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Less is More: Service Profit Maximization
in Geo-Distributed Clouds
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Abstract—Nowadays cloud providers purchase a good deal of bandwidth from Internet service providers to satisfy the growing
requests from corporate customers for the exclusive use of inter-datacenter bandwidth. For exclusive bandwidth services, neither
maximizing the revenue nor minimizing the cost can bring the maximal profit to cloud providers. The diversity of bandwidth prices and
the random arrival time of user requests further increase the difficulty in economically scheduling the services to meet user requests
from cloud providers. In this article, we propose to help cloud providers maximize their service profits by properly selecting user
requests to serve rather than satisfying them all. We formulate the problem of service profit maximization and prove its NP-hardness.
To handle offline request submission, we propose a solution that maximizes the service profit by alternately maximizing the service
revenue and minimizing the service cost. To maximize service profit under online request submission, we propose an online scheduling
algorithm that carefully handles the risk of not being able to pay off the incremental service cost and makes scheduling decisions in real
time. Our extensive evaluations demonstrate that our solutions can achieve more than 1.6x the service profits of existing solutions.

Index Terms—Geo-distributed cloud, service profit, maximization, randomized rounding, simulated annealing

1 INTRODUCTION

N THE past decade, cloud computing has achieved great
success and transformed a large part of the IT industry [1].
As many companies move their services to clouds, to
improve the efficiency of cloud computing and reduce oper-
ating costs in data centers, cloud providers such as Amazon,
Microsoft and Alibaba take many approaches, including
computational sprinting [2], adaptive green hosting [3],
instance blending [4] and effective capacity modulation [5].
They have made large profits from the cloud computing
market. With the proliferation of globally-distributed serv-
ices and quick growth of user requests across data centers,
cloud providers turn to geo-distributed clouds [6], [7].
Cloud providers build data centers in different geograph-
ical areas and use dedicated inter-datacenter wide-area net-
works (Inter-DC WANs) to connect them [6], [7], [8], [9], [10].
Except for some giant companies that build dedicated lines
between their data centers, most cloud providers spend hun-
dreds of millions of dollars per year to lease the bandwidth
from Internet service providers (ISPs) to connect the data
centers [6]. Typically ISPs sell bandwidth at a fixed price per
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unit (e.g., 10 Gbps or 80 Gbps) [6], [11], [12], with the price
varied with links and regions [13]. The bandwidth usage is
calculated over a fixed billing cycle, such as a month or a
year [12]. As the growth of wide-area network bandwidth
has been decelerating for many years and the volume of
inter-datacenter traffic increases quickly [14], [15], wide-area
network bandwidth becomes more and more expensive, and
it is critical for cloud providers to use the bandwidth more
economically to make higher profit [16].

On the cloud computing market, corporate customers
usually request cloud providers to reserve a certain amount
of exclusive bandwidth between given data centers over a
specific time period, and negotiate bandwidth prices pri-
vately with the cloud providers. To satisfy the user requests
for exclusive bandwidth, cloud providers purchase band-
width from ISPs at high cost. It is important and challenging
for a cloud provider to maximize its service profit, the net
benefit with the bandwidth cost subtracted from the reve-
nue generated by serving user requests.

Intensive efforts have been made to schedule user requests
between data centers economically [12], [16], [17], [18], [19],
[20], [21]. In order to make full use of the bandwidth pur-
chased from ISPs and increase the cost efficiency of band-
width expenditure, many solutions adopt store-and-forward
approaches or transfer user data in multiple paths at the cost
of extra storage or packet-level reordering. As another type of
solutions, inter-datacenter transfers are scheduled with differ-
ent pricing methods (e.g., dynamic pricing) to maximize the
service revenue, which requires the cloud providers to mod-
ify the current pricing mechanism. As the existing solutions
will either introduce additional costs (or performance losses)
or require major changes to the current mechanisms, they are
not good options to apply in practical geo-distributed clouds.

In the current service mode, cloud providers are obliged to
satisfy user requests for exclusive bandwidth based on negoti-
ated prices. If the expensive wide-area network bandwidth
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cannot be efficiently used, the profit of cloud providers will be
compromised. To simplify the negotiation process between
both sides and help cloud providers maximize service profit,
we consider a cloud operational model where users indepen-
dently submit their requests and bids, and the cloud provider
just serves the ones that can maximize its service profit. For
the declined ones, users may update and resubmit their
requests to the cloud provider.

Maximizing service profit by declining part of user
requests requires cloud providers to address two major chal-
lenges: (1) Request acceptance. Although accepting all the
requests of customers may not maximize the service profit, it
is still hard for cloud providers to find the right set of
requests to turn down. If there are N (N > 0) requests in a
billing cycle, there will be 2V available combinations of user
requests for cloud providers to choose from. As there is no
way for cloud providers to describe the service profit
changes over different combinations, it would be very time-
consuming to evaluate these combinations one by one. (2)
Request scheduling. In a typical inter-datacenter network,
there are several routing paths between two data centers,
and they have different unit-bandwidth prices. For a set of
user requests, adopting different routing solutions will lead
to different bandwidth costs and greatly affect the service
profit. Properly scheduling these requests is essential but it is
difficult for cloud providers to find the right schedule and
paths for the maximum service profit. If users submit their
requests whenever they want in a billing cycle, cloud pro-
viders will face a more serious situation to make good sched-
uling decisions when the “future” requests are unknown.

The above challenges are intertwined with each other, and
online scheduling increases the difficulty for cloud providers
to make good decisions. We propose different solutions to
handle the offline submission scheme with user requests
submitted only at the beginning of a billing cycle and the
online submission scheme that requests can be submitted at
any time. When users submit their requests at the beginning
of a billing cycle, we take an easy-to-control mechanism
Metis to optimize the service profit. We alternately maximize
the service revenue under given bandwidth and minimize
the bandwidth cost under given requests, and cloud pro-
viders could dynamically adjust the bandwidth to purchase
and the requests to accept. In the case that users submit
requests in an online manner, we propose an algorithm OSA
to evaluate the impact of scheduling the requests in different
ways and make decisions in real time. The main contribu-
tions of our work are summarized as follows.

First, we formally define the problem of Service Profit
Maximization (SPM) in geo-distributed clouds, where we
take into account the variation of bandwidth prices in inter-
datacenter networks and the differences of delivering a user
request on different paths or declining it. SPM is proved to
be NP-hard. By solving it properly, cloud providers are
expected to maximize their service profits.

Second, we propose an offline solution, Metis, to solve
SPM in polynomial time without incurring too high loss.
Instead of solving SPM directly, Metis obtains high service
profits by alternately solving two subproblems of SPM. To
further improve the performance of Metis, we propose
approximation algorithms to solve the subproblems of SPM
and also prove the approximation ratios.
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Req. | s d ts td r v

R1 1 2 0 1 1 3

R2 1 3 1 2 1 6

R3 |1 |4 1] 2|14

R4 2 4 0 1 1 3

(a) Inter-DC WAN

(b) Requests

. —
. Accepted Routing Path Cloud Providers
Solution R
equests | Ry | R2 | R3 | R4 |Revenue| Cost | Profit
Sl |R1,R2,R3,R4| 1-2 |1-2-3|1-2-4| 2-4 16 17 1
S2 12 | - 1-4 | 2-4 10 14 -4
R1, R3, R4
S3 1-2 1-2-4 | 2-4 10 8 2

(c) Representative solutions

Fig. 1. Comparison of different solutions.

Third, to handle user requests in real time, we propose a
simulated annealing-based online scheduling algorithm,
OSA, as a complement to Metis. In order to maximize the
service profits of cloud providers, OSA evaluates the perfor-
mance of different schedules by our proposed metric and
make decisions immediately. Extensive evaluations demon-
strate that our solutions can achieve higher than 1.6x the
service profit of the existing solutions.

The remainder of this paper is organized as follows: we
formulate SPM in Section 2. We present the design of Metis
in Section 3. We propose two algorithms to solve the sub-
problems of SPM in Sections 4 and 5. In Section 6, we pro-
pose an online algorithm to handle user requests in real
time. We show the evaluation results in Section 7 and pres-
ent deployment discussion in Section 8. Finally, we intro-
duce the related work in Section 9, and conclude our work
in Section 10.

2 SERVICE PROFIT MAXIMIZATION

In this section, we first give a simple example to show the
advantage of declining some user requests for cloud pro-
viders to make more profit, then we present the system
model and notations used in this paper. Next, we formulate
the problem of service profit maximization and prove its
NP-hardness.

2.1 Motivation

Given the diversity of user requests and the pricing method
used by ISPs to charge the bandwidth, satisfying all user
requests may prevent cloud providers from obtaining the
maximum service profit. Rather than accepting all of the cus-
tomer requests, declining part of the requests may help cloud
providers make more profit. We give an example to show
how cloud providers can make more service profit by declin-
ing some user requests and adopting proper scheduling solu-
tion. In Fig. 1a, the Inter-DC WAN connects four data centers
(DC1, DC2, DC3 and DC4) with four bi-directional links,
whose bandwidth price (i.e., the cost of per unit bandwidth)
is different with each other. The number on each link repre-
sents its bandwidth price. In Fig. 1b, four requests (R) in a bill-
ing cycle from time 0 to 2 are associated with different sources
(), destinations (d), start times (¢s), end times (td), required
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bandwidths (r) and values (v). For each request R, the cus-
tomer expects the cloud provider to reserve r units of band-
width between data center s and data center d during the
period [ts, td). She is willing to pay v units of money as cloud
provider’s return. In Fig. 1c, we present 3 representative solu-
tions. In the solution S1, the cloud provider accepts all four
requests and gets a total service revenue of 16. Fig. 1c shows
the bandwidth the cloud provider reserves for users on differ-
ent routing paths, and the total bandwidth usages of DC1-
DC2, DC2-DC3 and DC2-DC4 are 2, 1 and 1, respectively. The
total cost is 17, i.e., 2% 4+ 1% 5 + 1 % 4. By scheduling user
requests with S1, cloud providers can obtain a service profit
of -1. Rather than accepting all requests as S1, the solutions 52
and S3 decline the request R2 and schedule the remaining
requests with different routing solutions, and get the service
profits of -4 and 2, respectively. Accepting all requests will
use more bandwidth and result in higher bandwidth cost at
the same time. Comparing S1 with 53, declining request k2
helps cloud providers get more service profit by scheduling
the accepted requests (R1, R3, and R4) properly to efficiently
use the purchased bandwidth. In 52 and S3, cloud providers
decline R2 and adopt different routing solutions to schedule
the accepted requests. The difference between the service
profit is up to 6 units of money, which shows the significance
of request scheduling on maximizing the service profit. From
this example, we can see that, a good request admission and
routing solution is critical for cloud providers to make the
maximum service profit.

2.2 Model

In cloud market, a cloud provider controls an Inter-DC net-
work, which is denoted as G(V, E). Each edge e in G repre-
sents a directed link from a data center to another. We use V/
and E to denote the sets of data centers and edges in the net-
work G. Typically, ISPs sell bandwidth by unit, for example,
10 Gbps per unit. They also charge bandwidth in a fixed bill-
ing cycle [12], which consists of 7" independent time slots. For
simplicity, we use ¢ to index a time slot. With . denoting the
cost of per unit of bandwidth on edge e and ¢, the number of
bandwidth units to be charged, the bandwidth cost of e is the
product of the two [18], [22]. In a billing cycle, users submit a
set of K requests in total. A request i (1 < i < K) is denoted
by a six-tuple {s;, d;, ts;, td;, i, v;}, where the transmission is
carried from the source data center s; to the destination data
center d; between the time ts; and td;. The bandwidth
required is r;, and the value is v;. For each pair of data centers
(si,d;), there are multiple available paths in G. We use P, =
{P,; :1 <j<L;} to denote the set of paths for request i,
where L; denotes the number of paths. With the above defini-
tions, we define service revenue and service cost as follows.

Service Revenue. For a request i, we use a binary variable
x;; to indicate whether it takes the path P, ;. Specifically, z; ;
is 1 if it takes the jth path from its source (s;) to its destina-
tion (d;). Otherwise, x;; = 0. If its requirement is satisfied,
ie., Z]Lii x;j = 1, the cloud provider receives a service reve-
nue of v;, and the revenue is 0 otherwise. The service reve-
nue 7 can be represented as

K L;
=1 =1
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TABLE 1
Summary of Notations
Notation | Definition

G (V, E): the topology of Inter-DC WAN

K the number of requests in a billing cycle

T the number of time slots of a billing cycle
{ss,di, ts;, td;, v, v; }: the i-th request;

1 s;: source; d;: destination; ts;: start time;
td;: end time; r;: required rate; v;: value;

L; the number of directed path from s; to ¢;
{6,711 <i < K,1<j<L;}: the j-th

& directed path from s; to ¢;

P {P;j : 1 <j < L;}: the set of directed paths
from s; to t;
bandwidth price of ¢, i.e., the cost of per

te unit of bandwidth on e

Ce the charging bandwidth of e

T {0, 1}: whether request i flows through P, ;
Iije {0, 1}: whether edge e is in the path P, ;

Service Cost. In this work, we focus on the cost of inter-
datacenter networks and take the bandwidth cost of inter-
datacenter links as service cost, and

C= Z UeCe.

eck

For clarity, we summarize the notations we use in Table 1.

2.3 Formulation

For any pair of data centers in the network G, there is usually
more than one routing path. As splitting a user request into
multiple sub-requests and reserving bandwidth for one user
on many routing paths will inevitably result in reordering
problem and affect the interest of users, in this work, we solve
the problem with user requests unsplittable. For request , the
cloud provider should select at most one path to reserve band-
width. Thus the following inequality should be satisfied:

LT,
Viiy wi <L (1)
j=1

Our goal is to find the match of requests and routing paths,
which we denote as “schedule”. A schedule is said to satisfy
the request i if Z]Lé1 x;j = 1 holds.

A schedule is said to satisfy the link capacities if the link
capacity constraint is satisfied for every edge e at any time slot
t. First, we describe the required bandwidth r; of request i as

T 5 te [ts“tdb]
0 , otherwise °

Vi, vt o Tit — {
Based on this, we present the link capacity constraint as
K L

Vt,Ve : Z Z"’i,t-ri,jli‘j,ﬁ < Ce; (2)

i=1 j=1
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where [; ;. is a predefined binary number and it indicates
whether edge e is on path P, ;.

To maximize service profit for a cloud provider, our
objective is to maximize the value of service revenue minus
service cost in Inter-DC WANSs. We call it Service Profit
Maximization, and formulate it as follows:

max (Z —C),
s.t.
Ve:c. €N 3)
Vi, V5 : z;; € {0,1}Constraints (1)(2). (4)

By reducing the subset sum problem [23] (denoted as
SUBSET-SUM) to SPM, we have the following theorem:

Theorem 1. SPM is NP-hard.

Proof. SPM is NP-hard, as it contains SUBSET-SUM as a
special case, which is NP-complete. SUBSET-SUM is
defined as follows: Given a set of integers S, is there a
non-empty subset whose sum is a given integer A/?

We first construct an instance .4 of SUBSET-SUM. We
consider setting the integer set S = {a1,as,...,a,} and
> a; = M. The goal of SUBSET-SUM is to find a sub-
set of sum N in S. Without loss of generality, let N <
M < 2N. Next, we construct a special case A" of SPM.
Suppose there is one edge e in the network G and one
time slot in a scheduling period, and there are n requests.
The value of ¢ is linearly related to the bandwidth it
requires. For each request i, it requires r; (= a;/N) units
of bandwidth and we set the value v; of it as ;. Then we
have that the sum of v; is greater than 1 but less than 2.
We consider setting the bandwidth price of edge e as o
where o is less than 1 but it is very close to 1. By far we
have transformed A to A’ in polynomial time.

For the instance A’, the cloud provider would obtain
the maximal service profit 1 — o by satisfying a subset of
sum 1 in the set of {v; }. If we could solve SPM with a poly-
nomial-time algorithm, we would obtain the optimal solu-
tion of SUBSET-SUM, which means that SUBSET-SUM
could be solved in polynomial time. Therefore, SPM is at
least as hard as SUBSET-SUM. As SUBSET-SUM is NP-
hard, SPM is NP-hard, too. This completes the proof. a

Depending on request submission scheme taken by
users, offline or online, cloud providers need to schedule
the service based on the whole or partial request informa-
tion to maximize the service profit. In the following sections,
we will introduce the solutions for offline and online sub-
mission respectively.

3 HANDLING USER REQUESTS IN BATCH

In the previous section, we have proved that SPM is NP-
hard. Since the service revenue and the service cost are
closely-coupled, directly solving SPM is complex and diffi-
cult. The subproblems of SPM are similar to the classical
flow problems [24], [25]. Thus we first decompose SPM into
two subproblems, and then propose a framework to obtain
a good schedule for SPM by alternately solving the two
subproblems.
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3.1 Decomposition of SPM
We decompose the original problem into two subproblems,
which are defined as follows:

o Request-Limited SPM. Given a set of accepted requests,
solving SPM is equivalent to minimizing the service cost.
We call it Request-Limited SPM (RL-SPM), and formulate it
as follows:

min g UeCes

eck

s.t.

L;
,-5:1 J )

Constraints (2)(3)(4).

Like the minimum-cost flow problem [24], the goal of RL-
SPM is to find the cheapest possible way of reserving band-
width for a group of requests accepted in G.

o Bandwidth-Limited SPM. Suppose the link capacity in
the network is fixed, i.e., ¢, is given for each e € E, service
profit maximization can be transformed to maximizing ser-
vice revenue, which is called Bandwidth-Limited SPM (BL-
SPM) and formulated as follows:

K L;
max E V; E Tij |
i=1 j=1

s.t.
Constraints (1)(2)(4).

Like the unsplittable flow problem [25], the goal of BL-SPM
is to find the subset of requests that can maximize the reve-
nue, so that the entire demand for each such request can be
satisfied on its path while respecting the given link capacity.
We prove BL-SPM is NP-hard in Section 5.

In the following, we design a framework, Metis, to han-
dle user requests in batch by alternately solving these two
subproblems, RL-SPM and BL-SPM.

3.2 Design of Metis

Despite that the two subproblems of SPM are relatively eas-
ier to solve, solving either of the two is not sufficient for
solving SPM. Considering the conflicts between RL-SPM
and BL-SPM, where the given condition of one problem
(i.e., the requests accepted in RL-SPM and the bandwidth
limitation in BL-SPM) is the objective of the other (i.e., mini-
mizing the bandwidth cost and maximizing the service rev-
enue). By dynamically setting the accepted requests and the
bandwidth limitation as required by the two subproblems,
alternately solving them can potentially generate a good
solution for the original problem. Following this strategy,
we propose a framework, Metis, for cloud providers to spec-
ify the alternate mode, as shown in Fig. 2.

There are six modules in Metis: Input collects the neces-
sary information for solving SPM, such as the requests, the
network topology, the bandwidth prices and so on. Output
will output the final decisions, i.e., acceptance decision and
scheduling decision, based on the calculation of SP Updater.
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Loop for G times
RL-SPM Solver BW Limiter BL-SPM Solver
(Section 4) (7) (Section 5)
Input SP Updater Output

Fig. 2. Overview of metis.

SP Updater works with other three modules: RL-SPM
Solver, BW Limiter and BL-SPM Solver. Before running
them, SP Updater initializes the service profit as zero, where
the cloud provider accepts no request and uses no band-
width. Both service revenue and service cost are zero. We
introduce the functions and operations of these modules in
the following;:

e RL-SPM Solver. Given a set of accepted requests, it aims
to present a scheduling solution that needs as little band-
width as possible. We run it to output the bandwidth
requirements and the scheduling of requests. If it can obtain
more service profit than the recorded schedule by SP
Updater, SP Updater deletes the original schedule and
records the current schedule. In the initialization phase, we
set all the user requests as “accepted”.

e BW Limiter. Based on the link bandwidth output by
RL-SPM Solver, BW Limiter is used to reset link band-
width according to the rule (7) predetermined by the cloud
provider. As a low link utilization means a high band-
width cost, BW Limiter reduces the bandwidth set by RL-
SPM Solver for the link whose average utilization is the
minimum. The BL-SPM Solver is then further called to
continue the process until the maximum service revenue is
achieved.

e BL-SPM Solver. With the given bandwidth, BL-SPM
Solver can only satisfy part of (not all) user requests. Its goal
is to achieve the maximal service revenue without violating
link capacity constraints. As the given bandwidth can not
satisfy all user requests, BL-SPM Solver declines some
requests in each loop and update the set of user requests
accepted accordingly.

e SP Updater. It is used to record the optimal schedule,
including scheduling decisions and bandwidth usage. It
checks whether RL-SPM Solver or BL-SPM Solver outputs a
better schedule and decides whether to record it as the (ten-
tatively) optimal one.

In a scheduling period, the above modules will run for 6
(0 >1) times before Metis outputs the final schedule.
Through Metis, we alternately reduce the cost and improve
the revenue to optimize the final service profit. Cloud pro-
viders can set  and 6 based on their actual needs (e.g., low
computing time) and historical data [10], [26]. As BL-SPM
Solver declines user requests in each loop, the number of
accepted user requests decreases gradually. Metis loops at
most K (the number of requests in a billing cycle) times
before finishing scheduling all requests.

In Metis, RL-SPM Solver and BL-SPM Solver can greatly
affect the final service profit. In the following sections, we
propose two algorithms to solve RL-SPM and BL-SPM with
guaranteed approximation ratios.
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4 ALGORITHM FOR RL-SPM SOLVER

In Metis, RL-SPM Solver is applied to select routing paths
for the accepted requests and minimize the total bandwidth
cost. However, there are two challenges derived from inte-
ger constraints: any request is unsplittable for the interest of
users [27] and the bandwidth charging is calculated by inte-
ger unit [12]. The constraints make it hard to solve the prob-
lem directly.

To address the challenges, we propose to decompose RL-
SPM into two subproblems: a subproblem P; with the relax-
ing of the integer requirement of bandwidth, and a subprob-
lem P, with the relaxing of the integral routing constraint of
request. P; becomes the well-known multicommodity
unsplittable flow problem [23]. Then we design a multistage
approximation algorithm (MAA) to independently solve P;
and Ps based on the relax-and-round method, as follows:

e Relaxation. We first solve the relaxed linear program of
Py by allowing x;; to be a fractional number, with z;; €
[0,1]. An advanced LP solver can yield the optimal frac-
tional results, denoted as {; ;} and {¢.}.

o Randomized Rounding. With the randomized rounding
scheme, a request 7 is scheduled to path P, ; with a probabil-
ity &; ;. For each request i, the overall path selection factors
over all paths should meet Z]L:il Z;; = 1. We select exactly
one path for each request i with a probability &;; and
update {&; ;} and {¢.} accordingly. Let n denote the number
of nodes in the network G. According to [28], [29], it

achieves a O(log)ﬁ"ﬁn)—approximation solution for P; with
E

high probability."

o Ceiling. As the start times and end times of requests are
different, for cloud providers, the required bandwidth varies
with time slots and edges. Considering that bandwidth is
charged in integer units, for each edge e, we round up ¢, as
the bandwidth for charging and denote it as [¢.], and calcu-
late the total bandwidth cost. We denote the set of edges
whose fractional charging bandwidth ¢, is positive as E’
(E' C E).

In the case that any fractional bandwidth ¢, is greater
than a positive number «, i.e., « = min.cp{¢.}, we have a
theorem about the approximation algorithm for P,. Before
presenting it, we denote the p-approximation algorithm of a
minimization problem as the one that can achieve a solution
within p (p > 1) times the optimal solution. Similar to the
definition of p-approximation algorithm, the p-relaxed algo-
rithm for an integer programming minimization problem is
the one that can achieve a solution within p times the opti-
mal solution of the relaxed original problem. Based on our
definitions, we have the following theorem:

Theorem 2. There exists a (“L)-relaxed algorithm for Py, where
o = mingep{é}.

Proof. With the paths selected for requests in randomized
rounding procedure, we denote the minimum service
cost of the relaxed P, as Cy and the output objective of

1. Consider a certain probabilistic algorithm on a graph with n
nodes. If the probability that the algorithm returns the correct answer is
— 71], then when the number of nodes is very large, the algorithm is
correct with a probability that is very close to 1. This fact is expressed
shortly by saying that the algorithm is correct with high probability.
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ceiling procedure as C,. For each edge e € F/, the band-
width for charging is denoted by ¢, and [¢.| respectively.
Then we have

éz = Z u({éc

e€E!

Co = ucle].

ecr’

According to the operation in ceiling procedure, it is evi-
dent that

Vee E': é. < [é] < ée+ 1.

As ¢, > o holds for any edge e in F/, it is easy to prove
that

14+«
« Ce.

Vee E': [é] <

Then we have

a+1

6’2 < CQ

This completes the proof.

Algorithm 1. Multistage Approximation Algorithm

Input: Requests: {1,2,..., K}; Paths: { P, P», ..., Px};
Bandwidth prices: {u,};
Output: Transmission paths for requests: {z; ;}; Charging
bandwidth: {c.};
: Relax RL-SPM and solve its relaxed linear program
: forl1 <:< Kdo
Select exactly one path P; ; with probability Z; ;
end
. Initialize each ¢, as 0
fore € Edo
ce = [max {310 v 1o}
end
: return {z; ;} and {c.}

OO TR XN

As one unit of bandwidth is large and « is a small integer
in practice, the approximation ratio of ceiling procedure is
very close to 1. We present MAA in Algorithm 1. On line 1,
we solve the relaxation of P;. From line 2 to line 4, we select a
path for each request according to the probability. On line 5,
we initialize the bandwidth to be charged to zero. For each
link e € FE, at each time slot ¢, we find the total bandwidth
required by the requests that are scheduled to transmit
through e and we round up the maximal fractional band-
width to obtain the bandwidth for charging of e (from line 6
to line 8). On line 9, our algorithm returns the schedule and
the charging bandwidth. We solve RL-SPM with MAA in
polynomial time, which has a proved approximation ratio.
The time complexity of MAA is O(K - T - |E|), where K
denotes the number of requests, 7" denotes the number of
time slots in a billing cycle and |E| denotes the number of
edges in G. For MAA, we have the following theorem:

Theorem 3. Suppose there exist a p,-approximation algorithm
(py > 1) for Py and a py-relaxed algorithm (py > 1) for Ps.
Then there exists a (p, po)-approximation algorithm for RL-
SPM.
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Proof. We denote RL-SPM as P, and the optimal objective
of Py as C,. First, we use p;-approximation algorithm to
solve P;. Denoting the output objective as C; and C; the
optimal objective value of P;. With the selected paths &; ;
for each request i, we have

61 <pC < P1CS~
Let Cs be the optimal solution of relaxed P, then we have
Gy, <Cy.

Second, we use pQ—re1a>§ed algorithm to solve P,, whose
objective is denoted by C,. Hence we have

Cy < pyCo.

Therefore, the following inequality

Cs < paCa < poC1 < popiCi < popiC,
holds. This completes the proof. O

Combining Theorems 2 and 3, we prove the approxima-
tion ratio of MAA in the following;:
logn

Theorem 4. MAA is a O(“Ft - 25
for RL-SPM with high probability.

)-approximation algorithm

Proof. Let @0 denote the total bandwidth cost of RL-SPM
obtained with MAA and C;; denotes the minimal band-
width cost. Our goal is to prove that

. 1 1
co<of ¥ o8n ) o ©)
o loglogn

Since randomized rounding procedure achieves a

(o +)-approximation ratio for P with high probabil-
a+l

ity and ceiling procedure achieves a (“;+)-approximation
ratio for the relaxed P», according to Theorem 3, we can
prove that the above inequality (6) holds. This completes

the proof. 0

5 ALGORITHM FOR BL-SPM SOLVER

BL-SPM Solver aims to maximize the service revenue with
given bandwidth. Since BL-SPM contains the unsplittable flow
problem (denoted as UFP) as a special case, which is known
to be NP-hard [25], [29], we have the following theorem:

Theorem 5. BL-SPM is NP-hard.

Proof. UFP is defined as follows: Given an n-vertex graph
G* = (V*, E*) with edge capacity {c}}, and a set of k ver-
tex pairs {(sf,df):i=1,...,k}. Each pair (s},d}) has a
demand z; and a weight w}. The goal is to find the maxi-
mal weight subset of pairs, along with a path for each
chosen pair, so that the entire demand for each such pair
can be routed on its path while respecting the capacity
constraints [25].

We construct a special input of BL-SPM based on the
definition of UFP. Consider that we have a network G =
G* and k user requests {(s;,d;,ts;, td;,ri,v;) 1 8; = s7,
dL:d:7 T‘Z':Zz(7 ’UZ':’LU;, tSZ':O, tdizl, 1§Z§k} in
a billing cycle. For each e € F, its capacity c. is equal to c;
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in the network G*. The goal of BL-SPM is to find a subset
of user requests that can be satisfied without violating
any bandwidth constraints while maximizing the service
revenue of cloud providers. If we can solve BL-SPM with
a polynomial-time algorithm, we can obtain the routing
solution for UFP. Thus, BL-SPM is at least as hard as
UFP. As UFP is NP-hard, BL-SPM is NP-hard, too. This
completes the proof. ]

To avoid the violation of link capacity constraint due to
randomized rounding, we propose an approximation algo-
rithm to solve BL-SPM with a performance guarantee. We
present the details in the following.

First, we relax BL-SPM that binary variables z;; can be
fractional. We denote the optimal scheduling solution of the
relaxed problem as {%;;}. The corresponding revenue is
denoted by 7. Similarly, we denote the optimal objective of
BL-SPM as Z*.

Since requests are independent from each other, we
select a path P, ; for request i independently with a proba-
bility ; ; and denote by Z; the service revenue generated by
request i. The expectation of Z; is

L1,
E[L] = Zl‘u = my,

J=1

where v; denotes the value of request i. Then we have
ElI] =

where K denotes the number of requests. Based on the fol-
lowing Chernoff-Hoeffding bounds [28], [30]:

Theorem 6 (Chernoff-Hoeffding bounds). Suppose 7,
Zs, IK are K independent random variables in [0,1] and
I= Zl 1Z;.For$ > 0,and m = E[Z] >0,

PrT > (1+6)m] <

o m
(1 + 8) (1+95) )

For0 < y <1,

PrT < (1—y)m] <

6]/ m
(t+n™7]

we normalize the expectation of Z; to [0,1] to adapt to the
above theorem, then we define B(m, §) as

B(m,§) =

68 "

to be the probability that Z is within a given § ratio around
m, ie., (1—-8m < Z < (1+ 8)m, with the random selec-
tion of paths for requests. We also define D(m, z) to replace
8 and make the following equality hold:

B(m, D(m,x)) = .

Next, we use both B(-) and D(-) to guide the finding of fea-
sible solutions of BL-SPM.

1931

Since link capacity constraints may be violated if a path
P, ; is selected for request 7 with the probability Z; j, we intro-
duce a scaling factor n (0 < pn < 1), and take u;; as the
probability that we select the path P, ;. To ensure that the
probability of Violating the link capacity constraint of BL-
SPM is less than (v 7y, We set u to satisfy the following
inequality:\

1—n 1
B</LC, " )<T-(N+1)’ (7

where ¢ denotes the minimum bandwidth of edges in the
WAN (except the edges whose bandwidth is zero); 7"and NV
denote the number of time slots in a billing cycle and the
number of edges in G, respectively.

By our choice of p, the probability that a constraint is vio-
lated will be less than 7 N 77- Since thereare " - NV link capac-
ity constraint in BL-SPM, the probability that there exists at
least one violated constraint is less than 7= ( i+ . The expecta-
tion of the service revenue, Z g, will be scaled down, i.e., Zg =
1Z. Based on it, we have the following theorem:

Theorem 7. Suppose Ip=Ts-[1 — D(Zs,57), there exist
solutions that make the service revenue of BL-SPM, T, satisfy

7>7Tp. ®

Proof. If a solution makes the theorem hold, we say the cor-
responding schedule is “good”, otherwise it is “bad”. To
prove the theorem, we will show that there exists non-zero
probability that inequality (8) holds while no constraint in
BL-SPM is violated (denoted as Y) in the following, i.e.,

PrlZ >IpnY] > 0. )
By inequality (8), we have
1
N+1°

Since there are N - T'link capacity constraints in BL-SPM,
and the probability that any of them is violated is less
than 7 + —7y, the probability that there exists at least one
violated hnk capacity constraint (denoted by Y) is less

PriI < Ip) < (10)

thanT<V =y . Then we have
PrlI < IpUY]
< Pr[I < Ig+ PrlY] (11
1
— 1.
SNT1 T-(N+1)

Since the sum of PriI < IpUY] and Pr[I >1p nY]
equals 1 and Pr[Z < ZpUY] < 1, we have that Pr[Z >
IpNY] > 0, thus inequality (9) holds, implying the sol-
utions achieve objectives higher than Z 3. This completes
the proof. ]

As proven in Theorem 7, there exist good solutions for
BL-SPM. We propose an algorithm to construct a good solu-
tion for BL-SPM based on conditional probabilities.

Considering that there are K user requests in a billing
cycle, we construct a K-level tree (denoted as 7). The nodes
at the ith level represent the possible scheduling choices for
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1. For any request ¢, there are L; + 1 choices, either schedul-
ing it on a path P, ; (1 < j < L;) or declining it. For the con-
venience of presentation of algorithm process, we consider
declining request ¢ as scheduling it on the path P ;,1, thus
arequesti has L; + 1 possible routing paths. For K requests,
there are totally [T, (L; + 1) possible schedules, each repre-
sented as a leaf node of 7. Theorem 7 shows there exist
good schedules for BL-SPM. We can get that there exist
“good” leaf nodes in 7. We aim to walk down 7 from the
root node to a good leaf node in polynomial time so that the
resulted service revenue Z is no less than Z g.

Suppose that, at a typical stage of the computation, we
have walked down the first i — 11evels of 7 and we are at the
ith level (1 < i < K). Now, we wish to select one of the L; +
1 nodes to minimize the probability that we reach a “bad”
leaf node that represents a bad schedule. We denote by
pi(qi, ..., qgi—1) the conditional probability that we will reach
a bad leaf node given the choices of the first i — 1 requests,
where g;, denotes the selected path of request . Then

Lig+1

gi) = Y Az (a0

J=1

pi(q, - - LP)}

where L;;; + 1 denotes the number of possible choices of
request ¢ + 1. It is easy to derive the following inequality:

1, Pg)b

We define p(leaf) as the probability that we reach a bad leaf
node at level K, and p(leaf) = 0 when we reach a good leaf
node and p(leaf) = 1 otherwise.

As there exists at least one good schedule for BL-SPM by
Theorem 7, there exists at least one leaf node making the fol-
lowing inequality hold:

pi(qr, .., qi—1) > min{pi1(q,. .., q- (12)

L>p>...>pr(q,...,qx-1) > p(leaf) = 0.

As computing all of the conditional probabilities is time-

consuming, we relax p;(qi, ..., ¢i—1) to u;(qi, ..., gi—1), which
is defined to be an upper bound on p; (g1, ..., gi-1), i.e.,
wi(qr, ..., gi-1) > ming{ui1(q, - - -, gi-1, Pij)}- (13)

Next we walk down the tree 7 from the root node (i.e., level
0) to a good leaf node by continuously decreasing u;(-).
Inspired by the pessimistic estimators in [30], we define ug(-)
as follows:

In the case that t) = In [1 + D(Ig,ﬁ)], t,=In[1+ I’T”], and
ri,v; € [0, 1] for any request ¢, it is proved that uy < 1 holds.
With the parameters set as above, we select a path for each
quest ¢ to minimize the value of u,(-) from level 1 to level K.
Suppose we are at level i and we have selected P;; for
request ¢, then we replace &; ; and Z; j(j* # j) in the expres-
sion of uy with 1 and 0, and calculate w;(-). At each level, we
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compare different choices to determine the one that mini-
mizes u;(-).

Algorithm 2. Tree-Based Approximation Algorithm
K}; Paths: {P, Py,..., Pg};

Input: Requests: {1,2,...,
Bandwidth: {c.};
Output: Transmission paths for requests: {z; ;};
1: Normalize the rates and values of requests
2: Relax BL-SPM and solve its relaxed linear program
3: Select the scaling factor u according to (7)
4: for1 <i< K do

5. for1<j<L;+1do
6 if fixing x; j to 1 minimizes u, then
8 else
9: zi; <0
10: end
11:  end
12: end

13: return {z;;}

Based on the above definitions, we propose an algorithm
to reach a good leaf node from root node thus finding a good
schedule for BL-SPM. For request ¢, there are L; + 1 available
paths to choose from. By selecting different paths for request
i, we calculate the values of u;(-) and finally choose the path
that minimizes it. By this method, we continuously decrease
the probability of reaching a bad leaf node thus we could
reach a good leaf node at the last level. Since there are K
requests, we repeat the above procedures for K times to
reach a good leaf node. We present our algorithm, tree-based
approx1mat10n algorithm (TAA), in Algorithm 2. Despite
there are []; —1(L + 1) leaf nodes in 7, from the root node
to a good leaf node, our algorithm needs to do at most
Z, 1(L; + 1) examination. Compared with the brute force
method, the computing time can be greatly reduced.

So far, we have proposed two algorithms, MAA and
TAA, to solve RL-SPM and BL-SPM respectively. We install
them in Metis to find a good schedule for cloud providers
to make more service profit.

6 HANDLING USER REQUESTS IN SEQUENCE

In this section, we first present the overview of our online
solution, then we give the design details, including an
online scheduling algorithm and two subroutines.

6.1 Overview

In the previous sections, we have designed Metis and two
algorithms to help the cloud providers make more service
profit by handling user requests in batch. It requires users
to submit their requests at the beginning of each scheduling
period. In many cases, however, corporate users do not
know the actual bandwidth demands in advance. Thus we
design an online solution to complement the offline one that
cloud providers can process user requests in real time. Intui-
tively, as cloud providers cannot predict the future requests
exactly, when a new request requires the cloud provider to
purchase more bandwidth from Internet service providers,
the cloud provider has to assess the risk that the incremental
cost is not paid off. Balancing this risk and the incremental
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service revenue from satisfying the new user request is chal-
lenging for cloud providers.

In the past few decades, simulated annealing method has
been well studied and applied in different scenarios [10]. It
is a probabilistic technique for approximating the global
optimum that is computationally expensive to find in a rea-
sonable amount of time. Specifically, it is a classic heuristic
to approximate the global optimization in a large search
space for an optimization problem. Inspired by the princi-
ples used by simulated annealing, we propose an online
scheduling algorithm (OSA) to search for an approximate
solution for cloud providers to make maximal service profit.
In the following, we first introduce the routine of OSA. Then
we introduce the subroutines to move from one state (i.e.,
schedule) to a neighbor state and compute the correspond-
ing energy that the new state has.

In the cloud market, corporate users usually submit
bandwidth requests whenever they need it and expect
timely feedback from cloud providers. Cloud providers
face two challenges in handling sequentially-arrived user
requests: (1) Conflict between the duration of user requests
and billing cycle posed by Internet service providers. Typi-
cally, cloud providers sign long-term contracts with Internet
service providers for the large-volume bandwidth sup-
ply [6], [12]. The bandwidth charges are closely related to
the peak (or near-peak) usage of bandwidth in the billing
period, while users usually request short-term, small-vol-
ume bandwidth, which makes it hard for cloud providers to
judge whether the acceptance of the new request is a good
decision or not. (2) Too many paths for delivering user
requests on. In a network with n nodes, there are O(n!) pos-
sible routing paths between any two nodes. Arranging a
request on different paths will lead to great differences in
final service profit (as shown in Fig. 1), especially when
cloud providers know nothing about future requests.

For cloud providers, a naive approach is to greedily accept
user requests when they can bring in positive earnings, i.e.,
incremental revenue minus incremental cost is greater than
zero. As users usually request short-term, low-volume band-
width and prefer to pay a small amount of money as the
reward of cloud providers, when accepting one user request
requires cloud providers to purchase one more unit of band-
width, the value of user request minus the cost of incremental
bandwidth would be far less than zero. In the worst case,
cloud providers would decline all submitted requests to
ensure that the total profit is not negative. Obviously it is
inconsistent with the intention of cloud providers, thus this
greedy method will not yield good performance results.

From above discussion, buying one more unit of band-
width to satisfy new user requests would be cost-inefficient
as it will lead to huge profit loss to cloud providers. If we
can make full use of the remaining bandwidth after serving
new requests, it may make the large bandwidth cost pay
off. Moreover, more remaining bandwidth is likely to serve
more future requests and earn more service revenue with-
out incurring the new bandwidth cost. Following this
thought, we can justify the earnings of accepting one
request by adding the incremental service profit and the
remaining bandwidth together. More specifically, when the
kth request (denoted as k) arrives at time slot ¢, we can cal-
culate the “energy” of the current schedule as

1933
51& éI, —Ct +w- Bt,

where Z; and C; represent the current service revenue and
service cost, and B; denotes the transmission capability of
unallocated bandwidth in the remaining period (i.e., from
current time to the end of billing cycle). w is used to balance
the current service profit (i.e., Z; — C;) and remaining trans-
mission capability (i.e., By). It is set by cloud providers. A
large w means that cloud providers are willing to take risks
to maximize the final service profits. Otherwise, they will
use a small w to avoid loss of earned service profits. Z; and
C; can be calculated based on the definitions in Section 2.2.
B; is calculated as

K BT
B & Z{(T — ) Cep — ZZZTN ST Ii,jﬁ}?
=1 =1

eckE

where ¢.; denotes the bandwidth of edge e at time ¢. Based

on the above definitions, we can calculate the energy each
schedule has at any time slot. In the following, we present
the detail designs of our online scheduling algorithm.

Algorithm 3. Online Scheduling Algorithm

1: Ecurrent < ComputeEnergy(S urrent)
2: ) — 5(:u7‘rent
3: S* — ‘Scur'rcnt
4: & — Eeurrent
5: while Q) > edo
6:  Sheighbor — ComputeNeighbor(Scyyrent)
7 gnei,gh,bor — ComputEEnerg]/(Sneighbor)
8: if 5neighba7' > £* then
9: S — Sncighbor
10: & — g'n,eigh,bm’
11:  end
12: if P(Ecurrent Encighbors ) > Rand(0,1) then
13: Srf’uw‘ent — Sneighbur

14: gcum‘em — gneighbor
15:  end

16: Q—Qx§p

17: end

18: return S*

6.2 Online Scheduling Algorithm

In Algorithm 3, the current request schedule is used as the
initial state. When a user request k arrives at time ¢, we first
calculate the energy, denoted as E.,rent, Of the current state
Scurrent Without considering the arrangement of request k£ on
line 1 by ComputeEnergy (Algorithm 5). We set the value of
indicator variable () as the current energy £ ens On line 2.
S* and £ are used to store the state that has the highest
energy and the energy of S*, respectively. We initialize the
values of S* and £" as S.yrrent and Ecyprent ON line 3 and 4.
From line 5 to line 17, we iteratively try new state (with the
consideration of k) to find the one with the highest energy.
In each iteration, we use ComputeNeighbor (Algorithm 4)
and ComputeEnergy to determine a new state and calculate
the corresponding energy on line 6 and 7. If the energy of
the new state is higher than S*, i.e., Ecighoor > E7, we will
update the values of §* and £* (on line 8-11). From line 12 to
line 15, we use a function P(-) to calculate the probability
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that we replace the current state S¢yprens With the neighbor
state  Spcightor, as well as state energy. We define
P(Ecurrents Encighvor, ) as follows: if the neighbor state
Shneightor has a higher energy than that of the current state
Scurrent, We Will execute the action of moving from Seyprent to
Shneighbor deterministically, i.e., the probability equals 1. Oth-
erwise, we execute the movement with a probability of

Eneighbor —Ecurrent

e [ . At the end of each iteration, we will decrease
the value of ) by a factor of . With the method of simu-
lated annealing, we make scheduling decision for the arriv-
ing request k.

Algorithm 4. Generate Neighbor State

: function ComputeNeighbor(S)
: Select one path p from P,

: Py — P\p

: Sneighbor —S8 + p

: return S,cignbor

QL W N =

Algorithm 5. Compute State Energy

: function ComputeEnergy(S)

It —0

Ct — 0

Bt —0

: fori=1tokdo

if i has been accepted then
It — Zt + v;

end

: end

10: €~ T,

11: foreache € E do

12: Cp «— Cp+ e X Coy

13: end

14: £E—E-C;

15: foreach e € E do

16: Bf — Bt + (T - t) X Cet

17: fori=1tokdo

PN T RPN

\O

18: forj=1to P, do
19: if i is scheduled on P; j and e € P, ; then
20: for!=ttoT do
21: By «— By —riy
22: end

23: end

24: end

25:  end

26: end

27: E—E4+wx By

28: return £

6.3 Subroutine: ComputeNeighbor

This subroutine is used to find a routing path for request k on
the basis of the current schedule for the first k£ — 1 requests.
As there exist Lj, available paths between s, and dj,, we have
Ly, + 1 options to schedule the request £, i.e., delivering it on
one of the L;, paths or declining it. We search for a new state
based on the current state to find a better schedule. We pick
one possible path from the path set P as the (tentative)
schedule of request k (on line 2). To avoid trying one path for
many times, we remove the selected path p from P}, (on line
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3) and add it to the current state S to obtain a new state
Shneighvor (On line 4). We finally return the new state (on line 5).
To minimize the changes in each iteration, we select path p
based on current state S and change as few links as possible.

6.4 Subroutine: ComputeEnergy

Suppose the current time is ¢. In this subroutine, we calcu-
late the energy of state S based on the definitions of Z, C in
Section 2.2 and B; in this section. From line 2 to 4, we initial-
ize the values of Z;, C; and B; to 0. On lines 5 to 9, we calcu-
late 7, by adding up the values of all accepted requests. The
time complexity is O(K). We initialize the value of energy &£
as Z,; on line 10. On lines 11 to 13, we calculate the current
bandwidth cost C;, whose time complexity is O(|E|). We
update the value of £ on line 14. On lines 15 to 26, we calcu-
late the value of B; with complexity O(|E|- K - T). Then we
update the value of £ with B; on line 27. Finally, we return
the energy £ on line 28.

7 EVALUATION

In this section, we conduct extensive evaluations to compare
our solutions with existing ones. We present the evaluation
methodology and results in the following.

7.1 Evaluation Methodology

To comprehensively show the performance of our solu-
tions and existing schemes, we conduct evaluations on
two networks:

e B4: Google’s Inter-DC WAN [7], which consists of 12
data centers and 19 bi-directional links (as shown in
Fig. 3). It is a typical Inter-DC WAN.

e SUB-B4: a sub-network of B4, which consists of 6
data centers (i.e., DC1 ~ DC6) and 7 links between
them. It is a small-scale Inter-DC WAN.

We set the bandwidth prices of Inter-DC links based on
the relative bandwidth prices provided by Cloudflare [13].
Using 10Gbps as a unit of bandwidth, the bandwidth cost is
the product of bandwidth price and bandwidth usage. Fol-
lowing the previous work [10], [26] and the common practice
in the cloud service market, we generate bandwidth requests
with a synthetic model as follows: in a billing cycle consisting
of 12 time slots, which represent 12 months in a year, the
arrivals of requests follow Poisson distribution and the band-
width requirements follow uniform distribution between 0.1
Gbps and 5 Gbps. The start time and the end time of requests
are randomly set within the billing cycle. For any request, its
source and destination are selected randomly in B4 or SUB-
B4. We set the value of user request based on the bandwidth
requirements and the bandwidth prices published by cloud
providers [31], [32], [33].

We select a set of representative solutions to compare
with our solutions: 1) MinCost. Using fixed rules in schedul-
ing, it always selects the path with the least bandwidth price
(i.e., min-cost path) to deliver traffic data between data cen-
ters. In our evaluation, it reserves exclusive bandwidth for
users on the min-cost paths. 2) Amoeba [26]. It is an Inter-DC
flow scheduler to satisfy as many user requests as possible
under a fixed amount of bandwidth. 3) EcoFlow [20]. It is an
economical and deadline-driven flow scheduler. It sends an
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Fig. 3. Network topology of B4 [7].

inter-datacenter flow on multiple routing paths simulta-
neously to make full use of the WAN bandwidth, without
considering the performance concerns caused by packet
reordering. In our evaluation, it handles user requests one
by one and accepts the user requests that generate higher
service profits. As the service values of requests are fixed in
our problem, it is difficult to compare Metis and OSA with
the pricing-based solutions such as Pretium [12]. Thus we
have not compared our solutions with them. We implement
a simulator that integrates the above solutions with C++
and call the Gurobi Optimizer 7.5.2 [34] to solve the LP and
ILP problems.

7.2 Evaluation Results and Analyses
We conduct extensive evaluations to test our solutions and
compare them with existing solutions.

7.2.1 Performance of MAA

In Fig. 4a, we compare the service cost of MAA and Min-
Cost on B4 network. To satisfy the same set of requests, the
service cost of MinCost is up to 21.1 percent higher than
that of MAA. Scheduling requests based on the fixed policy
to reserve bandwidth on the min-cost path without consid-
ering the relationship between requests, MinCost suffers
from higher bandwidth usage and higher bandwidth cost.
Different from MinCost, MAA is an LP-based algorithm.
Benefitting from the relax-and-round method and selecting
routing path based on the optimal solution of the relaxed
RL-SPM problem, it efficiently schedules user requests to
make full use of the purchased bandwidth. In Fig. 4a, the
difference of service cost between Metis and MinCost
increases with the request number. This is because the
shortages of the fixed scheduling policy used by MinCost
worsens its path selection and increases its bandwidth cost,
while MAA has more potential to fully use the purchased
bandwidth and generate less bandwidth cost.

In MAA, we adopt randomized rounding method to
decide routing paths for user requests based on the optimal
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solution of relaxed RL-SPM problem. In Fig. 4b, we present
the ratio of bandwidth cost with randomized rounding to
that of the optimal scheduling in different network settings.
For each set of user requests, we repeat the randomized
rounding procedure for 1,000 times and calculate the band-
width cost. It shows that, the ratio is always less than 1.2,
which demonstrates that our algorithm can achieve a good
performance that is comparable to the optimal solution.

7.2.2 Performance of TAA

As TAA and Ameoba [26] work with fixed bandwidth to
satisfy more requests for the maximum service revenue, fol-
lowing the setup in [26], where each link has a uniform
capacity, we set the bandwidth of links in the B4 network to
100 Gbps, i.e., 10 units of bandwidth. We evaluate the ser-
vice revenue and the number of satisfied requests under dif-
ferent situations. In Fig. 5a, with the increase of request
number, the growth of service revenue of TAA is faster than
that of Amoeba. TAA can get up to 50.4 percent more ser-
vice revenue than Amoeba. Benefitting from the optimal
solution of relaxed BL-SPM and the efficient search method
in the decision tree, TAA accepts more user requests than
Amoeba with fixed bandwidth. In Fig. 5b, the average num-
ber of accepted requests of TAA is up to 33 percent higher
than that of Amoeba. As Amoeba handles requests one by
one to accept the ones that can be accommodated by the
residual bandwidth without considering future requests,
the performance is compromised. Taking into account all
user requests, TAA makes more service revenue with a rela-
tively good scheduling solution.

7.2.3 Performance of Metis and OSA

In Fig. 6, we compare Metis and OSA with EcoFlow [20] and
MinCost on the B4 network. In Fig. 6a, the service profit of
Metis and OSA is up to 48.4 and 36.3 percent higher than that
of EcoFlow. EcoFlow adopts a greedy method to make accep-
tance decision and it declines too many user requests, while
Metis alternately runs MAA and TAA to look for better
acceptance and scheduling solutions to maximize the service
profit. OSA makes decisions online by taking into account
the current profit and the potential earnings simultaneously.
The profit of Metis and OSA is at least 68.5 percent higher
than that of MinCost, which delivers user requests on
the min-cost paths without considering the relationship
between requests. Benefitted from simulated annealing,
OSA arranges accepted requests on proper routing paths
(may not be the min-cost path) to make full use of the
purchased bandwidth.
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In Fig. 6b, we compare the numbers of accepted requests
in different scheduling solutions. MinCost accepts all user
requests while EcoFlow, OSA and Metis decline some user
requests to maximize the service profit of cloud providers.
The accepted request number of EcoFlow is up to 43.1 and
33.9 percent less than that of Metis and OSA respectively.
The request acceptance rates of Metis and OSA exceed 90
and 76 percent. By declining a few requests, our solution
can gain much higher service profit than the full-acceptance
solution.

As shown in Fig. 6c, the average link utilization of Metis
and OSA is up to 38.8 and 43.2 percent higher than that of
EcoFlow, which is generally lower than other solutions.
This is because Metis and OSA accept more requests and
properly schedule them to fully use the purchased band-
width and make more service profit. Although MinCost has
a higher average link utilization than EcoFlow, its accep-
tance of all user requests is not conducive to maximizing
the service profit. From the above result, we find that it is
necessary to make good acceptance and scheduling deci-
sions simultaneously for maximizing the service profit.

7.2.4 Comparing With Optimum Solution

To evaluate the difference between our solutions and the
optimal solution of SPM on maximizing service profit and
verify the benefit of declining some user requests for higher
cloud service profit, we compare Metis and OSA with the
optimal solution of SPM, denoted as “OPT(SPM)”, and the
optimal solution with all user requests accepted, denoted as
“OPT(RL-SPM)”, on the SUB-B4 network. In our evaluation,
OPT(RL-SPM) takes the optimal solution to schedule user
requests with the minimum bandwidth cost. We show the
comparing results in Fig. 7.

Request Number
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In Fig. 7a, OPT(SPM) makes more service profit than
Metis, OSA and OPT(RL-SPM) by directly solving the ILP
problem to maximize the profit. When there are 400 user
requests, it takes more than 1,000 seconds to get the optimal
request schedule while Metis uses only several hundreds of
milliseconds to calculate a feasible schedule. Although the
profit of Metis is 11 percent lower than that of the optimal
one using OPT(SPM), it is still 32.3 percent higher than that of
OPT(RL-SPM), which shows the advantage of Metis on mak-
ing more service profit and the shortage of accepting all user
requests without considering the bandwidth cost. The service
profit of OSA is 14.5 percent lower than that of OPT(SPM) but
244 percent higher than that of OPT(RL-SPM). This is
because OPT(SPM) makes decisions with the perfect request
information while OSA handles requests in real-time.

In Fig. 7b, OPT(RL-SPM) accepts all the user requests,
while OPT(SPM), Metis and OSA accept only part of the user
requests. To satisfy all requests, OPT(RL-SPM) has to pur-
chase more bandwidth than others, while some of the band-
width is underused. Without accepting all requests, OPT
(SPM), Metis and OSA have larger spaces to search for a bet-
ter schedule to fully use the purchased bandwidth and make
more service profit than OPT(RL-SPM). The request accep-
tance ratio of OSA 1is 61 percent on average, as it declines
more requests to avoid incremental bandwidth cost that do
not pay off. The request acceptance rates of OPT(SPM) and
Metis are 84 and 82 percent on average. Compared to Fig. 6b,
Metis and OSA accept more user requests in the larger net-
work, since they have more scheduling options.

In Fig. 7c, we present the link utilization of different solu-
tions, including the maximum, minimum and average link
utilization. OPT(SPM) has the highest average link utiliza-
tion, while OPT(RL-SPM) has the lowest one by satisfying
all user requests even with profit loss.
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TABLE 2
Computation Time of OPT(SPM) and Metis

Computation Time (second)

Noquest B4 SUB-B4
OPT(SPM) ~ Metis  OPT(SPM)  Metis
100 13~35 <00l  1~5 <001
200 150 ~450  0.01~01 5~15 < 0.01
300 5000 ~ 8000  0.3~2 100 ~300 0.0l ~0.1
400 > 10000 5~15  300~1200 0.1~ 0.5

As Metis and OPT(SPM) handle user requests in batch
and the computation time may be a concern for cloud pro-
viders. We compare the computation time of Metis and
OPT(SPM) with different network settings, including net-
work scale and request number. We run them on a laptop
with Intel Core i7-7500U 2.70 GHz CPU, 8 GB memory,
240 GB SSD and Windows 10 64-bit operating system. The
network settings and the computing time of OPT and Metis
are summarized in Table 2. As the network scale and request
number increase, the computation time of OPT increases
quickly. When there are 400 requests on B4, OPT takes more
than 10,000 seconds to make the request acceptance and
scheduling decisions. Even on the small-scale network SUB-
B4, the computation time exceeds 1,000 seconds sometimes.
This is because the ILP optimizer needs to deal with tons of
integer variables under complicated constraints.

Generally, compared with an ILP problem, solving an LP
problem of the same size can be completed with much less
computation time. As Metis schedules user requests by
alternately running MAA and TAA, both of which are LP-
based algorithms, it needs only several seconds to deal with
400 requests in a typical Inter-DC WAN, which is hundreds
of times faster than that of the optimal solution. Taking into
account the computation time and profit difference between
our solutions and the optimal solution, it is more proper to
use Metis and OSA in practice.

7.2.5 Performance of OSA With Different
Routing Paths

In a large-scale network, there are many available routing
paths between any node pairs and exploring all of them is
time-consuming. In Fig. 8, we explore H shortest paths to
test the service profit using OSA. We set the “length” of
links as the their bandwidth prices and use Yen’s algo-
rithm [35] to find the top-H shortest paths between any
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node pairs and number them from 1 to H. As shown in
Fig. 8a, for the same request number (RN), the service profit
changes little when we vary H from 1 to 20. It proves that,
cloud providers can get a relatively high service profit in
short time by trying a small number of shortest routing
paths, rather than exploring all routing paths.

Fig. 8b shows the number of accepted flows with different
H. We can find that, when there are more available routing
paths, the number of accepted requests changes slightly.
This is because OSA tends to deliver user requests on shorter
routing paths. Even if there are many other paths, OSA
arranges requests on one of a few shortest paths.

To help cloud providers set a proper value for H, we pres-
ent the maximal number of selected paths for user requests
in Fig. 8c. In SUB-B4 and B4, the maximal path numbers are 3
and 8, respectively. Setting H to 5 and 10 in SUB-B4 and B4
would be good to balance the service profit and time over-
head of OSA. We also evaluate the performance of Metis
with different H and obtain the similar results.

7.2.6  Performance of OSA With Different Weight
Settings
To calculate the energy of each schedule, we use weight w to
connect the current service profit and unallocated transmis-
sion capability. As the choice of w reflects the willingness of
cloud providers to take risks and it is sensitive to the final ser-
vice profit, we conduct evaluations on the B4 network to test
the effect of different weights for OSA on making service
profit. We set w to different values and present the changes of
service profit and the number of accepted requests in Fig. 9.
In Fig. 9a, we can see that, OSA obtains the highest ser-
vice profit when w is 20. When RN is 400 and w increases
from 0 to 20, the service profit increases by 21.4 percent.
However, it drops quickly when w is further increased from
20 to 500. This is because a proper w encourages OSA to
accept more user requests while ensuring a low risk of not
paying off the cost of purchasing additional bandwidth. If w
is too large, OSA tends to keep more bandwidth unallocated
to achieve a high “energy” by declining many user requests.
The number of accepted requests in Fig. 9b has a trend
similar to that of Fig. 9a. When RN is 400 and w is 20, OSA
accepts 321 user requests, which is much higher than that of
w = 0 and w = 500. This demonstrates the significance of set-
ting a proper weight w for OSA to make more service profit.
In Fig. 9¢c, we present the changes of average link utiliza-
tion with different w. When w is increased from 0 and 20,
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the link utilization changes a little. It decreases a lot from
w = 20 to 500, as OSA declines many user requests when w
is too large.

8 DEPLOYMENT DISCUSSION

In this section, we discuss some issues to consider for our
solutions to be used in a practical system.

8.1 Solution Selection

To help cloud providers make more service profit in geo-
distributed cloud, we propose two solutions to handle dif-
ferent user request submission formats, offline and online.
For these two solutions, Metis is fit for the scenarios that
user requests are submitted independently and simulta-
neously at the beginning of a scheduling period, while OSA
is designed for the scenarios that users submit their requests
dynamically. Considering that both submission schemes
may co-exist in the same cloud, cloud providers could use
them cooperatively according to their features.

8.2 Parameter Setting

To successfully use our solutions in practice, cloud pro-
viders need to properly set the parameters according to
their service characteristics and network scales.

The Metis framework consists of three main components,
RL-SPM Solver, BW Limiter and BL-SPM Solver. By alter-
nately minimizing the service cost and maximizing the ser-
vice revenue for a certain number of rounds, Metis outputs
the final scheduling solutions for the requests. By adjusting
the number of rounds, cloud providers can balance the ser-
vice profit and time overhead. Cloud providers can also cus-
tomize rules to limit bandwidth in BW Limiter according to
their request patterns and their needs. Besides MAA and
TAA, RL-SPM Solver and BL-SPM Solver can be imple-
mented in other ways, thus cloud providers can adopt dif-
ferent methods to realize Metis.

OGSA is an online scheduler for cloud providers to handle the
user requests that arrive dynamically. It is derived from classic
simulated annealing method. Besides the regular parameters
in simulated annealing, we use a parameter w to balance the
current service profit and the remaining transmission capabil-
ity, as introduced in Section 6. The evaluation results in Sec-
tion 7 show that it is important for cloud providers to set it
right to make more service profit. As finding and exploring all
possible routing paths in a network is time-consuming but
profit-limited, cloud providers can explore some shortest paths

[ S S A e e e S S S e
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to accelerate OSA. Setting parameters to proper values plays
an important role in maximizing the service profit of cloud pro-
viders. Emerging auto-tuning methods can be used to find the
optimal or near-optimal parameters [36].

9 RELATED WORK

Traffic engineering for Inter-DC WAN:S is an attractive topic
recently. Benefitting from the emerging software-defined
networking, SWAN [6] and B4 [7], [37] are proposed to
boost the utilization of Inter-DC WANs by scheduling traf-
fic with centralized controllers. Tempus [38] is proposed to
maximize the fraction of transfers delivered before their
deadlines, which achieves fairness among all transfers. All
of them are cost-unaware and deadline-agnostic solu-
tions [39]. Although Amoeba [26] has addressed the dead-
line-agnostic problem and provides deadline guarantees for
the accepted transfers, it does not consider the bandwidth
cost. To maximize the service profit for cloud providers, we
alternately minimize the bandwidth cost and maximize the
service revenue for many rounds.

Economically scheduling transfers in Inter-DC WANs
has also attracted much research attention to reduce the band-
width cost. NetStitcher [17] and Postcard [18] adopt store-
and-forward strategy to deliver data between data centers,
where large data transfers are delayed and sent at non-peak
hours to fully utilize the already-paid bandwidth and reduce
the charge. However, they do not consider deadlines of large
transfers, and require large storage in data centers to store
data temporarily. EcoFlow [20] splits inter-datacenter flows
into multiple paths to avoid the increases of charging volumes
and bandwidth cost, which may introduce packet-level reor-
dering problems and degrade the service performance. In
contrast, our solution does not need any extra storage in data
centers or packet-reordering. We alternately maximize the
service revenue by accepting a subset of requests with high
service values and minimize the service cost by delivering
them over selected paths with low bandwidth prices.

Dynamic pricing is a common method to improve the cost
efficiency of Inter-DC WANSs. For example, Pretium [12]
combines it with traffic engineering to maximize the social
welfare, i.e., the total value generated to society (over all
served requests) minus the operational cost. It requires cloud
providers to modify the current pricing mechanism. Besides,
in peak hours, it requires customers to make a concession to
either lower their service performance or raise their delivery
bids. Zheng et al. [21] propose a pricing method to maximize

Authorized licensed use limited to: SUNY AT STONY BROOK. Downloaded on December 28,2025 at 07:21:12 UTC from IEEE Xplore. Restrictions apply.



YANG ETAL.: LESS IS MORE: SERVICE PROFIT MAXIMIZATION IN GEO-DISTRIBUTED CLOUDS

the service revenue of Inter-DC WANSs. Requiring neither
modification to the current pricing mechanism nor compli-
cated negotiation process with customers, our solutions can
be implemented in current systems to greatly increase the
service profits for cloud providers.

10 CONCLUSION

The popularity of cloud computing and the emergence of
new clouds increase the competition between cloud pro-
viders. Maximizing service profit is critical for them to win
the business, while it is challenging because of its NP-hard-
ness. In this paper, we formulate the problem of service
profit maximization and prove its NP-hardness. Then we
propose two solutions, Metis and OSA, to handle user
requests in different ways. Extensive evaluations demon-
strate that, comparing with the existing solutions, our solu-
tions increase the service profit by more than 60 percent.
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