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ABSTRACT

Cloud-based big data platforms are being widely adopted in industry, due to their advantages of fa-
cilitating the implementation of big data processing and enabling elastic service frameworks. With the
widespread adoption of cloud-based MapReduce frameworks, a series of solutions have been proposed to
improve the performance of big data services over cloud. The majority of the existing studies concentrate
on optimizing the task scheduling or resource provisioning mechanisms, to improve the data processing
rate or data transmission rate of the platform separately, without an overall consideration of both the
performance factors. Moreover, these studies seldom consider the impact of virtual network topologies
on the performance of the cloud-based MapReduce workflows. The purpose of this work is to optimize
the topologies of virtual networks used in cloud-based MapReduce frameworks. We formulate both the
data transmission and data processing overhead of a specific cloud-based big data application, describe
the optimal deployment of virtual networks as an optimization problem and then design algorithms to
solve this problem. Experimental results show that our topology optimization mechanism improves the

overall performance of cloud-based big data applications effectively.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

With the immense proliferation of cloud-based data intensive
applications, rapid and efficient processing of large-scale datasets
generated by cloud platforms has become a challenge. To address
this problem, some large enterprises have deployed big data pro-
cessing services on their cloud platforms, such as Google’s Big-
Query [1], Amazon’s EMR [2], etc. The flexible virtual resources,
as the fundamental advantage of cloud platforms, make the cloud-
based big data applications more scalable and cost effective, by
implementing an elastic service framework and enabling a pay-as-
you-go manner to the users [3]. Moreover, these cloud-based big
data platforms make it practical for smaller enterprises to access
massive computing resources for short, semi-predictable time peri-
ods without having to deploy and manage their own big data plat-
forms [4].

As one of the most widely used big data processing frame-
works, MapReduce/Hadoop [5,6] has been adopted extensively in
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cloud-based big data systems. Correspondingly, optimizing these
cloud-based MapReduce frameworks has attracted increasing at-
tention and a series of solutions have been proposed to improve
the performance of the MapReduce operations. However, the ma-
jority of these studies focused on optimizing the scheduling mech-
anisms of MapReduce jobs or tasks in local environment [7-12],
only a few studies discussed the impact of cloud environment on
MapReduce workflows.

The two dominant factors that affect the performance of a
MapReduce workflow are data transmission latency between Vir-
tual Machines (VMs) and data processing rate of a specific VM. To
the best of our knowledge, the existing cloud platform optimiza-
tion mechanisms concentrate on optimizing each performance fac-
tor (data transmission latency or data processing rate) separately,
while they seldom take an overall consideration of both the per-
formance factors. When considering the optimization of data pro-
cessing rate, the researchers focus on analyzing the impact of cloud
environment on the performance of each VM, and optimizing the
provisioning or placement of VMs in a cloud platform [3, 13, 14];
while they hardly address the optimization of data transmission la-
tency. Similarly, the data processing rate of each VM is also omit-
ted in the existing data transmission latency optimization mecha-
nisms [16, 19]. Moreover, different from the traditional MapReduce
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framework, the data transmission latency of a cloud-based MapRe-
duce workflow is determined not only by the physical network
topology, but also by the topologies of virtual networks in a cloud
platform: after transmitted to an end node of a physical network
(a server), a data chunk will suffer an additional transmission delay
in virtual networks to reach its destination slave (a VM). The ex-
isting data transmission latency optimization mechanisms, which
only minimize data transmission time in physical networks, are
not applicable to cloud-based MapReduce frameworks since they
neglect the transmission time spent in virtual networks.

This paper focuses on optimizing the topologies of virtual net-
works in data centers to improve the overall performance of cloud-
based MapReduce frameworks. We deploy a MapReduce frame-
work which is based on our cloud platform built using open source
software OpenStack Havana [20], and analyze the detailed oper-
ating procedure of a cloud-based MapReduce workflow. To eval-
uate the performance of a cloud-based MapReduce framework, we
present a performance model that precisely capture the expected
data transmission latency and data processing rate in the Map and
Reduce operations. Based on the modeling results, we further pro-
pose an optimization model and corresponding algorithms to de-
termine the optimal topologies of virtual networks embedded in
physical cloud platforms. Our focus is to strike the right balance
between data transmission latency and data processing rate to im-
prove the overall performance of cloud-based MapReduce work-
flows.

The main contributions of this paper are as follows:

« We propose a novel mechanism that considers the optimization
of both the data transmission latency and data processing rate,
and strikes the right balance between the two performance fac-
tors.

We optimize the topologies of virtual networks embedded in
physical data centers, which can be considered as an extension
of the existing data transmission latency optimization mecha-
nisms.

We take the first step towards providing optimal deployment
mechanism of multi-host virtual networks based on OpenStack
Neutron (of releases Grizzly and Havana).

The rest of this paper is organized as follows. Section 2 sum-
marizes the existing performance optimization mechanisms of
MapReduce frameworks, and introduces multi-host based virtual
networks built using OpenStack software. Section 3 studies the
detailed operating procedure of a cloud-based MapReduce work-
flow and puts forward a performance model to formulate the data
transmission and data processing latency. Section 4 proposes an
optimization model to describe the topology optimization problem,
and designs a novel mechanism TOMON to determine the optimal
virtual network topology based on the modeling results. Section
5 evaluates our topology optimization mechanism in simulation
environment as well as in a real cloud computing platform. Section
6 concludes the paper and gives directions for our future work.

2. Related work
2.1. Performance optimization of MapReduce workflows

Improving the performance of MapReduce applications has
been attracting the attentions of researchers. The majority of the
existing studies focus on optimizing the scheduling mechanisms
of MapReduce jobs or tasks. M. Zaharia et al. [7] present an im-
proved task scheduling scheme, LATE, which reduces the applica-
tion completion time by executing tasks that will finish farthest
into the future. H. Chang et al. [8] devise approximation algorithms
which generate feasible schedules of MapReduce jobs, and keep a

job’s completion time within a small constant factor of the spec-
ulative optimal value. F. Chen et al. [9] delve into task level and
develop constant factor approximation algorithms for minimizing
the weighted task completion time. Network bottlenecks of the
MapReduce clusters have also been considered in [10-12], and ju-
dicious task placement and scheduling methods have been pro-
posed to further improve the data transmission time of MapRe-
duce jobs. However, these solutions omit the impacts of cloud en-
vironment on the performance of MapReduce operations, which
are more applicable to big data applications in local environment.

There are also a few researches which address the practical per-
formance of MapReduce frameworks on cloud platforms. K. Kam-
batla et al. [13] compare resource consumption of different cloud-
based applications, and optimize the configurations of cloud re-
sources for these applications. Y. Geng et al. [14] devise a model
to theoretically analyze data allocation problems in virtual envi-
ronment, and design a location-aware file block allocation strategy
to retain the compatibility of cloud platforms with native Hadoop
frameworks. H. Herodotou et al. [21] analyze the impact of virtual
cluster scale on the data processing rate of cloud applications, and
further optimize the scale of virtual clusters to improve the per-
formance of data-intensive cloud-based applications. Y. Yuan et al.
[3] re-model the resource provisioning problem in cloud-based big
data systems and present an interference-aware solution. Z. Zhang
et al. [22] focus on predicting the completion time of MapReduce
jobs in heterogeneous environment.

Different from the former studies, some researchers focus on
improving the data transmission performance of cloud-based ap-
plications. M. Alicherry et al. [23] introduce “VM communica-
tion latency” as a new performance factor to the traditional re-
source provisioning mechanisms, and put forward a novel network
aware resource provisioning mechanism. M. Li et al. [15] couple
the data placement, VM placement, and task placement to system-
atically improve data locality of cloud-based MapReduce applica-
tions. Novel VM placement and resource provisioning mechanisms
are proposed in [16-18] to improve the data transmission or pro-
cessing latencies of cloud-based big data applications on the ba-
sis of workloads. There are also some researches concentrating on
studying the “Virtual Network Embedding (VNE)” problem: M. Yu
et al. [24] design greedy embedding policy to embed VMs to the
physical server with the lightest load first; X. Cheng et al. [25] and
S. Zhang et al. [26] design “topology-aware” virtual network em-
bedding mechanisms to improve the communication performance
of virtual clusters; J. Lu et al. [27] concentrate on embedding vir-
tual networks of backbone-star topologies into physical clusters; L.
Gong et al. [28] propose a novel metric -global resource capac-
ity (GRC), to quantify the embedding potential of each substrate
node, and propose an efficient heuristic virtual network embed-
ding (VNE) algorithm; 1. Houidi et al. [29,30] propose distributed
virtual network embedding mechanisms to improve the scalability
of the traditional centralized embedding mechanisms.

These studies optimize data processing or data transmission
performance separately, without an overall consideration of both
the performance factors.

2.2. Multi-host virtual network based on OpenStack neutron

OpenStack [20] has become one of the most widely used open
sources to build cloud platform, since it shows great advantages in
layered architecture, SOA (Service Oriented Architecture), compo-
nentization, openness, etc. Neutron is an OpenStack component to
provide “networking as a service” between interface devices (e.g.,
VNICs (Virtual Network Interface Cards)), which enables the estab-
lishment of virtual networks in physical data centers.

Using the single-host based virtual network architecture in
OpenStack release Folsom, the communication agent (L3 agent,
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Fig. 1. Single-host and multi-host deployment of virtual networks using OpenStack neutron.

which enables the data transmission between VMs) must be de-
ployed on a single server (named network node). Thus, only cen-
tralized virtual network topology can be realized based on Open-
Stack Folsom as is shown in Fig. 1A, and the performance and
availability of these virtual networks are affected by the perfor-
mance bottleneck and the SpoF (Single point of Failure) problem
of the single communication agent.

To counteract the problems caused by single-host virtual net-
works, multi-host deployment of communication agents are en-
abled in the later OpenStack releases Grizzly and Havana. As
shown in Fig. 1B, the additional network node is unnecessary in
multi-host based virtual networks, and the communication agents
can be deployed on any of the compute nodes. Therefore any com-
pute node can act as a network node, which improves the scalabil-
ity and performance of virtual networks. However, detailed virtual
network deployment mechanisms have not been provided in the
latest releases of OpenStack, and our research takes the first step
towards providing optimal deployment mechanism of multi-host
virtual networks based on OpenStack Neutron.

3. Performance evaluation of cloud-based MapReduce
workflows

In this section, we present the detailed operating procedure of a
cloud-based MapReduce application in a multi-host virtual cluster,
and propose a corresponding model to formulate the performance
of the cloud-based MapReduce framework. Some important nota-
tions and definitions used in the model are illustrated in Table 1.
For analytic tractability, we assume that the physical cloud plat-
form satisfies centralized architecture, and our focus is to optimize
the topologies of the overlying virtual networks.

3.1. Baseline experiment

To accurately capture the performance of a cloud-based MapRe-
duce workflow, firstly we need to analyze the impact of cloud en-
vironment on the data processing rate and data transmission la-
tency. Fig. 2A and B show the impact of server load and VM lo-
cation on VMs’ data processing and communication performance
respectively.

First, we analyze the impact of server load on VMs’ data pro-
cessing performance. We gradually increase the number of co-
located VMs on the same server while processing the same in-
put data, and record the average data processing rate of these co-
located VMs in different scenarios. We can see from Fig. 2A that
the average data processing rate of the co-located VMs shows a
linear decline as the server load increases, which is consistent with
the result shown in [7]. Moreover, if the VMs co-locate with a com-
munication agent (L3 agent in our experiment), they will suffer
performance degradation at a constant rate. Performance function
of VM j on server i can be approximately expressed as:

__Ho
nmax

Wij = [MO— (ni_l)i|'[1_xi(l_y)] (1)

As is shown in Fig. 2A, our performance function accurately de-
scribes the changing trend of average data processing rate, which
can be used in the following performance model.

Next, we analyze the impacts of VM locations and virtual net-
work topologies on the data transmission rate between VMs. Fig.
2B shows the data transmission latencies between two VMs at dif-
ferent locations, under different virtual network topologies. Similar
to the result shown in [23], we find that the communication over-
head between co-located VMs can be neglected compared with
VMs located on different servers. Thus, to improve the overall com-
munication performance of a virtual cluster, an optimal deploy-
ment mechanism should avoid cross-server data transmissions.

Comparing the results shown in Fig. 2A and B, we find that con-
flicts exist for optimizing the two performance factors (data trans-
mission latency and data processing rate): according to Fig. 2A, to
maximize the data processing rate of each VM, the optimal deploy-
ment mechanism should allocate VMs on different servers to re-
duce the amount of co-located VMs; however, according to Fig. 2B,
to minimize the total data transmission latency, the VMs should
be placed closely to each other to reduce the cross-server com-
munications, which is a worst deployment mechanism to optimize
the data processing performance according to Fig. 2A. Therefore, a
novel mechanism is needed to strike the right balance between the
two performance factors, and to improve the overall performance
of cloud-based MapReduce applications.
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Table 1
Summary of key notations and definitions.
Notations  Definitions
N Total number of avaiable VMs in a cloud platform
m Total number of available physical servers
n; Number of available VMs on server i
nmex Maximum number of VMs can be co-located on server i
S Expected total size of input big data during a fixed time period
B Average data transmission rate between any two servers
ti']f'“” Execution latency of VM j located on server i in map phase
t{f‘“‘“’ Execution latency of VM j located on server i in reduce phase
Xi Binary variable, set to 1 if an agent is deployed on server i, set to O otherwise
o Average data processing rate of a VM at empty load
y Average performance degradation rate of a VM, when co-located with a communication agent on a server
ij Average data processing rate of VM j located on server i
Sij Total size of data chunks allocated to VM j located on server i during a fixed time period
n. Total number of selected reducers
Sr Average size of intermediate results generated on a VM after map phase
k Total number of deployed communication agents
I(i) Physical location of agent i
W(i) Set of VMs assigned to agent located on server i
A Agent responsible for the communication of VM j located on server i
Nq Total number of VMs co-located with communication agents
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Fig. 2. Impact of cloud environment on VMs’ data processing and communication performance.

3.2. Performance model for the map phase

In the map phase, the input data is split into small chunks and
assigned to the mappers (VMs located on servers) for processing.
The mappers read the data chunks and produce intermediate re-
sults. Fig. 3 describes the detailed operation procedure of the map
phase in a multi-host virtual network based on OpenStack Neutron.

The procedure of the map operation can be divided into three

sub-phases:

+ The input data is split into small chunks and assigned to the

communication agents (L3 agent in our scenario).
« Communication agents forward the small data chunks to the

destination VMs.
« VMs (mappers) process the data blocks and produce intermedi-

ate results.

Thus the execution latency of VM j located on server i in the
map phase can be expressed as:

map __ passign forward process
(1P = (8 T )

The time spent in the assignment sub-phase is determined by
the size of input data and the data transmission latency of each
server. Assume the total size of the input data is S during a fixed
time period in the steady state, then we get t,.“jss'g” =S/B.

A VM’s data processing latency is determined by the total size
of data chunks forwarded to the VM and the VM’s data process-
ing rate. Under the most commonly used FIFO (first in first out)
task scheduler, the total size of data chunks assigned to a VM is
proportional to the VM's processing rate. Therefore, a VM’s data
processing latency in the map phase can be formulated as:

m n m
G = sij/ i = | S i / Do Ml / Wij =S / DD Ml
i=1 j=1 i=1 j=1

As aforementioned, an optimal virtual network topology should
minimize cross-server communications. In order to minimize
cross-server communications between VMs and agents, if a com-
munication agent is deployed on a server, all the co-located VMs
on the same server should be assigned to this agent. Thus, if a VM
is co-located with a communication agent on the same server, the
data forwarding overhead of this VM can be neglected according
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Fig. 3. Operating procedure of map phase in a multi-host virtual network.

to the result shown in Fig. 2B. Thus, the lower bound of the trans-
mission overhead is determined by the total size of data chunks in
cross-server transmissions. So, we get:

ViweV (Aij) M)

tij;orwurd =(1-x)- Z Suy — Z Su | /B
v=1

u,v

Substituting the expressions tfj“ig", tiﬁ"“’"‘"d and t}}mcess into (2),
we can calculate the total execution latency of a VM in the map
phase. Moreover, by adding the execution latency of each VM, we
get the overall performance of a cloud-based MapReduce cluster
with the scale of m servers, N VMs and k agents:

i Xi=0 n;
TP iitm:,\,.gw S
1 m m;
S =" B Y Y iy kB

NS S | SN NS

+————=N--+ + , (3)
it Z?L] Mij B kBNy Y, Z?; ij

3.3. Performance model for the reduce phase

In the reduce phase, the MapReduce framework shuffles the in-
termediate data generated in the map phase and moves them to
the destination VMs (reducers) for processing. After that, the re-
ducers process the intermediate data and generate final results.
Detailed operating procedure of the reduce phase in a multi-host
virtual network is shown in Fig. 4.

The data forwarding process in the reduce phase can be divided
into three steps: step 1, the mappers transmit the intermediate
data to their communication agents; step 2, all the communica-
tion agents forward their data to the destination agents which han-
dle the communications of reducers; step 3, the destination agents
transmit their data to the reducers for processing.

Data transmission in each step can be an intra-server trans-
mission or a cross-server transmission, depending on the locations
of the source and destination VMs. Correspondingly, the transmis-
sion latency of a specific VM in the reduce phase has four possi-
ble values. For the best case, the source VM, destination VM and
their communication agents are co-located on the same server,
and the transmission latency is close to 0. For the worst case, the
source and destination VMs are located on different servers with-
out agents deployed, and handled by different agents, and then
they will have to suffer three cross-server transmissions.

Correspondingly, the transmission latency from VM j located on
server i, to reducer v located on server u can be formulated as:

w

B if Aj#i and Aw #u and 1(Ay) # 1(Aw)
Zrif Aj#i and Aw #u and 1(Ay) = 1(Aw)
or Ajj=1 and Ay #u and I[(A;;) # [(Aw)

or Ajj#i and Ay =u and I(A;) # 1(Aw)

N,

reduce __
t; f

IR if Aj#i and Aw=u and [(A;) = (Aw)
or Ajj=1i and Ay #u and I(A;) =1(Aw)
or Ajj=1i and Ay =u and I(A;j) # (Aw)

0 if Aj=i and Ay =u and I(Aj) =1(Aw)

(4)

Suppose the reducers are randomly selected among the existing
VMs, to get the accurate total execution latency, first we need to
calculate the expected number of communication agents that han-
dle the communications of the reducers, and the expected number
of the reducers co-located with their agents.

The total data transmission latency of step 1 is determined by
the number of VMs co-located with their communication agents,
since these VMs need not to suffer additional cross-server com-
munications in step 1. Suppose the number of VMs co-located with
their agents is Ny, then the expression of Ny is:

Ny = Ny + M) + -+ Ny

The total data transmission latency of step 2 is determined by
the number of the reducers’ communication agents. These agents
are the destination agents of the transmissions. The probability of
each one of the k agents to be chosen as the destination agent can
be calculated as:

_1_ k=1)-1 -1 _ I
p= 1 Cn,+(k—1)—1/cn,+k—1 - n,+ k-1

Let k; be the number of the VMs co-located with the destina-
tion agents in step 2. Then, these VMs do not suffer the additional
cross-server communications in step 2. The expected value of k; is:

n:Ng

n+k-1 (5)

k
E(k;) = an(i) p=

i=1

The total data transmission latency of step 3 is determined by
the number of the reducers co-located with their agents, as the
transmission latency between these reducers and agents can be
neglected. Since the reducers are randomly selected, each reducer
has the probability Ny /N to co-locate with its agent. We define nq
as the number of the reducers co-located with their agents among
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all the n, reducers. The expected value of n, can be calculated as:

(6)

Combining (4)-(6), we can calculate the accurate execution la-
tency of each step. Furthermore, based on the inclusion-exclusion
principle, we get the total execution latency of all the reduce
tasks:

m n;
tzet(li#ce — Z Z tirjeduce

i=1 j=1
_ (N — Na)Srnr NS,
= S

N NS:n;, 3 (N — Na)Sr nyk B NgSiny

B kB n+k-1 Bnm+k—-1)

_ [@k+ 1N = (k+ DNaISn, (N = 2No)S;n, o
- kB B(n,+k—-1)

Note that a MapReduce workflow will suffer an additional exe-
cution latency, waiting for the reducers to process the intermediate
data and produce the final results. However, the communication
agents do not work in this sub-phase and hence the performance
of the reducers are not affected by the distribution of the agents,
which means that the total execution latency of this sub-phase is
irrelevant to the virtual network topology. Therefore, we omit this
sub-phase in our performance model.

4. Topology optimization mechanism

Based on the modeling results shown in Section 3, we put
forward a virtual network topology optimization mechanism -
TOMON (Topology Optimization Mechanism based on OpenStack
Neutron) to improve the performance of cloud-based MapReduce
frameworks. TOMON is composed of three strategies, determining
the following factors in a data center respectively:

« The optimal number of communication agents
» The optimal placement of each communication agent
» The optimal matching strategy between VMs and agents

4.1. Performance optimization model for cloud-based MapReduce
workflows

The main purpose of our work is to optimize the performance
of MapReduce workflows. Specifically, we aim to minimize the to-
tal task execution time as well as the time span of a specific
MapReduce workflow.

ma p reduce
Ttotal Ttotal

Min Ttotal = Vie [Lm] VJ € [Lni]

Min  Typan = Max( (7P 4 tfede)  Vie[1,m] Vje[l,n]

Combining (3) and (7), (2) and (4), we get the expressions of

Tiotar and Tspan respectively:
T = T8 + T
NS S(N —yNa)(N—No) N2S

B kBNy

53 - (=N

@K+ DN = (k+ DNaJSrnr (N = 2No)Syny

kB B, +k—1) ®)
Tspan — MCIX( tmap +treduce)
S + 3S
L4/ Z Z ij
i=1 j=1
VeV (Aij) M)
+Max ( 3 sw— Y suv) /B 9)
uv v=1

Next, we gradually determine the values of the optimization
factors in TOMON by solving this optimization problem.

4.2. Optimal number of communication agents
The optimal number of communication agents deployed in a

specific cloud platform is determined by calculating the minimum
value of (8):



200 C. Xu et al./ Computer Networks 112 (2017) 194-207

0Trotal _ 0Troral _
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‘ = Koptimal = titol

92 Tyal . 0 Tyeq) _ 02 Toral - optima [BS(1—y)—(n+T)NS; 1oy |
Bl N2 k9N,

optimal __ (k+1)NS;n, kNSn,  _ kB(1-y)

N =N+ =577 + TS0y +k—T) 20y
(10)

Thus, the optimal number of communication agents should be

[koptimal I

Note it is possible that value of Kkyyimq exceeds m when
S> Sy, and then the optimal agent number is N, which indi-
cates the scenario that the data transmission overhead is much
more than the data processing overhead as discussed in [31],
and the data transmission time may dominate the total execution
time. Thus, the topology optimization mechanism should deploy
as many agents as possible to maximize the platform’s communi-
cation performance.

4.3. Optimal placement of each communication agent

The optimal placement of each communication agent is also de-
termined by minimizing the value of (8). Once the number of the
communication agents (k) is determined, to minimize the total ex-
ecution latency, the number of VMs co-located with the k agents
should be as close to NPM5s possible. Therefore, the optimal lo-
cations of the k agents L={I(1), I(2), ..., I(k)} should satisfy:

OPT(L) = {l(])l(k) € [1, m]|Min|n,(1) + Ny
o Mgy — NEP )

The placement optimization problem can be viewed as an ex-
tension of the classical 0-1 Knapsack problem [32]. We design a
dynamic programming algorithm to determine the optimal loca-
tion of each communication agent, as shown in Algorithm 1.

The key recursive function of our algorithm is defined as fol-
lows:

S(m—1,k,Ng) if |S(m—1,k,Ng) — Ng|
<|S(m—1,k—=1,Ng—n;) + nm — Ng|
Sm—1,k—1,N;—np) +n, else

S(m, k,Ng) =

Suppose S(m, k, Ng) is the value (amount of VMs) of the optimal
solution to the problem “Select k servers among all the m servers,
to make the amount of VMs allocated on the k servers as close to
Ny as possible”, then the value of S(m, k, Ng) can be calcutated by
solving two sub-problems:

1. If server m is not included in the optimal location set of all the
communication agents (Set L), then the k servers are selected
from the first m—1 servers (server 1 ~ server m—1). In this
case, the solution to the problem “Select k servers among all
the m servers, to make the amount of VMs allocated on the k
servers as close to N, as possible” is the same as the solution to
the sub-problem “Select k servers from server 1~server m-1,
to make the amount of VMs allocated on the k servers as close
to Ng as possible”. The value of S(m, k, Ng) in this case can be
calculated as: S(m, k, Ng)=S(m—1, k, Nq).

2. If server m is included in the optimal location set of all the
communication agents (Set L), then k—1 servers are selected
from the first m—1 servers (server 1 ~ server m—1). In this
case, the solution to the problem “Select k servers from all
the m servers, to make the amount of VMs allocated on the
k servers as close to N, as possible” is the sum of the solu-
tion to the sub-problem “Select k—1 servers among the first
m—1 servers, to make the amount of VMs allocated on the k—1
servers as close to Ny-np as possible” and the amount of VMs
allocated on server m (ny). The value of S(m,k,N,) in this case
can be calculated as: S(m, k, Ng)=S(m—1, k—1, Ng —np) + np.

Which sub-problem will be entered during the recursive proce-
dure is determined by which value is closer to Ny, S(m—1, k, Ng)
or S(m—1, k—1, Ny —np) + np.

Consider a more general case, the value of the solution to the
sub-problem “Select j servers from the first i servers, to make the
amount of VMs allocated on the j servers as close to q as possible”
(S (i, j, @) can be calculated as:

SG-1.4.9) if ISG-1j.9 -q
<ISG-1.j-1.9—mn)+n;—q|
Si-1,j—1,q—n;) +n; else

SG.j.q) =

The terminations of the recursive procedure (calculating the
value of S(i, j, q)) include the following three cases:

1. If the number of the undeployed communication agents is
equal to the number of the candidate servers (i=j), then all the
remaining candidate servers are included in the optimal agent
location set (Set L):

S$({,1,0) =...=S{,i,Ng) =ny +ny +...+n; V1

2. Suppose the number of VMs located on each server is se-
quenced in ascending order, thus n; < ny < ... < np. If the
target value (q) of the current function (S(i, j, q)) is less than
ny, to make the value of S(i, j, q) as close to ny as possible, the
optimal deployment mechanism should minimize the value of
S(i, j, q). In this case, all the j communication agents should be
deployed on the first j servers (server 1 ~ server j). Hence we
get:

S, j.0) =S, j. 1)... = S, j,ny) =1y +ny + ... +1;

3. If there exists only 1 undeployed communication agent, we can
determine the location of this agent directly, according to the
number of VMs located on the current candidate servers. Thus:

S(@i, 1, j) = Min{|ny — j|, Inp — jl. ..., In; — jI}

The optimal agent placement algorithm will repeat the recur-
sive procedure, until it reaches one of the three terminations. More
specifically, the algorithm is composed of two parts: the first part
(steps 3-6) initializes the values of Knapsack solutions in some
specific scenarios, which are the terminations of the recursion; the
second part (step 7) is the recursive procedure, calculating the so-
lution S (m, k, Ng). The algorithm outputs the optimal location set
of all the communication agents (Set L).

<i<k

)

4.4. Optimal matching between VMs and communication agents

The optimal matching between VMs and communication agents
is determined by minimizing the time span of a MapReduce work-
flow (Tspan). According to (9), the time span of a MapReduce work-
flow is determined by the cross-server data transmission latency of
the slowest communication agent in the map phase:

VuveV (Ajj) M)
Mol (3 m_z%u/s
v=1

uv

Once the number and locations of the communication agents
are determined, the total cross-server traffic is fixed. Thus, to min-
imize the maximum transmission overhead of all the agents, the
optimal matching strategy should assign the total cross-server traf-
fic equally to the k agents.

Finding the absolute optimal solution to the uniform distribu-
tion of cross-server traffic is an NP-hard problem. As is shown in
Algorithm 2, we propose a greedy algorithm to solve this prob-
lem and provide approximate optimal matching between VMs and
agents. The general idea of this algorithm is to assign the VM with
the maximum transmission volume to the agent with the lightest
transmission load.
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Next we prove that our algorithm is 1.5-approximation for the
average case.

Suppose the time span of a cloud-based MapReduce application
under the absolute optimal matching mechanism is Topr, and the
time span of the ith VM is t;. Since the optimal matching mech-
anism is no better than the absolute even distribution of trans-
mission volume (the total transmission volume cannot be evenly
assigned to the k communication agents all the time, due to the
unequal sizes of the data chunks), hence we get:

h
Topr > Zti/k (11)

i=1

Each communication agent is mapped with at least one VM,
hence the time span of the whole MapReduce application is longer
than or equal to the longest time span of all the h (h=N-Ng)
VMs:

Topr > Max({ty, to, ..., ty}

Suppose the h VMs are sequenced in descending order accord-
ing to their transmission volume, thus: s; > s, > ... > s,. The trans-
mission time span of a VM is correlated to its transmission volume,
thus: t; >t > ... > tj.

Normally, the amount of VMs is much larger than the amount
of communication agents in a virtual cluster. According to the Pi-
geon Hole Principle, at least two VMs are matched to the same
communication agent. Suppose the fth and gth VM are matched
to the same agent, then we can calculate another lower bound of
Topr as:

Topr =ty +tg > 2ty (12)

Suppose the time span of the cloud-based MapReduce applica-
tion under TOMON mechanism is Trgy. In the “Agent-VM” match-
ing phase of TOMON, the VM with the heaviest transmission vol-
ume will be scehduled to take precedence over any other VM.
Since the h VMs are sequenced in descending order according
to their transmission volume, they will be scheduled sequentially
from Vy to V..

In the average case, the transmission volume of each VM is rel-
atively fixed (the configruations of all the VMs are the same); and
then the overall time span is determined by the communication
agent which handles the most VMs, i.e. the communication agent
of Vy,. Suppose V}, is mapped to A, under TOMON, then the trans-
mission time span of A, can be viewed as the overall time span of
the MapReduce application (Trop)-

Consider the time point when the matching of V,_; is deter-
mined, and Ay is the agent with the lightest transmission load at
this time point. Since each VM is assigned to the agent with the
lightest transmission load at each step, and V}, is matched to Ay at
the hth step; hence A, is the agent with the lightest transmission
load after the (h—1)th step. The total transmission timespan of A
after the (h—1)th step is Tyop —t,. Thus we get:

h-1 h

k(Trom —th) < ) ti=Y ti—ty (13)
i=1 i=1

Subsituting (11) and (12) into (13), we can calculate the upper
bound of Trgy; as follows:

h

k(TTOM — th) < Zt,‘ — th
i=1

h
1
éTTOMS;:ti/k‘F (1 *E) B
_1>.@
k

= Trom =< Torr + (1 2

Table 2
Detailed information of cloud servers.

Server quantity  Server configuration

CPU  Memory  Disk

2 24 96 GB 4TB
16 32GB 150GB
12 8 8GB 500GB
4 8GB 300GB
3 1
=sTrom<|z - 7) T
TOM (2 ok ) lopr

Therefore, the “Agent-VM” matching policy in TOMON is 1.5-
approximation for the average case.

5. Experiment

This section evaluates TOMON in simulation environment as
well as real cloud platform. By comparing the performance of
the same cloud-based MapReduce application under different vir-
tual network topologies, we validate TOMON mechanism and ana-
lyze the impacts of the three optimization factors (agent number,
agent placement and matching strategy) on the performance of the
MapReduce application.

5.1. Evaluation of TOMON in real cloud platform

In this experiment, we deploy a local cloud computing plat-
form using OpenStack software (release Havana), and construct a
MapReduce testbed based on this cloud platform. After that, we
generate big data processing jobs to our testbed in accordance with
the real job arrival rate shown in [33], and evaluate the perfor-
mance of the same cloud-based MapReduce application under dif-
ferent virtual network topologies.

Our cloud computing platform is built using 21 physical servers.
Some of the servers have high-end configuration of 24 core
2.30 GHz CPU, 96 GB memory, 4T Disk and 4 NICs. The detailed in-
formation of each server is illustrated in Table 2.

As shown in Fig. 5, centralized architecture is used to de-
ploy the physical cluster: one server is used as the cloud con-
troller which installs all the OpenStack Nova services; the other 20
servers are installed with OpenStack Nova-compute service, which
act as compute nodes to provide virtual resources. Each compute
node may host several VMs, and the controller is responsible for
monitoring the status of the VMs allocated on the compute nodes.
All the servers are connected to a single switch. Our cloud-based
MapReduce testbed platform is deployed using 100 VMs allocated
on the 20 compute nodes. The configurations of all the VMs in the
cloud-based MapReduce cluster are the same (1VCPU, 1 GB mem-
ory, 20GB disk). We employ WordCount as the MapReduce job
to test the performance of our testbed, and apply the document
package from Wikipedia as the input data. The sizes of our input
datasets range from 10 GB to 100 GB.

Using the Restful APIs (e.g. Create Network, Schedule router
to L3 agent, etc.) provided by OpenStack, we implement TOMON
mechanism and integrate TOMON into OpenStack Neutron compo-
nent to automatically construct virtual networks in our physical
platform. In Software Code 1, an example of Python code to re-
alize optimal matching strategy in TOMON is presented. The open
source of TOMON is in progress.

We generate input data to our cloud-based MapReduce testbed
in accordance with the task arrival rate shown in real records [33].
The size of the input data generated at each time point is propor-
tional to the task execution latency in the records. Using OpenStack
Neutron, we deploy virtual networks with different topologies on
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Fig. 5. Centralized physical architecture of the cloud computing platform.

restVM = sorted(restVM, key = lambda d:d[1l], reverse = True)

key = lambda d:d[0])

1 def LoadBalancing(restVM, agentNumber):

<

3 restVMNumber = len(restVM)

4 agentLoad = [0 for i in range (agentNumber)]

S mapping = []

3

7 minAgentId = 0

8 for i in range (restVMNumber):

9 agentLoad[minAgentId] += restVM[i][1]

10 mapping.append([restVM[i] [0], minAgentId+1])
11 minAgentId = 0

1z for j in range (agentNumber) :

13 if agentLoad[j] < agentLoad[minAgentId]:
14 minAgentId = j

1s mapping = sorted (mapping,

16 return mapping

Software Code 1. Example of Python code used to realize optimal matching strategy in TOMON.

the same physical cluster. Average size of the input data generated
during 1h is about 200 GB, and we evaluate the steady-state per-
formance of our testbed platform under this workload.

Fig. 6A shows the performance of a cloud-based MapReduce ap-
plication under different virtual network topologies. The input data
is the same in each scenario. We change the amount of agents de-
ployed in our platform, and once the agent number is determined,
two different virtual networks are deployed for performance evalu-
ation: one virtual network is deployed using TOMON (both optimal
placement and matching strategies are used), the other is deployed
using optimal placement strategy only (VMs are randomly assigned
to agents).

Applying TOMON to our cloud-based MapReduce testbed, we
theoretically calculate the optimal number of communication
agents to be deployed in our platform, which is [Kopimai] =8. From
Fig. 6A, we can see that the cloud-based MapReduce cluster attains
optimal performance when k=8 using TOMON, which is consis-
tent with the theoretical modeling result. Increasing or decreasing
the number of agents (k=15 and k=5) will improve the platform’s
data transmission rate or data processing rate respectively; how-
ever, it will damage the right balance between the data transmis-
sion and data processing rate of a virtual cluster, and consequently
the overall performance of the cloud-based MapReduce application
is not optimal as shown in Fig. 6A. Moreover, the testbed platform

attains better performance (up to 40% speedup in the best case)
in almost all the scenarios when the virtual network is built us-
ing TOMON, since our optimal matching strategy minimizes the
overall cross-server communications as well as the time span of
a cloud-based MapReduce application. The experiment results val-
idate both the optimal agent number and optimal matching strat-
egy of TOMON.

To further evaluate the two factors (optimal agent number and
optimal matching strategy) individually, we analyze the perfor-
mance of our MapReduce testbed with different input data sizes.
Four virtual networks are deployed in our physical platform using
different mechanisms: (a) single-host virtual network; (b) multi-
host virtual network constructed using five agents and optimal
matching strategy; (c) multi-host virtual network constructed us-
ing optimal number of agents and random matching strategy; (d)
multi-host virtual network constructed using TOMON. The size of
the input data increases from 50 GB to 500 GB, and the total exe-
cution latency of each MapReduce application is shown in Fig. 6B.

We can see from the figure that multi-host deployment mecha-
nism improves the perfomormance of the virtual cluster, especially
when the input data size is large. The virtual MapReduce clus-
ter attains around 150%-300% performance improvement under
the multi-host deployment compared with the single-host deploy-
ment. Comparing the perfomance changing trends of the MapRe-
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Fig. 6. Performance of real MapReduce applications in different virtual network topologies.

duce clusters under mechanisms (b) and (c), we find that, when
the input data size is small (less than 200 GB), the impact of
matching strategy on the overall performance is more obvious
compared with agent number. However, as the size of the input
data becomes larger (over 300 GB), the agent number gradually
becomes the dominant factor that affects the overall performance
of a cloud-based MapReduce cluster; thus, the perfomance of the
MapReduce cluster under mechanism (c) is better than mechanism
(b) as shown in Fig. 6B.

This phenomenon is caused by the time distribution of different
MapReduce operations. When the size of the input data is small,
the data loading operation (the first sub-phase in the map phase,
as described in Section 3.2) from local storage systems to the
cloud-based HDFS (Hadoop Distributed File System) does not take
so much time, and the data transmission latency of a cloud-based
MapReduce application is mainly determined by the shuffling op-
erations [3]. In this scenario, the optimal deployment mechanism
should balance the load of each agent first, to minimize the oper-
ation time span. Thus, the optimal matching strategy improves the
overall performance of the MapReduce testbed more significantly.
However, when the size of the input data is large enough, com-
pared with the data transmission time spent in the shuffling oper-
ations, the time used in loading data into the cloud-based HDFS is
much longer, and the optimal deployment mechanism should in-
crease the number of the communication agents to minimize the
data loading latency first. Therefore, the agent number becomes
the dominant factor in this scenario.

5.2. Evaluation of TOMON in simulation environment

To make our topology optimization mechanism more convinci-
ble, we further validate our agent placement policy in simulation
environment. We simulate the scenario where MapReduce appli-
cations are executed on a cloud computing platform composed of
100 servers. The tasks simulated here are also WordCount. 1500
VMs with the same configuration are allocated on the 100 servers
to deploy the cloud-based MapReduce cluster. The maximum num-
ber of VMs can be co-located on a large-type server is 100, on a
median-type server is 30, and on a small-type server is 10. Among
the 100 servers, 15 are large-type servers, 35 are median-type
servers, 50 are small-type servers. The load of each server is set
randomly between 0.25 and 0.75, and the performance degrada-

tion trend of the co-located VMs is simulated using formula (1).
Physical architecture of this simulated cloud platform is also cen-
tralized. We perform the virtual network construction procedures
(e.g. deploy L3 agents, deploy ovs plugins, construct virtual net-
works, etc.) based on OpenStack Neutron in our simulator, and
record the time used to construct a virtual network using TOMON
for scalability analysis. This paper concentrates on the evaluation
of network deployment mechanisms; thus, our simulator only per-
forms the operating procedures of the Neutron component. The
other OpenStack components (e.g. Nova, Glance, etc.) are not re-
constructed in our simulator. We assume that the VMs have al-
ready been allocated on the physical servers based on OpenStack
Nova and Glance components, and we focus on analyzing the vir-
tual network deployment procedures based on OpenStack Neu-
tron. In order to evaluate the optimal agent placement mecha-
nism in TOMON, we establish four virtual networks using different
agent placement mechanisms: (a) random deployment of agents;
(b) deploy communication agents on the servers with the max-
imum number of VMs: greedy policy that takes the data trans-
mission latency into first consideration; (c) deploy communication
agents on the servers with the minimum number of VMs: another
kind of greedy policy, in which data processing latency tends to
dominate all the other factors; (d) optimal agent placement policy
in TOMON. By comparing the performance of the platform under
mechanisms (b), (¢) and (d), we further evaluate whether the op-
timal agent placement strategy in TOMON has optimally balanced
the effects of the two dominant but competing factors: data pro-
cessing rate and data transmission latency.

Fig. 7A shows the total execution latencies of the same cloud-
based MapReduce application under the four different agent place-
ment policies. Since both the data transmission latency and data
processing latency are considered and optimized, the testbed plat-
form attains better performance (up to 36% performance improve-
ment when k= [Kopimq] =61) using TOMON. We also find from the
figure that when the amount of deployed agents is small (less than
30), compared with TOMON, the platform gains equal performance
using the greedy policy (b). The reason is that the communication
performance is the bottleneck performance of the platform when
the deployed communication agents are scarce, and the optimal
agent placement mechanism should maximize the communication
performance of the platform at first; thus the optimal agent place-
ment strategy in TOMON is the same as that in the greedy deploy-
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Fig. 7. Performance of the cloud-based MapReduce frameworks in simulation environment.

ment policy (b). However, as the number of the agents increases,
the communication performance of the paltform becomes better,
and the data processing rate plays an increasingly important role
in the overall performance optimization. Without considering the
data processing rate, the greedy deployment policy (b) is not ap-
plicable in this scenario. On the contrary, TOMON does well all the
time since it strikes the right balance between the data transmis-
sion and data processing performance, and optimizes bottleneck
performance of the virtual cluster in each scenario. The experi-
mental results validate both the optimal agent number and opti-
mal agent placement strategy in TOMON.

Next, we evaluate the scalability of TOMON mechanism us-
ing different scales of physical clusters. We establish five virtual
networks based on different mechanisms: (1) single-host deploy-
ment mechanism; (2) OPRM mechanism: deploy the virtual net-
work based on the optimal agent placement and random matching
strategies; (3) RPOM mechanism: deploy the virtual network based
on the random agent placement and optimal matching strategies;
(4) TOMON mechanism: both the optimal agent placement and op-
timal matching strategies are used. Mechanisms (1)-(3) are used
as comparison mechanisms to evaluate the time complexity of the
optimal agent placement strategy and the optimal matching strat-
egy in TOMON. The scale of the physical cluster increases from 10
servers to 1000 servers.

Fig. 7B shows the time used to generate a virtual network
topology under each deployment mechanism. The single-host
mechanism takes nearly constant time to generate virtual net-
work topologies, since it does not need to calculate the agent lo-
cations and the matching strategies; however, the performance of
the single-host virtual network is not acceptable when the size of
the input data is large, as shown in Fig. 6B. The topology genera-
tion time of OPRM, RPOM and TOMON mechanisms increase with
the scale of the physical datacenter, since they need more platform
information to determine the virtual network topologies. However,
although additional information is required and more calculations
are executed in TOMON compared with OPRM and RPOM, the to-
tal execution latencies of the three mechanisms (OPRM, RPOM and
TOMON) do not show obvious time gaps. The reason is that both
optimal placement and optimal matching algorithms in TOMON
are with polynomial time complexities as shown in Algorithms 1
and 2, and the additional calculations in TOMON do not increase

Algorithm 1 Optimal placement algorithm of agents.

1: Input: S, S, wo, vy, B m, n;, k, {ny, ny, ..n;}
2: Output: Optimal locations of communication agents: L
Value of optimal solution S(m, k, Ng)
3: Initialize:L < ¢; calculate N, according to (10)
4: Initialize: S(i, i, 0)=...S(i, i, Ng)=nq +ny +...+n;
5: Initialize: Vie [1,m] Vje[1,n]
S(i, j, 0)=S(i, j, 1)..=S(i, j, ny)=ny +ny+...4n;
6: Initialize: Vie [1,m —k+1] Vje[1,Ng]
G, 1, )=Min{|n —jl, [nz —jl, ... Ini—jl}
7: Extended Knapsack recursion:
for g: =N, to n; do
if [S(i-1,j, )—q| < IS(i-1,j-1, g—n;)+n;—q| then
S(i, j. q)=S(-1,j, q)
else S(i, j, q)=S(i—1, j—1, q—n;)+n; L < LU{l(i)}
end for
8: return L and S(m, k, Ng)

Algorithm 2 Approximate optimal matching algorithm.

1: Input: h: number of VMs that are not co-located with their agents.
(h =N- Na)
S={s1, Sa, ..., Sp}: transmission volume of each VM
2: Output: M: matching strategy between the agents A={A1, Ay, ..., Ar}
and VMs V={Vy, V,, .., V,}
3: Initialize:M <« ¢, load(1)=load(2)=...=load(k)=0
4: fori:=1to h do
5: Find max value s; in S
6: Find min load(j) in {load(1), load(2),..., load(k)}
7: M < MU{Aj< Vi)
8: load(j)=load(j)+s;, S < S—{s;}
9: end for
10: return M

the overall time complexity of this mechanism. Thus, TOMON is
scalable enough to be used in large-scale data centers.

5.3. Importance evaluation of optimization factors in TOMON

Next, we evaluate the importance of the three optimization fac-
tors (agent number, agent placement and matching strategy) in
TOMON. We deploy four virtual networks in the same data center,
using different deployment mechanisms: 1) random selection of all
the three optimization factors; 2) optimal agent number, random
agent placement and matching strategy; 3) optimal agent number
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Fig. 8. Importance evaluation of each optimization factor in TOMON.

and placement, random matching strategy; 4) optimal agent num-
ber, placement and matching strategy (TOMON). Each following
mechanism optimizes one more factor based on its former mecha-
nism.

Fig. 8 exhibits the total service execution latencies of the plat-
form under the four deployment mechanisms and processes the
input data with different sizes. We notice that the performance of
the platform is improved, whatever additional factor is optimized.
And the performance improvement is more remarkable when the
size of the input data becomes larger. Thus, larger size of input
data makes the impacts of the three optimization factors on the
performance of the platform more remarkable. Moreover, the per-
formance improvement is more obvious when the agent number is
optimized, which indicates that agent number is the most signifi-
cant factor in TOMON.

5.4. Applicability analysis of TOMON

At last, we discuss the applicability of TOMON mechanism.
TOMON mechanism is implemented based on the multi-host vir-
tual networking model provided by OpenStack Neutron of releases
Grizzly and Havana. In the latest OpenStack releases (e.g. Juno
and Kilo), multi-host deployment of the communication agents
are not supported by Neutron temporarily, since the stability of
the multi-host virtual networks cannot be guaranteed. Hence,
TOMON cannot be integrated in OpenStack Neutron of the latest
releases. However, in order to strengthen the support of OpenStack
to communication-intensive applications, multi-host networking
model has been realized in OpenStack Nova component of releases
Juno and Kilo. Therefore, although our TOMON mechanism can-
not be integrated into Neutron in the latest OpenStack releases, it
can be implemented based on the multi-host networking model
provided by Nova as well. Different from the former implementa-
tions, in OpenStack Juno and Kilo release, TOMON is used to de-
termine the optimal deployment of the nova-network plugins but
not the communication agents. The optimal number and optimal
placement of the nova-network plugins can also been calculated
in the same way. Thus, TOMON mechanism can be integrated into
Nova component, when using OpenStack releases Juno and Kilo.

6. Conclusion and future work

In this paper, we analyzed the impact of virtual network topolo-
gies on the performance of cloud-based big data applications,
studied the detailed procedures of cloud-based MapReduce opera-
tions in multi-host virtual networks built using OpenStack, formu-
lated the data transmission and data processing overheads of the
MapReduce workflows, and put forward TOMON mechanism to op-
timize the virtual network topologies. TOMON mechanism struck
the right balance between the data transmission latency and the
data processing rate of a cloud-based MapReduce cluster, and fur-
ther improve the performance of the cloud-based big data applica-
tions compared with other greedy deployment policies. Our work
took the first step towards providing optimal deployment mecha-
nism of multi-host virtual networks based on OpenStack Neutron.

In our future work, we plan to improve TOMON mechanism for
the optimal deployment of virtual networks on large-scale physi-
cal data centers. Firstly, different from the evaluations of TOMON
in the centralized physical datacenters shown in this paper, we
will further evaluate TOMON mechanism on the large-scale data
centers with hierarchical architectures. Secondly, by providing ad-
ditional performance evaluation mechanisms, our future research
will try to evaluate the largest scale of the physical data centers
that OpenStack multi-host virtual network can support (When the
scale of the physical data center is large enough, the data trans-
mission latency between two physical servers will be long enough,
and the virtual network topology may be not the dominant per-
formance factor in this scenario). Finally, based on the experimen-
tal results, we will revise TOMON mechanism to accommodate the
large-scale data centers with more complex physical architectures.
We are also going to explore the properties of the heterogeneous
virtual MapReduce clusters, and introduce additional metrics into
TOMON to improve this topology optimization mechanism.
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