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Abstract

Combinatorial auctions where bidders can bid

on bundles of items can lead to more econom-
ical allocations, but determining the winners is

NP-complete and inapproximable. We present
CABOB, a sophisticated search algorithm for

the problem. It uses decomposition techniques,
upper and lower bounding (also across compo-
nents), elaborate and dynamically chosen bid or-
dering heuristics, and a host of structural obser-
vations. Experiments against CPLEX 7.0 show
that CABOB is usually faster, never drastically

slower, and in many cases drastically faster. We
also uncover interesting aspects of the problem it-
self. First, the problems with short bids that were

hard for the first-generation of specialized algo-

rithms are easy. Second, almost all of the CATS
distributions are easy, and become easier with more
bids. Third, we test a number of random restart
strategies, and show that they do not help on this
problem because the run-time distribution does not
have a heavy tail (at least not for CABOB).

1 Introduction
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paper we present a fast optimal search algorithm for the prob-
lem. Section 2 defines the problem. Our algorithm is pre-
sented in Section 3. Section 4 discusses bid ordering heuris-
tics. Experimental results are presented in Sections 5-7. Ran-
dom restart strategies are discussed in Section 8. Section 9
presents conclusions and future research directions.

2 The Winner Determination Problem
In this section we define the winner determination problem.

Definition 1 The auctioneer has a set of item8/
{1,2,...,m}, to sell, and the buyers submit a set of bids,
B = {By,B»,...,B,}. Abidis atupleB; = (S;,p;),
whereS; C M is a set of items angl; > 0 is a price. The
binary combinatorial auction winner determination problem
is to label the bids as winning or losing so as to maximize the
auctioneer’s revenue under the constraint that each item can

be allocated to at most one bidder:

Z z; <1,i€e{l.m}
JIES;
Tj € {0,1}
This isNP-completd Rothkopfet al,, 1994, and it cannot
even be approximated to a ratioef ¢ in polynomial time

n
max Z pjr; S.L
j=1

Auctions are important mechanisms for resource and taskunlessP = N'P) [Sandholm, 1999
allocation in multiagent systems. In many auctions, a bidder’s If bids could be accepted partially, the problem would be-
valuation for a combination of distinguishable items is notcome a linear program (LP) which can be solved in polyno-
the sum of the individual items’ valuations—it can be moremial time. Here we present the LP-formulation and its dual
or less.Combinatorial auctions (CAsyhere bidders can bid because we will use them in several ways in our algorithm.
on bundles of items allow bidders to expressnplementarity
(and, with a rich enough bidding language, asbstitutabil-
ity among the itemgSandholm, 1999; Fujishimet al, 1999;
Sandholm, 2000; Nisan, 2000 This expressiveness can lead
to more economical allocations of the items because bidders
do not get stuck with partial bundles of low value. This
has been demonstrated, for example, in airport landing slot
allocation[Rassentiet al, 1984, and in transportation ex-
change$Sandholm, 1998 zj €R

However, determining the winners in a combinatorial auc- In this continuous Setting, thehadow pricaJi gives the
tions is computationally complex. There has recently been @rice for each individualitem! In the binary case individual

LP
n
maXx Z p;jx;
j=1
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DUAL
min Z Yi
i=1
> vi>pj, g€ {ln}
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surge of research into addressing ttRdthkopfet al., 1998;
Sandholm, 1999; Fujishimat al., 1999; Lehmanret al,
1999; Sandholm and Suri, 2000; Anderssatal., 2000;
Hoos and Boutilier, 2000; de Vries and Vohra, 2D0@ this

*This work was funded by, and conducted at, CombineNet, Inc.

items cannot generally be given prices, but egolalue from

DUAL gives an upper bound on the price of iteém

LIf there are some items that are not included in any bids, we have to
add to the DUAL the constraing; > 0 for those items. Alternatively (and
preferably), such items can simply be removed as a preprocessing step.



3 Description of the Algorithm

Our algorithm, CABOB (Combinatorial Auction Branch
On Bids) is a tree search algorithm that branches on bids.
The high-level idea of branching on bids was already pro-
posed by Sandholm and Suri, 200 the BOB algorithm.
However, BOB was not implemented. CABOB incorporates
many of the techniques proposed in BOB and a host of addi-
tional ones. All of them have been implemented.

The skeleton of CABOB is a depth-first branch-and-bound
tree search that branches on bids._The value of the best solu-
tion found so far is a global variablg. Initially, f* = 0.

A data structure called thieid graphis maintained. We
denote it byG. The nodes of the graph correspond to bids that
are still available to be appended to the search path, i.e., bids

10.b. For all Bj s.t. B; # By andS; N Sy, # 0,
G+ G- {B]}

10.c.ff, < f*

10.d. fin <~ CABOB(G, g + pi, MIN — py)

10.e. MIN « MIN + (f* — f*,)

10.f. For all B; s.t. B; # B, andS; NSy, # 0,

10.9.f3ia < f*

10.1. fout  CABOB(G, g, MIN)

10.i. MIN « MIN + (f* - f,)

10,.G + G U {B;}

10.k. Returnmax{ fin, fout }

that do not include any items that have already been allocatedl1. F5,jpeq < 0

Two vertices inG share an edge whenever the correspondingl2. H.,soived < 5 Ui,

bids share item3. As vertices are removed fro@ when
going down a search path, the edges that they are connecte
to are also removed. As vertices are re-inserted@twshen
backtracking, the edges are also reinserted.

The following pseudocode of CABOB makes calls to sev-
eral special cases which will be introduced later. For readabil-
ity, we omit how the solution (set of winning bids) is updated
in conjunction with every update gf*.

As will be discussed later, we use a technique for pruning

(&
Lunsolved — Zi:l Li

1&%. For each componente {1,...,c} do

13.a. KF} ), .q + Hunsotveda < MIN, return0

0
13bg; — Fs*olved + (Lunsolved - Lz)
13.c.f5, « f*
13.d.f} «+ CABOB(G;, g + g, MIN — g})
13.e.MIN « MIN + (f* - f*)
135 Fped < Foowea + I

S0

13-g-Hunsolved — Hunsolved - Uz

across independent subproblems (component§ oTo sup-
port this, we use a parametét,I NV, to denote the minimum

13-h-Lunsolved — Lunsolved - Lz

revenue that the call to CABOB must return (notincluding the 14. ReturnFy,

revenue from the path so far or from neighbor components) e now discuss the techniques of CABOB in more length.
to be competitive with the best solution found so far. The rev-

enue from the bids that are winning on the search path so fa/Pper Bounding

is calledg. It includes the lower bounds (or actual values) of

In step (3), CABOB uses an upper bound on the revenue

neighbor components of each search node on the path so fahe unallocated items can contribute. If the current solution

The search is invoked by callindABOB(G, 0, 0).
Algorithm 3.1 CABOB(G, g, MIN)

1. Apply special cases COMPLETE and NEDGES

2. Run DFS on; let ¢ be number of components found,
and letG,, G, ..., G, be thec independent bid graphs

Calculate an upper bourid; for each componerit
If 5, U; < MIN,then returr0
Apply special case INTEGER
Calculate a lower bound; for each componerit
A<—Q+Z§:1Li_f*
If A >0, then
ffefr+A
MIN < MIN + A
9. If ¢ > 1 then goto (11)

10. Choose next bid;, to branch on (use articulating bids
first if any)
10.a.G + G — {B}

© N oA~ ®

cannot be extended to a new optimal solution under the op-
timistic assumption that the upper bound is met, CABOB
prunes the search path.

Any technique for devising an upper bound could be used
here. We solve the remaining LP, whose objective function
value gives an upper bound. CABOB does not make copies
of the LP table, but incrementally adds (deletes) rows from
the LP table as bids are removed (re-inserted) {#tas the
search proceeds down a path (backtracks). Also, as CABOB
moves down a search path, it remembers the LP solution from
the parent and uses it as a starting solution for the child’s LP.

It is not always necessary to run the LP to optimality. Be-
fore starting the LP, one could look at the condition in step
(4) to determine the minimum revenue the LP has to produce
so that the search branch would not be pruh@hce the LP
solver finds a solution that exceeds the threshold, it could be
stopped without pruning the search branch. If the LP solver
does not find a solution that exceeds the threshold and runs to
completion, the branch could be pruned. However, CABOB
always runs the LP to completion since it uses the solutions
from the LP and the DUAL in several ways.

2SinceG can be constructed incrementally as bids are submitted, itscon-—___
struction does not add to winner determination time after the auction closes. 2In the case of multiple components, when determining how high a rev-

Therefore, in the experiments, the time to constGds not included (in al-

enue one component’s LP has to return, the exact solution values from solved

most all cases it was negligible anyway, but for instances with very long bidsxeighbor components would be included, as well as the upper bounds from

it sometimes took almost as much time as the search).

the unsolved neighbor components.



Our experiments showed that the upper bound from LP i:ents and the lower bounds from unsolved neighbor compo-
significantly tighter than those proposed for previous combinents.Our use of al/ I N value allows the algorithm to work
natorial auction winner determination algorithbSandholm, correctly even if on a single search path there may be several
1999; Fujishimaet al, 1999; Sandholm and Suri, 2000he  search nodes where decomposition occurred, interleaved with
time taken to solve the LP at every node is negligible com-search nodes where decomposition did not occur.
pared to the savings in search due to enhanced pruning. Every time a better global solution is found afitlis up-

The INTEGER special case dated, allMIN values in the search tree should be incre-

mented by the amount of the improvement since now the bar
of when search is useful has been raised. CABOB handles
these updates without separately traversing the tree when an

If the LP happens to return integer values (= 0 or
x; = 1) for each bidj (this occurs more often than we ex-

pected), CABOB makes the bids withy = 1 winning, and update occurs. CABOB directly updat@$I N in step (8),

those W|tha:j. = 0 Iqsmg. This is cIearIyNalj optimal s.olutilon and updates tha/ 7 N value of any parent node after the re-
for the remaining bids. CABOB updat¢s if the solutionis  ;rsive call to CABOB returns.

better than the best so far. CABOB then returns from the call CABOB also uses lower bounding across components. At

without searching further under that node. . any search node, the lower bound includes the revenues from
Itis easy to show that if some of the values are notin-  the pids that are winning on the path, the revenues from the
teger, we cannot simply accept the bids with= 1. Neither  gq|yed neighbor components of search nodes on the path, the
can we simply reject the bids with; = 0. Either approach  |ower bounds of the unsolved neighbor components of search
can compromise optimality. nodes on the path, and the lower bound on the revenue that the
Lower Bounding unallocated items in the current search node can contribute.

In step (6), CABOB calculates a lower bound on the rev- Due to upper and lower bounding across components (and
enue that the remaining items can contribute. If the lowegue to updating of *), the order of tackling the components
bound is high, it can allowf* to be updated, leading to more €an potentially make a difference in speed. CABOB cur(ently
pruning and less search in the subtree rooted at that node. {ackles components in the order that they are found in the

Any lower bounding technique could be used here. We us FS. We plan to study more elaborate component ordering in
the following rounding technique. In step (3), CABOB solves 'Uture research.
the remaining LP anyway, which gives an “acceptance level'Forcing a decomposition via articulation bids

z; € [0,1] for every remaining bidB;. We insert all bids In addition to checking whether a decomposition has oc-
with z; > 0.5 into the lower bound solution. We then try t0 ¢rred, CABOB strives for a decomposition. In the bid choice
insert the rest of the bids in decreasing ordezafskipping iy step (10), it picks a bid that leads to a decomposition, if
_blds that share items V\_/lth bids alre_ady in the lower bound. Ig;,ch a bid exists. Such bids whose deletion disconr@cts
is easy to prove that this method gives a lower bound. are calledarticulation bids Articulation bids are identified
While rounding techniques are known to provide reasonjp, O(|E| + |V|) time by a slightly modified DFS i, as
ably good lower bounds on average, in the future we are p|arbroposed ifSandholm and Suri, 2000
ning to try other I_ower bounding techmques_v_vnhm CABOB ' The scheme of always branching on an articulation bid,
such as stochastic local seafétoos and Boutilier, 2000 if one exists, is often at odds with price-based bid ordering

Exploiting decomposition schemes, discussed later. As provedSandholm and Suri,
In step (2), CABOB runs af(|E| + |V'|) time depth-first- 200d, no scheme from the articulation-based family domi-

search (DFS) in the bid graggh. Each tree in the depth-first Nates any scheme from the price-based family, or vice versa,
forest is a connected component®f Winner determination in general. However, our experiments showed that in practice

is then conducted in each component independently. Sindb@lmostalways pays off to branch on articulation bids if they
search time is superlinear in the size®f this decomposi- exist (because decomposition reduces search drastically).

tion leads to a time savings. The winners are determined by EVen if a bid is not an articulation bid, and would not lead
calling CABOB on each component separately. As the experl® & decomposition if the bid is assigned losing, it might lead

iments show, this can lead to a drastic speedup. to a decomposition if it is assigned winning because that re-
’ _ moves the bid’s neighbors fro@4 as well. This is yet another
Upper and lower bounding across components reason to assign a bid that we branch on to be winning before

In addition to regular upper and lower bounding, somewhagssigning it to be losing (value ordering). Also, in bid or-
unintuitively, we can achieve further pruning, without com- dering (variable ordering), one could give first preference to
promising optimality, by exploiting information across the in- articulation bids, second preference to bids that articulate on
dependent components. When starting to solve a componenie winning branch only, and third preference to bids that do
CABOB checks how much that component would have tonot articulate on either branch (among them, price-based bid
contribute to revenue in the context of what is already knowrordering could be used). One could also try to iderddysof
about bids on the search path sodad the neighboring com-  bids that articulate the bid graph, and branch on all of the bids
ponents Specifically, when determining thef I N value for  inthe set. However, to keep the computation linear time in the
calling CABOB on a component, the revenue that the currensize of G, CABOB simply gives first priority to articulation
call to CABOB has to produce (the currebfI N value), is  bids, and if there are none, uses other bid ordering schemes,
decremented by the revenues from solved neighbor compaliscussed later. If there are several articulation bids, CABOB



branches on the one that is found first (the others willbe found  we showed experimentally that the following modifica-
at subsequent levels of the search). One could also use amore tion to the normalization leads to faster performance:
elaborate scheme for choosing among articulation bids. Pifziesj yi

) w; = —————. We call this scheme NSS.
The COMPLETE special case 0g(D e, ¥9)
In step (1), CABOB checks whether the bid gra@his ¢ Bid Graph Neighbors (BGN)Branch on a bid with the
complete:|E| = |22=1 . |f so, only one of the remaining largest number of neighbors in the bid graph The
bids can be accepted. CABOB thus picks the bid with highest ~ motivation is that this will allow CABOB to exclude the

price, updateg™ if appropriate, and prunes the search path. largest number of still eligible bids from consideration.
The NO_EDGES special case e Number of Items (NI)Branch on a bid with the largest

_ number of items. The motivation is the same as in BGN.
In step (1), CABOB checks whether the bid gra@thas e One Bids (OB):Branch on a bid whose;-value from

any edges|E| > 0). If not, it accepts all of the remaining LP is closest to 1. The idea is that the more of the bid is
bids, updateg™ if appropriate, and prunes the search path. accepted in the LP, the more likely it is to be competitive.
Preprocessing ¢ Fractional Bids (FB):Branch on a bid withx; closest to

Several preprocessing techniques have been proposed for 0-5- This strategy is advocated in the operations research
search-based winner determination algorithf8andholm, literature[Wolsey, 1998 The ideais that the LP is least
1994, and any of them could be used in conjunction with sure ab_out these bids, SO it makes sense to re_solve that
CABOB. However, in CABOB the search itself is fast, sowe ~ Uncertainty rather than to invest branching on bids about
did not want to spend significant time preprocessing (since  Which the LP is “more certain”. More often than not,
that could dwarf the search time). The only preprocessingthat ~ the bids whoser; values are close to 0 or 1 tend to get

CABOB does is that as a bifl, arrives, CABOB discards ev- closer to those extreme values as search proceeds down
ery bid B, that B, dominatesy, > p, andS, C S,), and a path, and in the_end, LP will give an integer solution.
discards bidB, if it is dominated by any earlier bid. Therefore those bids never end up being branched on.

4.1 Choosing Bid Ordering Heuristics Dynamically

4 Bid Ordering Heuristics ) o ,
We ran experiments on several distributions (discussed

In step (10) of CABOB, there are potentially a large num- ey ysing each one of the heuristics as the primary heuristic,
ber of bids on which CABOB could branch on. We developed,hile using each of the other heuristics as a tie-breaker. We

severabid ordering heuristicsor making this choice. also tried using a third heuristic to break remaining ties, but
¢ Normalized Bid Price (NBP){Sandholm and Suri, that never helped. The best composite heuristic (OB+NSS)

200d. Branch on a bid with the highest; = (‘Spjﬁ used OB first, and broke ties using NSS.
It was conjecturedSandholm and Suri, 209@hat « We noticed that on certain distributions, OB+NSS was best

slightly less than 0.5 would be best (sinae = 0.5 while on distributions where the bids included a large num-
gives the best worst-case bound within a greedy algober of items, NSS alone was best. The selective superiority of

rithm [Lehmanret al,, 1999), but we determined exper- the heuristics led us to the idea of choosing the bid ordering
imentally thato € [0.8, 1] yields fastest performance.  heuristicdynamically based on the characteristics of the re-

- ; maining subproblemWe determined that the distinguishing
¢ “g@g'fﬁ;{ ﬁﬁ?ggg eS:CrE lﬁzr;Ngssggug@b\lgmxrg I,[characteristic between the distributions was LP density:

could be modified to weight different items differently _ number of nonzero coefficients in LP
based on static prices that, e.g., the seller guesses beforedensity=
the auction. We propose a more sophisticated method
where the items are weighted by their “valu@sthere-  OB+NSS was best when density was less than 0.25 and NSS
maining subproblemWe use the shadow prigg from  was best otherwise. Intuitively, when the LP table is sparse,
the remaining DUAL problem as a proxy for the worth LP is good at “guessing” which bids to accept. When the table
of an item. We then branch on the bid whose price givess dense, the LP makes poor guesses (most bids are accepted
the highest surplus above the worth of the items (nor+o a small extent). In those cases the price-based scheme NSS
malized by the worths so the surplus has to be greater ifthat still uses the shadow prices from the LP) was better.
Pi™2 sies; Vi Next So, at every se_arch no_de in CABOB, the density is com-
Qs v puted, and the bid ordering scheme is chosen dynamically
! (OB+NSS if density is less than 0.25, NSS otherwise).

4This corresponds to variable ordering. Choosing between the IN-branch - As a fundamentally different bid ordering methodology, we
(z; = 1) and the OUT-branchi; = 0) first corresponds to value ordering. observe that stochastic local search—or any other approxi-
In the C_L”;ﬁ”: Verfior; of CIAEOBv "(‘;eb?"c;""aysl“y the 't’\"?ra(‘j”‘:h fgSt- IuTtir;)enmate algorithm for the problem—could be used to come up
reason Is that we O Incluae goo IdS early SO as to Tin 00d SO - . .
early. This enablesrymore pruningg through upp)(;r bounding. Itgalso improve%Ith a gOOd solution fast, and then that solution CQUId be
the anytime performance. CPLEX, on the other hand, uses value ordering i@rced to be th_e left branch (IN-branch) of CAB_OB (with the
well in that it sometimes tries the OUT-branch first. In future research we MOSt sure” bids nearest the root) so as to give CABOB a
plan to experiment with that option in CABOB as well. more global form of guidance in bid ordering.

number of LP rows< number of LP columns

the bid uses valuable items); =



5 Design Philosophy of CABOB vs. CPLEX We also tested the algorithms on the following new bench-

We benchmarked CABOB against a general-purpose inark distributions: _ .
teger programming package, CPLEX 7.0. It was recently ¢ Bounded: For each bid, draw the number of items ran-

shown[Anderssoret al., 2004 that CPLEX 6.5 is faster (or domly between a lower bound and an upper bound. Ran-
comparable) in determining winners in combinatorial auc- ~ domly include that many distinct items in the bid. Pick
tions than are the first-generation special-purpose search al- the price between 0 and the number of items in the bid.
gorithms[Sandholm, 1999; Fujishimet al, 1999. CPLEX e Components:A number of independent problems, each

7.0 is about 1.6 times faster than CPLEX 6.5, so when we from the uniform distribution.

compare CABOB against CPLEX 7.0, to our knowledge, we e generate bids so no two bids have the same set of items.
are comparing it against the state-of-the-art. The experiments were conducted on a 933 MHz Pentium I
There are some fundamental differences between CABOBC with 512MB RAM. Each point in each plot is the median
and CPLEX that we want to explain to put the experimentsyn time for 100 instances. CABOB and CPLEX both use
in context. CPLEX uses best-bound search (AWolsey,  the default LP solver that comes with CPLEX (dual simplex).

1999 which requires exponential space (it also has an optiotABOB and CPLEX were tested on the same instances.
to force depth-first search, but that makes CPLEX somewhat

slower), while CABOB uses depth-first branch-and-bound’/ Experimental Results

(DFBNB) which runs in linear space. Thus, on some hard On the random distribution (Fig 1 left), CABOB is faster
problems, CPLEX ran out of virtual memory. In our experi- than CPLEX and the difference grows with the number of
ments we only show cases where CPLEX was able to run ipids. The preprocessor of CABOB eliminates a large number
RAM. DFBnB puts CABOB at a disadvantage when it comesof bids. CABOB always resorted to search while CPLEX’s
to reaching the optimal solution fast since it does not allowpresolve+LP solved the problem without search on 47% of
CABOB to explore the most promising leaves of the searchhe instances. On the weighted random distribution (Fig 1
tree first. At the same time, we believe that the memory is-
sue make A* unusable for combinatorial auctions in practice. '
Like CABOB, CPLEX uses LP to obtain upper bounds. 6
CPLEX uses a “presolver” to manipulate the LP table al- ,

45

Sandholm random (#bids/#items = 10) 4| Sandholm weighted random (#bids/items = 10)
g 35
3
25
2
15
1

Time (s)

gebraically[Wolsey, 1998to reduce it before search. In the

experiments, we ran CABOB without any presolving. Natu-

rally, that could be added to CABOB as a preprocessing step. 05—
Put together, everything else being equal, CPLEX should ==, w0 2 O~

find an optimal solution and prove optimality faster than DF-£igyre 1: Run times on theandom and weighted random
BnB, but one would expect the anytime behavior to be worseg;stributions.

6 Experimental Setup right), the performance of CABOB and CPLEX is almost

. identical. However, they achieve this very differently. With
oo i v desimions ondio 2000 bids, CPLEX' preolveL P soues th proble 35%
holm, 1999, and the CATS distributionELe.yton-Brownet of the time while CABOB resorts to sc_earch_88% of thetlr_ne.
al 260(1] Ir; addition, we tested them on new distributions Interestingly, on the decay distribution (Fig. 2 left)—which
! S ' ) " is perhaps the most realistic distribution of thosd ®&nd-
The distributions froniSandholm, 199eare: holm, 1999, and was reported to be difficult for the earlier
e Random: For each bid, pick the number of items ran- winner determination algorithms—both algorithms solve the
domly from 1,2,...,m. Randomly choose that many problem using LP in almost all cases. CPLEX goes to search

items without replacement. Pick a price frémn1]. 2% of the time while CABOB resorts to search only 1% of the
e Weighted random: As above, but pick the price be- time. CABOB is faster than CPLEX, mainly because CPLEX
tween 0 and the number of items in the bid. uses presolve while CABOB does not.

« Uniform: Draw the same number of randomly chosen On the uniform distribution (Fig. 2 right), both algorithms
items for each bid. Pick the prices frdn 1]. resort to search. 'I_'he speeds. are gomparable, put _CPLEX
) ; ) is faster. For the first-generation winner determination al-
» Decay: Give the bid one random item. Then repeatedlyyorithms[Sandholm, 1999; Fujishimet al, 1999, the in-
add a new random item with probabiliyuntil anitem  gtances with small numbers of items per bid were much
is not added or the bid includes ail items. Pick the  parder than instances with long bids. For both CABOB and
price between 0 and the number of items in the bid. IncpLEX, complexity is almost invariant to the number of
the tests we used = 0.75 since the graphs ifSand-  jiems per bid, except that complexityops significantly as
holm, 1999 show that this setting leads to the hardesthe hids include less than 5 items each! This is because LP
instances on average (at least for that algorithm). can handle cases with short bids well, both in terms of upper
We tested the algorithms on all of the CATS distributions:bounding and finding integer solutions. (If each bid contains
paths, regions matching, scheduling andarbitrary . For  only oneitem, LPalwaysfinds an integer solution).
each one of them, we used the default parameters in the CATS The components distribution demonstrates the power of
instance generators, and varied the number of bids. CABOB's decomposition technique and pruning across com-
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Sandholm decay (#bidsf#items = 10, a = 0.75) Uniform: 450 bids, 45 items

7.1 Anytime Performance

As expected from their designs, CABOB has better any-
time performance than CPLEX. Fig. 6 shows a run that is typ-

Time (5)

015 cPLEX .~

o1 ical in the sense of anytime performance, but which was care-

s off - fully selected so that CABOB and CPLEX take equal time to
/’/ tems er b prove that an optimal solution has been reached. CABOB
1000 2000 Bids 3000 w03 s e T oe e 0 dominates CPLEX throughout, and finds the optimal solution

Figure 2:Run times on thdecayanduniform distributions.  in 40% of the time it takes CPLEX to find it.

ponents. CABOB'’s run-time increases linearly with the
number of components while CPLEX’s time is exponential
(Fig. 3). Already at 5 components, CPLEX ran out of virtual
memory. The same performance would be observed even if
there were a “glue” bid that included items from each compo-
nent, since CABOB would identify that bid as an articulation
bid.
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8 Random Restarts

o . o Random restarts have been widely used in local search al-
On the bounded distribution (Fig. 4)—which is a more re-gorithms, but recently they have been shown to speed up tree
alistic version of the uniform distribution—the relative per- gegrch algorithms as wdlGomeset al, 1994. We conjec-
formance of CABOB and CPLEX depended on the boundsyred that random restarts, combined with randomized bid or-
For short bids, CPLEX was somewhat faster, butréative  dering, could avoid the perils of unlucky bid ordering. To see
speed difference decreased with the number of bids. For longhether we could improve CABOB using random restarts,
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dramatically with the number of bids. on the special properties of the problem.
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of bids). As Fig. 5 shows, CABOB was faster than CPLEX \ye implemented the following bid ordering techniques to
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Figure 5:Run times on CAT®athsand matching. the highest:; value is equally probable.
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