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Fig. 1. Our system provides designers with visualizations of possible play outcomes as they edit a 3D obstacle course video game level. Starting regions are
shown in green, goal regions shown in blue, and surfaces that cause player damage are red. Parts of the obstacle may move or rotate to create additional
timing challenges for the player. In this example, the player must traverse a series of platforms while dodging deadly red obstacles, and even push a yellow
block up to a tall wall in order to jump over it. A solution trajectory automatically found by our system is visualized in green and white. Designers receive
this feedback quickly after each edit, allowing them to rapidly iterate towards a desired user experience. A full playthrough of this obstacle is available in a
supplemental video.
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We present a system that aids the design of 3D obstacle course games by
providing designers with rapid feedback on how obstacles can be solved. Our
core contribution is a system for querying for solutions (sequences of player
actions) to an obstacle that adhere to designer-specified constraints (e.g.,
avoid a region, travel through a given waypoint, only perform two jumps,
etc.). To solve a wide range of obstacle designs quickly, we author a high-
performance implementation of the GoExplore algorithm for exploratory
search, and guide search with an obstacle solving agent trained offline
using reinforcement learning (RL). To further accelerate search, the system
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carries out exploration using a customGPU-accelerated obstacle course game
simulator that generates playthrough experience at nearly 14,000× real time,
60-fps gameplay. Through design studies, we demonstrate that the use of
constrained solvability queries in a rapid design loop is sufficiently expressive
to help designers understand ways an obstacle can be solved or why it cannot
be solved. We also show how the tool can let designers answer higher-level
questions such as identifying undesirable solution paths and assessing the
difficulty of solutions. This allows them to pursue new design directions
they did not originally anticipate. Human playtesting of obstacles designed
using our system confirms that human players indeed play the obstacles
in the manner the designers intended. We release code for our interactive
tool, simulator, training setup, and procedural level generation system at
https://zandermajercik.github.io/interactive-obstacle-course-feedback/.

CCS Concepts: • Human-centered computing→ Systems and tools for
interaction design.

Additional Key Words and Phrases: Interaction Design, Design Tools, Game
AI

ACM Reference Format:
Zander Majercik, Sharon Zhang, William Wang, Tejan Karmali, Fangjun
Zhou, Yucheng Yuan, Jean-Peïc Chou, Maneesh Agrawala, and Kayvon Fata-
halian. 2026. Providing RapidDesign Feedback for 3DObstacle Course Games
Using Constrained Solvability Queries. In SIGGRAPH Asia 2026 Conference
Papers (SA Conference Papers ’26), December 01–04, 2026, Kuala Lumpur,
Malaysia.ACM,NewYork, NY, USA, 9 pages. https://doi.org/10.1145/3829340.
3842354

1 Introduction
It is increasingly possible to generate high-fidelity 3D content:
meshes [Xiang et al. 2025], texture maps [Deng et al. 2024], ani-
mations [Tevet et al. 2023], even full scenes [Lin et al. 2024], from
accessible controls like text prompts. These technologies can sub-
stantially lower the cost and skill set required to create richly pop-
ulated and visually interesting 3D worlds. However, a designer’s
ultimate goal is rarely just to produce a high visual fidelity result.
Rather, designers intend to create worlds that facilitate a desired
user experience. In the case of video games, important aspects of
an experience relate to how the game is solved. For example, is
the game too easy or too difficult? Can the player win by doing
something undesirable?

To answer such questions, designers rely heavily on human play
testing. For example, a designer will play the game as they are
creating it to directly experience how their design choices affect
gameplay [Sestini et al. 2023]. However, stopping to play a game,
even for a few minutes, can be disruptive to a design flow. Using
additional play testers to gain further feedback is an even more
time-consuming and costly process. To address these challenges,
we explore how to enable interactive design workflows where the
results of automated game playthroughs serve as rapid feedback to
the designer about how their design choices may affect play.

Specifically, we focus on assisting the design of 3D obstacle course
games, a popular genre where a player must navigate a series of
obstacles while avoiding dangerous surfaces and gaps. In these
games, success requires the player to exhibit precise motor skills
(press the correct keys at the right time) and properly reason about
game dynamics (e.g., is a certain jump angle sufficient to propel
the player over a gap). Obstacle course games are popular for both
amateur players and developers with hundreds of millions of total

visits on popular game platforms like Roblox. This makes them a
compelling target for new tools that aid the game design experience.
Many questions about the gameplay of obstacle course games

pertain to obstacle solvability (e.g., can an obstacle be solved while
avoiding a region, traveling through a sequence of waypoints, or
only performing two jumps?). Therefore, we contribute a system
that allows designers to express solvability queries: requests to see
successful playthroughs of their current design that adhere to spec-
ified constraints. To support rapid design loops, we contribute a
query execution system that can solve the diverse set of 3D obsta-
cles designers may create (obstacles with any number of blocks,
in any configuration, and potentially moving in time) and provide
solutions to most queries within seconds.
To achieve the performance necessary for rapid feedback, we

contribute a high-performance parallel implementation of the Go-
Explore exploratory search algorithm [Ecoffet et al. 2021], and op-
tionally guide exploration using an agent trained offline using re-
inforcement learning (RL). Our system implements a digital twin
architecture: a designer creates with a standard game engine design
tool , but receives feedback from agent playthroughs performed in a
separate GPU-accelerated simulator that executes an approximation
of the game at nearly a million steps/second. The result is a system
that produces agent experience at over 14,000× real time gameplay
at 60 fps, and can find solutions to non-trivial obstacles in seconds.

Through design studies, we demonstrate that constrained solvabil-
ity queries are sufficiently expressive to provide insight on a wide
variety of obstacle course design questions. We report on how de-
signers use these queries to solicit playthrough feedback that helps
them understand how an obstacle can be solved, why it cannot be
solved, and identify undesirable solution paths. The responsiveness
of the system also enabled designers to visualize many query results
in parallel to explore diversity in solution strategies, reason about
difficulty and necessary skills, and discover new play strategies and
design directions they originally did not anticipate. Finally, human
playtesting of the obstacles designed using our system confirms
that human players indeed play the obstacles in the manner the
designers intended.

2 Related Work
Automating game development tasks. As the capability of AI for

games improves, there is growing interest in using agents to auto-
mate game development tasks such as bug finding [Balyo et al. 2024;
Bergdahl et al. 2020; Machado et al. 2018; Sestini et al. 2024; Zheng
et al. 2019], simulate playtesting to estimate difficulty [Isaksen et al.
2018, 2017], predict measures of fun [Togelius et al. 2007], or (like our
work) assess solvability [Bauer et al. 2013; Bauer and Popović 2012;
Gisslén et al. 2021; Sestini et al. 2023]. Our work is inspired by prior
investigations of providing automated game solvability feedback,
but we needed to innovate to provide a robust, high-performance
solvability solution for 3D obstacle course games, a space of games
that far exceeds the diversity and complexity of games attempted
in prior work.

Navigation and pathfinding solutions. 3D obstacle course games
present the challenges of a navigating a continuous game state
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space with complex dynamic scene geometry. Many existing ap-
proaches train policies to navigate obstacles based on scene obser-
vations [Gisslén et al. 2021; Levine et al. 2011]. To our knowledge,
no open large-scale training dataset of 3D obstacle games currently
exists, and our own attempts to train policies on procedurally gen-
erated data failed to reliably generalize to novel human-designed
obstacle course games (see supplement Sec. 4.3).

Another approach to navigation problems is to extract a discrete
graph representation of the game state space (e.g., a navigation
mesh) and apply search-based techniques like A* [Hart et al. 1968]
and variants[Koenig and Likhachev 2002; Koenig et al. 2004]. Un-
fortunately, creating an accurate navigation mesh for a complex 3D
obstacle course with moving parts and physics-based dynamics is an
overly complex problem that is not viable in our interactive editing
setting where a designer is constantly modifying the obstacle and
seeks immediate feedback.
In addition to A* search, previous works have used tree search

methods such as RRT and MCTS to search for gameplay trajectories
within a 2D platformer level. Suetake et. al design a gameplay testing
tool that visualizes trajectories (similar to ours) using variants of
MCTS to represent different gameplay strategies that is effective on
2D platformer games [Suetake et al. 2020]. Tremblay et al. provide
analysis of multiple tree search algorithms (A*, RRT, and MCTS)
for finding solution trajectories in 2D platformer games [Tremblay
et al. 2014]. Their analysis finds a tradeoff between solution speed
and solution diversity over the three tested algorithms, with the
fastest technique solving most levels in seconds. However, while
the discretization of 2D space on which these methods depend is
similar to ours, we required significant modification is required to
adapt to the complexity of 3D obstacle course games.

Interactive design feedback. Interactive design feedback enables
designers to quickly explore design spaces subject to specific con-
straints and use the information to make edits that iterate towards
their design goals. The Design Gallery interface computes and visu-
alizes a subset of visual outputs to help users find specific parame-
ter settings to achieve a desired output [Marks et al. 2023]. Many
worlds-browsing allows users to filter large spaces of physical sim-
ulations using positive and negative spatiotemporal queries [Goel
and James 2022; Twigg and James 2007]. Prior work in sketch-based
design leverage user-drawn strokes to surface possible 2D images
and 3D forms [Lee et al. 2011; Pandey et al. 2023; Sarukkai et al.
2024]. Designing an obstacle involves defining obstacle appearance
and the space of possible gameplay. Prior 2D platformer design
tools use game rhythm [Smith et al. 2008, 2011] and reachability
analysis [Bauer and Popović 2012] to help game designers evaluate
whether their game play design goals are met, though these systems
do not extend to 3D games.

3 Requesting Feedback Using Solvability Queries
Designers use playtesting to gain a better understanding of obstacle
solvability, or the set of movement sequences a player can or cannot
use to solve the obstacle as well as characteristics of those move-
ment sequences (difficulty, strategies, diversity, etc.). Our system
allows designers to query for playthroughs that solve an obstacle
while also adhering to designer-specified constraints. Specifically,

Select/restore state Explore from state
(8K parallel worlds)

Update archive

Scene Description,  
Query Constraints

Constrained Solvability Query

Constraints:
Max Jumps: 10
Waypoint Constraint

Bin Resolution Selection

GoExplore-Based Search

Solution Trajectory

High-Performance 
Obstacle Course Sim

Fig. 2. A high-level overview of our system. Queries are submitted from the
front-end in Roblox studio and loaded into our GPU-accelerated simulator.
We then run parallel GoExplore (using our policy exploration) and return
the first solution found. This solutions is visualized as a trajectory in Roblox,
and can be replayed synchronously with the motion of the level.

a query specifies a starting region and goal region in an obstacle,
as well as a set of constraints that limit the behavior a successful
playthrough can exhibit (see Fig. 2). A successful playthough begins
at the centerpoint of the starting region and reaches some point
in the goal region while adhering to all constraints. Our system
supports the following constraints:
• Waypoint regions. Regions that successful playthroughs must
pass through. A designer uses waypoint region constraints when
seeking solutions that take a particular path through the obstacle.
An example is shown in Fig. 2.
• Avoid regions. Regions that successful playthroughs cannot pass
through. A designer uses avoid region constraints when they
wish to understand how an obstacle can be solved while avoiding
a particular path.
• Jump count. Successful playthroughs can only perform a given
number of jumps. A designer uses this constraint to support
higher level queries about possible play (e.g. what are the required
jumps along a solution path?). An example is shown in Fig. 2.
• Time limit. Successful playthroughs must reach the goal region
in a specified number of game time steps. A designer can use this
constraint to view more efficient playthroughs.
Spatial constraints (waypoints and avoid regions) are represented

as 3D regions that the designer may adjust using standard trans-
lation/rotation/scale primitives. A designer may specify multiple
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waypoints in sequence, and constrain the number of jumps a player
has performed by the time they reach each waypoint.

Visualization of query results. After submitting a query, the system
streams back partial results to the client for immediate visualization.
The system plots both incomplete and successful solutions as 3D
trajectories of player movement in the scene. The designer can
interactively select and view trajectories to gain insight into how
a specific playthrough attempt succeeded or why it failed. Fig. 2
shows an example query specification and one example trajectory
that solves the obstacle while adhering to the query’s constraints.

4 Finding Successful Playthroughs
To be practical for interactive design cycles, our query execution
engine must be capable of generating successful playthoughs in
seconds, and reliably produce solutions for the diverse and complex
set of obstacle segments we expect designers to create. Our solu-
tion involves two components: (1) parallel stochastic search over
the action space of player movements that optionally is guided by
actions sampled from a policy trained offline on a large collection
of procedurally generated obstacles (see Sec. 4.1.2 and supplement
Sec. 7), and (2) a high-performance obstacle game execution engine
that executes the exploratory search in parallel on the GPU at over
800K aggregate game steps per second.

The overall flow of the query execution engine is shown in Fig. 2.
When a query is submitted, query constraints as well as a complete
description of the obstacle’s 3D scene are communicated to the sys-
tem. The obstacle is reconstituted in the high-performance obstacle
course game simulator, which then executes obstacle playthroughs
at high throughput. The simulator terminates playthroughs if they
violate query constraints.

4.1 Policy-Guided Exploratory Search
One approach to generating solutions to a solvability query is to
train a general obstacle-solving agent. We attempted to train such
an agent on a large collection of procedurally generated obstacle
courses, but found that the resulting policy often failed to solve novel
obstacles created by human designers (see results in supplement,
Fig. 4). In short, human creativity regularly leads to unexpected
diversity and out-of-distribution content. Given the sparse reward
structure of fun-to-play obstacles, we also found it impractical to
quickly fine-tune a pre-trained policy for a specific query within a
latency budget of at most tens of seconds per query (see Sec. 4.3 and
Fig. 4 of the supplement). As a result, we chose to base our query
execution engine on Go-Explore [Ecoffet et al. 2021], a stochastic
exploratory search algorithm previously shown to be effective at
solving hard exploration problems in simulated environments.

Go-Explore Algorithms. The Go-Explore family of algorithms de-
pends on two components: a strategy for returning to discovered
states, and a strategy for exploring from those states. A learned
strategy for returning to discoverd states is Cell-Free Latent Go-
Explore [Gallouédec and Dellandréa 2023], which maps discovered
states to a latent space learned from a scene dynamics model and
returns to states in low-density regions of that latent space. To learn
a better exploration strategy, Policy-Based Go-Explore [Ecoffet et al.

2021] trains a policy to return to previously discovered states that is
simultaneously used to explore once returning has been completed.
We compare against both these methods in Sec. 4.

The main idea of Go-Explore is to perform a randomized search
through sequences of actions while maintaining a set of visited
states. In each “exploration phase” of the algorithm, Go-Explore
selects a prior visited simulation state, restores simulation to this
state (the “go” part of the algorithm), and resumes exploration for a
fixed number of actions from this state (the “explore” part). Since it
is impractical to store all states visited, Go-Explore discretizes the
continuous state space of the obstacle game into a fixed number of
bins and stores one game state for each bin. By biasing bin selection
towards the least explored bins, Go-Explore rapidly generates action
sequences that explore the state space of the game. For our queries,
we additionally upweight bins that are closer to the goal region or
have reached a waypoint constraint (if a query contains waypoint
constraints). Alg. 1 shows the full Go-Explore algorithm. We extend
the algorithm with query-dependent binning and a strategy for
selective exploration with a pretrained policy, both of which we
describe below.

Query-dependent binning. Our system automatically generates
binning functions that are specialized to the current obstacle and
query. Game states are binned by the XYZ position of the player,
the elapsed time, the number of jumps the player has taken, and
the position of interactable objects. Because obstacle course games
typically require precise lateral movement, we allocate highest res-
olution to the X and Y dimensions of player position and lower
resolution to the Z dimension. We allocate bins to the time, jumps,
and interactable object dimensions only if the query features an-
imate moving objects, limited jumps, or interactable objects (see
binningFunction in the supplemental code listing).

Selecting the exploration policy. . The baseline version of Go-
Explore randomly chooses actions during exploration rollouts. This
exploration policy may fail to find solutions when obstacles require
long sequences of actions to complete, or require solution paths
with low margin for error.

To increase Go-Explore’s sample efficiency, prior work trains a
policy to guide exploration from saved states. In the Policy-Based
Go-Explore [Ecoffet et al. 2021] variant of the algorithm, this policy
is trained during Go-Explore search by learning to imitate saved
action sequences. Intuitively, this approach assumes skills learned
to navigate robustly to saved states on a given obstacle will gener-
alize to aid navigation of previously unexplored regions. However,
we found that such skills could not be learned quickly enough to
accelerate search within our time budget (see Sec. 5.3).
For this reason, we investigate search guidance using a policy

that is pretrained on a large collection of procedurally generated
obstacles (Sec. 4.1.2). Our procedurally generated obstacles were
designed to model common design patterns and idioms seen in
published obstacle course games on popular game platforms (e.g.,
traversing long walkways, jumping between blocks with air gaps
in between, jumping over a wall). During the explore phase of Go-
Explore search, we use the policy’s actions for the duration of the
“exploration phase" from a restored state if this is the first time that
state has been sampled for exploration. Subsequent explorations
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from the same bin fall back to random actions. Intuitively, this
hybrid approach exploits the pretrained policy’s skills whenever the
search encounters structures that resemble common obstacle course
idioms, but dynamically falls back to brute-force random search
when the policy’s actions fail to produce progress from a state. We
describe this method, which we call Go-Explore Policy-Selection, in
the following section and evaluate it in Section 5.

4.1.1 Go-Explore with Policy Selection. The Go-Explore [Ecoffet
et al. 2021] search policy chooses actions at random with a 95%
probability of repeating the previous action. We call this default ran-
dom exploration. We modify Go-Explore’s explore phase to explore
using either our pretrained policy or default random exploration.
Specifically, the first time a bin is selected for exploration after being
discovered or updated, we use our pretrained policy for the duration
of the exploration step. For subsequent selections of this bin, we use
default random exploration. This heuristic of using the pretrained
policy only once for a new bin is based on two observations: a) our
environments are deterministic up to collision resolution in the rigid
body simulator, and b) the highest performing policy (at the end of
pretraining) outputs nearly deterministic probability distributions
over actions even in novel environments. These two observations
together suggest that it is likely that the benefit from a pretrained
policy can be had with a single rollout from each new state (which
in practice might be multiple rollouts if many worlds sample this
bin simultaneously). Our policy selection appears on lines 9-14 of
Alg. 1.

4.1.2 Exploration Policy Training. We model the task of navigating
an obstacle course as a stochastic Markov decision process. Formally,
M = (S,A,P,R), where S is the state space of the game, A is
the agent’s action space, P is the transition probability function
between game states given the agent’s action, and R is the reward
function that provides a real-valued score for each action chosen
by the agent. We train our agents using reinforcement learning,
which aims to produce a policy 𝜋 : S → Δ(A) that maximizes
the expected cumulative reward 𝐽 (𝜋) = E

[︂ ∑︁∞
𝑡=0 𝛾

𝑡R(𝑠𝑡 , 𝑎𝑡 ) | 𝑠0, 𝜋
]︂
,

where 𝑠𝑡 , 𝑎𝑡 are the state and action at time step 𝑡 and 𝛾 is a discount
factor on future rewards. We train using PPO[Schulman et al. 2017]
over a collection of procedurally generated obstacle course game
environments (see supplement, Sec. 7). Details of the observation,
action, and reward space are given in Sec. 3.2 of the supplement.

4.2 High-Throughput Parallel Search
To meet the latency requirements of our system, is it critical to
execute Go-Explore at exceptionally high throughput. Using a stan-
dard game engine platform (in our case, Roblox) to execute game
play does not provide sufficient throughput to rapidly find solu-
tions. Instead, we implement a second, high-performance obstacle
course game simulator in the Madrona engine [Shacklett et al. 2023].
Madrona is designed for parallel, high-throughput game environ-
ment simulation on the GPU. In our tool, when a query is issued,
the system serializes the obstacle in Roblox (the geometry of all
blocks, along with their motion and behavior) and reconstitutes a
close approximation to the game in Madrona. We tune the Madrona

Algorithm 1: Go-Explore with Policy Selection
1 Procedure ExplorePhase(𝑠𝑠𝑡𝑎𝑟𝑡):
2 Input: Initial high-dimensional simulator state (𝑠𝑠𝑡𝑎𝑟𝑡 ).
3 Output: Archive of all different bins and their best

trajectories found (A).
4 A ← {bin(𝑠𝑠𝑡𝑎𝑟𝑡 ) ↦→ (𝑠𝑠𝑡𝑎𝑟𝑡 , stats.𝑖𝑛𝑖𝑡 ())}
5 while not Solved() do
6 𝑐 ← SelectBin(A)

7 𝑠 ← A[𝑐] .state
8 SetSimulatorState(𝑠)

9 𝑝𝑜𝑙𝑖𝑐𝑦 = Random

/* Our Policy Selection */

10 if stats.𝑡𝑖𝑚𝑒𝑠_𝑐ℎ𝑜𝑠𝑒𝑛_𝑠𝑖𝑛𝑐𝑒_𝑢𝑝𝑑𝑎𝑡𝑒 == 0 then
11 𝑝𝑜𝑙𝑖𝑐𝑦 = PPO-Policy

12 end
/* End Our Policy Selection */

13 stats.𝑡𝑖𝑚𝑒𝑠_𝑐ℎ𝑜𝑠𝑒𝑛_𝑠𝑖𝑛𝑐𝑒_𝑢𝑝𝑑𝑎𝑡𝑒 ←
stats.𝑡𝑖𝑚𝑒𝑠_𝑐ℎ𝑜𝑠𝑒𝑛_𝑠𝑖𝑛𝑐𝑒_𝑢𝑝𝑑𝑎𝑡𝑒 + 1

14 stats.𝑡𝑖𝑚𝑒𝑠_𝑐ℎ𝑜𝑠𝑒𝑛 ← stats.𝑡𝑖𝑚𝑒𝑠_𝑐ℎ𝑜𝑠𝑒𝑛 + 1
15 T , 𝑆𝑜𝑙𝑣𝑒𝑑 ← Explore(𝑠, 𝑝𝑜𝑙𝑖𝑐𝑦)

16 foreach (𝑠′, 𝑟𝑐𝑢𝑚, 𝑙𝑡𝑟𝑎 𝑗 ) ∈ T do
17 𝑐′ ← bin(𝑠′)
18 if 𝑐′ ∉ A then
19 A[𝑐′] ← (𝑠′, 𝑟𝑐𝑢𝑚, 𝑙𝑡𝑟𝑎 𝑗 , stats.𝑖𝑛𝑖𝑡 ())
20 else
21 (𝑠𝑜𝑙𝑑 , 𝑟𝑜𝑙𝑑 , 𝑙𝑜𝑙𝑑 , stats) ← A[𝑐′]
22 if 𝑟𝑐𝑢𝑚 > 𝑟𝑜𝑙𝑑 ∨ (𝑟𝑐𝑢𝑚 == 𝑟𝑜𝑙𝑑 ∧ 𝑙𝑡𝑟𝑎 𝑗 < 𝑙𝑜𝑙𝑑 )

then
23 stats.𝑡𝑖𝑚𝑒𝑠_𝑐ℎ𝑜𝑠𝑒𝑛_𝑠𝑖𝑛𝑐𝑒_𝑢𝑝𝑑𝑎𝑡𝑒 ← 0
24 A[𝑐′] ← (𝑠′, 𝑟𝑐𝑢𝑚, 𝑙𝑡𝑟𝑎 𝑗 , stats)
25 end
26 end
27 A[𝑐′] .stats.𝑡𝑖𝑚𝑒𝑠_𝑠𝑒𝑒𝑛 ←

A[𝑐′] .stats.𝑡𝑖𝑚𝑒𝑠_𝑠𝑒𝑒𝑛 + 1
28 end
29 end

physics engine and character controller to approximate the behav-
ior of Roblox so playthroughs executed in the Madrona version of
an obstacle yield results that correspond to those observed when
executing the same actions in Roblox. Specifically, we calibrate by
recording trajectories of agent actions and positions over a simple
level in Roblox, then load identical geometry into our simulator and
search in parallel over physics parameters to find the combination
that best aligns the resulting positions when the action recorded
from the Roblox trajectories are replayed. This process is repeated
until a certain error threshold across each trajectory is reached.
When a query is submitted, we execute 8K parallel simulations

on the GPU, yielding an aggregate effective performance (including
the costs of Go-Explore search management) of over 800K game
steps per second on an RTX 4090 GPU. Therefore, in 10 seconds of
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Fig. 3. We report mean time (with inter-quartile range at 25%-ile) to solve for
5 methods on queries grouped into tertiles based on the average time to first
solution for Go-Explore (Short/Medium/Long). On Long queries, our policy-
selection strategy (GE-PS) solves more queries than Go-Explore (GE) leading
to a >15s reduction in average solve time at the cost of minimal overhead
for Short and Medium queries. Both GE and GE-PS outperform Cell-Fre
Latent Go-Explore (CFLGE), Policy-Based Go-Explore (PBGE), and an RL
baseline (RL). For details of these ablations, see Sec. 4 of the supplemental
material.

wall-clock time, our query execution engine can execute and provide
feedback based on over 39 hours of simulated obstacle game play.

5 Results
We study how solvability feedback provided by our design tool
impacted the process of designing obstacle course games. We first
present a case study undertaken by the authors that illustrate specific
ways in which feedback from our system accelerated and influenced
the design process (Sec. 5.1). Further studies are included in the
supplemental material, with animated walkthroughs presented in
our supplemental video. We summarize the results of a user study
where four external game designers (three professional, one hobby-
ist) use the system to create obstacle courses (Sec. 5.2). We discuss
one designer’s experience in detail and include discussions for all
designers in the supplemental material. Finally, we present results
that suggest that real human players play the obstacle courses in
the way the designers intended (Sec. 5.2.1).

5.1 Illustrative Design Case Study
In this design study, the designer intends for the player to ride on a
thin platform while repositioning to fit through gaps in the walls to
avoid being knocked off (Fig. 4). The designer wants to verify that
this solution is possible and examine alternate solutions to decide
which ones to support.

The designer first queries to see if there is a solution and if that
solution reflects intended play. The system returns a solution trajec-
tory showing the character riding the platform through the gaps,
indicating that intended solution is supported. But the system also
shows a different solution (Fig. 4, (a), video 1:41). This alternate
solution indicates that the first barrier can be jumped over. This

runs counter to the designer’s intent, so they make the wall higher,
and query again to test that their edit prevented the undesirable
solution (video 2:13). This query does not return a solution, so the
designer concludes that their edit was effective.
The designer now checks for an alternate path that solves the

level by jumping around the barrier instead of maneuvering through
it, which they construct with avoid region and waypoint primitives.
The system returns a trajectory showing that this solution does
exist (Fig. 4, (c), video 2:57). While this is not the intended solution,
it is counterintuitive to a new player and mechanically challenging,
so the designer does not make any edits to remove it. With these
queries, the designer has exhausted the solution classes they care
to explore, so this is the final design.

In this example, the system answered designer questions in a way
that allowed them to control the solution space by making edits to
ensure that an undesirable solution was impossible.

Our further design case studies illustrate the use of our system to
explore multiple solution paths using query primitives and evaluat-
ing solution properties contributing to difficulty. Multiple additional
case studies are included in the supplemental material.

5.2 Design User Study
We recruited four external designers to use and give feedback on
our system. The subjects were: a professional game developer with
previous experience in games research (Designer 1), a professional
game developer with 19 years of game design experience (Designer
2), an enthusiast game designer specializing in experimental games
(Designer 3), and a professional independent game developer who
works on 2D platformer games (Designer 4). All designers were
given an overview of the tool and its functionality before being asked
to design an obstacle. We discuss Designer 1’s experience below.
Discussions of the other designers are given in the supplemental
(Sec. 8.4).

Designer 1. The designer wanted to make something extremely
difficult (a "pixel-perfect platformer"). As with the illustrative case
study in Sec. 5.1, the designer started by evaluating if their initial
design was solvable and what solutions looked like. Feedback from
our system showed that their initial design was unsolvable because
the goal platform was too high (Fig. 5, a), so the designer made an
edit resulting in a solvable design (Fig. 5, b).
The designer then added an additional challenge with a ring of

dangerous blocks above the goal block. They intended the player to
jump from one of the moving blocks through the center of the ring.
When they queried to see if this solution was possible, the system
revealed an unintended solution that skips the lava ring obstacle
entirely (Fig. 5, c). This allowed the designer to make edits (shrink
goal size, enlarge lava ring radius) that discouraged this unintended
solution. Another query showed a solution that did not take the
undesirable path (Fig. 5, d).
Finally, the designer wished to know if it was possible to jump

from the higher platform. To confirm this, they used a waypoint
constraint on the top platform to query for a solution trajectory
that confirmed their intended gameplay was possible from start to
finish (Fig. 5, e).
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Unexpected solution

(a) (b) (c)

Fig. 4. Design study 1: Solvability feedback helps the designer identify and remove an undesirable solution. (a) Initial design supports a solution which jumps
over the wall instead of passing through its gap. (b) Designer raises the wall so that it cannot be jumped over. (c) Designer verifies an alternate solution
(jumping around the wall) for experienced players. Please refer to the supplemental video for more details.

(a) (b) (d)(c) (e)
Starting Design Edit: Move Goal Lower Undesirable Path Edit: Enlarge Ring Border Final Design

Fig. 5. External Designer 1: our system allowed this designer to (a) see why their design was unsolvable, (b) make an edit resulting in a solvable obstacle, (c)
see an alternate solution they did not know was possible, (d) make an edit discouraging that solution, and (e) verify that their final design supported their
intended solution.

Our system allowed the designer to evaluate possible play on
obstacles that exceeded what they could comfortably playtest them-
selves. They commented that seeing the trajectory allowed them to
evaluate possible play even without a solution (as in the first query,
Fig. 5, a). They further commented on the utility of finding alternate
solutions to their intended one—such a finding caused them to alter
their design to be more in line with their goals (Fig. 5, c to d). Finally,
they observed that the interactive feedback was essential for getting
the above benefits becuase they could “press a button and rapidly
confirm that a design was still solvable” after an edit.

External Designer Summary. Like Designer 1, the other external
designers used our system to verify desired solutions, discover and
prohibit undesired solutions, inspire level edits, and acclimate to a
novel 3D creation platform. Further, they were able to make high
level inferences about solution trajectories such as their approximate
difficulty. Two designers noted that rapid, in-progress trajectory
visualizations were crucial for their design process. We discuss
studies of the remaining external designers in the supplement.

5.2.1 Gameplay User Study. Throughout the design exercises, de-
signers used the tool to gain confidence about how their level design
shaped possible play. We show this confidence to be justified with a
human playtesting study showing that players do play the game ac-
cording to the designer’s expectations. Our playtesters were college-
age students (four male, two female). Though none had extensive
experience playing obstacle course games, three had extensive ex-
perience with other game genres. In each playtest, the player first
attempted the obstacle. If successful, they were prompted to play
again, this time after being asked to generate a more difficult so-
lution (e.g., second solution in Fig. 4) if one existed. Examples for
three of our design case studies are shown in Fig. 6. In each design

study, the designer created an obstacle course with a concrete idea
of how human play would look on that obstacle. The designer’s
intent is shown in the trajectory paths in the top row of Fig. 6. The
bottom row of Fig. 6 shows how human playtesters solved the same
obstacles. We find that the human players played according to the
designer’s expectations.

5.3 Query Performance Evaluation
A crucial requirement of our system is to provide feedback quickly,
so it is important that we identify the most efficient algorithms
for generating obstacle solutions. Fig. 3 measures the mean time-
to-first-solution for five techniques: baseline Go-Explore that uses
random rollouts (GE) [Ecoffet et al. 2021], our modified Go-Explore
Policy-Selection algorithm that utilizes guidance from a pretrained
policy (GE-PS) (Section 4, supplement Sec. 2.4), Policy-based Go-
Explore [Ecoffet et al. 2021] (PBGE), Cell-Free Latent Go-Explore
(CFLGE) [Gallouédec and Dellandréa 2023], and solution finding by
rolling out the pretrained RL policy with no Go-Explore search (RL).
The figure plots the mean time-to-first-solution for 56 solvability
queries logged from our design studies. We split the queries into
tertiles based on time taken by GE. Queries that exceed 90 seconds
are terminated and treated as completing 90-seconds even though
no solution was found.
Our GE baseline is the best performing algorithm for many

queries, and often solves queries within a few seconds. For the
queries where GE does take longer to solve (“long”), it is advanta-
geous to guide exploration using our pretrained policy. Although
GS-PS takes slightly longer on short and medium queries, this is
balanced by a significant (>15s on average) speedup for long queries.
In effect, our strategy of taking actions using the pretrained policy
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Human Trajectories

Jump around wall

Three Paths Wait on platform to time jump

System Trajectories

Fig. 6. Across three design studies (Sec. 5.1), feedback from our system allowed a designer to create obstacle course designs that supported their desired
solutions. These were: a solution that passed through the wall gaps and a solution that jumped around the wall (top, left), a design with multiple solution
paths (top, center), and a design where players could time their jumps between platforms to balance the difficulty of the previous section (top, right). All
of these solutions were reproduced by human playtesters (bottom row), showing that designers can have confidence that the feedback from our system
accurately reflects possible human gameplay. In the far right obstacle, playtesters agreed that the second section was much easier than the first section, as the
designer intended based on trajectory feedback. Please refer to the supplemental video to see these obstacle courses in motion.

when restoring from new states recovers much of the limited gener-
alization of the pretrained policy without incurring a high overhead
in cases where the policy does not generalize. Notably, both GE
and GE-PS significantly outperform variants of the Go-Explore algo-
rithm (PBGE, CFLGE) from recent literature. These variants involve
learning on the fly from experience solving current obstacle, so they
incur the cost of policy training but simply do not have time for
the learning to have effects on the efficiency of the search. Further,
as states further from the start are discovered, PBGE must take
additional time to return to discovered states that could be used for
exploration. As stated in Section 4, the pretrained policy (RL) rarely
solved the user-created queries we encountered in our tests. We
provide further analysis of additional variants of these algorithms
in the supplement, showing GE and GE-PS consistently find solu-
tions faster than all other solution-finding algorithms that we have
explored.

6 Discussion
We demonstrate that constrained solution queries allow designers
to immediately observe how their design decisions might impact
play. In our studies, designers used this rapid feedback to directly
modify the obstacle to meet design goals, but it would be interesting
to consider other ways playthrough feedback could impact design.
For example, we are intrigued by how knowledge of the full-space of
potential solution strategies, or the likely failure modes, might help
the designer to build player assistance systems or leave breadcrumbs
in a design to lead players to a certain solution.
Since players typically traverse obstacles segment by segment,

complex obstacle course games are often composed of a series of in-
dependent obstacle designs. Once the initial segments are designed,

however, the designer must consider global design parameters in-
cluding obstacle sequencing (e.g. how to create an engaging diffi-
culty progression) and visual communication of function (e.g. make
dangerous things appear dangerous, design an obby to suggest a
certain solution). It would be fascinating to consider a design tool
that accelerated this process, especially automatic evaluation of the
solution that is suggested to a player upon first viewing the obstacle.
Finally, we believe that with the increasing ubiquity of AI-

generated content, there will soon be an acute need for more tools
that help designers turn this abundant 3D content into unique and
compelling experiences. We hope that our work inspires new efforts
to explore AI-driven tools that allow creators understand and evalu-
ate how their game design decisions impact game play experiences.
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