


tion cycle for the two different graphs and the result was a significant
difference for p < 0,05. More in detail for the scale-free graph we
had an average value of about 15,7804 and a standard deviation of
about 7,7786, while for the random graph we had an average value
of about 13,1765 and a standard deviation of about 3,7111. The ¢
value was consequently of about 2,1363.

Increasing the number of connections though, we noted that this
difference started decreasing so that with p. = 0,2 we found no more
a significant result.

Adding a little percentage of mutations (1%) to the base setup we
had an even stronger decreasing of dispersion and a more significant
difference (Figure 3): average value for last cycle dispersion in the
scale-free graph over 50 replications was about 10,7980 with a stan-
dard deviation of 4,6018, while in the random graph it was about
8,0026 with a standard deviation of 2,5320. The ¢ value was about
3,7635 and so the probability that the difference between topologies
could depend on chance was less than 0,01 percent.
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Figure 3. Dispersion through time in the two considered topologies:
random graph (line) and scale-free graph (“+” points), with p. = 0,1 and
mutations at 1%

Even in this case the increasing of p. had the effect of hiding the
effect of topology in the assimilation dynamic. The same result was
given by the introduction of an higher percentage of mutations (5%).

A result that remains constant through conditions is the fitness
trend that in a few generations reaches an intermediate value and
tends to stay stable throughout time (an example is reported in Fig-
ure 4).

5 DISCUSSION AND FUTURE WORK

We formalized the social construction of a representation of an ele-
ment of novelty as a process that requires finding a satisfactory so-
lution to a complex equation. The less coherent, with respect to the
individual’s view of reality, this solution will be the more he will feel
the urge to come to a different solution and integrate the new element
in a more stable structure. Moreover we imposed that the only way
to reduce this angst would have been social exchange of opinions.
In all experimental conditions, based on these premises, we as-
sisted to the emerging of a shared representation. We were surprised
that the assimilation dynamic, though being subjected to the pressure
towards high coherence, did not succeed in taking the fitness up. We
would have expected it to behave like a genetic algorithm, instead
it showed a peculiar course that deserves further in-depth studies.

Figure 4. Average fitness through time in the population for the random
graph (line) and the scale-free graph (“+” points)

However this result is perfectly in line with Moscovici’s theorization
which postulates, in the process of construction of a social repre-
sentation, the sacrifice of a certain amount of internal coherence in
favour of the probably more essential dimension of sharing.
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Utility Seeking in Complex Social Systems: An Applied
Longitudinal Network Study on Command and Control

Joshua Lospinoso’, lan McCulloh'®?, and Kathleen M. Carley?

Abstract. Humans are autonomous, intelligent, and adaptive
agents. By adopting social network analysis techniques, we
submit a framework for the study of dynamic networks and
demonstrate the use of actor-oriented specifications in
longitudinal networks. Through the use of a unique command
and control dataset from experiments run at the US Military
Academy, we illustrate the power of testing hypotheses on actor
utility profiles. We frame static, covariate factors onto
communication networks, and find that statistical hypothesis
testing indicates edge networks truly motivate soldiers to seek
information, collaborate, and modify the social network around
them into more comfortable configurations of triad closure and
edge reciprocity, when compared to hierarchical networks: a
finding with profound implications to the study of complex,
adaptive social systems.

1 INTRODUCTION

Multi-agent simulation is rapidly emerging as a popular tool for
understanding complex social and organizational structures.
Historically, these models have been either very simple, or have
contained few agents due to issues of computational complexity.
As the power of computers continues to increase rapidly, more
complex multi-agent simulation models are needed. Social
network analysis has become equally popular for understanding
social and organizational structures. This paper applies methods
in longitudinal social network analysis to multi-agent simulation.

Human organizations and social groups are composed of
individuals. The individuals can be related in a number of
different ways: friendship, trust, ethnicity, shared ideology,
shared goals, and more. Some of these relationships are
important in understanding the behaviour and actions of the
organization or social group. Other relationships are
unimportant.  Furthermore, some relationships affect others,
creating very complex dynamic behaviour.

Multi-agent simulation is used to model individual agents that
can act, interact, and learn. The agents exist in an environment
where their interaction is constrained by their position in various
social networks defined by the aforementioned relationships
among others. Group behaviour emerges as a result of the
complex interaction between agents.

Understanding network structure is very important for
modelling social groups and organizations in a realistic manner.
For example, Valente [1] was interested in modelling the
diffusion of contraceptive innovations in the Cameroon. He
found that real-world adoption rates did not follow simulation
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models when the network relationships were ignored. An
individual’s decision to adopt an innovation is highly dependent
on the decisions of adjacent individuals in a social network.
Assumptions of random mixing of individuals, therefore,
generate inaccurate adoption rates since trust and friendship
networks are important factors. When the simulation accurately
models the underlying social networks of people in the
Cameroon, more accurate diffusion models are obtained. For a
more thorough review of the diffusion of innovations, see
Valente [1].

Understanding social networks is not only important for
modelling diffusion processes. Social networks are important
for modelling any social group or organization involving
humans. Multi-agent simulation modellers should be familiar
with important theories in social network analysis that govern
relationships between individual agents. Incorporating some of
these theories into simulation models will contribute to more
realistic models.

It is also important to be able to identify what social theories
are applicable to certain problems and situations. Relationships
that may be important in one context may be unimportant in
another. Social network analysts are able to statistically test for
the significance of various social theories in longitudinal
network data. Equipped with significant theories governing
network formation in empirical data, the multi-agent simulation
modeller can include these factors in their simulation, thereby
creating more realistic agent interactions.

This paper will present a novel approach to multi-agent
simulation and demonstrate it on a real-world network data set.
Longitudinal network data is collected in a natural experiment
focused on studying shared situational awareness and
communication. An actor-oriented model [2] is fit to the data to
determine significant social theories contributing to network
dynamics. These theories can then be incorporated in a multi-
agent simulation model to create more accurate organizational
behaviour.

The paper is organized as follows. First, we describe a theory
of network dynamics used in social network analysis. Next, we
describe the concept of network utility. In Section 4 we describe
network data collected from a natural experiment conducted at
the U.S. Military Academy. Section 5 describes a longitudinal
analysis of that data, with the results presented in Section 6. In
Section 7, we highlight implications for multi-agent simulation
modellers and provide directions for future work.

2 NETWORK DYNAMICS

Network dynamics is a term used in social network analysis to
describe the behaviour of networks over time [3,4,5]. Social
network analysts have been conducting research in this area for
quite some time [2,6,7,8,9,10,11,12,13,14,15]. There are four



behaviours that can occur in a network over time: Stability,
Evolution, Random Change, and Mutation.

Network Stability occurs when the underlying relationships
that connect agents in a network remain the same over time [15].
The observed data may contain error. Some relationships may
not be observed, while some observed connections may be
inadvertent and no relationship exists.  Consider email
communication. An agent may communicate with some friends
every day, others sporadically, and they may even accidentally
email someone they do not know by hitting the wrong name in a
distribution list or replying to all in an email. While the
observed networks may fluctuate from day to day, the
underlying relationships remain unchanged. They have reached
a dynamic equilibrium for at least the short term.

Network Evolution occurs when agent interaction over time
changes the underlying relationships [3]. Furthermore, evolution
assumes that there is some underlying stochastic process that
causes change over time. There are two leading approaches for
modelling network evolution. One general class of approach is
to use Markov chains [16,17,18,19,20,21,22]. Under this
approach, the network transitions from one network state to the
next over time. The future state of the network is conditioned
only on the current time step and not previous time steps.
Research has focussed on the structure of the transition matrix
that governs the evolution of the networks.

An alternate approach for modelling network evolution is
multi-agent simulation [3,23,24,25,26,27]. Under this approach,
agent based models are created in which agents interact
according to some established social theory. Interactions allow
the agents to change in some important way that may affect
future interaction.

Random Change in a network occurs when the future
behaviour of the network is independent of the current state [5].
In other words, the agent interaction is affected by something
external to the network. For example, an Army platoon may
evolve as individual agents interact and communicate. When
that same Army platoon comes under attack by the enemy, there
is something fundamentally different about their relationships.
There is not anything inherent in the individual agent
interactions that could have predicted the change in network
behaviour as a result of the enemy attack.

It is also possible that a random change could initiate network
evolution [5]. We call this type of behaviour a Mutation. In our
Army example, it is possible that under the stress of enemy
combat an individual agent displays remarkable courage or
cowardice. This individual behaviour may improve or remove
the status of an agent. Other agents in the network may respond
differently to agent based on their actions during the random
change.

One possible explanation of network dynamics is agent-driven
optimization. Agents in a network attempt to optimize their
utility subject to various costs and constraints. Under this
concept, stability can be viewed as an equilibrium surrounding
some local optima. Evolution can be viewed as the network
converging on some new dynamic equilibrium. Random change
is still exogenous to the network and changes the state of agents
in the network. If this change results in some other local optima,
then the network reaches some new stability states. Otherwise,
the network experiences mutation as the network converges to a
new equilibrium. This concept of agent-driven optimization is
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further explored in this paper as an approach for modelling
complex adaptive social systems.

SNETWORK UTILITY

The concept of actor-driven models for network evolution was
proposed by Snijders [2,28]. Several applications of this model
have been presented [29,30,31]. Snijders’ concept of actor-
driven models views a network from the perspective of
individual agents. Each agent can control the set of outgoing
links to other agents in the network. His seminal assumption is
that actors perform myopic stochastic optimization in continuous
time. These changes are Markovian and depend on network
structure, attributes, and observed covariates.

Social network analysts use Snijders’ actor-driven model to
determine what pre-defined social factors are important in
describing the evolution of empirical social network data.
Snijders [2] defines 11 potential objective functions that have
some sociological meaning:

1. The density effect is defined by the number of links an

agent has to other agents in the network.

2. The reciprocity effect is defined by the number of links to
other agents that are reciprocated, in that when an agent
links to a target agent, that target also links back to the
original agent.

3. The transitivity effect is defined by the number of
transitive patterns among an agent’s connections. A
transitive pattern occurs when two of an agent’s
connections are connected themselves. This is also
known as a transitive triplet. Transitivity follows the
logic that two agents are more likely to know each other
if they have a common friend.

4. The balance effect is defined by the similarity of
outgoing links between an agent’s connections. This
theory is driven by the idea that there are positive and
negative links and an agent is uncomfortable having both
relations simultaneously. In other words the enemy of
my friend should be my enemy and the friend of my
friend should be my friend. If | am friends with my
enemy’s friend, | will feel uncomfortable. This effect is
highly correlated with the density effect and transitivity
effect. If both are included in a model a correction for
the correlation between effects should be included.

5. The number of geodesic distances of two effect is defined
by the number of other agents that an agent is indirectly
connected to through an intermediary agent.

6. The popularity effect is defined as the number of links an
agent has coming from other agents in the network.

7. The activity effect is defined as the number of other
agents that can be reached by an agent in two steps.

8. The main link effect is a covariate effect for links in the
network.  The other objective functions might be
weighted by certain relationships. For example, a link to
an agent of high prestige or rank might be more valuable
than a link to an agent with equivalent status.

9. The related popularity effect is a covariate effect for
agents in the network. This is defined for an agent, i, as
the sum of the popularity effect of all other agents
connected to agent i.

The related activity effect is a covariate effect for agents
in the network. This is defined for an agent, i, as the sum
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of the activity effect of all other agents connected to
agent i.

The related dissimilarity effect is a covariate effect for
agents in the network. This is defined as the sum of the
differences in some important attribute between an agent
and its’ direct connections.

Agents in a network can also experience constraints as well as
objectives. Agents can be constrained in the number of links
that they can maintain to other agents in the network. This
constraint models cognitive limitations on individuals. A person
is not capable of maintaining meaningful relationships with
hundreds of people. Other constraints may be imposed on the
agents in the network. Snijders does not consider constraints in
his model to simplify computation. When estimating the effects,
the density effect often has a negative coefficient. This is
interpreted as an observed constraint on node degree. See
Snijders [2] for a more thorough explanation. Our aim is to
present considerations in multi-agent simulation based on social
network analysis and not to generate a comprehensive model.

Under a network utility model, an agent will change its
outgoing links in such a way as to increase its overall utility,
which is equivalent to optimizing its objective function. It is
important to note that the list of objective functions are
suggestions and are non-exhaustive. When tested against
empirical data, only a subset of the objective functions may be
found to be significant. Undoubtedly, an analyst could consider
other important social factors. Therefore, when using these
objective functions in a multi-agent simulation, the modeller
should use some intuition in determining important effects.
Ideally, a modeller could record empirical data, use Snijders’
actor-driven approach to determine significant objective function
effects as his approach was intended, and then use those effects
in a multi-agent simulation to make inference on the future
behaviour of the network.

It is important to point out differences between network utility
and classic game theory. Common applications of game theory
intend to focus on trading scarce resources. The network utility
approach does not consider the transfer of resources, rather
agents attempt to optimize their position in their social network.
This approach may not be common in multi-agent simulation,
but it is supported in the social sciences.

11.

4 DATA

Parity Communications in collaboration with the Higgins Trust
Framework and the Social Physics project constructed the
ELICIT software package. Installed on client computers, the
software serves as the platform for studying organizational
efficiency and effectiveness. The four phase experiment entails
an introduction, practice round, a one hour exercise, and a wrap
up. During both the practice round and the actual exercise, thirty
four subjects are randomly assigned to one of two organizations:
a typical hierarchically arrayed organization (C2) and a control-
free, self-organizing organization (E). These two organizations
operate independently for the duration of the exercises.

The goal of the organization is to identify a terrorist attack
based on bits of information distributed around the organization.
After ten minutes of the one hour experiment, all of the correct
information has been issued to the organization. Among the
correct bits of information, or factoids, are also distributed false
factoids. Each agent receives four factoids, and they must
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corroborate within the organization to come up with the correct
arrangement of who, what, where, and when. The C2 group is
comprised of a squad leader, four team leaders, and twelve team
members. Communications among these agents are restricted to
the following graph in Figure 1:

Squad Leader

Team Leader Team Leader Team Leader Team Leader

Team Member
(x4)

Team Member
(x4)

Team Member
(x4)

Team Member
(x4)

Figure 1. C2 Communications Hierarchy

Each team is dedicated to identifying one key element of the
terrorist attack: who, what, where, and when.

The E group is comprised of seventeen agents with full
communication capability across the organization. There are no
defined teams, but the goal remains the same: positively identify
the terrorist attack. All agents have the ability to post their
information on their organization’s website. Within the E group,
this website is global to the organization. The C2 group has
separate websites for each echelon (four teams and one squad
site). The hierarchy in Figure 1 describes where each agent can
post information. Agents can also share information with other
individual agents. Once an agent believes that it knows any
number of correct factoids, it can report its belief through the
“identify” function to its immediate superior in the C2 group or
to the entire network in the E group.

Data was collected on two iterations of ELICIT experiments
conducted at West Point. During one iteration, the cadets were
allowed to communicate within an edge-network configuration.
In the other, the cadets were required to adhere to a strict
hierarchy. Other than these systemic restrictions, the two
iterations were run identically for an actual test run of two hours.

The human participants in this experiment were all cadets at
the U.S. Military Academy between the ages of 17 and 23. The
experiment was approved for ethics and safety by the West Point
Institutional Review Board. All participants received a briefing
on the experiment, consented to participate, and had the option
to leave the experiment at any time without any adverse impacts.
The investigators conducting the experiment were not in the
participants’ military chain of command, so no undue influence
was exerted in this experiment.

5 METHOD

We use the social network software package SIENA [32]
which implements an actor-oriented network model [2] to
analyze data from two iterations of the ELICIT experiment.
Adjacency matrices were constructed to reflect the structure of
communication networks over time. These are un-weighted
(dichotomous), directed, and non-reflexive square matrices. We
must define time intervals in which to discretize or bin the data.
Following the guidelines set out by Steglich and Snijders [33],



we chose five bins. Each edge ej;; was assigned a positive value
(of one) if one of two conditions was met: cadet i sent cadet j
information during time bin t, or cadet i posted information on a
team website sometime between the start of the experiment and
time t which cadet j retrieved during time t.

Next, we defined covariates. This step is crucial and warrants
special attention when conducting an actor-oriented model
specification under the SIENA framework. Covariates are
empirically derived values which are infused directly into four
main objective functions (effects 8-11 above) and provide
compelling parameter estimates which can potentially gain
critical insight into important aspects of sociological systems. In
the case of the ELICIT data, we identify two main link effect
covariates corresponding to leadership and location. The
leadership-link effect is modelled with dependence-style
network. The leadership network consists of time-invariant
relationships of who was in charge of whom. Note that the
leadership network was completely empty for the edge-
organization case, because there were no formally defined
leadership roles. The statistically significant parameter estimates
of the leadership-link effect indicate that formal leadership roles
may play a significant part in driving agent behaviour. With low-
-0r even negative--parameter estimates, agents in the network are
averse to forming links with formal leaders. The location-link
effect models geographical proximity. Within the ELICIT
framework, geographic distance may play a significant role
within the hierarchical network, since geographical locations
coincide with team placements. It would seem to also be an
important covariate for the agents in the edge network, since
agents within the same geographical region post to the same
website and are most likely to gain information from this site.
The statistically significant parameter estimates of the location-
link effect indicate a strong affinity or aversion across both the
edge and hierarchical networks on the basis of team cohesion
(whether enforced or not).

In addition to main link effect covariates defined on
relationships between agents, we also defined a covariate for the
information an agent possesses. As time progresses in the
experiment, agents gain bits of information. Once an agent
believes that the information is true, they will privately publish
their belief to the ELICIT server, where the belief can be
recorded by the experiment administrators. This is a time
varying effect. We use the related popularity effect (number 9
above) to model this effect. Statistically significant parameter
estimates of the information effect indicate that agents with more
information attract more communication from other agents in the
network.

We also modelled the density effect, the reciprocity effect,
and the transitivity effect (effects 1-3 above), because they are
commonly used in the literature. We elected to omit other
objective functions to prevent over specification of the model.
See Steglich and Snijders for a more comprehensive review [33].

6 RESULTS

In order to estimate the parameters of both the edge and
hierarchical treatments simultaneously, we compiled both
adjacency matrices and covariates into large matrices with
structural holes where appropriate. We conducted estimation
procedures within SIENA using default parameters and 1000
iterations of the three-stage Metropolis-Hastings Markov Chain

Monte Carlo. Tables 1 and 2 display the parameter estimates of
the E and C2 networks respectively.

Measure Parameter Estimate (p-val)
Density Effect -.3693 (.028)
Transitivity Effect .2054 (.031)
Reciprocity Effect .1502 (.070)
Location-link Effect .0513 (.471)
Leadership-link Effect --
Information Effect .2146 (.009)

Table 1. Parameter Estimates for Edge Network

Measure Parameter Estimate (p-val)
Density Effect -.9976 (.035)
Transitivity Effect .2007 (.044)
Reciprocity Effect .0640 (.36)
Location-link Effect .2632 (.017)
Leadership-link Effect .1507 (.023)
Information Effect -.1647 (.019)
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Table 2. Parameter Estimates for Hierarchical Network

We estimate six important objective functions to determine
what sort of utility profiles are recurrent in each of the networks.
After separating out the effects of each of the networks using
individual covariate dummy variables, we find that the density
effect measure is negative and statistically significant, which
corresponds with our intuition that there is some sort of
underlying cost to adding edges. Within the edge network, this
effect is significantly diminished, which may indicated that
agents in the edge network either have more cognitive capacity
to form ties or that they are empowered by a lack of formal
hierarchical structure. We find that the magnitude of this
estimate (nearly -1) compared to the relative size of the other
objective functions indicates that there are strong limitations to
the cognitive capacity of the agents within the hierarchical
network.

Transitivity effect has a strong and statistically significant,
positive parameter estimate. Agents in both of these networks
tend to close triads, which would confirm our intuition in the
hierarchical network, where team members might be expected to
close triads within their teams. The estimates are rather stable
across the edge/hierarchical treatment, and it would appear that
there is little difference between the two utility profiles.

Reciprocity effect has little effect within the hierarchical
network, but it has a significant effect on the edge network.
Reciprocity tells us how likely one node is to return information
to the entity who sent them information. This supports our
intuition that in an edge network, relationships are created on the
basis of information necessity and all agents must cross-load
information. Within the hierarchical network, team-leaders can
ask for information and receive information without ever having
to inform their teams what is going on; so the edges are not
reciprocated (which is why we fail to have statistically
significant results under the hierarchical network).

Location-link effect has a statistically significant effect on the
parameters for the hierarchical network. This may be a result of
location and team membership being highly correlated. When
two agents in the hierarchical network are within a team, their
team leader tasks them with determining one of the factoids, so it
is natural that collaboration here should become important.
Within the edge network, there is no statistically significant



estimate for location. What this indicates is that within the edge
network, covariates of initial team membership mean little and
agents quickly breakout of their location to connect with the
other locations and help contribute to their knowledge base.

Leadership-link effect was estimated for the hierarchical
network and had a strong, positive estimate. This indicates that
the leadership role could explain a large portion of variation in
the communication patterns of the hierarchy. It both supports our
intuition and supports the notion that leadership within the
hierarchy was effective at promoting information sharing up and
down the chain.

Information effect parameter estimates differed considerably
between the edge and hierarchical treatments. Within the
hierarchical network, there was actually a strong, negative
correlation between people who had assembled information into
some sort of conclusion and others. This means that there is
information hoarding going on in the hierarchical network; the
leadership is hoarding the information. Within the edge network,
people who have assembled information seem to attract many
edges. We cannot establish causality directly from this estimate
(i.e. it could be that the entity has information because he is
highly interconnected, or that he is interconnected because he
has information), but it is certain that information sharing within
the network is a largely significant behavioural engine.

There are some striking differences about the behaviour of
these two networks. First, information sharing and collaboration
occurs much more within the edge network, while leadership
seems to drive much of the behaviour in the hierarchical
network. Agents in the edge network tended develop sharing
relationships much more than in the hierarchical network as
evidenced by the high reciprocity and triad closure in the edge
network. Finally, it appears that edge network agents had fewer
constraints on collaboration en masse as indicated by the
magnitude of their density effect estimates.

7 CONCLUSIONS & FUTURE WORK

Defence agencies of the future will increasingly rely on an
understanding of complex systems. From understanding the
asymmetrical nature (non-hierarchical) of armed adversaries to
engineering net-centric systems that maximize efficiency and
effectiveness, researchers have and will continue to benefit from
empirical studies of complex systems--whether social, physical,
or biological [33,34,35]. For a thorough review on this active
area of research, the reader is referred to Alberts [34].

We utilized an actor-oriented specification of a complex
social system as opposed to an aggregated, holistic assessment of
the system, and as a result we were able to dig into the
underlying behavioural mechanics of the network and truly
understand what is driving the autonomous, intelligent behaviour
of the cadets in the study. We now understand that soldiers
within net-centric edge networks do collaborate across
geographic and formal boundaries as expected, but more
importantly--their behaviour is driven by the need to accumulate
knowledge and settle into comfortable social patterns (like triad
consensus, reciprocity, etc.).

Beyond contributing to sociological literature and the defence
industry's understanding of net-centric operations and systems,
this paper has introduced actor-oriented models in social
network analysis which identify statistically significant utility
seeking behaviour within empirical data. The study of complex,
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adaptive systems can benefit from this empirical framework by
permitting the investigator a deep look into the underlying
mechanics that drive network structure. Enabled with these tools,
there is a considerable array of future directions that
investigators can pursue to enrich our understanding of complex
systems.

Parameter estimates from an actor-oriented specification as
outlined in this paper can be used to drive a multi-agent
simulation. Moreover, the approach laid out in this paper allows
a modeller to use empirical data to determine factors driving
agent interaction within a simulation. Building simulation based
on statistically significant findings within empirical data is an
important aspect of model verification.

This approach requires that multi-agent simulation
frameworks are capable of modelling significant utility seeking
behaviour. It is important to note that functions driving agent
behaviour may differ among differing applications. In the
ELICIT example, different objective functions were significant
for the edge and hierarchical networks, even given highly
homogeneous sets of agents. This implies that there is no one
model that fits all applications.

An example of a flexible multi-agent simulation is Construct,
which is a multi-agent simulation developed by the Center for
Computational Analysis of Social and Organizational Systems
[24,25].  Construct models agent interaction by assigning
probabilities of link formation between agents at each time step.
The probability of link formation is determined by a weighted
function of homophily, socio-demographics, and proximity.
Throughout the simulation, agents interact, share knowledge,
and change in various attributes as a result of interaction with
other agents. Within the framework laid out in this paper,
homophily is equivalent to transitivity, reciprocity, balance, and
the information effect. Socio-demographics are equivalent to the
number of geodesics of two effect, the popularity effect and the
activity effect as well as some covariate effects. The proximity
is equivalent to a main-link effect. Other effects can be
incorporated into the Construct model as well. While a detailed
explanation of Construct is beyond the scope of this paper, we
point out that it is an example of a multi-agent simulation
framework that can be used to simulate empirically observed
network data. The statistically significant parameter estimates of
the actor-oriented model can be used to provide weights to the
functions that determine the probability of link formation
between agents. In this manner, the predictive power of the
multi-agent simulation is enhanced due to it being closely tied to
empirical data. Future work should explore the ramifications of
resolving utility profiles into probability profiles.

An empirically grounded multi-agent simulation also
contributes to better understanding network dynamics. This
paper serves to unify competing approaches to modelling
network evolution. Future work may explore opportunities to
introduce random change into the simulated networks. Realistic
simulation of networks allows investigators to explore network
dynamics by introducing various forms of evolutionary and
random change at known points in time and observing their
behaviour. This is necessary for exploring networks over time.

The approach presented in this paper is still limited in several
ways. The list of objective function effects outlined in Section 3
is not exhaustive. There are likely other important utility
seeking functions governing agent interaction. Some effects are
highly correlated and including too many effects may lead to



over specified or degenerate models. Future work may
investigate additional objective functions for actor-oriented
models.

Hopefully, multi-agent system researchers will be motivated
to apply an actor-oriented approach to empirical network data.
The determination of statistically significant utility seeking
behaviour in networks offers us a deep, complexity-preserving
insight into the underlying behaviour of social systems. Whether
the information is used at face value to draw inference on
sociological, physical, and biological phenomena, or utilized as
an intermediary to simulation analysis, empirical analysis of the
utility seeking behaviour characterizing complex networks
around us promises to deepen our understanding of them.
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Multi-Agent Systems and Virtual Producers in
Electronic Marketplaces

Isabel Pracd, Maria Jo&o Viamonte', Hugo Morais', Zita Vale' and Carlos Ramo$

Abstract.  This paper presents an agent-based simulatavhere two different simulation platforms have already been
designed for analyzing agent market strategies based on daveloped, namely ISEM - Intelligent System for Electronic
complete understanding of buyer and seller behaviourdylarketPlaces [2], and MASCEM — Multi-Agent Simulator for
preference models and pricing algorithms, considering user risBompetitive Electricity Markets[3].

preferences. The system includes agents that are capable ofISEM focuses specially on markets with finite time horizon.

improving their performance with their own experience, byThis simulator was selected as a worldwide case study in

adapting to the market conditions. In the simulated markesimulation of negotiation agents [4], while MASCEM focus
agents interact in several different ways and may joint togethgrarticularly on market mechanisms usually found in liberalized
to form coalitions. In this paper we address multi-agenklectricity markets and was selected as a worldwide case study

coalitions to analyse Distributed Generation in Electricityof agents technology applied to markets [5].

Markets. Our proposal is a Market Simulator that will act as a kind of
What-if tool, trying to analyze what may occur if some decision
is taken. However, some additional intelligence need to be

1 INTRODUCTION placed in the system, otherwise we will have a kind of

. combinatorial explosion, since many scenarios need to be

rlxqwllyzed. Moreover, the Market Simulator will be used as the

Fr;arllé?:]eggat:javécr?ér: détee(‘:]clftlarf;rsketto ir:ee;itcigﬁllsisesbtehfgtreshtg:?(/j ﬁ;gngine of a Market Participant (Seller or Client) in order to
P ggest him/her about the actions to have in the market.

encourage strategic behaviours that might reduce 'markeP Entities from real markets can use our tool to test several
performance; market players to understand market behaviour aﬂﬂferent negotiation mechanisms,  different behaviours,

?n’igIrl?tZr:Qec;:::?]rnitoug]sa;(rlgIzt?ep\:grltSHeISIfnJ:JIJﬁIg:r ﬁ]r:g Cgmf(';;'?l strategies and risk preferences, and to analyze the future market
9 q y yhelp " evolution and other entities expected reactions. Our tool may

Multi-agent based simulation is particularly well fitted 10 .\ 0\ iseq to understand the implications of agents’ coalitions
analyze dynar_nlc and adaptlvg systems with complex mteractlo%%1 markets.
a_morlwg_condstltuents (1. Ulnllke tra_dlt:ongl t.O(.)IS’ agint b".iie Electricity Markets are an important area of application of our
Z::“feat'%r;).egfs noft potsgu ate ? sing et ems%n tﬂwa er wit t fesearch. In this paper we present our developments in studying
9 ojective for the - entire system. Raiher, agenlSyq i crease in Distributed Generation, and its market influence,
representing the different |ndependent‘ entities in e_lectromgy means of agents’ coalitions.
Eineacrilgiec: rﬁlr:s a:\lllog;’:g\/é? ::t?r?zlalsgin:zgtrioﬁwgrogzi?gfsa;: Ina general way the formatio_n o_f coalition can be seen as an
can adapt théir strategiés based on the success or f’ailurerg erprise example of t_he constitution of a so_ma_d net, where th?
. ’ several elements of this net establish negotiation processes in
pre\x/lous efforts. " K imul desianed f order that a formal structure, with the capacity to supply goods
e present a multi-agent market simulator designed fo nd services to the society, can emerge. Each element of the

3231;2;% di%ge;t bngk;r: d ztéﬁé?gtﬁia\%f: ?(;erznc(;onmqglde Balition is not able to supply the services and goods with the
9 Y P sirable amount and quality, but the coalition presents itself as a

and pricing algorithms, considering user risk preferences. Eag edible structure to the eyes of the potentials consumers, that is,

market participant has its own b“S'Ue.SS objectives, and dec's'?ﬂe structure (coalition) thus created worth more than the sum of
model. The results of the negotiations between agents a|

analyzed by data mining algorithms in order to extractg parts.

knowledge that gives agents feedback to imorove their strateaic This article illustrates the constitution of coalitions for an
9 9 9 - P 9 |ﬁﬁportant problem, subject to enormous transformations and
The extracted knowledge will be used to set up probabl

scenarios. analvzed by means of simulation and aame theo'i?\/ith clear social and strategically impact: the establishment of
decision ciriteriay Y 9 ectric energy supply contracts through competitive markets.

We intend to apply this platform to different market types The rest of the paper is organized as follows: section 2

L - ‘outlines the multi-agent model; section 3 addresses the
taking into account some previous work of our research grou‘?1egotiation mechanisms; section 4 explains the use of data

mining in the scope of our tool; section 5 addresses agents
1 o o strategic behaviour; and section 6 explores agents coalition to
GECAD - Knowledge Engineering and Decision-Support Researchapresent virtual power producers in the study of distributed

Group of the Engineering Institute of Porto — Polytechnic Institute of;aneration penetration on electricity markets
Porto (ISEP/IPP), Rua Dr. Ant6nio Bernardino de Almeida, 431, 4200-g P ty ’

072 Porto, Portugal. Email: {icp, mjv, hgvm, csr, zav}@isep.ipp.pt.
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2 MULTI-AGENT MODEL objectives and strategies to reach them. In order to be

competitive in today’'s economic markets, buyer and seller
Our Simulator facilitates agent meeting and matching, besideggents need not only to be efficient in their business field, but
supporting the negotiation model. In order to have results angso to be able to quickly react and adapt to new environments as
feedback to improve the negotiation models and consequentlyell as to interact with other available entities. The control
the behaviour of user agents, we simulate a series of negotiatigichitecture adopted for the design of those agents meet these
requirements, having a similar structure but with a kind of
symmetrical behaviour (due to their antagonistic business
interval of time T:{ O,l...,m} . Furthermore, each agent has aobjectives).

periods, D:{ 1,2,---,n} , where each one is composed by a fixed

deadline DQZIXEID»[O achieve its business objectives. At a
particular negotiation period, each agent has an objective that NEGOTIATION MECHANISMS
specifies its intention to buy or sell a particular good or service
and on what conditions. As a decision support tool, our simulator includes several types
The available agents can establish their own objectives araf negotiation mechanisms to let the user test them and learn the
decision rules. Moreover, they can adapt their strategies as thest way to negotiate in each one. So, we include bilateral
simulation progresses on the basis of previous effort's successesntracts and a Pool, centralized mechanism based on an
or failures. The simulator probes the conditions and the effects afuction, and regulated by a market operator. Both types of
market rules, by simulating the participant’s strategic behaviournegotiation may exist at the same time: Mixed Market. These
The simulator was developed based on “A Model forimplies each agent must decide whether to, and how to,
Developing a MarketPlace with Software Agents (MoDeMA)” participate in each market type.
[4]. The following steps compose MoDeMA::
¢ Marketplace model definition, that permits doing |_. )
transactions according to the Consumer Buying BehavioulPmn Pinad denote the range of values for price that are

Let Agtbdenote the buyer agenf9tSthe seller agent and let

Model; acceptable for agents.
. _Identific_ationbof the diLfere-nt participants, and the possible A selier agent has the ranégshn,Psimax]’ which denotes the
Interactions between them; scale of values that are comprised of the minimum value that the

* Ontology specification, that identifies and represents itemggler is disposed to sell to the optimal value.
on transaction; tL b Pbi ] )
- Agents architecture specification, and information flows A buyer agent has the rangBPhin: PPmax], which denotes
between each agents module; the scale of values that are comprised of the optimal value to buy
« Knowledge Acquisition, defining the process thatt0 the maximum value.
guarantees the agent the knowledge to act on pursuit of its .
role; 3.1 Bilateral Contracts
* Negotiation Model, defining the negotiation mechanisms t

be used: 9n bilateral contracting buyer agents are looking for sellers that

. Negotiati Protocol ificati ¢ h tati can provide them the desired products at the best price. We
egotiation Frotocol, - speciiication ot each negotia Ionadopt what is basically an alternating protocol [6].

mecha_ml_sm rules; . e Negotiation starts when a buyer agent sends a request for
« Negotiation Strategies, specification and development Of)roposal. In response, a seller agent analyses its own

several negotiation strategies; _ capabilities, current availability, and past experiences and
« Knowledge Discovery, identification and gathering Offormulatesaproposal.

market knowledge to support agents’ strategic behaviour.  ggjiers can formulate two kinds of proposals: a proposal for
Multi-agent model includes a market administrator, buyersi,g product requested; or a proposal for a related product,

sellers, traders and a market operator. ] _according to the buyer preference model.
The market administrator agent has two main functions:

coord_inator and knowledge provider. On one hanq it coordinates PP %t& Agtb represents the proposal offered by the seller
the simulated market and ensures that it functions correctly, )

according to market mechanisms and established rules. On tAgent A9!S to the buyer ag_e_‘ntAgtb at time T, at the
other hand, it plays the role of “power” agent, since it has accegggotiation period D for a specific product. _ _

to market knowledge, which contains information about the The buyer agent evaluates the proposals received with an

organisational and operational rules of the market, as well as B Agth
information about all different running agents, their capabilitiesalgorithm that calculates the utility for each onefPPai; if the
and historical information. The market previsions and agent Agtb

DT
behaviour models are obtained through data mining algorithmyalue of ~ PPgi for PP Agts- Agb at timeT is greater than the
using data resulting from agent negotiations that support agentgalue of the counter-proposal that the buyer agent will formulate
market strategies. for the next timeT, in the same negotiation period D, then the

Since we intend to cover several negotiation mechanisms, obuyer agent accepts the offer and negotiation ends successfully
model also includes a market operator agent, responsible to cpo DT
support negotiations based on an auction mechanism. in an agreement; otherwise a counter-proposag' Agtb- Agts jg
Seller and buyer agents are the two key players in the market, s@de by the buyer agent to the next tifne
we devote special attention to them, particularly to their business
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The seller agent will accept a buyer counter-proposal if then the same agent group. Then, to obtain more relevant
Agts information that describes the consumption patterns of each
value of ~ CPgi  is greater than the value of the counter-cluster population, a rule-based modelling technique, using C5.0
proposal that the seller agent will formulate for the nextTime classification algorithm, an evolution of C4.5 algorithm [8], is
otherwise the seller agent rejects the counter-proposal. used to analyse those clusters and to obtain descriptions based on
On the basis of the bilateral agreements made among mark&tset of attributes, collected in the individual agents’ knowledge
players and lessons learned from previous bid rounds, bothodule. These models are transferred to the market
agents revise their strategies for the next negotiation rounds agdministrator agent and offer a set of market information, such

update their individual knowledge module. as: preferred sellers; preferred marks; favourite products and
reference prices, which support the process of agents’ strategy
3.2 Pool implementation.

To discover associations between buyer details and purchases,

In our simulator, agents also have the possibility of negotiatinglata from multiple agent negotiations are manipulated to create
through a Pool, which is a centralized mechanism that functiorthasket” records showing product purchases. This permits the
according to an auction mechanism, and is regulated by a markatservation of the behaviour of each buyer agent. This data is
operator. We have two different auction mechanisms: a doubleombined and manipulated by the “Apriori algorithm” [9], to
and a single uniform auction. discover associations between buyer details and purchases. The

The process starts at the market operator, who sends a requesst association rules, those with a strong support and
for participation. Thesall_for_participationmessage triggers the confidence, are extracted and transferred to the market
negotiation process and is delivered to all agents in the simulatediministrator agent. With this kind of knowledge it is possible to
market. If the agent is interested, or capable, of participating iprovide insight into the sellers’ agents about the profiles of buyer
the Pool, it will formulate a bid and send it to the marketagents with certain purchase propensities, showing associations
operator, specifying for each requested parameter the value of igtween products, prices, style, etc.
proposal. After these operations, to get confident data, agents can

The process of formulating bids, by buyer and seller agents, igquest the services provided by the market administrator agent,
related to agent strategies, addressed in detail in section 6. Timeorder to support their strategic behaviour. Only players with
market operator evaluates all the received bids, analyses thenore sophisticated behaviour will take advantage of this new
through the pool auction mechanism, defines the market pridenowledge; since the user can determine which seller agents
and accepted bids. Therreply_bid message is sent to all pool have access to this facility. The user can also determine if the
participants, specifying the settled market price and if the bidgents’ information will be private or public; public information

was or not accepted and why. is available to market analysis with the data mining
functionality. However the market can get knowledge about an
3.3 Mixed Markets agents’ behaviour even if they are set as a private information

agent. This situation occurs, by the simple fact of being on the

The Mixed model combines features of Pools and Bilaterafnarket.

Contracts. In this model, a Pool isn't mandatory, and customers

can either negotiate an agreement directly with sellers, at the

pool market price or both. Agents must decide whether to try d5s STRATEGIC BEHAVIORS

not the Pool, whether to keep bilateral negotiations

simultaneously with Pool negotiations or just after Pool results i‘S.l Bilateral Contracts

bids were not accepted. For that agents use their past

experiences, market knowledge and agents own negotiatiohgents use four time-dependent strategies to change their price

strategies to support their decisions. during a negotiation period: Determined, Anxious, Moderate and
Gluttonous, these strategies depending on both the point in time
when the agent starts to modify the price and the amount it

4 DATA MINING SUPPORT changes.

Although time-dependent strategies are simple to understand

d implement [10], they are very important since they allow the

2 ; - ~ Simulation of important issues such as: emotional aspects and
negotiations that support agents’ market strategies. In PractiCgittarent risk behaviours. For example, an agent that gains

USU‘?”Y‘ after a confidential'negotiqtion period, the mark.ehtility with the time, and has the incentive to reach a late
administrator agentd|_sc!ose_s |nforr_nat|on about past transactioly reément (within the remaining time until the end of a
and agents’ character_|st|cs (if pOSS|bIe)§ all agent interactions aH%gotiation period) is considered a strong or patient player; an
e o ens e ekcon v f are.  BGET. 1t 056 Uikt i me and e o reach a eary
offerings to the needs of the individual buyers. With nis2dreement s considered a weak or impatient player.

functionality it is possible to discover sub-groups that behave

independently and associations between products. For that, oar2 Behavior-dependent Strategies
market simulator uses clustering, classification and associatiqq tpig work, we have also used the time-dependent strategies,

operations. based on the model proposed by S. Fatima [11], to model

To carry out the clustering operation a Two-Step clusteringjitferent attitudes towards time, during a negotiation period.
algorithm [7] is used to target buyers with similar characteristics

The market previsions and agent behaviour models are obtain ﬂ
through data mining algorithms, using data resulting from age
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Agents use behaviour-dependent strategies to adjust Most work on coalition formation in multi-agent systems and
parameters for the next negotiation period according to thgame theory has focus on payoff distribution, where it is usually
results obtained in the previous ones. Buyers and seller agersssumed that a coalition structure has been formed, and the
develop their behaviour and strategies based on a combinationadiestion is then how to divide the payoff so that the coalition
public information, available through requesting from marketstructure is stable. In this context, many solutions have been
administrator services; and private information, available only tgoroposed based on different stability concepts. Transfer schemes
the specific agent at their individual knowledge module. have also been developed to transfer non-stable payoff

For Pool Negotiations we define two different behaviour-distributions to stable ones (while keeping the coalition structure
dependent strategies: one called Composed Goal Directeshchanged).

(CGD) and another called Adapted Derivative Following (ADF). Research is giving attention to the coalition structure
The CGD strategy is based on two consecutive objectives, tlgeneration [13], [14]. The work of Shehory and Kraus [15]
first one is selling (or buying) all the available (or needed) unitsgonsiders a somewhat broader environment, where the coalitions
and then increase the profit (reduce the payoff). The ADFan be overlapped but the complexity is reduced by limiting the
strategy is based on the Derivative Following strategy proposesize of the coalitions.

by Greenwald [12]. The ADF strategy adjusts its price by Some other researchers address both coalition structure
looking at the amount of revenue earned in the previous periageneration and payoff distribution in competitive environments.
as a result of the previous period's price change. If the lastetchpel [16] presents a coalition formation method with cubic
period’s price change produced more revenue per good than thenning time in the number of agents, but his method can neither
previous period, then the strategy makes a similar change guarantee a bound from the optimal nor stability. Shehory and
price. If the previous change produced less revenue per goddraus’s protocol guarantees that if the agents follow it, certain
then the strategy makes an opposite price change. stability (kernel-stability) is met. In the same paper, they also

For Bilateral Contracts Negotiations we also have severgiresent an alternative protocol that offers a weaker form of
behaviour-dependent strategies. Buyer agents can use twtability with polynomial running time. However, in both cases,
complementary behaviour-dependent strategies: the Modifiedo bound from the optimal is guaranteed.

Goal Directed for Buyers (MGDB) and the Fragmented Demand More recent research in coalition formation area has also
(FD). The MGDB strategy is an adaptation of CGD for bilateralbegun to pay attention to dynamic environments, where agents
contracts. The FD strategy, adjusts the demand per day lmay enter or leave the coalition formation process and many
attempting to reach the goal of buying its entire needs by the lashcertainties are present (e.g. the coalition value is not fixed, but
day of the market, and not before, this strategy paces iisis context-based [17]).
purchases over the market, with the goal of buying all the units
needed but with less costs. Seller agents can also choose frgym virtual Power Producers
two different behaviour-dependesitrategies: the Modified Goal
Directed for Sellers (MGDS), that adjusts its price by attempting’he aggregation of distributed generation plants gives place to
to reach the goal of selling the entire inventory by the last day dhe new concept of Virtual Power Producers (VPP). VPPs are
the market, by lowering prices when sales in the previous dajiulti-technology and multi-site heterogeneous entities, being
are low and raising prices when the sales are high; and thglationships among aggregated producers and among VPPs and
Derivative Following (DF) strategy weighted by Seller the remaining Electricity Market (EM) agents a key factor for
Satisfaction (DFWS) or by the Previewed Demand for a specifitheir success. An aggregating strategy can enable owners of
product (DFWPD). The DFWS/PD is based on the ADFDistributed Generation to gain technical and commercial
behaviour weighted by the referred issues. Seller agents cadvantages, making profit of the specific advantages of a mix of
obtain these values through requesting for market administratgeveral generation technologies and overcoming serious
agent support. disadvantages of some technologies.
Any type of generation unit or load may be included: wind

turbines, photovoltaic, mini turbines, micro-turbine, fuel cells,
6 AGENTS COALITIONS MODELLING energy storage units, non-controllable loads, controllable loads
VIRTUAL POWER PRODUCERS etc. The typical size of single distributed energy resource units

may range from a few kW to some MW.
Coallition formation is the coming together of a number of In the scope of a VPP, aggregated producers (AP) can make
distinct, autonomous agents that agree to coordinate arglire their generators are optimally operated and that the power
cooperate, acting as a coherent grouping, in the performance ofrat is not consumed in their installation has good chances to be
specific task. Such coalitions can improve the performance afold on the market. At the same time, VPPs will be able to
the individual agents and/or the system as a whole. It is atommit to a more robust generation profile, raising the value of
important form of interaction in multi-agent systems. non-dispatchable generation technologies.

It has been advocated in e-commerce (where buyers may pool Under this context, VPPs can ensure secure, environmentally
their requirements in order to obtain bigger group discounts), iftiendly generation and optimal management of heat, electricity
grid computing (where multi-institution virtual organizations areand cold and optimal operation and maintenance of electrical
viewed as being central to coordinated resource sharing amjuipment, including the sale of electricity to the EM. VPPs
problem solving), and in e-business (where agile groupings afhould adopt organization and management methodologies so
agents need to be formed in order to satisfy particular markehat they can make distributed generation a really profitable
niches). In all of these cases, the formation of coalitions aims tactivity.
increase the agents’ abilities to satisfy goals and to maximize VPPs must be flexible enough to use the advantages of its
their individual or the system’s outcomes. resources (e.g. market-based environmental value in the form of
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pollution and/or carbon credits, renewable energy credits) and On one hand, each VPP classifies the producers according to
overcoming their problems and limitations. several defined criteria. On the other hand, it establishes the

VPPs must identify the characteristics of each of the AP andoals of VPP formation or of VPP aggregation of more
try to optimize the selling activity so that each one delivers thgroducers, according to its operating strategies and to its
biggest possible amount of energy. However, this is not simpleecessities at the moment. Aggregation proposals are then
due to uncertainty of generation associated with the technologietaborated based on the resulting knowledge. Each producer
that depend from natural resources such as wind, sun, wavesdwcision of participating or not in VPP coalition is dependent on
water flows. agents’ market strategies and risk preference.

So, in order to have VPP able to coexist with other market Once the VPP formation process finished, the VPP needs to
agents, it is necessary that it gets profits and that has credibilippordinate its operation. The VPP must place bids in the market,
in the EM. This context must be considered in VPPsonsidering the contracts with producers, the generation forecast,
organization and operation methodologies as their goal is tthe reserves and its market strategy. According to its member
optimize their APs’ profits in this market. generation capabilities and consumption needs, for a given

A successful achievement of VPPs' goals requires the use ofperiod, the VPP agent will need to sell or buy electricity. VPP
mix of adequate technologies for optimizing and supporting theiagents have the same market interface as Seller or Buyer agents.
activities. Under this scope agents and multi-agent systems are However, as VPPs are themselves a set of other agents, there
important technologies to adequately simulate EM behaviour anare some preliminary steps to define its bids. Firstly, all the
gather knowledge to provide decision-support to strategicapacity available from the different aggregated distributed
behaviour. Taking into account the already described MASCEMnergy resources must be gathered to establish the electricity
characteristics, it can be a valuable framework to test VPEmount to trade on the market. The different generation costs
functioning under different market mechanisms and concerningiust be analyzed to define the interval for envisaged proposals.

different market strategic behaviour. This means VPP agents have a utility function that aggregates all
the involved units’ characteristics. The analysis of the
6. 2 VPP Coalition formation aggregated producers’ proposals will be done according to each

unit capabilities and costs.

From the point of view of the multi-agent system, VPP are seen After the market session, the VPP agent undertakes an
as coalitions of agents, requiring specific procedures folnternal dispatch, analyzing and adjusting its generation and
coalition formation. Once a coalition is established, it carreserve to maximize profits. VPP informs the aggregated
aggregate more agents or even discard some agents. This allgygducers about their dispatch. Finally, in function of the
modelling all the decision making concerning VPP formationgeneration, the used and unused reserve of each producer and the
and also subsequent aggregation of more producers. established contracts of the VPP fulfiiment, the VPP determines

VPP needs to have an adequate knowledge of each potentiak producers’ remuneration. The Introduction of VPP models in
aggregated producer characteristics. Some of the most importaft simulator required to rethink the multi-agent architecture,

characteristics are: namely in what concerns agent communication [18]. Figure 1
* Nominal Power: the sum of nominal power installed in eachllustrates the simulator negotiation framework allowing for
producer; VPPs.
¢ Available Power: the power a VPP can buy to the producer;
¢ Overload Power: some units may produce overload power
for limited periods. The VPP may use this power in critical % % %
situations; e e o Bilateral buyer
» Equipment characteristics:  information  concerning coatton % ’| Contracts
producers’ equipment allows the VPP to know the power 2
characteristic, reliability, maintenance periods, lifetime, 2 [ ‘%
relation with external factors, possible variations of the ”}if | m 127;%\ @ ;Wz
energy price in function of the cost of the primary e | wep1 J< J ‘
resources, etc. — " \ [ Feter2/ T
¢ Operating limits: for the units which are dependent from % Nor
natural resources, it is possible that the primary resource | "% | 4" i % %
must be below or above of equipment operating limits. This et icars /Y an o
must be considered in risk analysis in the generation R e I
forecast. Usually when the resources forecast is near to the ""’"““”5 - ﬂ ﬂ
minimum machines operating limit the risk is small, but
when they are near to the maximum limit the risk can be ﬁ m ﬂy Warket Operator Buyer 4
enormous; s
« Grid connection characteristics: This is an important aspect e e
if it is necessary to pay the losses in the lines; also the Figure 1. Negotiation framework regarding VPPs
existence of two or more producers connected to the same
electric substation should be considered,; etc; Considering each VPP as a multi-agent system allaws

« Historical generation data: the availability of historic interesting approach from both the performance and the
generation data can enable the VPP to get useful forecastiggnceptual point of view. In order to develop a computational
tools. implementation of this conceptual architecture, each VPP has to
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