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ABSTRACT

Combinatorial reverse auction is a popular
business model for procurement. If there are
multiple buyers, the buyers may either hold
multiple combinatorial reverse auctions
independently. Alternatively, the buyers may
delegate the auction to a group buyer who holds
only one combinatorial reverse auction on behalf
of all the buyers. In the existing literature, there is
still a lack of comparative study on the efficiency
of the aforementioned two different procurement
models for multiple buyers. The goal of this paper
is to study the effectiveness of these two different
combinatorial reverse auction models. We first
formulate the problems for these two
combinatorial reverse auction models and then
compare the performance as well as the
computational efficiency for these two
combinatorial reverse auction models. Our
analysis indicates that the group-buying
combinatorial reverse auction model outperforms
multiple independent combinatorial reverse
auctions not only in efficiency but also in
performance.

Keywords: Business model, Procurement,
Auction.

1. INTRODUCTION

Reverse auction is a popular business model that
can be applied in corporations’ procurement.
Combinatorial reverse auction [7][25][32][34]
enables a buyer to purchase multiple goods with
the lowest prices from the sellers. Applying
combinatorial reverse auctions in corporations’
procurement processes can lead to significant
savings [16][26][27]. In real world, multiple
buyers may procure goods at the same time. If
there are multiple buyers, group-buying may be
applied to reduce the costs and benefit the buyers
[17]. Group-buying is a popular business model
employed by many companies in practice. The
rationale of group-buying is due to demand
aggregation, which benefits sellers, offering lower
marketing costs and coordinated distribution
channels, as well as buyers, who enjoy lower costs
for product purchases [6]. From the perspective of
buyers, quantity based discounts provide a huge
incentive to form coalitions and take advantage of

lower prices without ordering more than their
actual demand. An interesting issue is to develop
a business model for supporting multiple buyers’
procurement by combining the concept of
group-buying with combinatorial reverse
auctions.

In existing literature, combinatorial auctions
and group-buying have attracted considerable
attention recently. An excellent survey on
combinatorial auctions can be found in [5] and
[28]. Combinatorial auctions [1] are notoriously
difficult to solve from a computational point of
view [30] due to the exponential growth of the
number of combinations [18]. The combinatorial
auction problem can be modeled as a set packing
problem (SPP) [3][8][13][33]. Sandholm et al.
mentions that determining the winners so as to
maximize revenue in combinatorial auction is
NP-complete [31][32]. Exact algorithms have
been developed for the SPP problem, including
iterative deepening A* search [31] and the direct
application of available CPLEX IP solver [3].
Gonen and Lehmann proposed branch and bound
heuristics for finding optimal solutions for
multi-unit combinatorial auctions [10]. Jones and
Koehler studied combinatorial auctions using
rule-based bids [19]. In [11][14]15][16], the
authors proposed a Lagrangian heuristic and a
Lagrangian relaxation approach for combinatorial
reverse auction problems.

There are also studies on group-buying in
existing literature. Kauffman and Wang [20][21]
examine group-buying as a dynamic pricing
mechanism. They offer valuable insights for
distributed group-buying mechanisms under
uniform cost sharing. Chen et al. [4] analyze
buyers’ bidding strategies in a group-buying
auction considering limited supply of an item and
private information of buyers. Anand and Aron [2]
analyze the value of group-buying and the optimal
price curve from a seller’s perspective. Cuihong
Li, Katia Sycara and Alan Scheller-Wolf [24]
introduce the concept of combinatorial coalition
formation, which allows buyers to announce
reserve prices for combinations of items. These
reserve prices, along with the sellers’
price-quantity curves for each item, are used to
determine the formation of buying groups for each
item. The objective is to maximize buyers’ total
surplus. Despite the aforementioned results on
group-buying, there is still a lack of study on
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assessing the benefits and effectiveness of
combining group-buying mechanism with
combinatorial reverse auctions in multiple buyers’
procurement.

In this paper, we study two different business
models for multiple buyers’ procurement based
on combinatorial reverse auctions: (1)
independent combinatorial reverse auctions: each
buyer may hold a combinatorial reverse auction
independently and (2) combinatorial reverse
auctions based on group buying: multiple buyers
delegate the auction to a group buyer and the
group buyer holds only one combinatorial reverse
auction for all the buyers. In developing an
effective tool to support the decision of multiple
buyers’ procurement, a comparative study on the
performance and efficiency of the two
aforementioned business models is needed. This
motivates us to study the effectiveness of these
two different combinatorial reverse auction
models, including performance and efficiency.

To compare the effectiveness of the
aforementioned two combinatorial reverse
auction models, we first illustrate the advantage of
combining group-buying with combinatorial
reverse auctions by an example. We then
formulate the problems for these two
combinatorial reverse auction models and
propose solution algorithms for these two
problems. For the two combinatorial reverse
auctions, we formulate the corresponding winner
determination problems. As the two winner
determination problems are NP Complete, we
adopt a Lagrangian relaxation approach to
developing solution algorithms for finding
approximate solutions. Based on the proposed
algorithms for the two problems, we compare the
performance as well as the computational
efficiency for these two combinatorial reverse
auction models. Our analysis indicates that
combinatorial reverse auction with group-buying
not only outperforms multiple independent
combinatorial reverse auctions but also is more
efficient than multiple independent combinatorial
reverse auctions.

This paper is different from the previous study
on single buyer’s combinatorial reverse auction in
[16] as it focuses on comparative study of two
combinatorial reverse auction models for multiple
buyers. The remainder of this paper is organized
as follows. In Section 2, we first illustrate the
advantage of group buying combinatorial reverse
auction over multiple independent combinatorial
reverse auctions by an example. In Section 3, we
formulate the optimization problems for the
aforementioned combinatorial reverse auction
models and study the property of the solutions for
the two problems. We propose the solution

algorithms in Section 4. In Section 5, we study the
efficiency of the two business model. Theoretical
lower and upper bounds on the achievable
reduction in cost are derived. We also compare
the performance of the two combinatorial reverse
auction models based on the results of numerical
examples. We conclude this paper in Section 6.

2. MEETING BUYERS’ REQUIREMENTS
WITH COMBINATORIAL REVERSE

AUCTIONS

In this section, we illustrate different ways to meet
multiple buyers’ requirements with combinatorial
reverse auctions. We introduce two different
combinatorial reverse auction models. In the first
model, each buyer holds a combinatorial reverse
auction independently. The solution that meets all
the buyers’ requirements can be obtained by
solving N combinatorial reverse auction
subproblems. Each subproblem is solved by
applying any existing combinatorial reverse
auction algorithm. In the second model, a virtual
group buyer is created. The group buyer’s
requirements consolidate all the buyers’
requirements. The bids placed by the potential
bidders in the first model are regarded as the bids
placed to the group buyer. The solution that meets
the group buyer’s requirements (and hence all the
buyers’ requirements) is found by solving the
combinatorial reverse auction subproblem for the
group buyer.
Consider an application scenario in which Buyer
1 wants to purchase at least a bundle of items 1A,
1B and 1C from the market and Buyer 2 wants to
purchase a bundle of items 1C and 1D.
Buyer 1 and Buyer 2 may apply acquire the
desired items based on combinatorial reverse
auction using two different business models.
Model 1: Buyer 1 and Buyer 2 hold two
independent combinatorial reverse auctions.
Suppose there are four bidders, Seller 1, Seller 2,
Seller 3 and Seller 4 who place bids in the system.
Suppose Seller 1 places the bid (1A,1C, p1) on
Buyer 1, where p11 denotes the prices of the bid.
Seller 2 places the bid (1B, 1C, p2) on Buyer 1.
Seller 3 places the bid (1D, p3) on Buyer 2. Seller
4 places the bid (1C, 1D, p4) on Buyer 2. We
assume that all the bids entered the auction are
recorded. A bid is said to be active if it is in the
solution. We assume that there is only one bid
active for all the bids placed by the same bidder.
For this example, the solution for this
combinatorial reverse auction problem is Seller1:
(1A, 1C, p1), Seller 2: (1B, 1C, p2) and Seller 4:
(1C,1D, p4). The overall cost of this solution is
p1+p2+p4.
Model 2: Buyer 1 and Buyer 2 delegate the



Fu-Shiung Hsieh

The 11th International DSI and the 16th APDSI Joint Meeting, Taipei, Taiwan, July 12 – 16, 2011.

procurement to a group buyer that holds only one
combinatorial reverse auction
In this business model, the group buyer
consolidates all the requirements of Buyer 1 and
Buyer 2 and holds only one combinatorial reverse
auction. Suppose there are four bidders, Seller 1,
Seller 2, Seller 3 and Seller 4 who place bids on
the Group Buyer. Suppose Seller 1 places the bid:
(1A, 1C, p1), where p11 denotes the prices of the
bid. Seller 2 places the bid: (1B, 1C, p2). Seller 3
places the bid: (1D, p3). Seller 4 places the bid:
(1C, 1D, p4). We assume that all the bids entered
the auction are recorded. A bid is said to be active
if it is in the solution. We assume that there is only
one bid active for all the bids placed by the same
bidder. For this example, the solution for this
combinatorial reverse auction problem depends
on p3 and p4 as follows. If p3 ≤ p4, the winning
bid is Seller1: (1A, 1C, p1), Seller 2: (1B, 1C, p2)
and Seller 3: (1D, p3). The overall cost of this
solution is p1+p2+p3, which is lower than that of
Model 1 as p3 ≤ p4. If p3 > p4, the winning bid is
Seller1: (1A, 1C, p1), Seller 2: (1B, 1C, p2) and
Seller 4: (1C, 1D, p4). Then the overall cost of the
solution of Model 2 is the same as that of Model 1.
This example illustrates that the overall cost of the
combinatorial reverse auction based on group
buying is no greater than that of two independent
combinatorial reverse auctions.

3. PROBLEM FORMULATION FOR TWO
COMBINATORIAL REVERSE AUCTION

MODELS

Motivated by the above examples, it is interesting
to compare the two models of combinatorial
reverse auction from the cost and computation
aspects. In the remainder of this paper, we first
formulate the problem and then propose solution
methodology for these two problems. We then
compare the the cost and computation time by
numerical examples.
Model 1: Combinatorial Reverse Auction for a
Single Buyer

Let I denote the number of buyers in a
combinatorial auction.
Each },....,3,2,1{ Ii ∈ represents a buyer. Consider

a buyer i who requests a set of items to be
purchased, where },....,3,2,1{ Ii ∈ . Let K denote

the number of items requested. Let ikd denote the

desired units of the thk − item requested by buyer
i , where },....,3,2,1{ Kk ∈ . In a combinatorial

reverse auction, there are many bidders.
Let iN denote the set of bidders that take part in

the combinatorial reverse auction of buyer i .
That is, each iNn ∈ represents a bidder. To

model the combinatorial reverse auction problem,
the bid must be represented mathematically. We
use a vector njb = ),,...,,,( 321 njnjKnjnjnj pqqqq to

represent the thj − bid submitted by bidder n ,

where njkq is a nonnegative integer that denotes

the quantity of the thk − items and njp is a real

positive number that denotes the price of the
bundle. As the quantity of the thk − items cannot
exceed the quantity kd , it follows that the

constraint knjk dq ≤≤0 must be satisfied.

The thj − bid njb is actually an offer to

deliver njkq units of items for

each },....,3,2,1{ Kk ∈ a total price of njp .

Let nJ denote the number of bids placed by

bidder iNn ∈ . Let J denote the maximum number

of bids that a bidder can place in each round of
combinatorial reverse auction. That is,

n
Nn

JJ
i∈

= max . To formulate the problem, we use

the variable injx to indicate the thj − bid placed

by bidder n is active ( injx =1) or inactive ( injx =0).

The winner determination problem can be
formulated as an Integer Programming problem as
follows.

Winner Determination Problem for Buyer i
(WDP- i ):

)(}1,0{

)(,...,2,1..

min

1

1

bx

aKkdqxts

px

inj

Nn
ik

J

j
njkinj

Nn

J

j
njinj

i

n

i

n

∈

=∀≥∑∑

∑∑

∈ =

∈ =

Constraints )(a in WDP assumes “free

disposal” as the total quantity offered by the
winners must be greater than or equal to the
desired quantity of the buyer. If there are more
quantities provided than needed, we can dispose
of the surplus with no additional cost.

Model 2: Combinatorial Reverse Auction for
Multiple Buyers based on Group Buying

Consider a buyer who requests a set of items to
be purchased. Let K denote the number of items
requested. Let I denote the number of buyers in a
combinatorial auction.
Each },....,3,2,1{ Ii ∈ represents a buyer.

Let ikd denote the desired units of the thk − items,

where },....,3,2,1{ Kk ∈ . In a combinatorial

reverse auction, there are many bidders to submit
a tender. Let i

Ii
NN

∈
∪= denote the set of bidders

that take part in the combinatorial auction.
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To model the combinatorial reverse auction
problem, the bid must be represented
mathematically. We use a
vector njb = ),,...,,,( 321 njnjKnjnjnj pqqqq to

represent the thj − bid submitted by bidder n ,

where njkq is a nonnegative integer that denotes

the quantity of the thk − items and njp is a real

positive number that denotes the price of the
bundle. As the quantity of the thk − items cannot
exceed the quantity ikd , it follows that the

constraint ∑
=

≤≤
I

i
iknjk dq

1

0 must be satisfied.

The thj − bid njb is actually an offer to

deliver njkq units of items for

each },....,3,2,1{ Kk ∈ a total price of njp .

Let nJ denote the number of bids placed by

bidder },....,3,2,1{ Nn ∈ . To formulate the

problem, we use the variable gnjx to indicate

the thj − bid placed by bidder n is active ( gnjx =1)

or inactive ( gnjx =0). The winner determination

problem can be formulated as an Integer
Programming problem as follows.

Winner Determination Problem for Group
Buyer (WDP- G )

)(}1,0{

)(,...,2,1..

min

11

1

dx

cKkdqxts

px

nj

Nn

I

i
ik

J

j
njkgnj

Nn

J

j
njgnj

n

n

∈

=∀≥∑ ∑∑

∑∑

∈ ==

∈ =

Inequalities )(c of WDP- G are the demand

constraints that need to be satisfied by the
solution.

To compare the performance of Model 1 and
Model 2, we develop solution algorithms for
them.

4. SOLUTION ALGORITHMS

One way to reduce the computational burden in
solving the WDP is to adopt Lagrangian
relaxation approach to set up a fictitious market to
determine an allocation and prices in a
decentralized way to adapt to dynamic
environments where bidders and items may
change from time to time. The buyer announces
which sets of items and sets prices for them. If two
or more agents compete for the same item, the
buyer adjusts the price vector. This saves bidders

from specifying their bids for every possible
combination and the buyer from having to process
each bid function. The bundle associated with the
bid is tentatively assigned to that bidder only if the
price of the bid is the lowest.

In this paper, we develop solution algorithms
based on Lagrangian relaxation. The basic idea of
Lagrangian relaxation is to relax some of the
constraints of the original problem by moving
them to the objective function with a penalty term.
That is, infeasible solutions to the original
problem are allowed, but they are penalized in the
objective function in proportion to the amount of
infeasibility. The constraints that are chosen to be
relaxed are selected so that the optimization
problem over the remaining set of constraints is in
some sense easy. In WDP- i , we observe that the
coupling among different operations is caused by
the demand constraints )(a . Let  denote the

vector with k representing the Lagrangian

multiplier for the thk − items. We define

with,)()(
1

∑∑
∈=

+=
iNn

in

K

k
ikki LdL 

{0,1}

1..

)(min)(

1

1
1

∈

≤

−=

∑

∑ ∑

=

=
=

inj

J

j inj

J

j

K

k
njkknjinjin

x

xts

qPxL

n

n 

)(inL defines a bidder’s subproblem (BS).
For a given Lagrange multiplier  , the

relaxation of constraints )(a decomposes the

original problem into a number of bidders’
subproblems (BS). Lanrange multipliers are
determined by solving the following dual
problem.

)(max
0




iL
≥

Our methodology for finding a near optimal
solution of WDP consists of three parts: (1) an
algorithm for solving subproblems, (2) a
subgradient method for solving the dual problem
and (3) a heuristic algorithm for finding a
near-optimal feasible solution.

(1)An algorithm for solving subproblems
Given  , the optimal solution to BS

subproblem )(L n  can be solved as follows.

Let )(minarg
1

),...,2,1{ ∑
=

∈

∗ −=
K

k
njkknj

nj
qPj

i

 . The

optimal solution to )(L n  is as follows.
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(2)A subgradient method for solving the dual
problem )(max

0



iL

≥

Let lx be the optimal solution to the

subproblems for given Lagrange multipliers l of
iteration l . We define the subgradient

of )(iL as njk
Nn

J

j

l
injik

l qxdkg
i

n∑∑
∈

=
−=

1
)( ,

where },...,2,1{ Kk ∈ .

The subgradient method proposed by Polyak [9]
is adopted to update  as follows





 ≥++

=+

.0

;0)(1

otherwise

ifkg l
k

ll
k

lll
kl

k




where
2))((

)(

kg

LL
c

l

k

iil

Σ
−

=


 , 20 ≤≤ c and iL is

an estimate of the optimal dual cost. The iteration

step terminates if l is smaller than a threshold.
Polyak proved that this method has a linear
convergence rate.

The solution obtained by applying the
subgradient method may not be a feasible. If it is
not feasible, it could be adjusted to a feasible
solution without a great increase in objective
function value. To adjust the solution of the dual
problem to a feasible one, one must identify the

set of demand constraints violated 0K and the set

of bidders 0I that is not a winner in solution of the
dual problem. Then we pick the bidders from the

set 0I according to the rule of minimal cost first to
fulfill the insufficient quantity required by the set

of violated demand constraints 0K .
(3)Heuristic Algorithm for Finding a Feasible
Solution

Step 0: *
ii xx ←

Step 1:   Find the set of demand constraints
violated.

Find 0K =

}},,....,3,2,1{{
1

∑∑
∈ =

<∈
i

n

Nn
ik

J

j
njkinj dqxKkk

.
Step 2:    Find the set of bidders that is not a

winner in

solution *
ix .

Find 0N = }0,{ * =∈∈ inji xNnnn .

Step 3:  While Φ≠0K
Select

∑∑
∈ =∈

−=
i

n

Nn

J

j
njkinjik

Kk
qxdk

1
0

minarg from 0K

Select 0Nn∈ and },...,2,1{ nJj ∈ wi

th nj
0},,...2,1{
pminargj

>∈
=

njkn qJj

Set injx =1

}{\00 nNN ←
             End While
The effectiveness of the solution algorithms can
be evaluated based on the duality gap, which is the
ratio of the difference between primal and dual
objective values divided by the primal objective
value. That is, duality gap of the solution for
WDP- i of buyer i is defined

by
)(

)()( *

ii

iii

xf

Lxf −
with )( ii xf = ∑∑

∈ =i
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* )()( . We have

)()()( ** exfL IIII ≤ .

By applying a similar procedure to WDP G- for
Group Buyer. We define the following dual
problem.

)(max
0
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)(nj L defines a bidder’s subproblems (BS). Our

methodology for finding a near optimal solution
of WDP consists of three parts as follows.
(1) An algorithm for solving subproblems
Given  , the optimal solution to BS

subproblem )(nj L can be solved as follows.
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(2) A subgradient method for solving the dual
problem )(max

0



L

≥

Let lx be the optimal solution to the subproblems

for given Lagrange multipliers l of iteration l .
We define the subgradient of )(L as

∑ ∑∑
= ∈ =

−=
∂

∂=
I

i Nn

J

j
njkgnjikl

kk

l
k

n

qxd
L
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1 1

)(
)(




,

where },...,2,1{ Kk ∈ .

The subgradient method proposed by Polyak [9]
is adopted to update  as

follows
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where
2)(

)(
l
k

k

l

g

LL
c

Σ
−

=


 , 20 ≤≤ c and L is an

estimate of the optimal dual cost. The iteration

step terminates if l is smaller than a threshold.
Polyak proved that this method has a linear
convergence rate.
By iteratively applying the algorithms in (1) and
(2), it will converge to an optimal dual solution

( *
gx , *

g ).

(3)A heuristic algorithm for finding a
near-optimal gx , feasible solution based on the

solution ( *
gx , *

g ) of the relaxed problem. The

solution ( *
gx , *

g ) may result in one type of

constraint violation due to relaxation: assignment
of the quantity of items less than the demand of
the items. Our heuristic scheme first checks all the
demand constraints

Kkdqx
Nn

I

i
ik

J

j
njkgnj

n

,...,2,1
11

=∀≥∑ ∑∑
∈ ==

that have

not been satisfied.

Let 0K =

}},,....,3,2,1{{
11

∑ ∑∑
∈ ==

<∈
Nn

I

i
ik

J

j
njkgnj dqxKkk

n

.

0K denotes the set of demand constraints violated.

Let 0N = }0,{ * =∈ gnjxNnn . 0N denotes the set

of bidders that is not a winner in solution *x .  To

make the set of constraints 0K satisfied, we first

pick 0Kk ∈ with

∑∑∑
∈ ==∈

−=
Nn

J

j
njkgnj

I

i
ik

Kk

n

qxdk
1

*

1
0

minarg .

The heuristic algorithm proceeds as follows to
make constraint k satisfied.

Select 0Nn ∈ with nj
0},,...,2,1{

pminargn
>∈

=
njkqNn

and

set *
gnjx =1. After performing the above operation,

we set }{\00 nNN ← . If the violation of the k -th

constraint cannot be completely resolved, the
same procedure repeats. Eventually, all the
constraints will be satisfied. We use x to denote
the resulting feasible solution obtained from the
above heuristics.
That is, duality gap of the solution for WDP G- of
the group buyer is defined by

)(

)()( *

gg

ggg

xf

Lxf −
with )( gg xf = ∑∑

∈ =Nn

J

j
njgnj

n

px
1

.

5. NUMERICAL RESULTS AND ANALYSIS

In this section, we will verify the benefit of
group-buying mechanism. Based on the proposed
algorithms, we compare the effectiveness of the
two combinatorial reverse auction models by
examples.
Example 1: Suppose there are four buyers, Buyer
1, Buyer 2, Buyer 3 and Buyer 4, who want to
purchase the required goods by applying
combinatorial reverse auctions. We compare
Model 1 and Model 2 for this example as follows.
Model 1 for Example 1: Suppose Buyer 1, Buyer
2, Buyer 3 and Buyer 4 hold four combinatorial
reverse auctions independently. There are ten
bidders (sellers). The bids placed by the sellers
are listed in Table 2 through Table 9.
The data for Buyer 1’s combinatorial reverse
auction are as follows:

.1,3,2,2

4,2},5,1{

14131211

1

====
===
dddd

KJN

The four bids submitted by the two bidders are as
follows:

,2,0,0,0

,0,1,1,1

,1,0,0,0

,0,3,2,2

524523522521

124123122121

514513512511

114113112111

====
====

====
====

qqqq

qqqq

qqqq

qqqq

.83,63

,360,14

5212

5111

==
==

PP

PP .
By applying our algorithm, we find the
solution: 112x =0, 151x =1, 152x =0.

The cost is: 176.
CPU time: 62.
The data for Buyer 2’s combinatorial reverse
auction are as follows:

.3,2,2,1

4,2,2

24232221

2

====
===

dddd

KJN

The four bids submitted by the two bidders are as
follows:
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,0,0,0,2

,1,1,1,0

,0,0,0,1

,3,2,2,0

624623622621

224223222221

614613612611

214213212211

====
====
====
====

qqqq

qqqq

qqqq

qqqq

.21,95

,8,212

6222

6121

==
==

PP

PP .
By applying our algorithm, we find the
solution: 221x =1, 222x =0, 261x =1, 262x =0.

The cost is: 220.
CPU time: 47.
The data for Buyer 3’s combinatorial reverse
auction are:

.1,1,3,3

4,2},10,9,7,3{

34333231

3

====
===

dddd

KJN

The eight bids submitted by the four bidders are as
follows:

.1,0,1,0

,0,1,0,1

,0,2,0,0

,1,0,1,1

,1,1,0,0

,0,0,1,1

,0,1,0,0

,1,0,3,3

24,1023,1022,1021,10

924923922921

724723722721

324323322321

14,1013,1012,1011,10

914913912911

714713712711

314313312311

====
====
====

====

====
====
====
====

qqqq

qqqq

qqqq

qqqq

qqqq

qqqq

qqqq

qqqq

.65,42,21,95

,78,124,8,212

2,10927232

1,10917131

====

====

PPPP

PPPP
.

By applying our algorithm, we find the
solution: 331x =1, 332x =0, 371x =1, 372x =0,

391x =0, 392x =0, 1,10,3x =0, 2,10,3x =0.

The cost is: 153.
CPU time: 62.
The data for Buyer 4’s combinatorial reverse
auction are as follows:

.1,3,2,1

4,2},8,4{

44434241

4

====
===
dddd

KJN

The four bids submitted by the two bidders are as
follows:

,0,0,2,0

,1,2,1,0

,0,0,1,0

,1,3,1,1

824823822821

424423422421

814813812811

414413412411

====
====
====
====

qqqq

qqqq

qqqq

qqqq

.43,128

,16,155

8242

8141

==
==

PP

PP .
By applying our algorithm, we find the
solution: 441x =1, 442x =0, 481x =1, 482x =0.

The cost is: 171.
CPU time : 62.
The total cost of Model 1

is )( II xf =176+220+153+171=720.

Model 2 for Example 1: A group buyer holds the

combinatorial reverse auction for Buyer 1, Buyer
2, Buyer 3 and Buyer4.
The data for Group Buyer’s combinatorial reverse
auction are as follows:

.1,3,2,1

,1,1,3,3

,3,2,2,1

,1,3,2,2

,4,4,2

},10,9,8,7,6,5,4,3,2,1{
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34333231

24232221

14131211
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====
====
====
====

===
=∪∪∪=

dddd

dddd

dddd

dddd

IKJ

NNNNN

The twenty bids submitted by the ten bidders are
as follows:

,1,1,0,0

,0,0,1,1

,0,0,1,0

,0,1,0,0

,0,0,0,1

,1,0,0,0

,1,3,1,1

,1,0,3,3

,3,2,2,0

,0,3,2,2

1014101310121011
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814813812811

714713712711
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514513512511

414413412411

314313312311

214213212211

114113112111
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qqqq

qqqq
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,1,1,1,0
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124123122121
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qqqq

qqqq

qqqq

qqqq

qqqq

qqqq

qqqq

qqqq

qqqq

,36

,155,124,2120,14

51

41312111

=
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PPPP

,78

,35,16,29,8

101

91817161

=
====

P

PPPP

,83

,128,73,95,63

52

42322212

=
====

P

PPPP

.65

,42,43,69,21

102

92827262

=
====

P

PPPP

By applying our algorithm, we find the
solution: 11gx =1, 21gx =1, 31gx =1, 41gx =1,

51gx =1, 61gx =1, 71gx =1, 81gx =1, 91gx =0,

1,10gx =0, 12gx =0, 22gx =0, 32gx =0, 42gx =0,

52gx =0, 62gx =0, 72gx =0, 82gx =0, 92gx =0,

2,10gx =0.
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For Model 2, the cost is )( gg xf =651.

CPU time : 62.
The benefit achieved by our algorithm for Model

2 is )()( ggII xfxf − =720-651=69.

Based on the results of Model 1 and Model 2 for
Example 1, we observe that the cost of the
solution of Model 2 is lower than that of Model 1.
The total CPU time required for finding the
solution for Model 2 is 62 whereas the total CPU
time required for finding the solutions for Model
1 is 62 + 47 + 62 + 62=233. For this example,
Model 2 not only outperforms Model 1 but is also
more efficient than Model 1.
In addition to Example 1, we also compare the
cost of Model1 and Model2 for several cases. The
duality gap for all these cases are no greater than
3% for Model 1 and Model 2. This indicates our
algorithms generate acceptable approximate
solutions for all these cases. The cost of Model 1
is one for each case whereas the cost of Model 2 is
less than one for each case. This means the
solutions of Model 2 are better than Model 1.
We also conduct several experiments to study the
computational efficiency of our proposed
algorithms for Model 1 and Model 2. These
experiments shows the growth of CPU time with
respect to I and N , respectively.
This result justifies the fact that the CPU time to
compute )L( for a given grows approximately

linearly with respect to I for model 1 of
combinatorial reverse auction.
Figure 1 indicates that the increase in the CPU
time is not significant as parameter I is increased.
This is consistent with our expectation. The CPU
time required for solving Model 1 is significantly
longer than Model 2.

A A A

A A A

B B B B B B
0

200

400

600

800

5 10 15 20 25 30

I

Figure 1 CPU time (in millisecond) respect to I .
A: Model1, B: Model2

6. CONCLUSION

In real world, multiple buyers may procure
goods at the same time. If there are multiple
buyers, group-buying may be applied to reduce

the costs and benefit the buyers. The rationale of
group-buying is due to demand aggregation,
which benefits sellers, offering lower marketing
costs and coordinated distribution channels, as
well as buyers, who enjoy lower costs for product
purchases. From the perspective of buyers,
quantity based discounts provide a huge incentive
to form coalitions and take advantage of lower
prices without ordering more than their actual
demand. Traditional group-buying mechanisms
are usually based on a single item and uniform
cost sharing. By holding a combinatorial reverse
auction, it is possible to reduce the total cost to
acquire the required items significantly due to
complementarities between items. Therefore,
combining group-buying with combinatorial
reverse auctions has the potential advantage to
achieve lower cost. However, combinatorial
reverse auctions suffer from high computational
complexity. In order to assess the advantage of
combining group-buying with combinatorial
reverse auctions, further study is required.

In this paper, we study two different
combinatorial reverse auction models for multiple
buyers. For multiple buyers that want to acquire
goods by combinatorial reverse auctions, we
consider two combinatorial reverse auction
models: (1) Model 1: The buyers hold multiple
combinatorial reverse auctions with each buyer
holding a combinatorial reverse auction
independently and (2) Model 2: The buyers
delegate the combinatorial reverse auction to a
group buyer and the group buyer holds only one
combinatorial reverse auction for all the buyers.
Our assessment of the advantage of combining
group-buying with combinatorial reverse auctions
is based on the comparative study of Model 1 and
Model 2.

To compare the effectiveness of the two
aforementioned combinatorial reverse auction
models, we formulate two winner determination
optimization problems for the two combinatorial
reverse auction models and study the properties of
the solutions for these two problems. By applying
Lagrangian relaxation technique and subgradient
method, the original optimization can be
decomposed into a number of bidders’
subproblems that can be solved efficiently and
iteratively. Based on the proposed subgradient
based algorithms for the two problems, we
compare the efficiency and performance of the
two combinatorial reverse auction models.
Numerical results indicate that holding a
combinatorial reverse auction based on
group-buying yields better performance (lower
cost) than holding multiple independent
combinatorial reverse auctions. Moreover, the
computational efficiency of combinatorial reverse
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auction based on group-buying is also
significantly better than multiple independent
combinatorial reverse auctions. The reduction in
cost due to combinatorial reverse auction based
on group-buying provides appropriate index to
measure the value of introducing a group buyer.
Our examples show significant reduction in cost
due to group-buying. This justifies the value of the
group buyer and encourages the combination of
group-buying mechanicsm with combinatorial
reverse auctions.

Acknowledgement

This paper is supported in part by National
Science Council under Grant NSC97-2410-
H-324-017-MY3.

REFERENCES

[1] Adomavicius, G. and A. Gupta (2005) Toward
comprehensive real-time bidder support in
iterative combinatorial auctions, Information
Systems Research 16, pp. 169–185.
[2] Anand, K. S. and Aron, R..( 2003). Group
buying on the web: A comparison of
price-discovery mechanisms. Management
Science, 49(11):1546-1562.
[3] Andersson, A., M. Tenhunen, and F. Ygge
(2000) Integer programming for combinatorial
auction winner determination. In Proceedings of
the Seventeenth National Conference on Artificial
Intelligence, pages 39–46.
[4] Chen, J., Chen, X. and Song, X. (2002).
Bidder's strategy under group-buying auction on
the internet. IEEE Transactions on Systems, Man
and Cybernetics Part A: Systems and Humans,
32(6): 680-690.
[5] de Vries, Sven; Vohra, Rakesh V. (2003)
Combinatorial Auctions:A Survey, INFORMS
Journal on Computing,(3):284–309.
[6] Dolan, R. (1987). Quantity discounts:
managerial issues and research opportunities.
Marketing Science, 6(1), 1-22.
[7] Don Perugini, Dale Lambert, Leon Sterling,
Adrian Pearce (2005), From Single Static to
Multiple Dynamic Combinatorial Auctions,
Intelligent Agent Technology, IEEE/WIC/ACM
International Conference on 19-22 Sept.
Page(s):443 – 446.
[8] Fujishima, Y., K. Leyton-Brown, and Y.
Shoham. (1999) Taming the computational
complexity of combinatorial auctions:Optimal
and approximate approaches. In Sixteenth
International Joint Conference on Artificial
Intelligence, pages 548–553.
[9] Gallien, J. and L.M. Wein (2005) A smart
market for industrial procurement with capacity

constraints, Management Science 51, pp. 76–91.
[10] Gonen, R. and D. Lehmann (2000) Optimal
solutions for multi-unit combinatorial auctions:
branch and bound heuristics, The Proceedings of
the Second ACM Conference on Electronic
Commerce (EC'00), pp. 13–20.
[11] Guo, Y.   Lim, A.   Rodrigues, B. Tang, J.
(2005) Using a Lagrangian heuristic for a
combinatorial auction problem  In Proceedings of
the 17th IEEE International Conference on Tools
with Artificial Intelligence.
[12] Hohner, G. , J. Rich, E. Ng, G. Reid, A.J.
Davenport, J.R. Kalaganam, H.S. Lee and C. An
(2003) Combinatorial and quantity-discount
procurement auctions benefit Mars, Incorporated
and its suppliers, Interfaces 33, pp. 23–35.
[13] Hoos, H.H. and Craig Boutilier (2000)
Solving combinatorial auctions using stochastic
local search. In Proceedings of the Seventeenth
National Conference on Artificial Intelligence,
pages 22–29.
[14] Hsieh, Fu-Shiung (2007) Combinatorial
Auction with Minimal Resource Requirements,
Lecture Notes in Artificial Intelligence, vol. 4570,
pp. 1072-1077.
[15] Hsieh, Fu-Shiung and Shih-Min Tsai (2008)
Combinatorial Reverse Auction based on
Lagrangian Relaxation," Proceedings of 2008
IEEE Asia-Pacific Services Computing
Conference, pp. 329-334.
[16] Hsieh, Fu-Shiung (2010a) Combinatorial
reverse auction based on revelation of Lagrangian
multipliers, Decision Support Systems, Volume
48, Issue 2, pp. 323-330.
[17] Hsieh, Fu-Shiung (2010b) Supporting
Decision in Group Buying based on
Combinatorial Reverse Auction, Proceedings of
The International Conference on Information
Society (i-Society 2010), London, pp. 373-379.
[18] Xia, M., Jan Stallaert , Andrew B. Whinston
(2005), Solving the combinatorial double auction
problem, European Journal of Operational
Research, Vol.164, p. 239-251.
[19] Jones, J.L. and G.J. Koehler (2002)
Combinatorial auctions using rule-based bids,
Decision Support Systems 34, pp. 59–74.
[20] Kauffman, R. J. and Wang, B.( 2001) New
buyer's arrival under dynamic pricing market
microstructure: the case of group-buying
discounts on the internet. Journal of Management
Information Systems, 18(2):157-188.
[21] Kauffman, R. J. and Wang, B. ( 2002). Bid
together, buy together: on the efficiency of
group-buying business models in internet-based
selling. In P. Lowry, J. Cherrington, and R.
Watson, editors, Handbook of Electronic
Commerce in Business and Society. CRC Press.
[22] Kwasnica, A.M., J.O. Ledyard, D. Porter and
C. DeMartini, (2005) A new and improved design
for multiobjective iterative auctions, Management



Fu-Shiung Hsieh

The 11th International DSI and the 16th APDSI Joint Meeting, Taipei, Taiwan, July 12 – 16, 2011.

Science 51, pp. 419–434.
[23] Leskelä, R., Jeffrey Teich, Hannele
Wallenius, Jyrki Wallenius (2007), Decision
support for multi-unit combinatorial bundle
auctions, Decision Support Systems 43, 420–434.
[24] Li, C., Sycara, K. and Scheller-Wolf, A.
(2009). Combinatorial coalition formation for
multi-item group-buying with heterogeneous
customers, Decision Support Systems, Volume 49,
Issue 1, pp. 1-13.
[25] Meeus, L., Karolien Verhaegen, Ronnie
Belmans (2009) Block order restrictions in
combinatorial electric energy auctions, European
Journal of Operational Research, Vol. 196, issue 3,
pp. 1202-1206, August.
[26] Metty, T., R. Harlan, Q. Samelson, T. Moore,
T. Morris, R. Sorensen, A. Schneur, O. Raskina, R.
Schneur, J. Kanner, K. Potts and J. Robbins (2005)
Reinventing the supplier negotiation process at
Motorola, Interfaces 35, pp. 7–23.
[27] Murray J.D. and R.W. White (1983)
Economies of scale and economies of scope in
multiproduct financial institutions: a study of
British Columbia Credit Unions, The Journal of
Finance 38, pp. 887–902.
[28] Pekeč, A. and M.H. Rothkopf, (2003)
Combinatorial auction design, Management
Science 49, pp.1485–1503.
[29] Polyak, B. T. (1969) Minimization of
Unsmooth Functionals, USSR Computational
Math. and  Math. Physics, vol. 9, pp. 14-29.
[30] Rothkopf, M., A. Pekeč and R. Harstad
(1998) Computationally manageable
combinational auctions, Management Science 44,
pp. 1131–1147.
[31] Sandholm, T. (2002) Algorithm for optimal
winner determination in combinatorial auctions.
Artificial Intelligence, 135(1-2), pp.1–54.
[32] Sandholm, T., (2000) Approaches to winner
determination in combinatorial auctions, Decision
Support Systems 28, pp. 165–176.
[33] Vemuganti, R.R. (1998) Applications of set
covering, set packing and set partitioning models:
a survey. In: D.-Z. Du, Editor, Handbook of
Combinatorial Optimization Vol. 1, Kluwer
Academic Publishers, Netherlands, pp. 573–746.
[34] Yanga, S., Alberto Maria Segrea, Bruno
Codenottib (2007), An optimal multiprocessor
combinatorial auction solver, Computers &
Operations Research 36, pp. 149-166.


	ABSTRACT
	1. INTRODUCTION
	2. MEETING BUYERS’ REQUIREMENTS 
	WITH COMBINATORIAL REVERSE 
	AUCTIONS
	3. PROBLEM FORMULATION FOR TWO 
	COMBINATORIAL REVERSE AUCTION 
	MODELS
	4. SOLUTION ALGORITHMS
	5. NUMERICAL RESULTS AND ANALYSIS
	6. CONCLUSION
	Acknowledgement
	REFERENCES


