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Abstract—Software defined networking (SDN) and network
function virtualization (NFV) are the key enabling technologies
for service customization in next generation networks to support
various applications. In such a circumstance, virtual network
function (VNF) scheduling plays an essential role in enhanc-
ing resource utilization and achieving better quality-of-service
(QoS). In this paper, the VNF scheduling problem is investi-
gated to minimize the makespan (i.e., overall completion time)
of all services, while satisfying their different end-to-end (E2E)
delay requirements. The problem is formulated as a mixed inte-
ger linear program (MILP) which is NP-hard with exponentially
increasing computational complexity as the network size expands.
To solve the MILP with high efficiency and accuracy, the origi-
nal problem is reformulated as a Markov decision process (MDP)
problem with variable action set. Then, a reinforcement learn-
ing (RL) algorithm is developed to learn the best scheduling
policy by continuously interacting with the network environ-
ment. The proposed learning algorithm determines the variable
action set at each decision-making state and captures differ-
ent execution time of the actions. The reward function in the
proposed algorithm is carefully designed to realize delay-aware
VNF scheduling. Simulation results are presented to demonstrate
the convergence and high accuracy of the proposed approach
against other benchmark algorithms.

Index Terms—Delay-aware VNF scheduling, SDN, NFV,
resource allocation, reinforcement learning.

I. INTRODUCTION

W ITH the fast evolvement of communication tech-
nologies, the 5G wireless networks are anticipated

to accommodate a massive number of Internet-of-Things
(IoT) devices with highly diversified quality-of-service (QoS)
requirements [2], [3]. Conventional network functions are
placed at function-specific network servers or middleboxes,
which are cost-ineffective for differentiated service customiza-
tion since a large number of servers need to be augmented
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to support different types of services. In addition, the traf-
fic routing paths among network elements are distributedly
calculated with considerable overhead, which is not efficient
in achieving high network performance with load balanc-
ing [4], [5]. In the 5G era, new requirements arise for
the evolving network paradigm, including 1) cost-effective
network deployment for seamless device access, 2) enhanced
resource utilization to accommodate high traffic volume,
and 3) flexible function placement for service customiza-
tion [6], [7]. Software-defined networking (SDN) and network
function virtualization (NFV) are two promising and com-
plementary technologies to reduce service function provi-
sioning cost and improve heterogeneous resource utilization
for customized end-to-end (E2E) service delivery, and thus
have attracted significant attention from both industry and
academia [8]–[10]. SDN decouples the network control from
forwarding functions, which facilitates agile network manage-
ment and enables network programmability. NFV abstracts
network functions, e.g., firewall and deep packet inspection
(DPI), from dedicated devices, and allows network functions to
be virtualized and placed on high capacity commodity servers
in the network. In this way, network services can be provided
by orchestrating virtual network functions (VNFs) at different
network servers to form VNF chains, which are embed-
ded onto a physical substrate network. Integrating SDN and
NFV for future networking is expected to feature centralized
network management, virtualized service function chaining,
reduced costs, and enhanced service quality [11].

One of the fundamental research issues in NFV is how to
efficiently and fairly allocate physical resources in the sub-
strate network to support the embedding of multiple VNF
chains, referred to as the NFV resource allocation (NFV-
RA) problem [12]. The NFV-RA problem typically consists of
VNF composition, VNF chain embedding, and VNF schedul-
ing on embedded NFV nodes. During the embedding process,
multiple VNFs can be placed onto a common NFV-enabled
network commodity server (i.e., NFV node) to reduce function
provisioning cost and improve physical resource utilization.
In VNF scheduling, the execution timings of embedded VNFs
on NFV nodes are scheduled to minimize the makespan (i.e.,
the time period from the execution of the first VNF to the
completion of last VNF among all the scheduled VNFs for
all the services). Existing studies have shown that the classi-
cal VNF scheduling problem can be formulated as a job-shop
problem (JSP) [13], [14], which is an NP-hard combinato-
rial optimization problem [15]. To obtain its near-optimal
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solutions, a number of heuristic/metaheuristic algorithms have
been developed [16]–[20]. These heuristic algorithms (e.g.,
greedy algorithms) are in general fast and easy to implement,
but their performance highly depends on the characteristics
of the problem and may deteriorate as the network size
expands. On the other hand, the metaheuristic algorithms
such as particle swarm optimization (PSO) and genetic algo-
rithm (GA) may suffer a low convergence rate in the iterative
process, leading to increased computational cost and opera-
tional time. Their performance also relies on the initialization
of parameters and may converge prematurely, falling into a
local optimum especially for complex problems. Moreover,
strict E2E delay requirements are important to 5G service
provisioning. The incorporation of E2E delay constraints for
different services in the standard JSP problem poses additional
challenge to conventional VNF scheduling. With different
E2E delay requirements, the existing heuristic algorithms for
standard JSP need to be carefully adjusted to achieve delay-
constrained VNF scheduling. This requires manual designs for
appropriate rules of reducing the search space for the heuristic
algorithms.

Recently, reinforcement learning (RL) has emerged as a
promising approach to solve combinatorial optimization prob-
lems with reduced complexity and high accuracy [21]–[27].
In RL approaches, a learning agent learns the best pol-
icy iteratively by directly interacting with the environment,
and multiple objectives can be supported simultaneously by
designing an appropriate reward function for the learning
system. In this way, the useful information for solving the
problem at hand can be automatically extracted. The delay-
aware VNF scheduling problem has a long-term objective
which is to minimize the overall makespan. Also, the task
of scheduling the VNFs in the system can be considered
as a sequential decision process where the future status
of the system depends on the current status and decision.
Therefore, the VNF scheduling problem can be naturally mod-
eled as a Markov decision process (MDP). This motivates
us to employ RL to obtain near-optimal/optimal solutions
to delay-aware VNF scheduling with reduced computational
complexity.

In this paper, the delay-guaranteed VNF scheduling problem
is first formulated as a mixed-integer linear program (MILP)
which is NP-hard. To solve the MILP with high efficiency and
accuracy, the original problem is reformulated as a Markov
decision process problem. Then, we develop an RL frame-
work to address the VNF scheduling problem with E2E delay
guarantee. With the SDN/NFV-enabled network architecture,
the logically centralized VNF scheduler has global network
information and makes scheduling decisions. Based on this,
we propose a centralized learning algorithm to solve the VNF
scheduling problem. The action of the agent (i.e., the VNF
scheduler) is improved through continuously interacting with
the network environment. Different from conventional decen-
tralized approaches for standard job-shop problems [23]–[25],
the centralized RL improves the solution accuracy of the VNF
scheduling, thanks to the global view of the whole system.
Also, without the coordination message overhead between
multiple agents, the solution complexity is reduced [26]. In the

proposed RL approach, the action set for each state is finite,
state-dependent, and fixed for a given state. At each decision-
making state, a feasible/admissible action set is updated with
the consideration of VNF dependency. Each action can take
varying amount of time to complete, i.e., the length of the
time period between two decision-making states is not fixed,
depending on both the current state and the action taken. The
effectiveness of our proposed scheduling algorithm is evalu-
ated under different network scales and is compared with other
heuristic algorithms. The main contributions of this work are
four-fold:

1) We formulate the VNF scheduling problem as an MILP,
considering the E2E delay requirements of differenti-
ated services. To solve it, we transform the formulation
into a discrete-time problem, where the VNF scheduling
decisions are made at the beginning of each time slot;

2) A novel Q-learning based VNF scheduling algorithm
is developed, in which system states, actions, variable
action set, and reward function are designed for the
learning algorithm. In conventional RL approaches, the
feasible action set for the agent is state-independent
and the execution time for all the actions are identi-
cal. However, in VNF scheduling, the action set for the
agent are state-dependent since a VNF can be traversed
only after its previous VNF has been passed through
by the packet batch, and each action can take a vary-
ing amount of time to complete. Thus, our proposed
Q-learning algorithm determines the variable action set
at each decision-making state and accommodates diverse
execution time of the actions;

3) The RL approach efficiently guarantees the QoS require-
ments for different services via a customized reward
function that is composed of two parts. The first part
reflects the makespan, where a short makespan leads
to a large reward; The second part reflects whether the
E2E delay requirements of the services are satisfied. If
the delay requirement is satisfied for a given service, a
positive reward is fed back to the agent. By iteratively
accumulating the reward, the agent learns the optimal
scheduling policy that results in the minimal makespan
with E2E delay guarantee.

4) Extensive simulations are conducted to demonstrate the
convergence of the proposed RL algorithm and to com-
pare the performance of the proposed approach with
that of several heuristic/metaheuristic algorithms and
the decentralized approach. Simulation results show that
our proposed approach can address the delay-aware
VNF scheduling problem effectively with reduced com-
plexity and high accuracy, and that the RL approach
outperforms the benchmark algorithms in comparison.

The remainder of this paper is organized as follows. In
Section II, we provide an overview of the related works. In
Section III, the system model under consideration is presented
in detail. In Section IV, we formulate the continuous-time VNF
scheduling problem as an MILP which is then transformed to
a discrete-time formulation. In Section V, a single-agent RL
approach is proposed to solve the delay-aware VNF schedul-
ing problem. In Section VI, simulation results are presented
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to demonstrate the convergence and accuracy of the proposed
approach. Section V concludes this paper.

II. RELATED WORKS

VNF chain embedding problems are studied extensively
to either maximize the number of accommodated services
or minimize the average long-run embedding cost under the
assumption that each NFV node can support multiple network
functions [12], [28]–[31]. When multiple VNFs are embedded
onto an NFV node, a new and challenging research issue is
how to properly schedule the embedded VNFs to minimize the
overall completion time of packets processing for all service
requests. Compared with the research on VNF chain embed-
ding, the investigation of VNF scheduling is still in its infancy.
As the first study on VNF scheduling, Riera et al. formulate a
joint VNF assignment and scheduling problem as a job-shop
problem (JSP) which can be solved in two separate stages [13].
In [17], Mijumbi et al. present three greedy algorithms and
a tabu search meta-heuristic algorithm to solve a joint VNF
chain embedding and VNF scheduling problem. Wang et al.
present a one-hop greedy scheduling algorithm, which is part
of the NFV-RA optimization framework [31]. In [18], Qu et al.
formulate a joint VNF scheduling and traffic routing problem
as an MILP, considering the link transmission delays for VNF
scheduling. A genetic algorithm based heuristic algorithm is
presented to obtain local optimal solutions, without QoS con-
sideration. Although the existing heuristic algorithms can help
to find local optimal solutions, the optimality gaps of the algo-
rithms are difficult to validate, and the delay requirements
are yet to be taken into account. In [19], Alameddine et al.
study the deadline-aware VNF scheduling problem and present
an MILP formulation for the joint problem of VNF chain
embedding, traffic routing, and VNF scheduling based on a
discrete-time model. To address the MILP, a tabu search-based
heuristic algorithm is provided to obtain the near-optimal solu-
tions. In [20], Pham et al. present a matching game based
approach to address deadline-aware VNF scheduling.

Recently, the RL approach has been applied in the deploy-
ment of radio access networks (RANs) to improve energy
efficiency [32] and optimize resource management [33]. Also,
some research works exist in the literature that apply the
RL approach to solving combinatorial optimization prob-
lems [21], [22], including standard JSP [23]–[25]. Specifically,
in [23]–[25], various multi-agent RL algorithms have been
presented to solve the JSP problem in different scenarios,
where a centralized control of network states is hard to be
instantiated. The job scheduling problem has been formu-
lated as a decentralized MDP with changing action sets, and
then been solved in a distributed manner with inter-agent
coordinations. However, the optimal scheduling results may
not be achieved with only local network information, as the
restrictions imposed on the learning agents degrade the accu-
racy of the solutions [26]. Also, our objective in this work
is to minimize the overall makespan while satisfying the
delay constraints. Both the makespan evaluation and the delay
constraints verification require the status information of the
VNFs in the whole system. For decentralized learning, each

Fig. 1. An SDN/NFV-enabled network architecture.

agent only has a local view of the system and thus may not
optimize the makespan with satisfied delay constraints well.
Introducing inter-agent coordination to exchange necessary
information among all the agents can introduce some over-
heads into the learning process. To address this issue, in the
following, we leverage the SDN/NFV-enabled network archi-
tecture, where global network state information is collected
to enhance the performance of VNF scheduling. By intro-
ducing a single scheduling agent placed in the SDN control
module, the agent is able to make network-wide schedul-
ing decisions and learn the optimal VNF scheduling policy.
Moreover, a specific reward function is designed to incorpo-
rate the E2E delay requirements of diverse services into the
VNF scheduling process.

III. SYSTEM MODEL

Consider an SDN/NFV-enabled network architecture as
shown in Fig. 1, where the control plane is decoupled from
the data plane and migrated to a centralized SDN control
module. The SDN controller is logically centralized and can
be physically deployed in a decentralized way, in which
case some information change between different local SDN
controllers is required. The control module orchestrates the
placement of VNFs from different VNF chains and configures
traffic routing between consecutive VNFs for load balanc-
ing in the data plane. Through open southbound Interface
(SBI) between the control module and the substrate network,
the state information from the underlying substrate network
can be collected. Multiple types of services, e.g., machine-
type services with stringent E2E delay requirements and data
services with non-stringent delay requirements, are consid-
ered and supported by different VNF chains. These services
manifest different levels of delay requirements [6]. In the
SDN/NFV-enabled network architecture, service customiza-
tion and isolation should be achieved by embedding different
VNF chains onto the same physical substrate network. VNF
scheduling is periodically performed by the VNF scheduler
(as a sub-module integrated inside the SDN control module)
as service requests arrive. All the arrived service requests are
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TABLE I
SUMMARY OF IMPORTANT NOTATIONS AND DECISION VARIABLES

scheduled simultaneously at the beginning of every schedul-
ing period. Important parameters and variables of the system
model are listed in Table I.

Substrate network – The substrate network under consider-
ation is represented by a directed graph G = (V,L), where V
denotes the set of physical nodes in the network and L rep-
resents the set of physical links connecting any pair of nodes.
Define N (⊆ V) as the set of NFV nodes, and NFV node
nk ∈ N (k ∈ N, where N = {1, 2, . . . , |N |1}) is capable
of hosting multiple VNFs of different types. Denote the CPU
processing capacity of nk for a VNF f as ck (f ).

VNF chain – A network service is composed of an ordered
sequence of VNFs, referred to as a VNF chain. Suppose that
there are |R| services, denoted by S1,S2, . . . ,S|R|, and define
R = {1, 2, . . . , |R|}. Denote the set of VNFs in Si by Fi . Let
fij represent the jth VNF in Fi , where j ∈ Fi and Fi =
{1, 2, . . . , |Fi |}. Let Iij be the set of NFV nodes that can
support VNF fij .

Traffic model – Each NFV node is assumed to have a num-
ber of processing queues, where each packet from a specific
service is buffered for processing at certain VNF embedded
onto the NFV node. Packets of service Si arrive at one of
the processing queues at the first NFV node of an embedded
VNF chain as a Poisson process with arrival rate λi (packet/s).
When multiple VNFs are embedded at a common NFV node,
it is required to determine the scheduling sequence of VNFs
for packet processing since each VNF is scheduled for packet

1| · | represents the cardinality of a finite set.

Fig. 2. A simple example to illustrate the VNF scheduling process.

processing one at a time.2 To reduce the switching overhead
for VNF scheduling, we assume that a VNF is scheduled for
packet processing only if its associated buffer occupancy is
above a threshold B. The number of packets to be processed
for one-time VNF scheduling is B, which is also called one
packet batch. Thus, the processing time of one packet batch
at fij on node nk (nk ∈ Iij ) for service Si is given by

ρijk = B/ck
(
fij

)
. (1)

VNF scheduling – VNF scheduling is performed cyclically.
We define the makespan of one VNF scheduling cycle as the
time duration that all embedded VNFs are scheduled once for
processing a single packet batch. For simplicity, we assume
that the processing queue occupancy of a subsequent VNF
on an NFV node is above the threshold B once the previous
VNF scheduling completes.3 For the first scheduling cycle, we
assume that VNFs at different NFV nodes start to be scheduled
at the same time instant (i.e., the time instant 0 in Fig. 2 (c)).
The scheduling starting and completion time for a packet batch
of Si traversing fij in a scheduling cycle are represented by tsij
and tcij , respectively. Between tcij and tsi ,j+1, the packet batch
waiting time can exist due to packet queueing on the NFV
node where fi ,j+1 is embedded. The packet batch of Si has to

2In a real system, the computing resources on each NFV node are indi-
visible. Each NFV node can only support at most one VNF at a time
and all the computing resources are allocated to the VNF for packet batch
processing [12], [18], [20], [34].

3Dynamic VNF scheduling by considering the buffer occupancy status will
be studied in our future work.
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be processed at a chain of VNFs in a predefined order, with
the duration of (tsi |Fi | + ρi |Fi |k ) for traversing all services’
VNFs in a scheduling cycle. The scheduling results include
two parts: 1) For service Si , we determine the time when a
packet batch starts being processed at fij ; 2) For NFV node nk ,
we determine the scheduling sequence of all embedded VNFs.
Let Di denote the maximum acceptable processing time for
a packet batch of Si passing through the VNF chain in one
scheduling cycle. The VNF scheduling process is to jointly
determine the scheduling sequence and the starting time for
packet processing for the VNFs of all services to minimize the
makespan. By conforming to an optimal scheduling sequence,
each cycle of VNF scheduling proceeds repeatedly to reduce
the overall processing delay of packets traversing each VNF
chain.

A simple illustration of the VNF scheduling process is
shown in Fig. 2. Suppose that there are three VNF chains of
network services S1, S2, S3 (labeled by different colours) to
be scheduled at each scheduling cycle. On each NFV node, the
VNF scheduling sequence has to be determined to minimize
the makespan. The VNF chain embedding results are shown in
Fig. 2(b). In Fig. 2(c), packet batches start traversing the VNFs
of S1, S2, and S3 at nodes n1, n2, and n3, respectively, from
time instant 0. Packet batch processing time at each sched-
uled VNF is also displayed by different colours. Time instant
t1 indicates the makespan of one VNF scheduling cycle.

IV. PROBLEM FORMULATION

In this section, the delay-aware VNF scheduling problem
is presented by a continuous-time formulation, in which the
timings of the scheduling process are clearly described. For
the continuous-time representation, additional binary variables
are required to indicate the processing sequence of the sched-
uled batches, which complicates the mathematical formulation
and the way of solving the problem. Hence, we transform the
continuous-time formulation into a discrete-time interpretation
in a time-slotted system, where the VNF scheduling decisions
are made at the beginning of each time slot [35]. For both
formulations, we incorporate delay constraints to achieve E2E
delay guaranteed service provisioning.

A. Continuous-Time Formulation

Objective – The objective of the VNF scheduling problem
(P1) is to minimize the makespan M, which is expressed as

min
tsij ,z

k
ij ,pq ,z k

pq,ij

M (2)

where the makespan M is the time duration of one VNF
scheduling cycle for all services, given by

M = max
i∈R,j∈Fi

⎧
⎨

⎩
tsij +

∑

nk∈Iij

yijkρijk

⎫
⎬

⎭
. (3)

In (3), binary parameter yijk is introduced, where yijk = 1
indicates fij is embedded at server nk ; otherwise, yijk = 0.

Constraints – The following constraints are imposed to
guarantee the feasibility of the VNF scheduling:

1) If any two VNFs (e.g., fij and fpq ) are embedded onto the
same NFV node, it is required that the packet batch processing
at one of the two VNFs cannot start before the processing at
the other one finishes [13]. To impose these constraints, we
define an auxiliary binary variable z k

ij ,pq as

z k
ij ,pq =

⎧
⎨

⎩

1 if fij starts packet batch processing before
fpq on NFV node nk ,

0 otherwise.

Then, the constraints ensuring that preemption is not allowed
at any time on any NFV node are expressed as

tsij + z k
ij ,pq

∑

nk∈N
yijkρijk ≤ tspq + z k

pq,ij M , (4)

tspq + z k
pq,ij

∑

nk∈N
ypqkρpqk ≤ tsij + z k

ij ,pqM , (5)

z k
ij ,pq + z k

pq,ij = 1 (6)

where p ∈ R, q ∈ Fp , p �= i or q �= j and M is a big positive
number [29]. Note that since M is large, constraint (4) is non-
restrictive when z k

ij ,pq = 0 and z k
pq,ij = 1 (i.e., when fpq starts

packet batch processing before fij ), and constraint (5) is non-
restrictive when z k

ij ,pq = 1 and z k
pq,ij = 0 (i.e., when fpq starts

packet batch processing after fij ).
2) The specified processing sequence of the VNFs in each

service, fi1 → fi2, . . . ,→ fi |Fi |, ∀i ∈ R, is enforced by [13]

tsi ,j+1 − tsij ≥
∑

nk∈Iij

yijkρijk , ∀i ∈ R, j ∈ Fi . (7)

Constraint (7) guarantees that the processing of a packet batch
at a subsequent VNF cannot start until the processing at its
previous VNF is completed.

3) The duration time for a packet batch passing through the
VNF chain of Si in one scheduling cycle should satisfy

tsi |Fi | +
∑

nk∈N
yi |Fi |kρi |Fi |k ≤ Di , ∀i ∈ R. (8)

Therefore, the continuous time formulation for the delay-
guaranteed VNF scheduling problem (P1) is presented as an
MILP program, given by

min
tsij ,z

k
ij ,pq ,z k

pq,ij

M

s.t. (4)−(8),
tsij ≥ 0,

z k
ij ,pq ∈ {0, 1},

z k
pq,ij ∈ {0, 1}.

B. Discrete-Time Transformation

The continuous-time formulation presented above requires
additional binary variables (i.e., z k

ij ,pq and z k
pq,ij ) to indicate

the packet batch processing sequence for scheduling VNFs.
This makes both the mathematical formulation and the way
of solving the problem more complicated. In addition, the
difficulty of the algorithm design increases when continuous
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variables are involved. To overcome this problem, a discrete-
time transformation of the continuous-time formulation is
presented in this section.

Time is divided into T time slots of equal and fixed dura-
tion time τ [19]. It is assumed that a packet batch can only
start processing at one VNF at the beginning of a certain time
slot, and the processing time is an integer multiple of one time
slot. We define binary variable x t

ik to indicate the packet batch
processing state of service i on NFV node nk , where x t

ik = 1
indicates the packet batch of service Si starts being processed
at the VNF embedded on NFV node nk at (the beginning of)
time slot t, and x t

ik = 0 otherwise. The discrete time formu-
lation for the VNF scheduling problem (P2) is presented as
follows:

Objective – The objective is to minimize the makespan of
packet batch processing for all services, given by

min
x t
ik

M (9)

where

M = max
i∈R

⎧
⎨

⎩

|N |∑

k=1

T∑

t=1

x t
ikyi |Fi |k

(
(t − 1)τ + ρi |Fi |k

)
⎫
⎬

⎭
(10)

Constraints:

x t
ikyijk +

∑

i ′∈R,i ′ �=i

x t ′
i ′k ≤ 1, ∀i ∈ R, ∀j ∈ Fi , ∀k ∈ N,

∀t , t ′ ∈ [1,T ], t ≤ t ′ < t +
∑

nk∈Iij

yijkρijk (11)

|N |∑

k=1

T∑

t=1

x t
ik

(
yi(j+1)k − yijk

)
(t − 1)τ ≥

|N |∑

k=1

T∑

t=1

x t
ikyijkρijk ,

∀i ∈ R,∀j ∈ Fi \ {|Fi |} (12)
|R|∑

i=1

x t
ik ≤ 1, ∀t ∈ [1,T ],∀k ∈ N (13)

|N |∑

k=1

T∑

t=1

x t
ikyijk = 1, ∀i ∈ R,∀j ∈ Fi (14)

|N |∑

k=1

T∑

t=1

x t
ikyi |Fi |k

(
(t − 1)τ + ρi |Fi |k

)
≤ Di , ∀i ∈ R (15)

where T is the total number of time slots, and is a large num-
ber to ensure the completion of one packet batch processing
for all services. [1, T] represents the set of integers between 1
and T. Constraint (11) indicates that packet batch processing is
conducted for only one VNF at a time on an NFV node [19];
Constraint (12) indicates that a packet batch processing at a
VNF cannot start until its previous VNF completes the pro-
cessing; Constraint (13) guarantees that at any time slot t, the
packet batch of at most one service is processed by a NFV
node; Constraint (14) ensures that the packet batch processing
at a VNF will not be repetitively conducted; Constraint (15)
is the processing time deadline constraint of one packet batch
for each service.

From (2)-(8), it is observed that Problem (P1) involves con-
tinuous variables tsij as well as binary variables z k

ij ,pq and

Fig. 3. Reinforcement learning framework for VNF scheduling.

z k
pq,ij . Therefore, (P1) is an MILP. The objective is to min-

imize the overall makespan while respecting the precedence
relations between VNFs and satisfying the delay requirements
of the services. In fact, the formulation of (P1) falls into
the category of job-shop scheduling problem with deadlines
(JSSD).

Remark 1: JSSD is NP-hard.
Proof: See the Appendix for the proof.

V. A SINGLE AGENT Q-LEARNING ALGORITHM

In this section, we reformulate the VNF scheduling problem
(P2) in Section IV as an MDP problem with variable action
set. An MDP is typically composed of five parts, denoted by
(S,A,P,R, γ), where S represents a set of system states,
A a set of actions, P the state transition probabilities, R a
reward function, and γ the discount factor. In what follows,
we provide their specific representations in the context of VNF
scheduling, based on which a single-agent RL approach is
proposed to allow the agent to learn the optimal decision
policy for the MDP. Fig. 3 shows the overall reinforcement
learning framework for VNF scheduling. At each time slot t,
the agent (i.e., VNF scheduler) first finds the feasible action
set based on the current system state s(t), then chooses an
action A(t) from the feasible action set according to the cur-
rent scheduling policy. The reward obtained from the network
environment, R(s(t), A(t)), is fed back to the agent for updating
the scheduling policy through the RL algorithm.

A. System State

The system state is captured at the beginning of each time
slot t (∈ [1,T ]), and is defined as s(t) = [M(t), F(t)], where
M (t) = [m1(t),m2(t), . . . ,m|N |(t)] denotes the states of
NFV nodes and F (t) = [ξ1(t), ξ2(t), . . . , ξ|F|(t)] represents
VNF states. F is the set of VNFs to be scheduled for all
network services. For notation convenience, we sort all VNFs
in F according to the their processing times to have a one-
to-one mapping between fl and fij , where fl represents the
l th VNF in the sorted VNFs. At time slot t, the definitions of
mk (t) and ξl (t) with k ∈ N and l ∈ F are given by

mk (t) =
{

0, if nk is not processing packets,
1, if nk is processing packets, (16)

ξl (t) =

⎧
⎨

⎩

0, if fl is waiting to be traversed,
1, if fl is being traversed,
2, if fl has been traversed.

(17)
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Note that a one-to-one mapping also exists between ξl (t) and
ξi ,j (t). At the initial time slot, all the NFV nodes are idle and
the VNFs in all the services are waiting to be traversed. Let the
initial and completion states of one VNF scheduling process be
sini and ster , respectively. According to (16) and (17), we have
sini = (0, . . . , 0, 0, . . . , 0) and ster = (0, . . . , 0, 2, . . . , 2).

B. Action and Variable Action Set

In our problem, due to the dependency of VNFs, not all
the actions are feasible for all the states. Therefore, it is use-
ful to introduce an additional mapping which assigns the set
of feasible/admissible actions to each state [36]. An action
of the VNF scheduler (i.e., the agent in RL) at state s(t),
A(t), indicates the VNFs chosen to be traversed at state
s(t) on all the NFV nodes, and is represented by A(t) =
[a1(t), a2(t), . . . , a|N |(t)], where ak (st ) is the action to take
at st on NFV node nk . For example, A(t) = (1, 5, 2, 7) indi-
cates that at state s(t), the VNFs chosen to be traversed on
n1, n2, n3, and n4 are f1, f5, f2, and f7, respectively. The
feasible action set of the agent at state s(t) is denoted by
A(st ) = A1(st ) ⊗ A2(st ) ⊗ · · · ⊗ A|N |(st ), where Ak (st )
is the feasible action set of NFV node nk at state s(t), and
⊗ denotes the Cartesian product. Ak (st ) contains the indices
of all the VNFs that can be traversed on NFV node nk at st .
If nk does not have any VNF waiting to be traversed at state
st , we set Ak (st ) = {0} and ak (st ) = 0. We refer to them
as a null feasible action set and a null action, respectively.
A system state with a non-null feasible action set is called a
decision-making state. Note that since the packet processing
time at different VNFs can be different, the length of the time
period between two decision-making states is not fixed. For
notation convenience, let Anull (st ) = {(0, 0, . . . , 0)}.

The feasible action set A(st ) depends on each state, and can
be obtained without observing the environment. Therefore, in
this paper, the feasible action set is finite, state-dependent, and
fixed for a given state. This state-dependent feasible action
set imposes additional challenge for designing the learning
algorithm. Since the feasible actions are continually changing
as the state changes, a specific algorithm has to be devised
to find all the feasible actions for the VNF scheduler at a
given system state. Then, the VNF scheduler can choose an
action from the feasible action set before taking an action.
Note that the feasible action set remains constant for each
state, so it only needs to be found once before learning. The
details for finding the feasible action set for the agent at state
st is shown in Algorithm 1. At the beginning of the algorithm,
all the idle servers are found and added to the set Nidle(st ).
For busy servers, let their feasible action set contain a null
action only (Line 1 - Line 5). Then, the algorithm finds all the
VNFs currently waiting for being traversed on each idle server
(Line 7) and adds feasible actions (i.e., VNF indices) to the
action set Ak (st ) with the consideration of VNF dependency
(Line 8 - Line 14). Finally, the feasible action set for the
VNF scheduler is determined by the Cartesian product of the
feasible action set of all the servers (Line 15).

Complexity Analysis for Algorithm 1: For a given system
state st , the task of finding its feasible action set contains two

Algorithm 1: Algorithm for Finding the
Feasible/Admissible Action Set at st

Input: Current system state st
Output: Feasible action set A(st )

1 for all nk ∈ N do
2 if nk is idle at time slot t then
3 Add nk to Nidle(st );
4 else
5 Set Ak (st )← {0};
6 for all nk ∈ Nidle(st ) do
7 Fk (st )← findWaitingFunctions(nk , st );
8 if Fk (st ) is empty then
9 Set Ak (st )← {0};

10 else
11 Add {0} to Ak (st );
12 for all fij ∈ Fk (st ) do
13 if j = 1 or ξi ,j−1(t) = 2 then
14 Add fij to Ak (st );

15 Set A(st )← A1(st )⊗A2(st )⊗ · · · ⊗ A|N |(st ).

steps. The first step is to find all the idle NFV nodes and
add them into Nidle(st ), which has a computational com-
plexity of O(|N |). Then, for each idle NFV node nk ∈
Nidle(st ), we find all the waiting functions on it (denoted
by Fk (st )) and add all the feasible ones into Ak (st ), whose
complexity is O(|Nidle(st )| · |Fk (st )|). Therefore, the total
computational complexity of finding feasible action set is
O(max(|N |, |Nidle(st )|·|Fk (t)|)), upper-bounded by O(|N |·
|F|). Note that Algorithm 1 is performed only once for a given
state during the whole learning process. Once the admissi-
ble/feasible action set is found for a given state, the mapping
between feasible action set and state does not need to be found
again for that state.

C. System State Transition Rules

In this section, we describe the system state transition rules
between two consecutive time slots. At time slot t = 1, the
system is in its initial state, i.e., s(1) = sini . Then, the system
state is updated at the beginning of each time slot until it
reaches the completion state ster . The state transitions include
the transitions of server state M(t) and function state F(t). The
state transitions for M(t) are given by

mk (t + 1) =

⎧
⎨

⎩

0, if ak (t) = 0,mk (t) = 1, θk (t) = 1
1, if ak (t) �= 0,mk (t) = 0, θk (t) > 1
mk (t), otherwise

(18)

where θk (t) denotes the remaining packet batch processing
time at the VNF being traversed on server nk at time slot t.
In (18), the first condition indicates that the state of nk transits
from the packet batch processing state into the idle state if nk
takes a null action, and the remaining packet batch processing
time at the VNF is exactly one time slot; The second condition
indicates that the state of nk transits from the idle state to
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the packet batch processing state if the node takes a non-null
action at time slot t and the packet batch processing time at
the VNF chosen to be traversed is more than one time slot.
On the other hand, the state transitions for F(t) are given by

ξl (t + 1) =

⎧
⎪⎪⎨

⎪⎪⎩

1, if ξl (t) = 0, l ∈ A(t), τl (t) > 1
2, if ξl (t) = 0, l ∈ A(t), τl (t) = 1
2, if ξl (t) = 1, τl (t) = 1
ξl (t), otherwise

(19)

where τl (t) denotes the remaining packet batch processing
time at fl at time slot t. In (19), the first condition indicates
that the state of fl transits from waiting for being scheduled to
being traversed if the agent starts the packet batch processing
at time slot t and the corresponding packet batch process-
ing time is greater than one time slot. The second condition
indicates that the state of fl transits from waiting for being
scheduled to scheduling completion if the agent starts packet
batch processing at time slot t and the function traversing time
is exactly one time slot. The third condition indicates that ξl
transits from being traversed to scheduling completion if the
remaining packet batch processing time at fl is one time slot
at time slot t.

D. Reward Function

The objective of VNF scheduling is to minimize the over-
all makespan M, while satisfying the delay requirements for
different services. When an RL approach is applied to achieve
delay-aware VNF scheduling, it is required that the accu-
mulated reward (which is the feedback to the agent during
the learning process) is consistent with the objective of VNF
scheduling. However, the makespan and the completion time
instants of all services are not accessible until the system
reaches the completion state. Therefore, instead of providing
the agent with an instant reward after an action is taken at
each time slot, we calculate the accumulated reward for con-
tinuous state-action pairs before an episode (i.e., a sequence
of agent-environment interactions between initial and comple-
tion states) ends. In this study, we follow the reward feedback
mechanism used/discussed in [37]–[39], where the reward
for a state-action pair is received by the end of an episode.
Although this mechanism may slow down the overall learning
process, other advanced RL techniques such as reward shap-
ing and parallel computation can be employed to speed up the
overall learning process. The accumulated reward is then fed
back to the agent to help improve its VNF scheduling policy.
Specifically, we design an accumulated reward for a series of
state-action pairs in an episode, given by

R(st ,At ) = c0/M+
|R|∑

i=1

ciδi , ∀(st ,At ) ∈ Ω (20)

where M is the makespan for current episode, Ω is a set
containing all the state-action pairs in the episode, and δi is
a binary variable indicating if the delay requirement of Si is
satisfied (δi = 1) or not (δi = 0). c0 and ci are weighting
coefficients reflecting the rewards obtained from minimizing
the makespan and satisfying delay requirements, respectively.

If the packet batch processing of service Si is finished
before its deadline, the scheduling agent obtains an addi-
tional reward ci . In this way, the scheduling agent tries to
maximize the accumulated reward by scheduling the services
to be completed before their deadlines. Setting c0 = 1 and
ci = 0 implies that one only considers to minimize the overall
makespan and ignores the delay requirements of the services,
while setting c0 = 0 and ci = 1 means that one aims to have
all the delay requirements satisfied no matter how long the
makespan is. By setting proper values for c0 and ci , we min-
imize the makespan while having all the delay requirements
satisfied. Note that the value of ci also reflects the priority
of services, and high priority services should have large ci .
For delay non-sensitive services, ci should be set to a small
value (or even zero), since the additional reward from satisfy-
ing the delay requirement can be obtained. For delay-sensitive
services, ci should be set as a large value to satisfy the delay
requirement.

E. Q-Learning Algorithm for Optimal VNF Scheduling

Given the system states, actions, and reward functions, we
develop an RL approach for the scheduling agent to learn the
optimal scheduling policy π∗ that maximizes the accumulated
reward over time, given by

π∗ = max
π

∑

t∈[1,T ]; A(st ) �=Anull

R(st ,At ). (21)

Q-learning [40] is adopted to allow the VNF scheduler
to learn the optimal scheduling policy through continuously
interacting with the system. During the learning process, a
scheduling policy table (also called Q-table) is maintained and
the entries (Q-values) in the Q-table are updated iteratively
by [40]

Q(st ,At ) = (1− α)Q(st ,At )

+ α

[
R(st ,At ) + γ max

At+1

Q(st+1,At+1)
]

(22)

where α is the learning rate and γ is the discount factor.
Both α and γ are real numbers set between 0 and 1. The Q-
value at time slot t, Q(st ,At ), represents the expected reward
for the state-action pair (st ,At ), and thus can be interpreted
as the probability of the agent taking action At at sate st .
It is demonstrated in [42] that Q-learning can be used to
achieve an optimal policy for discounted reward problems.
Suppose that the Q-table converges to its optimum Q∗ after
sufficiently large number of episodes, then the optimal pol-
icy π∗ can be obtained based on a greedy exploration [43].
That is,

π∗ = arg max
A(t)

Q∗(st ,At ). (23)

Since the VNF scheduling problem is transformed as
an MDP with variable action set, the agent can take null
actions at some time instants. Therefore, the general Q-
value iterative equation in (22) cannot be directly applied to
our problem. To make it adapt to the varying time period
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Algorithm 2: Q-Learning Algorithm to Find the Optimal
Scheduling Policy

1 Initialization:
2 Initialize episode counter n as 0;
3 Initialize nmax , α, ε, γ;
4 Set t ← 0;
5 while n < nmax do
6 Set st ← sini ;
7 Set Ωn ← ∅;
8 while st �= ster do
9 At ← chooseAction(st ,Q , t);

10 Add (st ,At ) to Ωn ;
11 st+1 ← TakeAction(st ,At , t);
12 while True do
13 t ← t + 1;
14 if st = ster then
15 break;

16 A(st )← findFeasibleActionSet(st , t);
17 if A(st ) �= Anull then
18 break;
19 else
20 st+1 ← NullAction(st , t);

21 n ← n + 1;
22 for all (st ,At ) ∈ Ωn do
23 Calculate R(st ,At ) according to (20);
24 Q(st ,At )← (1− α)Q(st ,At ) + α(R(st ,At ) +

γ maxAt+Δt
Q(st+Δt ,At+Δt ));

between two decision-making states, we modify (22) as
follows

Q(st ,At ) = (1− α)Q(st ,At )

+ α

[
R(st ,At ) + γ max

At+Δt

Q(st+Δt ,At+Δt )
]

(24)

where t + Δt denotes the next time slot when the decision-
making state occurs, and Δt depends on both the system state
and the packet batch processing time at the VNFs being tra-
versed at time slot t. Note that the Q-values are only updated
at each decision-making state. Between any two consecutive
decision-making states, Δt is same for all the NFV nodes. In
the implementation of large networks, the logically centralized
VNF scheduler can be physically decentralized. In such a cir-
cumstance, if we apply Q-learning centrally (i.e., maintain the
Q-table in a single server), then some information exchange
among different servers will be required.

The detailed Q-learning algorithm to determine the optimal
scheduling policy is given in Algorithm 2, where n denotes
the episode counter; nmax denotes the maximum number of
episodes for Q-learning; and Ωn represents the set containing
all the state-action pairs in the n th episode. At the beginning
of each episode, the system state is initialized as sini and Ωn

is empty (Line 6 - Line 7). In each episode, the agent takes an
action by using the ε-greedy algorithm at the beginning of each

Algorithm 3: Algorithm for Choosing Action at st
Input: System state st , Q-table
Output: The action to take At

1 A(st )← findFeasibleActionSet(st );
2 Nidle(st )← findIdleServers(st );
3 for all nk /∈ Nidle(st ) do
4 Set ak (t)← 0;

5 for all nk ∈ Nidle(st ) do
6 if Ak (t) = {0} then
7 Set ak (t)← 0;
8 else
9 With probability ε to choose a random action

ak (t) from Ak (st );
10 Otherwise, choose

ak (t) = arg maxak (t) Q(st ,At );

11 Set At ← [a1(t), a2(t), . . . , a|N |(t)];

time slot (Line 9 - Line 11). The detailed algorithm for the
agent to take an action at each state is given in Algorithm 3.
If an action is a null action, the system state keeps transiting
over time until the next decision-making state occurs (Line 12
- Line 20). Whenever the agent takes a non-null action, the
state-action pair (st ,At ) is added to Ωn (Line 10). When an
episode ends, we calculate the accumulated reward for all the
state-action pairs in this episode according to (20) (Line 23)
and update Q-values according to (24) (Line 24).

Complexity Analysis: In each episode, the agent first chooses
an action at each state using Algorithm 3 and then execute it.
The worst-case complexity of this operation is O(|N ||F|).
The state evolves until the completion state ster is reached.
Let m represent the maximum number of steps in an episode.
Then, the complexity of running an episode is O(m ·|N |·|F|).
Finally, the worst-case running time of updating the Q-table
for the state-action pairs in each episode is O(m). Therefore,
the total complexity in each episode of RL is upper-bounded
by O(|S| · |N | · |F|). The total number of episodes required
by RL is nmax . So the overall complexity of Algorithm 2 is
upper-bounded by O(nmax |S| · |N | · |F|).

Convergence Analysis: As shown in Algorithm 1, we intro-
duce an additional mapping which assigns the set of feasi-
ble/admissible actions to each state. Each state s(t) consists of
the states of NFV nodes and the states of VNFs. The feasible
action set A(st ) depends on each state and can be obtained
without observing the environment. Therefore, A(st ) is finite,
state-dependent, and fixed for a given state. The MDP under
consideration has stable state-action pairs. When the state and
action spaces are finite and stable, various proofs exist that the
tabular Q-learning does converge to the optimal Q-function
Q∗(st ,At ), under very mild conditions [40]–[43], supposed
that all state-action pairs are infinitely often visited.

VI. PERFORMANCE EVALUATION

In this section, we first verify the convergence of the
proposed RL approach then compare its performance with
other benchmark algorithms. In the following simulations,
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TABLE II
PARAMETER RANGES IN SIMULATION FOR DIFFERENT NETWORK SCALES

Fig. 4. Convergence of the proposed RL approach over the medium-scale
network.

three different network scales (small, medium and large) are
considered, which reflects different numbers of supported NFV
nodes, network services, and VNFs. The parameter ranges
in the simulation of the three network scales are listed in
Table II. For all the three network scales, the VNFs are ran-
domly embedded onto the NFV nodes. The number of VNFs
for each network service is a random integer between 2 and 5,
while the packet batch processing time (in terms of number
of time slots) at a VNF is a randomly selected integer from 1
to 5. Note that the size of a problem instance is sampled from
parameters in Table II and remains constant across episodes
during the whole learning process.

A. Convergence of the Proposed RL Approach

We first use a medium-scale network with 8 NFV nodes
and 10 services to verify the convergence of the proposed RL
approach. For all the simulations presented in this section, we
consider all the services as delay non-sensitive ones except for
S3, S6, and S10. Accordingly, we set the coefficients in the
reward function as c0 = 600, c3 = 1.0, c6 = 1.0, c10 = 1.0,
and ci = 0 (i = 1, 2, 4, 5, 7, 8, 9). The corresponding delay
constraints are specified as D3 = 18, D6 = 20, and D10 = 21
(all in time units).

1) Impact of Learning Rate (α) and Exploration Rate (ε):
Fig. 4 illustrates the convergence of the learning process with
different parameters. The discount factor γ is set to be 0.8.
We consider a constant learning rate (α = 0.05, 0.2) and a
decayed one (decaying from 0.8 to 0.1 with a decay rate of
0.999) and compare their performance. From the figure, we
can see that a decayed learning rate helps the RL approach
converges faster than a constant one does. This is because a
decayed α allows the learning algorithm to take bigger steps

during the initial phase to have a fast learning, but to take
smaller steps as learning approaches convergence.

On the other hand, the choice of the value for ε reflects the
trade-off between exploration and exploitation [40]. Two cases
of ε values are considered, i.e., ε = 0.1 and ε decays from 1.0
to 0.1 with a decay rate 0.99 (referred to as “ε decay”). It is
observed that the RL approach with a decayed ε has a higher
convergence rate. This is because a decayed ε has a higher
chance do exploration at the beginning but decreases the pos-
sibility dedicated for exploration as time goes by. Fig. 4 also
shows that the proposed RL approach converges after about
1000 episodes with the optimal set of learning parameters
among the four cases presented.

2) Impact of Network Scale: Next, we demonstrate the con-
vergence of the proposed RL algorithm over all the three
network scales, as shown in Fig. 5. The selected small-
scale network is with 4 NFV nodes and 5 network services,
while the selected large-scale network is with 15 NFV nodes
and 20 network services. For the small-scale network, we
set the coefficients in the reward function as c0 = 350,
c1 = 1.0, c2 = 0, c3 = 1.0, c4 = 0, and c5 = 1.0. The
delay constraints are specified as D1 = 18, D3 = 17, and
D5 = 8 (all in time units). For the large-scale network, we
set c0 = 2000, c9 = 1.0, c15 = 1.0, c17 = 1.0, and ci = 0
(i = 1 . . . 20, i �= 9, 15, 17). The delay constraints are spec-
ified as D9 = 17, D15 = 41, and D17 = 20 (all in time
units).

For each network scale, we first tune the RL parameters
to approach the optimum, and then apply to different max-
imum number of episodes nmax to observe a convergence.
For each value of nmax , we run the RL approach 50 times
and calculate the average reward and makespan per run for
each network scale. These rewards and makespans are then
used to find the ratios to optimality of different learning con-
figurations. The optimal solutions are found by solving the
ILP model given by (P2) using Gurobi solver. Fig. 5(a) and
Fig. 5(b) show the convergence of the RL algorithm in terms of
average reward per run and average makespan per run, respec-
tively. As can be seen from the two figures, the proposed RL
approach is able to produce the optimal solution upon conver-
gence after a certain number of learning episodes. Also, the
convergence rate of the RL approach decreases as the size of
problem instance expands. Specifically, RL converges to the
optimal solution after around 400, 1000, and 2000 episodes
for the small, medium, and large problem instances, respec-
tively. The reason for this is that a large problem instance has
a bigger size of solution space, and thus the RL agent needs
more episodes to explore the optimal policy.

B. Verification of Delay-Guaranteed VNF Scheduling Using
the Proposed RL Approach

We focus on the medium-scale network to verify the
proposed RL approach in guaranteeing the delay constraints.
To this end, we consider two types of services, i.e., delay
sensitive ones and delay non-sensitive ones, and two cases
of service type assignments. In Case 1, S3, S6, and S10

are considered to be delay sensitive services, and all the
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Fig. 5. Convergence of the RL algorithm over the small-scale, medium-scale
and large-scale networks: (a) Average reward ratio to optimal, and (b) Average
makespan ratio to optimal.

remaining services are considered to be delay non-sensitive
services. Accordingly, the coefficients in the reward function
are set as c3 = 1.0, c6 = 1.0, c10 = 1.0, and ci = 0
(i = 1, 2, 4, 5, 7, 8, 9). The corresponding delay constraints
are specified as D3 = 18, D6 = 20, and D10 = 21 (all in
time units). In Case 2, however, S1, S4, and S7 are con-
sidered to be delay sensitive services, so we set c1 = 1.0,
c4 = 1.0, c7 = 1.0, and ci = 0 (i = 2, 3, 5, 6, 8, 9, 10).
The corresponding delay constraints are specified as D1 = 19,
D4 = 18, and D7 = 12 (all in time units). For both cases, we
set c0 = 600, and run the RL approach for 1000 episodes (i.e.,
nmax = 1000) to allow a guaranteed convergence.

The detailed VNF scheduling results for the two cases are
presented in Fig. 6, where the interval between two verti-
cal lines represents a time slot, the bricks in the same color
represent the VNFs in a network service, and the vertical
dashed lines represent the delay constraints of the delay sen-
sitive services. As can be seen from the figure, the scheduling
outcomes of the two cases have the same makespan but the
detailed scheduling sequence of the VNFs are different. In
both cases, the proposed RL approach is able guarantee the

Fig. 6. Verifying delay-guaranteed VNF scheduling using the proposed RL
approach over the medium-scale network: (a) Case 1 with c3 = 1.0, c6 =
1.0, c10 = 1.0, and (b) Case 2 with c1 = 1.0, c4 = 1.0, c7 = 1.0.

delay constraints of delay sensitive services, while achieving
the optimal makespan. This demonstrates that the proposed
approach achieves delay-aware VNF scheduling effectively
and can support services with different priorities.

C. Running Time Comparison

We first compare the running time between the proposed
RL approach and the MILP model to illustrate the time effi-
ciency of the proposed approach. For the MILP formulation,
we employ the Gurobi optimization solver to determine the
optimal solution. For the RL approach, we tune its param-
eters to approach the optimal values. Table III compares the
running time, number of episodes, and the corresponding aver-
age reward of the proposed RL approach with that of the
MILP model. Both methods are run on a Intel i5-7200U CPU
@2.5GHz. We can find that, for the medium-scale network,
solving the MILP model using Gurobi solver takes about
5.4 s with a reward of 30.273 (calculated using the same
reward function as RL). In comparison, the solutions from
the proposed RL approach after 500 (or 1000) episodes are
only 2.26% (or 0.52%) worse than the optimality, while the
running times are both lower than that of the MILP model. As
for the large-scale network, the solution from the RL approach
with 2000 episodes already has a very small gap (1.71%) to
the optimality, while the running time is almost half of that
of the MILP model. It is also noticed that the advantage of
the RL approach becomes greater as the problem instance size
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Fig. 7. Performance comparison of the four methods in terms of the average reward and average makespan over the three scale networks: (a) small-scale
network, (b) medium-scale network, and (c) large-scale network.

TABLE III
RUNNING TIME COMPARISON BETWEEN RL APPROACH AND MILP

expands. In summary, we can conclude that the proposed RL
approach is time-efficient with negligible loss of accuracy.

D. Performance Comparison With Heuristic Algorithms

In this section, we compare the performance of the proposed
RL approach with the optimal solutions obtained from the
Gurobi solver and those from classical heuristic/metaheuristic
algorithms. In particular, we consider four greedy algo-
rithms [44]: 1) Greedy fast processing (GFP) in which the
VNF with the shortest processing time is always selected first;
2) Earliest due date first (EDD) in which the VNF with the ear-
liest due time is always selected first; 3) Minimum slack first
(MS) which always selects the VNF with the minimum slack
(defined as Di − tcur − ρij , where tcur is the current system
time); and 4) Random policy (RP) in which the agent randomly
schedules a feasible VNF for processing at each time slot.
In addition, we also consider a particle swarm optimization
(PSO) based algorithm [45], [46] for the purpose of compar-
ison. According to [46], we modify the way to evaluate the
fitness function for each particle by adding a penalty term.

For a given particle, if one delay constraint is not satisfied, a
penalty is added to the fitness function.

We compare the performance of the seven methods in terms
of the (average) reward and the (average) makespan over the
three scale networks. For the proposed approach, we set nmax

to be 400 (0.343 s), 1000 (3.002 s), and 2000 (20.78 s) for the
small, medium, and large problem instances, respectively, to
allow the RL approach to converge. For the PSO-based algo-
rithm, the number of particles, the number of iterations, and
the corresponding running time for the three network scales are
(100, 200, 0.65 s), (300, 1000, 10.11 s), (500, 1000, 32.377 s),
respectively. The performance comparison for the seven meth-
ods are shown in Fig. 7. It is seen that for all the three
problem instances, the average reward and makepsan from
the RL approach stay very close to the optimal ones obtained
from MILP, which indicates that in most cases the minimum
makespan is found and the delay constraints are all satisfied. In
contrast, using the PSO algorithm, in the small-scale network,
the minimum makespan can be found with a delay constraint
being violated. Note that the maximum reward can only be
achieved when the PSO parameters are increased to (500, 200,
3.04 s), which indicates that the minimum makespan is found
and the delay constraints are all satisfied. A similar conclusion
can be drawn for the large-scale network. With 500 particles
and 1000 iterations, PSO cannot obtain the maximum reward
(with two delay constraints being violated). Even if we use
1000 particles and 2000 iterations, which takes 116.14 s, the
minimum makespan still cannot be found with all the delay
constraints being satisfied. This demonstrates that the proposed
RL approach can achieve the minimum makespan while sat-
isfying all the delay constraints using a shorter time than the
PSO-based algorithm.

As for the other four heuristic algorithms, we observe that
their solution qualities depend on the objective of the problem,
and for different problem instances their performance cannot
be guaranteed. Among the four heuristic algorithms, the MS
algorithm performs the best in all the three network scales.
The reason is that the MS algorithm aims to minimize the
maximum lateness and takes the delay constraints into con-
sideration when selecting the VNF for processing. However,
performance gap exists between the solution from the MS
algorithm and the optimal solution, and this gap increases as
network scale becomes larger. Considering that the optimality
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Fig. 8. Comparison between the proposed centralized approach and the
decentralized approach in terms of makespan.

gap between the RL solutions and the optimal ones are consis-
tently small, we can conclude that the proposed RL approach
outperforms classical heuristic algorithms, and also well com-
petes with the MILP model over all of the three networks.
In addition, the performance gaps between the RL approach
and the heuristic algorithms in terms of the reward are bigger
than those for the makespan for all the three network scales.
This is because the RL approach achieves delay-aware VNF
scheduling where not only the makespan is minimized but also
the delay constraints are satisfied. Therefore, the additional
rewards for satisfying the delay constraints are obtained. Note
that the makespan differences in Fig. 7 indicate the packet
batch processing time gaps between RL and the heuristic algo-
rithms in one scheduling cycle. Once the scheduling sequence
is found, each cycle of VNF scheduling proceeds repeatedly
for future packet batch processing, which accumulates the gap
and leads to a considerable performance difference between
the RL approach and the other five algorithms in comparison.

E. Performance Comparison With Decentralized Solution

In this section, we compare the proposed centralized
approach and the decentralized one [23]. For the decentral-
ized approach, we attach to each NFV server an agent which
improves its VNF scheduling policy independently with the
help of RL. Each agent only has a local view of the system,
which contains the status of the NFV node it is associated with
and the status of all the VNFs on that node. Similar to [23],
the immediate cost C (st , at ) for taking action at at state st
is given by

C (st , at ) :=
|N |∑

k=1

∣
∣{fij | fij is queued at NFV node nk

}∣
∣.

(25)

Similar to the reward function R(st ,At ) in this paper, this cost
function C (st , at ) is utilized in updating the Q-table main-
tained within each learning agent. The intuition behind this
cost function is that a high utilization of the resources (i.e.,
NFV nodes) implies a minimal makespan.

Fig. 9. Illustration of reducing JSP to JSSD.

Since delay constraints are not considered in the decen-
tralized approach, we set ci = 0 (i = 1, . . . , |R|) in the
reward function in our approach and compare the performance
in terms of makespan only. Fig. 8 shows the comparison
between the two approaches over three scale networks. It can
be seen that the proposed centralized approach outperforms
the decentralized one. Our centralized approach has improved
performance by taking advantage of a global view of the status
of NFV nodes and services in the whole system.

VII. CONCLUSION AND FUTURE WORK

In this paper, we have investigated a VNF scheduling
problem under an SDN/NFV-enabled network architecture,
with the objective of minimizing the overall makespan of
services while satisfying differentiated E2E delay require-
ments. The problem has been first formulated as an MILP
and then reformulated as an MDP problem. A reinforcement
learning approach has been proposed to obtain near-optimal
solutions to the VNF scheduling problem with high effi-
ciency and accuracy. Simulation results have been presented
to demonstrate that the proposed approach outperforms other
heuristic algorithms and can achieve near-optimal solutions.
The proposed approach facilitates QoS-guaranteed service pro-
visioning in SDN/NFV-enabled networks. Since the Q-table
was learnt and applied on one fixed problem instance. As our
future work, we will investigate a more general RL approach
which can learn a set of training problem instances but apply
to unknown instances with similar patterns. We will also con-
sider stochastic arrivals of service requests in the formulation
of the VNF scheduling problem.

APPENDIX

The classical JSP is NP-complete [47], and hence it is
strongly believed that JSP cannot be solved in polynomial
time. In our work, we will show that JSP with deadlines
(JSSD) is NP-hard, if JSP is NP-complete, i.e.,

(JSP /∈ P)⇒ (JSSD /∈ P). (26)

where P represents the class of problems that can be solved
in polynomial time. We will prove the contrapositive:

(JSSD ∈ P)⇒ (JSP ∈ P). (27)

Assume that we have access to a polynomial time subrou-
tine JSSD (N ,R,D1, . . . ,D|R|). The inputs to the subroutine
are a set of NFV nodes N , a set of services R, and their
corresponding delay constraints Di , i = 1, . . . , |R|. The out-
put of this subroutine is true if a feasible schedule exists such
that the makespan is smaller than or equal to M (where M
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is a positive integer) and all the delay constraints are satis-
fied, and is false otherwise [48]. Obviously, a problem instance
(N , R) for JSP can be transformed in polynomial time into
an instance (N ,R,D1, . . . ,D|R|) for JSSD (see Fig. 9). We
can also observe that both problems need to answer whether
a schedule exists such that the makespan is smaller than or
equal to M. Let D1,D2, . . . ,D|R| all be equal to M. Then,
the outputs of JSP and JSSD are consistent. Suppose (towards
a contradiction) that a polynomial time algorithm for JSSD
exists, then we can use this algorithm to solve JSP in poly-
nomial time, thus yielding a contradiction. Therefore, (27) is
true, and as the contrapositive of (27), (26) is also true. This
shows that the JSSD can be reduced from JSP in polynomial
time and thus is NP-hard.
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