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Abstract

Valuing player actions in football requires accounting for continuous strate-
gic interactions among 22 players, including off-ball movements and defensive
positioning. Existing reinforcement-learning-based valuation methods commonly
aggregate decisions at the team level or estimate player values independently,
leaving strategic interdependence among players insufficiently represented. This
study proposes an action valuation framework inspired by Markov perfect equilib-
rium (MPE) for on-ball, off-ball, and defensive players in football. The framework
formulates each possession as a finite-horizon dynamic game and represents each
player as an autonomous agent whose policy depends on the current game state.
It uses MPE as a motivating solution concept but does not compute or verify an
exact equilibrium strategy profile. To improve interpretability, we use Expandable
Decision-Making States (EDMS) as a tactically interpretable state representation
and decompose the Q-value into a successor-feature basis and a linear reward-
weight vector. The value basis is estimated using a two-stage learning procedure
that combines linear TD initialization with nonlinear iterative refinement. Using
tracking and event data from 95 J1 League matches, we compare the proposed
formulation with an independent reinforcement learning baseline. Because the
two formulations define TD errors in different target spaces, TD MSE is used only
to assess consistency within each formulation. With EDMS held fixed, the inde-
pendent baseline assigns the highest value to forward movement in 99.21% of the
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evaluated off-ball states, whereas the most frequent direction under the proposed
formulation accounts for 17.63%. The association between team-level average Q-
values and season-level expected goals is negative for the independent baseline
(p = —0.37) and weakly positive for the proposed formulation (p = 0.29).
Qualitative analyses further provide examples of context-dependent valuations
of off-ball movements and defensive positioning. These results suggest that the
proposed learning formulation as a whole produces more context-sensitive action
rankings than the independent RL baseline in the evaluated data, although
the current comparison does not isolate the contribution of the MPE-inspired
component.

Keywords: Machine learning, Reinforcement learning, Multi-agent, Game theory,
Football

1 Introduction

In invasion-type team sports such as football, the state space is inherently high-
dimensional, as all players continuously interact on a two-dimensional field, and these
dimensions are strongly coupled through player interactions. Early rule-based stud-
ies addressed this complexity by applying geometric or kinematic rules to estimate
ball access and areas of control [1, 2]. While these models are intuitive for coaches,
they are typically limited to narrowly defined situations such as shots, pressure, and
crosses, making it difficult to extend them to evaluate all actions of on-ball, off-ball,
and defensive players.

Subsequently, many studies in machine learning have evaluated performance by
predicting discrete events [3, 4] or forecasting future trajectories [5]. Although these
approaches are powerful for prediction and useful for many practical analytical tasks,
they are primarily based on statistical mappings from observed states to future events
or outcomes and do not explicitly model each player as an autonomous decision-making
agent with rewards and policies.

More recently, deep reinforcement learning (DRL) has been adopted to directly
estimate action-value functions from event and tracking data [6]. DRL enables the
direct learning of value functions from raw data, capturing the long-term strategic
impact of actions and allowing for alternative action evaluation beyond prediction.
However, the interpretability of the learned value functions and policies remains
a significant challenge. To address this issue, prior work [7] proposed Expandable
Decision-Making States (EDMS). EDMS enhances interpretability by incorporating
human-interpretable tactical concepts, such as marking pressure, passing lanes, and
space control, into the state representation alongside raw positional data. Nevertheless,
existing DRL-based approaches in football [6-9] model teams or players indepen-
dently and do not capture the interactions among individual players’ decision-making
processes.

To address this limitation, this study incorporates a dynamic-game perspective
[10] into a DRL-based action valuation framework and proposes a formulation inspired
by Markov Perfect Equilibrium (MPE). MPE characterizes a Markov strategy profile



in which each player’s policy is a best response to the policies of other players at
every game state. We use this perspective to formulate each football possession as a
finite-horizon dynamic game, with on-ball attackers, off-ball attackers, and defenders
represented as autonomous decision-making agents. Rather than computing an exact
equilibrium or explicitly enumerating all joint action profiles, the framework estimates
player-specific value functions from observed multi-player states and transitions.

To make these action values interpretable, EDMS provides a tactically interpretable
state representation that describes pressure, space, passing options, shooting opportu-
nities, and possession context. The Q-value is then decomposed into successor-feature
basis and a linear reward-weight vector, separating the estimated future accumulation
of tactical reward features from the specification of tactical preferences. Finally, the
successor-feature basis is estimated through a two-stage learning procedure consist-
ing of linear TD initialization followed by nonlinear iterative refinement, allowing the
model to capture nonlinear state-dependent patterns in the observed transitions.

The contributions of this study are summarized as follows:

1. We formulate football action valuation as a finite-horizon dynamic game and
propose an MPE-inspired framework for estimating the action values of on-ball
attackers, off-ball attackers, and defenders from observed multi-player transitions.
Rather than computing an equilibrium strategy profile, the framework uses the
MPE perspective to motivate state-dependent multi-agent value equations and
estimates their continuation values from the observed transitions.

2. We combine an interpretable successor-feature representation with a two-stage esti-
mation procedure, in which linear semi-gradient TD estimates are used to pretrain
a nonlinear value approximator before iterative refinement. This representation sep-
arates the estimated accumulation of tactical reward features from their predefined
weights and permits post-hoc analysis under alternative reward weights.

3. We compare independent RL and the proposed MPE-inspired formulation under
both PVS and EDMS state representations. We evaluate within-formulation TD
consistency, the concentration of off-ball action rankings, and the association
between team-level QQ-values and season-level xG, together with qualitative case
studies of off-ball and defensive positioning.

2 Related work

2.1 Player performance evaluation in football

Research on play evaluation in football analytics aims to quantify the impact of
individual actions on match outcomes, and a wide variety of approaches have been
proposed. Early studies primarily focused on shots, leading to the widespread adop-
tion of Expected Goals (xG) models [11], which estimate scoring probabilities based
on shot location and contextual factors. However, since xG is limited to valuing shots,
there has been a growing demand for more comprehensive evaluation frameworks.
One such approach evaluates all on-ball actions. VAEP (Valuing Actions by Esti-
mating Probabilities) [3] proposes a framework that assigns value to actions such as



passes and dribbles based on how they change the probabilities of scoring and con-
ceding. Similar approaches have also been applied to pass evaluation, where studies
quantify both the probability of interception and the likelihood of advancing an attack
[12]. By decomposing the sparse reward of goals into denser measures of contribution
to scoring probability, these methods enable the unified evaluation of all actions on a
common scale.

With the advent of tracking data, it has become possible to evaluate off-ball move-
ments and spatial value. The Expected Possession Value (EPV) model [13] estimates
the value of possession at any moment on the pitch using deep learning, thereby
enabling contextual evaluation that includes off-ball dynamics. Similarly, Expected
Threat (xT) [14, 15] introduces the concept of assigning threat values to different pitch
areas, allowing the evaluation of actions that move the ball into more advantageous
regions.

Beyond individual actions, recent studies have also sought to quantify team-level
tactical behavior. In addition to classical approaches that evaluate spatial dominance
using Voronoi diagrams formed by player positions [2, 16], more advanced methods
incorporate player velocity and acceleration to model dynamic control regions [17].
Other studies measure how effectively players’ movements create space for teammates
[18]. Defensive analysis has also progressed, with frameworks such as GVDEP [19],
which evaluates how defensive structures reduce the probability of conceding, and
models that assess team defense based on probabilities of ball recovery and opponent
attacks [20].

Recent advances in deep learning have further enabled approaches that treat play
evaluation as a prediction task. Transformer-based models can predict what type of
action will occur next [4], as well as when and where it will occur [21]. In addition to
event prediction, trajectory prediction [22, 23] and its application to play evaluation
[5, 24] have also been explored. Furthermore, tactical support systems such as TacticAl
[25] have been developed to learn effective strategies in specific situations, such as cor-
ner kicks, and recommend optimal plays. While these predictive models are powerful
for post-learning evaluation and future scenario forecasting, their analyses are primar-
ily based on statistical mappings from observed states to future events or outcomes.
In contrast, explicitly modeling each player as an autonomous decision-making agent
with internal objectives and policies enables the capture of underlying tactical intent,
allowing for a more comprehensive and multi-perspective evaluation of play quality.

2.2 Reinforcement learning in sports

Reinforcement learning (RL) has been applied not only to football but also to the
analysis of various team and individual sports. In the forward (simulation-based)
approach, research in football has been significantly accelerated by the introduction of
the open-source simulation environment Google Research Football (GRF) [26]. GRF
provides a standardized platform for training and valuing agents, and since its intro-
duction, a wide range of methods have been developed to learn complex cooperative
behaviors. However, it has been pointed out that a strategic gap exists between Al
trained in simulation and the behavior of real-world players [27-29]. To bridge this gap,



more advanced learning approaches have been proposed, such as combining curriculum
learning with self-play to achieve human-level tactical performance [30].

In contrast, the inverse (data-driven) approach leverages real-world data. Early
work in ice hockey constructed Markov game models using play-by-play data to eval-
uate context-dependent action values of players [31]. Similarly, in racket sports such
as badminton, deep reinforcement learning has been applied to player evaluation [32].
More recently, frameworks have been developed to support optimal decision-making
based on real match data. For example, some studies focus on optimizing players’
action selection to maximize expected possession value [8], while others employ inverse
reinforcement learning to infer latent strategies underlying offensive and defensive
plays [33, 34].

Among these studies, the work of Nakahara et al. [6] is particularly noteworthy,
as it explicitly models individual players within a multi-agent reinforcement learning
(MARL) framework using real tracking data, enabling the evaluation of both on-ball
and off-ball actions.

While Nakahara et al. [6] provide a pioneering application of MARL to evaluate
on-ball and off-ball players using real tracking data, their framework treats player
interactions without an explicit equilibrium-based formulation. The novelty of our
work lies in formulating football action valuation from an MPE-inspired multi-agent
learning perspective. We adopt the previously proposed EDMS [9] as a tactically
interpretable state representation within this framework. This combination enables the
model to represent strategic interactions among players while retaining interpretability
through football-specific state variables.

2.3 Game theory in sports

Sports, particularly competitive games such as football and basketball, are inherently
settings of strategic interaction, where each player’s actions influence the outcomes of
others. As such, the application of game theory provides a natural analytical frame-
work. Game-theoretic studies in sports can be broadly categorized into static and
dynamic approaches.

Static game-theoretic approaches have primarily focused on isolated, one-shot
events such as penalty kicks. PK situations can be readily modeled as zero-sum games
between the kicker and the goalkeeper, and numerous studies have examined whether
professional players behave according to mixed-strategy Nash equilibria [35]. Chiappori
et al. [36] conducted statistical tests accounting for player heterogeneity and demon-
strated that professional players largely conform to theoretical equilibrium strategies.
In contrast, Bar-Eli and Azar [37] combined survey data from goalkeepers with video
analysis to show that theoretically optimal strategies, such as aiming for the upper
corners of the goal, are often distorted by psychological factors, including risk aversion
and action bias, highlighting the limitations of purely rational models. Furthermore,
cooperative game-theoretic approaches have also been explored, where player contri-
butions to team performance are quantified using Shapley values and compared with
conventional performance metrics [38].



Dynamic game-theoretic research, which considers the temporal evolution of play
and state transitions, has aimed to model the full dynamics of matches. From a physics-
inspired perspective, some studies model interactions between players as spring-like
forces and describe collective team movement and spatiotemporal dynamics using
stochastic differential equations [39]. Other approaches, such as Soccer-Decoder, sim-
ulate match progression and team performance decay using differential equations [40].
While these models are useful for reproducing macro-level match dynamics, they are
often too coarse to capture individual players’ decision-making processes.

More tactically oriented studies have focused on decision-making under uncer-
tainty. Beal et al. [41] modeled pre-match tactical decisions as Bayesian games and
in-game adjustments, such as substitutions and tactical changes, as stochastic games,
constructing a framework to maximize win probability based on empirical data.
Lennartsson et al. [42] defined a “potential field” of scoring probability and proposed
a mathematical formulation of game intelligence in which defensive players act to
minimize this potential. Additionally, data mining approaches have been proposed
in simulated environments, where opponent strategies are learned as automata and
counter-strategies are explored [43].

Despite these advances, traditional game-theoretic approaches face significant lim-
itations. Static models ignore the continuity of play, while many dynamic models
are constrained by computational complexity, forcing them to either drastically sim-
plify the state space or focus on high-level “coach-centric” decision-making. In real
matches, however, players make instantaneous, fine-grained decisions within a contin-
uous spatiotemporal environment, based on a vast and complex state space defined by
the positions and movements of teammates and opponents. Deriving Nash equilibria
analytically in such environments is, in practice, intractable.

The MPE-inspired framework adopted in this study can be viewed as a learning-
based approximation to dynamic-game value modeling in such computationally
challenging settings. By combining this MPE-inspired formulation with EDMS,
the proposed model represents tactically meaningful state variables that are often
abstracted away in conventional game-theoretic models, enabling action values to be
estimated from real tracking and event data.

3 Formulation

In this section, we formulate a football possession sequence as a finite-horizon dynamic
game among multiple decision-making agents. Section 3.1 defines the state, action,
transition, and reward setting. Section 3.2 introduces MPE as a motivating solution
concept and clarifies how its associated value equations are approximated without
computing an exact equilibrium strategy profile. Section 3.3 defines the tactical reward
features and the successor-feature-based value representation. The corresponding two-
stage estimation procedure is presented in Section 4.

3.1 Problem Setting

Each football possession sequence is formulated as a finite-horizon stochastic game
involving a set of players I = {1,..., N}. In the empirical implementation, N = 22,



corresponding to 11 attacking and 11 defending player slots. The index i denotes a
focal-player slot within a possession rather than a persistent player identity across
matches. Each possession contains time steps ¢ = 0,...,7, where the terminal time
T may differ across possessions. At each time step ¢, the game is described by a state
s¢ € S, which is constructed from tracking and event data. Each player i selects an
action a;; € A;(s¢), and the joint action is denoted by a; = (ai4,...,an:). The
next state is generated according to the transition probability P(siy1 | s, at), which
depends on the actions of all players.

We consider two alternative state representations: Position and Velocity State
(PVS), which describes the physical configuration of the players and ball, and
Expandable Decision-Making State (EDMS), which represents tactically interpretable
information. The definitions of PVS and EDMS follow [6, 9]. Table 1 summarizes
the dimensionality and main variables of the two state representations used in the
experiments.

Table 1 Summary of the state representations used in the experiments.

State representation  Dimension  Main variables

PVS 92 Player and ball positions and velocities.

EDMS 74 Pressure, space, passing options, shooting opportuni-
ties, offside-line information, and possession context.

Following previous studies [6, 9], we use a discrete action space consisting of 15
feasible action classes. As summarized in Table 2, the action space comprises five on-
ball attacking actions, one aggregated defensive action, and nine off-ball actions. A
separate padding label is used during sequence batching but is not treated as a feasible
player action and is therefore excluded from the 15 action classes.

Table 2 Summary of the feasible discrete action classes.

Action category No. of classes  Actions

On-ball attacking actions 5 Pass, through pass, shot, cross, and dribble

Defensive action 1 Tackle, interception, clearance, or block,
aggregated into one defensive-action class

Off-ball actions 9 Movement in eight directions and idle

Total 15

Because not every action is feasible for every player, the available action set is
determined by the player’s possession role at state s;. Table 3 summarizes the corre-
sponding state-dependent action masking. The attacking ball carrier is restricted to
on-ball attacking actions, attacking off-ball players to the nine off-ball actions, and
defending players to the off-ball actions and the aggregated defensive action.

Accordingly, each player has a state-dependent feasible action set A;(s;). Each
player receives a reward r;(s¢, a;), whose feature-based definition is provided in
Section 3.3. The corresponding Markov policies and finite-horizon value functions are
introduced in Section 3.2.



Table 3 State-dependent action masking according to player role. Actions not listed as
feasible are masked.

Player role Feasible actions

Attacking ball carrier Pass, through pass, shot, cross, and dribble

Attacking off-ball player = Movement in eight directions and idle

Defending player Movement in eight directions, idle, and defensive action

3.2 Markov Perfect Equilibrium (MPE)

In this study, MPE serves as the motivating solution concept for modeling state-
dependent strategic behavior in a dynamic multi-agent setting.

In dynamic multi-stage games, a Nash equilibrium may rely on continuation strate-
gies that are not credible after histories that are not reached on the equilibrium path.
Subgame-perfect equilibrium (SPE) strengthens Nash equilibrium by requiring the
strategy profile to constitute a Nash equilibrium in every subgame, thereby ruling out
such non-credible threats. However, a general SPE may allow strategies to depend
on the full history of play. In environments such as football, where the state space
is large and continuous, representing history-dependent strategies is computationally
impractical. We therefore adopt an MPE perspective and restrict attention to Markov
strategies, in which each player’s strategy depends only on the current game state.

Accordingly, for each player i € I, a Markov strategy m; assigns a probability
distribution over the state-dependent feasible action set:

mi(- | 1) € A(Ai(s1)). (1)

An MPE is a strategy profile 7* = (7}, ..., 7} ) such that no player can improve
its expected return by unilaterally changing its strategy while the strategies of the
other players remain fixed. Formally, for every player ¢, state s; € S, and alternative
Markov strategy ;, the following condition holds:

3

Ve (se) > VT (s,), VA, Vs € S. 2)

Here, V; denotes the value function for player ¢ at state s; under the strategy
profile m:

Vi (st) = Ex

T
ka_tn’(sk,ak) St] . (3)
k=t

In this study, the discount factor is set to v = 1. Because each possession has
a finite terminal time T, the resulting return remains well defined without temporal
discounting. This setting allows rewards obtained near the end of a possession to be
propagated to earlier actions without temporal attenuation, including actions involved
in build-up play.

From the perspective of player i, fixing the Markov strategies of the other players
induces a state-dependent stochastic environment in which their action distributions
depend on the current state s;. The resulting decision problem can therefore be inter-
preted as an induced Markov decision process for player i. The MPE condition requires
the state-dependent strategies of all players to be mutually consistent best responses.




The empirical implementation does not explicitly estimate the Markov policies ;
or verify an equilibrium strategy profile. Instead, observed player actions are used
to construct Bellman-style continuation targets from the state-action transitions in
the dataset. Specifically, continuation values are bootstrapped using the next actions
observed in each possession rather than actions obtained from an explicit best-response
or greedy-policy update. The effects of the other players are represented through the
observed multi-player state and realized transitions, avoiding explicit enumeration of
all joint action profiles. The resulting estimation procedure is therefore MPE-inspired
but does not constitute an algorithm for computing an MPE.

3.3 Interpretable Value Representation and Reward Design

To make the MPE-inspired action valuation framework interpretable, we do not learn
a black-box scalar Q-value directly. Instead, we decompose the Q-value into a value
basis and a reward weight vector. The value basis represents the expected future accu-
mulation of tactically meaningful reward features, whereas the reward weight vector
specifies how these features are valued. This decomposition separates the estimated
future accumulation of tactical reward features from the weights used to combine them.

For this purpose, the immediate reward of player i is defined as a linear combination
of reward features:

ri(se,a1) = 2zi(se,a0) "6, (4)
where z;(s¢,a;) denotes the reward-feature vector and 6 is the reward-weight vector.
The vector z;(s¢, a;) is player-specific for attacking players, whereas it is shared among
defending players to reflect their common objective of suppressing the opponent’s
attacking value.

In this study, we introduce d = 3 features corresponding to shot value, possession
termination, and attacking-third ball occupancy. Let V(z,y;) denote the Expected
Possession Value (EPV) ! obtained from the EPV grid at the ball location (¢, ;) at
time ¢. Let S;; = 1{a;; = shot} and let E; indicate the final time step of a possession
segment. Let L denote the pitch length, with the origin located at the center of the
pitch and the attacking direction aligned with the positive x-axis. In our setting,
L = 105 m, so the attacking-third boundary is x = L/6 = 17.5 m. Let Z,¢; denote the
set of attacking players. We define

Cy=E1{ > 8;1=0p1{z, < L/6}. (5)
JE€Lary

For an attacking player i, the reward-feature vector is defined as

UtSi,t
zi(st,a) = | =V (=24, y:)Ce | - (6)

For a defending player 14, it is defined as

Yhttps://github.com/Friends-of-Tracking-Data-FoTD/LaurieOnTracking



-1 {ZjEIatt 'UtSj,t > 0}
zi(s¢,at) = V=24, y.)C, . (7)
0
Here, v; denotes the configured shot value. The three components have the
following interpretations:

® 21 (Shot value): Nonzero only at a shot time. The shooting attacker receives vy
(e.g., V(x¢,y:) under the EPV specification), while all defenders receive —1.

® 22 (Possession termination adjustment): Nonzero only at the final time step of a
possession that ends without a shot and outside the attacking third. Its magnitude
is the opponent-perspective EPV, V(—x;, y;), with opposite signs for attackers and
defenders.

® 23 (Attacking-third ball occupancy): Equals one for every attacking player when-
ever the ball is located in the attacking third, x; > L/6, and zero otherwise. Thus,
it represents ball occupancy of the attacking third rather than only the first entry
into it.

The weight parameters are predefined as 6 = [1.0, —0.5,0.2] . These weights were
set heuristically to reflect the relative importance of the three reward components:
shot value, possession termination adjustment, and attacking-third ball occupancy.
They were not estimated from data in this study.

Based on the linearity of the reward function, the action-value function (Q-
function) can also be decomposed into the inner product of the expected discounted
sum of features and the weight vector. Given a Markov strategy profile, the
action-value function Q7 (s, a; ) for agent ¢ following policy m; is given by:

QF (1, ai,t) = hi (s, ai,0) "0, (8)
where hT(s¢,a;,), referred to as the value basis or successor features, represents the
expected discounted sum of the feature vector z; obtained by taking action a;; at
state s; and thereafter following policy 7 (with other agents’ policies m—* treated as
part of the environment):

T
T (st i) =B7 | Y AF " zi(sk, ap) | 51,000 - (9)
k=t

Here, the expectation is also taken over the current actions of the other players,
a—it ~ m—i(- | s¢). In the empirical TD updates, this expectation is approximated
using the realized joint actions in the observed state-action transition data sequences,
rather than by explicitly enumerating all possible joint action profiles.

The advantage of this linear decomposition is that it separates the learning of the
value function into two components: the learned value basis A], which represents the
expected future accumulation of tactical reward features, and the reward structure,
which is specified by 6. This improves interpretability by revealing which tactical com-
ponents contribute to the estimated Q-value. Once the value basis has been estimated,
alternative reward weights can be applied post hoc to inspect how tactical preferences

10



change local action rankings. In the current implementation, the bootstrap targets
are constructed using the next actions observed in the possession sequences rather
than greedy actions selected according to the reward weights. Therefore, this reweight-
ing changes the valuation of the fixed learned value basis without re-estimating the
underlying continuation values.

4 Method
4.1 Learning Objective

Our estimation procedure adapts the temporal-difference framework of Adusumilli
and Eckardt [10], who propose linear semi-gradient and approximate value-iteration
estimators for recursive value terms in dynamic discrete choice models and dynamic
games. Their primary objective is structural parameter estimation, where the recursive
value terms are subsequently used in a conditional-choice-probability-based pseudo-
likelihood. In contrast, our objective is football action valuation: we fix the tactical
reward weights 6 and directly estimate the successor-feature basis h;. We further
combine the two estimation approaches sequentially: the linear TD estimates are
used as supervision for pretraining a nonlinear value approximator, which is subse-
quently refined by AVI, rather than treating the two estimators as alternatives. In
our implementation, both stages estimate continuation values using the next actions
observed in the possession sequences rather than actions selected by a greedy or explicit
best-response update. These adaptations allow the TD framework to be applied to
finite-horizon football possessions with nonlinear value approximation from observed
state-action transition data.

The objective of the learning procedure is not to compute an exact MPE.
Instead, it estimates successor-feature value bases that approximate Bellman-style
value equations motivated by MPE-inspired dynamic-game formulation. The previous
section defined the action valuation framework and its interpretable value representa-
tion. This section describes how the value basis is estimated from real tracking and
event data.

We adopt a two-stage learning approach. First, a linear semi-gradient TD estimator
produces initial estimates of the successor-feature basis on the observed state-action
pairs. A randomly initialized MLP is then pretrained to reproduce these linear TD
estimates by minimizing their squared prediction error; thus, the linear coefficients are
not directly transferred to the network weights. Second, the pretrained MLP is refined
by approximate value iteration using Bellman targets constructed from the observed
next state-action pairs, allowing nonlinear state-dependent patterns to be captured.

4.2 Linear TD Initialization of Successor Features

In the first stage of learning, the value basis h;(s¢, ait) € R? is approximated using a
linear model:

hi(St,ai,t;Wi) = W¢T¢i(8t7ai,t)> (10)

11



where ¢;(s¢,ait) € RP* denotes the basis-function vector for focal-player slot 4, and
W; € RPi*? i the parameter matrix to be learned. A separate basis pipeline is con-
structed for each of the 22 focal-player slots, corresponding to the 11 attacking and
11 defending positions in each frame rather than to persistent player identities. Let
0;+ denote the player-centric state representation for focal player 7, which contains its
relative tactical context, global pitch context, and focal-player location.

For each focal-player slot, the observed action is represented by its integer action
ID, and the value basis contains a separate action block for every action category.
Continuous components of o; ; are standardized using the mean and standard devia-
tion estimated from the corresponding training observations. The basis vector is then
constructed as

0;+ = Standardize; (0; ¢), (11)
Let ¢; + denote the role category of focal player ¢ at time t.

1
Oi(St,a5¢) = €(c; p,ai0) © {5‘ J , (12)

where €(c, , 4, ,) s a one-hot vector identifying the corresponding role-action com-
bination. This block-structured representation allows the coefficients of the state
variables to vary across role-action combinations. It does not include higher-order
state-state polynomial terms.

In this study, d = 3, corresponding to the three reward features defined
in Section 3.3. Each column of W; therefore estimates the expected discounted
accumulation of one reward feature.

To estimate W;, we use a stochastic semi-gradient TD update based on observed
transition data (s¢, at, 2;(st, at), St+1, Git+1), where a; ;41 denotes the next action of
player i observed in the data. The objective is

L(W:) = E [zi(s0,a0) + Yhi(sesns aiess W) = hilsw, ass WOl (13)
Here, the TD target is defined as
Yie = 2i(se,a¢) +vhi(ser1, aier1; W) (14)

where (S¢11,a;¢+1) is the next observed state-action pair. At the final time step of a
possession, the continuation value is set to zero, and the target is therefore

Yz’,T = Zi(STyaT)~ (15)
For possessions ending with a shot, the shot-value component (z; 1) is thus assigned
directly on the terminal row. For possessions ending without a shot, the possession-
termination component (z;2) is assigned on the terminal row and enters the Bellman
target directly. The attacking-third ball occupancy component (z;3) is assigned at
every time step in which the ball is in the attacking third, including the terminal time
step when applicable. These immediate reward features are propagated to preceding
states through the estimated continuation values.

12



The parameter matrix is updated as

W; = Wi + ad(si, aig) (Yig — hi(se, a0 Wi)) (16)

where a denotes the learning rate. The resulting linear TD predictions are used as
supervision for pretraining the randomly initialized MLP.

4.3 Approximate Value Iteration (AVI) for Nonlinear
Value-Basis Refinement

In the second stage, we refine the value basis using a nonlinear function approximator
implemented as a multilayer perceptron (MLP). The linear TD estimate obtained in
the first stage is used as supervision for pretraining.

Unlike a greedy control update, the nonlinear refinement uses the next action
actually observed in the transition data when constructing the continuation target.
Thus, the procedure does not explicitly perform best-response updates or compute
an equilibrium strategy profile. Instead, it iteratively fits the successor-feature value
basis to Bellman-style targets constructed from observed multi-player transitions. The
learning procedure is as follows.

1. Pretraining: The parameters of h;(s,a;1) are randomly initialized and then
pretrained to reproduce the linear TD estimates obtained in the first stage by min-
imizing the squared prediction error. The resulting pretrained parameters are used
as the initial parameters for the subsequent AVI refinement.

2. Iteration (k=0,1,2,...):

For each observed transition (s, at, z;(St, at), St+1, a?}fgil), construct the target

(k) _ ) h obs ., 7

y@t - Zz(stvat) + Y z(st+17 ai’t+1v¢k)~ (1 )
The parameters are then updated by minimizing

2
y®) = hilse ais o) } : (18)

3. Convergence: Repeat the update until the predefined convergence criterion is
satisfied.

Ypy1  arg rrb}inED “

The resulting nonlinear value basis is subsequently used to compute action values
for all feasible actions through Q;(s,a) = h;(s,a) 6. Greedy actions are derived only
at this post-training inference stage for action-ranking analysis and are not fed back
into the TD targets.

5 Experimental Results

5.1 Experimental Setup

We evaluated the proposed model using tracking and event data from 95 matches
in the Meiji Yasuda J1 League during the 2023 and 2024 seasons, provided by Data
Stadium Inc. The raw tracking data contain the positions of all players and the ball
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recorded at 25 fps, and the event data include action annotations such as passes, shots,
tackles, clearances, and interceptions. During preprocessing, the tracking data were
resampled to 10 fps for model estimation. The dataset was split at the match level,
using 50 matches from the 2023 season for training and 45 matches from the 2024
season for validation and testing, consisting of 5 validation and 40 test matches.

The tracking data were preprocessed by interpolating missing values and com-
puting the velocity and acceleration of each player and the ball. The tracking and
event data were then synchronized using timestamps. Following previous reinforcement
learning studies on football action valuation, the attacking direction was normalized
so that the attacking team always moves from left to right. Each match was segmented
into attacking sequences based on the possession sequence identifier, and sequences
with lengths between 30 and 300 time steps at 10 fps were retained.

After preprocessing and sequence extraction, the dataset contained 10,308 pos-
session sequences and 1,561,255 event-sequence time steps. Independently, the total
duration of the extracted possession sequences, calculated from the difference between
each sequence’s start and end frames, was 154,113.3 s (42.81 h). Specifically, the train-
ing, validation, and test sets contained 4,589, 918, and 4,801 possession sequences,
respectively, comprising 684,605, 149,629, and 727,021 event-sequence time steps.
Their total durations were 67,565.0 s (18.77 h), 14,783.6 s (4.11 h), and 71,764.7 s
(19.93 h), respectively.

To examine whether the results depend on the state representation, we evaluated
both the independent RL baseline and the MPE-inspired formulation using PVS and
EDMS, resulting in four configurations: Independent+PVS [6], Independent+EDMS
[9], MPE+PVS, and MPE4+EDMS.

The independent baseline estimates each player’s value function separately,
whereas the proposed model estimates player-specific value bases within an MPE-
inspired multi-agent formulation using a two-stage procedure consisting of linear TD
initialization and nonlinear iterative TD refinement. Here, “player-specific”’ refers to
conditioning the value estimate on a focal-player representation, rather than assigning
a separate network to each player identity. At each time step, a focal-player repre-
sentation is constructed for each of the 22 player slots, encoding the focal player’s
action and relative tactical context, including whether the player is the ball holder,
an attacking off-ball player, or a defending player. Observations from all player slots
are pooled during nonlinear AVI, and a shared MLP value approximator is used to
estimate the successor-feature basis.

The independent baseline uses a single-layer GRU sequence encoder with an input
size of 64 and a hidden size of 64. The baseline is trained using the Adam optimizer
with a learning rate of 0.001 and weight decay of 10~°. The discount factor is set to
1.0, the regularization weight to 1072, and the supervised action-loss weight to 0.005.

For the proposed MPE-inspired formulation, the h-value function was approxi-
mated by a nonlinear MLP with hidden-layer sizes of 64 and 32. Before nonlinear
AVT refinement, a linear semi-gradient TD estimator was trained for one epoch with
a learning rate of 0.001, and the resulting estimate was used as supervision for pre-
training. The nonlinear refinement stage was run for at most 20 AVI iterations, with
the value predictor trained for two epochs at each iteration. To stabilize the iterative
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AVT updates, the predictor parameters from the previous AVI iteration were reused
to initialize the next iteration, rather than reinitializing the network from scratch. A
step-wise learning-rate schedule was also applied during nonlinear refinement, reduc-
ing the learning rate by a factor of 0.3 at AVI iterations 5, 10, and 15, with a minimum
learning rate of 107°. A batch size of 2,048 was used for both the semi-gradient initial-
ization and the nonlinear value-prediction updates. The validation attacker TD MSE
was used as the primary criterion for early stopping and best-model selection, with
patience-based stopping after at least five AVI iterations.

5.2 Performance Metrics

We used three quantitative metrics. First, the mean squared temporal-difference error
(TD MSE) was used to assess internal consistency with the corresponding fitted TD
targets within each learning formulation. For the MPE-inspired formulation, the TD
residual is a three-dimensional vector corresponding to the three successor-feature
components. For each focal-player slot, the squared residuals are summed across the
three components and then averaged over samples. The reported TD MSE is obtained
by taking the mean of these slot-level TD MSE values across the 22 focal-player slots.
Because the independent RL baseline computes TD error in a scalar Q-value space,
whereas the MPE-inspired formulation computes TD error in a successor-feature vec-
tor space, the absolute TD MSE values are not directly comparable across the two
formulations. Second, the distribution of the highest-valued off-ball actions was ana-
lyzed as a diagnostic for action-ranking collapse. Although a more diverse distribution
does not by itself prove tactical optimality, it indicates whether the learned action
ranking avoids convergence to a trivial dominant movement. Third, as an exploratory
team-level diagnostic, we examined the association between each team’s Q-value sum-
mary and its official 2024 J1 League full-season expected goals (xG). Because the
Q-value summaries are computed from the held-out tracking-data sample, whereas
xG is a full-season club-level aggregate, this analysis is interpreted as a descriptive
association with season-long attacking quality rather than as confirmatory evidence
of external validity. We report Spearman’s rank correlation coefficient p.

5.3 Quantitative Results
5.3.1 TD Consistency within Each Learning Formulation

We evaluated TD consistency for both the independent RL baseline [6, 9] and the
proposed MPE-inspired formulation using PVS and EDMS. Table 4 reports the TD
MSE for each configuration. Because the two learning formulations define TD errors
in different target spaces, their absolute TD MSE values are not directly comparable.

Within the independent RL formulation, EDMS yielded a lower TD MSE than
PVS. The same pattern was observed within the MPE-inspired formulation, where
EDMS also yielded a lower TD MSE than PVS. These within-formulation comparisons
indicate that the EDMS state representation provides better consistency with the
corresponding TD targets under both learning procedures.

The absolute TD MSE values should not be compared between the two learning
formulations. The independent RL baseline measures TD error in a scalar Q-value
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Table 4 TD MSE for the independent RL and MPE-inspired formulations using PVS and
EDMS. The independent RL TD error is defined over a scalar Q-value, whereas the
MPE-inspired TD error is defined over the successor-feature vector. Therefore, TD MSE
values should be compared only within the same learning formulation, not across formulations.

Learning formulation  TD target space State representation TD MSE

Independent RL [6] Scalar Q-value PVS 6.6947 x 10~ %
Independent RL [9] Scalar Q-value EDMS 4.5057 x 10™%
MPE-inspired RL Successor features (d =3) PVS 1.1229 x 10~2
MPE-inspired RL Successor features (d =3) EDMS 1.0876 x 10~2

space, whereas the proposed method measures error in the d = 3 successor-feature
space. Consequently, the two metrics differ in both target representation and scale.
TD MSE is therefore used here only as a measure of internal consistency within each
learning formulation and does not directly assess the tactical plausibility of alternative-
action rankings.

5.3.2 Off-Ball Action Ranking Analysis

To complement the TD-based evaluation, we next examine the distribution of highest-
valued off-ball actions. For this analysis, we compare the Independent RL + EDMS
and MPE-inspired RL + EDMS configurations so that the state representation is held
fixed.

Figure 1 provides a diagnostic view of the learned off-ball action rankings. The
independent RL baseline assigns the highest Q-value to forward movement in 99.21%
of the evaluated off-ball states. Thus, the model exhibits a highly concentrated off-ball
action ranking. In contrast, the proposed MPE-inspired model produces a substantially
more diverse distribution of highest-valued off-ball actions, with the most frequent
direction accounting for only 17.63% of the evaluated states. Because both models
use the same EDMS state representation in this comparison, the difference in action
concentration cannot be attributed to the state representation alone. However, the two
approaches also differ in model architecture, reward representation, learning objective,
and training procedure. Therefore, the observed difference should be interpreted as a
difference between the two learning formulations as a whole, rather than as evidence
isolating the effect of the MPE-inspired component.

5.3.3 Exploratory Team-Level Association with Season-Level xG

Finally, we examine the association between the learned Q-values and season-level
attacking performance as an exploratory team-level diagnostic.

Figure 2 shows the relationship between each team’s Q-value summary computed
from the 40 held-out test matches and official 2024 J1 League full-season xG. The xG
values were obtained from the official J.League club statistics. 2 For each team, the
Q-value summary was computed by averaging the Q-values of the observed actions
over all evaluated player-time-step observations in the held-out test matches involving
that team. Thus, the Q-value summaries and xG values differ in temporal coverage,
with the former based on the held-out tracking-data sample and the latter covering

Zhttps://www.jleague.jp/j1/stats/player/2024/expected_goals/search-list/
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Fig. 1 Distribution of highest-valued off-ball actions obtained from post-training Q-value inference.
The off-ball action space consists of eight directional movements and an idle action. The idle action was
included when determining the highest-valued action but is omitted from the figure for visualization.
The independent RL baseline assigns the highest Q-value to forward movement in almost all evaluated
off-ball states, whereas the proposed MPE-inspired model distributes the highest-valued actions across
multiple directions. “Up” corresponds to the attacking direction toward the opponent’s goal.
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Fig. 2 Exploratory association between team-level Q-value summaries computed from the held-out
tracking-data sample and official 2024 J1 League full-season xG. Each point represents one of the
n = 20 matched teams. The independent RL baseline shows a negative Spearman rank correlation,
whereas the proposed MPE-inspired model shows a weakly positive correlation.

the full 2024 season. Across the n = 20 matched teams, the independent RL baseline
shows a negative correlation (p = —0.37), whereas the proposed MPE-inspired model
shows a weakly positive association (p = 0.29).

These results indicate a difference in the direction of the team-level association
between the two learning formulations, rather than demonstrating external validity.
Given the small team-level sample and the differing temporal coverage of the two
quantities, the results should be interpreted as descriptive. The modest magnitude
of the associations may also reflect the fact that xG primarily reflects shot quality,
whereas the proposed Q-values represent broader decision-making processes, including
build-up play, off-ball movement, and defensive positioning.
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Overall, these results show that the three diagnostics capture different aspects of
the learned value functions. TD MSE measures consistency with the corresponding
TD targets within each learning formulation, whereas the off-ball action distribution
evaluates the behavior of alternative-action rankings and the xG analysis provides
an exploratory team-level diagnostic of association with season-long attacking per-
formance. Because these diagnostics measure different properties and the TD MSE
target spaces differ between the two learning formulations, they should be interpreted
separately rather than as directly comparable measures of model quality.

5.4 Qualitative Analysis

The quantitative results suggest that the proposed model avoids the highly concen-
trated forward-movement action ranking observed in the independent reinforcement
learning baseline. To examine whether this difference corresponds to tactically mean-
ingful decision-making, we analyze representative match situations and visualize the
Q-values assigned to possible player movements. The examples were selected to
illustrate qualitatively distinct tactical contexts, including open-space runs, support
movements, scoring opportunities, and defensive positioning. The following analy-
ses focus on off-ball behavior, defensive positioning, and the effect of reward-weight
adjustment.

5.4.1 Evaluation of Off-ball Behavior

We first analyze whether the proposed model assigns tactically meaningful Q-values
to off-ball movements in actual match situations. The following examples examine
whether the model evaluates off-ball actions according to the surrounding tactical
context, rather than simply assigning high values to forward movement.

Figure 3 shows a situation in which the target off-ball player has open space in front
of him and the nearby defenders are not positioned to immediately close that space.
In this case, the proposed model assigns relatively high Q-values to forward-oriented
movements. This valuation is consistent with common tactical principles because mov-
ing into the open space would increase the receiver’s separation from defenders and
create a more progressive passing option for the ball carrier. This pattern is consistent
with sensitivity to the surrounding defensive pressure.

Figure 4 shows a situation in which a nearby teammate has already moved into
the forward space. Unlike the previous example, the target player’s highest-valued
movements shift toward a supporting position rather than direct forward movement.
This pattern is consistent with the model accounting for the spatial occupation of
teammates, as movements that would congest the same attacking lane receive lower
values. The highest-valued support movement could provide a safer passing option for
the ball carrier and maintain the continuity of the possession.

Figure 5 presents a situation near the opponent’s goal, where small positional
changes can directly affect the quality of the attacking opportunity. The proposed
model assigns high Q-values to movements that improve the target player’s relation-
ship with the ball, the goal, and surrounding defenders. In particular, the model favors
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Fig. 3 Off-ball Q-value visualization. The left panel shows all players and the ball, with the white
marker indicating the ball and the yellow-highlighted player indicating the target player whose Q-
values are visualized. The right panel shows the target player’s name and a radar chart of Q-values
for off-ball movements in eight directions. “Up” corresponds to the attacking direction toward the
opponent’s goal. This example shows off-ball action valuation when open space is available ahead of
the target player.
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Fig. 4 Example of off-ball action valuation in response to a teammate’s forward movement. The
visualization layout follows Fig. 3.

movements that keep the player available as a passing option while avoiding immedi-
ate defensive pressure. This suggests that the learned Q-values reflect local attacking
geometry, rather than only global indicators such as distance to goal.

These examples illustrate that the proposed model can assign Q-values that reflect
contextual off-ball decision-making. Unlike the independent reinforcement learning
baseline, whose highest-valued off-ball actions are strongly concentrated on forward
movement, the proposed model evaluates multiple movement directions according
to the surrounding tactical situation. These case studies support the interpretation
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Fig. 5 Example of off-ball action valuation during a scoring opportunity. The visualization layout
follows Fig. 3.
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Fig. 6 Example of defensive positioning evaluation. The visualization layout follows Fig. 3.

that the proposed learning formulation produces more context-sensitive off-ball action
rankings rather than consistently assigning the highest value to forward movement.

5.4.2 Evaluation of Defensive Positioning

A further advantage of the proposed framework is that it evaluates on-ball, off-ball,
and defensive players. In contrast to valuation models [6] that are primarily evalu-
ated through attacking outcomes, the proposed MPE-inspired formulation treats both
attacking and defending players as decision-making agents. This enables the model to
evaluate defensive movements that reduce the opponent’s future attacking value.
Figure 6 shows an example of defensive positioning evaluation. The target defender
is assigned high Q-values for movements that close dangerous space or block a potential
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Fig. 7 Effect of reward weight adjustment on the highest-valued action. The visualization format
follows Fig. 3. The lower-right panel shows the reward-feature weights 6. Under the default reward
weights, § = (1.0, —0.5,0.2) T, the highest-valued action is backward-right.

passing lane. This result suggests that the model can quantify defensive contributions
that are difficult to capture using conventional on-ball event statistics. In particular,
the proposed model can evaluate preventive defensive actions, such as occupying space
before a pass is played or shifting position to reduce the opponent’s future attacking
options.

These results illustrate that the proposed framework can also assign context-
dependent values to defensive positioning. In particular, movements that close
dangerous space or restrict potential passing options can receive high Q-values even
when they do not involve direct interaction with the ball. This suggests that the pro-
posed framework can represent preventive defensive contributions that are difficult to
capture using conventional on-ball action statistics.

5.4.3 Reflecting Tactical Preferences through Reward Weight
Adjustment

This analysis is intended to demonstrate the interpretability and flexibility of the
value representation rather than to introduce a separate model component. Because
the Q-value is computed as the inner product between the learned value basis and the
reward weight vector, different tactical preferences can be inspected after learning by
reweighting the fixed value basis. This analysis should be interpreted as a post-hoc
sensitivity analysis of local action rankings, rather than as a fully re-estimated value
model under the new reward weights.

Figure 7 and Figure 8 compare the highest-valued actions under two different
reward-weight settings. Figure 7 shows the result under the default setting, § =
(1.0,—0.5,0.2) ". Under this setting, the highest-valued action is backward-right. In
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Fig. 8 Effect of increasing the attacking-third weight. The visualization format is the same as in
Fig. 7. After changing the reward weights to # = (1.0, —0.5,1.0) T, the highest-valued action changes
from backward-right to forward-right.

contrast, Figure 8 shows the result after increasing the weight for attacking-third ball
occupancy from 0.2 to 1.0. With this adjustment, the highest-valued action changes
toward a more aggressive forward movement.

This comparison shows that the proposed model can incorporate tactical prefer-
ences in an interpretable manner. For example, if a coach or analyst wants to emphasize
advancing the ball into the attacking third, this preference can be directly reflected
by increasing the corresponding reward weight. Since this change is applied only to
the reward weight vector, it can be performed without retraining the entire model. In
the current implementation, the learned value basis is kept fixed during this analy-
sis, and the reward weights are changed only when computing Q;(s,a) = h;(s,a) 6.
Therefore, the analysis directly measures how alternative tactical reward preferences
change the ranking of actions under the fixed learned value basis. In summary, the
proposed framework functions not only as an action valuation model, but also as a tool
for analyzing how different tactical priorities change the valuation of player decisions.

6 Conclusion

In this study, we proposed an MPE-inspired action valuation framework for on-ball, off-
ball, and defensive players in football. The central idea of the framework is to formulate
football as a dynamic game in which each player is modeled as an autonomous decision-
making agent, and each player’s action value is estimated within a Markovian multi-
agent context that accounts for surrounding players through the observed game state
and fitted value updates. This formulation allows the model to evaluate attacking,
off-ball, and defensive actions while representing strategic context among players.
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The proposed framework is implemented through three key components. First,
EDMS provides a tactically interpretable state representation that encodes pressure,
space, passing options, shooting opportunities, and possession context. Second, the
Q-value is represented using successor features and a linear reward function, which
enables interpretable decomposition of action values and post-hoc adjustment of tac-
tical reward preferences. Third, a two-stage estimation procedure is used in which
linear TD estimates are used to pretrain a nonlinear value approximator, which is
subsequently refined through approximate value iteration to accommodate nonlinear
state-dependent patterns in observed state-action transition data.

Using tracking and event data from 95 matches in the Meiji Yasuda J1 League,
we compared the proposed learning formulation with an independent reinforcement
learning baseline. Because the two formulations define TD errors in different target
spaces, their absolute TD MSE values are not directly comparable; TD MSE was
therefore used only to assess consistency within each formulation. In the EDMS-based
comparison, the independent baseline assigned the highest value to forward movement
in almost all evaluated off-ball states, whereas the proposed formulation produced a
substantially more diverse distribution of highest-valued off-ball actions. Moreover,
the correlation between team-level average Q-values and season-level xG changed
from negative in the baseline to weakly positive in the proposed model, although the
magnitude of this relationship remained limited.

The qualitative analyses further illustrated that the proposed model assigns
context-dependent values to off-ball and defensive movements. The model evaluated
movements into open space, support actions for the ball carrier, positioning near scor-
ing opportunities, and defensive movements that restrict dangerous space or passing
options. In addition, by adjusting the reward weight for attacking-third ball occupancy,
we showed that the model’s local action rankings can be inspected under different
tactical reward preferences. Because the learned value basis remains fixed during this
analysis, the weight adjustment provides a post-hoc means of examining how tactical
preferences affect local action rankings.

Overall, the results suggest that the proposed learning formulation as a whole pro-
duces more context-sensitive off-ball action rankings than the independent RL baseline
in the evaluated data and provides an interpretable basis for analyzing on-ball, off-ball,
and defensive decisions. However, because the two approaches differ in several com-
ponents beyond the MPE-inspired formulation itself, the observed differences should
not be interpreted as isolating the effect of the MPE-inspired component.

Several limitations remain. First, although the proposed formulation changed the
relationship between team-level average Q-values and season-level xG from negative
to weakly positive, the correlation remained weak. The external validity of the learned
action values should therefore be examined using additional team-level and possession-
level indicators, such as goals, shot creation, possession value, and defensive outcomes.
Second, the current state representation mainly relies on player and ball positions,
velocities, and derived spatial features. Incorporating body orientation, field of view,
and player-specific technical attributes could improve the resolution of tactical evalu-
ation. Third, the reward weights were manually specified in this study. Future work
should investigate inverse reinforcement learning to infer reward weights from expert
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demonstrations or team-level tactical objectives. Fourth, the current evaluation was
conducted on J1 League data. Applying the framework to other leagues, competitions,
and data providers would be important for verifying its generalizability. Fifth, the
current implementation does not explicitly solve for or verify a mutually consistent
MPE strategy profile; MPE is used as a motivating dynamic-game framework, while
continuation values are estimated from observed state-action transition data. Finally,
the proposed method and the independent RL baseline differ in model architecture,
reward representation, learning objective, and training procedure. Consequently, the
current experiments do not isolate the contribution of the MPE-inspired component
from these other design choices. Controlled ablation studies using a common back-
bone and training setup are required to quantify the contribution of each component
separately.

In future work, we aim to extend the proposed framework toward a more flexible

tactical analysis system. In particular, richer state representations, data-driven reward
estimation, controlled ablation studies, and validation across multiple competitions
will be necessary to establish the robustness of the learned action values. Combin-
ing the model with match-video visualization could also support coaches, analysts,
and viewers in understanding why a given movement is valuable within the strategic
context of a football possession.
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Supplementary Materials

A State Representation

This appendix provides the detailed definitions of the state representations used in
this study. We compare two types of state representations: Position and Velocity State
(PVS) and Expandable Decision-Making State (EDMS). PVS is used as a baseline
representation that directly encodes the physical configuration of players and the ball.
In contrast, EDMS is designed to incorporate tactically interpretable features, such as
spatial value, defensive pressure, passing options, and shooting opportunities.

A.1 PVS: Position and Velocity State

The Position and Velocity State (PVS) is used as the baseline state representation. Fol-
lowing previous reinforcement learning-based approaches for football action valuation,
PVS represents the game situation using only the physical information of all players
and the ball. Specifically, for each time step ¢, the state consists of the two-dimensional
position and velocity of the ball and all players on the pitch.

Let p; ¢ = (24,4, Yit) and v; ¢ = (&4¢, ¥s,¢) denote the position and velocity of player
i at time ¢, respectively. Similarly, let py; = (@p¢, yp,t) and v = (L4, Yo¢) denote
the position and velocity of the ball. The PVS representation is then defined as

sfvs = [Pb,t, Vb,t, D165 V1ts - -+ PN UNt] 5 (19)

where N is the number of players considered in the model.

In this study, the attacking direction is normalized so that the attacking team
always moves from left to right. This normalization allows the model to learn action
values under a consistent spatial coordinate system across different possessions and
matches.

Although PVS provides a compact and direct description of the physical configu-
ration of the game, it does not explicitly encode tactical relationships among players.
For example, quantities such as available space, defensive pressure, passing lanes, and
shooting angles must be inferred indirectly from raw coordinates and velocities. There-
fore, while PVS is useful as a baseline representation, it may be limited in terms of
sample efficiency and interpretability when modeling complex tactical decision-making
in football.

A.2 EDMS: Expandable Decision-Making State

The Expandable Decision-Making State (EDMS) is the proposed state representation
used in this study. EDMS is designed to represent football-specific tactical information
in an interpretable and modular form. Unlike PVS, which directly uses raw position
and velocity information, EDMS transforms the physical configuration of the pitch
into a set of semantically meaningful variables related to space, pressure, passing
opportunities, shooting opportunities, and possession context.

The term “expandable” indicates that the state representation is not restricted to
a fixed set of variables. Instead, EDMS is organized as a modular structure, allowing
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additional tactical or provider-specific variables to be incorporated without changing
the overall reinforcement learning framework. This property is important for practical
football analytics, where the available data and the tactical concepts of interest may
differ depending on the league, data provider, or analysis objective.

EDMS consists of two major components: Absolute State and Relative State. The
Absolute State contains global information that is not defined with respect to a specific
target player. The Relative State contains player-specific information that changes
depending on the evaluated player and the possession context. The Relative State is
further divided into On-ball State and Off-ball State, depending on whether the target
player is in possession of the ball.

A.2.1 Absolute State

The Absolute State describes global contextual information of the current game situ-
ation. In this study, it includes the distance from the ball to each team’s offside line
and the team formation.

The offside line is defined according to the attacking direction and the positions
of the defending players. When all attacking players are located in their own half,
the halfway line is used as the offside line. Otherwise, the offside line is defined by
the second-deepest defending player relative to the attacking direction. The distance
from the ball to this line represents how much vertical space is available behind the
defensive line.

The formation variable represents the nominal team formation provided in the
data. This variable gives coarse tactical context regarding the team structure. In the
current implementation, formation changes caused by substitutions or in-game tactical
adjustments are not explicitly modeled.

A.2.2 Off-ball State

The Off-ball State represents the tactical situation of an attacking player who does
not possess the ball. For each off-ball player, EDMS computes variables that describe
passing accessibility, defensive pressure, and spatial value.

First, the distance between the ball and the off-ball player is computed as

A3 = |Ipi — po.tlla- (20)

This variable captures how easily the player can be involved in the current possession.
Second, EDMS computes the time required for the nearest opposing player to reach
the off-ball player. This variable is denoted as

Tl{’iayer. (21)

A larger value indicates that the player is under weaker defensive pressure and has
more time to receive or control the ball.
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Fig. 9 This figure illustrates the procedure for calculating the space score. From left to right, it
shows: the Voronoi diagram considering each player’s position and velocity; the importance of each
area on the pitch; and the final space score distribution, which is the product of the two. The area
importance is modeled based on proximity to the opponent’s goal and distance from the center of
the pitch, and it is maximized in the central area in front of the opponent’s goal

Third, EDMS computes the time required for the nearest opposing player to reach
the passing lane from the ball to the off-ball player. This variable is denoted as

Tﬁixssline. (22)

A larger value indicates that the passing lane is less likely to be intercepted.

Fourth, EDMS includes a space score, which quantifies the value of the space
occupied or controlled by the player. The space score is computed by combining the
player’s space control with the tactical importance of the corresponding pitch area.
The spatial importance is designed to be higher near the opponent’s goal and in central
areas of the pitch. Thus, the space score assigns high values to regions that are both
controllable and tactically dangerous.

Fifth, EDMS includes the change in space score when the player moves one meter
in each of eight directions. Let D denote the set of eight movement directions:

D = {Right, Up-Right, Up, Up-Left, Left, Down-Left, Down, Down-Right }. (23)

For each direction d € D, the change in space score is defined as
ASpaceScoref,t = SpaceScore(p; + + uq) — SpaceScore(p; ¢), (24)
where ug4 is a one-meter displacement vector in direction d.

Finally, EDMS defines a pass score that summarizes the quality of a potential pass
to the off-ball player. The pass score is computed as a weighted sum of distance, space
value, pressure on the receiver, and pressure on the passing lane:

PassScore; ; = ky dR?H + koSpaceScore; , + kgTSiayer + k4T£fSSIine. (25)
In this study, the weights are set as

ki =05, ko=0.3, k=02, Fkq=0.2 (26)

These weights were determined based on preliminary analysis of pass success predic-
tion.
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A.2.3 On-ball State

The On-ball State represents the tactical situation of the player in possession of the
ball. It is divided into Intra-Possession State and Inter-Possession State. The Intra-
Possession State describes situations in which the same team maintains possession,
while the Inter-Possession State describes situations involving a possible transition of
possession between teams.

The Intra-Possession State includes variables related to pressure, goal proximity,
dribbling opportunities, shooting opportunities, and long-ball options.

First, EDMS computes the time required for the nearest opposing player to reach
the ball:

rpall, (27)

This variable represents the pressure applied to the ball carrier.

Second, the distance from the ball carrier to the opponent’s goal is computed as

di*™ = llps,e — =2, (28)

where p&° denotes the center of the opponent’s goal.

Third, the angle from the ball carrier to the opponent’s goal is computed. This
angle captures the geometric quality of the shooting or attacking situation.

Fourth, EDMS defines a dribble score. The dribble score is computed as the change
in space score when the ball carrier moves one meter in each of the eight directions:

DribbleScoref = SpaceScore(py,; + uq) — SpaceScore(py), d € D. (29)

This variable evaluates whether a short movement by the ball carrier would improve
the tactical situation.

Fifth, EDMS includes a shot score. The shot score evaluates the quality of a poten-
tial shot by considering the angle to the goal and the probability that defenders block
the shooting lane. Only defenders located inside the triangular region formed by the
ball carrier and the two goalposts are considered, excluding the goalkeeper. The block-
ing probability is aggregated over the goal mouth, and the shot score is computed only
when the ball carrier is within 30 meters of the opponent’s goal.

Sixth, EDMS includes a long-ball score. The pitch is divided into left, central, and
right zones, and the zone containing the tallest attacking player is assigned a high
value. This variable allows the model to represent long-ball options toward aerially
dominant players.

A.2.4 Inter-Possession State

The Inter-Possession State represents situations in which possession may change
between teams. This component is used to model transitional situations, such as
turnovers, loose balls, and defensive recoveries.

The Inter-Possession State includes the following variables. First, EDMS computes
the time required for the nearest player from each team to reach the ball. This variable
captures which team is more likely to gain possession.
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Table 5 Summary of the EDMS components.

Category Subcategory Main variables
Absolute State — Offside-line distance, formation
Relative State Off-ball State Ball distance, pressure, pass-line pressure,

space score, pass score

Relative State On-ball / Intra-Possession State  Ball pressure, goal distance, goal angle,
dribble score, shot score, long-ball score

Relative State On-ball / Inter-Possession State  Time to reach ball, goal distance, goal angle,
ball velocity, transition indicator

Second, EDMS computes the distance from the ball to each team’s goal:
dfftal = ||pot — pE°|y, ¢ € {attack, defense}. (30)

Third, EDMS computes the angle from the ball to each team’s goal. Fourth, the
velocity of the ball is included to capture whether the ball is moving toward a danger-
ous area or away from pressure. Fifth, a transition indicator is included. This variable
is set to 1 when the player is switching from attack to defense and 0 when the player
is switching from defense to attack.

A.2.5 Summary of EDMS

Table 5 summarizes the main components of EDMS.

Compared with PVS, EDMS explicitly encodes tactical concepts that are relevant
to football decision-making. This allows the reinforcement learning model to evalu-
ate not only the physical location of players but also the meaning of their positions
in the context of pressure, space, passing options, and goal threat. Moreover, because
EDMS is modular, additional variables such as body orientation, player-specific pass-
ing ability, score difference, or set-piece-specific features can be incorporated in future
extensions.
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