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Abstract—This paper investigates the dynamic mapping and
scheduling of multiple service function chains (SFCs) within net-
work function virtualization (NFV)-enabled, multi-layer satellite-
terrestrial integrated networks (STINs). A new framework for
dynamic deployment of SFCs is proposed. We first introduce
a novel network traffic modeling approach that treats SFCs
as dynamical systems, effectively capturing the time-varying
characteristics of service demands and resource availability. The
deployment of multiple SFCs across NFV server nodes is formu-
lated as a constrained optimal resource allocation problem for
these dynamical systems. To address the computational challenges
and improve scalability in large-scale networks, we then propose
a distributed policy gradient algorithm designed to solve the
posed problem. We rigorously show that the proposed distributed
algorithm is theoretically sound in determining the sub-optimal
placements of virtual network functions (VNFs), while minimizing
a global cost function that balances service provider expenditures
with user quality of service (QoS). The proposed framework adds
to the disposal of scalable and practical solutions for dynamic SFC
orchestration in STINs.

Index Terms—Network Function Virtualization (NFV), Service
Function Chain (SFC), Network Traffic Model, Distributed Policy
Gradient

I. INTRODUCTION

The rapid evolution of 5G/6G networks and the growing
demand for low-latency, high-reliability services have driven
the integration of terrestrial and satellite networks into a unified
and network function virtualization (NFV)-enabled Satellite-
Terrestrial Integrated Network (STIN). Such networks promise
global coverage, enhanced resilience, and improved quality
of service (QoS) for diverse applications, including IoT, au-
tonomous systems, and emergency communications. However,
the inherent dynamics of STINs, such as time-varying topol-
ogy, intermittent connectivity, and resource constraints, pose
significant challenges for efficient service function chain (SFC)
orchestration, where virtualized network functions (VNFs)
must be dynamically deployed and interconnected to meet
service requirements [1].

Satellite networks introduce unique challenges, such as
frequent handovers, limited onboard processing, and hetero-
geneous resource distribution [2], [7]. Several studies have
investigated the use of software-defined network (SDN)/NFV
technologies in satellite networks. In [2], three scenarios for
using SDN/NFV technologies in satellite networks were inves-

tigated in terms of virtualization within the satellite ground seg-
ment (satellite hubs, terminals, and networking equipments), of
4G/5G satellite backhauling services, and of satellite-terrestrial
hybrid access services. In [7], a SDN/NFV based satellite
networks framework was proposed, which consisted of five
planes: management plane on ground for routing policy cal-
culation, security and resource management, control plane on
GEO layer for communicating between satellites and manage-
ment plane, forwarding plane on MEO layer for searching flow
tables to find the matching forwarding information, accessing
plane on LEO, and service plane on satellites gateway for
processing date from and to satellites. In [3], SDN/NFV-
enabled satellite networks were studied by applying in different
segments in a typical satcom network configuration including
terrestrial gateways, satellites, and customer terminals.

Existing SFC mapping and scheduling approaches primarily
focus on terrestrial networks, assuming relatively stable re-
source availability and predictable traffic patterns. However,
these assumptions may not hold in STINs, where network
conditions change rapidly due to satellite mobility, limited
onboard resources, and fluctuating service demands. More-
over, most existing solutions rely on centralized optimization,
which suffers from high computational complexity and poor
scalability in large, dynamic environments. To address these
challenges, we propose a new distributed framework that
dynamically optimizes SFC deployment while balancing cost
efficiency for service providers and QoS for end-users.

Traditional SFC mapping and scheduling solutions in ter-
restrial networks range from integer linear programming (ILP)
to heuristic approaches [10]. However, these methods often
assume static or semi-static network conditions, making them
unsuitable for highly dynamic environments like STINs. Re-
cent advances leverage machine Learning and reinforcement
Learning for adaptive SFC deployment. For instance, a central-
ized reinforcement learning algorithm was proposed to solve
the VNF scheduling problem with delay guarantees in [4]. In
[9], a MDP model was introduced to capture dynamic network
state transitions, and an adaptive, online, deep reinforcement
learning approach was proposed to deploy SFCs. In [11],
an adaptive interference-aware VNF deployment algorithms
was proposed for 5G network slice. Cost-aware dynamic SFC
mapping and scheduling was studied in [5]. A game-theoretical
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approach was proposed in [6] for multiple service function
chains embedding. However, most those algorithms focus on
centralized controllers, which may have issues with scalability
in large-scale, distributed networks.

In this paper, we further tackle the challenge of dynam-
ically deploying multiple service function chains (SFCs) in
large-scale, multi-layer satellite-terrestrial integrated networks
(STINs). We propose a scalable and tractable framework for
optimizing SFC deployment, focusing on two core objectives:
(1) optimal placement of virtual network functions (VNFs)
on physical NFV nodes, and (2) dynamic allocation of server
resources.

The main contributions of this paper can be summarized
in three main points: (1) Dynamic network traffic modeling:
each SFC is modeled as a dynamical system to capture real-
time traffic fluctuations and resource demands. (2) Joint cost
optimization: we formulate a novel cost function that simul-
taneously minimizes operational expenses for NFV providers
while satisfying quality of service (QoS) requirements. (3)
Data-driven distributed policy gradient method: to avoid ex-
plicit use of model of network dynamics, we propose a
fully data-driven policy gradient algorithm. Each NFV node
is equipped with a parameterized policy network, updated
via gradient descent. A distributed estimation mechanism is
integrated to compute global cost-related terms using only
local information exchange among NFV nodes. The proposed
framework adds to the disposal of scalable and practical
solutions for dynamic SFC orchestration in STINs. While this
paper rigorously demonstrates the theoretical soundness of the
proposed distributed algorithm within its scope, comprehensive
simulations and experimental validation are reserved for future
work.

II. SFC-BASED NETWORK TRAFFIC MODEL

Consider a large scale STIN in which NFV and SDN
technologies are being employed to reduce the operation cost
and to improve the QoS for customers. In the design of
NFV modules for STIN, one of the main problems is how
to determine the deployment of SFCs onto different types of
server nodes in STIN while considering the challenges due to
long communication latency and mobility of satellite nodes.

We consider a multi-layered architecture of STIN as shown
in Figure 1. NFV nodes are distributed across multiple lay-
ers, namely the Fog layer, Cloud layer, and Satellite layer.
Generally speaking, nodes in the satellite layer exhibit char-
acteristics such as extensive coverage range, relatively con-
strained resources, and prolonged latency. Nodes in the cloud
layer, situated within data centers, have high-end storage
and computing resources with comparatively longer latency.
Communication in this layer occurs through base stations and
access points. Nodes in the fog layer are characterized by more
limited storage and computing resources but offer low-latency
communication. They can establish communication through
routers, switches, and gateways.

Fig. 1. A multi-layered architecture of STIN

We formulate the deployment problem of multiple SFCs
under the framework of discrete-time dynamical systems.
Particularly, we treat each SFC as a dynamical system, and
adopt the optimal control strategy to solve the problem by
considering the minimization of the overall cost functions in
terms of deployment cost and throughput of all SFCs. The
design objective is to reduce the cost of using server nodes in
terms of resources and at the same time to improve the QoS
by reducing the completion time of each service.

A. Notations and Symbols

We consider a discrete-time setting, where the deployment
problem is solved dynamically by making decisions at discrete
time steps k = 0, 1, · · · . We assume that at the time instant
k, there are a number of SFCs to be served, and each SFC
consists of a sequence of VNFs.

The following notations and symbols are introduced: τ time
interval from k to k+1; Nv: the number of NFV nodes; Nf : the
max number of VNFs can be processed on each NFV node;
Ns: the number of SFCs to be served in a batch; ci(k) the
available CPU/memory capacity of NFV node i; Ci the max
CPU/memory capacity of NFV node i; bij(k) the available
bandwidth capacity for the link between node i and node j;
Bij the max bandwidth; Ni: the neighboring node set for
NFV node i; SFCi(k) = {xi1, · · · , ximi

} service function
chain i, which contains mi VNF components; xij the jth
VNF in SFCi, j = 1, · · · ,mi; Cxij capacity demand by xij ;
Bxij bandwidth demand by xij ; ui = [ui1, · · · , uimi ] deci-
sion variables; uij takes value from discrete set [1, · · · , Nv],
uij1 ̸= uij2 .

B. SFC-Based Dynamic Traffic Model

State and Decision Variables: For each SFCi, assume that
there are mi VNFs. Define the state variable xi to represent
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the deployment status of V NFij (the jth VNF of SFC i), and
let ui be the decision variable for SFCi. That is,

xi =

 xi1

...
ximi

 , ui =

 ui1

...
uimi



xij =

 0, V NFij is waiting to be served
1, V NFij is deployed

−1, V NFij service completed

uij =


n, V NFij is deployed on server node n,

n ∈ {1, · · · , Nv}
0, V NFij is not deployed

−1, V NFij service completed

State Transition Dynamics (State Equation): From stage
k to k + 1, the state transition dynamics for SFCi satisfies

xi1(k + 1) = SGN(ui1(k)),
xij(k + 1) = SGN(uij(k)(1− xi(j−1)(k))|xi(j−1)(k)|)

where j = 2, · · · ,mi, and SGN(·) is defined as

SGN(x) =

 1, if x > 0
0, if x = 0
−1, if x < 0

State Transition Dynamics (Output Equation): For NFV
server node n, define yn = [yn1, yn2]

T with yn1 being the
available CPU/memory resource on node n, and yn2 being the
available output bandwidth on node n. It follows

yn1(k) = Cn −
Ns∑
j=1

mj∑
l=1

ϕ(ujl(k)− n)cjl (1)

yn2(k) = Bn −
Ns∑
j=1

mj∑
l=1

ϕ(ujl(k)− n)bjl (2)

where Cn is the max CPU/memory capacity of node n, Bn

is the max output bandwidth of node n, cjl is the capacity
demand by V NFjl, bjl is the bandwidth demand by V NFjl,
and function ϕ(·) is defined by

ϕ(x− y) =

 1, if x = y, x ≥ 0
0, if x ̸= y, x ≥ 0

−1, if x < 0
(3)

Constraints: Node capacity constraint yn1(k) ≥ 0, ∀n, ∀k.
Node bandwidth constraint yn2(k) ≥ 0,∀n,∀k.

Cost functions: The immediate cost of SFCi is defined
based on the operation cost of NFV nodes at time instant k as
well as the time needed to complete the service. The operation
cost of using NFV node n at time instant k is defined by

rn(k) = ρi1(Cn − yn1(k))
2 + ρi2(Bn − yn2(k))

2 (4)

where ρi1 > 0 is the unit cost of using resource of NFV node
n, and ρi2 > 0 is the unit cost of bandwidth use for NFV node
n. In terms of deployment and completion tasks for VNFs, the

objective is to make xij(k) become -1. The performance can
be measured by

σi(k) =

mi∑
j=1

(xij(k) + 1)2 (5)

End-to-end delay is measured by the total time used to process
all SFC VNFs. While multiple VNFs can be deployed on the
same node, we assume that at each time interval τ , there is only
one VNF being processed. Assume that for V NFjl, the time
steps needed to process it is κjl. It follows that the projected
processing time for completion of V NFij for SFC i can be
defined by

Ti(k) =
mi∑
j=1

[
κij −

κij−1∑
q=0

xij(k − q)

]
(6)

The total cost for SFCi starting at k with the decision making
window size Nd

Ji(k) =

k+Nd∑
l=k

σi(l) +

∞∑
l=k

Ti(l)

The overall cost for all SFC

J(k) =
Ns∑
i=1

Ji(k) +

k+Nd∑
l=k

Nv∑
n=1

rn(l)

For the ease of algorithm development, a modified cost
function using penalty function method and softmax function
to integrate constraints can be obtained as follows:

J(k) =

Ns∑
i=1

Ji(k) +

k+Nd∑
l=k

Nv∑
n=1

rn(l)

+ρ1

k+Nd∑
l=k

Nv∑
n=1

log(1 + e−yn1(l))

+ρ2

k+Nd∑
l=k

Nv∑
n=1

log(1 + e−yn2(l)) (7)

where ρ1 > 0 and ρ2 > 0 are penalty coefficients to be chosen.
Remark 2.1: Note that the total number of NFV nodes

Nv = Nvs + Nvc + Nvf , where Nvs: is the number of
satellite nodes, Nvc is the number of cloud nodes, and Nvf

is the number of fog nodes. It should be noted that while the
proposed algorithm is developed for general NFV nodes, the
following basic decision rules are also embedded in the use of
the proposed algorithm. In other words, 1) If τTjl > τLs,
then V NFjl can choose any nodes in three layers; 2) if
τLc < τTjl < τLs, then V NFjl can choose any nodes in cloud
nodes and fog nodes; 3) if τTjl < τLc, then V NFjl can choose
any nodes in fog nodes, where τLs is the communication
latency on links and processing latency on satellite node, τLc

is the communication latency on links and processing latency
on cloud node, τLf is the communication latency on links and
processing latency on fog node, τLf < τLc < τLs, and Tjl

time steps to process V NFjl.
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III. A DISTRIBUTED POLICY GRADIENT ALGORITHM

In what follows, we propose a policy gradient method by
directly learning the policy from optimizing the total cost
without explicitly relying on network dynamics.

Each NFV node i employs a parametric probability density
function (pdf) to define its policy, denoted by πθ, where θ rep-
resents the set of learnable parameters. The function πθ maps
the current system state to a probability distribution over possi-
ble actions. For implementation, a policy network—illustrated
in Figure 2—can be constructed using a deep neural network
architecture. The policy network produces

∑Ns

i=1 mi(Nv + 2)
output values, corresponding to the action space across all Ns

SFCs. For SFC i, the network generates mi(Nv + 2) outputs,
representing the probabilities of selecting each possible action
for all VNFs. These probabilities are normalized to ensure they
sum to 1, thereby forming a valid distribution over the action
space for each SFC.

Fig. 2. A policy network producing the pdf πθ

To this end, leveraging equation (7), the objective reduces
to solving the following optimization problem:

min
θ

Eτθ∼πθ
[J(k)] (8)

where τθ is a trajectory obtained from sampling the policy.
The probability of the trajectory τθ can be defined as

P (τθ|θ) =
k+Nd−1∏

l=k

p(x(l + 1)|x(l), u(l))p(u(l)|θ), (9)

where x and u denote the stacked state and input vectors,
respectively, encompassing all service function chains (SFCs),
and for the deterministic system p(x(l+1)|x(l), u(l)) = 1 and
p(u(l)|θ) is defined by

p(u(l)|θ) =

Ns∏
i=1

p(ui(l)|θ), (10)

It then follows

∇θJ(k) = ∇θ

∫
τθ

P (τθ|θ)J(k)

=

∫
τθ

∇θP (τθ|θ)J(k)

=

∫
τθ

P (τθ|θ)∇θ logP (τθ|θ)J(k)

= E

[
J(k)

k+Nd−1∑
l=k

∇θ log p(u(l)|θ(k))

]
. (11)

To this end, the policy parameter θ can be iteratively updated
using a gradient descent approach. That is,

θ(k + 1) = θ(k)− α∇θJ(k) (12)

where α > 0 is a learning rate.
Remark 3.1: In general, a centralized computing server

can be used to implement the parameter update algorithm in
(12), and then transmit the the deployment policy for SFCs to
NFV nodes. However, to enhance robustness and scalability,
we propose a distributed solution in which each NFV node
locally computes the deployment policy for SFCs.

Let θi denote the policy parameters maintained by NFV
node i. These parameters can be updated locally using a
gradient descent algorithm as follows:

θi(k + 1) = θi(k)− α∇θiJ(k) (13)

It should be noted that in the parameter updating algorithm
(13), the global information J(k) is needed. To further reduce
the communication load, in what follows, we present a dis-
tributed estimation algorithm for J(k) through local informa-
tion exchange among NFV nodes. We use the following ad-
jacency matrix to describe the information exchange topology
among server nodes.

A(k) =
[
aij(k)

]
∈ ℜNv×Nv (14)

where aii = 0, aij(k) > 0 denotes that node i can receive
the transmitted data from node j; otherwise, aij(k) = 0. The
neighboring set of agent i is defined as Ni

△
= {j|aij > 0}. Let

di =
∑

j ̸=i aij . Define the degree matrix D = diag{di}, and
we have the corresponding Laplacian matrix

L = D −A (15)

Assumption 3.1: The information exchange topology de-
fined in (14) is time-invariant and strongly connected.

Given the available information Ji(k) and Jj(k), j ∈ Ni for
NFV node i, i = 1, · · · , Nv , where

Ji(k) =

k+Nd∑
l=k

ri(l) + ρ1

k+Nd∑
l=k

log(1 + e−yi1(l))

+ρ2

k+Nd∑
l=k

log(1 + e−yi2(l)) +

∑Ns

l=1 Jl(k)

Nv
, (16)
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we design a distributed estimation algorithm for the estimate
of J(k) by NFV node i. Let Ĵi(k) be the estimate J(k) by
NFV node i. The proposed distributed estimation algorithm is
given by

Ĵi(k + 1) = Ĵi(k) +
1

1 + di

∑
j∈Ni

aij(Ĵj(k)− Ĵi(k))

+
1

w1i
(Ji(k + 1)− Ji(k)) (17)

where w1 = [w11, · · · , w1Nv ]
T is the normalized left eigen-

vector of matrix F = INv
− (INv

+ D)−1L correspond-
ing to eigenvalue λ1 = 1, and initial condition satisfies
Ĵi(0) = 1

w1i
Ji(0). Define Ĵ(k) = [Ĵ1(k), · · · , ĴNv

(k)] and
J̃(k) = Ĵ(k)− 1

∑Nv

i=1 Ji(k). It follows from (17) that

J̃(k) = F ⊗ INv
J̃(k − 1) + ∆J(k) (18)

where ∆J(k) is a drift term induced by 1
w1i

(Ji(k+1)−Ji(k)).
The solution to (18) is

J̃(k) = (F ⊗ INv
)kJ̃(0) +

k−1∑
m=0

(F ⊗ INv
)k−m−1∆J(m+ 1)

Thus, following the strong connectivity assumption on commu-
nication topology A in Assumption 3.1, it can be established
that [8]

lim
k→∞

∥J̃(k)∥ ≤ ϵ

for some small constant ϵ. To this end, with the use of the
estimate Ĵi(k) in (17), the gradient in (11) becomes

∇θi Ĵ(k) = E

[
Ĵi(k)

k+Nd−1∑
l=k

∇θi log p(u(l)|θi(k))

]
, (19)

and the algorithm in (13) becomes

θi(k + 1) = θi(k)− α∇θi Ĵ(k) (20)

The proposed distributed policy gradient algorithm for the
optimal deployment of multiple service function chains (SFCs)
is outlined in Algorithm 1.

IV. CONCLUSION

In this paper, we presented a novel framework for the
online deployment of multiple service function chains (SFCs)
in dynamic STINs. By modeling each SFC as a discrete-
time dynamical system, we formulated the SFC deployment
problem as a constrained optimal control problem. We de-
veloped a distributed scalable policy gradient algorithm that
enables adaptive optimization. The proposed solution features
numerically efficient implementations, with computation com-
plexity scaling linearly with the number of SFCs, making them
particularly suitable for large-scale STIN deployments. While
the theoretical soundness of the proposed distributed algorithm
was rigorously demonstrated within its scope, comprehensive
simulations and experimental validation will be done in the
future work.

Algorithm 1 Distributed Policy Gradient Algorithm (for NFV
node i)

Input: Learning rate α, and network topology parameter w1.
1. Initialization θi(0), Ĵi(0)
2. For node i, measure initial state xi(0) and neighbors xj(0)
for time step k = 0, 1, 2, · · · do

3. Sample the trajectory
for l = 0, · · · , Nd − 1 do

3.1. Sample a control action u(k + l) based on the
output of policy network.
3.2. Apply u(k+ l), and observe xi(k+ l+1),xj(k+
l+1), NFV node capacity and bandwidth, and the cost
ri(k + l + 1)

end for
4. Calculate Ji(k) and Ĵi(k) using (17)
5. Update θi(k + 1) using (20)

end for
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