes
Ns Set of LEO satellites
Ng Set of ground nodes
pi Processing capacity of ni ∈ N T flops
E Set of links
σ Duration of a time slot seconds
tstart Start time of slot t
bij [t] Available capacity of eij ∈ E Mbps
δij [t] Propagation latency of eij ∈ E milliseconds
F [t] Set of VNRs
nk
s Source ground node of fk ∈ F [t]
N k

d Set of destination ground nodes of fk ∈ F [t]
V k Ordered set of VNFs for fk ∈ F [t]
Ek Set of virtual links for fk ∈ F [t]
tkarr Arrival time of fk ∈ F [t]
rk Normalized service revenue of fk ∈ F [t]
Dk Maximum allowable delay of fk ∈ F [t] milliseconds
βa Processing units required by a VNF va ∈ V k

bgh Data rate required by a virtual link egh ∈ Ek Mbps
δai Execution time of va ∈ V k at ni ∈ Ns milliseconds
cim Cost of instantiating a VNF at ni ∈ Ns milliseconds
cir Cost of remapping a VNF to ni ∈ Ns milliseconds

Definition 3 (Service Revenue). The revenue for serving an
SFC request fk is given by:

Ik = rk
Dk − dk

Dk
. (8)

A VNR is only accepted if the estimated completion dura-
tion, as mentioned in Equation (5), is less than the respective
maximum allowable delay. Therefore, we use a binary variable
A to denote the acceptance of a VNR. Mathematically,

Ak[t] =

{
1 if dk ≤ Dk,

0 otherwise.
(9)

Definition 4 (Request Acceptance Ratio). The request accep-
tance ratio at time slot t is given by:

AR[t] =

∑
fk∈F [t]

Ak[t]

|F [t]|
. (10)

IV. DYNAMIC VNE FOR STN

We consider that at any time slot, VNRs arrive dynamically.
Therefore, some of these requests may continue over the
next time slot. This work aims to construct a dynamic VNF
mapping strategy to minimize total cost and maximize revenue
considering the effects of changes in the network topology and
available resources.

A. Problem Formulation

The work aims to maximize the revenue and minimize the
VNF deployment and migration cost at a time slot t. The

decision variables are x[t] and y[t], which denote the mappings
of VNFs and virtual links, respectively. Mathematically,

P0: Maximize
x[t],y[t]

∑
fk∈F [t]

Ik − Cd
k [t] (11)

subject to∑
ni∈N

xa
i [t] = 1,∀va ∈ Vk,∀fk ∈ F [t], (12)∑

fk∈F [t]

∑
va∈Vk

xa
i [t]βa ≤ pi,∀ni ∈ N , (13)

yijgh[t] ≤ aij [t],∀egh ∈ Ek,∀fk ∈ F [t],∀eij ∈ E , (14)∑
fk∈F [t]

∑
egh∈E

yijgh[t]bgh ≤ bij [t],∀eij ∈ E , (15)

∑
ni∈N

yijgh[t]−
∑
ni∈N

yjigh[t] = xh
j [t]− xg

j [t],

∀nj ∈ N ,∀egh ∈ Ek,∀fk ∈ F [t], (16)
xa
i [t] ∈ {0, 1},∀ni ∈ N ,∀va ∈ Vk,∀fk ∈ F [t], (17)

yijgh[t] ∈ {0, 1},∀eij ∈ E ,∀egh ∈ E
k,∀fk ∈ F [t], (18)

Equation (12) states that a VNF can be mapped to exactly
one node. Equation (13) conveys that a satellite should have
sufficient processing capacities to handle the mapped VNFs.
The constraint mentioned in Equation (14) states that a VNR
is routed through a link only if it is available. Equation (15)
expresses the link capacity constraint. Equation (16) states
the flow conservation constraint required to establish a VNR
routing path.

The optimization problem formulated in Equation (11) is
an Integer Linear Programming (ILP) problem with binary
decision variables x[t] and y[t], which is computationally
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expensive for large-scale networks with high number of NGSO
satellites and equivalently high number of VNRs. After relax-
ing the binary variables as continuous variables, problem P0
can be re-written as follows:

P1: Maximize
x[t],y[t]

∑
fk∈F [t]

Ik − Cd
k [t] (19)

subject to
(12− 16),

0 ≤ xa
i [t] ≤ 1,∀ni ∈ N ,∀va ∈ Vk,∀fk ∈ F [t], (20)

0 ≤ yijgh[t] ≤ 1,∀eij ∈ E ,∀egh ∈ Ek,∀fk ∈ F [t],(21)

Algorithm 1 Dynamic VNE (D-ViNE) Algorithm

INPUT: P1
OUTPUT: {x[t], y[t]}
PROCEDURE:

1: Solve the relaxed optimization problem P1 in Equation
(19) to obtain solution {x1[t], y1[t]}

2: for each x1ai [t] ∈ x1[t] do
3: if x1ai [t] ∈ Z then ▷ Integer solution
4: xa

i [t]← x1ai [t]
5: else
6: Λn ← {ϕ}
7: for all ni ∈ N do
8: ni ← argmax

ni∈N\Λn

x1ai [t], Λ
n ← Λn ∪ {ni}

9: if constraint (13) is not violated then
10: Set xa

i [t]← 1
11: break
12: end if
13: end for
14: end if
15: end for
16: for each y1ijgh[t] ∈ y1[t] do
17: if y1ijgh[t] ∈ Z then ▷ Integer solution
18: yijgh[t]← y1ijgh[t]
19: else
20: Λe ← {ϕ}
21: for all eij ∈ E do
22: eij ← argmax

eij∈E\Λe

y1ijgh[t], Λ
e ← Λe ∪ {eij}

23: if constraints (14-16) are not violated then
24: Set yijgh[t]← 1
25: end if
26: end for
27: end if
28: end for
29: return {x[t], y[t]}

B. Heuristic Solution

Based on the solution of P1, we propose a heuristic algo-
rithm to generate a feasible solution. Algorithm 1 shows the
Dynamic VNE (D-ViNE).

D-ViNE algorithm considers the relaxed optimization prob-
lem P1 as an input and generates the feasible solution rep-
resented by the set of decision variables x[t], y[t]. Line 1

computes the solution of P1 denoted by the set of decision
variables x1[t], y1[t]. We use CVX solver [27] to solve P1.
D-ViNE algorithm performs VNF mapping and virtual link
mapping sequentially. For VNF mapping, if a decision variable
x1ai [t] ∈ x1[t] is an integer, D-ViNE algorithm directly maps
x1ai [t] to xa

i [t] ∈ x[t]. Otherwise, we select an unvisited node
ni ∈ N for which the value of x1ai [t] is the highest and check
whether mapping the VNF va to ni satisfies the constraint
mentioned in Equation (13). If the constraints are satisfied,
we set xa

i [t] ← 1. This process continues until a node where
the respective VNF can be mapped is found. The set Λn

contains the set of visited nodes. Similarly, for virtual link
mapping, if a decision variable y1ijgh[t] ∈ y1[t] is an integer,
D-ViNE algorithm maps y1ijgh[t] to yijgh[t] ∈ y[t]. Otherwise,
we select an unvisited edge eij ∈ E for which the value of
y1ijgh[t] is the maximum and check whether mapping virtual
link egh ∈ Ek to physical link eij satisfies the constrains
mentioned in Equations (14-16). If the constraints are satisfied,
we set yijgh[t] ← 1. The set Λe contains the visited physical
links.

The computational complexity of Algorithm 1 depends
on the time required for mapping the nodes and links.
For node mapping, Steps 2-15 takes O(|N |2

∑
fk∈F

|Vk|)

time. For link mapping, Steps 16-28 takes O(|E|2
∑

fk∈F
|Ek|).

Therefore, the computational complexity of Algorithm 1 is
O(|N |2

∑
fk∈F

|Vk|+|E|2
∑

fk∈F
|Ek|) which can be approximated

as O(|E|2) for large-scale networks.

C. ReViNE: RL-Based VNE

We propose an RL-based algorithm that offers an adaptive
and optimal solution compared to the heuristic solution. We
define the deep Q network (DQN) framework where an RL
agent aims to maximize the revenue and minimize the cost
at t for each unfinished VNR fk that arrived in the current
or earlier time slot. DQN is a promising algorithm for high-
volume data [28], which is evident in the network scenario
considered in our work, where the number of nodes (LEO
satellites and ground) is large.

1) DQN Framework: The RL model is represented as
a Markov decision process (MDP) defined by the tuple <
S,A,P,R >, where S denotes the state space, A is the
action space, P is the set of transition probabilities, and R
is the reward function. For the dynamic VNE scheme, the
MDP parameters are defined as follows:

a) State Space: The state space (S) at time τ refers to
the maximum available processing units in each path between
the source and destination nodes. Therefore, we have:

S = {pi,τ},∀pathi ∈ Paths, (22)
where pi,τ denotes the maximum available processing units of
the ith path, and Paths denote the set of all paths between a
source-destination pair at time τ .

b) Action Space: The action space at time τ refers to
selecting the path for mapping the VNRs. VNFs are mapped
according to their order in the VNR to satellites on the selected
path with sufficient processing units available, starting with the
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satellite having maximum residual processing units. Therefore,
the action space A at time τ is the set of common paths
between the source node ns

k and all of the destination nodes
in N d

k . The link mapping y is computed based on mapped
physical nodes. For example, if xa

i [t] = 1 and xa+1
j [t] = 1,

yijgh[t] = 1 where egh is the virtual link between va, and va+1.

c) Reward Function: The reward function rτ ∈ R is
its progress towards the goal of the optimization problem P1
which is heuristically inspired. For the composition of the
reward function, we consider the following parameters for the
formulated problem P1:

• Service Revenue: As mentioned in P1, the objective is to
maximize the service revenue. Therefore, we select the
service revenue as a component of the reward function.
The reward increases as the service revenue increases,
which signifies processing all VNFs fast and within the
maximum allowable delay of the VNR.

• VNR Deployment Cost: P1 aims to minimize the VNR
deployment cost. Therefore, we select the VNR de-
ployment cost as a component of the reward function.
The VNR deployment cost increases when VNFs are
remapped to meet the service demand. However, the
reward function ensures that the number of remapping is
limited as the reward decreases with the VNR deployment
cost.

• Link Stability: As mentioned in Constraint (14) of P1,
the mapped physical link should be available during the
lifetime of the VNRs. Therefore, we select link stability
as a parameter of the reward function. It assists the agent
in preferring more stable physical links for mapping the
virtual links. The minimum link stability on the E2E path
selected to route a VNR fk is given by:

smin
k = min

egh∈Ek,yij
gh[t]=1,eij∈E

(sij [t]) (23)

• Link Capacity: As mentioned in Constraint (15) of P1, a
physical link should have sufficient capacity to accommo-
date all the virtual links mapped to it. Therefore, we select
the surplus link capacity available on the links in the E2E
path as a parameter of the reward function. Intuitively, the
reward increases with the residual link capacity.

Mathematically,

rτ =
1

|F ′ [t]|
∑

fk∈F ′ [t]

(α1Ik − α2C
d
k [t] + α3

smin
k − treqk

smin
k

+α4

∑
egh∈Ek

∑
eij∈E

yijgh[t]
bij [t]− bgh

bij [t]
), (24)

where F ′
[t] ⊂ F [t] is the set of VNRs between the pair of

source and destination nodes, αi, i ∈ {1, 2, 3, 4} are the weight
coefficients, and treqk is the slots required to process fk.

In DQN, the Q-values or the probability of taking actions are
estimated to optimize the reward [29]. We use DQN to learn
a parametrized value function Q(s, a; θ) that approximates the
optimal Q-values. The value function Q(sτ , a; θu) is obtained
based on the one-step look ahead rτ + γ max

a
Q(sτ+1, a; θu),

where γ is the discount factor. Hence, the parameter θu
determines Q(sτ , a; θu), which in turn influences the selection

Algorithm 2 Dynamic VNE Algorithm

INPUTS: γ, ϵ, Me, T , < S,A,P,R >
OUTPUT: Optimal policy, x[t], y[t]
PROCEDURE:

1: Initialize replay buffer B
2: Initialize Q-network with parameters θu ← θ
3: Initialize target network with parameter θu
4: for episode = 1 to Me do
5: Reset the environment and initialize state sτ
6: for τ = 1 to T do
7: With probability ϵ select a random action aτ
8: Otherwise, select action aτ = argmaxQ(s, a)
9: Execute action aτ in the environment and receive

reward rτ and new state sτ+1

10: Store transition (sτ , aτ , rτ , sτ+1) in replay buffer
B

11: Set sτ ← sτ+1

12: Sample a random mini-batch of transitions
(sτ , aτ , rτ , sτ+1) from B

13: Compute loss function using (25)
14: Perform gradient descent for the Q-network and

update the parameters θu
15: end for
16: Reduce ϵ according to the decay schedule
17: end for
18: Update node mapping x[t] and link mapping y[t] based

on the optimal policy

of a good action. The loss function is given by:

L(θu) =


(rτ + γ max

a
Q(sτ+1, a; θu)

−Q(sτ , a; θu))
2 for non-terminal state,

rτ otherwise,
(25)

DQN aims to determine the optimal θ∗u that minimizes L(θu).
Algorithm 2 presents the RL-based dynamic VNE proce-

dure. Lines 1-3 initialize the replay buffer B and parameters
for the Q-network and target network, respectively. The train-
ing is performed for Me episodes, each with T steps. At the
beginning of each episode, the environment is reset in Line
5. In each step, an action is selected and executed, and the
transition is stored in B, the loss is computed using (25),
and parameters of the Q-network are updated using gradient
descent (Lines 6-15). The output of the learned Q-network is
the optimal policy referring to optimal actions, which define
the routing path of the VNRs in terms of node mapping x[t]
and link mapping y[t]. In this work, we do not consider VNF
scheduling, i.e., determining the execution time of the VNFs
mapped to the same node due to limited scope. However, the
proposed VNE solution can be integrated with our work [30]
on VNF scheduling for non-terrestrial networks.

The computational complexity of Algorithm 2 depends on
the number of iterations, hidden layers, and neurons in each
layer. The number of iterations depends on the number of
episodes and the number of steps in each episode. Therefore,
the total number of iterations is MeT . Steps 7-14 take O(Hη2)
time, where H is the number of hidden layers and η is
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the number of neurons in each layer [31]. Therefore, the
computational complexity of Algorithm 2 representing a single
DQN is O(MeTHη2). Moreover, there are |N |(|N | − 1)
source-destination pair which implies |N |(|N | − 1) DQNs.
However, in reality, VNRs do not exist between all source-
destination pairs at a time slot, which reduces the number of
required DQNs. The computational complexity of each DQN
can be further reduced by careful selection of the parameters
Me, T , H , and η2.

TABLE II: Simulation Parameters

Parameter Value
Satellite constellation Iridium NEXT [32]
Inclination 86.4◦ [32]
Number of orbital planes 6 [32]
Constellation altitude 780 km [32]
Number of time slots 1441
Duration of a time slot (σ) 60 seconds
Number of LEO satellites (|Ns|) 75 [32]
Number of ground nodes (|Ng|) 70
VNR arrival rate 0.05-0.2 VNRs/s [9]
Processing capacity of a satellite
node (pi)

20− 40 T flops [33]

Capacity of ISLs 100−150 Mbps [34]
Capacity of ground-to-satellite links 150−200 Mbps [34]
Maximum allowable delay of a
VNR (Dk) 100− 125 ms [9]

Number of VNFs in a VNR (|Vk|) 3− 5 [9]
Revenue of a VNR 50− 100 [9]
VNF execution time at a satellite
node (δai ) 5− 10 ms [9]

Processing units required by VNF
(βa) 10− 20 [9]

Rate required by virtual link (bgh) 10− 30 Mbps [35]
VNF remapping cost (cir) 4 ms [9]
VNF instantiation cost (cim) 3 ms [9]
Weight coefficient (α) 0.25

V. PERFORMANCE EVALUATION

A. Simulation Settings

For the performance evaluation of the proposed scheme, we
consider the Iridium NEXT constellation, which has 75 LEO
satellites distributed in 6 orbital planes at 780 km altitude
[32]. The constellation is simulated using MATLAB Satellite
Communication Toolbox [36] and the two-line element (TLE)
data of Iridium NEXT constellation for the date 21st Octo-
ber 2022 [32]. The total simulation duration of one day is
divided into 1441 slots, each having a duration of 1 minute.
Additionally, we consider 70 ground nodes placed optimally
based on the work by Guo et al. [37]. VNRs are randomly
generated between pair of nodes to ensure diversity. Table II
states the simulation parameters. We assume that the network
resources are sufficient to support all the VNRs, i.e., there
exists a feasible solution to problem P0.

TABLE III: DQN Parameters

Parameter Value
Discount factor (γ) 0.99
Epsilon (ϵ) 0.9
Epsilon decay 0.01
Maximum number of episodes (Me) 500
Maximum number of steps per episode (T ) 50

B. Simulation of the RL Model

The state and action spaces are defined based on the routes
between the source and destination nodes for simulating the
RL model. The learning algorithm is executed for a maximum
of 500 episodes, each containing 50 learning steps. Each
episode starts with an initial state which signifies the process-
ing resource availability on the routes. Accordingly, the agent
takes action by selecting a route, observes the resulting states
and rewards, and learns from these experiences to update its
policy. The DQN algorithm can handle a large state space due
to multiple paths between source and destination nodes. For
the design of the DQN, the input state is followed by two fully
connected layers, each consisting of 64 units, consisting of the
ReLU activation function. Table III specifies the parameters
considered for the DQN model.

C. Benchmark Schemes

For performance evaluation, we consider two benchmark
schemes – fixed VNE and TS-MAPSCH [9]. The fixed VNE
scheme greedily maps VNFs to physical nodes based on
the available processing units and does not facilitate VNF
remapping. On the other hand, TS-MAPSCH examines the
feasibility of all neighboring solutions for VNF mapping and
selects the best one. TS-MAPSCH also remaps the VNFs
as needed. Additionally, we compare the performance of the
proposed DQN-based ReViNE solution with Policy Gradient
(PG) that uses the same RL model formulated in IV-C1. We
select PG as the benchmark because it is a model-free RL
algorithm similar to DQN that can work well in discrete action
space.

D. Performance Metrics

We consider the following metrics to evaluate the perfor-
mance of ReViNE:

• Request Acceptance Ratio: This metric, as defined in
Definition 4, quantifies the number of mapped VNRs
estimated to complete within the maximum allowable
delay based on a selected VNE strategy.

• Average Service Revenue: This metric is defined in
Definition 3, and it measures the average profit for serving
the requests based on the respective revenue of the
requests.

• VNF Deployment Cost: As stated in Equations (6) and
(7), we need this metric to evaluate the combined cost of
VNF mapping and remapping to show the efficacy of the
proposed dynamic VNE strategy.
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• Rate of VNF Remapping: This metric quantifies the
number of remapped VNFs to analyze the stability of the
initial VNE strategy.

Fig. 3: Request Acceptance Ratio

E. Result and Discussion
1) Request Acceptance Ratio: Figure 3 shows the request

acceptance ratio for different traffic volumes. From the simu-
lation results, we observe that ReViNE accepts more requests
compared to the benchmarks. In particular, for the VNR arrival
rate of 0.2 VNRs/s, ReViNE accepts 6.09% and 19.95%
more VNRs than the fixed VNE and TS-MAPSCH strategies.
According to the reward function defined in (24), ReViNE
maps each VNR to a stable routing path. Therefore, the
VNRs are less affected by the topology changes and complete
processing of the VNFs within the respective delay bound.
Also, remapping unfinished requests increases the acceptance
ratio. The request acceptance ratio for the fixed VNE strategy
is low as it does not support VNF remapping, and some of the
mapped VNRs underperform as the traffic volume increases.
Also, we observe that all the schemes exhibit good perfor-
mance for low traffic volume. This is because the available
computation and link capacity resources are adequate for the
services arriving at a low rate.

2) Average Service Revenue: As shown in Figure 4, the
average service revenue for ReViNE is 4.17% and 34.93%
more than fixed VNE and TS-MAPSCH for an arrival rate
of 0.05 VNRs/s. This is because the RL agent maximizes
the revenue of each VNR by mapping it to a path with
the minimum E2E delay as stated in the reward function
formulated in (24). We also observe that the performance
gap between ReViNE and the benchmarks increases with
the traffic volume. This is because the number of requests
violating the latency demand rises with the traffic volume.
In this case, ReViNE rearranges the mapping strategy more
effectively than the benchmarks to guarantee that more VNRs
complete processing within the respective delay bound. To be
precise, ReViNE selects a stable path with low E2E delay for
remapping existing VNRs. In comparison, the benchmark TS-
MAPSCH ignores the link characteristics and facilitates VNR
remapping only considering the slackness value, which is the
difference between the respective delay demand and the actual
E2E delay.

Fig. 4: Average Service Revenue

Fig. 5: VNF Deployment Cost

3) VNF Deployment Cost: We analyze the performance
of the proposed scheme in terms of the deployment cost
for mapping and remapping VNRs. Excessive remapping
increases deployment cost, which refers to an inefficient VNE
strategy for resource-constrained STNs and reduces the service
provider’s profit. Figure 5 shows that the deployment cost
for the fixed VNE strategy is the minimum as it involves
only the cost of mapping the VNFs for the first time without
any provision for remapping. In addition, we observe that the
VNF deployment cost of TS-MAPSCH is 5.74% more than
ReViNE. This is because TS-MAPSCH redeploys the VNFs
based on profit without considering the link status. On the
other hand, ReViNE performs minimal VNF redeployment
by mapping the VNFs considering link stability and capacity.
Therefore, the VNF deployment cost for ReViNE is less than
that of TS-MAPSCH.

4) Rate of VNF Remapping: Figure 6 shows that the bench-
mark TS-MAPSCH remaps more VNRs than ReViNE. This
is because TS-MAPSCH remaps as many VNRs as possible
to obtain the maximum profit. In contrast, as defined in the
reward function stated in (24), ReViNE aims to minimize the
VNF deployment cost, which increases with the number of
remapped VNFs. However, for high traffic volume, the VNF
remapping rate for ReViNE increases slightly. In particular, for
a VNR arrival rate of 0.2 services/s, the VNR remapping rate
of ReViNE is 9.08%, which is 22.29% less than that of TS-
MAPSCH. The reason is that the number of VNRs violating

This article has been accepted for publication in IEEE Transactions on Communications. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TCOMM.2024.3400911

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



IEEE TRANSACTIONS ON COMMUNICATIONS 10

Fig. 6: Rate of VNF Remapping

the delay bound increases significantly for high traffic volume.
Therefore, the RL agent remaps more requests optimizing
the VNF deployment cost and service revenue. From the
simulation results, we can conclude that the proposed ReViNE
scheme is more beneficial than the benchmarks as it offers a
balanced rearrangement of an existing VNE strategy even for
high traffic volume.

We also analyze the performance of the proposed RL model.
Figure 7 depicts the average training time and average predic-
tion time of the DQN for different VNR arrival rates. After
successful training, the RL agent takes 1.69 ms on average to
predict the VNE strategy. Hence, from the simulation results,
we yield that the formulated RL model can obtain the optimal
action online, a required feature for the scenario we described
in Section I-A.

Fig. 7: Performance of RL Model

Figure 8 compares the computation time of ReViNE with
the solution of LP formulated in (19). The LP is solved
using the CVX solver [27]. The computation time of ReViNE
includes both the training time and the prediction time. From
the simulation results, we observe that the computation time
of the LP solution increases exponentially with the number of
VNRs. In addition, Figure 9 shows that ReViNE offers similar
performance as the LP solution.

The simulation results demonstrate that ReViNE effectively
mitigates the impact of topology changes, resulting in a
higher acceptance ratio. This accomplishment is attributed

Fig. 8: Comparison of Computation Time with LP Solution

Fig. 9: Comparison of Acceptance Ratio with LP Solution

to ReViNE’s strategy of mapping each VNR to a stable
routing path. Moreover, ReViNE minimizes VNF redeploy-
ment, resulting in a lower remapping rate, especially at high
traffic volumes where the RL agent optimizes cost and service
revenue. Also, DQN achieves better performance than PG
because DQN balances exploration and exploitation efficiently,
leveraging experience replay for effective learning from past
decisions.

VI. CONCLUSION

This paper presented an approach for RL-based dynamic
VNE in STNs. The proposed scheme, ReViNE, determines
appropriate satellite nodes and links for mapping the VNFs and
virtual links of diverse VNRs considering link connectivity,
link capacity, and processing capacity of the substrate STN.
Additionally, ReViNE optimizes the VNR deployment cost
and service revenue with selective remapping of the VNFs. We
compared ReViNE with existing solutions. Simulation results
exhibit that ReViNE increases the VNR acceptance ratio and
the service revenue compared to the benchmarks optimizing
the trade-off between VNF remapping and VNR deployment
cost. Therefore, from the simulation results, we conclude that
the dynamic VNE strategy generated by ReViNE is suitable
for both the service provider and UE.

The current results motivate several future research top-
ics. One potential topic is to consider multi-layer satellite
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constellations involving a combination of LEO and medium
earth orbit (MEO) satellites. In such a multi-orbit architec-
ture, it is necessary to investigate the performance of the
proposed scheme combined with VNF scheduling aspects.
Another promising topic is the exploration of advanced rein-
forcement learning algorithms, which can provide the desired
performance-complexity trade-off considering the large satel-
lite topology.
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