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Abstract. Collaboration plays a critical role when a group is striving
for goals which are difficult or impossible to achieve by an individual.
Knowledge about collaborators’ contributions to a task is important
when solving problems as a team. However, a problem in many collabora-
tion scenarios is the uncertainty and incompleteness of such knowledge.
To investigate this problem, we present a collaboration framework where
team members use models of collaborators’ performance to estimate con-
tributions to a task, and propose agents for tasks based on these esti-
mations. We conducted a simulation-based study to assess the impact
of modeling limitations on task performance. The main results of our
simulation are that maintaining models of agents improves task perfor-
mance, but exhaustive model maintenance is not essential. Additionally,
we found that the ability of agents to update their models has a large
impact on task performance.
We then extended our framework to support more refined agent models,
and performed additional simulated studies. Our results indicated that
task performance is improved by the availability of additional reason-
ing resources and the use of probabilistic models that represent variable
agent performance.

1 Introduction

Knowledge of collaborators (or team members) is important when activities
are planned and performed together in order to reach a goal. However, estimating
contributions of team members to a task is a difficult problem, particularly when
agents do not have accurate knowledge of collaborators’ internal resources (i.e.,
capabilities and expertise). This can be due to a lack of experience with new
team members or new tasks, or due to agents’ limited information-gathering
capabilities.

In this paper, we investigate the problem of estimating contributions of team
members based on incomplete and uncertain knowledge of collaborators in the
context of three assumptions commonly made with respect to open systems
[1, 2, 3, 4, 5]:

Assumption 1. Individuals have local knowledge rather than global knowledge
(referred to as decentralized knowledge acquisition and administration). This



means that different agents have distinct models of collaborators’ internal
resources with different levels of uncertainty and incompleteness.

Assumption 2. Individuals exert control on the environment autonomously,
rather than merely following commands given by an overarching administra-
tion or a team member (referred to as decentralized control). As a result, the
behaviour of individuals should be coordinated as part of the coordination
of the team.

Assumption 3. Performance is influenced by the resources in the environment
and the agents’ interactions with the environment and with other agents.
Thus, while in principle agents may have the capability to perform a task,
success is not guaranteed if resources become restricted or unavailable.

These open system assumptions are more realistic than those made for closed
systems. Closed systems are self-contained systems which assume that knowledge
of collaborators’ internal resources is global. This means that agents have the
same knowledge of collaborators’ capabilities, as opposed to a situation where
each agent has local knowledge (Assumption 1). In a closed system, a central
agent controls a collaboration of agents, in contrast to a collaboration that re-
quires the consent of each agent (Assumption 2). Finally, task performance in a
closed system depends on factors that are explicitly represented, while task per-
formance in open systems is influenced by external factors that are not explicit
(Assumption 3).

Open system assumptions hold for various application scenarios, such as rout-
ing in peer-to-peer networks, decentralized task allocation in autonomous robot
groups, coordination of mixed robot and human teams, fault detection in a
computational grid, planning in multi-modal transport logistics, the design and
simulation of natural immune systems, and intrusion detection in a network of
systems. As an example of an open system, consider a situation where several
distinct groups of mobile devices intend to establish a decentralized telecommu-
nication infrastructure (the devices in each group are made by the same company,
and the devices in different groups are made by different companies). The mo-
bile devices in each group have diverse capabilities, which are not known to the
mobile devices in other groups prior to the collaboration. Thus, an agent that
collaborates well with mobile devices in its own group may encounter problems
when collaborating with agents in other groups.

In this paper, we present ETAPP (Environment Task Agents Policy Protocol)
– a computational framework that was developed to support the investigation of
different aspects of collaboration in a team of agents, with a particular emphasis
on the study of the impact of maintaining models of teammates when agents
have limited modeling abilities. The ETAPP framework describes a collabora-
tion scenario, where team members maintain their own models of collaborators’
capabilities to estimate their contribution to a task, and use these models to
propose agents for tasks. Coordination is important in this framework, particu-
larly when proposals made by several team members are considered to make a
group decision about allocating agent(s) to a task.
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We report on the results of two experimental studies conducted using this
framework. In our first experiment, we examined the influence of modeling lim-
itations on task performance. In particular, we considered variations in memory
capacity and learning ability of agents, and variations in accuracy of the models
maintained by the agents. The insights obtained from this experiment led to
refinements which allowed our framework to take into account variable agent
behaviour. The impact of these refinements were investigated in our second ex-
periment.

The remainder of this paper is structured as follows. In Section 2, we describe
the ETAPP framework for basic collaboration scenarios. In Section 3, we present
our initial simulation-based experiment and analyze its results. In Section 4,
we discuss the extensions of the ETAPP framework, followed by our second
experiment in Section 5. Related research is considered in Section 6, followed by
our conclusions and plans for future work.

2 The ETAPP Framework

The ETAPP framework is based on the assumptions of open systems mentioned
in the previous section. In addition, we assume that

– agents exhibit deterministic performance. This assumption implies that an
agent’s performance is the same every time a task is performed under the
same conditions. Hence, the true performance of an agent can be learned
from a single observation.

– agents use a common language and interaction protocol.
– agents are committed to strive for an optimal task outcome. This means

that they optimize the team performance according to the criteria of a task
rather than their own criteria.

In this section, we describe the ETAPP framework for collaborative agents.
For our description we adopt the following notation. Groups of agents are de-
noted in uppercase letters (e.g., A), individual agents are denoted in uppercase
letters with an index (e.g., Ai), and sub-groups of agents in uppercase letters with
tilde and an index (e.g., Ãi). Activities are denoted in lowercase letters with an
index (e.g., ai). Evaluation parameters of activities are denoted in Greek letters
with an index (e.g., αi), and estimations of evaluation parameters are denoted in
Greek letters with hat and an index (e.g., α̂i). Cardinalities of sets are denoted
in lowercase letters (e.g., m = |Ãi| = |{A1, . . . , Am}|).
Definition 1. A collaborative scenario S is represented by a tuple with five el-
ements E, TE , A, PA, and P , i.e.,

S = (E, TE , A, PA, P )

E corresponds to an environmental state space under which a task TE is specified,
A denotes a group of agents that considers task TE, PA is a policy which enables
the agents in A to make joint decisions, and P is a protocol that controls the
interaction between agents.
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In the following sub-sections, we define the elements of a collaborative scenario.

2.1 Environmental State Space E

Definition 2. An environment E is a state space described by predicates
which represent properties of (and relations between) locations and objects. A
state e ∈ E describes the status of these predicates at a particular step in a col-
laboration.

For example, an environment E may consist of a set of locations
L = {loc1, . . . , lock} and a set of objects O = {obj1, . . . , objl}. Each location is
described by its coordinates, e.g., loci = (xi, yi, zi) for i = 1, . . . , k. Each object is
described by features such as location (loc(objj) = loci), weight (weight(objj))
and size (size(objj)) for j = 1, . . . , l. A specific instance of this environment
would be a “table environment”, which has two locations, housea and houseb,
and two objects, a car and a table. An example of a state e is at(car, housea) ∧
in(table, car), viz the car is located at housea and the table is located in the car.
Currently, we do not represent uncertainties regarding observations of locations
and objects in the environment E.

2.2 Task TE

To assess how well a task has been accomplished, task performance is measured
based on criteria that evaluate the outcome of activities.

Definition 3. A task TE is represented by a tuple with three elements ECT ,
EFT and ACTT , i.e.,

TE = (ECT , EFT , ACTT )

The elements of the tuple TE are described as follows.

– ECT specifies the Evaluation Criteria relevant to task T, e.g., speed, qual-
ity or profit. ECT provides an array of place holders ECT = {ec1, . . . , ecn}
which receive values for these criteria when agents are proposed for an activ-
ity. The value for each criterion ranges between 0 and 1, where 0 corresponds
to the worst possible performance and 1 corresponds to the optimal perfor-
mance.

– EFT denotes the Evaluation Function for the task, which specifies the weights
assigned to the Evaluation Criteria (i.e., their relative importance to the
task), and the way in which the values for these criteria are combined. For
instance, the following evaluation function maximizes a linear combination
of n evaluation criteria:

EFT = max
n∑

i=1

eciwi

where wi ∈ [0, 1] for i = 1, . . . , n are the weights assigned to the evaluation
criteria. A weight close to 0 indicates a minimal impact of a criterion on
task performance, and a weight close to 1 indicates a high impact.
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– ACTT is a set of activities ACTT = {a1, . . . , ak}. Agents perform activities
aj for j = 1, . . . , k to accomplish the goal of a task (a predefined environmen-
tal state). Individual agents use the evaluation function EFT to evaluate the
agent performance of activities (Section 2.3.2).

For example, consider the task of moving the table in the table environment
from housea to houseb by using a car. The goal of this task is that the table is
located in houseb, i.e., in(table, houseb), and the activity of this task is lift. The
evaluation criteria are ectime and ecquality, with ectime being more important
than ecquality. These conditions are represented in an evaluation function such
as the following.

EFT = max{ectime × 1.0 + ecquality × 0.8} (1)

The task specification TE (ECT , EFT and ACTT ) is known and accessible
to all the agents in a group during a collaboration. That is, they know the
evaluation criteria, the evaluation function (and weights), and the activities.
When an agent assesses team members for a task, the values for the evaluation
criteria of an activity are filled in according to an agent’s estimations of team
members’ capabilities (Section 2.3).

2.3 Agents and Teams of Agents A

Our framework considers a team of autonomous agents that perform tasks.

Definition 4. A team of agents A is a set {A1, . . . , Aq}, such that Ai for
i = 1, . . . , q is an individual agent and Ãj for j = 1, . . . , r is a subset (or sub-
team) of A, where r = |℘(A)| is the cardinality of the powerset of A.

The behaviour of an autonomous agent is based on its own skills, reasoning
procedures, and knowledge of members in the team. Hence, we propose the
following definition of an autonomous agent.

Definition 5. An agent Ai ∈ A is represented by a tuple with three elements
IRAi , MAi and RAAi , i.e.,

Ai = (IRAi ,MAi , RAAi)

The elements of the tuple Ai are described as follows.

– IRAi specifies agent Ai’s Internal Resources, which represent an agent’s ca-
pabilities, such as skills or knowledge. It is encoded as a value that describes
how well the agent can perform an action in terms of the Evaluation Criteria
of the task (Section 2.3.1). The internal values of performance are not di-
rectly observable (only the resultant behaviour can be observed). Hence, they
cannot be used to propose agents for tasks (but they are necessary to simulate
agent performance, Sections 3 and 5).
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– MAi denotes Models maintained by agent Ai, which are represented as es-
timations of the performance of agents and sub-groups of agents in A (Sec-
tion 2.3.2).

– RAAi
, the Reasoning Apparatus of Ai, consists of processes for reasoning

about agents in the team (Section 2.3.3). The RA also allows for interacting
with team members according to a group protocol (Section 2.5).

When a group of agents A is given a task TE , the agents in the group act
in order to optimize the evaluation function EFT . Each agent in the group
participates in the process of selecting agent(s) to perform activities of a task.
The Reasoning Apparatus (RA) of the agents is used in this selection process,
and the performance of the candidate agent(s) is estimated by the models M .
Once agents are selected for the task, their real performance is determined by
their Internal Resources (IR), and the RA updates the models maintained by
the agents in the team for the selected agent(s). We now describe each element
of the tuple Ai in more detail.

2.3.1 Internal Resources IRAi

Formally, we say that IRAi = {act1, . . . , acts} is a set of activity tuples, where
· s denotes the number of activities defined in the task specification TE .
· actk = (ak, α1(ak), . . . , αn(ak)) for k = 1, . . . , s is a tuple with n + 1 elements

for activity ak (n is the number of Evaluation Criteria). The activities ak for
k = 1, . . . , s correspond to the activities defined in the task specification TE .

· αj(ak) ∈ [0, 1] for j = 1, . . . , n is an internal factor that represents the level
of performance of activity ak with respect to Evaluation Criterion ecj when
performed by Ai. 0 represents the worst performance and 1 represents the
optimal performance.

2.3.2 Models MAi

Models represent estimations of agents’ abilities as opposed to the
real abilities of agents. Formally, we say that MAi is a family of mod-
els {MAi(Ã1), . . . , MAi(Ãr)}, where
· r is the cardinality of the powerset of A.
· Model MAi(Ãl) = {âct1, . . . , âcts} for l = 1, . . . , r is a set of activity tuples.
· s denotes the number of activities defined in the task specification TE .
· âctk = (ak, α̂1(ak), . . . , α̂n(ak)) for k = 1, . . . , s is a tuple with n + 1 elements

for activity ak (n is the number of Evaluation Criteria). The activities ak for
k = 1, . . . , s correspond to the activities defined in the task specification TE .

· α̂j(ak) ∈ [0, 1] for j = 1, . . . , n is an estimated evaluation parameter of the
level of performance of ak with respect to Evaluation Criterion ecj ∈ ECT

when performed by Ãl. That is, α̂j(ak) is an estimation of αj(ak) ∈ IRAi .
· If a model for Ãl is not known to Ai then MAi(Ãl) = ∅.

If an agent has sufficient memory, it could maintain 2q − 1 models (one model
for each subteam excluding a model of the empty set), where q is the number of
agents. However, in realistic settings, an agent has limited memory and cannot
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maintain an exhaustive number of models. This constraint is represented as a
parameter pertaining to an agent’s memory boundedness (Section 4).

Additionally, the accuracy of models at the beginning of a collaboration is
important, because they influence how well agents estimate team members before
any observations have been made. This condition is represented as a parameter
that describes the relationship between the real capabilities of agents and the
models of agents (in our first experiment, we consider models that underestimate
the real capabilities of an agent).

The influence of memory boundedness and the accuracy of models on task
performance is investigated in our first experiment (Section 3).

2.3.3 Reasoning Apparatus RAAi

The RA receives as input an environment E, a task T, models MAi
, a policy

PA, and protocol P . It consists of processes for

– making a proposal, i.e., selecting agent(s) for a task according to the esti-
mated value of their evaluation function for the activity,

– communicating this proposal to other agents (Section 2.5),
– applying a policy PA in order to select a proposal from all communicated

proposals (Section 2.4), and
– updating its models MAi based on the observed performance of the selected

agent(s) (Section 2.5). The learning ability of an agent is important in im-
proving the accuracy of agent models. We assume invariant and deterministic
agent performance, and hence agents need only one observation to accurately
predict future performance of an agent. If an agent is not able to learn from
observations it will make predictions based on obsolete models. Therefore,
we experimented with teams that consist of agents that update their models
and agents that do not change their models (Section 3).

The estimations used by an agent Ai, the procedures for making and com-
municating a proposal, and the process for updating MAi may differ from those
employed by other agents.

2.3.4 Example
To illustrate the difference between agents’ internal resources IRAi and the

models of internal resources MAi , let us return to the table scenario, where the
evaluation criteria are time and quality. Two agents A1 and A2 are considered
for the table task and both agents are able to perform the lift activity, which
moves a “liftable” object from one location to another. The internal resources
for A1 and A2 are

· IRA1 = {act1}, where act1 = (lift, αtime(lift) = 0.25, αqual(lift) = 0.25),
· IRA2 = {act1}, where act1 = (lift, αtime(lift) = 0.15, αqual(lift) = 0.2).

The activity tuple act1 of each agent has two internal factors which reflect the
agent’s performance of the activity lift. For example, 0.15 is the internal factor
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for agent A2’s performance in relation to time, and 0.2 is the internal factor for
its performance in relation to quality. According to IRA1 and IRA2 , A1 lifts an
object faster than A2 (i.e., 0.25>0.15), and the outcome of A1’s lift is of better
quality than that of A2’s lift (i.e., 0.25>0.2).1

IRA1 and IRA2 are not known or accessible to A1 and A2. Therefore, the
internal resources of A1 and A2 are estimated through models. An agent can
access only its own models (it can not access the models maintained by other
agents), e.g., A1 can access only MA1 . These models allow each agent to estimate
the contribution of individuals or sub-groups of the team A. For instance, in the
above example let us say that the set MA1 for A1 is as follows:

MA1 = {MA1(Ã1 = A1),MA1(Ã2 = A2),MA1(Ã3 = (A1, A2))}, where
· MA1(A1) = {âct1}

· âct1 = (lift, α̂time(lift) = 0.15, α̂qual(lift) = 0.1),
· MA1(A2) = {âct1}

· âct1 = (lift, α̂time(lift) = 0.25, α̂qual(lift) = 0.35),
· MA1({A1, A2}) = {âct1}

· âct1 = (lift, α̂time(lift) = 0.4, α̂qual(lift) = 0.45),
and the set MA2 for A2 is as follows:

MA2 = {MA2(Ã1 = A1),MA2(Ã2 = A2),MA1(Ã2 = (A1, A2))}, where
· MA2(A1) = {âct1}

· âct1 = (lift, α̂time(lift) = 0.1, α̂qual(lift) = 0.2),
· MA2(A2) = {âct1}

· âct1 = (lift, α̂time(lift) = 0.25, α̂qual(lift) = 0.1),
· MA2({A1, A2}) = {âct1}

· âct1 = (lift, α̂time(lift) = 0.15, α̂qual(lift) = 0.2).

The values for activity parameters for models with |Ãj | > 1 are determined
by combining models of individual agents using specific aggregation functions for
different types of activities. These functions reflect the observation that the per-
formance of an activity improves up to a point as the number of agents increases,
and beyond that point, the performance reaches a plateau or deteriorates. For
example, lifting a table typically requires 2 or 3 agents; fewer agents may be
unable to lift the table, and more agents may jeopardize a successful completion
of the task.

2.4 Policy PA

In order to exhibit coordinated behaviour, the agents in a group should adopt
only one proposal. One way to ensure this outcome is for the agents to apply a
joint decision policy PA.

1 Although a shorter time is better than a longer time, the values for the evalua-
tion criteria are mapped to a [0,1] range where higher values always indicate better
performance than lower values.
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Definition 6. Policy PA consists of an election mechanism which selects a pro-
posal in a democratic fashion from those made by several agents (by incorporating
the opinion of each individual in a fair manner). The outcome of this election
is a collective choice of one proposal.

Definition 7. A proposal made by an agent Ai is a tuple that specifies an activ-
ity ak to be carried out by agent(s) Ãj, and provides estimations of the proposed
sub-group’s performance (prop perform) with respect to the evaluation criteria
{ec1, . . . , ecn}. These estimations are values α̂m of Ai’s model of Ãj. The activ-
ity ak corresponds to one of the activities defined in the Task Specification (Sec-
tion 2.2). Formally, a proposal has the form

proposal(Ai) = (activity ak, agent Ãj , prop perform (Ãj)(α̂1, . . . , α̂n))

Every agent subscribes to policy PA upon entering a team and applies this
policy locally. The local application of a policy by agents is a decentralized
version of a central application of the policy followed by a broadcast of the
outcome. That is, proposals made by team members are processed by each agent
according to the policy as opposed to one central agent that selects a team
member and then distributes the selection outcome to team members. A reason
for a local application of the policy is that a central agent could manipulate
the policy for selfish purposes (e.g., the central agent could always select itself
before other agents and distribute this selection outcome to team members).
Only the central agent collects and processes the proposals, and other agents
receive outcome of the policy from the central agent. If agents apply the policy
locally, each agent knows which agent is selected. Agents are then able to identify
an invalid proposal made by an agent that applies its own criteria (and not the
policy), and thus the team might decide to exclude this agent from the team. In
future work, we will compare the local and central application of the policy.

In our initial experiments, we considered an optimistic policy for selecting a
proposal. An optimistic policy selects the proposed agent with the most promis-
ing performance compared to all the other proposed agents. For example, ac-
cording to the evaluation function in Equation 1 and the values for MA1 and
MA2 in the previous section, A1 proposes that A1 and A2 lift the table together
(with EF = 0.4 × 1 + 0.45 × 0.8 = 0.76), while A2 proposes that A2 lifts the
table alone (with EF = 0.25× 1 + 0.1× 0.8 = 0.33). Each of these proposals is
the best proposal according to the models maintained by each agent. However,
A1’s proposal is selected, because it is more optimistic than the proposal of A2

(i.e., A1’s proposal has a higher value compared to A2’s proposal).
A significant shortcoming of the optimistic policy is that its outcome may be

unrealistic when agents make a proposal based on models that are far removed
from reality. This shortcoming could lead to undesirable results, e.g., where a
task can not be completed in time. Hence, in our subsequent experiments we also
considered the majority policy – a more stable policy which chooses the agent
that is preferred by most agents [6].

Another way to reach consensus between agents is by negotiation. This pro-
cess may reveal a better agent for an activity than the voting process. However,

9



1. ∀Ai ∈ A : proposalAi , proposal list← ∅
2. for each activity do
3. ∀Ai ∈ A : Ai generates proposalAi

4. ∀Ai ∈ A : Ai communicates proposalAi

5. proposal list ← {proposalA1 , . . . , proposalAq}
6. selected proposal ← select proposal (proposal list,PA)

7. observe real perform(Ãselected), where Ãselected ∈ selected proposal

8. M ′
Ai

(Ãselected) ← real perform(Ãselected)
9. end for

Figure 1. Pseudocode of the group interaction protocol.

agents must possess the capability to negotiate, which is a research field in its
own right [7, 8, 9]. In the future, we propose to investigate a combination of
voting with limited negotiation.

2.5 Interaction Protocol

Each agent follows the interaction protocol depicted in Figure 1 in order to
coordinate activities with other agents. This protocol uses the following variables:

– proposal(Ai) is a proposal made by agent Ai for i ∈ 1, . . . , q,
– proposal list is a list of proposals communicated by agents,
– real perform(Ãl) is an array of values that represent the real performance

of agent(s) Ãl with respect to the evaluation criteria {ec1, . . . , ecn}.
– M ′

Ai
is an updated version of MAi after the performance of the agents se-

lected in the proposal has been observed.

In line 3 of the protocol in Figure 1, each agent generates a proposal that
matches one or more agents with an activity. Each agent Ai uses its evalua-
tion parameters α̂ ∈ MAi to estimate the performance of each agent and sub-
group of agents for the activity in question. These estimates are sorted accord-
ing to the evaluation function EFT , and the agent then selects the best pro-
posal (in [10] we considered other ways of selecting a proposal). For instance, as
shown in the above example, this process results in A1 generating the proposal
[lift, (A1, A2),prop perform(A1, A2)(0.4, 0.45)] for the table scenario.

Once an agent has generated a proposal, it is communicated to the other
agents (line 4 in Figure 1). This is done by broadcasting the proposal to every
collaborator. Each agent then stores the proposals received from the other agents
in proposal list (line 5 in Figure 1). In order to reach a joint decision regarding
a proposal, each agent applies policy PA locally (line 6), selects a proposal, and
commits to the outcome of this selection.

Upon completion of the selection process, the agents specified in the selected
proposal (Ãselected) perform the task or activity in question (line 7). The real
performance of these agents, real perform(Ãselected), is based on their IR
(in contrast to the proposals, which use the models M). This real performance
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Figure 2. A typical Surf Rescue scenario.

is then used to update the existing models. At present, we employ a simple
updating function where the values that estimate a proposed performance (i.e.,
α̂) are replaced by values obtained from the real performance. In Section 4, we
consider algorithms which learn probabilistic agent models and take into account
the recency of observations during this process.

2.6 Example – Surf Rescue Scenario

In this section, we present an example that illustrates the ETAPP framework
in the context of the Surf Rescue (SR) scenario used in our empirical studies
(Section 3 and 5). In this scenario, which is depicted in Figure 2, the environment
E consists of the beach and the ocean, and the task is to rescue the Distressed
Person (DP ) in the shortest time possible. The lifesaver team assigns an agent
to the rescue activity based on models of an agent’s capabilities. This means
that the set of evaluation criteria is ECT = {ectime}. The evaluation function
is EFT = max{ectime}, where a high value of ectime signifies high performance,
and thus less time. ECT and EFT are accessible to the agents that perform the
activities of the task.

In this example, we have five lifesavers A = {A1, A2, A3, A4, A5} (at the
beach), and the task activity is to rescue the DP . This activity is represented
in the IR and the models M , and its value (according to ectime) depends on
the distance between the beach and the DP . The models in M are of individ-
ual lifesavers (i.e., |Ãj | = 1), rather than of sub-groups of lifesavers. We do not
assume that agents have prior knowledge of the performance of team members,
and hence the models of each agent are initialized with random values between 0
and 1 (in our second experiment, we investigate other methods of initialization,
where all initial models have a value of 0.5, or all initial models have a value
of 1.0).

Although each agent (lifesaver) in A possesses the capability to perform the
rescue activity, the agents endeavour to assign the best lifesaver to the rescue
based on models that each lifesaver has of the lifesavers in the team. To this
effect, the agents employ the optimistic policy PA, which selects the proposal
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Group Action A1 Action A2 IRA3 IRA4 MA1 MA1 MA2 MA2

Status (A3) (A4) (A3) (A4)

1 initialize initialize IR, M initialize IR, M 0.3 0.6 0.6 0.1 0.4 0.5

Rescue 1

2 select agent max{MA1} max{MA2} 0.3 0.6 0.6 0.1 0.4 0.5
3 broadcast propA1=(A3, 0.6) propA2=(A4, 0.5) 0.3 0.6 0.6 0.1 0.4 0.5
4 apply PA select propA1 select propA1 0.3 0.6 0.6 0.1 0.4 0.5
5 observe real perform(A3) real perform(A3) 0.3 0.6 0.6 0.1 0.4 0.5
6 update M real perform(A3) real perform(A3) 0.3 0.6 0.3 0.1 0.3 0.5

Rescue 2

7 select agent max{MA1} max{MA2} 0.3 0.6 0.3 0.1 0.3 0.5
8 broadcast propA1=(A3, 0.3) propA2=(A4, 0.5) 0.3 0.6 0.3 0.1 0.3 0.5
9 apply PA select propA2 select propA2 0.3 0.6 0.3 0.1 0.3 0.5

10 observe real perform(A4) real perform(A4) 0.3 0.6 0.3 0.1 0.3 0.5
11 update M real perform(A4) real perform(A4) 0.3 0.6 0.3 0.6 0.3 0.6

Rescue 3

12 select agent max{MA1} max{MA2} 0.3 0.6 0.3 0.6 0.3 0.6
13 broadcast propA1=(A4, 0.6) propA2=(A4, 0.6) 0.3 0.6 0.3 0.6 0.3 0.6
14 apply PA select propA2 select propA2 0.3 0.6 0.3 0.6 0.3 0.6
15 observe real perform(A4) real perform(A4) 0.3 0.6 0.3 0.6 0.3 0.6
16 update M real perform(A4) real perform(A4) 0.3 0.6 0.3 0.6 0.3 0.6

Table 1. Sample trace of the interaction protocol.

that promises the best performance. The group interaction between the agents
is based on the protocol in Figure 1.

To demonstrate the effect of the reasoning processes and the interaction pro-
tocol on the models of individual agents, we confine our discussion to the inter-
action between agents A1 and A2. In this example, A1 and A2 maintain only
models of agents A3 and A4 (i.e., MA1(A3),MA1(A4),MA2(A3) and MA2(A4)),
and generate proposals involving these agents. The values for the internal re-
sources of A3 and A4, and the initial models for these agents are shown in line 1
of Table 1. As seen from this line, the models are not consistent with the real
performance of the agents in question.

The first rescue task is performed as follows. A1 and A2 first select the best
agent according to the estimated time performances in their models (line 2 in
Table 1), and broadcast a proposal based on the selected agent (line 3). For A1

this proposal is propA1=(A3,0.6), while for A2 it is propA2=(A4,0.5).2 Both
agents then apply the optimistic policy PA to select the most optimistic proposal,
which in this case is propA1 (line 4 in Table 1). Hence, A3 will perform the
rescue. However, A3 does not swim as well as A1 had thought. After observing
the real performance of A3, which is real perform(A3)=0.3 (line 5), both
agents update their models of A3 (i.e., MA1(A3) and MA2(A3)) using the value
for real perform(A3) (line 6).

2 We use an abbreviated form of proposal, which contains only the proposed agent
and the proposed time performance.

12



In the second rescue, A1 still proposes A3, and A2 still proposes A4 (line 8).
However, this time, the optimistic policy selects A4 (line 9), since its pro-
posed performance (0.5) is now better than the proposed performance of A3

(0.3), which is obtained from its updated model. After observing the real
performance of A4, MA1(A4) and MA2(A4) are updated using the value for
real perform(A4), which is 0.6 (line 11). Upon completion of this step, the
models maintained by A1 and A2 are identical. Hence, in the third rescue, both
agents propose A4.

3 Experiment 1: Impact of Resource Boundedness

Our experiment was run under the surf-rescue scenario described in Sec-
tion 2.6, which had the following conditions.

– the rescue team consists of five lifesaver agents.
– one distressed person is rescued by the team.
– in each rescue, one lifesaver agent is allocated to rescue one distressed person.
– the evaluation criterion in the surf rescue domain is time.

We used this relatively simplistic collaboration scenario in order to obtain pre-
liminary insights into the influence of the modeling limitations of agents on task
performance. In the future, we will design more advanced experiments with more
complex collaboration processes. Such experiments may include larger teams (of
more than five lifesaver agents), agents that perform several activities (as op-
posed to one agent that performs one rescue), and several evaluation criteria
(e.g., time and quality).

Next, we present our experimental parameters, followed by a description of
the collaboration settings used in our simulations. We then provide a specifica-
tion of a simulation run, and present our results.

3.1 Experimental Parameters

To assess the impact of resource limitations on task performance, we consid-
ered the following parameters: Memory Boundedness (MB), M-IR Relationship
(MIRR), and Model Update (MU). These parameters pertain to an agent’s mod-
eling ability, and are assigned a range of values in our simulations.

– Memory Boundedness (MB) represents the average memory capacity of the
agents in a team that can be used to accommodate the models for the team
members. For example, MB=0% corresponds to no memory; MB=100% cor-
responds to sufficient memory to store all models; and MB=50% means that
on average 50% of the models are randomly discarded by the agents in the
team. Since this parameter models the average conditions for the team (as
opposed to the conditions for each agent), some agents may have sufficient
memory to store all the models, while others may have no memory (in our
second experiment, we model the memory capacity of individual agents out-
lined in Section 5). This parameter is used to model the effect of memory
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capacity on task performance. It is set when the models maintained by the
agents in the team are initialized.
The MB parameter is similar to the attentional resource limits considered by
Walker [11], and the memory boundedness investigated by Rubinstein [12].
However, both Walker and Rubinstein also considered inferential limitations,
while we consider agent-modeling limitations and group-related parameters.

– M-IR Relationship (MIRR) provides an upper bound for the degree to which
agents’ real capabilities are underestimated by MAi for each agent Ai in a
team (various relationships of models and internal resources are investigated
in future research, such as overestimation). For example, MIRR=0% means
that according to each agent Ai, all the agents in the team are estimated
to have no capabilities; and MIRR=50% means that for each agent Ai, the
agents modelled by MAi are randomly assigned capabilities between 0% and
50% of their real capabilities. This parameter constitutes a measure of the
accuracy of the models being maintained by the agents in the team. It is set
when the agents’ models are initialized.

– Model Update (MU) specifies the capacity of the agents in a team to up-
date (or learn) their models of the team members. For example, MU=0%
corresponds to no agents updating their models; MU=100% corresponds
to all agents updating their models; and MU= 50% means that half the
agents (randomly selected) update their models. This parameter models the
influence of agents’ learning capabilities on task performance. It is used in
the updating procedure carried out in Step 8 of the interaction protocol in
Figure 1.

These parameters pertain to the average modeling capabilities of a team. In
our first experiment (Section 3), we used team-based parameters (as opposed
to parameters pertaining to individual agent-based modeling capabilities). The
team-based parameters can be used to represent estimations of individuals with
average modeling capabilities. Team-based modeling capabilities are easier to
estimate than modeling capabilities of each individual agent. However, these
team-based parameters provide a basis for more refined agent-based parameters,
as done in Study 2 (Section 5).

3.2 Collaboration Settings

We constructed three settings where we varied the values of the collaboration
parameters MB, MIRR, and MU . These settings are denoted Set(SimParam),
where SimParam ∈ {MB,MIRR,MU} varies from 0% to 100% by 1% incre-
ments, while the other parameters stay at a constant 100%.

We also constructed three benchmark settings, rand, omni and def, for
comparative purposes.

– The rand (or random) setting defines a lower bound benchmark, where a
rescue is conducted by an agent that has been chosen randomly from the
group. In this setting, agents do not maintain models of their collaborators’
resources, do not communicate proposals, and do not update models.
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– The omni (or omniscient) setting defines an upper bound benchmark, where
the optimal agent of the group is assigned to a rescue. This setting is
consistent with the traditional assumption of teams in Multi-Agent Sys-
tems (MAS), where agents have accurate knowledge about the internal re-
sources of team members prior to the collaboration (i.e., all models are ac-
curate with respect to the real internal resources of agents), which results in
an optimal assignment of agents to an activity. In the omni setting, agents
do not update their models or communicate proposals, because all agents
have the same accurate models.

– The def (or default) setting defines agents where all the parameters are
set to 100%, i.e., all agents update their models (MU=100%), have enough
memory to maintain all models (MB=100%), and have a maximum upper
bound for model accuracy (MIRR=100%). The def setting offers the best
conditions for agents to reach high levels of performance. However, this does
not mean that agents in the def setting will eventually have accurate and
complete knowledge of collaborators, because the group can converge to a
local maximum (Section 3.4).

3.3 The Simulation

The simulation consists of 100 steps, where each step increments the simulation
parameter of a setting by 1% (e.g., MU is the parameter being incremented in
Set(MU)). Each simulation step in turn consists of 1000 runs (we selected this
number of runs because it yields stable and continuous patterns of behaviour).

A simulation run consists of a rescue task that is repeated until consensus is
reached. IR and M are initialized at the beginning of each run. In this paper, we
assume that team members have no prior knowledge of collaborators’ capabili-
ties. That is, lifesavers have not observed any performance of team members at
the beginning of a simulation run. Hence, IR is initialized with random values,
and M is initialized as specified in the collaboration and benchmark settings
(Section 3.2). IR remains constant throughout a run, while M is updated for
each rescue in the run. Models are different to the internal resources of each
agent at the beginning of each run. The models converge to the real internal
resources of agents and become more accurate with each rescue. The process of
convergence is influenced by an agent’s ability to learn and the availability of
memory to store models.

A simulation run is based on the interaction protocol outlined in Section 2.5
and works as follows. At the beginning of a run, different lifesavers may be pro-
posed for a rescue task due to the discrepancy between the models maintained by
the different agents. After each rescue, the agents update their models based on
the performance of the chosen agent. Hence, when a rescue task is announced in
the next turn, more agents are likely to propose the same lifesaver (but not neces-
sarily the lifesaver chosen for the previous task). Both experiments use a process
for reaching convergence that defines the end of a run. A run is terminated when
the same lifesaver is chosen in N consecutive turns (we have experimented with
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Figure 3. Average task performance for 1000 simulations plotted against the simula-
tion parameters for several collaboration settings.

N = 2 and N = 5; the results presented in Section 3.4 are for N = 2, and the
results presented in Section 5.4 are for N =5).

Upon completion of a simulation run, we calculate task performance as fol-
lows. The task performance for a run is the performance of the agent on which
the observers converged. This measure reflects the final outcome of the combi-
nation of the parameters of the simulation for the run in question.

The task performance of an agent is based on the values obtained from its
IR (Section 2.3.1) for the evaluation criteria relevant to the task (Section 2.2).
In the SR scenario, the only criterion is speed, i.e., the quicker the person in
distress is rescued, the better the task is performed.

3.4 Results

Figures 3 to 5 plot task performance as a function of the different parameters
in the collaboration settings. The x-axis in both figures shows the percentage
of the simulation parameter, e.g., when % of SimParam=50, then 50% of the
agents update their models (MU=50%). The y-axis in Figures 3 to 5 shows the
total level of performance for 1000 runs.

Overall, our experiments demonstrate that task performance is better in set-
tings where agents maintain models of the agents in the group than in settings
where agents do not have such models. Further, our results show that limitations
on the ability to model agents have a large influence on task performance.

As expected, the results for the rand and omni settings correspond to the
worst and best performance respectively, which are used as a benchmark for
comparison with other settings. The performance for the def setting is slightly
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Figure 4. Impact on task performance of the interaction between the increasing MU
parameter and five values of the MB parameter.

lower than that for the omni setting. This is due to the fact that agents in the
def setting sometimes converge to a local maximum, which is reached when all
the agents in the team estimate the performance of a particular agent below the
performance of other agents. Hence, this agent, which is in fact better for the
task at hand than a currently chosen agent, will never be proposed by any agent
in the group, and will never perform the task.

As seen in Figure 3, the local maximum obtained in other settings is generally
lower than the local maximum for the def setting. This is due to the lower
values of the collaboration parameters for these settings. We found that task
performance increases logarithmically as the available memory increases for the
agents in the team (MB setting). Further, if these agents store only 50% of all the
models on average, the performance is above 90% of the performance obtained
for the omni setting. Thus, all agents do not need to store all the models in
order to reach a high level of performance. This means, a designer of such a
system needs to allocate less memory to each agent and can still expect a high
performance outcome. In the MU setting, performance remains low until about
60% of the agents are able to update their models, at which point it increases
polynomially. Finally, the influence of the MIRR setting on task performance
is quasi-linear, with performance increasing when agents’ estimations of team
members become more accurate (MIRR setting).

The results in Figure 3 show that MU has the most dramatic effect on per-
formance, in the sense that a large percentage of the agents need to be able to
update their models in order to reach high levels of performance. Figure 3 also
shows that the influence of MB is important when proposing an agent for a
task, i.e., agents perform well even without storing a large number of models.
These results prompted us to investigate the influence of MU in combination
with the MB parameter. This combination yields the following two evaluation
sets: Set(MU,MB), which varies the MU parameter from 0% to 100% (by 1%),
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Figure 5. Impact on task performance of the interaction between the increasing MB
parameter and five values of the MU parameter.

while the MB parameter receives five values, and Set(MB,MU), which reverses
these value assignments.

Figure 4 shows the impact of the varying MU parameter and the five values
of the MB parameter on task performance, and Figure 5 shows the impact of the
varying MB parameter and the five values of the MU parameter. According to
Figure 4, varying the memory of agents between 25% and 100% has little impact
on task performance until the percentage of agents that are able to update their
models reaches 80%. The results in Figure 5 indicate that task performance for
each value of MU increases proportionally to the value of MB until MB reaches
about 30%; from then on MB seems to have a small effect on task performance.

4 Extensions to the ETAPP Framework: Modeling and
Reasoning Resources

In Section 3.4, we showed that memory boundedness and model updating
capability have a significant impact on task performance. These insights were
obtained under simplifying assumptions whereby an agent’s performance is de-
terministic and invariant, and hence observers can learn an accurate model of
an agent after a single observation (Section 2). In this section, we consider ex-
tensions of the ETAPP framework regarding modeling and reasoning resources
of agents, in order to determine if these insights hold under more realistic con-
ditions.

4.1 Extensions to Internal Resources IRAi

In the original framework, IRAi consisted of a set of numbers between 0 and
1 that described the level of performance of an activity. However, in realistic
settings, agents exhibit variable performance (e.g., they could be having a bad
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day). We represent such performance by means of a truncated normal distri-
bution, where the mean represents the ability of an agent, and the standard
deviation represents its stability (truncation is required so that we don’t exceed
the [0,1] thresholds). Thus, the values of the evaluation parameters αj(activity)
for j = 1, . . . , n (where n is the number of Evaluation Criteria, Section 2.3.1)
are drawn from a truncated normal distribution with mean µjk and standard
deviation σjk, NT (µjk, σjk), for j = 1, . . . , n. As for the deterministic agents, the
distribution is not directly observable, but the drawn values yield the observed
performance of an agent during simulations.

4.2 Extensions to Models MAi

Originally, due to the deterministic performance of agents, an agent’s perfor-
mance could be modeled by means of a single number (Section 2.3.2). When the
performance is variable, the observer agents need to learn the parameters of the
distribution from which the performance is drawn (in our case, this is a normal
distribution). Thus, α̂j(activity) = NT (µ̂jk, σ̂jk) for j = 1, . . . , n.

These modeling requirements give rise to an experimental parameter Obser-
vation Capacity (OC), which is a refinement of the MB parameter introduced
in Section 3.1. This parameter specifies how many observations of the perfor-
mance of each agent can be stored by an agent in its memory. When this limit is
exceeded, the observer agent retains a window of the last K observations (forget-
ting the initial ones). In the future, we investigate different weighing functions
that can be applied to these observations (thus we keep a list of K most recent
events for our current implementation as opposed to a list with only two num-
bers: current average of observed performance, and the number of observations
made). For example, greater weight could be given to more recent events than to
earlier events which in turn would influence the assessment of an agent’s ability
(which is similar to work by Hirsh and Davison [13]).

4.3 Extensions to Reasoning Apparatus RAAi

The variable performance of agents also demands the implementation of a new
model-updating procedure. We propose a simple procedure whereby an agent
re-calculates the mean and standard deviation of the observed performance of
an agent every time it performs an activity. Notice, however, that the results
obtained by this procedure are moderated by the observation capacity of the
observing agent. That is, if the observing agent can remember only the last K
observations of an agent’s performance, then the mean and standard deviation
are calculated from these observations.

5 Experiment 2: Impact of Modeling Refinements

The second experiment is designed to evaluate the extensions pertaining to
variable agent performance. Our simulation experiments assess the impact of
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Internal Resources and Observation Capacity on task performance. The model-
updating procedure described in Section 4.3 was used in all our experiments
(when OC=1, this procedure reverts to that used in our original framework). Our
simulation is based on the Surf Rescue (SR) scenario introduced in Section 2.6,
where the task is to rescue a person in distress.

5.1 Experimental Parameters

The requirements of the probabilistic models discussed in Section 4.2 give rise
to the experimental parameter OC , which is a refinement of the MB parameter
introduced in Section 3.1. This parameter specifies how many observations of
the performance of an agent performing a task can be stored by an observer
agent in its memory. When this limit is exceeded, the observer agent retains a
window of the last K observations (forgetting the initial ones).

5.2 Collaboration Settings

The collaboration parameters corresponding to our extensions were varied as
follows.

– Internal Resources – We defined teams of agents with different degrees
of stability: Invariant, Stable, Medium, Unstable and Mixed. The agents in
Invariant teams exhibit the same performance in all the rescues. Agents in
Stable teams exhibit low performance variability – the standard deviation
of their performance distribution ranges between 0 and 0.2. The standard
deviation for the performance of agents in Medium teams ranges between
0.2 and 0.8, and for agents in Unstable teams between 0.8 and 1. The Mixed
team includes a mixture of stable, medium and unstable agents. The mean
of the performance distribution is randomly initialized for the agents in all
types of teams. In the future, we propose to conduct experiments with high-
performing, medium-performing and low-performing teams.

– Observation capacity – We varied the OC of the agents between 1 and
8 (in our experiments, the performance did not change when agents had a
capacity of more than 8 observations, because more than 8 observations were
not made by an agent). When OC=i, agents retain the last i observations
made, and when OC=1, their observation capacity is as for the original
ETAPP framework.

In addition, we used the three benchmark collaboration settings that we have
defined for Experiment 1: rand, omni and def.

5.3 The Simulation

We ran one simulation for each combination of the collaboration parameters (IR
×OC×PA=5×8×2=80), plus one simulation for each of the benchmark settings,
rand and omni. Each simulation consisted of ten trials, each divided into 1000
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runs (we selected this number of trials and runs because it yields stable and
continuous behaviour patterns). Each run consisted of a rescue task that was
repeated until convergence was reached.

The IR and M for each agent are initialized at the beginning of each run. IR
are initialized as specified by the type of the team (e.g., Stable or Unstable), and
Models (M) are initialized with random values.3 The IR of each agent remain
constant throughout a run (the agent’s performance is drawn from the distribu-
tion specified in the IR), while M are updated from the observations made for
each rescue in the run.

5.4 Results

The results of our experiments are shown in Figure 6, which depicts the average
task performance as a function of OC for our seven types of teams – rand,
omni, Invariant, Stable, Medium, Unstable and Mixed.

Our measure of task performance for a run is the mean of the IR distribu-
tion for the agent on which the observers eventually converged. For instance,
in the example in Table 1, this agent is A2, whose IRA2(rescue) has mean 0.8
(stdv=0.3). This measure reflects the final outcome of the combination of the
parameters of the simulation for the run in question.

As expected, the results for the rand and omni settings correspond to the
worst and best performance respectively, and are used as a benchmark for com-
parison with the other settings. The performance for the Invariant team is
slightly lower than that for the omni setting. This is due to the fact that the
Invariant team sometimes converges to a local maximum, which is reached when
the agents in the team repeatedly select an agent that is not the best. This hap-
pens when the agents under-estimate the performance of the best agent to the
extent that it will never be proposed by any agent in the group, and hence will
never perform the task. These results are consistent with the results obtained
for the rand, omni and default scenarios in our previous experiment.

As seen in Figure 6, the average performance obtained for the other types of
teams is generally worse than that obtained for the Invariant team. This is due
to the higher variability in agent performance. In fact, the more unstable the
agents in the team are, the worse the performance becomes. We posit that the
main reason for this outcome is that the observing agents are unable to build
reliable models when team members exhibit unstable performance.

Task performance improves for Medium and Mixed teams when agents are
able to remember observations of the performance of team members. This im-
3 We also conducted experiments where all the models are initialized with a value of

0.5 (medium expected performance), and with a value of 1.0 (high expected per-
formance). The overall results are similar to those obtained with the randomly ini-
tialized models, except for the Invariant and Stable group of agents and the 0.5
initialization, which yield a worse average performance. This is because a run ter-
minates when the chosen agent’s performance is repeatedly better than 0.5, and so
other agents who may be better are not given a chance, thereby converging to a local
maximum (Section 5.4).

21



Figure 6. Average task performance plotted against observation capacity for several
types of teams.

provement is achieved with only 3 observations. Other types of teams or addi-
tional observations do not seem to have an impact on performance.

Finally, the performance of Unstable teams is not affected by the agents’
observation capacity, as the agents in these teams exhibit too much performance
variation for the observer agents to reach reliable conclusions.

6 Related Research

Collaboration between complex computational systems is a challenging prob-
lem which has been addressed by many researchers, e.g., [14, 15, 16, 17, 18, 19].
Several research projects have demonstrated that maintaining models of features
of collaborators can benefit different aspects of task performance. For example,
such features have been modelled in order to determine behaviour based on
collaborators’ utility-functions [20], achieve flexible team behaviour in military
domains [21], establish domain-dependent conventions among agents [22], or pre-
dict behaviour of “soccer-agents” under commonly-known domain dynamics [23]
or commonly-known action policies [24]. These systems are discussed in more de-
tail in the remainder of this section.

Suryadi and Gmytrasiewicz [25] and Gmytrasiewicz and Durfee [20] (ground-
work in [26]) investigated a decision-theoretic approach where each agent makes
decisions to maximize its own individual payoff by estimating the payoff of col-
laborators. According to this approach, an agent is given payoff matrices of
collaborators. When agent Ai estimates the payoff matrix of agent Aj (i 6= j),
agent Aj may in turn model the payoff of agent Ai, which would influence agent
Ai’s payoff matrix, and so on. This recursive nesting of models may lead to an
infinite recursion of models of collaborators, thereby outstripping the limited rea-
soning capabilities of an agent. Gmytrasiewicz and his collaborators prevent this
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problem by restricting the information provided about other agents. It is worth
noting that a payoff matrix enables an agent to reason about the behaviour of
another agent in order to increase its own utility. However, agents described in
[26, 25, 20] make individual decisions and do not communicate with each other,
our agents communicate proposals in order to make a joint decision.

Stone et al. [23] assume an ideal world model and suggest a model called Ideal
Model Based Behavior Outcome Prediction (IMBBOP) used by robot soccer
agents to make decisions based on values that represent the highest possible
performance of the agents in a team (e.g., highest possible speed of an agent).
Although information about upper-bound agent performance may be readily
available in synthetic domains, such as the robot soccer scenarios, it may not
be obtainable in realistic domains, and may not be generally assumed in open
system scenarios.

Kok and Vlassis [24] developed an approach called Mutual Modeling of Team-
mate Behavior which assumes that the action policy of each agent is known to
every agent. Hence, one agent Ai can apply the policy of another agent Aj (i 6= j)
in order to predict which action agent Aj will perform. The state sAi of agent Ai

together with the policy of this agent φi(si) determines the action that will be
chosen next. The success of this technique relies on the assumption that agent
Ai (that predicts the action of agent Aj) has knowledge of the state sAj of agent
Aj which ought to resemble the actual state of Aj . However, in open systems
such as that implemented in the Surf Rescue scenario, the proposal-selection
procedure of an agent is usually not known to other agents, and hence can not
be used by collaborators in a team.

Garland and Alterman [27] designed agents that store successful collaboration
events in the form of execution traces. An agent can then re-use these execution
traces in situations that are similar to the situations where the traces were
made. An advantage of these traces is that they are dynamically generated,
and do not require a significant design effort. However, they do not contain
generic information about agents, and they do not explicitly represent resources
of collaborators. Hence, they are not readily re-usable in different domains or
different situations.

The research area of User Modeling (UM) deals with the problem of modeling
collaborators or agents, and cannot assume direct access to or an accurate model
of collaborators’ resources. In UM, an agent can form a model of a user in order
to assist her/him [28]. For example, Vassileva et al. developed I-Help [29], which
is a large scale multi-agent system that provides students with distributed help
resources. Personal agents represent students’ personal preferences. Matchmaker
agents collect this information from personal agents, and match students that
require help in a certain topic with students that are able to provide help. The
incorporation of our model-update mechanism into the models maintained by
the matchmaker agents would increase the accuracy of these models, and hence
improve their usefulness for help-seeking students.
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7 Conclusion and Future Work

We have offered the ETAPP framework for agent collaboration which ex-
plicitly models the following aspects of a collaboration: the environment, the
requirements of the task, the capabilities of collaborators, the decision-making
process, and the interaction protocol.

Our framework provided the basis for two empirical studies where we investi-
gated the effect of different limitations of modeling abilities on task performance.
Specifically, our first experiment considered the following modeling based pa-
rameters: memory boundedness, model accuracy, and the ability to learn from
observations. Our second experiment investigated refinements pertaining to the
modelling and reasoning resources of agents.

The main conclusion of our first experiment is that limiting the modeling
abilities of agents has a large negative influence on task performance. Specifically,
limitations on the ability to update models have the most dramatic effect on
performance. Our results show that a well performing team requires at least
50% to 60% of agents able to update their models. Regarding memory resources,
agents perform well only when they are able to store models of at least 20% to
30% of all team members. Finally, our results indicated that the relationship
between the underestimation of agents’ abilities and agent performance is quasi-
linear, with performance increasing when agents’ estimations of team members
become more accurate.

In our second experiment, we have extended our ETAPP collaboration frame-
work to model team members that exhibit variable performance. This requires a
probabilistic representation of agent performance, the specification of the num-
ber of observations retained by observer agents, and a procedure for building
agent models from these observations. To evaluate our extensions, we varied the
performance stability of teams of agents, and the number of observations re-
tained by observer agents. Our results show that performance variability has a
large impact on task performance, and that a small number of observations of
agent behaviour is sufficient to improve task performance.

We propose the following extensions to our research.

– Investigate models of team performance as an extension of our current im-
plementation, where we consider models of only one agent.

– Decentralize the evaluation of performance. This means that each agent uses
a different function to evaluate observed performance, as opposed to our
current approach where one evaluation function is used by all agents.

– Compare central with distributed decision making procedures, specifically
decisions made by a leader, or decisions derived from voting and auctioning.

– Build additional communication protocols for transmitting proposals be-
tween agents (Section 2.5).
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