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tIn this paper we dis
uss the results of a plan merging algorithm. Thisalgorithm 
oordinates the plans of multiple, autonomous agents, ea
h ableto independently �nd a plan. This algorithm is evaluated using realisti
 datafrom a taxi 
ompany. We show that when we allow passengers to be a fewminutes later at their destination and share rides, we 
an obtain more than5% redu
tion of the taxi driving distan
e. When we allow for a delay of 15minutes (a 
ommon amount of time in subsidized transport) we 
an gain upto 30%.1 Introdu
tionMany planning and 
oordination problems 
an be modeled as a multi-agent plan-ning problem, i.e., a (distributed) set of related AI-planning problems. For ex-ample, the 
oordination of transport organizations, armies, produ
tion pro
esses,et
., to name just a few. One of the te
hniques to solve su
h multi-agent planningproblems is plan merging. Using this approa
h, we assume that ea
h planner is
apable of �nding a solution for its own planning problem, for example using are�nement planning method [5℄. When all agents have 
onstru
ted their plans,these plans are 
ompared to see whether 
ooperation is bene�
ial. For example,if during a plan two taxis bring someone from the train station to the hospital atabout the same time, these passengers 
an share a taxi.This paper dis
usses the results of a plan merging approa
h using so-
alledresour
e fa
ts (part of our A
tion Resour
e Formalism [9, 10℄). Su
h a resour
efa
t aggregates the attributes of ex
hangeable obje
ts into a single predi
ate, fa-
ilitating the sear
h for opportunities to 
ooperate.In the next se
tion we take a 
loser look at the plan merging problem andits solution. Then, we present experimental results obtained from using this planmerging algorithm on data on the operations of taxi 
ompany. We �nish by dis-
ussing possible extensions to the plan merging algorithm and related work.2 Plan mergingThe prin
iple idea behind plan merging is that agents 
an refrain from work (i.e.they 
an remove a
tions from their plans) for whi
h the results (i.e. the resour
esdeliverd by these a
tions) are readily available at (several) other agents. Given



some plan for an agent that satis�es its goals, this agent 
an often redu
e more
osts by 
ooperating with other agents than by trying to optimize lo
ally. In 
asemultiple agents have similar parts in their plans, this 
an be quite advantageous.In this se
tion we des
ribe how this 
an be done by ex
hanging resour
e fa
ts usingplan merging [10℄.To fa
ilitate the ex
hange of resour
e fa
ts, we assume one of the agents, or atrusted third party, a
ts as the au
tioneer. The au
tioneer announ
es when theagents 
an start the plan merging, thereby announ
ing some minimum allowed 
ostredu
tion value. All agents deposit requests with this au
tioneer. Ea
h request
orresponds with the removal of an a
tion from an agent's plan and 
ontains aset of resour
e fa
ts the agent needs to remove the parti
ular a
tion. Further, therequest 
ontains a 
ost redu
tion value de�ned by the di�eren
e in 
osts betweenthe old plan and the resulting plan if the ex
hange su

eeds.The (greedy) au
tioneer deals with the request with the highest potential 
ostredu
tion �rst. We assume all the agents honestly announ
e their 
ost redu
tionvalues. Right before ea
h au
tion round starts, the requesting agent (ai) is askedfor the spe
i�
 set of resour
e fa
ts that has to be repla
ed by resour
e fa
ts ofother agents � this set is 
alled the RequestSet. This set is not ne
essarily equalto the set in the initial request, sin
e other ex
hanges in�uen
e the availability ofresour
e fa
ts for the agents.To put up an au
tion for a request of an agent ai, the set of requested resour
efa
ts is sent to ea
h agent, ex
ept to ai. The agents return all their free resour
efa
ts for whi
h there is an equivalent one in the request set RequestSet, and in
ludethe pri
e of ea
h of their o�ered resour
e fa
ts. When all bids (
olle
ted in R0) are
olle
ted by the au
tioneer, it sele
ts for ea
h requested resour
e fa
t the 
heapestbid.If for ea
h resour
e fa
t in RequestSet a repla
ement 
an be found, the au
tion-eer tells the requesting agent ai that it may dis
ard the 
orresponding a
tion(s).The repla
ing resour
e fa
ts R00 are marked as goals for the providing agents, andbe
ome additional `initial' resour
e fa
ts for agent ai. Furthermore, we have to adddependen
ies between these goals of the providing agents and the initial resour
efa
ts for the requesting agent.If an agent's request su

eeds, it dis
ards the 
orresponding a
tion in its plan,together with a possible set of a
tions in front of this parti
ular a
tion that alsobe
omes obsolete. At the end of ea
h su

essful ex
hange ea
h involved agent hasto update the 
ost redu
tion values of all of their requests, be
ause this value 
an
hange as the agent 
an now have more or less resour
e fa
ts available. One 
ouldrepeat this pro
ess until none of the au
tions has been su

essful.The plan-merging algorithm is an any-time algorithm, be
ause it 
an be stoppedat any moment. If the algorithm is stopped, it still returns an improved set of agentplans, be
ause this algorithm used a greedy poli
y, i.e., dealing with the requestswith the largest potential 
ost redu
tion �rst. Algorithm 1 
an be shown to havea worst-
ase time 
omplexity of O(n2) where n is the number of a
tions of theplans of all agents involved in plan merging [10℄. In this paper, we fo
us on theexperimental results of the plan merging algorithm and give only a short introdu
-tion to the formalism and the plan merging algorithm itself. For a more elaborate



dis
ussion of both the formal and pra
ti
al analysis of this algorithm we refer tothe thesis by De Weerdt [9℄.Algorithm 1 plan_merging(A)1. au
tioneer broad
asts minimum allowed 
ost redu
tion.2. au
tioneer retrieves requests with their 
ost redu
tion from all agents A.3. while some requests left do3.1. get the request with the highest 
ost redu
tion.3.2. ask the requesting agent ai for the required resour
e fa
ts RequestSet.3.3. for ea
h agent aj 2 A n faig do3.3.1. ask aj for free res. fa
ts equivalent to RequestSet.3.3.2. add these resour
e fa
ts to R0.3.4. if R0 � RequestSet then3.4.1. let R00 � R0 be the 
heapest set that satis�es RequestSet.3.4.2. add for ea
h r 2 RequestSet the 
orresponding dependen
y to R00.3.4.3. remove as mu
h a
tions as possible from ai.3.4.4. for ea
h involved agent, update the 
ost redu
tion of all requests.3 Experimental results3.1 Resear
h questions and set-upAfter a formal analysis of the plan-merging algorithm, two questions remainedwhi
h we tried to answer by doing experiments.� We know that the worst-
ase time 
omplexity is O(n2). We are also inter-ested in the 
onstant term of the average time 
omplexity, e.g., how longdoes it take to merge the plans of a whole day for a moderately sized taxi
ompany.� In the previous se
tion, we 
laimed that single-agent plans 
an be furtheroptimized by 
ooperating with other agents using this algorithm. We wouldlike to verify this 
laim experimentally.The tests are performed by merging the plans of taxis in a taxi 
ompany. Fromtaxi 
ompany Zeevang in Purmerend we re
eived information on rides of about 35taxis exa
tly as they were planned in January and February 2002. This informationin
ludes a taxi number, (start and end) data and time, number of passengers andthe origin and the destination lo
ation of ea
h order. From this information were
onstru
t the plan for ea
h of the taxis, and try to �nd improvements over theseplans as 
reated by the dispat
her using the plan merging algorithm.We assume that pi
king up a passenger along an already planned route hasno long-term e�e
ts on the plan of a taxi. Furthermore, we assume that in thisdomain the 
osts of a plan equals the distan
e driven by the taxis. Consequently,



Table 1: The standard deviation of the �ts in Figure 1 and 2.�t run-time �t stdd. redu
tion �t stdd.3 0.310 12.66 0.468 21.015 0.517 30.9our goal is to redu
e this distan
e by ex
hanging orders among taxis (agents).Therefore, one of the resour
e fa
ts des
ribes a passenger and its attributes (thedestination, their preferred pi
kup time, et
). The most important resour
e fa
t,however, des
ribes the ride of a taxi and models the posibility for passengers totravel from one lo
ation to another. This is the only type of resour
e fa
t that isex
hanged between taxis.When a 
ustomer is transported by taxi A instead of by taxi B the additionaldistan
e and time needed by taxi A is estimated using the Eu
lidean distan
eand an analysis of all drives as extra
ted from the data set. An ex
hange is onlyallowed if the passenger's estimated arrival time is not in
reased by more than �tminutes and the detour length of taxi A is less than the distan
e redu
tion of theother. Therefore, in this domain we de�ne resour
e fa
ts equivalent when theirtime attributes di�er at most �t minutes.3.2 ResultsFirst we analyze the running time of plan merging. We expe
t the worst-
aserunning time to be O(n2) where n is the number of a
tions. To test this hypothesis,we run the algorithm with a �xed �t of 3, 6, and 15 minutes and a �xed day ona number of plans varying from 2 to 35. Ea
h test is performed 20 times on arandomly sele
ted set of taxis. For ea
h run we store the total number of a
tionsof all involved plans and the run time on a 1GHz Pentium pro
essor. The resultsof these runs 
an easily be �tted with a quadrati
 fun
tion (about 4 � 10�5n2), as
an be seen in Figure 1. The standard error of these �ts is very small, as 
an beseen in the �rst 
olumn of Table 1.Next we are interested in the improvement of the plans. For ea
h run we alsostore the total distan
e driven by the taxis, before and after the plan mergingalgorithm. In Figure 2 the di�eren
e between these values is plotted against thenumber of a
tions. As 
an be seen, more relaxed time 
onstraints on the arrivaltime of the passengers lead to more improvement. Furthermore, the total im-provement seems linear in the number of a
tions. The standard deviation of this�t is shown in the last 
olumn of Table 1. The relative improvement in drivedistan
e (in per
entage) is given in Table 2. The main disadvantage of redu
ingthe distan
e driven by the taxis is that the passengers need more time to get totheir destinations. Table 2 also shows the in
rease in passenger travel time (inper
entage).
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Figure 1: The run time versus the number of a
tions for three di�erent values for�t.
Table 2: The standard deviation of the de
rease of the drive distan
e and thein
rease of the passenger travel time.�t redu
tion distan
e (%) stdd. in
rease time (%) stdd.3 3:32 2:06 2:60 1:856 8:41 4:12 7:05 3:9415 18:0 7:62 16:4 7:26
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Figure 2: The improvement in drive distan
e versus the number of a
tions forthree di�erent values of �t.4 Dis
ussion and related workPlan merging is a method for 
oordinating plans of autonomous agents. For thisalgorithm we assume that ea
h agent is able to 
onstru
t a plan for its own problemand we try to obtain a more e�
ient solution by merging these plans. Experimentaleviden
e is gained by running this algorithm on data from a taxi-
ompany. Theresults show that this te
hnique is both e�
ient and e�e
tive. The run time isquadrati
 in the size of all input plans. It takes less than a minute to improvethe plan of a whole day of a taxi 
ompany 
onsisting of 35 taxis (1200 a
tions).Within this time the distan
e driven by the taxis is redu
ed signi�
antly. Whenpassengers are allowed to arrive within an interval of 3 minutes from their desiredarrival time the total distan
e 
an be about 5 per
ent improved over the s
hedule
reated by the dispat
her of the taxi 
ompany. Moreover, when passengers areallowed to arrive within an interval of 15 minutes, as is the 
urrent agreementfor most Dut
h low-budget elderly transportation servi
es (Vervoer op Maat), theimprovement 
an be up to 30 per
ent.Although the plan merging algorithm and the used a
tion resour
e formalismhave already been published [8, 10℄, in this paper we (�nally) show that they arepowerful enough to des
ribe and 
oordinate multi-agent plans. A disadvantageof plan merging is that it 
annot be used in situations where an agent needsto 
ooperate with others to 
onstru
t a plan. The plan merging s
heme 
an beextended to a multi-agent planning method by (i) allowing agents to be able torequest servi
es from other agents and in
lude the results in their plans, or (ii) by



allowing agents to be able to o�er servi
es to other agents and, upon a request,add these to their plans. Ex
hanging servi
es enables agents to not only o�erresour
e fa
ts that are already in its plan (and unused), but also to adapt its planto produ
e resour
e fa
ts that are desired by other agents. Su
h extensions shouldlead to a distributed algorithm where self-interested agents 
reate plans in
luding
oordinated (e�
ient and 
on�i
t-free) a
tions.Most solutions to multi-agent planning problems (i) 
ooperatively 
reate plansfor all agents without dealing with the self-interestedness of agents, 
alled 
ooper-ative distributed planning [2℄, su
h as PGP [1, 3℄, (ii) fo
us on task allo
ation [6℄and 
on�i
t resolution before planning [4, 11℄, or (iii) 
on�i
t resolution after plan-ning [7℄. An extension of the plan merging algorithm should integrate 
oordinationand 
on�i
t resolution in the planning phase, while maintaining the autonomousand self-interested aspe
ts of agents.We expe
t that su
h a 
oordinated planning algorithm yields even better resultsthan the 
urrent plan merging algorithm, sin
e opportunities to 
ooperate 
an bebetter utilized. Both the basi
 algorithm and the extensions use a resour
e fa
toriented view on the world, and 
an be 
ombined with most existing planningte
hniques. Su
h a general approa
h to 
oordinating plans of multiple agents 
anbe used to solve many pra
ti
al 
oordination problems, su
h as hospital s
heduling,
oordinating the transportation of goods or people, and managing the planning ofjoint for
es on a mission of the UN.To be able to use the proposed methods on integrating planning and 
oordi-nation in these situations, still mu
h work need to be done. Firstly, we need anadequate way to reward agents that o�er servi
es and share resour
e fa
ts. Se
-ondly, we need to know how to deal with agents that 
annot or do not ful�ll their
ontra
ts. Furthermore, we should test the developed algorithms in more realisti
environments and improve them with (maybe even domain-dependent) heuristi
s.In addition, we need to look at a more dynami
 (
ontinual) version of the proposedalgorithm where planning, replanning and exe
ution are integrated. Finally, su
happroa
hes 
annot be used in open multi-agent environments (e.g., the Internet)before a way is devised to deal with di�erent ontologies (i.e., what are the resour
efa
ts in this domain), and a standard for agent 
ommuni
ation and negotiation is
hosen.A
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