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Abstract

Mechanism design has become a very popular topic among denguien-
tist over the past fifteen years. The selection of the rigb¢mtives to provide
to agents in order to motivate them to take desired actiosgphaved quite a
challenge. The incentives are carefully designed to pdesuational agents,
i.e. agents acting in their own best interest, their utildn the other side of the
same coin, multiagent learning has drawn a lot of atten@diowing agents to
learn how to use these incentives to improve their utilityaditionally, mech-
anism designers target static agent populations: popuaktivhere the agents’
characteristics are constant over time in expectations aksumption may not
hold, especially in mechanisms that are to be repeated asmtsatgarning to
cope with the incentives. In this work, we investigate a gienway of creat-
ing an adaptive mechanism, that will be able to adjust thesrahd incentives
according to the population of agents it encounters. To @9 the notion of a
meta-game is introduced: a higher level game, where the anésin as a player
plays against the population of agents. The mechanism ipilayiee meta-game
will use learning techniques from the field of multiagentrféag that are also
available to the agents acting in the adaptive mechanistfh. its
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Chapter 1

Introduction

Everywhere around us we see forms of interaction: peopléndriin traffic, birds
fighting over food or teams playing sports. This interactitself can be studied us-
ing the notion of a multiagent system (MAS). A MAS is a collentof autonomous
agents and can be extended by having the agents work indaméndr collectively,
supplying agents with more information and the possibititgommunicate with other
agents.

1.1 Multiagent Systems

Using multiagent systems, all forms of interaction can belefled, ranging from ants

in an ant colony to multinational corporations in economiarkets. The systems
under our consideration will involve only rational agemts, agents with some form of
intelligence, who will behave strategically in order to rimaize their individual goals.

To quantify this “maximizing of goals” the simplifying agsytion of an agent’sitility

is made. Autility functionprovides a preference order to the states of the world: it now
becomes a trivial task to see which state of the system isritetan agent. Rational
agents will always attempt to realize a state that maximizeis utility.

Game theory studies those systems in which the agentséhstrategically. Mul-
tiagent systems with strategic behaviour can be seen as& gagnsoccer: twenty-two
agents individually and strategically move around and aci ball in order to achieve
the best possible individual outcome. In this case theravemecoalitions playing as
a single entity (the team), trying to beat the other. Withtielimagination, other,
more complex systems may also be viewed as games. When deteyra pricing
strategy, a company will choose the strategy it believebprilvoke a potential buyer
into buying their product. In this game the company playshtibe buyers and its
competitors. Voting is another example of an everyday systait may be modelled
as a game. Each agent that may be voted for will try to persvatees using promises
and differentiating themselves from their adversaries.

Agents in a game are subject to certain rules and protocolbysthe system.
Sometimes these rules have emerged over time, such as tbe ietla culture. In
most games the rules have been set by a creator. Having mlesl$ the possible
actions players can choose in any situation. It enablese@ayp envision a sequence
of actions to undertake as the game progresses: a stratelps &so allow players to
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think about the actions their opponents are likely to take, @ossibly adapt their own
strategy accordingly.

The field of designing rules for games has become a study awitsright: mech-
anism design. Mechanism designers aim to build complexesystfor autonomous
agents that, while acting in their individual best interesil together achieve some
global behaviour desired by the designer of the mechanidns. desired behaviour is
defined by aroutcome functiomnd the goal of a game, or mechanism, is the outcome
(or outcomes) that maximizes this function. Using the ontedunction, outcomes can
be measured similar to the way outcomes are measured bysadgntreating laws,
law makers in parliament motivate certain behaviour by teepte and try to maxi-
mize social welfare. However, creating rules is no guaratttat an optimal outcome
is actually reached.

In order to get to a goal state, mechanism designers willrparate incentives
in the rules. These incentives will encourage behaviourheyagents, supposedly
making their utility higher (lower) if they (do not) end upangoal state. For example,
to discourage speeding, fines have been created to redueedesp utility. This way
speeding becomes less preferable and agents would keep gpdhd limit. However
there may be situations in which an agent may feel the neespfed, and even with
the fine his utility will be higher than by taking the “prefed” action. This example
shows that providing the appropriate incentives is diftiamd they may not always be
sufficient to achieve a goal, even in relatively simple ditues.

Incentives are carefully crafted to fit the target agent patmn. They should in-
crease the agent’s utility when that agent behaves acgpralinhat the designer would
like. It is however quite hard to determine an agent’s wtilithction and mechanism
designers will have to make assumptions about these funsctim its simplest form,
the function merely provides a preference order, which dussay anything about
how big an incentive should be for the agent to change itsegtya Often only simple
restrictions are placed on this function, e.g. quasi liitgar concavity. In order to get
more fitting incentives, more assumptions need to be mada &tefunction.

Some mechanisms are designed to be used and reused, i.eeafténg a terminal
state, the mechanism restarts, possibly with a new agentigam. One example is
the auctioning of sets of identical goods, e.g. books, intipial auctions. When an
auction is over, the bidders that have obtained a copy wilisirfikely) not return to a
new auction selling the same book. The losing bidders waatla'n, and their numbers
will be augmented by new bidders. This new auction can stélthe same mechanism
as the previous.

1.2 Goals and Applications

We have now seen two potential difficulties: how does thegiesi accurately make

assumptions about the expected agents and do these agmsmptnain constant over
time? The incentives incorporated in the auction for boaksbased on the expected
behaviour of the bidders; if the assumptions about this\aebhaare wrong, the incen-

tives may not work and revenue will decrease. On the othed,Hathe assumptions

will prove to be right, but the bidder population changesmMestn consecutive runs of
the auction, the incentives will again fail to boost the rave
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A painful example of wrong auction design was the auction BfT$ frequencies
in The Netherlands in July 2000 [36]. The Dutch governmers gedling several spec-
tra after similar auctions had been conducted in the U.K.latedl Germany, yielding
approximately 38.5 billion and 50 billion euros respediive he Dutch auction only
yielded 2.7 billion. This rather disappointing result igiauted to the wrong choice of
auction. Amongst the criticisms were that no attention heehtpaid to the size of the
bidder populatioh or to the fact that newcomers should have a place in the awfctio

At the root of this problem lies a fundamental uncertaintpwtthe behaviour of
the encountered agents. Both difficulties mentioned cabaeaolved decisively due
to the lack of information about the agents. The mechanismhoavever be designed
to provide a best response to the expected population. @lyrenost designs use
many abstractions, e.g. the shape and properties of tlitg fitihction, thereby making
the mechanism more generally applicable and less tailaréaet population at hand.
This is however, what should happen in mechanism designgrias theorize about
the agents and create a mechanism to best suit them. Wheny tie failed dur-
ing a repeated game, c.f. the book auction, the mechanisrhbaugdated to better
suit the bidders. Sometimes, this happens, as in the F.@ectram auction in the
1990s, where the mechanism was updated between the auctidifierent spectra.
Unfortunately, this proved a very long and tedious task [€,f8]).

The goal of this research is to find a generic way to automaetbcess. We aim
to transform any static mechanism into an adaptive one,igiraya best response to
the agent populations it has encountered so far. Obviolishgts no second chance for
a mechanism that is only to be used once, so the focus will begerated mechanisms.
These systems will be able learn from past experiences to better reply to a new agent
population. In earlier work we have provided a proof of thimcept, see [14].

There is also an application to non-repeating mechanisnfier Aelecting some
generic mechanism, expectations are formed about the piegpef the agents. The
selected mechanism will still have properties left to bec#pl. The optimal values
for these could be learned by simulation: the agent pofuias taken to be constant,
i.e. all assumptions are right, and these agents play atexbgame where the mecha-
nism is allowed to update its properties according to itoanters. These simulations
will supply a fast means of tweaking the selected mechasigmoperties in order to
best achieve its desired outcome. This approach has alsdmasstigated by Pardoe
et al. [23] and intersects the field of automated mechanissigdec.f. Conitzer [5,
chapter 6].

An adaptive mechanism should be able to alter its configuraty better suit the
agents in it almost instantly and without the interferenteutside experts, as was the
case in the F.C.C. auctions. If the mechanism notices a ehemggent behaviour,
it should itself change to provide a best response to theotegebehaviour in the
next round of the mechanism. This requires the mechanisnate kome form of
intelligence and will cause it to act strategically itséf the problem now moves to a
strategic interaction between the mechanism and the ageutgiion as a whole, the
problem enters game theory. The notion of a “meta-game”lveillsed to study this

10nly six bidders contended five different spectra.
2The U.K. auction provided one part exclusively to a newcorttars virtually creating a separate
auction just for newcomers for one spectral band.
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interaction and the properties of this game will providefulsiasights in the design of
adaptive mechanisms.

1.3 Structure of this Document

Chapters 2 and 3 will provide a thorough background on therthef games and
mechanism design. Chapter 2 will focus on playing a game théhntention to maxi-
mize individual utility, while chapter 3 will discuss thehatr side: designing rules and
incentives to motivate agents into a global desired outcommeprovide the mecha-
nism with the “intelligence” needed to adapt itself to anrggmpulation, three learn-
ing techniques from the field of artificial intelligence wile discussed in chapter 4.
Chapter 5 will investigate adaptive mechanisms and thegpti@s of the meta-game.
These will lead to questions that will need further reseancti are presented in the
final chapter.

In this research, aside from books, journals and procesdimgich information
has also been extracted from videos on the internet, suckchstalks provided by
Google. These videos will be mentioned occasionally inrfots and a full reference
and description is available in Appendix A.



Chapter 2

Game Theory

Game theory is at the cross section of mathematics and edosiothaims to study
situations that involve multiple agents interacting stgatally, i.e. agents acting in
their individual best interest, and to capture this intécaicin a mathematical way.
This provides many areas for study, ranging from econonticsotial sciences and
biology, and can be applied to all levels of interaction: bhog games liketic tac toe
investment banks bidding for treasury bills and even malitcandidates competing
for votes. Founded by John von Neumann and Oskar Morgentstemalyse human
behaviour in an economic setting in 1944, the conceptuathple and elegant theory
of games has attracted many great scientists. A nice andretimsible introduction
to this field is given by Rubinstetrand in [2, 22].

This chapter will start with some of the fundamental consegtgame theory,
providing toy games to illustrate them. These toy gameslbsarlifications of many
practical economic, social or biological phenomena. Usdirggconcepts several ways
of forming a strategy, a sequence of actions, will be disedisEinally we shall look at
what happens to the selection of a strategy when games aateelpand information
needed to make this selection is no longer available to ajlquk.

2.1 Games

Agents in a game act strategically in order to realize sonteomue of this game that
is most beneficial to each of them individually. A game wildén an outcome, based
on the individual actions taken by the agents. These actitag be available to all
agents, or be individual, just as one company has diffeesturces and budgets as
another, and will have different actions at its disposal.

Definition 1 (Game) A gameG = (I, 0, f, (A, O;,u;)ic|) consists of a set of agents |
with |I] = N, a set of outcomes O and an outcome functiom f~ O. For each agent

i € | the game provides a set of actiong With A= I;A; the joint action space of the
player population I, a set of informatiod, € ©;, and a utility function y: A — R.

An agent will form a strategy based on the information andbastavailable to
him in the game.

Ariel Rubinstein giving a talk at NYU on John Nash. Refer top&pdix A for a description and the
location of this video.
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Definition 2 (Strategy) A strategy sfor agent i is a function mapping information to
action $: 6; — A.

Which strategy to play at any time in the game depends on némy<t: the actions
opponents will be playing, any private information an agest or does not have, all
have an influence on the progressing game. Each action takéme agent itself or an
opponent, may prevent certain outcomes from being reach@d.question of which
action to select is fundamental in game theory.

To aid in the analysis of a game, it may be visualised as a xyatso called the
normal formof a game. Each agent gets its own dimension enumeratingctivas
available. Each matrix cell corresponds to an outcome aowslthe valuations of
each of the agents for this outcome. Viewing this matrix fritv@ perspective of a
single agent, only his own valuations are shown: this isedathePayoff matrixfor
that agent. As an example we show a simple two player gamendimeal form will
be a table and the agents will be referred to as Alice (tive playe) and Bob (the
column playe).? The bottom-left entry in each cell corresponds to the vidnaif the
row player for this outcome, the top-right entry to the véilwa of the column player.
The valuation of outcomes can be used as a measure for titg aifilayer receives.

Heads| Tails Left Right

1 -1 1 -1
Heads| 1 1 Left 1 1

. -1 1 . -1 1
Tails 1 1 Right 1 1
(a) Matching Pennies (b) Driving Game

Table 2.1: Payoff tables for “Matching Pennies” and “Thevidry Game”.

Tables 2.1a and 2.1b show the normal forms for the games ey ennies” and
“The Driving Game”. In matching pennies, both players flipac The column player
wins when both coins show the same face, otherwise the royeiplains. Matching
pennies is an example of the original type of game studied doy Neumann and
Morgenstern. It studies pure conflict: the gain of the rowyefeequals the loss of the
column player and vice versa. This is calledesio sum gamas the total gain and loss
equal zero.

The driving game is one most of us play every day. Two ageptdring towards
each other. Needless to say, both players win when both dnitke right side or both
on the left side of the road: it is a game of pure coordinati®@ecause there are
outcomes in which both agents gain, this game is not zero Juma.tables illustrate
this by the valuations placed on the combinations of actidfisst games are not so
easily classified into pure conflict or pure coordinatiorgytiwill contain elements of
both types. Some outcomes will be beneficial, i.e. providesitipe valuation, to
both agents, while others may be conflicting. One of the begivk games with this
property is the Prisoner’s Dilemma, which shall be discdssehe next section.

2Refer toht t p: // en. wi ki pedi a. or g/ wi ki / Al i ce_and_Bob for more information on Alice and
Bob.
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2.2 Equilibria

The notion of asolution concepts used to predict the way a game will be played. It
describes the actions to be taken by each of the players.oRiegsabout solutions is
very important for an agent to determine which action to tade. The mostimportant
class of solution concepts is tleguilibrium conceptor equilibrium. An equilibrium
is a set of strategies that takes into account the actionthef players and within this
set, it is irrational for an agent to change his action. Tlaigows the choice of action
for agents, but does not always provide a decisive answehichvaction to take.
There are many different equilibrium concepts, most ngttie Nash equilibrium
(NE). In an NE, no player has anything to gain imyilaterally changing its strategy:
each action is a best response to the set of opponent actions.

Definition 3 (Nash Equilibrium) A Nash equilibrium is a set of strategie§ sne for
each player, where no single player can both deviate fromgtrategy and achieve a
higher utility. For each player i and all his strategies%4 '

u(f({st....s b)) 2 ui(f({sg, ... 5, U H)-

A strict Nash equilibrium is a set of strategieswith for each player i and all his
strategies 5# s

U(F(SE oSS0 > U(F({S oS-

John Nash proved in 1952 that every game has at least one Naifibriaum. This
may sound good, but unfortunately there are two drawbadisilyfithere may not be
one NE, but multiple. The driving game has two equilibriaft-left and right-right,
which to take remains unclear. Secondly, the action to takg mot lead to an optimal
outcome. This fact is easily shown using a simple two perswagox: the “Prisoner’s
Dilemma”, shown in table 2.2.

In the prisoner’s dilemma, Alice and Bob have been appredebiny the police
and individually given a choice: cooperate with each otimek rzot talk to the police or
defect and confess to the crimes both have committed. Snecpdlice do not have a
good case, both players will get off with a very mild convactiif they both cooperate.
However, if one tells on the other (defects), (s)he will geefwhile the other gets a
large sentence. If both players talk, they both get half #ngd sentence. Table 2.2
shows utilities rather than payoffs, i.e. the higher thétytihe lower the sentence and
vice versa. The NE will be for both agents to defect, resglima utility for each
player of 1, while they could have had 5 each. But each aget ¢ben improve its
outcome by unilaterally changing its cooperate action featgincreasing payoff by
5. But when, say, Alice realizes Bob will do so, she knows H#ityudrops to 0 and
also defecting will then increase her utility form 0 to 1: bh@iayers end up getting 1.
This particular type of strategy isteominant strategyregardless of what actions other
players are playing, this is the most rational strategy & us

The equilibrium defect-defect consist of a clear directivehe players: defect.
This is called goure strategy It may not be possible to find a pure strategy to play,
e.g. in the game of matching pennies shown in table 2.1a. &s ik no clue as to what
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Cooperate Defect
5 10
Cooperate 5 0
0 1
Defect 10 1

Table 2.2: Payoff table for the “Prisoner’s dilemma”.

action the opponent will play, it makes sense to randomizs the possible actions.
In this case the (Nash equilibrium) strategy of both agerilisbe to play 1/2-Heads

and 1/2-Tails, i.e. choose arbitrarily between the availabldamst, which yields an
expected utility of 1. The probability for selecting eithastion can be derived from
the payoff it leads to. When a strategy involves randonorativer possible actions, it
is called amixedstrategy, and is denotedto distinguish it from pure strategiss

Definition 4 (Mixed Strategy) A mixed strategy; for agent i is a function mapping
information to a probability distribution over the set ofgmible actionw; : 6; — AA.

Games may also be represented as a tree: each leaf repaseuntsome and the
branches correspond to the possible actions. The pathede thaves are the actions
taken by the agents. This representation is calleegxitensive fornof the game. This
form is especially convenient for games with sequentialabiur, i.e. when agents
take turns in acting. Using backward induction, agents easan from the leaves,
where the payoffs and utilities are known, back towards ¢t node, being the first
action to take. At each internal node, the action leadinghéoldest outcome is re-
membered. This approach views a subgame at every interda aod selects the
best action to take. The solution to this game is called aamlegperfect equilibrium:
in each subgame, the best course of action is literally knoWme subgame-perfect
equilibrium is a refinement of the Nash equilibrium.

Bob Bob

Fair Unfair Fair Unfair
_ Alice Alic lice
Rej Acc Acc
0,0 55 0,0 (10—¢),¢ 55 (10—¢),e
(a) Ultimatum game (b) Reduced ultimatum game

Figure 2.1: The “Ultimatum game” in it's extensive form. Thght tree shows the
situation where Alice has already made up her mind on whairati play.

The “Ultimatum Game” (c.f. figure 2.1a) has two players: Bold &lice. Bob is
given a sum of money to share with Alice. He may propose howidelit, however,
if Alice does not accept his deal, no-one will get any monayhls simplified version
Bob has two actions, make a fair or unfair offer. The fair thto do, would be to
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divide the money evenly; alternatively, Bob may offer Aliaely an arbitrarily small
percentage of the total sum, leaving her with more than siréest with, but with a
much smaller gain then Bob, i.e. an unfair offer. Alice magegt or reject this offer.
She plays two subgames in which she is the only player. In gathes she will play
“accept”, as she will not get anything if she plays “rejed@ne level up in the tree has
Bob as a player, but the game has now changed, as playingptaisehe dominant
strategy for Alice, as shown in figure 2.1b. Clearly Bob witnplay “unfair”.

2.3 Repeated Games

So far, all games have had a single play, i.e. after fully ipigytheir strategies, the
agents get to an outcome, receive their utility and the gamds.€This type of game is
astage gamand several solution concepts have been presented. Thiagge dras-

tically however when the game under consideration is to Skared after an outcome
is reached: a repeated game.

As with a stage game, agents in a repeated game will try tomizgithe total
utility they get from playing the game. This time howeveilitytis the sum of several
utilities received from the outcomes of every iteration loé fgame. It was already
mentioned that we play the driving game every day and we waget maximum
utility from it each time. This repetition also changes thaywagents arrive at an
equilibrium.

To study the new possible solutions to a repeated game, veetadarther divide
this class of games intfinite andinfinite (time) horizon games. This merely states
whether the number of repetitions is limited. This may att famem trivial, but it
has severe impact on the solution. With a finite time horizenmay use backward
induction over the individual iterations of the game. Thiduction is based on the
assumption that future play will be done rationally. Sugpt®e prisoners dilemma
(see payoff table 2.2) is repeated twice, as shown in thengxte form in figure 2.3.
This looks just like any other extensive form game and mayéated as such. The
subgame perfect equilibrium solution of this game is edsilynd, as is indicated by
the green edges in figure 2.3. These are the rational chdites players, the irrational
choices have been colored red. The completely green pathriyot to leaf shows the
equilibrium for this repeated game: both players will alwalgefect.

Thus far repeating the game has not proved any more difficait just playing it
once: though the game tree may become too big to use in cidndatheoretically
nothing changes. If the horizon is expanded infinitely haevethings change dramat-
ically [27, 18, 1], as backward induction is no longer poksis there are no leaves to
start reasoning.

One of the advantages agents have in repeated games iatiataliUsing this,
agents may punish opponents that have deviated from soragoptimal strategy.
This gives rise to thearigger strategy an agent will initially conform to the social
optimum, but switch to a punishing action as soon as the agpohas played an
unwanted action too many times.

In the infinitely repeated prisoners dilemma, this providéditional equilibria, be-
sides defect-defect. All of these will have all agents coafieg, as this is the outcome

3The same situation occurs when none of the players know whijs#tition will be the last.
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10

Cooperate Defect
Bob

Alice Alice
Bob Bob Bop Bob

Alicé Alice Alicg Alice Alicé Alice Alicé Alice

10,10 5,15 5,15 0,20 15,5 10,10 6,6 1,11

155 6,6 10,10 1,11 20,0 111 11,1 2,2

Figure 2.2: Extensive form of the repeated Prisoners Dilamm

socially, as opposed to individually, favored by both. Teheew equilibrium strategies
work through the fear of retaliation. As soon as Bob defettisreby increasing his
payoff by 5, he will trigger Alice to also defect the next raljrand rounds to follow.

Bob will have now received more utility than Alice, but leksah he would have had if
he had cooperated, thus receiving less total utility. Giersihe following sequence of
actions shown in table 2.3. Bobs total utility would haverb26 if he had not defected.

Action Total utility
Iteration Alice Bob Alice | Bob
1 Cooperate| Cooperate] 5 5
2 Cooperate| Defect 5 15
3 Defect Defect 6 16
4 Defect Defect 7 17

Table 2.3: Example sequence of the repeated prisonersrdaenith Alice playing a
trigger strategy.

As any rational player will always try to maximize his ugfithe equilibrium strategy
to play here is cooperate, which differs from the stage gamEhMquilibrium. There
is one more thing to keep in mind: the fear of retaliation meswalid. Two popular
punishing equilibrium strategies are thgmm triggerandtit for tat. The grimm trig-
ger will punish an opponent by reverting to defect, and netegy defecting, as soon as
the opponent stops cooperating. Tit for tat, or more genétifor n tats, will have the
punishing player defect until the opponent has resumederatipg forn iterations.

The previous example shows that retaliation is a powerfrddpand can make
agents move away from playing the stage game Nash equitibsimategy and any
social optimum will dominate that Nash equilibrium. It mayea dominate in a finitely
repeated game, if it is unknown which repetition will be thetl The social optimum
could quite possibly be the goal of the game. This optimumise aalled a Pareto
optimum:
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Definition 5 (Pareto optimal) An outcome of a game is called Pareto optimal, or
Pareto efficient, if no player can be better off without mgkamother worse.

A trigger strategy is a solution to the repeated game, pealvitie punishment is
fierce enough. The equilibrium concept this strategy is agdas calledEvolutionary
Stable StateAn evolutionary stable state has the property that if al/pts use it, no
single player can use a different strategy and be bettertbgitong run, i.e. no rational
alternative exists. If all agents in the prisoner’s dilempheay the trigger strategy and
one decides to defect, he will not be better off. Always-defeowever, is also an
evolutionary stable state in this game. We will further stigate evolutionary stable
states in section 4.2.

2.4 Bayesian Games

The games discussed thus far were clear to all players. Altaghad the same in-
formation and all the actions were known to each player. Aganwhich all actions

are known to all players is called a game withmpleteinformation, which refers to

the structure of the game. If all information is known, thengsis called a game with
perfectinformation, referring to the game’s state. In the real @orhost games are
either incomplete or imperfect or both.

Provisions for games with incomplete and imperfect infaiorehave already been
made in definition 1. Each playehas private informatio®; (imperfect information)
and a private action se; (incomplete information). The prisoner’s dilemma (table
2.2) is a game of complete information as all possible astame known to both play-
ers. Itis also a game of imperfect information, since neitilayer knows what the
opponent’s action is when they play theirs.

In an extensive form game, where each node shows a state ahe, glae un-
certainty about other player’s actions can be visualisédgusformation sets An
information set is a collection of nodes in an extensive fgame in which an agent
can be at any time. In which of these nodes the game reallgrdis on the action
played by the opponent, and is unknown by the agent. Figdrstws Bob and Alice
playing the prisoner’s dilemma. When Alice decides whicticacto take, she cannot
tell whether Bob is cooperating or defecting, indicated tgy dotted line. Her infor-
mation set contains two nodes, one for each possible situalt this case, defecting
will still be the rational choice, as it is the dominant sé@t. In a game of perfect
information each information set contains exactly one node

Def
Cooperate Bob efect

55 0,10 100 1,1

Figure 2.3: The information set for Alice when playing thésBner’s Dilemma. Alice
does not know in which state the game is.

11
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Games with imperfect information form a class callBdyesian GamesEach
playeri in a Bayesian game hastype 6; that fully describes his private information.
Though players do not know the true type of their opponeihtsy do have beliefs
about them. These beliefs form a type sp@cgéor playeri.

Definition 6 (Bayesian game)A Bayesian game extends the game defined in definition
1 by providing a type-profil® = (01,...,6,): an n-tuple of types, one for each player.
This type-profile comes from the joint type space of all tygsdieved to be in the game

© =T6;. When focusing on a player i's opponents, the type-profitnege oppo-
nents is called a deleted type-profile, denotedas= (01,...,6;-1,6i;1,...,6p) €

©_;. A strategy in a Bayesian game now becomes a functio®;s— A.

As agents may find themselves in several nodes of the gamattoeee, due to the
uncertainty of an opponent’s actions, subgame perfectilegaimay not be available.
To find a solution in a Bayesian game, John Harsanyi propasteddiicing a new
player, often called “Nature” or “Chance” [18]Chance will be the first to move and
selects a type-profile fror® and reveals each player his type. Chance selects this
type-profile using a probability distribution ove&, p € A®, when it makes its initial
move. This probability distribution is assumed common kiedlge, i.e. all agents
know it, and each player may derive his beliefs about his pppts’ types form it.
The belief playeii has, may be seen as a conditional probabilitp 7|6;) € A®_;:
the probability that deleted type-profif ; is used in this game, given the player’s
own type®; (which is obviously known).

The solution concept for this type of game is a generalimatiothe Nash equilib-
rium, a Bayesian-Nash equilibrium. Rather than using tigyufior evaluating strate-
gies, agents use tlexpecteditility they receive, distributed according to the common
knowledge distribution used by the chance player.

Definition 7 (Bayesian-Nash Equilibrium)A set of strategies's= (sj(01),...,5,(6n))
is a Bayesian-Nash equilibrium if for every agerfliic ©; and $ # S":

E [ui(o(s',s%).6i)] > E [ui(o(s,S),6)] -

Consider Alice has an item she wants to sell to Bob or Caratiawction. Bob and
Carol have a private valuation for the item, taken uniforfnm ©; = [0,1], i.e.6; ~
U(0,1). Alice’s rules are that both players make a private bid ardhighest bidder
wins the item. It would seem reasonable for both playersddd, but this way they
risk not getting the item even though they may value it moemttihe other. So they
will have to bid higher, until they reach some cutoff valuehisTvalue turns out to
depend on the payment scheme Alice has in mind.

Since neither player knows the opponents valuation, theg ha idea what to bid.
Both players will try to maximize theiexpecteditility, which simply is the difference
between their valuatios = 6; and the price they pay; not winning yields a utility of
0:

Vi—p if playeri wins
ui(p) = { 0 otherwise

4 Harsanyi was awarded the Nobel Memorial Prize in Economticshiis work, together with John
Nash and Reinhard Selten.
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If Alice has the winning player pay his bid, Bob will bid thelua maximizing his
expected utility:

[E [ugob(bBob) |BBob = P(BBob > bearol) (Vob — PRob) -

To get to the probability of winning(bgop > bcarol ), Bob guesses Carol will bid some
fraction 0< o < 1 of her valuation, yieldingd(bgop > aVcarol) = P(Vcarol < beob/0) =
beob/0 @svearol ~ U (0,1). Now Bob can find the value to bid by differentiating with
respect tdggp:

bBob

E [ugob(beob) [bBOE = o (VBob— bBob),
d bBob >
DBob b ~ 0
deob< a (VBob— bBob)
v,
bBob - BZOb-

As the same logic applies to Carol, both players will bid dmyf their valuation. Even
though this is not their true valuation of the item, the ptayeceive a higher expected
utility.

If Alice will set the price at the second highest bid, bothygeles will bid their
valuation: Bob notices that whesgarol < Veob @any bidbgop > bearol is optimal (Bob
will pay Carol’'s bid), and whetbcaro > Veop any bid bgep < bearol is optimal (Bob
will not win). Bidding bgep = Veob SOIVes both inequalities. This approach will yield
better results for Alice.

13






Chapter 3

Mechanism Design

Mechanism design is often called the inverse of game theatyere game theory
studies how to act in a way that is most beneficial to the ageenca set of rules,
mechanism design studies how to set the rules in order to &gewts act in a way
most beneficial to the designer. The previous chapter hasrsigames with clear
rules for every player. There was no greater agenda, eact ags solely interested
in its own utility. We will now focus on games that have beerdfically designed
with a greater goal in mind.

Leonid Hurwicz has been considered to be the founder of nmésimadesign the-

ory in the early 19608.His view contained agents exchanging messages to a central

algorithm that combines them into an outcome. His mechamisoid define rules for
the exchange of messages and the goal was to implementdlestcmmes as equilib-
ria. Interested readers should refer to Nisan et al. [21aB@]Dash et al. [9].

In order to get a firm grasp of the theory, some mechanism nldsigics will
be discussed, together with a number of problems it was fiyslied to. After this,
concepts such as truthfulness and the revelation prineiepresented, which will
lead to some important results in mechanism design.

3.1 Concepts of Mechanisms

For as long as economics has existed, studies into the affaliecation of goods and
services have been conducted. With the introduction of géueay many situations
could adequately be described and predicted. In a free maittea “sufficient” num-
ber of traders, the goods they trade will have a “fair” pritgs price is an equilibrium
inherent in this type of market. Things change quickly hasvewhen the number
of traders becomeisisufficient, or the goods are public goods, e.g. health catkeor
decision to build a road.

In situations where the equilibrium solution is not effidierules need to be set
to force the equilibria to be efficient, or rather: implemefficient outcomes to be
equilibria. As we have seen in the previous chapter, mudtiagystems, modelled

1 Hurwicz was awarded the Nobel memorial award in economic0i, together with Myerson
and Maskin, for laying the foundations of mechanism desiythorough overview of his work as well
as the entire field of mechanism design can be found in thetrapcompanying the Nobel award. It is
available aht t p: // nobel pri ze. or g/ nobel _pri zes/ econoni cs/ | aur eat es/ 2007/ ecoadv07. pdf .
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as games, may have multiple equilibria, and making all tloegeomes efficient has
proved quite hard indeed. More generally speaking, desgofemechanisms will try
to implement outcomes as equilibria that maximize a verygigippeoutcome function
These functions can be measured in agent utility, such aial sgptimum, or in
money, e.g. total revenue for a seller in an auction.

To aid in the implementation of efficient equilibria, meclsan designers use in-
centives. The mechanism will provide agents with sometliray like if they act
according to the designer’s wishes. The most intuitive fafincentive is money.
Besides providing an outcome function, the social choicetion, mechanisms with
money will also implement a separagiayment function

Definition 8 (Mechanism) A mechanisn® = (1,0, f, (&, pi, Ui )ic| ) contains a set of
possible outcomes O, a set of agents | of size N and a socilechunction f: @ — O.
Each of these agents i has a type sp@ewith © = NN ,©; the joint type space of the
agent population I, and a payment rule:® — R. The agent’s utility ydepends on
his typeb; € ©;, the outcome @ O and the payment rule; p

The use of payment as an incentive leads to a desirable pydpemechanisms:
budget balanceThis property states that a mechanism does not requireamjgnts
coming into and flowing out of the mechanism, g p;(6) = 0. The weaker notion of
budget balance will only constrain the payment enteringrieehanismy; p;(6) > 0.
Furthermore, agents should not be forced to enter a mechanisis is known as
individual rationality or the participation constraint. Intuitively, this meargeats
expecta higher utility by participating in the mechanism than with participating:

Definition 9 (Individual rationality) A mechanism is individual-rational if for each
type®;, its social choice function (B) has

Efui(f(8i,0-i))] > E[ui(6)],

where y(f(6;,0_;)) is distributed according to jpe A®_;, which is derived from the
commonly known distribution, angl(6;) is the utility the agent would receive if he did
not participate.

As illustrated by the auction example in section 2.4, it mapddfit an agent in a
mechanism to report a tyf# that is different from its true typ®;. This will, in most
cases, result in a less than efficient outcome. Mechanisigrazs will try to make
agents report their true type by setting rules and incesitivighis leads to the notion
of truthfulness in the mechanism. An agent is truthful wherréports his true type,
i.e. for every®; € ©;: s(6;) = 6;. Closely related to truthfulness ilscentive compati-
bility: A mechanism is incentive compatible when truthfulneskésgquilibrium solu-
tion, more specifically: truthfulness is the dominant st i.e.s"(0) = {61,...,6n}.

3.2 The Revelation Principle

In many situations it is useful to have agents report thgietyn a single step, rather
than spread out over several steps, like in an English (dstgprice) auction. Mecha-
nisms that have this property are caltiicbct-revelation mechanismBirect-revelation
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mechanisms are a simple mathematical abstraction andlmoaglhave a real world
application. They are however relatively easy to study. @an optimal direct-
revelation mechanism has been identified, designers caily'translate it back to
a specific mechanism. It has been shown that any equilibrmanray be achieved
by any mechanism can also be implemented in a direct-rémelaicentive compat-
ible mechanism, i.e. agents report their true type in a sistgp. This is called the
revelation principle Note that this does not influence the value of the outconee, th
same result will be attained, only in the direct-revelatiocentive compatible mecha-
nism true types are reported and all these are received mgiesitep. The revelation
principle has been applied to a wide range of mechanismisidimg mechanisms with
multiple stages and agents having hidden actions. It tunhshat the class of direct-
revelation mechanisms is broad enough to have a truthfsloreof each mechanism,
while being a relatively small set [37].

Proposition 10 (Revelation Principle) Given a mechanism that implements a so-
cial choice function f in dominant strategies, there alsstxan incentive compat-
ible direct-revelation mechanism implementing f in domirstrategies. Payments of
agents are equal to the payments in the original mechanism.

The revelation principle in this form, implementingin dominant strategies, is
the strongest form. Mechanism designers prefer to implémguilibria in dominant
strategies, because it enables agents to select a stratéguirnknowledge of other
agents or any other outside information. Weaker versioss labld, e.g. any mecha-
nism implementingf in a Bayesian-Nash equilibrium also has an incentive coilmpat
version. A proof for the above proposition is given in [20].

Auctions are a perfect example of a mechanism used to soleflaation prob-
lem. Several formats exist: English (ascending price).cBtlescending price) and
more exotic types, but none of these will motivate agentsidateir true valuation.
In an English auction format bidders will keep raising therent bid until it matches
their private valuation or they win. There is no incentiveptovide the private infor-
mation. The winning price will, at least theoretically, bgual to the second highest
bid, as at that point the winning bidder is the only biddervdfio is willing to pay that
price and will certainly not bid more.

The direct mechanism for this auction is the Vickrey auctiesich bidder provides
a sealed bid to the auctioneer, who proceeds to award thetdite¢he highest bidder.
The winner will pay the second highest bid, which is the saeselt as the (theoreti-
cal) price of the original English auction. In this mechamithere is no need to hide
private information. Though there is no obligation to betiful, providing false in-
formation may result in either paying too much, not getting item at all or has no
effect: truthfulness is the dominant strategy. The Vickaggtion is a classic exam-
ple implementing the outcome of (e.g.) an English auctioarinncentive compatible
mechanism.

For agents with quasilinear utility functions, i.e. havintility functions of the
form u(-) = v(-) — p, the Vickrey-Clarke-Groves (VCG) family of mechanismstis t
class of mechanisms that are both incentive compatible en@aseakly) budget bal-
anced. We have already seen the Vickrey auction as a membkisdamily [25].
When an agent reports typed;, which may or may not be his true type, the VCG
mechanism will comput®* = argmaxco 5 Vi(0,8!), the (global) optimal outcome

17
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given the reported types. The payment rulepis= hij(8' ;) — 3 ;; vj(o*,e’j), where
hi : ©_; — R is an arbitrary function. By choosing some function indegmm of
agenti’s valuation, the designer makes it impossible for an agedirectly influence
his payment. The utility function for agentas it is quasilinear, will now be:

U(0",pi,6) = vi(0",6)+ % vj(0",8)) —hi(6y),
i
which maximizes fo = argmax, e, vi(0(6;,0";),6;) = 6;, i.e. at a truthful revela-
tion. Two things are important here: 1) the agent shouldzedhat truth-revelation
will lead to the outcome he favors most (given other playfsé revelations), and 2)
his revealed type has no influence on the payment he will leameake.

Having a direct-revelation incentive compatible mechanéccording to the rev-
elation principle is very useful. However, as incentive patibility is only one of
the desired properties of a mechanism, it should also faigliothers, such as bud-
get balance and individual rationality. Unfortunately &stbeen shown that for many
situations, combinations of these properties are not blesgi5].

The most important impaossibility result is by Gibbard andt&¢hwaite, who
showed that a mechanism with a social choice function implged in dominant
strategies witHO| > 3, is adictatorship When a mechanism is a dictatorship, there
is one agent with the property that the social choice functibrstrictly preferso over
o wheneveii strictly preferso overo’. The most intuitive example of a dictatorship,
with agenti the dictator, iso = argmaxcoVi(0,6;). This implies that there exists no
incentive compatible mechanism with more than two outcorlingslemented in domi-
nant strategies, where the agents can have any type of €uitiction, that has a Pareto
efficient outcome. Other impossibility results have beeteadfor more specific set-
tings, e.g. by Hurwicz, and by Myerson and Satterthwaiterwittz’ theorem states
that there is no direct mechanism implemented in dominaategties and whose out-
comes are both efficient and individually rational. Myersor Satterthwaite showed
the non-existence of direct mechanisms achieving effiaemtomes having budget
balance and individual rationality implemented in Bayediash equilibria (which is
a much weaker equilibrium than dominant strategies).

If, however, additional constraints are used, e.g. on the tf utility function or
the solution concept, the Gibbard Satterthwaite result nealpnger hold. The VGA
class of mechanisms needs quasilinear utility functionesttape from the dictator-
ship. Using these, the mechanism is able to achieve an effiwigcome implemented
in dominant strategies, while also providing individuatioaality and weak budget
balance.

When a designer has sufficiently constrained the scope ofm@mhanism to be
able to find a direct mechanism having the right propertiesmlay find it to be NP-
complete: it may have exponential cost in communicationnocamputation of the
social choice function, or both. A combinatorial auctiorhese several goods are
to be sold in an unknown partition, has no tractable mechan{@ne solution to this
problem is to find a mechanism according to the revelatiancjple thatapproximates
the original social choice function. Lavi and Swamy [15]\yid® an approximation
technique using linear programming that yields mechanisiatsare truthful in expec-
tation, i.e. truthfulness is the Bayesian-Nash equilioriahis approximation mecha-
nism for a combinatorial auction achieves an approximagisgrantee o®(/m), with
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m the number of items. The subfield of finding incentive conigatapproximation
mechanisms is called algorithmic mechanism design [212 20]

Alternatively, designers can let go of truthfulness as arilisgium strategy. Conitzer
and Sandholm show in [6], that for a mechanism that tries toripe social welfare,
without the use of payments, even with only two agents, thrigts a family of mech-
anisms that performs only polynomial computations, andesdiding a beneficial,
non-truthful revelation by the agent NP-complete. If thersgloes succeed in finding
such a beneficial, non-truthful revelation, the social exgfwill be equal to the social
welfare in any optimal truthful mechanism. If he does nog, Welfare produced will
be strictly better than that produced by any optimal trdthfechanism. They show a
similar result for communicationally intractable truthfnechanisms.

2|nterested readers should refer to the tech talk Noam Nigge gntitled “Algorithmic Mechanism
Design”, c.f. Appendix A.
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Chapter 4

Learning

Multiagent learning has recently become very popular anfalggprithmic) game the-
orists. As computing (Nash) equilibria is often intracegbhgents inferring the best
action to play based on some heuristic may provide a goo@ajppation, see Shoham
et al. [30].

Repeated mechanisms have the opportunity to adapt theg amd incentives be-
tween iterations. This way, a changing agent population begountered and the
mechanism’s total outcome will improve. For this to happemay to find a best re-
sponse to play in the next iteration must be found. This ptgpe available in many
algorithms in the field of machine learning and artificiaklfigence, c.f. [28]. Many
depend on past experiences and select a best action baged bistory.

This chapter will discuss two methods of using observed tatéoose an action
that will most likely lead to the best result: Reinforceméefarning and Evolution-
ary Game Theory. For each of these learning algorithms, vidagk at both their
workings as well as their application to multiagent systems

4.1 Reinforcement Learning

Reinforcement Learning is a very simple and intuitive cquiceeward good behaviour
and punish bad. The subject of learning will eventuallyireaivhich behaviour ends
in reward and more often take these “good” actions. Animadsiained in this fash-
ion, rewarding them after successfully completing a triokl punishing them when
failing. Reinforcement learning is a well researched sttbje the fields of artifi-
cial intelligence and machine learning and is making its vmy a multiagent setting
([35, 13, 16, 17]). A thorough introduction is given by [32].

Learning by interacting with the environment is centralémforcement learning:
focusing onsensation action and goal, reinforcement learning will teach an agent
which action to take in order to maximize his goal using séasaBY learning from
experience the agent will register consequences of hisreti This will allow him
to map situations to actions to take when he finds himself & #ituation. What
action to take will need to be discovered by trial and erracheaction taken will lead
to a reward or punishment (low or negative reward), dependim the situation the
agent is in. Note that the agent is not told whether his aatiaa the “right” action
to play, he only receives a reward. Learning agents will trymaximize the total
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reward they receive when acting in different situationswieeer, actions may affect
not only immediate rewards, but also future rewards. Tridl @ror and the possibility
of delayed rewards are very important in reinforcementriieay.

To have agents learn, reinforcement learning uses fous:tobl apolicy, 2) a
reward function 3) avalue functionand 4) optionally anodel A policy provides a
mapping from (perceived) states to actions. Each time antagts, new rewards are
received and this policy may need updating. The reward fomechaps the (perceived)
state to a reward, usually a number. This can be comparecetatility an agent
receives at the end of each iteration of a repeated mechamsximizing this total
reward is the goal of the learning agent. The value functlows the total expected
future reward when an agent is in a state. Whereas the rewaddidn shows the
immediate desirability of a state, this function indicaties long-term desirability of a
state. The value function will also need constant updatggeav actions lead to new
rewards. Finally, the model will provide the agent with aeadf how the environment
works.

The value function is the most important tool for a learnimggrat. Actions are
selected based on these values: actions that lead to sti#tes ligh value yield more
total reward in the long run. Acting based on the reward fioncivould only bring im-
mediate reward and ignores any delayed rewards that tt@aoty lead to. Without
the reward function however, the value function could notéleulated.

A learning agent must find out which action would be best invamgsituation: the
agent must try different actions to determine to what rewhey lead. This process
is calledexploration By exploring actions in different states, the policy thadps
states to actions, i.e. the policy tells the agent how to ra¢hé given state, will be
refined. Ideally, when a policy is sufficiently refined, theeagwill exclusively use
this mapping and will no longer investigate potential bre#ietions. The agent has
changed switched texploitation As it is very hard to determine this moment, both
exploration and exploitation are used alternately.

Exploitation of experience can be illustrated using a seargample. Each action
has a valugQ(a), which is the reward for playing actiom As this can only be an
expected value, we denote the true vadiéa). The law of large numbers allows us to
construct an unbiased estimator@f(a) at timet, usingQ;(a) = (r1+... +rg)/#a,
with #a the number of times actioa has been selected amdthe reward received.
Exploitation @reedyselection) would sele@" = argmax Q;(a) at timet, exploration
would select any other action. Greedy selection will onlplek and introducing a
parameter &< € < 1 will have the selection algorithm explore with probalyilit This
method is calle@d-greedy action selection and easily outperforms greedyriggns.

More sophisticated methods for action selection existh&athan just selecting
the action having maximal expected valgeftmaxaction selection can be used. The
selection rule assigns a probability(a) (at timet) of selection to the action based on
the value it has:

e(a)/t

T[t(a) N Za’eAeQ‘(a/)/T .

The parametet > 0 is thetemperature higher temperatures favor exploration. The
action selection methods discussed do not take the cutiastiato account, such as
was prescribed in the description.
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The policy, reward function and value function all use theent state to calculate
their value. This current stateis used to form a probability of the next statevhen
playing actiona and for the reward that is to be expected. Both the probalufinext
states' P, and expected rewarl are conditioned on the current state:

Py =Prlsn=sls=sa =2

4.1
%as:E[rtH!St:S,StH:s’,at:a]_ (4.1)

Conditioning only on the current state, as opposed to thieeeistory of states,
actions and rewards that have been observed, is only pessibe environment has
the Markov property In this case, the Markov property states, roughly speakhrag
all information encountered in the entire history, is algailable in the current state.
Each states, is seen as a realizatiofy of a random variablX and afteik realizations,
the probability of the'" next realization beind. = j, depends entirely on the value
of current state:

Definition 11 (Markov property) The Markov property states that no knowledge of the
history is needed to make expectations about the futuralii@formation needed for
prediction is available in the current state: For a Markowpess Xand{0,...k}, t >
Oand h,...,ik, ] € X as realizations of X, we ha®| Xt = j|Xk = ik,... X1 =i1]=
PriXit = J[Xk = ]

Systems that have the Markov property (or in short: are Mgrkare called a
Markov decision process (MDP). In most practical applmasi the environment does
not have the Markov property: the true state may not be fublgeovable (a partially
observable Markov decision process), or more of the higtoneeded (the system is
not Markov at all). However, reinforcement learning willllsprovide good results,
even if the environment only approximately has the Markayperty. The better this
approximation, the better the results.

Using the assumption that the environment is (approximpatdarkov and equa-
tions 4.1, value functions for learning can be construcieeb types of value functions
exist: taking only the state or both the state and an actidres@ functions indicate
how good it is to be in a state and how good it is to perform aifipegction in a
state respectively. The notion of “goodness” is expresséerims of expected reward.
The probability distribution used by the value functionsctampute this expectation
is provided by the policyt, whereri(s,a) denotes the probability of playing actien
while in states. The value functions shown are known as Belman equations

VT(s) =E[R(t)|s =]
= > ”(Sya)sz Pey [RE+WT(S)],
acA(s) €S (4.2)
Q"(s,a) =E[R(t)|d =s a =4

= SZST& (R +YQ"(s,a)] .

In equation 4.R(t) = SI_,r; is used to denote the total reward. When the expected
future reward is needed, the individual rewards are disiealjnn order to make a
(potentially) infinite sum yield a valueR(k) = R(t) + zik:tﬂy"t‘lri. A discount
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factory = 0 has the agent act myopically, i.e. only maximize immediateard, and
asy — 1, the agent will be more interested in the long-term returns

Policiestt can be compared using their respective value functionsytize 1 if
VT > V™. As there may be more then one optimal policy, the value fanstthey
represent are the samé®. The optimal value function is given B (s) = max;V™(s)
for all s€ Sand the optimal action-value function Y (s,a) = max;Q"(s,a) for all
se Sae A Using these optimal policieQ* can be written in terms of *:

Q' (sa) =E[ri+W'(s11)ls =sa =4.
These optimal functions lead to tBellman optimality equations
Vi(s) = maxQ*(s,a)
=maxEr i+ Wi (s)ls =sa =4 (4.3)
= max P [RE+W*(S)],

€S

Q'(s.a) = maxZ [rm +ymaxQ’(s1,8)|s =s.a = a}
(4.4)
=maxy P [K;‘g +vmaxQ*(S{+1,a’)} :
Jes a
Both the value function and the action-value function hawves naken a form that
is independent of the policy used. Whé}}, and 5 are known, there is a unique
solution to these equations for finite MPDs.

4.1.1 Function Approximation

Learning using the (optimal) Bellman equations has onetditioin: the number of
states in the system must not be too big. As all states have &xjiored in order to
decide what action is optimal in any situation, it will take agent longer to learn as
the number of states increases. To increase the learneguacttion approximation
may be used.

Function approximation allows a learning agent to updatefseabout multiple
states at once. This means that only a relatively smallinacif the state space needs
to be explored to have the agent decide on his actions. The agéereplace the true
function, e.g. the value functiod™, with a parametrized function using a vector of
parameter$;. After each action, the environment’s response will lead thange in
this vectorg; — 6;,1. This way, a small change in the parameters, induced by &sing
encountered state, will update the value function for mahgiostates. The size 6f
is much smaller then the number of states in the system, wimgydhe learning rate
of the agent.

Many different methods may be used for approximating fumsti The field of
machine learning offers many examples of supervised fonapproximation tech-
niquest As reinforcement learning is a non-supervised and onliaeniag scheme,

1Supervised learning involves a “teacher” telling the lémyrmethod whether the right choice has
been made and if not, what the right choice would have beearnirgg this way uses a static training set
which is used several times to have the agent learn.
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each interaction with the environment is used as a trairnkagngle for the supervised
method.

To measure how well the parametrized function approximttedrue function,
the mean squared error is used:

MSE(6;) = Z;Pr(s) [VT(s) — Vg ()],

se

whereV™ is the true value function and @y is the probability that a stateis en-
countered, which may be bootstrapped. The true Vellig ) is in many situations
unknown and the agent may keep a backed up value, e.g. thdesamepn, as an
unbiased estimator of this true value. As encounteredsstateused as training ex-
amples for the supervised learning method, it is naturaktecs training examples
using the same distribution. The goal of the approximatstoifind the6* such that
MSE(6*) < MSE() holds for all®.

Using the mean squared error leads to a local optimum wheg wsimplex ap-
proximation such as Artificial Neural Networks. In some attans, theM SE may
diverge and no suitable vector is found. The most widely usethod for function ap-
proximation that guarantees both a global optimum and assgmgMSE s Gradient
Descent It uses a straightforward update rule.

Bt = B a5 V(8) ()

= B +aV(s) V()] Tgu(s),

where g is the vector of partial derivatives &. The factora is a positive step
size parameter and should conform to two constraints inrdodeonverge to a local
optimum:

oo
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When each parametéf! is linear, each corresponding partial derivam&? contains
a single term, and the approximation will lead to a globalroptn.

(4.5)

4.2 Evolutionary Game Theory

In 1973 John Maynard Smith and George Price were looking tdegiological evo-
lution. In their work [19] the authors used the concepts dibrel agents and the
theory of games to achieve this. What became known as ewoariy game theory
(EGT) enabled biologists to model different inheritable@tteristics of a species of
animal and determine why some would prevail over time whiltees would perish.
Using game theory, biologists would model inheritable abtaristics, such as skin
coloration or the size of antlers, as strategies for agémiézidual animals in a popu-
lation. The goal of these agents is to have the most descendarpayoff is provided
by Darwinian fitness. For a short introduction in EGT from albgical perspective,

25



4.2 Evolutionary Game Theory Learning

26

refer to [31]. The models invented using evolutionary gahemty even explain why
some characteristics could periodically nearly be lodly tmreturn to become almost
dominant. Game theorists have then taken EGT back from digikto study how
the distribution of strategies in a population of agentdwmsas a game is repeated;
Recently, EGT has found its way to mechanism design [4, 26].

EGT approaches can roughly be placed into two groups: aj esiolutionary sta-
ble statesand b) creating a model of the evolutionary dynamics. Theérrmethod,
the approach taken by Maynard Smith and Price, aims to fgesittes, i.e. distri-
butions of strategies in the population, that are stablebiftly indicates that small
perturbations in the distribution will have no lasting effein time the population will
return to the stable state.

Using evolutionary stable states, biologists are able toehevolutionary pro-
cesses like genetic drift. To model the other major procesgation, the concept of
evolutionary stable strateg§eSS) was introduced. A mutation is seen as a new, exter-
nal strategy entering the system. Both concepts are relasdabth indicate a strategy
distribution in the population. However, evolutionaryldtastates need not coincide
with evolutionary stable strategies. Whereas an evolatipstable state describes sta-
bility againstinternal strategies, an ESS captures stability agagngtrnalstrategies.

Nature allows successful genetic variations to prospergusiirvival of the fittest.
Evolutionary game theory attempts to incorporate the sarherse to increase suc-
cessful strategies and decrease others. Agents are mbtiehave pair-wise interac-
tion; agents play a stage game against a random opponemd, aistrategy selected
randomly according to the strategy distribution. After ledaateraction, this distri-
bution is updated, favoring the successful, using somerdigsa Several models of
these dynamics have been proposed, differing in assunspbiorthe population, such
as availability of information and intelligence.

The theoretical framework for modeling evolutionary dynegrassumes an infinite
sized population. This allows the individual fractions trhtegies in the population to
be differentiable with respect to time. The model consi$ta system of differential
equations, one for each strateiggvailable. The'" differential equation indicates the
increase or decrease of the fraction of the population ustirdegyi.

To form an intuition about modelling the evolutionary dyriasy we will show
an example model using the prisoners dilemma, c.f. tabldd2.the payoffs. Each
strategy, CooperateCj and Defect D), has an initial fithesgFc,Fp) and fraction
(pc, Po, With pc+ pp = 1), the initial distribution of the strategies over the popiola.
Strategy fitness is denot&t: andWp (recall that fitness is the payoff for a strategy),
the average fitness of the entire population is dendted pc\We + ppWoh. The fithess
of each strategy can now be calculated using:

We = Fc+pcF(C,C)+ ppoF(C,D)

Wo = Fp+pcF(D,C)+ ppoF(D,D),
with F(a,b) the fitness (payoff) received when playing strategggainstb. This
system simply defines fitness as the sum of the expected fandsthe initial fitness.

It is then assumed that the new proportions are related toutrent proportions and
the payoffs received, according to:
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Rock | Paper| Scissors
0 1 0
Rock 0 0 1
0 0 1
Paper 1 0 0
Scissors ! 0 0
0 1 0

Table 4.1: Payoff matrix for the Rock Paper Scissors game.

from which a differential equation can be derived:

d
d—? = p—p
~ pW
- w P
_ W W)
W

These equations show how each strategy increases and skci@aer time, i.e. be-
tween iterations.

We have now defined enough tools to analyse this gamef (BsC) > F(C,C)
andF (D,D) > F(C,D), it follows thatWp > W > W and, more importantly% >0
anddd—ptC < 0. This indicates that no matter what distribution of sgée the population
starts with, eventually each agent will end up only playirgfézat: (Defect, Defect) is
an evolutionary stable state. Only the initial distribatiwith every agent playing Co-
operate would not lead to this result. In this case howevefe@ could be interpreted
as an unavailable strategy, an external invader. As an eémy&refect would quickly
gain popularity and the population would again move towandly defecting agents,
making Defect (in this case) both an evolutionary stablestad an ESS.

With the system of differential equations, we can plot adtioa field in the unit-
simplex. Each point in the simplex corresponds to a didfidbuof strategiex. N
available strategies requii differential equations that lead to a direction field in the
unit N-simplexSy. Table 4.2 shows the payoff matrix of the “Rock Paper Sc&sor
game. This game has three strategies and no pure stratepyBENdadibrium. Fig-
ure 4.1 shows the corresponding unit 3-simplex containfregdirection field of the
dynamics.

Rest points are evolutionary stable points Sy. The corners of the simplex
are always rest points and there may be an additional rest jpothe interior ofSy.
Finding the latter rest point depends on the model of the miycgused. The interior
rest point in figure 4.1 is the limit of an orbit é1,/3,1/3,1/3). Rest points in the
simplex are useful indicators for the analysis of the gan2¢ [1

1. if x is a Nash equilibrium, it is a rest point

2. if x is astrict Nash equilibrium, it is asymptotically staBle

2Asymptotic stability means that not only do initial condits close to the point stay close to
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Figure 4.1: Unit 3-simplexg; with evolutionary trajectories of strategies.

3. if x is the limit of an orbit, then fot — o, it is a Nash equilibrium
4. if rest pointx is stable, it is a Nash equilibrium

It is easily verified that these properties hold for Rock Pedassors in figure 4.1;
indeed,(1/3,1/3,1/3) is the single (mixed strategy) Nash equilibrium of the game.
The inverse of any of the four properties dot hold in general.

Replicator Dynamics The most intuitive and most widely used model of evolution-
ary dynamics is known as theeplicator Dynamics As before,x € Sy denotes the
distribution of strategies (the replicators) over the pafon: eachx; signifies the rel-
ative frequency of strategy It is assumed that the are differentiable with respect
to time (which requires an infinite population). Now the dynies can be modeled as
motion in time: x(t). Using the payoff matri¥, the success of each strategy against
another is measured, the expected payoff for any agentngjestrategyi is given by
(Ax);, the average population payoffxsAx. Finally, it is assumed that the per capita
rate of growth is given by the difference between the expkep#g/off when playing

and the population average payoff [12] and [3, section 2.5]

X =X ((AX)i —x- AX),

with %; the derivative ok; with respect to time. The interior rest point for this sysiem
x for which each(Ax); = x - Ax, so eachx; = 0. x is found as a solutiofAx); = ... =
(AX)n, which generically has at most one solution. Under certaimditions, these
replicator dynamics reduce to the reinforcement learniagus$sed in section 4.1 [34].
Using the replicator dynamics the conditions for an ESS eatidnived. A strategy
profile p € Sy is evolutionary stable if it is more successful then any osieategy

(stable), they also approagtasymptotically (in the limit as— ). Itimposes restrictions on trajectories,
making it stronger than stability.
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profile p’ # p, provided that the frequency fq@’ is sufficiently small, below some
“invasion barrier”. Withx the frequency of the invader and

X=x(1—x) (x(p"-Ap' —p-Ap') = (1—Xx)(p-Ap—p'-Ap)) ,

the rest point withx = 0, i.e. the invader looses and dies out, is asymptoticadiiplet
if two conditions are met:

equilibrium condition p’-Ap < p-Ap, or: the ESS must perforat leastas well as
the invader against the ESS.

stability condition If p’-Ap =p-Ap thenp’-Ap’ < p-Ap’, or: If an invader performs
as well against an ESS, it must perform worse against itseif an ESS.

Other models of evolutionary dynamics also exist. The capdir dynamics require
a discrete set of payoffs, so a payoff mattixcan be used. A more general variation
also allows for non-linear payoff functions to be used:

X = Xi (& (x) —a(x)).

Again, g (x) denotes the expected payoff for stratégyhen playing a population with
distributionx anda(x) = ¥ x;a;(x) denotes the average population payoff.

Imitation Dynamics Both models mentioned assume information is availabledo th
entire population. This includes the expected payoff fayplg a strategy and the
average population payoff. In many situations this infaiorais not available. A
different approach is taken by thitation Dynamicsc.f. [11, section 8.1] and [38].
Imitation dynamics focuses on the success of strategig®glay an agent’s neigh-
bours. The assumptions on the availability of general méttion about the entire
population are now reduced to the assumption of visibilitya meighbour’s strategy
and associated success.

At discrete times, an agent compares his information wist ¢ his neighbours.
Based on these observations, the agent may update higgtrateese dynamics will
favor strategies that have provided a higher utility for tieéghbours, not necessarily
with a higher utility for the population as a whole. Wity denoting the likelihood of
replacing strategywith j, the general imitation dynamics are

Xi =iy (fij () — i ().
J

Often fj; is taken to be a function depending on the current payofés, fi;(x) =
f(ai(x),aj(x)). This functionf(u,v) is the imitation rule. The simplest imitation rule

would be
1 ifu>v

f(u,v):{ 0 ifu<v.
This scheme has the value xfincreased if its payoff exceeds theedianrather than
themean
Unfortunately this leads to a discontinuous right hand.sfdessuming the imitation
rule is an increasing, and continuous, functido, v) = @(u— v) of the payoff is also
plausible and leads to

Xi=x Y oai(x)—aj(x)x.
J
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Multiple Populations Many games involve agents from different, distinct popula-
tions interacting. Opposing agents may have differentegisasets and different utility
functions, e.g. bidders and sellers in auctions. Both s influence the effec-
tiveness of each others strategies, see [12, 29]. As sueldytamics that are used to
model these systems are coupled. Equation (4.6) shows ampéxaystem with two
populations: sellers and bidders. The populations haveffseiier andApidden Nseller
and npjgger Strategies with distributionssejier andXpigger. Matrix A; for agent typd is
ann; x nj matrix.

Xi pidder = Xi bidder ( (AbiddeXseller)i — Xbidder* AbiddeXseller) 4.6)

Xi seller = Xi,seller((Asellerxbidder)i — Xseller: AselleXbidder)

Mixed Strategies All dynamics discussed have implicitly assumed that thetegies
used werepure strategies, rather thamixed strategies, c.f. definition 4. The mixed
strategyp(i) € S, may be seen as a probability distribution over the strasefgiethe
agent, not the populatichThe expected payoff for an agent playing tyge/hich has
probability vectorp(i)) against an agent playingis uij = p(i) - Ap(j).

As before x € S, denotes the relative frequency of each strategy in the ptpal
The expected strategy used by the population can now beladuby

p(x) = xip;(i).

With the payoff matrixA as before, the dynamics for a population with mixed strategi
are

% =% ((p(i) —p(x)) - Ap(X)).

Finite Populations As stated before, in order to get a smooth (differentiabie) d
namics, the population size should be infinite. In most rattases, however, this
assumption is not valid. Implications for the dynamics agaificant: changes in the
distribution of a strategy can no longer occur in arbitgasimall fractions, but as one
agent changes his strategy, the corresponding distribatianges by an amount,
with N the number of agents. Using the dynamics in the way descrilleshow what
strategy is favorable given the current distribution, therging this distribution with
a relatively big value may cause it to no longer be favorabie] may even make it
perform worse than before in the new distribution.

Different models have been proposed to modify the evolatpmame dynamics,
see [12, section 4.6] for a brief overview. Most of these rficdiions involve the use
of stochastics, e.g. the introduction of noise to the repdic equations or modeling
the entire system as a Markov process, with each stochamtigble describing the
number of agents using the strategy.

3Because the probability distributiqrii) € S, is seen at the agent= N, with N the number of pure
strategies in the population, is not required to hold. Tfeeeethe simplexS, for p(i) may also differ
from the simplexsy.



Chapter 5

Adaptive Mechanisms

A mechanism has a well defined goal, e.g. revenue maximizatian auction, max-
imizing employee participation in a company or maximizimgat utility in a soci-
ety. Each set of actions from the agents will lead to an outcamd possibly a pay-
ment to the agents, computed by the mechanism. The mechdesigmers will pre-
fer some outcome over others, which can be quantified usintjity tunction just
like individual agents have (for some outcomec O and some paymem* € P :
u(o*, p*) > u(o, p) forallo€ O, p € P).

As mechanisms are designed to fit a target population, thectsq actions of
this population will provide the highest utility to the megtism. However, when the
mechanism is to be repeated over time, evolutionary stabless providing there are
any, may differ from single shot equilibrium. Also the agemntay find ways “around
the system”: they may think of new, invading, strategies lmange their behaviour
in another way. This will result in a situation in which the chanism will provide
suboptimal results. To counter an adapting agent popualattte mechanism itself
must be able to adapt.

In searching for ways to create an adaptive mechanism, wefissintroduce a
meta-gameAs the mechanism itself will adapt the strategies it hati¢oancountered
agents, it will be showing strategic behaviour and may bdistlas a player in a game
itself: the meta-game. When the general setting of this gankaown, the players
shall be discussed: their goals and their possible stegteginally, the learning tech-
niques described in chapter 4 are used to have the mechaggsmtb find the best
strategy.

51 Meta Games

The field of adaptive mechanism design is relatively youngcdft work by Pardoe
et al. [23, 24], as well as our own [14], has shown that evein wilmple learning
heuristics, adaptation to a changing agent populationeofapns a static mechanism.
The scenario used in each of the works mentioned involveeeted auction in which
identical goods were sold in rounds to a bidder populatidre mechanism could use
the heuristics to determine the number of rounds per authi@nwvould yield the most
revenue.
These ideas may be generalizable to any repeated mechaBysnat just facili-
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tating the adaptation of a single parameter of the mechamsamny could be changed
between iterations. Using learning techniques such a®ttissussed in chapter 4,
the mechanism can learn the optimal configuration of eachaset parameters. This
possibility of changing the way the mechanism behaves leestsategic behaviour by
the mechanism. To study this behaviour, the notion wieda-games introduced.

In a meta-game, the mechanism itself is a rational agent. opipenent of the
mechanism player is thgopulationof agents that play the mechanism, i.e. a single
opponent. The difference between the mechanism as a plagé¢h@amechanism itself
will often be evident from the context. However, to removg aotential ambiguity,
the mechanism as a player will be referred to astieehanism playerSimilarly, the
population of agents as an single individual player will eferred to as thpopulation
player.

5.1.1 Analysis of the Meta-Game

The meta-game is a sequential game that prescribes a ratightgorward sequence
of moves. Both the mechanism player and the population plageive a type: a con-
figurationc € C and® € © respectively. In traditional mechanism design, the mech-
anism player would receive its type from the mechanism’sgies. The population
player is handed a type by Harsanyi's Chance player.

The mechanism player moves first by announcing a social etfaiection and a
payment rule, of which only one is needed as there is just pperent. This corre-
sponds to the situation were individual agents know the gdu@ye are about to play.
The mechanism player uses a strategy that takes the meatsmugisnfiguration (its
type) and outputs the social choice function and a paymét ru

The population player replies by revealing its type, depeman the announced
social choice function and payment rule. This type is theltes its mixed strategy
and may not be truthful. The strategy set and the correspgrdistribution are hidden
from the mechanism player. Also there may be additionaldgnig information that
the population player uses to form a revelation.

Finally, the meta-game will reward both the mechanism anpufation players
according to the revelations they have made, i.e. evalbatsdcial choice function for
the population player’s type. The extensive form of this gamshown in figure 5.1.
The role of the mechanism designer is shown, although hetiamactive participant
of this game, to visualize how the configuration of the medrarns done. This act is
to be taken over by a learning algorithm in order to adapt teelranism online.

Mechanism Designer

ice
Mechanism Iglayer

(fn, Pm)
lation Player

(f1,p1)
Population

Figure 5.1: Extensive form of the meta-game.
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To define the structure of the meta-game, three things arertang: 1) the out-
come spac@, 2) the social choice functiofi and payment rulg and 3) whether the
meta-game should be incentive-compatible. To find the arsswe will rephrase our
intentions.

We are creating a mechanism that is to be repeated, and dbhitgepetition it
may adapt to the behaviour displayed by the agents withiry iartificial learning.
This learning allows us to study the mechanism as a ratiggettathrough the meta-
game. This is an abstraction of a real-world applicationthrdutcome must therefore
correspond to the outcome of the underlying mechanism. Téta-4game should thus
provide the same outcomes as would the underlying mechaner® = O.

The population player bases its type revelation on the typp) reported by the
mechanism player, and not on the social choice function efnleta-game. As the
outcome of the meta-game should be equal to that of the ymalgrhechanism for the
same population type, it makes sense to use the type refoyrtbé mechanism player.
Using the social choice function and payment scheme prdvidethe mechanism
player will make truthfulness the dominant strategy for thechanism player. This
also implies that the meta-game has no influence on the afo#¥s of the population
player, or any other design constraint of the mechanisni asdudget balance. If the
population player is to be truthful, it needs to get its irtcas from the mechanism
player rather than from the meta-game.

Definition 12 (Meta-Game) A meta-game for a mechanism M
G" = (M, 2),0,((C,ua); (O, up)))

constists of a mechanism play8¢ and a population playerP, a set of outcomes
O equal to the set of outcomes for M/ has a set of configurations containing an
outcome function and a payment schefhgp) € € and a utility function indicating
the desirability of the outcome induced by this actions. ? has a typed € © and

a utility function. The meta game uses the outcome functimwhpayment scheme
provided by theM .

5.1.2 Example Meta Game: (N+1¥-price auction

To make the reader a little more familiar to the corresponddaetween the mechanism
being played by agents and the mechanism as a rational [iisgira simple example

is introduced: a repeated (N+%price auction. In this (simplified) setting the auction
has N identical items to sell to a population of agents. E&etation the number
of items for sale (N) may diffet. Individual agents have a single strategy they use
when bidding for one of the items. They are interested iniolstg only one item,
preferably at the lowest price, but no higher than the thevage valuationv;. This
leads to a quasilinear utility function for ageant

N Vi— D if agenti wins
(i, 1) _{ 0 otherwise

1obviously, this is a ridiculous setting when there is no tinoeizon. Rational agents would simply
all bid 0, knowing that they will almost surely win an item. &ming this, the example is exactly that: an
example.
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Game play is as follows: the agent places a bid (his revegfszlt) according to
his strategy and private valuation (his true type the mechanism orders all received
bids and awards the N agents with the highest bids an itemhédle “winning” agents
pay the value of the (N+%) bid. Agents leave the auction, a new iteration starts and
other agents may join.

The meta game is only slightly different, as it is merely angdeof perspective.
The outcomes in the meta-game consist of a revenue (for tlvhanesm player), a
vectoro showing the allocation of the items and a prigéo pay (for the mechanism
player). The mechanisms player’s utility is simply the mave it gets; the population
player’'s utility is the sum of its agents utilityy; I;(vi — p), wherel; € {0,1} is an
indicator variable stating whether hidvas successful.

First, the mechanism player announces the output functidrtlze payment rule,
which depends on (and reflects) the number of items N for $gig now clear when
an agent will win and what he has to pay, in this example theljN-price. Now
the population replies with its type: a vector of biols The meta-game uses these
bids as input for the social choice function and payment relealed by the mech-
anism player, resulting in an outcome: an allocation veaterI", and a payment,
the (N+1J"-bid, are provided to the population player, and a revenyassed to the
mechanism player.

5.2 Properties of the Players

In order to study the meta-game, an analysis of the propesfithe players is in order.
These properties consist of the type space, the strategieshe utility functions a
player can have.

5.2.1 The Mechanism Player

The repeated mechanism plays an outcome function and a pageteeme from the
possible functiong and payment schemés Which of these are available depends
on the constraints the mechanism must fulfil. This yields acepof configurations
C = F x P. In the auction example, the available functions and scheatidhave the
same form, differing only in a parametir The mechanism player first converts the
revealed type, a bid-vectdw, to an ordered vectar. The outcome function played is

: |b]
_J1 if bj > oy
fi(b) _{ 0 otherwise} ’

leading to the vector of indicator values and the paymergmsehispy(b) = O 1.

The utility of the mechanism player depends on the goal fandaif the underlying
mechanism. The mechanism player wants to maximize thigyutver time. In the
auction example the utility for the mechanism player is #wenue it receives and the
goal is maximizing the sum of revenues obtained in all iteret

The size of the familie§ and p of social choice functions and payment schemes
makes finding the right type to play very hard. Additional swaints on the (un-
derlying) mechanism, e.g. incentive compatibility or bedgalance, will narrow the
search, but may also make it impossible to find any combinadioall that satisfies
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the constraints and optimizes the goal function, recalirf@ossibility results for the
revelation principle in section 3.2.

To find a suitable type, the adaptive mechanism will need dmlérom past ex-
periences. The learning method should be able to find fitimgtfons for both the
social choice function and the payment rule. In the arms tlateresults from a learn-
ing mechanism and an evolving population, the goal is to llagemechanism adapt
faster than the population. The best way of fast online adipt of a function is the
use of function approximation. One way of function approiion has already been
discussed in section 4.1.

The learning algorithm the mechanism player uses to adagit iequires a “score”
to quantify the success of the latest action, for which thigyuof the previous iteration
may be used. This function should also be extended howewemn specific features
are required in the underlying mechanism, e.g. incentivepatibility or budget bal-
ance. Without penalizing the loss of (one of) these feafihesmechanism player may
maximize its goal function but not be, for instance, budgdaibce. This can be done
by setting the utility to 0 when this requirement was viotatélthough this violation
can easily be detected in the case of budget balance, oth@rements may be more
difficult, e.g. incentive compatibility.

5.2.2 The Population Player

The population player is made up of a, possibly large, nurobagents. These agents
are individual, independent and rational, implying thaytmake decisions individu-
ally and strategically. The agents are not required to remplaying in the mechanism
indefinitely, but the population of these agent will be, a@skein expectation: agents
leaving the mechanism will be replaced by new agents eugtefihe properties of the
population as a rational player, e.qg. the utility functiow ahe strategy set, will remain
constant in expectation over time, even though the ageatsrtake up the population
are constantly changing. As the population player is amatiplayer, he may change
his (mixed) strategy.

Between iterations, agents entering the mechanism magt settrategy based on
results they have observed in earlier repetitions. This, wagcessful strategies will
be favored over the less successful. As a single player,dpalgtion player can be
modelled to act in much the same way as was described in secfian evolutionary
game theory. The population has a mixed strategy which septe the distribution of
(pure) strategies among the agents in the population. Thisdstrategy will change
over time as some pure strategies will be favored by the ageittiin the population.

The type spac® is the collection of all possible types that the populatiteyer
may reply with. This depends highly on the mechanism thetage®e participating in.
In the example this is a vector of positive bids of size eqodhe number of bidders:
© = R*IP. The revealed typ& e © does not have to be truthful and is based on the
typec € C reported by the mechanism.

The utility received by the population player can be takeméothe sum of all
individual utilities; in the auction example this would Bgv; — p; for all winning
agents. This population utility can also be used as a medsutbe success of the
mixed strategy used by learning player.

Thus far, it is assumed the population player learns thrawvglutionary dynamics
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as this model fits applications involving populations of lamagents best. The re-
peated mechanism may also be used on other types of agestigsartificial agents.
Examples of these are file-sharing agents (e.g. in peeed¢ogystems) and nodes in a
computer network (e.g. the internet). Each of these mayinequdifferent model for
a population player. If most, or all, artificial agents use #ame means of learning,
e.g. reinforcement learning, the entire population mag bésseen as learning through
reinforcement learning, rather than through evolutiordymgamics. In the worst case,
the population player may even become an adversarial oppasith all agents work-
ing together to beat the underlying mechanism. Modellirgvtilay an agent adapts is
useful for simulation and testing the adaptive mechanism.



Chapter 6

Future Work

To further investigate the design of repeated mechanisrmanzber of topics will
require additional research. The reason for not includimig tesearch in the current
work is that either the results are yet to be found or releliterature was beyond the
scope of the current research.

Repeated Games Repeated games offer new equilibria and their solution ephis

a specialization of the Nash Equilibrium, introducing senfial rationality: any choice
must not only be rational in this round, but also in roundsdme. The analysis of
repeated games offers the one-shot-deviation principléctwallows the determina-
tion of (sequentially rational) subgame-perfect equidibeven in infinitely repeated
mechanisms [18]. Investigation into a connection to evohary game theory may
yield a useful correspondence between evolutionary stibtes and these subgame-
perfect equilibria. However, the utilities for finding swbyge-perfect equilibria assume
a static component game, i.e. the game that is repeated dbesamge. What happens
to these concepts when the mechanism will learn and adapt.

Revelation Principle for ESS Although this may circumvent the use for an adaptive
mechanism, it is interesting to know: Is there a revelatiangiple for evolutionary
stable strategies (c.f. proposition 10). What are the (@s3fbility results for this
version of the principle? It would look like this:

Proposition 13 (Evolutionary Stable Revelation Principlelsiven a mechanism that
implements a social choice function f in evolutionary stasirategies, then there
also exists an incentive compatible mechanism implengefiitin evolutionary stable
strategies. Payments to agents are equal to the paymeriie ioriginal mechanism.

NP-complete outcome functions An interesting approach by Conitzer and Sand-
holm as discussed in section 3.2 (and [6]) features an NRsleenoutcome function.
This would make incentive compatibility no longer a reqment as finding a fruit-
ful, non-truthful type to reveal NP-complete for the ageffiteding a non-truthful type

B = argmaxco f(6{,6_i) is an intractable problem. Is there a generic way to find
such an outcome function and how does this relate this toeated mechanism.
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Rationality of the Population Player A thorough justification of all players in the
meta-game is needed, especially the population playdnidplayer actuallyational
and if so, is itstrategi® Both properties will need to be present to allow the metaega
to be analyzed as a proper game using game theoretic conddptsy strategic player
may learn from past play by the mechanism and form a stratesgywill provoke the
mechanism player into playing more favorable actions inritrepetitions, possibly
at the cost of a lower present utility.

Learning Function shape Artificial learning focuses on selecting actions or on de-
termining parameter values for a parametrizes represemtaf the goal function.
However, this requires thghapeof this goal function to be known. Unfortunately,
the mechanism player plays from a collection of functiorfsybich the shape is not
necessarily known. Is there a way to still learn under theselitions?

Optimization Metric for Mechanism Player In order to measure of the effective-
ness of a chosen outcome function and payment scheme pag,reetric needs to be
found. One candidate is the Price of Anarchy , c.f. [33]. Qe potential function
method be used for repeated mechanisms?

IThank you Adriaan for bringing this to my attention.
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Appendix A

Referenced Videos

e Avrim Blum, available at
http://videol ectures. net/ m ss08au_bl um org/

“The first part of this tutorial will discuss adaptive algbrins for making deci-
sions in uncertain environments (e.g., what route shoudétd to work if | have
to decide before | know what traffic will like today?) and cextions to cen-
tral concepts in game theory (e.g. what can we say about ladfic twill behave
overall if everyone is adapting their behavior in such a Walf® will discuss the
notions of external and internal regret, algorithms fonfdmning expert advice”
and "sleeping experts” problems, algorithms for implicispecified problems,
and connections to game-theoretic notions of Nash and latece equilibria.
The second part of tha tutorial will be about some recent waorkearning with
similarity functions that are not necessarily legal kesndlhe high-level ques-
tion here is: if you have a measure of similarity between gatats, how closely
related does it have to be to your classification problem deoto be useful for
learning?”

e Ariel Rubinstrein, talk at NYU on John Nash, November 20Q0&ilable at
http://ganmetheory. tau.ac.il/nashLecture/ Ariel Rubinstein. wmw

“The lecture includes critical comments on the meaning ah&aheory as well
as personal reflections on Game Theory, the story of John, Mashthe recent
film A Beautiful Mind’. In preparation for the lecture, tetudience is asked
to spend a few minutes responding to some "problems” predeatta specially
designed page. Some statistics on the results of this erasice presented in the
lecture (though individual answers will remain confideifia

e Nicole Immortica, Google Tech Talks, April 13 2007: “Chaltges in the Design
of Sponsored Search Auctions”, available at
http://yout ube. com wat ch?v=JzRHi JAEOk

“Since its inception in the 1980s, the popularity of the intt has been grow-
ing exponentially, resulting in a mass of shared knowledggfast, cheap com-
munication. Hand-in-hand with these developments, we kaea the birth of
a plethora of new valuable systems and services ranging Welnsearch and
email to blogging and social networking sites. Perhaps th&t essential system
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44

for monetizing such web services is online advertising.hia talk, | will first
present an overview of the most common market mechanismnioreoadver-
tising, namely pay-per-click auctions. | will then discigssne of the challenges
in the design of these auctions...”

Noam Nisan, Google Tech Talks, August 15 2007: “Algorithiechanism
Design”, available at
http://vi deo. googl e. com vi deopl ay?doci d=6121409064231775355

“One of the challenges that the Internet raises is the nitggedsiesigning dis-
tributed ... alle protocols for settings where the parttipy computers are
owned and operated by different owners with different goaBver the last
decade or so there has been much research that aims to attdresdsssues
using ideas taken from the micro-economic field of mecharssign. In this
talk 1 will survey the current state of the field: how mechamidesign is ap-
plied in computational settings, how far can classical sdga, and what are
the challenges for further research. Among the applicatitincussed will be
combinatorial auctions, cost sharing, scheduling, antdrrgun networks.”

S.V.N. Vishwanathan, Google Tech Talks, March 25 2008: i®jz&ation for
Machine Learning”, available at
http://yout ube. com wat ch?v=_U2Sn67Yrf 0

“Regularized risk minimization is at the heart of many maehiearning algo-
rithms. The underlying objective function to be minimizedbnvex, and often
non-smooth. Classical optimization algorithms cannodiethis efficiently. In

this talk we present two algorithms for dealing with convexysmooth objec-
tive functions. First, we extend the well known BFGS quasialibn algorithm

to handle non-smooth functions. Second, we show how bundtbads can be
applied in a machine learning context. We present both #tieat and experi-
mental justification of our algorithms.”

Seshadhri Comandur, Google Tech Talks, March 14 2008: “tda@lgo-
rithms for Online Optimization”, available at
http://ww. yout ube. conf wat ch?v=ki ogKenKkgE

“The online learning framework captures a wide variety @frléng problems.
The setting is as follows - in each round, we have to chooserd from some
fixed convex domain. Then, we are presented a convex lossidanaccord-
ing to which we incur a loss. The loss over T rounds is simpé/gsbm of all
the losses. The aim of most online learning algorithm is toimize *regret*

: the difference of the algorithm’s loss and the loss of thet figed decision in
hindsight. Unfortunately, in situations where the lossction may vary a lot,
the regret is not a good measure of performance. We defingtiadaegret*,
a notion that is a much better measure of how well our algorighadapting to
the changing loss functions. We provide a procedure thatertsrany standard
low-regret algorithm to one that provides low adaptive e¢gvVe use an interest-
ing mix of techniques, and use streaming ideas to make oaritdm efficient.
This technique can be applied in many scenarios, such dslpprhanagement,
online shortest paths, and the tree update problem, to ndeve’a



