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Abstract

In this paper, we introduce the combinatorial auction
model for resource management in grids. We propose a
combinatorial auction-based resource allocation protocol
in which a user bids a price value for each of the possible
combinations of resources required for its tasks execution.
The protocol involves an approximation algorithm for solv-
ing the combinatorial auction problem. We implement the
new protocol in a simulated environment and study its eco-
nomic efficiency and its effect on the system performance.

1. Introduction

Grid systems are defined as next generation computing
platforms for solving large scale problems in science and
engineering. Grids are based on the concept of flexible, se-
cure, and coordinated resource sharing among dynamic col-
lections of institutions distributed across the world known
as virtual organizations [9]. The participating resources in a
Grid may be computational resources, data storage or com-
puter networks. It is difficult to design optimal grid resource
allocation mechanisms which meet the objectives of both
users and resource owners. The reason being that users
and resource owners have different requirements and objec-
tives. Several economic-based resource allocation mech-
anisms that address this complex problem have been pro-
posed [3, 14, 20]. The trading and brokering policies on
which these mechanisms rely help to match the different
requirements of end users and resource owners. They are
better than the classical resource management schemes be-
cause they are decentralized in structure and they use incen-
tives for resource owners to contribute resources.

The two main economic models used in the context of
resource management in a distributed system are commodi-
ties markets and auctions. In the commodities market model
described in [3], for each unit of resource consumed by
a user, a publicly agreed price is charged to the user. In
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case of the auction model the participating resource owners
(service providers) and users agree privately on the selling
price. Compared to other approaches for resource alloca-
tion, auctions have many advantages, they are decentral-
ized in nature, they require little global information and are
easy to implement. The previous studies on auction-based
resource allocation protocols [12, 13, 19] have considered
only two types of auctions, one-sided auctions (e.g. First
Price and Vickrey auctions) and double-sided auction (e.g.
Double auction) and compared them with other economic-
based and conventional models. To improve the economic
efficiency and maximize the revenue in a Grid, instead of
a user bidding for each task separately (as in the case of
one-sided auction and double-sided auction), the user can
bid a price value for each of the possible combinations of
resources on which its tasks can be executed. This is the
scenario in a combinatorial auction where the winner deter-
mination algorithm finds an optimal allocation of resources
for the tasks, increasing the economic efficiency and maxi-
mizing the revenue. Therefore, in this paper we investigate
a combinatorial auction-based resource allocation protocol
in terms of its suitability in grid systems, economic effi-
ciency and system performance. We define the combina-
torial auction model in which the main participants are re-
source owners, users and auctioneers. The resource owners
provide grid services like computational power, data stor-
age, software or computer networks. The users have ap-
plications for which they require the services provided by
resource owners. In the proposed resource allocation pro-
tocol each user can bid for each possible combination of
resources required for its tasks execution. Each user has a
broker who manages and schedules user’s jobs in the Grid,
generates each possible combination of resources for the
users tasks and the price value for each combination that
the user agrees to pay in the auction and hands payments to
resource providers. The responsibility of an auctioneer in-
cludes setting the rules of the auction and conducting the
combinatorial auction. The auctioneer first collects bids
from brokers participating in the auction and then decides



the best allocation, using an approximation algorithm for
solving the winner determination problem. Finally it col-
lects the payments from the users which won the auction.
Besides it also interacts with the local scheduler to schedule
the jobs of the user who wins in the auction.

Using the proposed combinatorial auction model we de-
sign a combinatorial auction based resource allocation pro-
tocol. To evaluate this resource allocation protocol, the
most simple and reliable way would be to perform real ex-
perimentation. This involves scheduling and executing real
applications on real resources. The problem with this ap-
proach is that, firstly, real applications may run for long
time which is time consuming, secondly, we cannot explore
a wide range of different resources by the means of exper-
imentation on real resources. Finally, due to the varying
nature of load on resources the results obtained will not
be repeatable. Thus the most viable approach is to resort
to simulation. In order to perform simulations we devel-
oped a simulator based on the SimGrid simulation frame-
work [5]. The simulator allows us to evaluate the combina-
torial auction-based resource allocation protocol in terms of
economic efficiency and system performance.

Related work. Economic-based resource management
systems have been investigated by several researchers in
[1, 6, 7, 8, 11, 12, 17, 19]. A comprehensive survey of
economic models for resource management in distributed
systems can be found in [3]. Wolski et al. [19] inves-
tigated the problem of resource allocation in grids under
two economic models: commodities markets and auctions.
They compared these two models in terms of price stabil-
ity and market equilibrium. A detailed survey on combi-
natorial auctions and related issues can be found in [18].
Several methods to solve a combinatorial auction problem
have been proposed by Fujishima et al. [10], Sandholm et
al. [16], Rothkopf et al. [15] and Andersson et al. [2]. The
first authors use dynamic programming to solve the win-
ner determination problem. The next two approaches use
refinements by pruning the search tree and introducing ad-
ditional bounding heuristics. The last approach uses integer
programming to solve the combinatorial auction problem.
An efficient approximate allocation algorithm for combina-
torial auction is presented in Nisan et al. [21]. Two sim-
ulation toolkits GridSim [4] and SimGrid [5] provide core
functionalities to build simulators for studying resource al-
location protocols in Grid environments.

Our contributions. The previous work on auction-based
protocols for resource allocation focused only on the com-
parison of two types of auctions (one-sided auctions and
double-sided auctions) with other economic models. This
paper studies a different class of auctions called combina-
torial auctions in the context of resource management in
grids. In a combinatorial auction-based protocol a user bids

one value for a set of resources required to complete a job
composed of several tasks instead of bidding on individ-
ual resources for each task. The motivation behind inves-
tigating combinatorial auctions is that the economic effi-
ciency is enhanced compared to other auction models and
also the revenue is maximized. In this paper we present the
combinatorial auction model and a combinatorial auction-
based resource allocation protocol (based on the proposed
model). We simulate the protocol using the SimGrid sim-
ulation framework and we evaluate it in terms of economic
efficiency and system performance.

Organization. The paper is structured as follows. Section 2
presents the combinatorial auction allocation model and the
combinatorial auction-based resource allocation protocol.
In Section 3 we give a brief description of the SimGrid
simulation environment. Section 4 presents the simulation
of the proposed combinatorial auction-based resource al-
location protocol using the SimGrid simulator and the ex-
perimental results. In Section 5 we draw conclusions and
present future research directions.

2. Combinatorial Auction Based Resource Al-
location: Model and Protocol

2.1 Combinatorial Auction Allocation Model

The main participants in the auction model (Figure 1)
are: Grid Service Providers (GSP), User Brokers (UB) and
Local Markets for Auctions (LMA). In the following we
present each of these participants and describe their role in
the model and their characteristics.

User Broker (UB): Each grid user has a User Broker. The
User Broker is responsible for resource discovery, generat-
ing all possible combinations of resources for the user tasks
according to their requirements, generating the correspond-
ing bid value for each combination, submitting the bid and
the corresponding combination to an external auctioneer,
sending user jobs to resources, collecting the results and
providing the user with a uniform view of grid resources.
There are three components of the user broker:

Job Management Agent: It is responsible for user inter-
action, job creation, submission and monitorization. It also
coordinates the mechanism analysis and selection, resource
discovery and the bidding process. When the jobs complete
it collects the results of the computation.

Resource Discovery Agent: It is responsible for resource
discovery. It sends a request to the Local Market for Auc-
tions for each of the users’ tasks. The Local Market for
Auctions sends back the list of resources that match the re-
quirements of the task.

Auction Analysis and Selection Agent: It is responsible



for analyzing the auction information submitted by the Lo-
cal Market for Auctions. Based on the user requirements
and on the properties of the auctions it selects a combina-
torial auction (run by an External Auctioneer) in which the
user will participate.

Bidding Agent: It is responsible for generating all possi-
ble combinations of resources based on the list of resources
returned by the LMA for each of the user tasks. For each
combination of resources it generates a bid value which is
within the user budget. It sends the corresponding combi-
nation and the bid value to the External Auctioneer.

In our model we assume that there are m users,
Uo,Un,...,Un—1, each having a certain number of jobs
ready to be submitted for execution. The jobs of an user U;
are composed of tasks denoted by T,/ = 0,1,...,m; —1,
where m; is the total number of tasks generated by U;. The
tasks of U; are characterized by three parameters:

(i) Executiontime (¢;): Itis defined as the execution time
of task T; (in seconds) on a reference resource R..
The slowest resource in the system is considered as the
reference resource.

(i) Group preference (rj): It is defined as the index of
the group of resources which meet the requirements of
task T;;. A group consists of all resources that have the
same characteristics. If task 77; needs to be executed
on a resource from a group G, of resources then r;; =

g.

(iii) Task budget (g;;): It is defined as the maximumamount
user U; can pay to any resource for executing Tj;. Itis
given in “grid dollars’ (G$).

User U; has a total budget @; in *grid dollars’ which is
given by Q; = Zl";jo_l gji- Uj’s bid b, for the tasks on
a combination of resources is within the task budget, i.e.
b, < @;. If any of the possible combinations of resources
for which user U; bids b, is in the allocation determined by
EA then the user pays b.., otherwise it pays nothing.

Grid Service Providers (GSP): GSPs contribute their re-
sources to the Grid and charge the users for services. The
Auctioneer Agent is responsible for posting the GSP’s char-
acteristics on the LMA. Also it receives the result of the
auction from EA and accepts jobs from the users who won
the auction. Another role of the Auctioneer Agent is to co-
ordinate the admission control and resource scheduling. We
consider that GSP; is responsible for resource R;’s manage-
ment (: = 0,1,...,n — 1). Each resource R; is character-
ized by the following:

(i) Processing rate (s;): It is given in MIPS.

(ii) Reservation price (p;): It is defined as the minimum
price accepted by GSP; for one second of job execu-
tion. We consider here the following pricing strategy:

Local Market for Auctions

GSPO

User 0

Bidding Agent

send job

Completed job

matching
/- resources

Userm-1 |

Bidding Agent

Figure 1. Combinatorial auction allocation
model

the higher the processing rate the higher the reserva-
tion price.

(iii) Cost (Cyj1): Represents the cost incurred by GSP;
when executing task T);. It is defined as: Cy; =

Sref

pi =5t

(iv) Resource Profit (P;;;): It is the profit gained by GSP;
by executing task T};. It is defined as P;;; = PY;;; —
Ciji, where PYjj; is the payment given to GSP; by
user U; for executing T;;. The payment is given in
G$. The total profit for a resource is the sum of all the
profits obtained by executing all the assigned tasks.

Local Market for Auctions(LMA): It provides support for
GSPs to post their characteristics, and enables the users to
find the right resources that match their requirements. LMA
takes a request for a task from a user broker specified in an
appropriate language and returns the list of resources that
match the requirements of the task. LMA consists of sev-
eral External Auctioneers (EA). An External Auctioneer is
responsible for collecting the combination of resources and
the corresponding price value from the user brokers. Based
on the corresponding price value of the bundles (combina-
tion of resources) it runs the algorithm for winner determi-
nation for the combinatorial auction [21]. It then sends the
results to the user brokers who have won the auction and

GSPn-1



informs the GSPs which are going to receive tasks for exe-
cution.

2.2 Combinatorial Auction Based Resource Allo-
cation Protocol

The Grid system consists of a set R of n resources
R ={Ro, Ry, ..., Rn—1} Where each R; belongs to a
group depending on its characteristics, such as speed, mem-
ory, architecture, etc. All resources belonging to the
same group have the same characteristics. There are ¢
groups of resources Go,G1,.-.,Gi—1. We consider m
users {Up, Uy, . .., U1} and their associated user brokers
UB = {UBy,UBy,...,UB; 1}, Where each user has
some application job J; composed of the following tasks
Ji={Tj1,Tj2,..., T}, where I = |J;|. Each Ty has a
group preference r;; = g, where g is the index of the group.
The combinatorial auction-based resource allocation proto-
col consists of four phases as follows:

CAP Protocol

Phase |: Request information from LMA.

1. UB;,j =0,1,...,m — 1 does the following:

For each task T € J;, sends a message
to LMA containing the requirements r;; of
Tj;. This message requests from LMA a list
of resources that match the requirements for
each task T; € Jj.

2. For each requirement r; = g of task T}; re-
ceived from user broker UB;, EA sends the list
of resources from the group G,={Ry0, Rg1, - ..,
Ry}, k = |G|, that matches the preferences of
Tj;. Thus UBj receives one such list for every
task.

Phase I1: Generate bundles.

1. UB;,j =0,1,...,m — 1 does the following:

(a) Generate all possible combinations of re-
sources (bundles), ¢z = {R(Tj1), R(Tj2),
..., R(Tj)}, where z is the combination in-
dex and R is a mapping which maps a task
to a resource from the group G, for which
g = r;. The set of all such combinations is
denoted by Cj.

(b) For each combination of resources c;; € C}
generate a price value b;(cj,) within the
Uj’s budget. The set of all such bids is de-
noted by B;.

(c) Send C; and B, to EA.

Phase I11: Determine the Allocation.

1. EA receives B; and C; from each user broker

UB;,j=0,1,...,m—1.

. Using the information received, EA creates the

following instance of the combinatorial auction
problem (CAP):

max ) Y bi(S)y(S, J) (1)

JjEUB SeC;

such that

YD uSi)<1 VieR (2

S3i jeuB

d o yS) <1 VieuB ()
SECj

y(S,7)) ={0,1} VS€C;, jeUB (4)

where (2), (3) and (4) are the constraints that
needs to be satisfied by the solution. The first
constraint ensures that a resource is not allocated
to more than one user, while the second con-
straint ensures that the same combination of re-
sources is not allocated to more than one user.

The variable b;(S) is the price value that UB;
bids for the combination S where b;(S) € B; and
S € C;. The variable y(S, j) = 1 if the bundle S
€ Cj is allocated to the user U; in the solution,
and y(S, j) = 0 otherwise.

. Given the above (CAP) problem EA determines

the allocation using the approximation algorithm
proposed in [21]. The output of this algorithm is
a collection of pairwise disjoint bundles denoted
by W ={ws, wa, ..., wi} where k=|W¥W|. Each
wj is a bundle (set of resources) which would be
allocated to the user that requested it.

. EA sends the results of the auction to the users.

It sends the bundle w; to the user broker that re-
quested the bundle w; and it sends reject mes-
sages to all the other users.

Phase IV: Allocation of tasksto the winning resources.

1. UB;,j =0,1,...,m — 1 does the following:

(a) I1fUB; receives a bundle w; it sends the jobs
to the GSPs present in the bundle w;.

(b) U B; sends the payment for bundle w; to EA
which distributes it fairly among the GSP’s
present in the bundle w;.



To solve the combinatorial auction problem, we used the
approximation algorithm described in [21]. The algorithm
finds an allocation close to the optimal allocation and works
in two phases. In the first phase it determines an approxima-
tion on the linear programming relaxation of the combina-
torial auction. In the last phase, called hill climbing phase
the algorithm improves the solution quality by running a se-
quence of greedy procedures on the allocation obtained in
the first phase.

3. Simulation Environment

To investigate the combinatorial auction based allocation
mechanism presented in this paper we use the SimGrid sim-
ulation framework proposed by Casanova in [5]. The Sim-
Grid toolkit provides tools for developing and evaluating
resource allocation algorithms in heterogeneous distributed
environments. It facilitates the creation of realistic resource
models with different resource configurations where each
resource can have varying performance characteristics like
workload, data storage capacity or network bandwidth.

In the following we describe the SimGrid implementa-
tion of our simulator. The participants in the combinato-
rial auction based model i.e, resource owners, users and the
auctioneer are represented as pthread entities. The resource
owners are characterized by processing rates and reserva-
tion prices and are created in the system using the func-
tionalities provided for hosts in the SimGrid. The users are
characterized by the computational tasks which are to be
executed. The computational tasks characterized by exe-
cution time, budget and group preference are created using
the functionalities provided for tasks in the SimGrid. Based
on the bids received from the active users for all the possi-
ble combinations of resources for their tasks, the auctioneer
runs the approximate algorithm to find an allocation solu-
tion close to the optimal one. The auctioneer conducts mul-
tiple rounds of auction until all the tasks in the system are
scheduled. Once all the tasks in the system have been sched-
uled, they are executed using the simulation functionality in
SimGrid.

4. Experimental Results

In this section we investigate by simulation the combina-
torial auction based resource allocation protocol using the
SimGrid simulator. The simulated grid environment con-
sists of 15 resources/GSPs { Ro, Ry, ..., R14}, divided into
five groups {Go, G1, G2, G3, G4 }. Each group is character-
ized by a different processing rates and reservation prices as
given in Table 1. The processing rates are within the range
[500, 2500] MIPS which characterizes a real grid environ-
ment. The resources with higher processing speeds have

Group Go G1 G2 Gs Gy
si; (MIPS) 500 | 1000 | 1500 | 2000 | 2500
pi (G$/sec) 5 10 15 20 25
Ro R1 R2 R3 R4
Resources | Rs Re Ry Rs Ry
Rio | R Ri» Ris | R

Table 1. Resources in the system.

Users | Tasks | Budget | Total Budget
To 468

Uo T 117 1012
Ty 427
Ts 258

Uy T 51 728
Ts 419
Ts 317

U, T 414 826
Ts 95
To 107

Us Tio 312 419
Th1 166

Us T2 211 377
Tis 457

Us Tha 377 834

Us Tis 242 242
Tie 306

Uy Tir 174 1135
Tis 365
AT 290
Tso 364

Us To1 316 986
T2 231
Tos 75

Us Toa 155 626

Table 2. Users and tasks in the system.

higher reservation prices compared to resources with low
processing speeds because they can execute more portion
of a job in one second thus incurring more cost to them.

4.1 User Payments

We consider ten users {Uy, Ui, ..., Uy} in the system
where each user has some computational tasks which need
to be executed on the resources in the system. A total of
25 computational tasks are considered in the system. The
distribution of tasks among the users is random. The group
preference for each task is uniformly distributed over the
interval [0, 4], which corresponds to the five groups in the
system. The budget of each task is uniformly distributed
over the interval [45 G$, 630 G$]. The lower limit of tasks’
budget interval is given by the product of the lowest com-
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Figure 2. Users payments

putational time of a task and the lowest reservation price
of a resource while the upper limit is given by the product
of the highest computational time of a task and the highest
reservation price of a resource. The execution time of tasks
follows an exponential distribution. The approximation er-
ror € in the approximation algorithm for solving the com-
binatorial auction problem (CAP) is chosen to be 0.5. The
combinatorial auction based resource allocation protocol is
evaluated by simulation in order to determine its economic
efficiency and the system performance.

The payment given by a winning user is defined as the
price value for which the user wins a bundle in the alloca-
tion. The mativation for studying users payments for the
combinatorial auction model is to analyze two factors. The
first factor is to determine how the optimal allocation so-
lution determined by the protocol affects the price values
bidded by the loosing users for the next round. The second
factor is to observe the effect of the price values bid by the
users on the obtained allocation solution. Figure 2 shows
the payments handed by the users in the combinatorial auc-
tion based resource allocation protocol.

The results in Figure 2 show that the payments of users
Uy, U1, Us and Uy are half of their total budget as shown
in Table 2. This is because they bid half the value of their
total budget in the round in which they win. For the other
users Us, Us, Ug, Uz, Ug and Uy the payments are close to
the total budget because they bid close to their total budget
in the winning round. The bidding strategy of each user is
random. The protocol finds an approximate allocation such
that more users won in each round ensuring that the same
resource is not shared among the winning users in the same
round and that the revenue is maximized.

Profit (in G$)
n
8

s

RO R1 R2 R3 R4 RS RG R7 RB R9
Resources

M

RI0O RN R1Z  R13  R14

Figure 3. Resource profits

4.2 Resource Profits

The profit for a resource is defined as the difference be-
tween the payment received from the winning users (whose
tasks are allocated to the resource) in each round of the
combinatorial auction and the cost incurred in processing
the jobs allocated to it. The resource profits are studied to
analyze how the protocol favors the resources in terms of
profit. Figure 3 shows the profits for the resources in the
combinatorial auction based resource allocation protocol.

In the group Gy, resource Ri has the highest profit.
This is due to the fact that the user Uy that won the bun-
dle {R1o, R11} has a high budget as shown in Table 2 and
bids a price value close to the total budget due to which
the payment handed to Ry is the highest among group Go.
Resource Rs has the lowest profit in the group G because
of the allocation of a high computational cost task on R.
In the group Gy, resource Ry has the lowest profit because
user U, that won the bundle {R7, R;} bids a price value
much less than the total budget due to which the payment to
R isless. Resource Ry, appears twice in the allocation due
to which the payment of Ry is high and and thus the profit
is high too. Resource Ry, has the highest profit in the group
G because it appears three times in the allocation. It has a
low value because of the allocation of a high computational
cost task. Resource Rg has the lowest profit in the group
G5 and among all groups as well. This is due to the fact
that the users Uy and Uy that won the bundles containing
Rg bid a price value much less than their total budget due
to which payment to Rg is low and thus the profit is low.
Resource Ry has the highest profit among all the resources.
This is because Rg appears three times in the allocation and
each time the winning user bids a price value close to its
total budget due to which the payment to Ry is high and the
profit is also high.
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Figure 4. Payment structure for each resource

It can be concluded that the protocol is beneficial for
each group of resources and the profit of all the resources
as a whole is maximized.

4.3 Payment Structure

The payment structure for each resource is defined as
the representation of total cost and profit of the resource as
fractions of the total payment received by the resource. Fig-
ure 4 shows the payment structure of all the resources in the
combinatorial auction based resource allocation protocol.

Resource Rg has the lowest profit of 20% and the high-
est cost of 80% among all the resources. This is because it
appears in the winning bundles of users Ug and U; who bid
price value much less than their total budget which makes
the payment and the profit low. Further a high computa-
tional cost task is allocated to Rg due to which the cost of
Rg is high. Similar reasons hold for resources Rs and R;5.
Resources Ry, R; and Rz have profit close to 60%. This
is due to the fact that the winning users for these resources
bid price values close to their total budget due to which the
payment is high. The cost of these resources is around 40%
due to the allocation of average computational cost tasks.
The other resources have profit in the range of 75% and
95%. The profit is high because the winning users for these
resources bid prices very close to their total budget, thus
making the payment high. Resource R4 has the lowest cost
2% because of the allocation of a very low computational
cost task.

It can be observed that the average profit for almost all
resources is above 50%. The protocol benefits all the re-
sources in the system.

120

Utilization (in %)

Resource
|

40

20 1

i W = HH

RO R1 R2 R3 R4 RS RE R7 RB R3 RID R11  RI12Z RI3 RI4
Resources

Figure 5. Resource utilization

4.4 Resource Utilization

Resource utilization (p;) for a resource R; is defined as
the ratio of the total execution time (T..,;) at the resource

to the total simulation time (T;,,): pi = T:[— Figure 5
shows the resource utilization for all resources in the com-
binatorial auction based allocation protocol.

Resources Ry, Rs have high resource utilization in the
range of 80% to 95% because high computational cost tasks
are allocated on these resources. Resources Rg, Ry, Rio,
Ry1 and Ry, have utilization in the range of 20% to 40%.
This is because of allocation of a mix of average and low
computational cost tasks. The other resources have utiliza-
tions in the range of 5% to 20%. This is because of alloca-
tion of low computational cost tasks.

In each round, the protocol allocates tasks uniformly
among resources within a group, thus utilizing fairly these
resources.

5. Conclusion

In this paper we presented the combinatorial auction
allocation model for grids, and proposed a combinatorial
auction-based resource allocation protocol. We simulated
this protocol using the SimGrid simulation framework and
evaluated it in terms of economic efficiency and system per-
formance. In future work we will compare the combinato-
rial auction based resource allocation protocol with other
auction based resource allocation protocols in terms of eco-
nomic efficiency and system performance. We also plan to
develop a prototype allocation system on a real grid envi-
ronment which will allow real life testing of the proposed
resource allocation protocol.
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