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Abstract—With the advancement of information and communication technology, data are being generated at an exponential rate via
various instruments and collected at an unprecedented scale. Such large volume of data generated is referred to as big data, which
now are revolutionizing all aspects of our life ranging from enterprises to individuals, from science communities to governments, as they
exhibit great potentials to improve efficiency of enterprises and the quality of life. To obtain nontrivial patterns and derive valuable
information from big data, a fundamental problem is how to properly place the collected data by different users to distributed clouds and
to efficiently analyze the collected data to save user costs in data storage and processing, particularly the cost savings of users who
share data. By doing so, it needs the close collaborations among the users, by sharing and utilizing the big data in distributed clouds
due to the complexity and volume of big data. Since computing, storage and bandwidth resources in a distributed cloud usually are
limited, and such resource provisioning typically is expensive, the collaborative users require to make use of the resources fairly. In this
paper, we study a novel collaboration- and fairness-aware big data management problem in distributed cloud environments that aims to
maximize the system throughout, while minimizing the operational cost of service providers to achieve the system throughput, subject

1941

to resource capacity and user fairness constraints. We first propose a novel optimization framework for the problem. We then devise
a fast yet scalable approximation algorithm based on the built optimization framework. We also analyze the time complexity and
approximation ratio of the proposed algorithm. We finally conduct experiments by simulations to evaluate the performance of the
proposed algorithm. Experimental results demonstrate that the proposed algorithm is promising, and outperforms other heuristics.

Index Terms—Big data management, dynamic data placement, fair resource allocation, collaborative users, distributed clouds, data sharing

1 INTRODUCTION

ISTRIBUTED clouds, consisting of multiple datacenters

located at different geographical locations and inter-
connected by high-speed communication routes or links,
are emerging as the next-generation cloud platforms, due to
their rich cloud resources, resilience to disasters, and low
access delay [11], [23], [24], [27]. Meanwhile, with the escala-
tion of data-intensive applications from different organiza-
tions that produce petabytes of data, such applications are
relying on the rich resources provided by distributed clouds
to store and process their petabyte-scale data, i.e., big data
management. For instance, the European radio telescope,
Low-Frequency Array (LOFAR)) based on a vast array of
omni-directional antennas located in Netherlands, Germany,
the Great Britain, France and Sweden, produces up to five
petabyte of raw data every four hours [16]. Another such an
application, Large Hadron Collider in physics research,
generates over 60 TB data per day [15]. To share the collected
data and obtain valuable insights and scientific findings
from such huge volume of data generated from different
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locations, data users need to upload and process their big
data in a distributed cloud for cost savings. Thus, collabora-
tive researchers at different geographic locations can share
the data by accessing and analyzing it. A naive placement for
such large volume of big data may incur huge costs on data
transmission among not only the datacenters but also the
collaborated researchers. In addition, the data generated at
different locations must be fairly placed to the distributed
cloud. Otherwise, biased data placements may severely
degrade the reputation of the service provider, thereby
reducing the potential revenue of the service provider.

The development of efficient solutions to the mentioned
big data management problem is challenging, which lies in
several aspects: (i) The collaboration-aware users/big data
applications dynamically and continuously generate data
from different geographical locations, high cost will be
incurred when managing such data due to their geo-distri-
butions and large volumes. (ii) Users typically have quality
of service (QoS) requirements. Fair usage of cloud services
is crucial, otherwise, biased allocation of cloud resources
may result in that unsatisfied users no longer use the ser-
vice, the service provider may fall into disrepute, and its
revenue will be significantly reduced. (iii) Processing and
analyzing the placed big data require massive computing
resource. However, the computing resource in each data-
center typically is limited [4]. If the data placed in a data-
center cannot be processed as required, the overhead on
migrating the placed data to other datacenters for process-
ing will be high. (iv) Provisioning adequate computing and
network resources for big data applications usually incurs a
high operational cost, including the energy cost of powering
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servers in datacenters, the hardware cost on switches and
routers between datacenters, and the communication cost
for transmitting data along Internet links. To address these
challenges, in this paper we study the collaboration- and fair-
ness-aware big data management problem in a distributed cloud
to fairly place continuously generated data to the datacen-
ters of the distributed cloud, the placed data are then proc-
essed, and the generated intermediate results finally are
utilized by other collaborative users. Our objective is to
maximize the system throughput, while keeping the opera-
tional cost of the service provider minimized, subject to the
constraints of resource capacity and fairness among users,
where the system throughput is the ratio of the amount of
generated data that are successfully placed and processed
to the total amount of data generated by each user. In other
words, the system throughput is identical for each user, i.e.,
the proposed algorithm can fairly place the same percentage
of data for each user into the system.

Despite that several studies in literature focused on big
data management [1], [5], [8], [14], [17], [26], we are not aware
of any studies on the collaboration- and fairness-aware big
data management problem yet. For example, the studies
in [5], [8], [17], [26] focused on data management based on
given static data, while the work in [1], [17] did not consider
collaborations and the fairness issue among users. They nei-
ther take the intermediate results of processed data nor the
computing capacity of datacenters into account.

The main contributions of this paper are as follows. We
first formulate a novel collaboration- and fairness-aware big
data management problem in a distributed cloud. We then
propose an optimization framework for the problem, under
which we devise an approximation algorithm with a guaran-
teed approximation ratio, by reducing the problem to the
minimum cost multicommodity flow problem. We finally
evaluate the performance of the proposed algorithm through
experimental simulations. The simulation results show that
the performance of the proposed algorithm is promising,
which can reduce the operational cost of the distributed
cloud significantly. To the best of our knowledge, this is the
first time that the collaboration relationships among collabo-
rative users, the fairness guarantee of the placed data, the
capacity constraints of datacenters and communication links,
and dynamic data generations are jointly considered in dis-
tributed cloud environments, and an efficient approximate
solution to the problem is delivered.

The remainder of this paper is organized as follows. The
system model and the problem definition are introduced in
Section 2. The algorithm is proposed in Section 3, followed
by evaluating the performance of the proposed algorithm in
Section 4. The related work is discussed in Section 5, and
the conclusion is given in Section 6.

2 PRELIMINARIES

In this section we first introduce the system model, we then
describe user collaboration groups and the cost model of
data management. We finally define the problem precisely.

2.1 System Model

We consider a distributed cloud G = (V U F€, E), consisting
of a number of datacenters located at different geographical
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locations and interconnected by Internet links, where V" and
FE are the sets of datacenters and front-end servers, and F
is the set of communication links between datacenters and
between datacenters and front-end servers [18]. Let v; be a
datacenter in V' and ¢;; a link in E between datacenters v;
and v;. The storage and computing resources of each data-
center v; are used to store and process data, and the band-
width resource of each link is used for data transmission
between datacenters. For the sake of convenience, we here
only consider computing and network resources of G as
storage resource provisioning is similar to that of comput-
ing resource. Denote by B.(v;) the capacity of computing
resource at datacenter v; € V, and By(e;;) the bandwidth
resource capacity of link e;; € I. Assuming that time is
divided into equal time slots, the amount of available com-
puting resource of datacenter v; is represented by A.(v;,t),
and the amount of available bandwidth resource of link e;;
is represented by A;(e;;,t) at time slot ¢. Let FE,, be a front-
end server in FE, where 1 <m < |FE|. Each front-end
server F'E,, serves as a portal node to the distributed cloud,
and has a certain storage capacity to buffer data from its
nearby users [9]. Without loss of generality, we assume
that the number of front-end servers is proportional to the
number of datacenters, i.e., | FE| = O(|V]).

Users, such as enterprises, organizations and institutions,
nowadays are outsourcing their big data to the distributed
cloud G. Let u; be one of such users and FE,,(u;) the nearest
front-end server of u;, the generated data by u; are buffered
at FE,,(u;), and the placement of the data to the distributed
cloud is scheduled at the beginning of each time slot ¢. For
security concern and ease of management of its data, we
assume that there is a set of candidate datacenters specified
by each user u; to place and process its generated data. Let
DC(u;) be the set of candidate datacenters specified by user
u;. Denote by S(uj;, t) the dataset generated by user u; at time
slot ¢. Each dataset S(u;,t) can be further split into different
fragments (or data blocks) and placed to several candidate
datacenters of u;, due to the limited resource availability at
each datacenter [4]. Computing and bandwidth resources
are needed to process dataset S(u;,t) and to transmit related
data, let r. and 7, be the amounts of computing and band-
width resources allocated to one unit of data [20]. If the
accumulated available resources of u,’s candidate datacen-
ters are not enough for the whole dataset S(u;,t), a propor-
tion of the dataset that cannot be placed at this time slot has
to be stored at u;’s nearby front-end server FE,,(u;) tempo-
rarily and will be scheduled later. This procedure continues
until all proportions of the dataset are successfully placed
and processed. Once dataset S(u;,t) is placed to datacen-
ters, it will be processed by the datacenters in which it is
placed to generate intermediate results. We assume that the
volume of the intermediate result of a dataset usually is pro-
portional to the volume of the dataset, i.e., o x |S(u;, )| [21],
[28], where « is a constant that can be obtained through
statistical analysis on the data with 0 < o < 1. The dataset
S(u;,t) then can be removed from the datacenters immedi-
ately after its intermediate result has been obtained.

In addition to generating data, each user u; also requires
the intermediate results from its collaborators for further
analysis and processing. For example, a metropolitan retail
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Fig. 1. A big data management system.

chain consists of many collaborative retailers, each of them
not only generates data about customer mobility but also
needs intermediate results from its collaborators to better
understand in-store traffic patterns and optimize product
placements and staffing levels throughout the day, and
measure the impact of advertising and special promo-
tions [19]. We thus assume that each user u; has a home
datacenter to process and analyze these intermediate
results, denote by h(u;) the home datacenter of u;. Fig. 1
illustrates the system model, where users u;, uy and us
buffer their datasets at the front-end server FE;, users u,
and us buffer their datasets at FE,, the candidate datacen-
ter of uy, us and wu3 is vg, the candidate datacenter of uy
and wus is vg, and the home datacenters of wi, us, us, uy
and wu; are h(uy), h(uz), h(us), h(us) and h(us), respec-
tively. The datasets of u;, uy and wuz are transferred to
their candidate datacenter vs to process, the intermediate
results obtained from the processed datasets are then
transferred to h(u;), h(uz) and h(us). Similarly, the data-
sets of uy; and wu; are transferred to their candidate
datacenter vy to process, the intermediate results obtained
are then transferred to h(us) and h(us), respectively.

2.2 Collaborations in Big Data Management

In this paper we consider long-term close collaborations of
a group of users. Two collaborative users in the same group
need to share, process and analyze the intermediate results
of each other in order to derive their own final results on a
long term basis. We thus use a collaboration group to model
a set of collaborative users that make use of the intermedi-
ate results of each other. Assume that there are K collabora-
tion groups in the system. Denote by g, the kth
collaboration group for each k£ with 1 < k < K. For the sake
of bandwidth resource savings, we assume that the inter-
mediate result of each user w; in group g, will be multicast
to all members in the group. In this paper, we consider
data users like enterprises, organizations, and institutes,
which tend to have more collaborations with their peers to
build more wealth and improve daily lives of people. How-
ever, in reality, large collaboration groups with many group
numbers are hard to form and manage, because many com-
plicated commitments need to be negotiated among the
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members [16]. We thus assume that the number of mem-
bers in each group is given as a priori and do not change
over time. However, a user may belong to multiple groups,
which is common in scientific collaborations where the
members in one institution collaborate with many research
groups in other institutions.

2.3 Cost Model

Managing datasets incurs the operational cost of a cloud
service provider, where the operational cost includes the
data storage cost, the data processing cost, and the commu-
nication cost of transferring datasets and intermediate
results between datacenters. These costs are proportional to
the volume of data stored, processed and transferred. Let
¢s(v;) and ¢, (v;) be the storage and processing costs at data-
center v; for storing and processing one unit of data, and
denote by c,(e;;) the cost of occupying one unit of band-
width along link e;; [2], [3], [28].

Recall that dataset S(u;,t) of u; can be split into multiple
segments that can be placed and processed in different can-
didate datacenters of u;. Let \,,(u;,t) be the proportion of
dataset S(uj,t) that will be placed and processed by data-
center v; at time slot ¢, then the storage and processing cost
to store and process A, (uj,t) of dataset S(u;,t) in datacenter
v; thus is

C1(S(uj,t),vi) = Aoy (g, 1) - [S(uj, )] - (es(vi) + cp(vi)). (1)

Note that |S(u;, t)| represents the volume of dataset S(u;,t).

The communication cost by transferring a dataset and mul-
ticasting its intermediate results through one link e € E
along which data is routed is

Ca(S(ujit)€) = (Ae(t) - [S(uj )] + A() - |S(uj, t)] - @) - 7 - cie),
(2)

where A (t) and M/(t) are the proportions of dataset
S(u;,t) and its intermediate results that are routed
through link e, and r; is the amount of bandwidth allo-
cated to one unit of data.

2.4 Problem Definition

Given a distributed cloud G = (V U F¢€, E), a set U of users,
each user u; € U has a set DC(u;) of candidate datacenters, a
home datacenter /(u;), and is in a collaboration group g;. A
dataset S(uj,t) is generated by each user u; at time slot ¢,
and the computing resource and the bandwidth resource
assigned for processing and transferring a unit of data are
r. and 1y, respectively. There are K collaboration groups in
the distributed cloud. The collaboration- and fairness-aware big
data management problem for all groups is to place and pro-
cess the same proportion A(t) of each dataset S(u;,t) gener-
ated by user u; on its candidate datacenters and to multicast
the intermediate results of the processed data to the home
datacenters of all users in group g, such that the value
of A(t) is maximized with 0 < A(t) < 1. That is, we aim to
find the largest A(t) with A(t) = A(u1,t) = AMug,t) = -+ =
A(upy, t) such that the volume of dataset S(u;,t) of each user
u; € U that can be placed and processed in the distributed
cloud G at time slot ¢ is maximized, where A(u;, t) is the pro-
portion of dataset S(u;,t) that will be placed to datacenters
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TABLE 1
Symbols

Symbols Meaning

a distributed cloud

the set of datacenters in the distributed cloud G

the set of links among datacenters, among front-end servers and datacenters
the computing resource capacity of datacenter v; € V'

the bandwidth resource capacity of link ¢;; € £

the current time slot ¢

the proportion between the volume of a source dataset and the volume of its processed intermediate results

(v, 1) the amount of available computing resource of datacenter v; at time slot ¢
Ap(eij,t) the amount of available bandwidth resource of link e;;
FE a front-end server that serves as portal node
FE the set of front-end servers
|FE| the number of front-end servers in the system
uj a user in the system
FE,, (u;) the nearest front-end server of user u;
DC(u;) the set of candidate datacenters of user u;
h(u;) the home datacenter of user u;
S(uj,t) the dataset generated by user u; at time slot ¢
|S(uj,t)] the size of dataset S(u;,t)
U the set of users in the system
o
DFE, v, a shortest path between a front-end server FE,, and a candidate datacenter v; in the distributed cloud G
T(v;,t) a multicast tree for transferring the intermediate results rooted at a candidate datacenter v; in G
gk the kth collaboration group, 1 < k < K
K the number of groups in the system
Te the amount of computing resource allocated to one unit of data
s the amount of bandwidth resource allocated to one unit of data
cs(vi) the storage cost at datacenter v;
(i) the processing cost at datacenter v;
a(e the cost of occupying one unit of bandwidth along link e;; per time sot
Ay, (uj,t) the proportion of dataset S(u;, t) that will be placed and processed by datacenter v;
A(uj, 1) the total proportion of dataset S(u;, t) that will be placed and processed by the distributed cloud G
A(t) the system throughput at each time slot ¢
Gy the constructed auxiliary flow graph
Vi the vertex in Gy
Ey the edges in Gy
S0 the virtual source node in V;
FEfn (u;) a virtual front-end node in V; for each user u; whose data are buffered at FE,,
v] a datacenter node in V; that corresponds to a candidate datacenter v; in the distributed cloud G
v{ " a virtual datacenter node in V;
to the virtual destination node in V;
f'(e) the flow through an edge e in G
Prnin the minimum overflow ratio

at time slot ¢ and A(u;,t) = 3_, cpe(

optimization objective thus is to

while keeping the operational cost C(t) of the cloud service
provider minimized, subject to both computing and band-
width resource capacity constraints, where

O(t) =

maximize (), 3)

Ay, (uj,t), the problem Notice that the occupied storage, computing and band-
width resources by the placed and processed data will be
released when data storage, processing and transmission
are finished. Without loss of generality, following the simi-
lar assumptions in [27], [28], we assume that all data proc-
essing and transmission can be finished within one time
slot. This can be achieved by adjusting the length of each
time slot. The symbols used in this paper are summarized
in Table 1.

u;j)

> Ci(Suypt),v) + > Ca(S(uj,t),e)

ek 3 APPROXIMATION ALGORITHM
(4)

In this section, we first propose a novel optimization frame-

The maximum value of A(t) is referred to as the system
throughput, which is the ratio of the amount of placed and
processed data to the amount of the generated data by each
user. The fairness here is referred to the same proportional
of the dataset of each user will be placed and processed in
the distributed cloud at each time slot.

work for the collaboration- and fairness-aware big data
management problem. We then develop an efficient approx-
imation algorithm with a guaranteed approximation ratio,
based on the proposed optimization framework. We finally
analyze the time complexity and approximation ratio of the
proposed algorithm.
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3.1 The Optimization Framework

Intuitively, a solution to the collaboration- and fairness-
aware big data management problem consists of two
phases: (i) upload the dataset of each user v, to its candidate
datacenters for processing; and (ii) multicast the intermedi-
ate results obtained from the processed datasets to the
home datacenters of users in the collaboration group to
which u; belongs. A naive solution thus is to optimize these
two phases separately, which will result in a sub-optimal
solution. For example, given a user u; in group g, assuming
phase (i) places datasets of user u; into a datacenter that is
far away from the home datacenters of other users in group
gx, phase (ii) may incur a high communication cost for mul-
ticasting the intermediate results from the placed datasets
to these home datacenters.

To provide a better solution to the problem, in the
following we propose a novel optimization framework by
jointly considering these two phases. The optimization
framework essentially is to reduce the collaboration- and
fairness-aware big data management problem in a distrib-
uted cloud G = (V U F€, E) to the minimum cost multicom-
modity flow problem in an auxiliary flow network
Gy = (V}, Ef;u,c) with a cost function ¢: E— R=" and a
capacity function u : E +— R*, where the construction of Gy
consists of two stages, which is described as follows.

We start by its construction in the first stage. Given each
front-end server FE,, € € in G, there is a virtual front-end
node FE/ (u;) in V; for each user u; whose data are buffered
at FE,,. All virtual front-end nodes and a virtual source node
s are added to Gy. There is an edge in E; from s; to each
FE/ (u;) with the cost zero while the capacity of the edge is
set as the total volume of datasets generated by all users in
U at time slot ¢, i.e., u(so, FEI (u))) = >oujeu |S(u;, t)]. For
each candidate datacenter v; in G, there is a datacenter node
v/ in Gy. For each datacenter node v/ and group gj, if the
corresponding datacenter v; of v{ is a candidate datacenter
group g, e.g., datacenter vy is the candidate datacenter of
users u; and uy, u; and us are in groups g; and g» respec-

of any user in gy, there is a virtual datacenter node v; , for

tively, then, two virtual datacenter nodes v{;_m and Ug,,qz are
added to Gy. An edge from each virtual front-end server
FE/ (u;) to each virtual datacenter node v7f g 18 added to Gy

if u; is a member of group g and its corresponding datacen-
ter v; is one of the candidate datacenters of u;. Each such an

edge, e.g., (FE{:L(uj),vfgk_
path from FE,, to datacenter v; in distributed cloud G,
denoted by prg,, ., Its cost thus is the accumulative commu-

nication cost of all links in the shortest path, i.e.,
C(FEL (u), 0], ) = S eeprn cile), and its capacity is the

m > YiLgk
amount of data that can be routed through a bottleneck link
in the shortest path that has the minimum available band-
width, i.e., u(FE! (u;), v{qk) = mileepy {#:t)}

We then proceed the construction of G in its second
stage, i.e., multicasting the intermediate results obtained
from the processed source datasets, which is crucial to max-
imize the system throughput, as multicasting consumes the

bandwidth resource of links in the distributed cloud G.

), represents the shortest routing
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There are two issues associated with multicasting in G-
One is how to handle multiple multicasts of intermediate
results sourced from each candidate datacenter within
each group g;; and the other is how to deal with the
volume differences between the source data and their
intermediate results.

For the first issue, we consider the case where the inter-
mediate results of multiple users in the same group g at
each candidate datacenter v; will be transferred through a
shared multicast tree T'(v;,t), because they share identical
(multicast source) root v; and the same terminal set g;. To

f
i,

to its corresponding datacenter node v/ to the edge set E,
this edge represents a multicast tree that multicasts the
intermediate results from source node v; in G to other termi-
nal nodes in g;, where the source data are processed and the
intermediate results are generated at v;. The terminals in a
multicast tree are the home datacenters of users in group gj.

For the second issue, we assign the capacity of edge

this end, add an edge from each virtual datacenter node v

(v{_ o

links in the multicast tree T'(v;,t). Specifically, the actual

capacity of edge (v{; yk,vf} is the amount of data that can

be routed through the bottleneck link in tree T'(v;,t). Here,

we relax the capacity of edge (vfc o v!) by 1/a times of the

capacity of its bottleneck link, since we route data through a
path in the auxiliary graph G; without considering the
change of the data volume, while in reality, the volume
of an intermediate result in the multicasting tree usually
is the proportional of the volume of its dataset, ie.,

a x |S(u;,t)| [21], [28], where o is a constant with
0 < a < 1. Therefore, the capacity of edge (vf yk,v{
f , f _ lninu T('U,.t){Ab(Cvt)}

b Vi) =Ty,

bandwidth assigned to a unit of data. The cost of edge
(vffgk, v{) is the accumulative cost of all edges in T'(v;, 1), i.e.,
C(U{,gk7 ’U{) = ZRET('U,,;,T,) ct(e)'

A virtual sink node t, finally is added to G/s. For each data-

vif ) in E¢, which is the minimum available capacity of

) is

u(v , where 7, is the amount of

center node v/ € Vj, there is an edge from v/ to #). The cost
of each edge (vf ,to) is the cost of storing and processing a
unit of data at datacenter v;, that is c(v{ o) = ¢s(vi) + ¢ (vy).
Its capacity is the total volume of data that can be processed

by the available computing resource of v; € V' at time slot ¢,
f

ie., u(vl, ty) = %ﬁf‘”, where r, is the amount of computing
resource allocated to one unit of data.

An example of the distributed cloud G = (V U F¢, E) and
the construction of the auxiliary flow network
Gy = (V§, Ey;u, c) are shown in Fig. 2, where both users u,
and us are in group g;, while users uz and u, are in group go.
The home datacenters of wuy, us, uz and uy are h(uy), h(ug),
h(us) and h(us) respectively. The candidate datacenters of
user u; are vz and vy, the candidate datacenters of user us are
v, and vs. the candidate datacenters of user u3 are vs and vy,

and the candidate datacenter of user wu, is v;3. Recall that
FElf (u1) represents the front-end server where the dataset
S(uq,t) of uy are buffered, the edge (FE{(ul), v;{m) of G cor-
responds to placing a proportion of S(us,t) from FE;(u;) to
the candidate datacenter v3; of user wu; in G, while
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Fig. 2. An example of the construction of an auxiliary flow network
Gy = (V, Ef;u, ¢), where users u; and u, are in group g;, users u3 and
uy are in group gs, i.e., g1 = {u1,us}, g2 = {us,us}, the sets of candidate
datacenters of users wy, us, uz and wuy are DC(uy) = {vs,v4},
DC(us) = {va,vs5}, DC(uz) = {vs,vi0}, and DC(us) = {vi3}, respectively.
The home datacenters of uy, us, uz and wy are h(uy), h(us), h(us) and
h(uy), respectively.

(FE! (u)), vim> of G corresponds to placing another propor-
tion of S(u1,t) from FE; (u;) to the candidate datacenter vy of
user u; in G. Similarly, (vg 4.+ o) in G corresponds to proc-

essing data on vz and multicasting the intermediate results
processed by v to the home datacenters of users u; and uy in

G. Similarly, (vi g+ o) in G corresponds to processing data
on vy and multicasting the intermediate results processed by
vy to home datacenters h(u;) and h(ug) of users u; and us in
G. The analysis of other edges is similar as that of

(FE] (), 3, ), (5 to), (FE{ (wn), vi, ) and (v, o).
Notice that the proposed optimization framework can be
easily extended to the scenario where a user belongs to mul-

tiple groups, for which we only need to modify the flow
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Fig. 3. An example of the augmented auxiliary graph G';, where user
is in groups ¢, and g,, the candidate datacenter of v, is vl, the front-end
server of uy is FE (uy).

network Gy to an augmented auxiliary flow network G';. The
only difference between G and G/ is that, for a user u; in

multiple groups that buffers its dataset at the front-end
server FE,, (u;), there are multiple virtual candidate data-
center nodes and one virtual front-end node FE/ (u;). A set
of edges are added, where there is only one edge Connecting
to FE! (u;) from one of the multiple virtual candidate data-
center nodes. For example, let u; be the common user in
groups ¢; and g, let FE;(u;) be the front-end server of u;
and v; the candidate datacenter of u;. The constructed auxil-
iary flow network G/ is shown in Fig. 3a. The construction
of the augmented auxiliary flow network G is as follows.

Remove edges (FE! (u,), U{,QQ

add edge <U{,g1 , v{_’ 4 into it, as shown in Fig. 3b. The capac-

) and <U{_g1,v{> from Gy, and

ity and cost of edge (v] o o 4,) are set to their correspond-

ing ones of the removed edge (v] o ol).

3.2 Approximation Algorithm

In the following we reduce the collaboration- and fairness-
aware big data management problem in G to a minimum
cost multicommodity flow problem in G;. The detailed
reduction is given as follows.

Let U(FE,,) be the set of users whose datasets are buff-
ered at the front-end server FE,,. The data of each user is
treated as a commodity with demand |S(u;, )| at source node
FE/ (u;) in G, which will be routed to the common destina-

tion ty. There are Z‘Tfi‘l |U(FE,,)| commodities in G to be
routed to ¢y. Suppose that f is a maximum flow with mini-
mum cost from sy to t; that routes the commodities from
different source nodes to their common destination ¢,

and the constructed flow network G; satisfies the flow
conservation: for any vertex v/ ,v{; € Vi \ {s0,%0}, we have
ngevf (U UO) vaGV (U07
implies multiple routing paths from s, to ¢y in G with each
such a path p corresponding to processing a proportion of a
user’s dataset and multicasting the intermediate results of
the dataset to other group members of the user. However,

considering routing all commodities, the value of | f| of flow
f may not be a feasible solution to the collaboration- and

vf). For each commodity, f
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fairness-aware big data management problem. This is
because paths from sy to ¢y in Gy may correspond to routing
paths in distributed cloud G that share physical links in G,
and the physical link capacities may have been violated if
the links are shared by many routing paths (we will provide
a formal proof later).

Algorithm 1. An Approximation Algorithm for the Collabora-
tion- and Fairness-Aware Big Data Management Problem at
Each Time Slot t

Input: A distributed cloud G = (VU FE, E) with a set V' of
datacenters, a set 7€ of front-end servers serving as portals
to the datacenters, and a set F of communication links; A
number K of collaboration groups of data users with each
group g consisting of data users to share data with each
other; A set of users U who generated a set of datasets to be
placed at each time slot ¢. The accuracy parameter e with
0<e<l.

Output: The proportion A(¢) of datasets that are placed and
processed, the minimum operational cost C, and the data-
centers for storing and processing the data.

1: Find all shortest paths from each front-end server FE,, €
FE to the candidate datacenters of all users;

2: For each candidate datacenter v; and each user u; who is in
group gi and specifies v; as a candidate datacenter, find a
multicast tree whose root is v; and the terminal set is the
home datacenters of users in g;;

3: Construct an auxiliary flow network G/, in which there are

Z‘Tfi‘l |U(FE,,)| commodities to be routed from their source
node FE/ (u;) to the destination t;

4: Let f be the minimum cost flow for the minimum cost mul-
ticommodity flow problem in G delivered by applying
Garg and Konemann'’s algorithm [7];

5: According to f, calculate the amount of data routed through
each link e € F of distributed Cloud G, where the amount of

flow through edge (FE/ (u ), v; ) equals to the amount of

data routed through the shortest path from FE,, to datacen-
ter v; of G, and o proportion of the amount of flow through
edge (v]

g Vi ol equals to the amount of data routed through

the multicast tree whose root is ’U,L- and terminal set is the
home datacenters of users in g;;

6: Let f'(e) be the amount of all data routed through each link
ec E of G, find the overflow ratio p(e) of the link,

_ Apled).
Ple) = ey

7: Pin — min{p(e) | e € E}; /* p,in is the minimum overflow
ratio */

8 |f'(e)] — |f ()] - pin, Ve € E; /* scale down the flow */

9: Calculate the amount of routed data of uj, and A(¢) that is
the ratio of the amount of routed data to the size of source
dataset S(u;, t).

10: Calculate the cost by Eq. (4).

To obtain a feasible solution, flow f will be scaled down
by an appropriate scale factor so that the resulting flow f
becomes feasible. Specifically, we first map flow f to actual

data routing in the original distributed cloud G The amount
of flow that goes through edge (FE! (u;), v/ o) €quals the
amount of data routed through the shortest path i 1n G from

FE,, to datacenter v;, since each edge (FE/ (u;),v] ) in Gy

? 79k
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represents the shortest path in G from FE,, to v;. Similarly,

The o proportion of the amount of flow that goes through

edge (v qk,v{ ) in Gy equals the amount of data routed

through the multicast tree rooted at v/ with the terminal set
consisting of the home datacenters of users in g;,. We then
find the minimum overflow ratio of all edges in E of G, i.e.,
Poin. = Milee {20 e P 4 -}, where f'(e) is the flow through edge

e. Notice that in terms of “fair” big data management, we
finally scale down the flow in all edges a ratio p,,;,,. The pro-
posed approximation algorithm is described in Algorithm 1.

3.3 Algorithm Analysis

We now first show the correctness of the proposed algo-
rithm. We then analyze the performance and time complex-
ity of Algorithm 1.

Lemma 1. Given the auxiliary flow network G¢ = (V¢, Ey;u, c)
derived from the distributed cloud G = (VU FE, E) and the
capacity and cost settings of Gy, assume that the dataset of a
user u; € U is buffered in the front-end server FE,,(u;), then,
each path p in Gy from s to ty derived by flow f corresponds
to the processing of a proportion of dataset S(u;,t) and multi-
casting of the intermediate results of the processed data to the
home datacenters of other users in the group of u;.

Proof. We first show that the amount of flow (data) entering
to each datacenter node v/ in G will be processed by
datacenter v; in G. For the sake of clarity, we assume that
u; is in group g and one of its candidate datacenters is v;.
From the construction of G, it can be seen that there is a
directed edge from the virtual front-end server node
FE/ (u;) of dataset S(uj, t) to each virtual datacenter node

m
f ,» and a directed edge from virtual datacenter node o o

to 1ts corresponding datacenter node 1}{ . The value of the
fractional flow on a path p from s, to v/ is the amount of
data that are routed to datacenter v; in G for processing.
In addition, there is a directed edge from v/ to virtual sink
to, which means that the proportional of dataset S(u;,?)
represented by the fractional flow f has been processed
by v; when flow f goes through edge (v/, o).

We then show that the o proportion of flow f entering
into edge (v/ e ¥
diate results, which will be multicast from datacenter v;
to all home datacenters of the users in g;. Recall that the
volume of the intermediate result is « proportional of the
amount of data to be processed, where « is a constant
with 0 < « <1. To guarantee that all intermediate

> of path p corresponds to the interme-

results can be routed along edge (v < g0 Vi ) that represents

a multicast tree in the distributed cloud G without violat-
ing the edge capacity constraint, we relax the capacity of
/) to w, while the actual

edge from (v;  ,v; :

29k oy
amount of data that will be sent through the multicast
tree in G is | f| X o, which is the volume of intermediate
results that are analyzed from the data in flow f (i.e., the

data processed in datacenter v/). 0

Lemma 2. Given the auxiliary flow network Gy = (Vy, Ey;u, ¢)
derived from the distributed cloud G = (VUFE,E), the
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capacity and cost settings of edges in Gy, and users in U whose
data to be processed and multicast, there is a feasible solution
to the collaboration- and fairness-aware big data management
problem if none of the routing paths and multicast trees share
links in G; otherwise, the solution may not be feasible.

Proof. We first show that there is no resource sharing
between routing paths for dataset transfer and multicast
trees, since the processing of a dataset in a datacenter can
start after the dataset has been received by the datacenter.

We then analyze a case where no links are shared
among all routing paths in G from front-end servers to
candidate datacenters and the multicast trees rooted at
the candidate datacenters to the home datacenters of the
users in each collaboration group. This means that no
two fractional flows in Gy, say f; and f; from s to ¢,, cor-
responding to paths and multicast trees in G that share
links in the distributed cloud G. Also, by Lemma 1, each
path in Gy from s to ¢y derived by flow f corresponds to
placing and processing a proportion of a dataset and
multicasting the processed intermediate results to the
home datacenters of all users in that collaboration group.
Thus, a feasible flow f in G from sy to ¢y corresponds to
a feasible solution to the problem of concern.

We finally show the case where both the paths and
multicast trees share links. Suppose there are two short-
est paths p; and p; from front-end servers of users u; and
uy to one common candidate center v; in the distributed
cloud G, and a link e € E is shared by both p; and p». Let
g1 and g, be the two groups in which u; and s are, and
let FEy(u;) and FEs(ug) be the front-end servers of uy
and uy, respectively. In the construction of Gy, p; and p,
are denoted by edges (FE{(ul), U{,y1> and <FE§(U2)7 v{ciy‘z),
respectively. Their capacities are set the amounts of avail-
able bandwidth resources of the bottleneck links for p;
and py. We assume link e is the bottleneck link of both p;
and p, in G. A feasible flow f from s, to t; will saturate
both edges (FE{(ul), U{,y1> and <FE§(U2), U{,g2>. This how-
ever will overflow the bandwidth capacity of link e, due
to the fact that link e is the bottleneck link of paths p; and
p2 in G. The lemma thus follows. O

The rest is to analyze the approximation ratio and time
complexity of the proposed algorithm. For the sake of com-
pleteness, in the following we first introduce Theorem 1 [7]
and then elaborate Theorem 2.

Theorem 1. (see [7]) There is an approximation algorithm for
the minimum cost multicommodity flow problem in a
directed graph G = (V,E;u,c) with n commodities to be
routed from their sources to their destinations. The algorithm
delivers an approximate solution with an approximation
ratio of (1 — 3¢) while the associated cost is the minimum
one, and the algorithm takes O* (e *m(n +m)) time," where
m = |E| and € is a constant accuracy parameter that is mod-
erately small.

Theorem 2. Given a distributed cloud G = (V U FE, E) consist-
ing of |V| datacenters, | FE| front-end servers, and a set U of

1. 0*(f(n)) = O(f(n)log O(l)n).

users in K collaboration groups, there is an approximation
algorithm with the approximation ratio W — € for the collab-
oration- and fairness-aware big data management problem in
G, while the cost of achieving the system throughput is no
more than 2 times of the optimal solution C*. The time
complexity of the proposed algorithm is O*(e 2(K|FE||V|]
Ul + K2 FEPIVE) + |VIP), where € is constant with

! 3
€ = 77
ed[V]

Proof. We first analyze the approximation ratio of Algo-

rithm 1 in terms of the system throughput. Let " and f*
be a feasible and the optimal solutions to the problem.
Let f be the flow in Gy delivered by Garg and
Koénemann'’s algorithm, then |f| > (1 — 3¢)|f*| by Theo-
rem 1, where ¢ is a constant accuracy parameter. Note
that if f is infeasible, it becomes feasible by scaling a fac-
tor of p,,;,- Thus, there is a feasible solution f’ to the
problem (ie., the system throughput |f'|> p,.(1 —
3¢)| f*]). The rest is to show that p,,;, > Wl\w by the two

cases: (i) all shortest paths from front-end servers to can-
didate datacenters share one common bottleneck link in
G; (ii) all multicast trees to collaboration groups share
one common bottleneck link in G. For case (i), recall that
a set U of users form K groups. If all these |U/| users have
data to be processed to their candidate data centers, there
will be at most [/||V| shortest routing paths in G from
front-end servers to candidate datacenters. We thus have
Prnin = W For case (ii), the worst case is that each user

has its intermediate results generated at all the |V| data
centers, and all users are multicasting their intermediate
results to their collaborators. In total, there will be |U/||V]
multicast sessions sharing one bottleneck link in the
worst case. Thus, p,,;, = W By taking both cases (i)

and (ii) into consideration, we have p,,;, = W The

approximation ratio of the proposed algorithm thus is
Pmin(1 = 3€) = g7 — €, where € = 5.

We then show the approximation ratio of the cost to
achieve the specified system throughput. From Theorem 1,
we know that the cost of the feasible flow f in G is mini-
mized. This however does not mean that the cost of manag-
ing datasets is minimized too, since finding a minimum-
cost Steiner tree is a classic NP-hard problem. Let C; be the
cost of transferring and processing the data of users in U/,
and C, be the cost of transferring intermediate results by
algorithm 1. Then, C' = C; + Cs. Denote by C} and Cj the
corresponding components in the optimal solution of C;
and C». We then have ('} = Cf as the datasets are routed to
candidate datacenters through the shortest paths in G.
Similarly, C; <2C;5 following the well-known approxi-
mate solution to find a minimum-cost terminal Steiner

Y C¥ 4203
F=cha < dmct <2

We finally analyze the running time of the proposed
algorithm. The most time consuming component in the
construction of Gy is to find the shortest paths from
front-end servers to candidate datacenters and multicast
trees for all groups. The construction of G thus takes
O(K2FE|VI + V). Delivering a feasible flow on G
takes O*(e?m(n+m)) time by Theorem 1, where

tree. We thus have
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n =Y U(FE,)| = U] and m = K|FE||V|. The time
complexity of the proposed algorithm thus is O* (¢ (K|
FE|VIIll + K2|FEFIVE) + V). 0

4 PERFORMANCE EVALUATION

In this section, we evaluate the performance of the proposed
algorithm, and investigate the impact of important parame-
ters on the algorithmic performance.

4.1 Simulation Environment

We consider a distributed cloud consisting of 20 datacenters
and 10 front-end servers, there is an edge between each pair
of nodes with a probability of 0.2 generated by the GT-ITM
tool [10]. The computing capacity of each datacenter and the
bandwidth capacity of each link are randomly drawn from
value intervals [1,000, 2,000] units (GHz), and [1, 10] units
(Gbps), respectively [6], [12], [25]. We set each time slot as
one hour [28]. Each user produces several Gigabytes of data
per time slot, we thus emulate the volume of dataset gener-
ated by each user per time slot is in the range of [4, 8] GB [28],
and the amount of computing resource assigned to the proc-
essing of 1GB data is a value in the range of [8, 12] GHz.
These generated data will be placed and processed from one
to five datacenters. The costs of transmitting, storing and
processing 1 GB of data are set within [$0.05, $0.12], [$0.001,
$0.0015], and [$0.15, $0.22], respectively, following typical
charges in Amazon EC2 and S3 with small variations [2], [3].
Unless otherwise specified, we will adopt these default set-
tings in our experiments. Each value in the figures is the
mean of the results by applying the mentioned algorithm 15
times on 15 different topologies of the distributed cloud.

To evaluate the performance of the proposed algorithm,
referred to as Appro-Alg, two heuristics are employed as
evaluation baselines. One is to choose a candidate datacen-
ter with the maximum amount of available computing
resource, and then place as much data of a user as possible
to the datacenter. If the datacenter cannot accommodate the
whole dataset of the user, it then picks the next candidate
datacenter with the second largest amount of available com-
puting resource. This procedure continues until the dataset
is placed or there is not any available computing resource in
the set of candidate datacenters of this user. We refer to this
heuristic as Greedy-Alg. Another is to select a candidate
datacenter randomly and place as much datasets of a user
as possible to the datacenter. If the available computing
resource in the chosen datacenter is not enough to process
all datasets, it then chooses the next one randomly. This pro-
cedure continues until there is no available computing
resource in the set of candidate datacenters of this user,
or all data of this user are placed to the distributed cloud.
We refer to this algorithm as Random-Alg.

4.2 Algorithm Performance Evaluation

We first evaluate the performance of different algorithms,
the amount of placed data, the operational cost, and the
average operational cost of placing one unit of data by these
algorithms. Fig. 4a plots the curves of system throughput
delivered by the three mentioned algorithms Appro-Alg,
Greedy-Alg and Random-Alg, from which it can be seen
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that the algorithm Appro-Alg achieves a nearly optimal
system throughput of 98 percent, which is higher than those
of algorithms Greedy-Alg and Random-Alg by 13 and 23
percent, respectively. Fig. 4b shows the volume of placed
data by the three comparison algorithms, from which it can
be seen that the volumes of placed data by algorithms
Appro-Alg, Greedy-Alg, and Random-Alg are 7,600,
6,700 and 5,800 GB, respectively. Specifically, the volume of
placed data by algorithm Appro-Alg is 14 and 31 percent
larger than those by algorithms Greedy-Alg and Random-
Alg. Fig. 4c illustrates the operational cost of these algo-
rithms. It can be seen that at time slot 100 the operational
costs of algorithms Appro-Alg, Greedy-Alg and Ran-
dom-Alg are $4,300, $3,850 and $3,450. These figures dem-
onstrate that although the operational cost of algorithm
Appro-Algis 12 and 25 percent higher than that of the two
benchmark algorithms, the amount of placed data by it is 14
and 31 percent larger than the other two, respectively. The
average cost for placing one unit of data by different algo-
rithms are shown in Fig. 4d, from which it can be seen that
the unit cost of placed data by algorithm Appro-Alg is
around 5 and 9 percent cheaper than that of algorithms
Greedy-Alg and Random-2Alg. This means the proposed
algorithm Appro-2Alg places more data in a more economic
way (lower cost for placing one unit of data).

4.3 Impact of Parameters on Algorithm Performance
We then study the impact of the number of users in each
group having datasets to place on the algorithm perfor-
mance at each time slot, since not every one in a group at
each time will have data to be placed. Assume that the num-
ber of users in a group is a value randomly drawn from
[5,20], so different groups may have different numbers of
users. We thus define a parameter 6 that is a ratio of the
number of users who have data to be placed to the number
of users in a group, to evaluate the impact of these users
having data to be placed on the algorithm performance,
e.g., there are four users in group g, having their data to be
placed at time slot 1, while the number of users in g; is 10,
then 6 = 0.4. Fig. 5 plots the curves of system throughput
and the operational costs by varying 6 from 0.2 to 1.0. It can
be seen from Fig. 5a that the system throughput drops from
96 to 65 percent with the growth of 6. The reason behind is
that the larger 6 implies that more users will place their data
to the distributed cloud at this time slot, however the accu-
mulated volume of placed data cannot exceed the process-
ing capability of datacenters and the transmission capability
of links in the distributed cloud. Fig. 5b depicts the curves
of the operational costs of algorithm Appro-Alg by varying
the value of 6, from which it can be seen that the operational
cost increases with the growth of 6. Specifically, the opera-
tional cost increases from $2,000 to $8,000 when 6 increases
from 0.2 to 1.

We third evaluate the impact of the group size |g| of each
group g on the system throughput and operational cost of
algorithm Appro-Alg, by varying |g| from 10 to 30. Fig. 6a
plots the system throughput curves, from which it can be
seen that the system throughput decreases with the increase
of the value of |g|. To be specific, the system throughput
delivered by algorithm Appro-Alg is 98 percent when
|g| = 10 and 50 percent while |g| = 30. Fig. 6b depicts the
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Fig. 4. The performance of algorithms Appro-Alg, Greedy-2Alg, and Random-Alg, in terms of system throughput, the amounts of data placed,

the operational cost, and the average cost for placing one unit of data.

operational cost of algorithm Appro-Alg. It can be seen
that the operational cost initially increases from $6,000 to
$10,000 when the group size varies from 10 to 20, and then
drops a bit after |g| = 20, as the intermediate results gener-
ated by datasets will be multicast to more users in group g
with the growth of the value of |g|. However, the available
resources (both computing resource and bandwidth
resource) are limited, the amounts of data that can be proc-
essed by datacenters and transmitted on Internet links are
limited. With the increase of the group size in a multicast
tree, the probability of sharing a common link among
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multicast sessions increases too, the system throughput
therefore decreases with the increase of the group size |g],
and so is the operational cost.

We finally study the impact of the number of datacenters
on the system throughput and the operational cost of the
proposed algorithm Appro-Alg, by varying the number
from 10 to 40. Fig. 7a plots the system throughput curves,
from which it can be seen that the system throughput first
grows very quickly from 91 to 97 percent when the number
of datacenters increases from 10 to 20. The reason is that
with the increase on the number of datacenters, more data
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Fig. 5. Impact of 6 on the performance of algorithm Appro-Alg, where @ is a ratio of the number of users who have data to be placed to the number

of users in a group.
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Fig. 6. Impacts of group size |g| of each group on the performance of algorithm Appro-alg.

can be placed and processed by the system. However, the
bandwidth capacities of links now become the bottlenecks
for data transmission within the system, the system
throughput thus keeps stable when there are 20 datacenters
in the distributed cloud. Fig. 7b depicts the operational cost
curves, which grows with the increase on the number of
datacenters, and keeps stable after there are 20 datacenters
in the system, this is due to the fact that more cost will be
incurred to manage more data.

5 RELATED WORK

Several studies on data placement in clouds have been con-
ducted in the past [1], [5], [8], [14], [17], [26]. However, most
of these studies did not consider the placement of dynami-
cally generated big data [8], [17], [26], and focused only on
the communication cost [8], [14]. Furthermore, they took
neither fairness on resource allocations [1] nor the interme-
diate results of processed data into consideration [1], [17].
For example, Golab et al. [8] studied the problem of data
placement to minimize the data communication cost for
data-intensive tasks. Their goal is to determine where to
store the data and where to evaluate the tasks in order to
minimize the data communication cost. Jiao et al. [17] inves-
tigated multi-objective optimization for placing users data
for socially aware services over multiple clouds, they aim
to minimize the cost of updating and reading data, by

1
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o
=
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g
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(a) The impact of the number of datacenters on the
system throughput

exploring trade-offs among the multiple optimization objec-
tives. They solve the problem by decomposing it into two
subproblems: master replicas placement and slave replicas
placement, and solving these two subproblems separately,
thereby deriving a sub-optimal solution for the problem.
Yuan et al. [26] provided an algorithm for data placement in
scientific cloud workloads, which groups a set of datasets in
multiple datacenters first, and then dynamically clusters
newly generated datasets to the most appropriate data cen-
ters based on data dependencies. Liu and Datta [14] pro-
posed a data placement strategy for scientific workflows by
exploring data correlation, they aim to minimize the com-
munication overhead incurred by data movement. Agarwal
etal. [1] proposed an automated data placement mechanism
Volley for geo-distributed cloud services, the objective is to
minimize the user-perceived latency.

In this paper we studied the problem of big data manage-
ment in the distributed cloud environments, consisting of
placing data, processing data and transmitting the interme-
diate results of data processing to collaborative users
located at different geographical locations, where big data
are continuously generated at different locations, and the
resource allocation fairness among collaborative users are
incorporated, with the objective to maximize the system
throughput while minimizing the operational cost of the
cloud service provider, subject to the computing capacity of
datacenters, the bandwidth capacity of links.
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operational cost

Fig. 7. Impacts of the number of datacenters on the performance of algorithm Appro-aAlg.
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6 CONCLUSION

In this paper, we considered a collaboration- and fairness-
aware big data management problem in distributed cloud
environments. We developed a novel optimization frame-
work, under which we then devised a fast approximation
algorithm for the problem. We also analyzed the time
complexity and approximation ratio of the proposed algo-
rithm. We finally conducted extensive experiments by
simulations to evaluate the performance of the proposed
algorithm. Experimental results demonstrated that the
proposed algorithm is promising, and outperforms other
two mentioned heuristics.
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