ABSTRACT

HARISH G KAMMANAHALLI. Effects of Approximation on an Iterative Combi-
natorial Auction. (Under the direction of Dr Peter Wurman.)

Combinatorial auctions are a promising way of solving the complicated heteroge-
neous resource allocation problem. However combinatorial auctions present inherently
hard computational problems for agents and auctioneers. In particular (1) the auc-
tion must solve the winner determination problem, which is NP-complete and (2) the
agents must solve the value determination problem which can be intractable when
computing a precise valuation for the bundles.

The winner determination problem can be addressed by (1) developing algorithms
which solve the problem of computing the optimal solution; (2) developing heuristics
which approximate the solution quickly. The combinatorial auctions, proposed in the
literature are dependent on the optimal solution of the winner determination problem,
which is intractable for large number of agents and items.

In this thesis we study the effects of using approximate winner determination
in a particular iterative combinatorial auction : A1BA. We categorize the effects of
approximation and develop several corrective methods which reduce the errors due

to approximation in several categories.
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Chapter 1
Introduction

Auctions are about allocating and pricing resources to agents. Auctions answer
the questions who should get what items and at what price. The importance of
auctions in the electronic commerce economy is manifested by its popularity on the
Internet. Millions of items, from Barbie doll to computers, are sold at eBay, the most
popular auction website, everyday. Business to consumer auctions are very popular,
business to business auctions are also increasing. The usage of Internet auctions for
procurement is on the rise; companies like www.freemarkets.com provide service for
procurement in the supply-chain.

Significant research has been done on the allocation of a single resource. Auction
theory indicates that auctions are capable of allocating multiple single items which are
homogeneous. The study of the allocation of heterogeneous resources, with the agents
having complimentary preferences, has proven to be more difficult. One solution to
this problem is to employ a combinatorial auction. A combinatorial auction (CA)
is an auction where an agent is allowed to express his preference over a bundle of
items. The auction determines the allocation of the bundles and computes the price
the agent has to pay. The agent, if allocated anything, is allocated a complete bundle
for which he had submitted the bid.

Since 1993, the Federal Communications Commission (FCC) has been using auc-
tions to assign portions of electro-magnetic spectrum to commercial users. The inher-

ent complimentarities in the preferences by the agents in spectrum auctions prompted



the FCC to explore the problem more, so it solicited leading researchers for their
comments on solutions to the problem. The FCC, understanding the importance
of exploring CAs, has arranged conferences to discuss the issues with combination
auctions (refer www.fcc.gov). In response to the FCC’s request for information on
technical auction design issues, numerous auction proposals were received. The sub-

mitted proposals fell into three main categories.
e sequential
e simultaneous without combinatorial bidding
e simultaneous with combinatorial bidding

Almost all the researchers agreed that the solution for complimentary preferences
in heterogeneous resource allocation is to allow combinatorial bids and to perform
combinatorial auctions. But FCC decided not to use combinatorial auctions largely
because of computational infeasibility in winner determination and threshold problem.
The Winner determination as discussed in chapter 3, is a very difficult problem to
solve.

Wurman, Wellman and Walsh [32] outline the general parameterization of auction

space into three core activities. They are :

e Receive Bids: Bids are messages by the agents that express the willingness to
participate in auctions. The auction, on receiving a bid, verifies that the bid
received conforms to the auction rules and, if so, admits the bid into the active

set of bids.

e Reveal intermediate information: Auctions supply the agent with some form
of intermediate information. The information usually will be the results of the

auction at that moment.

e Clear: A Clear determines the resource exchanges and payments between the

sellers and buyers. The task of clearing consists of two parts.



— Winner Determination: Identifying the bids that will be the part of the

transaction.

— Payment Determination : Second step of clearing the auction is to find

the payment associated with the transaction set.

Every auction is distinguished by the way the core activities are conducted. Each
auction specifies a set of rules, for example what kind of bids are permitted, which
agents should get the allocation and how much should the agent pay. Economists
have deep understanding of several fundamental auction mechanisms including com-
binatorial auctions. The seminal work of Vickrey [28] and its extension to problems
with bundles of items, provides the theoretical outline of combinatorial auctions. The
Generalized Vickrey auction (GVA) [18], a gold standard to which other combinatorial
auctions are compared, is an incentive compatible, efficient and individually rational
direct revelation mechanism.

There are several computational complexities involved in implementing the core
activities of combinatorial auction. The computational tasks are much more severe in
combinatorial auctions than any other known auctions. The potential computational

complexity which exists in combinatorial auctions are categorized as :

e Value determination problem:

GVA requires complete information revelation from each agent. Every agent
should submit its true valuation for all the bundles. For agents with hard
valuation this problem is intractable. Iterative combinatorial auctions [30, 23]
are proposed where the agents can compute the prices iteratively. Iterative
auctions allow the agents to put off exact computation of the true valuation.
Another approach is to provide auctioneer a bidding proxy program rather than
the true valuation, the auctioneer using the bidding program can find out the
valuation of any bundle. In this case the computational problem shifted from

agent to auctioneer.

e Winner determination problem (WDP):



Under usual circumstances a good allocation of resources should maximize the
revenue that the auction generates. Allocative efficiency is a measure of total
quality of an allocation, a good allocation should consider all bidders as equal
and compute an allocation which maximize the total value over the system.
This computation problem is NP-complete [25], and is also referred to as com-
binatorial allocation problem (CAP). The CAP has received attention lately
26, 1, 13, 12] with two approaches usually taken.

— Exact Method : Exact method tries to solve the CAP to obtain an exact
revenue maximizing allocation. Since the problem is very complex the

solution to this is intractable for large number of items and bidders.

— Approximate Method: Approximate method solves the problem quickly to
obtain near optimal results. Due to the intractability of the CAP, there
is a need for the solution which, even though near optimal, is obtained in

reasonable time.

There are several combinatorial auctions proposed. The different properties of the
CA, especially the efficiency, are dependent on winner determination. All the CAs
proposed so far rely on optimal winner determination. The properties of these CAs
might not hold in case of approximate winner determination. In order to implement
computationally efficient CA, there is a need to understand more about approximation
of winner determination problem and the effects of the approximation on CAs.

Lehman, Callaghan and Shoham [15] discusses the effects of approximate winner
determination in GVA. [15] also proposes a incentive compatible payment scheme.
But this payment scheme assumes depends upon impractical assumptions like all the
agents bid on only one bundle.

Iterative auctions have more practical properties than sealed bid GVA, one look
at the recent auctions proposed like iBundle, AkBA, Simultaneous ascending auc-
tion(SAA) and AUSM, shows that there is preference of ascending auctions over the
sealed bid one round auctions.

The activities involved in the AKBA, an iterative auction, is as shown in the

figure 1.1. Here, the agents submit bids to the auctioneer, the auctioneer computes



Bidding

Winner
determination

Figure 1.1: State machine of iterative auction

who the winners of that round are and then computes the prices of the bundles. The
auctioneer then communicates the prices to the agents. The agents will update the
bids. The auction will terminate when there are no new bids.

The prices are computed based on the assumption that the allocation is optimal.
If the allocation is not optimal then the prices might not have the same properties as
when the allocation is optimal. The incorrect price might then cause the agents to
make wrong decisions. So, the approximate winner determination might cause several
problems in the iterative auctions. To the best of my knowledge there is no study of
how approximate winner determination affects the iterative combinatorial auctions.

In this thesis, I attempt to understand the effects of approximate winner determi-
nation on ascending k-bundle auction - a progressive ascending combinatorial auction
[30]. Also, I implement several corrective mechanisms which are used to rectify some

of the errors introduced by approximation of winner determination.



1.1 Organization of thesis

In chapter 2, I will review the basic issues of combinatorial auction. I will also
review the properties of the Generalized Vickrey auction and the ascending k-bundle
auction. In chapter 3, I will go through some of the proposed algorithms to solve the
CAP. After studying the issues involved in CAs and different winner determination
techniques in chapter 2 and 3, I will explain the effects of approximation of winner
determination on iterative auction in chapter 4. I will also introduce the corrective
mechanisms in the same chapter. In chapters 5 and 6, I will provide the results and

conclusions of this thesis.



Chapter 2
Combinatorial Auction

Discrete resource allocation is the focus of auctions. Resources to be allocated can
be homogeneous or heterogeneous. The allocation of single/multi-unit homogeneous
resources is well understood. But the allocation of heterogeneous resources has proven
to be more challenging. The allocation of heterogeneous resources is difficult when
the agents have complementary preferences over the resources. Complementary pref-
erences are represented by superadditive utility function. If an agent values resource
A for v(A) and resource B for v(B), the agent may value the combination of resources
A and B such that v(AB) > v(A) + v(B). In the extreme case, an agent might have
v(AB) >> 0 but v(A) = v(B) = 0. Substitutable preferences are represented by a
subadditive utility function. The agent may value the combination of resources A
and B such that v(AB) < v(A) + v(B). In the extreme case, an agent might have
v(A, B) = max[v(A),v(B)].

For example, suppose Bob needs a airline ticket from Raleigh to Paris. Bob, being
a netizen, wants to buy airline ticket from the Web and checks all the auction sites
which are auctioning the airline tickets. Bob values a trip from Raleigh to Paris for
about $300. He observes that no airline auction site has airline tickets from Raleigh
to Paris directly but he has to win tickets from Raleigh to New York and from New
York to Paris. Bob does not value airline ticket only from Raleigh to New York or
airline ticket only from New York to Paris. Here Bob embodies complementarity for

the airline tickets.



One way to handle the complementary valuations among the heterogeneous re-
sources is to auction the goods separately. The allocation of heterogeneous resources
can be performed by auctioning each resource sequentially or in parallel.

In sequential auctions, the items are auctioned one at a time. The agent who has
preference for a bundle of goods has to bid in all the concerned auctions and win all
the auctions to get all the items he wants. In sequential auctions the agent needs to
predict what items he will receive in later auctions. This requires speculation of what
others will bid in future since that affects the outcome for the agent. This can lead
to inefficient allocations where agents do not get the combinations that they want
or get the combinations which they do not want. The guesswork about the future
allocation makes the agent’s strategy more complex and the outcome less efficient.

In parallel auctions, the items are auctioned in parallel. But here the agent does
not know the exact valuations of the items since valuation depends on which other
items the agent wins, which in turn depends on the preferences and valuation of the
other agents. There are several auctions proposed of this kind. In Simultaneous
ascending auction (SAA) [19], there will be auctions for multiple items in which the
bidding occurs in rounds. An agent will submit a sealed bid in each round. At the end
of the round all the items and the corresponding highest bidder will be announced.
The auction ends when is there no new bid on any of the items. The items are
allocated to the highest bidder at the price of the corresponding bids.

Recall Bob who has complimentary preferences for airline tickets from Raleigh to
New York and New York to Paris. Suppose there are auctions for the tickets from
Raleigh to New York and from New York to Paris and if Bob wins the auction from
Raleigh to New York for $175, he has to win the auction from New York to Paris for
less than $125. If he pays more than $125 for the ticket from New York to Paris, then
he is paying more than he values or if he does not win the auction then the ticket
from Raleigh to New York is of no use, so he will lose $175. So the agent here is
exposed to the risk of getting a part of the bundle or paying more than its value for
the bundle. This is known as exposure problem.

Suppose if Bob values the airline ticket from Raleigh to New York ticket for $125
and airline ticket from New York to Paris for $150 and the combination for $300 and



Agent |A | B | C | AB ] AC | BC | ABC
1 [10[10[10] 25| 2525 50
2 | 5]20]10] 25 | 15|35 70
3 |5 /10[30] 10|30 40| 80

Table 2.1: Complimentary bids example

he does not bid more than what he values each individual item. Then the tickets may
be allocated to other agents such that the combined value is less than $300. In this
case Bob will not get the airline ticket although he values the combination for more
than the items actually sold for.

In sequential auctions and parallel auctions, the agent can either bid no more than
the individual values, and risk not winning, or bid more than the individual values
and risk winning only one.

Another way of solving the heterogeneous resource allocation among the agents
who have complimentary preferences is to have an auction that allows agents to bid for
the bundle of items. This kind of auction is known as combinatorial or combinational
auction. Since the agents are allowed to express their complimentarities between
items instead of having to speculate on an item’s valuation, combinatorial auctions
will exhibit better allocation than sequential and parallel auctions.

Consider the following example of 3 agents bidding for combinations of 3 different
items. The true valuation of the agents are shown in the Table 2.1.

Let us assume that all the agents will bid their true values. In the case of parallel
auction or sequential auction, agents are not allowed to bid on bundles. So agents
bid only the true values for the item 1, 2 and 3 and the allocation for which will be
item 1 will be alloted to agent 1, agent 2 will get item 2 and agent 3 will get item
3. The combined valuation is 60. Now let us consider the case where the auction
allows the agents to express their true valuation for the bundle of items. In this case
the complete table will be considered and all the items will be alloted to agent 3 for
80. So by allowing the agents, who have complementary preferences, to express the
valuation over combination of items, the efficiency of the auction is increased.

Early work on combinatorial auctions was performed by Rassenti, Smith and
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Bulfin [24]. The authors were investigating the allocation of airport slots. They in-
vestigated a single-sided, sealed-bid auction that allowed the agents to bid on bundles.
After the initial allocation, the auction announced two price vectors, one price vector
contained the lowest prices that excluded all non-winning bids and the other vector
contained the highest prices that included all winning bids. This information could
be used by the agents in the next period.

There are several other CAs proposed. The Generalized Vickrey auction (GVA)
[18], is the extension of the Vickrey’s second price auctions. GVA is a sealed bid
bundle auction, the details of which we will discuss in section 2.2. Ascending k-
Bundle Auction (AkBA) [30] and iBundle [23] are the proposed iterative CAs. AkBA

is discussed in section 2.3.

2.1 Basic Issues in Combinatorial auctions

In the section, I discuss four basic issues in combinatorial auctions.

2.1.1 Bidding

A bid may be interpreted as a half-contract, which says the agent is willing to
pay this amount of money if he is alloted the requested combination of goods. A
bidding language is a formal syntax for expressing valuations. The bidding and the
rules associated with the update of bids during the auction rounds, belongs to the

receive bids part of the core auction activity.

Basic bidding languages
The most basic types of bidding languages are :

e Atomic bids : A agent 7 will submit a pair (b, v;(b)) where b, the bundle, is the
subset of the items and v;(b) is the price the agent is willing to pay for b. The
atomic bids are also referred as single-minded bids in [15]. The atomic bids
cannot be used to express all kinds of valuation but are the corner stone of all

the other bidding languages.
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e OR bids : The agent can submit an arbitrary numbers of atomic bids. The bid
is interpreted to mean that the agent is willing to obtain any numbers of atomic
bids at the price equal to the sum of the satisfied bids. OR bids cannot be used

to express substitutable values.

e XOR bids : The agent can submit an arbitrary number of pairs (b;,v;(b;)). In
XOR bids the agent is willing to obtain at most one of the bundles. XOR can

be used to express all types of valuations.

Expressiveness of the bidding language is very important. Several bidding lan-
guages can be created by extending OR, XOR bidding languages. OR~of-XOR bids,
XOR-of-OR bids, OR with phantom items are some of the bidding languages pro-
posed. A bidding language is polynomially interpretable if the value of the subset
b of item is calculated in polynomial time. Nissan [20], provides the analysis of the
computational problems in the bidding languages in detail.

Using the basic languages several ways of expressing the bid can be formulated. I

have used one such formulation called simple multidimensional bid.

Simple Multidimensional Bid (SMD) Notation for Discrete Goods:

I have used this language to implement the bid structure. A bid in this language is
composed of one or more offers. An offer is the payment for a bundle. This formulation

treats money as another good. An example grammar is shown in figure 2.1.

For example, the bid (SMD(-10(g 1)(g 2))) is an offer for a bundle consisting of
items 1 and 2 for price 10, and the term SMD denotes the bidding language is simple
multidimensional.

A negative payment is the price the agent is willing to pay to participate in the
transaction implied by the bundles and a positive payment is the price the agent is
willing to sell the bundle. Table 2.2 shows how, in SMD, the bids with complementary;,

substitutable and other valuations can be expressed.
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Bid — (smd offers)

offer —(Payment Bundle)

Bundle — Good

Payment —real number

Good — ( g Index) or (g Index quantity)
Index — positive integer

Quantity — integer

Figure 2.1: Simple multidimensional bid structure

Bid ATB[AB

(SMD(-10(g 1)(g 2))) 01010
(SMD(-3(g 1))(-12(g 1)(g 2))) 310712
(SMD(-4(g 1))(-4(g 2))(-4(g 1)(g2))) | 4 [ 4 | 4

Table 2.2: The SMD notation

2.1.2 Allocation

After the bids are received the auction has to allocate the items to the bidding
agents. The allocation is an optimization of some objective function, usually the rev-
enue maximization of the seller. In the general case, solving the optimization problem
is non-trivial. Consider the auction which has to allocate a set of n heterogeneous
items J to a set of m agents I. The agents are indexed by 7 and the items by j. Let
b € {0,1}" where &’ = 1 implies that item j is an element of the bundle b and ¢/ = 0
implies that item j is not present in the bundle. If the empty set is not considered
then there are 2" - 1 possible combinations for n items. Let B be the set of all
possible bundles. v;(b) denotes agent i value for the bundle b. In iterative auctions
the allocation and the prices are revealed in the intermediate steps. Without the loss
of generality, each agent gets only one bundle and each item is allocated only once.

Let x3 € {0,1} and x4 be 1 iff agent i receives a bundle b and 0 otherwise. For
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two bundles, b and ¢, b D ¢ denotes, for all j, i > ¢/. We invoke free disposal which
allows us to assume that valuation increase monotonically. Formally, b D ¢ implies
v;(b) > v;(c).

The solution of the CAP is the feasible allocation of the bundles. The value of

the socially efficient allocation is given by

max Z zb: v (D)

s.t inbglizl,...,m,
b
Zzb]xzbg 17]: 17"'7”7
i b
Tip € {0,1}

Enumeration of all of the possible feasible assignments will give the optimal al-
location. If each combination of the items has received at least one bid, the search
space for 4 items may look like figure 2.2.

The search space of the allocation growth is exponential as the number of items
and the number of agents increase. The number of potential allocations are so large
that they cannot be enumerated unless the number of items is small. So exhaustive
enumeration is not feasible for all searching optimal allocation.

It has been shown that WDP is equivalent to the weighted set packing [25]. The
weighted set packing problem belongs to the class of NP-complete problems and so
the WDP also belongs to the class of NP-complete problems.

2.1.3 Payment

Payment determines how much the winner has to pay for the items allocated to
him. In some cases the amount might not be same as the amount that he bid. The

payment rules determine the auctioneer’s revenue as well as the agent’s strategies.



{abcHd} {abd}c} {bHacd} {aH{bed} {ab}cd} {ac}bd} {ad}{bc}

[ {ablcHd} | | facHbdd) | | f{adiblcy | | {aMbcHd} | | {aMbd{c} | | {a}b}cd} |

{aHbHcHd)

Figure 2.2: Possible allocation of 4 items



15

2.1.4 Strategy

Bidding strategies are the strategies used by the agents to attempt to maximize
their utility. The strategies used by the agents are dependent on the auction protocol,
allocation and payment schemes. In this thesis I study only agents that use myopic

strategy. The description of the strategy is present in the section 2.4.

2.2 The Generalized Vickrey Auction

The generalized Vickrey auction (GVA) is based on William Vickrey’s [28] sem-
inal work on second price auction. The GVA is an incentive compatible, efficient
combinatorial auction.

Each agent i € I submits a valuation function v;(b) for the bundle b € B to the
auctioneer. The auctioneer solves the CAP with these reported values, the solution is
given as V(f*). This solution is the allocation which is implemented in the auction.
Since the GVA is based on Vickrey’s second price, the auctioneer also solves the CAP
without each agent, this gives the best allocation and best valuation V (f*\9). The

payment of agent 7 is computed as

wl = V(D) = V() = v )

The payment of the agent reflects the effect of its presence on the welfare of the
other agents. The GVA is incentive compatible because an agent’s bid can affect only
his allocation and not his payment. The GVA is a truthful mechanism, the agent
cannot improve his utility by bidding differently. Since all the agents bid their true
value, the auction can compute the allocation that gives the maximum sum of the
valuations, i.e. social welfare.

The GVA has several drawbacks which limits its use in practice. The computa-

tional problems which limits the GVA’s practical usage are :

o GVA is intractable for the auctioneer (WDP)
The GVA requires the solution to CAP multiple times. We know CAP is NP-

complete.
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Agent | A | B| AB

Agentl | 10 | 0 | 10
Agent2 | 0 | 0| 20
Agent3 | 0 | 5| 5

Table 2.3: Example with 2 items and 3 agents

Agent | A | B | AB
Agentl | 5* | b | 7
Agent2 | 5 | 5* | 8

Table 2.4: An example in which the GVA payments are discriminatory.

o GVA is intractable for the agents(VDP)
The GVA requires complete truth revelation by each agent. So the GVA requires
the agents to determine their true valuation, for every possible combination of

items. This problem can be computationally complex.

2.2.1 Example

Consider the example with 2 items and 3 agents shown in the Table 2.3.

The solution of the allocation problem gives both the items to Agent 2 with the
valuation of $20. If agent 2 is excluded from the allocation then agent 1 would have
got item 1 for $10 and agent 3 would have got item 2 for $5. So agent 2 has to pay
15-(20-20)=$%15 for the bundle.

The GVA computes discriminatory prices. This can be seen in the example in
Table 2.4. The GVA payments are 7(A) = $3, 7(B) = $2. In many situations, the

discriminatory prices are undesirable.

2.3 Ascending k-Bundle Auction

The Ascending k-bundle auction is an iterative combinatorial auction. In iterative
auctions the agent submits bids for different allocations he is interested in. The

auctioneer makes a provisional allocation and some information will be revealed to
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Agent |A | B | C | AB | AC | BC | ABC
1 [6[6|5[10] 7 |8 | 12
2 |33 g | 5|6 | 11
3 |4l2(1] 765 10

Table 2.5: Example for AkbA

the agents. The agents are allowed to update the offers from the previous round and
the auction continues into next the round. AkBA enforces rules to ensure progress

and eventual completion of the auction.

2.3.1 Equilibrium payments

Let us recall revenue maximization

max Z zb: v (D)

st Y ap<li=1,...,m,

b
N> Way <1,j=1,...,n,
7 b

Tip € {07 1}

where v;(b) be the agent i’s valuation of bundle b. Let f* be the solution to this
integer problem. Let V(f*) be the value of the solution f*.

After the items are allocated to the agents the auction should determine the prices.
Typically, the auction will have payment’s that are less than or equal to the agent’s
bids.

The agent’s value can be viewed as having the price for the payment and the
surplus received by the agent. Consider the example given in Table 2.3. The payment
in GVA by agent 2 for bundle received is $15. So the agent 2 gets the surplus of $5.
The valuation of item g by agent 4, v;(g), can be viewed as consisting of the price for
the item ¢, 7, and the surplus, s;, of the agent. In other words

g+ si = vi(9).
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AB|C |0
1{10 [5]0
21 8 210
3] 71110

Table 2.6: Problem to solve for prices

A|B|C|AB | AC | BC | ABC
1412117 6 5 10
141413 8 6 6 11

2=

Table 2.7: Equilibrium Payments

Wurman and Wellman [30] has shown that equilibrium payments always exist,
when the agents have valuations that are monotone on the finite bundle of items B.

Such an equilibrium is obtained by computing the following three steps.

1. Step 1. Solve WDP to obtain the socially efficient solution, f*. The value of
the solution is V' (f*).

2. Step 2.

Let Iy be the set of agents who receive items in f* and /-y be the agents who are
not allocated. Let By be the bundles in f* and By be the unassigned bundles.
For each agent i € Iy, let ¢; be a null item which represents the agent’s null
allocation. Let ® = {¢;]i € I¢}. Let G = ByU®, and g € G. G, along with the
corresponding agent valuations, describes an assignment problem. To compute
the prices for all g, we need to compute the solution to the assignment problem.
The assignment problem is solved using the dual program [16], by solving linear

program L Pjgyer and LP,pper.

The lowest prices LPjyer, where the agents will be in equilibrium are obtained

by solving



19

S.t 3i+7Tg Zvi(g)v\V/iaga

Siy Tg Z 07

st Y = V()

The last constraint ensures that the first constraint is satisfied at equality when

the allocation is optimal.

This problem has a complimentary problem LP,,pe.

min Zsi
S.t 8i+7Tg 2%(9),W,9,

Si, g >0

Zsi—i-Z?Tg:V(f*)

3. Step 3. After finding the price for the allocated bundle finding the price for the

unallocated bundle is simply calculated as

Ty = miax[vi(b) — 5] (2.1)

Properties:

Let * be the lower bound price obtained by L P, and 7T be the price obtained
by LPypper- [30] notes the following properties of the prices #* and 7*.

e Property 1: The payments 7*, support the efficient allocation.

e Property 2: The payments 7", support the efficient allocation.
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e Property 3: For all k € (0,1), k7 + (1 — k)x*, is in non-linear price equi-
librium.
Non-linear price determination:
Let 7 be the price lattice which consists of price 7, for all bundles b. Under
quasilinear preferences, the solution f*, and the price lattice 7, form a
nonlinear-price equilibrium if, for all i,

v(f) — T = mazpeplvi(b) — ).

ALBA sets the price in accordance with this property. If k=1, only the upper
bound prices are considered. This is a special case of the ascending k-bundle
auction known as A1BA. AKBA, like the GVA, is dependent on solving the
CAP.

2.3.2 Example

Let us consider preferences as shown in the Table 2.5, which is same as the example
considered in [30].To construct the equilibrium prices we need to solve LPyy.. and
LP,pper for the assignment subproblem given in Table 2.6.

The solution to L P, for this problem is map = 7, 7. = 1. The final upper and
lower equilibrium payment vector is given in Table 2.7. The efficient allocation is
to assign AB to agent 2, C to agent 1 and agent 3 gets nothing. The value of this
socially efficient allocation V(f*) is $13. Notice that 75 is less than v;(C). If the
agent 1 would have got item AB for $8, he would have got surplus of $2. In such
a case, agent 1 has an incentive to move from item C to bundle AB. To make the
agent 1 satisfied with the outcome, we need to reduce the price of agent 1’s allocation,

thereby increasing its surplus.

2.3.3 Al1BA

A1BA allows the agent to bid on any or all bundles, but an agent is allocated
only one bundle. A bid, r;, is a collection of exclusive offers of the form r;(b). r;(b)

might not be equal to v;(b), the true valuation of the bundle. The auction assumes
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free disposal. The new bid from agent i, r; should satisfy r;(b) > 7;(b) for all b’s and
r:(b) > 7;(b) 4 & for at least one b if the agent is not bidding on the bundle which
he has won in the previous iteration. The auction enforces bid monotonicity which
means if the agent increases the offer for bundle b, the offer for all bundles ¢ which
satisfies b C ¢, are also raised.

The auction begins with a bid in which the price on the items is zero. After the
auction receives a bid, it determines the new allocation. Since k = 1, 7 is calculated.
The new price is calculated every time the auction receives a bid. The prices for all
bundles for which an offer has been received are calculated and communicated to the
agents along with the bundle, if any, won by the agent. The auction terminates when

there are no more bids i.e. auction implements an inactivity based clearance policy.

2.4 Strategy

Strategies used by the agents to place bids are a fundamental element of auction
theory. An agent can use any number of strategies to manipulate the auction rules
to serve his self interest. In this study I am using a straight forward myopic strategy.
The short-sighted agents will bid on any bundle which maximizes the revenue at that
particular iteration of the auction. A myopic agent believes that he can win any
bundle by bidding the current price plus the minimum increment. Let b;- be agent
i’s tentative allocation. The agent is getting surplus of v;(b;) — 7T;Z, for the current
allocation. The myopic agent’s strategy is to bid on the bundle which maximizes the

surplus. Let § be the minimum increment.

b= mgxx{vi(b,) — my,0;(D) — (mp 4+ 6)} (2.2)

Consider an example A1BA auction played by myopic agents. Let the true valua-
tion of the bundles of items A and B for the 2 agents be as given in Table 2.8. A1BA
starts with 0 price and allocation. Let ¢, the minimum increment, be $1. When the
auction starts agent 1 bids $1 on A, so in the first iteration agent 1 wins A for $1

and the price of A and AB will be $1. With this information agent 2 will bid. Agent
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Agent | A | B | AB
1 10 0 | 10
2 0 10| 10

Table 2.8: Example of 2 agents and 2 item bundles

2 observes that he will get maximum surplus if he bids for item B. So he will bid
$1 on item B. So at the end of this iteration A is alloted to agent 1, B is alloted to
agent 2 and the tentative prices of A, B and AB will be $1. Now if agent 1 observes
the surplus decreases if he wants to bid for any other item, so he retains his previous
winning bid. This is the same for agent B also. Since there are no new bids, the

auction ends with the agent 1 obtaining A and agent 2 obtaining B.
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Chapter 3
Winner Determination

We saw in Chapter 2 that the solution to the problem of allocation of heteroge-
neous resources to the agents with complimentary preferences, such that the revenue
generated by the auctioneer is maximized, is NP-Complete. Due to the increasing
focus on CAs this computationally intensive problem has received a lot of atten-
tion lately. Different approaches have been proposed to solve this problem. The

approaches can be categorized as
e algorithms to improve the running time to find an optimal solution.
e heuristics to improve the speed of the algorithm at the expense of optimality.

The algorithms proposed, in both the categories, use well-known ideas such as dy-
namic programming, clever pruning of the search space with depth-first search, Al
search techniques, greedy allocation, hill climbing techniques and expressing the prob-
lem as integer program and using standard software like CPLEX to solve the allocation
problem. These methods have been shown to perform reasonably well on problems

with considerable size.

3.1 Combinatorial Auction Structured Search

Fujishima et al. [12] proposes an algorithm which determines optimal allocation

for considerable number of bidders and items. The algorithm called, Combinatorial
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Auction Structured Search (CASS), performs an exhaustive search to determine the
optimal allocation. CASS is basically a naive brute-force search with improvements
which make the search space more structured and searching more efficient.

Let G be set of all the items, B be the set of bundles, O be the set of all offers
from all the bids and I be the set of agents.

1. Preprocessing:

For each item there is a dummy offer with zero price created. The dummy
good ensures the optimal set will allocate every good even if some goods are
not actually allocated. The dummy goods ensure that all possible combinations
are considered to find the optimal allocation. Every offer has the agent’s identi-
fication, which will supply the XOR property; no agent will get more than one

offer and no good is allocated more than once.

2. Naive brute force search

An offer ¢ is said to be compatible with the partial allocation A if,
o is not from the same agent and o does not have any goods which are present

in the partial allocation A. The Brute force algorithm is given in figure 3.1.

3. Improvement 1 : Bins

Let us consider 3 agents bidding for 2 items A and B, let every agent have a
valuation for all the bundles. One of the possible search space for that is given

in figure 3.2

By using the naive brute force search given in figure 3.1, a large number of
unnecessary comparisons are made to check the compatibility of every other offer
in the search space. In finding the optimal allocation for the search space shown
in the figure 3.2, by assuming A from agent 1, totally 8 possible assignments
are present. Out of 8 possible assignments, 5 are them are incompatible. There
are b comparisons made with the offers which consisted of items which were

present in the current allocation.
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1. Start with an empty allocation
2. Choose the initial compatible offer
3. If there are more offers
increment the offer
verify whether it is compatible with the current allocation
If the offer is compatible
if a better solution exists
then insert into the current allocation
update the best revenue and allocation observed so far.
else

backtrack

Figure 3.1: Naive brute force algorithm

A large number of unnecessary comparisons are performed to find whether the
offer is compatible with the current allocation. These unnecessary comparisons
can be avoided by avoiding the comparisons with the bundles which are sure
to conflict. In the example, after choosing the bundle which has item A, if we
skip the comparison of all the offers which has A then we need to examine only

3 other choices.

In CASS, this is implemented by using bins. Bin D, contains all of the offers
where item ¢ € G and no item j < 7 is in the offers. We can add at most one

offer from each bin since all offers in a bin are mutually exclusive.

The search space of figure 3.2 can be reduced to the search space structure given

in figure 3.3.

This decreases the number of comparisons without altering the end result. The
bins can be skipped entirely also. While considering bin D;, if we observe that
the allocation already assigned j > ¢, we can skip D; entirely. This further

reduces the number of comparisons.
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\AB\ \AB\

Figure 3.2: CA search

4. Improvement 2: Backtracking

Let F; be partial allocation when the bin D; is reached during search. The
cache C; C G(F;) where Vj € G(F;), j > i < j € C;. In otherwords cache
consists of the all the other items other than in the partial allocation. There
can be many partial allocations that may share the same cache C;. In such
case, the search tree is identical beyond D;. Performance can be improved by
backtracking whenever a search path cannot lead to a better allocation. We

can prune whenever C(F;;) € C(Fj) and 7(F) + w(C(F;1)) < 7.

We can also backtrack when it is provably impossible to add any offers to the
current allocation to generate more revenue than the current best allocation.
This can be be done by estimating the revenue, before the search is begun,
calculate the average revenue that can be achieved with each good g is o(g). We

backtrack at any partial allocation F', where 7(F) 4+ 3, 0(g) < bestallocation.
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1A > 2B
2A T 3B
3A 1B
1AB 0B
2AB
3AB
0A

Figure 3.3: Search space using bins

3.1.1 Other ways of solving allocation optimally

There are several other algorithms proposed recently. Anderson at all [1] have
proposed to use standard optimization software like CPLEX to solve the winner
determination problem. The winner determination problem is expressed as a mixed
integer problem and CPLEX can be used to solve the mixed integer problem.

Sandholm [26] proposes another algorithm which is a tree search algorithm that

branches on bids. This algorithm is called CABOB.

3.2 Approximate Methods

Another approach to solve winner determination problem is to give up finding the
optimal solution and to seek a feasible solution which is fast and which produces a

near optimal solution. There are several approximation methods proposed to solve
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the weighted set packing problem. Some of the algorithms proposed, like stochastic
local search based and job shop scheduling based, draw analogy between combina-
torial auctions and scheduling of jobs in industry and use several scheduling theory
approximation techniques to solve the allocation problem.

We shall consider 2 of the approximation methods. Both the methods are based
on sorting on some criterion.

The offers are sorted based on different criterion as given below.

e Sort on the total amount of the offer : The offers can be sorted on the descending
order of the price offered by the bidders. Sorting based on this provides the offers

with higher amounts a higher norm than the offers with lower amounts.

e Sort on average amount per good : Let b be the bundle which consists of different
items and 7(b) is the price. The offer has |b| number of goods. The average
amount per good is given by m(b) + |b|. Sorting the list of offers by descending

order of the average amount per good is a good heuristic in packing problems.

e Sort on the number of goods : The offers can be sorted on the number of
goods present in the offers. The offer with maximum number of items will be

considered first.

3.2.1 Greedy Allocation

The greedy algorithm has 2 phases.

1 In the first phase the offers are sorted by some criteria.

2 In the second phase the algorithm allocates the offers. The offer which has the
highest value is selected. Then the offers are examined in order and the offers
which do not conflict with the current allocation are added to the allocation.

This continues until there are no goods unallocated.
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3.2.2 Stochastic local search

Local search algorithms are those which, after initializing the search process at
some point of the search space, iteratively move from one point to another point of
the search space where the decision for such movement is taken based on considering
on the local neighborhood only.

If b is the bundle of the offer, sc(b) denotes the increase in the revenue obtained
by adding b to the current allocation. In this algorithm, the scoring function score(b)
is given by sc(b) + |b|. The scoring function normalizes the revenue by the number of
items in the bundle. The age of each offer is defined to be the number of steps since
that bid was last. ( denotes the set of compatible offers, ¢, for the current partial
allocation A.

Hoos and Boutilier [13] have proposed an algorithm, Casanova, which solves the
winner determination problem giving near optimal results. Casanova is given in the
figure 3.4.

The decision tree of this algorithm is as shown in figure 3.5.

This algorithm is also greedy to some extent but it is not as deterministic as
the greedy algorithm. If wp > 0, the age-based selection of an offer using novelty
probability prevents selection of the same offer again and again. By solving the search
problem multiple times, up to maxTries, and using random restart, Casanova has a
better chance of finding good results than the deterministic greedy algorithm. The
results obtained by the algorithm are dependent on several variables like maxSteps,

max Tries, novelty probability and walk probability.

3.3 Discussion

Computer scientists have focussed on the winner determination problem because
the computational complexity is an obvious factor limiting the application of CAs.
Testing and comparing the algorithms proposed is difficult because no realistic test
cases have been agreed upon. Using the real-world data for testing would be nice, but

there are not yet enough real cases. Research is ongoing to come up with a uniform
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1. for(maxTries)
2. Start with empty allocation
3. for(maxsteps)
if(probability > walkprobability)
choose a compatible offer randomly
else
choose the offer greedily.
Sort ¢ based on the score.
Insert the highest bid(b1) or second-highest bid(b2) as follows:
if age(bl) > age(b2)
then insert bl
else
insert b2 with novelty probability(np)
insert bl with 1 - np

4. update the winners of the auction if better than the previous results

Figure 3.4: Casanova algorithm

test suite for combinatorial auctions. CATS [17] provides a library of distributions
which can be used for testing the CAs.

Despite the lack of real data, researcher’s have compared algorithms using stan-
dard distributions. Some algorithms clearly perform better than the others but there
is no clear winner. Hoos and Boutilier [13] experimented with CASS and Casanova
with uniform, binomial and exponential distributions. Casanova, although not guar-
anteed optimal, finds results which are very near to optimal allocation with very high
consistency and in less time.

Nissan and Zurel [21] recently proposed an approximation technique that uses a
linear program and a greedy hill climbing algorithm. They observe that their algo-
rithm performs better than CPLEX and other optimizing software like MATLAB for

different kinds of distribution. They also claim that experimentally, their approxi-
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Figure 3.5: Decision tree representation of the algorithm

mation algorithm gives results which differ from optimal allocations by at most by
4%.

The recent research focus has been on algorithms which solve the winner determi-
nation, giving near optimal results, rapidly rather than solving the winner determi-

nation optimally. The algorithms proposed show a lot of promise in that direction.
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Chapter 4
Effects of Approximation

In the chapter 2 we have seen that combinatorial auctions are a promising way to
solve the resource allocation of heterogeneous resources with complementarities. We
discussed several combinatorial auctions proposed like GVA and the AkBA auctions.
The GVA requires the agents to calculate the exact valuations of all the bundles,
the agent is interested in. This problem of calculating the exact valuation for all the
bundles is a difficult problem. Since most of the iterative auctions allow new offers in
any intermediate iteration, there is no need for the agents to know the exact valuation
when the auction starts.

In chapter 3 we studied different ways of solving the WDP. We saw that the WDP
can be solved optimally or approximately. The results of the combinatorial auctions
generally assume an optimal winner determination step. However, many problems
that CAs could be used for are of the size that cannot be tractably solved. Thus,
there is a need to be able to approximate solutions of WDP.

The effects of approximation on GVA, a single round bundle auction has been
explored in [15] but I have not come across any work on studying the effects of ap-
proximation in iterative combinatorial auction. Since approximate solution to solve
WDP is essential to overcome the computational complexity in the auction, under-
standing of the effect of such a solution on iterative combinatorial auction assumes
importance. In this thesis, we make such an attempt to study the effects of ap-

proximation on one of the iterative combinatorial auctions. We study the effects of
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1. Accept bids.

2. Solve WDP.

3. Calculate LP,,e-. Obtain prices for the bundles.

4. Communicate the prices to the agents along with the agent’s
current tentative allocation.

5. If no new bids are received, terminate. Otherwise go to step (a).

Figure 4.1: A1BA steps

approximating WDP on A1BA.

4.1 Impacts on A1BA

A1BA follows the generic state diagram of the iterative auction. The intermediate
information revealed by the auctioneer is the prices of the bundles and the agent’s
tentative allocation. The payment scheme is designed such that the auction will be
in payment equilibrium. A1BA follows the step as in figure 4.1.

Let V(f*) be the value of the solution when solving the WDP optimally. When an
approximation algorithm is used,we might obtain a solution V'(f') such that V(f') <
V(f*). In this case the constraint >, s; + >, 7y = V(f/), in solving LP,pye;, may not
be satisfied. This may make the upper bound prices infeasible to obtain. Thus the
error introduced because of the approximate WDP may affect the auction adversely.

There are four conditions that may occur. First, the approximation algorithm
may find the optimal solution. While this is desirable, it is not guaranteed. Thus, we

must consider the other three types of errors that can occur.

1. Wrong bundles right agents :

Approximation of WDP may give erroneous allocation. The approximate solu-
tion may allocate the wrong bundles to the agents who would have won if WDP

is solved optimally. Consider the example in Table 4.1, which is the same ex-
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Agent |A | B | C | AB | AC | BC | ABC
1 [6[6|5[10] 7 |8 | 12
2 |33 g | 5|6 | 11
3 |4l2(1] 765 10

Table 4.1: Example for AkbA

Agent | AB | C | 0
1 100510
2 8 [2°]0
3 71110

Table 4.2: Right bundles wrong agents

ample used in chapter 3. Let the approximate WDP compute the allocation to
give the assignment sub problem as in Table 4.3, where bundle BC is allocated
to agent 2 and the agent 1 gets A at $6. The allocation is optimal if the agent
1 gets C and agent 2 gets AB. The value of the approximate solution is $12,
and the optimal solution is $13. In this case, the wrong bundles are allocated

to the right agents.

. Right bundles wrong agents :

Consider the same example in Table 4.1. When the WDP is solved approxi-
mately, suppose the allocation obtained has agent 1 getting AB and agent 2
getting B. The value of such a solution is $12. Only upper equilibrium prices
need to be considered in A1BA. The equilibrium price is obtained by solving
the problem shown in Table 4.2. Notice that for agent 1, 7*(C) is less than
Vi(C). The surplus of agent 1, if it had obtained C is $3. So to make agent 1

Agent | A | BC | ()
1 6| 8 |0
2 316 |0
3 415 10

Table 4.3: Wrong bundles right agents
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satisfied with the allocation, reduce the price agent 1 pays for AB to $7. But
if agent 1 gets AB for $7, agent 2 might prefer AB for C, so we have to reduce
the price agent 2 pays for C. This will continue till the prices go below 0, which
violates the other constraints of LP,p,... The approximate solution may make

the pricing solution impossible to obtain.

In this example the approximate solution for WDP allocates the right bundles

to the wrong agents.

3. Wrong allocation of items, wrong allocation of agents

Once again let us consider the example given in Table 4.1. Let the approximate
solution WDP allocate ABC to agent 3. In this case the solution contains the

wrong bundle allocated to the wrong agent.

4.2 Corrective Mechanisms

We saw that approximating the winner determination in CA will have serious
impacts on the auction. The variance of the results due to approximation can be
decreased by using corrective mechanisms. Corrective mechanisms can be applied in

different stages of the auction. The corrective mechanisms can be applied during :

1. Winner Determination :

A1BA is a iterative progressive auction. It is progressive because the revenue
increases in every iteration. A1BA has a inherent corrective mechanism since
the revenue generated by every iteration does not decrease. So if an iteration
using approximation gives results which generate revenue less than the previous
iteration, then the previous results are used instead. This avoids some possible
erroneous allocations. Consider an example consisting of 2 agents bidding of
2 items in a iteration of AIBA. Let the agents bid 6, 6, 10 and 4, 5, 10 for
A, B and AB respectively. Let the winners in this iteration be agent 1 gets A
and agent 2 gets B. In the next iteration, let the agent 1 remain the same and

agent 2 increase bid for AB to 10.5. If the approximate winner determination
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step allocates AB to agent 2, the auction will reject this since only the solutions

which generates more social welfare than the previous iteration are considered.

. Intermediate between winner determination and pricing :

The main reason for the categorization of the impacts of approximate solution
to WDP is to find out whether there are any corrective mechanisms which, when

implemented, overcome the errors due to approximation.

In one of the possible incorrect allocation, the solution can assign right bundles
to the wrong agents. After solving WDP, in A1BA LP,,., should be computed.
In Table 4.2, the approximate solution assigns right bundles to the wrong agents
which causes the solution in infeasibility of the solution to the pricing. The com-
plexities caused in computing the LP,,,., are due to the incorrect assignment

and there exists a possibility of a better solution in the assignment subproblem.

This complexity can be reduced if the problem is guaranteed to have the al-
location which gives the maximum revenue amongst the chosen bundles. In
Table 4.2, the allocation of AB to agent 1 and C to agent 2 has value of $12,
but if the assignment sub problem is solved for an allocation which maximizes
the revenue among the bundles, contrast to the LPupper, AB is allocated to
agent 2 and C to agent 1. The value of this solution is $13, which is the optimal

allocation.

Let Iy be the set of agents who receive items in f* and I_y be the agents who are
not allocated. Let By be the bundles in f* and By be the unassigned bundles.
For each agent i € Iy, let ¢; be a null item which represents the agent’s null
allocation. Let ® = {¢;|i € I4}. Let B'= ByU®, and b € B'. B', along with

the corresponding agent valuations, describes an assignment subproblem.

max Y0, )ay
iy

s.t inble,...,m,
b/
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ry =1i=1,....m,
g €{0,1} (4.1)

By solving the assignment subproblem, we would have computed the combina-
tion which gives the maximum sum amongst the bundles, which were computed
as winning bundles by the approximate WDP. This will make the computa-
tion of the LP,p,, and LPye,, which may not be feasible with the LP,,,,
formulation, feasible. It can also be easily observed that, this correction mech-
anism corrects the solution of the approximate WDP when the right bundles

are allocated to the wrong agents.

4.3 Discussion

The iterative auction with the correction mechanisms will be as shown in fig-
ure 4.3. After the WDP is solved, the correction mechanisms may correct the
possible errors, which may reduce the errors in computing the prices of the bun-
dles. As stated earlier, one of the correction mechanism may get the optimal

allocation, if the approximate allocation finds the right agents.

The assignment problem being solved, as correction mechanism, can be solved
using different methods in polynomial time. An auction method due to Bert-
sekas [4, 5] and the Hungarian method due to Kuhn [14], solves the worst case of
the assignment problem in the order O(n3). The number of agents participating

in the auction gives the order of the assignment problem we solve.

The solution to the assignment problem, used as correction mechanism, com-
putes the maximum value for the allocation for the current winning bundles.
This solution may avoid the conditions which render the solution for LP, e,
and L P, infeasible, even if the bundles and the agents chosen as winners by

approximate solution, are incorrect.

The approach we have taken to overcome the possible errors due to approxi-

mation is in contrast with the approach taken by Lehmann et al. [15]. The
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Figure 4.2: Iterative auction with correction mechanism

authors observe that the GVA loses incentive compatibility if WDP is solved

approximately.

The authors observe the following properties of GVA.

e An exact allocation in which the bid if allocated is granted as a whole
otherwise it is denied. The allocation is monotone if the offer is allocated

then the offer (s*,v") where s C s and v* > v is also allocated.

e The agents will not lose any utility by participating in the auction, the
agent has to pay a critical value for the bundle allocated and pays zero if

it does not win any bundle.

If greedy allocation with normalized sorting is used, let agent ¢ have the highest

offer v; and v; be the next highest bid. v; would have won if i's bid wasn’t
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present. Let avg; be the average amount per good bid by agent j. Lehmann et
all, proposes a payment scheme where the winner agent i will pay |s;| x avg;.
This payment scheme is incentive compatible for the single minded agents and

the auction implements bid monotonicity and participation.

The payment scheme proposed by [15] is one of the approaches to overcome the
errors in winner determination due to approximation. This payment scheme
requires the agent to be single minded, to bid for only one bundle, which is not
practical. The payment scheme fails if there are some complex bidders, lying

about true valuation of the bundles.

But our approach to solve the problem is to rectify the possible errors in winner
determination before the prices are computed. This approach in A1BA, does
not change any of auction mechanism like changing the payment scheme or

imposing new restrictions on the agents.
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Chapter 5
Experimental Analysis and Results

I have implemented a combinatorial auction setup which runs the A1BA auction. I
have used simple multidimensional bidding structure for bidding. Since the objective
is to analyze the effects of approximating the winner determination technique, both
the approximate solution as well as exact solution are needed. I have implemented
CASS ( without backtracking ) as the exact method. I have implemented Casanova,
the stochastic local search mechanism, as explained in section 3.2.2, as the approxi-
mate winner determination technique. Since the combinatorial auction implemented
is A1BA, the auction adheres to the pricing scheme and auction rules of A1BA. All
the agents which take part in the auction use myopic strategy.

This setup is implemented using C++.

5.1 Design of Simulation

The test cases for combinatorial auctions should be generated in a way that the
bids should include both superadditive and subadditive components. The test cases
generated follow the same logic as the test cases in [30]. Agents were assigned valua-
tions on all the possible bundles according to the following algorithms, parameterized
by [ and . [ controls the range of the values and 3 controls the potential supermod-

ularity of agent preferences. To construct values for agent 1,

1. Assign values to the individual items from the uniform distribution of integers
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between one and . The valuation of any item 7, v;(j) € [0, .

2. Starting with the bundles of size 2 and progressively increasing the bundle size,
Let v, = max.cp v;(c).
Let T, = max.cpv;(c) + v;(b \ ).
Assign a value to v;(b) selected from a uniform distribution whose range is

[y, vy, + B(Tp — v3)]]

If B = 0, then the valuations are extremely subadditive, the agents value of a bundle
will be equal to its maximal valuation for any element in the bundle. When § > 1,
an agent can have superadditive valuations. This method of constructing bids will

provide bids which will have subadditive and superadditive valuations.

5.2 Results

The simulation consisted of 1000 of randomly generated problems, each with 5
items and 5 agents, § = 1.5 and with [ = 10. The bid increment § was set to 0.5. All
the 5 agents used the myopic bidding strategy.

A1BA with myopic bidding was run for each of the 1000 random problems for two

different cases.
1. With optimal WDP using CASS.
2. With approximate WDP using Casanova and corrective method 1 and 2.
3. With approximate WDP using Casanova and corrective method 1 only.

In the case 1, in 823 of the trials the allocation reached by the auction was optimal.
In case 2, 827 of the trails reached the optimal allocation. The agents using myopic
strategies did not show any noticeable difference in behavior when playing A1BA
using approximate winner determination.Of the 1000 A1BA trials, in case 3, when
we did not solve the assignment subproblem but when using approximate solution,

only 416 reached optimal allocation.
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The usage of the corrective mechanism 2 increases the chances of finding an op-
timal allocation. During the progression of the auctions the allocation was corrected
during 41% times by solving the assignment subproblem.

The above results show the generic properties of using an approximate method
along with corrective mechanism. There are several characteristics of any approxi-
mation algorithm which affects the quality of the solution produced, hence affecting
the solution of the auction. maxSteps and maxTries which represent the depth of
the search and number of tries are some of the characteristics of Casanova that affect
the solution. We know that in the A1BA each agent can get at most one bundle, so
the maximum number of assigned bundles is equal to the number of agents who have
participated in the auction. If the depth limit of the search is less than the number
of agents, then the approximation solution will necessarily be worse than the optimal
solution when the optimal allocation allocates a bundle to every agent.

546 trials out of 1000 trials found optimal allocation when the maxSteps = 4
and maxTries = 6. The fact that 55% of the trials found optimal allocations when
maxSteps was less than the number of agents who bid shows that not all agents
receive bundle every time, the number of agents who receive bundles can be less than
the number of agents who participated in the auction. Wurman and Wellman [30]
have conducted similar experiments on A1BA but using optimal WDP. They observe
that this method of constructing valuations results in 4.4% cases having all the agents
receive bundles.

634 trials out of 1000 trials found optimal allocation with the maxSteps = 5 and
maxTries = 3 and 827 trials out of 1000 trials found optimal allocation with maxSteps
= 5 and maxTries = 6.

These results show that even when the approximate method is used for winner de-
termination, A1BA (with corrective methods) produces outcomes that are no inferior
to the solution produced by A1BA when the winner of each iteration is determined
optimally. This clearly shows the value of corrective mechanisms like solving the

assignment subproblem to increase the possibility of finding better allocation.
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Chapter 6
Conclusion and future work

In this thesis I considered the problem of allocation of heterogeneous resources
to agents which have complimentary preferences for discrete resources. Currently,
a great deal of interest exists in ascending auctions that allocate resources under
these conditions. We used A1BA for studying the resource allocation because A1BA
supports a non-linear payment of bundles where the payments satisfy the condition
of a payment equilibrium. A1BA assumes the winner determination is optimal. Since
the winner determination problem is NP-complete, we may need to use approximate
solutions for the problem. But to the best of my knowledge no study has been
published which examines the effect of approximation on any ascending combinatorial
auctions. We implemented a A1BA setup where we compute either the optimal or
an approximate solution for the WDP.

As discussed in chapter 3, several approximation methods for solving the winner
determination in CA have been proposed recently. These approximation methods
claim to give near optimal results in large number of cases. Hoos and Boutilier [13]
claims to give optimal results most of the times in all kinds of bidding distributions.
The algorithm proposed by Nissan and Zurel[21] claims to give results which differ by
1% from the optimal allocation among all the bidding distributions for large number
of items and agents. If winner determination problem can be solved such that the
solution is obtained in less time and is optimal then CAs are feasible. Iterative

auctions involve playing the CA again and again, which means solving the winner
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determination problem many times. Approximation has potentially great benefit in
this case. However it is not practical to assume approximation will not produce
any inefficient results in the iterations of the CA however good the approximation
algorithm maybe. My results show that even by having approximate winners, A1BA
can find allocations which are as good as the allocation found when WDP is solved
optimally.

In [15], where the study of approximation in a sealed bid Vickrey auction is stud-
ied, the pricing mechanism is changed to obtain a incentive compatible auction. How-
ever, [15] restricts the agents to bid only for one bundle. In this research, we have
tried a different approach. Instead of changing the pricing we are trying to rectify the
possible errors due to approximation using several corrective methods. The results
have shown that the usage of corrective methods does improve the performance of
the combinatorial auction. The corrective methods used in addition to a very good
approximation technique provides very efficient auctions.

I have assumed myopic bidding strategies in my thesis, but it is naive to assume
that agents always used myopic strategies. A study of effects of approximation of
winner determination when the agents are using different strategies will be very in-
teresting.

There can be different corrective mechanisms which can possibly be implemented.
A study of the other possible corrective mechanisms for ascending auctions will be of

interest.



45

Bibliography

1]

Arne Andersson, Mattias Tenhunen, and Fredrik Ygge. Integer programming for
combinatorial auction winner determination. In Fourth International Conference

on Multiagent Systems, pages 39-46, 2000.

Arne Andersson and Fredrik Ygge. Managing large scale computational markets.
In Proceeding of the 31st Hawaiian International Conference on System Sciences,

1998.

Carrie Beam, Arie Segev, and J. George Shanthikumar. Electronic negotia-
tion through internet-based auctions. Technical report, University of California,

Berkeley, 1996.

D. P. Bertsekas. A new algorithm for ther assignment problem. Mathematical

programming, pages 152—-171, 1981.

D. P. Bertsekas. The auction algorithm: A distributed relaxation method for the
assignment problem. Annals of Operations Research 1/, pages 105-123, 1988.

Dimitri P. Bertsekas. The auction algorithm for assignment and other network

flow problems: a tutorial. Interfaces, 20:133-49, Jul-Aug 1990.

Sushil Bikhchandani and John W. Mamer. Competitive equilibrium in an econ-

omy with indivisibilities. Journal of Economic Theory, 74:385-413, 1997.

M. M. Bykowsky, R. J. Cull, and J. O. Ledyard. Mutually destructive bidding;:
The FCC auction design problem. 1995.



[9]

[10]

[11]

[14]

[15]

[16]

[17]

[18]

46

CRA. Report 2: Simultaneous ascending auctions with package bidding. Techni-
cal Report CRA No. 1351-00, Charles River Associates Incorporated and Market
Design, Inc., March 1998.

Peter Cramton. Ascending auctions. FEuropean Economic Review, 42(3-5):745—

756, 1998.

Sven de Vries and Rakesh Vohra. Combinatorial auctions: A brief survey. Tech-

nical report, TU Miinchen, December 1999.

Yuzo Fujishima, Kevin Leyton-Brown, and Yoav Shoham. Taming the compu-
tational complexity of combinatorial auctions: Optimal and approximate ap-
proaches. In Sixteenth International Joint Conference on Artificial Intelligence,

pages 548-553, 1999.

Holger H. Hoos and Craig Boutilier. Solving combinatorial auctions using
stochastic local search. In Seventeenth National Conference on Artificial In-

telligence, pages 22—29, Austin, TX, 2000.

H. W. Kuhn. The hungarian method for the assignment and transportation

problem. In Naval Research Logistics Quarterly 2, pages 8397, 1953.

Daniel Lehmann, Liadan Ita O’Callaghan, and Yoav Shoham. Truth revelation
in rapid, approximately efficient combinatorial auctions. In ACM Conference on

Electronic Commerce, pages 96-102, 1999.

Herman B. Leonard. Elicitation of honest preferences for the assignment of

individuals to positions. Journal of Political Economy, 91(3):461-479, 1983.

Kevin Leyton-Brown, Mark Pearson, and Yoav Shoham. Towards a universal
test suite for combinatorial auction algorithms. In Second ACM Conference on

Electronic Commerce, Minneapolis, 2000.

Jeffrey K. MacKie-Mason and Hal R. Varian. Generalized Vickrey Auctions.
Technical report, University of Michigan, July 1994.



[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

28]

47

Paul Milgrom. Putting auction theory to work: The simultaneous ascending

auction. Journal of Political Economy, 108(2):245-272, 2000.

Noam Nisan. Bidding and allocation in combinatorial auctions. In Second ACM

Conference on Electronic Commerce, 2000.

Noam Nissan and Edo Zurel. An efficient approximate allocation algorithm for

combinatorial auctions. In EC, pages 39-46, 2001.

David C. Parkes. iBundle: An efficient ascending price bundle auction. First

ACM Conference on Electronic Commerce, pages 148-157, November 1999.

David C. Parkes and Lyle H. Ungar. Iterative combinatorial auctions: Theory
and practice. In Seventeenth National Conference on Artificial Intelligence, pages

74-81, 2000.

S. J. Rassenti, V. L. Smith, and R. L. Bulfin. A combinational auction mechanism

for airport time slot allocation. Bell Journal of Economics, 13:402-417, 1982.

Michael H. Rothkopf, Aleksander Peke¢, and Ronald M. Harstad. Computation-
ally manageable combinational auctions. Management Science, 44(8):1131-1147,

1998.

T. Sandholm, S. Suri, A. Gilpin, and D. Levine. Cabob: A fast optimal algo-
rithm for combinatorial auctions. In International Joint Conference on Artificial

Intelligence, Seattle, WA, 2001.

Tuomas Sandholm. An algorithm for optimal winner determination in com-
binatorial auctions. In Sizteenth International Joint Conference on Artificial

Intelligence, pages 542-547, 1999.

William Vickrey. Counterspeculation, auctions, and competitive sealed tenders.

Journal of Finance, 16:8-37, 1961.



[29]

[30]

[32]

48

Peter R. Wurman and Michael P. Wellman. Equilibrium prices in bundle auc-
tions. In AAAI-99 Workshop on Artificial Intelligence for Electronic Commerce,
1999.

Peter R. Wurman and Michael P. Wellman. AEBA: A progressive, anonymous-
price combinatorial auction. In Second ACM Conference on Electronic Com-

merce, pages 21-29, 2000.

Peter R. Wurman, Michael P. Wellman, and William E. Walsh. The Michi-
gan Internet AuctionBot: A configurable auction server for human and software
agents. In Second International Conference on Autonomous Agents, pages 301—

308, Minneapolis, 1998.

Peter R. Wurman, Michael P. Wellman, and William E. Walsh. A parametriza-
tion of the auction design space. Games and Economic Behavior, 35(1-2):304—

338, Arp.-May 2001.



