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Generating Interpretable Play-Style Descriptions
Through Deep Unsupervised Clustering

of Trajectories
Branden Ingram , Clint van Alten , Richard Klein , and Benjamin Rosman

Abstract—In any game, play style is a concept that describes
the technique and strategy employed by a player to achieve a goal.
Identifying a player’s style is desirable as it can enlighten players on
which approaches work better or worse in different scenarios and
inform developers of the value of design decisions. In previous work,
we demonstrated an unsupervised LSTM-autoencoder clustering
approach for play-style identification capable of handling multidi-
mensional variable length player trajectories. The efficacy of our
model was demonstrated on both complete and partial trajectories
in both a simulated and natural environment. Lastly, through state
frequency analysis, the properties of each of the play styles were
identified and compared. This work expands on this approach by
demonstrating a process by which we utilize temporal information
to identify the decision boundaries related to particular clusters.
Additionally, we demonstrate further robustness by applying the
same techniques to MiniDungeons, another popular domain for
player modeling research. Finally, we also propose approaches for
determining mean play-style examples suitable for describing gen-
eral play-style behaviors and for determining the correct number
of represented play-styles.

Index Terms—Play-style identification, player modeling.

I. INTRODUCTION

A PLAY style is defined as a particular way of playing a
game and, typically, reflects the preferences with which

a player may engage in progressing through the game. For
example, a player may have a preference for exploring the
minutiae of a game, or for completing it as quickly as possible.
The diversity of possible play styles can be significant, meaning
that different players could play a game in very different ways.
There are many potential benefits to identifying the play style
of an individual player as they engage in the game [2]. From
the player’s perspective, identifying their style could be used
to assist in the tailoring of game mechanics in real-time for
the needs and preferences of the player. Additionally, designers
gain insight into how their players are interacting with gameplay
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features and mechanics. There is an added benefit of being able
to tailor tutorial mechanics and in-game tips to the type of player
identified.

Multiple studies have looked into modeling the style in which
an individual engages with a problem and is not a concept
unique to games. For example, in learning, studies have been
conducted to identify learning styles [3]. Similar studies, specif-
ically in games, have looked to identify player archetypes, as
well as personality characteristics and motivations, [4], [5], [6].
Although work has been done in terms of play-style identifi-
cation, there has been little exploration of applying these tech-
niques to complex trajectory-based data. Without considering
the temporal dimension of a user’s playthrough we lose the
ability to understand how the player arrived at a certain state and
instead, the focus is purely on that final state. By doing so we
could reveal further insights lost when only utilizing high-level
features. This approach has the added value of allowing us to
assign labels at different times along the trajectory that more
accurately represent the individual. In addition, video games by
nature are time series domains with decision-making occurring
and changing through the course of gameplay. Therefore, it is
fitting to model play-styles using temporal models.

One possible reason for a limited amount of existing work
focusing on temporal data could be the lack of this kind of
trajectory data labelled with respect to style. This makes apply-
ing supervised learning approaches difficult and as a result, we
developed and evaluated our unsupervised model on a generated
dataset where ground truths were known. The goal of this
approach is to improve the credibility of the results obtained
from natural datasets where play-styles are unknown.

Limited access to data is not the only issue in trajectory anal-
ysis that requires further investigation. Another issue is how to
preprocess and analyze large quantities of multidimensional tra-
jectories of variable length. Nonmachine learning applications
of trajectory analysis have traditionally only been performed on
points moving in 1-D, 2-D, or 3-D spaces [7]. Video game state
information, however, is not limited to such low dimensions. In
machine learning, the development of recurrent neural networks
has allowed for solving complex problems using sequence-based
data. Most notable applications are in video tagging [8], gener-
ating image descriptions [9], speech modeling [10], language
modeling [11] as well as video-games [12]. These architectures
allow for the processing of multidimensional trajectory data.
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Additionally, interpreting generalized behaviors from large
datasets remains an issue when trying to identify play-style.
This has been done with nontrajectory-based data (summary
statistics) within video games to describe player roles [13].
Creating such a technique for trajectory data requires com-
pressing both the spatial and temporal distributions. Such de-
scriptions have recently been obtained by utilizing clustering
techniques [14], [15]. These descriptions offer useful insight
into characteristics and trends present in the underlying data,
however, they are yet to be applied to video game domains as
an informative tool for both player and designer.

In this article, we address both the problem of processing
complex data and that of finding interpretable descriptions of
behaviors. These descriptions should look to describe some gen-
eral characteristics or patterns exhibited by a group. To that end,
we propose a novel system for play-style identification through
the clustering of multidimensional variable-length trajectories in
video games and demonstrate that these clusters represent vary-
ing styles of behaviors. The core of this system is a specialized
LSTM-autoencoder that utilizes the benefits of recurrent neural
network [16] architectures to handle sequence-based data. We
evaluate this model on a generated benchmark dataset as well
as a natural domain. We also demonstrate the unique ability
of our model to identify the style in both complete and partial
trajectories without the need for any additional engineering or
training time. We utilize our model to uncover the characteristics
of each play-style through state-based cluster analysis. This
analysis identifies similar, differing, and unique states across
the clusters. Additionally, we present an approach to identify
decision boundaries that separate different play-styles. Finally,
we demonstrate a technique to determine the appropriate number
of play-styles and generate generalized behavioral descriptions
for each style.

II. RELATED WORK

Traditionally, play-style identification has been approached
through player modeling, which is the study of computational
models of players in games. This includes the detection, model-
ing and prediction of human player traits which are manifested
through cognitive, affective and behavioral patterns [17]. The
techniques utilized in player modeling usually fall into one of
two groups: 1) model-based; or 2) model-free.

A. Model-Based Approaches

In model-based approaches, a player model is built on a theo-
retical framework whereby the preexisting understanding of the
domain is leveraged [17]. Model-based approaches have been
inspired by cognitive frameworks [18] as well as general theo-
retical frameworks of behavioral analysis such as usability the-
ory [19]. Additional examples are models which utilize theories
of “fun” [20], [21]. These top-down approaches have also been
used to dynamically affect player experience [22], [23], [24].
Although model-based techniques like these are useful, our work
seeks to avoid the use of any prior knowledge of the domain and
in essence, learn the heuristic classifier in a model-free setting.
Doing so has two benefits, with the first being we are not required

to impart any domain-based bias, and the second is the ability
to learn a more accurate model than a handcrafted one.

B. Model-Free Approaches

Model-free approaches refer to the construction of a mapping
(model) between (player) input and a player state representation.
In this case, there is no preexisting understanding of the model;
rather, it is learned through an iterative process [17]. To achieve
this, observations are collected and analyzed to generate a model
without strong initial assumptions of its structure. In model-free
approaches, we see attempts to model and predict player actions
and intentions [25], [26]. Thue et al. [25] implemented a system
that learns a label for the player representing their style. How-
ever, this required the manual annotation of the different “en-
counters” with their corresponding style. Our proposed approach
looks to learn these play styles in a completely unsupervised
setting.

Data mining efforts to identify different behavioral playing
patterns within a game have also been implemented using
bottom-up approaches [6], [27]. Drachen, Canossa, and Yan-
nakakis [6] used emergent self-organizing maps to classify play-
ers into four style categories based on high-level game behavior
data. This analysis did not rely on preexisting information or
external factors but required identifying cluster characteristics.
It is this statistical analysis of the separated data that revealed the
semantics behind each cluster and allowed for the identification
of player archetypes. We perform a similar step, but unlike
previous studies which used metadata summaries, we analyze
raw trajectory data without extensive feature engineering.

C. Trajectory Clustering

An approach to the analysis of trajectory data is compar-
ing and grouping based on whole or partial trajectory at-
tributes using a similarity measurement. However, it has been
demonstrated that clustering using subsequences lacked mean-
ing as the generated cluster centres are not dependent on
the input [28]. Additionally, when clustering trajectories, the
choice of similarity measure is important as it should consider
both the spatial and temporal features [29]. Common distance
measures include Hausdorff distance, dynamic time warping
(DTW) [30], Euclidean distance, and longest common sub-
sequence (LCSS) [31]. The choice of metric is dependent on the
structure of the data. DTW and LCSS in particular can measure
similarities between varying length trajectories.

Techniques such as k-means and hierarchical clustering have
been utilized to perform the clustering step [32]. However, these
techniques tend to be ineffective when input dimensions are
high [33]. Additionally, model-based methods which use statis-
tical approaches (COBWEB [34]), Neural Network approaches
(ART [35]), or self-organizing maps (SOM [36]) have been
utilized. SOM clustering of time-series features is unsuitable for
trajectories of unequal length, as the dimensions of the weight
vectors are fixed [37]. Furthermore, data compression tech-
niques utilizing Latent Dirichlet Allocation (LDA) have been
applied to play-style clustering [38]. However, by considering
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Fig. 1. Play-style identification model architecture.

timesteps as individual data points, LDA approaches ignore the
structural significance of temporal data.

In addition to these, deep learning techniques have been
applied to unsupervised clustering [14]. Xie, Girshick, and
Farhadi [14] used an autoencoder which allowed for the im-
portant data compression aspect which was required to make
the previously mentioned clustering techniques more feasible.
This makes the clustering task easier since clustering can be
performed on the encoded data. Xie, Girshick, and Farhadi [14]
pretrained a network to minimize the reconstruction loss, and
then separately minimize the clustering loss. This separate
clustering step used the KL-divergence [39] between a target
distribution and an estimated distribution generated from the
encoded data. More recently, LSTM autoencoders have been
implemented which are capable of handling time-series data
effectively [40]. This is a similar approach to Xie, Girshick, and
Farhadi [14] with the added LSTM layers to handle time-series
data as well as joint minimization of the reconstruction and
clustering aspects. Concurrent autoencoder approaches have
been utilized for play-style discovery [41] whereby the latent
space was used along with ground truth labels in a supervised
fashion. It is not common within video game domains for there to
exist labelled trajectories with respect to play-style. Therefore,
the utilization of supervised approaches limits how easily a
model can be applied and as a result, we opt to employ an
unsupervised approach. We utilize a similar but unsupervised
approach to handling our video game-based trajectories which
have the added characteristic of being variable in length as well
as being multidimensional.

III. METHODOLOGY

We aim to solve the following problem: Given a set of tra-
jectories (X), can we identify a label (y) that categorizes each
trajectory (xi ∈ X) according to a unique style of play?

A. Play-Style Identification

Our unsupervised approach is based on two key steps. First,
we utilize an LSTM-autoencoder network to project a trajectory
into a lower-dimensional latent representation. We then perform
clustering on this latent space to discover clusters corresponding
to related trajectories in this space. The full system is depicted
in Fig. 1.

Algorithm 1: Preference-Based Trajectory Generation
(PBTG).

1: Procedure PBTG Environment E
2: Define a set of reward functions R
3: Initialize our set of trajectories T = {}
4: for all reward functions r ∈ R do
5: Use Q-learning to learn optimal policy π∗r
6: for n number of required Trajectories do
7: πn

r ← perturb(π∗r)
8: Generate t(n, r) from πn

r and append to T
9: end for

10: end for
11: end Procedure

1) Trajectory Encoding: An autoencoder works to recon-
struct each original input trajectory (xi ∈ X) after first encoding
it as a lower-dimensional state (zi ∈ Z). Formally, this is given
by (1).

zi = Encoder(xi) andx
′
i = Decoder(zi) (1)

Our specific model is a temporal autoencoder containing non-
stacked LSTM layers similar to Xie, Girshick, and Farhadi [14].
This allows the processing of varied length trajectories by feed-
ing the state at each time step into its own LSTM cell. These
cells (“A” in Fig. 1), learn to pass on the important information
in sequence until finally outputting a fixed-sized vector represen-
tative of our latent space (Z). The latent representation is then
decoded using (1) to obtain x′i, the reconstructed trajectory. The
network is trained using back-propagation through time [16].

2) Trajectory Clustering: Having projected the trajectories
into the latent space, we then cluster them. This clustering step
is performed on the set of all generated pairs of (xi, zi), where
xi ∈ X and zi is the output of the Encoder in (1). Each pair
(xi, zi) is clustered with respect to zi to form predicted labels
y′i. Since zi is a representation of xi we can use y′i as the cluster
label for the original data. Clustering using Z enables the use
of most clustering algorithms as there is no longer an issue of
varying length or temporal features.
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Fig. 2. Randomly generated grid world environments E1, . . ., E5.

TABLE I
OBSERVABLE PLAY-STYLES AND REWARD STRUCTURE

IV. EXPERIMENTS

A. Datasets

To validate the robustness of our method, we evaluate our
model on three different datasets (GridWorld, MiniDungeons,
and Mario). Both the GridWorld and MiniDungeons domains
are 2-D grid-like domains where a player seeks a goal with the
opportunity of completing other objectives. By generating this
set of trajectories we have access to the ground truth play-styles
and as a result, we use this domain to obtain a quantifiable
measure of performance. The second is an unlabelled set of
trajectories from the game Super Mario Bros [42]. This dataset
was collected from individuals and serves to showcase our
model’s performance in natural domains.

1) Grid World: To evaluate an algorithm for play-style iden-
tification, it is important to have multiple trajectories from a
set of different play-styles. Trajectory-based datasets labelled
according to style do not exist and therefore we generate data
to account for this. We distinguish two play-styles as being
different goals that could be reached by an agent. These we
model as different reward functions in the reinforcement learn-
ing paradigm. This idea of reward shaping has been used to train
a set of human-like bots with differing styles [43]. We utilize
this approach to generate a set of trajectories with differing
performance levels for multiple styles.

Our preference-based trajectory generation (PBTG) trajec-
tory generation approach (Algorithm 1) was used to gener-
ate 5 individual datasets Tn from five different environments
(E1, . . . , E5) with four varying play-styles (reward functions)
present. Each environment is a 10 × 10 grid world, as depicted
in Fig. 2. The environments each have a start state (S, in blue)
and a goal state (G, in green). Walls (black tiles) cannot be
traversed and trap states (red tiles) result in failure. The variety
in play-styles is introduced through the addition of two bonus
states (B1, in gold and B2, in cyan). These are the optional
objectives that a player with certain preferences might wish
to complete. The set of actions is the movement in any of the
four primary cardinal directions. Using this design we generated
data with four play-styles, as described in Table I. The set of
reward functions R used to emulate these behaviors is also
defined in Table I. Here, we defined large positive rewards for
the objectives we wished the agent to accomplish. The respective

TABLE II
MINIDUNGEONS PLAYER PROXY BEHAVIORS

Fig. 3. Example trajectories with state visitation counts (purple → yellow)
represented by shaded area for the six player proxies in the MiniDungeons.

bonus rewards were only given the first time an agent reached
eitherB1 orB2.Following the procedure outlined in Algorithm 1
we trained an agent for each of the combinations of R and E
for 20 000 episodes with discount factor γ = 0.99 and linear ε
decay to ensure our agent converges to the global optimal. The
state is given by the tuple (x, y, b1, b2) where x and y are the
Cartesian grid coordinates and b1 and b2 indicate whether an
agent has visited B1 or B2, respectively. Our dataset consists of
8000 randomly selected trajectories perR andE. Therefore, our
trajectory is a sequence of time steps in the form of (x, y, b1, b2).

2) Mario: This dataset consists of 74 playthroughs across 11
different levels of Super Mario Bros. These playthroughs were
each captured by logging the actions of a unique human partic-
ipant [42]. We then refactored this data into a trajectory, where
each time step represents the current state of the playthrough at
that point. We defined a state as a tuple given by (j, k, r, c, d, e),
where j is the number of jumps, k is the number of enemies
killed, r number of times the player has started running, c the
number of coins collected, d the number of times the player died,
and e the unique action encoding.

3) MiniDungeons: MiniDungeons is a 2-D top-down dun-
geon exploration game, and is a common benchmark research
domain for modeling and understanding human play-styles [44].
We use a dataset of player trajectories generated using six
player proxies [45]. The state at each timestep is defined as
a 15-D vector which encodes event information up until that
current timestep and aims to track higher-level player tactics.
Table II describes the different play-styles corresponding to the
six player proxies as well as their corresponding behavior with
example trajectories depicted in Fig. 3. We combine trajectories
generated across multiple different levels to form our training
and testing sets.
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B. Training

We trained models for seven different environments:
E1, . . . , E5,Mario,MiniDungeon. To ensure consistency across
domains we used the same parameters for all models. The
activation function employed was ReLU. The LSTM cells had
output sizes of 20, and the latent vector representation and output
layer had a size of 8. The models were trained for 10 000 episodes
using the Adam optimizer with a learning rate of 0.001 using
mean squared error as the loss function.

C. Clustering

For the clustering step, we evaluated both k-means and Gaus-
sian mixture models (GMMs). For both algorithms, the number
of clusters were 4, 6, and 8 for the Grid World, MiniDungeons,
and Mario domains, respectively. For k-means and GMM, we fit
our data using 100 restarts and a maximum iteration of 10 000.
In addition, k-means used a tolerance of 0.0001 and GMM used
a “full” covariance type. Although our model is completely
unsupervised, we do compare the ground truth cluster labels (yi)
with the predicted labels (y′i) to validate accuracy on complete
trajectories. This validation step uses (2) and (4). First, (2)
finds the best match between the cluster assignments from an
unsupervised algorithm (y′i) and a ground truth assignment (yi),
where m ranges across all possible one-to-one mappings and n
is the number of data points [46].

Accuracy = maxm

(∑n
i=1 1{yi = m(y′i)}

n

)
. (2)

Second, (4) defines a confidence measure (k) giving the probabil-
ity vector that a given trajectory x belongs to a particular cluster.
This is determined using (3) which calculates the Euclidean
distance vector d between x and C, where C is the set of
centroids determined through the clustering step.

d(x) = ||C − Encoder(x)||22 (3)

k(x) =
exp(d

−1
(x))∑

exp(d
−1
(x))

. (4)

Additionally, since identifying play-styles on partial trajecto-
ries is a key feature, we need to perform a similar evaluation
step on these partial trajectories. To this end, we calculate
the total accuracy using Algorithm 2 as the average correctly
labelled predictions for every trajectory (t ∈ Tn). In this case,
our predicted label (y′) is determined by first calculating the
weighted moving average confidence (WMAC) [47] over all partial
trajectories (p ∈ t) using (5). Here, ki represents the confidence
calculated using (3) and (4) as k(p) where p← t[0 : i] and the
weighting w ← m(m+1)

2 where m is the length of t. The cluster
with the highest confidence is then selected as our predicted
label and compared to the corresponding ground truth label y.
This process is then repeated for all (t ∈ Tn) with our final
partial trajectory accuracy (PTA) being the percentage of correct

Algorithm 2: Partial Trajectory Accuracy (PTA).
1: Procedure PTATn

2: for all Trajectories t ∈ Tn do
3: w ← (m)(m+1)

2 �m is the length of t
4: Calculate WMAC with all partial trajectories s ∈ tm

using (5)
5: y′ ← argmax1≤j≤NWMAC�N : number of clusters
6: If y′ matches ground truth y then
7: PTA← PTA+ 1
8: end if
9: end for

10: PTA← PTA
n

11: end Procedure

Fig. 4. Heatmap of visited states comparing 8000 clustered trajectories sep-
arated by our model (bottom) and original trajectories separated by reward
function (top) for E1.

predictions.

WMAC =

m∑
i=0

(
ki × i

w

)
. (5)

V. RESULTS AND DISCUSSION

Through the results of our experimental analysis, we demon-
strate the ability of our model to accurately cluster game tra-
jectories into their respective play-styles on both complete and
partial trajectories. Additionally, we show how interpretable
descriptions for each play-style can be recovered.

A. Complete Trajectory Clustering

To demonstrate the effectiveness of our model in identifying
play-styles, we plotted heat maps of the trajectories in each
cluster as well as the original trajectories for each r ∈ R for
E1. In Fig. 4, we observe that there is a correlation between
heat maps for both the clustered trajectories and the original
trajectories separated by reward function. This shows firstly,
that the desired behaviors in Table I are represented in the
data through the use of the rewards in Table I. Secondly, we
observe that the clustered trajectories depict the same behavior.
For example, R4 sees the agent move to both bonus objectives
(top-right in 4) and the same behavior is observed in the corre-
sponding clustered set (bottom-right). For quantitative analysis,
we directly compared the set of all predicted labels (y′) with
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TABLE III
COMPLETE AND PARTIAL TRAJECTORY CLUSTERING ACCURACY

Fig. 5. Change in play-style prediction over time for two particular trajectories
from the Mario dataset.

the set of all ground truth labels (y) for each Environment
(E1, . . . , E5,MiniDungeons) using (2). This resulted in the
clustering accuracies shown in Table III for both clustering
algorithms. Table III demonstrates our model’s ability to ac-
curately cluster play-styles from completed trajectories across
multiple varying environments. In particular, we note, weaker
performance within the MiniDungeons domain resulting from
the higher complexity due to the dataset containing trajectories
from multiple levels.

B. Partial Trajectory Clustering

To investigate the ability to identify play-styles during game-
play, we clustered partial trajectories and measured the change in
clustering confidence as a function of time. This was achieved
using Algorithm 2 with the results depicted in Table III. We
observe that an environment where trajectories are initially
similar such as E1 has a lower clustering performance. This
indicates that the play-styles are initially well aligned while only
diverging after some time.

Fig. 5 depicts the change in cluster assignment over time
for two particular trajectories from the Mario domain. Here we
observe that two initially different trajectories converge to the
same play-style. Based upon initially differing behaviors it is
natural for them to change over time and even converge, based
on the changing dynamics of a video game. The occurrence
of fluctuations indicates regions of uncertainty in our model
indicative of cross-over regions between play-styles. This is the
main benefit of identifying style temporally as developers or
players have a far denser signal indicating where and when styles
become uniquely distinguishable.

Fig. 6. Clustering assignment over time separated by identified clusters over
all five grid environments.

To demonstrate the efficacy of our partial clustering over time
we analyzed all trajectories separated by the identified clusters
across all five grid environments (E1, . . . , E5). This aggregation
is possible since the play-styles we are trying to recover are
the same across these different environments, as they would be
across multiple levels in a video game. Fig. 6 depicts the results
of this, where we observe that for all environments the clustering
assignment converges to a unique cluster. This demonstrates that
across multiple trajectories our approach to partial trajectory
clustering produces consistent desired results.

The PTA (Algorithm 2) is shown in Table III and considered
every partial trajectory (p) starting with just the first state in
the trajectory (p = t[0]), then gradually expanding it to include
more states (p = t[0 : 1], p = t[0 : 2], . . . , p = t[0 : n]), where
n was the length of trajectory t. The accuracy does decrease
using partial trajectories, but not by a significant amount. This
decrease, however, is to be expected with play-styles sharing
similarities, most notably the start location. Taken together, these
results demonstrate the robustness of the clustering model to
unseen data within the domain as well as demonstrating our
ability to quickly identify the correct play-style.

VI. IDENTIFYING PLAY-STYLE CHARACTERISTICS

In the case of our grid world domain, we have shown that we
can group trajectories based on an expected semantic meaning
encoded into the data. However, it is not commonly the case
that the semantic meaning behind clusters is known beforehand.
The characteristics of each cluster need to be identified for the
grouping to be useful for developers or players. We analyze the
frequency (fk) of state (s) occurrences across the identified
clusters (k) to identify state-based play-style characteristics
defined by (6). A state is an individual time step within a
trajectory. In (6), σ, si ∈ S, where S is the set of all possible
states, and n denotes the number of different states. To identify
play-style characteristics we identify the shared, differing and
unique states across all play-styles.

fk(σ) =
n∑

i=1

1[si = σ]. (6)
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Fig. 7. Frequency of shared states observed relative to all play-styles for
MARIO (excluding nonvisited states).

Fig. 8. Shared states observed between Cluster 3 and 1 for E4 (excluding
nonvisited states).

1) Shared States: The shared states between play-styles are
calculated as the combined frequency for each common state. A
state is said to be common if it exists within trajectories in both
clusters. Frequencies are combined by selecting the minimum
frequency between the two clusters for each particular state (σ).
For example, the similar states between clusters 1 and 3 as seen in
Fig. 8, are computed as min(f1(σ), f3(σ)). Here, it is observed
that both play-styles congregate around B1 and after obtaining
B1 which results in the change in state to B1 = 0, both play-
styles head towards the goal. It is also outside of these regions,
where min(f1(σ), f3(σ)) = 0, which we can conclude that these
play-styles diverge.

We conducted an analysis of the number of shared states for
all possible play-style pairs of fk in MARIO. Our findings are
presented in Fig. 7, where there is a strong correlation along
the diagonal. This significant correlation provides evidence that
our model effectively separates trajectories into distinct diverse
clusters.

2) Differing States: The difference between two play-styles
at a state-based level is calculated as max(fk − fh, 0). Concep-
tually, this can be considered the frequency of state occurrences
for a given play-styles k given this state does not occur for
play-style h. The conclusion of divergence mentioned above is
redemonstrated here in Fig. 9 which depicts the differing states

Fig. 9. States found in Cluster 1 without any of shared states with Cluster 3
(max(f1 − f3, 0)).

Fig. 10. Unique states for Cluster 1 for E4 (excluding nonvisited states)

between clusters 1 and 3. Here it is observed that the states
surrounding B2 are found in cluster 1 but not in cluster 3 which
also corresponds with the expected behavior. This behavior is to
go to the goal after obtaining B1 rather than also going to obtain
B2.

3) Unique States: To determine the states which are
unique to a particular play-style we solve for max(fk(σ)−
(
∑3

h=0[fh(σ)];h �= k), 0). Here, uniqueness emerges when a
particular state occurs more than the total frequency for that
state in all the other clusters. In particular, we observe in
Fig. 10 that the unique states for cluster 1 reside in the top
right of the map for E4 when B1 = 0, B2 = 1 as well as when
B1 = 0, B2 = 0which expectantly corresponds to behavior 4 in
Table I. These unique states for cluster 1 (k = 1)were calculated
as max(f1(σ)− (

∑3
h=0[fh(σ)];h �= 1), 0).

By observing the unique states as well as where the clusters are
similar and different we can formulate a deeper understanding
of the behaviors associated with each cluster. Applying the same
form of analysis to the Mario dataset, shown in Table IV, allowed
us to discover the meaning behind the identified clusters. For
example, we note that cluster 0 corresponds to players who die
the least while cluster 2 contains players who are more likely
to collect coins while also killing enemies. By engaging in this
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TABLE IV
THREE MOST FREQUENT UNIQUE STATES FOR EACH IDENTIFIED CLUSTER FOR

ALL THE TRAJECTORIES IN THE MARIO DATASET

Fig. 11. Decision boundary points indicated by green squares for Cluster 1.

behavior we see that they are more likely to die. Lastly, cluster
1 players tend to jump the least while also ignoring picking up
any coins.

VII. IDENTIFYING STYLE DECISION BOUNDARIES

Using state-based frequency analysis for unique state dis-
covery allows us to understand the regions in which players
of a particular play-style should occupy. However, this ap-
proach does not reveal what decisions said player will make
during gameplay to reside in those locations. The limitation
of utilizing state-based frequencies for comparison is that this
process ignores the temporal nature of trajectories. We incorpo-
rate this temporal knowledge into our play-style characteristic
identification approach by locating the states which constitute
the boundaries between play-styles. It is at these points where
players decide to perform some action which is highly indicative
of a particular play-style. This is achieved by determining the
confidence in each play-style over time for the trajectories
separated by our model. This confidence is calculated using (4)
with the value stored in the final state σ of the current trajectory
x. The neighbours of each state are also determined as any state
which is a single time-step away. Therefore, a state is consid-
ered to be a boundary point if the variance between the confi-
dence values of its neighbors exceeds a threshold parameter. In
Fig. 11, we observe that when B1 = 0, B2 = 1 there is a tran-
sition boundary after moving up through the middle corridor
where a player could then either go left or right. Here, the
play-style prediction accuracy greatly increases if one chooses to

Fig. 12. Decision boundary points indicated by green squares for Cluster 2.

travel left while the accuracy for other actions is far less. This is
per the behavior of this particular cluster which is, as previously
indicated, to obtain B1 and head to the goal. The converse can
be observed in Fig. 12 which represents the boundary points for
cluster 2. For this case, the behavior was to obtain B2 followed
by going to the goal. Once again after a player gets to the end
of the corridor they need to decide whether to go left, right or
back down, however, once the player decides to go right, the
prediction accuracy greatly increases as opposed to following
any of the other actions. As a result of this designers would only
need to identify how a particular player acts around a small finite
set of decision points to classify a player’s behavior.

VIII. DETERMINING THE NUMBER OF PLAY-STYLES

A limitation of clustering lies in the choosing of k (expected
number of clusters). By choosing k our resultant number of
play-styles is not guaranteed to represent the true number of
unique play-styles within a certain domain. This is a well-known
issue related to both k-means and GMM approaches. A common
solution, which we have also used previously [45], has been to
employ the ELBOW technique [48]. However, we can utilize the
identified shared, differing, and unique characteristics of each
cluster to validate the correct number of clusters. By considering
whether the frequency of the most unique state was too large
or small we could raise and lower the number of clusters we
identified. For example, if the frequency of unique states was
very low, the particular cluster would be considered too similar
to another. In particular, this is achieved by identifying for which
value of k the average uniqueness across clusters first stops
decreasing. Fig. 13 depicts the average uniqueness across all the
identified play-style clusters for differing values of k calculated
using (7). Here, it is observed that forE5 it is best to use 4 clusters
to represent all the different play-styles, such that all clusters
have a substantial number or unique states. This approach was
also employed to determine the optimal number of clusters for
the MARIO domain, ultimately determining that the appropriate
number of clusters is three.

n∑
k=0

(
max

[
fk(σ)−

(
n∑

h=0

[fh(σ)];h �= k

)
, 0
])

. (7)
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Fig. 13. Average uniqueness across all clusters versus the number of clusters.

Fig. 14. Mean trajectory for cluster 1 represented as a visitation map.

IX. MEAN PLAY-STYLE TRAJECTORY

An added benefit of utilizing our autoencoder clustering
approach is the ability to utilize the precomputed centroids
for each cluster to determine examples of general play-style
behaviors. We accomplish this in two ways, the first being to
directly feed the centroids through the decoder to generate a
mean trajectory. This is possible since the centroid itself exists
within the generated latent space of our network. Therefore
it can be reconstructed similarly to any other encoded vector.
However, this does not guarantee that the trajectory is valid.
Our second approach which can be seen in Fig. 14 is to take the
closest real encoded trajectory to the centroid and use that as the
mean trajectory. This approach to generating mean play-style
examples can be used to better describe the expected behavior
for a particular style. In this case, we can see the generalized
behavior for this play-style is to head to B1, then B2, and finally
to the goal. Additionally, we can cluster new unseen trajectories
using the mean trajectories for each style by applying the longest
common sequence (LCS) algorithm [49]. Here the trajectory
would belong to the play-style whose mean trajectory shared
the LCS of states. By applying this method we obtained results
seen in Table V comparable to that of our unsupervised approach,
however in some cases, particularly for E1 and E5 we observed
notably greater clustering accuracy. We note that the high play-
style prediction accuracy is due to the mean trajectories for
both E1 and E5 being highly correlated to the expected general
behaviors for each play-style in those environments. Visualizing
higher dimensions in this fashion is difficult, however, with this

TABLE V
COMPARISON BETWEEN LCS CLUSTERING WITH MEAN TRAJECTORIES

VERSUS OUR LSTM AUTOENCODER MODEL

approach, we can obtain state-transition dynamics representative
of generalized behavior for both Mario and MiniDungeons.

X. CONCLUSION

This article presented an approach to generating inter-
pretable play-style descriptions using an unsupervised LSTM-
autoencoder clustering model on variable-length trajectory data.
Although our model does not generate the interpretations itself,
the descriptions are readily interpretable by designers as per our
discussions. We expand upon prior work [1] which demonstrated
the ability of our model to accurately recover underlying play-
styles in an unsupervised as well as the ability to characterize the
identified styles. First, we expanded upon this work by further
demonstrating the model’s ability to work in the MiniDungeons
domain. Second, we proposed our technique of identifying the
decision boundaries between play-styles which can be further
utilized to describe a player’s behavior. Third, we dealt with
the issue of determining the appropriate number of play-styles
within a domain by utilizing our unique state analysis. Last,
we showed through the utilization of a play-styles centroid
trajectory that generalized mean behaviors can be recovered.
All of these components combined go further to describe both an
individual’s behavior as well as the set of all behaviors possible.
Importantly, these descriptions can be created from partial tra-
jectories, crucial for the usage of such methods during gameplay.
This component makes it easier for developers and players
not only to understand how an individual plays, but also how
that individual compares to others of differing styles, thereby
allowing players or developers to make more informed decisions
on which aspects they should change. In future work, we could
look to apply our model to nonstationary players, whereby their
behavior changes temporally. Since human players may learn
and evolve it would be beneficial to have a model robust to
these changes. Future research on identifying play-styles from
trajectories could explore two promising avenues: Utilizing
image-based autoencoders and modern attention-based models.
By leveraging image-based autoencoders, our model can analyze
screen recordings instead of state-based trajectory representa-
tions. Capturing these visual patterns could improve our un-
derstanding of play-styles and enhance the model’s integration
capabilities. Additionally, incorporating attention mechanisms
in our model could also allow us to focus on relevant aspects of
gameplay, and capturing intricate relationships between play-
styles and trajectories. Lastly, creating an annotated dataset of
human play traces encompassing diverse play-styles enriches
the training process, enabling our model to learn nuanced pat-
terns and characteristics associated with different play-styles for
improved accuracy and generalization.
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