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Identifying Strategies in Dominion Using
Playtrace Clustering

Anthony Owen

Abstract—We demonstrate the use of playtraces and playtrace
clustering to identify strategies and card synergies in deck building
card games, using Dominion as an example. We analyze playtraces
generated from both online human play and a variety of AI agents,
examining two types: card counts by round in a player’s deck
and N-Grams generated from player actions. Using both the Lk-
norm and Jensen–Shannon distance measures, in-conjunction with
K-Means, K-Medoids and DBSCAN algorithms, we show that
playtraces and distinct clusters can reveal both longer term strate-
gies and card synergies. In addition, we use a restricted play frame-
work to increase the variation in strategies and tactics explored by
AI agents. Finally, we suggest that the game-agnostic, N-Gram-
based approach may support strategy exploration in tabletop
games more broadly.

Index Terms—Board games, clustering, deck building card
games (DBCGs), Monte Carlo tree search (MCTS), playtraces.

I. INTRODUCTION

D ECK Building card games (DBCGs) are a genre of modern
card games that began with Dominion (Rio Grande Games,

2008). These games feature unique set of cards and include
titles, such as Ascension (Stone Blade Entertainment, 2010),
Star Realms (Wise Wizard Games, 2014), Star Wars: A deck
building game (Fantasy Flight Games, 2023), and many others.

In DBCGs, players manage cards in their hand, draw pile,
and discard pile. On a player’s turn, they play cards to generate
resources or effects and purchase new cards from a central
supply, adding them to their discard pile. When a draw pile
is exhausted, the discard pile is shuffled into a new draw pile,
evolving the player’s deck. Effectively the player is designing
an engine through card choices to achieve victory.

Elements of deck building card games have also been inte-
grated into board games and video games. In the board game
Clank! (Renegade Game Studios, 2016), cards are used for board
movement and combat. In the video game Slay the Spire (Mega
Crit, 2017), battles involve drawing and playing cards, with
players selecting one of three cards after each battle to evolve
their deck over time. In addition, collectible card games (CCGs)
are close cousins to DBCGs, with deck-building occurring prior
to gameplay. Classic examples of CCGs include Magic: The
Gathering (Wizards of the West Coast, 1993), Pokémon Trading
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Card Game (Media Factory, 1996), and Hearthstone (Blizzard
Entertainment, 2014).

A key challenge of DBCGs (and CCGs) is that the impact of
each card can depend on which other cards exist in a player’s
deck or hand. This creates a combinatorial problem, For in-
stance, a game with 100 distinct cards and a typical deck size of
20 yields approximately 5 × 1020 possible decks. This makes
identifying strategies, synergies, and balancing the game both
time-consuming and difficult.

An approach to this challenge is to use the concept of a
playtrace. A playtrace is a data driven record of the actions,
behavior or state of a player during the course of a game.
Repeated play of a game generates a set of playtraces, and a
distance measure that quantifies the similarity between a pair
of playtraces can be used to group or cluster similar playtraces
together. These clusters can then be analysed for insights into
gameplay.

This article demonstrates that using playtraces and playtrace
clustering from human and AI simulated play of deck building
card games can provide a means to identify available strategies
and tactics. Using Dominion as a case study, we analyse two
different types of playtraces and assess the impact of various
clustering algorithms and distance measures.

II. RELATED WORK

The use of playtraces has a long history in the field of
videogames. Examples include the analysis of playtraces to
identify player styles [1] and to understand player behavior [2].
In addition, Campbell et al. [3] investigated a variety of dissim-
ilarity metrics and clustering algorithms to understand player
activity in some example levels from stealth and platform games.

Construction of playtraces for arbitrary games was discussed
in [4]. Here, playtraces are developed from in-game actions and a
distance metric based on the edit distance is used to group similar
playtraces together, in order to visualize strategies. However, the
examples given relate only to videogames.

The use of playtraces and playtrace clustering within the
context of board and card games has been much more limited.
To the best of the authors knowledge, only Bendekgey [5]
has specifically investigated the clustering of playtraces within
a modern tabletop game. They investigate playtraces gener-
ated from human play of Dominion obtained from an online
game server. Clusters are visually identified using t-distributed
stochastic neighbor embedding, with the resulting visualizations
qualitatively examined for player strategies.
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Here, we use AI simulated playtraces to allow a greater
variety of game configurations to be analyzed. We provide
an exploration of alternative clustering methods and dis-
tance measures with a quantitative measure of the strength of
the clustering. In addition to playtraces based on card counts, we
examine sequences of player actions in the form of N-Grams. We
also demonstrate visualisation of playtraces for interpretation by
game designers and easier identification of card synergies.

The use of AI-based simulated playtesting of games has also
been applied to analyzing game balance. The literature related to
automated game balancing of DBCGs is limited to three exam-
ples, two of which utilise Dominion as a test case. These three
examples consist first of [6], which utilizes genetic algorithms to
assess game balance in Dominion with respect to the availability
of specific game mechanics (represented by a common set of
cards that players can obtain during game play). Second, in [7]
Monte Carlo tree search (MCTS) is used to run repeated game
sessions evaluating the influence of particular cards and pairs of
cards on the outcome. Finally, Budijono et al. [8] discussed an
auto-battler card game developed for the express purpose of AI
research, and proposes a number of metrics that could be used
to assess meta-game health in deck building card games.

This article contributes to the existing literature by demon-
strating how both AI simulated game sessions and human play
of a DBCG can be used to generate playtraces, which when clus-
tered can aid in identification of strategies and card synergies.

III. BACKGROUND

A. Dominion

Dominion is a DBCG by Rio Grande Games, designed by
Donald Vaccarino. Below is a brief overview of gameplay; full
rules are available in the rulebook.1

The game features seven base cards: four victory point (VP)
cards (Curse: -1VP, Estate: 1VP, Duchy: 3VP, and Province:
6VP) and three treasure cards (Copper: 1, Silver: 2, and Gold:
3). In addition, a Kingdom card set includes ten chosen action
card types, each with ten copies. These cards influence game
mechanics and strategies. Cards are purchased using treasure,
and VP cards have a limited supply based on player count.

Each player begins with a starting deck consisting of seven
copper and three Estate cards, which is shuffled to form a draw
pile. At the start of each round, players draw five cards. Turns
consist of three phases: action, buy, and clean-up.

1) Action phase: The player plays an action card and resolves
its effects. Cards offering “+1 Action” allow additional
plays. The phase ends when no actions remain.

2) Buy phase: Treasure from the action phase is used to buy
one or more cards from the Kingdom or base sets (“+1
Buys” can be obtained in the action phase).

3) Clean-up phase: Played and purchased cards go to the
discard pile, and the player draws five new cards. If the
draw pile is empty, the discard pile is shuffled to form a
new one.

1 [Online]. Available: www.riograndegames.com/wp-
content/uploads/2016/09/Dominion2nd.pdf

The game ends when either the Province pile or three
Kingdom card piles are empty. Players sum the VP in their decks,
and the highest total wins.

IV. PLAYTRACE DEFINITIONS AND DISTANCE MEASURES

A. Card Count Playtraces and Lk-Norm

A card count playtrace represents the composition of a
player’s deck at the end of each round. For player p in game n
at the end of round t, we denote a deck vector by �dp,tn . This is a
vector of length M , the number of distinct card types available
in the supply. Each entry dp,tn,i ∈ Z+

0 , indicates the count of cards
of type i in a players deck (including draw, hand, discard and
played card piles). A card count playtrace, �T p

n , is then defined
by

�T p
n = (�dp,1n , �dp,2n , . . . , �dp,Rn ) (1)

where R is the number of rounds.
A playtrace, represented as a vector of integer vectors, can

be flattened into a single integer vector of length MR. We can
define a distance or dissimilarity metric between two playtraces
utilizing the Lk-norm

Lk(�T
p1
n1
, �T p2

n2
) =

(
R∑

t=1

M∑
i=1

(dp1,t
n1,i

− dp2,t
n2,i

)k

) 1
k

. (2)

Note that for k equal to two we have the usual Euclidean
distance measure. Also, we can normalize a playtrace vector
�T p
n by diving each entry by Lk(�T p

n ,�0), where �0 is a vector of
zeros with the same length as �T p

n .
Since games of Dominion vary in length, R is set to the

maximum number of rounds within a game session. When a
game ends, deck vectors are frozen and repeated for subsequent
rounds up to R, ensuring all playtraces have the same length
for distance measurement.

In our case, given that R can be of the order of 50, playtraces
will have roughly 850 dimensions ( M is 17 in Dominion).
Fractional Lk-norms ( k less than one), as suggested by Aggar-
wal et al. [9], can improve discrimination in higher dimensions.
Thus, we also explore the impact of varying k in the formation
of our playtrace clusters.

B. N-Grams and Jensen–Shannon Distance

An alternative approach to using the game state space is to
use the action space. We define a string, Sp

n, representing the
list of actions taken by player p in game n. For example

PlayWitch BuySilver PlayWorkshop GainGardens
PlayChapel TrashCopper BuyProvince....

We convert this string into a playtrace, Sp
n(N), by mapping

it to a multiset of N-Grams. N-Grams, drawn from natural
language processing [10], are sequences of N words or in our
case, actions. For example, with bi-grams, each action is paired
with neighbouring actions to generate a multiset of action pairs

{(PlayWitch, BuySilver), (BuySilver, PlayWorkshop), (Play-
Workshop, GainGardens), (GainGardens, PlayChapel), (Play-
Chapel, TrashCopper)... }.
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A uni-gram-based playtrace is a multiset containing individ-
ual actions, whereas for higher order N-Grams our playtrace
consists of a multiset containing all observed sequences of N
actions taken in order.

To simplify playtraces and improve interpretability, we make
two assumptions. First, we introduce an aggregated action, “end
current phase,” used when a player ends their turn or plays
only treasure cards without buying or playing Kingdom cards.
Second, we exclude actions taken in response to opponents,
such as discarding cards after an opponent plays Militia. These
adjustments focus the analysis on individual player strategies
and helps with interpretability of the playtraces.

To measure the distance between N-Gram playtraces, we
use the Jensen–Shannon measure, which quantifies dissimilarity
between probability distributions. Each playtrace Sp

n(N) is
mapped to a corresponding discrete probability distribution,
SP p

n(N) over the set V (N), of all N-grams observed in our
game session. For each Gi ∈ V (N), we count its’ occurrences
in Sp

n(N), setting unobserved counts to zero, and normalize to
compute probabilities.

We can now calculate our Jensen–Shannon distance measure
between two playtraces, Sp1

n1
(N) and Sp2

n2
(N). To simplify

notation we define p = SP p1
n1
(N), q = SP p2

n2
(N) and m =

1
2 (p+ q) which is the average of our two probability distribu-
tions. In addition pi and qi denote the probabilities of N-Gram
i in p and q, respectively. Then, we have

JS(Sp1
n1
(N), Sp2

n2
(N)) =

√
1

2
(KL(p,m) +KL(q,m)) (3)

where

KL(p, q) =

|V (N)|∑
i=1

f(pi, qi). (4)

Here, f(pi, qi) = pilog(
pi

qi
), if both pi and qi are nonzero,

otherwise it is zero. Note that the Jensen–Shannon distance
measure has the benefit of accommodating playtraces of variable
length.

V. METHODS

A. Clustering Algorithms and Visualization

Now that we have our playtraces and associated distance
measures, we can explore how we can cluster playtraces into
groups of similar playtraces. First, we use K-Means [11], which
is simple and fast, but requires selecting the number of clusters,
K, in advance, and assumes spherically distributed clusters. In
addition, K-Means requires a Euclidean distance measure to
guarantee convergence. This can be a disadvantage, since the
discriminatory power of the Euclidean distance deteriorates in
higher dimensions [9].

Next, we use K-Medoids [12], a variant of K-Means, where
cluster centroids are selected from the data rather than computed
as averages. This is useful here, as averaging playtraces may sug-
gest card combinations that never appear together. K-Medoids
also works with non-Euclidean distance measures.

Finally we use density-based spatial clustering of applications
with noise (DBSCAN). DBSCAN has two hyperparameters, m

and ε, that define the minimum number of neighboring points
for a point to be considered a core point, and the size of that
neighborhood respectively. Core points are identified to form
clusters, as discussed in [13]. Benefits of this approach include
identifying nonspherical clusters, assigning data points as noise
as opposed to forcing a cluster assignment and supporting non-
Euclidean distance measures.

In this case, the concept of a cluster centroid can be harder to
define. For simplicity, we will define it as the nearest playtrace
to the mean playtrace for a cluster. This may not always be
representative of the cluster, especially if it is not spherically
distributed.

We visualize the clusters using metric multidimensional scal-
ing (MDS) [14], which takes a distance matrix and reconstructs
coordinates in a lower dimensional space to closely preserve the
original distances, enabling cluster visualization.

We can also use silhouette averages (SA) [15] to assess
cluster quality, this is calculated as the average of the silhouette
coefficients over all playtraces. The silhouette coefficient for a
data point (in a cluster of size greater than one) is defined by

si =
bi − ai

max{ai, bi} . (5)

Here, ai is the mean distance between playtrace, i, and all
the other playtraces within its cluster. Conversely, bi, is found
by calculating for each cluster the average distance between
playtrace i and the playtraces in that cluster (not including the
cluster playtrace i belongs to), then taking the smallest of those
values. These terms can be expressed as

ai =
1

|CI | − 1

∑
j∈CI ,i�=j

dist(i, j) (6)

and

bi = min
J �=I

1

|CJ |
∑
j∈Cj

dist(i, j) (7)

where dist(i, j) could be either the Lk or Jensen–Shannon
norms.

A SA close to one indicates playtraces are well-clustered and
distant from neighboring clusters. An average near minus one
suggests playtraces are similar to those in adjacent clusters.

A commonly accepted rule of thumb is that a SA greater
than 0.25 indicates the presence of some degree of clustering.
However, there is no theoretical basis for choosing a threshold
value for the SA, additionally it can be hard to achieve higher
values for high dimensional data. As such clusters should be
evaluated with human inspection [15]. This is of particular
importance in our use case, where playtraces and playtrace
clustering can support game designers in identifying strategies
and card synergies, augmenting more traditional approaches like
human-based playtesting.

B. Tabletop Games Framework (TAG)

In order to generate our playtraces we use an implementation
of Dominion contained in the TAG [16]. This framework also
provides the MCTS algorithm (see [17] for an introduction to
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TABLE I
KINGDOM CARD SET—SD

MCTS), finite state machine (FCM) agents and the tournament
functionality used in this article.

The purpose of TAG is to promote research into the uses of
AI in modern tabletop games. It provides a common API for
games and game playing agents, allowing for a comparison of
AI methods across a broad spectrum of tabletop games. It is
used to support cross board game analyses and also to explore
reinforcement learning in board games [18]. The game engine
for Dominion in TAG is well supported and has been used in
other research, for example [19] and [20].

C. FCM Agents

We use two FSM to simulate two well known strategies
specific to the “size distortion” (SD) Kingdom card set described
in Table I (see the Dominion strategy wiki2 for a full description
of card effects). This Kingdom card set is recommended in the
base game of Dominion.

Our first FSM agent plays a Big Money with Gardens strategy
(BMWG) with the SD set of cards. Big Money is a base case
strategy in Dominion, and focuses on buying treasure cards
that in turn allow the purchase of Province cards for VPs.
Big Money with Gardens is a variant of the Big Money strat-
egy, adding the purchasing of Gardens to generate additional
VPs.

Our second FSM agent implements the Double Witch (DW)
strategy. This strategy aims at using the Witch card to flood an
opponent’s deck with Curse cards. This not only reduces their VP
score, but also reduces the probability of the opponent drawing
useful cards.3

We will use FSM agents primarily as a base case, and a means
of demonstrating how distinct strategies can result in distinct
clusters within our playtrace dataset.

We have chosen these two FSM agents as they represent
two distinct strategies, one involving a focus on generating
treasure and the other on negatively impacting an opponent’s
deck. Other FSM agents could also be chosen, in particular
Provincial AI [21] effectively trains parametrised FSM agents
on individual Kingdom card sets. This could be used to generate
other FSM agents to further explore playtrace clustering on a
variety of Kingdom card sets.

2 [Online]. Available: https://wiki.dominionstrategy.com/
3 [Online]. Available: Code for both our FSM agents can be found

at https://github.com/owenant/TabletopGames_ForDominionPlayTraces

TABLE II
AVERAGE WIN RATES OVER 100 GAMES WITH THE SD KINGDOM CARD SET

(HIGHEST WIN RATES IN BOLD)

D. MCTS Agent

In addition to our FSM agents, we also use an MCTS-based
agent. We use a single MCTS agent that combines both Infor-
mation Set MCTS (ISMCTS) [22] and multitree MCTS [23].
In ISMCTS, each node in the tree is defined by a set of actions
from the root node, as opposed to being a specific game state at
each node. In addition, hidden information is resampled at the
root node for each simulation loop. In multitree MCTS, a tree is
constructed independently for each player

ISMCTS helps with the hidden information aspects of Domin-
ion and multitree MCTS trades off greater search depth at the
expense of reacting to opponent’s moves. Due to the indirect
nature of the interaction between players in Dominion, this
tradeoff is expected to be positive.

Our MCTS agent will also use the following features.
1) UCT-tuned [24] as our tree policy in the selection phase

(with K = 1).
2) The simulation play-outs are performed to a length of

30 actions, with a playout policy determined by a simple
score-based heuristic (actions are chosen to maximise the
player’s score for the next turn).

3) The playouts also use the moving average sampling tech-
nique (MAST) [25], this determines the average reward
from an action independent of its position in the game
tree, and biases future decisions based on those rewards.
We set the MAST gamma value to 0.5, with an explore
epsilon of 0.1.

4) A time budget of 500 ms will be allotted for each move.
Note that our choice of heuristic is inline with empirical evi-

dence on the performance of MCTS in Dominion given in [20].
However, we found that a roll-out length of 30 combined with
MAST gives a superior performance to a longer roll-out with a
random play-out policy (57% win rate).

We compare win rates between our MCTS agent and FSM
agents using the SD Kingdom card set. The average win rates
are given in Table II, with each win rate given as the win rate for
the AI agent in the row versus the AI agent in the column.

Note that the DW agent is the strongest, however this strategy
is specific to the SD card set, and the MCTS agent is capable of
playing any Kingdom card set.

VI. EXPERIMENTS

We perform a number of experiments using both FSM and
MCTS agents competing in round robin tournaments of 500
games, with each bot switching between being first and second
player after 250 games. These tournaments are run using two
different Kingdom card sets in TAG. Data on player actions
and the game state space is recorded at the end of each round,
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TABLE III
SA WITH A TOURNAMENT OF 500 GAMES FOR BMWG VERSUS DW USING

THE SD CARD SET

and then processed to form our card count and N-Gram-based
playtraces.

In order to determine the optimal hyperparameters for our var-
ious clustering methods, we perform a grid search maximising
the SA. For the grid search for K-Means and K-Medoids we
let K vary between 2 and 5 clusters. For DBSCAN, we vary m
from 5 to 250 in steps of size 10, and ε from 0.01 to 0.995 in
steps of 0.005. The maximum value for m is based on our data
sample size (we will run 500 games for MCTS). In addition,
we normalize our card count playtraces so that the maximum
distance between any two playtraces is two. We set a maximum
ε as half that maximum value.

A. FSM Agents With SD Kingdom Card Set

We start by establishing a baseline set of results using the
two FSM agents corresponding to BMWG and DW strategies.
We run a tournament consisting of 500 games using the SD
kingdom card set. Optimal SA from our grid search (along with
the corresponding hyperparameters) for our various playtrace
types, distance measures and clustering algorithms are shown in
Table III.

We see that in the card count case the L0.5 norm gives the
highest SA, inline with our expectations that in a high dimen-
sional space the discriminatory power of the Euclidean norm is
reduced. We also see that the uni-gram result is slightly higher
than the L2 card count case, however we see a deterioration
in SA as we move from uni- to tri-grams. For uni-, bi- and
tri-grams there are 78, 870 and 3694 distinct N-Grams observed,
respectively, in our tournament. As the order of the N-Grams
increases and due to the relatively short length of a Dominion
game, it becomes progressively more unlikely that playtraces
will share common sequences of actions, which leads to an
average overall increase in distance between playtraces and a
diffusion of clusters.

Another observation is that our DBSCAN and K-Medoids
results are very close, suggesting that our clusters are roughly
spherical. The DBSCAN and K-Medoids MDS plots are vir-
tually identical in this case, and therefore we only show some
example DBSCAN MDS plots in Fig. 1.

The corresponding DBSCAN centroids for the card count case
with L0.5-norm are shown in Fig. 2. Note that when displaying
cluster centroids for card count playtraces, we suppress card

Fig. 1. DBSCAN MDS plots for BMWG versus DW agents. (a) Card count
with L0.5. (b) Card count with L2. (c) Uni-grams. (d) Bi-grams.

Fig. 2. DBSCAN centroids for BMWG versus DW agents with card count
playtraces and L0.5-norm.

types that are not contained in the deck of either agent. Cluster
zero clearly shows a DW strategy, since the Witch card count
reaches a maximum of two, and there is a focus on Silver and
Gold to purchase Province and Duchy VP cards. Cluster one
shows a BMWG strategy, which can be observed by the focus on
treasure cards and the purchase of Gardens cards for additional
VPs. Note that the purchase of Province cards is somewhat
limited, this is driven by the influx of curse cards from the DW
opponent, weakening the strength of the agent’s deck.

Examining the centroids in the bi-gram case in Fig. 3, we
again see our two strategies reflected in the clusters. Cluster one
reflects a BMWG strategy and has a high frequency of bi-grams
containing a buy Gold or buy Silver action, reflecting it’s focus
on treasure cards. In addition, we see purchasing of Garden cards
for additional VPs. Cluster zero follows a DW strategy and has a
number of bi-grams containing either a play or buy Witch action.
The remaining bi-grams for cluster zero do not contain any other
Kingdom cards, but solely focus on treasure cards and VP cards.

This demonstrates that clustering of card count and N-Gram
playtraces is capable of separating out different strategies, at
least in this simplified case with two players playing separate
and clearly defined strategies. More generally, we would expect
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Fig. 3. DBSCAN centroids for BMWG versus DW agents for bi-grams.

to see distinct clustering between playtraces generated by two
FSM agents as long as the deterministic choices made by each
agent are sufficiently different from the other.

B. MCTS With SD Kingdom Card Set

Next we move onto the case of MCTS, where we do not
know the strategy being played upfront. We expect our MCTS
agents to provide strong enough play to utilize card synergies,
which are highlighted in the generated playtraces. Across the
games played we would also expect variation in play due to
the stochastic nature of the game environment and the MCTS
algorithms (which utilize different seeds) combined with the
basic structure of DBCGs. In DBCGs optimal actions are a
function of current deck composition, which is in turn a result
of all previous actions. So variations in actions at the start of
the game can lead to a large divergence in deck composition by
the end of a game. This is compounded by the initial card draw
on the first round, which can result in two to five coppers being
drawn, greatly changing the range of options for card purchase
on the first turn. In section VI-D we demonstrate how restricted
play can also improve the variation in the play of an MCTS agent
to further explore the strategy space.

We again use the SD Kingdom card set and run a tournament
consisting of 500 games. We remove outlier games with a length
greater than 55 rounds or with a score higher than 100, which
account for 1% of our playtraces. SA are shown in Table IV.

We see lower SA as compared to the FSM case, since both
players are simulated using the same MCTS algorithm as op-
posed to two different bots with distinct strategies. Except for the
bi- and tri-gram cases, the SA are strong enough to indicate the
presence of clusters, and the SA for K-Means and K-Medoids
are maximised with K equal to two. The presence of two clusters
can also be confirmed through visualisation using the MDS plots
in Fig. 4. We see two clusters that are clearer in the DBSCAN
case where data points can be assigned as noise as opposed to
being forced into a specific cluster.

Fig. 4. MDS plots for MCTS agents. (a) K-Medoids with card count and
L0.5. (b) DBSCAN with card count and L0.5. (c) K-Medoids with uni-grams.
(d) DBSCAN with uni-grams.

Fig. 5. DBSCAN centroids for MCTS agents with card count playtraces and
L0.5-norm.

Fig. 6. DBSCAN centroids for MCTS agents for uni-grams.
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TABLE IV
SA WITH A TOURNAMENT OF 500 GAMES BETWEEN MCTS AGENTS USING

THE SD CARD SET

We again examine our cluster centroids shown in Figs. 5 and 6.
The cluster centroids for the DBSCAN case are similar to the
equivalent K-Medoids case.

The two clusters show distinct strategies. The cluster one cen-
troid displays a well known “Gardens/Workshop” combination
focus. This is shown in the card count case by these being the
main Kingdom cards purchased, and in the uni-gram case by the
relatively high frequency of play Workshop, and also buy and
gain Gardens action. Garden cards cost 4 and are worth 1VP for
each 10 cards in the player’s deck. The Workshop card allows a
player to pick up any card with a cost of 4 or less for free. In this
case, the strategy is to use the Workshop cards to gain Garden
cards (in addition to purchasing them directly), generating VPs.

The cluster zero centroid has a strong focus on treasure cards,
particularly Gold and also purchasing Province cards and some
Garden cards for VPs. This is a BMWG. We also see some use
of the Witch card. Note that we do not include gain curse in our
N-Grams actions as it is a response to another player’s action,
and those actions are ignored to simplify our N-Grams. The lack
of curse cards in the centroids for the card count case, seems to
suggest that the Witch card is not played enough by our MCTS
agent to generate enough curse cards that they appear in the
cluster centroids.

In addition, we note that there is limited use of the chapel
card. This is commonly known to be a strong card in Dominion
that allows a player to trash or remove weaker cards from their
deck, thereby increasing the overall strength of their deck. The
MCTS agent does not tend to make use of this card, this is
most likely due to the impact of trashing requiring a relatively
deep exploration of the game tree for the benefits to become
apparent. These examples show that not all available strategies
are captured by our MCTS agent.

C. Comparison of Human and MCTS Generated Playtraces
With the FG1E Kingdom Card Set

Using MCTS generated playtraces allows us to generate a
large amount of data quickly, however human playtesting is
essential. In this section, we compare playtraces generated by
MCTS to those generated by human play.

In order to do this, we examine player logs collected by
dominion.isotropic.org between October 2010 and March 2013.
The most popular Kingdom card set is the First Game 1st Edition

TABLE V
KINGDOM CARD SET—FG1E

TABLE VI
SA FOR MCTS AGENTS AND HUMAN PLAY USING THE FG1E CARD SET

(FG1E) set, a summary of this Kingdom card set is given in
Table V.

Restricting ourselves to two player games we find 149 relevant
log files. The actions of each player for each round is parsed and
then converted into card count and N-Gram-based playtraces.
Then, in-conjunction with an MCTS tournament of 500 games
played with the FG1E kingdom card set, we can compare clus-
tering between AI and human play. We start by examining the
SA in Table VI .

In the cases where we have N/A the algorithm is assigning all
playtraces to a single cluster, and hence we can not compute the
SA. The nonzero DBSCAN SA are also somewhat misleading,
as we generally have one large cluster with a few remaining
playtraces assigned to a second cluster. Examples are shown in
Fig. 7. The only case where we see clustering is in the MCTS
uni-gram case for K-Medoids, shown in Fig. 7(d).

Fig. 8 shows the cluster centroids in the K-Medoids uni-
gram case. The centroids show similar strategies. Cluster one is
showing a Smithy plus Big Money strategy, which focuses on
collecting treasure cards, such as Silver and Gold in order to buy
Provinces, and then speeds up this process by using Smithy to
draw extra treasure cards. Cluster zero is similar, except makes
more use of the moat card as opposed to the Smithy, which allows
for a smaller number of new card draws but is also cheaper.

Given the lack of observable clustering for this Kingdom
card set, we compute an average playtrace across all available
playtraces. Despite the lack of clustering, this can still provide
useful information as to the most popular cards played within a
given Kingdom card set, for both our MCTS and human players,
providing valuable information to a game designers. In Fig. 9,
we have the average card count playtraces for both human and
MCTS agents, and in Fig. 10 the corresponding uni-gram case
(note we have removed uni-grams with a frequency of less than
1.5% for clarity).
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Fig. 7. MDS plots for FG1E card set. (a) DBSCAN for MCTS with card counts
and L0.5-norm. (b) DBSCAN for human players with uni-grams. (c) DBSCAN
for MCTS agent with uni-grams. (d) K-Medoids for MCTS with uni-grams.

Fig. 8. Cluster centroids for K-Medoids uni-gram clustering of MCTS gen-
erated playtraces for FG1E card set.

Here, we see more evidence that the MCTS agent is generally
playing a Smithy plus Big Money strategy. This is clear from
the average card count playtrace where we see the main action
card being purchased by the MCTS agent is Smithy. In addition,
the uni-gram playtrace shows a focus on playing Smithy, buying
Gold and Silver and also the Province and Duchy VP cards.

For human play, we see more varied play as compared to the
MCTS case. In particular, we see much more use of village and
market cards, in-conjunction with Smithy. This reflects a more
advanced Smithy/Village engine-based strategy. In this strategy,
the aim is to cycle through the entire deck each round, with
the Village providing additional cards and actions that allow a
subsequent play of a Smithy. Ideally the treasure in a player’s
deck should then be enough to buy a Province or Duchy card each
time. Typically a market card is also added to provide additional

Fig. 9. Mean card count playtraces with L0.5-norm for human players and
MCTS agents for FG1E card set.

Fig. 10. Mean uni-gram probability distribution for human players and MCTS
agents for FG1E card set.

buy actions so that more than one victory card can be bought at
a time.

Another difference between our MCTS and human-based
playtraces is the latter’s use of the mine card. This allows a
player to trash copper cards, which are weak. This increases a
player’s probability of drawing higher value treasure cards and
is a common technique in Dominion for strengthening a deck.
This tactic was not obviously exhibited in the MCTS case.

D. Using Restricted Play to Increase Variation in MCTS
Playstyle

As we have seen in previous sections, our MCTS agent does
not use all available strategies and the generated playtraces
provide only a restricted view on card synergies. To partially
alleviate the impact of this problem, we can use the restricted
play framework proposed in [26]. In this framework, the impact
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Fig. 11. MDS DBSCAN plot for cardcount playtraces with L0.5-norm and
MCTS restricted play with SD Kingdom card set.

Fig. 12. DBSCAN cluster centroids for cardcount playtraces with L0.5-norm
and MCTS restricted play with SD Kingdom card set.

of a game dynamic or component is assessed by examining the
impact of removing the access of a player to that component. In
our case, we prevent our MCTS agent from purchasing particular
cards, which forces our agent to use alternative card combina-
tions and strategies, which are then highlighted via playtraces.

We use the same set-up as in Section VI-B, with the exception
that a single MCTS bot is restricted from buying Gardens,
Workshop, Gold, Silver and Province cards. This prevents the bot
from exploring the Gardens/Workshop and BMWG strategies
already identified. Focusing on card count playtraces with an
L0.5 norm, we have the DBSCAN MDS plot shown in Fig. 11.
The average silhouette score is 0.45, and shows two distinct
clusters.

Cluster one contains playtraces generated by the unrestricted
MCTS bot, and cluster zero playtraces generated by the re-
stricted MCTS bot. Examining the corresponding centroids in
Fig. 12, we see that the restricted MCTS bot uses a combination
of Artisan and Bureaucrat to obtain Silver cards, which are
then used to purchase Estate cards for VPs. Artisan allows the
player to gain a card of cost up to five and Bureaucrat directly
adds a Silver card to the top of the player’s draw deck. Whilst

Fig. 13. MDS DBSCAN plot for bi-grams and MCTS restricted play with
FG1E Kingdom card set.

Fig. 14. DBSCAN bi-gram cluster centroids for MCTS restricted play with
FG1E Kingdom card set.

a suboptimal strategy, it does highlight how a player can use
Kingdom cards to increase their stock of treasure cards.

As an additional example, we perform a similar analysis with
the FG1E Kingdom card set, restricting a single MCTS bot from
using Smithy, Gold, Silver and Province cards. We focus on
bi-grams and the MDS plot for DSCAN clustering is shown in
Fig. 13. The two clusters have an average silhouette value of
0.42. Examining the centroids in Fig. 14, we see that cluster
zero (corresponding to unrestricted MCTS playtraces) follows
a Smithy plus Big Money strategy. However, for cluster one
we see substantial use of the Woodcutter card. This card gives
two treasure and plus one buy action, and can be an alternative
source of treasure to Silver cards supporting the purchasing of
the Duchy and Estate VP cards.

VII. CHALLENGES AND OPPORTUNITIES

A. Investigating Game Phase Dependent Strategies

Here, we have examined playtraces for full games, however
it would also be useful to examine how strategy and card usage
changes between early, mid, and late game phases. For example,
in most DBCGs the early game is characterized by building
an engine and the later game phase by the acquisition of VPs.
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Playtrace clustering on game phases could help highlight how
play changes as a game progresses.

B. Impact of AI Agent on Strategy Identification

One potential avenue for future research is the impact the
choice of AI agent can have on our clustering results and
hence strategy identification. Strategies can only be discovered
if the AI agent plays those strategies. As a simple example,
if we move from a score-based heuristic to a simple win only
heuristic for our MCTS playout policy, we see more use of
the trashing mechanic and also use of Witch cards. Another
possibility is to compare playtraces generated by MCTS with
other AI algorithms, such as deep reinforcement learning-based
approaches [27].

C. Investigation of Other Kingdom Card Set Choices

We saw distinct clustering in the SD Kingdom card set, how-
ever both MCTS and human generated playtraces did not show
distinct clustering for the FG1E set. This could be for a number
of different reasons. First, the SD Kingdom card set tends to
have more distinct strategies, e.g., BMWG versus DW, whereas
the FG1E Kingdom card set tends to focus around the use of
Smithy and supporting cards. In addition the varying skill level
of human players and relatively small number of player logs may
also be impacting the FG1E clustering. It would be interesting
to observe how clustering changes as game mechanics change
between Kingdom card sets, and as player skill level changes.

D. Application to Other DBCGs and Tabletop Games

It would also be useful to see how these methods translate and
what results are seen in other DBCGs. For example, the game
Ascension is another archetypal DBCG, however it differs from
Dominion in the existence of factions. These effectively act like
suits in the game, with the total card set being split across four
factions (plus some nonfactions cards). Cards within factions
are expected to have greater levels of synergies, which we would
expect to see reflected in playtraces via strategies and clusters
that focus on particular factions and combinations of factions.

Taking this one step further, the use of N-Grams-based play-
traces generated from player actions is applicable to any game
where each player takes a discrete set of actions. Therefore
clustering of this type of playtrace could potentially be used
to explore the strategy space of a much broader class of tabletop
games than DBCGs.

VIII. CONCLUSION

In this article, we introduce two types of playtraces, which,
combined with AI simulated or human play, provide insights into
the strategy space of DBCGs. It was shown that using MCTS to
simulate game sessions of Dominion, we can generate playtrace
clusters that highlight different strategies and card synergies.

Playtraces can also help highlight weaker cards. In particular,
infrequent card usage may indicate a redundant mechanic. An
example is the Workshop card, which along with the Woodcutter
saw very little use during both (unrestricted) MCTS and human

play, see Fig. 9. Playtraces also reveal synergies, such as the
Gardens/Workshop combination and tactics like using Smithy
to draw treasures for Gold and Province purchases.

Distinct clustering of playtraces into strategy groupings was
observed, particularly in the SD Kingdom card set case. In both
the card count and N-Gram playtrace cases, the BMWG and DW
strategies from FSM agents were grouped into separate clusters.
For MCTS, clusters highlighted Gardens/Workshop and Big
Money with Gardens strategies. For FG1E, clustering was not
observed and play tended to focus around a dominant strategy
of building a Smithy-based engine.

Finally, when drawing conclusions from our playtraces, we
must consider the strengths and weakness of our AI agent, and
use of restricted play can help in exploring the space of strategies
available in a game.

While this study focuses on a single DBCG, the methods,
especially the game-agnostic N-Gram approach, could support
strategic analysis in other DBCGs and tabletop games.
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