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Abstract

Despite the large amounts of runtime needed to ade-
guately solve a combinatorial auction (CA), existing iter-
ative CA auction protocols require winner determination
during every round of bid submissions. Using existing algo-
rithms for winner determination will cause a timing bottle-
neck during the winner determination phase. Furthermore,
there has recently been work which model s the for mation of
supply chains through auctions. Here, winner determina-
tion is used for supply chain formation. As supply chains
become more dynamic, there is a need for incremental al-
gorithmsthat quickly and accurately restructure the supply
chain while keeping the initial supplier/producer/consumer
constraints satisfied.

In thiswork, we look into the process of quickly and effi-
ciently handling incremental changesin combinatorial auc-
tions. Given some perturbations, we illustrate the tradeoff
between preserving the previous solution while maximizing
the valuation of the auction. Our results show that it is pos-
sibleto use alocally optimal solution while sacrificing little
solution quality compared to a globally optimal solution.
When we have 5000 bids or more, the local algorithm gives
a solution within 2% of optimal on the “ matching” bench-
mark from the Combinatorial Auction Test Suite (CATS).
Therefore, a simple, fast algorithm can be used to handle
incremental changes in CAs with a large number of bids.

1 Introduction

Auctions provide a relatively efficient way to allocate
items among agents. Auctions can be used both when the
agents cooperate and when the agents are self-interested.
Traditional auctions sell items one at atime. Such a proto-
col — called a sequential auction — can lead to an inefficient
allocation of the items. Consider a bidder who has a pref-
erence over bundles (combinations) of items. The valuation
of an item will depend on the price of items that will be

sold in future auctions. Therefore, the bidder must specu-
late what othersbid in the future. This necessitates the need
for look-ahead which — depending on the number of items
—is intractable [19]. Moreover, due to the uncertainty of
others, a bidder may obtain combinations of items that he
or she does not want - an inefficient solution.

Many auctions involve the selling of a large number of
items where bidders have preference over bundles. The
FCC spectrum auction [6, 15], auctions for airport time
dots [16], railroad segments [14] and carrier-of-last-resort
responsibilities for universal services [3] are some of the
many examples. Due to complementary effects (likewise
substitution effects) between different items, a bidder may
have a preference for more than one item. Moreover, the
bidder may have different valuations for different sets (or
bundles) of items. Because of this, the economic efficiency
may be enhanced if bidders are alowed to bid on combi-
nations of different assets [17]. Additionally, there is no
longer a need for lookahead [19]. But this doesn’t come
without a price; the auctioneer must determine the winners.
Winner determination —i.e. determining what items each
bidder receives—is anon-trivial task.

A combinatorial auction (CA) alows bidders to place
bids on combinations of items. Winner determination for
CA isan NP-Hard problem?. Recently, CA have been given
alot of attention in the research fields of economics and
computer science.

Many researchers have focused on optimal agorithms
and heuristics for winner determination. Rothkopf et al.
propose a dynamic programming solution [12]. Sand-
holm takes a highly optimized search approach [18].
Layton-Brown develops several optimal algorithms includ-
ing CASS, VSA and CA-MUS[9, 23]. Yet to our knowl-
edge, there is no research on incremental algorithms for
combinatorial auctions.

Givenaninitial solution and perturbation, anincremental
algorithm calculates a new solution. Specifically, an incre-
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mental algorithm for CA would find a new set of winners
given an initia instance of the problem, the original set of
winning bids and perturbation. The perturbation may be a
changeintheitemsof abid, abid that dropsout, achangein
thevaluation of abid, etc. Ideally, anincremental algorithm
would execute quickly and produce an optimal solution. An
incremental combinatorial auction algorithm would be use-
ful inavariety of applications, more specifically, initerative
combinatorial auctions and supply chain formation.

An iterative combinatorial auction is aprogressive com-
binatorial auction where agents bid on a set of items while
the auctioneer increases the prices of the items. A com-
binatorial auction protocol is a set of rules which govern
the behavior of theiterative CA. The rules include stopping
conditions, reporting of prices after every round, conditions
for withdrawing bids, etc. Therules are usually formulated
such that the auction converges to some kind of optimality
or game-theoretic equilibrium. There are several CA proto-
colsincluding AkBA [13], iBundle[2] and the Generalized
Vickrey Auction [4]. For each of these protocols, the win-
ner determination problem must be solved at every stage of
the auction. Depending on the time between rounds and
the number of bids, it may be impossible to use an optimal
algorithm to solve the problem. An incremental algorithm
fitsnicely in such asituation since every round introduces a
perturbation and the previous winning bids are known.

Economic activity often involves complex relationships
between entities over multiple levels of the production cy-
cle. This concept is often called the supply chain. Thereis
agreat deal of technology focused on supporting and man-
aging supply chains. Most of the technology assumes that
the supply chain has already been formed. Yet, in order to
achievethevisionsof “virtual corporations’ where business
dealingsaredynamically created and dissolved, we need au-
tomated support for supply chain formation [21]. Recently,
Walsh, Wellman et al. have proposed using auctions for
supply chain formation [20]. Specifically, they suggest us-
ing single item auctions to mediate the negotiation and de-
termine prices and allocations for the supply chains. They
show that the use of singleitem auctions can lead to an inef-
ficient allocation of goods. Later, they extended their work
to incorporate CAsfor supply chain negotiation[22]. Using
CA guaranteesthat therewill be noinefficient all ocations of
goods.

If we use CA for supply chain formation, the companies
involved in the final allocation will have their bids selected
by the winner determination algorithm (see Section 2.3 for
further details). As supply chains become more dynamic,
companies increasingly enter and drop out of the supply
chain. Using the CA formulation, a change in the supply
chain corresponds to a change in the bid. Therefore, incre-
mental algorithms could be used to reformulate the supply
chain solution.

In this work, we study the properties of incremental al-
gorithmsfor combinatorial auctions. We formulate an inte-
ger linear program (ILP) for the incremental algorithm. Us-
ing the ILP formulation, we experimentally determine the
tradeoff between the quality of solution and reallocation of
bids.

In Section 2 we give basic information pertaining to
combinatorial auctions, incremental algorithms and supply
chainformation. We present an integer linear program (ILP)
for incremental CA algorithmsin Section 3. In Section 4 we
report on experimental results using the ILP incremental al-
gorithm. We conclude and discuss future work in Section
5.

2 Preiminaries
2.1 Combinatorial Auction Formulation

The Combinatorial Auction problem can be formulated
as an integer linear program as follows:
Let NV bethe set of bidders, M the set of m distinct objects
and B be the set of b bids. A bid is a tuple which consists
of aset of items S C M and avaluation v for those items.
Thevaluation is the amount that the bidder iswilling to pay
for the items S. We assume that every bidder has only one
bid.
Let z; = {0,1} be a decision variable that determines
whether bid j is selected as awinner.

~_ J 1 ifbidj isselected asawinner (1)
YIT 0 otherwise

Letc;; = {0, 1} beadecision variablerelating item i to bid
J.
_ [ 1 ifitemiisinbidj
“ii = { 0 otherwise 2
Given this, winner determination for CA can be formulated
as:

b
max Z Vi ©)]
i=1
such that
b
D ejwy <1i=1,2,...,m (4)
j=1

We are trying to maximize the total amount of valuation
(price paid) while insuring that every item is sold at most
once. It should be noted that this formulation is an instance
of the Set Packing Problem (SPP) whichisknown to be NP-
Complete[10]. Therefore, we can formulate any instance of
the SPP to an instance of the winner determination problem.
In turn, the winner determination problem is NP-compl ete.



A comprehensive survey of the relationship between SPP,
winner determination and NP-completeness can be found

in[17).
2.2 Incremental Algorithms

A simple and general model for incremental optimiza-
tion[1] is:

e Anoriginal instance, Iy, is solved by a full algorithm
toyield asolution Sy.

e Perturbed instances, I1,..., 1, are generated one by
onein sequence.

e Each perturbedinstanceis solved by anincremental al-
gorithmwhich uses S;_; asthe starting point for find-
ing solution S;,i =1,...,n.

A trivia incremental algorithm would simply take the
perturbed instance and solve it using the full algorithm. If
the full agorithm was optimal, then this would generate an
optimal solution. In general, afull algorithm has long run-
time and — depending on the amount of perturbation — will
produce aresult that is similar to the initial unperturbed so-
lution. Therefore, we could take the initial solution, make
some modifications based on the perturbation and generate
a new, valid solution much faster than rerunning the full
algorithm. This is the notion of iterative optimization i.e.
generate a new solution from a previous solution [7]. Iter-
ative optimization is heart of many optimization algorithms
e.g. simulated annealing, genetic algorithms, etc. In gen-
era, incremental algorithmstrade off quality of solution for
fast runtime.

Perturbations for combinatorial auctions can be general-
ized into four categories:

1. A bidder retractstheir bid. This correspondsto remov-
ing the bid from consideration.

2. A bidder changes the valuation on their bid.

3. A bidder prefers a different set of items. The set of
itemsinthebid is changed. Additionally, the valuation
of the bid may change

4. A new bidder enters the bidding process.
2.3 Combinatorial Auctionsand Supply Chains

Walsh et al. [22] show that supply chains can be formed
using combinatorial auctions. They use a task dependency
network and formulate bids as the union of the goods an
agent (company) wishes to sell and the materials the agent
must procure in order to manufacture such goods. The fol-
lowing section briefly summarizes their work.

A task dependency network is a directed, acyclic di-
rected graph (DAG), G(V, E), representing the dependen-
cies among agents and goods. V = G U A, where G isthe
set of goodsand A = C U 1T is the set of agents. Agents
are divided into two sub-sets, the consumers, C, and the
producers, II. The edges, E, connect the agents and the
goods which they consume or produce. A directed edge
from agent to good, (a, g) corresponds to the agent produc-
ing one unit of that good. An edge in the opposite direction
from good to agent, (g, a), means that the agent consumes
one unit of the good.

A consumer c¢ tries to obtain one unit of a good and ob-
tains avalue v, if the transaction completes. A producer «
may produce a unit of an output good if the good is con-
sumed and the producer acquires all the necessary input
goods. The input goods are a fixed number (zero or more)
specified by the in-edges to the producer node. The pro-
ducer incurs a production cost . to provide an output. An
example of atask allocation graph is shown in Figure 1.

Figure 1. Task Dependency Network. The Cir-
cles represent goods, rectangles are agents
and arrows denote the use or production of a
good.

An allocationisasubgraph G'(V', E') C G(V, E). For
every node g € G', an edge (a, g) signifies that agent a
acquires good g. An agent is in the allocation if and only
if it acquires or providesagood. A good isin an alocation
graphif and only if it is acquired or provided. The value of
dlocation G’ is:.

value(G'(V',E')) = > v.(E') = > k(E") (5)

ceC well

An optimal allocation is the alocation with maximum
value.

An agent formulates a bid for the combinatorial auction
according to the goods it must acquire, wants to produce
and the cost associated with each of these goods. Agent a
places bid b in the following form:

b= {T’a, {glqulz}v ) {gn,qg}}

where ¢! isthe integer quantity agent a demands (positive
for input demands and negativefor output demands) of good



Figure 2. An efficient allocation of a task de-
pendency network. The shaded goods and
solid edges are part of the solution. Part
a) shows the allocation when producer a4
wishes to sell item g4 for $0.9. Part b shows
the new optimal allocation when a4 increases
its price to $2.

g; and r,, isits reported willingnessto pay (or be paid if the
number is negative) for the demanded bundle of goods. For
example, producer a4 in Figure 1 requiresinputs g1 and g2
to produce output g4. The producer wants a payment of 5.
It would placethe bid {—5, {g1,1}, {92, 1}, {g94,1}}.

Given the set of bids, a CA would determinethe winners.
The CA ILP must be formulated a little differently to han-
dle the notion of negative goods. The CA for supply chain
formationis formulated as:

mazx Z Talq (6)
baEB
such that ’
Zq;xazo,izl,...,n ()

b.€B

wherez, = 1 if agent e winsitsbid and 2, = 0 otherwise.
The winners would form the supply chain. Note that awin-
ning producer is guaranteed to receive every input required
to produce its output good. This is a property of an opti-
mal allocation which may not be satisfied if we construct
the supply chain via a sequential (single item) auction (see
Figure 2).

It may occur that an agent wants to change the price of
the good that they sell. Thiswould result in achangein the
valuation of that agent’s bid. Therefore, the winning bids
in an optimal allocation could change. Looking at Figure

2, we can see that if producer a4 increases their price from
$0.9to $2, the dlocation will change. Anincremental algo-
rithm would be useful in such a case. The changein price
is the perturbation; one could consider several other types
of perturbationsfalling into the perturbation categories pre-
sented in Section 2.2.

3 Incremental ILP Formulation

In the previous sections, we developed the problem of
incremental combinatorial auctions and presented some ar-
eas where this problem would be useful. Specifically, we
showed that an incremental CA can be used to solve the
dynamic supply chain problem and be quite beneficial for
iterative CA protocols.

In this section, we give an ILP formulation for the incre-
mental CA problem. The formulation allows us to study
some of the properties pertaining to the incremental na-
ture of CA. One such property is the relationship between
the winning bids of the previous, unperturbed solution and
quality of the solution after perturbation. In certain situa-
tions, it is beneficial to maintain the winning bids from the
previous solution. Yet, we must also consider the solution
quality. Often there is a tradeoff between maintaining pre-
vious winning bids and obtaining the optimal solution in
terms of maximizing the objective function (Equation 3).
This tradeoff is particularly important in the dynamic sup-
ply chain problem; we want to maintain the supply chain as
much as possible while maximizing the overall profitsof the
chain. If there is a perturbation in a supply chain e.g. one
company drops out, we want to minimize the effect of per-
turbation on the other companies. A solution which com-
pletely reallocates the items of the supply chain to compa-
nies which previously were not involved in the chain would
not be acceptable, even if this solution is “optimal”. Refer-
ringto Figure 2, even though producer a4 increasesits price,
we may wish to keep the initial allocation (part @) because
thisisthe only way to keep consumer c2 and producer alin
the supply chain. In the optimal solution (part b), both al
and c2 are no longer a part of the supply chain, even though
they are not involved the perturbation. We analyze this and
other properties and tradeoffsin the next section.

Before we give the incremental CA ILP formulation, we
must define someterms. Theoriginal, unperturbedinstance,
I, is solved by afull algorithm yielding a solution Sy. The
solution Sy is comprised of a set of winning bids which we
cal OW (original winners). I is then perturbed giving an
instance I, . Wewishtofind asolution S; totheinstance I .
As previously mentioned, we wish to maximize the number
of OW inthe new perturbed solution S; in addition to max-
imizing the total valuation v; of the selected winning bids.
Also, we introduce a user defined constant « which alows
the user to weight the relationship between maximizing the



valuation of the bids versus retai ning previouswinning bids.

For each bid b; € OW — equivaently for each bid that
was selected as a winner in the previous solution Sy — let
z; = {0,1} be adecision variable that determines whether
bid b; is selected as awinner in the new solution.

.y
(8)

Consequently, z; = 1 if an origina winner (OW) is forced
to drop out of the solution. Additionally, let w; be the
weight of z;. A large w; indicates that the bid b; should
remain awinner. The w; alows preference for certain bids
to remain as awinner. For example, a company may pay a
large sum of money in order to remain in the supply chain;
that company would be assigned alarge w; value.

Keep in mind that the incremental solution S is formu-
lated over the perturbed instance ;. Yet, we need to know
the unperturbed solution Sy in order to determine the origi-
nal set of winners OW.

Theremaining variablesarethe same asin theinitial CA
ILPformulation. Let N be the set of bidders, M the set of
m distinct objects and B be the set of b bidsin the instance
I,. A bidisatuple which consists of a set of items S C
M and avaluation v for those items. The vauation is the
amount that the bidder iswilling to pay for theitems S. We
assume that every hidder has only one bid.

Let z; = {0,1} be a decision variable that determines
whether bid j is selected as awinner for the solution S;.

if bid b; is not selected as awinner in S;
if bid b; is selected as awinner

~_ J 1 ifbidj isselected asawinner ©)
YiT 0 otherwise

Letc;; = {0, 1} beadecision variablerelating item i to bid
J-
[ 1 ifitemiisinbidj
“% =91 0 otherwise
Given this, winner determination for incremental CA can
be formulated as:

(10)

b |OW|
mazx Z V;iT; — Q- Z w;z; 1D
i=1 =1
such that ,
D cjry<li=1,2,...,m (12)
j=1
x; +2z; = 1,ilb; € OW (13)

The objectivefunction (Equation 11) maximizesthe val-
uation of the bids while maximizing the number of selected
bids which are in the previous solution. If a winning bid
in the old solution Sy is not in the new solution Sy, then
its corresponding z; variable is 1 which is obvioudly detri-
mental in maximizing the objective function. Equation 12

insures that every item is assigned to only one winning bid
much like Equation 4 of the original CA ILP formulation.
Equation 13 insures that the previous winning bids (in set
OW from solution Sy) either win in the solution S; or have
their corresponding z; variable set to 1. This equation only
holds for the bidswhich arein the set OW'. It need not (and
most likely will not) hold for the remaining bids.

4 Experiments
4.1 Benchmarks

The combinatorial auctiontest suite (CATS) [8] wasused
to generate goods and bids. We focused on three specific
distributions in the test suite: matching, regions, and paths.
Each particular distribution is analogous to a real-life sce-
nario. For instance, matching is used to represent the cor-
respondence of time slices on multiple resources, e.g., air-
port take-off and landing rights. Regions concentrates on
problems dealing with adjacency in two-dimensional space,
such as drilling rights. Finally, the paths distribution in-
volvesthe purchase of a connection between two points, for
example, determining truck routes.

4.2 Experimental Flow

Figure 3 explains the experimental flow. First, we use
CATS to generate a set of items and bids. Thisisthe orig-
inal, unperturbed instance of the problem, I,. Theresult is
converted into an input file for Ip_solve [11]. Then, we run
thelp_solveto get the optimal objective value from the opti-
mal set of winners. Thisisthe solution Sy to 1. We call the
set of winners comprising this solution OW — the origina
winners. After that, we perturb the origina instance I, by
randomly removing x% of the winning bids from Sqy. This
creates a perturbed instance of theinitial problemcalled I;.
The bids that are randomly removed are called the volun-
tary dropouts; we assume that these bidders elected to re-
tract their bids for some reason. After removing these bids,
we optimally solve instance I; in order to determine the op-
timal objective value for this perturbed instance. By doing
this, we ignore the origina winners OV as we do not try
to keep them in the solution. Then, we convert the prob-
lem into an incremental ILP for winner determination as
presented in Equations 11 - 13. We vary « in order to deter-
mine the tradeoff between maximizing the objective value
and maximizing the number of initial winners OW in the
new solution. The weights w; are al assumedto be 1. The
involuntary dropoutsare OW — S; — {voluntary dropouts}.
In other words, the involuntary dropouts are the winning
bids from the initial instance Iy who did not voluntarily re-
tract their bids and are not included in the final solution S;.
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Figure 3. Experimental flow for generating the
test examples and solving the winner deter-
mination problem.

The percentage of involuntary dropouts is the ratio be-
tween the number of involuntary bids and |OW|. The per-
centage differencein objectivevalueistheratio between the
value of the bids from the solution S; using the incremen-
tal formulation and the optimal value of the bhids from the
perturbed instance I;. Again, the optimal value of the hids
is the maximal valuation the auctioneer can achieve by not
caring about retaining bids from the initial winners.

Using ILOG CPLEX version 7.0 [5], the largest in-
stances of the ILP formulations were optimally solved in
less than 6 seconds®. The longest runtime occurred for the
incremental ILP formulation for an instance of “matching”
with 20005 bids; it took 5.85 seconds.

4.3 Results

The graphsin Figures 4, 5 and 6 display the correlation
between percentage of involuntary dropouts and percent-
age difference in objective value. Data points are gener-
ated from varying the o value in the incremental ILP for-
mulation. Each data point is averaged over all the instances
(each of which consist of a different numbers of bids and
goods) for each of the three distributions, matching, paths
and regions. For matching, we ran 35 different instances,
the number of bids and goods varied from [25 - 20005] and
[53 - 3587], respectively. The number of bids and goods
for paths were [100 - 20004] and [29 - 2812], respectively;
there were 21 different instances. Finally, regions had 18
different instances with the bids varying from [101 - 10001]

20ur experiments use Ip.solve as we just recently obtained a copy of
CPLEX. Weran the “largest” instances on CPLEX to get an idea of their
runtimes. Both solvers are optimal, therefore the only sacrifice in using
Ip_solve is its increased runtime. Though we must say that Ip solve per-
formed admirably.

and goodsvarying from [40 - 1894]. The legend denotesthe
voluntary dropout rate - the percentage of original winners
who chose to retract their bid. Additionally, we ran the dis-
tributions with differing amounts of perturbations. The leg-
end represents the amount of bids that voluntarily retracted
their bids. These bids were selected at random from the
bids in the solution of the initial instance I,. For instance,
the line 15% denotes that the perturbation from I to I; was
removing 15% of the initial winning bids from solution S.

Matching
% Involuntary Dropouts vs. % Difference in Valuation
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% Involuntary Dropouts

Figure 4. The trade-off between preserving
the initial solution and maximizing the valu-
ation of the winning bids for the distribution
matching. The chart shows the results from
varying the amount of perturbation (from 5%
to 30%). Each data pointis the averaged over
all the instances.

Asthe percentage of involuntary dropoutsincreases, dif-
ferenceintotal bid valuation increases as well. The optimal
solution with regard to bid valuation has no regard for re-
taining the winners from the unperturbed solution. There-
fore, as we start to maintain the original winners O, we
add constraints to the incremental ILP formulation. These
additional constraints cause a drop in the total bid valua-
tions. Essentialy, this is the price that we pay in order to
maintain the original solution.

A dropout rate of 0% denotesthat all of the winning bids
from I, are kept in the solution. This does not include the
voluntary dropouts, whose bids were selected as winnersin
Sop, but elected to retract their bids. Therefore, this point -
theintersection with they-axis- givesthe solution quality of
solely replacing the bidders who chose to remove their bids
by other bids that were not previously selected as winners.
Of course, by removing some of the original winning bids,
we can increase the total valuation of the new winning bids.
The dope of the line denotes the tradeoff between increas-
ing valuation and removing bidders. Therefore, the larger
the dlope, the more inclined we are to remove some of the



original winning bids as we can increase our profit3. You
can see that even when retaining al of the bidsin O, the
drop-off in bid valuation stays under 5%. Also, the dropout
to valuation tradeoff varies depending on the distribution.
For instance, in paths, one can maintain the solution while
losing very little solution quality, lessthan 1%. On the other
hand, in order to maintain the solution in regions, one must
give up 5% in solution quality.

Regions
% Involuntary Dropouts vs. % Difference in Valuation
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Figure 5. The trade-off between preserving
the initial solution and maximizing the valu-
ation of the winning bids for the distribution
regions. The chart shows the results from
varying the amount of perturbation (from 5%
to 30%). Each data pointis the averaged over
all the instances.

Finally, we comment on the effect that the amount of per-
turbation has on the solution quality. Thedifferent line plots
in the graph represent a differing amount of perturbationin-
troduced into the solution. The larger percentage, the larger
the perturbation. As expected, when we increase the pertur-
bation, the solution quality decreases. But, it is interesting
to notethat alargeincreasein perturbation does not degrade
the solution quality by much. For instance, the plotted lines
are somewhat paralel. Going from a 5% perturbation to a
30% perturbation reduces the quality by approximately 3%
in the matching distribution. Asyou can see, asimilar trend
occursin the other distributions.

The graph in Figure 7 shows the specific example taken
from the matching distribution when we keep all of the
previous winning bids i.e., the involuntary dropout rate is
0%. We replace the items from the hids that voluntarily
dropped out with bids that were not previously selected. We
do not consider items from the other winning bids that did
not choose to drop out. This is equivaent to rerunning an
auction on only the bids that were perturbed and not con-
sidering the non-perturbed bids. One can see that if the

3According to the auctioneers point of view.

Paths
% Involuntary Dropouts vs. % Difference in Valuation

0.999

n
o
©
©
@©

0997 f———— —=
0.996

0.995
0.994
0.993
0.992

/—/_"_/_/—/—/_/_‘
0991 [

——5%
—=—15%
—4— 30%

% Difference in Valuatiol

0.99
0.989

0 0.5 1 15 2 25

% Involuntary Dropouts

Figure 6. The trade-off between preserving
the initial solution and maximizing the valu-
ation of the winning bids for the distribution
paths. The chart shows the results from vary-
ing the amount of perturbation (from 5% to
30%). Each data point is the averaged over
all the instances.

total number of bids is small, then the solution quality of
is greatly affected. But, as the number of bids increases,
the solution quality is almost as good as in the unperturbed
instance . This general trend occurs across all of the dis-
tributions regardless of the perturbation. From this, we can
conclude that there is an easy solution to the incremental
auction problem when there are a large amount of bids.
Simply take the items from the bids that dropped out, and
perform a mini-auction on those items (we call those items
DOI, the drop out items) using the original set of bids. Of
course, only bids that are a subset of DOT areincluded in
this auction. Unfortunately, when the total number of initial
bids is small, we must use a more complex algorithm that
removes previously winning bids in order to achieve a good
valuation.

5 Conclusion

In this work, we studied a solution for the incremental
winner determination problem. First, we discussed the need
for incremental combinatorial auctions (CA) in CA proto-
cols and supply chain formation. In many current CA auc-
tion protocols, the winners are selected during each round.
Depending on the number of items and bids, it may not be
feasible or necessary to run a full algorithm to determine
the optimal set of winners after each round. Additionally,
a CA formulation for supply chain formation was recently
proposed [22]. As supply chains become more and more
dynamic, incremental solution that preserves, as much as
possible, the original supply chain formation is needed. A
CA incremental algorithm can handle such cases.
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valuation when we fully preserve the initial
solution.

We formulated an incremental ILP for the winner deter-
mination problem. According to the user's specification,
the ILP simultaneously maximizes the valuation of the win-
ning bids while preserving the previous solution. We ex-
plored this tradeoff using distributions from the combina-
torial auction test suite. We presented data that examined
the degradation in the amount of solution quality that one
must sacrifice in order to maintain the initia solution. We
showed that if there is alarge number of bids, a greedy al-
gorithm that simply reallocates the perturbed goods may be
used with little effect on the optimality of the solution.

Inthefuture, we plan to devel op methodsthat create fault
tolerant solutions to the winner determination problem. We
envision that these methods will create an initial solution
that can quickly and locally handle any future perturbations.
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