
IEEE TRANSACTIONS ON CYBERNETICS 1

Virtual Network Embedding via Monte Carlo Tree
Search

Soroush Haeri, Student Member, IEEE and Ljiljana Trajković, Fellow, IEEE

Abstract—Network virtualization helps overcome shortcomings
of the current Internet architecture. The virtualized network
architecture enables coexistence of multiple virtual networks on
an existing physical infrastructure. Virtual Network Embedding
(VNE) problem, which deals with the embedding of virtual
network components onto a physical network, is known to be
NP-hard.

In this paper, we propose two VNE algorithms: MaVEn-
M and MaVEn-S. MaVEn-M employs the Multi-Commodity
Flow algorithm for virtual link mapping while MaVEn-S uses
the shortest-path algorithm. They formalize the Virtual Node
Mapping problem by using the Markov Decision Process (MDP)
framework and devise action policies (node mappings) for the
proposed MDP using the Monte Carlo Tree Search algorithm.
Service providers may adjust the execution time of the MaVEn
algorithms based on the traffic load of virtual network requests.
The objective of the algorithms is to maximize the profit of
Infrastructure Providers. We develop a discrete event VNE
simulator to implement and evaluate performance of MaVEn-M,
MaVEn-S, and several recently proposed VNE algorithms. We
introduce profitability as a new performance metric that captures
both acceptance and revenue to cost ratios. Simulation results
show that the proposed algorithms find more profitable solutions
than the existing algorithms. Given additional computation time,
they further improve embedding solutions.

I. INTRODUCTION

The best-effort service, supported by the current Internet
architecture, is not well-suited for all applications. A signifi-
cant barrier to innovation has been imposed by the inability
of the current Internet architecture to support a diverse array
of applications [1]. The great success of the Internet has
increased its ubiquity that, consequently, has lead to various
challenges that the current Internet architecture is unable to
address [2]. Network virtualization overcomes these shortcom-
ings [1], [3]. The virtualized network model divides the role of
Internet Service Providers (ISPs) into two independent entities:
Infrastructure Providers (InPs) and Service Providers (SPs).
The InPs manage the physical infrastructure while the SPs
aggregate resources from multiple InPs into multiple Virtual
Networks (VNs) to provide end-to-end services [3], [4].

In the virtualized network architecture, an InP owns and
operates a substrate network composed of physical nodes
and links that are interconnected in an arbitrary topology.
Combinations of the substrate network nodes and links are
used to embed various virtualized networks. Virtual networks
embedding enables end-to-end service provisioning without
requiring unified protocols, applications, or control and man-
agement planes [5].
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An InP’s revenue depends on the resource utilization within
the substrate network that, in turn, depends on the efficiency of
the algorithm that allocates the substrate network resources to
virtual networks [4]. This resource allocation is known as the
virtual network embedding (VNE) [6], which may be formu-
lated as a mixed-integer program (MIP) [7] or may be reduced
to the multiway separator problem [8], [9]. Both problems are
NP-hard making the VNE problem also NP-hard. This is
one of the main challenges in network virtualization.

MIPs have already been employed to solve the VNE
problem [7], [10], [11]. The proposed R-ViNE and D-ViNE
algorithms [7] use a rounding-based approach to attain a
linear programming relaxation of the MIP that corresponds
to the VNE problem [7]. Their objective is to minimize the
cost of accommodating Virtual Network Requests (VNRs).
Node-ranking-based algorithms are among the most recent
approaches to solve the VNE [12]–[14]. This family of algo-
rithms computes a score/rank for substrate and virtual nodes
based on various heuristics. Then, using the computed ranks,
a large-to-large and small-to-small [12] mapping scheme is
employed to map the virtual nodes onto substrate nodes.
The Global Resource Capacity (GRC) [14] is among the
most recent node-ranking-based algorithms that outperforms
the earlier similar algorithms. Subgraph isomorphism detec-
tion [15], particle swarm optimization [16], and ant colony
optimization [17] are among other employed methods.

The VNE problem may be divided into two subproblems:
Virtual Node Mapping (VNoM) and Virtual Link Mapping
(VLiM). VNoM algorithms map virtual nodes onto substrate
nodes while VLiM algorithms map virtual links onto sub-
strate paths. Algorithms that have been proposed for solving
VNE are categorized into three categories depending on the
approaches taken to solve these two subproblems [18]. The
uncoordinated two-stage algorithms first solve the VNoM
problem and provide a node mapping to the VLiM solver.
In these approaches, the VNoM and VLiM solvers operate
independently without any coordination [9], [19]. The co-
ordinated two-stage algorithms also first solve the VNoM
problem. Unlike the uncoordinated solutions, these algorithms
consider the virtual link mappings when solving the VNoM
problem [7], [12], [14]. The coordinated one-stage algorithms
solve the VNoM and VLiM problems simultaneously. When
two virtual nodes are mapped, also mapped is the virtual link
connecting the two nodes [20].

Most VNE algorithms proposed in the literature solve the
VNoM problem while using the shortest-path algorithms (k-
shortest path, Breadth-First Search (BFS), and Dijkstra) or
the Multi-Commodity Flow (MCF) algorithm to solve VLiM.
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Unlike the MCF algorithm, the shortest-path algorithms do not
allow path splitting. Path splitting [9] enables a virtual link to
be mapped onto multiple substrate paths.

Our contributions are: modeling VNoM as a Markov De-
cision Process (MDP), introducing two Monte Carlo Tree
Search-based algorithms, and developing a VNE simulator.

We model the VNoM problem as an MDP. MDPs decom-
pose sequential decision-making problems into states, actions,
transition probabilities between the states given the actions,
and the received rewards for performing actions in given states.

We introduce two Monte Carlo Tree Search-based Virtual
Network Embedding algorithms: MaVEn-M and MaVEn-S.
They are coordinated two-stage VNE algorithms that solve the
proposed MDP for VNoM using the Monte Carlo Tree Search
(MCTS) algorithm [21], [22]. MaVEn-M employs the MCF
algorithm to coordinate VNoM and VLiM when solving the
VNoM subproblem. It also employs MCF to solve the VLiM
subproblem after it obtains the VNoM solution. MaVEn-S
employs a simple BFS algorithm. A number of existing VNE
algorithms find only one solution for virtual network mapping
and they are unable to improve the solution even if additional
execution time is available [7], [12]–[14]. One advantage of
the proposed algorithms is that their runtime may be adjusted
according to the VNR arrival rates. If the VNR arrival rate
is low, their execution time may be increased to find more
profitable embedding solutions.

We develop a VNE simulator VNE-Sim written in C++. It
is based on the Discrete Event System Specification (DEVS)
framework [23] and employs the Adevs library [24]. For
performance evaluation, we implement the proposed MaVEn-
M and MaVEn-S algorithms, the well-known MIP-based R-
ViNE and D-ViNE algorithms [7], and the recently proposed
node-ranking-based GRC algorithm [14]. We also introduce
profitability as a new metric for comparing VNE algorithms.

The remainder of this manuscript is organized as follows.
In Section II, we present the VNE problem and its objective
function, establish its upper bound, and introduce profitability
as a performance metric. An MDP formulation of the VNoM
problem is proposed in Section III. We then introduce two
MaVEn algorithms, which utilize MCTS for finding optimal
action policies for the proposed MDP. In Section IV, perfor-
mance of the MaVEn algorithms is compared to the existing
VNE algorithms. We conclude with Section V.

II. VIRTUAL NETWORK EMBEDDING PROBLEM

Let Gs(Ns,Es) denote the substrate network graph, where
Ns = {ns1,ns2, . . . ,nsj} is the set of j substrate nodes
(vertices) while Es = {es1, es2, . . . , esk} is the set of k
substrate edges (links). Let the ith VNR be denoted by
a triplet Ψi(G

Ψi ,ωΨi , ξΨi), where GΨi(NΨi ,EΨi) is the
virtual network graph with NΨi = {nΨi

1 ,nΨi
2 , . . . ,nΨi

` } and
EΨi = {eΨi

1 , eΨi
2 , . . . , eΨi

m } denoting the set of ` virtual
nodes and m virtual edges, respectively. Furthermore, ωΨi is
the VNR arrival time and ξΨi is its life-time according to
distributions Ω and Ξ, respectively.

Substrate nodes and edges possess resources such as resid-
ual CPU capacity and bandwidth that may be used for em-
bedding virtual network elements. VNoM algorithms assign

a virtual node nΨi to a substrate node ns that satisfies
requirements of the virtual node. We denote such mapping by
a tuple (nΨi ,ns). VLiM algorithms establish a virtual link
using one or more substrate links. If a virtual link eΨi is
established using q substrate links {es1, es2, . . . , esq}, we denote
such mapping by a tuple

(
eΨi , {es1, es2, . . . , esq}

)
. The goal

of VNoM and VLiM algorithms is to optimize an objective
function.

We assume that substrate nodes possess residual CPU capac-
ities C(ns) and are located at coordinates L(ns) = (xns , yns).
Virtual nodes require a CPU capacity C(nΨi) and have a
location preference L(nΨi) = (xΨi , yΨi). The only assumed
substrate link resource is the residual link bandwidth B(es).
Virtual links have bandwidth requirements B(eΨi) [7]. As-
suming that path splitting [9] is permitted for link mapping, a
substrate node is eligible to host a virtual node if:

C(ns) ≥ C(nΨi), (1)

d
(
L(ns),L(nΨi)

)
≤ δΨi , (2)∑

es∈Ens
B(es) ≥

∑
eΨi∈E

nΨi

B(eΨi). (3)

where d(., .) is the Euclidean distance function, δΨi is a
predetermined maximum allowable distance for the node em-
beddings of Ψi, Ens is the set of substrate links connected
to a substrate node ns, and EnΨi is the set of virtual links
connected to the virtual node nΨi .

If path splitting is not permitted, (3) is not a sufficient
condition, and a substrate node is eligible for embedding
a virtual node if there exist at least one mapping U =
{(eΨi

m , esk), . . . , (eΨi
w , esv)} from EnΨi to Ens such that:

∀ (eΨi
m , esn) ∈ U ,

∑
eΨi∈U(esn)

B(eΨi) ≤ B(esn), (4)

where U(esn) denotes the set of all virtual links eΨi that
are mapped to the substrate link esn by the mapping U . The
substrate nodes that satisfy these conditions form the set of
candidate nodes Ns(nΨi) for embedding nΨi .

A. Objective of Virtual Network Embedding

Majority of the proposed VNE algorithms have the objective
to maximize the profit of InPs [7], [12]–[14]. Embedding
revenue, cost, and the VNR acceptance ratio are the three main
contributing factors to the generated profit.

Revenue: InPs generate revenue by embedding VNRs. The
revenue generated by embedding a VNR Ψi is calculated as
a weighted sum of VNR resource requirements:

R(GΨi) = wc
∑

nΨi∈NΨi

C(nΨi) + wb
∑

eΨi∈EΨi

B(eΨi), (5)

where wc and wb are the weights for CPU and bandwidth
requirements, respectively [13]. The network provider receives
a revenue only if the virtual network request is accepted for
embedding. No revenue is generated in the case the request is
rejected. In this paper, we assume that requests are served one
at a time [13], [14]. Furthermore, we are not considering future
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VNR arrivals. Hence, to maximize the revenue, the service
provider should try to accept as many requests as possible.
The generated revenue only depends on whether or not the
request is accepted. If a request is accepted for embedding,
the generated revenue (5) does not depend on the substrate
resources used to serve the request.

Cost: For embedding a VNR Ψi, the InP incurs a cost based
on the resources it allocates for embedding the VNR. The
incurred cost is calculated as:

C(GΨi) =
∑

nΨi∈NΨi

C(nΨi) +
∑

eΨi∈EΨi

∑
es∈Es

fe
Ψi

es , (6)

where fe
Ψi

es denotes the total bandwidth of the substrate edge
es that is allocated for the virtual edge eΨi [7], [9]. Unlike the
revenue function (5), the cost (6) depends on the embedding
configuration. Hence, if a VNR Ψi is accepted, the cost
C(GΨi) values depend on the embedding configuration within
the substrate network.

Acceptance Ratio: In a given time interval τ , the ratio of
the number of accepted VNRs |Ψa(τ)| to the total number of
VNRs that arrived |Ψ(τ)| defines the acceptance ratio or the
probability of accepting a VNR:

pτa =
|Ψa(τ)|
|Ψ(τ)|

. (7)

Objective Function: Similar to other proposed algo-
rithms [7], [12], [14], we also aim to maximize the InP profit
defined as the difference between the generated revenue and
cost. Maximizing the revenue and acceptance ratio while min-
imizing the cost of VNR embeddings maximizes the generated
profit of InPs. Therefore, we define the objective of embedding
a VNR Ψi as maximizing the following objective function:

F(Ψi) =

{
R(GΨi)−C(GΨi) successful embeddings
Γ otherwise ,

(8)
where Γ defines the greediness of the embedding. Assuming
that R(GΨi)−C(GΨi) ∈ [a, b], setting Γ to a value smaller
than a results in a greedy VNR embedding because in this
case Γ is the lower bound of F . Hence, to maximize F (8),
any successful embedding is better than rejecting the VNR.
Assigning Γ ∈ [a, b] introduces a preferential VNR acceptance
and, thus, if

R(GΨi)−C(GΨi) < Γ, (9)

rejecting the VNR Ψi maximizes F(Ψi). We only consider
the greedy approach by assigning a large negative penalty for
unsuccessful embeddings (Γ→ −∞).

In order to define the upper bound of the objective function,
let us consider the case where path splitting is not permitted.
In this case, (6) becomes:

C(GΨi) =
∑

nΨi∈NΨi

C(nΨi) +
∑

eΨi∈EΨi

ηeΨiB(eΨi), (10)

where ηeΨi denotes the length of the substrate path used to
accommodate the virtual edge eΨi . Hence:

R(GΨi)−C(GΨi)

= wc
∑

nΨi∈NΨi

C(nΨi)−
∑

nΨi∈NΨi

C(nΨi)

+ wb
∑

eΨi∈EΨi

B(eΨi)−
∑

eΨi∈EΨi

ηeΨiB(eΨi)

= (wc − 1)
∑

nΨi∈NΨi

C(nΨi)

+
∑

eΨi∈EΨi

(wb − ηeΨi )B(eΨi). (11)

The substrate path lengths ηeΨi∀eΨi ∈ EΨi are the only pa-
rameters that depend on the embedding configuration. There-
fore, (11) is maximized when the path lengths are minimized.
The minimum substrate path length for embedding a virtual
link is equal to 1. Hence:

max{R(GΨi)−C(GΨi)}

= (wc − 1)
∑

nΨi∈nΨi

C(nΨi)

+ (wb − 1)
∑

eΨi∈EΨi

B(eΨi). (12)

In order to remove the influence of the weights on the
calculations of the upper bound, without loss of generality
we may assume wc = wb = 1 [7], [9], [12]. Hence:

max{R(GΨi)−C(GΨi)} = 0. (13)

The upper bound of the objective function is achieved when Ψi

is successfully embedded (8). Therefore, we define the upper
bound for the objective function as:

max{F(Ψi)} = max{R(GΨi)−C(GΨi)} (14)

, Fub(Ψi).

The same upper bound would be achieved if path splitting
was permitted because the minimum substrate path length for
embedding a virtual link might not be less than 1.

B. VNE Performance Metrics
Acceptance ratio, revenue to cost ratio, and substrate net-

work resource utilization are the main VNE performance met-
rics [7], [13], [14]. Considering acceptance and revenue to cost
ratios independently does not adequately estimate performance
of VNE algorithms. For example, high acceptance ratio when
the average revenue to cost ratio is low is undesirable because
it leaves the substrate resources underutilized [7]. The same
applies to having a high revenue to cost ratio while having
a low acceptance ratio. Therefore, acceptance and average
revenue to cost ratios should be considered simultaneously.
Hence, we introduce profitability θ as a new performance
measure. The profitability θ in a time interval τ is calculated
as a product of acceptance and revenue to cost ratios:

θ = pτa ×

∑
Ψi∈Ψa(τ)

R(GΨi)

∑
Ψi∈Ψa(τ)

C(GΨi)
, (15)
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where pτa is the acceptance ratio during the interval τ (7) and
Ψa(τ) is the set of all accepted VNRs in the interval τ . Since
the CPU and bandwidth revenue weights are wc = wb = 1, the
maximum profitability θmax = 1. Higher profitability implies
that the algorithm has high acceptance and high revenue to
cost ratios. Therefore, VNE algorithms are desired to have
profitability values close to 1.

III. VIRTUAL NETWORK EMBEDDING AS A MARKOV
DECISION PROCESS

We model the VNE problem as a sequence of decision-
making instances where an agent (VNE algorithm) receives
VNRs. The agent solves the VNoM and VLiM for each VNR
Ψi and receives a reward F(Ψi). The agent’s objective is to
maximize this reward. (Throughout this paper, we interchange-
ably use terms agent and decision-making agent.)

A. Markov Decision Process

We use Markov Decision Process (MDP) to model the
sequential decision-making problem. A discrete time MDP
M is a quintuple (T , Φ,A,R,P ), where T is the set of
decision-making instances, Φ is the state space, A is the
action space, R : Φ × A → R is the reward function
that assigns real-valued rewards to state-action pairs, and
P : Φ×A×Φ→ [0, 1] is a transition probability distribution.
Therefore, R(φt = φ, at = a) is the reward for performing
action a in state φ and

P (φ′, a,φ) = Pr(φt+1 = φ′|at = a,φt = φ) ∼ P (16)

is the probability of a transition to state φ′ when selecting
action a in state φ. A state ρ is called a terminal state if
P (ρ, a, ρ) = 1. We denote the reward of entering a terminal
state by Rρ. An MDP M is called episodic if it possesses a
terminal state [25].

The behavior of a decision-making agent is defined by its
policy π for selecting actions. The overall return of a given
policy π is calculated as:

Rπ = Rπρ +

T∑
t=1

γtRπt , (17)

where T defines the decision-making horizon and 0 ≤ γt ≤ 1
is a discount factor. The MDP is called finite-horizon if T <
∞ while T →∞ defines an infinite-horizon MDP. The goal of
the decision-making agent is to find policy π∗ that maximizes
the expected cumulative rewards given an initial state φ1 [26].

B. A Finite-Horizon MDP Model for Coordinated VNoM

Let us consider a substrate network with j nodes and k links.
At an arbitrary time instant ωΨi , the VNE solver receives a
VNR Ψi that requires ` virtual nodes and m virtual links.
We define the MDP corresponding to virtual node mapping of
Ψi as a finite-horizon MDPMΨi . The decision-making agent
consecutively selects ` substrate nodes for embedding nodes of
Ψi, yielding to ` decision-making instances at discrete times t
until the horizon T = ` is reached. If all nodes are successfully
mapped, the process reaches its terminal state at t = `+1. We

assume that in a given state φΨi
q , the agent tries to identify a

substrate node ns ∈ Ns
q for embedding the first element nΨi

q

of the set NΨi
q , where Ns

q the set of all substrate nodes that
are available for embedding virtual nodes at state φΨi

q and
NΨi
q is the ordered set of all virtual nodes that are yet to be

embedded.
The state of MΨi at the decision making instance t is

defined as:

φΨi
t =

(
NΨi
t = NΨi

t−1 \ {n
Ψi
t−1},Ns

t = Ns
t−1 \ {nst−1}

)
, (18)

where nst−1 is the substrate node selected for embedding the
virtual node nΨi

t−1 in the previous time step. In the initial state,
no virtual node has been embedded and, thus, all substrate
nodes are available for embedding the first virtual node. Hence,
NΨi

1 = NΨi and Ns
1 = Ns.

The agent selects a node ns ∈ {Ns
t ∩ Ns(nΨi

t )} from the
set of viable actions:

AΨi
t = {ε} ∪

{
(nΨi
t ,ns) : ∀ns ∈ {Ns

t ∩Ns(nΨi
t )}

}
, (19)

where ε denotes an arbitrary action that forces the transition
to a terminal state. As the result of selecting a substrate node
nst for embedding the virtual node nΨi

t , the agent receives a
reward and MΨi transits to state φΨi

t+1.
The state transition (18) occurs because multiple virtual

nodes cannot be embedded into a single substrate node.
Depending on the choice of the substrate node for embedding
the virtual node nΨi

t at decision making instance t, there are
|AΨi

t | possible next states, where |AΨi
t | denotes the number

of viable actions in state φΨi
t . The probability of the state

transition is:

Pr(φΨi
t+1 | nst ,φ

Ψi
t ) = 1. (20)

The process continues until MΨi transits to the `th state
φΨi
` where an action from AΨi

` is selected. The decision-
making horizon is then reached andMΨi transits to a terminal
state where the reward Rρ is calculated. We assume that the
immediate rewards Rt for all t ≤ ` are zero and the agent
receives a reward Rρ only when it reaches a terminal state be-
cause partially mapping a virtual network does not necessarily
lead to a successful complete mapping. Reaching a terminal
state when t < ` implies that there is no eligible substrate
node for mapping a virtual node nΨi . Hence, Ns(nΨi) = ∅).
Therefore, ε that forces MΨi to its terminal state has been
selected. This implies that the VNoM has been unsuccessful
thus Rρ = Γ (8). On the contrary, reaching a terminal state
when t = ` + 1 implies that the VNoM has been successful.
The agent then proceeds to solve VLiM. If VLiM is successful,
the VNR is accepted for embedding and the agent receives
the reward Rρ = R(GΨi)−C(GΨi). Otherwise, the VNR is
rejected and Rρ = Γ (8).

We do not consider link mappings at the intermediate states
of MΨi . However, the agent is unable to select an optimal
action policy π∗ without knowing the final reward Rρ, which
requires solving the VLiM problem. Hence, finding π∗ for
MΨi results in a coordinated VNoM solution [18].
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Fig. 1. Example of a VNoM search tree for embedding a VNR Ψi with 3
nodes onto a substrate network with 5 nodes.

C. Monte Carlo Tree Search for Solving the VNoM MDP

The size of the MDP state space grows exponentially with
the number of state variables. Complexity of exact algorithms
for solving MDP such as the policy iteration and the value
iteration [26] is polynomial in the size of the state space [27].
Therefore, finding exact solutions for MDPs with large number
of state variables is intractable. Solving such MDPs often
involves finding a near-optimal solution. The number of state
variables of the proposed MDP MΨi depends on the number
of substrate and virtual nodes |Ns| and |NΨi |, respectively.
Consequently, the number ofMΨi states grows exponentially
with |Ns| and |NΨi |. Hence, finding an exact solution for
MΨi is intractable for even a fairly small |Ns| and |NΨi |.

Various approaches have been proposed for finding near-
optimal solutions of large MDPs [28]–[31]. Recent ap-
proaches [30], [31] are based on the Monte Carlo Tree Search
(MCTS) [21]. They assume that the decision-making agent
has access to a generative model G of the MDP. The model is
capable of generating samples of successor states and rewards
given a state and an action [31]. The agent uses the model G
to perform a sampling-based look-ahead search [29]. MCTS
builds a sparse search tree [32] and selects actions using Monte
Carlo samplings. These actions are used to deepen the tree in
the most promising direction [30].

Consider the search tree for solvingMΨi . Its depth is equal
to the horizon T of MΨi . The nodes and edges of the tree
correspond to states and actions, respectively. The root of the
tree corresponds to the initial state φΨi

1 of MΨi . Let |AΨi
m |

be the number of available actions at a given state φΨi
m . The

search tree node that corresponds to the state φΨi
m has |AΨi

m |
child nodes, each corresponding to a possible next state φΨi

m+1

that is a result of selecting an action (nΨi
m ,ns) ∈ AΨi

m . Tree
node store values and visit counts. The value of a non-terminal
tree node is the cumulative sum of the rewards received in the
discovered and reachable terminal nodes. A path from the root
to a leaf node defines an action policy π. An example of a
VNoM search tree for embedding a VNR with 3 nodes onto
a substrate network with 5 nodes is shown in Fig. 1.

MCTS algorithm begins with a tree that only consists of

the root node. It then executes four phases until a predefined
computational budget β is exhausted:

1) Selection: The tree is traversed from the root until a
non-terminal leaf node is reached. At each level of the tree,
a child node is selected based on a selection strategy. This
strategy may explore the undiscovered sections of the search
tree to find better actions or may exploit promising subtrees
that have already been discovered. This is known as balancing
exploration vs. exploitation [33].

Various selection strategies have been proposed in the
literature [21], [34], [35]. The Upper Confidence Bounds for
Trees (UCT) [21] is one of the most commonly used selection
strategies. Let u denote the current node of the search tree and
I the set of all its children. Furthermore, let vi and σi denote
the value and visit count of a node i, respectively. UCT selects
a child κ from:

κ ∈ arg max
i∈I

( vi
σi

+D

√
lnσu
σi

)
, (21)

where D is an exploration constant that determines the balance
between exploration and exploitation. If D = 0, the selection
strategy is strictly exploitative.

2) Expansion: After a non-terminal leaf node is selected,
one or more of its successors are added to the tree. The
most common expansion strategy is to add one node for
every execution of the four MCTS phases. The new node
corresponds to the next state [22].

3) Simulation: From the given state of the non-terminal
node that has been selected, a sequence of actions is performed
until a terminal state is reached. Even though MCTS converges
with randomly selected actions [21], utilizing domain knowl-
edge may improve the convergence speed [30].

4) Backpropagation: The reward is calculated after a ter-
minal state is reached in the Simulation phase. This reward is
then propagated from the terminal node to the root. Every tree
node in the current trajectory is updated by adding the reward
to its current value v and incrementing its count σ.

The computational budget β is defined as the number of
evaluated action samples per selection cycle. After repeating
the four phases β times, the child of the root with the highest
average value is selected as the optimal action and the MDP
enters its next state. The selected child is then chosen to be
the new root of the search tree. The process repeats until the
root of the search tree is terminal regardless of parameter β.

D. Parallel Monte Carlo Tree Search

Various techniques for parallelizing the MCTS algorithm
are available [36]. We consider a symmetric multiprocessor
(SMP) system as the platform for parallelization where mem-
ory is shared and, hence, mutual exclusions (mutex) should
be employed to avoid corruption of the search tree when
multiple threads attempt to access and modify the search tree
during the phase 1, 2, and 4 of the MCTS algorithm. The
Simulation phase does not require information from the search
tree thus enabling simulations to be executed independently
without any mutex [36]. Root and leaf parallelizations [37]
are the common techniques that do not require any mutex.
Hence, they are simple to implement and may be executed on
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Fig. 2. Root parallelization of Monte Carlo Tree Search. UCT is the Upper
Confidence Bound for Trees selection strategy.

distributed memory architectures such as clusters. An example
of the root parallelization technique is shown in Fig. 2. It
requires less coordination and communication between the
processors compared to the leaf parallelization. Furthermore,
performance evaluations have shown that root parallelization
leads to superior results [36], [37].

Each processor creates its own search tree and the pro-
cessors do not share information. A unique random number
generator seed should be assigned to each processor to ensure
that the constructed search trees are not identical. At the end of
simulations time (β), each processor communicates the value v
and count σ of the children of its root to the master processor,
which then calculates the best action based on the information
it receives from other processors [37].

E. MaVEn Algorithms

We propose MaVEn-M and MaVEn-S algorithms that em-
ploy MCTS to solve the MDP MΨi . Their pseudocode is
listed in Algorithm 1. MaVEn-M uses MCF to solve VLiM
and to calculate values of terminal states while MaVEn-S uses
a breadth first search shortest path algorithm.

Two implementation details should be considered when
implementing Algorithm 1: (They have been omitted from the
pseudocode due to space constrains.)

Node Creation: When creating the root or new nodes (lines
3 and 46), the child array of the node should be initialized. It
is important to note that these child nodes are not yet part of
the tree. Therefore, although they have value v and visit count
σ, they should be distinguishable from the nodes that are part
of the tree (line 45). This is achieved by setting v and σ while
not setting their states.

Child Initialization: When initializing the child array of a
node, value v and visit count σ of these child nodes should be
set. In this stage, we preclude actions that are not viable in the
state that corresponds to the parent node. We assume that the

parent node corresponds to a state (NΨi
x ,Ns

x). In this state, the
goal is to find a substrate node ns ∈ Ns

x for embedding the
first element of NΨi

x denoted by nΨi
current. Since the viable

actions are {ns : ∀ns ∈ Ns(nΨi
current)}, we set v = 0 and

σ = 0 for the child nodes that correspond to these substrate
nodes while setting the v and σ of all other child nodes to
large negative and positive values, respectively. This ensures
that only substrate nodes in Ns(nΨi

current) are considered as
viable choices for embedding. Hence, the UCT strategy (21)
will not select actions that are not viable.

F. Parallelization of the MaVEn Algorithms

MCTS is highly parallelizable [31] and parallelization
improves its performance. There are various techniques to
successfully parallelize the MCTS algorithm and improve the
tree search execution time [36]. We parallelize MaVEn using
root parallelization because it is one of the most successful
approaches [36], [37]. Let us assume that there are p available
processors for parallelization. Each processor is assigned a
unique integer number rank ∈ {0, . . . , p}. We assume that
the processor with rank = 0 is the master responsible for
collecting the information from other processors and selecting
the best action. The pseudocode of the parallelized MaVEn is
shown in Algorithm 2.

IV. PERFORMANCE EVALUATION

In this Section, we present simulation results used to com-
pare the proposed and the existing VNE algorithms. The per-
formance of MCTS is mostly influenced by the computational
budget β. Therefore, we compare the algorithms by varying
β from 5 to 250 samples per virtual node embedding while
keeping the VNR traffic load constant. The remaining MCTS
parameters were adopted from the literature [35]. We then
compare the algorithms by increasing the VNR traffic load.
The MaVEn-M and MaVEn-S simulation scenarios that are
presented in Section IV-B and Section IV-C are repeated six
times with different seeds for the random number generator.
The results are averaged over these executions. Simulations
were performed on a Dell Optiplex-790 with 16 GB memory
and the Intel Core i7 2600 CPU.

A. Simulation Environment

We developed a discrete event simulator VNE-Sim based on
the DEVS framework [23] in order to evaluate performance of
the proposed MaVEn-M and MaVEn-S algorithms. VNE-Sim
is written in C++ and provides the base classes and operations
needed to simulate VNE algorithms. It is publicly available
to the research community [38]. We implement MaVEn-M,
MaVEn-S, D-ViNE [7], R-ViNE [7], and GRC [14] algorithms
and compare their acceptance ratio (7), revenue to cost ra-
tio, profitability (15), and average execution time per VNR
embedding. In simulations, the exploration constant is set to
D = 0.5 [35]. Parameters for ViNE and GRC algorithms
are adopted from [7] and [14], respectively. The implemented
GRC algorithm is modified to consider the preference criteria
of the virtual node location (2).
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Algorithm 1 Pseudocode of MaVEn algorithm: MaVEn-M employs the MCF algorithm while MaVEn-S uses a breadth first
search-based shortest path algorithm to solve VLiM (lines 21, 65, and 88). The head keyword (lines 57, 79) refers to the first
element of the set NΨi .

1: procedure MAVEN(Ψi,G
s(Ns,Es),β)

2: φ← (NΨi ,Ns)
3: Create Root (v = 0,σ = 0,State = φ)
4: nodesMap[] ← ∅
5: vnI ← 1
6: do
7: snI ← MCTS (Root,β)
8: if snI 6= ε then
9: nodesMap.Add (nΨi

vnI ,n
s
snI)

10: if Root.child[snI].State is terminal then
11: terminate← true
12: else
13: vnI ← vnI + 1
14: Root← Root.child[snI]
15: end if
16: else
17: terminate ← true
18: end if
19: while terminate 6= true
20: if nodesMap.Size = |NΨi | then
21: Solve VLiM given using nodesMap[]
22: else
23: Reject Ψi

24: end if
25: end procedure
26: procedure MCTS(Tree Node TN , Computational Budget β)
27: while β > 0 do
28: Reward← SIMULATE (TN)
29: if Reward = Γ then
30: return ε
31: end if
32: TN .v ← TN .v +Reward
33: TN .σ ← TN .σ + 1
34: β ← β − 1
35: end while
36: return argmax

i

(TN .child[i].v

TN .child[i].σ

)
37: end procedure
38: procedure SIMULATE(Tree Node TN )

39: snI = argmax
i

(TN .child[i].v

TN .child[i].σ
+D

√
ln(TN .σ)

TN .child[i].σ

)
40:
41: (φnext,Reward)← SAMPLENEXTSTATE (TN , snI)
42: if φnext is a terminal state then
43: return Reward
44: end if
45: if TN .child[snI].State does not exist then
46: Create a Tree Node TN ′(v = 0,σ = 0,State = φnext)

47: TN .child[i]← TN ′

48: Reward← ROLLOUT (TN .child[snI])
49: else
50: Reward← SIMULATE (TN .child[snI])
51: end if
52: TN .child[snI].v ← TN .child[snI].v +Reward
53: TN .child[snI].σ ← TN .child[snI].σ + 1
54: return Reward
55: end procedure
56: procedure SAMPLENEXTSTATE(Tree Node TN , snI)
57: nΨi

current ← TN .State.NΨi .head
58: if nssnI ∈ Ns(nΨi

current) then
59: φnext ← TN .State
60: φnext.N

Ψi \ {nΨi
current}

61: φnext.N
s \ {nssnI}

62: if φnext is a terminal state then
63: Find the current action policy π by traversing the tree

from the root to TN
64: Add the action (nΨi

current,n
s
snI) to π

65: Solve VLiM (SP or MCF) using the node mapping π
66: Calculate Reward based on π and the solution of VLiM
67: return (φnext,Reward)
68: else
69: return (φnext, 0)
70: end if
71: else
72: return (ρ, Γ)
73: end if
74: end procedure
75: procedure ROLLOUT(Tree Node TN )
76: φcurrent ← TN .State
77: Find the current action policy π by traversing the tree

from the root to TN
78: while φcurrent is not terminal do
79: nΨi

current ← φcurrent.N
Ψi .head

80: Select a random substrate node nscurrent ∈ Ns(nΨi
current)

81: if nscurrent = ε then
82: return Γ
83: end if
84: Add the action (nΨi

current,n
s
current) to π

85: φcurrent.N
Ψi \ {nΨi

current}
86: φnext.N

s \ {nscurrent}
87: end while
88: Solve VLiM (SP or MCF) using the node mapping π
89: Calculate Reward based on π and the solution of VLiM
90: return Reward
91: end procedure

The GNU Scientific Library random number generator [39]
is used to generate random numbers and the necessary
probability distributions. We use the MT19937 Mersenne
Twister [40] random number generator with the default seed
0. The system time is used as the seed for the Standard C
Library function rand() to generate five additional random
seeds in the range of 0 to 1,000: 406, 249, 707, 596, and 778.
The GNU Linear Programming Kit (GLPK) [41] is used for
solving the MCF problem.

In simulations, we use topology, substrate resources, and
VNR requirements that have been adopted in the literature [7],
[12], [14]. The Boston University Representative Topology
Generator (BRITE) [42] is used to generate the substrate and

VNR network graphs. The substrate graph consists of 50 nodes
that are randomly placed on a 25×25 Cartesian plane [7].
Connections between the nodes are generated based on the
Waxman algorithm [43] with the parameter α = 0.5 and the
exponential parameter β = 0.2 [44]. Each substrate node is
connected to a maximum of 5 nodes. The generated substrate
network graph has 221 edges. The VNR graphs are generated
using the same process. The number of nodes in VNR graphs
is uniformly distributed between 3 and 10 [7]. Each virtual
node is connected to a maximum of 3 virtual nodes.

The CPU capacity of substrate nodes and the bandwidth of
substrate links are uniformly distributed between 50 and 100
units. The CPU requirements of virtual nodes are uniformly
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Algorithm 2 Pseudocode of parallelized MaVEn algorithm.
1: procedure PARALLEL MAVEN(Ψi,G

s(Ns,Es), β, p)
2: if my rank ∈ {0, . . . , p} then
3: φ← (NΨi ,Ns)
4: Create Root (v = 0,σ = 0,State = φ)
5: nodesMap[] ← ∅
6: vnI ← 1
7: do
8: snI ← MCTS (Root,β)
9: if snI 6= ε then

10: nodesMap.Add (nΨi
vnI ,n

s
snI)

11: if Root.child[snI].State is terminal then
12: terminate← true
13: else
14: vnI ← vnI + 1
15: Root← Root.child[snI]
16: end if
17: else
18: terminate ← true
19: end if
20: while terminate 6= true
21: if nodesMap.Size = |NΨi | then
22: linksMap[]← VLiM (Gs, Ψi,nodesMap[])
23: Calculate F(GΨi) using

linksMap[] and nodesMap[])
24: if my rank 6= 0 then
25: Send my rank and F(GΨi) to

the master processor (rank = 0)
26: else
27: Receive Fm(GΨi) from processors

rank = m ∀m ∈ {1, . . . , p}
28: Identify the rankmax of the processor

that has the highest F(GΨi)
29: Receive linksMapmax[] and nodesMapmax[]

from the processor rankmax
30: Send the linksMapmax[] and nodesMapmax[]

to all other processors
31: end if
32: else
33: Reject Ψi

34: end if
35: end if
36: end procedure

distributed between 2 and 20 units while the bandwidth
requirements of virtual links are uniformly distributed between
0 and 50 units [7]. The maximum allowable distance δ for
embedding VNR nodes is uniformly distributed between 15
and 25 distance units.

We assume that the VNRs arrivals are a Poisson process
with a mean arrival rate of λ requests per unit time. Their
life-times are exponentially distributed with a mean 1

µ yielding
to a VNR traffic of λ × 1

µ Erlangs. In simulation scenarios,
we assume 1

µ = 1, 000. Duration of each scenario is 50,000
time units [7], [12], [14]. While the simulation time is an
abstract clock that ticks 50,000 times, the execution time of
the algorithms is based on the clock of the operating system
used for execution of the simulation scenarios. Therefore, in
order to present consistent and reproducible results that do
not depend on the simulation platform, we do not consider
the effect of the algorithms’ execution time in the simulation
scenarios [7].

B. MaVEn Computational Budget Simulation Scenarios

In these simulation scenarios, we assume the constant VNR
arrival rate of 2 requests per 100 time units yielding to traffic
load of 20 Erlangs. We vary the computational budget β
between 5 and 250 samples per virtual node embedding.

Simulation results are shown in Fig. 3. MaVEn algorithms
are capable of finding VNE embeddings that are more prof-
itable than those identified by the existing algorithms. The pro-
posed MaVEn-M algorithm achieves the highest acceptance
ratio even with a small allocated computational budget β. It
further improves the revenue to cost ratio as β increases, which
results in higher profitability. With the smallest computational
budget β = 5, the VNE embeddings generated by MaVEn-
M are 45% and 65% more profitable than those identified
by ViNE and GRC algorithms, respectively. Even though the
MaVEn-S algorithm employs a shortest-path based approach
for link embeddings, which is stricter than the MCF algo-
rithm employed by the ViNE algorithms, the performance of
MaVEn-S algorithm in terms of acceptance ratio is comparable
to R-ViNE and D-ViNE algorithms. Furthermore, MaVEn-S
finds embeddings with lower revenue to cost ratios, which
results in higher profitability. The average processing time of
MaVEn-M is considerably higher than the other algorithms.
The GRC algorithm achieves the best performance.

C. Variable VNR Arrival Rate Simulation Scenarios

In these simulation scenarios, we assume that the compu-
tational budget β is 40 samples per node embedding while the
VNR arrival rate is varied between 1 and 8 requests per 100
time units yielding to traffic loads of 10, 20, 30, 40, 50, 60,
70, and 80 Erlangs [14].

Simulation results are shown in Fig. 4. The proposed algo-
rithms achieve better performance compared to the existing
algorithms. MaVEn-M has the best acceptance ratio in all
scenarios while its revenue to cost ratio drops quickly below
the result generated by MaVEn-S at 60 Erlangs. This leads to
profitability comparable to MaVEn-S. Because the substrate
network resources become scarce at higher VNR traffic loads,
there is a higher likelihood of embedding virtual nodes onto
substrate nodes that are further apart, which results in more
costly embeddings [14]. Although at higher traffic loads the
profitabilities of MaVEn-M and MaVEn-S are comparable,
MaVEn-M is preferred because it has higher acceptance ratio
that may result in higher customer satisfaction.

D. Parallel MaVEn Simulation Scenarios

In these simulation scenarios, we employ root parallelization
and execute the MaVEn algorithms in parallel on 2, 4, 6, and
8 processors. We assume that the seed number assigned to
each processor is equal to its rank. We employ the MPICH2
library [45] that implements the Message Passing Interface
(MPI) standard [46]. All simulations were executed on a single
Intel Core i7 2600 Quad-Core CPU that employs the Hyper-
Threading technology enabling it to execute up to 8 parallel
threads. The computational budget and VNR arrival rates are
similar to the Variable VNR Arrival Rate Simulation Scenarios
described in Subsection IV-C.
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Fig. 3. Comparison of the algorithms with a VNR traffic load of 20 Erlangs. Shown are various performance metrics as functions of computational budget β
defined as the number of evaluated action samples per virtual node embedding. The results shown for MaVEn-M and MaVEn-S scenarios are averaged over
six executions with randomly generated seeds.
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Performance of the parallel MaVEn-M algorithm is shown
in Fig. 5. While the parallelization does not have a large impact
on the acceptance ratio, it improves the revenue to cost ratio
up to 10%. Hence, it results in identifying more profitable
virtual network embeddings. The processing time of the algo-
rithms is proportional to the number of used processors. Two
factors contribute to the increase in the MaVEn-M processing
time: disk I/O operations required by the MCF solver and
the communication between processors. The I/O operations
have the prevailing effect on the increase in processing time.
Since the simulations were executed on a single machine, all
processors share a common disk. Therefore, it is impossible
to perform the disk I/O operations in parallel. As the number
of processors increases, the likelihood of multiple processors
simultaneously accessing the disk increases, resulting in higher
execution time.

Performance of the parallel MaVEn-S algorithm is shown
in Fig. 6. Parallelization improves its acceptance and revenue
to cost ratios resulting in increased profitability by up to 10%.
The Intel Core i7 2600 Quad-Core CPU used for simulations
employs hyper-threading where the operating system views
each physical processor (core) as two logical processors. In a
hyper-threaded architecture, physical execution resources are
shared and the architecture state is duplicated [47]. Paralleliza-
tion with MPI on a hyper-threaded architecture increases com-
petition for accessing network and for the memory hierarchy
resources [48]. Therefore, using up to 4 processors has no
impact on the processing time of MaVEn-S because all threads
are executed on physical processors. However, processing time
of the algorithm increases when utilizing 6 or 8 processors
because in these cases hyper-threading is employed.

E. Discussion
The MaVEn-S and GRC algorithms use a shortest-path-

based algorithm without path splitting to solve VLiM, which
is stricter than the MCF algorithm that enables path splitting
utilized by MaVEn-M and ViNE algorithms. For example,
consider a virtual node nΨi

x attached to a virtual link that
requires 5 units of bandwidth and a substrate node nsy attached
to two substrate links with available bandwidths of 4 and 1.
While utilizing MCF permits embedding nΨi

x onto nsy , such
embedding is infeasible without path splitting.

Superior performance of the proposed algorithms comes at
the cost of higher execution time. The GRC algorithm has the
lowest execution time. However, the solutions found are less
profitable compared to other algorithms. The stochastic pro-
cesses governing the VNRs arrival and life-time distributions
have not been well investigated [7]. Hence, it is difficult to
estimate a reasonable trade-off between execution time and
profitability. A five-year traffic analysis (2002 to 2007) of the
research-based ProtoGENI project [49] identified an average of
4 VNR arrivals per hour [50]. Based on this low arrival rate, we
may assume that allocating a few minutes of processing time
is feasible. Even though we have not considered varying the
computational budget during simulations, InP operators may
adjust the execution time of the MaVEn algorithms according
to VNR arrival rates and the size of VNR graphs to avoid long
queuing delays.

We have used the GLPK to solve the MCF problem, which
currently does not support distributed computing. Furthermore,
our implementation of the shortest-path algorithm relies only
on the random access memory while the MCF implementation
relies on slow disk I/O operations. Parallelizing the MCF
and eliminating the disk I/O improves the performance of
MaVEn-M and ViNE algorithms.

MCTS parallelization improves performance of the MaVEn
algorithms. While we simulated the parallel MaVEn algo-
rithms using multiple threads of a single CPU, they may be
executed on clusters that are highly optimized for parallel
computing and comprise large number of processors.

V. CONCLUSION

In this paper, we modeled the Virtual Network Embedding
(VNE) problem as a Markov Decision Process (MDP) and
proposed two new VNE algorithms (MaVEn-M and MaVEn-
S) that solve the proposed MDP by utilizing the Monte Carlo
Tree Search. We developed a discrete event simulator VNE-
Sim for evaluating VNE algorithms and implemented MaVEn-
M, MaVEn-S, R-ViNE, D-ViNE, and GRC algorithms for
comparisons. The simulation results show that the proposed
algorithms exhibit promising performance. Their advantage is
that, time permitting, they search for more profitable embed-
dings compared to the available algorithms.
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