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Abstract

The purpose of this study is to learn attack
strategies for the soccer game from real world
soccer data. Previous studies have shown that it is
possible to learn reliable AI agents from human
behavior data. We show that by learning passing
behavior from a real soccer team, it is possible to
obtain the same passing patterns as exist in human
tracking data. We also shows that typical rule-based
soccer Al teams have significant differences in
passing behavior compared to real teams.

1.Introduction

Recently, efficient game Al systems that can
defeat human players have already been developed
for many genres of computer games [2]. However,
skill is not the only requirement for game Al. Its
original purpose is to contribute to user
engagement. Studies show that people generally
prefer playing with other people rather than with
bots [3], Therefore, the goal of creating a realistic
human-like Al agent is important for actual game
development [4, 5].

The importance of Al believability is especially
high in computer simulations of real games such as
sports video games. Computer soccer and
basketball players are hoping to faithfully
reproduce their favorite sport, such as expressing
athletes' behavior realistically. This task can be
approached by learning behavioral patterns from
real human tracking data, as demonstrated in
several recent studies [6, 7].

Our ultimate goal is to create a team that behaves
like a human in a soccer video game by learning
from data obtained from real soccer games. Since
this is a complex task involving numerous different
objectives, we are trying to address some of them
independently. Our experimental setup is based on

the SimpleSoccer simulator with an Al engine
developed by Mat Buckland [8]. It has a built-in
rule based Al, which we call a default algorithm

[1].

2.Method

2.1 Passing action

Passing is one of the key elements of soccer team
strategy. Characteristic passing patterns can also be
observed at the individual team and player level, so
they are probably related to specific human-like
behavioral characteristics that the player can
recognize. In addition, passes are abundant in every
soccer game, making them easy to classify and
compare [1].

One of the main assumptions of this project is the
availability of a limited dataset of player tracking
data. As the adoption of tracking systems expands,
the availability of such data is generally expected to
increase. However, typical professional soccer
teams only play dozens of games per season, so
relying on small data samples to learn team-specific
behavior patterns, especially to handle relatively
rare game events is needed. Because an average
professional team makes about 365-370 passes per
game [9], it is possible to expect to learn its passing
behavior that will be distinguishable from other
teams.

Given these considerations, we decided to
conduct a preliminary experiment using the method
used in our previous projects [10, 11]. They rely on
a combination of case-based reasoning decisions
and a database of human behavior, such as Markov
chains. In brief, agent knowledge is represented as
a graph, having individual game situations as
vertices, and actions as weighted edges. it
represents the fact that the situation A turns into the
situation B as a result of a certain action during the



learning phase. A decision making algorithm tries
to find the best match for the current game situation
and acts accordingly.

For learning passing behavior, each game
situation is represented as a set of the following
attributes:

e The coordinates of the player with the ball

(the passer) in the 18%10 grid.

e The “danger to move forward” heuristic
estimation on the scale of 0 to 5 (depends
on the distance to the nearest opponent in
the forward direction).

e The current movement direction of the
passer (8 directions are supported).

e The direction (0-7) of the closest opponent
(from the passer’s perspective).

e The distance to the closest opponent (from
the passer’s perspective), on the scale from
0to 2.

e The ‘“safest pass danger” heuristic
estimation on the scale of 0 to 5 (depends
on locations of both teammates and
opponents).

e The “safest forward pass danger” heuristic
estimation on the scale of 0 to 5.

e The Boolean attribute indicating that at
least one safe pass (with danger estimation
of 0-2) is found.

Each action we learn is a pass action,
characterized by the coordinates of both sending
and receiving players. STATS.com "Soccer Dataset
[12]" is used as a training set for the learning
algorithm. It consists of 7,500 game sequences,
represented with series of game situation snapshots
taken at a rate of 10 snapshots per second. Each
snapshot (frame) contains the coordinates of all 22
players and the ball. The sequences are taken from
real European League matches and represents
approximately 36 hours of play time. Since there is
no event markup in this data, we use a simple rule
-based algorithm to detect passes using closeness of
the ball to individual players as a criterion of ball
possession.

2.2 Shot action

Our set does not contain shooting actions, we
needed to implement a feature of Al simulation of
the shots on goal. We made an algorithm
determining whether PWB (a player with ball) can
shoot to a goal or not. If there are enemy players
between the goal and PWB, it is difficult for PWB
to shoot. The following method was used to
determine if the enemy players(except a
goalkeeper) were inside or outside a triangle
consisting of the coordinates of the PWB and the
coordinates of the edge of the goal [Figure 1].
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Figure 1. Calculate area of triangle formed.
Each coordinate is defined as follows.
e PWB: A(xl,yl)
e [eftside of goal: B (x2, y2)
Right side of goal: C (x3, y3)
Enemy players: P (x, y)
The area of triangle ABC is calculated as follows.

2 X132 = p3) +x2(y3 —y1) +x3(r1 = »2)|
Using this method, the areas of triangles ABC,
PBC, PAC, and PAB are calculated. We check if
total area of triangles PBC, PAC, and PAB is same
as triangle ABC. If this calculation is correct, a

second player is inside a triangle surrounded by the
coordinates of the PWB and the goal. Next we
check if we can use a function to find a second
player around the ball (sometimes two players are
close to each other and it is impossible to shoot). It
is very hard to shoot from an acute angle when the
player is not in front of the goals, and it is very
difficult to shoot far from the goals. If there are any
of these problems, PWB will determine that it is
impossible to shoot, otherwise it will determine that
it is possible to shoot.



3.Result

3.1. Pass algorithm

To evaluate the performance of a new passing
algorithm, we compared the characteristics of
passes made by the new algorithm, the old (default)
algorithm, and by the real-life teams. We simulated
a number of Al vs. Al matches using old and new
algorithms until 500 passes are made in each case,
and extracted 500 random passes from the
STATS.com dataset. The passes were classified
according to their length and direction (see Table 1
and Table 2) .

TABLE I. PASS LENGTH DISTRIBUTION
Pass length, m (%)

Team | 0-10 | 10-20 | 20-30 | 30-40 | 40+

2:fault 0.00 | 11.74 | 52.84 | 27.84 | 7.58

i:w 17.44 |1 47.29 1 20.74 | 7.36 | 7.17

Real 28.40 |1 49.63 | 16.89 | 3.71 1.37

Teams

TABLE II. PASS DIRECTION DISTRIBUTION
Pass direction (%)

Team FW | FR [ R BR | B BL | L FL

Defailt | 8 11 | 21 11 8 9 17 14
Al

New 16 14 17 10 4 7 16 16
Al

Real 10 14 16 12 9 12 15 12
Teams

To compare passing patterns, we represented pass
length and pass direction values for different teams
as vectors and calculated their cosine similarity
ratios (see Table 3).

TABLE III. SIMILARITY OF PASSING PATTERNS
Distance Similarity / Direction Similarity (%)

Default Al New Al Real Team
Default Al 95.64 97.89
New Al 51.15 95.87
Real Team 43.35 97.45

The results showed that the default Al system did
not show a human-like passing pattern in terms of
distance, but the distribution in the path direction
was similar to the distribution found in the actual
data. Our system is based on learning by
observation and exhibits human-like passing
behavior according to these criteria [1].

3.2. Shot recognition

Because of the limitation of the dataset it is
difficult to compare the results, since we do not
have the tracking data of how the episode finished.
However by counting the number of recognized
shots in files and number of lines in the recordings
(the frame rate is 10 frames (lines) per second of
game), it is possible to calculate approximate value
of shots per game. The available dataset contains 36
hours of active game data (The redundant state set
to has been removed.). According to FIFA
statistics, an average game consists of 57.6 minutes
of action [13]. Estimating based on them, the
dataset has a total of about 38 games. The number
of shots recognized from the data using the
algorithm was 676 (17.7 shots per game). To
compare the actual number of shots, we looked at
the average number of shots in the English Premier
League [14]. According to Premier League website,
the average league team shots 12.4 times per game,
which gives 24.8 shots per game for 2 competing
teams (see Table 4). Sunderland, the lowest average
number(10.7) of shots in the English Premier
League, is also included in the table to compare the
result.



TABLE IV. AVERAGE SHOTS

Average recognized shots 17.7
Average shots in EPL 24.8
Average Least shots in EPL 214

From these results, the number of recognized
shots are smaller than ideal number. This algorithm
assumes that the player with the ball will shoot to
the goal in front, however real soccer players shoot
in various situation.

Our next challenge about the shot recognition are
to develop a more sophisticated algorithm (For
example, considering where is the player with the
ball and adding some randomization to the shot to
imitate real life, or recognizing shots in
consideration of the shot angle, and speed as [15],
etc) or to try learning from data (machine learning)
to do the shot recognition instead.

4.Conclusion

Soccer is a complex multi-agent game that
challenges Al technology. The diversity and
sophistication of the technologies used by modern
RoboCup AI teams show how difficult it is to
design a skilled AI system for soccer [16].
However, with the advancements in practical Al
development, the importance of other factors such
as believability of Al-controlled teammates and
opponents will grow. These factors contribute to
the overall enjoyment of the computer game, and
the main purpose of the game is to entertain
players.

We analyzed the passing behavior of human
teams and compared it with a rule-based Al system
according to two features: pass length and pass
duration. Our tests show that real teams have very
different passing patterns with Al. In addition, we
created learning using an observation-based system,
obtained passing behavior from actual human
passing data, and demonstrated that it showed a
more human-like passing pattern.

Interestingly, both Al systems are fairly human,
according to the passing direction criteria. The

distribution of passing directions in real matches
actually reflects the specific general logic of soccer
matches and may be less dependent on individual
team tactics. Also, the direction / distance
classification does not fully reflect the complexity
of the actual soccer path, and as suggested in [17],
the path is classified according to other criteria such
as risk estimation and path quality assessment
needs to be classified [1].
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