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Abstract

We address the important problem of generalizing robotic rearrangement to clutter
without any explicit object models. We first generate over 650K cluttered scenes—
orders of magnitude more than prior work—in diverse everyday environments,
such as cabinets and shelves. We render synthetic partial point clouds from this
data and use it to train our CabiNet model architecture. CabiNet is a collision
model that accepts object and scene point clouds, captured from a single-view
depth observation, and predicts collisions for SE(3) object poses in the scene. Our
representation has a fast inference speed of 7us/query with nearly 20% higher
performance than baseline approaches in challenging environments. We use this
collision model in conjunction with a Model Predictive Path Integral (MPPI)
planner to generate collision-free trajectories for picking and placing in clutter.
CabiNet also predicts waypoints, computed from the scene’s signed distance field
(SDF), that allows the robot to navigate tight spaces during rearrangement. This
improves rearrangement performance by nearly 35% compared to baselines. We
systematically evaluate our approach, procedurally generate simulated experiments,
and demonstrate that our approach directly transfers to the real world, despite
training exclusively in simulation. Robot experiments in completely unknown
scenes and objects are shown in the supplementary video.

1 Introduction

Object rearrangement is an important challenge in robotic manipulation and decision making [2, 21].
It requires the skills of picking, placing and generating complex collision-free motions in a cluttered
environment. The Task-And-Motion-Planning (TAMP) [22, 49] and Embodied Al literature [13,
36, 52, 57] have reported impressive results of rearrangement in complex human environments like
kitchens. But, they are largely limited to simulation [13, 21, 52] or make the strong assumption of state
estimation of the environment [55] and objects [22] in the real world. Recent neural rearrangement
methods [25, 39, 44, 47] generalize from sensed observations, without requiring state information,
and have been demonstrated in the real world. Yet, they are limited to a specific type of scene that
are not densely cluttered. Overall, there is no rearrangement system that generalizes to different
challenging environments and works out of the box, or with minimal engineering effort, for each new
scene type [27]. The cost of system integration, a major task of which is environment modelling,
comes up to 3X of the price of the robot itself [3]. In this work, we aim to learn a single representation,
trained over 650K scenes in simulation, that enables rearrangement in diverse unknown environments.
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https://youtu.be/HekPtYJfiNU

One of the primary challenges in achieving generalization in object rearrangement is the limited
availability of rearrangement datasets. Large data has been the driving force behind the success of
visual learning [12] and large language models [48]. There have been some recent attempts at large-
scale learning in simulation, such as the Habitat [52] and ManipulaTHOR [13] efforts. However,
these actions are abstract and are not realistic. For example, objects simply stick to the gripper
based on proximity, thereby sidestepping the complex dynamics of pick-and-place that are explicitly
addressed in prior work in the robotic grasping literature [38, 43, 44, 51]. Additionally, the policies
learned in these simulated environments are unproven in the real world. To facilitate performance in a
physical system, our approach is conditioned on 3D point clouds instead of the RGBD representation
commonly used in [13, 52]. Prior work [9, 44] has demonstrated that point clouds are an effective
representation to transfer from simulation-based training to real world observations.

In robotic rearrangement, a fundamental compo-
nent for planning is collision detection with an
unknown environment. Classical TAMP meth-
ods typically rely on the complete geometric
model of the scene for planning [21, 46] in the
form of a triangular mesh or Signed Distance
Field (SDF). Visual reconstruction systems such
as SLAM [33], KinectFusion [45] and more
recently NERF [41] are needed to generate a
geometric model of the scene. Each system has
its drawbacks, which may include a long start-up
time [41, 45], multi-view requirements [33, 41],
costly updates in dynamic scenes [33, 41, 45],
or poor generalization [41]. Instead of explic-
itly reconstructing the scene for a traditional
collision checker, recent neural methods speed
up collision detection with learning [10, 32]
and generalize to partial real-world observations
[9, 44]. [44] proposed the CollisionNet model
to predict collisions from scene point clouds for
6-DOF grasping. [9] extended this to an archi-
tecture that allowed fast collision checking from
point clouds, enabling fast sampling-based plac-
ing in cluttered tabletop scenes. In this work, we
extend this 3D implicit representation to scale
to multiple cluttered environments, which we call CabiNet and learn a SDF-based waypoint sampler
from this 3D representation. We then apply a Model Predictive Path Integral (MPPI) [19] algorithm
on the GPU to use our CabiNet model to generate pick-and-place motion trajectories in clutter. In
summary, our contributions are as follows:

Figure 1: CabiNet is able to perform complex rear-
rangement tasks in novel, cluttered scenes from
just partial point cloud observations without object
or environment models.

* Scaling up neural collision checking by 30X compared to prior work [9], training over
nearly 60 billion collision queries. We also learn from over 650K cluttered scenes generated
procedurally, which is six orders of magnitude more scene data than prior work on learning
rearrangement in simulation [13]. We train a implicit 3D scene encoder CabiNet from this
dataset.

* We demonstrate that CabiNet achieves fast collision detection inference of around 7us/query
and is 19.7% mAP higher than baselines when tested on 2.5 million queries in five diverse
sets of environments. Using the same CabiNet encoding, we learn a scene SDF-based
waypoint sampler and show that it is crucial for transitioning between pick and place actions.

* We demonstrate sim2real transfer for our model on completely unknown scenes and objects
in the real world.

2 Related Work

Collision Detection from Point Clouds: There are a variety of options to check for collision
with known object meshes or fully visible point clouds. One can use computational geometry
libraries [46] if the object mesh is known. Alternatively, one can voxelize or spherize [29] the point



clouds and formulate the collision checking problem as evaluating whether any of the elements
is in collision with robot links. However, voxel-based approaches suffer from occlusion which is
mitigated through use of multiple views. This unfortunately constraints the robot workspace or
requires mapping of the the environments which needs to be dynamically updated as objects are
moving around. SceneCollisionNé] [frames the collision checking problem as a hybrid of classical
voxel based method and data driven methods. It encodes the scene to coarse voxels where each
voxel is represented by a deep embeddding vector. Each collision query is de ned as a pair of query
object and scene point clouds. Collision checking is done with a binary classi er which takes as
input the scene voxel embedding, object embedding, and the relat{@¢ ®&nsformation to that

voxel. SceneCollisionNet was trained on only the table top scenes. In this paper, we build on top
of SceneCaollisionNet. By scaling up the training data to go beyond table top settings, we observe a
boost in performance and generalization across variety of different scenes.

Neural Rearrangement Planning: Traditionally, solutions to object rearrangement have been domi-
nated by model-based methods, such as TARIPvhich use an explicit 3D world representation
estimated from sensor observations. More recently, there has been an increase in learning-based
vision-centric rearrangement approachgsdlthough the majority assumes simpli ed action spaces

that abstract away the actual grasping and placing motion and often focus on navigati®s]. In [

a learned visual state estimator is combined with a Monte-Carlo tree search planner, to ef ciently
solve planar tabletop rearrangements. When goals are provided as target images, transporter net-
works [60], their equivariant versior?8] or goal-conditioned transporter networl&6] can be used

for pick-and-place. The problem of matching object instances between goal and initial image can
also be simpli ed with vision-language model]. Closest to our approach for rearrangement are
NeRP [47] and IFOR [25].

Large-scale Procedural Scene Generation:

Probabilistic models for indoor scene genera-

tion have been originally developed in computer

graphics 15, 40, 58]. Apart from appealing

visually, simulating scenes physically requires

more care when arranging objects. As a result

most data available for learning robot manipu-

lation in simulation is limited to a xed number

of artist designed scenes: iGibs@6], Meta-

World [59], RLBench (0], Sapien 57], Habi-

tat [52], or Al2 ManipulaTHOR [L3]. Those

scenes mostly consist of assets and arrange-

ments from datasets such as PartM&} [Repli-

caCAD [0, and 3D-Front 17]. More recently,

ProcTHOR [L1] has shown to procedurally gen-_ . , . )

erate large amounts of entire apartment layodtigure 2: CabiNet is trained with over 650K syn-
with room-speci ¢ object arrangements. Neyhetic scenes. We show that CabiNet transfers well
ertheless, our use case focuses on smaller-sdgiéeal-world settings, where we evaluated 24 dif-
clutter for which ProcTHOR's scenes are nderent rearrangement problems on the real robot,
dense enough. We will present our procedur@®ch from a unique, cluttered scene.

scene generation pipeline next.

3 Procedural Data Generation

Synthetic Scene GenerationWe procedurally generate synthetic data in simulation. To generate
our cluttered scenes, we rst assemble a set of environment &ssetsect asset® and xed

robot manipulatoR (Franka Panda in our case). We have a probabilistic gram®dhP[ which

dictates how the assets can be organized into random scene §apRgE; O; R). This grammar

is composed of the following key components: 1) sampling potential supports surfacem
environment asset to place objects 2) rejection sampling to sequentially place objects on these
surfaces without colliding with the scene and 3) xing the robot base in a region where there is
suf cient intersection over union (lo& 0.8) between the workspace of the robot (approximated by a
cuboid volume) and . Once the scen8 is generated, collision queries are sampled with free- oating
object meshes (computed in a straight-line trajectory) and the scene. The synthetic poinKclouds



Figure 3: An example of a procedurally generated CabiNet rearrangement scene. The target object
(here in purple) is chosen if it has a selection of valid collision-free grasp poses. The green region
represents the placement shelf, which is chosen if a) it is different from the shelf the object originates
from and b) has a valid placement pose for the target object.

are rendered online during training. The code for the scene generation will be publicly released upon
publication.

Dataset: Our dataset of object assets for training comes from ACRONY4], that contains wide

range of object geometries from 262 categories as well as high-q&ti@) grasps which we

use for picking objects. We split the dataset for training and testing. Fig 2 depicts examples of
our environment assets, which we chose from common categories such as shelves, cubby, cabinet,
drawers and table. All the assets are procedurally generated with the exception of shelves. For
shelves, we aggregate the shelf categories from ShapeNesCane|[ Iter assets which cannot be

made watertight or if proper support surfaces cannot be extracted. Nonetheless, the object placements
on all the environments, including the shelves, are procedurally generated. We include more examples
of scenes in the appendix. For testing, we only consider assets from the shelf environment dataset
and the objects are from a novel dataset [43] unseen during training.

Rearrangement Problem Generation:A valid rearrangment problem needs a scene, a target object
that the robot needs to grasp and the placement shelf that the robot needs to place the object. Given
a scene, a target object is sampled if there exists a set of ground truth grasps associated with that
object where they do not collide with the environment and have valid collision free inverse kinematic
con guration. Once the target object is sampled, we check if a collision free placement pose for the
target object exists within the placement shelf. To make sure that our rearrangement problems are
challenging, the placement shelf is going to be different from the shelf that has the pick object. A
problem is chosen if it passes both stages of sampling target object and also having a valid placement
location. Overall, this process has a success ra@0@bP% in nding successful problems. An
example of rearrangement problem is shown in Fig 3.

4 Neural Rearrangement Planning

Our approach and model architecture is summarized in Fig 4. We rst learn a implicit 3D encoding

of the scene point cloud. We use the encoded scene feature along with learned object features for
fast point-cloud based collision detection with CabiNet. The same scene feature is then used for
predicting waypoints for the rearrangement task with a simple feedforward network. Both these
models are then used to generate robot trajectories for object rearrangement with a Model Predictive
Path Integral (MPPI) policy [19].

Collision Prediction: This is a learned collision model that accepts as input the scene point cloud
X s and the object point cloud . The point cloud is encoded with voxelization and 3D convolution
layers s = Enc(Xs). This is followed by a MLP binary classiec= g ( s; o;To s) that
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