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Abstract—Current cloud computing providers allocate their they can decide on the number of instances of different types
virtual machine (VM) instances via fixed p_rice-based or a_uc_tior_1- of VMs based on the market demand. The cloud provider is
like mechanisms. However, these mechanisms have one Ilmltatlon,a|SO interested in maximizing its revenue or profit. Consigg

they are all offline mechanisms, therefore they need to collect . - - . .
information and be invoked periodically. In this paper, we address all the desired properties mentioned above, in this paper,

this limitation by designing an online mechanism for dynamic We design an online mechanism that provisions computing
provisioning and allocation of VM instances in clouds. Our resources into VM instances, allocates them to users, and
proposed mechanism, MOVMPA, is invoked as soon as a user determines the payment for each user. Online mechanisms
places a request or some VM instances already allocated becomeg, e allocation problems without having all the infornoati

available again. When invoked, the mechanism selects users who . . . .
would be allocated VM instances for the period they requested available. An online mechanism calculates allocation and

for, and ensures that those users will continue using those VMs Payment as the participants arrive at the system and plage th
for the entire period requested. We prove that the mechanism is requests. This is particularly useful to guarantee allooat
incentive compatible and also investigate its performance through efficiency in systems where users arrive continuously and
exﬁ@ﬁﬂﬁﬂﬁﬂfﬁmﬁ2;5-'onnne echanisms: combing. TEMS being allocated are expiring items [4]. For the proble
torial auctions: allocation: SChedL'I”ng; ’ of VM instance aII_o_catlon in clouds, the_ resources can be

considered as expiring since the allocation is dependent on
time: a resource not allocated at timéses its utilization for
that particular moment.

Virtualization technologies have created convenient ways,yq design an online mechanism for provisioning and allo-
for the cloud providers to allocate their computing resesrc aing M instances in clouds. We design the bidding prdtoco
They define different configurations of virtual machines ()M g4 that 4 user requests a bundle of VMs expressing that she is
and 'sell’ the resources in units of VM instances. Currentig oy jnterested in the whole bundle and not a subset of itrUpo
cloud providers use fixed price-based mechanisms to alloC@lceiving such bids, the mechanism calculates the altoeati
and sell VM instances (e.g., Windows Azure [1], AmazoRnq nayment online. Also, the allocation cannot be preesnpte
EC2 [2]) or auction-based mechanisms to sell resources thafiser receiving an allocation at timesontinues to hold the
are not utilized after the fixed-price based selling [3]. regqurces for the time period she requested the resources fo

~ There are certain features of the problem of VM allocatiofyjie submitting her bid. We also provide theoretical resul
in clouds that makes online mechanisms suitable for S°|V"E)90ving the properties of the proposed mechanism.

it. First of all, it is quite natural for users to submit bidsr f
bundles of VMs rather than for individual VMs. For exampleRelated workThe economic aspects of cloud computing have
if a user requires one ‘small’ and one ‘large’ VM instance fobeen investigated by several researchers. Wanhal. [5]
a particular application, she would prefer to get both ofithestudied different economic and system implications ofipgc
together, otherwise she would prefer nothing to getting/ ontesources in clouds. They performed experiments on Amazon
one of the VMs. Therefore, the allocation mechanism muBtC2 and on their own testbed concluding that the pricing
allow users to express their preferences for a bundle of VMdsheme used by Amazon is unfair to the users. dtiral. [6]
and not only for individual VMs. On the other hand, the usefsroposed the use of a simplé + 1) price auction for
submit their requests (or arrive at the system) contingousdllocating cloud resources. They showed by statisticdlyaiza
and would prefer to have their allocation decision as sodhat when there is a large number of resources and users, the
as possible, at the best possible price. Once they obtain thetion can obtain an efficient allocation and a reasonable
requested VM bundles, they would like to complete theirrentirevenue for the cloud provider. Risat al. [7] designed a
task on the acquired resources. cloud services testbed to test cloud mechanisms. Altn&nn
Another consideration is that the cloud provider wouldl. [8] designed an exchange market for grid resources, which
prefer a mechanism that supports dynamic provisioning @b tlwas tested on the platform designed by Risdt al. [7].
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Such a marketplace for clouds is not easy to build becaubese types of VM instances ByM;, ...,V M,,. With each
of interoperability issues, therefore the current focustlom type VM; we associate a ‘weightv; € R* which specifies
cloud markets is mostly on the single provider and multipldhe relative computing power oV M, with respect to the
users model. most powerful VM instance offered by the cloud provider
Recently, several researchers investigated the design(ia#., the instance of typ& M;). We consider, without loss of
online mechanisms in different contexts. Parkes and Si@ph penerality, thatv; = 1 andw; < ... < w,,. The total power
designed a Markov Decision Process-based online mechaniznthe computing resources available for allocation is detio
and later on provided an approximate solution for the sarbg M, and is defined as the equivalent poweridfinstances
model for large problems [10]. Hajiaghay al. [11] proposed of type V M;. For example, let us consider a cloud provider
the idea of automated online mechanism design. Fundamsenthht offers VM instances of three types: smalN/;), medium
of online mechanism design are covered in [4]. Carroll anl@ M), and large ¥ Ms). The configurations of these VMs
Grosu [12] designed an online mechanism for schedulirge as follows:V M; = (one 2GHz processor, 4GB mem-
malleable parallel jobs on parallel systems. They coneitlerory, 1TB hard drive),V M, = (two 2GHz processors, 8GB
preemption of jobs in their model in order to provide for jobsnemory, 2TB hard drive), andf M3 = (four 2GHz proces-
with higher valuation that are submitted later than theenity sors, 16GB memory, 4TB hard drive). For this setting, the
allocated jobs. weights of the VMs would bev; = 1, we = 2, andws = 4.
This paper is an outcome of our ongoing effort on improving, for example, the cloud provider has enough resources to
the efficiency of VM allocation and provisioning in cloudsprovision 100,000V M, instances, thed/ = 100,000. The
In our previous research, we designed three combinatorgmlal of the cloud provider is to dynamically provision its
auction-based mechanisms for VM allocation CA-LP, CAavailable resources into VM instances and allocate them to
GREEDY [13], and CA-PROVISION [14]. CA-GREEDY andusers efficiently and at the same time maximize its profit.
CA-LP solve the VM allocation problem, where resources are There aren usersj = 1,...,n who submit their requests
assumed to be pre-provisioned as a fixed number of VM ifer ‘bids’) to the cloud provider in order to secure bundlés o
stances of different types. On the other hand, CA-PROVISIOXM instances for certain amount of time in order to execute
extends this model and allows dynamic provisioning artieir applications (jobs) on the cloud. A ugeis characterized
allocation of VM instances. However, these mechanisms wadbl her ‘type’6; = (r{,...,7J,,a;,1;,d;,v;) € ©;, where®;
with full information about all user requests accumulateero is her type space. Heréri,...,rJ,) is the bundle of VM
a period of time, that is, they are offline mechanisms. Thégystances requested by usgrwherer! € N is the number
are run periodically to allocate resources to the usershi tof VM, instances requested by usgrWe also denote the
paper, we address the problem of online mechanism deslymdleby S; and itstotal weightby s; = >, w;r!. The
for VM provisioning and allocation in clouds. other components of usgfs type 6, are:a; € N, the arrival
time (i.e., the time at which usegr submits her bid)j; € N,
tpoe amount of time the requested bundle must be allocated
Eor; and,d; € N, the deadline for usej's job completion. We

Our contribution.We formulate the online VM provisioning
and allocation problem and design an online mechanism

solve it. To the best of our knowledge, this is the first wor denote bys,, the time by which the bundle must be allocated

that proposes an online mechanism for VM provisioning a ; : . .
propo . . P 9 N8 the user in order for her job to complete its execution.tTha
allocation in clouds. We provide theoretical results thatvp . :
is, 6; = d; —1;. The last component @f; is v; > 0, the value

that the proposed mechanism is incentive compatible argl run’ 7 | . . _
. . . userj receives if her requested bundle of VMs is allocated
in a reasonable amount of time. We perform extensive expeér-

. . o " Within time §,. We assume that the users aiagle-minded
iments and show that this mechanism improves the efficienc , ; X

X . : I.e., each usej requires that either her requested bunflle
of allocation of VM instances in clouds.

be allocated to her and she pays for it, or she does not get any
Organization.The rest of the paper is organized as followsllocation and pays nothing.
In Section I, we formulate the problem of online VM pro- In the following we give an example to clarify the meaning
visioning and allocation. In Section Ill, we introduce thef the components of the user type. Suppose is&quires
basic concepts of mechanism design in general and onlim&® V' M; and oneV M3 instances for five hours to complete
mechanism design in particular in the context of the problemparticular application. Hence, she requests the busidle
we are addressing. In Section IV, we present our proposgr0,1) with a total weights; = 2 + 4 = 6. She submits
online mechanism for VM provisioning and allocation. Irher bid at timet = 0 and must get her job done by time
Section V, we characterize the properties of the proposed= 10. Hence,a; = 0, [; = 5, andd; = 10. There is
mechanism. In Section VI, we investigate the performance 0d6 use of the requested bundle if she gets it after 5,
the proposed mechanism by extensive simulation experanertherefored; = 5. Finally, suppose the successful completion of

In Section VII, we conclude the paper. the application yields a value of $50 to her, hence the vaoat
of her bundle isv; = 50. Altogether, user’s type isf; =
ll. VM I NSTANCE ALLOCATION PROBLEM (2,0,1,0,5,10,50). We also call it her ‘true bid’, because she

We consider a cloud provider that provisions its computingiay choose to report a different type from her type space (i.e
resources intan different types of VM instances. We denoteall possible combinations of the values) to the cloud prewid



if she benefits by doing so. provider prefers jobs with an earlier deadline while bragki
The cloud provider allocates bundles of VM instances ta tie for values, users may choose to report a deadline that

users by dynamically provisioning the available resousr®s$ is earlier than their actual deadline. Since this inforovatis

charges them money. The provider must decide the allocatiorivate, the provider needs to employ a mechanism to compute

of a bundleS; within the time intervala;, §;]. If a user is the allocation and payment based on the users’ reporteés/alu

not granted the allocation within this interval, her reduss in such a way that the system-wide goals set by the provider

declined and she withdraws her request. Formally, the cloade achieved.

provider computes an allocation sétC © xN and a payment  Therefore, the problem of designing an online mechanism

setP C © x Ry. Atuple (0;,t;) € A represents that bundlefor solving the OVMPA is as follows. Design an online

S; of userj of type 0; has been allocated at tinte, where mechanism that computes an allocation geand payment

a; <t; <4§;. Atuple (8;,p;) € P says that usef of typed; setP on the problem spac® = ©; x ... x ©,, to maximize

has to payp; to the cloud provider. For the above usgrif the objective function in Equation (1) satisfying the coaistt

she is granted the allocation at time= 3 and charged $30, given in Equation (2). The information reported by the users

we would have(d;,3) € A and (¢;,30) € P. Users who do to the mechanism is denoted @s= (4, ....6,) € ©, where

not get the requested allocation pay zero. éj € O;. The goal of the mechanism is to compute an efficient
We also consider that the cloud provider decides about thgocation even iféj # 0; and calculate payments in a way

provisioning and allocation online, i.e., whenever somersis so that it provides incentives to the users to report theie tr

and resources are available. Once a burfileis allocated types.

to a usery, it will not be reclaimed untill; units of time

after the allocation. Due to the limited resources, the a@lou I11. ONLINE MECHANISM DESIGN FRAMEWORK

provider cannot allocate the VM bundles to all users at any

given time. Also, unallocated users are going to potegtiall A mechanismM = {A, P} is a set of functionsA for

leave the system when their respectiyetime has passed andcomputing the allocation an® for computing the payment

they will not contribute to the provider's revenue. Therefo for each user. Hered : © — A andP = (p1(.),...,pa(.)),

the challenge of the cloud provider is to make provisioning a Wherep; : © — Rfor j = 1,...,n. In the context of OVMPA,

allocation decisions dynamically while trying to maximite the allocation functiond computes the allocation set C

profit. © x N from the bids reported by the users. The allocation set
Since very little is known about revenue maximization in thd is the set of the tupled);, ¢;), wherej is the user receiving

mechanism design literature, mechanisms are usuallymsigher requested bundle at time. Functionp;(.) determines

with the goal of maximizing the sum of the valuations ofiserj's payment based on the bids of all users.

the users [15]. Thus a reasonable goal is to allocate theEach userj is characterized by aaluation functionV;

VM instances so that the sum of the valuations of the usetefined as follows:

who receive their bundles is maximized. We formulate the

N o if(05,t5 b < d
Online VM Provisioning and Allocation Problem (OVMP43 V;(A(0),0;) = v If(aJ’tJ.) € ANt < d; 3)
0 otherwise

follows.

max Z Vi (1) This means that the user receives the valyéf she secures

J:(05,t;)€A the requested bundle, and no value, otherwise. We quantify
subject to: user j's benefit through autility function defined as the
Z s; <M (2) difference between the value she receives from the meahanis

0 eN and the payment charged to her:

Equation (1) is the objective of the problem, that is, theudlo U;(A(0),0;) = V;(A(0),0;) — p;(6) (4)

provider maximizes the sum of the values of the users who

obtain their requested bundles. The constraint in equgf@pn In the example presented above ugelerives a utility of $20

says that at any given timethe allocation is limited tal/, if she values the bundle at $50, receives her bundle at time

the total amount of resources available. Here, t < 5, and pays $30 for it (as shown in Section II). If the
NO (3t <t (0. 1) € A .y mechanism decides not to allocate her the requested bundle,

= {1 (3t; <t:(05,t5) € A)A(t; +1; > 1)} she receives a value of zero. In that case, if the mechanism
is the set of users who have been allocated prior to omad  does not charge her any payment, her utility will be zero as
have yet to complete their allotted time slot at tite well.
A straight-forward solution to the above problem would be We are interested in designing mechanisms which have

to select users with the highest values, and then charge thgva important propertiesincentive compatibilityand indi-

their reported values. However, the users are rational lagyl tv[dual rqtionajity. In thp following, we denote by_; =

may misreport their types if it benefits them to do so. Fd¥:,...,0;-1,0;4+1,...,0,) € ©O_; the bids of all users

example, a user may report a lower valuation to pay less oexcept;j. Recall that the true type of usgris ; and her

higher valuation to enhance her chance of winning. If thealo reported type (or bidﬁj may not be equal td;.



Definition 1 (Incentive compatibility)A mechanismM is  Algorithm 1 Mechanism MOVMPA

incentive compatibléf for all j, 6; € ©,, andd_; € ©_,

Input: Event, A, P

Returns: A, P

U;(A(0;,0-;),0;) > U;(A(6;,6

That is, truthful reporting is their best strategy.
Definition 2 (Individual rationality): A mechanism isndi-

. . 1
—J)v 9]) o
That is, the users maximize their utilities by reportingithe 3:
true types to the mechanism, irrespective of the other user$
bids. This is a very important property, because if satistieel 5:
users participating in the mechanism will not have incegiv 6:
to report other types than their true types to the mechanlsrﬁf. A AL A®

10:

t— Current time

N —{0; € N |a; <tA-3t; <t:(0;,t;) € A}
N® — {0, |3t; < t: (0J,t]) ANt +1; >t}
M(t) «— M — Zj:éjGN(t) S]

if M® =0v N® =0 then return

R« M®

A® — MOVMPA-ALLOCATE(t, NV R)

PO —{(0;,9) | (0;,t;) € AV}

P—PuUP®
vidually rational if a user never incurs a loss by reportingil: P — MOVMPA- PAYMENT(t P,N®O N® pr®)
her true type. Formally, for allj, true typed; € O;, and 12 NP —{0; e N |t <5; <t}
0_;c0_j, 13: for eachd; ¢ N do
5 14 if Ip; - (0J,p]) € P then

U;(A(0,0-;),6;) 2 0 15: userj paysp
That is, regardless of other users’ bids, a user reportimg fill(g E|sterj pays0
type trothfully will never obtoin a negaFive utility by pait 1. end if
pating in the mechanism. This is a very important properts of19: end for
mechanism since it encourages users to voluntarily ppaiei 20: ' — ¢

in the mechanism. 2L return A, P
In order to obtain an incentive compatible mechanism the
allocation function.4 must be monotoneand the payment
function P must implement theritical value paymen{16].
We introduce a preference relation, on the set of user
bids. For exampled; = 6; means that bid, is more preferred
to the mechanism than b@j] In our context@’ =0, if 8. <
sj,a <aj,l <l d >d andv > 0.
Deflnltlon 3 (Monotone aIIocatlon function)t\n allocation
function A is monotone if for allj, 6;,6’ €09, and 0,
o_j,

A. Mechanism MOVMPA

The mechanism MOVMPA is structured as an event handler,
which is invoked when a new bid arrives or a user completes
her time for the allocated bundle and releases the VM ins&anc
to the provider. We assume that the information about the
users and the resources is made available to the mechanism
via some standard protocol. MOVMPA uses this information
to determine the set of users and resources available for
allocation at the current time and calls the allocation drel t
payment functions. We present the MOVMPA mechanism in
Algorithm 1.

MOVMPA takes as input the event, the current allocation set
nd the payment set. An event is either a release of resource
r an arrival of a user request. We assume that the system
stores these two sets and passes them to MOVMPA when it is
invoked. MOVMPA updates the sets and returns back to the
system. In lines 1-4, MOVMPA sets the current timettand
initializes three variables as follows!(*), the set of bids of the
>0 users that have not been allocated so féf*), the set of bids

@; = (r],... e Ad;,0-) of the users that have been allocated in the past and have not

’ ’ finished their time of allocation; andy/ ("), the total weight
This means that the critical value for a user is the minimuof the resources that are available for allocation at tiniEhe
amount she needs to report to the mechanism in order nechanism proceeds only if resources and users are aeailabl
receive her requested bundle. The payment function sholliccalls the allocation function MOVMPA-ALLOCATE with
charge a user her critical value in order to obtain an ingentithe user bids that have not been allocated yet and the resourc
compatible mechanism. In the following section, we design #hat are available at timé. MOVMPA-ALLOCATE returns
online mechanism that solves OVMPA. set A®), the set of users who would receive their requested
bundles at time (line 7).

Next, MOVMPA updates the overall allocation séto A®).

We now present our mechanism for Online VM ProviThe bids inA® are also inserted into the payment set, with
sioning and Allocation (MOVMPA) that solves the OVMPAp; = 9; as their initial payment. However, this payment is up-
problem. dated by calling the payment function MOVMPA-PAYMENT

( ; - 3t7 : (é‘j,ﬁj) € A(éj,Q_j))

= 3t 1 (0, 1)) € A(G,6_,)

This means that if usey gets her requested bundle by
declarlng type9j, she will also get the resources by declann@
type 0’ where typeo’ is more preferred ovet?

Def|n|t|on 4 (Cntlcal value payment)CrmcaI valuevs for
userj is defined as

>
<.
N
—

v§ = arg min (Jt; :

g,

lj,dj,v),t

7m7 ]7]

IV. ONLINE MECHANISM FORVM A LLOCATION



Algorithm 2 MOVMPA-ALLOCATE

Algorithm 3 MOVMPA-PAYMENT

Input: ¢, N R Input: ¢, P,N® N® pr®
Returns: A® Returns: P
1 AW — ¢ 1: sort all§; € N in non-increasing order qf;
2: Sort alld; € N in non-increasing order qf; 2: for each(d;,p;) € P:d; <t do
3: for eachd; € N in sorted ordedo 3 N'® — NO\ g,
4: if s; < R then 4. if ;€ N® then
5: AW — A® Y (4;,1) 5: R« MW 43,
6 R—R-35; 6: else
7:  end if 7: R «— M®
8: end for 8  endif
9: return A® 9. for eachd;, ¢ N do
10: Uj = pjr X &5 X Zj
11: éjF(T‘{,...,Ta,t,ij,(ij,@j)

(line 11). In fact, the payment of usgtis going to be updated 1Zf
several times untit = J;, i.e., until the time instance the 13
user must receive allocation of the bundles she requiress,Th;s.
MOVMPA-PAYMENT calculates the payments for these userss:
and updates the payment gt The next step for MOVMPA 17:
is to determine the sét* of the bids of userg for whom the 18

A’ «— MOVMPA-ALLOCATE(t, N'® U {§,}, R')
if (9;,¢) € A’ then
pj < min(p;,v;)
end if
end for o
0]' — (T{w"vrzmuljad]ﬁo)
A’ — MOVMPA-ALLOCATE(t, N'® U {6;}, R')
if (9;,t) € A’ then

current time has gone past their respectiygimes (line 12). 1% »t e

However, this set only includes the users whéséas passed ;. engji;_

aftert’, wheret’ is the time of the last invocation of MOVMPA 2. end for

(line 12). If user;j has been already provided with her bundle23: return P

her payment will no longer change and the payment that is up

to date at the current time will be her final payment charged to

her. If userj has not received her requested bundle urdihd to users with a smallef;, (i.e., users who need to leave the

t > d;, she will not be successful in getting an allocation tgystem earlier if they don't get their bundles), it also nske
get her job done. In this case, ugewill pay p; = 0 (lines 14-  syre that the highest possible number of users are served. Fo
19). The computation of the prices will be presented when wge same reason, in case of a tie with priority is given to
discuss the MOVMPA-PAYMENT function. users who request the resources for a smaller amount of time.

B. Allocation function

The allocation function MOVMPA-ALLOCATE is given in
Algorithm 2. In order to describe this function we define
new parameter called ‘bid density, ”]’Z . The intuition

behind bid density is as follows. We can reformulate the VI qiiapje hefore calling the allocation functia®, the set of
allocation problem as the problem of allocating rectandfes

. . ) . "> users who were considered at the allocation funchiéh, and,
a two-dimensional space of VM weight and time. The bid b

i X ) € DIt D6 set of users who are occupying resources at the cumeat ti
user; for a bundle of VM instances of weiglit; for ime l; ;" xr(t) |t js worth mentioning that users that were granted the
can be interpreted as requesting a rectangle with &real;

( : , , , requested bundle at timealso belong to the sev(®).
in that two-dimensional space, and ugevalues this area at The main idea of MOVMPA-PAYMENT is to calculate the
¥;. Hence,p; is how much usey values a ‘unit area’ of the

| Obviouslv. the cloud der is i critical payment of each usgrwith ¢; <t as if their time of
_rectangu ar space. Qbviously, the ¢ oud provider 1S irsiexch arrival ist. By repeatedly calling this function at each event,
in users who want to pay more per unit of their resources

- MOVMPA-ALLOCATE q ) h PoVMPA ensures that the critical payment of a ugeis
unit time. o usesp; to determine e ¢4 cjated every time an event occurs betwéenand J;.
relative values of the bids.

) , i Formally, MOVMPA-PAYMENT calculates the critical value
First, MOVMPA-ALLOCATE sorts all bids in non-
ct

increasing order op;s. Ties are broken in the following order:  c; _
prefer earlierd;, smallerl;, and then smalleg;. Further ties I
are broken arbitrarily. Then the algorithm allocates beadl c A(é» 6_) (5
requested by these users while resources last. Finalgtuitrrs 7

the setA® of users who are selected for allocation at timgg time t, for all usersj with §; > t. Based on this critical

C. Payment function

We give the payment function MOVMPA-PAYMENT in
%\Igorithm 3. The payment function requires as input the
current timet, the payment sef, the amount of resources

arggr/li;(l)(ﬂtj S0 = (7], 7t 1, dy, ) )
>

instancet. value the MOVMPA mechanism computes the critical value
MOVMPA-ALLOCATE simply tries to maximize the sum g

of the reported valuations of the users who would be granted o = min o< (6)

their requested bundles. In the case of a tie, by giving tyior T telay.d))



That is,v$ is the minimum value useir must report to get her j’, user;j’'s payment iso;,. We need to sort the losing bids
requested bundle for any arrival tinaé € [a;, d]. only once at the beginning of the algorithm, which again has a
MOVMPA-PAYMENT considers users from the paymentunning time ofO(nlogn), wheren is a much larger number
set that haved; < t¢. For each userj, the arrival time than what that algorithm encounters in practice. We present
component of her type is set toand her value is set to thethe payment algorithm in this fashion in order to show the

values of each user to find the minimum value to be reportedderlying concepts. ]
by user; in order to get her requested bundle (lines 2-16). Now we prove the competitive ratio of MOVMPA. The
If no such minimum value is found, the payment is set toompetitive ratioof an online algorithm is: > 1 if the ratio
zero (lines 17-21). One can also set this value to a predefirefdts performance to an optimum offline algorithmligc. We
reserve price. Finally, the updated sBtis returned to the prove the competitive ratio of MOVMPA by choosing an input
mechanism. that produces the worst-case scenario for MOVMPA.

The mechanism keeps updatidg by calling MOVMPA- Theorem 3:MOVMPA mechanism has a competitive ratio
PAYMENT and charges the updated payment at tim® of M.
usersj for which §; < t. Users who were not allocated any Proof: Consider two bid¥; andf, wheres; =1, so =
resources pay zero. M, (a1,l1,d1,v1) = (0,1,1,v), and(asg, la, do,v2) = (1,1,1+

V. PROPERTIES OFMOVMPA 1, Mv + ¢€), wherel > 1. MOVMPA will allocate userl her

requested bundle that she will release at time 1. Now,
In this SeCtion, we prove that the MOVMPA meChanisrgince for 92, as + l2 =1+1 = d21 user 2 must get the
is incentive compatible and individually rational. We als@jiocation at timea, = 1, otherwise she withdraws her bid
perform competitive analysis and determine the runtime-cofBecause she cannot satisfy her deadline. Therefore, MOVMPA
plexity of the mechanism. Due to space limitation we willyonl || allocate VM instances only to user and obtain a value
provide the sketches of the proofs. of v (Equation (1)). On the other hand, an optimum offline
Theorem 1:MOVMPA is an incentive compatible mecha-g|gorithm will allocate resources to userand obtain a value

nism. of Mv+e > M xv. Hence, the competitive ratio of MOVMPA
Proof: (Sketch) To prove this theorem we need to shoyg jy. ]

that the allocation function is monotone and that the paymen

function implements the critical value payment. First, \nevs V1. EXPERIMENTAL RESULTS

that the allocation is monotone. Clearly, if usgrreports  |n this section, we evaluate MOVMPA through simulation
U > ’UJ, her bid 9/ will be allocated |f9 is also allocated. expenments We compare MOVMPA with a good offline
S|m|IarIy, if a user gets the allocation by reportnﬂg she mechanism to identify its strengths and weaknesses.

will also get it by reportmgd’ > d Proofs for the other

parameters follow the same Iog|c based on the priorities & EXperimental Setup

for ordering the reported types in MOVMPA-ALLOCATE We choose the offline mechanism CA-PROVISION from
(Subsection IV-B). Thus, the allocation function MOVMPA-our previous work [14] to compare with MOVMPA. CA-
ALLOCATE is monotone. Since we compute the minimunPROVISION solves the dynamic VM provisioning and alloca-
value that the users must report to get the allocation, ttien problem in clouds. It is invoked at regular intervaks.g,
minimum value is the same for boé; andé;., given that the hourly). When it is invoked, it considers all the bids colkstt
other users’ reported types remain the same. Henpays the during the past interval and runs a combinatorial auction to
same amount for reporting both types. This is the critichl&a determine the set of winners, their payments, and the number
payment that we calculate in MOVMPA-PAYMENT. Hencepf different VM instances to provision. The VM instances are

MOVMPA is incentive compatible. B allocated for one time interval and users requiring subsetu
Theorem 2:The time complexity of MOVMPA is access must continue to bid until their time requirement is
O(nlogn). fulfilled. A bundle allocated to a user at current period may

Proof: The costliest operation in MOVMPA-ALLOCATE be preempted later if the demand increases.

is sorting the users in line 2. This requires a runtime of The input data we use are collected from The Parallel
O(nlogn). However,n is the total number of users and eaciorkload Archive [17]. We show the information about the
time the mechanism encounters only a fraction of them. workload logs and some statistics associated with them in

MOVMPA-PAYMENT seems rather complicated becaus&able |. The table shows the name of workload logs, the
it repeatedly calls MOVMPA-ALLOCATE. But in an actual duration for which the logs were collected, the number o§job
implementation, we do not need to call the allocation fuorcti and the total log hours in the first four columns. The table als
to determine the critical payment. For each ugehat is a shows the total number of processors of the system the logs
winner, we need to consider only the usgfswho lose at were generated from. We assume that the weight of a VM
timet, in non-increasing order of their bids, and check whethé@rstance corresponds to the number of processors allotated
userj’ can win her bid ifj does not participate. This checkit. Hence, the total number of processors of a system repigse
is done in a single comparison of resources occupiedj bythe total weight of the computing resourcés. We denote
and the resources requested gy When we find first such the total computing resources allocated to a workleaby



TABLE |
WORKLOAD LOGS

Collection Total | Total Total no. of Jobs /| Avg. runtime Avg procs. | Normalized
Logfile (w) period Jobs | hours | Procs. (M,,) | hour (J,) | inhour (I,) | perjob P.) load (.,)
DAS2-fs0-2003 12 months | 225,711 8744 144 25.81 1.09 10.27 2.01
DAS2-fs1-2003 12 months| 40,315 | 8633 64 4.67 1.23 8.38 0.75
DAS2-fs2-2003 12 months| 66,429 | 8760 64 7.58 1.29 9.45 1.44
DAS2-fs3-2003 12 months| 66,737 | 8712 64 7.66 1.17 4.96 0.69
DAS2-fs4-2003 11 months | 33,795 | 7963 64 4.24 1.67 3.66 0.40
LLNL-uBGL-2006 | 7 months| 112,611 | 5339 2,048 21.09 1.25 575.79 7.41
LPC-EGEE-2004 | 9 months| 234,889 | 5728 140 41.00 1.80 1 0.53
TABLE Il . . :
SIMULATION PARAMETERS the reserve price instead of zero at line 20 of Algorithm 3. In
our experiments, the reserve price for MOVMPA is the same
Parameter _ | Notation | Values as that used for CA-PROVISION. We show all the parameter
Average bundle weight Savg from workload .,) | in Table Il W 18 . ¢ Kload |
Average time per job lovg from workload (7.) values in Table 1l. We run experiments per workload log
Average deadline factor davg 3 with different combinations of parameters.
Average valuation Vavg 5, 10, 20

Cost of running and idle VM| cg,cy 1,05 B Analysis of Results

We summarize the results per workload in Figure 1. In this

M,,. The next four columns in Table | are statistical datbgure, we show the workload logs with their normalized load
and are defined as follows. Jobs/houk,) is the average ©n the horizontal axis and the percent of users served, the
number of jobs submitted to the system per hour. The avera@j€rage revenue per served user, and the average utility per
runtime (I,) and the average number of processors per j§i§fved user on the vertical axis. In Figure 1la, we observe
(P,) are calculated over all records of the workload log. TH&at MOVMPA serves a higher percentage of users than CA-

last column shows,,,, the ‘normalized load’ of workload,, PROVISION. The most significant gain is with logs LLNL-
which is computed as follows uBGL-2006 (normalized load 7.41) and DAS2-fs0-2003 (nor-
malized load 2.01), which are the highest among the worldoad
= M used here. The percentage of served users is nearly doubled
M, for the case of DAS2-fs0-2003 workload and it increases more
Normalized load measures the average amount of resourtteen six-fold for LPC-EGEE-2004 workload. This is because
requested against each unit of computing resources alailain CA-PROVISION, even if there are available resources, a
It helps us in ranking the otherwise heterogeneous workloagser must wait until the next auction time. By that time more
and also explaining some of the experimental results. users may arrive and she may lose the auction. On the other
We setup the simulation experiments as follows. We assutnand, preemption also makes some users leave even if they
that a cloud provider provisions its resources into fouet/pf receive the allocation in some auction but still require the
VM instances,V My, ...,V M, with weightsw = (1,2,4,8). resources for additional time to complete their task. Sihee
Users bids ¢, = r1,...,rJ,,a;,l;,d;,v;) are generated using above two workloads generate high bid density, this leads to
a workload filew and its pre-computed statistics that aren increase in the number of auctions and MOVMPA could
shown above. The time of arrival; of user; is taken from accommodate more bids, thanks to its online design.
the log file.s; = Y.7", w;r], i.e., the total weight of the On the other hand, in Figure 1b, we see a decline in
requested bundle is chosen from an exponential distributithe average revenue generated from each served user. As we
with means,., = P,, the average number of processordiscussed in Section V, online mechanisms cannot obtain an
per job in workloadw. We arbitrarily set the values of/s optimal outcome because they determine the allocationdbase
once we determing;. The required time for allocatiori;, on incomplete information. This leads to a suboptimal value
is also determined using exponential distribution with meaf the social welfare given by Equation (1). An intuitive
lavg, Which is derived fromZ,,, average runtime of the jobsexplanation is that by deciding about an allocation as s@on a
in workloadw. Deadlined; and valuatiorw; are computed as possible, MOVMPA helps a user avoid facing competition with
dj = a; +1; X exp(dqvg) andv; = exp(vqyq). We show the the future bidders. With CA-PROVISION, users must compete
values chosen fot,,, and v, in Table Il. We bring more with other users that bid during the same period and hence
variation in the input data by randomly choosing about 50%e price of the items increases. But the increased number of
users and multiplying any of their bid parameters by 2.  served users offsets some of this revenue loss.
CA-PROVISION computes a reserve pricg.; = cg — ¢ However, we see in Figure 1c that MOVMPA produces
from the cost parameters associated with a running or idlisgmparable results for the average utility of the servedsuse
unit VM instance. Although we did not present MOVMPAAIthough it is expected that by paying less, users would gain
with a reserve price, it can be easily incorporated by ddingr higher utility, but that will happen if both auctions select
users below the reserve price and then charging a winning uee same set of users for allocation. This is not possible
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Fig. 1. Overall results comparing CA-PROVISION and MOVMPA) percent of users served; (b) average revenue per sereedans (c) average utility
per served user vs. the workload logs.
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