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Abstract—Combinatorial auctions are efficient mechanisms  applications on the cloud platform. The degree of paraleli
for allocating Virtual Machine (VM) instances to cloud com- of the application and the system’s parameters, such as com-
puting users. Despite the fact that in general these mechanisms munication delay, limit the speedup of a parallel applimati
lead to higher revenues than the currently employed fixed-price o " .
mechanisms, the cloud computing providers do not employ Thus, |'F is imperative to incorporate these parameters_ when
them to allocate their resources. One of the main reasons is determining the best VM bundle necessary for executing an
the complexity faced by the users when determining the bid application. A realistic valuation of a given bundle of VM
(i.e., the bundle of VM instances and the bid value). We address nstances should also consider the performance gain of the

this issue by developing an efficient bidding strategy for the  4,hlication achieved by the bundle. Finally, the bid should
users requesting VM instances. We design new metrics for ’
not exceed the budget of the user.

evaluating bundles of VM instances based on the characteristics

of the computing tasks. These metrics allow us to determine Our Contribution. We address the above problem by first

the valuation of the requested bundles and to design algorithms desiani , luati functi that id both
for selecting the best bundles to bid for. We perform simulation esigning a users valuation tunction that considers bo

experiments to evaluate the proposed strategy in a simulated the application and the system’s parameters. The proposed

cloud environment. valuation function determines the value of a bundle of VM
Keywords-cloud computing; combinatorial auctions; bidding instances on which a user executes her appliqation. Then,
strategies; we propose an algorithm that uses this valuation function
to generate efficient bids within the users’ budgets. We

I. INTRODUCTION analyze the complexity of our proposed bidding algorithm

: . . - . and perform extensive simulation experiments to investiga
Combinatorial auctions are efficient mechanisms for allo-,

cating the VM instances in clouds [1]. In a combinatorial Its properties.
auction-based VM instance allocation mechanism, a useRelated WorkRecently, many researchers have investigated
bids for a bundle of VM instances of different types requiredthe design of efficient bidding strategies for combinatoria
for executing her application by specifying the bundle andauctions. Sui and Leung [2] proposed an adaptive bidding
a value. The value represents how much the user is willingtrategy for combinatorial auctions. They considered aimul
to pay for the bundle if allocated. The auction mechanismround first-price combinatorial auction for allocating com
determines the set of winning users, allocates their régdes puting resources. In their proposed bidding strategy the
bundles, and computes the amount they have to pay. The gobidder updates her bid dynamically based on the outcome of
of the cloud provider is to efficiently allocate the avaikabl the previous bidding round, in order to maximize her utility
VM instances to the users and generate the maximum possh similar idea is used in [3] to design a strategy for bidding
ble revenue. On the other hand, a user desires to maximiza the Amazon EC2 Spot Instances auction [4]. The authors
her ownutility, that is, the value she derives from obtaining use statistical analysis to show how a task can be completed
the bundle minus the amount she has to pay for using that reduced cost and without premature termination on the
bundle. If the user does not obtain any bundle, her utilityAmazon EC2 cloud. Our work differs from the above two in
is zero. The combinatorial auction mechanisms presentethat we are considering a combinatorial auction mechanism
in [1] areincentive-compatiblethat is, they guarantee that a which guarantees the maximum utility for a user when she
user maximizes her utility by bidding her ‘true’ valuatioh o bids truthfully. Therefore, our proposed bidding strategy
the requested bundle. Therefore, to achieve maximumwitilit is based on determining the user's ‘true’ valuation for a
a user needs to determine (i) the bundle of VM instance$undle and it does not require knowledge of past auction
that guarantees the best performance for her applicatimh, a outcomes. This is a big advantage since the users do not
(i) the correct (or true) valuation of the bundle. require information from past auctions when making bidding
However, generating such an efficient bid is a nontrivialdecisions. Aret al.[5] proposed a bidding strategy algorithm
problem, especially if the user needs to execute parallghat considers a given ‘synergy’ value between different



items, when calculating the valuation of a bundle of itemstypes of VM instances having 1, 2, 4, and 8 processors,

in general combinatorial auctions. In our work, the synergyrespectively.

between the VM instances in a bundle is based on a speedupA useru;, j = 1,...,n participates in the auction for VM

function that takes into accounts the overheads of exatutioinstances by submitting her big; = (r7, ... .., v5). Here,

on multiple VM instances. Our speedup function is anr] is the number ofV)/; instances that usei; requests

extension of the speedup function for malleable parallebnd v; is the maximum amount that; is willing to pay

jobs proposed in [6]. Carroll and Grosu [7] considered theif the bundle is allocated to her. The goal of the CA-

problem of scheduling malleable parallel jobs and designeGREEDY mechanism is to determine an allocation vector

incentive-compatible scheduling mechanisms to solve it. Ax = (z1,...,z,), wherez; = 0 indicates that uset;

comprehensive survey classifying parallel applicationd a does not obtain her requested bundle and= 1 means

their scheduling strategies can be found in [8]. that u; obtains her requested bundle. The mechanism also
Other related research includes designing an agent fatetermines a payment vectgr= (y1,...,y»), Wherey; is

bidding in combinatorial auctions in grids [9] and propasin the amount uset; has to pay for the allocated bundle.

an efficient policy for obtaining cloud resources for large The optimization problem for which the CA-GREEDY

applications [10]. Developing scheduling algorithms thatprovides an approximate solution is

satisfy the budget constraint of the users were investigate n

in [11] and [12]. max Y _ x;0; (1)

Organization. This paper is organized as follows. In Sec- _ i=1

tion Il, we describe the combinatorial auction-based VMsubject to,

allocation mechanism that we consider. In Section Ill, we n i _
describe our proposed bidding strategy algorithm and ana- S wpl <k, oi=1,...m (2)
lyze its complexity. In Section IV, we evaluate the proposed j=1 _
bidding strategy by extensive simulation experiments. In yj <wj, ifa; =1 3)
Section V we summarize our results and present possible y; =0, if z; =0 4)
directions for future research. z;€{0,1} j=1,....n (5)

Il. COMBINATORIAL AUCTIONS IN CLOUDS Equation (1) indicates that the allocation needs to max-

imize the social welfare which is the sum of valuations

In a previous paper [1], we presented two combinatorialyt 5 «winning' bidders. The solution has to satisfy the

auction mechanisms for VM allocation in clouds. Here weyqing constraints: (i) the total allocation should not
chose one of these mechanisms, called CA-GREEDY, Q@xceed the number of available VM instances (Equation (2));

iIIustrate_the des“?!” of our '?i‘?'ding stratggy. The *?idd“"g i) the winners’ payment should not exceed their valuation
strategy is not designed specifically for this mechanism ang%Equation (3)); and (iii) the users who do not obtain their
it is valid for any mechanism that solves the same VMpundies should pay 0 (Equation (4)).

allocation problem solved by CA-GREEDY. CA-GREEDY  The CA-GREEDY mechanism, presented in Algorithm 1,

is based on a greedy allocation function and guarante€gq s as follows. It first sorts the bids in descending order o
incentive-compatibility(i.e., users obtain maximum utility gensity of valuation'v; //p;, where the number of proces-
only by bidding their true valuations for the requestedSors is given by, = Zr_nlﬂw_ (lines 3 to 6). Allocation
bundles). . ; ei=1 T L
. . is determined greedily by selecting bids in this order ag/lon

The CA'GR_EEDY f.“eCha“'S”.‘ solves the following p_rob— as Equation (2) is satisfied (lines 9 to 11). To compute the

lem of allocating VM instances in clouds. A cloud provider, payment of a winning uset;, the mechanism finds the
. . . WAl

Wh%.}!fs als? tthe auitlc\)/rﬁe.r, rt1eeds t© aIIocbteoplest' of losing useru;, that has the maximum valuation density and
m diierent types o Instances -among COMpPeNg  yhat \would win if u; would not participate. The payment
users. The different types o_f VMs are represented asyj of u, is then calculated agvj/\/py7) * /7 (lines 14
VMy, ..., VMy, and their relative ‘computing powers' are to 19). This mechanism gives an approximate solution to the

d;anoted byw - (]\121’ 'V’V"wm)’ wherhe Wi h's {2\7 F‘“mber combinatorial auction problem and is incentive-compatibl
of processors InVA/;. We assume that the INStances ~ \ve assume that the combinatorial auction for VM in-

Eav(ej O_tgir c_:omputlng_ resourhces (e.g., m?mory, storage, a%‘#ances is conducted periodically (e.g., once per hough Ea
andwidth) mhproportlon todt € number o processolrs._Hereauction allocates the maximum possible number of resources
We assume t at‘r’]l =1an 1‘1’1 SI wé“' Ar)dexarEpe f's to the users for only one period. Users who did not complete
w = (1,2,4,8) that means the cloud provider offers four yoir anpiication execution in one period need to bid again
for the next period. Itis th rs'r nsibili i
1To simplify the presentation we use the same nunibef instances for or the next period. Itis the users' responsibility to datere

each VM type. The mechanisms presented in [1] and our biddradesty how r_nany_ un_its of Fime _they ne_Ed certain resources and
do not require the same number of copies of each type of VM. submit their bids until their work is completed.



Algorithm 1 CA-GREEDY Mechanism executing the workload only, which is equally divided to
Input: B; = (rd,...,r0,v5), k;j=1,....,n p; processors. The second term corresponds to the system-
Returns: x;,y;; j =1,...,n specific overhead (e.g., time to create or destroy a pracess)

1: {Initialization} We argue that the overhead of execution on multiple

gf fOI/Vr<;:(Z);1for J :éon do z; — 0 {W: set of winnery processors is not only dependent on the setup time but
4 p; e 27:”11 riw; also on the time spent on distributing the input data during
5. q; < v;/\/p; {q;: ‘density’ of valuatior} initialization and on the time spent on communication and
6: end for synchronization during program execution. We assume that
7. {Allocation} . . . the amount of information to be exchanged during initial-
8: re-order users in decreasing order of density of valuation, that_ _.. . f - fth

S>> ... > Ization and execution can be expressed as a fraction of the
9: for j=1,...,n do total workload. Hence, our proposed model for the parallel
100 ifforalli=1,....,m, v’ +3 cw <k execution time of a malleable application is given by

“’j’ =

11:  then W — W Uwy; z; « 1
12: end for

13: {Paymen}

14: for eachu; € W do

Tj = wj/ijr(pj71)9+(pj71)6Tjwj+(ijl)5cjwj (7

Our new model adds two new terms to the existing two

15 W e {uu; ¢ W= u €W} terms of Equatiqn (6). The_ 'Fhi_rd t_erm in the new quation
16: 1 < minimum index inW’/ for T_j charactenzes_ the |n|t|allzqt|on overhead. Hei(_as
17:if Wi # 0 then y; — ai\/p; the time to communicate one unit of data between different
18: elsey; — 0 VM instances in the system, and is the amount of input

19: end for data to be transferred, expressed as a fraction of the total

20: forall u; ¢ W,y; — 0

21 retum  (x,y) application workload. Therefore, the amount of input data

that is transferred is;w; and the overhead for data transfer
during initialization is (p; — 1)é7;w;. The fourth term
represents the communication and synchronization ovdrhea
incurred during processing. Here, is the communication

A bidding strategyshould create efficierbids for users  overhead expressed as a fraction of the workldagdis the
participating in combinatorial auctions for VM instanc@s i number of VM instances the total number of processors are
clouds. The strategy must take into account the type andivided into. Here we assume that communication within
workload of the application the user intends to run, and hea VM instance takes negligible amount of time compared
budget. It should generate a bundle of VM instances and & the communication between VM instances. Therefore,
valuation of that bundle in order to provide the user with we multiply the amount of communication bg; — 1.
the best performance within her budget. This implies that if allp; processors reside on one VM
instance (i.e.,k; = 1), the overhead for communication
and synchronization is negligible. Otherwise, it increase

We consider a set of users who intend to run parallelyith the number of VM instances employed in running the
applications on clouds. In particular, we considesalleable application.

applications which are parallel applications that can be ' ysing Equation (7) we derive the speedup of the applica-

executed on any given number of processors [6]. Howevekign as:

by employing more processors we cannot gain speedup

indefinitely. This is because by adding more processors the |, wj

overhead added to the execution time increases. This over-"7 ~ w;/p; + (p;, — 1)0 + (p; — 1)o7,w; + (R; — 1)dc,w;

head is a function of both system-specific and application- (8

specific parameters, as we will discuss in the following. ) ) . )
Let us consider that a usey needs to run a malleable par- Th!s speedup equgtlon serves as thg basis for the valuation

allel applicationa; on a cloud platform. The application is function and the bidding strategy algorithm that we propose

characterized by its workload;, expressed as a processor- g \/gjuation Function and Bidding Algorithm

time product. Havill and Mao [6] modeled the execution

time T; of an applications; as:

Ill. PROPOSEDBIDDING STRATEGY

A. Execution Time and Speedup

We now determine a valuation function which gives the
‘value’ a user receives upon completion of her application
T; =w;/p; + (p; —1)0 (6) on a bundle of VM instances. The function should depend
on the parameters of the application and the bundle alldcate

where p; is th.e_ number of processors ‘used, ?ﬁdl,s to it. We define the valuation for using a bundle for one unit
a system-specific parameter called the ‘setup time'. Th%f time as follows:

setup time is the time spent to create, dispatch, or destroy
multiple processes. The first term represents the time spent vj = (X;S;)(S;/Sopt) 9



Here, S; is given by Equation (8) and\; denotes how Algorithm 2 Efficient Bidding Strategy (EBS)
much useru; values each unit of speedup. The valuationInput: w;, 7;, ¢, Vj, Aj
can be interpreted as follows. When the optimal speeduffetumns: (B; = (r1, ..., 7m,v;), T;)

can be achieved (i.e§; = S,p:) Within the budget of the 1
application the valuation function is directly proport&no
the speedup. When the optimal speedup cannot be achieveg
the valuation is proportional to the ‘scaled speedup’, wher s:
the scaling factor is given by;/S,,; < 1. That is if the 6:
optimal speedup is not achieved the user values less the unit:
of speedup than in the case in which the optimal speedup isg:
achieved.

The valuationv; can also be interpreted as the usersii
maximum willingness to pay for the given bundle. This value 12:
is the bid amount that the user submits to the auctioneet3:
(i.e., cloud provider) along with her requested bundle. If14:
the bundle is allocated, user; needs to pay a pricg; 16
determined by the auction. The useutlity is defined as 17
the surplus value retained by the user after paying the prices:

for executing her application. 19:
. 20:

vy =1 21:

Ui= { 0 if 2; =0 (10) 22:

23:

Here,z; is the indicator variable of whether usey receives >/
her requested bundle of VM instances. Obviously, the user’ss.
goal is to maximize her utility. 26:

Now we present our proposed Efficient Bidding Strategy27:
(EBS). As we mentioned in Section II, an auction is run 2
each unit of time (e.g., every hour). Therefore, a biddingggj
strategy needs to determine the W) = (r{,...,7%,,v;) '

31:
and the time required to complete the applicatioh, Here 32
r] is the number of VM instances of tygé\/; included in 33

the requested bundle of. The goal of the strategy is to find 34
a bundle and valuation so that the user can obtain the begf:
possible speedup within her buddét, and thus, maximize 5.
her utility. Sincev; is the value the user is willing to pay 3s:
for the allocation of the bundle for one unit of time, the 39:

algorithm has to ensure that the maximum total cost for the#0:
user does not exceed her budget, i.e., 2;;
v.T: < Vs 11 43:
J=3 = ") ( ) 44:

Our bidding strategy algorithm presented in Algorithm 2 45
has two phases. In the first phase, it determines the optimur#f:

3z —pj

{Phase I: Finding optimal bundle and speeHup
w; /(0 + 67jw;) ]

R; <0 ‘
for 4 :=m downto 1 do {initialize ]}
i = lz/wi)
z <+ z mod w;

Rj — Rj+r]

. end for
10: Tj «— wj/p; + (pj — 1)0 + (pj — 1)075w; + (R; — 1)dcjw,
. Sj — w]'/Tj

Sopt < S; {save value of optimal speedup
{Phase II: Finding optimal valuation and adjust if necespary
v; < (A;S5)

15: while v;T; > V; and p; > 0 do

h«+—0
for i := m downto 1 do {increase number of VMs
if h =0 and r! > 0 then
rg — rf -1
Rj — Rj —1
h«—1
Z — W;
else ifh > 0 then
vl — 1l 4+ |z/w]
Rj — R; + [2/wi]
z +— z mod w;
end if
end for
if h =0 then {maximum possibleR; reached
pj—pj—1
Z < Dpj
R; <0 )
for i :=m downto 1 do {initialize r] for newp;}
i = lz/wi)
z < z mod w;
Rj “— Rj + 7"?
end for
end if
Tj — w;i/pj+ (p; = 1)0+ (p; — 1)dTjw; + (R; — 1)dcjw;
Sy — w; /T
v; — (A;S5)(S;/Sopt) {scale valuation w.r.t speedpp
end while

if p; =0 then
return "Budget too low”
end if _ _
return (B; = (rd,...,75,v;),T})

number of processors (i.e., the number of processors that
gives the maximum speedup). Phase 1 consists of lines 1

tq 12. First, the optimal num_ber of processors is calculateqye then generate the bundle with the least number of VM
(line 2). To compute the optimal number of processors Wenstances possible for; processors (lines 3 to 9). Lines 10
consider that all processors are part of the same VM, thalng 11 compute the optimal execution time and the speedup

is, we setR; = 1 in Equation (7). We then differentiatg;

with respect top; and solve?Z: = for p; as follows.

dp;
—p;®> + 0+ dTjw; =0 (12)

with respect to the optimal values pf and R, respectively.
We save the value of the optimal speedup for later use
(line 12).

Solving the above equation gives us the optimal valug;of
as:

Popt = [\/w;/(0 + dTjw;)] (13)

In the second phase, the algorithm adjusts the number of
processors and/or number of VM instances if the valuation
corresponding to the maximum speedup exceeds the user’s
budget. That is,R; is increased if the valuation exceeds



the user budget. If the valuation exceeds the budget eveproviders’ revenue? (iii) How does the number of strategic
when R; = p; (i.e., the bundle is composed of only one- bidders participating in an auction influence other bidders
processor VM instances), then we decrease the valyg of utilities?
and iterate until a valuation within the budget is found or
p; = 0, which denotes that it is not possible to execute thig®- Naive Bidding
application under the given budgg}. We compare our proposed strategy with a 'naive strategy’.
Lines 13 to 46 constitute the second phase of the algoThe naive bidding strategy does not consider the applica-
rithm. First, we calculate the optimal valuation of the blend tion’s speedup function when determining the bid, but it
for allocation of one unit time, based on the optimal speedufis not completely arbitrary. A naive bidder has different
(line 14). If this valuation cannot satisfy Equation 11, thevalues for different types of VM instances and assumes
while loop in lines 15-42 iterates until a feasible bundle isthe existence of some overhead which she incorporates in
found or it is determined that no such bundle exists. Thener bids. The Naive-Biding (NB) algorithm is given in
for loop in lines 17 to 28 selects one of the largest VM Algorithm 3.
instances in the bundle and replaces it with smaller VM The naive useru; assigns a valug’ to each VM,
instances, thus increasing; and generating a lower value as follows. She bases the assignment on a known fixed-
bundle. The indicator variable declared in line 16 captures price vectorfy, ..., f,, of a cloud provider wherg;/ f; =
the status whether we can increaggfor the current value  w;/w;, fori = 1,...,m. The value forV' M, is determined
of p; or not. If R; has reached its maximum, we decreaseby multiplying f; by a valuation factors] (line 1). The
pj, create a new bundle (lines 29-38), and comgliteand  values of the other VMSpl, i=2,...,m, are determined
S; as above (lines 39-40). For this reduced speedup, wby multiplying a{ by the second valuatlon factoﬁg, and
computev; as before, but then scale it with the ratio®f by the relative values of othdr/; instances; = 2,...,m
and the optimal speedup (line 41). The implication of this(lines 2-4).
can be understood from the following equation. The bid is generated in lines 6 to 12. First, a VM type is
. . selected at random (line 6). Then the user creates a bundle
Ty = (A85)(55/ Sop )Ty = (Ajews [ T)(S;/ Sopt) T and determines the time required to execute her application
= (Ajw;)(S;/Sopt) (14)  so that her application can be completed based on her

From the above equation, we see that scaling the valuatiofSsumption about the overhead, given by overhead factors
makes sure that the maximum total cost of executing thé?i andj;. The basis of generating the bundle is that with no
application depends on the ratio of the achieved and th@verheadr; instances o¥/}M; should execute an application
optimal speedup. Thus, the total cost of the applicatiorr; With workload w; in ¢; units of time if w;r/t; = w;.
decreases and the loop at line 15 terminates when a solutidpiven w;, one set of values of/ andt; that satisfies this
is found within the budget constraint. The algorithm return condition isr} = t; = /z, where = w;/wl (line 8). The
the bid and the time requirement if a feasible solution isuser tries to ‘avoid requesting an excessive number of VM
found, otherwise it returns “Budget too low”. instances (i.e., making an attempt to reduce the overhead)

Since the EBS algorithm ensures the best speedup within
the budget, this maximizes the user’s utility. This is bessau - . —
the use? bids her true valuation to a com):)inatorial auctiorfgorithm 3 Nr.;uve.-Bl(jdlrjg (NB)
that is incentive-compatible [1]. Input: w;, Vj, o1, 03, B, B33

Running Timeln Algorithm 2, the while loop starting Returns: (B; = (7‘{7---,1"7,“ i)st5)
at line 15 dominates the running time. In the worst case, L —oifi

'2: for ¢ := 2 to m do {set user’s ‘own’ value fol/ M}
this loop will iterate untilp; = 0. In that case, the for P! — ol pi (wifwn)
loop at line 17 iterategp; times for each value op;, end for
where 1 < p; < p,:. Each iteration of this loop replaces repeat {select a random VM typ&M,}
one larger VM instance with two or more smaller VM i — random(1,m)
instances until the bundle contaips one-processor VM {selectr],t; such thatr]t; > w; /w:}
instances. Therefore, for one valuegf the loop at line 17 ;:“%}Uﬂ
iteratesp; times in the worst case. The worst-case running;, ;' . [ﬁQZ/,,.J]
time of the algorithm iy_7°%" i = O(pop:?)- 11 v — plrd
12: re'ectVMi if budget exceed
IV. EXPERIMENTAL RESULTS 13: unél q];jtj <Vjor aIIgVM types icrje rejected

We perform simulation experiments to evaluate the pro-14: if v;t; > V; then
posed bidding strategy. Our goal is to answer the followingl5: ~ return “"Budget too low”
qguestions: (i) How does the bidding strategy affect users‘lLSf f(:tﬂrg (B, = (0 j 0,05),1;)
utilities? (i) How does the bidding strategy affect theudo ' i =T Y Y

© XN A W




by settingr! as /z times overhead factos] (line 9). ¢;

Table I: Simulation Parameters

is computed as the value required to satigfy; = = times Parameter Description Value(s)
the other overhead factg#, in an attempt to allocate some D Simulated days =~ 5
0 Constant setup time for an applicatign  0.01, 0.05
extra time for completion of the jOb (line 10). The valuation s Communication time between VMs|  0.01. 0.02
is simply the product ofJ andp! (line 11). Lines 6 to 12 m Types of VMs 4
are enclosed in a repeat-until loop between lines 5to 14 that % AVS"?&!G VMs ?]ft e?fli?’vtlype (fog‘ 203)
. . . w elative weignht o S y &y Gy
changes the VM selection Whe_zn the valuation-time product ¢ Fixed price of VMs (12, 24, .48, .96)
exceeds the budget. The algorithm returns “Budget too low N Maximum number of users 50,000
if no selection of VM type can satisfy the budget constraint. n Users participating in an auction Ygrlgg
. . W™min ymaz Min. & Max. workload '
B. Simulation Parameters ng ;20
. . . min max H ) ’
We perform two sets of simulation experiments. In the"" Y Min. & Max. user's budget 10, 50
first set of experiments, each user takes part in two separatg™", d™** M'\'Af}- &&M'\ix- d?"_itdlllf_‘e tf_aCtOF : ;, g(y
; ! : . min _maz in. ax. initialization o, 5%
auctions. In_the fl_rst auction, all users participate by gene T overhead 1%, 10%
ating their bids using the EBS algorithm while in the second . - 1%, 5%
. . S min maz Min. & Max. communication on 100
auction, they all use the NB algorithm. A user bids in both ¢™", ¢ overhead 1%, lOOA)
auctions simultaneously until their application is contgde . & Maxvaliation g/; (2)52{;’
or its deadline is exceeded. The parameters characterizing™" A\"™"" for speedup 01,05
the application of a user are kept the same for both auctions, min_ gmaz Min. & Max. valuation factor 1 0.75, 1.50
This set of experiments allows us to investigate the overall """ 10,2.0
min max H : 075, 1.50
effect of the bidding strategies on the system. oy, oy Min. & Max. valuation factor 2 1.0, 2.0

In the second set of experiments, we run an auctiongy=, gmee

mazx

with mixed user population. In each experiment, we set a85"". 5

Min. & Max. overhead factor 1
Min. & Max. overhead factor 2

90%, 95%
105%, 125%

distribution of naive and strategic users. Users are géstbra

according to this distribution and all users take part in a ™

Distribution of users

(5%, 95%),
(10%, 90%),
(25%, 75%),
(50%, 50%)

single auction. These experiments allow us to investigate
how effective our bidding strategy is on helping the users
achieve better utilities. Also, they allow us to examine the

effect of strategic bidders on the naive bidders and vicavhere (5%,95%) means that there ar&) users who bid

versa.
Each simulation experiment generaf¥s= 50,000 users
on a span ofD = 5 simulated days. We run 24 auctions

NB.

strategically using EBS and the rest are naive bidders using

We also vary the system parametétsand § in dif-

each day, one per hour. Users are generated each hofgrent experiments. We list all the simulation parameters

at an average rate oV/(24D) plus a randomly chosen
deviation between[—20%,20%]. The workload and the
budget of a user are randomly selected frips ", ™z

and their values in Table I.
we perform 1,536 experiments with combinatorial auctions
with separate user population and 6,144 experiments with

By varying the parameters

and [V™in ymaz] respectively. Similarly, the parameters combinatorial auctions with mixed user population.

Tj» Cjv Aj» 01, 03, 1, and 33 are randomly chosen from
their respective minimum and maximum ranges presente

&- Analysis of Results

in Table I. The bidding algorithms generate the bundles of First we compare and analyze the outcomes of the exper-
VMs, their valuations, and the time required for applica-iments where each user generates a naive bid and a strategic
tion completion. The deadline of a task is determined bybid for the same application and participates in two diifére

multiplying a deadline factod; with the time required},

auctions. In Figures 1a, 1b, and 1c, we show the percentage

thus the deadline i8;7;. Here,d; is chosen randomly from of users served, the average utility, and the total revenue

[dmin7 dmaz] .

generated. In these figures, the users whose applicatiens ar

We considerm = 4 types of VM instances in the system, complete at the end of the simulation are called the ‘served

each having: copies available, wherk = 200, 500. We set

users’. ‘Partially served users’ are those whose applinati

the weight and fixed-price vectors of VM instance typesare only partially executed. The users whose applicatiahs d

tow = (1,2,4,8) and f = ($0.12,$0.24, $0.48, $0.96).

not even start fall into the category of ‘not served’ users.

These are taken from the Windows Azure's fixed-priceFinally, the users who did not bid because they exceeded
VM allocation mechanism [13]. Finally, for the second their budget are included in the ‘did not bid’ group.

set of experiments, the parameterdenotes the distribu-

The utilities of the users are computed using Equa-

tion of the two types of users. The distributions we usetion (10), where the valuation is determined using Equa-

are (5%, 95%), (10%, 90%), (25%, 75%), and (50%, 50%),

tion (9), because this is the correct valuation of a reqaeste
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Figure 1: Separate auctions: overall results; (a) UsersedeKb) Average utility; (c) Total revenue.
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Figure 2: Separate auctions: outcomes vs. workload andebu¢) Users served; (b) Average utility; (c) Total revenue
Each scenario represents a combination(ofi", wmaz yymin y/maez).yglues as follows: Scenario= (10,50, 5, 25),
Scenario 2= (10, 50, 10, 50), Scenario 3= (20,100, 5,25), and Scenario 4 (20, 100, 10, 50).
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Figure 3: Auctions with mixed user population; (a) Usersssdr (b) Average utility; (c) Total revenue.

bundle irrespective of the method of generating the bundleare not guaranteed to bid their ‘true’ valuations, often a
We see that although the number of served users are slightlyaive bidder ends up with a negative utility even when her
larger when all users bid naively, the average utility of theapplication is completed. These factors reduce the average
served users is much larger when all bidders bid stratégical utility of naive users. We also see that (Figure 1c) although
The reason behind having more users served while biddinthe total revenue is larger when bidders are naive, a large
naively is that each user selects one type of VM instanceportion of it comes from the partially served users, which
at random. Therefore, there is less competition among useis not desirable to maintain user satisfaction. The amount
as compared to the other auction (with strategic bidders)of revenue generated when users bid strategically consists
where users tend to bid for the largest VM instances ifmainly from the revenue generated by the served users.

the budget permits. On the other hand, since naive users )
We now present some plots to show the auction outcomes



as the ranges of workload and budget vary. Figure 2 showbased mechanisms for allocating their VM instances. Future
the percentage of served users, the average utility of dervevork include the deployment of combinatorial auction-lshse
users, and the average revenue collected from the servedlocation mechanisms and the evaluation of our proposed
users versus four ‘scenarios’ of workload and budget. Thefficient bidding strategy on an experimental cloud platfor
scenarios are different combination of the minimum and
maximum workload and budget. For example, Scenario 1
represents the experiments where minimum and maximum[1] S. Zaman and D. Grosu, “Combinatorial auction-based al-
workload are 10 and 50 and the budget ranges between 5 location of virtual machine instances i_n clouds,” Rroc.
and 25. We see in Figure 2a that strategic bidding performs énq IEEE Ind. Conf. on Cloud Computing Technology and
. - . cience 2010, pp. 127-134.

better than naive bidding in terms of the percentage of
users served when the workload is higher. This illustrates[2] X. Sui and H.-F. Leung, “An adaptive bidding strategy for
that the probability of arbitrarily generating an efficidnt combinatorial auction-based resource allocation in dynamic
decreases as the workload increases. This is because the Markets,” inProc. 11th Pacific Rim Intl. Conf. on Artificial
optimal number of processors and time have a non-linear ~'Mtélligence 2010, pp. 510-522.
relationship with the workload. Without this knowledge it 3] 5. vi D. Kondo, and A. Andrzejak, “Reducing costs of spot
is not possible to generate efficient bids for any workload.  instances via checkpointing in the amazon elastic compute
The percentage of users served decreases in Scenarios 3 cloud,” in Proc. 3rd IEEE Intl. Conf. on Cloud Computing
and 4 because here users have larger workloads, while the 2010, pp. 236-243.
amoun.t of resourcgs are the same in all four e‘Xperim(_jmal[4] Amazon, “Amazon EC2 spot instances.” [Online]. Available:
scenarios. Also, Figures 2b and 2c show that when the” " L. /aws.amazon.com/ec2/spot-instances/
workload and the budget increases, the strategic bidding ca
yield more utility for the users and more revenue for the [5] N. An, W. Elmaghraby, and P. Keskinocak, “Bidding strate-
cloud provider. Generating more utility for the users is a gies and their impa_ct_ on revenues in combinatorial auctions,”
desirable property of a bidding strategy. Generating more %ch)eSevenue and Pricing Managol. 3, no. 4, pp. 337-357,
revenue for the providers is a positive side-effect. '

We now present the results from the second set of experi-[6] J. T. Havill and W. Mao, “Competitive online scheduling of
ments, where both naive and strategic users participatein t perfectly malleable jobs with setup timesfuropean J. of
same auction. The percentage of users served, the average ©OPer. Res.vol. 187, no. 3, pp. 1126-1142, 2008.

utility and the revenue per user are shown in Figure 3. [7] T. E. Carroll and D. Grosu, “Incentive-compatible online

We see that in terms of served users, their utility and " ° scheduling of malleable parallel jobs with individual dead-
average revenue collected from them, the strategic bidders lines,” in Proc. 39th Intl. Conf. on Parallel Processing010,

have better performance over the naive bidders. It is netabl pp. 418-425.
that in the presence of strategic bidders, the inefficiency
of naive bidding is clearly seen as their average utility is
negative. This is because a naive bidder is not guaranteed

to bid for an optimal bundle with a true valuation. When [9] M. Schwind, T. Stockheim, and O. Gujo, “Agent’s bidding
all the participants are naive bidders, it is possible that strategies in a combinatorial auction controlled grid environ-
some bidders’ valuations are better than others and they ment,” in Proc. of AAMAS Agent Theories, Architectures, and
receive positive utility. On the other hand, when strategic Languages 2006, pp. 149-163.

bidders are also participating, even the ‘best’ naive hiside [10] F. chang, J. Ren, and R. Viswanathan, “Optimal resource
are not always capable of getting the job done along with  allocation in clouds,” inProc. 3rd IEEE Intl. Conf. on Cloud
receiving a positive utility. We can conclude that using the Computing 2010, pp. 418-425.

EBS Algorithm the users are able to generate efficient bids
and thus, ensure good completion times and higher utilit
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