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Abstract

The rise of renewable energy production, along with the recent pop-
ularization of electric vehicles, are gradually creating the need for a
smarter electricity grid. Against this background, the PowerTAC trad-
ing agents competition and platform offers researchers (from academia
and the industry alike) with effective means to test different busi-
ness, market analysis, and market prediction strategies (potentially
along with novel artificial intelligence algorithms), before even deploy-
ing them in the Smart Grid. In more detail, PowerTAC constitutes
a multi-agent simulation platform for electricity markets, in which in-
telligent agents corresponding to electricity brokers compete with each
other aiming to maximize their profits. Now, as Al researchers have
found out the hard way time and time again, greediness almost never
pays off in competitive multi-agent settings. In PowerTAC, too, agents
that aim to take over a disproportionately high share of the market,
might end up incurring financial losses due to being obliged to pay
huge transmission capacity fees. Starting from this observation, we de-
veloped a novel trading strategy that aims to balance gains from con-
trolling a sufficiently large part of the retail market, against the costs
of paying high transmission capacity fees. We equipped TUC-TAC
2020, an agent that represented the Technical University of Crete in
the PowerTAC-2020 international competition with this retail market

strategy. Moreover, we developed a wholesale market strategy that uti-



lized Monte Carlo Tree Search to determine TUC-TAC’s best course
of action when participating in the market’s double auctions. Using
these strategies, TUC-TAC was crowned the PowerTAC-2020 cham-
pion, competing against 7 other agents representing universities from 6
different countries. In this thesis, we present TUC-TAC’s 2020 strategy
in detail; and also conduct an extensive post-tournament analysis, in
order to draw important lessons regarding the strengths and weaknesses

of the various strategies used in the PowerTAC-2020 competition.
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NepiAnyn

H peydAn avénon tng mMapoyoUeEVNG OO OVOVEWOLUEG TINYEC EVEPYELAG, KAl N
ouvemoakoAouBn évtafn tng oe HeyaAn KALHOKO OTNV OLKLOKH ayopd €VEPYELAC,
napaAAnAa pe tnv e€eAlooodpevn Sladoon XPnong Twv NAEKTPLKWY OXNUATWY,
SnUloupyoUlV oTASLOKA TNV avAyYKN yla €va TILo «EEUTTVO» NAEKTPLKO SLKTUO - TO
Aeyopevo Smart Grid, ) E€untvo Aiktuo HAektpodotnong (EAH) ota eAAnvika. e
ouTo to Stapopdolpevo meptBaiiov, o dlaywviopog PowerTAC (Power Trading
Agent Competition) mpoodEpel T duvatotnNTa O EPEUVNTEC (MTPOEPXOUEVOUG
TOOO QIO TAVETLOTAULO 000 Kol amnod tn Bopnxavia) va Sokipdacouv dLadopeg
OTPOTNYLKES - ETUXELPNUATIKEG, avaAuong i mpoPAedng TG ayopadg (mbavotata
Kal VEwWV aAyopiBuwv Texvntig Nonupoouvng) - mpotou TG £happOCcOouUV OTO
EAH. Mo cuykekpluéva, To PowerTAC amote)el katd kUpLlo Adyo pia mlatdopua
ovamntuéng Kat SOKLUNG EEUTVWV TTIPAKTOPWYV AOYLOMLKOU TIou avtaywvilovtol wg
TIapoxoL evépyelag otig Sladopeg ayopég tou (pueAloviikou) EAH, atoxevovtag
oTNV Heylotonoinon twv KeEPSWV Toug. BEPala, TAEIOTEG OOEC EPEUVNTIKEG
epyaoieg kal edpapupoyeg Texvniig Nonuoouvng €xouv emavelAnpuéva
KataSei€el TO yeyovog OTL oL AMANOTEG OTpATNYLIKEG 0xeSOV mote dev amodidouv
O€ OVTOYWVLOTIKA TtepBAaAAovTa moAAAMAWY MPaKTopwv. Opoiwg oto PowerTAC,
Ol TIPAKTOPEG TIOU OTOXEUOUV Va amoktroouv éva ducavaioya vPnAo pepidlo
™G ayopdg, evOEXeTaL va KATAANEOUV OE OLKOVOULKEG OMWAELEG AOYyw TNG
UTIOXPEWONG KATAPBOANG TEPACTIWY O HEYEBOC TEAWV OTLC PUBULOTIKEG OPXEG.
ZEKWVWVTOC amod aUTAV TNV MOPATAPNOHN, O aUTH TNV gpyoaoia avantuéaue pa
KALVOTOMO. OTPATNYLKA EUMOPLKNG SlampayUdteuon, TOU OTOXEVUEL OTNV
e€looppomnon tTwv KeEPSWV EAEYXOVTOC €va QPKETA PEYAAO HEPOC TNG AYOPAS,
€T0L WOTE va avtlotaduiosl To uPnAo kdotog tTwv teAwv. E€omAioape tov TUC-
TAC 2020, tov eudun MpaAKTopa AOYLOULKOU TIOU EKTIPOCWTINOE TO MNMoAute)veio
Kpntng oto &tebvry Staywviopd PowerTAC-2020, pe AuTAV TN OTPOTNYLKA Yyl
XPron otnVv ALOVIKI) ayopd EVEPYELOG TOU SlaywviopoU. EmutAéov, o TPAKTopaC
pHag xpnotwpomolel Aevdpikry Avalntnon Monte Carlo ywo va evitomiocet to
KaAUtepo oxedlo Spaong Kal va Kaboplosl TIC TPOOPOPEC TOU KATA TNV
CUUETOXH TOU O€ XPNHUOTLOTNPLOKOU TUTou Snuomnpaoieg (double auctions) otn
XOVOpPLK) ayopd €eVEPYELAC TOU OSloywVIoHoU. XpNOLUOTIOLWVTAC QUTEC TLG
otpatnywkég, o mpaktopa¢ TUC-TAC otédpBnke mpwrtabAntrg tou PowerTAC-
2020, avtuetwrnilovtag 7 avIuTAAoOUC TOU EKTTPOCWIIOUCAV TIVETILOTAHLO OO
6 OLadOPETIKEG XWPEG. Z€ AUTHV TNV SUTAWHATIKY €pyacia, Tapouctaletal
Aentopepwe N otpatnylky tou TUC-TAC 2020, kot €MUTAEOV TIOPEXETAL LA
EKTEVAG AVAAUON TWV ATTOTEAECUATWY TOU SLaywVIOHOU, UE OKOTIO TNV AVTANGN
ONUOVTIKWV HABNUATWY OXETLKA HE TO TTAEOVEKTAHATO Kol TIG aduvapieg Twv
Sladpopwv oTpaTNYLKWY TIOU XpnoLpomolitnkav otov Slaywviocpo PowerTAC-
2020.
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Chapter 1

Introduction

In this chapter we present the motivation for our work, we also outline our approach

and main contributions, as well as, provide an overview of the rest of this thesis.

1.1 Motivation

The rise of renewable energy production in the residential market along with the
latest popularization of electric vehicles is gradually creating needs for a "smarter"
grid. The necessity of this new Grid is indisputable because of the unique features
it will be consisted of. In Smart Grid settings, one of the main purposes is to reduce
fossil fuel consumption. This is especially important for two main reasons. The
first reason is that fossil fuel sources will be depleted at some point in the future,
so alternative energy sources will be eventually required. The other reason is the
bad impacts to the planet’s physical environment that subsequent coal emissions
from the burning of fossil fuels have.

So, a feature of the Smart Grid will be an energy market which will consist of a
lot of more participants, with most of them being able to buy and sell energy at the

same time, and indeed doing so. Hence, researchers need a tool that will help them



1.1 Motivation

to experiment in novel ways to make this new market viable. The Power Trading
Agent Competition( PowerTAC ) is a rich simulation platform that can provide
researchers with efficient ways to try and test different strategies and approaches
before actually deploying them in the future Smart Grid. The PowerTAC platform
right now has the most features a smart electricity grid can possess (interruptible
consumption, electric vehicles, renewable energy, and so on) so the simulations can
be as realistic as possible.

The main objective of our research was to create an autonomous intelligent
agent that will be able to adapt to the complex and highly competitive energy
markets of the PowerTAC with the purpose of making a profit. In order to imple-
ment our agent, TUC-TAC, we tested many state of the art implementations of
other already competing brokers and in the end, we chose the strategies that were
more suitable for our purposes. The overall TUC-TAC implementation was split
into two parts. The first part which is extensively discussed in this thesis regards
all the processes of the decision-making of our agent in the retail and wholesale
market. The other part was about creating the necessary predictors which would
help in some of the aspects of our agent and is considered as a separate module of
the overall agent. So, our team consists of Stavros Orfanoudakis, Stefanos Kontos,
Georgios Chalkiadakis, and Charilaos Akasiades.

The base principle that we applied has certain analogies to the equilibrium
strategy used by the winning agent of the 2010 Lemonade Stand Game tournament
[2]. In a few words, their winning strategy was to try to coordinate with an
opponent and sit opposite of him so their agent could have the highest utility at
all times. Our strategy is quite similar to that since its basic goal is to get half the
available market share leaving the rest to the others. By doing that, the TUC-TAC
agent expects to always have the highest income, while sharing the fees with the

other agents. We also implemented the Monte Carlo Tree Search for bidding in the
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double auction of the wholesale market, similar to that developed by Chowdhury
et al [3].

1.2 Overview of the Thesis

The work described in this thesis represents the core of the TUC-TAC’s strategy
and in particular the agent’s strategy for participating in the retail and wholesale
market of PowerTAC. The rest of this thesis is structured as follows: In Chapter 2
we present the state of the art technologies and ideas that can make the existence
of the Smart Grid possible. Following the theoretical background of Chapter 2, in
Chapter 3 we describe in detail the rules and the components of the PowerTAC
competition and present the current PowerTAC state of the art implementations
of our opponents. Afterward, in Chapter 4 we describe in detail every aspect of
the TUC-TAC 2020 agent. Finally, in Chapter 5, we outline the early development
and the preparation of the TUC-TAC agent, so then we finally discuss about our
agent’s performance in the PowerTAC 2020 competition, and also observe the

results of extensive post-tournament analysis.



Chapter 2

Background

As time passes and the natural reserves of fossil fuels are getting depleting, the
need for an alternative way to produce energy emerges. Even more so, since fossil
fuels contribute greatly to CO2 emission leading to climate change with all its
consequences. Currently, there are many ways to generate electrical energy without
burning fossil fuels by using renewable energy resources. These are harvested via
solar panels, wind turbines, tidal generators and other emerging technologies. As
many researchers (Amin et al [4]) have already pointed out, in order to create
an energy grid that will be solely supported by renewable energy sources, many
changes must be made. Thus, the creation of a new, Smart Grid is necessary to put
all of these practices into effect. Some of the features and concepts of the Smart
Grid [5] that will be discussed in this Chapter are: Energy Prosumers, Virtual
Power Plants, Demand Side Management and at last Electric Vehicles and the

G2V/ V2G problem.



2.1 Energy Prosumers and Virtual Power Plants

2.1 Energy Prosumers and Virtual Power Plants

One key aspect of the emerging Smart Grid is the ability of each participant
to produce its own energy and contribute to the network. Thus, potentially a
lot of individual homes and businesses will eventual become "energy prosumers".
In some detail, an energy prosumer is a consumer who also produces renewable
energy, for example by using photo-voltaic panels at the rooftop of his home or his
shop. By doing that, the stock prices of the electricity will drop significantly while
the available energy will be increased. In addition to that, prosumers can form
teams which in a large scale can also help in shifting the energy load of the grid
[6], thus reducing, even more, energy waste. One example of artificial intelligence
technologies that can help in solving the "prosumers" problem is described in the
work of Angelidakis et al [7], [8]. Specifically, they propose factored MDPs for
Optimal prosumer decision-making in continuous state spaces, which can help in
modeling the complex state space of the Smart Grid, where prosumers produce
and consume energy simultaneously.

Eventually, at some point in the Smart Grid, many individual "prosumers" or
simple consumers will exist with each one of them trying to maximize its profit.
So, in order to comply with the demand-side management aspect of the grid, it
will be necessary for these individuals to create coalitions, so they can balance
the supply and demand in a part of the network, acting as a Virtual Power Plant

(VPP). Specifically:

"The process of forming VPPs at a technical level means the individ-
ual actors must synchronize the largely heterogeneous services they
provide within the VPP in an agile fashion to meet the requirements

of the contracts they make with their customers."
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: VPP definition taken from the survey of Ramchurn et al. [9]

Moreover, Chalkiadakis et al [10] and Robu et al [11] discuss the issues sur-
rounding the emergence of Virtual Power Plants, and propose game-theoretic and
mechanism design solutions to help tackle the inefficiency and unreliability prob-
lems plaguing the integration of distributed energy resources into the Smart Grid.
That research highlights the need to create decentralized coordination algorithms
and strategies that will enable the creation of efficient coalitions of distributed

energy resources (i.e., VPPs) in finite time.

2.2 Demand-Side management

Unlike the current energy grid state where electricity flows only from big power
facilities to the consumers, in the new Smart Grid electricity will flow in any
direction in different magnitudes. This statement is in the core of the demand
side balancing problem, whose solution is necessary in order to reduce any energy
waste. Effective demand-side balancing will benefit consumers who shift their
consumption to desirable time slots, in order to enjoy cheaper tariffs. Currently,
the main approach to reduce consumers’ demand is to directly control the high
load electrical devices by shutting them down when the energy demands of the
grid cannot be fulfilled. By contrast, in the Smart Grid every household, shop,
or industrial site will communicate, and receive signals from the grid with the
purpose of managing the energy demand.

However, in order to effectively deploy this idea, more complicated tariffs must
be offered to cover the wide variety of customers along with their unique needs. To
do so, it is necessary to create mathematical model simulation systems that will
precisely show us how the consumers and the grid react in different scenarios; and

which will allow the application of novel mechanisms, which will provide incentives
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to prosumers to produce and/ or consume energy when required. This will be key
in order to keep the Grid balanced and to ensure the optimal use of renewable
energy sources. So in order for this problem to be properly researched, it can be
turned into an online learning and management problem under uncertainty, the
solution of which can benefit from game theoretic ideas. For example, Akasiadis
and Chalkiadakis [6] demonstrate that demand-side management can be greatly
benefited when consumer agents form cooperatives to effectively shift the power
consumption. Also, Kota et al [11] propose mechanisms to enable the formation
of consumer cooperatives and facilitate demand-side management: the idea is that
a cooperative would recruit suitable electricity consumers as members, who agree

to participate by attempting to reduce their energy consumption when requested.

2.3 Electric Vehicles and the G2V / V2G problem

As it was previously mentioned, one of the goals of the Smart Grid is to reduce
coal emissions, so standard vehicles should be replaced by electric vehicles. At
this time, car manufacturers are already adapting to the new needs and develop
EVs aiming to sell them to the average consumer. So it is highly possible that
in the near future the majority of the cars will be powered solely by electricity.
Specifically, in the work of Jenn et al [12] is mentioned that in 2015 the market
share of EVs in the more advanced states of U.S.A. was already up to 3% and it
is projected to increase exponentially in the coming years.

Aside from the reduction of the harmful emissions that EVs can accomplish,
EVs can also help in demand-side management because of the huge batteries they
carry. Specifically, EVs will be charged when the energy is plentiful and will be
discharging back to the Grid when it needs a portion of the energy back (Vehicle-
to-Grid) [13] to ensure its stability. Meanwhile, EVs store electricity which is used
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to power the car too , thus it is necessary for these batteries to be recharged at
some point (Grid-To-Vehicle). However from the Grid’s perspective, charging EVs
greatly impact the state of the network because an increased number of simulta-
neous battery charges adds a significant load to it [5]. Thus, it is imperative to
come up with efficient, coordinated charging schemes that guarantee the smooth
Grid operation [13| [14]. On the other hand the greatest challenge for V2G is the
uncertainty of the power that can be supplied by EVs because of their location
and needs. For all these reasons, it is obvious that an increased EVs penetration
level into the Grid, makes the need to take them into careful consideration when

designing consumption and production prediction models imperative.



Chapter 3

PowerTAC: The Power Trading
Agent Competition

After our discussion in the previous Chapter about the Smart Grid and its compo-
nents, the necessity for a platform to exist that would enable researchers to simulate
in real-time some of the features of the future smart grid is apparent. Hence, Ket-
ter and Collins|[15] with their team created the PowerTAC platform. PowerTAC is
a rich competitive economic simulation of future energy markets, featuring several
smart grid components. With the help of this simulator, researchers are able to
better understand the behavior of future customer models as well as experiment
with retail and wholesale market decision-making, by creating competitive agents
and benchmark their unique strategies against each other. In this way, a host of
useful information is extracted which can be used by policymakers and industries

in order to prepare for the upcoming market changes.
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3.1 Competition Overview

PowerTAC was first developed in 2011, and since then every year the developers
manage to update some of the components like customer models in order to in-
crease the accuracy of the simulation as well as to catch up with the latest scientific
research. The PowerTAC vision consists of competitive agents that will harness
the energy supply and demand of the simulation environment with the intention of
making a profit. Specifically the "broker"-agents will buy and sell energy through
consumption tariffs with individual retail customers like households, commercial
stores, or even bigger enterprises as well as electric vehicles. At the same time, the
agents will interact and trade within the wholesale market which is a real-world
replica of the European and North American wholesale energy markets [16].

As the competition organizers mention, this simulation is designed to model
the energy trading environment mainly from an economic and not an especially
technical viewpoint. Through the years, the main elements of PowerTAC have not
changed and can be seen in Figure 3.1 below. More details about these components

will be further discussed in the following sections.

Competing Brokers =~ - N -
build portfolios, B Y“ T B &
buy & sell power gf{"’ . ¥ : . g({r’
. . 5
[~ < : SN ~..H gU\b ‘ Power TAC
N 0’ e R ) simulation
f A \ . am 2 be,@ 5 Tariff environment
Ty S Whole ' Balancing : market
Market Market
T m— - i
LIS ; . etail Customers
A | i producers,

Large Ener . o s
Supgp“erg & ‘-_ '\ A . k?'f‘ consumers

Distribution Utility
owns/operates local grid

Figure 3.1: Main PowerTAC elements [1]
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3.1.1 Simulation Time

For a simulation to work, the game time needs to be discrete, thus some discrete
time-blocks are created. These are called "time slots" and each one of them repre-
sents an hour of simulated time while each one of them takes almost 5 seconds of
real-time. Each game consists of at least 1440 timeslots (two months of simulated
time and at least 2 hours of real-time per game). This means that in each Power-
TAC game at any time there is an active timeslot, and a set of future timeslots for
which the brokers can reserve and trade energy. The main objective of the brokers
is to try to balance the demand and supply in each of the future timeslots with

the purpose of not getting monetary penalties.

11
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3.1.2 Brokers

Broker-agents are the real-life analogy to energy retailers and have similar actions

in their activity book. In each timeslot, every agent can decide and perform any

of the actions seen in Figure 3.2 below.

Wholesale
Market

Accounting s ® -
Service

Weather g
. Service
: weather report
Distribution ) .
‘ Utility " “'YJ '
L ]
| )

4840 JoenUOD

e
-

Customers

T f'?"_ffoﬁo development

Figure 3.2: Available actions of a broker during a timeslot|1]
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Specifically these actions are:
e Publish new tariffs in the retail market.

e Modify existing tariff terms by revoking the old tariff and publishing a

new one in its place.
e Adjust tariff prices, if tariff terms allow it.

e Trade in Wholesale Market by placing bids or asks to sell or procure

energy for future timeslots.

e Curtail demand by issuing economic control orders which apply to cus-

tomers with incorruptible consumption tariffs.

e Submit balancing orders in balancing market which consists of offering

controllable capacities for actual time balancing.

However, there is a lot of information available to the brokers in order to help

them make the correct decisions. In a few words agents know about:

e Most of the game parameters, such as multipliers, cost specific param-
eters which are stable through the course of a game and are essential to

calculate some values in advance.
e Broker identities, only the names of the competitor agents.

e Bootstrap data, consists of the net demand and the electricity usage of each
customer as well as the bid and ask prices that are cleared in the Double
Auction of the Wholesale Market through the duration of the bootstrap
period. The bootstrap period is a time in which only the default broker is
active and is used to initialize a game. The Bootstrap data is usually used

by the agents to generate accurate electricity usage customer models.

13
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e Weather reports/forecasts.

e Active Tariffs of each broker.

e Wholesale market clearing data.

e Wholesale market order-books.

e Total aggregate energy consumption/production.

e Every Transaction is private data for each agent, like cash position,
market positions, portfolio supply demand, balancing and distribution trans-

actions.

3.1.3 Tariffs in Retail Market

Tariffs are the main and necessary way for an agent to make a profit. In PowerTAC
there are specific tariffs for a wide range of different power consumers/producers
types. Some of these are general consumption, interruptible consumption, general
storage, battery storage, thermal storage consumption, electric vehicles, general
production, wind production, solar production, and some other similar power type
not currently used by the game server in practice.

The PowerTAC tariff creation gives the option to brokers to create and publish
tariffs with each possible term deriving from the needs of current but also future

energy markets. In Figure 3.3 below we can see the current tariff structure.
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TariffSpecification RateCore
-offeredBy : Broker|D ~ rat@g
-id : TarifflD
-expiration : DateTime
-minDuration : msec

-powerType : PowerType
-signupPayment : Money

—early\l‘ﬁ_thdrawPaym.ent : Money Rate RegulationRate
-periodicPayment : Money _minValue : Money UphegulationPayment | Money
-maxValue : Money -DownRegulationPayment : Money
0 * ~value : Money
supersedes -noticelnterval : interval

-expectedMean : Money

-isFixed : boolean
HourlyCharge -maxCurtailment : ratio

-value : Money 'ﬁ‘:‘:}—weeklyaegin : day-of-week
-when ; DateTime | rateHistory [-weeklyEnd : day-of-week

. -tierThreshold : kWh

' -dailyBegin : hour-of-day
actual charges for each -dailyEnd : hour-of-day
timeslot in the past, and
into the future at least up
to the notice interval,

Figure 3.3: Detailed Tariff Parameters [1]

It is easily visible that with these tariff terms countless different tariffs can be

offered. Some of the common tariff features that are supported are:

e Tiered Rates, which mean that customers can be charged with more than
one rate for electricity: a lower rate for the electricity used up to a certain

threshold; and a second, higher rate for all additional use.

e Time of Use rates, which is a method of measuring and charging a cus-

tomer’s energy consumption based on when the energy is used.
e Two-part tariffs are a combination of fixed daily fee plus usage fee.

e Sign up and Early withdrawal penalties, these features can be used as

a clause of a tariff.

e Interruptible Rates, which means that the tariff specifies the demand
level (kW) that will be interrupted. To use this option, the customer must

15
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have on-site generation or storage, to serve the load they have nominated for

interruption.

¢ Regulation Rates are used by storage devices and can specify different

prices for the use of the device for up-regulation or down-regulation.

e Dynamic Pricing tariffs in which the new prices must be communicated
to subscribed customers some number of timeslots before the timeslot to

which they apply.

3.1.4 Customer Models

The most important and the most updated feature of PowerTAC is that of the
customer models. Customer models are the ones responsible for interacting with
the retail market in order to find the best tariffs as well as generate the values for
the energy consumption or generation during a timeslot taking into account many
different variables like weather, market state, etc. Each customer model is defined
by its name, population, power type, controllable capacity, and multi-contracting.
The customers’ models themselves are of high complexity so these could be the
main focus of other scientific researches, therefore no more technical details will
be presented in this work. More details can be seen in the corresponding chapter

of PowerTAC definition [1].

3.1.5 Weather Reports

Another significant feature of PowerTAC is the weather reports. In each timeslot,
a weather report for the current time is sent to the brokers along with a weather
forecast about the next 24 timeslots. This information is used by the agents
for prediction purposes, because the customer models are directly affected by the

weather. Specifically, weather data are drawn from real weather reports in the past
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which means that, during the competition agents do not know the game location

for obvious reasons.

3.1.6 Wholesale Market

The wholesale market is the place that allows brokers to primarily buy and sell
energy for every available future timeslot (usually 24 future timeslots are enabled).
Specifically, the PowerTAC wholesale market is a "day ahead" periodic double
auction, which clears in each timeslot and tries to imitate the current core wholesale
trading foundations like FERC, EEX, and NordPool (wholesale trading utilities in
Europe and North America).

In real life, energy wholesale markets serve big regions consisting of many
energy providers and millions of customers. On the other hand, the PowerTAC
can currently simulate only one city from such an area. Therefore, in order to make
the wholesale market more realistic, three more entities were created to trade in
that market along with the brokers.

The first entity is called "Grid Genco" and represents the wide population
of generating facilities that can supply the simulated city. This entity is very
important because it provides the market with a realistic supply curve deriving
from statistics observed in MISO and PJM LMP markets of North America. The
second entity is the "Grid Buyer" and simulates the regional demand also based
on real-life metrics drawn from a time series trained on two years of MISO North
actual demand. So, this entity’s responsibilities are to buy enough energy so it
can satisfy its energy demands. The third and last entity is created to provide
the market with liquidity, using a stochastic behavior that mimics a population
of buyers and speculators, which are only engaging in the Wholesale Market of

PowerTAC and not in the Retail Market.
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3.1.7 Balancing Market and Balancing Fees

The balancing market is the real-life equivalent of Independent System Operator
(ISO) in the U.S. and Transmission Systems Operator (TSO) in Europe. Its main
responsibilities are to monitor the electricity grid and maintain balance by keep-
ing voltage and frequency within some bounds. However, in PowerTAC technical
aspects like voltage and power factor are not taken into consideration so the bal-
ancing market’s only responsibility is to balance the supply and demand in each
timeslot by exercising capacity controls on behalf of the agents. In this way, when
a broker fails to procure the required energy in time, balancing utility comes and
finally charges the broker for the missed energy at a much higher price, acting as
a penalty. That fee is called Balancing Fee and can vary from smaller charges to

very high destructive penalties depending on the Wholesale market prices.

3.1.8 Distribution utility and Transmission Capacity Fees

The Distribution utility (DU) is primarily responsible for 3 different operations.
The first one, as its name suggests, is to distribute the energy to each customer
while it charges each broker with the distribution fees which are relevant to the
energy transmitted through the grid. Second, DU is responsible to issue the Trans-
mission Capacity Fees (T'SF). These fees represent the amount of money a broker
should pay for its customers’ contribution to demand peaks. This means that when
there is a demand peak each broker will have to pay for a portion of the exceeding
energy. TSF charge the three highest demand peaks at the end of a 168 timeslots
period (1 week of simulated time). Specifically the calculation of the TSF consists
of three steps:

e Compute the mean d; and standard deviation o4, of the net demand since

the start of the game, and define threshold as z; = d; + y04+ where 7 is a
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tournament constant.
e Find the three highest net demand timeslots.

e For each of these three timeslots if demand p is higher than the threshold

the total charge will be ® = A(p — z) and A is a tournament constant.

In the current PowerTAC competition these fees are the main problem an agent
faces when it tries to dominate in the retail market. More details about how our
agent, TUC-TAC, managed to harness these fees will be presented in the next
chapter that describes our approach. The last responsibility of the Distribution
utility is to publish some default tariffs for the times when there are no published

tariffs by any other broker.

3.2 Related Work

PowerTAC as mentioned earlier is almost 10 years old. Specifically, in 2012 the
first pilot tournament had taken place with 8 research teams from around the world
and since then it is organized every year. Having so many years of active compe-
tition implies, that there are many different interesting agent approaches already
implemented. In this section, some of the most significant broker-agent strategies
will be introduced. Every agent design, in these many years of competition, can
be broadly separated into two different, almost autonomous, parts. The first part
is the Retail Market Module which in general tries to find the best tariff strategy
and the second is the wholesale market module which its main responsibilities are

to submit bid and asks in the periodic double auction.
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3.2.1 Retail Market Strategies

Many agents in the past, like ColdPower2017 agent used Markov Decision Pro-
cesses (MDP) [17] in order to find the best tariff strategy. Also, other agents tried
similar strategies, one of them is Mertacor2020 which implements Q-Learning tech-
niques in order to maximize the profits from the retail market. VidyutVanika [18|
Agent also used a combination of MDP and Q-learning assisted by a Deep Neural
Network Predictor. However, AgentUDE [19], one of the most successful agents in
the many years of PowerTAC, which won the tournaments of 2014, 2017, 2018 and
was in the top three brokers in 2016, and 2019, used a much simpler tariff strategy.
Specifically, its strategy was based mainly on decision trees and it was being en-
hanced with some general principles; for example, the name of such a principle was
"revokeUselessTariffs", which meant to revoke all potentially harmful tariffs, and
so on. In addition to that strategy, AgentUDE2017 [20] added a genetic algorithm

module to further improve its tariff generation.

3.2.2 Wholesale Market Strategies

The double auction of the wholesale market requires a very careful strategy in
order to be profitable. One of the first and most important works in this field was
that of TacTex [21] agent in 2013. That team used an MDP price predictor which
is the foundation of almost all modern brokers in PowerTAC. Specifically, SPOT
[3] agent further improved the previous strategy using Monte Carlo Tree Search to
find the best bids and asks at the best possible times. Another especially efficient
wholesale market agent was VidyutVanika [18], which also uses the MDP based
price predictor which was firstly implemented by TacTex 2013. In all these years
there were also many other interesting works like that of Nativdad et al(2016)

[22] which was using machine learning techniques to reduce the complexity of the
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wholesale market action space.
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Chapter 4

Our Approach

The TUC-TAC agent is a complex artificial intelligence software developed to com-
pete in the 2020 Power Trading Agents Competition (PowerTAC-2020). The main
strategy of TUC-TAC 2020 (more specifically, the part of TUC-TAC’s strategy
that is used in the key for the game retail market), is based on the principle that,
acquiring half of the market share will give TUC-TAC half of the total profits, but
also only half of the inevitable transmission capacity fees will have to be paid by
our agent. We came up with that resolution after realizing that greedy strategies
would not work in the competitive environment of PowerTAC; and we were inspired
in the choice of strategy by an interesting equilibrium strategy employed in the
context of the "Lemonade Game" competition, and which we briefly present in the
next section. In order to achieve that, the TUC-TAC uses decision trees enhanced
with many heuristics and non-heuristics functions that help in the evaluation of
the game state. We also employed the Monte Carlo Tree Search algorithm for
bidding in the double auction of the wholesale market, adapting it to this setting.
In this chapter, we will break down the agent into modules to easier understand
how it was designed. Figure 4.1 below depicts the main components of the agent;

in this chapter, we will analyze all these components in turn.
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Figure 4.1: TUC-TAC’s architecture

4.1 Monte Carlo Tree Search

Before we turn into describing the various components of our agent’s strategy, we
begin this chapter by providing some background on the Monte Carlo Tree Search
(MCTS) technique, which was employed in our wholesale market strategy, as we
explain later in this chapter. In general, Monte Carlo Tree Search (MCTS) is
a search technique in the field of Artificial Intelligence. It is a probabilistic and
heuristic driven search algorithm that combines the classic tree search implemen-
tations alongside machine learning principles of reinforcement learning.

The basic algorithm involves iteratively building a search tree until some prede-
fined computational budget —typically a time, memory, or iteration constraint—
is reached, at which point the search is halted and the best performing root action
is returned. Each node in the search tree represents a state of the domain, and

directed links to child nodes represent actions leading to subsequent states [23].

e 1. Selection: Starting at the root node, a child selection policy is recursively

applied to descend through the tree until the most urgent expandable node
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4.1 Monte Carlo Tree Search

is reached. A node is expandable if it represents a nonterminal state and has

unexpanded.

e 2.FEzpansion: One (or more) child nodes are added to expand the tree, ac-

cording to the available actions.

e 3. Simulation: A simulation is run from the new node(s), according to the

default policy, to produce an outcome.

e 4. Backpropagation: The simulation result is backpropagated through the

selected nodes to update their statistics.

Selection —— Expansion — Simulation — Backpropagation ~

Tree quﬁui t

Policy Policy
Y
\. A J

Figure 4.2: Monte Carlo Tree Search general approach

MCTS is a versatile algorithm that can be used in a variety of different settings
for decision-making purposes. Specifically, there are implementations of MCTS for
a lot of different multiagent games with some of them being: Settlers of Catan [24],
Diplomacy [25], KriegSpiel [26] and many others. MCTS has also been used in
PowerTAC in the works of SPOT agent [3], in order to select suitable strategies
for the Wholesale Market.
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Zero-Sum Game Settings

4.2  An Interesting Equilibrium Strategy for Re-
peated Multiagent Zero-Sum Game Settings

The Lemonade Stand Game ( LSG ) is a game theoretic setting with important
real-life applications. Specifically, it is a game that can provide important intu-
itions regarding the choices facing online advertisers, regarding which spot to bid
for when participating in real-time online auctions for slots showing up in spon-
sored search results. In its simplest form, the lemonade game involves N lemonade
vendors choosing a location to place their counter at, on the perimeter of a circular
island. The utility of each vendor is determined by the distance between her, the

neighbor vendors and the defined space boundaries, as depicted in Figure 4.3. In

o B35

Square 7

O Star 9 o

Circle 8

o ge
Figure 4.3: An example of Lemonade Stand Game [2]

2010 the first Lemonade Stand Game Tournament involving artificial intelligent
agents took place, sponsored by Yahoo! Research, and the strategy of the win-
ning team was shown to be the equilibrium strategy of the LSG [2]. In short, the
strategy demands that one should always sit opposite of an opponent, with the
purpose of maximizing their agent’s utility which is translated into profit.

In general, a lesson learned from this equilibrium strategy is that in such set-
tings we should seek to always, at each iteration, claim a large enough slice of the
pie available. This strategy will ensure that any other player will be always getting

lower payoffs than ourselves. In our setting, we are inspired by this equilibrium

25



4.3 The Retail Market Module

strategy and develop a strategy for the retail market that seeks to control a high
portion of the market share by subscribing a large number of consumers to our
services, but also restrain our "greediness" to avoid suffering huge penalties due

to transmission capacity fees.

4.3 The Retail Market Module

The part we focused our research and work on was the Retail Market Module due
to its extreme importance. This component’s main responsibility is to publish
and revoke tariffs in a way that would be profitable for the agent. Publishing
and revoking tariffs alone might sound simple, but there are many aspects of
the game that have to be considered before even taking any of these actions. In
the following subsections, all these different aspects of the TUC-TAC agent are
described in detail.

4.3.1 Preferred Tariff Types

A PowerTAC game has a specified amount of different types of power consumers,
thus some distinct types of tariffs should be offered. The four distinct tariff cat-
egories are Consumption, Storage, Interruptible Consumption, and Production.
However, there are more specific power consumers types for each category as seen
in Figure 4.4.

So, an agent can publish tariffs for either a whole category like Storage or
a specific subcategory like Thermal Storage Consumption. Also, when a "whole
category" Tariff is published, it can be used by all the other subcategories as seen
in Figure 4.4. For instance, when an agent publishes a Consumption tariff, along
with simple consumption consumers both electric vehicles and thermal storage

consumption customers can evaluate and consider subscribing to this tariff.
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Figure 4.4: Tariff Types

In TUC-TAC’s case, strategies for only 4 different tariff types are implemented.
These tariffs are about Consumption, Thermal Storage Consumption, Solar Pro-
duction and Wind Production costumers. After many simulations locally and
online, it was found that Interruptible consumption and the other two Storage
tariff types required a whole different approach to be profitable, so these were not
implemented in the current TUC-TAC agent. Another reason that strategies for
these specific tariff types were not further developed, was the difference in the
significance of these with the simple Consumption tariff type. More specifically,
the profits from the simple Consumption costumers in a small period of timeslots
could be in the tens of thousands, while the profits of the other tariff types were
usually at a maximum of a few thousand.

To summarize, simple Consumption tariffs were selected to be implemented and
offered by our agent, because they provided TUC-TAC with an amount of profit
that was in expectation significantly higher than that of other tariff types. Also,
the two different sustainable Production tariffs were selected, not for their potential

of making a profit, but for their ability to reduce the transmission capacity fees.
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This will be further explained later. Finally, Thermal storage consumption tariffs
were selected because they provided a considerable stable income. Specifically,
the income from these tariffs were a few thousand from the customers and a few
thousand from the balancing market. Moreover, these tariffs were considered,
because it was necessary to prohibit TUC-TAC’s competitors from taking the

advantage of these non-Consumption tariffs.

4.3.2 Tariff Parameters

In Figure 4.6 below we can see, the main tariff parameters that TUC-TAC used.

Tariff Specification

- Power Type

Regulation Rate

- UpRegulation payment

- DownRegulation payment

- Contract Duration

- Early Withdrawal Payment
Rate Core

- Periodic Payment

{

- Rates|]

- Value

- Start of Activation

- End of Activation

Figure 4.5: Basic Tariff Parameters used by TUC-TAC

Specifically, Power Type refers to the type of tariff. Contract duration de-
termines the timeslots in which customers will be charged with early withdrawal
fees if they decide to change their active tariff. Also, Periodic Payment as its

name suggests is the money that a broker will pay periodically so it can remain
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subscribed to that tariff. Finally, a tariff must contain at least one Rate. Every
Rate describes the payment per KWh used during a specified time of a week. For
example, one Rate can refer to the payment for each day after midnight till morn-
ing and another Rate with a different price can refer to the payment for each day
after morning until midnight. Regulation Rates are more simple, these are used by
Storage devices to specify separate payments for use of the device for up-regulation
or down-regulation.

TUC-TAC uses 48 different rates, 24 to specify the payment for each hour of
weekends and 24 for each hour of the weekdays. This number was inspired by the
previous work of Serkan Ozdemir [19]. His idea was to try to shift the consumers’
energy usage by adjusting the prices for each different timeslot in order to reduce
the net demand peaks. By using that time-of-use price scheme, he claims that
the peak-demand charges are significantly reduced. This technique required a net
demand predictor to work. Unfortunately, in our case, there was no properly
functioning predictor by the time of the finals, so though the number of the 48
rates remained and is mostly symbolic. Another reason the number 48 remained
had to do with the hidden customer evaluation models. Every customer in the
game indeed acts as an autonomous entity, so each one evaluates the available
tariffs using some specific protocols along with some sort of randomness. After
observing many games during the trials, we realized that tariffs with more than
one rate were usually more attractive than tariffs with only one rate. Also, most of
the other agents used a similar scheme, with more than one rate. Some of the other
tariff rate numbers were 1, 12, 25, and 168. So we did not change the number of
rates, even though the values of our rates were mostly random (within very strict
bounds). More specifically, after obtaining the rates with the help of a completely
random net demand "predictor", the rates were normalized around a target value

and then repeatedly scaled-down till the standard deviation reached a particular
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number(0.02).

4.3.3 Objective value of a Tariff

One of the main problems a PowerTAC agent has to solve, is the evaluation of
its opponents’ tariffs, with the purpose to offer better ones. The difficulty of this
problem derives from the complexity of the customers’ evaluation model itself.
Also as it was presented earlier, a tariff has many parameters to consider while
evaluating its objective value. For example some of these parameters are periodic
payment, rates, early withdrawal penalties, sign up bonuses and so on.

During the preparation time, we developed three different evaluation functions,
while only one of them worked as intended. But even before that, a basic principle
was set. Opponents’ tariffs which had unusual features were considered as baits
and were not evaluated. Some of these features could be very high early withdrawal
penalties, unusually high periodic payments, or values of rates. Thereafter, the
average value of rates was calculated using three different methods.

The first method tries to find the average value of the rates with the help of
the weights which were produced from the time-of-use-technique [19]. The second
method calculates the average directly by using the values of the rates without
any normalization. The third method calculates the average after normalizing the
values of every rate in the tariff.

The first method was quickly rejected due to the lack of a proper net demand
predictor, so the other two methods remained to be considered. The second method
was the one that was initially developed so TUC-TAC’s parameters were fine-
tuned according to the output of that method. Later, when the third method
was developed and tested, the results were much worse than these of the second
method, so this was rejected too. Even though the second method produced better

results, we believe that the method which normalizes the rates has the potential
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to be superior if the agent is fine-tuned using that method. On the other hand,
as far as the agent was winning there was no need to change any of these core
functions. However, this is potential future work.

Finally, after finding the average value of the rates, the other tariff parameters
should be taken into account too. Specifically, after discarding the "bait" tariffs
the only parameter we considered important was that of the periodic payment.
So, we come up with Formula 4.1 while experimenting to try to find the objective

value of a tariff as it was evaluated by the customers:

ObjectiveValue = Average + PeriodicPayment /20 — 0.015 (4.1)

This empirical, heuristic formula was quite accurate most of the time, and
was the key factor that allowed TUC-TAC to offer more attractive tariffs than its

opponents.

4.3.4 Initially published Tariffs

An important stage of a game is its beginning. After many simulations we con-
cluded that the best initial strategy is to try to have the most customers subscribed
as early as possible. In this way, when the game proceeds and the competitors
publish new, better tariffs, TUC-TAC will be the first to benefit from the "early
withdrawal" penalties that customers will have to pay. For that reason, TUC-TAC
initially publishes consumption tariffs with rates close to its lower bound, in order
to make them appealing to the customers. At the same time, it also publishes
tariffs for the other three power types, but without any intention to make these
especially attractive. The main rationale for this, is to make its opponents offer
cheaper tariffs for customers, so they could not benefit that much. Also as men-

tioned earlier, these tariffs do not have the potential to bring a lot of profits, so
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just canceling out the competitors is enough for TUC-TAC’s current strategy.

4.3.5 Main Tariff Strategy

Since the basics of the game and some "peripheral" strategy aspects have been
explained, we now turn to describe in detail the strategy which was responsible
for TUC-TAC’s success. As mentioned earlier, the basic principle that we applied
has certain analogies to the equilibrium strategy used by the winning agent of the
2010 Lemonade Stand Game tournament [2]. In short, their winning strategy was
to try to always sit opposite of some other opponent so their agent could have high
utility at all times. TUC-TAC’s strategy is quite similar to that since its basic
goal is to get half the available market share leaving the rest to the others. So by
doing that, TUC-TAC expects to always have the highest income, while it shares
all the fees with the other agents. Figure 4.6 below outlines the main components
of the TUC-TAC strategy.

We now explain the flowchart components in detail. In the beginning, we
publish our initial tariffs and then we wait for the assessment timeslots. When
it is time for a reassessment of the market state, our agent first checks if any of
its current tariffs are exceeding some specific dynamic bounds. The tariffs that
are out of bounds get revoked, the others remain. Then we check the number of
customers that are subscribed in the total of a tariff type. If the amount of the
subscribed customers is higher than the MIDDLE-BOUND we instantly revoke our
cheapest tariff and create a new one with the purpose to share the customers with
the other brokers. If the amount of the subscribed customers is not higher than
the MIDDLE-BOUND we then check the Lower-Bound. The purpose of having
a Lower-Bound, is to remain competitive throughout a game, so, if the amount
of the subscribed customers is lower than the Lower-Bound, we try to create and

publish a tariff that is more attractive than that of our opponents. And then all
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Figure 4.6: Main Consumption Tariff strategy flowchart

over again till the game ends.

As it was mentioned earlier, TUC-TAC offers 4 different types of tariffs. Also,
in PowerTAC publishing and revoking tariffs is not free. So, in order to minimize
the losses from publications and revokes, only the Consumption Tariffs used the
main strategy because of their special significance. The rest of the tariff types use
the secondary tariff strategy, which will be explained later.

There is one more basic state of the agent that is not visible in the flowchart.
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That state is called "Low Customer Percentage" and as the name suggests TUC-
TAC enters that state when it fails to subscribe more than a specified percentage
of customers for a prolonged period of time. This is a very rare case and it occurs
mostly in 3 player games when facing specific opponents. So, in order to escape
from that situation, TUC-TAC lowers its tariff’s bounds to offer more attractive
tariffs than its opponents.

Besides the "Low customer" State there also exists an opposite one. This is a
special case that triggers when more than 90% of the customers are subscribed in
the total of TUC-TAC’s Consumption Tariffs. This is a very dangerous situation
because when a broker has the monopoly, it might get all the profit but it will also
have to cover all of the Transmission capacity fees, which is disastrous. So, when
that happens TUC-TAC immediately revokes all tariffs that are below a specified

bound keeping only a portion of the customers.

4.3.6 Secondary Tariff Strategy

Besides Consumption Tariffs that used the previous strategy, the other three tariffs
offered by TUC-TAC used the secondary tariff strategy. This strategy follows the
same principles with the main one, but in this case the assessment period is 168
timeslots so the publication and revoking fees are greatly reduced. Also, it is not
necessary to constantly control the market because of the low potential to make
profits with these tariffs. So TUC-TAC’s strategy aimed at first to increase the
market prices of these three types of tariffs and then to benefit directly from them.
Furthermore, it was not considered crucial to compete for these tariff types in the
8-player games, thus only some initial, "safe", ones were published. After seeing
the results of 8-player games we now believe that this decision was most probably

wrong. Regardless, Figure 4.7 depicts the secondary tariff strategy.
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Figure 4.7: Secondary Tariff strategy flowchart

4.3.7 Agent Parameters and Bounds

PowerTAC is a complex environment so finding the optimal strategy is not obvi-
ous. Despite that, we come up empirically with an equation rule which, as long as
it was satisfied, TUC-TAC was having a positive balance at the end of an assess-
ment period. These assessment periods were 168 timeslots long,i.e. their length
was the same as that of the periods over which the Transmission Capacity Fees
were evaluating and charging. In Formula 4.2 below, Incomeryc_rac represents
the total incomes from any sources of TUC-TAC during a timeslot period, while
TCFeesryc_rac are the transmission capacity fees charged at the end of the same
period. On the other side, the Incomeypers and T'CFeesqpers represent the sum
of all the other brokers’ income and fees respectively. The Of fset is a dynamic
parameter that changes depending on the type of the game (game location,and

number of players).
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4.3 The Retail Market Module

Incomeryc_tac — TCFeestuyc_Ttac + Offset > Incomegihers — TCFeesgihers

(4.2)
So, with formula 4.2 in mind, the TUC-TAC’s parameters and bounds were fine-
tuned to observe that equation.

Furthermore, an additional observation helped us fine-tune the agent. This
observation was that TUC-TAC usually had to pay increased balancing fees during
late December, January, and early February.This phenomenon probably occurs
because of the extreme weather that was not allowing solar panels to produce
energy, also the electricity needs were higher too, probably because of house heating
during the winter. So during these months, the market share bounds were reduced
by 5% to lessen the market share our agent would get. In Table 4.1 below we can

see the precise values of each bound used by TUC-TAC 2020.

Bounds Normal Case | Winter Months | End of Game
UPPER_ BOUND 92.5 87.5 92.5
MIDDLE BOUND 62.5 57.5 55
DO NOTHING BOUND 55 50 55
LOWER BOUND 45 40 35
LOW_ PERCENTAGE BOUND 35 30 25

Table 4.1: Boundary values used in this year’s TUC-TAC agent

All these numbers are referring to the percentage of the subscribed customers
of a tariff type. Specifically, the UPPER-BOUND is used when TUC-TAC has
subscribed almost all the available, as mentioned earlier in section 4.3.5. The
LOW-PERCENTAGE-BOUND is used in the exact opposite situation when TUC-
TAC is stuck in a none profitable state. The MIDDLE-BOUND and the LOWER-
BOUND are mainly used by the Main Tariff Strategy as depicted in Figure 4.6.
At last, the DO-NOTHING-BOUND determines a state in which there is no need
for any action from TUC-TAC.

In that Table, we can also see the "End of Game" parameter. All the timeslots

with numbers greater than 1500 are considered to correspond to "End of Game"
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ones. The idea behind that is that at the end of a game we do not want to take

any unnecessary risk, so to achieve that we aim to decrease our agent’s market by

lowering the "Lower" and the "Middle" Bound by 10%.

4.4 The Wholesale Market Module

The second but equally important module of our agent is the Wholesale Market
one. Its main responsibilities are to buy and sell energy in the double auction of the
wholesale market. In order to be effective though, it requires finding the best bids
so the customers would not have to resort to Balancing Utility to get their energy.
So with a few words, if this module fails to acquire the energy required by the
subscribed customers, the Balancing utility will charge higher every single KWh

that was not reserved by TUC-TAC, thus creating many unnecessary penalties.

4.4.1 Monte Carlo Tree Search in TUC-TAC 2020

The main algorithm implemented in this module was a variation of the Monte
Carlo Tree search method previously developed by Chowdbury et Al.(2018) [3]. In
PowerTAC’s case, the double auction of the wholesale market is a complex action-
space which requires fast and precise actions in order to be profitable. So, MCTS
was selected for its ability to rapidly traverse through huge decision trees and find
the best action.

Specifically, in Algorithm 1 we can see the pseudo-code of our bidding strategy.
At first, the root node is created along with its children. Each child represents
a different bid in the double auction, and the values for each one are generated
by combining the predicted limit price and a standard observed deviation. In
our current implementation, the limit price predictor is just a random number

generator enhanced with some empirically added bounds. After that, the MCTS
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4.4 The Wholesale Market Module

algorithm continues to traverse the tree by expanding the nodes and simulating
some auction outcomes. After every iteration all nodes that were part of the
current path are updated, specifically, we save information about visit count and
average unit cost so we can calculate the UCT value for each node when needed.
In conclusion, we can infer that the concept of this algorithm is indeed suitable for
this setting, and can be especially useful, judging by the results of Chowdhury et
al [3], but the lack of a proper predictor in our case makes our current wholesale
market approach completely naive. For this reason, we are already working towards

creating a limit price predictor for the TUC-TAC 2021.

Algorithm 1 Calculate Bids for wholesale Market using MCTS (timeslot t)

energyToBuy = needed MW H (t)
for i < NUMBFER _OF ITERATIONS do
cur Node = root
cur Node.GenerateKids()
while energyToBuy > 0 do
if cur Node.hasUnexploredKids() then
cur Node = Get RandomUnwisitedChild()
while energyToBuy > 0 do
limit Price = computeLimmit Price(t 4+ timeslots _ahead)
clearingPrice = Get RandomGaussianNumber ()
if limit Price > clearingPrice then
Csim = energyToBuy * clearing Price
end if
end while
break
else
cur Node = Get BestUCTChild()
energyToBuy = Simulate(curNode)
end if
end while
Cavg = Csim/energyToBuy
Bacpropagate(Cavg)
end for
bid = Get Best RootChild().bid
BidInAuction(bid, t)

38



4.5 Monitoring Module

4.5 Monitoring Module

The last component which completes TUC-TAC-2020 is the monitoring module.
This module’s main responsibilities are to keep track of the game and produce
logs suitable for the process of the after-game "fine-tuning" of the agent. So this
component has very similar functions to that of a logger.

Specifically, this module processes and keeps track of information about :

e Bootstrap data in order to attain information about the costumers

Total Energy Consumption and Production for every timeslot

The profits/losses of all the tariffs offered by TUC-TAC

Distribution, Balancing and Transmission Capacity fees

e Incomes and losses from sold /bought Energy in the Wholesale Market

Gains from the imbalances occurred by Thermal Storage Consumption tariffs
e Total profits in general and Total profits from each tariff type

It also stores data about:

e Definitions of TUC-TAC’s active tariffs and customer counts for each one

e Definitions of Opponents’ tariffs

At the end of every PowerTAC game, a log file is produced containing all this
information. This file was employed to fine-tune the agent’s parameters empiri-
cally, via human examination and actions. In addition to that file, another one
is produced. The second one is a spreadsheet file (.xIsx) which contains informa-
tion about the energy usages for each timeslot and it was used to evaluate the

performance of the various implementations of the net demand predictors.
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Chapter 5

Experiments and Results

In this chapter we are going to present the experiments and results related to this
thesis. Since this is a thesis describing a competitive agent that participated in an
international competition (and won it), this chapter is structured as follows: we
begin by describing first steps towards our agent’s implementation, the results of
the 2020 PowerTAC trials and qualifiers in which TUC-TAC participated, and the
lessons learned and strategy modifications performed as a result. We then proceed
to present the results of the PowerTAC 2020 finals, in which TUC-TAC prevailed;
and finally, we conduct an extensive post-tournament analysis, in order to draw

important lessons from this endeavor.

5.1 Preparation and Early Development

The 2020 competition was the first time a TUC team took part in PowerTAC. So,
in order to catch up with the current state of the art implementations, we carefully
studied the literature relating to past agents’ strategies. In the end, the ones we
focused more and employed ideas from the papers by Serkan et al (2017) [19], the
paper from Chodhury et al (2018) [3] and the paper of the VidyutVanika agent
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from Gosh et al (2019) [18].

The first paper of (Serkan et al,2017) describes a retail market strategy where
a variance of a genetic algorithm is used to find the best tariffs in the market. The
main reason we selected this implementation as a starting point for our work, was
because AgentUDE used it and finished first in the 2017 PowerTAC competition.
We also started experimenting with the implementation of Chodhury et al (2018)
which was a Monte Carlo tree search variance for the bidding in the periodic
double auction of the wholesale market. Even though the SPOT agent which
used this implementation did not have a very good overall performance in the
previous competitions, we selected their techniques because we recognized that
their wholesale market performance was one of the best currently implemented for
PowerTAC. The last paper from the VidyutVanika agent was not used directly to
implement a technique, but we saw it as an example of how a successful agent was
structured (VidyutVanika finished second in the 2018 competition).

Each year, before the official qualifiers and finals take place, a series of 2-4
trial competitions are scheduled by the PowerTAC organizers. This is a great
opportunity for the participants to test new implementations. So after deciding
which technologies to use in our agent, we got back to work having the first trial
as a target to test our progress. Although the first two qualifiers(April and July
2020) were scheduled, our agent was not ready to compete with others at that
time. Later in the August trials, we felt that TUC-TAC was ready to compete
with others and we were eager to see its performance. Unfortunately, even after
a few games in the trials, we realized that there was much room for improvement
regarding our implementation. In Table 5.1 below we can see the normalized

results from this trial.
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Broker Type 6 | Type 4 | Type 2 | Total (Normalized)
VidyutVanika 0.689 0.788 0.447 1.924
Mertacor2020 0.561 0.845 0.447 1.853

SPOT 0.566 0.240 0.447 1.253

xameleon 0.394 0.149 0.447 0.990
EWIIS3 2020 | -0.036 0.118 0.447 0.529
TUC TAC -2.175 -2.138 -2.236 -6.550

Table 5.1: August’s Trial Results

In these trials, our agent was always trying to acquire all of the market shares.
It was obvious then, that the lack of boundaries in the tariff generation was piling
up all of the transmission capacity fees on our agent, resulting in these huge nega-
tive scores. It did not take long to understand that the genetic algorithm itself was
not enough to handle the huge burden of the capacity fees. So after some team
meetings and a lot of tests, we created the following strategy which is depicted in

Figure 5.1.
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Figure 5.1: First version of the TUC-TAC retail market strategy used in Septem-
ber’s 2020 Trial

This strategy put some distinct boundaries to the tariff creation while keeping
the random aspect of the genetic algorithm. Despite us being only cautiously
optimistic after these modifications, this strategy worked especially well in the
final trial of September. The results of that trial can be seen in Table 5.2 below.
It is clear that our total score was far better than that of August’s. After processing
the logs of the games we found out that the main reason TUC-TAC had these huge
losses was the wholesale market. In detail, as it was mentioned earlier, when a

broker cannot fulfill its customer’s energy demands the Balancing Utility charges
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that broker for the KWh it did not reserve at a much higher price.

Broker Type 5 | Type 3 | Type 2 | Total (Normalized)
Mertacor2020 0.749 1.105 1.699 3.553
EWIIS3 2020 1.195 0.738 0.038 1.971
VidyutVanika -0.134 0.468 -0.432 -0.098

CrocodileAgent2020 | -0.082 -0.741 0.081 -0.742
TUC TAC -1.728 -1.570 -1.385 -4.683

Table 5.2: September’s Trial Results

So after implementing a dominating retail market strategy, we focused on im-
proving the smaller details of it as well as creating a better wholesale market
strategy. To further improve the retail market strategy, some features had to be
added to it. The first feature that was added was the support of multiple active
tariffs. By using multiple tariffs of a specific type the agent benefits too from
the early-withdrawal fees parameter thus increasing the final money of the broker.
Moreover, for our agent to have better control of the market state more special
cases had to be added. The exact flow chart of that strategy is described as the
"Main tariff Strategy" in Figure 4.6.

At the same time, our team was working towards the implementation of a
net demand predictor and a wholesale market prices predictor. The first would
have been used to decrease the transmission capacity fees and the second was
essential for the strategy of the wholesale market. Unfortunately, no appropriately
functioning version of these was ever ready in time. So we had to improvise and
experimentally create a substitute for these. Luckily the changes that were made
in the retail market module were enough. On the other hand, the changes made in
the wholesale market module were neither profitable nor harmful for TUC-TAC,
but these were all we could do at that point.

Finally our agent competed in the Qualifier round of October and dominated

over all other brokers. The results of the qualifiers can be seen in Table 5.3 below.
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Broker Type 8 | Type 5 | Type 3 | Total (Normalized)
TUC TAC 1.745 1.456 1.823 5.025
Mertacor2020 0.467 1.513 1.024 3.004
EWIIS3 2020 0.892 0.341 0.080 1.153
CrocodileAgent2020 | -0.258 -0.243 0.418 -0.083
VidyutVanika 0.161 0.045 -0.812 -0.607
SPOT -0.598 -0.715 -0.987 -2.300
xameleon -1.746 -1.087 -0.040 -2.874
COLDPOWER?2020 | -0.663 -1.311 -1.345 -3.319

Table 5.3: October’s Qualifier Results

After these results, we were optimistic that our work paid off, but we did not
rest yet because the finals were near. In order to further prepare our agent for
the finals, some other aspects of the agent were added. One of them was the
secondary tariff strategy (Figure 4.7 ) which helped in decreasing the capacity fees
while it canceled our opponents’ strategies that were based on production tariffs.
The other less significant addition was that of the "Low-Percentage" state which
helped in getting out of some not profitable situations.

In brief, that was the preparation and the early development we made for the

PowerTAC 2020 finals.
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5.2 PowerTAC 2020 participation results

The 2020 PowerTAC competition consisted of 8 teams from around the globe
(USA, Germany, Mexico, Croatia, India, and Greece) competing for first place in
the competition. Specifically, each agent participated in 40 eight-player games,
105 five-player, and 63 three-player games. This year’s competition had some very
interesting games judging by the fact that each game type had a different score
leader. More details about the scoreboard can be seen below in Table 5.4. So after
this tough competition, it would be wise to analyze each different game type and

see which agent was performing better in each scenario.

Broker Type 8 | Type 5 | Type 3 | Total (Normalized)
TUC TAC 0.494 2.123 0.991 3.607
Mertacor2020 0.546 -0.196 1.576 1.926
CrocodileAgent2020 0.207 -0.142 1.105 1.170
EWIIS3 2020 0.684 0.158 -0.215 0.627
Vidyut Vanika 0.282 0.395 -0.531 0.145
SPOT 0.252 -0.127 -0.972 -0.847
COLDPOWER2020 0.141 -0.474 -1.235 -1.568
xameleon -2.605 -1.736 -0.718 -5.059

Table 5.4: November’s Final Normalized Results

The exact aggregate scores of all games for each different type of PowerTAC
2020 competition are depicted in Figure 5.5. Specifically, the un-normalized, actual
scores can give us more information about how each agent actually performed in
different game types. On the other hand, normalized! scores give us a better

overall picture of which agent is better in each game type.

LAn agents normalized score denotes the fraction of its actual score over the average score
across all agents.
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Broker Type 8 Type 5 Type 3 Total
TUC TAC 2,962,734 | 121,293,603 | 131,705,373 | 255,961,710
Mertacor2020 3,726,679 5,491,646 | 164,138,372 | 173,356,697
CrocodileAgent2020 | -1,250,817 8,178,165 | 138,004,184 | 144,931,532
EWIIS3 2020 5,760,600 | 23,177,825 | 64,875,477 | 93,813,901
VidyutVanika -152,168 | 34,985,883 | 47,364,189 | 82,197,904
SPOT -597.434 8,945,948 | 22,952,988 | 31,301,502
COLDPOWER2020 | -2.233,261 -8,372,169 8,379,713 | -2,225,717
xameleon -42,622,991 | -71,444,113 | 37,005,980 | -77,061,123
Table 5.5: November’s Final not-normalized Results
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Figure 5.2: Final Normalized Scores of PowerTAC 2020

At first, we can see in Figure 5.3 below, the average score of all games played.
The vertical axis will always show the score while the horizontal axis presents the
name of the broker in each of the three different scenarios. These scenarios are

games with three-players, five-players, and eight-players.
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Figure 5.3: Average scores of all PowerTAC 2020 games

5.3 PowerTAC 2020 post-tournament analysis

In PowerTAC 2020 each participant had a different game strategy, even though
most of them used similar technologies like Markov Decision Processes, Q-Learning,
or simpler approaches such as us for retail market decision making. For example,
TUC-TAC and Mertacor2020 were quite aggressive in the retail market regardless
of the number of players in the game, specifically, Mertacor used an aggressive
decision-making strategy informed by offline reinforcement learning. But in the
end, TUC-TAC’s smaller details such as faster response times, and the offering of
more attractive tariffs, allowed it to have an advantage over Mertacor, and this
is why TUC-TAC won most of the games it participated in. At the same time,
CrocodileAgent2020 was especially aggressive in 3 player games but was too afraid

to do the same in more-than-three player categories, as we will see in the rest of
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this analysis. Moreover, ColdPower, Spot, VidyutVanika, and EWIIS3 2020 had
a similar "conservative" behavior in the retail market judging by their lower av-
erage scores in most games. It is also important to note here that apart from the
retail market strategy failure of Spot and VidyutVanika, both of these agents were
the ones that were performing the best in the wholesale market because they man-
aged to generate profit by selling and buying energy there, something that will not
be further investigated in this thesis. On the other hand, Xameleon implemented
a greedy strategy that did not perform well, probably because of the high fees it
had to pay and some flaws in its design as it was later mentioned by its developer.
In the rest of this chapter, we will provide an extended post-tournament analysis

with detailed Figures.

5.3.1 Categorization by balancing fees

Balancing fees are the fees that are applied to the agents by the Balancing market
when they fail to procure the required energy. The most common reason a bro-
ker might fail to accumulate the required energy, by its customers, is very high
wholesale market prices.

We can see from the Figure5.3, that the average score of most brokers in type
8 games is similar. Most specifically, the standard deviation between the first
seven agents is quite small (74,000), in contrast with Xameleon which had some
especially high losses in type 8 games. The standard deviation of that category
along with Xameleon is 393,000.

However, for the tier 5 games, the performance of TUC-TAC was outstand-
ing managing to have almost three times greater average score than the second
contestant. In more details, the average score of TUC-TAC was 1,155,000, while
VidyutVanika which was the second, had only an average score of 333,000. The
standard deviation of type 5 games is 508,514.
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Unlike the two previous game types, the tier 3 games were the most competitive,
having agent Mertacor as the leader followed by CrocodileAgent and TUC-TAC
closely. As we can see in Figure 5.3, the standard deviation of 3-player games is
higher than any other game type. In particular, the standard deviation is 940,000.

But how did these final scores occur? In order to understand that, we are going
to break down the games and see how each broker was performing in different game
types besides the classic categories.

From our viewpoint, there were two distinct types of games in this year’s fi-
nals. The “regular games” and the “special Phoenix games”. We define as “special
Phoenix games” the games that have extended periods of timeslots with unusually
high wholesale market prices. In such situations, agents that have not been careful
to buy substantial amounts of energy early on, would have to buy energy in very
high prices in the wholesale market. As it was observed in PowerTAC 2020, the
leading agents were not prepared for this scenario, thus they could not obtain the
required energy during these time periods, and resulting in very high balancing
fees for each one of them. In our case, this phenomenon usually occurred during
the summertime of games located in Phoenix. However most of the time, these
games do not contain any other feature that makes them special. For example,
another feature of some other games is unstable weather leading to higher than
usual net demand peaks.

Our agent won the majority of games in every "classic" category, but only
managed to have the best overall score in the five player games while being third
in the other two game types. More details about the wins of TUC TAC in each
game type (clearly depicting performance in "Phoenix" games also), can be seen
in the following Table 5.6.

Below we can observe how each agent performs in different types of games.

Specifically, we will depict the average scores of Regular games in Figure 5.4 first;
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then, Figure 5.5 depicts performance in the "Phoenix" games. This comparison

Type 8 | Type 5 | Type 3

Regular Games 28/34 | 81/102 | 47/57
"Phoenix" Games 0/6 0/3 0/6

Total 28/40 | 81/105 | 47/63

Table 5.6: Total wins of TUC-TAC in the finals

will make clear how substantially different the rest of the Phoenix games were.
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Figure 5.4: Average scores of Regular games
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Figure 5.5: Average scores of "Phoenix" games

By comparing the two previous graphs we can clearly see how different “Phoenix”
games are especially for the winner broker TUC-TAC and the runner-up Mertacor.
The main reason our agent was under-performing in these games was a flaw in the
design of our wholesale module, but as we can observe almost none of the other
participants was prepared for these games as well. As mentioned earlier in Section
4.4, this flaw had to do with the inability of TUC-TAC to buy enough energy
from the wholesale market to provide it to its customers, thus resulting in high
penalties for it. However, it seems like these scenarios too were very profitable
for EWIIS who had a very stable performance throughout the tournament. Even
though EWIIS was very stable, it was not enough to win the tournament. That
shows that in order for an agent to win a tournament some aggressive actions

should be taken.
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5.3.2 TUC-TAC’s impact on different games

In this section we will try to show how the existence of TUC-TAC agent affected

the overall outcome of the games.
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Figure 5.6: Average scores of the agents in the Regular games with and without
TUC-TAC

The most notable thing about Figure 5.6 is the average score of tier 3 games.
We can see that when TUC-TAC is participating in a game it tends to have the
highest score. However, when TUC-TAC is not part of a game the other brokers,
especially Mertacor and CrocodileAgent, manage to almost double the average
score they had when TUC-TAC was participating. From this fact, we can infer
two possible explanations. At first, it is obvious that when our agent is part of a
game it manages to beat its opponents by limiting their profits, but when it is not
part of a game essentially no one is there to limit their profits resulting in that
huge score difference. At the same time, after looking at the individual scores of
some games and Figures 5.7, 5.8, and 5.9 below, we can assume that the agents

Mertacor and Crocodile were more successful than TUC-TAC in tier 3 games when
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they did not compete with each other.
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Figure 5.7: Average score of TUC-TAC for type 3 Regular games
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Figure 5.8: Average score of CrocodileAgent for type 3 Regular games
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Figure 5.9: Average score of Mertacor for type 3 Regular games

By observing the previous graphs we can see how each of the three best (type
3) agents perform when their main competitors are not part of a game. The most
impressive graph is that of CrocodileAgent. As it seems when both TUC-TAC
and Mertacor are absent, Crocodile’s average score is over 1 million higher, while
when only one of the main competitors is absent its average score is almost half a
million higher. After seeing that, it is fair to say that Crocodile performs better
when the competition is weaker, thus that is the reason it gets second place in
type 3 games.

In addition, the Mertacor agent appears to have a better performance when
TUC-TAC was not part of a 3 player game (half a million higher than the total
average), while its average score dropped by half a million when Crocodile was not
part of the game. Even though, Mertacor’s performance had much variances the
average score in every case was still higher than every other broker in the 3-player
games. Judging by that,it is not a surprise that Mertacor got first place in the 3

player games.
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However, TUC-TAC’s performance is not really that much affected by the ab-
sence of its main competitors. This of course is a plus in the sense the agent’s
performance is stable, but at the same time it signifies that TUC TAC cannot ex-
ploit weaker agents that well, unlike CrocodileAgent and Mertacor. Nevertheless,

TUC-TAC’s stability allowed it to get third place in the 3 player games.
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Figure 5.10: Average score of TUC-TAC for type 5 Regular games
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Figure 5.11: Average score of Mertacor for type 5 Regular games
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Figure 5.12: Average score of CrocodileAgent for type 5 Regular games

In previous Figures 5.10, 5.12, and 5.11 we can observe the performance of the
three best agents in the Regular 5-player games when their main competitors are
not part of a game.

At first, we notice that TUC-TAC’s performance is quite stable in general
(Figure 5.10). In addition to that, we can infer that TUC-TAC has better re-
sults when Mertacor is part of a game. This happens because the combination of
these two highly competitive agents greatly reduces the market share of the other
participating agents, thus resulting in higher profits for TUC-TAC and Mertacor.

In Mertacor’s case (Figure 5.11), we can see that the presence of TUC-TAC
and CrocodileAgent greatly reduces his average income in a 5-player game. On
the other hand, this fact shows that Mertacor is better at exploiting the rest of the
agents when there is no direct competition (like when TUC-TAC and Crocodile
are participating).

Lastly (Figure 5.12), Crocodile seems to depend on TUC-TAC up to a point to
generate profit in this game type. Specifically, we can see that Crocodile’s strategy

in 5-player games is not working as well as in 3-player games judging by the fact
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that its average score in every category (of 5-player games) is very low.
In the following Figure 5.13 we can observe how the presence of our agent

assisted in balancing the losses of other agents from “Phoenix games”.

10,000,000

5,000,000

& o o 52 k3
& oS S &
& o, ? d-rl’ \‘@ t.\"’? in‘\ fg‘?*o

o & P
o & 4 & P

&
0 _—— — - . . [ ]
Type 3 withoutTUC-TAC
W Type 3 with TUC-TAC

Type 5 without TUC-TAC
W Type 5 with TUC-TAC

5,000,000
-10,000,000

-15,000,000

Figure 5.13: Average scores of the agents in the "Phoenix" games with and without
TUC-TAC

As we can see Mertacor’s performance in tier 5 “Phoenix” games was quite
devastating for itself when TUC-TAC was absent, while it was much better when
TUC-TAC was part of the game. On the other hand, the EWIIS3 2020 agent was
very stable in "Phoenix" games especially when TUC-TAC was part of the game,
as we can clearly see in Figure 5.13. The reason behind EWIIS3 2020’s success
had to do with its unique strategy. Specifically, that agent tried to maximize its
profit by acquiring small market shares, but with tariffs that would benefit both
the client and the broker regardless of the game state. Of course, by choosing that
strategy, that agent was limited to a lower amount of profit, so this is the reason

that agent finished 4th overall (Table 5.4). In conclusion, it seems that our agent’s
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presence was a significant factor affecting the performance of other agents, both

in regular and "Phoenix" games.

5.3.3 Categorization by transmission capacity fees

Besides the main game categorization into "Regular" and "Phoenix" games we
put forward earlier, in our view there exists another games categorization that is
perhaps of equal importance with the former. This one has to do with the amount
of total transmission capacity fees paid by the brokers throughout a game. It
is well understood that if these fees were not existent, the optimal strategy in
PowerTAC would be to always underbid the opponents’ tariffs, aiming to acquire
the whole customer base, since there would be no game mechanism to punish
this aggressive behavior. Fortunately, the transmission capacity fees exist to bring
balance between the possible tariff prices and the number of customers a broker
can get.

So after understanding how important those fees are and how these generally
affect the game in theory, we present below the results of PowerTAC 2020 for
each tier sorted by the total exceeding MWh paid by the brokers as transmission
capacity fees. By presenting these graphs we clearly demonstrate that our retail
market strategy works well, regardless of the amount of the fees. In the following
graphs, we are excluding the “special Phoenix” games because their huge losses are
not associated with the capacity fees, and their inclusion would thus only result
in unnecessary "noise" in our graphs.

At first we will see how the total capacity fees affect the cumulative score of

8-player games, as seen in Figure 5.14.
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Figure 5.14: Scores of type 8 Regular games

We can clearly observe that our strategy works exceptionally well when the
capacity fees are low but it tends to worsen when the fees are getting higher.
However, this is the case for many or most opponents’ strategies, and definitely
for that of our "main" competitor, Mertacor which was also the 2019 champion.
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Figure 5.15: Scores of type 5 Regular games
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The results for the 5-player games can be seen in Figure 5.15, and are similar to
the 8-player ones. TUC-TAC’s strategy seems to be the best when the exceeding
energy is less than 150 MWh.

20,000,000
15,000,000
10,000,000

5,000,000

0

6,000,000

10,000,000

Capacity Fees ( Overall exceeding MWh )

= COLDPOWER2020 —— CrocodileAgent2020 EWIS3 2020 = Mertacor2020 =——SPOT TUC_TAC = VidyutVanika xameleon

Figure 5.16: Scores of type 3 Regular games

Then, Figure 5.16 cannot provide us with any useful information about the
association of the scores with the capacity fees in the case of 3-agent games. The
main reason this is happening is the huge variance of the outcomes of different
triplets of contestants.

In conclusion, after studying the previous graphs depicting scores in relation
to capacity fees, we can most safely infer that TUC-TAC’s retail market strategy
achieved its goals. As mentioned in the previous chapter, this strategy was created
to mitigate the costs of the transmission capacity fees across more than one agent
while TUC-TAC could still take the highest share of the tariff profits. This strategy
worked exceptionally well when the majority of the agents were part of the game,
specifically in 8 and 5 player games. At the same time, this strategy provided TUC-
TAC with a very profitable stable performance throughout the 3 player games, but

it was not enough to allow it to emerge as the winner in that category.
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5.3.4 TUC-TAC’s Tariff Profits

In this section, we will demonstrate how each different type of tariff offered by
TUC-TAC, assisted to its victory. There are 4 different tariff types offered by
TUC-TAC, namely Consumption tariffs, Thermal Storage Consumption Tariffs,
Solar Production Tariffs, and Wind Production Tariffs (see section 4.3.1). In
figure 5.17 below, we can see the net profits from Consumption and Thermal
Storage Consumption tariffs, while in figure 5.18 we can see the losses deriving

from the use of Solar Production and Wind Production tariffs.
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4,500,000
4,000,000
3,500,000

3,000,000
=@~ Consumption Tariffs Type-8
=== Consumption Tariffs Type-5

Consumption Tariffs Type-3
=—— Thermal Storage C. Type-8
=p==Thermal Storage C. Type-5

Thermal Storage C. Type-3

2,500,000

2,000,000

1,500,000

1,000,000

500,000 ——
———

360 528 696 864 1,032 1,200 1,368 1,536 1,704

Timeslots

Figure 5.17: Average profits through the course of a game

As observed, the main source of income of TUC-TAC comes from the Con-
sumption tariffs, while a smaller but considerable portion of it is the result of

Thermal Storage Consumption tariffs.
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Figure 5.18: Average Losses through the course of a game

Figure 5.18 can not show us the real effect that renewable energy has on Pow-
erTAC. The only thing we can see is the amount of money spent in each case to
acquire the useful effects of that power type, besides that, it is visible that the
losses in each case are very small to be considered harmful. Some of these useful
effects of Production Costumers, have to do with the transmission capacity fees.
Specifically, when calculating the fees that each agent has to pay, the Balancing
Utility of PowerTAC charges each agent according to its contribution to the net
demand. So, if an agent has customers that produced energy in that timeslot,
that will greatly reduce the transmission capacity fees that the agent will have to
pay. In addition to that, it was necessary to compete and increase the tariff prices
for production customers, especially in 3-player games, because other agents like
EWIIS3 2020 had increased amounts of profits when they could get low-cost en-
ergy. Also, an agent can sell or provide immediately to its customers the produced

energy, but this technique usually does not generate enough profit. Of course, it is
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possible to have sustainable energy tariffs as the main source of income in a game,
like some other brokers tried in this year’s finals, but to achieve that we would
need a whole different approach.

It is clear now how important the Consumption Tariffs are for the viability of
a PowerTAC agent. At the same time, there are other sources of income that are
not equally important but can be considered when deciding which tariff types to
offer. In our case, we found out that the Thermal Storage Consumption tariffs can

also be key to making substantial profits in a game (Figure 5.17).
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Chapter 6

Conclusions

The importance of the "smart" grid to achieve a coal emission-free society is indis-
putable, thus the need to test the aspects of the new Smart Grid before deploying is
essential. This is why simulation environments such as PowerTAC are important.
This Thesis presented the strategy of TUC-TAC 2020 which was the Champion
of The PowerTAC 2020 competition. We argued that the novelty and success of
the TUC-TAC's strategy lies in its basic principle, which was applied in the retail
market for the first time in PowerTAC. That principle resembles to some extent an
equilibrium strategy of the Lemonade Stand multiagent zero-sum repeated game,
in which the agents try to only acquire the half of the available profit, thus op-
ponents share the other half. However because of the nature of the problem it is

difficult, in our view, to solve for an actual equilibrium strategy for PowerTAC.

6.1 Future work

The success of TUC-TAC was very good news for our team which worked a lot
to achieve this. However, we believe that our agent has still a lot of room for
improvement before the next tournament in 2021. As anyone can easily infer by
reading the Experiments and Results part of this thesis, the wholesale market part

of TUC-TAC has certain drawbacks that need to be overcome. Our first priority
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6.1 Future work

is to implement and add a wholesale market limit price predictor. Along with the
predictor, the Monte Carlo Tree search part of the wholesale module needs to be
reworked and re-tuned in sight of knowledge accumulated during the 2020 finals.

At the same time, it is very important to not forget to improve the retail
market module. It is only reasonable that our opponents will try to "counter" our
strategy by finding flaws in our approach. Therefore we will look for new ways
to improve our agent in the retail market too, having as a first priority to reduce
the Transmission capacity fees as much as possible. The first step to do that
will be the addition of a net demand predictor which will be able to identify the
upcoming dangerous demand peaks and warn our agent in time. All the necessary
preparation for this predictor has already been made, which means an improved
version of TUC-TAC is already on sight. Also, we are looking into ways to support
more tariff types in a way that would be profitable for our agent. Currently, we are
looking into Electric Vehicles and Storage Tariff types with the purpose of adding
them to our main tariff strategy. By doing that we expect to have increased profits
compared to that of the other competitors.

In the end, we can infer that the PowerTAC is only the beginning since the
techniques that were developed for TUC-TAC can also be applied in other multi-
agent domains. For instance, the generic "equilibrium" strategy we come up with
for the Retail Market of this competition is conceivably a simple but powerful

strategy to use in a host of different competitive game domains, as well.
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