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Abstract
Recent work has explored the use of spacetime representations in
procedural level generation. These represent time as an explicit di-
mension in a constraint-solving process to generate both a level and
a solution. Changes along the time dimension are constrained by
gameplay mechanics, ensuring that the generated level is solvable.
However, in previous work gameplay mechanics have generally
been discrete and tile-based. In this work, we explore the use of
spacetime constraints for continuous, physics-based gameplay in
a platformer game, using fixed-point in an SMT solver to solve
for both the level layout and the player’s path through the level.
We demonstrate applications in level generation, generating levels
from paths, solving levels, and playing the game.
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1 Introduction
One approach to ensuring the completabiliy of procedurally gener-
ated levels is to simultaneously generate an example solution along
with the level. To this end, work has explored the use of spacetime
representations: representing time as an explicit dimension, which
can be used in a constraint-solving process to generate both a level
and a solution. In this approach, changes along the time dimen-
sion are constrained by gameplay mechanics, and the level must be
solved by the end, thus ensuring that the generated level is solvable
by the given mechanics.

However, in previous spacetime constraint work, gameplay me-
chanics have generally been discrete and tile-based [2, 24]. This lim-
its the approach mainly to puzzle-style games such as Sokoban [22].

To expand the types of games that the spacetime approach can
apply to, in this work, we explore the use of spacetime constraints
for continuous, physics-based mechanics in a platformer game.
Inspired by related work in animation [25], the constraints between
timesteps are applied to a platformer character with continuous
movement and their position, velocity, and acceleration, along with
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Figure 1: Using spacetime constraints to find a solution to
a hand-authored level in a continuous, physics-based plat-
former game.

collision handling. We use the Z3 SMT solver [4], with a fixed-
point representation, to solve for level layout and the player’s path
through the level.

We demonstrate applications in level generation, generating
levels from paths, solving levels, and playing the game. Although
the approach is relatively slow and generates simple levels, we hope
to build on these initial steps to expand spacetime constraints to
more continuous physics-based games.

2 Related Work
In procedural level generation [16], ensuring completability of gen-
erated levels is an important consideration. Some work incorpo-
rates a generate-and-test approach, where levels are generated and
then tested by an agent [26]. This can often be incorporated into
search-based approaches, evolving levels toward agent completabil-
ity [15, 23]. Games with continuous mechanics often employ this
approach.

Also closely related to our work are approaches that simulta-
neously generate an example solution along with the level. This
approach is often taken in a constraint-based framework [1, 2, 10],
although has also been used in other techniques such as genetic
algorithms [9] and machine learning by embedding path informa-
tion in levels [20]. This approach often applies to games with dis-
crete mechanics such as puzzles, and even when applied to games
like platformers, may discretize their continuous movement to
tiles [1, 20].

A number of general models for games have been developed, to
allow understanding, playing, and reasoning about games as well
as agent development. These include the Game Description Lan-
guage [7], BIPED [17], GDL-II [21], LUDOCORE [18], Ceptre [8],
and Ludii [19]; these are often applied for discrete, board-game-like
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Level generation from solution path (solve for boxes) — from below level

Solvable level and solution path generation (solve for path and boxes)

Solution path from level (solve for path) — from above level

Figure 2: Generating levels. The middle row shows simultaneous generation of levels with a solution path. The top row shows a
new arrangement of boxes generated from the solution path of the middle level by constraining the solution path. The bottom
row shows a new solution path to the same arrangement of boxes as the middle level by constraining the arrangement of boxes.

Figure 3: Solution path from level (solve for path) — from hand-authored level. Pathfinding can be done by constraining the
boxes to be from a hand-authored authored level and solving for a solution path through the level.

games. Petri nets have also been applied to game analysis [12].
Closely related to our work is HyPED [11], which uses hybrid au-
tomata to model action games, for example more precisely modeling
platformers with velocity.

Our work also draws on spacetime constraints for animation,
developed as complimentary to keyframing with the goal of more
physically realistic animations [25]. They have since been expanded
to applications such as generating motion transitions [13], motion
editing [5], capturing physically-based movement styles [6], and
deformable objects [14].

3 Approach
We developed a simple custom platformer game for this work. Code
used is at https://github.com/crowdgames/continuous-spacetime/
tree/pcg2026. All the elements of the level are represented as axis-
aligned boxes for simplicity. The elements are the player, the start,
goals, blocks, and hazards. Only the player can move during game-
play. The player can move left and right, jump when they are on
the ground, cling to and slide down walls, and wall jump when they
are clinging to a wall.

We set up a constraint problem to be solved by the Z3 SMT
solver [4]. For the continuous gameplay variables, we used a fixed-
point representation with three fractional digits by encoding them
in into integer bit-vectors. The use of fixed-point rather than floating-
point was done in early tests to improve performance, though fur-
ther explorations of the tradeoffs remains future work.

The variables to be used in the constraint problem are pre-
allocated and constrained before running the solver.

Each potential box — a start (if needed), goal, hazard, or block —
had variables for if it is active and included in the level (Boolean)
and its 2D coordinates and size (fixed-point). As boxes do not move,
there was simply one set of each such variables per potential box
regardless of the temporal length of the constraint problem.

The game state, consisting of the player’s information, was set up
as variables in a number of timesteps. There is one set of timestep
variables for each timestep considered in the constraint problem.
Each timestep consists of variables for the current status (integer,
representing active, won, or lost), the player’s 2D resolved position
and velocity after collision response (fixed-point), the player’s 2D
desired position before collision response (fixed-point), if the player
is on the ground, clinging to a wall to the left, or clinging to the
right (Boolean), and if the left, right, up or down buttons are pressed
(Boolean).

The main constraints on the variables are between timesteps.
Timestep constraints constrain how the values of the variables of
neighboring timesteps can differ; here we summarize them at a con-
ceptual level. They are essentially a physics update, but expressed
as constraints, and make extensive use of Z3’s logical connectives
such as Implies, If, And, and Or.

There is a constraint that if a timestep has the won or lost status,
then the following timestep is also in that status and the player
stays in the same place.

https://github.com/crowdgames/continuous-spacetime/tree/pcg2026
https://github.com/crowdgames/continuous-spacetime/tree/pcg2026
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Mode Time, sec.
Solve for path and boxes 197.7 (112.9)
Solve for boxes (from path and boxes) 6.7 (1.2)
Solve for path (from path and boxes) 47.3 (13.1)
Solve for path (from hand-authored) 771.5 (382.7)

Table 1: Summary of different generation application results
(25 runs each). Mean (and standard deviation) given.

Other constraints incorporate the timestep having the active
status and constrain the next timestep’s player update. The player’s
position is handled by having both a desired position — where their
velocity would take them if there were no collisions — and a resolved
position — where their desired position ends up after resolving
collisions. The desired position in the next timestep is constrained to
be the current position plus current velocity. The most involved part
involves collision response. A system of constraints is set up such
that if the player’s bounding box at their desired position overlaps
that of a block, the player’s resolved position is constrained to
place their bounding box outside the block; if there are no overlaps,
their resolved position is constrained to be the desired position.
The next timestep’s velocity is also constrained to be zero along
the axis of a collision. The on ground and wall cling Booleans
have their values constrained based on player contact with blocks.
The player’s velocity in the next timestep is constrained based on
collisions, gravity, on ground and wall cling, and the buttons. The
next timestep’s status is constrained to be lost if the player collides
an active hazard, won if the player collides with an active goal, or
active otherwise.

In generation problems, there is also a constraint that the player
starts in the start box and the final timestep has the won status.

4 Applications
Here we describe some applications of the proposed approach. Dif-
ferent effects can be achieved depending on which variables are
constrained to specific values, which are allowed to vary, and how
many timesteps are used. In some applications, we used a hand-
authored level by constraining box locations. In each case we gen-
erated 25 levels to explore variety and timing. Timing information
is given in Table 1.

When generating paths, inputs from the player could only be
changed every 3 frames, only press one button at a time, and not
use the down button. These limitations were used to simplify the
constraint problem.
Solvable level and solution path generation (solve for path
and boxes) — To generate a solvable level, a level along with its
solution path can be generated, by allowing both the boxes defining
the level and the solution path to vary. We used 106 timesteps, with
1 potential goal, 5 potential boxes, and 2 potential hazards (note
that it is possible to end up with fewer than this if some are made
inactive). The start box is constrained to be active in the lower-left,
the goal to be active on the right, and one block to active along the
bottom. Screenshots are given in Figure 2 (middle).
Level generation from solution path (solve for boxes)—Given
a path through a level in the form of a sequence of locations, the
timestep part of the constraint problem can be constrained to this

while allowing the boxes to vary. This generates a new level for
which the given path is a possible path through the level, potentially
allowing generating variations on a level. This is similar to the
discrete approach taken in previous work [3]. We took paths from
the above generated levels and used them to generate new levels.
Screenshots are given in Figure 2 (top).
Solution path from level (solve for path) — Complimentarily to
the previous, by constraining the boxes and allowing the timesteps
to vary, a path through the level can be found. This is similar to
normal pathfinding, but we expectmuch slower and thusmay not be
preferable. We applied this to both generated levels — screenshots
in Figure 2 (bottom) — and the hand-authored level — screenshots
are given in Figure 3.
Gameplay updates (solve for next path timestep) — The con-
straint solver can also be used as an update function. This is done
simply by having two timesteps, constraining the first to be the cur-
rent state of the game and input, and then solving for the following
timestep. This may be useful as the in-game update function will
then match the one used during level generation and not need to
be implemented separately. We found this fast enough to play the
level we hand-authored smoothly. Videos of gameplay are provided
at https://osf.io/q74jp/.

5 Discussion and Conclusion
Although we have performed an initial exploration of continuous
gameplay spacetime constraints, it remains to be seen in future
work if they can find useful applications or be meaningfully inte-
grated into tools. Overall, the solving process is fairly slow, and the
generated levels are quite simple. These provide areas for future
work using the approach. When generating levels, we noted that
in some places the solver’s paths can slip through or around parts
of the level — likely due to the timestep size and solver’s precise
control over paths; this may be a way that a solver could assist with
testing levels.

We envision some applications where spacetime constraints may
be useful. Generating a level from a solution path may be applied
by, for example, creating developer tools for drawing solution paths
and editing them by dragging points or “keyframes” and having
the level update accordingly. It could be useful to constrain other
aspects of solutions such as player velocities or wall cling, and
constrain partial solutions, such as part of the path and some of the
boxes, possibly infilling or completing a partially-authored level. If
integrated into a game’s runtime, there may be applications such as
allowing players to move boxes around while ensuring playability,
or to generate levels that allow players to practice their own desired
sequence of inputs. There may be applications in developer tools
such as level testing or debugging by solving for paths through a
level with certain properties; though this could likely be done with
existing pathfinding techniques.

In the future wewould also like to combinewith othermechanics,
such as moving platforms and enemies or lock-and-key. We are
also interested in exploring other physics-based game styles, such
as Angry Birds, Cut the Rope, Peggle, or Asteroids.
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