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Abstract— We study how to impr ove sequential single-item
auctions that assigntargets to robots for exploration tasks such
as envir onmental clean-up, space-exploration, and search and
rescuemissions.We exploit the insight that the resulting travel
distances are small if the bidding and winner-determination
rules are designed to result in hillclimbing, namely to assign
an additional target to a robot in each round of the sequential
single-item auction so that the team cost increasesthe least.
We study the impact of increasingthe lookaheadof hillclimbing
and using roll-outs to impr ove the evaluation of partial target
assignments.We describe the bidding and winner-determination
rules of the resulting sequentialsingle-itemauctionsand evaluate
them experimentally, with surprising results: Lar ger lookaheads
do not impr ove sequentialsingle-itemauctionsreliably while only
a small number of roll-outs in early roundsalreadyimpr ove them
substantially.

I . INTRODUCTION

We studyexploration taskswherea teamof mobile robots
hasto visit a numberof given targets.Examplesincludeenvi-
ronmentalclean-up,space-exploration,andsearchandrescue
missions.How to assigntargetsto robotsis adif�cult problem.
Centralizedcontrol is inef�cient in termsof both the required
amountof computationand communicationsincethe central
controller is the bottleneckof the system.Market-basedap-
proachesaredecentralizedandappearto performwell in many
situations.Auctions,in particular, canbe ef�cient in termsof
both the requiredamountof computationandcommunication
sinceinformation is compressedinto numericalbids that the
robots can compute in parallel [1]. Consequently, several
researchgroups are now investigating how to use auctions
to coordinateteamsof robots[2], [3]. Recenttheoreticaland
experimentalresultsshow that sequentialsingle-itemauctions
(short: SSI auctions)are fast, yet result in small team costs
[4]. For example, SSI auctionscan provide constant-factor
performanceguaranteesfor the sumof the travel distancesof
the robotseven if they useapproximationsthat allow themto
run in polynomialtime[5]. In contrast,completecombinatorial
auctions,wherethe robotsbid on all possiblesetsof targets
in a single round, have prohibitively large computationand
communicationburdenbut resultin optimaltargetassignments
[6]. In this paper, we study how to improve SSI auctionsby
increasingtheir similarity to combinatorialauctionswithout
greatly increasing their communicationand computational
burden.Thetwo kindsof auctionsdiffer in somesalientways.
Combinatorialauctionsrequire each robot to bid on many

overlappingbundlesof items,whereasSSIauctionsmake them
bid only on single items and therebyeliminateoverlaps.We
decreasethis differenceby increasingthe maximum bundle
size of SSI auctions to two or three items and permitting
overlaps. We prove that this can be done without greatly
increasingthecommunicationandcomputationalburden.Sur-
prisingly, our experimentalresultsshow that this ideadoesnot
improve SSI auctionsreliably. We thereforeconsideranother
salient difference.Combinatorialauctionsevaluatecomplete
targetassignments,whereasSSIauctionsevaluatepartialtarget
assignments.We decreasethis difference by making SSI
auctionsgreedily completethe partial target assignmentsand
then evaluate the resulting complete target assignments,a
conceptthat we call rollout. Our experimentalresultsshow
that this ideaimprovesSSI auctionssubstantiallyeven if they
performonly a smallnumberof rolloutsin earlyrounds.Thus,
it appearsto bemoreimportantto considercompletesolutions
a few times than to repeatedlypack perfectly a few solution
piecesat a time - an importantinsight for improving auctions
that assigntargetsto robots.

I I . SEQUENTIAL SINGLE-ITEM AUCTIONS

Sequential Single-Item Auctions: During eachround of
a sequentialsingle-itemauction(SSI auction),all robotsare
eligible to bid on all unassignedtargets.The robot that places
the overall lowest cost bid on any target is assignedthat
particular target. (Ties can be broken arbitrarily.) A new
round of bidding starts, and all robots may bid again on
all unassignedtargets,and so on until all targets have been
assignedto robots.Eachrobotthencalculatestheshortestpath
for visiting all targetsassignedto it from its currentlocation
and then moves along that path. (A robot doesnot move if
no targetsareassignedto it.) To simplify notation,we assume
that all targetsare initially unassigned,but the auctiondesign
can be applied if sometargets are pre-assigned.Indeed,the
kth roundcould be thoughtof asthe �rst roundof an auction
in which k � 1 targetswerepreassigned.

In eachround, it suf�ces that eachrobot submitsone bid
(its lowestcostbid) sinceonly onebid is acceptedper round.
Therefore,the communicationand winner-determinationbur-
denof all roundsof anSSIauctioncombinedis muchsmaller
than that of a combinatorialauction,even a severely limited
combinatorialauctionthat restrictsbundlesizes.However, the
lesserburdenapparentlyentailsa lossin ability to considerthe



wholeratherthantheparts,thatis, theteamperformancerather
than the individual robot performances.Fortunately, this loss
canbe offset in large part by incorporatingthe teamobjective
into the bid calculations.

Team Objectives: We introducetwo standardteamobjec-
tives, which serve as both examplesand computationaltest
cases.Denote the set of robots as R = f r 1; : : : ; r n g and
the set of targets as T = f t1; : : : ; tm g. SSI auctionsassign
a set of targetsTi to robot r i for all r i 2 R, where the set
f T1; : : : ; Tn g forms a partition of all targets.For any robot r
and any set of targets T 0, let D (r; T0) denotethe minimum
travel distancethat robot r needsto visit all targets in T 0

from its current location. The MiniSum teamobjective is to
minimize tc(T1; : : : ; Tn ) :=

P
i D(r i ; Ti ), that is, the sumof

the minimum travel distancesof the robots (corresponding,
for example,roughly to their total energy consumption).The
MiniMax team objective is to minimize tc(T1; : : : ; Tn ) :=
maxi D(r i ; Ti ), that is, the largest minimum travel distance
of any robot (correspondingroughly to the task-completion
time).

Bidding and Winner Determination: The bidding and
winner-determinationrulesdependon the teamobjective. The
winner-determinationrule determineswhich bid shouldwin.
The bidding rule determineshow much a robot should bid
on an unassignedtarget (we drop the “unassigned”in the
following to improve the readability of the text) during any
round of the SSI auction. It has beenshown that the team
cost (= value of the team objective) is small if the SSI
auction resultsin hillclimbing, namely assignsan additional
target to a robot in each round of the SSI auction so that
the team cost increasesthe least [4]. Consider any round
of the SSI auction, and assumethat each robot r i 2 R
has alreadybeenassignedthe set of targets Ti in previous
rounds.Then, the team cost is currently tc(T1; : : : ; Tn ). If
robot r i is now assignedtarget t with t 62T1 [ : : : [ Tn ,
then the team cost becomestc(T1; : : : ; Ti [ f tg; : : : ; Tn ).
The idea is to assignthat target t to that robot r i so that
tc(T1; : : : ; Ti [ f tg; : : : ; Tn ) � tc(T1; : : : ; Tn ) is smallest.[4]
showed that this can be achieved by each robot r i 2 R
calculatingthe following bid cost on eachtarget t 2 T with
t 62Ti , which robot r i can calculatewithout having to know
wherethe otherrobotsareor which targetshave alreadybeen
assignedto them:

� D(r i ; Ti [ f tg)� D (r i ; Ti ) (= theincreasein theminimum
travel distanceneededby robot r i to visit all targets
assignedto it if target t were assignedto it as well) for
theMiniSum teamobjective, which is similar to previous
work on marginal-costbidding in ContractNet[7], and

� D(r i ; Ti [ f tg) (= the minimum travel distanceneeded
by robot r i to visit all targetsassignedto it in casetarget
t were assignedto it as well) for the MiniMax team
objective.

Robot r i needsto calculateD(r i ; Ti [ f tg) for both team
objectives,which is NP-hardsincethe robot needsto solve a
versionof a traveling salesmanproblem(TSP).The robot can
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Fig. 1. StandardHillclimbing (with LookaheadOneandwithout Rollouts)
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usepolynomial-timeTSP heuristicsto calculatethe minimal
travel distance(such as the three-optor cheapest-insertion
heuristics).We use such approximationsin the experiments
as describedin [4] but assumein the theoreticalpart of this
paperthat theminimal travel distancesarenot approximated.

Figure 1 shows the searchperformedin the �rst round by
the hillclimbing performedby SSI auctions.(We refer to this
versionof hillclimbing asstandardhillclimbing throughoutthe
paper.) The top of the �gure shows the searchfor an abstract
example,while the bottom shows the searchfor the example
from Figure2 in the context of the MiniSum teamobjective.
The robotsand targetsare locatedon the real line. (Epsilon
is a small positive tie-breakingconstant.)The searchstarts
with the currentpartial target assignment(initially the empty
one).All possibletarget assignmentsresultingfrom assigning
one additional target to a robot are generatedand evaluated
accordingto their teamcost.Then, the onewith the smallest
teamcost is chosenand the procedurerepeats.Eachoval in
the �gure representsa (partialor complete)targetassignment.
The resultantteamcost is adjacentto the upperleft perimeter
of eachoval. The box indicateswhich target assignmentsare
compared.Arrows indicatethe teamcostderivations.A thick
line indicatestheassignmentof anadditionaltarget to a robot
madeby standardhillclimbing. Finally, thedashedoval shows
the target assignmentfrom which the searchstartsin the next
round.

A. ExperimentalEvaluation

Standardhillclimbing was evaluated in [4] for different
numbersof robotsand targets in eight-neighborplanargrids
of size51� 51 that resembleof�ce environments,asshown in
Figure 4. The table in Figure 7 reportsthe teamcost for the
MiniMax teamobjective, andthe tablein Figure8 reportsthe
teamcostfor theMiniSum teamobjective. The teamcostsfor
the samenumberof robotsand targetsare averagedover the
sameten randomly generatedinitial robot and (unclustered)
target locations.Both tables also report the averageof the
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runtimesover all ten situations,measuredin seconds.1 The
casewith two robots and ten targets is suf�ciently small to
be solved optimally with mixed-integer programming.The
minimal teamcostfor the MiniMax teamobjective is 109.34,
andthe minimal teamcostfor the MiniSum teamobjective is
189.15[4].

I I I . IMPROVEMENT: LARGER LOOKAHEAD

A simple idea for improving SSI auctionsis to continue
to perform hillclimbing but changethe lookaheadfrom the
assignmentof oneadditionaltargetto arobotto theassignment
of k � 2 additionaltargetsto robots(eitherthe samerobot or
different robots)so that the teamcost increasesthe least.To
be careful, we assignonly one of the k targets to its robot,
namely the target that increasesthe team cost the least. In
the next round,anothertarget is assignedto a robot, until all
targetshave beenassignedto robots.

Consideragain the example from Figure 2 in the context
of the MiniSum team objective. Figure 5 shows the search
performedin the �rst round by hillclimbing with lookahead
two. All possibletarget assignmentsresultingfrom assigning
two additionaltargetsto robotsaregenerated.Eachassignment
of oneadditionaltarget to a robot is thenevaluatedaccording
to the smallestteamcostof all assignmentsof two additional
targets to robots that include it as the �rst step (lookahead-
two teamcost).Then,theonewith thesmallestlookahead-two
teamcost is chosen(using the teamcost of the partial target
assignmentto breakties) and the procedurerepeats.

We expect that hillclimbing with larger lookaheads,being
lessmyopic,would result in smallerteamcoststhanstandard
hillclimbing. Consider, for instance,the examplefrom Figure
2 for both the MiniSum and MiniMax teamobjectives.Hill-
climbing with lookaheadoneproceedsasfollows. Robotr 1 is

1The runtime of hillclimbing for the samenumberof targetsdecreasesas
the numberof robotsincreasesbecauseeachrobot then tendsto visit fewer
targets.The bidding subproblemsare smallerand can be solved much more
quickly.
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Fig. 5. Hillclimbing with LookaheadTwo

assignedtarget t2 in the �rst round(asshown in Figure1 for
theMiniSumteamobjective)andtargett1 in thesecondround.
Then, robot r 1 minimizes its travel distanceby �rst visiting
target t2 and then target t1 (we write this as r 1 ! t2 ! t1)
and robot r 2 doesnot move. The resulting teamcost of the
MiniSum andMiniMax teamobjectivesis 3� � . Hillclimbing
with lookaheadtwo, on the other hand,considersall targets
right away andthus�nds anoptimal targetassignment.Robot
r 2 is assignedtarget t2 in the �rst round(asshown in Figure
5 for the MiniSum teamobjective) and robot r 1 is assigned
target t1 in the secondround. Then, r 1 ! t1 and r 2 ! t2.
Theresultingteamcostof theMiniSum teamobjective is 2+ �
andthe teamcostof the MiniMax teamobjective is 1 + � , in
accordwith our expectation.

However, hillclimbing with larger lookaheadsmay result
in larger team costs than standardhillclimbing. Consider,
for instance,the example from Figure 3. Hillclimbing with
lookaheadone results in r 1 ! t1 and r 2 ! t3 ! t2.
The resulting team cost of the MiniSum team objective is
2 + 1� , and the team cost of the MiniMax team objective
is 1 + 2� . Hillclimbing with lookaheadtwo, on the other
hand,resultsin r 1 ! t1 ! t2 ! t3 for the MiniSum team
objective, with a teamcost of 3 � � , and r 1 ! t1 ! t2 and
r 2 ! t3 for the MiniMax teamobjective, with a teamcostof
3 � 2� , supportingour claim. Furthermore,this examplecan
be extendedto hillclimbing with even larger lookaheads.If
we placem additional targetsbetweentargetst2 and t3 (for
a total of m + 3 targets) then hillclimbing with lookaheadx
�nds the optimal target assignmentfor x = 1 andx = n + 3
but �nds suboptimaltarget assignmentsfor 1 < x < n + 3
for both the MiniSum and MiniMax team objectives. An
intuitive explanationfor this perhapscounter-intuitive result
in the context of this exampleis that target assignmentsthat
result in bene�ts within the lookaheadbut also costsbeyond
the lookaheadare misjudgedto be better than they actually
are.

A. ImplementationAspects

Hillclimbing with larger lookaheadscan still be imple-
mentedwith SSI auctionsalthoughthe bidding and winner-
determination rules become more complex. In particular,
robots can now bid on sets of targets. The bid costs are



calculatedin a way similar to before.The bid costof a robot
for a given setof targetsis the increasein its minimum travel
distance(for the MiniSum teamobjective) and the minimum
travel distanceitself (for the MiniMax teamobjective) that is
neededto visit all targetsassignedto it in casethe given set
of targets were assignedto it as well. We employ a uni�ed
notationfor the evaluationof a combinationB of bids b. Let
vB := f vb : b 2 B g denotethe set of bid costs.ThenC(vB )
denotesthe evaluation of the effect on the team objective.
For the MiniSum teamobjective, C(vB ) =

P
b2 B vb. For the

MiniMax teamobjective, C(vB ) = maxb2 B vb. Both the sum
andthemaxfunctionsareobviously monotonicnondecreasing
andneutral,thatis, independentof theorderingof theelements
of B . Thesetwo properties,monotonicityandneutrality, will
permit a numberof bids per robot that is O(1) anda winner-
determinationrule whoseruntime is O(jRj), for eachround
of an SSI auction that implementshillclimbing with a �x ed
lookaheadk.

It is easyto seethat thenumberof bidssubmittedper robot
only needsto bepolynomialin thenumberof targetsfor each
round.Let T bethesetof targetsin thecurrentround.Consider
the following bids by a robot: For every set S � T with
jSj � k, the robot bids on a set with the lowest bid cost
amongall setsS0 � T with S \ S0 = ; and jSj + jS0j = k.
Thesebids suf�ce to implementhillclimbing with lookahead
k sincehillclimbing with lookaheadk assignsall otherrobots
the targets in one of the setsS consideredby the robot and
by monotonicity it is then optimal to assignthe robot the
targets in the correspondingset S0 that the robot bid on. In
fact, the numberof bids submittedper robot can be shown
to dependonly on the lookaheadk, regardlessof the number
of targets.Here we show that the numberof bids per robot
during any roundof the SSI auctionis threefor hillclimbing
with lookaheadtwo andthusdoesnot dependon the number
of robots or targets. We also show that the runtime of the
winner-determinationrule is linear in the numberof robots
andindependentof thenumberof targetsfor hillclimbing with
lookaheadtwo.

For hillclimbing with lookaheadtwo, robotsbid on single
targets and pairs of targets. Each robot submits three bids
duringeachroundof theSSIauction.It bidson a singletarget
with the lowestbid costof any single target (Bid a), a single
target with the lowestbid costof any single target except for
thetargetof Bid a (Bid b), anda pair of targetswith thelowest
bid cost of any pair of targets (Bid c). We useB to denote
the set of bids submittedby all robots.We write bids b as
b = (r; T0; v), meaningthatrobotr submittedbid costv on the
setof targetsT 0. We claim that theabove threebidssubmitted
per robot suf�ce to implementhillclimbing with lookahead
two. Thereare two mutually exhaustive cases:

� Case1: Thereis an optimal assignmentthat assignstwo
targetsto thesamerobot. In this case,thereis anoptimal
assignmentthat assignsthat robot the targetsof its Bid
c.

� Case2: Thereis an optimal assignmentthat assignsone
targeteachto two robots.Subcase2.1: If thosetwo robots

differ in the targetof their Bid a, thenthereis anoptimal
assignmentthatassignseachof themthe targetof its Bid
a.Subcase2.2:Otherwise,thereis anoptimalassignment
thatassignsonerobot thetargetof its Bid a andtheother
one the target of its Bid b.

Bothcasesmakeuseof monotonicity. Case2 alsomakesuse
of neutrality. Our claim easilyleadsto a winner-determination
rule, whosepseudocodeis given below. To begin, selectthe
best, that is, the lowest cost, Bid c from amongall robots.
This is the Case1 alternative (step10). Next, selectthe best
two Bid a's from amongthe robots(steps1–2).Therearetwo
subcases.Subcase2.1: If the targets of the two Bid a's are
distinct, those two bids are the Case2 alternative. Subcase
2.2: Otherwise(steps4–9), let the target in questionbe t and
the two robotsbe r 1 andr 2. It is easyto seethat the winning
target assignmentassignstarget t to either robot r 1 or r 2.
Thus, constructtwo candidatetarget assignmentsas follows.
Target assignment2.2.1: Target t is assignedto robot r 1 and
the other target assignmentis the bestBid a or Bid b that is
for a target other than t, from any robot other than r 1 (step
7). Target assignment2.2.2: Target t is assignedto robot r 2,
and the other target assignmentis the best Bid a or Bid b
that is for a target other than t, from any robot other thanr 2

(step9). The Case2 alternative is the betteroneof the target
assignments2.2.1and2.2.2(steps6–9). Finally, selectas the
winning target assignmentthe better one of the Case1 and
the Case2 alternatives (steps11–14).

1) (r 1 ; f t1g; v1 ) := arg min ( r ; f t g;v ) 2 B v.
2) (r 2 ; f t2g; v2 ) := arg min ( r ; f t g;v ) 2 B :r 6= r 1

v.
3) If t1 = t2 then
4) (r 3 ; f t3g; v3 ) := arg min ( r ; f t g;v ) 2 B :r 6= r 1 ;t 6= t 1

v.
5) (r 4 ; f t4g; v4 ) := arg min ( r ; f t g;v ) 2 B :r 6= r 2 ;t 6= t 1

v.
6) if C(f v1 ; v3g) � C(f v2 ; v4g) then
7) r 2 := r 3 . t2 := t3 . v2 := v3 .
8) else
9) r 1 := r 4 . t1 := t4 . v1 := v4 .

10) (r 5 ; f t5 ; t6g; v5 ) := arg min ( r ; f t;t 0g;v ) 2 B v.
11) if C(f v5g) � C(f v1 ; v2g) then
12) Case1: considerthe assignmentof t5 andt6 to r 5 .
13) else
14) Case2: considerthe assignmentof t1 to r 1 andof t2 to r 2 .

The winner-determinationrule assignsonly oneof the two
selectedtargets to its robot, namely the target that increases
the team cost the least. The winner-determinationrule can
easily determinethis target from the bids. For example, in
Case2 in the pseudocode, if v1 < v2, then the winner-
determinationrule assignstarget t1 to robot r 1, otherwiseit
assignstarget t2 to robot r 2. For ef�ciency in selectingone
targetin Case1, weadoptthefollowing convention:Thetarget
pair is orderedin increasingorder of bid costson individual
targets. For example, if (r; t; v) and (r; t0; v0) are bids with
v < v0, then the target set that consistsof targetst and t0 is
written as f t; t0g rather than f t0; tg.2 This convention allows
the winner-determinationrule to assigntarget t5 to robot r 5

2Consider, for instance,the example from Figure 3 for the MiniSum
team objective. Then, B = f (r 1 ; t1 ; 1 � � ); (r 1 ; t2 ; 1); (r 1 ; f t2 ; t3g; 1 +
� ); (r 2 ; t3 ; 1 + � ); (r 2 ; t2 ; 1 + 2� ); (r 2 ; f t3 ; t2g; 1 + 2� )g.
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Fig. 6. Hillclimbing with Rollouts

in Case1 andthuseliminatestheneedfor anadditionalround
of communicationwith robot r 5.

To summarize,eachrobot can determineits threebids by
enumeratingandevaluatingall O(jT j2) subsetsof oneor two
targets at worst. Thus, the amount of computationof each
robot per round is not too large. The numberof submitted
bidsandthustheoverall amountof communicationaswell as
theamountof computationto determinethewinning robotsis
even smaller.

B. ExperimentalEvaluation

The tablesin Figures7 and 8 show that hillclimbing with
lookaheadstwo and threedoesnot reducethe teamcost reli-
ably comparedto standardhillclimbing. Also, the reductions
in teamcost that do occurareonly marginal even thoughthe
runtimesfor hillclimbing with lookaheadthreearesubstantial,
with bid generationresponsiblefor most of the runtime.We
thereforeinvestigate a different techniquefor improving SSI
auctionsin the following section.

IV. IMPROVEMENT: ROLLOUTS

One problem of standardhillclimbing is that the team
costs for partial target assignmentsdo not predict the team
costs for the completetarget assignmentswell. A different
idea for improving SSI auctionsthereforeis to continue to
perform hillclimbing with lookaheadone, as done by stan-
dard hillclimbing, but to evaluatethe resulting partial target
assignmentsby �rst using standardhillclimbing to complete
them and then using the team costsfor the completetarget
assignmentsto evaluate the partial ones, rather than using
the teamcostsfor the partial target assignmentsdirectly. We
refer to the completionof the target assignmentsas rollouts,
which is standardterminology in reinforcementlearning for
evaluating whole trajectoriesaccordingto their true rewards
ratherthanestimatesof their true rewardsafter the �rst move
[8].

Consideragain the example from Figure 2 in the context
of the MiniSum team objective. Figure 6 shows the search
performedin the�rst roundby hillclimbing with rollouts.Each
assignmentof one additional target to a robot is evaluated

accordingto the teamcostof the completetarget assignment
that resultswhen �rst assigningthe target to the robot and
then performingstandardhillclimbing to completethe target
assignment(rollout teamcost).Then,theonewith thesmallest
rollout teamcost is chosenandthe procedurerepeats.

Weexpectthathillclimbing with rollouts,beinglessmyopic,
would result in smallerteamcoststhanstandardhillclimbing.
Consider, for instance,theexamplefrom Figure2 for both the
MiniSum andMiniMax teamobjectives.Sincethereareonly
two targets,hillclimbing with rollouts and hillclimbing with
lookaheadtwo behave identically, andwe have alreadyshown
that hillclimbing with lookaheadtwo resultsin smaller team
coststhanstandardhillclimbing. Similarly, consideragain the
example from Figure 3. Hillclimbing with rollouts resultsin
r 1 ! t1 and r 2 ! t3 ! t2. The resulting team costs of
the MiniSum team objective is 2 + 1� and the team costs
of the MiniMax team objective is 1 + 2� , and hillclimbing
with rollouts avoids the suboptimality of hillclimbing with
lookaheadtwo in this example. In fact, hillclimbing with
rollouts cannotresult in larger teamcoststhan standardhill-
climbing,for thefollowing reason:Eachrollout of hillclimbing
with rollouts is evaluated according to the team costs for
the completetarget assignmentthat it achieves. One of the
rollouts of hillclimbing with rollouts is identical to standard
hillclimbing, which impliesthatthe�rst assignmentof a target
to a robot resulting from hillclimbing with rollouts can be
completedto a completetarget assignmentwhoseteamcost
is no larger than the one of the completetarget assignment
resultingfrom standardhillclimbing. This argumentcan now
be recursively applied,supportingour claim. This guarantee
distinguisheshillclimbing with rolloutsfrom hillclimbing with
larger lookaheads,which cannotmake suchguaranteesunless
the lookaheadsareequalto the numberof targets.

A. ImplementationAspects

Hillclimbing with rollouts can still be implementedwith
SSI auctions.However, the robots now needto run several
sets of SSI auctions rather than just one, namely one for
eachcombinationof round, robot and target. This can make
hillclimbing with rollouts time-consuming.We now discuss
two (non-orthogonal)ways of speedingup hillclimbing with
rollouts:

� Hillclimbing with simpli�ed rolloutsspeedsup hillclimb-
ing with rollouts by samplingonly someof the possible
rollouts (including the one that is identical to standard
hillclimbing). It runs standardhillclimbing to determine
which targett it would assignto which robotr duringthe
currentround.Hillclimbing with simpli�ed rollouts then
triestherolloutsfor all assignmentsthatassigntarget t to
somerobot in the currentround and for all assignments
that assignsometarget to robot r in the current round.
Thus,hillclimbing with rollouts performsjT jjRj rollouts
in the current round, while hillclimbing with simpli�ed
rollouts performsonly jT j + jRj � 1 rollouts.

� Hillclimbing with early rollouts speedsup hillclimbing
with rollouts by performing rollouts only during the



Robots Targets Standard Lookahead2 Lookahead3 Rollouts Simpli�ed Rollouts
TeamCost (Runtime) TeamCost (Runtime) TeamCost (Runtime) TeamCost (Runtime) TeamCost (Runtime)

2 10 125.84 (0.00) 123.73 (0.00) 118.49 (0.01) 109.97 (0.03) 112.13 (0.01)
2 20 163.37 (0.01) 156.24 (0.06) 152.80 (1.07) 142.88 (3.22) 142.76 (1.15)
2 30 185.32 (0.06) 189.93 (0.85) 189.36 (18.57) 173.83 (60.53) 174.10 (19.71)
2 40 221.83 (0.27) 214.66 (5.37) 216.67 (148.67) 191.01 (693.03) 193.42 (183.10)
4 10 73.26 (0.00) 73.15 (0.00) 66.62 (0.01) 59.39 (0.02) 62.27 (0.00)
4 20 94.61 (0.01) 90.32 (0.03) 91.36 (0.43) 81.01 (1.13) 85.12 (0.20)
4 30 105.14 (0.02) 107.94 (0.16) 102.97 (4.00) 88.16 (16.16) 96.04 (2.91)
4 40 138.12 (0.05) 137.06 (0.90) 124.03 (26.46) 102.37 (133.88) 109.09 (24.86)
6 10 55.46 (0.00) 52.33 (0.00) 51.54 (0.01) 47.28 (0.01) 49.77 (0.00)
6 20 74.35 (0.01) 73.68 (0.02) 69.17 (0.29) 60.47 (0.66) 64.41 (0.10)
6 30 88.48 (0.02) 81.53 (0.07) 78.01 (2.23) 62.39 (8.98) 70.16 (1.40)
6 40 86.70 (0.03) 87.21 (0.37) 84.52 (14.05) 71.44 (66.59) 73.18 (9.14)
8 10 44.12 (0.00) 43.80 (0.00) 42.03 (0.01) 38.81 (0.01) 38.49 (0.00)
8 20 58.71 (0.01) 58.56 (0.01) 57.85 (0.24) 47.10 (0.54) 50.17 (0.06)
8 30 60.98 (0.01) 60.99 (0.05) 57.61 (1.66) 50.08 (6.29) 56.98 (0.64)
8 40 74.54 (0.02) 75.12 (0.17) 72.92 (8.04) 58.40 (38.22) 64.28 (3.78)

10 10 36.55 (0.00) 37.09 (0.00) 36.07 (0.02) 34.24 (0.02) 34.71 (0.00)
10 20 48.25 (0.01) 45.38 (0.01) 45.10 (0.24) 36.23 (0.42) 38.29 (0.04)
10 30 55.92 (0.01) 56.22 (0.04) 56.04 (1.42) 44.09 (4.45) 47.29 (0.38)
10 40 60.70 (0.02) 59.79 (0.13) 61.24 (6.19) 48.29 (31.50) 54.60 (2.73)

Fig. 7. MiniMax TeamObjective

Robots Targets Standard Lookahead2 Lookahead3 Rollouts Simpli�ed Rollouts
TeamCost (Runtime) TeamCost (Runtime) TeamCost (Runtime) TeamCost (Runtime) TeamCost (Runtime)

2 10 193.50 (0.00) 193.88 (0.00) 191.42 (0.02) 189.15 (0.06) 190.32 (0.02)
2 20 264.50 (0.03) 264.51 (0.16) 267.38 (2.76) 262.05 (9.51) 262.05 (2.67)
2 30 324.61 (0.20) 329.66 (2.18) 328.27 (46.81) 315.32 (239.00) 317.15 (62.20)
2 40 367.97 (1.05) 372.31 (13.49) 370.76 (378.95) 358.82 (2529.60) 360.07 (551.77)
4 10 152.63 (0.00) 151.60 (0.00) 151.56 (0.02) 149.83 (0.05) 151.81 (0.02)
4 20 242.52 (0.01) 241.88 (0.06) 240.35 (1.15) 234.13 (5.14) 236.10 (1.16)
4 30 291.48 (0.04) 289.64 (0.48) 290.37 (10.46) 280.54 (92.35) 283.97 (23.38)
4 40 348.47 (0.32) 351.70 (7.55) 352.60 (240.78) 334.99 (695.40) 337.70 (276.36)
6 10 146.83 (0.00) 147.57 (0.00) 146.21 (0.02) 145.41 (0.04) 145.41 (0.01)
6 20 219.14 (0.01) 218.97 (0.06) 217.11 (0.71) 214.87 (4.62) 217.55 (1.39)
6 30 255.46 (0.02) 256.91 (0.31) 256.90 ( 8.31) 248.07 (35.42) 249.72 (15.30)
6 40 312.67 (0.05) 315.66 (1.33) 316.07 (42.78) 303.29 (346.01) 304.23 (78.75)
8 10 126.16 (0.00) 126.94 (0.00) 126.02 (0.01) 125.88 (0.03) 125.88 (0.00)
8 20 198.65 (0.01) 205.16 (0.03) 200.08 (0.42) 193.38 (2.19) 194.20 (0.49)
8 30 241.08 (0.02) 244.43 (0.13) 241.59 (3.70) 237.35 (32.28) 238.54 (5.97)
8 40 295.68 (0.05) 294.88 (0.82) 294.42 (19.80) 288.01 (227.61) 289.51 (40.81)

10 10 108.03 (0.00) 110.43 (0.00) 107.65 (0.02) 107.59 (0.04) 107.59 (0.01)
10 20 180.12 (0.01) 180.61 (0.02) 179.89 (0.36) 178.65 (1.49) 178.67 (0.32)
10 30 243.19 (0.02) 242.55 (0.09) 241.31 (2.75) 234.80 (20.98) 235.36 (4.15)
10 40 278.16 (0.05) 281.06 (0.72) 279.77 (21.96) 270.70 (217.09) 274.21 (46.54)

Fig. 8. MiniSum TeamObjective

Robots Targets MiniMax TeamObjective MiniSum TeamObjective
No Round Round1 Rounds1-2 Rounds1-3 All Rounds No Round Round1 Rounds1-2 Rounds1-3 All Rounds
TeamCost TeamCost TeamCost TeamCost (Runtime) TeamCost TeamCost TeamCost TeamCost TeamCost (Runtime) TeamCost

2 10 125.84 110.32 109.99 109.97 (0.01) 109.97 193.50 189.15 189.15 189.15 (0.03) 189.15
2 20 163.37 145.56 143.69 142.88 (0.67) 142.88 264.50 262.05 262.05 262.05 (2.75) 262.05
2 30 185.32 176.55 174.39 173.83 (9.82) 173.83 324.61 316.32 315.75 315.33 (57.15) 315.32
2 40 221.83 196.68 193.53 191.94 (117.14) 191.01 367.97 359.07 358.93 358.93 (237.33) 358.82
4 10 73.26 59.88 59.39 59.39 (0.01) 59.39 152.63 149.83 149.83 149.83 (0.02) 149.83
4 20 94.61 83.92 81.39 81.22 (0.40) 81.01 242.52 235.13 234.13 234.13 (1.12) 234.13
4 30 105.14 92.01 89.27 88.64 (3.97) 88.16 291.48 280.76 280.54 280.54 (15.49) 280.54
4 40 138.12 106.72 103.57 102.78 (26.04) 102.37 348.47 338.10 335.35 334.99 (122.20) 334.99
6 10 55.46 47.93 47.33 47.28 (0.01) 47.28 146.83 145.41 145.41 145.41 (0.02) 145.41
6 20 74.35 63.68 60.83 60.63 (0.23) 60.47 219.14 214.87 214.87 214.87 (1.64) 214.87
6 30 88.48 66.33 63.22 62.75 (1.98) 62.39 255.46 248.28 248.07 248.07 (9.43) 248.07
6 40 86.70 74.77 72.88 72.19 (12.91) 71.44 312.67 305.65 304.20 304.20 (54.42) 303.29
8 10 44.12 40.04 38.80 38.81 (0.01) 38.81 126.16 125.88 125.88 125.88 (0.02) 125.88
8 20 58.71 49.45 47.73 47.47 (0.17) 47.10 198.65 194.18 193.38 193.38 (0.68) 193.38
8 30 60.98 53.64 51.70 50.94 (1.25) 50.08 241.08 237.87 237.35 237.35 (5.93) 237.35
8 40 74.54 61.47 58.86 58.66 (6.48) 58.40 295.68 289.94 288.21 288.05 (40.48) 288.01

10 10 36.55 34.37 34.36 34.24 (0.01) 34.24 108.03 107.59 107.59 107.59 (0.02) 107.59
10 20 48.25 39.02 37.27 36.65 (0.13) 36.23 180.12 178.76 178.65 178.65 (0.51) 178.65
10 30 55.92 49.40 45.53 44.98 (0.93) 44.09 243.19 236.40 234.80 234.80 (4.74) 234.80
10 40 60.70 52.13 49.58 49.12 (5.39) 48.29 278.16 271.45 271.04 271.04 (40.94) 270.70

Fig. 9. Hillclimbing with Early Rollouts

�rst few roundsof the SSI auction and using standard
hillclimbing in all later rounds.Rolloutscanbe expected
to have larger effects when they are performedin early

roundsrather than later roundssince the team costsof
partial target assignmentsare lesspredictive of the team
costsof thecompletetargetassignmentsthe fartheraway



the partial target assignmentsare from beingcompleted.

B. ExperimentalEvaluation

The tables in Figures 7 and 8 show that hillclimbing
with rollouts or simpli�ed rollouts reducesthe team costs
substantiallyover standardhillclimbing andhillclimbing with
lookaheadstwo and three. Hillclimbing with rollouts even
reachesthe minimal teamcostsfor two robotsandten targets
(almost)but its runtimesare larger than the runtimesof hill-
climbing with lookaheadthree.The tablein Figure9 contains
experimentalresultsfor hillclimbing with early rollouts. The
column“No Round” is identicalto standardhillclimbing, and
the column “All Rounds” is identical to hillclimbing with
rollouts.Hillclimbing with a smallernumberof early rollouts
cannot result in smaller team costs than hillclimbing with
a larger numberof early rollouts for the samereasonwhy
standardhillclimbing cannotresult in smallerteamcoststhan
hillclimbing with rollouts. Hillclimbing with rollouts in only
the�rst roundalreadyreducestheteamcostssubstantiallyover
standardhillclimbing. Hillclimbing with rollouts in only the
�rst threeroundsachievesteamcoststhatarealmostidentical
to theonesof hillclimbing with rollouts in all rounds,for both
teamobjectives.The runtimesof hillclimbing with lookahead
three, hillclimbing with simpli�ed rollouts and hillclimbing
with rollouts in only the �rst three rounds are comparable
but the team costsof hillclimbing with rollouts in only the
�rst threeroundsare smaller than the onesof the other two
versions.For 2 robotsand10 targets,hillclimbing with rollouts
in only the �rst threeroundsachievesthe minimal teamcosts
within 0.6 percentfor both teamobjectives.For 10 robotsand
40 targets,it improves the teamcostof standardhillclimbing
by about19 percentfor the MiniMax teamobjective and by
about2 percentfor the MiniSum teamobjective, despitethe
margins for improvement being rather small. It is NP-hard
to minimize the teamcost for both teamobjectives [5], and
the team cost of standardhillclimbing has beenreportedto
be roughly within 10 percentof minimal for the MiniSum
team objective and within 50 percent of minimal for the
MiniMax teamobjective [4]. Overall, it was surprisingto us
that rollouts improved standardhillclimbing much more than
larger lookaheads.While we expectedrollouts to have larger
effects when they are performedin early rounds,it was also
surprisingto us that one needsto perform rollouts only for
the �rst few roundsbecauseadditionalrollouts in later rounds
improve hillclimbing with rollouts only marginally.

V. CONCLUSIONS

Sequentialsingle-itemauctions(SSI auctions),which se-
quentially allocate targets to robots, require less computing
resourcesbut yield poorer target assignmentsthan combina-
torial auctions.In this paper, we have investigatedtechniques
for improving SSI auctions,in the spirit of [9], althoughour
techniquesdo this by improving theevaluationof partialtarget
assignments.We developeda methodto implementlookahead
ef�ciently in SSIauctions,sothat thecomputationalandcom-
municationburdenstill comparesfavorablywith combinatorial

auctions.Speci�cally, the overall amountof computationby
eachrobot in SSI auctionsthat implementhillclimbing with
lookaheadk is similar, in the worst case,to the amountof
computationby eachrobot in caseof combinatorialauctions
where each robot bids only on sets of at most k targets.
In practice, SSI auctions should require substantially less
computationbecausebranch-and-boundusually prunesmuch
of an enumerationtree. Moreover, SSI auctionsrequireboth
fewer submittedbidsandthuslessoverall communicationand
much lesscomputationto determinethe winning robots.We
also developedroll-outs for SSI auctionsto evaluatepartial
assignmentsmore accurately. We describedthe bidding and
winner-determinationrules of the resultingSSI auctionsand
evaluatedthemexperimentally, with surprisingresults:Larger
lookaheadsdo not improve SSI auctionsreliably while only
a small numberof roll-outs in early roundsalreadyimprove
them substantially. All robots can formulate their bids and
run the winner-determinationrule in parallel, but it remains
futurework to truly distributethedeterminationof thewinning
robots, which also includes synchronizingthe auctionsand
making themrobust in the faceof communicationerrorsand
malfunctioningrobots.
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