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Abstract—Sociotechnical systems, such as Smart Grid (SG),
require tackling the technological and social aspects complexity
in an integrated fashion. The Power TAC simulation platform
has been proposed as a realistic model of a Smart Grid retail
power market intending to lower the risk of modeling and
testing market designs and other policy options for the energy
market. Although providing a detailed representation of the
technical aspects of an SG, the prosumers’ partner selection
focuses exclusively on economic aspects lacking a better support
of social features. Hence, we propose the use of reputation for
the improvement of this selection process. Our preliminary
results show that the use of a simple reputation mechanism
integrated to the prosumers’ decision process improve the
selection of the most trustworthy among the competing brokers.
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I. INTRODUCTION

Human society is increasingly becoming more dependent
on information technology in order to expand its social
capabilities in dealing with complex environments. This is
transforming the way individuals interact among themselves
and with the world, making interactions migrate from phys-
ical environments to sociotechnical systems (STSs).

STSs are cyber-physical systems designed to mediate
interactions of two or more autonomous parties or tech-
nical elements through the use of information technolo-
gies [16, 18]. The term “sociotechnical” thereby refers to the
interrelatedness of social and technical aspects of a system,
and as it highlights, in these systems technological and social
complexity need to be tackled in an integrated fashion [4, 5].

An example of STS is Smart Grid (SG). SG is an
electrical power grid that supports bi-directional flows of
electricity and information between all network nodes, such
as power plants and appliances. Accordingly, energy users
(i.e., prosumers) are not only allowed to consume energy, but
also to generate and trade the excess generated. Additionally,
the SG also enables real-time market transactions and seam-
less interfaces between people, buildings, industrial plants,
generation facilities and the electrical network [3, 17].

Rathnayaka et al. [13] outline that a seamlessly SG de-
pends on a combination of several factors: (i) smart energy
and information infrastructure, (ii) bidirectional communi-
cation subsystems among smart infrastructure, (iii) manage-

ment and control functions, (iv) laws and standards, and
(v) prosumers management.

To address some of these factors, Ketter et al. [7] have pro-
posed the Power TAC (Power Trading Agent Competition)
agent-based simulation platform of retail power markets
that aims at enabling the evaluation of (i) a range of
market-based approaches, and (ii) the effective participants
management in these markets. The platform contains agents
representing realistic models of energy prosumers (con-
sumers and producers), brokers and markets, along with
environmental aspects, such as weather, that affect energy
production and consumption.

Although providing a comprehensive and detailed repre-
sentation of the technical aspects of an SG environment, the
Power TAC still lacks a better support for the social aspects
reported as essential in the context of STSs. To illustrate
this drawback, the prosumers decision of whom to buy
energy from is only based on economic aspects disregarding
completely any other aspects involved in the formation of
such partnership.

Hence, we improve the PowerTAC’s prosumer agent by
(i) including a simple reputation mechanism to its architec-
ture and (ii) enhancing its partner selection decision-making
in order to take into account the brokers’ reputation as a
trustworthy energy contractor. The reputation mechanism
enables the prosumers to evaluate their experience with
the brokers and use the evaluation to decide whom to
select as a supplier in the future. The prosumer updates
positively a brokers’ reputation if the supplying contract
remains unchanged until the committed expiration date, and
negatively, if the broker changes the price or revoke the
contract before the committed expiration date.

Although simple, the use of the notion of reputation in
the prosumers’ decision process is a first step to enrich the
Power TAC simulation platform with the missing social as-
pects identified as essential in STSs. Hence, we hypothesize
that the use of reputation enables the selection of the most
trustworthy among the competing brokers.

The paper unfolds as follows. In Section II, we describe
the Power TAC simulation platform. Next, we briefly de-
scribe the notion of reputation the perspective of multiagent
systems (MAS). We then describe the simple reputation
mechanism used to generate the reputation value of interact-



ing brokers and how its value was integrated to the decision-
making of the Power TAC prosumer agents. The description
of a preliminary experiment and its results are presented in
Section V. Finally, we provide some conclusions as well as
some ideas for future work in Section VI.

II. POWERTAC

Power TAC [7] is an agent-based simulation platform that
represents the high complexity of the energy generation,
consumption, distribution and market mechanisms prevailing
in an SG environment. It aims at being a low-risk means
for modeling and testing market designs and other policy
options for the energy market [7]. This platform represents
a comprehensive and detailed SG model build as a set of
independent entities corresponding to the necessary elements
required for represent a real SG operation.

Figure 1 shows the main entities comprising the Power
TAC model.

Figure 1. Main entities of the Power TAC simulation model.

Prosumers are households and organizations that can both
generate and consume energy. Depending on the prosumer’s
energy generation and consumption, it can be a Producer
or a Consumer. A producer is a prosumer that generates
more energy than it consumes and sells the surplus in the
market. A consumer, on the other hand, is a prosumer that
generates less energy than it consumes requiring to contract
energy supplying services in the market. Prosumer models
represent a variety of entities such as households, small
and large businesses, multi-residential buildings, wind parks,
solar panel owners, and electric vehicle owners.

Brokers are business entities that offer energy services to
prosumers (i.e., consumers and producers) by operating a
portfolio of tariffs (i.e., contracts of energy trading). They
are also responsible for balancing the supply and demand
within their portfolio by trading energy in the retail market

(i.e., market in which prosumers are able to choose among
tariff offers from competing brokers) and in the wholesale
market.

The wholesale market is an entity in which brokers trade
energy for future delivery. It is through this market that
the distribution utility offers energy by a “default” tariff
independently of the generation and consumption capacity of
the prosumers. The distribution utility represents a regulated
electric utility entity that owns and operates (i.e., controls)
the energy distribution infrastructure. It is responsible for
balancing the supply and demand of energy in the whole
system.

The Power TAC platform1 is used for a competitive sim-
ulation of future retail electric power markets in which each
competitor implements a broker agent [8]. Brokers compete
among themselves aiming at maximizing their profit by
trading energy in the retail and wholesale market through
the offering of tariffs correspondent to contracts. In addition
to design and offer tariffs (i.e., supplying and selling energy
contracts), the broker may also modify existing tariffs or
revoke them. There are several types of tariffs available
in the platform that have some structural information in
common, such as (i) the energy price, (ii) the amount of
energy traded, (iii) the expiration date of the contract, and
(iv) the fine inflicted to prosumers that break a contract prior
to its expiration (disregarded in case the broker modify or
revoke the tariff before the expiration deadline). The energy
price offered by a broker usually depends on how well the
broker can use the weather forecast to predict the demand
for energy in the future.

The prosumers are provided in the platform and they can
be of different types, such as households, office buildings
and factories. Each prosumer can have different number of
appliances and inhabitants with different activities sched-
ules, which combined with the weather information, define
the prosumer’s energy consumption. Moreover, the energy
generation is also impacted by the weather, which renders
it unpredictable, and may force the prosumer to buy more
or less energy than expected.

Prosumers actively participate in the market by periodi-
cally evaluating tariffs offered by different brokers. The key
part of the prosumer evaluation is based on economic aspects
of the tariff by calculating the expected cost or gain over
the lifetime of the partnership with the broker. The tariff
utility is computed as a function of several information [8]:
(i) per-kWh payments related to estimated consumption or
production, (ii) fixed periodic payments, and (iii) one-time
sign-up and early-withdrawal fees or bonuses.

Because humans are not entirely rational, the prosumers’
tariff choice follows a probabilistic rather than a determin-
istic choice. The prosumers use the logit choice model to
assign a probability to each tariff ti of all tariffs (T , where

1http://www.powertac.org



ti ∈ T ) utility (ui) computed according to Equation 1.

Pi =
eλui∑

t∈T
eλut

(1)

The parameter λ is a measure for how rationally the pro-
sumer chooses tariffs: λ = 0 represents random, irrational
choice, while λ = ∞ represents perfectly rational prosumers
always choosing the tariff with the highest utility.

III. NOTIONS OF REPUTATION

Reputation refers, on one hand, to an evaluative belief
an agent has about other agents (social property). On the
other hand, it refers to the result of these beliefs transmission
(social process) [2].

Reputation is used as a means to discourage unwanted
and promote desired behaviors among agents in MAS [1, 2,
6, 9, 11, 14, 15, 19]2. According to Mui [10, p. 20], trading
partners benefit from reputation because it reduces the
information asymmetries, which facilitate trusting trading
relationships.

Conte and Paolucci [2] propose a cognitive reputation
model in which they propose the distinction between two
concepts, image and reputation.

Image refers to directly acquired evaluative beliefs about
other agents; whilst reputation is a shared evaluation the
social group has about an agent. Both can be used to identify
agents that out- or under-performed in previous interactions,
respectively, favoring and disfavoring their selection as a
future transaction partner. However, image requires a much
longer learning curve than reputation as the former depends
on direct interactions between the evaluator and the target
agent. Conversely, the reputation can benefit from a large
set of interactions with the target agent, which may speed
the learning process.

IV. IMPLEMENTATION

To fulfill the objectives of this work, the implementation
was comprised of two stages: (1) the integration of a simple
reputation mechanism to the PowerTAC prosumer’s agent
architecture, and (2) the enhancement of its partner selection
decision process in order to take into account the broker’s
reputation.

The reputation is a continuous value in the domain [0, 1]
assigned by the prosumers to each broker they had some
direct interaction with (broker’s image). It is assumed that
the value 0 refers to the lowest reputation value and 1 to the
highest reputation value, as the reputation value corresponds
to the proportion of successful expired contracts that the
prosumer had with the broker. A successful expired contract
corresponds to a contract that has not been changed or

2For a comprehensive review on reputation computational models
see [12].

revoked by the broker before the expiration date specified,
while a unsuccessful interaction is the opposite.

This simple reputation mechanism was then integrated to
the prosumers architecture and the reputation value used
in the partner (i.e., tariff) selection decision process of the
household prosumer type. The changes were specifically
done in the methods evaluateTariffs and evaluateAlterna-
tiveTariffs in the class Tariff Evaluator, which are called to
handle the evaluation of new and changed tariffs provided
by the brokers.

Previously, the tariff utility was calculated based only
on economical aspects of the new tariff, which synthet-
ically corresponds to energy total cost (i.e., energy cost
plus withdraw fine plus sign up payment) reduced by the
inconvenience of changing tariff (i.e., pay fine).

We have changed the calculation dividing the energy total
cost by the broker’s reputation, which means that the latter is
increased proportionally to the reputation value of the broker.
It thus reduces the tariff utility consequently decreasing the
probability of the broker’ selection.

V. EXPERIMENTS AND RESULTS

In this section, we investigate the effects of reputation
in the partnership selection in an SG by performing a
simulation experiment using the modified version of Power
TAC as presented in Section IV.

The simulation experiment includes two treatments that
differ depending on the number of brokers and their re-
spective probabilities to revoke a non-expired contract (i.e.,
tariff). In the first treatment, the simulation was performed
with two brokers that arbitrarily revoke contracts with a
probability of 0% and 10%. It means that one of the brokers
never revoke a contract, while the other has a probability
to revoke non-expired contracts in 10% of the time. In the
second treatment, the simulation was performed with four
brokers that arbitrarily revoke contracts with a probability
5%, 10%, 15% and 20%.

Each treatment was run 3 times for 1440 time steps with
the Power TAC standard configuration. The analyses of these
treatments are based on the mean value of the number of
customers assigned to each broker during the simulation.

Figure 2 shows the number of active customers (pro-
sumers) per broker. A possible reason for the observed
stable number of clients is that the initial broker’s reputation
(before any contract is made with it) was set to 50%.
This leads to a situation in which, unless the first broker
contracted by the client breaks 50% of the contracts or more,
the other brokers will always seem less trustworthy.

Additionally, analyzing these graphics, we can clearly
identify that in Treatment 1 the use of reputation benefited
the broker that does not revoke non-expired contracts. How-
ever, such benefit is not observed in Treatment 2 as the
broker that revokes contracts with probability of 10% is more
successful in attracting prosumers than the others.



(a) Treatment 1: Brokers with revoke probability of 0% and 10%. (b) Treatment 2: Brokers with revoke probability of 5%, 10%, 15% and
20%.

Figure 2. Dynamic of the number of customers per broker.

Despite appearing inconsistent on a first analysis, these
results make sense when correlated to the standard Power
TAC configuration. In this configuration only a fraction of
the prosumers (i.e., the households) that accounted for the
brokers’ reputation in order to select a tariff. Therefore, only
part of the prosumers would avoid future interactions with
brokers that revoke non-expired contracts.

VI. CONCLUSIONS

This paper presents a first attempt to improve the pro-
sumer agents in the Power TAC agent-based simulation plat-
form in order for them to take into account the reputation of
the brokers when selecting a trading partner. The reputation
mechanism implemented was very simple, the preliminary
results show that the use of reputation integrated to the
prosumers’ decision process may improve the selection
of the most trustworthy among the competing brokers as
hypothesized.

In future work, we intend to tackle these simulation ex-
periment design issues in order to better check the proposed
hypothesis. Additionally, we may enable the prosumers
to communicate about their reputation evaluations, which
may require a topological structuring of the social network
connecting them. We also may test different reputation
models in order to identify whether there is any performance
difference among them in an SG domain.
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Saint-Étienne, FR, 2008.

[12] I. Pinyol and J. Sabater-Mir. Computational trust and
reputation models for open multi-agent systems: A review.
Artificilal Intelligence Review, 40(1):1–25, 2013.

[13] A. J. D. Rathnayaka, V. Potdar, and M. H. Ou. Prosumer
management in socio-technical smart grid. In Proceedings of
the CUBE International Information Technology Conference,
pages 483–489, New York, NY, US, 2012. ACM Press.

[14] J. Sabater-Mir, M. Paolucci, and R. Conte. Repage: REPuta-
tion and imAGE among limited autonomous partners. Journal
of Artificial Societies and Social Simulation, 9(2), 2006.

[15] J. Sabater-Mir and C. Sierra. Social ReGreT, a reputa-

tion model based on social relations. SIGecom Exchanges,
3(1):44–56, 2002.

[16] M. P. Singh. Norms as a basis for governing sociotechnical
systems. ACM Transactions on Intelligent Systems and
Technology, 5(1):21:1–21:23, 2013.

[17] K. Vu, M. M. Begouic, and D. Novosel. Grids get smart
protection and control. IEEE Computer Applications in
Power, 10(4):40–44, 1997.

[18] B. Whitworth. Social-technical systems. In C. Ghaoui, editor,
Encyclopedia of Human Computer Interaction, pages 533–
541. Idea Group Reference, 2006.

[19] G. Zacharia and P. Maes. Trust management through reputa-
tion mechanisms. Journal of Applied Artificial Intelligence,
14(9):881–907, 2000.


