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Abstract

1 Introduction

As computing systems become more advanced and complex, more is being expected out of them. Two of
these expectations are (1) to be able to self-adapt to various failures and (2) to have more integration with
humans. Rising expectations on self-adaptive systems include the ability to automatically correct itself in a
fluid and dynamic environment (autonomic systems). Multiagent concepts [3] are well-suited for developing self-
adaptive systems. Russell and Norvig [20] define agents as able to perceive and act autonomously such that their
actions are based on their own experiences rather than predefined knowledge. Multiagent systems exploit this
behaviour to self-correct, if an agent should fail, another agent can take over. One area of multiagent research is
to leverage organizational concepts to produce organization-based multiagent system such as Organization Model
for Adaptive Computational Systems (OMACS) [5], Organizations per Agents (OperA) [6], Organizational Model
for Normative Institutions (OMNI) [7], and HarmonIA [33]. By leveraging organizational concepts, the problem of
task allocation can be addressed in a general manner by capturing the necessary information. Various research
teams have applied these concepts in robotics, particularly to multirobot systems [2, 8, 9, 16, 25, 27, 30].

Traditionally, humans have been considered as users of a system; they are not typically considered as a part of
the internal process of the system. To facilitate better integration with humans, a system should include humans
as part of it’s internal process. By including humans as part of the system, the system is able to use humans as
part of its self-adapting mechanism(s) as well as to allow interaction to occur between various aspect of the system
with humans. Due to increased amounts of information to be handled when designing systems that include humans
as part system, the complexity often spirals out of control. However, organization-based models are well-suited to
facilitate this integration because they already provide a basic framework to begin capturing this information about
humans. Furthermore, by leveraging model-driven engineering (MDE), runtime models (commonly referred to as
models@run.time [23]) can be produced that are able to manage the complexity of dealing with these information
at runtime.

The question is what type of information do we want to capture about the human? Since the focus is on
facilitating better task allocation algorithms as well as better interactions with humans, information about human
performance needs to be captured. There are various factors that can impact performance. Wickens et al. [34]
have examined and explained a variety of human performance factors for particular tasks. There are a wide variety
of factors that affects performance, some are about the well-being of the humans, some are about the tasks, and
some are environmental. One way to capture these factors is through Performance Moderator Functions (PMFs)
[24], particularly human performance moderator functions (HPMFs).

This report proposes a runtime model based on OMACS that can capture performance factors as the first step
towards integrating humans as part of the system. The rest of this paper is organized as follows: § 2 highlights
the foundational work on which the work in this report is based. § 3 discusses research that are similar to the
work in this paper. § 4 talks about the proposed runtime model. § 5 highlights some of the limitations of the
proposed model as well as ongoing work in addressing those limitations. And we conclude in § 6 by highlighting
the contributions of including performance factors with respect to facilitating better task algorithms as well as
better integration with humans.

2 Background

This section highlights three key background areas required to understand this report. § 2.1 highlights the
organizational model that captures the ability of agents to carry out as well as facilitating reorganization. § 2.2
highlights the goal model that represents the goal of a system as well as capturing the progress towards that
goal. And finally, § 2.3 highlights the mathematical concepts that describes the performance and capabilities with
regards to humans.
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2.1 OMACS

TheOrganizationModel forAdaptiveComputational Systems (OMACS) [5] is a model for representing adaptive
groups that defines the knowledge required to allow reorganization due to failure or changing goals. As shown in
Figure 1, an OMACS organization consists of goals, roles, agents, and capabilities. Goals are high-level descriptions
of what the system is supposed to accomplish [19]. Conversely, roles are high-level specifications on how to achieve
specific goals. Agents are autonomous entities that can perceive and act within their environment [19]. Capabilities
represent the notion of an agent’s ability to perceive and act.

Figure 1. Organization Model

These entities are related to one another via a set of functions: achieves, requires, possesses, capable, and
potential. The achieves function defines the effectiveness (0.0 . . . 1.0) of a role in achieving a goal, where 0.0 means
that the role is unable to achieve the goal. The requires function defines the capabilities that a role needs in
order for agents to carry out the role’s behavior. The possesses function defines the effectiveness (0.0 . . . 1.0) of
an agent’s capabilities, where 0.0 means that the capability of the agent is broken or non-existent. The capable

function specifies how well (0.0 . . . 1.0) an agent can perform a role, which is obtained from the rcf function. The
rcf function derives the score by using the requires and possesses functions. The potential function defines how
well (0.0 . . . 1.0) an agent can perform a role to achieve a goal, which is also derived from the achieves and capable
functions.

OMACS-based systems use the potential function to automatically make assignments1. An assignment is a tuple
consisting of a single goal, a single role, and a single agent. As the capabilities of agents change throughout the
course of a system’s execution, these changes are reflected by the possesses function, which then is also reflected
by the capable function, and finally by the potential function. Should an agent reach a point where it is no longer
capable of performing a role, the capable function would reflect a score of 0.0. This would in turn cause the
potential function would reflect a score of 0.0 as well. This triggers the reorganization mechanism to replace the
failed agent. This process is how an OMACS-based systems adapt to failures.

2.2 GMoDS

The set of goals captured by OMACS is simple at best; it represents the current set of goals that the organization
is actively pursuing. A sophisticated model is required in order to represent a more complex set of requirements
such as optional goals, alternative goals, goals that becomes pursuable once certain goals are achieved, and goals
that come into play if certain conditions are met.

The Goal Model for Dynamic Systems (GMoDS) [15] captures a system’s requirements as a single goal tree.
The top-level or overall goal is decomposed into subgoals that follows the classic AND/OR goal decomposition
[32]. If all subgoals must be achieved to achieve the parent goal, then the parent goal is an AND-goal. Conversely,
a goal is an OR-goal if that goal is achieved when any of it’s subgoals are achieved. At the lowest level of the goal
tree are the leaf goals, which are goals that are used by OMACS for making assignments.

In addition, GMoDS provides two extensions to the classic AND/OR goal tree; (1) a sequential ordering for
achieving goals through the precedes relation, and (2) a triggers relation for specifying events that causes the

1Making an assignment is the term used to mean allocating a task.
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creation of new goals or removal of existing goals. If goal A precedes goal B, then goal A must be completed first
before goal B can be attempted. If goal A triggers goal B with event E, then while in the pursuit of goal A, goal
B is created every time event E occurs.

GMoDS provides the needed ability to track progression in achieving a system’s overall goal (the goal tree),
the ability to dynamically adapt to variations in system parameters (the triggers relations), and the ability to
systematically make incremental progress towards achieving the system’s overall goal (the precedes relation).

2.3 PMF

Human factors sciences is the study and understanding on the capabilities of humans. Human factors engineering
is the application of the knowledge about human capabilities to designing better systems. Wickens et al. [34]
provided a number of design principles and methodologies on how using knowledge can lead to better systems.

Performance Moderator Functions (PMFs) quantify the impact of human performance to internal and external
stressors. In addition, PMFs help to capture the role of personality and individual differences. A PMF cap-
tures a dose-response type of relationship between a performance moderator and the level of performance. These
moderators reflect significant dimensions of individual and group differences such as intelligence, skill, judgement,
leadership, emotion, organizational culture, motivation, dedication, and slips / lapses / biases. In addition, external
stressors on individual and / or groups such as task time, noise, fatigue, stree, and opponent actions.

3 Related Work

In multi-robot systems, Parker [17] states that there are three approaches to task allocation: bioinspired ap-
proaches, organizational approaches, and knowledge-based approaches.

In bioinspired approaches, observations on animal behaviors are applied to multi-robot systems. The robots
are typically homogeneous and exists in large numbers (i.e., swarms). Individually, each robot possesses very
limited capability. However, when they are grouped together in large numbers and interact as a collective, a
group-level intelligent behaviour emerges. Because it is assumed that every robot has ability to sense the relevant
information in their environment (i.e., stigmergy), communication among robots is reduced significantly. Even in
the situations when stigmergy is not available, robots only need to broadcast minimal information about their
state or environment. No communication ever occurs about which robots are performing which tasks. A task
is allocated when a robot senses that a task needs to be performed and proceeds to perform it. Should a robot
fail when performing a task, another robot simply replaces the failed robot. By following this basic behavior,
a collective of these robots can achieve the overall system goal. Examples of bioinspired systems are Balch and
Arking [1]; Kube and Zhang [11]; Kubo and Kakazu [12]; Matarić [13]; McLurkin and Smith [14]; Passino [18];
Stilwell and Bay [26]; Kazuo and Suzuki [28]; and Sun, Lee, and Sim [29].

Organizational approaches utilize organizational theory for task allocation in multi-robot systems. Robots in
these systems are typically heterogeneous as they can possess varying capabilities. Within the organizational
approaches are two approaches to task allocation: role-based and market-based. Role-based approaches employ
the use of roles to divide up the work that needs to be done. A role can consists of one or more tasks that
needs to be completed. Robots then select or are assigned the roles which are best suited for them based on their
capabilities. Examples of role-based approaches are Simmons et al. [25]; and Stone and Veloso [27]. Market-based
approaches use principles and theories of market economies to allow each robot to negotiate with other robots on
which tasks they should perform. Robots communicate with each other on the cost or utility of tasks and the tasks
are then assigned to the robot with the lowest cost or highest utility. Examples of market-based approaches are
M+ [2]; Sold! [9]; Sariel [21]; Sariel, Balch, and Erdogan [22]; Zlot and Stentz [36].

Knowledge-based approaches share ontological or semantic information among the robots as the basis for task
allocation. Since the robots in knowledge-based approaches are typically heterogeneous, the focus of knowledge-
based approaches is allowing robots to easily share information about their capabilities to each other. Various
techniques have been applied to sharing the information. COBOS [8] uses a task suitability matrix for task al-
location. The task suitability matrix maintains the suitability of each robot for each task. The suitability of a
robot is computed based on the intrinsic abilities of the robot to the task and the extrinsic factors of the task.
In ALLIANCE [16], every robot contains a model of every other robot. This model contains information about the
performance of the robots and tasks-related information. These models are populated through observation. Robots
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then use these models to determine which task(s) to perform. ASyMTRe [30] and ASyMTRe-D [31] captures the
capabilities of robots as schemas. Schemas are building-block type capabilities with inputs and outputs that are
semantic information types. By matching the inputs and outputs of schemas, a valid flow can be formed through
various schemas in completing tasks.

4 Attributes

OMACS [5] is currently unable to capture some types performance factors, particularly performance factors such
as location and reaction time. A number of additions and changes are required to facilitate OMACS to capture
these performance factors. Figure 2 shows the proposed additions and changes to the OMACS. Entities are rounded
rectangles, the directed lines are functions that link two entities together, and the squared rectangles are the result
of the functions. Greyed out elements are existing elements in OMACS. There is one new entity and four new
functions.

affects

Role Agent

Attribute
 (+|-) quantity |

(+|-) quality |

 unbounded 

hasneeds

value

constraint

amount Capability

requires possesses

Goal achieves

amount

score

score

Figure 2. Organization Model

The new entity is called an attribute. An attribute is a description or characteristic of an object. Currently, there
are five types of attributes: positive / negative quality-type, positive / negative quantity-type, and unbounded-
type. A quality-type attribute constrains the value to the 0.0 . . . 1.0 range, a quantity-type attribute constrains
the range to 0.0 . . .∞, and an unbounded-type attribute does not constrains the values. The positive or negative
prefix indicates the type of scale used to measure the values in relation to one another. Some attributes can be
represented as either positive (the higher the value, the better) or negative (the lower the value, the better). For
instance, energy versus fatigue. These two attributes represent the same concept except that for energy the higher
value is better, while for fatigue, the lower value is better.

The has function specifies a relation between an agent and an attribute and returns a value depending on the
type of that attribute: quantity (0.0 . . .∞), quality (0.0 . . . 1.0), or unbounded (−∞ . . .+∞). Since the has function
provides a unary relation between a single value of an attribute to an agent, it is straightforward to model more
complex characteristics such as location as location can be broken down into three attributes: longitude, latitude,
and altitude. A logical grouping of the three attributes (longitude, latitude, and altitude) into the location attribute
would not provide any theoretical benefits.

The affects function specifies a relation between a role and an attribute and returns an amount of the change
to the value of the has function. The amount captures the changes that are to occur at the completion of the role.
This amount can be either a positive (increasing) or negative (decreasing) amount, which is necessary because some
changes that increase future performance and some that decrease future performance. For instance, one approach
of capturing experience is through flight time (the higher the better). After performing a particular role, flight
time increases (which is generally a good thing) and fatigue increases (which is generally a bad thing).

The needs function specifies a relation between a role and an attribute and returns a set of constraints. The
set of constraints specify the requirements an agent needs to meet in order for it to be eligible for assignment.
The constraints are necessary because they are needed for making better assignments. Currently, there are four
operators for specifying constraints: ‘< x’, ‘= x’, ‘> x’, and ‘x − y’. A series of constraints are separated by ‘,’
operator. For instance, the constraints (< 10, 15− 17, > 20) means that any agent with that particular attribute
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and the value of that attribute is either less than ten, between fifteen and seventeen, or greater than twenty can
be assigned to play the role. The constraints specified as a set are purely disjunctive because the values of any
attribute represents a single state.

In OMACS, the capable function specifies a relation between a role and an agent and returns a value (0.0 . . . 1.0)
of how well an agent can play a role. Here, the capable function is redefined such that it reflects two functions:
rcf and raf. The raf (role-attribute function) specifies whether an agent has the necessary attribute(s) to play the
a role (true or false). The return value of the capable function is equal to the rcf if raf is true. Otherwise, the
return value is 0.0.

4.1 Evaluation

We use the conference management system (CMS) [4, 35] as basis for evaluating the usefulness of the proposed
model versus the original model. The CMS represents a conceptual model of the process that takes place leading
up to a scientific conference. For instance, the process where authors submit their papers, reviewers are given
papers to review, making decisions on whether to accept the papers, and sending the accepted papers for printing.
Figure 3 shows the GMoDS model that represents the CMS process, where system goals are represented and further
decomposed into subgoals. The top-level goal of the CMS is to manage submissions, which is decomposed into six
conjunctive subgoals, which are also further decomposed into subgoals. At the bottom of the goal tree are the
leaf goals, which are collect papers, distribute papers, partition papers, full paper, short paper, poster paper, collect
reviews, make decision, inform declined, inform accepted, collect finals, make CD, and print proceedings. In order
to set up the scenarios for the experiments, the review papers (which was originally a leaf goal) is decomposed into
three subgoals: full paper, short paper, and poster paper.

Figure 3. CMS Goal Model

Figure 4 shows the role model where each leaf goal is mapped to a specific role. These roles are required to
achieve their associated leaf goal(s). These roles also define what capabilities are required by agents in order to
peform them. Similar to the decomposition of the review papers goal, the reviewer role is also broken down into
three subroles: full reviewer, short reviewer, and poster reviewer.

The CMS experiments are set up such that there are a fixed number of 20 reviewers. There are 120 experiments
and each experiment have a fixed number of reviews that ranges from 30 − 150 reviews. In each experiment, we
compare four general reorganization algorithms; two algorithms for the original model versus two algorithms for the
proposed model. All four algorithms only utilize information that is provided by the models. The two algorithms
for the original model are the random and round robin algorithms, and the two algorithms for the proposed model
are the greedy and optimal algorithms. Although the goal model depicts the entire process of the CMS, the focus
of the experiments are centered on the goal review papers and its three subgoals.
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Figure 4. CMS Role Model

4.2 Results

The purpose of the reorganization algorithm is to distribute the reviews (n) to all 20 reviewers such that the
average quality of reviews remain as high as possible. The function to compute the quality of reviews is based
on the workload of the reviewer. We used the formula min

(

100

w
, 1
)

, where w is the workload of the reviewer, to
compute the quality of reviews produced by a reviewer. There are three types of papers to be reviewed: full papers,
short papers, and poster papers. A full paper adds 40 to workload, short paper adds 20 to workload, and poster
paper adds 10 to workload. For any n, the distribution of the types of papers to be reviewed are as follows.

f =
⌊

n

3

⌋

, where f is the number of reviews that are full papers.

p =
⌈

n

3

⌉

, where p is the number of reviews that are poster papers.

s = n− f − p, where s is the number of reviews that are short papers.

The random algorithm randomly selects a reviewer and assigns a paper to that reviewer. The process continues
until all papers have been assigned. Because of the random nature of the algorithm, for a given n reviews, the
random algorithm may randomly create the optimal assignment set or the worst assignment set. Thus, for every n

reviews, the random algorithm is performed 10, 000 times to normalize the results. Because the random algorithm
is for the original model, it does not have access to the new functions defined in the proposed model (Figure 2).

The round robin algorithm selects a paper and assigns it to the first reviewer in line (after which, the first
reviewer moves to the back of the line), selects the next paper and assigns it to the next reviewer in line, and so
forth until all papers have been assigned. The round robin algorithm is affected by the ordering of the papers
assigned. A good ordering results in a higher average, while a bad ordering results in a lower average. Because of
this, the ordering of papers is randomized and performed 10, 000 times to normalize the results for every n reviews.
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Because the round robin algorithm is for the original model, it does not have access to the new functions defined
in the proposed model (Figure 2).

The greedy algorithm sorts the list of reviews by their workload from highest to lowest. It then assigns the
highest workload paper to the reviewer with the lowest workload. This process continues until all papers have been
assigned. This algorithm always produce the same assignment set for a given n and so only one run is required.

The optimal algorithm maximizes the sum in Equation (1). Where wr is the workload of reviewer r and nr is
the number of reviews by reviewer r. In general, the problem of task allocation is NP-hard [10]. Even with the
sum in Equation (1), a general optimal algorithm is still required to search through all possible assignment sets to
find the one that maximizes the sum. Because of this, we did not implement the optimal algorithm to obtain the
results but rather computed the results by hand. Our analysis indicated that the optimal assignment set involved
keeping 19 reviewers at 100 workload or less, and 1 reviewer is assigned to review everything else.

20
∑

r=1

min(
100

wr

, 1)× nr (1)

Figure 5 shows the results of the four algorithms. There are two points of interest in the graph. The first cut
off point of 86 reviews is the point where all reviewers have a workload of 100 or less. After that point, at least
one reviewer will have a workload over 100. Because with 86 reviews; 28 of them are full papers, 29 of them are
short papers, and 29 of them are poster papers, which gives a combined workload of 1990. We have 20 reviewers
with a combined workload of 2000. At 87 reviews, we have 29 full papers, 29 short papers, 29 poster papers, which
is a combined workload of 2030. By utilizing information provided by the affects function, the greedy algorithm
is able to keep the quality of papers at 100% until 86 reviews, whereas the round robin begins to drop somewhere
around 45 reviews. Up to this point the random algorithm performed the worst.
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Figure 5. Results

Another point of interest is around the 105 reviews, where the round robin algorithm begins to perform slightly
better than the greedy algorithm. Around this point, the greedy algorithm produces an assignment set in which
every reviewer has a workload over 100. However, the round robin algorithm is still able to produce assignment
sets in which some reviewers have a workload of less than 100. This is situation is highly dependent on the order in
which the reviews are handed out; a good ordering produces higher average quality of reviews while a bad ordering
produces lower quality of reviews.
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5 Future Work

The models shown in Figure 3 and Figure 4 required a change to accommodate the ability to capture workload
requirements of the three types of reviews. To accomplish this the review papers goal is decomposed into three
subgoals, one for each type of review, so that the reviewer role can also be decomposed into three subroles. These
subroles are then mapped to different workload amounts. This is a limitation of the proposed model of Figure 2,
which we are addressing in an updated model as shown in a preliminary version in Figure 6. Ideally, the goal and
role model would remain unmodified to capture these type of information, a new model (tentatively called the task
model) links tasks (which are role-goal pairs) to performance factors, which brings us to the next limitation.

Figure 6. Organization Model

The affects function is specified as relation between a role and attribute with an amount. This is limiting in
three ways; (1) the amount does not take into consideration different goals that can be achieved by the role, (2) the
amount does not take into consideration different agents that can perform the role, and (3) changing the amount
during runtime requires external mechanism(s). In the next revision of the proposed model, all three limitations
are addressed through the task and performance factor entities. The task entity captures the role-goal pairings,
while performance factor captures PMFs that compute values. This approach presents an unintended benefit of
allowing a system to continuously track the status of agents.

The CMS experiments utilize only one attribute. Typically, PMFs are dependant on other PMFs and sometimes
the dependencies are circular. Utilizing multiple attributes should provide further insight into how these depen-
dencies can be capture as well as provide some ideas on addressing circular dependencies PMFs. Using multiple
attributes introduce the need to know how these values combine together so as to allow task allocation algorithms
to select the appropriate agent from a set of possible agents.

Having this information available provides a unique opportunity to predict effect of various tasks. For instance,
this information can be used to prevent situations in which the only agent capable of completing a task is assigned
to another task, thus rendering it unable to complete that task that only it can. This creates a ripple effect that
eventually leads to the system failing to achieve the top-level goal as there are no longer agents left capable of
completing the task. Using the information in a predictive fashion is something that will be explored once the
proposed model is in a stable state.

6 Conclusions

In conclusion, the proposed model (§ 4) is able to capture information about the state of agent through the
attribute entity. This is the first step toward including humans as part of the system. The associated functions
(has, affects, and needs) provide the structure so that a system is able to utilize the new information for task
allocation. The results shown in § 4.2 indicates that general algorithms can benefit from using these information
in the task allocation process. Although, there are some limitations to the proposed model, they are actively being
addressed for the next revision of the model.
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