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Abstract— Robot manipulation of physical puzzles is an
important requirement for automatic assembly and disassembly
tasks. However, to enable robots to solve physical puzzles,
manipulation skills need to be learned, which requires large
training datasets, the generation of which is often time con-
suming and tedious. To overcome this problem, we propose
the Physical Robot Manipulation Puzzle Generation framework
(PhyRoGen), which leverages procedural content generation
(PCG) for automated generation of synthetic datasets of ma-
nipulation puzzles. PhyRoGen is a general-purpose puzzle gen-
erator, which can generate physical puzzles with interlocking
object dependencies, where one articulated object must be ma-
nipulated before another can be moved. Based upon PhyRoGen,
we define six concrete generators which we use to generate
24 physical puzzles. By using a benchmarking framework,
we are able to solve all puzzles in 1 to 300 seconds using
sampling-based planning algorithms. Finally, we demonstrate
that every generated puzzle is manipulatable by using a KUKA
LBR iiwa robot in a physical simulation. This shows that our
framework is able to procedurally generate unique, solvable
robot manipulation puzzles, which is a crucial ingredient to
benchmark manipulation algorithms and to develop robust
foundation models.

I. INTRODUCTION

Large datasets are essential for developing and evaluat-
ing robot manipulation algorithms, both for benchmarking
motion planners [1], [2] and for training learning-based
systems [3], [4]. However, manually curating such datasets
is tedious, limits the diversity of generated scenarios, and
makes it difficult to produce systematic variations [5, p. 2].

To tackle this problem, we leverage procedural content
generation (PCG) to algorithmically create synthetic datasets.
While some works have proposed PCG to generate datasets
for robot manipulation problems [6], [1], they do not generate
problems with interlocking object dependencies. These are
problems where one articulated object must be manipulated
before another can be moved. For example, a door (with
a revolute joint) may need to be opened before a cube
(on a prismatic joint) behind it can be moved. Throughout
this paper, the term joint refers to the kinematic connection
between object links in the puzzle (e.g., a door hinge or a
sliding rail), not to the joints of the robot manipulator. We
call such problems physical manipulation puzzles [7], [8].

To create manipulation puzzles, we introduce the Physical
Robot Manipulation Puzzle Generation Framework (PhyRo-
Gen). PhyRoGen consists of a general maker algorithm,
which takes as input sequences of objects, joints, transforma-
tions, and returns as output a kinematic chain representing
a manipulation puzzle. By using this framework, we can
show that a variety of interesting puzzles can be created,

Fig. 1: A KUKA mobile manipulator solves a procedurally gen-
erated manipulation puzzle with interlocking object dependencies.
Left: The grid world environment, where a green slider has to be
moved, but is blocked by multiple red objects. Right: The Move
N Times environment, where a green cube has to be moved out
of a maze which is blocked by a sliding prismatic door, requiring
multiple re-grasping sequences.

including lockbox puzzles [7], simple escape rooms [8],
and puzzles which require re-grasping sequences [9]. In
total, we create 24 puzzles, and showcase that they are
solvable using a benchmark framework to compare planning
algorithms [2], [1]. Finally, we devise a method to manipulate
those puzzles using a KUKA LBR iiwa robot. This is
shown in Fig. [I| where we showcase two puzzles generated
with PhyRoGen. The mobile manipulator robot is able to
manipulate the objects to move the green object to a desired
goal configuration, while removing red objects whenever
they block the execution.
To summarize, our contributions are the following:

o Puzzle generation: We develop the PhyRoGen puz-
zle generation framework and implement it using
Blender [10] in combination with the Phobos [11]
plugin.

e Puzzle benchmarking: We create six generators to
produce a total of 24 puzzles, and benchmark them
using sampling-based puzzle-solving algorithms using
Robowflex [12], [13] and OMPL [14].

e Puzzle manipulation: We show how puzzles can be
manipulated and solved using a simulated KUKA LBR
iiwa mobile robot platform using PyBullet [15] and
OMPL [14].

A complete overview of the modules involved is shown
in Fig. 2] All material related to this work, including puzzle
URDF files, images, benchmark results (graphs and database
files), manipulation videos, and source code is freely avail-
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II. RELATED WORK

PCG [16] has been used in the creation of digital games
since the 1980s with games like Rogue which use procedu-
rally generated environments [17]. This has lead to the genre
of roguelike games [18], which include the creation of virtual
game spaces [19], game bits (textures, sound, game objects),
game systems (ecosystems, road networks, entity behavior),
and game scenarios (puzzles, levels, stories)[20], [17]. Re-
cently, PCG systems have been used to generate complete
game universes like in No Man’s Sky or Minecraft [21], [22].

To avoid repetitions and keep players engaged, game
development has also focused on procedural puzzle genera-
tion [23]. An exemplary physical puzzle is Sokoban [24],
a PSPACE-complete problem [25], which has caught the
attention of the gaming community [26], [27], [28], [24].
While Sokoban puzzles present interesting challenges for
robots, they are not well suited for physical robot exploration,
because unrecoverable states can be easily reached and are
difficult to recognize.

Games also play an important role as learning environ-
ments for reinforcement learning (RL) agents [29]. This
includes Arcade games [30], [31] and real-time strategy
games [32]. To generalize those RL systems, it becomes
important to generate synthetic worlds. Systems like Proc-
gen [33] or MiniHack [34] can generate different game envi-
ronments with simple point-based reward functions. Despite
their usefulness for RL agents, those systems are not suitable
for robotics due to the focus on mostly 2-dimensional spaces
and simplified action spaces.

In the last decade, robot learning has also become a central
focus of the robotics community [3], [35]. Similarly to RL
agents, robot learning requires large datasets to create robust
systems [36]. To generate such datasets, researchers have
focused on perturbating existing problems with automatic
domain randomization [37]. However, to generalize to unseen
environments, it becomes crucial to be able to learn on
automatically generated worlds. Therefore, several generator
algorithms have been proposed like ProcTHOR [6], which
is a PCG framework for interactive physical environments,
MotionBenchMaker [1], a tool to generate motion planning
datasets, or ClutterGen [38], which can generate diverse sets
of tables with objects for manipulation. Those datasets can
be used in learning benchmarks like Meta-World [39] or
RLBench [40], which are specifically designed to be used
in robotics frameworks. Those generators, however, do not
generate environments with interlocking object dependen-
cies, where one articulated object blocks another. This makes
them less suitable for task and motion planning (TAMP) that
involves physical exploration.

While robot learning algorithms have mostly been applied
to robot manipulation tasks [37], [3], work on learning
for TAMP algorithms [41], [42] has only recently been
started [43]. In TAMP, an algorithm has to reason over
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both discrete, logical constraints and continuous state spaces
connecting them [44], [45]. One category of TAMP al-
gorithms tackles physical puzzles [7], where objects have
dependencies preventing them from being manipulated in a
random order [8]. This makes physical puzzles differ from
tabletop scenarios [46] or top-down rearrangement planning
scenarios [47].

Our proposed puzzle generator is complementary to both
learning and TAMP planners in that PhyRoGen creates
environments with interlocking object dependencies, such
that manipulation puzzles can be created, where a robot has
to reason about object interactions [8]. This is an important
requirement both for learning frameworks and for advancing
TAMP algorithms.

III. PHYROGEN: PHYSICAL ROBOT MANIPULATION
PuUzzLE GENERATION FRAMEWORK

The PhyRoGen framework consists of three parts. First,
we define kinematic chain generators, which are functions
to generate a sequence of kinematic chains from an integer
seed. Based upon them, we detail the PhyRoGen maker algo-
rithm, which is a general-purpose kinematic chain generator
maker, taking as input objects, joints, and transformations,
and returning a kinematic chain. Finally, we depict six
concrete kinematic chain generators, which we use to build
24 scenarios of randomly generated manipulation puzzles.

A. Kinematic Chain Generators

A kinematic chain generator is a function which gets as
input an integer seed in N, plus a set of objects, a set of
joints, a set of transformations, and a number of objects. As
output, a generator produces a kinematic chain consisting of
links and joints together with their relative transformations.
We define a generator to have the following attributes:

o Deterministic. For a given seed and identical input, the
generator always produces the same kinematic chain.

o Interdependent. Each generator produces kinematic
chains which represent puzzles which are solvable only
if all joints are actuated. That means there are no
superfluous joints added.

¢ Solvable and Manipulatable. Each kinematic chain
should lead to a puzzle generated which is solvable and
eventually manipulatable by a mobile manipulator.

B. PhyRoGen Maker Algorithm

Here we present the PhyRoGen maker algorithm. This is
an iteration-based algorithm, which aims to create a new
object in each iteration, and which produces as output a
kinematic chain representing a physical puzzle.

The complete algorithm is detailed in Algorithm [I]
As input, we are given the tuple (Objects, Joints,
Transforms, N, Seed), whereby Objects is either a fi-
nite set of objects or an infinite sequence of objects, Joints
is either a finite set of joints or an infinite sequence of joints,
Transforms is either a finite set of transformations or
an infinite sequence of transformations, N is the number
of objects of the algorithm, and Seed is the unique seed
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Fig. 2: Systems overview about this paper, including the puzzle generation (left), and the puzzle benchmarking and manipulation modules

(right).

Algorithm 1 PhyRoGen Maker

Input: (Objects,Joints,Transforms, N, Seed)
Qutput: Kinematic Chain K

I: K < INITIALIZEKINEMATICCHAIN()

2. forne {l,...,N} do

3 while True do

4: obj + GETITEM(Objects,n, Seed)

5

6

7

jnt < GETITEM(Joints,n, Seed)

tf + GETITEM(Transforms,n, Seed)
: Kt < NEWKINEMATICCHAIN(K, obJ, jnt, t f)
/I Joint should invalidate puzzle in its default state

8 Kt < FIXJOINT(Kt, jnt)
9: if VALIDATEPUZZLE(Kt) then
10 continue
11: end if
/I Puzzle should be valid when joint is variable
12: Kt + UNFIXJOINT(Kt, jnt)
13: if Not VALIDATEPUZZLE(Kt) then
14: continue
15: end if
16: K < Kt
17: break
18: end while
19: end for

20: return K

in N5y which acts as the randomization, i.e. which objects,
joints, and transformations to use in each iteration. As output,
the algorithm returns a kinematic chain X, representing a
physical puzzle.

To achieve this, the following steps are carried out. First,
we initialize an empty kinematic chain (Line 1). We then
run N iterations of the algorithm, whereby in each iteration
we enter a while loop (Line 3) which ends when a new
kinematic chain has been found (Line 16-17). To find a new
kinematic chain, we first get a random object ob 7, joint jnt,

and transformations tf from the input sequences (Line 4—
6). The Get Item function either choose a random element
from a set by using the seed, or returns the n-th element
in the sequence. Those items are used to extend the current
kinematic chain K to create a new temporary kinematic chain
Kt (Line 7). We then conduct two validations steps. First, we
check if the puzzle is solvable when the new object is at its
default position (Line 8-11). If yes, we reject this solution
and continue, since the object would not contribute to a
solution and would thereby be superfluous. This validation
step uses the RRT-Connect planner [48] on the temporary
kinematic chain Kt until a first solution is found or a timeout
is reached. Second, we check if there exists a solution to
the puzzle when the object is movable along its joint (Line
12-15). If there exists no solution, then the puzzle is not
solvable, and we have to reject the kinematic chain. Once
the new kinematic chain has passed both checks, we update
the global kinematic chain K (Line 16) and exit the while
loop (Line 17). After all iterations have passed, we return
the kinematic chain (Line 20).

For every chain generated, we define a physical puzzle
problem as the problem of moving the first link from its
default position to a dedicated goal position. There are three
cases: If the object has an attached prismatic joint, we define
the goal as the opposite end of its limits. If a revolute joint
is present, we define the goal as a 90 degree rotation from
its current position in either clockwise or counterclockwise
direction. If the joint is SF(2), we define the goal as being
a random placement outside of a bounding box around the
final generated puzzle.

C. Six Kinematic Chain Generators

Given the general-purpose the PhyRoGen maker algo-
rithm, we present six concrete input tuples, each leading to
a different set of kinematic chain generators. The chosen six
input tuples of objects, joints, transformations, and number
of objects are shown in Table [l We have indicated in this
table infinite sequences as gray colored cells and finite sets as



white colored cells. This input directly defines the kinematic
chain generators through PhyRoGen, and can be used to
generate an infinite sequence of manipulation puzzles by
changing the input seed.

The kinematic chains are built directly in the 3D modeling
software Blender [10] using a Python script [49]. From this
3D description, we can both render images of the puzzles
and export them to the Unified Robot Description Format
(URDF) by using the Blender extension Phobos [11].

IV. PUzZZLE BENCHMARKS AND PUZZLE MANIPULATION

Once all puzzles have been created, we use a puzzle
solver to find solutions and execute them using a robot
manipulator. To this end, we use sampling-based motion
planning methods [50] to solve the puzzles, whereby we rely
on the less-action RRT [8] (LA-RRT), which is a multi-object
planner to compute a minimal number of moves to solve a
given puzzle.

To enable this, we provide an open source implementation.
This implementation uses Robowflex [12], and combines it
with the Open Motion Planning Library (OMPL) [14], using
the internal benchmarking tools [2].

To show that the generated puzzles are not only solvable,
but can also be manipulated, we use a custom method to
manipulate them. This method works as follows. First we
import the results of the lowest-cost run of LA-RRT for
each puzzle (after the time limit) and extract both the object
sequences and the object paths. For each object path, we
compute an inverse kinematics (IK) solution for the robot
at designated grasp points on the objects. To execute those
motions, we compute how the grasp point moves when the
object is moved along its path. We then use the end-effector
Jacobian [51] to generate a joint direction at the grasp point
which moves the object along the computed object path. To
deal with singularities, we observe possible joint flips on the
robot during the execution. If a singularity occurs, we release
the grasp, and re-grasp at a new grasp position at which the
robot is not in a singularity at the next object position. This
process is continued until the object has attained its final
position.

Implementation-wise, we use a KUKA LBR iiwa on a
mobile platform for manipulation of the puzzles. We simulate
this in PyBullet [15] with an interface to OMPL [14]. All
computations are using the internal IK solver of PyBullet
to compute joint configurations at grasp points. To plan
connections to grasp points, we use the Batch Informed Trees
(BIT*) [52] planner in OMPL. BIT* is used for two tasks.
First, to reach the IK solutions, which have been found at a
grasp point. Second, to compute motions to new grasp points
after singularities are detected. This is a slightly different
problem since we need a motion from a grasp point to
another grasp point.

V. DEMONSTRATION

The demonstration is divided into three parts. In the first
part, we show how our generators can generate different
puzzle variations. In the second part, we use different

sampling-based motion planning algorithms to benchmark
solving those puzzles. Finally, we execute each puzzle with
a KUKA LBR iiwa robot by using the best solution found
by the benchmark planners.

Our code is available on GitHut?] All experiments were
conducted on a workstation PC with an Intel Core 17-6700
3.4 Ghz quad-core processor, 16 GB memory, running the
Ubuntu 18.04 LTS operating system.

A. Puzzle Generation

We show that our generators can generate unique physical
manipulation puzzles using our framework. To generate the
puzzles, we ran each generator and generate the first four
seeds for each puzzle. The runtimes to generate them are
Simple Sliders (4 seconds), Grid World (5 seconds), Con-
tinuous Space (83 seconds), Lockbox Random (13 seconds),
Move N Times (5 seconds), and Rooms (17 seconds). This
generates 24 unique physical puzzles as shown in Fig. [3]

B. Puzzle Benchmarking

To show that the generated puzzles are solvable, we use
four sampling-based planning algorithms on all 24 puzzles.
The four planning algorithms are LA-RRT [8], RRT* [53],
LBT-RRT [54], and BIT* [52]. Note that we are using
optimal sampling-based planners [55], since we want to
optimize the total action cost, which is the total number of
actions (individual joint moves) required to solve the puzzle.
Each planner is run on each puzzle whereby we repeat
the experiments 100 times per planner with the following
time limits: Simple Sliders (40 seconds), Grid World (40
seconds), Continuous Space (20 seconds), Lockbox Random
(600 seconds), Move N Times (20 seconds), and Rooms (60
seconds). We collect both the time to find the first feasible
solution and track the cost over time.

The averaged results are shown in Fig. 4] It can be seen
that LA-RRT is able to solve 23 out of 24 scenarios with a
success rate of 100%. The only outlier is Lockbox Random
1, where LA-RRT only reaches 95% success rate at the time
limit. BIT* is able to solve 24 out of 24 scenarios with a
success rate of 100%. The two remaining planners LBTRRT
and RRT* can solve 7 out of 24 and 6 out of 24 with 100%.
In terms of optimality, LA-RRT reaches the lowest cost of all
planners consistently over all 24 scenarios. This is expected,
since LA-RRT is specifically designed to solve manipulation
puzzles with a minimal number of actions.

C. Puzzle Manipulation

By using the method described in Sec. [V} we can show
that all 24 puzzles can eventually be executed using a mobile
manipulator robot. The results are depicted in Fig. [5] where
we show snapshots of how the robot is manipulating each
puzzle. For each scenario, we show four frames, whereby
Frame 1 depicts the start configuration of the puzzle. Frame
2 and Frame 3 show intermediate manipulation steps, where
the robot moves some of the dependent obstacles out of the
way. Eventually, Frame 4 shows the last action where the

2[Redacted due to double-blind review]



TABLE I: Input Sequence Configurations. Gray cells represent infinite sequence inputs, while the remaining white cells represent finite

sets.
Name Objects Joints Transformation Number of
Objects
Simple Slider {T-shaped slider} {Prismatic} {0,180} Seed+1
Continuous Space {Cuboid} {Revolute} [0,90] x [0,1] 4
Grid World {Cuboid} {Revolute, Prismatic} {0, 90, 180,270} 5
Lockbox Random {Cuboid, Disk, Cuboid, Disk, ...} {Prismatic, Revolute, Prismatic, ...} {0, 90, 180,270} 7
Move N Times {Cuboid, Door(N), Corridor(1), ...} {SE(2), Prismatic, Fixed, Fixed, ...} {07 180,0, .. } Seed+2
Rooms {Room, Door Room} {Fixed} {0, 90, 180,270}
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Fig. 3: Visualization of puzzle environments for the first four seeds using the input from TableEl

robot moves the green object (the only one with a dedicated
goal configuration) towards its goal position. The robot used
is a KUKA LBR iiwa on a mobile manipulator base, having
three degrees of freedom (dof) for the base and 7-dof for
the manipulator arm. Full videos for all 24 scenarios are
availableﬂ The complete execution and planning time for the
scenarios is between 4s (Simple Sliders 1) and 51s (Move N
Times 4).

VI. CONCLUSION

We proposed to leverage procedural content generation
(PCG) to generate synthetic datasets of manipulation puzzles
suitable for learning-based approaches that involve physical
exploration.

Compared with previous works, such as ProcTHOR [6]
and MotionBenchMaker [1], which also leverage PCG to
generate manipulation problems, our method uses PCG
specifically to generate interlocking object dependencies to
create physical manipulation puzzles. The additional aspect
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of exploring and reasoning about the physical constraints of
environments makes our methods suitable for learning-based
TAMP [56].

While we have shown that our method is able to generate
unique manipulation puzzles, we still face some limitations.

e Narrow Passages Our current method struggles to
generate environments containing narrow passages be-
tween objects, because motion planning methods often
cannot handle them efficiently [57]. We could solve
this by using planners combining sampling-based and
optimization-based frameworks [58].

o Tree-Dependencies Our current framework generates
environments with sequential (chain-like) dependencies
between objects. However, puzzles often require tree-
like dependency structures, where multiple objects in-
dependently block a common target, which we aim to
generate in future work using a backtracking algorithm.

e Online Learning Our current framework generates data
which can then be used for learning. However, we
envision that our framework is used in an online manner,
where the difficulty of environments is adjusted based
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Fig. 5: Visualization of manipulation tasks across all six environments. The manipulation task for the mobile manipulator robot is to
move the green object to its goal position (transparent green), while red objects block the green object and have to be moved out of the
way (interlocking dependencies). The Rooms environment is different in that the robot has to move out of the room itself, but is blocked
by all objects (doors).

on the progress of the robot [59].

o Baseline Comparisons Our evaluation demonstrates
solvability and manipulatability of the generated puz-
zles, but does not yet include comparisons against other
generation frameworks or ablation studies. A systematic
comparison with manually curated benchmarks would
provide stronger evidence for the utility of procedurally
generated puzzles.

« Real-World Validation All experiments are conducted
in simulation. Transferring the generated puzzles to
a physical robot would validate that the puzzles and
solutions transfer to a real robot.

Despite limitations, our proposed method is able to re-

liably generate synthetic datasets of unique manipulation
puzzles in seconds. The difficulty and solvability of the 24
puzzle samples is verified by extensive benchmarking and
manipulation simulations. Overall, our method yields good
performance in terms of speed of generation (4s to 83s),
speed of solvability (1s to 300s), and quality of generated
puzzles (all are solvable using a realistic mobile manipula-
tor). We therefore believe that this framework is a useful
tool to create large datasets for benchmarking and training
of learning-based manipulation robots [3], [4].
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