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Abstract
We aim to automatically create for a platformer
game levels structurally similar to provided train-
ing levels. We assume that (i) the structure of a
level in a platformer game has a profound influ-
ence on the enjoyment of players, and (ii), given
levels created by expert designers, it is possible
to extract their structural properties and trans-
fer them to new levels. In this paper we first
propose a graph-based representation of Super
Mario Bros levels to encode their structure. Next,
to abstract the structural elements, we extend an
algorithm for learning a graph grammar, SUB-
DUEGL, to produce a stochastic graph grammar.
We describe our work in progress on generating
new levels from graphs produced using the in-
ferred graph grammar.

1. Introduction
Conventionally, specialized designers build game levels,
applying their creativity and expert knowledge to produce
content exhibiting structural correctness, interestingness
for players, and balanced difficulty among other quality
features. We aim to create a learning mechanism capable
of extracting design concepts from a set of human-authored
levels and to use the acquired knowledge to algorithmi-
cally generate new ones. To that purpose we propose to
use stochastic graph grammars in their both qualities, de-
scriptive and generative.

2. Related work
Diverse techniques have been used to automatically gen-
erate content for computer games since the early eighties
(Hendrikx et al., 2013). Most of these applications have
the same general objective: to autonomously create game
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elements. Level generation in particular, has been explored
through a variety of approaches.

Search-based techniques, such as evolutionary algorithms,
genetic programming and other forms of stochastic opti-
mization have been employed in multiple ways, e. g. by
Cardamone et al. (2011) and Johnson et al. (2010).

Specifically for Super Mario Bros, Snodgrass & Ontañón
(2014) abstracted levels as matrices and randomly gener-
ated new ones through Markov Chains. This representation
is too simplistic, though. It is the interactions of various
elements of a level that defines its quality and these interac-
tions are too complex to be analyzed directly over a matrix.

There are a few works using grammars to represent levels.
Dormans (2010) builds level layouts for adventure games
over mission scripts, based on context-free string and space
grammars. Shaker et al. (2012) generate Super Mario Bros
levels using genetic programming to search the space of
levels derivable from a predefined grammar, an approach
that has been called Grammatical Evolution. In this work
we go a couple of steps further by using graph grammars
to encode the relationships between various elements of a
level and by learning these grammars instead of requiring
them to be predefined.

To the best of our knowledge, graph grammars have not
been applied as yet to algorithmically generate game con-
tents. Nevertheless, they have shown promising results in
diverse fields, for instance for discovering interesting pat-
terns in chemical compounds (Cook & Holder, 1994) or in
the execution of programs (Zhao et al., 2008).

3. Representation of levels
From an implementation perspective, Super Mario Bros
levels are represented as a matrix M of bytes, with dimen-
sions width × height, where each entry corresponds to a
sprite. In contrast, from an analytical point of view, Su-
per Mario Bros levels are composed of elements that are
not isolated, but relate to each other in different ways. The
matrix M contains all this information, but in a way that is
convoluted and hard to analyze. An explicit and succinct



Graph Grammars for Super Mario Bros Levels

representation of the levels is fundamental for the devel-
opment of effective algorithms for learning and procedu-
rally generating correct content. Hence, we suggest to use
graphs as a representation of levels.

3.1. Levels as graphs

We represent Super Mario Bros levels as directed graphs
G = 〈V,E〉, with V a set of nodes and E ⊆ V × V a set
of edges. Both nodes and edges have labels in the sets ∆
and ∆E respectively. The set ∆ is made up of the names of
all the game elements of interest, (e. g. blocks, coins, etc.)
The set ∆E comprises the types of relationships between
these elements.

One of the most significant advantages of using graphs, is
that edges enable us to establish semantic relationships be-
tween the elements of the levels. We use edges to define
two classes of elements essential to our graph representa-
tion:

Platforms are groups of solid sprites that are consecutive
and lie on the same row of the level matrix. They form solid
positions upon which the character can stand and jump to
other elements.

In a level graph, platforms are represented by edges, la-
beled as platform that connect their first and last sprites,
represented as solid nodes. In addition, platform edges
have a length attribute, stating the number of sprites it
spans. Here, we denote platforms by p = (ps, pt) ∈ V ×V ,
where ps and pt are the start and end nodes.

Item clusters are subgraphs comprising a set of neighbor-
ing nodes, denoted by C = {c1, ..., cn} ⊆ V . They rep-
resent conglomerates of sprites that are not solid, but still
interact with the player (e. g. coins). Each node in an item
cluster is connected with its closest neighbor (i. e. another
sprite located at a distance lower than a threshold), through
an edge labeled as cluster.

Moreover, the concept of reachability, fundamental to our
approach, is described in terms of a relationship between
nodes.

Let G = 〈V,E〉 be a graph representing a level grid M
and px ∈ V a node that is part of a platform. We define
the reachability pyramid of px, as the isosceles triangle
having px at the center of its base and spanning the area of
M directly above it.

Now, let v ∈ V be a node and p = (ps, pt) ∈ V × V
a platform. The node v is said to be reachable from p,
if and only if the position of v in M is contained in the
reachability pyramid of ps or pt, or the rectangle delimited
by the top of these pyramids and by ps and pt. Figure 1
illustrates these ideas.

Figure 1. Reachability area of a platform, delimited by the dashed
lines. The triangles ys and yt depict the reachability pyramids of
the start and end nodes.

Finally, let p = (ps, pt), q = (qs, qt) ∈ V × V be two
platforms. We say that q is reachable from p, if and only if
either (or both), qs and qt are reachable from p.

In the graph abstraction, reachability relationships are rep-
resented as edges with label reach.

3.2. Transformation of level grids into graphs

In order to obtain the graph representation of the example
levels we will learn from, we implemented an algorithm to
transform a level in matrix form M , into a graph G, com-
posed of interconnected platforms and item clusters.

The algorithm consists of two major stages:

Detection of elements: platforms and item clusters are de-
tected by scanning the level grid M row by row. Platforms
are built by grouping adjacent sprites, found at the same
row and that are suitable to be part of a platform.

Item clusters are constructed through a simplified version
of the GDBSCAN algorithm (Sander et al., 1998). They
are built up starting at a non-solid, interactive sprite and
expanding the cluster over its neighborhood.

Assembly of reachability edges: once all platforms and
item clusters in the map have been constructed, the algo-
rithm evaluates which elements are reachable from each
platform and inserts reach labeled edges accordingly.

Level grids are built from graphs in two stages: First, the
main structure of the level is constructed, by rendering the
elements of the graph on the grid. Second, adornments such
as background sprites are randomly added around the main
structure.

4. Learning from level graphs
We hypothesize that human-authored, high-quality levels
contain design paradigms reflecting the designer’s knowl-
edge, encoded in a way representable by graphs.

Under these assumptions, graph data mining techniques
can be applied to extract the knowledge embedded in a set
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of human-authored levels. Specifically, we implemented
the SUBDUEGL algorithm (Jonyer et al., 2004), which
learns a graph grammar from a set of example graphs, striv-
ing to achieve an optimal balance between the size of the
substructures and their frequency of occurrence. This cri-
terion is called the MDL principle (Cook & Holder, 1994).
The induced graph grammars are expected to define pat-
terns frequently observed in high-quality levels.

4.1. Node Label Controlled graph grammars

SUBDUEGL learns Node Label Controlled (NLC) graph
grammars (Rozenberg & Ehrig, 1999), which are context-
free by definition and have the form:

R = (Σ,∆, P, C, S) ,

where Σ is the alphabet of terminal and non-terminal node
labels, ∆ is the alphabet of terminals, P is the set of pro-
ductions,C is the set of connection relations, S is the initial
graph. A single production from P has the form z → α,
with z ∈ Σ \ ∆ a non-terminal node label and α a graph,
i. e. it defines how a node with a non-terminal label can
be replaced by a subgraph α. A connection relation is an
ordered pair (s, t) ∈ ∆×∆.

The node label controlled aspect ofR, implies that αwould
be connected to the neighborhood of the replaced node by
means of a connecting mechanism (Rozenberg & Ehrig,
1999). For a production rule z → α it operates by adding
an edge from a node labeled s in the neighborhood of z,
to a node labeled t in α, for each connection instruction
(s, t) ∈ C.

4.2. Stochastic NLC graph grammars

To accurately represent the occurences of found substruc-
tures, we extend SUBDUEGL to learn stochastic NLC
graph grammars. An example is shown in Figure 2.

A stochastic NLC graph grammar G, has “probabilities of
being applied” pz,1, ..., pz,nz

associated to its productions
z → α1, ..., z → αnz

, in such a way that for a particular
left-hand side z,

∑nz

j=1 pz,j = 1.

As proposed by Oates et al. (2003), a maximum-likelihood
estimate for the probability of application of a production
z → α, provided a set of example graphs
GX = {G1, ..., Gm}, can be computed as:

p̂ (z → α) =
c (z → α|GX)∑
δ c (z → δ|GX)

For each substructure αi discovered by SUBDUEGL in the
set of examples GX, a production P = zi → αi is syn-
thesized. Thus, the total number of times each production
was observed, namely c(z → α|GX), can be computed as

Figure 2. A stochastic graph grammar.

a byproduct. Suppose that SUBDUEGL is run on a source
graph Gm ∈ GX and as a result, a set of substructures
B = {αi : i ∈ [1, k] ∧ αi ⊆ Gm} are chosen to become
productions. Each substructure appears c (αi) times in the
input graph. The resulting productions are:

P = {z → αi : i ∈ [1, k]∧αi ⊆ Gm}, with z non-terminal

Their associated probabilities are computed as:

p̂ (z → αi) =
c (αi)∑
δ∈B c (δ)

5. Level generation
The level generation algorithm will first create a new graph
using the learned grammar: It will expand an initial graph
(e.g. a non-terminal node representing the start of the level)
by iteratively applying the productions of the stochastic
NLC graph grammar. On each iteration, the algorithm ex-
pands a non-terminal node with label z. To do so, it selects
a production z → α, in accordance with the probabilities
having z at the left-hand side. In the next step, the so gen-
erated graph is transformed into a level grid and additional
details such as background sprites will be rendered on it.

6. Current status of the project
We have implemented the transformation of level grids into
graphs and a stochastic version of SUBDUEGL, as speci-
fied in Section 4. The level generation process is yet to be
completed.

To evaluate the quality of our results, we intend to use the
metrics proposed by Shaker et al. (2012). Furthermore, we
would design an experiment involving human players to
qualitatively evaluate the generated levels and to compare
our system against existing level generators, namely (i) the
default generator included as a part of the framework, (ii)
the GE generator by Shaker et al. (2012), based on gram-
mar evolution; (iii) the winner of the Mario AI Champi-
onship 2012, an approach driven by the player’s score, as
presented in Togelius et al. (2013).
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