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Abstract

Procedurally generated game levels should be completable.
The representation used for levels and game mechanics im-
pacts the types of games for which different techniques can
be applied. Previous work used a constraint solving approach
to simultaneously generate levels with example playthroughs,
showing they can be completed using the game’s mechanics.
However, that work used 2D grid-based rewrite rules. In this
work, we extend previous approaches by representing lev-
els as more general graphs, and game mechanics as rewrites
on node and edge labels of subgraphs. Using this approach,
graph-based levels with playthroughs are generated. We de-
scribe the approach and demonstrate its application in some
games with graph-based levels.

Introduction

Video game levels are a common type of content to proce-
durally generate (Shaker, Togelius, and Nelson 2016). A key
aspect of procedurally generated levels is to ensure that they
can be completed by the player. While there are a variety
of level representations, a large focus of research has been
on tile-based levels. Graph-based levels have also received
attention.

A popular approach to generating graph-based levels for
games is the use of graph grammars. To ensure completabil-
ity and other desired features of levels, these grammars may
be manually designed (Dormans 2010; Dormans and Bakkes
2011), or incorporate evolutionary algorithms (Font et al.
2016). However, such approaches require either careful de-
sign of grammars or fitness functions, which may require
more in-depth familiarity with these technical systems.

Recently, systems such as WaveFunctionCollapse (Gumin
2016) and variations on it (Karth and Smith 2017, 2019;
Langendam and Bidarra 2022; Alaka and Bidarra 2023; Nie
et al. 2024), which learn to generate levels from examples,
have grown in popularity. As these systems can learn to
generate levels from a few examples, they can be consid-
ered more approachable than more technical systems. They
generally work on grid-based levels, although there have
been some extensions to generating levels on more general,
though fixed, graph structures (Kim et al. 2020).
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Can we bring the same kind of example-based level gen-
eration to graph-based levels, while also ensuring the com-
pletability and controllability of generated levels?

To explore this question, we developed Sturgeon-MKIV,
a constraint-based system for generating graph-based levels
and playthroughs, i.e. a sequence of graphs where the first
graph is the level and the rest show the game mechanics be-
ing used to complete the level. It builds on an existing system
for learning to generate graph-based levels from examples,
and represents game mechanics as rewrites of the node and
edge labels on subgraphs.

Label rewrite rules consist of a graph where nodes and
edges have left-hand side (LHS) and right-hand side (RHS)
labels. If the structure of the label rewrite rule and its LHS
labels can match a subgraph in a graph, the labels can be
rewritten with the RHS labels. For example, if the label
P represents the player, and the label _ represents a blank
space, the label rewrite rule could represent the
player moving onto an empty node. If it were applied to the
graph () () (0), it would result in the graph (1) (¢) (0). If
edges are also labelled, a similar rule would

also mark that edge as visited (and not allow the player to
visit edges more than once, as the edge label « on the LHS
would no longer match, unless another rule was added).

While the local graph patterns are learned from examples,
the label rewrite rules are manually authored, and any addi-
tional constraints on gameplay, such as starting and win con-
ditions for levels, are also manually authored. In this work,
although the initial graph structure is generated, we only al-
low the labels to change, and thus the structure of the graph
cannot change during gameplay (e.g., nodes and edges can-
not be added or removed).

This work is based on the Sturgeon constraint-based
level generation system (Cooper 2022) and is in a large
part a combination of the previously-developed techniques
in the Sturgeon-GRAPH (Cooper 2023a; Cooper and
Balema 2023) graph level generator and the Sturgeon-
MKIII (Cooper 2023b) tile-based playthrough genera-
tor. While Sturgeon-GRAPH generates graph-based levels
without playthroughs, and Sturgeon-MKIII generates tile-
based levels with playthroughs, Sturgeon-MKIV generates
playthroughs for graph-based levels.

We found that the current system could be applied primar-
ily to single-player, turn-based puzzle-style games. We gen-



erated graph-based levels in a variety of game applications,
including Lights Out, a generic adventure game map, Code
Master, and Sokoban. This work contributes to the use of
graph label rewrite rules as game mechanics in a constraint-
based approach to generating completable graph game lev-
els.

Related Work
Procedural Level Generation

Much research in PCG has focused on the generation of lev-
els (Shaker, Togelius, and Nelson 2016), and a wide variety
of techniques have been developed. As our work generates
levels in part by learning graph patterns from examples, it
can be considered a form of procedural content generation
via machine learning (PCGML) (Summerville et al. 2018).
It is also related to work using constraint-based approaches
for PCG, e.g. (Smith et al. 2012; Nelson and Smith 2016;
Snodgrass and Ontafién 2016; Carpenter et al. 2021; Cooper
2022; Katz, Bateni, and Smith 2024).

Ensuring that generated levels are completable — that is,
it is technically possible for a player to complete them
is often incorporated into level generators. Constraint-based
methods like those mentioned can often incorporate con-
straints ensuring completability. In other approaches, game-
play agents may be incorporated to check completability
(Biemer and Cooper 2022; Volz et al. 2018), and search-
based or evolutionary approaches (Togelius et al. 2011) may
use these to guide the search for completable levels (Zafar,
Mujtaba, and Beg 2020; Viana et al. 2022). Yet other work
has explored taking generated levels and repairing them so
that they are completable (Jain et al. 2016; Zhang et al. 2020;
Cooper and Sarkar 2020; Shu et al. 2020). Closely related
to this work is the Sturgeon-MKIII system, which ensures
completability of grid-based levels by representing mechan-
ics as tile rewrite rules (Cooper 2023b).

Tile Rewriting

Tile rewrite rules, which can be applied to grids, have been
used in many systems to represent changes for the creation
of animations, simulations, and games. One arrangement of
tiles (LHS) in a grid can be rewritten with another arrange-
ment (RHS) to update the grid. The BITPICT system (Fur-
nas 1991) used pixel rewrites to create animations. Due to
tile rewrites’ expected approachability, much of this work
has also focused on making game development more ap-
proachable to younger learners (Repenning 1995; Cypher
and Smith 1995; Wright 2006). However, tile rewrites have
also been used in other game authoring systems such as Puz-
zleScript (Lavelle 2013) and combined with behavior trees
(Zhou, Martens, and Cooper 2024).

In addition to being used to represent game mechanics
themselves, tile rewrites have been used to generate images
or levels by starting from a basic grid and rewriting until
some criteria are met (Tows 2009; van Rozen and Heijn
2018; Gumin 2022).
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Graph Rewriting

When generating graph-based levels, oftentimes graph
grammars are used. Graph grammars have a long history
(Ehrig, Pfender, and Schneider 1973). These can be thought
of as rewrite rules on subgraphs, where the grammar defines
arrangements of nodes and edges (LHS) that can be rewrit-
ten with a different arrangement of nodes and edges (RHS).

While level-generating graph grammars are most often
manually authored (Dormans 2010; Jemmali et al. 2020;
Karavolos, Bouwer, and Bidarra 2015), some work has ex-
amined learning grammars from examples (Londofio and
Missura 2015; Hauck and Aranha 2020; Merrell 2023)
or providing designer controls over the generated graphs
(Linden, Lopes, and Bidarra 2013; Valls-Vargas, Zhu, and
Ontafnién 2017; Madkour et al. 2021). Often in these cases,
the goal of rewriting the graph is to create a level by starting
with a small graph and adding nodes and edges until a de-
sired level is created. In contrast to much prior work in graph
level generation, in this work we used learned local graph
patterns to generate a level; label rewrite rules are only used
to generate the accompanying playthrough. As these rewrite
rules cannot change the graph structure, they can take a sim-
plified form of a single graph with a LHS and RHS on each
node and edge (as opposed to the LHS and RHS each being
a separate graph themselves).

Some systems for modeling games have incorporated
even more general rewriting systems (Martens 2015) which
can thus also be used to represent graphs to (Martens et al.
2024). Other approaches have used graphs as a visual ap-
proach to representing game mechanics, such as the Machi-
nations system (Adams and Dormans 2012) and Petri nets
(Reuter, Gobel, and Steinmetz 2015).

System Overview

As mentioned above, the Sturgeon-MKIV system is techni-
cally an extension of the Sturgeon-GRAPH (Cooper 2023a;
Cooper and Balema 2023) graph generation system, adding
support for simultaneous playthrough generation similar
to the Sturgeon-MKIII (Cooper 2023b) system. However,
rewrite rule mechanics are represented as rewrites on the la-
bels of subgraphs, rather than on grids. As more details of
the previous systems are provided in referenced papers, here
we summarize the most relevant points to the current work.

At a high level, Sturgeon-MKIV takes as input exam-
ple graphs; a collection of rewrite rules; custom constraints
on the playthrough; and various problem setup parameters
(such as minimum and maximum generated graph size, max-
imum number of timesteps, etc). Local node and edge pat-
terns are extracted from the example graph(s), and along
with the rewrite rules and other inputs, are combined into a
constraint satisfaction problem. When solved, this produces
a sequence of graphs representing a playthrough solving the
level with the rewrite rules.

Sturgeon-GRAPH generates graphs by specifying a con-
straint problem representing the constraints on the graph
(e.g. node and edge labels and connectivity). Each poten-
tial node and potential edge has a boolean variable for each
of its possible labels, including a special label indicating
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Figure 1: Using the system to generate graphs where each edge can be visited exactly once and return to the start. Local patterns
for generating the level are learned from the example graph. There is a single rewrite rule, which moves the player from one
node to another along an unmarked edge, and marks the edge. The generated level and playthrough show the sequence of
generated graphs showing how the player would move through the graph to solve the level. The subgraph where the rule is

applied is highlighted in each timestep.

that it is not present. Local patterns of nodes and edges are
learned from example graphs by extracting the unique pat-
terns from examples, and generated graphs are constrained
such that they only contain those patterns. There can also be
constraints on the type of graph generated, e.g. a directed
acyclic graph or an undirected graph. In this work we also
added support for general directed graphs. An edge setup
can also be used to specify what edges are possible in the
generated graph (i.e. an edge is not necessarily possible be-
tween each pair of nodes). In some cases where the solver
used has support, it is possible to also solve for the position
of nodes.

Similar to how Sturgeon-MKIII adds timesteps to grid-
based levels, Sturgeon-MKIV adds timesteps to graph-based
levels. By adding timesteps, the system generates not just
an individual graph, but a sequence of graphs representing
gameplay over time. In Sturgeon-MKIV, each node and label
has both a static label, that does not change over time, and a
dynamic label, that can change over time.

While the first timestep is the generated graph itself, each
timestep after the first is essentially an assignment to the dy-
namic labels of the nodes and edges in the graph. Thus, for
each timestep after the first, each potential node and edge has
a Boolean variable for each possible dynamic label it could
have (again, including a special label meaning the node or
edge is not present). In this work we do not allow nodes or
edges to be added or removed dynamically. Each timestep
also has a variable for if it is ferminal or not. A terminal
timestep does not change dynamic labels from the previous
timestep, and all following timesteps are also terminal.

How the dynamic labels of nodes and edges can change
from one timestep to the next is specified by label rewrite
rules. A label rewrite rule consists of a (usually small, pos-
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sibly unconnected) graph, where each node and edge has a
static label, a LHS dynamic label, and a RHS dynamic label.
If all of the static and LHS dynamic labels match a subgraph
of the current graph, the dynamic labels can be rewritten
to their corresponding RHS dynamic labels. Rewrite rules
can be either directed or undirected. If both the graph be-
ing rewritten and the rewrite rule are directed, then the edge
direction matters, otherwise, it does not.

In the constraint problem, rewrite rules are added as con-
straints on the dynamic labels between adjacent timesteps.
There is also a constraint that exactly one rule must be ap-
plied at each non-terminal timestep!. Constraints are added
between each timestep to enforce this, and that any labels
that are not part of a change remain the same.

Additional constraints can be added that are specific to the
game, such as initial conditions applied to the first timestep
and win conditions applied to the final timestep.

Once the constraint problem is set up, it is given to a low
level solver to get an assignment for each variable. The as-
signment is then interpreted as labels for each potential node
and edge (or their absence) as well as the dynamic labels
across timesteps. These can be interpreted as a sequence of
graphs representing gameplay and a solution to the level ac-
cording to the rewrite rules. There is no guarantee there is
not a shorter solution to the level, just that there is one.

As a basic explanatory application, we describe generat-
ing levels for a game where the goal is to find a path through
a graph that visits all the edges exactly once and returns to
the starting node (i.e. a Eulerian cycle). This is shown in

'This is similar to the single choice grouping order of Sturgeon-
MKIII, though other groupings and orders might be added in the
future, such as alternating among available moves each timestep.



Example Graph

Selected Rewrite Rules

Figure 2: Example graph and selected rewrite rules for the Lights Out application. In the example graph, each node is statically
labelled with its number of connected edges, some are dynamically labelled as on and some as off. The rewrite rules provide
various configurations of toggling dynamic labels. For example, the first rule toggles a node from on to off and its two connected

nodes from off to on.
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Generated Level and Partial Playthrough (Stylized for Lights Out)

Figure 3: Sample generated level (top-left) and partial playthrough for the Lights Out application.

Figure 1.

In figures, labels are shown as static:dynamic. On
the left of Figure 1 is the example graph used. It is undi-
rected, and there is one node labelled S : P, using the static S
label to represent the starting node for the cycle, and the dy-
namic label P to represent the player. The remaining nodes,
and all edges, are labelled with blanks _: _.

In the middle, there is one directed rewrite rule. This rule
essentially moves the player along an unvisited edge and
marks the edge as visited. A box [J represents an uncon-
strained label (i.e. there is no constraint applied and the la-
bel could be anything). The top node matches any static label
with the player P dynamic label, and rewrites the player with
a blank _. The bottom node matches a blank _, and rewrites
it with the player P. The edge matches a blank _ and marks
it as visited by rewriting with a x.

Additional constraints are added so that the level starts
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with one S and P label, and the level finishes with the player
at the start, and no unvisited (_) edges.

The right of the figure shows a generated level and
playthrough. In playthroughs, nodes and edges with labels
changed from the previous timestep are highlighted.

Applications

In this section we describe game applications as a demon-
stration of the system. For each application, we generated
five levels to get some rough timing information, and se-
lected an example generated playthrough to show.

The patterns learned from examples only include the la-
bels of a node and the edges directly connected to that
node. To solve the constraint problems, all applications
used PySAT’s (Ignatiev, Morgado, and Marques-Silva 2018)
MiniCard (Liffiton and Maglalang 2012) solver, except for
the Adventure Game Map application, which used the z3
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Figure 4: Example graph and selected rewrite rules for the adventure game map application. For example, the first rule is the
player, with no pickups, moving to a new room; the second is the player with just the u powerup defeating the U boss; the third
is the player with the a key moving through an 2 lock to get the b key.
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Generated Level and Partial Playthrough

Figure 5: Sample generated level and partial playthrough for the adventure game map application. Note that initial level in
top-left shows relative positions of nodes used in the constrained layout.

solver (de Moura and Bjgrner 2008).

The example levels, rewrite rules, and generated lev-
els and playthroughs are available on OSF at https://osf.io/
fgi9u/.

Lights Out

Lights Out is a single-player puzzle game developed by
Tiger Electronics (Tiger Electronics 1995). The standard
version consists of a 5 x 5 grid of lights. Initially, some of
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the lights are on. Pressing a light will toggle that light as
well as the (up to 4) neighboring lights from on to off (or
vice versa). The goal is to turn off all the lights.

In our variation of Lights Out, each node in an undirected
graph represents a light with a dynamic label of on (x) or off
(o), connected to 2—4 neighbors. The rewrite rules provide
all possible light toggles for all possible numbers of neigh-
bors. In the undirected rewrite rules, the node representing
the light to be pressed has a static label of the number of
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Figure 6: Selected example graph, selected rewrite rules, and edge setup used for the Code Master application. The graphs are
from levels 1, 2, and 23 of the game. The first three rules are the player moving along the map and scroll on matching colors,
potentially picking up a crystal; the fourth is the player moving onto the scroll exit while on the map exit; the fifth is the player
moving onto the scroll branch. The edge setup shows an example of the possible edges and associated labels in generated
graphs. In each cell, ‘map’ and ‘scroll’ represent edges from the root node to the two parts of the graph; ‘m’ represents any
map-related edge; ‘sN’, ‘sTF’, and ‘sSNTF’ represent scroll-related next, true, and/or false edges as indicated.

connected edges. This prevents matching on a subset of the
edges and toggling fewer connected lights than required. In
the first timestep, there must be exactly one light on, and in
the last timestep, no lights on.

The example graph and selected rewrite rules are shown
in Figure 2. We generated levels with between 6 and 8 nodes,
with 8 timesteps. We used the band-4 edge setup, where each
node can have an edge to the 4 nodes following it, based
on node id. An example level and playthrough, stylized to
look more like Lights Out, is shown in Figure 3. The min-
imum, mean, and maximum generation times were 29.4s,
56.6s (SD=33.4s), and 113.7s.

Adventure Game Map

This application is a basic generic adventure game map.
The map is a directed acyclic graph, where nodes repre-
sent rooms and edges connections between rooms. Dynamic
node labels represent the player and their inventory (P . . .),
and pickups or bosses in the room. The player can pick up
two keys (a and b) and one powerup (u); if the player has a
pickup it is in the player label (e.g. a player with both keys,
but not the powerup, would be Pab.). Edges can be stati-
cally labelled with a lock, and the player must have the cor-
responding key to traverse that edge. If a node is dynami-
cally labelled with a boss, the player must have the corre-
sponding powerup to enter that room, and entering removes
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the boss; this represents the player needing the powerup to
defeat the boss.

In this application, we also make use of Sturgeon-
GRAPH’s constrained layout feature (Cooper and Balema
2023), so that the constraint problem also includes solving
for the node positions based on their relative locations along
edges. As noted above, because of this we used the z3 solver
(de Moura and Bjgrner 2008) for this application, because it
has support for the real-valued variables used in positional
constraints.

The rewrite rules generally represent the player moving
from one room to another, when it is possible for them to do
s0, and collecting any pickup there. In the custom-made ex-
ample level, the player generally needs to get key a, then key
b, then the powerup u, then defeat the boss U. The example
level and selected rules are shown in Figure 4.

Generated levels must start with one player and one of
each pickup and boss, and end with no bosses left. Lev-
els could be between 8 and 10 nodes, with 16 timesteps.
We used stripe-1,4 edges, where each node can connect to
the first and fourth following nodes, by node id. An exam-
ple level and playthrough is shown in Figure 5. The min-
imum, mean, and maximum generation times were 38.1s,
52.9s (SD=11.1s), and 65.4s.
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Generated Level and Partial Playthrough (Stylized for Code Master)

Figure 7: Sample generated level and partial playthrough for Code Master, with a branch.

Code Master

Code Master is a single-player puzzle game developed by
ThinkFun, Inc (ThinkFun, Inc 2015). Each level of the game
consists of both a map and a scroll. The map represents the
world in which the map player moves and can collect crys-
tals; nodes on the map are connected by red, green, or blue
edges. The scroll represents a “program” that controls how
the map player moves on the map. There is a collection of
red, green, or blue tokens that are placed on the nodes of
the scroll. The scroll player also moves along the nodes of
the scroll, and the order of color tokens encountered by the
scroll player on the scroll determines the color order that
edges are followed on the map by the map player. Some
scroll nodes can also hold “branch” tokens that cause a dif-
ferent scroll edge to be taken, depending on if the condition
(e.g. the map player has collected exactly 2 crystals) is met
or not; this causes loops in the program. The goal is to place
color and branch tokens on the scroll in an order such that
the map player moves through the map to the exit at the same
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time the exit is reached by the scroll player, potentially col-
lecting any necessary crystals along the way.

In this work we used a simplified version of the game,
with at most 2 crystals per level and 1 crystal per node, no
trolls, only branching based on crystals. We also did not use
self-edges on the map. To turn a generated graph into a puz-
zle, the color and branch tokens would be removed from the
scroll.

We represent levels as a directed graph. To separate out
the map part from the scroll part, there is a special root node
with one child that leads to each part, conceptually divid-
ing the nodes into two types. Map nodes have static labels
for if they are ordinary (mO) or the exit (mE). They have dy-
namic labels for the player and how many crystals they have
(mP0O, mP1, mP2) as well as the crystals themselves (mC).
Map edges are statically labelled with their (potentially mul-
tiple) colors (e.g., mR, mGB). Scroll nodes are dynamically
labelled with the player (sP). They are statically labelled
with either the player start, their color, or the exit (e.g. sP,
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Figure 8: Example graphs and selected rewrite rules for the Sokoban application. The rewrite rules show the player moving
east, pushing a crate east, moving west (backwards along an east edge), pushing a crate south, and pushing a crate onto a target

south.

Level

Generated Level and Partial Playthrough (Stylized for Sokoban)

Figure 9: Sample generated level and partial playthrough for Sokoban.

SR, sE), or with a branch on exactly two crystals node (s2).
Scroll edges are statically labeled with whether the player
advances to the next scroll node (sN) or whether the result
of a branch is true or false (sT, sF). Scroll edges are also
dynamically labelled with if they have not yet been visited
(%)

The majority of the rewrite rules consist of paired sub-
graph rewrites, where the scroll player moves onto a node
of a particular color, and the map player follows an edge of
the matching color, picking up a crystal if there is one. Ad-
ditionally, the scroll player can move onto the scroll exit if
the map player is at the map exit, and the scroll player can
independently move onto a branch node. Moves along scroll
edges rewrite their dynamic label to mark them as visited.

For Code Master, we used a specialized edge setup
codemaster-m,s that divides the possible edges into map and
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scroll edges based on up to m map nodes and s scroll nodes.
An example of codemaster-6,6 is shown in Figure 6.

We used levels 1, 2, and 23 from the game as examples.
The example levels and selected rewrite rules are shown in
Figure 6. Generated levels must generally have one root,
map player, map exit, scroll player, scroll exit, at least four
color or branch scroll nodes, and at least 2 different color
scroll nodes. At the end, the map and scroll players must be
at their respective exits, and all scroll edges must be visited.

When generating levels for Code Master, we generated
levels both without and with a branch in the scroll. For lev-
els without a branch, there must be no crystals and no branch
nodes; levels could have between 10 and 13 nodes and 6
timesteps, using the codemaster-6,6 edge setup. The min-
imum, mean, and maximum generation times were 27.6s,
28.0s (SD=0.2s), and 28.1s.



For levels with a branch, there must be 2 crystals and 1
branch node; levels could have between 12 and 15 nodes and
12 timesteps, using the codemaster-7,7 edge setup. A gen-
erated level and playthrough is shown in Figure 7. The min-
imum, mean, and maximum generation times were 121.5s,
210.7s (SD=114.6s), and 398.6s.

Sokoban

This application is included as a demonstration that
Stugeon-MKIV can also incorporate grid-based games, as
grids can be considered a special case of graphs.

Sokoban (Thinking Rabbit 1928) is a puzzle game where
the player’s goal is to push crates onto targets at specific lo-
cations in the level. In this work we use a version where the
player cannot walk on targets and crates cannot be pushed
off targets once on them. This version was also used in
Stugeon-MKIII (Cooper 2023b).

This application uses the grid-5 edge setup. In a directed
acyclic graph, nodes can have east (statically labeled e) and
south (statically labeled s) edges, which among other con-
straints, places them on a grid. The “tiles” on the grid use
dynamic labels. The player P can move into empty space -
or push crates C into empty space or targets o. Crates pushed
onto targets change to O. There are also walls X. The rewrite
rules use the edge label to make sure that crate pushes hap-
pen along a straight line.

A simple custom level was used as an example. The ex-
ample level and selected rewrite rules are shown in Figure
8. Generated levels must start with one player, two crates,
and two targets, and end with no targets without crates on
them. Generated levels could have between 25 and 36 nodes
and 8 timesteps. A generated level and playthrough is shown
in Figure 9. The minimum, mean, and maximum generation
times were 2.23s, 2.32s (SD=0.11s), and 2.50s.

Discussion

We applied the approach to several different types of games,
including those that directly represent the player in the level
and those that don’t (e.g. Lights Out). There are still several
limitations and areas for future work remaining.

In this work the games represented are, essentially, single-
player turn-based puzzle games, where a single choice is
made at each turn. Future work may consider extending to
e.g. multiplayer games where each player has a different se-
lection of moves they can choose from, or games where dif-
ferent types of choices can be made.

The generated levels highly depend on the example
graphs. Different example graphs would likely lead to dif-
ferent generated levels, and exploring this impact could be
an area of future work. However, this is more generally a
property of techniques that learn from examples (such as the
WaveFunctionCollapse algorithm (Gumin 2016)) and not
just our approach.

The levels themselves used in this work are fairly small,
and the system could be more scalable as the size of the
level, number of timesteps, and number of rewrite rules
grows. However, there are many approaches that generate
levels in a more segment-wise manner and then combine
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them together (Green et al. 2020; Biemer and Cooper 2022),
although this is usually done in grid-based levels. It may be
interesting to try approaches to improving performance that
have worked in similar applications, such as iterative con-
strained extension (Mao and Cooper 2023). Potentially such
approaches could be applied in the temporal dimension as
well as spatial ones.

Some of the generated levels would still need further pro-
cessing to be usable. Particularly the adventure game map
would need to be converted into actual rooms, connected
as they are in the graph, and that respect the requirements
specified by the labels (e.g. key and locks in the right place).
A number of techniques for hierarchical, multi-step, or en-
semble level generation have been developed, e.g. Li et al.
(2021), including those that can work directly on graphs, e.g.
Dormans (2010).

Often the solutions themselves are fairly simple. This is
particularly evident in the Sokoban application where crates
start fairly close to their targets. One approach to address
this might be to put more constraints on the starting graph
(e.g. relative crate and target locations), or possibly in the
form of negative example graph patterns, like the negative
example patterns in Karth and Smith (2019). It may also be
possible to apply constraints to the steps in the playthrough
itself, which might lead to more interesting levels. We also
explored changes to the rewrite rules in the case of Sokoban,
i.e. the crate label itself changes to count how many times it
has been pushed, and can only be pushed onto a target after a
certain number of pushes, although this obfuscates the rules.

The generation approach presented also does not rule out
shorter or other solutions being possible. For example, in the
actual Code Master game there is generally only one way
to arrange the tokens that results in a solution, whereas in
our generated levels there may be several. Future work may
explore ruling out alternate solutions or shortcuts, e.g. as in
Smith, Butler, and Popovic (2013).

Conclusion

In this work we described and demonstrated Sturgeon-
MKIV, a constraint-based system for generating graph-
based levels along with playthroughs demonstrating their
compatibility. The system represents game mechanics as
graph label rewrite rules. The system provides flexibility be-
yond previously used grid-based rewrite rule mechanics.

There are number of areas for extending and improving
the approach. We are interested in addressing the limita-
tions mentioned in the discussion. In many cases there is
nothing inherently 2D about the generated graphs, and thus
exploring the generation of 3D graphs could be promising.
We would also like to explore approaches to learning the
rewrite rules themselves from example playthroughs, as well
as studying how designers might author graph rewrite rules
more easily.
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