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Abstract

Classic approaches to game Al require either a high quality of domain knowledge, or
a long time to generate effective Al behavior. Monte Carlo Tree Search (MCTS) is a
search method that combines the precision of tree search with the generality of
random sampling. The family of MCTS algorithms has achieved promising results
with perfect-information games such as Go. In our work, we apply Monte-Carlo Tree
Search to the non-deterministic game "Settlers of Catan", a multi-player board-turned-
web-based game that necessitates strategic planning and negotiation skills. We
implemented an agent which takes into consideration all the aspects of the game for
the first time, using no domain knowledge.

In our work, we are experimenting using a reinforcement learning method Value of
Perfect Information (VPI) and two bandit methods, namely, the Upper Coefficient
Bound and Bayesian Upper Coefficient Bound methods. Such methods attempt to
strike a balance between exploitation and exploration when creating of the search
tree.

For first time, we implemented an agent that takes into consideration the complete
rules-set of the game and makes it possible to negotiate trading between all players.
Furthermore, we included in our agent an alternative initial placement found in the
literature, which is based on the analysis of human behavior in Settlers of Catan
games.

In our experiments we compare the performance of our methods against each other
and against appropriate benchmarks (e.g., JSettlers agents), and examine the effect
that the number of simulations and the simulation depth has on the algorithms’
performance. Our results suggests that VPI scores significantly better than bandit
based methods, even if these employ a much higher number of simulations. In
addition to this, the simulation depth of the algorithm needs to be calculated so the
method will neither get lost in deep simulations of improbable scenarios neither end
up shortly without given a proper estimation of the upcoming moves. Finally, our
results indicate that our agent performance is improved when the alternative, human
behavior-based, initial placement method.



Agvopikn Avalfjtnon Monte Carlo oto Havyviou
Xrpotnyikig "Anowotl Tov Katav"

Hepiinyn
[Mapadoocrokég peBodor Teyvntig Nonpoovvng ypetdlovion gite VYN yvaoon Tove
otov Topén mov epapuolovtar, eite  ypeldloviar  apkeTd YpOVO OCTE Vo
npoocappoctovv. H Agvdpikny Avalitnon MonteCarlo (Monte Carlo Tree Search —
MCTS) eivan pee péBodog avaltmong mov cuvovdlel v axpifeia g devopkng
avalmong HE TNV YEVIKELGN TOL TPOCPEPOVY Ol Tuyoieg OstypatoAnyies. H
owoyévewr tov aryopiBuov MonteCarlo €xel emtdyer oaoddoo amoterécpato o
KAoowd moyvidw, pe mANpN mTAnpogopia, Onwe to emttpanéllo moryvior Go. Xtnv
gpyacio pag, epoappolovpe Aevopkn Avadntnon MonteCarlo 610 un-vietepivicTiko,
emrpanello moyviol otpatnykns "Amoucotl tov Katdv". Avantdlape évav mpdxtopa
OV, Y10 TPATN POPL, AapPAvel LTOYN OLEG TIG TTVYES TOL ALY VOOV LE KABOAOV, €K
TOV TPOTEP®V, YVAOGCT] TOV TOLYVIOL0V.
2y gpyaciog pog tpéyovpe mepdpata ypnoponowmvtag ™ HEBod0 EVIGYLTIKNG
nabnong Acio g Téleiag Ilnpopopnons (Value of Perfect Information) koi 00
pedodovg «kovroyeEpn», v pebodo Avw Opio 2vvieieoty (Upper Coefficient Bound)
Kol Mo EMEKTOOT OUTAG NG Heboddov - v wébodo Mracaiovod Avw Opiov
2vvtedeoti(Bayesian Upper Coefficient Bound). Zt6)0g ovtav tov pedddmv givor va
eElooppomnoovy TV oyxéon ekpetdAlevonc-eEepedbvnong (exploration-exploitation
problem) kotd Vv dnuovpyia Tov 0EvopoL aval)Tnomn..
Mo pdyn @opd oy oxetikn pe to Settlers of Catan Biploypagia, avartoccovpe
évav mpaxktopa mov ypnotponolel MCTS o omolog AapPdver vroyn oiovg TOLS
KOVOVEG TOU TOLYVIOOD EVM TOVTOYPOVO UTOPEL VO OIOTPOAYUATEDTEL AVIOALAYES UE
toug vrnoéAowmovg maiytes. Emmpdobeta, ocvumepildfope otov  mpAKTOpO LU
EVOAAOKTIKY] OTPOTNYIKY ap)IKTG TomoBETong mTov vdpyet oty PifAoypagia, Kot n
omoia YPNCIUOTOLEL YVADOT) TPOEPYOLUEVT] OO TNV OVAAVCT] GLUTEPLPOPAS OVOPOTOV
KOTA TNV TOTOOETN O™ KOUUATIDV.
Yta mepapotd pog eetdlovpe v omddoon tov peBddwv pag Otav Epyoviot
aVTIHETOTEG HeTaED TOVg, N HE KOTAAAN O emdeypévoug aviumdiovg (benchmarks),
onw¢ ot yvootol JSettlers agents. Eniong, eetalovpe to g to Pébog kot To mAn0og
TOV TPOGOUOIDGE®MY EMNPEALEL TN amddoon Twv aAdyopiBuwv poc. To amoteléopatd
pog vmodeikvoovv O6tt M pébodog VPI pe Aydtepec mpooopolidoelg eivoar mo
AVTOYOVIOTIKY 6€ oYEom Ue TIG HeBOd0Vg ANGTES, Tapd TO YEYOVOG OTL Ol TEAELTOUES
YPNOWOTOVV  TOAAATAGGLlES  Tpocopolwdoels. Emiong, e&ivar  onupovtikd  va
vroAoylotel T0 fAB0OC TV TPOGOUOIDGE®V GTOV OAYOpIOU0, doTe o1 pEBodoL var pumv
Yévovtal o€ aTéPUOVES TPOGOUOIDCELS amtifavav cevapimvy, aALd TAVTOYPOVE VO NV
TELELOVOUV TNV €EEPELVNOT, YOPIG Vo EYOLV KAVEL W10 ETOPKY] EKTIUNON TOV
emopevov kwvnoemv. Téhog, Ta mepdpotd pog Oelyvouv TG 1M EVOAANKTIKN
otpatnyikny tomofétnong mov efetdoape Ponbdel oy avénon g amdI0oNG TOL
TPAKTOPA LLOG.
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1 Introduction

Developing sufficient Artificial Intelligence (AI) for games was always challenging
from a computer science point of view. Most Al agents, for unsolved games, are based
either on stored plays either on hand-coded heuristic evaluation factions. A different
approach is offered by Monte Carlo Tree Search (MCTS) methods which attracts the
significant attention the last decade. MCTS is a method for making optimal decisions
by combining the precision of tree search and the generality of random playouts.
Research interest in MCTS risen rapidly due to its success with computer Go and
potential application to a number of other difficult problems. Its applications extends
beyond games and MCTS can theoretically be applied to any domain that can forecast
outcomes by simulations.

1.1  Motivation: Real-Time, Non-Deterministic, Partially
Observable Multiagent Environments

The family of MCTS algorithm had great success in deterministic games such as Go,
therefore we needed to reach for the limits of this method. The next step from
deterministic and perfect information games is the addition of Bayesian elements
through the game, converting the game to Non-Deterministic and hiding parts among
players. A famous strategy board game fulfilling all the criteria is the game Settlers of
Catan. Several implementations have been made [4][8][21] but none of them tested
their agents according to the complete rule set of the game.

Settlers of Catan is a strategy board game played by [2,4] players. Players in this
game are trying to colonize an deserted island by gathering resources in order to build
cities and roads. There are distinct turns for each player, which is very important for
our implementation, and on each round the providing resources are determined on
dice result.
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1.2 Related Work

Szita et al. [4] made an agent selecting actions based on MCTS methods but on the
action selection they used weights based on a priori domain knowledge. Mixing the
Monte - Carlo philosophy with hand-coded evaluations. They also, remove from the
simulation phase all actions concerning Development Cards. Also, they handicapped
their agent by removing his ability to negotiate trading with other players, but all the
other players can perform trades among them, leaving out one of the most critical
aspects of the game.

The agent of Panousis [21] is rather similar to Szita ef al. [4]. During the making of
the tree, the agent makes a stack and place all the available moves, but it favors some
moves. An action that will provide more value at the time it will be played (not by
calculating a long-term plan) is favored over the others and placed on top of the stack.
On each round, the agent is making all the actions that he is able to do by picking the
first action from the stack. As in the work of Szita et al. [4], the development cards are
ignored during the simulation, and throughout the game all trades are disabled. Also,
the agent in each round spends all his resources, trying to build as many constructions
as possible from his stack. If he cannot build a type of piece in the stack then just
continues to the next one until it reach the bottom of the stack or he is out of
recourses.
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1.3 Contributions and Thesis Outline

In our work, we have implemented a MCTS agent using three different methods in
various simulations depths. Our agent is using the whole rule set for the game and
does not use any domain knowledge. Trading negotiations among all players are
available and we give an estimated reward for the development cards during the
simulation phase. Also, we included an empty action to our agents planning, so he can
choose to do nothing if he has a better plan calculated.

In the following list we present our contributions, which will be discussed into the
thesis:

1. We are the first to implement an agent with pure MCTS methods leaving out
any domain knowledge in the sense that action selection is based only on the

simulated evaluation of the algorithm.
2. Also, we are the first' to test our agent in an environment with complete rules-

set. Including Developing cards estimation during the simulation step of the

algorithm.
3. We examine the performance of our agent using different simulation depths, in

order to optimize the exploitation-exploration dilemma at the search of the

tree.
4. We devised and used a plethora of metrics to assert methods' performance.
We also tested whether results could be improved by using a recent method by

Dobre et al. [22], which is a sophisticated calculation for the initial placement.
6. We test our agent using three different methods.

e A standard among the MCTS family bandit method (UCT) and an

improvement of this using Bayesian interference (BUCT).
e And the dominant, based on our results, (VPI) reinforcement learning

method.

In the following chapters we will describe the game "Settlers of Catan" (Chapter 2)
and point out some of the main strategies in the game. Following that, we will present
the JSettlers framework (Chapter 3) that we used for our experimentation and describe
the enemies of our agent. At Chapter 4 we will provide all the necessary background

e

for our thesis regarding the Monte Carlo Tree Search Algorithm, as well as all its
different methods that we will use. Chapter 5 describes our agent implementation and
the adaption of MCTS algorithm to the specific domain. The results from the
experiments we made are presented at the chapter 6 while chapter 7 draws
conclusions and outlines possible future work.
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2 Settlers of Catan

This board game was created by Klaus Teber and it was first published in 1995. It is a
landmark among board games because it combines simplicity, strategy and trading
skills.

A few references about this game in the press:

“Settlers has become so popular in Silicon Valley that it's now being used as an icebreaker at some business
meetings.”
-Wall Street Journal

“Over the past few years, Settlers of Catan has transformed from an activity enjoyed by a small niche of gamers
into a mainstream hit.”’
-The Atlantic

“Settlers manages to be effortlessly fun, intuitively enjoyable, and still intellectually rewarding, a combination
that's changing the American idea of what a board game can be.”
-Wired Magazine

“...the new generation of post collegiate gamers is gravitating toward more complex games of exploration and
trade...like Settlers of Catan...”
-The New York Times

“Settlers has spread from Stuttgart to Seoul to Silicon Valley...it has become a necessary social skill among
entrepreneurs and venture capitalists.”
-The Washington Post

“Settlers has its own elegant economy, in which the supply and demand for five different commodities are
determined by tactics, luck and the stage of the game.”
-Financial Times

The game is played by 2 to 4 players, and their goal is to colonize the uninhabited
island of Catan. During the game players will construct cities, settlements and roads.
By expanding their territory they win Victory Points (VP) and when a player reach 10
VP wins the game. In order to build something, players needs resources. Resources
can be gained either by natural locations around the edifices of each player either by
trading with other players. [1][2]
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2.1 Board

2.1.1 Components

The board of the game is consists of 19 hexagon tiles of terrain surrounded by 18
hexagon tiles of sea and 18 tiles with numbers.
Terrain tiles:

1. Desert (1), produces nothing
Forest (4), produces wood
Hills (3), produces clay
Meadows (4), produces wool
Mountains (3), produces ore
Plains (4), produce wheat
Sea tiles:
1. Simple sea (9)
2. Trade ports (9)
Number tiles: The tiles with number represent all the possible dice outcomes

SRR N

aggregation. So the numbers belong in [2,12] with all numbers appear twice except
the numbers 2 and 12 which are represented only once.

2.1.2 Setting up the board

The process of setting up the board starts by selecting all the 19 tiles of terrain. After
shuftling, one column contained 5 tiles is set. Afterwards another column of 4 tiles is
placed on each side of the previous column. Lastly, two columns of 3 tiles are placed
on the right and the left side of the previous (figure 1).

1

Figure 1: Placing hexes

After all the terrain tiles are set, one port tile is placed alternately by one tile of sea
(figure 2).
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Figure 2: Placing ports

To complete the set up of the board, 19 number tiles are placed on the top of each
terrain tile. To do so, the placement starts from a terrain tile at the outline of the
hexagon which is located to one of the six corners of the hexagon. The placement
continues to the next tile reverse clockwise, and when the outline is filled it continues
to the second layer making a vortex to the center, skipping the terrain tile which is the
desert (figure 3).

Figure 3: Placing numbers on hexes

The numbers are not placed in random order, but they follow this pattern:
5-2—-6—53—-8—10-9—-12—-11-54—-8—10-9—-4—->5—-6—3—-11
So at the end, it will look like figure 4.

Figure 4: Final board
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2.2

General Rules

Each turn of a player has the following actions:

l.
2.

2.2.1

Dice roll, all players takes resources based on their establishments.
The current player can make trade either with other players either with the

stash.
The current player can build road/settlement/city or buy/play development

cards.

Income - resources

The player starts his turn with a dice roll. The summarized result of the dice dictates
which hexagons produce resources. Each player who has built a settlement or a city

on an intersection takes resources.

2.2.2

Trade

The player can trade his resources.

L.

IL.
a)

b)

Internal Trade

The player can offer to trade resources with all the other players and take
counteroffers from other players. All the trades that will occur must include
the current player. Players cannot trade when it's not their turn.

Sea Trade
The player can trade 4:1, meaning that the player can return 4 resources of the

same kind and take 1 resource of any kind he wants.
If the player has built a settlement or a city at a port location, then better trades

3:1 or 2:1 are available.

Note that a player can always trade 4:1 even if he has not a built in port location.

2.23

Construction

In order to build a player must give a specific amount of resources. Players cannot

build more than the pieces they have in their inventory.

a)

b)

Road : 1x[clay] + 1x[wood]
e The new road must be adjacent with a piece of the player
e In each corridor can be built only one road
e The player with the biggest uninterrupted road (minimum 5) is
awarded with the "Longest Road" which awards 2 victory points to the
player. If a player exceed the road then he takes the "Longest Road"
from the other player as well as the 2 victory points.

Settlement: 1x[clay]+1x[wheat]+1x[wood]+1x[wool]
e A settlement is built on an intersection only if the three neighbor

intersections are not occupied.
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e The new settlement must be adjacent with at least one road of the
player.
e For each settlement the player take 1 resource from all the hexagons
during the income phase.
e Settlement awards 1 victory point to the player.
c) City: 3x[iron]+2x[wheat]
e A city can be built only as an upgrade of a settlement.
e When a player upgrades one of his settlements, he replaces the
settlement with the city and the settlement becomes again available.
e For each city the player takes 2 resources from all the hexagons during
the income phase.
e (City awards 2 victory point to the player.
d) Development Card: 1x[iron]+1x[wheat]+1x[wool]
e When a player buys a development card, he gain one random from the

stash.
e There are five different types:
» Knight (14)
» Victory Point (5)
» Monopoly (2)
» Road Building (2)
» Year of Plenty (2)

2.2.4 Special Occasions

a) Robber

e When a player rolls 7, no player is gains any resources.

e All the players, who have more than 7 resources, choose half of them
and they discard them. If they have odd number of cards, they round
down the number.

e The player has to move the robber to another hexagon that he likes
(cannot remain unchanged)

e When the player place the robber to a hexagon, he can steal 1 resource
from a player who has built a city or settlement on this hexagon.

e If the number which is rolled is occupied by the robber, this hexagon
does not produce resources for any of the players.

b) Play Development Card
A player, during his turn, can play a development card anytime he wants. But

he must not have bought this card at the same round.
[.  Knight

e When a player plays a knight card, we must do all the actions
like he has rolled 7 on dice.

e All the Knight cards remain open at the player.

e When someone has 3 knight cards he is awarded with the
"Large Army" and 2 Victory Points.

e If another player gain more knights than the owner of the
"Large Army" he immediately takes the "Large Army" along
with the 2 Victory Points.
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II. Monopoly
When a player plays a monopoly card, he chooses one type of resource

and all players must give him all the resources of the chosen type they

have.
III.  Victory Points
The cards with Victory Points remain hidden until the player has 10

Victory Points and he wins the game.
IV.  Road Building
When a player plays this card, he can build two road pieces with no

cost.
V. Year of Plenty
Playing this card, the player can take two resources from the bank.

2.2.5 Starting the Game

Each player starts the game with 5 settlement, 4 city and 15 road pieces in his
inventory. The first player is selected randomly and the other players, in clockwise
order. The first player places a road piece and a settlement piece on the board and all
the other players follow according to their turn. When the last player places his pieces,
then they start a new round of placing a road and a settlement but this time in a
reverse order. In meaning that the last player will place first and the first player will
place the last pieces. So at the beginning of the game each player starts with 2 Victory
Points.

2.2.6 Game Overview

On a player's turn, the following actions can be made:
1. The player must roll the dice. The result of the roll, declares which hexagons

produce resources (the result applies to all players).
2. The player may trade resource card with other player and/or use marine trade.
3. The player may build roads, settlements or cities and/or buy development

cards. Player may also play one development card at any time during his turn.
Figure 5 represents an abstract flow chart of the game.
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Mext Player

Flayer places a settlement & a road on the board J

3 Roll dice

Mot Rolled "7" Rolled "7"

’L ¥

- Each player with more than 7 recources
discards half of them.

- The player moves the Robber

- The player steals one random recource from
@ player who has settlement or city adjacent to
the new hex position of the Robber,

All players receive resources
based on their settlements and dties.

!

Trade. With other players, ports or bank.

h 4

Build roads, ssttlements, cities. Buy development cards

h 4

Flay development card at any time in player's tum.
Only one card per tum.

Mext player
Figure 5: Turn flow-chart

2.2.7 End of the Game

The game ends, when someone in his turn has 10 or more Victory Points. A player in
order to win, it must be his turn and he must has or acquire at least 10 Victory Points.

2.2.8 Tactics

Since the game of Settlers of Catan has a variable map, the tactical considerations of
each game are different. There are nevertheless, some common points:
e At the beginning of the game, the most important resources are brick and
lumber in order to build roads.
e Harbors have value. Especially when they are combined with great amounts of
a certain resource.
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e The placing of your first two settlements should leave enough space to

expand.
e The key to victory is trading.
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3 The JSettlers Framework

There are many software platforms for Settlers of Catan players, which are mostly
based on heuristics evaluations and can easily be defeated by a human. One of the
strongest is Robert S. Thomas' JSettlers, an open-source Java version of the game,
which has heuristic-based Al players and is a basis of many Settlers of Catan servers
online. For instance, Pfeiffer ef al. [3] and Szita et al. [4] both use that environment
to test their agents.

In our implementation, we use elements of and test our agent against the JSettlers
environment, so it is important to present it to some extremely.

3.1 Interface

When a player enters a game, s/he interacts with the Game Interface which is
composed by 4 player regions - the board region and the chat region. At the beginning
there is no player sitting and all hexes of the board are water.

Settlers of Catan Game: Demo [M]

#4% ) has joined this game.

I'I'ype here to chat.

Sit Here

Figure 6: Empty interface

After the player is seated, he chooses against how many player he would like to play
against (1 to 3). After the game starts, the board is created as described in the rules



3. JSETTLERS FRAMEWORK 13

and a player, that is selected at random, starts first. After a few turns the view
provided by the interface will be similar to that of Figure 7.

Settlers of Catan Game: Demo [M]

* droid 4 traded 2 wood for 1 wheat from a port.
* It's robot &'s turn to roll the dice.

* Rolled a 8.

* MCTS_Robot_4 gets 1 wood. droid 4 gets 1 clay. robot 6 gets 1 clay
and 1 wood.

droid 4

Foints:
Take Ower |
Soldiers: @ Roads:
D Garne Infan| | Resources: Stlmnits:
Dev. Cards: E Cities:

Figure 7: Complete Interface

There are two different player regions.

e Each player region displays all public information about each player. How
many Knights (marked as "soldiers" on the interface) the player has played,
how many roads, settlements, cities has available in inventory, how many
unused Development Cards and how many resources (only the number not the
type). Also, the owner of Large Army and Large Road (if there is any) are
displayed in the area of the respective player.

e Each player can view additional own information regarding her actual Victory
Points (calculate victory points from development cards) and what type of
resources and development cards are available to her. Also, this area features
the trading aspect of the player. There are three buttons for clearing the sets,
trading with ports or bank, and for offering resources to other players.
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droid 2
P aoints:

Soldiers: IE‘ Foads:
Resources: IE' Unlocked | Stlmts:
Dew. Cards: @ Cities:

Figure 8: Enemy player Figure 9: Our player

At the bottom of the interface there is an area containing all the information about
buying actions as well as how many are the remaining development cards. It shows
what resources are needed in order to build a piece or buy a development card. It is
also the interface to perform these actions. The boxes with the dashed indicate that the
player does not have the necessary resources to build a piece. When the resources are
gained, the dashes are replaced with a Buy indication. Also, Game Statistics and
Game info buttons are used to show the statistics of the game and the options of the
game respectively.

Figure 10: Game index

On the top of the game board, there is a region containing the chat and information
area. This region is divided into two subareas. The first area above includes all the
information about the game progress like dice roles, resources acquiring and trading
offers. On the bottom area there is the chat between players .
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* droid 4 traded 2 wood for 1 wheat from a port.
* t's robot &'s turn to roll the dice.
* Rollad a &

* MCTS_Fobot_4 gets 1 wood. droid 4 gets 1 clay. robet & gets 1 clay
and 1 wood,

Figure 11: Chat

In the next sections we briefly present the agent implementation of Robert Shaun
Thomas.

3.2 Agent Implementation

Robert Shaun Thomas in [5], describes his agent implementation analysis as falling
into 3 chapters, as follows.

3.2.1 Determining Options & Resource Estimation of Time

Thomas describes some of the basic strategies that a player can use to decide where
make his initial placement of his pieces. These strategies aim to maximize the player's
"building speed".
In order to make a choice of what to build, we need to know all the available options
we have. The legal places to build are determined by the rules described in (2.2.3 -
Construction). In the JSettlers framework there is an object keeping track of all the
legal moves for each player and there is another object which includes all the potential
places.
Now that the agent knows all the moves which are available to him, he needs to
decide where to build. The initial placement of the settlements is important because
not only determines what resources will be produced but it also determines where he
can build in the future, affecting the strategy of the player. A player should place the
settlement according to which subset of the 5 elements he prefer and maybe if he can
combine resources with ports (he can choose to place a settlement at a port giving him
the disadvantage on gaining incomes from one to two hexes instead of three. But if he
has big income for a certain element the 2:1 trade could advantage). The choice that
will be made is linked to three potential "end game" strategies:

e road-building, which necessities wood and clay production, which are used for

roads and settlements builds,
e city-building, which require ore and wheat to build cities or buy development
cards and
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e monopolizing, in which a player tries to monopolize a resource and have
access to a matching 2:1 port.

The choice between those strategies is based on the "building speed”. There are two
approaches to calculate building speed, one taking into account trading with ports and
the bank and one not. Trading with other players is not considered by any of the
strategies.

1. The first is the simplest way, we ignore trading and consider how often we
will receive resources based only on the types and numbers of the adjacent
hexes of our pieces, but also by estimating how often these numbers are rolled.
There are some "intended" inaccuracies in this algorithm because it employs
estimates to make different kinds of decisions. So if we have an estimation
speed that says that it takes longer to build a city that a road, this should be in

reality, too.
We can enhance this approach by taking into consideration the possibility of

trading with ports or the bank. But this addition of the trading phase, can lead
to an estimation that is inconsistent in some situations, because the algorithm

does not look ahead concerning the resource production.
2. The second approach was based on the assumption that a more accurate

estimation can lead to an improvement in gameplay. It is basically a
modification to the algorithm described above, in which there was a restriction
that a player can only receive at most one type of particular resource per roll.
To do so we need to construct a frequency table to keep track of how many
resources of a particular type player receives with a given frequency. This
approach although, it was proved to be very slow to be used in practice and the
author presents it as a motivation for future work.

Sometimes we can sacrifice precision for a rough but rather fast estimation.

3.2.2 Making a Plan and Deciding What to Build

In order to make a selection of the initial settlements and roads, Thomas [5] is
calculating all the legal pairs of settlement spots and estimates how long it would take
to build each possible piece. Then, the agents simply picks the spot with the faster
building speed. This planning can be combined with other strategies of road-building
or city-building. To do so, the agent takes weighted sums over potential strategies it
could follow. For the placement of the initial roads, the algorithm is guessing spots
that other players will occupy and in this new set of pieces is trying to find paths that
can build good settlement later on. After the initial placement of settlements and
roads, Thomas uses a rough plan as guide for creating a utility-based measure for
making decisions in imperfect information environment. The results show that the
computer players can win approximately 55% of the time against a single human
opponent.
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3.2.3 Negotiation and Trading

If one wants to make a sufficient negotiation, he should know first what he can do if
the negotiation fails. This is called the Best Alternative to a Negotiated Agreement
(BATNA) [5][6]. If we miss resources that we need based on our planning, we need
to determine our BATNA by looking what resources we need and what resources we
are willing to give up for trading. After the determination of our BATNA we should
start making offers. We start with offers better than our BATNA by giving one
resource that is easy to get for one resource that is hard to get. As hard to get resource
is a resource that we have no direct access, like if we want iron and we do not have
any settlement on hex with iron. On the other hand, recourse easy to get is a resource
that either we have settlement on hex that produces that type or we have a port where
we can trade for this recourse.

The estimation of BATNA comes from the alteration it affects on building speed. If
the speed gets higher (decreased time we need to make it), then the offer is acceptable.
To determine if another player will accept our offer, we must keep track of his
activities (what resources refuses, what resources he ask for, what resources he gives).
If our initial offer is refused, then we increase the amount of resources we give, either
adding more resources either giving some more valuable (for us) resources. Counter
offers to the players are made the same way.

Results of his attempt [5] showed that the performance of the agents dropped and that
the computer players were agreeing to offers that are no in their favor. So, BATNA is
not yielding very good results. In our future work, we intend to use Game Theory,
Machine learning and argumentations methods in order to improve the negotiation
aspect of our agent which now uses the approach at [5].
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4 Monte Carlo Tree Search

Real-world games typically involve a delayed reward structure in which only those
rewards achieved in the terminal states of the game accurately describe how well each
player is performing. On the other hand there is the approach of Monte Carlo Tree
Search (MCTS). The MCTS focuses on the analysis of the most promising moves,
expanding the search tree based on random sampling of the search space [7]. The
application of Monte Carlo tree search in games 1is based on many
simulations (playouts). In each simulation, the game is played out until the end of the
game or until a predefined computational budget is reached, by selecting moves at
random. The final game result of each simulation is then used to weight the nodes in
the game tree so that better nodes are more likely to be chosen in future simulations.
MCTS algorithm has high success in games like computer Go, Scrabble and Bridge.

4.1 Overview

The basic idea of MCTS is very simple. A tree is build in an incremental and
asymmetric manner [7]. For each iteration a tree policy [7] is used to find the most
urgent node. When the most immediate node is found, a simulation is run from this
node and the tree is updated based on the results. Moves during the simulation are
made through some default policy which in the simplest way is to make random
moves. A great benefit of MCTS is that the values of intermediate states do not have
to be evaluated, as for minimax search, which reduces the amount of domain
knowledge required [7]. Only the value of the terminal state at the end of each
simulation is required. The key factor in the algorithm of MCTS is the balance
between exploration (look to unexplored areas) and exploitation (look in promising
areas) which is trying to achieve with the tree policy.

4.2  Algorithm

The basic algorithm involves iteratively building a search tree until some predefined
computational budget is reached, at which point the search is stopped and the best-
performing root action is returned [7]. Each node in the search tree represents a state
of the domain, and directed links to child nodes represent actions leading to
subsequent states.

Four steps are applied per search iteration [8]:

1. Selection: Starting at the root node, the free policy is recursively applied to
descend through the tree until we reach the most urgent expandable node. A
node is expandable if it represent a non-terminal state and has unexpanded
children. The tree policy selects or creates a leaf node from the nodes already
contained within the search tree.


https://en.wikipedia.org/wiki/Monte_Carlo_method
https://en.wikipedia.org/wiki/Search_tree
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2. Expansion: A child node is added to expand the tree, according to the

available actions.
3. Simulation: A simulation is run from the new node according to the default

policy to produce an outcome. The default policy plays out the domain from a

given state to produce a value estimation.
4. Backpropagation: The simulated results are updating the selected nodes with

their statistics. This step does not use any policy itself, but updates node
statistics that inform future tree policy decisions.

Figure 12 shows an iteration of the basic MCTS will start at the root node #, and
recursively select child nodes, according to some utility function, until a node ¢, is
reached that is either terminal state or not fully expanded. An unvisited action o from
this state s is selected and a new leaf node ¢ is added to the tree, which describes the
state s’ reached from applying action a to state s. This completes the tree policy
component for this interaction.

A simulation is then run from the newly expanded leaf node # to produce a reward
value A which is then backpropagated up to nodes selected for this iteration, in order
to update node statistics. Each node's visit count is incremented and its average
reward updated given A.

As soon as the search is interrupted or the computation budget is reached the search
terminates and an action o of the root node ¢, is selected by some mechanism.

Selection————— Expansion ————Simulation Backpropagation—

.

Figure 12: Monte Carlo Tree Search steps

The steps are summarized in pseudocode below [7]:

General MCTS approach
function MCTSSEARCH(S,)

create root node vo with state so

while within computational budget do
U, < TREEPOLICY(Uo)
A< DerauLTPoLICY(s(u))
BAckup(u; A)

return a(BeSTCHILD(uo; 0))
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Figure 13: General MCTS approach

In Figure (13), uy is the root node corresponding to state s, 1 is the last node reached
during the tree policy stage and corresponds to state s, and 4 is the reward for the
terminal state reached by running the default policy from state s;. The result of the
overall search a(BESTCHILD(uy)) is the action o that leads to the best child of the
root node u,, where the exact definition of "best" is defined by the implementation.

4.3 Characteristics

In this section, we will describe some of the characteristics that make MCTS a
popular choice for a variety of domains [7].

4.3.1 Abheuristic

One of the most significant benefits of MCTS is that it does not need domain
knowledge, making it readily applicable to any domain that can be modeled using a
tree. Although a full-length minimax is optimal, the quality of depth-limited minimax
depends significantly on the heuristics used to evaluate leaf nodes. In games like
Chess, where reliable heuristics have emerged after decades or research, minimax
performs rather well. In cases like Go, however, which has large branching factors
and useful heuristics are much more difficult to formulate, the performance of
minimax degrades significantly.

4.3.2 Anytime

MCTS algorithm backpropagates the outcome of each game immediately which
ensures all values are always updated following every iteration of the algorithm. This
allows the algorithm to return an action which is high-quality, given current
knowledge at any time.

4.3.3 Asymmetric

The tree selection allows the algorithm to favor more promising nodes, leading to an
asymmetric tree over time. The tree shape that emerges can even be used to gain a
better understanding about the game itself. For instance, Williams ef al. [13]
demonstrates that shape analysis applied to trees generated during UCT search can be
used to distinguish between playable and unplayable games.
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4.4 Bandit-Based Methods

Bandit problems are a class of sequential decision problems, in which one needs to
choose amongst K actions in order to maximize the cumulative reward by consistently
taking optimal actions [7][9]. Since the reward distributions are unknown and
potential rewards must be calculated based on past observations, the action choice is
rather difficult. The trade-off between the need to obtain new knowledge and the need
to use that knowledge to improve performance is one of the most basic trade-offs is
this kind of methods, and optimal performance usually requires some balance between
exploratory and exploitative behaviors. Known as exploitation-exploration dilemma.

Now, for Bandit problems, it is useful to know the Upper Confidence Bound (UCB)
that any given arm will be optimal. The simplest UCB policy is UCBI [9] which
dictates to play arm j that maximizes:

2Inn (0)

n;

UCB 1=Xj+\/

where i is the average reward from arm j, n; is the number of times arm j was

played and » is the overall number of plays so far. The first part of the equation
encourages the exploitation and the second part the exploration.

4.4.1 Upper Confidence Bounds for Trees (UCT)

The Upper Confidence Bound for Trees (UCT) is the most popular algorithm in the
MCTS family [9]. The success of MCTS is primarily due to the proposed use of
UCBI (4.3.1) as tree policy (4.2), by Koscis et al. [10] and Szepesvari et al. [11]. In
treating the choice of child node as a multi-armed bandit problem, the value of a child
node is the expected reward approximated on the simulations.

UCBI has some promising properties: it is very simple and efficient. It is thus a
promising candidate to address the exploration-exploitation dilemma in MCTS: every
time a node is to be selected within the existing tree, the choice may be modeled as an
independent multi-armed bandit problem. A child node j is selected to maximize:

2lnn
n, (0)

J

UCT=X +2 CP\/
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where 7 is the number of times the current node has been visited, n; the number of
times child j has been visited and C, > 0 is a constant. If more than one child node has

same maximal value, we choose randomly [11]. The values of X, are within [0,1].

Previously unvisited children are assigned oo, to ensure that all children of a node are
considered at least once before any child is expanded further. The constant in the

exploration term C, can be adjusted to lower or increase the amount of exploration
=1/ V2

performed. The value C, was shown [11] to reward set in the range [0,1].

Figure 14 shows the UCT algorithm in pseudocode [12].

The UCT algorithm

function UCTSEARCH(s,)
create root node Vo with state So
while within computational budget do
U, €< TREEPOLICY(Uo)
A& DEfFAULTPOLICY(S(U))
BACKUP(u;; A)
return a(BESTCHILD(uo; 0))

function TREEPOLICY(U)
while v is nonterminal do
if u not fully expanded then
return EXPAND(v)
else
U<BESTCHILD(u;C,)
return v

function EXPAND(v)

€

choose a untried actions from A(s(v))

add a new child v'tou
with s(u’) = f(s(v), a)
anda(u')=a

return v’

function BESTCHILD(u,c)

argmax Q(v) +e \/m
return  'c childrensofv N (v) N(v)

function DEFAULTPOLICY(S)
while s is non-terminal do

€

choose a A(s) uniformly at random

s&f(s,a)
return reward for state s
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function BACKUP(u,A)
while v is not null do
N(u) ¢ N(u) +1
Q(v) €Q(u) + A( v, p)
v&parent of u

Figure 14: UCT Algorithm

Each node v has four pieces of data associated with it: the associated state s(v), the
incoming action a(v), the total simulation reward Q(v) and the visit count N(v).
Instead of storing s(v) for each node, it is often more efficient in terms of memory
usage to recalculate it as the Tree Policy descends the tree. The term A(v,p) denotes
the component of the reward vector A associated with the current player p at node v.
The return value of the overall search in the pseudocode of Figure 14 is
a(BESTCHILD(v,)) which will give the action o that leads to the child with the
highest reward, since the exploration parameter c is set to O for the final call on the
root node vy. The algorithm could have instead returned the action that leads to the
most visited child; these two options will usually describe the same action [12].
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4.4.2 Bayesian Upper Confidence Bounds for Trees (BUCT)

In contrast to a distribution-free algorithms like UCT, Tesauro et al. [14] proposes a
fundamentally different approach based on Bayesian inference. Stochastic trial results
at leaf nodes are combined with prior reward information to yield posterior
distributions; these then propagate upward according to the appropriate inference
model to determine interior node distributions.

In BUCT, each node i in the tree maintains a probability distribution Pi(x) over its true
expected reward value. Inference of the interior node probability distributions begins
at the leaves and propagates up to the root node. Before any trials have been
performed, the leaf nodes are initialized to conjugate prior distributions that are
appropriate to the leaf node reward distributions. When trials at leaf nodes are
performed, the results are combined with priors to compute posterior distributions, in
the standard way.

Each interior node computes an extremum distribution over its child node
distributions and is given by:

Pmax(X)zz PI(X)H C](X)

i#i (0)

where C; is the Cumulative distribution function (CDF) of P;.

Having computed distributions for the interior nodes, we now consider distributional
analogs of existing distributional-free sampling formulae. Tesauro et al. [14] proposes
two modified versions of UCBI1 to descend the tree and choose where to sample next.

The first version (BUCT1) simply replaces the average reward "i' of child node i
by w;, the mean of P;:

2InN
n, (0)

BUCT 1:maximaze Bl:#i"'\/

Hi : Mean of P;
N: Total trials of all arms
i . Number of trials for each arm

Pi: Probability distribution over its true expected reward value

There is an error on equations (4) and (5) on the following references [7][21]
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The second sampling formula, additionally replaces the \/n_l factor in the

exploration term by a;, the square root of the variance of P;:

BUCT 2:maximaze B,-=y,-+\/2 InN o,
(0)
Hi . Mean of P;
N: Total trials of all arms o;
% . Square root of variance of P;

Pi: Probability distribution over its true expected reward value

2
Equation 5 is motivated by the central limit theorem result O 1/n; the simple bandit

case and by the compelling intuitive notion from Interval Estimation that sampling
according to expected value plus expected uncertainty provides effective tradeoff of
exploration - exploitation.

The results in [14] indicate that the equation 5 outperforms equation 4 so in our
implementations we chose to use equation 5.

There is an error on equations (4) and (5) on the following references [7][21]
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4.5 Value of Information Method

As mentioned earlier, a central problem in learning in complex environments is
balancing exploration of untested action against exploitation of actions that are known
to be good. The benefit of exploration can be estimated using the classical notion of
Value of Information. Aiming to find a policy that maximizes the expected reward of
an agent. Dearden's et al. [15] approach builds on the notion of Q-Value Distributions
and in [16] they present a Bayesian approach to model-based reinforcement learning.
They present two new approaches to exploration:

e (Q-value sampling: Wyatt et al. [17] proposed Q-value sampling as method
for solving bandit problems. The idea is to represent explicitly the agent's
knowledge of the available rewards as probability distributions; then, an
actions is selected stochastically according to the current probability that is
optimal. This probability depends monotonically not only on the current
expected reward (exploitation) but also on the current level of uncertainty
about the actual reward (exploration). Dearden ef al. [15] extend this approach
to multi-state reinforcement learning problems, creating a Bayesian method
for representing, updating and propagating probability distributions over
rewards.

e Myopic-VPI: Myopic value of perfect information provides an approximation

to the utility of an information tradeoff. Like Q-value sampling, myopic-VPI
uses the current probability distributions over rewards to control exploratory
behavior.

Their results indicate that the state space is explored more effectively (than
conventional model-free learning algorithms) and that performance advantage
appears in bigger problems.

In our implementation, we chose Myopic-VPI action selection, because it was
uniformly the best approach on many domains. [15][18][19][20]

4.5.1 Myopic-VPI selection

This method considers quantitatively the question of policy improvement though
exploration [15]. Its use in tree search can also been seen as a form of exploration
against the expected cost of doing potentially suboptimal action.

¢
We start by considering what can be gained by learning the true value Hoa  of

Hoa | If this knowledge does not change the agent's policy, then rewards would not

change. Thus, the only interesting scenarios are those where the new knowledge does
change the agent's policy. This can happen in two cases:
a) When the new knowledge shows that an action previously considered sub-
optimal is revealed as the best choice.
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b) When the new knowledge indicates that an action that was previously
considered best is actually inferior to other actions.

For case (a), suppose that a, is the best action; that is Elp o |2 Elp, ] for all

actions ao'. Moreover suppose that the new knowledge indicates that a is a better
. : ¢ >E . ¢ -E :
action; that is, Moz ELp 5"”1] . Thus, we expect to gain M~ ELH 5"”1] by virtue

of performing a instead of a*.
For case (b), suppose that a, is the action with the highest expected value and a, is the

second-best action. If the new knowledge indicates that Moo <E LK. ] then the

: . E [ u ]— e
agent performs a;instead of a; and we expect to gain s.a] Fs.a

¢
To summarize , we define the gain from learning the value of Hoa of Hsa g

[ E[ea ] # i amai AR (<Elpg ]
Gain, (15 ,)= E[us’az]—/,ls&,al,ifa¢a1/\y§’a<E[us,al] (0)
0, otherwise

where, again, a; and a, are the actions with the best and second best expected values
respectively. Since the agent does not know in advance what value will be revealed

é
for Hs.a , we need to compute the expected gain given our prior beliefs. Hence the

expected value of perfect information about Hoa s

VPI(S,O()=J Gains,a(x)Pr(ps,fx)dx (0)

The value of perfect information gives an upper bound on the myopic value of
information for exploring action a. The expected cost incurred for this exploration is
given by the difference between the value of a and the value of the current best action.
This suggests we choose the action that maximizes:
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E[Q(s,a')]—E[Q(s,a)]
mgx(; (0)
VPI(s,a)-¢

We see that the value of exploration estimate is used as a way of boosting the
desirability of different actions. When the agent is confident of the estimated Q-
values, the VPI of each action is close to 0, and the agent will always choose the
action with the highest expected value.
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5  Agent Implementation

In this chapter we will describe out proposed agent implementation, using Monte
Carlo Tree Search. Unlike what is done in [4] and [21] our MCTS implementation is
pure, in the sense that it does not contain any heuristics. Note that this is the case even
for the node selection [4], as we discuss later on. Also, we implemented negotiations
between the player and bank/port for the first time (in an approach using MCTYS).

5.1 Overview

We implemented the Settlers of Catan game in the JSettlers software module, as
mentioned on Chapter 3. Because of the Internet-based architecture of JSettlers (it
was built to allow human participation over the internet), gameplay is fairly slow: a
single four-player game takes about 15 minutes on an average PC and our algorithm
requires hundreds of simulations of simulated games before making a single step.

5.2 Algorithm

The MCTS algorithm is used for action selection, when the agent has to decide his
next move. This move is determined by calculating the available actions which
includes:
e buying a City
buying a Settlement
buying a Road
buying a Development Card
empty action

and where to place them (rules of the game at Chapter 2). Trading with other players
are not part of the action selection, therefore are not part of the MCTS Algorithm
since the negotiation phase is over when our agent starts to build the search tree.
However, our agent takes into consideration trading with ports/bank when calculating
all available moves (Chapter 5.8.1).

The algorithm starts from an initial Root Node and calculates all available actions of
our agent. Then through the selection step the most urgent action (node) is selected.
Then the selected node is expanded through the expansion step. Subsequently, the
expanded node's reward is calculated through simulation step. When simulation is
complete the reward and all the statistics are back-propagated to the tree through the
backpropagate step. This algorithm continues until a computational budget is reached.
After the computational budget is reached the best-performing action is returned.
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5.2.1 Computational Budget

We had to make a decision about setting a computational budget for the main loop of
the algorithm concerning the time cut-off. The time that we can provide to our
algorithm to run its methods. To make that decision we had to make a tradeoff
between delaying the game and gaining sufficient time for simulations to run. We did
not want to postpone the game risking of "breaking" the pace of the game and
frustrate other players. Nevertheless we need to have enough time to run simulations
so the estimated value be correct. After careful consideration and experiments on
actual games with human adversaries, we decided to set the time cut-off at 15
seconds. We are currently experimenting with cut-off 30 seconds but despite the
increase of simulations we notice only a slight increase in the agent's scores.

5.2.2 Selection Step

The selection step is used for selecting the most urgent expandable node, in order to
descend and build the tree. A node is expandable if it represent a non-terminal state
and has unvisited children. Which node is the most urgent is determined from the
selection formula of the method. In our implementation we use three different
methods UCT, BUCT and VPI according to Chapters 4.4.2, 4.4.3 and 4.5.1
respectively. For clarity, we restate the methods.

5.2.2.1 UCT
The selection formula of UCT method is:

2Inn

n;

(0)

UCT=X +2 CP\/

X Average reward of node j

1
G 2

n: The times this node was visited
n;: The times child j was visited

If more than one child node has same maximal value, we choose randomly [11]. The

values of X; are within [0,1]. Previously unvisited children are assigned oo, to
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ensure that all children of a node are considered at least once before any child is
expanded further. The constant in the exploration term C, can be adjusted to lower or

increase the amount of exploration performed. The value C, = 1/ V2 was shown

[11] to reward set in the range [0,1]. Each node maintains its number of visits and the
rewards received from simulation.

5.2.2.2 BUCT
The selection formula for Bayesian UCT is:

BUCT:maximazeBi=pi+\/21nNo,- (0)

Hi: Mean of extremum (minimax) distribution P;
N: Total trials of all arms
% . Square root of variance of P;

Pi: Probability distribution over its true expected reward value

At each node we maintain a probability distribution P; over its true expected reward.
Before any simulation, leaf nodes are initialized with conjugate prior distributions
fitting the reward distributions. If our payoffs were 0/1 we choose to use Dirichlet
priors which are described in Chapter 4.4.4. After the simulations are performed, the
results are combined with the priors in order to produce a posterior distribution.

For the selection step, using this method, we produce the posterior distribution and
calculate equation (15) by taking for each node the result from the updated Dirichlet
distribution. The child node of the current node that maximizes the value B, is chosen.

5.2.2.3VPI
The strategy of VPI is to choose the action that maximizes:

E[qs.] +VPI(s,0) (0)
where

VPI(S,(X)=§ Gainsja(x)Pr(ps,fx)dx
% (0)
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¢
where the Gain computes what can be gained from learning the true value Hsa of

IJS,(X :

_ E [I’ls,az]_ué,al’if a=a1AI‘1(;,a<E[us,al]
Gains,a(ﬂi,a)= E[Hs,az]_#i,al’ifa¢a1/\#§,a<E[ﬂs,al] (0)
0, otherwise

The computation of the integral on equation (17) depends on how we represent our

distributions over Hs.« . In order to be able to take decisions, each node

corresponding to a state s', maintains a distribution over the quality value Hsa of

having executed the action « that led from state s (parent) to s'. This value refers to the
"quality" of following a path in the game tree downwards from s. When a decision
needs to be taken at some node, the value of its children is calculated.

The distributions are updated by the use of appropriate conjugate priors. The
distribution over Hs« is a Dirichlet where each parameter o; represents the

frequency of seeing reward i, and these frequencies are updated through the
observation of simulation results. For these calculations we first find the two best
actions a; and o, from the set of available actions and we estimate the Q-value
distributions using sampling on existing Dirichlet distributions. So, these Dirichlet are
used in order to implement the sampling process used in Model-Based Bayesian
Exploration [15].

We sample a vector 8 according to the distribution P(60|&) using this procedure:

I'(a,1)

We sample values Y Yk  guch that each 7 , where % s the

concentration parameter in the index i of the a vector and I'(x, 0) is the Gamma
distribution. Then after normalization we get the probability distribution [15]. Having
these values, we calculate equations (17) and (18) and then we select the child-node
that maximizes equation (16).

5.2.3 Expansion Step

The expansion step calculates the set of all available actions of our agent, in the given
state, and creates children nodes according to the combinations of the selected actions.
Each child node has only one action. These actions include:
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1. Buying a City

2. Buying a Settlement

3. Buying a Road

4. Buying a Development Card
5. Empty Action

Note that action 1-2-3, may not represented as only one node. Each node represents an
action and the positional placement, and all nodes have at least one child-node, an
empty action node. Unlike [4] and [21], we introduced in the action space the empty
action which makes the action tree more realistic, and also we allow buying
development cards (Chapter 5.2.4.3). All available actions are based on the current
resources of our agent. We include in the set of available actions, all the actions that
can be made after trading some of the current resources of our agent with bank or
ports. We cannot include trading with other players in this step because the
negotiation step between players is before our MCTS algorithm.

5.2.4 Simulation Step

The simulation step is a highly important step of the algorithm because it estimates
the reward of our agent. In this step, we would like to maintain the purity of MCTS
and we have not implement any heuristics that affects the decisions on action
selections like [4] [21] [22]. In the simulation step we start from a given state and we
simulate the game by making fictional dice rolls, resource pay offs, player's move and
reconstruct basic behaviors of the game in general, until we reach an end.

5.2.4.1 End of Simulation
First, we define two cut-off conditions for the simulation loop:

e End-of-Game cut-off: if one of the players acquires 10 or more Victory
Points, we have a winner and the simulation returns the result A in order to
proceed to the next step.

e Round cut-off: an average game takes approximate 20 round to end. We
tested the algorithm with various depths (5,10,15,30). And in order to give
some extra simulations at the end of the game we adjust the simulation depth
based on this formula:

max (3,c-r),if r<20

Simulation rounds = c\ .
max 3,5 ,if r>20 (0)

c: initial round cut-off {5,10,15,30}
r: current round of the game
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With this formula we make sure that the search depth is always as deep as we
planned and when we pass the 20th round on game (real round not simulated)
we half our initial depth because in almost all cases, if the algorithm takes
more rounds then it is erroneously guided to non-promising paths (Chapter
7.1.2 and 7.1.3). But in any case, we keep a minimum of 3 rounds depth
simulation. This heuristic function does not interfere with the actual
MCTS decisions, yet it boosts up its performance in simulations.

5.2.4.2 Simulation

For the simulation step, we keep a copy of players resources, pieces on board, special
items and victory points. At each round a random generator is used to generate a
number in the [0,1] and associate that value to a point on the CDF of a two-dice roll.
This allows us to associate the number of each interval to a specific roll. For instance,

L 3_._6
a value XS% corresponds to a dice roll of "2" and a value £<XS£

corresponds to a dice roll of "4". Figure (15) shows the probability for each dice

outcome.
Di
1ce Combinati | Probabil
Res ons ity
ult
1
2 1 36
3 2 36
4 3 36
5 4 36
S5
6 5 36
7 6 36
S5
8 5 36
9 4 36
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3

10 3 36
11 2 36
1

12 1 36
T‘;ta 36 1

Figure 15: Dice Outcome Probabilities

According to the rules, after each dice roll, the players get resources according to their
pieces on the board. For each player we look for pieces adjacent to hexes with a
number matching the simulated dice result and we add the resources gained by the
dice roll.

Then the player can consider taking actions. The available action set for each player is
calculated, like expansion step, considering all legal moves and moves after trading
with port or bank. The action selection is made based on the Default Policy (Chapter
5.2.4.3). Since each node of expansion step has only one action, each player can make
several actions during his turn. The Victory Points of all players are constantly
updated by all the actions they make according to the rules expect of development
cards. When an ending condition is reached the simulation step returns a vector with
the Victory Points of all players normalized to fit [0,1].

5.2.4.3 Default Policy

Default Policy dictates the actions that will be selected during the simulation. It has
the same role in the simulation step as the Tree Policy in selection step. As mentioned
before, we would like to keep the implementation free of heuristic evaluations in any
policy, so the Default Policy is completely random.

After all the actions are listed the player does one action at time until empty action is
selected (after each action, actions are recalculated), as the following pseudo
algorithm describes.

Algorithm 3 Simulation
function SIMULATION
While (ending conditions not reached)
Roll dice and award resources
do

aéCALCULATEMOVES(player))
move & Select random action a; from action set a
makemove (move)
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While (move is not empty)
Return reward vector

Figure 16: Simulation algorithm

5.2.4.3 Development Cards

Development cards are essential part of Settlers of Catan but they are left outside of
MCTS algorithm [4][21][22] due to the fact that we can now draw a card and then
return it to the deck. We propose a method to estimate their value on the simulation
step. We used this method in our implementation.

There are 25 Development Cards at the beginning of the game and all players know
how much remain at any time. From those 25 cards, 14 are Knight Cards, 5 Victory
Points cards, 2 Monopoly Cards, 2 Road building Cards and 2 Year of plenty
(explanation of chapter 2).

First we can calculate rather easy the remaining Soldier cards on the deck, by
subtracting all the Knight cards that have been played and find how many knight
cards a player needs to gain Largest Army award. Then we calculate the probability to
gain a knight card and calculate our reward values based on following algorithm:

Algorithm 4 Development Card Value Estimation
function DevelopmentCardEstimation
P & (remaining soldiers estimation)/(remaining cards)
if (player has the Largest Army)
if (player has same number of knights as some other player)
reward < P*0 + (P-1)*1

else
reward & -1*P+ (P-1)*1
else
if (knights needed to get Largest Army > remaining Knights)
reward & -1*P+ (P-1)*1
else if (needed Knights = 1)
reward ¢ P*1 + (P-1)*1
else if (needed Knights = 2)
reward & P*0.5 + (P-1)*1
else
reward <& (P-1)*1
return reward

Figure 17 Development Card Value Estimation
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It is easy to notice that the algorithm gives reward based on our positioning in the race
to form the Largest Army. If we need more than 1 or 2 Knight Cards or we have the
Largest Army and there are several Knight Cards in the deck the algorithm gives
smaller reward. Concerning all the other cards, besides Knight, we give a fix value
based on their probability against Knight cards. For playing Development Cards that
reward resources, our agent cannot estimate their value through the tree, so we use the
same methods as the JSettlers agent.

5.2.4 Backpropagation Step

Each selection method incorporates a different backpropagation method due to the
variables used in the different calculation formulas.

5.24.1 UCT

The backpropagation method for UCT is quite straightforward. After the simulation,
all we have to do is backpropagate the result of each player to the appropriate visited
nodes. The result is defined by victory points of each player at the terminal node. For
each of the visited nodes of the simulation, starting from the terminal node, we update
all the parent nodes with the results. Either by increasing its existing reward X;
(equation 14) if it is node of our agent or either by decreasing its X; if the action was
made by another player.

5.24.2 BUCT

For the update of the values needed for calculation of the Bayesian UCT value
(equation 15), we need to update the hyper parameter a of the Dirichlet distribution
for each node. So according to the result A of the simulation, we update the
appropriate index value of the vector a:

a=a+1
1 1 (0)

Essentially the vector o acts as counter, of how many times we have seen each
reward.

5.24.3VvPI
The backpropagation procedure at VPI method is the same as BUCT since they both
use Dirichlet distribution. So the hyper parameter vector a of Dirichlet priors need to

be updated. The hyper-parameters i represent the frequency of seeing reward i and

are used for sampling possible expected reward distribution. The update method is
described in equation (15).
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5.3 Opening Construction Strategy

Opening construction strategy refers to the placing of first two pairs of settlements
and roads by each player at the beginning of the game. We used two different initial
placements here.

5.3.1 JSettlers Initial Placement

The JSettlers opening building strategy estimates the building speed that can be
acquired on each possible position and trying to guess the position at which the other
players will place their settlements, so those spots will be excluded from planning.

5.3.2 European Research Council (ERC) Initial Placement - Strategic
Conversation (STAC)

Dobre et al. [22] presented a method that combines knowledge extracted from a
corpus of human play, with simulations of MCTS implementation for Settlers of
Catan. They have promising results when their agent is compared against an agent
that relies on exploration seeded with hand-coded heuristics or with human players.
Although they also ran all their experiments on JSettlers, they removed completely
the trade aspect of the game. Overall, their corpus of human playing the game ensures
that the collected data contains a large variety of scenarios with a total of
approximately 14000 state-action pairs.

5.4 Robber Strategy

In our implementation we use the built-in Robber Strategy provided by JSettlers.
When a player roll "7" or play the Knight card, he must move the special piece
Robber and place it on a hex. The hex with the Robber placed on, does not produce
resources. Also, when a player moves the Robber he can steal one random resource
card from a player adjacent to the hex he places the Robber on. To select where to
place the Robber, we estimate the winning time for each player and find the player
with the least time. The winning time for each player is calculated by estimating the
building speed of each player, same way as (Chapter 3.2.2), combining with the
current Victory Points of each player. Then we search for the best way to obstruct the
player, by looking the building estimates for each piece of the game for each of his
hexes. The hex with the larger total building speed for all the pieces is chosen as the
best hex, because in that way we essentially "delay" that player's actions.
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5.5 Monopoly Strategy

When a player plays this type of Development Card, he selects a type of resource and
all the others players must give him all the resources of the chosen type they have. For
our agent's strategy we use the JSettlers strategy which is the following:

The agent determines the trade ration which he can trade, as well as the available
pieces and options for future actions and decides which resource is best to monopolize
and if it is the best time to play the development card. The parameters that effect the
decision when to play a development card, is the current resources our agent has, the
resources enemy players have and the importance of buying a piece.

5.6 Road Building Strategy

This Development Card allows the player to build immediately 2 road pieces with no
cost. Our Agent plays the card right after it is legal. The estimation of which road
pieces he will build, uses the JSettlers strategy. The estimation is based on the Longest
Road potential and the ability that their combination provides in order to build more
settlements.

5.7 Discard Strategy

When a player rolls seven, then all players (including him) with more than 7
resources, must discard the half of them . If the number is odd then is rounded down
(if a player has 9 resources, he must discard 4). All agents keep a building plan, of
what they want to buy in the future. When a player needs to discard resources, he
discards those which are not affecting as much as possible his building plan, or at
least his first moves, if all resources are needed then he discards randomly.

5.8 Negotiation

Trading with ports and the bank, as well as negotiating with other players for
resources is a crucial aspect of the game. Most of the times, a player does not have
access to all the necessary resources in order to build pieces or buy development
cards. Considering the importance of this feature, we gave our agent the ability to
trade according to his resource set and even consider trading with other players, if he
can be benefited from it. In out implementation we use the existing structures of
JSettlers framework (Chapter 3.2.1) in order to consider and initiate trades.

5.8.1 Trading with Bank & Ports

As mentioned in the Game Rules (Chapter 2.2.2), a player can trade with the bank
with ratio 4:1or trade with 3:1 or 2:1 with a port (based on type of the port) that has
player's settlement or city built on. Trading with banks or ports does not require any
particular logic from our agent. This type of trading expands the existing action set
based on the current resources, by including all the action that can be made if the
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agent trades resources with either the bank or a port. For example, if the agent has the
following resources {1 wood, 4 ore} he cannot buy any piece. But if he trades with
the bank 4 ores : 1 clay, he is able to buy a road piece.

5.8.2 Trading with Players

Before initiate any negotiations our agent calculates his trading ration based on the
ports he has. After the trading ratio for each resource is defined, our agent considers
trading with other players. The trade offer is not addressed to all players, but instead
the agent checks for the current state of the other players. If a player is close to
victory, and we see that the trade we are proposing can benefit him, we do not include
him in the offer. To determine if the trade is of benefit for another player, we use the
existing structures (Chapter 3.2.1) and the specific state of the game to determine their
options for future plans. Similar logic is used when we want to determine if we will
accept an offer from another player.
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6 Results

For each selection method between UCT, BUCT and VPI, we tested our agent's
performance against 3 Random players and against 3 JSettlers players. With 4
different simulation depths and for each case we test our agent either with or without
STAC initial placement. Each setting was tested on 100 seeded experiments.

Random players are implemented in a way that all available actions are listed and they
select a random legal subset of those actions.

For making a point of reference, we experiment with one JSettlers agent against three
random players and the agent scores 90% win.

AVG Victory Points 9,31
AVG Place 1,28

AVG Point System 2,71
Win Ratio 90%

AVG Points From Winner 0,34

Victory Point Standard Deviation 3,809
AVG DEV from mean in each game 1,9125

Above mean of Victory Points 92%
Longest Road 55,00%
Largest Army 52,53%

Figure 18: JSettlers vs. 3 Random

6.1 Metrics

We tested our agent's performance based on the following metrics. Average Victory
Points, Average Place, Average Point System, win ratio, Average points from winner,
Victory points standard deviation, Average Deviation from mean in each game, Above
mean of Victory points, Average enemy players Victory points, Longest road
acquisition and largest army acquisition.

6.1.1 Average Victory Points

For this metric we calculate the average VP our agent gathered. This metric however
is not sufficient because if a game takes more rounds than usual, all players will score
higher VP. Regardless, it is helpful for cross-validating the methods since we are

using seeds.
> R

I (0)
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R : the Victory Points our agent took on game i
I : the total number of games

6.1.2 Average Place

For each setting we calculate the average place that our agent won. With this metric
we evaluate if our agent is scoring well against all other players by acquiring good
positions over all games.

> P

I

(0)

P : the place that our agent took on game i
I : the total number of games

6.1.3 Average Point System

We implemented a metric to get a more accurate average place estimate for our agent.
At (6.1.2) we calculated the average place for our agent but this is method does not
take into consideration ties between players which is very common in Settler of
Catan. For example, if our agent and another player have the least VP at the end, it
will award both the third place. Our formula awards our agent with 1 point for each
player with lower VP than our agent.

Z count (P)
| I

(0)

P : the number of players our agent over passed on game i
I : the total number of games

6.1.4 Win Ratio

This method is considerate to be the most accurate since it is indicates how many
times our agent won the game.

w (0)
I

W : the number of times our agent won the game
I : the total number of games
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6.1.5 Average Points from Winner

This method measures the Victory Points our agent left behind from the winner of the
game. With this method, we can measure by how much our agent was outplayed by
the winner. This method is used only in games which our agent lost.

2 P(VP)=A(VP),

I (0)

P(VP) : the Victory Points of winner on game i
A(VP) : the Victory Points of our agent on game i
I : the total number of games

6.1.6 Victory Points Standard Deviation

This method calculates the Standard Deviation of our agent's Victory Points.

Z (VPi_VP)2
o=\-

I (0)

VP : the Victory Points of our agent on game i
VP . the mean of Victory Points over all games

I : the total number of games

6.1.7 Average Deviation from Mean in each game

This method calculates the Standard Deviation of our agent's Victory Points from the
mean in each game.

l (0)
I

2 (VP-VP)’
o‘:

VP : the Victory Points of our agent on game i

VP . the mean of Victory Points on game i

I : the total number of games
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6.1.8 Above Mean of Victory Points ratio

The metric demonstrates how many times our agent is above the mean of Victory
Points of all players in each game.

Xi
N (0)

X; : the number of times our agent was above the mean of Victory Points at
the game
N : the total number of games

6.1.9 Average Opponent Victory Points

For this metric we calculate the average VP of all players but our agent.

2 VP

I (0)

VP . the mean of Victory Points on game 7 of all players expect ours

I : the total number of games

6.1.10 Longest Road Acquisition Ratio

This metric demonstrates the ratio of Longest Road acquisition from our player

w
I (0)

W : the number of times our agent end the game with the Longest Road
I : the total number of games

6.1.11 Largest Army Acquisition Ratio

This metric demonstrates the ratio of Largest Army acquisition from our player

w (0)
I

W : the number of times our agent end the game with the Largest Army
I : the total number of games
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6.2 Results: Comparisons against JSettlers
Simulation Depth 30 15 10
UCT UCT+ UCT+ UCT+
Method UCT +S uct S Uct S uUCt S
AVG Victory Points 3,77 | 454 | 438 | 458 | 4,05 | 430 | 447 | 4,38
AVG Place 3,68 | 3,38 | 3,51 | 3,52 | 3,59 | 3,49 | 3,32 | 3,45
AVG Point System 0,23 (033 |025| 038 | 031|039 | 061 | 044
3,00 | 400 | 3,00 | 4,00 | 7,00 | 9,00 | 600 | 7,00
WIN Ratio % % % % % % % %
AVG Points From Winner | 6,36 | 5,54 | 569 | 550 | 6,11 | 586 | 567 | 5,79
Victory Point Standard
Deviation 1,25 | 1,32 | 1,55 | 1,46 | 1,43 | 1,80 | 2,07 | 1,80
AVG DEV from mean in
each game 3,06 | 2,40 | 260 | 2,59 | 3,10 | 3,01 | 2,86 | 2,88
Above mean of Victory 4,00 | 6,00 | 5,00 | 800 | 7,00 | 13,0 | 12,0 | 10,0
Points % % % % % 0% 0% 0%
Average Opponent VP 764 | 752|764 | 776 | 7,60 | 7,35 | 7,59 | 7,44
17,0 | 17,0 | 15,0 | 40,4 | 18,0 | 23,0 | 17,0 | 25,0
Longest Road 0% 0% 0% 0% 0% 0% 0% 0%
13,1 | 20,2 | 22,2 | 20,4 | 12,1 | 22,2 | 27,2 | 23,2
Largest Army 3% 0% 2% 1% 2% 2% 7% 3%
Figure 19: UCT vs. 3 JSettlers
Simulation Depth 30 15 10
Method BUC | BUCT | BUC | BUCT | BUC | BUCT | BUC | BUCT
T +S T +S T +S T +S
AVG Victory Points 3,51 | 3,82 | 559 | 523 | 442 | 450 | 4,23 | 4,26
AVG Place 3,74 | 3,70 | 3,20 | 3,29 | 3,39 | 3,60 | 3,58 | 3,43
AVG Point System 0,14 | 0,21 | 053 | 0,43 | 041 | 0,40 | 0,30 | 0,45
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Win Ratio 3,00 | 3,00 | 500 | 3,00 | 11,0 | 12,00 | 6,00 | 7,00
% % % % 0% % % %
AVG Points from Winner | 6,69 | 6,22 | 449 | 4,87 | 558 | 565 | 5,89 5,82
VP Standard Deviation 1,12 1,32 1,88 1,62 1,89 1,93 1,51 1,71
AVGDEVfrommean | 55, | 504 | 202 | 212 | 201 | 320 | 2,97 | 2,79
each game
Above mean of Victory 4,00 | 3,00 | 14,0 | 10,00 | 11,0 | 12,00 | 6,00 | 7,00
Points % % 0% % 0% % % %
Average Opponent VP 7,64 7,60 7,72 7,68 7,29 7,57 7,63 7,43
Longest Road 16,0 | 28,00 | 23,0 | 19,00 | 18,0 | 27,00 | 21,7 | 9,00
0% % 0% % 0% % 8% %
Largest Army 20,2 7,07 46,4 | 48,48 | 33,3 | 27,27 | 22,0 | 40,40
0% % 6% % 3% % 0% %
Figure 20: BUCT vs. 3 JSettlers
Simulation Depth 30 15 10
Method VPI VPI+S VPI VPI+S VPI VPI+S VPI VPI+S
AVG Victory Points 4,62 4,47 4,76 4,54 4,80 4,96 4,46 4,68
AVG Place 3,35 3,39 3,42 3,36 3,24 3,20 3,40 3,30
AVG Point System 0,49 0,45 0,49 0,53 0,65 0,66 0,48 0,54
11,00 12,00 13,00 17,00 16,00 14,00
Win Ratio % 11,00% % % % % % 15,00%
AVG Points From Winner 5,45 5,63 5,32 5,60 5,33 5,13 5,58 5,37
Victory Point Standard Deviation 1,84 1,82 2,03 2,06 2,31 1,96 2,19 2,22
AVG DEV from mean in each game 2,91 3,01 3,01 3,06 3,11 2,94 3,24 3,03
13,00 17,00 14,00 18,00 16,00
Above mean of Victory Points % 12,00% % % 17,00% % % 17,00%
Average Opponent VP 7,45 7,49 7,67 7,37 7,24 7,36 7,53 7,45
34,00 34,00 25,25 19,00 33,00 25,00
Longest Road % % % % 21,00% % % 28,00%
29,29 28,57 33,33 36,36 31,31 34,34
Largest Army % 31,31% % % % % % 31,31%

Figure 21: VPI vs. 3 JSettlers

Figures (19) (20) (21) demonstrate the results concerning the standard Monte Carlo
Tree Search algorithm with the use of UCT (19) BUCT (20) and VPI (21) in the
selection step, against 3 JSettlers. We can see that performance of our agent is rather
low. UCT won 9% of the games, BUCT 14% and VPI 17%, at simulation depth of 10
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rounds. Throughout the experiments we observe that the critical simulation depth lies
on 10 rounds because, it has enough round to build the tree ahead but the same time
the algorithm is not exhausted into building long paths and give time for more
simulations to be made. The average of the Victory Points that our agent scored which
is half of the goal (10 VP to win when our agent scores 5VP) and the average place is
between the third and the last place at the end of the game, indicates that our pure
Monte Carlo approach needs to be more competitive against the JSettlers agent. The
pointing system as well as the Victory Points difference from the winner in each
game, gives a more clear view of what we mentioned before. Lastly, we notice that
our agent deviation is rather good since it only diverges by a couple of Victory Points
which is understandable given the nature of "Settlers of Catan" .

Regarding the simulations in each method, UCT simulates [3000,10000] games since
it is the less complex of all. BUCT has a slightly lower performance simulating
[2000,9500] games, the upper bound drops only by 500 since the pick of simulations
lies in rounds close to the end of game. VPI is the method that consumes the most
computational budget of all three methods, as a result, we notice a dramatically big
drop of simulations to [500,3000], yet produces the best score.

6.3 Results: Behavior Against Random Opponents

Simulation Depth 30 15 10 5 -
Method uct | uctss | uet | YT | uer | YT | yer | UCT | fSettle
+S +S +S rs
AVG Victory Points | 8,87 | 8,86 | 8,65 | 8,68 | 893 | 8,97 | 887 | 857 | 9,31
AVG Place 151 | 1,49 | 165 | 1,65 | 1,55 | 1,52 | 1,50 | 1,73 | 1,28

AVG Point System | 2,32 2,43 | 2,25 | 2,27 | 2,36 | 2,41 | 231 | 2,19 | 2,71
63,00 | 67,00 | 68,0 | 68,0 | 72,0 | 74,0 | 71,0 | 73,0
% % 0% 0% 0% 0% 0% 0%

Win Ratio 90%

AVG Points from
Winner
Victory Point
Standard 1,46 154 | 1,98 | 1,95 | 1,69 | 1,65 | 1,75 | 2,23 | 3,809
Deviation

AVGDEVfrommean | , o | 559 | 291 | 300|302 3,11 | 292 | 3,02 | 1,9125
in each game

Above mean of 79,00 | 85,00 | 74,0 | 74,0 | 78,0 | 80,0 | 76,0 | 73,0
Victory Points % % 0% 0% 0% 0% 0% 0%
Average
Opponent VP

1,32 1,14 | 1,40 | 1,37 | 1,12 | 1,07 | 1,21 | 1,53 0,34

92%

6,16 6,00 | 6,16 | 6,05 | 6,01 | 5,89 | 6,13 | 6,44 -
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Longest Road 29,00 | 17,00 | 55,0 | 55,0 | 57,0 | 57,0 | 56,0 | 51,0 | 55,00
% % 0% 0% 0% 0% 0% 0% %
Largest Army 40,40 | 49,49 | 24,2 | 29,2 | 32,3 | 32,3 | 34,3 | 32,3 | 52,53
% % 4% 9% 2% 2% 4% 2% %
Figure 22: UCT vs. 3 Random
Simulation Depth 30 15 10 5 -
BUCT BUCT BUCT BUCT | JSettl
Method BUCT +S BUCT +S BUCT +S BUCT +S ers
AVG Victory Points 893 | 881 | 897 | 9,11 | 9,13 | 9,12 | 9,13 | 9,24 9,31
AVG Place 1,43 | 1,44 | 1,39 | 1,39 | 1,33 | 1,38 | 1,34 | 1,34 1,28
AVG Point System 2,50 | 2,48 | 2,54 | 257 | 2,62 | 2,58 | 2,60 | 2,59 2,71
70,0 | 71,00 | 73,0 | 75,00 | 77,0 | 77,00 | 75,0 | 76,00 90%
WIN Ratio 0% % 0% % 0% % 0% %
AVG Points From Winner | 1,07 1,19 1,03 | 0,89 | 0,87 | 0,88 0,87 | 0,76 0,34
VP Standard Deviation 151 | 1,69 | 1,51 | 1,34 | 1,34 | 1,36 | 1,31 | 1,16 | 3,809
AVG DEV from mean 1,912
each game 307 | 293 | 297 | 293 | 293 | 2,95 | 2,86 | 3,02 5
Above mean of Victory 85,0 | 84,00 | 85,0 | 89,00 | 88,0 | 87,00 | 89,0 | 88,00 929%
Points % 0% % 0% % 0% %
Average Opponent VP 5,31 5,50 5,63 5,61 5,61 5,70 5,60 5,51 -
47,0 | 44,00 | 42,0 | 52,00 | 49,0 | 42,00 | 44,0 | 54,00 | 55,00
Longest Road % 0% % 0% % 0% % %
54,5 | 50,51 | 51,5 | 41,41 | 44,4 | 45,45 | 41,4 | 42,42 | 52,53
Largest Army % 2% % 4% % 1% % %
Figure 23: BUCT vs. 3 Random
Simulation Depth 30 15 10 5 -
VPI+ VPI+ VPI+ VPI+ | JSettl
Method VPI S VPI S VPI S VPI S ers
AVG Victory Points 935|946 | 9,50 | 9,40 | 9,54 |9,46 | 9,34 | 9,63 | 9,31
AVG Place 1,23 | 1,21 | 1,23 (1,23 | 1,16 | 1,23 | 1,23 | 1,17 | 1,28
AVG Point System 2,72 | 2,74 | 2,74 | 2,73 | 2,81 | 2,75 | 2,76 | 2,77 | 2,71
86,0 | 85,0 | 85,0 | 84,0 | 87,0 | 88,0 | 87,0 | 87,0 90%
Win Ratio 0% 0% 0% 0% 0% 0% 0% 0%
AVG Points From 034
Winner 0,63 |054|050]| 060|046 | 0,54 | 0,66 | 0,37 !
Victory Point Standard 3,80
Deviation 1,12 1092|085 | 101|080 09 | 1,15 | 0,64 9
AVG DEV from mean in 1,91
each game 3,33 | 3,24 | 3,15 | 3,19 | 3,12 | 3,25 | 3,38 | 3,19 25
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Above mean of Victory | 88,0 | 92,0 | 90,0 | 91,0 | 93,0 | 90,0 | 91,0 | 96,0
Points 0% 0% 0% 0% 0% 0% 0% 0%

Average Opponent VP 535 |5,38|5,46 | 543 | 559 | 5,44 | 5,26 | 5,51 -

57,0 | 53,0 | 48,0 | 50,0 | 48,0 | 63,0 | 52,0 | 51,0 | 55,0

92%

Longest Road 0% 0% 0% 0% | 0% | 0% | 0% 0% 0%
52,5 | 48,4 | 42,4 | 44,4 | 50,5 | 48,4 | 48,4 | 51,5 | 52,5
Largest Army 3% | 8% 2% | 4% 1% 8% 8% 2% 3%

Figure 24: VPI vs. 3 Random

Figures (22) (23) (24) represent the results of Monte Carlo Tree Search algorithm with
the use of UCT (22) BUCT (23) and VPI (24) in the selection step, against 3 players
that choose randomly a subset of their legal actions per round. Also, the last column
shows the results of JSettlers agent against 3 Random opponents. An optimal outcome
for us would be if an agent could win more than 95% of the games against random
players.

As the results indicate UCT method is scoring low since the best outcome (74%) was
produced with simulating depth of 10 rounds and the use of STAC initial placement.
The diversion towards random of this method is highly notable in this results set,
since the agent is unable to score more than 9 Victory Points on average, meaning that
the agent was outplayed by 2 points.

The Bayesian UCT method offers an improvement at the previous method since it
breaks the 9 Victory Points average and scoring better outcomes, by winning 77% of
the games, but this also method keeps the aberration of UCT.

The most promising results come from VPI witch wins up to 88% of the games using
the initial placement of STAC. The method is more stable since, at the games that did
not win was only 1 Victory Point behind the winner. Although VPI scores close to the
JSettlers agent, the score is inferior than our original goal.

6.4 Pitting Our Methods Against Each Other

We tested all strategies of MCTS in a single game with no JSettlers opponent. The
game was played only by three of our agents. We tested the results with different
simulation depths.

Method ucT BCT VPl | UCT+STAC | BUCT+STAC | VPI+STAC
AVG Victory Points 6,69 6,62 8,99 7,03 6,82
AVG Place 2,25 2,25 1,39 2,2 2,27
AVG Point System 2,36 2,36 1,39 2,29 2,39
16,00 75,00

Win Ratio % 9,00% % 17,00% 11,00% 72,00%
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AVG Points From Winner 3,31 3,38 1,01 2,97 3,18 1,01
Victory Point Standard Deviation 1,86 1,90 1,52 1,79 1,71 1,46
AVG DEV from mean in each game 1,73 1,50 2,32 1,57 1,43 2,17
25,00 81,00
Above mean of Victory Points % 25,00% % 30,00% 22,00% 76,00%
19,00
Longest Road % 35,00% | 46,00% | 34,00% 18,00% 48,00%
22,00
Largest Army % 30,00% | 48,00% | 25,00% 25,00% 50,00%

Figure 25: UCT vs. BUCT vs. VPI (Depth = 30)

Method uUcT BCT VPI UCT+STAC | BUCT+STAC | VPI+STAC
AVG Victory Points 6,8 7,3 9,01 7,27 6,49 8,97
AVG Place 2,31 2,12 1,38 2,12 2,35 1,38
AVG Point System 2,48 2,29 1,42 2,26 2,48 1,41
Win Ratio 11,00% | 15,00% | 74,00% 15,00% 13,00% 72,00%
AVG Points From Winner 3,2 2,7 0,99 2,73 3,51 1,03
Victory Point Standard Deviation 1,82 1,67 1,47 1,50 2,01 1,49
AVG DEV from mean in each game 1,54 1,37 2,01 1,44 1,85 2,09
Above mean of Victory Points 17,00% | 28,00% | 76,00% 30,00% 29,00% 80,00%
Longest Road 25,00% | 27,00% | 48,00% | 36,00% 25,00% 39,00%
Largest Army 23,00% | 27,00% | 50,00% | 33,00% 24,00% 43,00%

Figure 26: UCT vs. BUCT vs. VPI (Depth = 15)

Method UcT BCT VPI UCT+STAC | BUCT+STAC | VPI+STAC
AVG Victory Points 6,49 6,9 9,12 6,56 7,3 9,17
AVG Place 2,33 2,18 1,36 2,4 2,12 1,33
AVG Point System 2,44 2,31 1,38 2,53 2,24 1,38
Win Ratio 9,00% | 18,00% | 73,00% 9,00% 17,00% 74,00%
AVG Points From Winner 3,51 3,1 0,88 3,44 2,7 0,83
Victory Point Standard Deviation 1,81 1,89 1,28 1,63 1,63 1,23
AVG DEV from mean in each game 1,58 1,68 2,15 1,63 1,40 1,99
Above mean of Victory Points 22,00% | 30,00% | 77,00% 18,00% 30,00% 80,00%
Longest Road 26,00% | 28,00% | 46,00% 24,00% 37,00% 39,00%
Largest Army 23,00% | 28,00% | 49,00% 20,00% 25,00% 55,00%

Figure 27: UCT vs. BUCT vs. VPI (Depth = 10)

Method UCT BCT VPI UCT+STAC | BUCT+STAC | VPI+STAC

AVG Victory Points 6,61 7,06 8,94 7,16 7,05 8,84
AVG Place 2,29 2,2 1,35 2,23 2,16 1,43
AVG Point System 2,43 2,31 1,42 2,38 2,31 1,49

Win Ratio 12,00% | 17,00% | 71,00% 14,00% 15,00% 71,00%
AVG Points From Winner 3,39 2,94 1,06 2,84 2,95 1,16
Victory Point Standard Deviation 1,82 1,65 1,51 1,43 1,70 1,66
AVG DEV from mean in each game 1,58 1,56 2,04 1,48 1,47 2,00

Above mean of Victory Points 20,00% | 25,00% | 76,00% | 21,00% 25,00% 75,00%
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Longest Road 28,00% | 30,00% | 42,00% | 33,00% 21,00% 46,00%

Largest Army 29,00% | 22,00% | 49,00% | 30,00% 28,00% 42,00%

Figure 28: UCT vs. BUCT vs. VPI (Depth = 5)

The method comparison confirms the previous results, VPI scored the best results
among all the MCTS methods, since the absent of JSettlers agent, benefits VPI
method more than all the others. The VPI scores up to 75% win ratio, significantly
higher than the baseline which would win 33% of the games since it is a three players
set up. Also, the VPI method was always close to the winner only 1 Victory Point on
average behind. UCT and BUCT scores are rather similar with BUCT exceeding a
little. The advantages and disadvantages of each depth are shared between the
methods, but we can notice that VPI method shows a more stable behavior because it
does not rely to simulations count as much as the remaining methods.
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7 Conclusions

At the last chapter of this thesis, we present our conclusion concerning the
implementation of Monte Carlo Tree Search algorithm is such a complex domain and
we provide some ideas concerning our future work.

7.1 Summary

Our intention was to build a strong agent using Monte Carlo Tree Search algorithm
without any heuristics in the non-deterministic, partially observable, multi-player
game "Settlers of Catan" obeying the complete rules-set. For this task we tested three
different methods for the Tree Policy and four Simulation Depths.

Our algorithm was outplayed from the JSettlers agents since it could not reach 25%
win ratio when competing against 3 JSettlers agents. We believe this is due mainly to
lack of domain knowledge while JSettlers uses a series of domain specific heuristics.

Our experiments among the three MCTS strategies indicated that that the reward
based on distribution provided by VPI is the most promising, since it out-played
easily all the others bandit-based methods and was the most competitive, against
JSettlers agents reaching 17% win ratio when a simulation depth of 10 rounds was
used. There is place for improvement in all methods and we believe that a hybrid
algorithm would be able to score better than JSettlers agents.

MCTS and Domain Knowledge

We wanted to test the performance of our agent using nothing but MCTS. So in each
step of the game, our agent was only aware of all his legal action which initially they
were all equal. From there, our agent needed to figure out what was the best action (or
set of actions) that will benefit him the most. Because of that, we noticed the
following:

e MCTS does not have strategy. MCTS algorithm runs on each turn of our
agent with no prior knowledge, making the agent have no consistency in
strategy. For example, we observe the agent building roads to head for a new
position to place settlement and when he does, instead of placing new
settlement buys a Development Card or builds roads towards another spot.

e Set of actions is vast. Each round our agent has a big amount of actions
available to him, but more than half of them have no potential. Most of these
action can be "left out" easily with few heuristics as we suggest to section
(7.2).

e MCTS does not make moves to protect his future progress. In the game
Settlers of Catan a player sometimes should make moves to either block or
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disturb plans of enemy players. Since blocking enemies will now increase the

calculated reward, our agent considerate moves like this as "bad moves".
e Trade manipulation. MCTS taking into consideration only trading with bank

or ports. Because of the nature of the algorithm, MCTS plans moves only
based on current available set and not some positional set after trading with
other players. Although, if we make some trades before or after the algorithm
we observe an increase of "right moves".

Random Selection

Our agent for Default Policy (5.2.4.3) uses random selection. Making the agent
calculate scenarios that will not be played. Losing significant amount of
computational budget that could have been used to simulation. An improvement on
this Policy will benefit crucial our agent.

Random Playouts

The MCTS algorithm lies along with numerous simulations. The Bayesian aspect of
the game interferes severely with the effectiveness of the algorithm since most of the
scenarios will not happen. Machine learning algorithms or simple heuristics methods
could restrict the algorithm when it goes to improbable scenarios.

Depth versus Simulations

As we can see at the results, there is a trade off we need to make between simulation
depth and simulation number. As the results indicate the best set of actions is
Simulation Depth of 10 rounds. Because, simulation depth bigger than 10 rounds will
make simulations number to drop, with no value on estimations. Simulating the game
many rounds ahead is altering the reward estimation of our agent since they are big
variations on game states due to the Bayesian elements of the game. On the other
hand, fewer rounds than 10 will not allow the agent to actually plan ahead confined
only by a few moves. Of course, the more simulation the agent makes the more
effective the algorithm will be. However, the improvement of the agent's performance
by increasing its simulations it is not commensurate. Since in some experiment we are
currently running, doubling the simulation offers only a minor growth to our scores.

ERC Initial Placement (STAC)

Dobre et al. [22] initial placement makes our agent perform better increasing in most
cases the outcome of our agent. As they have already proven the initial placement
gives advantage to our agent and our experiments confirm that. Since in almost all set
ups, STAC initial placement gave a small boost up to our scores.
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7.2  Future Work

In this final section, we propose some ideas for future work.

Improve MCTS with Domain Knowledge

As proven from the results, MCTS algorithm with no domain knowledge is outplayed
by a hand-heuristic agent. So we need to include to MCTS agent domain knowledge
to either increase his simulation performance or enchant the selection process.

For example, it is clear that the VPI is an optimistic assessment of the value of
performing a; by performing a once, we do not get perfect information about it, but
only one more training instance. Thus, we might consider weighing the VPI estimate
by some constant.

Making a plan

As mentioned before, MCTS does not have any plan consistency through rounds. By
making a plan and each round updating it based on current state of the game, might
give our agent a better perspective of the game. This plan could be just to rank the top
pieces.

Negotiation

We discussed the power that trading has in the game of Settlers of Catan and we
pointed out its importance. The first step is to enhance our Negotiation scheme, using
tools from Machine Learning, Game Theory and Argumentation Techniques .

JSettlers Framework

The potential of MCTS is limited because of the JSettlers framework. Since it is a
internet based application the computational budget provided to our agent is
significant lower than a standalone Java application. Removing communication
infrastructure will allows us to test with increased number of simulations. Or maybe
complete changing domain might boost the performance of our agent.

Understating Enemy Strategies

Playing a game such Settlers of Catan, a player does not need only to aim to
maximize his results, but also counter enemies strategies and prevent them for
expanding their plans. Using the work of [23][24][25] we can estimate the strategy of
our enemies and give more importance to countering moves.
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Appendix A

Background

Here we provide an overview of the basic concepts related to the methods we go
throughout this thesis.

Multinomial Estimation Problem and Dirichlet Priors
Let X be a random variable that can take K possible values. Given training set D,

1 N
X ,..,X

which contains outcomes of N independent draws of X from an unknown

multinomial Distribution P°. Finding a good approximation of P° constitutes the

multinomial estimation problem. This problem can also be stated as predicting the

N+1 1 N

X given X ,...,X

outcome

The Bayesian estimate, given a prior distribution over the possible multinomial
distributions is:

P(xN+1

xl,...,xN,E)=5P(xN+1G,E)P(Glxl,...,xN,E)dB

(0)

where
P(6|x',....x",&)x P(BVE)[ ] 6} (0)

1

and 0= (0, ..., O) are the possible values over the probabilities P'(1), ..., P'(K) and &
is a variable containing assumptions over the domain. We chose the Dirichlet
distribution as a prior distribution for each node. Dirichlet distribution is a parametric
family that is conjugate prior to the multinomial/categorical distribution [14].

A Dirichlet prior consists of two parameters:

. K 22

a,a,,..

, the number of rival events and

.,a . d.
>7K the concentration parameters, where ' >0

The Dirichlet distribution is a generalization of Beta Distribution and is a distribution
over multinomial. It has probability density function:
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.
ﬂ, (0)
[T(r(a))
P(P={Pl~}|ai)=lf

The initial prediction for each value of the random variable X, given a Dirichlet prior,
is [14]:
a

p(x=ile)={ 0,p(sle)ar=

J

(0)

If the prior is a Dirichlet prior with concentration parameters Ai>@zse-28k ang N,

is the number of occurrences of the symbol i in the training data, then the posterior is

a,*N,,...,ax+N

also a Dirichlet with concentration parameters K and thus the

prediction for XM is :

p(x™ =l xS
( i X)ZwﬁM) (0)
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