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Abstract 

In this paper we analyze a particular model of con- 
trol among intelligent agents, that of non-absolute 
control. Non-absolute control involves a “supervi- 
sor” agent that issues orders to a “subordinate” 
agent. An example might be a human agent 
on Earth directing the activities of a Mars-based 
semi-autonomous vehicle. 
Both agents operate with essentially the same 
goals. The subordinate agent, however, is as- 
sumed to have access to some information that 
the supervisor does not have. The agent is thus 
expected to exercise its judgment in following or- 
ders (i.e., following the true intent of the super- 
visor, to the best of its ability). After presenting 
our model, we discuss the planning problem: how 
would a subordinate agent choose among alterna- 
tive plans? Our solutions focus on evaluating the 
distance between candidate plans. 

Introduction 
Imagine that you have sent your robot Explorer to ana- 
lyze the Martian surface. Though your communication 
with him is limited, you are able, from time to time, 
to send him general goals, such as “Get a soil sample 
from Region A.” Explorer is an obedient robot, but 
after failing to hear from him for some time, you ask 
why there’s been a delay in retrieving the soil. Ex- 
plorer informs you that because there is a large valley 
between his current location and Region A (a valley of 
which you, his master, had been unaware), he has be- 
gun construction of a small plane to fly over the valley. 
In truth, getting the soil sample wasn’t that important 
to you. Had you known the cost of Explorer’s plan to 
accomplish your goal, you would have been willing to 
have him get a sample from Region B. Explorer knew 
that you didn’t know about the valley, so he could have 
reasoned that your plan for the soil collection was much 
simpler than his. If only he had had the intelligence to 
inform you of the discrepancy! 

On another occasion, you tell Explorer to move to 
Region C. While you believe he is able to do this using 

a particular route, he knows of two alternative short- 
cuts. Each shortcut will have side effects (one route 
may pollute the only well of water in the region and 
the second route might cause damage to his photoelec- 
tric cells). By what criteria should Explorer plan his 
travels, given his knowledge of your goals? 

Multi-Agent Planning 

Research on planning in Distributed Artificial Intel- 
ligence (DAI) h as focused on two major paradigms: 
planning for multiple agents and distributed problem 
solving. In the first paradigm, a single intelligent agent 
(the “master”) constructs a plan to be carried out by a 
group of agents (the “slaves”), then hands out pieces of 
the plan to the relevant individuals [Rosenschein, 1982; 
Konolige, 1982; Lesser, 1987; Katz and Rosenschein, 
19921. In the second paradigm, a group of intelli- 
gent agents jointly construct the final plan, and subse- 
quently cooperate in carrying it out [Genesereth et al., 
1986; Durfee and Lesser, 19871. 

In the master-slave model, the slave follows the ex- 
act detailed orders of the master. It has no interests 
of its own, and does not attempt to reason about the 
master’s knowledge or plans. In the second model, all 
agents may share equally in control and decision mak- 
ing. Each agent might have its own goals and control 
its own actions. To promote its interests, each can 
reason about other agents’ knowledge and goals. In 
some scenarios, agents have conflicting goals, negoti- 
ate, and compete over resources [Kraus et al., 1991; 
Zlotkin and Rosenschein, 19911. 

We are interested in that important family of scenar- 
ios in which the control method combines both aspects. 
In these scenarios, there are supervising and supervised 
agents, where the control of a supervising agent over 
the supervised one is non-absolute. Such a hierarchy 
is typically exhibited in organizations with a pyramid 
structure, but also characterizes all other situations in 
which the supervised agent is expected to show some 
intelligence. We will refer to the supervising agent as 
the “supervisor ,‘? and to the supervised agent simply 
as the “agent.” 
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The supervisor's view The goal The agent’s “lew Determining Plan Deviation 
We are concerned with the following possible control 
relationships between the supervisor and the agent: 

The supervisor generates and sends the agent a com- 
plete plan; 

The supervisor does not (or cannot) generate a com- 
plete plan, but generates and sends the agent a par- 
tial (abstract) plan; 

The supervisor has not generated a complete (or par- 
tial) plan, or perhaps has generated it but cannot 
send it because of constraints on communication. In- 
stead, the supervisor sends a high-level goal. 

Given a complete plan, the agent should in princi- 
ple follow it, but this may not be possible or desirable 
if the supervisor’s model of the world is faulty. Thus, 
even in this situation, or when the agent has been given 
a partial plan or a goal, the agent is expected to gen- 
erate a complete plan based on its own, more accurate 
knowledge. The agent’s complete plan should not differ 
radically from the supervisor’s specified plan, or (if no 
complete plan was specified), what the agent predicts 
the supervisor would have generated as a plan. 

The intuition is that if the world does not differ 
greatly from what the supervisor believes, and if the 
agent’s model of the supervisor’s beliefs is accurate, the 
plans they generate will also not differ greatly. If there 
is sufficient deviation between their plans, then some- 
one’s model is wrong, and some action should probably 
be taken (e.g., communicate). This is true when the 
the agent’s plan is much “better” than the supervisor’s 
plan, and when it is much “worse;” in both cases, some 
realignment may be necessary. Thus, we are concerned 
with measuring the distance between plans. 

Note that we consider plan deviation among correct 
plans; even though they all achieve the goal, some are 
more suitable than others. We are concerned with 
more than just having a plan to achieve a goal-we 
are concerned with the structure of the resulting cor- 
rect plan. 

The main research issues of concern in these situ- 
ations are reasoning about knowledge, nonmonotonic 
reasoning, shared knowledge and knowledge revision, 
communication, and planning. In this paper, we limit 
ourselves to issues of planning. 

A Blocks World Example 
Consider a scenario in the slotted blocks world as de- 
scribed in Figure 1. This example will be used several 
times in the paper. The domain is described by the 
following predicates: Blocks(n) - The total number 
of blocks in the world; Stacked(bZock1, block2, slot) 
- block1 is on top of bdock2, and located at slot (if 
block1 is on the table, block2 and slot are identical); 
At(s) - The agent is at slot s. The domain oper- 
ators are: GO(Q) sj) - The agent goes from si to 
sj; Carry(b, si, sj) - Agent carries block b from si 

Figure I: A scenario in the slotted blocks world 

to sj ; Paint(b) color) - Agent paints block b a par- 
ticular color; Destroy(b) - Agent destroys block b; 
Create(b) - Agent creates a new block b. 

In the initial state the agent believes the supervisor’s 
knowledge of the world to be described by: 
{Blocks(S), Stucked(B, ~1, sl),l 
At(sz), Stacked(W, ~3, sg), Stucked(B, s5, ~5)). 
The agent’s own knowledge of the world is: 
{Bbocks(4), Stacked(B) ~1, sl), At(q), 
Stacked(W, ~3, SQ), Stacked(W) W, ~3)) 
Stacked(B) ~5, ~5)). 
Given only the supervisor’s goal, {Stucked(W, s3, s3), 
Stucked(B, r/v, ss)}, the agent must decide which of the 
many alternative plans for achieving the goal he should 
carry out. 

Assumptions and Definitions 
The agent keeps a model of the supervisor’s knowl- 
edge base (KB) concerning the domain that the 
agent operates in, and updates it during the interac- 
tion. This model may in fact differ from the actual 
view of the domain held by the supervisor. 

The goal G is a set of predicates that might be given 
by the supervisor to the agent. SC are the states of 
the world in which G holds; we use SG to stand for 
any state in SG. 

An agent u’s plan P(u, sg,sE) (denoted by P”) is 
a set of consecutive operations: [opp, op;, . . . , op:], 
that brings about sz starting from the initial state 
sg. The set of all such alternative plans is pa. 

Each operation of a plan P transforms the world 
from one state into another [se, ~1,. . . , sn+i] (such 
that s,+l = SG). 

Given a cost function (C: OP --+ R) over the do- 
main’s operators [Finger, 19861, we define the cost 
of a plan C(P) to be xi=, C(opk). 

Based on a comparison with the supervisor’s com- 
plete plan (either transmitted, or generated by the 
agent from a goal or partial plan using his model of the 
supervisor’s knowledge base), the agent has to choose 
one plan from pa. In fact, the generation of the plans 
in Pa can themselves be guided by the supervisor’s 
nlan Ps, and the entire set Pa may not need to be 
explicitly generated. 

Assume the following cost function over the op- 
erators of our example: C(Go(si, sj )) = ] i - j 1, 
C(Curry(b, si, sj)) = 2* 1 i - j 1, C(Puint(b, color)) = 

‘B refers to any Black block, W to any White one. 
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6 if color is Black and 8 if it is White, C(Destroy(b)) 
= 3 and C(Creute(b)) = 18. 

In the example of Figure 1, the assumed supervi- 
sor’s plan is (Go(s2, sl), Curry(B, ~1, ~3)) (cost5). The 
agent is faced with choosing one of the following alter- 
native plans (for simplicity, we ignore some other pos- 
sibilities): 
P; = (Go(+, s3), Puint(W, Bluck)){cost7} 
P; = (Go(s4, SQ), Destroy(W), Go(s3, sg), 

Curry(B, s5, ss)){costlO} 
P3a = (Go( sq, s3 >, Destroy(W), GO(SQ, ~1)) 

Curry(R, sl, ss))(costlO} 
P4” = (GO(Sq ) s3 >, Cu~r~(w,s3,s4), Go(s4,s5), 

Curry(B) s~,s~)){cos~~} 
Ps” = (Go(s4, .s3 >, Curv(W s3,4, G+z, sl), 

Curry( B, s1 , ~3)) { cost8). 
What follows are some plausible criteria for mea- 

suring distances between plans. Although we refer 
here to the entire plan, it may be possible to take 
into consideration abstract plans (i.e., to measure plan 
distances at higher levels of abstraction, incompletely 
specified [Chapman, 1987]), so as to reduce the com- 
putational complexity. 

Comparing Outcomes and Costs 
One way of evaluating the distance between plans is to 
take into consideration only the final outcome of a plan 
or its overall cost. The following are three alternative 
ways of doing so: 
(1) Comparing the cost of plans generated by 
the agent to the cost of the supervisor’s plan: 
One method of comparison would be to consider only 
the cost of each plan, regardless of its actual steps or 
side effects. Such a consideration suggests the following 
cost metric: 

O,(Pl,P2) =I c(e) - C(P2) I * 
Under certain circumstances, it might be satisfactory 
to choose the plan that minimizes the cost difference 
from the supervisor’s (assumed) plan, or any plan such 
that D,(P, P”) d oes not exceed a freedom threshold 
parameter T,. Using the cost function given above, 
we get the following distance values: D,(PF, P”) = 
2, D@-f, P”) = 5) D,(P& P”) = 5) D,(P&PS) 4 3) 
Dc(Pt, P”) = 3. With the criterion of cost difference 
minimization, PT would be chosen. 
(2) Comparing the deviation of the KBs: The 
freedom the agent has in generating plans may lead 
to some unpredicted side effects, and there is the po- 
tential that these side effects are undesirable from the 
supervisor’s point of view. One symptom of such side 
effects is deviation between the supervisor and agent 
KBs. An intuitive solution is, therefore, to have the 
agent choose actions so as to minimize KB deviation. 
One method of evaluating the distance between KBs 
is to consider the cost of the plan that would trans- 
form one into the other. Using this criterion, the agent 

might be expected to minimize (or bound to TO) the 
following “outcome metric”: 

DO(Pa, P”) = max(C(P(u, sz, sk)), C(P(s, s&, s$))) 

Applying the outcome metric to the example we get 
the following values: D,(P,“, P”) = 22, D,(Pc, P”) = 
0) D,(P,“) P”) = 12, D,(P,d, P”) = 32, D,(P,“, P”) = 
20. PC minimizes KB deviation. For example, the goal 
state that is created by Pp differs from the one that 
is generated by P” by {Blacks(4), Stucked( B, ~1, sl)>. 
The plan that transforms the world from the agent’s 
actual goal state to the supervisor’s presumed goal 
state is (Go(s3, si), Destroy(B), Go(q) ss)){cost7}. 
The plan that transforms the world from the super- 
visor’s presumed goal state to the agent’s actual goal 
state is (GO(Q) sl), Create(B), Go(q) s3))(cost22}. 
Thus, the cost of the more expensive plan is 22. 

A more sophisticated outcome metric would distin- 
guish between differences caused by the plan, and dif- 
ferences that preceded plan execution. In the example 
above, there was already a difference in the number of 
blocks in the world prior to the plan’s execution, and 
the outcome metric should perhaps not consider the 
variation in number of blocks at plan’s end. 
(3) Avoiding irreversible consequences: The so- 
lution presented above might not always be compatible 
with the kind of intelligence we would like the agent 
to exhibit. Consider a user (the supervisor) ordering 
“rm "/pub/*" to an intelligent UNIX operating sys- 
tem agent (the agent) [Finger, 19861. If the agent is 
aware that the user does not know about the existence 
of some files in his /pub directory, we would like it to 
warn the user, although the deletion of all files in this 
case would actually bring the two KBs closer. 

Situations can thus occur where the KBs get closer, 
but there is a loss of resources known only to the agent. 
Therefore, we want to prevent the agent from changing 
important parts of the world that are not known to the 
supervisor (SE - SC). This could be done by bounding 
the cost of the plan needed to recreate the resources: 

C,(P”, P”) = C(P(U) s;, so” - si)). 

Notice that this constraint can be integrated into the 
cost metric if the cost of an operation reflects the cost 
of reversing it. This is not, however, always desirable 
since (for instance) we would not want the rm opera- 
tion to be very expensive under all circumstances. 

In our example, the difference between the two 
knowledge bases is: 
{ Blocksc4), At (4)) Stucked( W, W, ~3)). Therefore 
CT(Pf) P”) = 9) Cp(P& P”) = 22) CT(P& P”) = 22, 
C,.(Pt, P”) = 7, C,.(Pt, P”) = 7. For instance, to 
restore his exclusive knowledge from the final state 
of Pr, the agent would perform (Paint (I?, White), 
Go(s3, s4)). Starting at the final state of PC, the 
agent would perform (Curry(B) ~3, sz), Go(s2, ~3)) 
Create(W), Go(ss,+)). P: and Pt minimize the cost 
needed to recreate resources. 
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Distance Between Sets of States 

Above, we treated each plan as a single, indivisible 
unit. Alternatively, we could take into consideration in 
our evaluation each step of a plan, and the correspond- 
ing state to which it leads. These states can be used to 
measure distance between the plans. We associate with 
two plans (PI, Pz) th eir corresponding sets of states 
(SPl , Sp2). Figure 2 shows the corresponding sets of 
states of Pf, Pz, Pt and P’. Assuming the existence 
of a distance metric between two states n(s,, ~2) (see 
the following section), the agent could make geometric 
measurements of distance between sets of points ade- 
quate for measuring the difference between two plans. 
Here are three plausible metrics between sets of points. 

p ;� El ih El El El El Ed El El Eil k i q  i ----- ----- -_--- ----- ----- 

Figure 2: Sets of states corresponding to plans 

(1) The Hausdorff metric: One way of measur- 
ing inter-plan distance is to choose one “representa- 
tive” state from each plan, and consider their dis- 
tance. Above, for example, we considered the plans’ 
final states to be representative. Other alternatives 
might be to take the plans’ maximally distant states 
(or minimally distant) as representative, or the two 
“centers of gravity” of both plans. 

The Hausdorff metric is also based on the dis- 
tance between a representative state from each plan. 
This metric is used in the field of image processing 
to measure the distance between two shapes [Atal- 
lah, 1983; Arkin et al., 19901. Taking the state in 
the first set that is closest to any state in the sec- 
ond set, one measures the distance between this state 
in the first set and the furthest state in the sec- 
ond set. Doing this in both directions (both plans 
as the first set), one takes the maximal distance: 
H,,,(S” ) S”) = max(k(Ss, S’), h(S”, S’)), where 
W, B) = max,EA rninbEB d(a, b). It may be prefer- 
able at times to use the sum, H,,,, of the h metrics. 

Assume that the inter-state metric returns the fol- 
lowing distance values between each of the states in the 
supervisor’s plan, and each of the states in the agents’ 
plans (as described in Figure 2). For simplicity, we 
look at only three agent plans: 

(~“0 --> ((5>4,4), (5,4, L3,5), (5,4,3,4,8)),2 
(4 --> U&5,5), (6,5,2,4,6), (6,5,4,3, g)), 
(s; --> ((3,7,3), (3,7,4,6,3>, (3,7,3,9,3)). 
These values yield HSU,(SP”, Spp) = 10, 

HsUm(SPS, SpT) = 9, HJUm(SPS, Spt) = 8. Pt mini- 
mizes the Hausdorff metric. 
(2) The “Shifting” distance: This measurement 
considers the overall differences between two plans. 
The measurement is done by summing the distance 
of each state in one plan from the set of states in the 
other. Defining the distance between one state and a 
set of states to be D(s’, S) = minsES d(s’, s), we get 
the distance between one set of states and another to 
be the total shifts needed for merging this set with the 
other: 

Sh(S”, 9) = x qs, Y). 
SES” 

The distance between the sets can be defined by the 
min, the mux, or, more informatively, the summa- 
tion of (Sh(Sa, S’), Sh(S”, S’)). As with the use of 
an “outcome metric,” this measurement suffers from 
the fact that as the states converge the distance gets 
smaller, even though important data may be lost. 

Following the values given in the example above, we 
get: Shs,,(SPs, SpF) = 24, Shs,,(Sps, ,S@t) = 25, 
S11,,, (SPS ) SPt) = 27. PF minimizes the Shifting 
Distance metric. 
(3) The “Dynamic deviation” distance: This 
metric considers the sequential order in which the 
states of each plan were generated. Let Ss = 
-i s&s;, . . .) sk} and S” = {ss, s;“, . . . , sz}. Assuming 
(without loss of generality) that m = min(m, n), we 
define the distance between the plans to be the sum- 
mation of the sequential relative deviations produced 
by operators of each plan: 

m 

Ds(SU, SS) = c qsq, sf) + 2 qsq, s;>. 
i=l i=m 

Referring to the example, this metric yields: Ds(Sp* , 
sp: ) = 13, Ds(Sps, Spz) = 28, Ds(Sps, Sp,“) = 30. 

The deviation metric captures, in a sense, the “di- 
rection” of the deviation (i.e., whether it is growing 
or shrinking). The deviation metric’s advantage with 
respect to the other two metrics is its relatively easy 
computation and the fact that it can dynamically guide 
search. Using the Hausdorff metric, on the other hand, 
is preferable when we are concerned only in prevent- 
ing the agent from radical exceptions to the supervi- 
sor’s intended plan, while not being bothered by many 
small variations. A computational advantage of the 
Hausdorff metric is that it can better constrain the 
generation of a plan dynamically, since it considers 
only one member of S” while the Shifting measurement 

2The notation compares the distance between the first 
state of the supervisor’s plan, SO, and the 3 states in PF, 
the 5 states in Pg, and the 5 states in Pt. 
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takes all of them into account. The Shifting metric, on 
the other hand, is suitable when the overall distance 
from the intended plan (whether caused by one dras- 
tic change or many small ones) is of importance. All 
these metrics (or their variations) may be taken into ac- 
count in accordance with different freedom parameters. 
For example, using the Hausdorff metric, if our agent 
plans “forward” and follows the “best first” strategy, 
after generating the first two states of the three plans 
it would choose pz and will not find it necessary to 
further explore the’ two other alternatives. 

etric etween States 
Our techniques above depended on our being able to 
provide a distance metric between states. There are 
several sensible ways to define such a distance metric, 
and the following are some basic ideas. Any of the 
following state metrics can be used as part of any of 
the plan-metrics mentioned above. - 
(1) Distance between predicates: Since we con- 
sider each state to be described by a set of predicates, 
a straightforward metric can be generated by the sum- 
mation of the differences between conflicting predicates 
of the two states in question.3 As 
consider two states that differ only 

-~ 
a trivial example, 
by the location of 

one object (obj). The definition -D@(At(obj, 21, yl), 

M-6 32, ~2)) = J I Xl - 332 1 + 1 yl - y2 1 is suffi- 
cient to serve as a distance metric between these states. 
This method can be refined by giving different weights 
to su ch metrics in accordance with some special consid- 
erations. For example, if there is a dangerous region in 
the agent’s operating domain the above metric should 
be given a higher weight if (22, ~2) E DungerSet. In 
that case the location might be used to change the 
weight of other differences such as Dii$(Armed(obj), 
UnArmed( obj)). 

The values that were used as the metric between 
states in the previous examples followed the follow- 
ing rough definitions (based on the cheapest operation 
that can eliminate the difference): Difl(Blocks(nl), 
BEocks(n2)) = 3* 1 nl - n2 I, Difl(At(si), At(sj)) = 
1 i - j I, Di#(Stacked(b, I 
2* 1 i-j I. 

OC, Si), Stacked(b, ZOC, Sj)) = 

(2) Considering ultimate goals: A more mean- 
ingful metric might consider either the agent’s or the 
supervisor’s global goals (or both). For example, if 
one of the supervisor’s global g&s is Abo&(objl , 
objs) and both states satisfy Stacked(objs, obj2), we 
would like Oifl( Stucked(objl, objg), Stucked(objl, 
objq)) to return a higher value than, for instance Oifl( 
StacLed(objl , objg), Stucked(objl , objd)). Global goals 
can be given at a higher level of abstraction, such as 
“minobjEU.S.Navy In(obj, Iruq) .” The fact that such ul- 

3This is related to the measures (such as cardinality 
of sets) proposed by Ginsberg for evaluating distance be- 
tween possible worlds in his research on counterfactual 
planning [Ciinsberg, 19861. 

timate goals can be from different sources (i.e., from 
the supervisor and agent) allows the consideration 
of subjective points of view (with respect to these 
sources) and thus enriches the overall control mech- 
anism. If the supervisor of the example had as a 
global goal the maximization of the number of blocks 
in the state, we would not like PF or Pi to be consid- 
ered. This may be done by giving a very high value to 
Difl(Blocks(nl), Blocks(n2)). 
(3) Using the domain operators: Another possibil- 
ity is to measure the deviation of two states with regard 
to the operators that generated them. When compar- 
ing two states, the metric will be based on how the 
current state was reached, with particular operators 
considered to cause greater variations than others. For 
example, we might define Difl(Go(si, sj),Go(sk , sr>) = 
I Sj - sl I to reflect the deviation or convergence 
caused by following these two operations. This mea- 
sure is most appropriate for use with the sequen- 
tial deviation metric (D,). In the example, defining 
D$(Curry(b, si, sj), Puint(b, c)) > 20 would make J’F 
inferior to all other plans according to all the suggested 
metrics. 
(4) Considering the plan that unifies the two 
states: According to this approach, the metric be- 
tween any two states is defined by the plan needed to 
bring about the differing predicates of one state start- 
ing from the other: 
W(Sl, s2) = max(P*(sl, sa), P*(s2, sr)), where 
p*(a) s2) =minp P(u, sr , ~2) (the minimization cri- 
terion may be the cost of the plan or just 
the number of operations). A further consid- 
eration might also be to take into account the 
perspective of the supervisor: w7+1, s2) = 
max(P,*(sl, 4, p&t, SI), ps*(sl, Q),~(sz, ~1)). No- 
tice that the use of such a metric makes the outcome 
metric (i.e., bounding KB deviation) redundant. 

All of the distance computations above may be 
costly to perform directly, but the calculation of dis- 
tance between sets need not use a single distance func- 
tion uniformly. For example, one might use a (rel- 
atively cheap) approximate distance function to map 
states into an n-dimensional geometric space. Only 
then would one use the states’ approximate “locations” 
to decide on which ones to apply the more expensive 
and accurate distance function. 

elated Work 
The subject of non-absolute control (i.e., how an agent 
can coherently integrate local goals with outside goals) 
has received some attention in DAI. Durfee [Durfee, 
19881 has looked at the problem in the domain of 
distributed vehicle sensing. His method of “partial 
global plans” (PGP) allows agents to coordinate ac- 
tivity around common tasks. The agents may exist at 
the same level of an authority hierarchy, or one may be 
above another in that hierarchy. Agents do not, how- 
ever, reconcile their activity by measuring distance be- 
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tween candidate partial global plans. In addition, all 
local plans that fully satisfy the constraints imposed 
by a PGP are satisfactory; in our approach, we derive 
useful information from plan deviation, even though all 
plans are technically correct (i.e., achieve the goals). 

Malone has also been interested in issues relating to 
the organization of agents (both human and artificial), 
and has published various analyses of different human 
organizations and their relationship to machine orga- 
nization [Malone, 19861. In the field of telerobotics, 
there has also been discussion of how to effectively ma- 
nipulate robots at a distance, though robots there are 
generally less intelligent than those in which we are 
interested (see, for example, [Conway ei al., 19901). 

Conclusions 
We have considered how a subordinate agent might 
choose among alternate plans for achieving his supervi- 
sor’s goals. The techniques exploit the knowledge that 
the subordinate has about the supervisor, and allow 
the agent to choose its actions appropriately. The dis- 
cussion focused on metrics for evaluating the distance 
between plans, considering several techniques (such as 
the potential cost of moving from one final state to the 
other, and a cost on difficult to reverse consequences). 
One key point is that a plan can be considered a set of 
states, and the distance between plans can be modeled 
using a distance metric between sets of states (e.g., the 
Hausdorff metric). To use any distance metric between 
sets of states, it is also necessary to establish a suitable 
distance metric between individual states. 

Techniques for making plan comparisons can serve 
in other scenarios where plans are to be compared (for 
example, maintaining consistency among several sub- 
ordinate agents, choosing among agents to carry out a 
plan, predicting the likelihood that a plan will be car- 
ried out). Issues such as these will be of importance in 
building flexible multi-agent systems. 
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