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Abstract 
 

We contrast strategies for agent interaction against several parameters when each agent has a set of acyclic ordered 
list of goals to perform. After developing a set of metrics for utilities of agent parameters, we suggest that such an 
agent must determine the most suitable interaction (adaptation) for itself in each domain.   
 

 
1   Introduction 
 
Two agents may socially depend on one another in one of 
16 ways (Alonso, 1999). A type of social dependence he 
calls weak dependence is when two agents A and B are 
capable of achieving a goal individually but may prefer 
to have the other agent achieve it. If both agents prefer 
this, it is called reciprocal or mutual, weak dependence, 
which is the focus of this paper. Under the right circum-
stances, by sharing goal achievement, a weakly depend-
ent agent’s workload might be lowered. This is often at a 
temporal cost since agents may have to wait until de-
pendencies are fulfilled. Sharing of goal achievement is 
central to producing agent teams (Cohen, Levesque, and 
Smith 1997). This paper extends our explorations of mo-
tivations for teaming (Hexmoor and Duchscherer, 2001). 
Agents who want to maximize their gain may consider 
negotiation prior to collaboration in order to lower their 
workload and temporal penalties (Beer, et al, 1999). 
Deals made in negotiation may in turn incur a cost and 
vary from goal to goal and agent to agent. We will argue 
that since newcomer agents may not know the overall 
outcomes of entering collaboration in terms of gains and 
losses they should consider adaptive techniques for col-
laboration. Finally, agents who cannot see other agents’ 
goal structure but may still benefit from their goal execu-
tion, known as stigmergy (Beckers, et al , 1994),  may 
become inclined toward collaboration or rely on seren-
dipity of stigmergy. Agents should learn to predict the 
level of expected stimergy and when to abandon negotia-
tion in favor of stimergy. 
 

    In this paper, we are making a case for how agents 
may benefit from collaboration. Our agents are self-
interested and do not care about gain and loss in others 
(Brainov, 1996).  
 
    Here we will not favor any particular machine learning 
such as reinforcement learning  (Kaelbling, et al. 1996) 
or logic-based approaches (Alonso and Kudenko, 1999). 
We do provide metrics for decision-making, which can 
be used in adapting a learning algorithm to adaptive de-
liberation over collaboration.  
 
    In general, adaptation as a beneficial change is broader 
than learning (Joshi, et al, 1997]). We provide scenarios 
and metrics that exhibit several common situations in 
multiagent systems. Other than learning, empirical adap-
tation methods can be used to detect the most applicable 
scenario and metric. For instance, agents can use our sce-
narios to decide whether to engage in negotiation as an 
adaptation. Norms as adaptive  mechanisms can be de-
signed using our  scenarios and metrics (Fitoussi and 
Tennenholtz, 2000). Agents may lie and provide false 
information about their goal structure in order to exploit 
other agents. This is yet another reason adaptive collabo-
ration. 
 
    In this paper we present our model of agents with their 
own goal dependency and then show utilities used by 
agents to deliberate about selecting partners to reduce 
their workload. The tradeoff between reduction in work-
load and temporal penalty is also discussed. We then turn 
to costs involved in deals and discuss how agents can 
benefit by reinforcement learning. 
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2 Weak Social Dependence 
 
Let’s consider a finite number of agents, each agreeing to 
achieve a partially ordered set of goals. The ordering 
among the goals of each agent is goal precedence such 
that each agent builds a directed a-cyclic graph (DAG) of 
its goal set. This is different than AND/OR goals trees 
used in (Alonso, 1999). In an AND/OR tree, only the 
leaves are actions that form a plan when they appear 
AND related. Alonso calls a goal directly associated with 
an action bottom goal.  In our model, all goals are bottom 
goals and the partial ordering of our goals is a nonlinear 
plan, as in (Sacerdotti, 1977). 
 
    Agents who consider teaming can consider the poten-
tial payoff in reducing redundancy by considering com-
position of their goal DAGs. Consider two agents A and 
B and two goals 1, and 2 with the following respective 
DAGs: 1  2 and 2  1. These agents would not team 
since the combined DAG will have a cycle. 
 
    We make the following assumptions: 
1. Goals are equal in cost and the cost is nontrivial. 
2. In a group of agents, goal achievement is uniform and 
the quality of goal achievement does not change from 
one agent to another agent.  
3. Each goal takes one unit of time for achievement and 
during that period, agents do not see one another’s activ-
ity.  
4. In a group of agents, an accomplished goal is visible to 
all agents and performing the goal once is as good as 
multiple times provided the agent makes available its 
results and the goal’s precedence is correct. This goal 
sharing can be accomplished as being part of a team (i.e., 
explicit agreement to share a goal) that share the goal.  
Another way for sharing is to make the results public 
then any agent may use it and sharing is implicit, Else, 
communication is by simple stigmergy.  This assumption 
is not benevolence as the agent is indifferent whether to 
anyone uses the results of its accomplishment. 
5 There are two options here: 
a. Agents see one another’s goals and their dependency. 
b. Agents do not see another agent’s goal or their goal 
dependency. 
6. The agents are self-interested (indifferent) towards 
other agents; they are not benevolent or malevolent  
[Brainov, 1996]. 
 
    In order to make these examples concrete, consider a 
number of satellites that orbit the Earth and are tasked 
with a sequence or pattern of pictures of geographic loca-
tions they need to collect.  Each picture is a satellite goal. 
The satellites may either make the pictures publicly ac-

cessible or through an agreement as in team formation. In 
the remainder of this section we discuss a variety of goal 
patterns.  
 
Example (shared second goal): Consider two agents A 
and B and three goals 1, 2, and 3 with the following re-
spective DAGs: 1  2 and 3  2. Both these agents want 
goal 2 to be done. If they collaborated under assumption 
5a, only one needs to do goal 2, whereas separately each 
must perform goal 2. There is a saving of one goal in the 
total number of goals executed. Temporally, if we as-
sume goals 1 and 3 can be carried simultaneously, the 
goals are done in 2 units of time. If we extend this to n 
agents and n goals, the goal savings is n-1. There is no 
change in time with collaboration. Under assumption 5b, 
there is no savings. 
 
Example (shared first goal): Consider two agents A and 
B and three goals 1, 2, and 3 with the following respec-
tive DAGs: 1  2 and 1  3. Both these agents want goal 
1 to be done. Under assumption 5a, if they collaborated, 
only one needs to do goal 1, whereas separately each 
must perform goal 1. There is a savings of one goal in the 
total number of goals executed. Temporally, the goals are 
done in 2 units of time since goals 2 and 3 can be simul-
taneous goals. If we extend this to n agents and n goals, 
the savings is n-1. Under assumption 5b, there is no sav-
ings. 
 
Example (goal dependency chain): Consider three 
agents A, B, and C and three goals 1, 2, and 3 with the 
following respective DAGs: 1  2, 3  2, and 1  3. An 
alterative but equivalent DAG is : 1  2, 2  3, and 1  
3. In the 3 way combined DAG, goals have to be done in 
the order 1-3-2 (or 1-2-3 in the alternative DAG). Under 
assumption 5b, this example has no savings. Under as-
sumption 5a, the team will save 3 goals but suffer a time 
lag of one unit. Each agent’s average job is reduced to 1. 
However, the agents may have uneven split of jobs. For 
example, it is possible for two agents to carry out the 
goals and for one agent to do nothing. One agent can be 
redundant. 
  
    Let’s extend this example to n agents (A1 … An) and 
n jobs (1 … n) with the following DAGs: 1  2, 2  3, 
…, n-1  n, 1  n.  The combined DAG is rooted at 1 
and the edges form is a path from 1 to n. This team will 
save n goals since average goal for each agent is one.  
The team suffers a time lag of n-2, which is large.  
Among agents A1, A2 and A3, agent A2 could rest and 
benefit from agents A1 and A3 doing their collective 
goals1, 2 and 3. Therefore A2 could be redundant. At 
most, A2, A4, …, An-2 could be redundant. In general, 
agent redundancy is (n/2)-1, almost half.  Although real-
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ity of whether agents choose to be redundant or overac-
tive in a given team may not be known at the outset, 
agents know that they could on the average do only one 
job instead of two. This fact can influence their autonomy 
consideration of whether they proceed with their goal by 
themselves or become part of a team.  
 
Example (maximal dependency): Consider 4 agents A, 
B, C, D and 4 goals 1, 2, 3, and 4 with the following re-
spective DAGs: A1:  1  2, 1  3, 1  4; A2: 2  3, 2  
4, A3: 3  4, A4: 4. Agent A1 has 3 precedence rela-
tions, A2 has 2 precedence relations, A3 has one prece-
dence relation, and A4 has a single goal and no prece-
dence relation.  Under assumption 5b, if each agent starts 
to execute its tasks, goals 1, 2, 3, and 4 will be completed 
in first time unit. In time unit 2, agent B will consider one 
of its dependent goals, for example goal 2.Although this 
goal is executed in time unit 1, it is of no use to A since it 
is executed too early and not after goal 1. If agent B per-
formed task 3, and agent C performed goal 4, all goals 
will be compete in the second time unit and all in the 
right order. Agent A benefits from this stigmergy by hav-
ing goals 3 and 4 performed by others. Agent B benefits 
from stigmergy by having goal 4 performed by agent C. 
Agents C and D do not see any benefit.  
 
    Under assumption 5a, such a team will save 10-4 = 6 
goals.  The redundancy in agents is non-uniform. If A1 
does all its goals, others can be redundant.  Agent A4 can 
rely on agents A1, A2, and A3 to perform its goal.  A4 
may enter a team and not perform any goals. Whereas, 
A1 enters the team having to do at least one goal.  3 
agents might be redundant.  
 
    Let’s extend this example to n agents A1 … An and n 
goals 1 … n with the following respective DAGs. A1:  
1  2, 1  3, …, 1  n; A2: 2  3, 2  4, …, 2  n, …, 
An: n. Agent A1 has n-1 precedence relations, A2 has n-
2 precedence relations, and on until An has a single goal 
with no precedence relation.  Under assumption 5a, goal 
latency for agents is uneven. An must wait n-1 time units. 
In general, agents wait n-1 units of time. At most, n-1 
agents are redundant if A1 does all their goals. Such a 
team will save n(n+1)/2 – n goals with an average per 
agent savings of n/2 –1.  Using this, the savings of large 
teams are far more than savings of smaller team. Average 
savings may be meaningful for A1 but not for An.  If n = 
2, A2 will have no benefit from teaming.  Under assump-
tion 5b, agent A1 can at most benefit n-2 goals performed 
by other agents, agent A2 will at most benefits from n-3 
goals being done by other agents, and so forth. 
 
Example (goal bi-partite graph): Consider two agents 
A and B and four goals 1, 2, 3, and 4 with the following 

respective DAGs: A: 1  2, 1  3, B: 4  2, 4  3. The 
combined graph is a bi-partite graph. Both these agents 
want goal 2 and 3 to be done. Under assumption 5a, if 
they collaborate, only one needs to do goal 2 and 3, 
whereas separately each must perform goal 2 and goal 3. 
There is a saving of two goals in the total number of 
goals executed. Temporally, there can be a huge penalty. 
If either agent performs its first goals, it must wait until 
the other agent executes its first as well before they can 
proceed to the dependent goals. This team needs to coor-
dinate their goal to minimize waiting for one another. If 
we assume simultaneous execution of their first goals, 
then there is no temporal penalty. Under assumption 5b, 
at best they will do a different second goal and save one 
goal each. 
 
    Let’s extend this example to n agents and n goals. Un-
der assumption 5a, such a team will perform n2/4 + n/2 
goals as opposed to n goals. The goal savings is n2/4 – 
n/2, which is good but not as good as the maximal exam-
ple. Under assumption 5b, each agent at most can save 
n/2 - 1 goals. 
 
3 Metrics and Utilities 
 
In contrast to global savings, here we will take an indi-
vidualistic and utilitarian view of motivation for agents. 
Each agent must examine its own gains in its considera-
tion of teaming. In this section we will define concepts to 
measure an agent’s utility of interaction with other 
agents.  
 
    If multiple agents might perform a given goal, agents 
might have non-uniform chance of performing the goal. 
Let Li

j  denote agent i’s likelihood of performing goal j. 
For example, in the example of maximal dependency 
with 4 agents and 4 goals under assumption 5a, if we 
assume each agent who wishes an action to be executed 
will have equal chance of performing a goal, agent 3 con-
sidering goal 4 will have 1 in 4 chance of performing it, 
L3

4 = 0.25. If we averaged an agent’s likelihood of goal 
performance over all its goals in a given group, we will 
have our first metric that reflects the agent’s average like-
lihood of performing a goal in the group. We will denote 
this metric for agent i by Λi. I.e., Λ = 1/n Σ 

1
n
 (Li). We 

suggest that Λ can be used as a parameter to be used in 
motivation value for teaming. For agents that must per-
form their own goal, Λ = 1. An agent’s utility (U) can be 
defined as the gain it derives, i.e., compliment of having 
to absolutely do the job, U1 = 1 - Λ. 
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    Let’s consider a variation of the U1 metric. Instead of 
workload, let’s consider expected cost C of collaboration 
with equal probabilities of task preference as before (or 
its compliment, expected savings). This metric considers 
all options with their respective probability and costs. We 
will use the same example of maximal dependency with 4 
agents and 4 goals under assumption 5a. We will assume 
each task takes one unit of cost.  For example: 
C1 = 1+ (1/2)(1/3)(1/4)3 +  (1/2)(2/3)(1/4)2 + (1/2)(2/3)(3
/4) + (1/2)(1/3)(1/4)2 + (1/2)(2/3)(3/4)3 + (1/2)(2/3)(1/4) 
= 53/24. 
Along the same lines,  C2= 11/12, C3 = 6/12, C4 = ¼. 
The alternative metric is derived by subtracting the cost 
without collaboration from the expected cost, U1’. 
 
    Other than workload, timely performance is an impor-
tant consideration. To extend Λ, we will define Τ as a 
temporal motivation. If an agent may have to put off its 
goal achievement, it may pay a penalty of latency. Let’s 
assume each goal takes one unit of time for achievement. 
Then an agent who is delayed N units of time for a goal, 
will incur a penalty of Π. For example we may define Π 
= N/(N+ 1) for that goal. An agent with a single goal 
without considerations of other agents can be most timely 
by achieving its goal immediately and its penalty is 0. For 
agents with multiple goals, we can average their temporal 
latencies. We will now consider a utility parameter that is 
a linear combination of workload and temporal penalty: 
U2 = C1 * (1 - Λ) -  C2 * Π. C1 and C2 are relative im-
portance of workload versus time and C1 <= 1.0, C2 <= 
1.0. 
 
    We will consider that deals incur a cost. In fact, deals 
for each agent and each goal are different. Let’s extend 
U2 to include cost of deals. Let’s denote the actual cost of 
agent i’s deal with agent j about goal k as δij

k. But since 
in general agents won’t have access to this actual value 
they might have an expected value that might be based on 
prior experiences. If we assume δij

k =D/(D+1) where D is 
the number of deals. Let δπ denote an agent’s average 
projected costs of its deals. The new utility function has 
to account for the projected cost of deals: U3 = U2 − C3 * 
δπ. Here, C1 <= 1.0,  C2  <= 1.0, and C3 <= 1.0.  
 
    Let’s consider assumption 5b where agents do not see 
one another but their actions may benefit one another. 
There are certain circumstances when agents who could 
ordinarily deal and negotiate with other agents might find 
it more advantageous to focus on their own goals without 
regard or attempt to communicate with other agents and 
instead use timely executed goals by others. This is the 
basis of relying on stigmergy. Stigmergy is not depend-
able and all an agent can do is to determine experientially 

the most it has benefited from other agent’s past actions. 
If an agent can view other agent’s goal structure it can 
determine the most fortuitous situation when other 
agents’ goal performance can benefit them. Let’s denote 
average workload of an agent assuming most fortuitous 
stigmergy by Γ. A utility based on this situation can be 
defined as U4 = 1 – Γ. 
 
4 Strategies for Interaction  
 
Interaction is consideration of interface with other delib-
erating agents when making a decision to act on a goal.  
The need for modeling and understanding types of inter-
action can be found in e-commerce, auction portals with 
multiple buyers and sellers, across organizations as well 
as among individuals, and large space missions with 
scarce resources.  Electronic negotiation in such domains 
can be counterproductive and the agents must economize 
(Faratin, Sierra, and Jennings, 1998).  The scenarios in 
this section are a large class of problems in multiagency. 
In these strategies consider maximal dependency with 4 
agents and 4 goals and assume 5a. We use this example 
for illustration but the ideas apply in general.  
 
4.1 Non-negotiation  
 
If several agents wish for a goal to be performed, each 
will be equally likely to perform it without negotiation. 
Λ1 = 25/48, Λ2 = 13/36, Λ3 = 7/24, and Λ4 = ¼ and U1

1 = 
23/48, U2

1 = 23/36, U3
1 = 17/24, and U4

1 = ¾. Agent 1 
gains the least while agent 4 gains the most. If we con-
sider this example with a variation of U1’

1 = 43/24, U1’
2 = 

25/12, U1’
3 = 18/12, U1’

4 = ¾. With this modified metric, 
agent 2 clearly gains the most while agent 4 gains the 
least. 
 
4.2 Non-negotiation and temporal penalty 
 
Let’s consider temporal penalties with C1 = C2 = 1.0 and 
considerations of section 4.1. Then Π1 = 0, Π2 = ½, Π3 
= 2/3, Π4 = ¾, U1

2 = 23/48, U2
2 = 5/36, U3

2 = -1/24, and 
U4

2 = 0. Now agents 1 and 2 still have some gains 
whereas agent 3 will sustain a loss and agent 4 is even. 
 
4.3 Negotiation 
 
An agent facing this disparity in motivation might con-
sider that is fairer if all team members had an equal aver-
age likelihood of performing goals. In this case, agents 
need to enter a negotiation bargaining for different prob-
abilities of considering goals in order to attain an equal Λ 
for each of them. For example, in the example of maxi-
mal dependency with 4 agents and 4 goals, if we desire 
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the agents to have an equal Λi, a solution is derived by a 
system of quadratic equations that assume equal average 
workload for all agents (i.e., equal Λ) with the following 
results (recall that Li

j is the likelihood of agent i attempt-
ing goal j): L1

1 = 1.0, L1
2 = L1

3 = L1
4 = 2/15, L2

2 = 13/15, 
L2

3 = L2
4 = 3/15, L3

3 = 2/3, L3
4 = 31/180, and Λi = 6/15 

and Ui
1 = 9/15. In general, the system of equations for 

producing equal Λ is under constrained. This makes it a 
suitable for agents to negotiate and to arrive at equitable 
task decomposition. 
 
4.4 Non-negotiation, temporal penalty, and deals  
 
Ιf all deals have equal weights: Agents 1 and 2 will per-
form 6 six deals each, agent 3 will do 5 deals, and agent 4 
will do 3 deals. If we assume δij

k =D/(D+1) where D is 
the number of deals and C1 = C2 = C3 = 1.0: U1

3 = 
25/48– 6/7, U2

3 = 13/36 – 1/2 –6/7, U3
3 = 17/24 – 2/3 - 

5/6, and U4
3 = 3/4 – 3/4 - 3/4.  

 
4.5 When serendipity is better/worse? 
 
For example, consider the example of maximal depend-
ency with 4 agents and 4 goals. Agent 1 can at most 
benefit to have 2 of its goal be done by other agents so 
under most fortunate circumstances, Γ1 = ½, Γ2 = 2/3, Γ3 

= 1.0, and Γ4  = 1.0. U1
4 = 1/2, U2

4 = 1/3, U3
4 = 0.0, and 

U4
4 = 0.0. If we consider this example in the extended 

form with n agents and n task, at most fortunate Γ1 = 2/n 
and U1

4 = 1 – 2/n. For agent A1, if n < 5, this is worse 
than negotiation. For agent A1, if n >= 5, this probability 
of workload is clearly as good or better than any outcome 
it could have secured by communication. Naturally, it is 
not clear that A1 will actually have Λ1 = 2/n since there is 
probability that stigmergy will not favorable. We con-
clude that agents must make observations in their envi-
ronments and self-adjust to deal and communicate or rely 
on stigmergy. If they sense the presence of a high level of 
stigmergy, they should back off communication and 
merely use the fortuitous circumstances; otherwise, con-
sider communication. 
 
7 Related work 
 
(Alonso, 1999) presents a model of society that focuses 
on an individual’s agreements and negotiations. He dis-
cusses dependencies among agents and presents a calcu-
lus of negotiations that maximizes the agent’s overall 
utility. We have adopted the notion of weak dependency 
from this work. Research with multi-robot experiments 
use the term team and society loosely as multiple robots 
that collectively perform a task. No analysis of teaming is 

offered. Agents are not endowed with abilities to reason 
about their team participation or team formation. 
(Jennings and Watts, 1998) suggest programming lan-
guage constructs for teamwork written in Scheme, which 
is used to represent temporal structure of group plans. 
This system is applied to search and rescue experiments 
where multiple robots find and push large boxes but the 
agents are not endowed with abilities to reason about 
their own involvement. The programmer provides coor-
dination schemes and plans for the group.  (Mataric, 
1998; Touzet 2000; Vaughan, et al 2000; Simmons, et al 
2000) report on mobile robotic experiments that show 
cooperation among robots. The experiments describe 
cooperation algorithms. Although a central scheme gov-
erns coordination among agents, each robot does not in-
dependently enter and leave the group. (McCartney and 
Sun, 2000) describe a balanced binary tree data structure 
of tasks and their status to facilitate task allocation. This 
system assumes a globally shared plan with agents that 
are omnipotent and may take on any task. Unlike their 
claim to the contrary, since each agents must inform 
other agents of its view of task allocation and to broad-
cast its progress on its task, communication is high. 
 
8 Conclusion 
 
We have presented a scenario that agents who can ordi-
narily perform their own goals may either actively look 
into negotiation with others who plan to attempt the same 
goal or rely on luck of having their goals executed by 
others. We presented metrics and analysis of various 
cases. In realistic domains, agents may not have access to 
costs of deals as well as they may change their mind 
about what parameters such as time, workload, expected 
cost they care about. Such agents equipped with our met-
rics may compute the utility of their reliance on others 
and adapt their preference on goal execution. 
 
    Our assumption of likelihood of goal performance is 
not completely realistic since assuming equal probabili-
ties is too simplistic. One way to address this to rely on 
agent’s prior experiences of interactions to derive a esti-
mation. Without making the estimation, computationally 
recursive, negotiations and agreements are useful. We 
will explore these alternatives future work.  
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