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ABSTRACT

The increasing use of virtualization (e.g., in Cloud Comput-
ing, Software Defined Networks), demands to Infrastructure
Providers (InPs) to optimize the placement of the virtual
network requests (VNRs) into a substrate network. In addi-
tion to that, they need to cope with QoS, in particular for the
rising number of time critical applications (e.g., healthcare,
VoIP). Granting resource optimization along with QoS com-
pliance, are two competing goals. In this work, we propose
a two-stage virtual network embedding (VNE) algorithm,
which maps first virtual nodes to substrate nodes based on
a suitable latency-aware ranking algorithm and then maps
links along the shortest paths, in terms of latencies. The
central component of our approach is a new node ranking
algorithm, MCRR-LA, based on Markov Reward Processes,
which associates a metric that accounts for and well captures
the amount of local resources combined with latency values
available in the vicinity of a certain node. The metric is
complemented with a Breadth-First search. We widely eval-
uated our algorithm through simulation. Our experiments
point out that our algorithm is able to reduce the average
path delay while granting good resource performances in
terms of lower VNR blocking rate and higher revenues. We
compared our algorithm with a previous two-stage approach
obtaining good results useful to underline the strengths of
the novel approach.
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1. INTRODUCTION

The base for the future Internet is characterized by the
Infrastructure as a Service (IaaS) service model [11], pro-
ducing a decoupling of the ISP (Internet Service Provider)
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into two novel players: the Infrastructure Provider (InP) and
the Service Provider (SP). The InPs (e.g., Cloud providers),
who own and manage the infrastructure, rent out parts of
the network resources to the SPs (e.g., Cloud users), who
in turn meet the end-users demands, making virtual net-
works (VNs) and providing end-to-end services [10, 11]. In
this very adaptive multi-layer architecture, the InPs have
the challenging task to manage the substrate network effi-
ciently in order to maximize the number of mapped virtual
network requests (VNRs) along with the revenue. In prac-
tice, the InPs have to determine, on-line, a subset of physical
nodes and links with sufficient resources to host each VNR
composed by a set of virtual nodes and links with a certain
amount of resource attributes, e.g., computational capacity,
link bandwidth.

This problem is referred to as Virtual Network Embedding
(VNE) which is a well known NP-complete problem [1, 22].
In order to support on-line operations, many heuristics have
been proposed in the literature (e.g., [24, 17, 22, 9, 8, 23,
20, 16]) under different settings and assumptions.

In this paper, we study the VNE embedding problem un-
der maximum latency QoS constraints. Our goal is to de-
termine a set of node and link resources in a substrate net-
work which minimize the end-to-end latency between pair of
nodes. This is motivated by the growing number of multime-
dia and other delay-sensitive applications (Cisco envisioned
that about 90% of Internet traffic is related to delay-sensitive
applications [14]).

Building on our prior work on VNE embedding [6], we
present a new algorithm, called MCRR-LA (Markov Chain
with Rewards Ranking-Latency Aware), for the VNE prob-
lem subjected to QoS constraints (e.g., latency). The ap-
proach is inspired by [13, 8, 23] which devised so called co-
ordinated two-stage VNE algorithms: in the first stage the
algorithm embeds virtual nodes into physical (also called
substrate) nodes; then, in the second stage, the algorithm
embeds the logical links into physical paths between the
nodes. To this end, they adopt a suitable metric which cap-
tures the availability of resources, in a node neighborhood.
The mapping is then performed adopting a simple greedy
strategy, by ranking the virtual and physical nodes utilizing
the proposed metric. These works draw inspiration from
the PageRank algorithm [7] which is extensively employed
to rank web pages, and the contrived metrics imitate the
PageRank concept by associating to nodes a metric which
represents their relative “importance” in terms of resources.

Following the two-stage approach idea, we propose a novel
latency-aware metric for a two-stage coordinated VNE al-
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gorithm: MCRR-LA. Differently from earlier methods, our
ranking metric relies on the accumulated reward of a suit-
able Markov Chain. The intuition is that the accumulated
reward, with each node reward being function of the amount
of the node resources, penalized proportionally according to
the delay over the physical links, should well capture the
amount of resources available in a node area and the overall
QoS (in term of latency). In this way, this combined metric
is useful also to detect low-latency network areas. In the first
phase, both virtual and substrate nodes are ranked based on
the latency-aware metric. Then, substrate nodes are rear-
ranged in a new list which holds in the first positions those
nodes which not only have more resources but that also are
closer to the highest ranked substrate node. Subsequently,
virtual nodes are mapped, in a greedy manner, the high-
est ranked virtual node to the first substrate node in the
list, the second highest virtual node to the second substrate
node, etc.. In the second phase the algorithm embeds each
virtual link onto a physical path, using the shortest path
between each pair of originally connected nodes. We have
evaluated our algorithm through simulation. Our results
show that our solution is able to greatly reduce the average
path delay of the embedded VNRs almost preserving good
performances regarding blocking probability and revenue.

The rest of the paper is organized as follows. In section
3 we formalize the VNE problem. The new ranking algo-
rithm (MCRR-LA), based on Markov Reward Processes,
and the VNE algorithm are presented in section 4. In sec-
tion 5 we evaluate MCRR~LA through simulation. Section
6 concludes the paper.

2. RELATED WORK

The VNE is a well known widely investigated problem
which has been studied under different assumptions. Since
the VNE problem is NP-complete [1, 22] most solutions fo-
cus on efficient heuristics (e.g., [24, 17, 22, 9, 8, 23, 20, 16]).

Among the others, many algorithms work in two succes-
sive stages for the node and for the link mapping. Lately, a
new class of two-stage VNE algorithms has been proposed,
named coordinated algorithms (e.g.: CO-VNE [13]). The
principal feature of this new category of algorithms (e.g., [13,
8, 23]) is that the information concerning the links, required
for the second stage (i.e., link mapping), is also considered in
the first one (i.e., node mapping). In particular, these solu-
tions take into account the topology, by associating to each
node a metric which represents the resources of the node
and of those of its neighbours, combined in one metric. The
embedding is then executed via an easy greedy approach,
by ranking the virtual and substrate nodes according to this
metric and mapping the highly ranked virtual nodes onto
the matching highly ranked substrate ones. Noticeably, the
majority of these works drew inspiration from the PageR-
ank algorithm [7]. The PageRank algorithm relies on the
assumption that the importance of a web page is function of
the importance of the web pages that link to it: the higher
the number of incoming links and the importance of the web
pages that link to it, the more important the web page is.
By interpreting the web surfing as a Random Walk, it turns
out that the importance of a web page corresponds to the
stationary probability of a Markov Chain induced by the
web links themselves, where the pages represent the Markov
Chain states and the links the transitions between states.
Following the same approach, the aforementioned VNE al-

gorithms associate to each node a metric which captures the
relative “importance” of a node in terms of resources, which
accounts for the local resources and those of the connected
links and the nearby nodes. As for the PageRank algorithm,
this metric can be computed as a stationary probability of
a suitable Markov Chain.

As explained in the introduction, while we consider a sim-
ilar approach, we follow a totally different direction in deter-
mining the ranking metrics and adopt the cumulated reward
of a suitable Markov Chain rather than the node stationary
probability.

Many QoS objectives have been taken into account in solv-
ing the VNE problem: energy efficiency [18], survivability
and resiliency [19], etc. [11]. Nevertheless, just a few re-
searchers studied the latency-aware VNE. Chowdhury et al.
[9] consider a requested location constraint (e.g., using geo-
graphic coordinates) for every virtual node and a maximum
distance threshold indicating how far from the demanded
location can be placed each node. They solve an optimiza-
tion problem using mixed integer programming. This type
of approach deals indirectly with delay.

Similar to our approach, Behrouznia et al. in a recent
work [4] propose a two-stage QoS-aware algorithm, where
the key feature is the adapted computation of quality of the
physical paths, introduced in [21]. The objective metrics
are both cost-effectiveness and QoS. In the first phase, the
algorithm sorts the substrate nodes according to the metric
of the node’s available resources (available computational
capacity of the node multiplied by the outgoing available
bandwidth). In the second phase, in order to map each vir-
tual link, the algorithm finds the K shortest paths between
each couple of involved mapped virtual nodes (through K-
Shortest-Paths algorithm). Then it computes the quality
of the links making up the paths that comply with the re-
quested bandwidth and QoS constraints of the relative vir-
tual link. The virtual link is then mapped on the highest
quality path. Differently, we calculate instead a topology-
aware metric for both the request and substrate network.
For the substrate network the metric is also delay-aware
and is supplemented by a mechanism to shorten the physical
paths.

3. VNE: PROBLEM DESCRIPTION
3.1 Substrate Network

We model the substrate network as an undirected graph,
weighted on both nodes and edges, G° = (N°, E*,C*®, B®,
L?), where N°? is the set of substrate nodes, E° is the set of
substrate links, C* is the set of available CPU capacity asso-
ciated with each node!, B® is the set of available bandwidth
associated with each link and L? is the set of the network
delay associated to each link. We denote the set of substrate
paths, without cycles, with P°. Figure 1 reports an example
of substrate network where the numbers inside the rectan-
gles denote the available node CPU capacities, those near
the edges the link available bandwidth, and the numbers
inside green hexagons the link latency.

3.2 Virtual Network Request

"We only consider the computational capacity as node re-
source metric. The algorithm can be extended in case of
multiple resources, e.g., memory, I/O bandwidth
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Figure 1: A VNR, the substrate network and a fea-
sible mapping of the VNR with the deriving up-
dated substrate network. Numbers inside rectangles
near the nodes (circles), those near the edges (solid
lines) and those inside green hexagons, represent the
computational capacity, the link bandwidth and the
link latency, respectively. Dotted lines and dashed
lines show the node mapping and the consequent
link mapping, respectively.

Table 1: Notations

Notations Meaning
G° Substrate network
N* Set of substrate nodes
E? Set of substrate links
c? Set of available CPU capacities
B* Set of available bandwidth capacities
L® Set of latencies
P Set of substrate paths without cycles
G* Virtual network request
Nv Set of virtual nodes
E” Set of virtual links
cv Set of CPU requests
BY Set of bandwidth requests
L’ Set of latency constraints
ta Arrival time of the VNR
ta Lifetime of the VNR

We also model a virtual network request as an undirected
graph, weighted on both nodes and edges, G = (N, E",
C?,BY, L"), where N" is the set of virtual nodes, E is the
set of virtual links, C" is the set of requested CPU capac-
ity associated with each node, B" is the set of requested
bandwidth associated with each link and L" is the set of the
network delay constraints associated to each link. We will
also write VN R(tq,tq) to denote a VNR with arrival time
tq and lifetime t4. Figure 1 shows a VNR made up of four
nodes and four links with the same notation of the substrate
network about the requested capacities and latencies. The
set of notations is reported in Table 1.

3.3 Virtual Network Mapping

Virtual network mapping M : G¥ — G? is the embedding
of a VNR, G", in the physical network G*. In particular, the
set of virtual nodes is embedded into a subset of substrate
nodes and the set of virtual links is embedded into a subset
of substrate links, namely a subset of the substrate paths P?.
This procedure is made up of two phases: node mapping and

link mapping.

The node mapping phase provides a mapping function
from a virtual node to a substrate one, Myo4e : N* — N2,
such that: Vn’, m* € N*

Mnode(nv) = nS S Ns? (1)
subject to:

v

® Myode(n®) = Mpode(m?) if and only if m* = n";
o CV(n") < C°(Mnodge(n)).

Each virtual node is mapped to a distinct physical node
provided that the latter has at least the same quantity of
available resources. In Figure 1 the resulting node mapping
for the VNR is {a — 1,b — 3,¢ — 4,d — 6}, graphically
represented with dotted lines.

The link mapping provides a mapping function of a virtual
link to a substrate path, with no cycles, consisting of one or
more links, Mjink : E¥ — P?, such that: Ve” = (m"n”) €
EU
Miink(m*n") =

ps(Mnode(mv)7 Mnode(nv)) S PS(Mnode(mv)y Mnode(nv))v

subject to:
e BY(e") < min B*(e);
( )_58€p5(Mlink<5U>> )
o L") > L*(e%).

eS€pS (Myink (e))

Each substrate link in the path, must possess at least
the same quantity of resources of the virtual link. Further-
more, the overall latency of each physical path must comply
with the requested virtual link’s latency constraint. In Fig-
ure 1 the resulting link mapping for the VNR is {(ab) —
(12,23), (bc) — (34), (cd) — (45,56), (da) — (61)}, denoted
by dashed lines.

3.4 Objective

The goal of the InP is to maximize the revenue, while
optimizing resource utilization. The SP, instead, wants to
pay just the agreed resource costs. Following previous ap-
proaches [22, 24, 9, 23, 13], we define the revenue R(G", tq,tq)
for the InP for accepting a VNR with lifetime ¢4, at time %4,
as:

Ro(G®,ta,ta) - ta, if accepted
0, otherwise

R(G" ta,ta) = { (2)

where Ro(G",ta,tq) represents the revenue per time unit for
V NR(tq,tq) that can be defined as:

Ro(G tasta) =ac 3 C°'(n")+ap > B(e"), (3)

nveNv eveEY

where a. is the unit price for the computational resources
and ay is the unit price for the bandwidth resources.

Generally, as highlighted in other works [22, 9, 8], the
main objective for the InP is to maximize the long term
time-average revenue:

S R(GYW 10 1)
- , (4)

Rtot = hm
T—o0



where N is the number of requests arrived within time T,
and R(G”*“),tfﬁ,tfj)) is the revenue gained from the i-th
VNR with arrival time t((f) and lifetime t&i).

An additional important index, which has an impact on
the former one, is the blocking ratio, namely the blocking
probability:

Z;'V:I?EJT VNRY) (t((lj)7 tz(ij))

rej

BR = lim —

o I VNRO W 1))

where NREJr is the total number of rejected VNRs within
time T and VNRng 9, tfj)) is the j-th rejected VNR.

Furthermore, as suggested in [2], we make use of the av-

erage path delay of each accepted VNR as a key metric

which meaning is how well a VNR performs after it has

been mapped into the physical network.

()

4. MARKOV CHAIN REWARDS BASED LA-
TENCY AWARE NODE RANKING AL-
GORITHM

Following previous works in the literature [8, 23, 13], our
VNE algorithm is made up of two distinct, sequential stages,
namely, the node mapping stage and the link mapping stage:
when a VNR arrives, first of all virtual nodes are mapped
to physical nodes with adequate resources following a greedy
strategy which also takes into account the link latency; then,
in the link mapping stage, virtual links are mapped to sub-
strate paths with sufficient link capacity, following a shortest-
path (in terms of latency values) based link mapping.

In section 4.1, we first present our approach to latency
aware node ranking, MCRR-LA, based on Markov Chains
with rewards model [12], which captures the amount of re-
sources (computational capacity, network bandwidth) avail-
able in a node and its surrounding area coupled with the
network latency between nodes. Then, in Section 4.2 we
describe the node and link mapping algorithms in detail.

4.1 MCRR-LA Node Ranking Metric

As noticed in [13], a ranking metric for the VNE prob-
lem should account for both local and neighboring nodes
resources. By intuition, the higher the amount of resources
in terms of computing and network capacity in a node neigh-
borhood, the more likely a virtual network can be embedded
in that portion of the physical network. We are going to add
to the above mentioned criteria a penalization proportional
with respect to the level of latency.

First of all, we introduce the concept of latency-aware
node resources. Without loss of generality, we follow an
approach similar to the one proposed by Zhang et al. in [23]2
and formulate the amount of available resources C BL(n) of
a node n by the product of the available CPU resource and
the sum of the bandwidth resources, each multiplied by the
normalized link latency as follows:

CBL(n) = C*(n):
3 [ (- (Gl
(6)

2The ranking metric can be similarly defined using alterna-
tive resource metrics, e.g., [13].

where N(n) is the set of neighbors of node n. In (6),
L?((n,m)) is the latency over the physical link between
nodes n and m, and [min_lat, maz_lat] is the range of la-
tency values in the network. The latency in CBL is thus
normalized in the interval [0,1], with 1 corresponding to
links with minimum latency and 0 to links with maximum
latency. The node resources are then normalized as follows:

CBL(n) %
ZmGNS CBL(m) .
We define the MCRR-LA ranking metric V,(n) of node n,

recursively, as a weighted sum of the local resources and the
neighbouring nodes metric as follows

Vy(n) = (1—y)Res(n) +7 3.

meN (n)

Res(n) =

Res(m)

ZheN(n) Res(h) Va(m),

(®)
with v € [0, 1) the relative weight of the neighbours metric.
In (8), each neighbour contributes to the sum in proportion
to its amount of resources with respect to the other adja-

Res(m)
cent nodes (represented by the factor St o) Rest) Res(h)). To

rewrite (8) in a compact form, let P a |N| x |N| matrix
defined as follows:
__ Res(m) if (n.m) € B°
P(n,m) = { Znene fesh) (r.m) )
0 otherwise

By construction, P is a stochastic matrix with all rows sum-
ming to 1. We can now conveniently rewrite (8) as:

Vy(n) = (1= y)Res(m) +7- 3 Pln,n)Vy(n'),  (10)

n’eN
or in matrix form
V, = (1-7)Res +1PV., (1)

where Res = (Res(1), Res(2),...,Res(|N|))T, and V., =
(V’Y(l)v V’Y(2)7 ] V’Y(|N|))T

The recursive equations (11) have an elegant physical in-
terpretation. Indeed, (11) can be regarded as the Bellman
equations [5] of the discounted cumulative reward, with dis-
count factor =y, of the Markov Chain with transition proba-
bility matrix P over the set of nodes N, and rewards vector
Rew = (Rew(1), Rew(2),..., Rew(|N|)), with Rew(n) =
(1—v)Res(n), n € N. In other words, the ranking metric of
node n, V4 (n), is the expected discounted accumulated re-
ward of a Markov Chain with transition probability P, that
is

k—o0

k

Vy(n) = lim Ep |:Z yiRew(ni)], (12)

i=0
where ng, n1,ne, ..., denotes a sample path with initial state

no =n.

V., can be calculated as the unique solution of Eq.(11).
By observing that since P is stochastic, (I—~vP), 0 < v < 1,

is invertible, and we readily obtain

V, =(I—-+P) ' (1 —7)Res. (13)

From the above definition, it is clear that the higher the
node ranking V,(n) of a node, the higher resource in the
node and its neighborhood. In addition, if we consider nodes
with same resource state in their respective areas, we will
experience lower V. (n) values for the nodes with low latency



neighbourhood, since higher latency values affect more neg-
atively the (accumulated) rewards. The discount factor
is a measure of the size of the neighborhood taken into ac-
count to determine the node metric: v = 0 only the local
resources are taken into account, while as 7 increases, larger
and larger portion of the graph close to a node is accounted
for in the metric. It is worth noting that while metric V; (n)
has been so far implicitly applied only to the substrate net-
work nodes, it can be applied to the virtual network nodes
too. In this latter case, though, instead of the amount of
available resources, V5 (n) represents the amount of resources
required by a virtual node and its neighboring nodes. This
demand-availability relationship suggests that as a heuristic
we can simply map virtual nodes with higher ranking metric
to physical nodes with higher ranking.

4.2 Full Mapping Algorithm

As we mentioned before, our approach to solve the VNE
problem consists of a coordinated two-stage algorithm. In
the first phase, namely nodes mapping (Algorithm 1), we
first order them in non increasing order according to the
MCRR-LA metric (line 12-13). Then, using the physical
node with the highest metric value (line 14) as root node,
we determine a subset of nodes using a Breadth-First search
(BFS) (lines 17-23). The starting maximum search hop-
distance is obtained dividing the number of virtual nodes
by the average degree of the substrate nodes (line 16). In
this BF'S search, only the nodes with computing capacity
greater than or equal to the minimum computing capacity
required by the VNR nodes are considered. Unless the BF'S
finds at least the sufficient number of physical nodes to host
the requested nodes, the search is extended by increasing
the searching distance by one unit (line 20-21). Next, two
lists are created, both sorted according to the MCRR-LA
metric (line 24-26): the first, containing the substrate nodes
selected by the BF'S search; the second, with the rest of the
substrate nodes. The two lists are then concatenated. We
then proceed to the node mapping itself (lines 28-36): using
a simple greedy approach, following the order determined
by the MCRR-LA metric, the virtual nodes are mapped to
the first physical node in the above list which has adequate
resources to host them, provided that each physical node
can just host one virtual node. If all virtual nodes are suc-
cessfully embedded, the VNE mapping continues with the
second phase, otherwise, the mapping procedure aborts and
the VNR is blocked.

In the second phase (Algorithm 2), the algorithm com-
putes the shortest path (Dijkstra algorithm), in terms of
latency, between each pair of substrate nodes. For the sake
of efficiency, the substrate links without enough bandwidth
are cut before executing the calculation of the shortest paths
(lines 6-10). If it is impossible to find a path between two
physical nodes, meeting both bandwidth and latency con-
straints demanded by the currently processed virtual link,
the heuristic is unable to determine a suitable assignment
and the VNR is refused (lines 14-22).

Remark The second stage simply determines the shortest
path among nodes, thus selecting the minimum latency path
among them, irrespectively of the number of hops among
nodes. In order to minimize resource consumption, the algo-
rithm should also minimize the number of hops. We achieve
this goal implicitly by using the BFS algorithm. Indeed, us-
ing the BF'S search in the first stage we determine as best

Algorithm 1 NodeM apping

Input : VNR GY(N?,EY,C°,B",L"), Substrate net
G*(N*,E*®,C*®, B*, L"), nodes rank vector for VNR V.,
nodes rank vector for substrate net V. ;

Output: Mapping of nodes Myode;

1: data initialization;

2: Myode < O;

3: counter < 0;

4: nodes_mapping_success < false;

5: root_node <+ 0;

6: search_dist < 0;

7: average_degree < 0;

8: # set of selected neighbour nodes of the root node

9: SN + 0;

10: UN <+ 0; # set of unselected nodes

11: SUN « 0; # set of selected + unselected nodes
12: Viops < sort(Vy); # according to MCRR-LA
13: Visort « sort(Vy); #

14: root_node < find_root_node(N*, V. s,mt);
15: average_degree < compute_average_degree(G®);

16: search_dist + {7(1”61“(1';2;'65]%6%
17: while |SN| < |N"| do
18: # CPU of selected nodes is > min C¥(n")

nveNv
19: SN «+ BFS(G?, root_node, search_dist);
20: if |[SN| < |N"”| then

21: search_dist = search_dist + 1;

22: end if

23: end while

24: SNgort <= s0rt(SN, Visort); # accor. to Vit

25: UN < N°\ SN;

26: UNsort <= sort(UN, Visort);
27: SUN — SNsort + UNsort;

28: for all nodes n" ordered according Vs, do
29: for all unused nodes n° € SUN do

# accor. to Vi

30: if C?(n") < C*(n°) then

31: counter = counter + 1;

32: Myode(n®) = n’; # map n’ to n’
33: break;

34: end if

35: end for

36: end for

37: # if all the virtual nodes are successfully mapped
38: if counter = |N”| then

39: nodes_mapping_success < true;

40: update the CPU capacities C?;

41: else

42: mark the VNR as rejected;

43: end if

candidates for node mapping not only the nodes with higher
resources in their vicinity, but also the nodes which are closer
in terms of network hops (using the best node - the root -
as reference node).

S. EXPERIMENTAL EVALUATION

We have evaluated our ranking algorithm through numer-
ical evaluation. We have written a VNE simulator which im-
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Figure 2: MCRR-LA vs QoS-RS: requested basic latency bounds - § = 1.5.
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Figure 3: MCRR-LA vs QoS-RS: requested basic latency bounds - § = 3.

plements the proposed MCRR-LA algorithm and, for com-
parison, the algorithm proposed in [4][3], hereafter referred
to as QoS-RS (QoS-Resource Selection) for brevity. We re-
port the results based on a 32 node substrate network with
58 links (ANSNET [15], slightly modified as in [23]).

We assume that the VNR arrival process complies with
a Poisson process with rate A = 5. VNR lifetime is expo-
nentially distributed with average lifetime Ty nr equal to 12
time units, corresponding to a medium load scenario. Every
VNR is a random graph with a number of nodes uniformly
distributed in {4, ..., 10} with varying link connectivity rate
in the different experiments. The VNR CPU, bandwidth
requirements are randomly drawn node per node and link
by link in the sets {4,...,8} and {2,...,5}, respectively.
The substrate network physical resources in terms of CPU
and bandwidth are normalized and all equal to the nominal
value of 100. The substrate network links latency are pro-
portional to the geographical distance between nodes. The
basic VNR latency requirements over the links are randomly
generated in the interval between the average and the max-
imum latency value of the substrate network links times a
multiplicative factor §.

For the following results, every simulation experiment was
5000 time units long and was repeated 10 times. For the sake
of clarity, we do not report the confidence interval which
were in general not considerable.

In the experiments we compare MCRR-LA with QoS-RS
using VNRs randomly generated with link connectivity rate
of lﬁ\(,‘“]\"j‘l) (to ensure that each node has O(In(|N"|)) inci-
dent edges). We tested the two algorithms under different
ranges of latency VNR demands. Following [6], for MCRR-
LA we adopt a value of v = 0.98 (the discount factor of
the Markov Reward Model). In the implementation of the

QoS-RS algorithm, we do not consider the node location
constraint and the links packet loss constraint which have
no counterpart in our proposed solution (we plan to include
such constraints in our future work). The K-Shortest-Paths
algorithm used by QoS-RS is set with K = 4. In order
to compute the quality of the physical paths, QoS-RS con-
templates the use of weights (summing to 1), as in [21],
to balance the importance of the bandwidth (w1) and delay
(w2) attributes. Since our tests showed that the performance
is not considerably affected by the different combination of
the weights and since MCRR-LA aims to reduce the latency
when it comes to compute the shortest paths, we plot the
results of just two combinations: wi = 0.5,w2 = 0.5 and
w1 = 0.0, wo = 1.0.

In Figures 2(a)—(c) we plot the VNR blocking proba-
bility, the average revenue and the average path delay of
the algorithms, assuming the VNR latency bounds with a
multiplicative factor § = 1.5 (that is, each VNR link la-
tency requirement is randomly drawn in the interval [1.5 -
average_lat, 1.5 - maz_lat], where average_lat and max_lat
are the average and maximum substrate network link la-
tency, respectively). From the figure, we can observe that
MCRR-LA considerably outperforms QoS-RS in terms of
lower blocking probability, higher revenue and lower average
path delay. From the simulations, the lower blocking prob-
ability (also reflected in terms of higher revenue) is due to a
more uniform use of the substrate network resources (both
nodes and links) by MCRR-LA. Also MCRR-LA allows to
reduce significantly the average path delay of the mapped
VNRs compared to QoS-RS. Similar, albeit less pronounced
differences can be observed with VNR latency bounds with
a multiplicative factor § = 3 (corresponding to less stringent
VNR links delay bounds) as shown in Figures 3(a)—(c).



Algorithm 2 LinksMapping

Input : VNR GY(N?,EY,C°,B",L"), Substrate net
G°(N®,E®,C*,B®, L®), mapping of nodes Mpode;

Output: Mapping of links Mj;nx;

1: Myink < O;
2: links_mapping_success < true;
3: for all virtual links e’ = (m'n") € E¥ do
Stone — G°; # clone the substrate network

# pre-cut links in G;,,,. without enough bandwidth
for all physical links e® € EZ;,,,. do

if B°(e’) < BY(e”) then

cut link e® = (m°n®) € EJoe;

end if
end for
compute a shortest path, p°(Mpode(m”), Mpode(n")),

between the two nodes Mpodge(m®) and

Mpode(n®) in G2jone, in terms of latency;
12: # if a shortest path, in terms of latency, was found
13: # and it meets the requested latency constraint
14: if |p°(Myode(m®), Mpoae(n®))| # 0 and

D°(Mnode(m?), Mpode(n")).tot_lat < L¥(e”) then

15: # mapping

VI BT

—_

16: Mlink(mvnv) <_pS(Mnode(mU)yMnode(nv));

17: update the bandwidth B? of involved links in G*;
18: else

19: links_mapping_success < false;

20: mark the VNR as rejected;

21: break;

22: end if

23: end for

24: if links_mapping_success = false then
25: undo the CPU and bandwidth updates to G?;
26: end if

The better performance of MCRR-LA can be ascribed to
the use of latency aware metric in determining the node
ranking which gives preference during the node mapping
phase not only to the node with more resources (compu-
tational capacity and link bandwidth) but also with low la-
tency. Indeed, despite the fact that QoS-RS uses a method
to determine the quality of the paths during the link map-
ping, the nodes mapping phase is first carried out without
considering latency. These results stress the importance of
including link related QoS metric in the node mapping phase
of two-stage mapping algorithms.

6. CONCLUSIONS

In this paper, we have presented a new approach to the
Virtual Network Embedding problem based on Markov Re-
ward Processes, the aim of which is to achieve a good trade-
off between resource utilization and QoS (e.g., latency). The
main idea is to calculate the embedding potential of each
node, that is aggregate resources in their respective neigh-
borhood in terms of accumulated reward of a suitable ran-
dom walk with the node as initial state. For both physical
and virtual nodes, this value is penalized proportionally by
the latency over the links. Based on this new metric, we pro-
posed a two-stage VNE algorithm which ranks virtual nodes

according to the previously computed latency aware metric,
and physical nodes according to the previously computed la-
tency aware metric combined with a Breadth-First search on
the highly ranked node. Subsequently, the algorithm carries
out the node mapping accordingly and finally performs the
link mapping utilizing the shortest path in terms of latency.
Experimental outcomes show that our algorithm is able to
reduce the average path delay of the embedded VNRs com-
pared to alternative approaches. As future work, we plan
to improve the algorithm acting both on nodes and links
mapping stages, to execute more experiments in realistic
setting, and to extend MCRR-LA to account for additional
VNR QoS requirements, including network resiliency.
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