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Abstract. A Constraint Satisfaction Problem (CSP) consists in a sequence
of variables holding a domain of possible values and relations among these variables called constraints. A meta-CSP can be seen as a metaproblem whose
decomposition leads to a set of CSPs. The meta-variables correspond to subproblems of the original problem, and a meta-constraint is a relation among
those meta-variables. Meta-CSPs find many applications in industry, usually in
processes that involve time and actions such as the control of a robot, a manufacturing process, or the scheduling of any common activity. In this paper,
we introduce the notion of Sequentially Dependent Meta-CSP (SD Meta-CSP),
which extends the meta-CSP in order to support applications where a dependency between sub-problems is mandatory. In this case, the meta-CSP is decomposed into a set of sub-problems {Pi , Pi+1 , . . . , Pn }, but the instance of the
sub-problem Pi+1 sequentially depends on the solution of the sub-problem Pi .
In this work we provide a formal definition for the SD Meta-CSPs, a framework
to handle it, and we illustrate its applicability to video games. In particular, we
model and implement agents as SD Meta-CSPs able to autonomously play two
classic games: Ms. Pac-Man and Super Mario Bros.
Key-words: Video-games, artificial intelligence, constraint satisfaction
problem.
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1. Introduction
A Constraint Satisfaction Problem (CSP) consists in a sequence of variables holding a domain of possible values and relations among these variables which are called
constraints. A solution to a CSP is a complete value-variable assignment that satisfies the set of constraints. In his seminal work [11], Freuder introduces the notion of
meta-CSP, which can be regarded as a meta-problem composed of sub-problems.
A meta-CSP owns meta-variables and meta-constraints. The meta-variables correspond to sub-problems of the original problem, and a meta-constraint is a relation
among those meta-variables. For instance, consider two meta-variables corresponding
to sub-problems A and B. A meta-constraint between those meta-variables enforces
all the constraints in the original problem that involve one variable from A and one
from B. Finally, the set of meta-values for a meta-variable is the set of solutions to
the sub-problem. A meta-CSP finds different applications in real-life, certainly one
of the most important is related to systems that reasons about time and actions,
such as a manufacturing process, the movement of a robot, or the scheduling of any
activity [41, 30]. In this context, time and actions are modeled as a Temporal CSP,
which is seen as a meta-CSP composed of a set of simple temporal problems [4].
In this paper, we extend the notion of meta-CSP in order to support a new kind of
application where a dependency among sub-problems is mandatory. As an example,
let us consider the well-known Ms. Pac-Man video game, which consists in driving
an avatar through a maze, by eating pills and avoiding to be attacked by ghosts (see
Fig. 1).

Fig. 1. Ms. Pac-Man screenshot.

In this game, each move of Ms. Pac-Man can be modeled as a CSP, where the
variables represent its possible movements, and the constraints restrict the parts of
the space that must avoided in order to succeed. Then, the meta-CSP put into group
those CSPs models where an agent defines and controls the set of moves needed
to pass a given level. However, the components of the CSP for computing move
i + 1 strictly depends on the position of Ms. Pac-Man in move i, which has been
computed by the preceding CSP. In this case, the meta-CSP contains a set of subproblems {Pi , Pi+1 , . . . , Pn }, where the instance of the sub-problem Pi+1 sequentially
depends on the solution of the sub-problem Pi , we refer to this model as Sequentially
Dependent Meta-CSP (SD Meta-CSP).
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This work provides a formal definition for SD Meta-CSPs which is a framework to
handle it, and we illustrate its applicability to video games. In particular, we use the
SD Meta-CSP framework to design and implement agents able to autonomously play
two well-known video games: Ms. Pac-Man and Mario Bros.The first one is a widely
used game for testing artificial intelligence (AI) and computational intelligence (CI)
algorithms [31, 3, 37, 1, 29].This video game appears to be relatively simple; however
it demands complex and intelligent strategies to become a superb player. The second
one is also a broadly used video game for testing AI/CI methods [36, 34, 35, 16, 28],
especially for reinforcement learning and game AI techniques. In addition, both video
games arise as excellent candidates for validating the applicability of the proposed
approach.
The remainder of this paper is structured as follows: in Section 2 we introduce
the related work, followed by the preliminaries in Section 3. The SD Meta-CSP is
presented in Section 4 followed by Section 5 which shows the application of this new
framework to video games. Finally, we conclude and give some directions for future
work.

2. Related Work
A CSP is a formal representation of a constraint-based problem that has been
subjected to a large number of extensions. A preliminary example is the work proposed by [24], who introduced the notion of dynamic CSP, also known as conditional
CSP. This framework distinguishes from the standard CSP essentially by the use of
variables that may change their status to active or non-active. The status of variables
is controlled by the so-called activity constraints. [30] call composite CSP to a combination of meta-CSPs, hierarchical domain CSP [22, 17], and dynamic CSP. In this
framework a variable can represent a sub-problem, and a domain can be composed of
a set of variables (instead of values as in the classic CSP), which can be hierarchically
organized. Finally, the activation of variables is controlled by activity constraints
as in dynamic CSPs. Recently, a framework that mixes composite, conditional, and
temporal CSPs has been proposed by [26]. There is also another extension proposed
by the same authors which introduces the notion of preferences to dynamic CSPs [27].
The max-CSP is a useful CSP extension for handling over-constrained problems.
In this context, the idea is to find an assignment that minimizes the number of violated
constraints [13, 19, 18, 38]. There are various frameworks which derived from maxCSP have been suggested. For instance in weighted CSPs [20], a weight is associated
to each constraint to express violation priorities, where constraints with lower weights
are preferable to violate. Then, the idea is to minimize the total sum of weights from
violated constraints. A very similar approach named possibilistic CSPs is proposed
in [32]. Here, a preference level between 0 and 1 is attached to constraints, 1 being
the maximum level of importance. In this framework, an idempotent operator max is
used to compute the solution cost instead of a strict monotonic operator such as ’+’.
In fuzzy CSPs [10], also a preference level between 0 and 1 is considered, however it
is associated to each tuple of each constraint. The semiring CSP [2] and the valued
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CSP [33, 5], are more general frameworks that encapsulate the notion of most maxCSP extensions, i.e., a value is associated to constraints or tuples and the set of
valuations is introduced within an objective function.
Lexicographic ordered CSP is another CSP extension [14, 12] allowing the use
preferred variables. This approach has also been adapted to support conditional
preferences under the name of conditional lexicographic CSP [39]. In [23], the dynamic
flexible CSP is proposed,its goal is to consider soft constraints (constraints that can
be violated) in a dynamic environment. In mixed CSP [15], the idea is to support
both mixed (CSP involving numeric and discrete variables) and conditional CSPs in a
single framework. Finally, in stochastic CSPs [40], domains are linked to a probability
distribution.
As illustrated, the research work has conducted to several adaptations of the classic
CSP. However, to the best of our knowledge, no published work addresses meta-CSP
where dependency among sub-problems is mandatory.

3. CSP Background
A CSP is mainly composed of a sequence of variables holding a domain of possible
values and a set of constraints over those variables. Formally, a CSP P is defined by
a triplet P = hV, D, Ci where:
• V = {v1 , v2 , . . . , vn } is the set of variables.
• D = {dvi | vi ∈ V} is the set of domains and dvi = {ai1 , ai2 , . . . , ait } represents
the set of values that variable vi can take.
• C = {CR | R ⊆ V, R 6= ∅} is the set of constraints. CR is a constraint over
variables in R and it is defined as a subset of the Cartesian product of domains
of variables in R.
A solution to a CSP is an assignment {v1 → a1 , . . . , vn → an | ai ∈ dvi , i ∈ 1..n}
that satisfies the whole set of constraints. Moreover, the set of solutions of a CSP P
is usually denoted by sol(P).
Constraint Satisfaction is in general NP-Complete and the most used solving approach is to combine a backtracking algorithm with constraint propagation. In addition , a Constraint propagation aims at pruning values that do not lead to any
solution during search, which is possible by enforcing a given local consistency to the
problem such as the well-known arc-consistency [21].
Algorithm 1 - SolveCSP
Input: a CSP P = hV, D, Ci
Output: Either a solution, or a notification that P is inconsistent
1
Di0 ← Di ∀i ∈ {1, n}
2
i←1
3
while 1 ≤ i ≤ n
4
propagate(i, D0 , f ailure)
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if f ailure then
i←i−1
reset(i, D0 )
else
evaluate(vi )
i←i+1
end if
end while
if i = 0 then
return inconsistent
else
return {a1 , . . . , an } ∈ sol(P)
end if

Algorithm 1 illustrates a general procedure for solving CSPs, where a backtracking
procedure has been merged with constraint propagation [7]. The algorithm receives as
input the CSP and returns a solution for it or informs that the CSP is inconsistent. At
the beginning, the procedure is initialized by performing a copy of all domains from D
that allows propagation and reset actions. Then, a while loop encloses a set of actions
to be performed until the i counter reaches n, n being the number of variables. The
first action is responsible for constraint propagation in order to eliminate from D0 the
inconsistent values. Then, if a failure occurs, the procedure backtracks and reset each
D0 k , k > i, to its value before vi was last instantiated. Otherwise, the variable vi is
evaluated and the algorithm moves forward in the search space. Finally, the procedure
returns the solution of the CSP if found, or informs that the CSP is inconsistent.

4. SD Meta-CSP
A SD Meta-CSP can be defined analogously than traditional CSPs, by using a
triplet P = hV, D, Ci, where variables represent an entire sub-problem P 0 = hV 0 , D0 , C 0 i,
and the problem P 0 i sequentially depends on P 0 i−1 . Hence, formally, the SD MetaCSP is composed of:
• V = {v1 , v2 , . . . , vn } is the set of metavariables, where vi represents the subproblem P 0 i .
• D = {dvi | vi ∈ V } is the set of domains and dvi = {ai1 , ai2 , . . . , ait } represents
the set of meta-values that meta-variable vi can take. Note that dvi represents
the set of solutions of P 0 i . Then, if ai is the solution of P 0 i we can denote the
dependency among sub-problems as a function f : ai → vi+1 , ∀i ∈ {1, . . . , n−1},
that takes as input the solution of P 0 i to generate as output P 0 i+1
• C = {CR | R ⊆ V, R 6= ∅} is the set of constraints.
A solution to a SD Meta-CSP is an assignment {x1 → a1 , . . . , vn → an | ai ∈
dvi , i ∈ 1..n} that satisfies the whole set of meta-constraints.
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Algorithm 2 describes the proposed procedure for solving SD Meta-CSP. The idea
is to decompose the SD Meta-CSP and solving each sub-problem in a sequential
scheme (line 1). Then, the solution {a1 , . . . , an } ∈ sol(P 0 ) of sub-problem P 0 is an
input of the next sub-problem. We call this input instP 0 and represents the initial
configuration of the sub-problem. This can be exemplified by recalling the Ms. PacMan game introduced in Section 1. Here, instPi0 holds the current position of Ms.
Pac-Man within the maze and the position of ghosts to be used as input of subproblem P 0 i in order to compute its solution. Then, the solution of P 0 i is assigned
0
to instPi+1
which will be in turn the input of P 0 i+1 (line 2). The process is done
repeatedly until no sub-problem remains. Let us note that if a sub-problem has no
solution, the SD Meta-CSP also becomes inconsistent.
Algorithm 2 - SolveSDMeta-CSP
Input:a CSP P = hV, D, Ci
Output: Either a solution, or a notification that P is inconsistent
1
foreach P 0 ∈ P
2
instP 0 ← solveSubCSP(instP 0 , P 0 )
3
if P 0 is inconsistent then
4
return inconsistent
5
end if
4
end foreach
Algorithm 3 - SolveSubCSP
Input: instP 0 , a CSP P 0 = hV 0 , D0 , C 0 i
Output: Either a solution, or a notification that P 0 is inconsistent
1
Di00 ← D0 i ∀i ∈ {1, n}
2
i←1
3
while i ≤ 1 ≤ n
4
propagate(i, Di00 , f ailure, instP 0 )
5
if f ailure then
6
i←i−1
7
reset(i, Di00 )
8
else
9
evaluate(vi , instP 0 )
10
i←i+1
11
end if
12 end while
13 if i = 0 then
14
return inconsistent
15 else
16
return {a1 , . . . , an } ∈ sol(P 0 )
17 end if
Then, a slight modification has been done to Algorithm 1 to be used by SolveSDMeta-CSP (see Algorithm 3), the instP 0 input must be used in the propagation (line 4)
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and evaluation (line 9). Indeed instP 0 may fix some variables and/or to affect some
constraints.

5. Modeling Video Games as SD Meta-CSPs
The design of agents for simulating the human behavior in video games has become
an interesting research area receiving much attention during the last five years [31, 3,
37, 1, 29, 36, 34, 35, 16, 28] . Indeed, agents are known to be useful from two main
standpoints. For instance, from a gaming perspective, agents can be used to guide
players when they get stuck in a particular level of the game, to implement demo play
features, to automatically test new level and features, or to create new content for
the game. From an AI perspective, the design of video game agents is known to be
a challenging task that may demand complex AI algorithm to generate agents able
to success in video games. In this section, we illustrate how two video game agents
can be modeled as SD Meta-CSPs and implemented using constraint programming
solvers.
5.1. Modeling Ms. PacMan
Ms. Pac-Man is an arcade game originally produced by Namco, whose goal is to
drive Ms. Pac-Man through a maze by eating pills and avoiding to be attacked by
ghosts. The player is taken to the next level once all pills of the maze are eaten.
Ghosts can be eaten by a limited period of time when Ms. Pac-Man eat a power
pill. From a design agent standpoint, Ms. Pac-Man is considered much more complex
that the classic Pac-Man, since the behavior of ghost is non-deterministic, being not
possible to learn optimal routes.

Fig. 2. An extract of the Ms.
Pac-Man observation matrix.

The Ms. Pac-Man API provides the information of the maze through a two dimensional array called observation matrix. This matrix describes the elements around
Ms. Pac-Man where each array cell represents a block of the game (see Fig. 2). In
this matrix, 0 represents a passable block with no pill, 1 a passable block with pill, 2 a
passable block with power pill, 3 an impassable block (wall), and 4 represents a block
with a ghost. The position of Ms. Pac-Man is provided via x and y coordinates.In
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addition, it is always possible to know the distance from Ms. Pac-Man to its enemies
and to impassable blocks in order to allow the agent to take the correct decision.
Then, by employing the observation matrix as the instP 0 parameter, the agent for
Ms. Pac-Man modeled as a SD Meta-SP is defined in the following.
• The SD Meta-CSP P = hV, D, Ci represents the set of moves allowing Ms. PacMan to successfully pass a given level.
• V = {v1 , v2 , . . . , vn } is the set of meta-variables, where vi represents the subproblem P 0 i , which models the move i of Ms. Pac-Man.
• D = {dvi | vi ∈ V } is the set of domains and dvi = {ai1 , ai2 , . . . , ait } represents
the set of solutions for move i of Ms. Pac-Man. Then, the problem P 0 i+1
representing the move i + 1 is generated via the function f : ai → vi+1 , ∀i ∈
{1, . . . , n − 1} where ai is the solution of P 0 i .
• C = {CR | R ⊆ V, R 6= ∅} is the set of constraints.
Hence, a sub-problem P 0 = hV 0 , D0 , C 0 i representing a single move of Ms. Pac-Man is
defined as follows.
• V 0 = {lef t, right, up, down}, are Boolean variables that define the next move of
Ms. Pac-Man. For instance is lef t adopts 1 as value, Ms. Pac-Man moves to
the left. The behavior for variables right, up, and down is analogous.
• D0 = {0, 1} ∀ vi ∈ V
• C 0 is the set of constraints, where each CR describes a possible move of Ms.
Pac-Man, which can be generically defined as follows.
(v = 1) ⇐⇒ nw=1 (blockx,y = val)w
where v is a variable from V 0 ,  ∈ {∧, ∨}, n is the number of constraints that
must be satisfied within the conjunction/disjunction for allowing the move of
Ms. Pac-Man, block is a given block placed on the position (x, y) of the space,
and val represents a possible value for this block {0: passable block with no
pill, 1: a passable block with pill, 2: a passable block with power pill, 3: an
impassable block (wall), and 4: a block with a ghost}. For instance, assuming
that Ms. Pac-Man is placed in the position (x, y) of the space, the constraint
(right = 1) ⇐⇒ (blockx+1,y = 0 ∨ blockx+1,y = 1 ∨ blockx+1,y = 2) ensures
that Ms. Pac-Man moves right iff there is a passable block by walking in his
next right block.
5.2. Modeling the Mario AI Benchmark
The Mario AI Benchmark is a modified and open source version of the famous
video game Super Mario Bros from Nintendo (see Fig. 3). It has been adapted from
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the original game to allow the integration of AI algorithms mainly for agent design.
The game consist in moving Mario, which is an avatar with humanoid form, through
a two-dimensional environment avoiding obstacles such as enemies and holes. Mario
can walk, run and jump to the left and to the right. There are also three states for
Mario: small, big, and fire. The big and the fire states allow Mario to kill enemies by
jumping over them and by shooting fireballs, respectively.

Fig. 3. Mario AI benchmark screenshot.

The Mario AI benchmark API also provides information about the environment
of Mario. As in Ms. Pac-Man, the observation matrix describes the elements around
Mario analogously (0 represents an impassable block, 1 a passable block, 2 a coin,
and 3 an enemy). The position of Mario via x and y coordinates is also used. Then,
the corresponding SD Meta-CSP is equivalent to the one of Ms. Pac-Man, and the
sub-problem P 0 = hV 0 , D0 , C 0 i representing a single move of Mario is defined as follows.
• V 0 = {lef t, right, jump, sAct}, are Boolean variables that define the next move
of Mario. sAct represents an special action, for instance if sAct = 1 Mario run.
• D0 = {0, 1} ∀ vi ∈ V

• C 0 is the set of constraints, where each CR can be defined by the same generic
formula (v = 1) ⇐⇒ nw=1 (blockx,y = val)w . For instance, the constraint
(right = 1) ⇐⇒ (blockx+1,y = 1) ensures that Mario moves right iff there
is a passable block by walking in his next right block.
5.3. Implementation

We have modeled but also implemented agents for Ms. Pac-Man and Mario AI
Benchmark in order to validate the proposed SD Meta-CSP. We used the Choco
Solver1 for solving each sub-problem sequentially. Figure 4 illustrates the game-solver
interaction scheme.
1 http://www.emn.fr/z-info/choco-solver/

213

SD Meta-CSP: An Application to Video Games
Subproblem P ′ ∈ P

Choco Solver

instP ′
{a1 , . . . , an } ∈ sol(P ′)

{a1 , . . . , an } ∈ sol(P)

Fig. 4. Interaction scheme.

The game delivers the observation matrix to the solver which is able to compute a
solution for a sub-problem of the SD Meta-CSP. Once the solution is reached, it is sent
to the game that triggers the movement of the avatar. This interaction is performed
as many times as needed to complete the stage. The solver is able to reach solutions in
about 40 milliseconds (on a 3.1GHz Intel Core i3-2100 CPU with 4 GB RAM running
Windows 7 Professional), which is mandatory for having a suitable interaction with
the game. For both games, we have performed 40 tries; and although our goal here
is rather to validate the use of SD Meta-CSP rather than performance of agents, we
consider that results are reasonable. In the case of Ms. Pac-Man, 98% of tries pass
the first level, 53% pass the second level, and 10% reached the 4th level. For Mario,
different seeds lead to different stages, which 40 out of 40 were successfully solved by
the agent.

6. Conclusion
In this paper, we have introduced the notion of SD Meta-CSPs, which is an extension of a meta-CSP where a sequential dependency among its sub-problems exists.
The introduction of this new extension has been supported by the corresponding
formal definition, a framework to handle it, and the illustration of its real-world applicability through the modeling and implementation of game agents as SD Meta-CSP
for two well-known human-controlled avatar video games: Ms. Pac-Man and Mario
Bros.
The role of the SD Meta-CSP here is to automatically control the avatar of the
video game in order to success in the game. This is possible by decomposing the SD
Meta-CSP in a set of CSPs, each one representing a move of the avatar in order to
reach a goal. The CSP is modeled by considering as variables the possible movements
of the avatar, and the constraints restrict the parts of the space that may be risky
for the avatar or the situations that hinder to reach the goal of the game. The
resolution of a SD Meta-CSP is handled through an interaction framework where the
game systematically communicates with the solver that provides solution for each
CSP resulting from the SD Meta-CSP decomposition. Our framework is able to
successfully pass levels for both games.
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The introduction of this new framework may conduct to different directions for
future work. One clear way to follow is about solving new kind of problems as SD
Meta-CSP. In particular, we visualize the modeling of transportation problems as SD
Meta-CSPs such as the different variations of the dial-a-ride problem [9, 8], where
each request of the transport network can be seen as a sub-problem of the SD MetaCSP, which in turn represent the entire network. Another research direction is about
performance, for instance to tune the model representing both the problems and subproblems in order to achieve faster resolution processes and/or better scores in the
game. Pursuing a similar goal, the tuning of the solver that handles the sub-problems
may also improve the solving process. In this context, it would be interesting to
employ autonomous search [25, 6] in the resolution, which has demonstrated to be
useful for solving several CSPs.
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