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Abstract—The current cloud computing platforms allocate larger unit of time). Fixed-price methods do not providerase
virtual machine instances to their users through fixed-price allo- with any incentive for selecting their execution time-fi@srin
cation mechanisms. We argue that combinatorial auction-based g,y 5 way that the system load is balanced over time.
aIIocatlo_n mechanlsms are espeually eff_|C|ent over the flxe_d-prlce The inefficiencies in solving the resource allocation peahl
mechanisms since the virtual machine instances are assigned to, . .
users having the highest valuation. We formulate the problem of in clouds mentioned above can be best addressed by auction-
virtual machine allocation in clouds as a combinatorial auction based mechanisms. Among different types of auctions, the
problem and propose two mechanisms to solve it. We perform combinatorial auctionsare the most suitable for solving the
extensive simulation experiments to compare the two proposed \/\j pricing and allocation problem in clouds. In combinagdri
combinatorial auction-based mechanisms with the currently used - . . .
fixed-price allocation mechanism. Our experiments reveal that auct|o.ns,. .the pgrumpants b"?' for bundle; of items rather
the combinatorial auction-based mechanisms can significantly than individual items [2]. This enables bidders to express
improve the allocation efficiency while generating higher revenue their valuations in a more meaningful way, especially when
for the cloud providers. the items they require are complementary to each other. To
illustrate this, let us consider the following example. Awd
service provider offers ‘small’ and ‘large’ VM instances. A

Cloud computing enables individuals and small to mediunser needs to run an application which requires two small
enterprises satisfy their computational needs with no or-miand two large VM instances. It is more meaningful for her
imum upfront costs of acquiring hardware and software. Qo be able to bid for the entire bundle she needs rather
the other hand, cloud providers benefit by commercializithan bidding for each VM instance separately. Bidding for
their huge computing resources through the cloud computiegch VM instance separately involves the risk of ending up
platform. A cloud computing platform abstracts the undedy acquiring just a subset of her required set of instances. The
physical resources from the users by providing them with timeotivation behind our work is that by designing and deplgyin
view of virtual machines (VMs). This enables easy manageembinatorial auction-based mechanisms for allocating VM
ment and pricing of the resources. Currently, the majoriipstances, the cloud providers can guarantee fairnesseto th
of cloud providers price their computing resources based asers as well as enjoy higher revenues and a balanced load on
the ‘size’ of the VM instances offered. They define differentheir systems.
types of VM instances by specifying the number and speedApplication of auctions, however, is not entirely new to
of processors, the memory size, the bandwidth allocatitm, ethe cloud computing community. After allocating computing
There are two ways to ‘purchase’ VM instances: pay as you gesources for the long-term and on demand users, Amazon
and long term contract. In both cases users pay fixed pride82 sells the remaining virtual machines (instances) tgjnou
per unit time for using the resources; the only difference &n auction called Spot Instances [3]. In this auction, the
that by committing to a long term contract they usually payidders specify their demand (i.e., the number and type of
less per unit of time for using the same resource. the instances) and the maximum price they are willing to pay.

We argue that the currently used fixed-price schemes for Almazon periodically runs the auction with active bidders to
location and pricing of resources have several drawbadkst, F determine the current price and then users with bids higher
they are not economically efficient [1], that is, they canndhan that price are provided with their desired instancdk. A
guarantee that the user that values a bundle of VM instaneesgrs pay the same price per instance which is computed by
the most, gets it. Second, fixed prices do not necessaricteflthe auction. A user getting the allocation may be terminated
the equilibrium prices that arise from market demand aralater point if the auction-determined price goes beyord he
supply. This may lead to lower than optimal revenue for thaid. This approach is different from combinatorial auction
cloud providers. Finally, since in cloud computing platfar because one single price is determined based on market
resources are sold for a period of time, it is desirable thatipply and demand (i.e., equilibrium) and all bidders pay
user requests be evenly distributed throughout the day @vethe same price per item regardless of how much they value

I. INTRODUCTION



the item. On the other hand, in combinatorial auctions, eaodsource allocation in grids and showed that it outperfaims
winning bidder's payment is calculated based on her awdnventional round-robin approach. Das and Grosu [9] pro-
other bidders’ valuations. Therefore, combinatorial emt posed a combinatorial auction-based protocol for resoakce
are capable of capturing the competition between users focation in grids. They considered a model where differeit g
resources and generating higher revenue for the providgyeoviders can provide different types of computing resesrc
From Amazon’s initial effort of using auction-based allboa, An ‘external auctioneer’ collects these information abthe

it is reasonable to expect that cloud providers will be iested resources and runs a combinatorial auction-based albocati
in more efficient allocation and pricing schemes in the nearechanism where users participate by requesting bundles of
future. Combinatorial auctions will clearly be one of thegho resources. The major difference between the present watk an
desirable allocation schemes in this regard. This is supgorthe one presented in [9] is that we are considering allonatio
by their successful application in various fields rangingrfr of VM instances of a single cloud provider whereas in [9], the
selling wireless spectrum to transportation procurement fauthors considered the problem of allocating differenesypf
large industries [2]. physical resources from multiple grid providers.

_— Wang et al. [10] studied different economic and system
A. Our Contribution Lo . )
implications of pricing resources in clouds. Buyggal. [11]

We formulate the problem of allocating VM instances iproposed an infrastructure of federated clouds for auetion
clouds as a combinatorial auction problem. The objectitfased resource allocation across multiple clouds. Altmetnn
of this problem is to efficiently allocate VM instances ofl. [12] proposed a marketplace for resources where the
several types to several users requesting a set of VM inssangjlocation and pricing are determined using an exchange
of different types. To solve this problem, we propose twgarket of computing resources. In this exchange, the servic
combinatorial auction-based allocation mechanisms. &hgsroviders and the users both express their ask and bid prices
two mechanisms are obtained by extending the mechanisgil matching pairs are granted the allocation and removed
proposed in [4] and [5]. The mechanism proposed in [4lom the system. We are considering a combinatorial auction
considers a combinatorial auction problem where a user o@chanisms instead of an exchange in our paper. In this case,
include at most one item of a particular type in her requestgie cloud providers need not express any valuations of the
bundle. We relax this condition to allow users requestingems (or ask prices). Also, combinatorial auctions are enor
more than one item of a given type. Also, this mechanism igeful in the cloud computing context since usually users
suitable for combinatorial auctions with many types of igenyequire a particular bundle of resources in order to runrthei
where each type of items has few instances. We extend Hjsplications.
mechanism so that it can be applied to the VM allocation 1, complexity of solving the combinatorial auctions,

problem where there are few types of items and each type @3, ifically the winner determination problem, was first ad-
many instances. _ . dressed in [13]. Sandholm [14] proved that solving the winne
The other mechanism we propose is an extension of thgiermination problem is computationally hard. Lehmatn
greedy mechanism presented in [5]. This mechanism detgy-5] studied combinatorial auctions with single-minded-bid
mines the allocation based on the valuation of the US&f§is and devised a greedy mechanism for combinatorial auc-
and the total number of items they request. We extend thgn |n this paper, we extend this mechanism in order teesol
mechanism in [5] so that it considers the relative sizes ef thhe v\ allocation and pricing in clouds problem. Archer
VM instances and show that the properties of the origing| 14] considered another case of single-minded bidders where
mechanism are maintained. We compare the two proposggtiple identical copies are available for different tgpef
combinatorial auction-based mechanisms with the fixedeprijioms. They provided a mixed integer programming based
based allocation mechanism used by Microsoft in their Wingqqrithm for winner determination and showed theoreijcal
dows Azure platform [6]. We investigate the relative perforya; their solution performs better than generalized #mist
mance of these three allocation mechanisms by performipg ihis special case. We extend this mechanism such that it
extensive simulation experiments. The experiments shatv o, pe used to solve the VM allocation and pricing problem

the proposed combinatqrial auction-_base_d mechanismeycleqye consider in this paper. Cramta al. [2] provides good
outperform the fixed-price mechanism in terms of resourg¢g,dational knowledge on combinatorial auctions.
utilization, generated revenue, and allocation efficientse

analyze the results and provide recommendations on where to
use the proposed mechanisms. C. Organization

B. Related Work The rest of the paper is organized as follows. We formally

Several researchers investigated economic models for define the problem we are considering in the next section.
source allocation in computational grids. Wolséd al. [7] In Section Ill, we present the mechanisms we consider for
compared commodities markets and auctions in grids $olving the VM allocation problem. In Section IV, we deserib
terms of price stability and market equilibrium. Gomoluclthe experimental results. In Section V, we conclude the pape
and Schroeder [8] simulated the double auction protocol fand present possible directions for future research.



Il. VIRTUAL MACHINE ALLOCATION PROBLEM Virtual Machine Allocation Problem (VMAP)
The cloud providers set different configurations of VM Determine the set of winner$y C U, and paymenp; for

instances that the users can request. A user requests VMach usew;, j =1,...,n, such that

instances of different types and pays the cloud providetifer j )

time she uses them. The prices for different types of ing®nc Z <k i=1..,m 2
for short-term use are fixed by the cloud providers in advance Jrui €W )

Another possibility is that a user sets up a long-term cattra 0<pj<v; HfueW 3)
if she requires the resources for a long period of time, inchi p;j=0 ifu ¢W (4)

case she may obtain them for a lower price. Here we consider
the problem of efficient allocation and pricing of VM instasc The constraint in Equation (2) ensures that the users are
for short-term use. allocated at most copies of each type of VMs. Equations (3)

We define thevirtual machine allocation problem (VMAP) and (4) ensure that the winners pay at most their valuations
as follows. Assume that the allocation and prices are ddcidand the losers do not pay at all.
periodically by a given mechanism. Let the interval between Note that VMAP does not have an objective function.
two such decisions be ‘one unit of time’. VMAP considerd§he most reasonable objective function would be to maxi-
allocating the VM instances for one unit of time. Assume thamize the cloud provider's revenue, but very little is known
a cloud provider hasn different types of virtual machines about revenue maximization in the context of combinato-
VM,,...,VM,,. The relative computing capabilities (basedial auctions [15]. Combinatorial auctions are usually de-
on number and speed of CPUs, memory, etc.) of these VMs aigned to maximize the sum of the bidders’ valuations, i.e.,
characterized by a vectev = (wy, ..., w,,) wherew; € Ry, max Z’le v;. Since valuation is a measure of willingness to
1=1,...,m. We also assume that; = 1 andw; < wy < pay, maximizing the sum of the valuations usually generates
... < wy,. To illustrate this, we consider the types of instancevore revenue for the resource provider than a fixed-price
currently offered by Microsoft Azure Platform: Small (CPUallocation does. On the other hand, given the prices of each
1.6 GHz, Memory: 1.75 GB, Storage: 225 GB), Medium (CPtype of VM instance, a fixed-price allocation mechanism does
2x1.6 GHz, Memory: 3.5 GB, Storage: 490 GB), Large (CPUdot have an objective function to maximize. Therefore, VMAP
4x1.6 GHz, Memory: 7 GB, Storage: 1 TB), and Extra largks formulated here as a feasibility problem with the constsa
(CPU 8x1.6 GHz, Memory: 14 GB, Storage: 2 TB). In thighat are to be satisfied by all types of solutions. We shall
example, VM, VM,, VMs3, VM, are the Small, Medium, introduce other constraints and/or objective functionsemh
Large, and respectively Extra large VM instances. The weigie discuss the proposed mechanisms for solving VMAP.
vector characterizing the VM instancesvis= (1, 2,4, 8).

Let us assume thdt copies of each type of VMs are avail-
able for allocation at a given instance of time. To simplifigt  In this section, we present three mechanisms that solve
presentation we assume that the system has the same nuWBéAP. The first, called FIXED-PRICE, is the fixed-
of each type of VM instances available. This assumption dopgce mechanism currently used by several cloud service
not affect the generality of the results presented in thjsepa providers [16], [17]. The next two mechanisms are the pro-
There aren usersu,...,u,, each requesting a set of VMposed combinatorial auction mechanisms, CA-LP (Combi-
instances and revealing how much she values that particut@torial Auction - Linear Programming) and CA-GREEDY
set. That is, a usen; is requesting VMs from the cloud (Combinatorial Auction - Greedy). CA-LP is an extended
provider by placing a bidB; = (T{,r;,,,.77~gﬁ,vj), where version of the mechanism proposed by Archar al. [4].

r! € {0,1,...,k} is the number of instances of typgé\/; The mechanism proposed in [4] solves a problem similar
useru; requires in her bundle and is her valuation for this to VMAP by using linear programming relaxation and ran-
bundle, i.e., the maximum price she is willing to pay for lg;indomized rounding. We extend that mechanism so that it is
the requested VMs for one unit of time. Here we consider tf@®le to solve VMAP. CA-GREEDY is an extension of the
users to be single-minded bidders. A single-minded bidder mechanism proposed by Lehmaanal. [5]. The mechanism
desires only a specific bundle of iter§s, values that bundle Proposed in [5] is the best possible approximate soluticthef

1. VIRTUAL MACHINE ALLOCATION MECHANISMS

atv;, and has the following valuation function [5], combinatorial auction with single-minded bidders. Howeve
v S CS this i.s a general purpose mechanism that does not assume any
v(S) = { OJ othérvT/ise (1) relative importance of the items being allocated. We extend
this mechanism by incorporating the weights of differeipety

The goal of the VM allocation problem, given the set off VMs as described in Section Il. We now describe each
usersU and their bids, is to determine the set of winnBfsC  mechanism in detail.
U and the price the winners have to pay to the cloud provider. )
User u; is a winner if she receives her requested bundle 6f FIXED-PRICE Mechanism
VM instances. The price user; pays to the cloud provideris  The FIXED-PRICE mechanism defines a fixed-price vector
denoted by;. We formally define the VM allocation problemf = {fi,..., fn}, where f; is the price a user has to pay to
as follows: use one instance &fM; for one unit of time. The mechanism



allocates VM instances to the users in a first-come, firsteser algorithm needs to benonotone In a monotone allocation
basis until the resources are exhausted. It also makeshaire algorithm, a bidder can only increase her chance of getting
in order to get the requested bundle, the valuation of ugés her requested bundle by reporting a higher valuation or by
at leastF;, whereF; is the sum of the fixed prices of each VMrequesting fewer items in her bundle. A monotone allocation
instance in her bundle. It also makes sure that the allatatialgorithm allows finding the so calledritical value of a
does not exceed the number of available VM instances wfnning bidder, which is the minimum she needs to bid in
each type. The set of users receiving the requested bunaltder to get her requested bundle. A user has to pay heratritic
is denoted byiW. A user pays the sum of the fixed-prices ofialue to the mechanism if she wins. For some combinatorial
each VM instance in her allocated bundle. We formally defirsuction problems, randomization is involved in the winner
the mechanism as follows: determination and/or the payment calculation algorithm. |
that case, the goal of the resulting mechanism is to ensure

FIXED-PRICE Mechanism that the participants maximize their expected utility bgiding

1. Receive requests from users. their true values. Such mechanisms @eehful in expectation
a. Forj=1...n, We discuss the useful properties of our proposed mechanisms
Receive(r], ..., rJ,,v;) from useru; as we describe them below.
2 Allocation. We now describe the two proposed mechanisms CA-LP and

CA-GREEDY, the modifications to the original mechanisms
from [4] and [5] and the reason behind those modifications.
"We also show that the mechanisms are truthful.

1) CA-LP MechanismArcheret al. [4] considered a com-
binatorial auction problem similar to VMAP. The difference
is that in their case bidders can request at most one copy

a. Sort users according to their time of placing th
request, from earliest to latest. (Here we assu
Uy, Us, . . ., Uy as the order.)

b. Initialize W « ¢

c. Forj=1...n,

Fje— 3y fi of each item type (i.es/ € {0,1}), whereas in the VMAP,
if (v; > F;) and , users can request multiple copies of each type of item (i.e.,
i+, ewri Skii=1,...,m) rl e {0,1,...,k}). We modify the winner determination
thenW — W U {u;} algorithm of the original mechanism such that it is able to
3. Payment. solve VMAP. The algorithm for the calculation of payment is

Useru; pays,p; = Fj,if u; € W;andp; = 0, if u; ¢ W. kept the same as in [4] because it maintains its property when
applied to VMAP with the modified winner determination
algorithm. We present it here for completeness. The CA-LP
mechanism is given below.

The general combinatorial auction problem can be in- )
formally stated as determining the allocation and prices ofA-LP Mechanism
bundle of items such that the sum of the user’s valuationd. Collect Bids.
is maximized. In a combinatorial auction user valuatiors ar a. Forj =1...n,
expressed on bundles of items rather than on individualstem Collect bid B; = (r4,...,ri,,v;) from useru;

A desired property of a combinatorial auction mechanis
is truthfulness A mechanism is truthful if the participants
benefit most when they reveal their true valuations to the
mechanism. A participant’s benefit in a combinatorial aorcti
is expressed by hattility, which is defined as the difference n
between the valuation she receives from the resource ttboca max Z ZjUj ©)
and the price she pays to the mechanism. An ideal truthful j=1
mechanism determines the optimal allocation that maxisnize subject to
the sum of the valuations and computes payments such that .
each participant maximizes her utility only by reporting he g ;o
true valuation to the mechanism. A truthful mechanism helps z;ﬂfﬂ"i skod=lem ©)
the bidders in that they do not need to compute a complex =
strategy or assume other users’ strategies while makirig the
bids. c. Initialize W « ¢

The winner determination problem of combinatorial auc- d. For each usen;, taken in descending order of,
tions is an NP-hard problem [14]. Therefore, research has | Generate a random numbey € [0, 1]

B. Combinatorial Auction-Based Mechanisms

M Winner Determination.

a. Setk’ — (1 —¢)k, where0 <e < 1
b. Solve the following linear program

0<z; <1 j=1,...n @)

been conducted to find approximate solutions to combina- e If y; <z, and
torial auctions. In order to obtain a truthful approximatio o )
mechanisms that solve the winner determination problem, ] + Z rl <k i=1,....,m

few issues need to be addressed [18]. The approximation 3" EW



thenW — W U {u,} The authors of [4] proved that the original mechanism is
3. Payment(same as in [4]) truthful in expectation. We claim that CA-LP maintains this
a. For each uset,; € W, property. N . .
Y L Claim 1: CA-LP mechanism is truthful in expectation.
« Perform binary search for; in the range(0, v;] Proof: (Sketch.)it is shown in [4] that thez; values

— Set valuation ofu; aswv; in Equation (5) ~ calculated by the LP in step 2.b. are monotone with respect to
— Solve the LP, letz; be the fractional allocation the user valuations, i.e., a user can increase her probability
computed foru; of winning by increasing her valuation. Now, in step 2.d.,

— Until a v’ is found such that, setting valuation ofwe exclude the users with the lowes} values from being
u; less thanv) generates’; < y; and setting the a winner in case an item is oversold. Since this decision is
valuat|on greater than; generate& >y;- This  made with respect to the; value and a user can increase
% is the “critical value'. her z; value by bidding higher, we claim that the winner
o pj =) determination algorithm of CA-LP is monotone.

The payment calculated by CA-LP is the critical value that
is the minimum a user must bid to get her requested bundle
In the above mechanism, the objective of the linear prograaiiocated. Her reported valuation only helps decide wiethe
is to find a vector of ‘fractional allocations = {x1,...,xz,} she will be a winner, but she has to pay this critical value
that maximizes the sum of the users’ valuations (Equatin (Swhen she wins, no matter how large her valuation is. Because
In step 2.a., the total number of available VM instances oheaof these and following the results given in [4] the mechanism

type is reduced td:’, which is then used in the constraintmaintains the property of truthfulness in expectation. m
in Equation (6). This constraint limits the allocation ofcka  2) CA-GREEDY Mechanismi:ehmannet al. [5] proposed
type of VMs to &’. Using k" instead ofk in this constraint a /M -approximation mechanism for combinatorial auctions
helps reducing the probability of over allocating the VMsvith single-minded bidders where the total number of items
during the randomized rounding in step 2.d. This constraiit //. We extend this mechanism by redefining to be the
is a modification of the constraint used in the mechanis@weighted total number of VM instances, i.8/, = kZ "L wi.
presented in [4] by letting? take any value rather than only Owe define the ‘size’s; of the bundle in bidB; requested
and 1. The next constraint bounds the fractional allocati®yy useru; ass; = Y./ w;r/. In the original mechanism,
values between 0 and 1. s; is defined ass; = Zznlrf. i.e., the total number of

In step 2.d., usew; is selected as a winner with probabilityitems requested im;. Here we present our CA-GREEDY
x;, if this allocation does not violate any constraint in EqQuamechanism.
tion (6). This operation is executed in order of decreasing ,
values so that if there is a violation in the constraint, teeru CA-GREEDY Mechanism
assigned a lowes; value is not included if¥. This step is 1. Collect Bids.
another modification of the winner determination algorithm a. Forj=1...n
presented in [4]. In the original algorithm, users are first Collect bid B; = (r{,...,rgn,
included inW with a probability ofz; and if constraint (6)
is violated for any item, all users requesting that item are
excluded fromW. This method is suitable for auctions where
many different types of items are sold and each type of item
has only a few copies. But in the context of VMAP, this
approach will significantly affect the allocation since le&gpe
of VM has many copies and there are only a few different . ,
types of VMs. For example, let a cloud provider offer four ifforalli=1...m,rj +3, cwri <k
types of virtual machines, 500 instances of each type. Sigpo thenW — W U {u;}
that after rounding)/’M; becomes over allocated. According 3. Payment.
to [4] we need to discard all the users that requests any a. For eachs; ¢ W,
mstqnce ofVM; in her bundle. This results in 500 unsold « Whe{uiu; ¢ W= w €W}
VM instances. The other VMs requested by those users also | ; . minimum index it
becomes unallocated. This is the reason we cannot use the ; /
original winner determination algorithm from [4] to solve » T W5 # ¢ thenp; — (u//s1)y/5;
VMAP.

The payment in CA-LP mechanism is calculated by finding
a bid for a winning uset; that is minimum for her to be  The mechanism determines the winners by first ranking the
a winner based on thg; value generated in step 2.d. Thisusers in decreasing order of their bid density (vg/,/s1) and
component of the mechanism is the same as in the origilaén greedily allocating them starting from the top of trst. i
mechanism. Before allocating a new bundle the mechanism verifies theat th

b. For each usen; ¢ W, p; < 0

;) from useru;
. Winner Determination.

a. Initialize W «— ¢ .

b. Forj=1...n,s; < > rlw;

c. Reorder user bids such that

v1/\/51 2 V2 \/52 > ... = v \/Sn
d. Forj=1...n,

o elsep; — 0
b. For eachu; ¢ W, p; < 0



new allocation does not exceed the number of available VM TABLE I: Simulation Parameters

instances of each type (step 2.d.). The paymgna winner  Parameter Description Value(s)
u; pays is calculated by multiplying/s; with the highest bid T’? p— leypsaof \f/MS — o0 1(;100 —
. . - P vallaple S Of each type , ,

density among the loosing players who WOl.,lld wm;fyvould w Relative weight of VMs 4.2 4. 8)
not be a winner (step 3.a and 3.b). That is, the winner pays—x Maximum number of Users 100000
the critical value. L min_pmaz | Min. & Max. VM instances 0.5

Our mechanism is different from the original in the way the of each type in a bundle
bid d Lo lcul d. Th iqinal hani pmar Maximum valuation 1,2,5,10

id density is calculated. T e original mechanism COMpuUtegin ymaz | Min, & Max, execution me 1,10
s; as the total number of items if8;, while in our case we gmin gmaz Min. & Max. deadline 2,10
considers; to be the weighted sum of the number of VM (10%, 40%, 50%),
. . .. 0, 0, 0,
instances requested ig;. Another difference is in the way our ™ Distribution of users 8802 28;;' 28,,;‘;;'
mechanism verifies if the capacity is exceeded for each tfpe o (30%, 30%, 40%)
VM instance (step 2.d). We claim that CA-GREEDY has the  p Scale factor for bundle size | (2, 1.5, 1), (3, 2, 1)
same approximation ratio as the original greedy mechanism__ Scale factor for valuation (2,15, 1), (3,2, 1)
and it is truthful as well T Scale factor for execution timg (2, 1.5, 1), (3, 2, 1)

’ o Scale factor for deadline (.5, .67, 1), (.33, .5, 1)

Claim 2: CA-GREEDY is a truthful mechanism that com-
putes a+v/ M-approximate solution to VMAP, wherd/ =
ESTT w;.

Zl;;;gf: (Sketch.)The mechanism presented in [5] is 6yvith all the users generated during that hour and all users fr

/M-approximation of a general combinatorial auction, whef¥€V10US time slots that are still active. An active userng o

M is the total number of items. In the case of VMAPWhose task has not been finished or the task deadline has not

M = kY™ w;. According to the definition ofwv, w; is the bgep reached. Each mechanism computes the allocation and
number of_VMl instances equivalent to oréM,; instance. pricing for the next one hour and keeps track of the users’
Therefore, in VMAP, M is the total number of equivalentStatus separately.
instances oM, that are available. The mechanism presented USers are of three categories: type-1, type-2, and type-3.
in [5] provides ay/M-approximation solution when there arelYPe-1 users are the most demanding, type-3 the least, and
M items in total, therefore the CA-GREEDY mechanism alsi/Pe-2 fall in between. User demands are characterized by
generates an/M-approximation solution to the VMAP. four factors: number of requested VMs, valuation, duration
Now, we show that the winner determination algorithm dgfr which the bundle is requested, and a deadline by which
CA-GREEDY is monotone and the payment calculated fortge task has to be finished. For example, type-1 users request
winner is the minimum payment she has to pay to win her biflore VMs than the other two types of users, request the VMs
From step 2.c. of the mechanism, it is clear that a user ci@ longer period of time, have the highest valuations, and
increase her chance of winning by increasing her bid. Alsohgve stricter deadlines than the others. Also, each catefor
user can increase her chance to win by decreasing the weightgers are generated at particular times of the day. A sifoolat
sum of the items. For example, a user requesting two small @Y is divided into three time slots: peak (8am—4pm), ofipe
two large VM instances will be higher in the order than a uséfPm—midnight), and night (midnight-8am). Type-1 usess ar
requesting one small and three large instances for the sa@§derated (and hence submit their bids) during the pealshour
valuation, although the numbers of VMs requested are tRBIY. Type-2 users submit bids during peak and off-peak fiour
same. Therefore, the winner determination algorithm of c/Rnd type-3 users can be generated any time of the day. To
GREEDY is monotone with respect to user bids considerif@mpare with real life scenarios, we can roughly considat th
the relative computing capability of different types of VMstyPe-1 users are the big corporations, type-2 are the laide a
Also, the payment of a winning bidder is set to the minimud’ﬂe_di_um businesses, and type-3 are the small businesses and
payment she has to pay in order to get the bundle, that is {Rgividual users.

critical value payment. Therefore, the mechanism is tuithf We assume that the cloud provider offers four types
m of VM instances: small, medium, large, and huge

(VMy,VMy, VM3, and VM,). We also set their relative
IV. EXPERIMENTAL RESULTS weights to w = (1,2,4,8) and their fixed prices to
A. Experimental Setup f = (0.12,0.24,0.48,0.96). This corresponds to the fixed-
The simulation for one instance of VMAP runs for five simprice model used in Microsoft's Windows Azure Platform [6].
ulation days. During each simulation, a maximum of 100,000herefore, each user;’s bid is a 5-tuple(ri, 3, 3,73, v;),
users are generated. A group of users are created five tiraédre ;] is the number of requested instancesVaf/; and
an hour, i.e., every twelve minutes. Therefore, an average is her valuation. Usen;’s task is characterized by the
of about 167 users are generated every twelve minutes. Wele (¢;,d;), wheret; is the unit of time the resources are
add a deviation randomly chosen from [-20%, +20%] to thkg¢quested for and; is the time by whichu;'s job needs to
number to determine the actual number of users generated@tcompleted.
a particular time. We invoke all three mechanisms every hour To generate user bids, first the type of the user is randomly



chosen from the user distribution. Then, random numbers User and System Parameters (og0 cale)

are generated from the ranges™, rmec], [0,v™], and " FIXEDPRICE
[tmin ¢maer] and assigned to thes, v;, andt;, respectively. served
These values are then scaled with a factor associated véth th
category of the user. For example, user factors /fs are
given by the vectolp. Therefore, after generating values izaion
from the given range, they are multiplied with to determine

the actual value when the user is of type-1. The vector
denotes the scaling factors for valuation for differentetyp

of users. After generating a random number within the range
[0,v™*], we multiply that value with the\ value according

to the type of the user generated. Similarly, vecterand §
denote the user factors for scaling the time required and the
deadline. The deadline is determined by selecting a random o o _
number, scaling it, and then adding the result;towe list all  Very low running time compared to CA-LP since its only major
simulation parameters in Table I. computation is to sort the list of users.

To create different instances of VMAP, we vary the pa- We now investigate different performance metrics with
rameters that have effect on the user distribution, deman@rying simulation parameters. In Figure 2a, we show the
and payment resulting from the allocation. Thus, we choo&evenue generated for different ranges of user valuations.
four different distributions of type-1, type-2, and typesSers We see that low user valuations most adversely affect the
given by the following tuples: (10%, 40%, 50%), (20%, 3094;IXED-PRICE mechanism. This is because it does not allocate
50%), (20%, 40%, 40%), and (30%, 30%, 40%). We considegquested bundles to users having valuations below the-fixed
four values ofv™e*, 1, 2, 5, and 10, which give four rangegPrice range. But the auctions can generate revenues because
of valuations (0-1), (0-2), (0-5), and (0-10). Table | liske they calculate the payments from the user valuations. The
parameters, their description, and the range of valuestétkey revenue increase at the same rate from valuation range} (0-1
Combining all these values with each other, our simulatidd (0-5). Then, for the valuation range (0-10), we see a sharp

5.53% B CA-LP
8.01%
5.60% m CA-GREEDY

116,750
272,556
221,098

Revenue

Time

Fig. 1: Overall performance of the mechanisms

experiment runs 768 different instances of VMAP. rise in revenue generated by the auction mechanisms, while
_ the FIXED-PRICE mechanism’s revenue does not increase
B. Analysis of Results that much. This is because the price for an average-sized

The experimental results show that the proposdaindle is 4.5 according to the fixed prices we set. FIXED-
combinatorial-based auction mechanisms have cldaRICE mechanism’s revenue is bounded by the fixed prices,
advantages over the fixed-price mechanism for solvirigerefore it cannot take advantage of higher user valustion
the VMAP. Here we discuss their overall performance arfds shown in Figure 2b, our experiments reveal that the rate of
then investigate the effect of different parameters onoveri resource utilization obtained by the auction-based mestven
performance metrics such as generated revenue, utilizatits not affected by the valuation ranges. The utilizatioraotgd
runtime and the number of users served by the system. by FIXED-PRICE increases as the valuation range increases,

We show the average performance of the three mechanisangl it is lower than that obtained by combinatorial auction
over all combination of parameter values in Figure 1. We s&&echanisms for all the ranges of valuations except for (1-10
that CA-LP outperforms the other two mechanisms in all thréange.
metrics except the running time. Around 8% of the 100,000 We now examine how the three mechanisms deal with
users could complete their tasks when CA-LP mechanismdgferent types of users. Recall that type-1 users are the
used. We also see that the overall utilization of the ressuranost demanding and type-3 users are the least demanding. In
and the revenue generated are the best for CA-LP. ThisFigure 2c we plot the percentage of users that could complete
because the linear program has as objective maximizing tiheir tasks. We observe that the FIXED-PRICE mechanism
sum of the valuations, which eventually generates highserves type-3 users the most. This is because it only casside
revenue by utilizing as many machines as possible whillee order in which users arrive. Type-1 and type-2 users have
satisfying the constraint given in Equation (6). Utilizingore shorter deadlines and therefore leave the system if they do
machines allocates more users and therefore more users mainget the allocation within a few allocation events. On the
finish their tasks. On the other hand, CA-GREEDY allocatexther hand, type-3 users have longer deadlines, and therefo
users based on their relative valuation. Therefore, it oanrthey are active longer and eventually get the allocatioreonc
always utilize resources as much as CA-LP can. But thiee users that entered the system earlier finish their tasks.
running time of the CA-LP is prohibitively high because th€A-LP also served more users of type-3 than users of other
payment calculation involves repeated solving of the linetypes, yet it served more users compared to the FIXED-PRICE
program. The FIXED-PRICE mechanism obviously has thmechanism in every category. Here we see a nice property of
lowest running time because it only allocates users on a fir&A-GREEDY that is, it serves more type-1 users than other
come, first-served basis. The CA-GREEDY mechanism hamchanisms. It also serves more users of type-1 than other
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