Available at
www.ComputerScienceWeb.com Artificial

Intelligence

ELSEVIER Artificial Intelligence 145 (2003) 33-58

www.elsevier.com/locate/artint

BOB: Improved winner determination in
combinatoria auctions and generalizations”

Tuomas Sandholm2*, Subhash Suri ®

@ Computer Science Department, Carnegie Mellon University, Pittsburgh, PA 15213, USA
b Computer Science Department, University of California, Santa Barbara, CA 93106, USA

Received 15 November 2001

Abstract

Combinatorial auctions can be used to reach efficient resource and task allocations in multiagent
systems where the items are complementary or substitutable. Determining the winners is A'P-
complete and inapproximable, but it was recently shown that optimal search algorithms do very
well on average. This paper presents a more sophisticated search algorithm for optima (and
anytime) winner determination, including structural improvements that reduce search tree size,
faster data structures, and optimizations at search nodes based on driving toward, identifying and
solving tractable special cases. We also uncover a more genera tractable special case, and design
algorithms for solving it as well as for solving known tractable special cases substantially faster.
We generalize combinatorial auctions to multiple units of each item, to reserve prices on singletons
as well as combinations, and to combinatorial exchanges. All of these generalizations support both
complementarity and substitutability of the items. Finally, we present algorithms for determining the
winnersin these generalizations.
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1. Introduction

Auctions are important mechanisms for resource and task allocation in multiagent
systems. In many auctions, a bidder’'s valuation for a combination of items is not the
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sum of the individual items’ valuations—it can be more or less. This is often the case for
examplein electricity markets, equitiestrading, bandwidth auctions[14,15], transportation
exchanges [21,22], pollution right auctions, auctions for airport landing slots [18], and
auctionsfor carrier-of-last-resort responsibilities for universal services[10].

In a traditional auction format where the items are auctioned separately (sequentially
or in paralel), to decide what to bid on an item, an agent needs to estimate which other
itemsit will receivein the other auctions, requiring intractable lookahead in the game tree.
Even after lookahead, residual uncertainty would remain due to incomplete information
about the other bidders. This leads to inefficient allocations where bidders do not get the
combinations that they want and get combinations that they do not [2,22].

Combinatorial auctions can be used to overcome these deficiencies [3,15,18,21]. In a
combinatorial auction, bidders may submit bids on combinations of items. Thisalowsthe
biddersto express complementarities between itemsinstead of having to speculate into an
item’s valuation the impact of possibly getting other, complementary items.

2. Winner determination problem

Theauctioneer hasaset of items, M = {1, 2, ..., m}, to sell, and the buyers submit a set
of bids, B={B1, Bz, ..., B,}. A bidisatuple B; = (S}, p;), where S; € M isanonempty
set of items and p; is the price offer for this set. Assume for now (this is relaxed later),
that p; > Oforal j e{1,2,...,n}. Assume also that each bid is on adistinct set of items:
if multiple bids concern the same set of items, al but the highest bid can be discarded
during a preprocessing step, breaking ties arbitrarily. Thewinner determination problemis
to label the bids aswinning (x; = 1) or losing (x; = 0) so as to maximize the auctioneer’s
revenue under the constraint that each item can be allocated to at most one bidder:

n
max Z DjXxj
j=1

st Y x<l i=12..m,
Jlies;
x; €1{0,1}.

Thisproblemisintractable: it is equivalent to weighted set packing, awell-known N P-
complete problem. It can be solved via dynamic programming, but that takes € (2™) and
O(3™) time independent of the number of bids, n [19].

One approach is to solve the problem approximately [6,9,12,18]. However, it was re-
cently shown (via a reduction from the maximum clique problem which is inapprox-
imable [8]) that no polynomial time algorithm for the winner determination problem can
guarantee a solution that is close to optimum [23]. Certain specia cases can be approxi-
mated dlightly better, as reviewed in [23].

The second approach isto restrict the allowable bids[17,19,27]. For certain restrictions,
which are severe in the sense that only a vanishingly small fraction of the combinations
can be bid on, winners can be determined in polynomial time. Restrictions on the bids give
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rise to the same economic inefficiencies that prevail in noncombinatorial auctions because
bidders may not be able to bid on the combinationsthey prefer.

The third approach is to solve the unrestricted problem using search. This was shown
to work very well on average, scaling optimal winner determination up to hundreds of
items and thousands of bids depending on the problem instance distribution [23] and
improvementsto the algorithm have been developed since [6].

In the vein of the third approach, this paper presents a more sophisticated algorithm
for optimal winner determination. The enhancementsinclude structural improvementsthat
reduce search tree size, faster data structures, and optimizations at search nodes based on
driving toward, identifying and solving tractable special cases. We also uncover a more
general tractable case, and design algorithms for solving it as well as for solving known
tractable cases substantially faster. We generalize combinatorial auctions to auctions with
multiple units of each item, to auctions with reserve prices on singletons as well as
combinations, and to combinatorial exchanges—all alowing for substitutability. We also
give algorithmsfor determining the winnersin these generalizations.

3. A sophisticated search algorithm

In this section we present an algorithm for optimal winner determination. The
improvements over previous algorithms are classified into structural improvements,
capitalizing on tractable subproblems at nodes, and faster data structures.

3.1. Sructural improvements

This section presents improvements that reduce search tree size by changing its
structure.

3.1.1. Branching on bids (BOB)

The skeleton of our algorithm is a depth-first branch-and-bound tree search that
branches on bids. The set of bids that are labeled winning on the path to the current search
nodeis caled IN, and the set of bids that are winning in the best alocation found so far
is IN*. Let f* be the value of the best solution found so far. Initialy, IN = @, IN* = @,
and f* = 0. Each bid, B;, has an exclusion count, e;, that stores how many times B; has
been excluded by bids on the path. Initidlly e; =0 for al j € {1,2,...,n}. M isthe set
of items that are till unallocated, and g is the revenue from the bids with x; = 1 on the
search path so far. & is an upper bound on how much the unallocated items can contribute
(let max{@} = 0). The search isinvoked by calling BOB(M, 0).

Algorithm 1. BOB(M’, g)

1. If g> f* thenIN* < INand f* < g

2. h < Y icppc(i), where c(i) < MaXjjies;.e;=0pj/|S;| (Any admissible heuristic
could be used here)

3. If g+ h < f*, thenreturn /* Bounding */
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Choose a bid By, for which e, = 0 /* Choose a bid to branch on */
If no such bid exists, then return

IN<«— INU{B;},er <1

For all B; suchthat B; # By and S; N Sy # 0,
ej <ej +1

BOB(M' — Sk, g + px) I* Branch By in*/
IN <IN — {By}

For all B; suchthat B; # B, and S; N Sy # @,
6]' <—ej -1

BOB(M’, g) I* Branch By out */

er < 0, return

Both of the previous search algorithms for winner determination, de facto, branch on

items [6,23]. An example is shown in Fig. 1(left). The children of a search node are
those bids that (1) include the lowest-numbered item that is still unallocated, and (2) do
not share items with any bid on the path so far. In the branch-on-items formulation, as
a preprocessing step, a dummy bid of price zero is submitted on every individua item
that received no bids alone (to represent the fact that the auctioneer can keep items) [23].
It is important that dummy bids are used because if they are not, the optimal solution
to the winner determination problem might not be represented in the tree. For example

Bids in this example (only items of each bid are shown; prices are not shown):
{12}, {23} {3} {13}

Branch-on-items formulation Branch-on-bids formulation

wy  [o3]  [m

Lk
12 Bid h G
Dummy bids: {1}, {2} e :[': E.“ .l o
> &
B

LA L™

item 1

item 3 item 2 item 2

[@] @] |23 [@2]

item 3

[]

Fig. 1. Branching on items vs. branching on bids.
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in Fig. 1(left), if a dummy bid on item 1 were not used, the possibility of the auctioneer
keepingitem 1 would not be explored (the right-most subtree at the root would be ignored).
If dummy bids are used, all optimal solutions will be part of the tree [23]. Let us call the
number of dummy bids ngummy. Because there are m items and each bid uses at least one
item, the depth of the branch-on-itemstreeisat most m. Becausethere are n 4 ngummy bids,
the branching factor is at most n + ngummy. S0, it istrivial to see that the number of leaves
is no greater than (n + ngummy)™ . However, a tighter upper bound, ((n + ngummy)/m)™,
on the number of leaves has been established [23]. Because ngummy < 2, the number of
leaves in the branch-on-itemstree is no greater than (n/m + 1)™.

Unlike the earlier algorithms for winner determination that branched on items, BOB
branches on bids (winning or losing, that is, x; = 1 or x; = 0), see Fig. 1(right). So, each
interior node of the search tree has two children: the world where the bid chosen at that
nodeislabeled winning, and the world where that bid is labeled losing. The branching fac-
tor is 2 and the depth is at most n (the depth of theleft branchisat most min{m, n}, but the
right branch can have depth up to n). No dummy bids are used in the branch-on-bidsformu-
lation; the itemsthat are not allocated in bids on the search path are kept by the auctioneer.

Given the branching factor and tree depth, a naive analysis shows that the number of
leavesin abranch-on-bidstreeis at most 2", which is exponential in bids. Thisis perhaps
the reason why this search formulation has not been used for the winner determination
problem before. However, with a deeper analysiswe establish asignificantly tighter worst-
case upper bound on the size of the tree:

Theorem 1. Let « be the number of items in the bid with the smallest number of items. The
number of leavesin the branch-on-bidstree is no greater than

" Lm k)
1 .
<Lm/KJ * )

The number of nodesin thetreeis 2 - #leaves — 1.

Proof. Thereis a 1-to-1 correspondence between leaves of the branch-on-bids tree and
feasible solutions to the winner determination problem. Therefore, the number of leavesis
the same as the number of feasible solutions. We formulate an upper bound on the number
of feasible solutions as a problem where, given n, m, and «, an adversary constructs a
problem instance (a set of bids) so as to maximize the number of feasible solutions.

Thefirst key observation is that for each item, only one bid that includes that item can
be accepted. So, the first item can be given to at most n aternative bids (or to no bid).
Then the second item can be given to at most »n alternative bids (or to no bid), and so on.
This already gives an upper bound []i";(n + 1) = (n + 1) on the number of solutions.
However, we can tighten the upper bound by not counting the same bid multiple times
(once for each item), but rather counting each bid once (by associating it with one item
that it includes).

We say that anitem i hasalower index thanitem j if i < j. Let usdenote by N; the set
of bidsthat include item i as the lowest-indexed item. Let n; = | N;|. Each bid includes at
least one item and the items within a bid are distinct. Therefore each bid has exactly one
lowest-indexed item. Thuswe have > ; n; = n.
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Now, one can consider constructing the feasible solutions as leaves of a different kind
of tree T where the root is at level 1, and at any node at level i, the children correspond
to those bidsin N; whose items have not been used by other bids on the path yet, plus an
extrachild for the possibility that in the feasible solution, the item is not used by any bid.
Clearly, the branching factor at level i isat most (n; + 1). So, []'L;(n; + 1) is an upper
bound on the number of solutions.

Next we incorporate the knowledge that each bid includes at least « items. This means
that at most |m/« | bids can be included in afeasible solution. In other words, on any path
fromtheroot to aleaf in T, a most | m/« | nodes can have a branching factor other than 1
(which represents the fact that there is no choice of bid at that node). We call those nodes
branching nodes, and the nodes with branching factor 1 non-branching nodes.

Theadversary (whoimplicitly chooses T by choosing the bids) would have done at |east
aswell by choosing atree where on every path from the root, branching nodes arefirst, and
non-branching nodes are last. Thisis because the branching factor at any level i isat most
(ni +1) and Y_7" 1 n; = n. Inthis setting, if the adversary “spends” part of n toward n; at
some level i, he achieves the largest number of leaves in the tree by branching as much
as possible (branching factor at most (n; + 1)) at every node at that level. So, if thereis
some branching node at level i, then all the nodes at level i should be branching nodes.?
Therefore, for any given level, all the nodes are either branching or non-branching. If there
is some level of non-branching nodes closer to the root than a level of branching nodes,
then we can swap (without changing the number of leaves) these levels. This is because
alevel of non-branching nodes does not change the number of leaves. Now, we can keep
applying such swaps until all the levels with branching nodes are adjacent to the root and
the levels with non-branching nodes are adjacent to the leaves.

So, from now on we can focus on the case where the adversary picked atree T’ where
the branching nodes are adjacent to the root, and the non-branching nodes are adjacent to
the fringe. In fact, we can ignore the entire non-branching part of the tree since it does
not affect the number of leaves. So, what we have is a tree T” of depth |m/« | where
the branching factor at level i isat most (n; + 1) and Y ;" ; n; = n. An upper bound on

1 T isnot a branch-on-items tree because it incorporates the possibility of not using an item in any bid, even
if bids on that singleton item have been submitted. This corresponds to adding a dummy bid on every item, not
just those items that received no singleton bids.

2 Onemi ght worry about the issue that at different nodes at agiven level, different sets of items might be used
up by the bids on the path from the root to the node. This would lead to different sets of bids being available at
different nodes at the same level. However, we avoid this problem by pessimistically allowing the adversary to
submit multiple bids on the same combination of items. This allows the adversary to maximize the set of available
bids at every node of the level.

If multiple bids on the same combination of items are actually allowed in the input to the search algorithm,
the upper bound of the theorem istight. Thereis an easy way to construct aworst case. For example, whenn = 12,
m = 6, and « = 3, aworst case is obtained by submitting six bids on {1, 2, 3} and six bids on {4, 5, 6}. The number
of leaves in the corresponding branch-on-bids tree is 49, which equals the upper bound of the theorem.

Even if multiple bids on the same set of items do not exist in the input to the search algorithm (for example, a
preprocessor has removed all but the highest bid for each combination of items), our upper bound applies because
it is constructed under the pessimistic assumption that gives the adversary too much power.
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the number of leavesin T” is given by the following mathematical program where the
adversary is trying to maximize.
L%l
max [ @i+ 1)
i=1

N1,y

Lel
sichthat Y mj=n Vie {1, F” ni >0,
i=1 «

The maximum is obtained by distributing n evenly across the variables n; where
ie{l,...,m/x]l}, giving n; =n/|m/k]. (Even distribution is not actually possible if
n isnot divisible by |m /x|, but it does give an upper bound as desired even in that case.)
Therefore, the objective function value of the mathematical program aboveis at most

" Lm k)
1 .
<Lm/KJ * )

Because the number of leavesin T” is the same as the number of feasible solutions, which
isthe same asthe number of leavesin the branch-on-bidstree, this upper bound also applies
to the number of leavesin the branch-on-bidstree.

Because the branch-on-bids tree is a binary tree, the number of nodes in the tree is
2 -#leaves—1. O

While this tree size is exponentia in items, it is polynomial in bids—unlike the naive
upper bound 2" would suggest. Thisis desirabl e because the auctioneer can usually control
the items that are for sale in one auction, but not the number of bids that are submitted.
Furthermore, even though the complexity is exponential in items, thisis only aworst-case
bound and the average case tends to be significantly better.> By contrast, the dynamic
programming algorithm for winner determination [19] is exponential in items even in the
best case.

In the branch-on-bidsformulation, thereis a 1-to-1 correspondence between leaves and
feasible solutions. In the branch-on-items formulation, each leaf correspondsto a distinct
feasible solution, but there are feasible solutions that are not represented by any leaf. The
leaves correspond 1-to-1 to those feasible solutions where all items have been all ocated to
bids (actual bids or dummy bids). So, some feasible solutions are not represented by any
leaf. Furthermore, some feasible solutions are not represented by any node! For example,
if two bids have been submitted, {1} and {2}, then there will be the root node where no
items are allocated, the next nodewhere 1 is allocated, and the leaf nodewhere 1 and 2 are
allocated. Thereisno node corresponding to thefeasible solution where only 2 isallocated.
Finally, multiple nodes of the branch-on-itemstree can represent the samefeasible solution.
For example, on the right-most branch, al nodes correspond to the feasible solution where
the auctioneer keeps all of the items.

3 This occurs, for example, if the bid graph is densely connected (the path from the root to any given leaf will
be short in that case). Furthermore, due to bounding (step 3 of the BOB agorithm), only a small portion of the
treeis actually visited during the search.
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Sometimes the branch-on-bids formulation leads to a larger tree (in leaves and nodes)
than the branch-on-items formulation; Fig. 1 shows an example. On the other hand, the
reverse can also occur. Examples can easily be constructed by having severa items on
which no singleton bids have been submitted (dummy bidswould be added for themin the
branch-on-itemsformulation).

The main advantage of BOB compared to the branch-on-itemsformulation is that BOB
isin line with the Al principle of least commitment [20]. In a branch-on-items tree, all
bids containing an item are committed at a node, while in BOB, choosing a bid to branch
on does not constrain future bid selections. BOB allows more refined search control—in
particular, better bid ordering. At any search node, the bid to branch on can be chosen in
an unconstrained way using information about the subproblem that remains at that node.
Many of the techniques of this paper capitalize heavily on that possibility.

3.1.2. Bid ordering heuristics (HEU)

Search speed can be increased by improving the pruning that occurs in step 2. Our
a gorithm does this by constructing many high-revenuealocations early. We do this by bid
ordering in step 4. We choose bids that contribute a lot to the revenue, and do not retract
from the potential contribution of other bids by using up many items. At a search node,
we choose a bid that maximizes p; /|S5;|* (to avoid scanning the list of bids repeatedly, the
bids are sorted in descending order before the search begins) and hase; = 0.

Intuitively, o = 0 givestoo much preferenceto bids with many items. That corresponds
to simply choosing the bid that has highest price. But such bids are likely to use up alarge
number of items in practice, thus reducing significantly the revenue that can be collected
from other bids.

Similarly, it seems that « = 1 gives too much preference to bids with few items. That
corresponds to selecting a bid with the highest per-item price. If a bid with few itemsis
chosen, it seemsunlikely that the same (and never higher) per-item revenue can be obtained
from the remaining items. So, if there are two bids with close to equal pre-item price, it
would be better to choose a bid with a larger number of items so that the high level of
per-item revenue could be obtained for alarger number of items.

It was recently shown that in a greedy algorithm that simply inserts bids into IN* in
highest p;/|S;1* first order (asabid isinserted, bidsthat share itemswith it are discarded),
a = 1/2 gives the best worst case bound over al « [12] (but not necessarily over all
possible bid ordering formulas). In other words, o = 1/2 strikes the tradeoff outlined above
in the worst-case-optimal way for that greedy algorithm. This result does not necessarily
mean that « = 1/2 is the best setting for a complete search algorithm such as BOB. We
suggest the choice of o as an experimental future research problem. Similarly, one could
use entirely different bid ordering heuristicsin step 4 of BOB.

In addition to finding the optimal solution faster via more pruning, bid ordering
improvesthe algorithm’s anytime performance: f* increases faster.

3.1.3. Lower bounding (LOW)

We aso prune using a lower bound, L (obtained, for example, using the greedy
algorithm described above) at each node. If g + L > f*, then f* < g + L and IN* is
updated. This reduces search by enhanced pruning in the subtree rooted at the current
search node.
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3.1.4. Exploiting decomposition (DEC)

If the set of items can be divided into subsets such that no bid includesitems from more
than one subset, the winner determination can be done in each subset separately. Because
the search is superlinear in the size of the problem (both » and m), such decomposition
leads to a speedup.

At every search node (between steps 1 and 2), our algorithm checkswhether the problem
has decomposed. We maintain a bid graph, G, whose vertices V are the bids with e; =0,
and two vertices share an edge if the bids share items (see dotted graphsin Fig. 1). Call
the set of edges E. Clearly, |[V| <n and |E| < n(n —1)/2. Using an O(|E| + |V|) time
depth-first-search of graph G, the algorithm checks whether G has decomposed. Every
tree in the depth-first-forest corresponds to an independent subproblem (subset of bids
and the associated subset of items). The winners are determined by calling BOB on each
subproblem separately (bids not in that subproblem are marked e; < 1).4

3.1.5. Upper and lower bounding across subproblems (ACROSS)

The straightforward approach is to call BOB on each subproblem with ¢ = 0 and
f* = 0. Somewhat unintuitively, we can achieve further pruning, without compromising
optimality, by exploiting information across the independent subproblems. Say there are k
subproblems at the current search node 6: 1, ..., k. Let g bethe g-value of 6 before any
of the subproblems have been solved. Let £ be the value of the optimal solution found
for subproblem ¢. Let i, be the h-value of subproblem g. Let L, be alower bound (ob-
tained, for example, using the greedy algorithm described above, but even L, = 0 works)
for subproblem g.

Now, consider what to do to solve subproblem z after subproblems 1, ...,z — 1 have
been solved and the other subproblems have not. Let I, be a lower bound (obtained, for
example, using the greedy algorithm described above) on the value that the unallocated
items of subproblem z can contribute. Let g, be the g-value within subproblem z only, and
let i, be the h-value within subproblem z only. Let

z—1 k
F:olved:ge‘i‘Zf*, Hunsolved = Z hy,

=1 qg=z+1

k

LOunsolved = Z Lq-
g=z+1

At every search node within the subproblem z, we update the global lower bound f* as
follows:

f* < max{f*, Fgived + 82 + Iz + LOunsolved}

and we update IN* accordingly.

4 This decomposition check was used as a preprocessor before [23]. That is, it was used at the root of the tree,
but not at every node.
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Now we can cut the search path whenever
F3yved + 8z + hz + Hunsolved < f*.

Since both the straightforward approach and this approach are correct, we use both. If
either one allows the search path to be cut, the algorithm does so in step 3.

Due to the upper and lower bounding across subproblems, the order of tackling the
subproblems makes a differencein speed, providing further opportunitiesfor optimization
via subproblem ordering.

3.1.6. Forcing a decomposition via articulation bids (ART)

In addition to checking whether a decomposition has occurred, our algorithm strivesfor
a decomposition. In the bid choice in step 4, we pick a bid that leads to a decomposition,
if such a bid exists. Such bids whose deletion disconnects G are called articulation bids.
Articulation bids can be identified during the depth-first-search of G in O(|E| 4 |V]) time,
asfollows.

The depth-first-search assigns each node v of G a number d(v), which is the order
in which nodes of G are “discovered”. The root has number 0. (See [28] for details.) In
order to identify articulation bids, we assign to each node v one additional number, low(v),
which is defined inductively:

x =min{low(w) | w isachild of v},
y=min{d(z) | (v, z) isaback edge},
low(v) = min(x, y).

An internal node v is an articulation bid if and only if low(v) > d(v). (The root node
is an articulation bid if and only if it has two or more children in the depth-first-search
tree.) Since low(v) depends only on the low() values of v’s children and the back edges
incident to v, we can calculate low(v) for al the nodes during the depth-first search. If
there are multiple articulation bids, we branch on the one that minimizes the size of the
larger subproblem, measured by the number of bids.

The strategy of branching on articulation bids may conflict with our price-based
branching. Does one of these schemes dominate the other? To answer this question, we
first define the two classes of schemes:

Definition 1. In an articulation-based bid choosing scheme, the next bid to branch on is
an articulation bid if one exists. Ties can be resolved arbitrarily, as can cases where no
articulation bid exists.

Definition 2. In a price-based bid choosing scheme, the next bid to branch onis

By =ar max v(pg, |Skl),
I3 gBjeB|ej:o (Pr. 15k1)

where v is a function that is nondecreasing in p; and nonincreasing in |Si|. Ties can be
resolved arbitrarily, for example, preferring bids that articulate.
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Theorem 2. For any given articulation-based bid choosing scheme and any given price-
based bid choosing scheme, there are instances where the former leads to less search, as
well asinstances where the latter leads to less search.

Proof. We first demonstrate an example where any articulation-based scheme leads to
more search than any price-based scheme. Fig. 2 shows an example with 5 bids, labeled
A through E. The set of items for each bid is shown in curly brackets above the bid node,
and the pricefor the bid is shown below the bid node. In this bid graph, node D isthe only
articulation bid. The quantity e is an arbitrarily small positive constant.

Fig. 3 shows the search tree for any articulation-based scheme. We first branch on D.
Choosing D excludes bids B, C and E, leaving A as the only remaining bid. We then
branch on A. Thus, the best alocation obtained from the “in” branch at D is {A, D}. We
next follow the “out” branch for D. Removing D from the graph disconnects G into two
components. {A, B, C} and {E}. The search trees for the two components are shown side-
by-side in the figure. The graph for component {A, B, C} has an articulation bid A, so
we branch on that. Choosing A excludes both B and C, terminating the search, as shown.
Next we follow the “out” branch of A, which decomposes the graph into two singleton

{2,3,6}

$1+2e
{1,2,5} (3,4,8) (8,9, 10}
$1-2e $1—-e
{(1,4,7}

$l+e

Fig. 2. A set of bids where any articulation-based scheme searches more than any price-based scheme.

out

—_
=
Q
=
i=3
—_

Fig. 3. The search tree for the articulation-based scheme. Articulation bids are shown as filled black circles.
Rectangular boxes group together the decomposed subproblems that result from including or excluding a bid.
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B

1 out

in/out 1 out .
mn out

Fig. 4. The search tree for the price-based scheme. X marks nodes where the upper-bounding function cuts off
the search.

$1-2e $1-4e

Fig. 5. A set of bids where any articulation-based scheme searches |ess than any price-based scheme.

components {B} and {C}. Their search trees are shown side-by-side below the out branch
of A. Thetotal amount of search (number of edges) is 12.5

Since all bids have the same number of items, al price-based orderingswill lead to bid
ordering B, C, A, E, D. We first branch on B. The “in” branch excludes A, D, leaving
two singleton components {C} and {E}. Their search trees are shown side-by-side below
the “in” branch at B. The best allocation found during the “in” branch of B is{B, C, E},
giving atotal revenue of $(3+ 2¢). We next follow the “out” branch of B. The next highest
bid is C, so we branch on that. Taking C in excludes A and D, leaving only E. At this
point, the upper-bounding function cuts off the search since p(C) + p(E) < (3 + 2e).
Similarly, when we follow the out branch of C, the upper-bounding function again cuts off
the search. In total, the price-based scheme leads to 8 edges of search, that is, fewer than
the articulation-based scheme.

5 Throughout this proof we do not count the cost of the calls to BOB that lead to a decomposition, because
those calls only incur negligible effort. In other words, in the figures, there are no edges from a rectangle to the
roots of the subtrees at the top of that rectangle. The theorem aso applies if one did count such edges, but a
different bid graph in Fig. 5 would be required in the proof.
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Table1
Bid Itemsincluded in the bid

1,2,910
2,3,11,12
1,4,13,14
3,4,56
6,7,15,16
5,8,17,18
7,8,19,20

OMMmMOO >

1 out

A G; )
. tin out A G
! G in out i out

O O
B C E F
. in/™\ out . in/\out
in out/ \ in ou
d é)o O

Fig. 6. Articulation-based search tree for the example of Fig. 5.

Next we demonstrate an example (Fig. 5) where any articulation-based scheme leads to
less search than any price-based scheme. Again, e is an arbitrarily small positive constant,
used to enforce the price-based bid ordering A, G, D, B, C, E, F. Items are not shown in
the figure, but Table 1 shows that one can easily construct bids, using 4 items per bid, that
lead to the bid graph of Fig. 5.

Figs. 6 and 7, respectively, show the search trees for articulation-based and price-based
bid ordering schemes. The articulation-based scheme searches 18 edges, while the price-
based scheme searches 20 edges.

This completesthe proof.6 0O

Even if abid is not an articulation bid, and would not lead to a decomposition if the
bid is assigned losing, it might lead to a decomposition if it is assigned winning because
that removesthe bid's neighborsfrom G aswell. Thisis yet another reason to assign a bid
that we branch on to be winning before assigning it to be losing (value ordering). Also, in
bid ordering (variable ordering), we can give first preference to articulation bids, second
preference to these bids that articulate on the winning branch only, and third preferenceto

6 An obvious minor optimization to the search agorithm is to not try the “out” branch at al if there is only
one bid left. Thiswould affect the edge counts, which would be 8, 6, 12, and 15 for the four search trees of this
proof (instead of 12, 8, 18, and 20). The theorem clearly still applies under this aternative way of counting.



46 T. Sandholm, S Suri / Artificial Intelligence 145 (2003) 33-58

in
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Fig. 7. Price-based search tree for the example of Fig. 5. Nodes where the upper bounding function cuts off the
search are marked by X's.

bids that do not articulate on either branch (among them, the price-based bid ordering is
used).

During the search, the algorithm could a so do shallow |ookaheads—for the purpose of
bid ordering—to identify combinations of bids that would disconnect G. Such cutsets of
bids can also beidentified in a preprocessor, and then the bids within a small cutset should
be branched on first in the search (however, identifying the smallest cutset isintractable).

3.2. Tractable subproblems at nodes

The following techniques, used at each search node, drive toward, identify and solve
tractable special cases.

3.2.1. Avoiding branching on short bids

Bids that include a small number of items lead to significantly deeper search than
bids with many items because the latter exclude more of the other bids due to overlap
in items. A previous search algorithm scaled to thousands of bids when bids had many
items, and only hundreds of bids when bids had few items each [23]. We call bids with 1
or 2 items short and other bids long.” Winners can be optimally determined in O(ng’hort)
worst case time using a weighted maximal matching algorithm (Edmond’s algorithm [4])
if the problem has short bids only [19]. To solve problems with both long and short bids
efficiently, we integrate Edmond’s algorithm with search.

Our algorithm achieves optimality without ever branching on short bids. In step 4, bid
choice is restricted to long bids. At every node, before step 1, Edmond’'s algorithm is
executed using the short bids with e; = 0. It returns a set of winning bids, INg, and the
revenuethey provide, fr. The only remaining changeisto step 1:

1. If g+ fe > f*, thenIN* < INUINg, f* < g+ fE.

7 We define short in this way becatise the problem is A/P-complete already if 3 items per bid are allowed [19].
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3.2.2. Deleting itemsincluded in only one bid

In the previous optimization, short bids are statically defined. We can improve on this
by amore dynamic size determination. If anitem x belongsto only onelong bid 4, then the
size of b can be effectively reduced by one. This optimization may move some of the long
bids into the short category, thereby further reducing search tree size. This optimization
can be done at each search node, by keeping track of bids concerning each item.

3.2.3. Interval bids

Rothkopf et al. [19] considered an important special case where the items are linearly
ordered, and each bid concerns a contiguous interval of items. Specifically, assume that
items are labeled {1, 2, ..., m}, and each bid b is for some interva [i, j] of items. Using
dynamic programming, Rothkopf et al. solved the problem in O(m?) time. We propose
a different algorithm that solves this special case in O(n + m) time. This asymptotic
complexity is worst-case optimal because any algorithm must read all of the items and
bids asinput.

We now describe our algorithm. Given a bid 5 on the interval [ £, 1], let us call item
f thefirst item of b, and item [ the last item of 5. We sort the bids in increasing order
of their last item; if two bids have the same last item, the one with the smaller first item
comes earlier in the sorted order. For instance, bid [10, 15] comes before bid [5, 20], and
bid [1, 20] comesbeforebid [5, 20]. Since the set of items has bounded size [1, m], we can
bucket sort the bidsin O(n + m) time. Our dynamic program computes optimal solutions
for the prefix intervals of theform [1,i],fori =1, 2, ..., n. Let opt(i) denote the optimal
solution for the problem considering only those bids that contain itemsin therange [1, i];
that is, bidswhose last item is no later than ;. Initialy, opt(0) = 0. Let C; denote the set of
bidswhose last itemisi; thisset isempty if no bid hasi asitslast item. Then, we havethe
following recurrence:

opt(i) = max{ py, + opt(fy — 1), opt(i — 1)},

where p; is the price of bid b, and f, is the smallest indexed item in b. The optimal
alocation is given by opt(m). While this dynamic program only computes the value of
the optimal allocation, we can easily extend the algorithm to also maintain the actua bid
allocation.

Theorem 3. If all » bidsareinterval bidsin a linearly ordered set of items [1, m], then an
optimal allocation can be computed in worst-casetime O(n + m).

Proof. The maximization in the dynamic programming recurrence above has two terms.
The first term corresponds to accepting bid b, in which case we need an optimal solution
for the subproblem [1, f, — 1]. The second term corresponds to not accepting b, in which
case we use the optimal allocation for items in [1,i — 1]. By solving these problemsin
increasing order of i, we can compute each opt(i) in time proportional to the size of C;.
Since ) C; =n, thetotal time complexity isO(n +m). O
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If weallow interval wraparound bids (e.g., S; = {m — 1, m, 1, 2, 3}), the winners can be
determined optimally by solving several instances of theinterval bidswithout wraparound,
as described below.

Theorem 4. If interval bidswith wraparound are allowed, then winners can be determined
in worst-case time O(min{s, m}(n + m)), where s isthe smallest number of bidsthat cross
any interval of the form [i,i + 1], wherei =1,2,...,m, and m + 1 is identified with
item 1.8

Proof. We can obtain an O(m (n + m)) time algorithm by cutting the circle of itemsat each
of the m possible positions in turn, removing the bids that span over the cutting position,
and then solving the resulting interval bid problem. The best of these m solutions is the
optimal for the wraparound problem. Alternatively, we can obtain an O(s(n + m)) time
solution by focussing on just one cut, and iterating over all the bids that span that cut.
Suppose the cut choseniis [7, i + 1]. Of all the bids spanning this cut, at most one belongs
in the optimal solution. We take each of these bidsin turn, removeall the elements covered
by this bid, and solve the interval bids problem on the remaining items. If s is the cut with
the smallest number of bids spanning it, then the bound is O(s (n + m)). Note that s can be
Q(m) in the worst case, but is likely to be much smaller in practice. Thus, depending on
the relative sizes of s or m, we can choose between the two cutting strategies described.

We can determine s in O(n + m) time as follows. Let BEGIN; be the number of bids
that begin at item i, and let END; be the number of bids that end at item i. These counts
can be calculated in O(m) time by scanning the set of bids once, and updating the BEGIN
and END counters. Next, we start at the cut [1, 2], and determinein O(m) time how many
bids span this cut. We then update this count for each new cut in O(1) time as follows.
When moving from cut [i — 1,i] to [, i + 1], we subtract END; from the count and add
BEGIN; to the count. Thus, the value of s can be found in O(n + m) time, giving us the
claimed bound. O

3.2.4. Identifying linear ordering

Our interest is not to limit the auctions to interval bids only, but rather to recognize
whether the remaining problem at any search node falls under this special case and to
solve it by our specialized fast algorithm. This requires an algorithm to check whether
there exists some linear ordering of items for which the given set of bids are al interval
bids. It turns out this problem can be phrased as the interval graph recognition problem,
for which alinear-time solution exists.

Givenagraph G = (V, E), we say that G isan interval graph if the vertices V can be
put in 1-to-1 correspondence with intervals of the real line such that two intervals overlap
if and only if there is an edge between the vertices corresponding to those intervals. The
interval graph recognition problem is to decide whether G is an interval graph, and to also
construct the intervals. The algorithm in [11] solves this problem in O(|V| + |E]|) time.
Given the intervals for the bids, one can easily produce a linear ordering of the items.

8 The fastest prior algorithm for interval wraparound bids takes O(m3) time [19].
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A

Fig. 8. Bid graph and avalid linear ordering.

2

4 9
</ O J \o
5 6 7 8
Fig. 9. An example of asubgraph bid: {1, 2, 3, 4, 9}.

Fig. 8 shows an example with 4 bids: A = (2,4,6), B=(1,2,4,5,7),C =(1,3,7,8),
D=(1,3,5,7).

The case where wraparound bids are allowed can be identified in O(n2) time using an
algorithm for recognizing whether the graph G iscircular [5].

3.2.5. Subgraph bids on tree-structured items

We now propose a fast algorithm for another case that subsumes and substantially
generalizestheinterval bid model of [19]. Theitems are structured in atree T', and avalid
bid corresponds to a connected subgraph of 7' (see Fig. 9). Thisis a strict generalization
of the linear ordering model, which correspondsto the special case where T' isa path. Our
tree model is quite distinct from the “ nested structure” model in [19], where the tree nodes
correspond to bids.

An example application where this specia structure prevails is the following web
shopping scenario. The goods are structured in a tree, where a web page contains the
description of a good and links to neighbor goods. For example, the page of atent could
have links to a heater, camping stove, and bug spray. The stove could have links to fuel
refills and pots, etc. On any page, the user can (1.) buy the item and be allowed to continue
to any number of the neighbor goods, or (2.) not buy the item and backtrack, or (3.) submit
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the bid by specifying a price for the subgraph that the user has chosen so far, or (4.) exit
without submitting the bid.

Theorem 5. The winner determination problem with subgraph bids on tree-structured
items can be solved in O(nm) worst-case time.

Proof. Let r be the root of the item tree T (any node in the graph can be picked as the
root of the tree; this choice does not affect the solution value). We assign each node of T
alevel, which is its distance from the root. Thus, the root r has level 0; the children of r
havelevel 1, and so on. The level of abid b, denoted level (b), is the smallest level of any
item in b. We sort the bids in increasing order of level, breaking ties arbitrarily. We use a
dynamic program to compute the optimal solutions at nodes of T in decreasing order of
level.

Givenanodei of T, let C; denote the set of bids that include i and whose level isthe
same asthelevel of i. Our agorithm computes the function opt(i), for each node i, where
opt(i) isthe optimal solution for the problem considering only those bids that contain items
in the subtree below i. Our goal isto compute opt(r).

Consider ahid b, and suppose that the item giving b its level is x. Removing al items
of b disconnectsthe tree rooted at x, namely T, into several subtrees. Let U, be the set of
roots of thisforest of subtrees. (For example, suppose we put a bid for items {3, 4} in the
tree of Fig. 9. Removing theitems of thisbid breaksthe tree rooted at 3 into three subtrees,
withrootsat 5, 6, and 9). Now, we get the following dynamic programming recurrence:

opt(i)zmaX{g;acx{prrZopt(j)}, > opt(j)}

jeUp jechildren(i)

where p,, isthe price of bid 5. By proceeding bottom up, we compute opt(i) for al nodes
of the tree. Again, the proof of correctness follows from the observation that either the
winning allocation does not include item i, in which case the second term of the max gives
opt(i); otherwise, thefirst term iterates over al bidsthat containitem i (and also havelevel
i), and chooses the optimal solution for the subtree that remains after taking that bid.

By proceeding bottom up, we can compute opt(i) for al nodes of the tree in O(nm)
time (each term takes O(n) time, and there are m termsto compute). 0O

Because we can solve the winner determination problem with subgraph bids on tree-
structured items in polynomial time, we can use it in auctions where the special structure
is forced. For example in the case of the web store described above, the special structure
was imposed viathe links among the web pages.

However, we do not know whether this special structure can be identified in polynomial
time, that is, we do not know how complex it is to determine whether a given general
winner determination problem can be converted into awinner determination problem with
subgraph bids on tree-structured items. We pose this as an open research problem.

To use this special case to reduce search in our general winner determination algorithm,
theidentification problem would haveto be solved. Then, at every node (or just at theroot),
the algorithm would check whether the problem is within this special class. If so, it would
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Bid nodes
Bid 1 =<{1, 2, 4}, $5>

Bid 2 =<{1, 3, 5}, $6>

O O O O Item nodes
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Fig. 10. lllustration for Theorem 6.

be solved using our dynamic program, and no further search would occur in that subtree.
If not, the search would proceed further into the subtree.

3.2.6. Subtree bidsin DAGs
Our specia case of subtree bidson tree-structured item is sharp in the sense that aslight
generalization makes the problem intractable;

Theorem 6. If the set of itemsis structured as a directed acyclic graph (DAG) D, and each
bid isa directed subtree of D, then winner determination is \P-complete.

Proof. We can formulate the general combinatorial auction problem of Section 2 as an
instance of the DAG-structured problem. Corresponding to each item of M, we create a
“item” node, and for each bid B; we create a“bid” node. We draw directed edges from bid
node B; to al the item nodes concerning B; . Fig. 10 shows the construction.

Clearly, the resulting graph is acyclic—all edges are directed from bid nodes to item
nodes. Each bid is obvioudly tree-structured (height one). Thus, an optimal allocation
for this DAG instance solves the general combinatorial auction problem, which is N'P-
complete. This provesthat the DAG-structured case is A'P-hard. It isalso in AP because
the solution (revenue) can be verified in polynomial time. Combining these two facts we
have that the problemis N'’P-complete. O

3.3. Faster data structures

In this section we present fast data structures that support the operations that are used
in our winner determination agorithm.

3.3.1. Bid graph representation (GRA)

We use an adjacency list representation of the bid graph G for efficient insert and delete
operations on bids. We do not actually keep track of exclusion countse;. Instead, a bid j
having been deleted correspondstoe; > 0, and abid j not having been deleted corresponds
to e; = 0. We use an array to store the nodes of G. The array entry for node j pointsto a
doubly-linked list of bids that shareitemswith j. Thus, an edge (j, k) creates two entries:
onefor j inthelist of k, and the other for £ in the list of j. We use cross-pointers with
these entries to be able to access one from the other in O(1) time. To delete node j whose
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current neighbor list is {b1, b2, ..., bx}, we mark the node j “deleted” in the node array.
Then, we use the linked list of j to access the position of j in each of the b;’s list, and
delete that entry, at O(1) cost each. When reinserting a node j with edges E; into G,
node j's " deleted” label isfirst removed in the node array. Then, for each (j, k) € E;, j is
inserted at the front of k’s neighbor list, k isinserted at the front of j’s neighbor list, and
the cross-pointer is set between them, all at O(1) cost.

AsBOB branchesby x; =1, j anditsneighborsin G are deleted. We also store in the
search node a list of the edges that were in effect removed: the edges E’ that include j,
and the edges E” that include j's neighborsbut not j. When backtracking to that node, we
reinsert j’s neighborsinto G using the edges E”. Then BOB branches by x; = 0. When
backtracking from that branch, j isreinserted into G using edges E’.

3.3.2. Maintaining the heuristic function (MAI)

Any heuristic function could be used in step 2 of BOB. The heuristic function 7 «
> iemr €(@), where c(i) < maX;jics;.e;=0p;/IS;| is the same as in an earlier winner
determination algorithm [23]. In that implementation it took O(mn) time (at every search
node) to compute. A faster but rougher approximation of the same heuristic was used in [6].
Here we propose data structures that allow us to compute 4 fast and exactly. They not only
work for the functional form p; /|S ], but they also work for any other functional form that
depends on the bid only, that is, ¢(i) < maX;jics;.c;=0$(B;).2

We store the items in a dynamic list which supportsinsert and delete in O(logm) time
each. Each item i pointsto a heap H (i) that maintains the bids that include i. The size
of H(i) is n in the worst case. The heap supports find-max, extract-max, insert, and
delete in O(logn) time each (delete requires a pointer to the item being deleted, which
we maintain).

The heuristic function requires us to compute, for each item i, the maximum value
¢(B;) among the bids B; that have not been deleted and concernitem i. We keep atally of
the current heuristic function and updateit each time abid gets deleted or reinserted into G.
Consider the deletion of bid j that has k items; each item pointsto its position in the item
list. We delete j’s entry from the heap of each of these k items. For each of these k items,
we update the heuristic function, by calculating the differencein its ¢ value before and after
the update. When j is reinserted, we reinsert j into the heaps of all the items that concern
Jj. Thecost, per search node, of updating the heuristic functionis Zj |S;|-O(logn), where
the summation is over al the bids that got deleted or reinserted.

As afurther optimization, our algorithm uses a leftist heap for H (i) [28]. A leftist heap
has the same worst-case performance as an ordinary heap, but improves the amortized
complexity of insert and delete to O(1), while extract-max and find-max remain O(logn).
Because the insert and delete operations in BOB are quite frequent, this improves the
overall performance.

9 The complexity results hold if ¢(B;) can be evaluated in O(1) time for any given B;. Thisis usudly the
case during search since one can precompute ¢ (B ) for every B;.
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3.4. Preprocessing

Four preprocessing techniques were recently proposed for the winner determination
problem [23]. Each one of them can be directly used in conjunction with our algorithm.

4. Generalizationsof combinatorial auctions

This section discusses generalizations of combinatorial auctions. Our auction server
prototype (http://www.cs.cmu.edu/~amem/eM ediator) supportsall of these generalizations
separately and combined, and has been in continuous operation on the web since December
1998 [24].

4.1. Multiple units of each item

In some auctions, there are multiple indistinguishable units of each item for sale. One
can compress the bids and speed up winner determination by not treating every unit as a
separate item, since the bidders do not care which units of each item they get, only how
many. We define a bid in this setting as B; = ((A}, A?, ..o M), pj), where )JJ‘. >0isthe
requested number of unitsof item k, and p; isthe price. Thewinner determination problem
is:

n
max ijx]'
j=1

n
st. Zki-xj <wu;, i=12...,m,
j=1

XJ'E{O,].}

where u; isthe number of units of item i for sale.10

Previous winner determination algorithms cannot be used in the multi-unit setting
because they branch on items [6,23]. Even if each unit is treated as a separate item, the
earlier algorithms cannot be used if the demands, k’;, arereal-valued instead of integer.

BOB can be used. A tally of the number of units allocated on the search path is kept for
eachitem: A; =3, 1A

The decomposition techniques DEC and ART apply on the bid graph G where two
vertices, j and k, now share an edge if 3 item i st. A’ > 0 and A} > 0. However, once
a bid is assigned winning and removed from G, the neighbor bids in G cannot always
be removed unlike in the basic combinatorial auction. Instead, only those neighbors, j,
are removed that demand more units of some item than remain (3 item &k such that

10 | our basic combinatorial auction, and in every one of the generdlizations, if free disposal is not possible, an
equality constraint should simply be used in the problem formulation in place of the inequality. However, without
free disposal the problem is fundamentally different and harder [26].
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A’J‘. > up — A’;). The removed bids are reinserted into G when backtracking. The data
structure improvements GRA and MAI apply with this change.
One admissible heuristic for this setting is

h= uj — Aj max L}

i;w[( )jevc|xf‘,->0 Dies; M
where Vi is the set of bids that remain in G. More refined heuristics can be constructed
by giving different items different weights. Once g + i < f*, the search path is pruned.
The lower bounding technique LOW also applies, as do upper and lower bounding across
subproblems (ACROSS).

Bid ordering can be used, for example, by presorting the bids in descending order of

pi/ (i M)
4.2. Combinatorial exchanges

Inacombinatorial exchange, both buyersand sellers can submit combinatorial bids[24].
Bidsareasin the multi-unit case, except that the A’. values can be negative, as can the prices
p;, representing selling instead of buying. Note that a single bid can be buying some items
while selling other items.

The winner determination problem is to maximize surplus:'*

n
max ijxj
j=1
n
i .
st. Y AMx;<0, i=12...m,
j=1

xj €1{0,1}.

Unlike earlier algorithms that branch on items [6,23], BOB can be used in this setting.
In the basic combinatorial auction and in our other generalizations, the optimal solution
occursin aleaf. In contrast, in our combinatorial exchange, the optimal solution can occur
even at an interior node of the search tree. In the search, a tally of the net number of
units demanded (units supplied are negative numbers) on the path is kept for each item:

Jp— 1
A=Y, 21 M

11 1§ the exchange charges based on transaction volume, as many current exchanges do, it may want to
maximize volume instead (subject to the same constraints as above), measured in any of several possible ways.
One way isto maximize the number of accepted bids: 3 ;<1 . ) x;- Another way is to maximize the monetary
trade volume. In the common “ pay-your-winning-bid” type mechanisms, the monetary trade volumeisthe amount
to surplus maximization. However, we advocate surplus maximization since that maximizes social welfare. (This
assumes that the participants bid and ask truthfully. If each bidder is charged the prices of her winning bids, then
the buyers have the incentive to underbid and the sellers have the incentive to overbid. Even in noncombinatorial
exchanges—with only one asset to be exchanged, one seller, and one buyer—no mechanism leads to efficient
trade among strategic agents. Sometimes the asset does not trade athough the buyer values it more than the
seller [16].)
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The decomposition techniques DEC and ART apply on bid graph G wheretwo vertices,
j and k, share an edge if 3 item i such that )»j. #0and AL # 0. However, once a bid is
assigned winning and removed from G, the neighbor bidsin G cannot always be removed
unlike in the basic combinatorial auction. Instead, only those neighbors, j, are removed
that cannot possibly be matched any more:

e ditemi st. )‘lj > 0and )‘lj + A; +ZkchM;;<0)‘;; >0, or
o Jitemi st Ay <Oand A + Ai 4 cypisoth <0,

where V¢ is the set of remaining bids in G. The removed bids are reinserted into G
when backtracking. The data structure improvements GRA and MAI apply with this
modification.

The upper bounding and lower bounding (LOW) techniques discussed earlier in the
paper can be used after constructing functions that compute an upper bound 2 and a
lower bound L. Then, also the upper bounding and lower bounding techniques across
subproblems (ACROSS) apply.

Bid ordering can also be used. For example, by branching on abid j that maximizes p ;
(the bids can be sorted in this order as a preprocessing step to avoid sorting during search),
the algorithm can strive to high-surplus allocations early, leading to enhanced pruning. As
another example, by branching on abid j that minimizes Z”Aiw A + A{, or a bid that

minimizes max;| 4, -0 A; + A{ , the algorithm can reach feasible solutions faster (especially
in the case of free disposal), leading again to enhanced pruning from then on.

Additional pruning is achieved by branching on bids with p; < O first, and then on bids
with p; > 0.22 Once > jix,=1 Pj > 0, that branch of the search is pruned.!® Also, after the
switch to bids with p; > 0 has occurred on a path, #, LOW, ACROSS, and bid ordering
from the multi-unit case can be used among the remaining bids to achieve further pruning.

4.3. Reserveprices

In some auctions, the seller has a reserve price r; for every item i, below which she
is not willing to sell.1* This could be easily incorporated into our agorithm by adding a
congtraint: the revenue collected from the bidsis no less than the sum of the reserve prices
of theitems that are allocated to bidders. A stricter way of interpreting reserve prices as a
constraint isto require that the auctioneer’s payoff (revenue collected from the bidders plus
reserve prices of the items kept) would not increase by keeping an additional item or by
alocating an additional item to one of the bidders. This could also be easily incorporated
into our algorithm.

12 Alternatively one can branch on bids with p; > Ofirst, and reverse the tests respectively.

13 Alternatively one can do this split of bids into two sets (»/ <0 vs. A/ > 0) and pruning (when 4; > 0) on
any item i instead of price. A reasonable heuristic would be to choose an item (or the price) so that the smaller of
these two setsis as small as possible. Then, branching would first occur within bids in that subset. This heuristic
is geared toward reducing the size of the search tree.

14 1f some of the items do not have reserve prices, we say r; = 0.
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However, this raises the concern that the auctioneer’s payoff might increase by keeping
or alocating a set of items. It turns out that requiring that it does not coincides with
maximizing social welfare (sum of the auctioneer’s payoff plus the bidder’s payoffs; each
bidder’s payoff is her valuation for the bundle of goods that she gets minus what she has
to pay), assuming that bidders enter their true valuations and the auctioneer enters histrue
reserve prices. Thisisdone not as aconstraint, but by changing the maximization objective
to

max g(m - Zrl)xj.

i€S;

This is trivial to incorporate into our algorithm: the item’s reserve prices are simply
subtracted from the bid prices as a preprocessing step.

This method can also be used for exchanges where only one side (buyers or sellers) is
allowed to place combinatorial bids! The other side has to bid noncombinatorially. The
bids of the noncombinatorial side are considered reserve prices, allowing the fast winner
determination algorithm for one-to-many combinatoria auctions to be used in many-to-
many exchangesfor optimal clearing.

Auctionswhere the seller is allowed to submit reserve prices on combinations of items
or isallowed to express substitutability in the reserve prices, cannot be handled by the one-
to-many algorithm. Instead, they are treated as exchanges where the seller’s reserve prices
are her bids. Our algorithm for combinatorial exchanges can then be used for optimally
clearing the market.

4.4. Substitutability

In the auctions discussed so far in the paper, bidders can express superadditive
preferences. the value of a combination is greater or equal to the sum of the values of
its parts. They cannot express subadditive preferences, aka. substitutability. For example,
by bidding $5 for {1, 2}, $3 for {1}, and $4 for {2}, the bidder may get {1, 2} for $7. Two
solutions have been proposed that allow any preferences to be expressed. They extend
directly to all the generalized combinatorial auctions presented in this paper: the multi-unit
case, the exchange, and the case of reserve prices. In the first, bidders can combine their
bids with XORs, potentially joined by ORs [23,24]. The second uses dummy items [6]. If
two bids share adummy item, they cannot be in the same alocation.

BOB can be used with the first method by adding edgesin G for every pair of bidsthat is
combined with XOR.1® These additional constraints actually reduce the size of the search
tree. However, only some of the optimization apply: HEU, LOW, DEC, ART, ACROSS,
GRA, and MAI. BOB supports the second method directly and all of the optimization

apply.

15 As specified earlier in this paper, in the algorithm for exchanges and multi-unit auctions, asabid is branched
in, only some of its neighbors in the bid graph G are removed. However, as a bid is branched in, al neighbors
that are connected to it via an XOR-edge are removed from G. In this sense, the regular edges and X OR-edges
are treated dlightly differently in exchanges and multi-unit auctions.
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5. Conclusionsand futureresearch

Combinatorial auctions can be used to reach efficient resource and task allocations in
multiagent systems where the items are complementary. Determining the winnersis N'P-
complete and inapproximable, but it was recently shown that optimal search agorithms
do very well on average. This paper presented a more sophisticated search algorithm
for optimal (and anytime) winner determination, including structural improvements that
reduce search tree size, faster data structures, and optimizations at search nodes based on
driving toward, identifying and solving tractable special cases. We also discovered a more
general tractable special case, and designed algorithmsfor solving it aswell asfor solving
known tractable special cases substantially faster. We generalized combinatorial auctions
to multiple units of each item, to reserve prices on singletons as well as combinations,
and to combinatorial exchanges—all allowing for substitutability. Finally, we developed
algorithmsfor determining the winnersin these generalizations.

We posed the identification of subgraph bids with tree-structured items as an important
open problem. Future work also includes experimental eval uation of each of the techniques
presented. Since the first version of this paper appeared in AAAI-Q0, significant exper-
imental work has been done on combinatorial auction winner determination algorithms
that use the branch-on-bidsformulation rather than the older branch-on-itemsformulation
(e.0.,[1,7,13,25,26]). It isfair to say that the branch-on-bidsformulation is now the fastest
and most prevalent formulation for winner determination. Of the algorithmsthat have been
evaluated experimentally, the CABOB agorithm incorporates the largest number of the
ideas presented in this paper, and it is currently, to our knowledge, by and large the fastest
optimal winner determination algorithm for combinatorial auctions[25].
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