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Abstract. In this paper we propose a new method for analyzing team strategies from
the action records during a game in RoboCup soccer simulation 2D league. In the soccer
simulation 2D games, log files are mainly used to analyze the strategies of teams. Be-
ing able to design appropriate strategies of teams, we need to identify the performance
of players and relationship between players in the teams. For this purpose, firstly, we
use a natural language processing method which is called Word2vec. Word2vec translates
the action and players into real vectors from log files. The real vectors are then used to
perform clustering of players. As different teams may have different strategies, according
to the clustering results of players, it is possible to grasp the similarity of teams, play-
ers, and then choose an appropriate strategy to play against the opponent team. With
the proposed method, we also conduct some experiments with different teams and show
effectiveness of the proposed method.
Keywords: Sports data analysis, RoboCup soccer simulation 2D, Word2vec, Clustering

1. Introduction. In RoboCup soccer simulation 2D games, one of the essential parts
in developing a team is to analyze logged information of games. We can set appropriate
strategies to win a competition if we know how the players in the team move throughout
games.

However, many researches on the analysis of RoboCup soccer 2D games mainly focus
on characteristic quantities, such as possession percentage of the ball, the number of
passes, dribbles, and shoots. These cannot show any clear connection between players
and/or between teams. This is because it is hard to really understand the performance
of a player only by paying attention to these characteristic quantities. For this reason,
according to the logged information we need a method which shows the information of
players’ performance during the games. This will well represent the strategy formation of
teams and the relationship between players and teams, and then decide a suitable strategy
to win the game.

Therefore, this paper proposes a method which identifies some relationships between
any players in a team and can also indicate some similarities between teams. To achieve
this, at the first step, we also need some characteristic quantities. In this paper we
only focus on pass and dribble as the features. We extract passes and dribbles from log
information and save into a corpus, and then use Word2vec [1-3] which can translate
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actions and players into real vectors. Get the vectors used for the following clustering
step. Being processed by clustering the players will be divided into several groups. Players
in the same group have strong relationship during games. Based on the group distribution
of players we calculate distance of each different teams. Finally, according to the team
distance space, we can know the similarity of any teams.
This paper is organized as follows. Section 2 describes what the RoboCup is and also

some more details on the RoboCup soccer simulation 2D league are explained. Section 3
introduces the proposed method in detail. In Section 4 we conduct some experiments to
show the results of our proposed method. Section 5 is the conclusion of this paper.

2. RoboCup. RoboCup [4] is an annual international scientific robot competition in
which teams of multiple robots compete against each other. RoboCup soccer simulation
2D league is one of the competition groups in RoboCup.
A RoboCup soccer simulation 2D game is simulated on computers that calculate the

physics of the objects such as the ball and the players. The simulator, which is called
a soccer server, generates two types of log files at the end of each game. The log files
comprise information about the game, in particular about the current status of all players
and the ball including their velocity and orientation at each cycle. The actions available
for players are body-turn (change the players’ body direction), neck-turn (change the
players’ view angle), dash (used to accelerate the player in direction of its body), kick
and others. A soccer simulation game in the RoboCup simulation 2D league lasts for ten
minutes in total except for over time. The simulation time is discrete, that is, a game
consists of 6000 cycles where the length of each cycle is 100ms. In this paper we will
concern the actions such as pass and dribble which involve primary actions such as kick
and dash commands.

3. Proposed Method. The proposed method in this paper consists of four main com-
ponents: (1) to extract actions from log files, (2) to obtain the vectors of actions and
players based on Word2vec, (3) to perform clustering for actions and players, and (4)
finally construct a distance matrix for teams. Figure 1 shows the overall structure of the
proposed method.

Figure 1. Framework of the proposed method
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3.1. Action extraction based on log files. This is a key step to analyze game logs.
Although the soccer simulator records games in log files, it is difficult to directly analyze
them because the information in the log files is too raw for human being to understand. In
order to analyze the games using a natural language processing method, a corpus should
be generated. A corpus includes the series of actions of players during a game. In the
proposed method, an action is considered to be a word in a sentence, and a sequence of
actions can be considered as a sentence in the field of natural language processing. A series
of actions is defined as a sequence of actions of a single team without any intervention
by the other team. In this paper, we only consider pass and dribble actions. The other
actions such as shoot, tackle, and intercept are ignored. In this paper a pass is defined as
follows.

Pass : Kick(i) −Kick(j) (1)

This means that a pass is defined as two subsequent kick commands by different players
from the same team. A dribble is defined as follows.

Dribble : Kick(i) −Dash(i) −Kick(i) (2)

A dribble is defined as more than one succeeding combination of kick and dash commands
by the same player. The indices i, j = 1, . . . , 11 in (1) and (2) are the player’s uniform
number.

And we set a constant min count in corpus to 15, which means if the player or action
less than 15 times in a corpus it will be ignored. For example, there is no one pass between
goalie and one of team members. This situation does not help us to analyze games. So,
it should be ignored.

Figure 2 shows an example of extracted actions from a log file of a game. In this figure,
different colors represent different players. To save the actions into corpus, we consider a
sequence of actions as one line, which means that from the time the team gets the ball
until the ball is intercepted by its opponent team, all the actions are treated in one line
in the corpus. By this processing, we can obtain a corpus which includes the description
of the team actions.

Figure 2. Example of extracted actions
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3.2. Learning representation by Word2vec. By the procedure described in the last
subsection, we obtain a corpus of actions. In order to convert actions to real vectors, we
use Word2vec [1-3] using the generated corpus to train neural network.
Word2vec is a tool often used in the field of natural language processing. It has been

applied to many research tasks such as sentiment analysis [7,10] and text classification [8].
Word2vec uses a set of one-to-one mapping model from a word to a real vector. In the
proposed method, the actions and the number of players are extracted and included in
the corpus as described in the last subsection. Otherwise, the actions or players cannot be
converted to real vectors. In Word2vec, it is possible to discover the relation among words
in the corpus. Thus, it can be applied to the analysis of simulated soccer games. The
dimensionality of the real vector should be set large enough so that the distance between
actions and players can be grasped easily by human being. In this step, not only actions
but also players (in fact players’ uniform numbers) are converted to their corresponding
real vectors.
Figure 3 shows an example of converting an action and player to a real vector. Player

4 passes the ball to a player who is in front of him. Before processing by Word2vec, the
action and player are recorded as strings in the corpus as in Figure 3. Then, Player 4 and
the pass action are translated into vectors as in the right section of Figure 3.

Figure 3. An example of converting an action to a vector

3.3. Clustering. As described above, we extract the actions of all players and convert
them to real vectors in order to investigate the team performance and the relationship
between actions and players. For the clustering, we pay attention only to players.
In the step of clustering, the number of clusters k is set to 5. In the previous section

(Subsection 3.2), after processing by Word2vec, we obtained the vector of each player,
through which we used k-means to apply the clustering to the vectors that are correspond-
ing to the players. The clustering results divide the players into five groups. It is seen
that the players in each group are highly correlated. Then we can calculate the distance
[11] between each team in space based on the grouping results of players, so as to measure
the similarity between teams by distance, indicating that the team is very similar. In the
end, when we get to distance space, we do one more clustering, so we can separate the
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teams from the other team which is far away. Of course we can also know the similarity
of teams from the result.

Figure 4 indicates the information what we can obtain from clustering. From the first
result of clustering we can see that the players of the team are divided into different
groups, which means that these players have strong connection in the same group. The
second clustering based on distribution of players gets from the first step. Finally, it will
be shown which teams are similar to each other.

Figure 4. Two processes of clustering

4. Experiment and Analysis. In this section, we conduct a series of experiments to
show the performance of our proposed method and examine the results if useful informa-
tion can be discovered or not.

4.1. Data preparation. For evaluating our method, we need to prepare the data set
that is necessary for the analysis. We use recorded log files from 2D soccer simulation
matches among six teams. The main data set that we use throughout this paper are log
files that were generated from 1,500 matches among the following teams: opuSCOM2018,
Agent2D [12], Ri-one2017 [13], HillStone [14], HELIOS2017 [15] and Fifty-Storms [16].
Each team had 100 rounds of games against the other teams. A corpus was generated
so that it only contains the actions and players from the same team. That is to say, one
corpus corresponds to only one team and six corpuses were generated in our experiments.
In this experiment, we will analyze each team’s game separately, and then compare each
result.

4.2. Clustering of games. We will do clustering twice in the experiment. First is clus-
tering for the elements such as actions and players, and the other is for finding which team
is similar to which team. By the first clustering based on the real vectors of players and
actions, we construct a matrix that shows if any players or actions are in the same cluster
(1) or not (0). The diagonal element (i.e., the identical player or action) is set to 0. Thus,
this generates a clustering space which represents the relationship between the actions
and players in the team. Table 1 shows the clustering results for Team opuSCOM2018.

As we can see from Table 1, Player 4 and Player 7 are in the same cluster because
plenty of passes were done between these two players in whole game logs. In other words,
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Table 1. Clustering result of elements (opuSCOM2018)

Num 1 2 3 4 5 6 7 8 9 10 11
1 0 1 1 0 1 0 0 0 0 0 0
2 1 0 1 0 1 0 0 0 0 0 0
3 1 1 0 0 1 0 0 0 0 0 0
4 0 0 0 0 0 0 1 0 0 0 0
5 1 1 1 0 0 0 0 0 0 0 0
6 0 0 0 0 0 0 0 1 0 0 0
7 0 0 0 1 0 0 0 0 0 0 0
8 0 0 0 0 0 1 0 0 0 0 0
9 0 0 0 0 0 0 0 0 0 0 0
10 0 0 0 0 0 0 0 0 0 0 0
11 0 0 0 0 0 0 0 0 0 0 0

Table 2. Distance of teams without dribble

opuSCOM Ri-one HillStone Agent2D HELIOS Fifty-Storms
opuSCOM 0 4.69041576 5.099019514 2.449489743 6.0 3.16227766
Ri-one 4.69041576 0 4.898979486 6.164414003 5.291502622 5.656854249

HillStone 5.099019514 4.898979486 0 4.898979486 4.472135955 5.656854249
Agent2D 2.449489743 6.164414003 4.898979486 0 5.291502622 4.898979486
HELIOS 6.0 5.291502622 4.472135955 5.291502622 0 4.69041576

Fifty-Storms 3.16227766 5.656854249 5.656854249 4.898979486 4.69041576 0

Table 3. Clustering of similarity without dribble

opuSCOM Ri-one HillStone Agent2D HELIOS Fifty-Storms
opuSCOM 0 0 1 0 1
Ri-one 0 0 0 0 0

HillStone 0 0 0 1 0
Agent2D 1 0 0 0 1
HELIOS 0 0 1 0 0

Fifty-Storms 1 0 0 1 0

Table 4. Distance of teams with dribble

opuSCOM Ri-one HillStone Agent2D HELIOS Fifty-Storms
opuSCOM 0 5.656854249 4.242640687 1.414213562 3.16227766 5.656854249
Ri-one 5.656854249 0 3.741657387 4.242640687 2.828427125 4.472135955

HillStone 4.242640687 3.741657387 0 4.242640687 4.472135955 4.242640687
Agent2D 1.414213562 4.242640687 4.242640687 0 4.242640687 4.0
HELIOS 3.16227766 2.828427125 4.472135955 4.242640687 0 5.830951895

Fifty-Storms 5.656854249 4.472135955 4.242640687 4.0 5.830951895 0

it becomes clear that these two players have a strong relationship in this team. After
obtaining the clustering result for all the teams, the distances of each pair of teams
are calculated. Thus, a distance matrix of the teams is generated. Clustering of teams
according to distance matrix reveals the similarity of teams. Tables 2-5 show the results
of the proposed method.

4.3. Discussion. The conversion of actions and players into real values depends on the
training corpus. Thus, the number of game logs and the parameters in Word2vec has
an impact on the generation of the real vectors. Even if the same parameters are set,
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Table 5. Clustering of similarity with dribble

opuSCOM Ri-one HillStone Agent2D HELIOS Fifty-Storms
opuSCOM 0 0 1 0 0
Ri-one 0 0 0 1 0

HillStone 0 0 0 0 1
Agent2D 1 0 0 0 0
HELIOS 0 1 0 0 0

Fifty-Storms 0 0 1 0 0

different formations of team strategy can also result in different clustering results due to
the randomness in the initialization process of the neural networks in Word2vec.

In our experiments, the dimension of the vectors is set to 200, and the number of
training iterations is set to 100.

5. Conclusions. In this paper, we proposed a new method to analyze simulation 2D
soccer games. This paper presented the possibility of identifying the performance of
players and the similarity of teams. A sequence of actions among players is the focus
on this research. A single action without any player information is not enough to obtain
useful information on the strategy of teams and even do not know how to improve the
ability of team for future competition. This paper proposed a method that converts the
binary format actions and players to translate into text corpus and then used Word2vec to
convert it to real vectors. At the final phase use k-means to clustering based real vectors
of players and actions to generate group of distribution. Use the distribution to calculate
the distance of teams, which can find a team is similar to other teams.

However, we need more experiments to confirm the results whether any two teams are
really similar in the future. The method of this paper is in the beginning of the research
work. The next step is to further improve the certainty of clustering result based on
players and use other teams. In the experiments of this paper, the number of players
is fixed. If the teams have different types of players’ number for different games, this
will result in totally different consequence. Furthermore, the results of this study should
be used in the actual analysis task of games. Certainly there is another future research,
which is to extract more useful information or actions such as tackle shoot from log files.
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