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Fig. 1: Ilustration of our real-world domains. Our approach generalizes to diverse and unseen objects and environments. The
object outlined in red represents the goal pose. Note how the environment geometry limits object and robot motions: in (a), the
robot must reach and maneuver the object while avoiding the ceiling; in (b) and (c), the robot must circumvent walls to access
the object; in (d), the robot must move the object over a barrier; in (e), the robot must first traverse the sink to contact under
the crab, lift it across the sink wall, then reorient the crab to face forward; and in (i), the robot must consider its kinematics
while manipulating the object on a high shelf. Each object and its pose are chosen so that it cannot be simply pick-and-placed.

Abstract—For robots to operate in general environments like
households, they must be able to perform non-prehensile ma-
nipulation actions such as toppling and rolling to manipulate
ungraspable objects. However, prior works on non-prehensile
manipulation cannot yet generalize across environments with
diverse geometries. The main challenge lies in adapting to varying
environmental constraints: within a cabinet, the robot must
avoid walls and ceilings; to lift objects to the top of a step,
the robot must account for the step’s pose and extent. While
deep reinforcement learning (RL) has demonstrated impressive
success in non-prehensile manipulation, accounting for such
variability presents a challenge for the generalist policy, as
it must learn diverse strategies for each new combination of
constraints. To address this, we propose a modular architecture
that uses different combinations of reusable modules based
on task requirements. To capture the geometric variability in
environments, we extend the contact-based object representation
from CORN [16] to environment geometries, and propose a
procedural algorithm for generating diverse environments to
train our agent. Taken together, the resulting policy can zero-
shot transfer to novel real-world environments despite training
entirely within a simulator. We additionally release a simulation-
based benchmark featuring nine digital twins of real-world
scenes with 353 objects to facilitate non-prehensile manipulation
research in realistic domains. Code, videos, and simulation
benchmarks are available on the project website.

I. INTRODUCTION

Despite recent advances in robot manipulation, the practical
deployment of robots in everyday environments like house-
holds remains challenging. One key reason is the robot’s
inability to manipulate ungraspable objects. While much of
prior work on manipulation centers around prehensile ma-
nipulation [55, 104, 26, 101], such approaches fall short in
unstructured environments where objects are often ungraspable
due to their geometry and the surrounding scene. To overcome
this, robots must embrace non-prehensile manipulation, such
as pushing, toppling, and rolling [43, 51, 16].

Recently, reinforcement learning (RL)-based approaches
have achieved several successes in non-prehensile manipu-
lation [44, 118, 16, 106]. However, these works have been
limited to fixed objects in fixed scenes [44], general objects
on flat tabletops [118, 16], or minor variations in objects and
environments [106]. As such, no prior work addresses non-
prehensile manipulation for novel objects and environments
with arbitrary geometries as in Figure 1. Based on this
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Fig. 2: Tllustration of computational structure for biological
motor control (left) and our architecture (right). Each row
compares analogous components in (1) acquiring sensory
observations, (2) determining module activations, (3) modules
representing groups of co-activated neurons, and (4) compos-
ing the modules to construct specific behaviors. The bar graphs
denote the activation weight of each module.

observation, our objective is to extend RL to enable non-
prehensile manipulation in such diverse setups.

The key challenge here lies in training a policy that can
adapt to the constraints imposed by the given scene. For
instance, consider the scenarios in Figure 1: for each domain,
the robot is presented with a unique set of constraints, which
may also evolve during an episode (Figure le). This requires
the policy to not only model multiple distinct behaviors, but
also rapidly switch between behaviors in response to minor
changes in state. For example, in the scenario depicted in
Figure le, as soon as the toy crab is positioned above the
sink, the robot must quickly switch from a lifring skill to
a translation skill. However, standard networks struggle to
learn such high-frequency functions, a phenomenon known as
spectral bias [96, 4, 85].

Human brains, on the other hand, are extremely adaptive,
and their computational structure for actions differs signifi-
cantly from that of standard artificial neural networks. The
computation of our brain is organized modularly [17], where a
motor cortex orchestrates neural activities at the level of moror
modules, a group of co-activating motor neurons! [100, 69],
to produce an action based on the current task [70, 98, 42]. By
invoking different sets of modules in response to the current
context, the motor system produces disjoint behaviors such
as reaching or grasping without interference [24]. This is
illustrated in Figure 2, left.

Inspired by this, we propose a modular and hierarchical
policy architecture (Figure 2, right). In our architecture, the
modulation network assumes the role of the motor cortex
which determines the activations of modules, each representing
a group of co-activated network parameters. The weighted
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Fig. 3: Ilustration of how distinct scenes map to distinct
module activations that yield distinct behaviors, for a 5-layer
network with 4 modules. The top-right colormap shows the
activation of a particular module (column) for a particular layer
(row): e.g., column 2, row 1 shows the activation of module 2
for layer 1. Opacity indicates the strength of module activation.
The red object denotes the current object pose, and the blue
object indicates the goal object pose. Ceil and NoCeil indicate
the existence of a ceiling.
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Fig. 4: Success rates per architecture by parameter counts for
a monolithic architecture (MLP and transformer) (x-axis, top)
and number of modules for HAMNET (x-axis, bottom)

combinations of these modules are then used to define the
parameters of a base network, which has a fixed architecture
but the parameters are determined online by the modulation
network based on the current context, such as the environ-
mental constraints. Unlike standard neural networks, this com-
putational structure enables a single base network to model
multiple functions, allowing the policy to produce distinct
behaviors in response to even subtle changes in context.

We refer to our modular policy architecture as Hierarchical
and Modular Network (HAMNET). We discovered that, when
we train the policy with HAMNET, it autonomously discovers
modules and their activations that correspond to distinct ma-
nipulation strategies, such as reaching, lifting, or reorienting
objects (Figure 3). Furthermore, as shown in Figure 4, we



found that HAMNET scales much more gracefully with the
number of parameters compared to a standard neural network
in our simulated domains.

Another challenge in generalizing across diverse environ-
ments and objects is acquiring geometric representations from
high-dimensional point cloud observations. One option is
to use end-to-end training, yet jointly learning to encode
point clouds incurs significant memory footprint, limiting its
use with large-scale GPU-based simulators [56], which have
become an essential tool for training RL policies for robotics.
Pre-training representation models can mitigate this issue,
but their effectiveness depends on the pretext task capturing
features relevant to manipulation. Consequently, large off-the-
shelf models are often unsuitable, not only from their high
computational cost but also due to spurious geometric features
that are irrelevant for contact-rich manipulation [115, 16].

Instead, we build on CORN [16], which learns object repre-
sentations tailored for manipulation based on a pretext task that
predicts the presence and location of contact between a gripper
and object. The key insight is for contact-rich manipulation,
it is important to capture what forces and torques can be
applied to an object in the given state, which in turn depends
on the presence and location of the contact between the
object and the gripper. While CORN restricts itself to gripper-
object contacts, we also need object-environment contacts in
our problems as we generalize over environments. So, we
introduce Universal CORN (UNICORN) that generalizes to
contact affordances between two arbitrary geometries, based
on a Siamese pre-training pipeline where a single encoder
learns the representations for both an object and environment,
and a decoder predicts the contacts between each environment
point cloud patch and the object.

Our last contribution concerns domain design. To obtain a
policy that generalizes to diverse environments, training en-
vironments must encompass a range of geometric constraints,
while affording fast simulation for practical training. This is
a non-trivial problem: unlike objects, environment assets for
simulated RL training are not widely available, and manually
designing them is costly. Therefore, we propose a procedural
generation algorithm for constructing environments based on
cuboid primitives. Online rearrangement of cuboids at different
poses and dimensions yields wide coverage of geometric
features that exist in the real world, such as walls, ceilings,
slopes, and bumps. Further, the convex geometry of cuboids
affords efficient dynamics simulation. Figure 3 shows example
environments from our environment generation algorithm.

We show that by leveraging our framework, we can train a
non-prehensile manipulation policy that can operate in diverse
and novel environments and objects in a data- and time-
efficient manner. We train our policy entirely in simulation
and zero-shot transfer to unseen environments and objects
in the real world. Furthermore, we provide a simulation-
based benchmark comprising 9 digital twins of real-world
environments and 353 objects to serve as a benchmark for non-
prehensile manipulation for general environments and objects.

TABLE I: Comparison of generalization capabilities for non-
prehensile manipulation.

Object generalization  General action space  Environment generalization

HACMAN [118] 6] X X
CORN [16] o} o} X
Wu et al. [106] A A A
Ours [¢] [¢] [¢]

II. RELATED WORK
A. Nonprehensile Manipulation

1) Planning-based approaches: Prior works on planning-
based non-prehensile manipulation use gradient-based opti-
mization [64, 82, 65], graph-based search [54, 53, 63, 14, 47,
13], or a hybrid of both [9, 72]. To address the discontinuous
dynamics arising from contact mode transitions, optimization-
based works employ soft contact variables [64] or complemen-
tarity constraints [82, 65]. However, due to the imprecision
of smoothed contact and the difficulty of precise constraint
satisfaction, the resulting motions are difficult to realize in the
real world.

On the other hand, graph-based methods [13, 39] can handle
discrete dynamics transitions by representing the problem
with a graph, where nodes represent robot states and contact
modes, and edges encode the motion during the transition.
This enables these methods to output more physically realistic
motions for real-world deployment [14, 47]. However, to
make the search tractable, these works restrict the diversity
of motions, assuming quasi-static motions [13, 39] or prede-
fined primitives [120, 47], limiting them to tasks with simple
motions and sparse contact-mode transitions.

Other works combine optimization and sampling to acceler-
ate planning [9, 72], yet remain too slow for online use due to
the cost of searching large hybrid spaces with discontinuous
dynamics. Further, most planning methods require knowledge
of system parameters like mass and friction, which are difficult
to estimate in real-world scenarios with varying objects and
environments, harming practical real-world deployment.

2) Learning-based approaches: Recent works leverage re-
inforcement learning (RL) to bypass the limitations of tra-
ditional planners by learning a policy that maps actions
directly from sensory inputs [50, 113, 78, 114, 30, 117, 44,
118, 16, 106]. While this circumvents the computational cost
of planning or the requirement of full system parameters,
most of these works suffer from limited generalization across
object geometries, since the policy is only trained on a
single object [50, 113, 78, 114, 30, 117, 44]. Recent works
incorporate point-cloud inputs [118, 16] or employ contact re-
targeting [106] to facilitate generalization across diverse object
shapes, but none of these approaches adequately addresses the
problem of generalizing across diverse environments using the
full action space of the robot, as summarized in Table L.

To generalize across diverse objects, HACMan [118] pre-
dicts an object-centric affordance map on its point cloud.
While sample-efficient, this restricts robot motion to a hand-
designed poking primitive, limiting their applicability in di-
verse environments. CORN [16] learns a policy over the full
joint space of the robot, and generalizes over objects with a



contact-based object representation tailored for manipulation.
However, this work remains limited to a fixed tabletop due
to the lack of environment representation. Wu et al. [106]
retargets contacts from human demonstrations to determine
robot actions for novel scenes, but their approach is limited to
scenes similar to the original demonstration, as the actions are
restricted to predefined skill sequences based on a primitive
library. Like CORN, we train an RL policy over the full
robot joint space to manipulate objects of general geometry.
However, our approach generalizes across environments by
leveraging our extended contact-based representation, UNI-
CORN, and a modular network architecture, HAMNET.

B. Multi-task Neural Architectures

In multi-task learning, a single model learns to do a family
of related tasks by leveraging task synergies for improved
performance and training efficiency [8]. As a single model
must distinguish multiple tasks, it additionally takes context
variables (e.g., task IDs) as conditioning inputs. The simplest
approach for multi-task learning uses a monolithic architecture,
which incorporates context inputs simply by concatenating
them with network inputs. However, this design suffers from
interference among tasks, as the neurons must handle multiple
functions, leading to performance degradation [111, 41].

Recently, context-adaptive architectures have been pro-
posed, where a separate network g, determines the parameters
of base network fy from context inputs. See, for example,
Figure 5 (a) and (c) for a comparison of monolithic and
context-adaptive architectures. This separation allows the neu-
ral network to define a different function for each context,
which mitigates interference [41]. Our architecture, HAMNET,
also falls into this category.

Representative context-adaptive architectures include condi-
tional normalization [79, 77, 62, 6], hypernetworks [36, 41],
and modular architectures [33, 108, 94]. In conditional nor-
malization [79] (Figure 5b), g, takes the context variable z as
input and applies feature-wise scale and bias {~y, 8} = g4(%)
to the intermediate features of the base network as y = v ®
Jo(z)+ 3 where ® denotes element-wise multiplication. While
effective, the expressivity of these architectures is limited to
affine transforms, restricting its capacity [86]. In hypernet-
works [36] (Figure 5¢), g4 affords broader expressivity, as it
generates the entire set of base network parameters, § = g, (2),
but suffer from poor training stability due to its large decision
space over densely interacting parameters [68].

HAMNET is an instance of modular architectures (Fig-
ure 5d), where g, only predicts sparse activation weights w of
modules to determine #. Specifically, in modular architectures,
M denotes the number of modules, each of which is a
network parameter, and the parameters of the base network
are effectively formed as a weighted combination of these
modules, such as 8 = Zf\il w;0;.

However, prior works on modular architectures for control
assume that z is given by the user and is discrete, such as pre-
defined task IDs [81, 94, 108, 38]. In contrast, to generalize
to novel, real-world environments in our problem, we need to
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Fig. 5: Conceptual illustration of how different architectures
incorporate context inputs. € and (-) denote elementwise sum
and multiplication, and L denotes number of layers. The base
network that computes the output is indicated by fg, while g
is a separate network that determines # from the context. In
our work, we adopt a variant of the modular architecture (d).

infer z from sensory observations such as environment and
object point clouds. To overcome this, we design geometric
encoders that map high-dimensional sensory observations to
z.

Our architecture is most similar to Soft Modularization
(SM) [108], with three key differences. Unlike SM, which
predicts connectivities between all pairs of modules between
neighboring layers, we directly predict module activations,
which simplifies computation and reduces the output dimen-
sions from M? connections to M module activations. We ad-
ditionally improve the computational efficiency by predicting
all module activation weights in parallel, instead of predicting
in series while conditioning on the preceding layer’s module
activations. Lastly, we incorporate a gating mechanism [36] to
enhance expressivity and boost policy performance.

C. Representation learning on point clouds

To accelerate RL training with high-dimensional sensory
inputs, prior works use representational pre-training [110, 28]
to bootstrap RL agents. Different pretext tasks have been
proposed for this purpose, such as point completion [102],
orientation and category estimation [11, 40], or contrastive
learning [107]. Inspired by the advances in natural language
processing [21, 84] and image analysis [37], recent works
adopt self-supervised learning (SSL) on patch-based trans-
formers [112, 10, 73, 116, 1] for point cloud representation
learning. These works reconstruct unseen geometric patches
via either autoregressive prediction [10] or masking [112, 73,
116, 1] to learn rich geometric representations, achieving state-
of-the-art results in shape classification and segmentation [10].

Despite their success in general-purpose vision tasks, these
representations are unsuitable for robot manipulation for two
reasons. First, these models attempt to predict the missing
patches in a point cloud, which forces the encoder to focus
on encoding information about the object’s shape. However,
knowing the exact shape of the object is often sufficient but
unnecessary for manipulation. For example, manipulating a
toy crab in Figure le does not require knowledge of the



exact shape between its legs, as that area is tightly confined
and cannot be contacted by the robot or the environment.
Second, capturing such spurious details requires a large model,
which degrades training efficiency [27, 91] and policy perfor-
mance [115]. In contrast, we extend CORN [16] to pre-train a
representation to encode contact affordances among arbitrary
geometry pairs, shown to be effective for robot manipulation.

D. Modularity in biological networks

Modularity in biological neural networks is a key principle
underlying adaptation and learning [93]. In vertebrate motor
systems, muscle synergies [100, 19, 69, 58, 22] serve as mod-
ules of movement that abstract muscle control, representing
a coordinated contraction of a set of muscles to produce a
desired behavior, such as the synchronized activation of the
quadriceps and hamstrings for walking [22].

Modularizing motor control in this way provides several
benefits. When adapting to a particular context, the central
nervous system (CNS) can dictate behaviors using sparse, low-
dimensional signals that activate specific muscle groups [5].
Compared to controlling individual motor neurons, this affords
rapid switching between distinct motor skills like reaching
and grasping depending on the context [70, 98]. Further,
synergies can be reused across behaviors, producing diverse
movements such as pinch- or power-grasps from a limited set
of modules [83], which facilitates learning by recombining
and adapting existing modules [17, 24]. In our work, we
incorporate these principles to design our architecture.

E. Skill discovery in RL

In skill discovery, Unsupervised RL (URL) aims to find
reusable skills using task-agnostic objectives like state cover-
age [76, 49, 61, 80, 109, 7] or skill diversity [34, 25, 90, 46,
74]. However, without task-specific priors, such intrinsically
motivated methods often fail to make meaningful interactions
in high-dimensional domains without engineered bias [3, 99].
While METRA [75] was shown to scale to pixel-based tasks,
it remains prone to degenerate behaviors, such as lying still in
varied poses in humanoid control domains [99]. On the other
hand, our framework learns task-specific skills grounded in
the training domain, yielding interpretable skills that transfer
to real-world robot manipulation.

III. METHODOLOGY

We consider the non-prehensile manipulation problem,
where a robot arm with a fixed base moves an object to a
target pose in environments of general geometry, e.g., kitchen
sinks, cabinets, and drawers (Figure 1). We model this problem
as a Markov Decision Process (MDP), represented as a tuple
(S, A, P,r,v) denoting state space .S, action space A, state
transition model P(s;1]as, s:), reward model r(sg, az, S¢11),
and discount factor ~y. Our objective is to obtain policy 7 that
maximizes the return Ry = Eq,r()s) D0 ~vir(se, ag, 5101)]
via a sequence of non-prehensile actions.

Figure 6 presents an overview of our framework. We lever-
age deep RL in a parallel GPU-based simulation [56] to train
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Fig. 6: Overall method overview. Our framework consists
of four main components: a modular policy trained with
RL, contact-based representation pre-training, a procedural
domain generation scheme for environment geometries, and a
simulation-to-real transfer method for real-world deployment.
Dashed blocks indicate external inputs.

a modular policy (Section III-B) using the pre-trained point
cloud representation (Section III-C) on procedurally generated
domains (Section III-D). We distill the resulting policy for
real-world deployment via teacher-student distillation (Ap-
pendix C). All pre-training, policy training, and distillation
stages happen entirely in a simulation.

A. MDP Design

Our state space S consists of robot joint state x7, end-
effector pose z°F, object geometry G, environment geometry
G, and goal pose 7. In the simulation, the agent additionally
receives physics parameters v and object state z7. We repre-
sent all poses as 3D translation and 6D orientation to facilitate
learning [119], and the goal is given as a relative pose from
the current object pose. Object and scene geometries are given
as surface-sampled point clouds.

Our action space A consists of joint residuals Ag € R” and
controller gains, parameterized by proportional gains k, € R7
and the damping ratio p € R7 that maps to the damping
gain kq as p\/lf_ , following [57, 44]. The resulting torque
for each joint is computed as 7 = k,Aq — kqq. While
prior works adopt Cartesian-space actions [118, 16], we adopt
joint-space actions, which enables direct control of individual
robot links to avoid collisions against the environment during
manipulation.

The reward 7(s;, as, $¢11) in our domain is defined as a sum
of the task success reward r,, goal-reaching reward r,. and the
contact-inducing reward 7.: v = 5 + A7 + AeTe, Where A,
and A, are scaling coefficients for the respective rewards. Since
rs = Ly 18 sparsely given, we incorporate shaping rewards
r, and 7. as potential functions of the form v¢(s') —@(s) with
the discount factor v € [0, 1), which preserves policy optimal-
ity [66]. Specifically, we have ¢, (s) = —log (¢g - do g(s) + 1)
for r,, and ¢.(s) = —log(e, - dpo(s) +1) for ., where
cg,¢r & R are scaling coefficients for the distance-based
potential functions; d, 4(s) is the relative distance between the
current object and the goal pose, based on the bounding-box
distance [2]; dp, o(s) is the hand-object distance between the
object and the tip of the end-effector. Task success is achieved



Global scene cloud [EMB] token—_gy =]
Patch | [ 2§, | Cross Modulation Module-wise
Trans- At i ing| Module | activation factor
former Af‘tel\al:leltrm — w
I z?_! {Linear) l Islaﬂmax
‘conca
Feature-wise
TLocal Joud [z | Gain | activation factor
ocal scene clou Pateh | [ z; | Cross header —> g
Trans- Attention (tinear)
Current object point cloud former
- z |
Joint State .
o7 | 6 Modulation Network
Object State
e .
@-| Hand State [z ] a°
Patch || z%, | Cross |concat Actor  |——> Action
Sy Trans- Attention [P [: Pre-trained
9] @ Phys.Params former ; [ blocks (Frozen)
Vs [ ] Critic |——) Value
& [ZJ): Trained blocks
2 Geometry Encoder Base Network
Non-geometric state Inputs

Fig. 7: Overall architecture. Our model comprises three components — the geometry encoder (red), the modulation network
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sets of non-geometric state inputs fed into different network parts. The inputs to cross-attention layers are concatenated and

tokenized by a two-layer multi-layer perceptron (MLP).

when the object’s pose is within 0.1m and 0.1 radians of the
target pose. The episode terminates if (1) the object reaches
the goal, (2) the object is dropped from the workspace, or
(3) the episode reaches the timeout of 300 simulation steps.
Table VII summarizes our MDP design, and details on reward
coefficients are in Table VIIL

B. HAMNET-based architecture

Our architecture, shown in Figure 7, consists of three main
components: the geometry encoder (red), modulation network
(green), and base network (blue). Our proposed modular
architecture, HAMNET, consists of the modulation and base
networks. Since we use PPO, an actor-critic algorithm, our
base network outputs both value and action.

The geometry encoder processes three types of point cloud
inputs: the global scene cloud, capturing the overall geometry
of the scene; the local scene cloud, detailing the nearby
scene that surrounds the object; and the object point cloud,
representing its surface geometry. Each cloud is patchfied,
tokenized, and embedded by the pre-trained geometry encoder
(Section III-C), yielding latent geometric embeddings zﬁ),
sz\I), zig), for global, local, and object embeddings, respec-
tively. Details on point cloud acquisition are in Appendix E.

The role of the modulation network (Figure 7, green) is to
output the parameters of the base network, 6. It takes the ge-
ometry embeddings 213\3, z%Lj\),, ZSVO) and non-geometric states
(@ and @) as input. To extract scene geometry information
relevant to the policy’s current state, we apply cross-attention
on the scene geometry embeddings Zﬁ\? and z%Lj\),, using the
current robot and object states @ as queries. The resulting
vector is concatenated with object geometry embedding 2%
and full non-geometric state inputs @, and passed through
an MLP to predict z,, the modulation embedding. Finally,

the module activation and gain headers map z, to module

activation weights w and gating values g respectively, for the
L base network layers.

We then use w and g to build the base network parameters 6.
For each layer j € [1...L],w = {wiyj}le € REXM aetas M
module-wise weighting coefficients, passed through softmax
to ensure Zf\il w; ; = 1. The gating factor g = {g;}7, €
REXD; is a feature-wise multiplier for each layer, with D ; de-
noting the number of output dimensions of layer j. Together, §
is constructed as a weighted composition of modules followed
by gating, such that § = {(Zf\il w; ;0; ;) © gj}]Lzl.

The base network (Figure 7, blue) comprises actor and
critic networks, where each network is an MLP. To produce
the input for the base network, we first process the object
embedding Zéoj\; via cross-attention against input group @,
then concatenate the result with input group @ The actor
network outputs the action, and the critic network outputs the
state values, but instead of a single scalar value, it uses three
heads to predict the value for each reward component in our
domain: rg, 7, and 7.. Since summing the rewards conflates
the contributions from different reward terms, splitting the
critic into multiple headers helps decrease the difficulty of
value estimation [29, 52]. When training the actor network,
we sum the advantages across reward terms to compute the
policy gradients.

Note that since the base network has both the actor and
critic, we keep separate sets of modules for each of them,
denoted {053—)}%1, and {HEUJ)}ZJ\L for layer j. Our module
activation weights and gating factor also consist of weights for
a value and action, w = {w) w(®} and ¢ = {¢), ¢'®}.
To make a prediction, the base network gets instantiated twice
for actor and critic; in the former case, the network uses the
weight Hﬁ-a) -M wf? 0,50 gj(-a)}le, and in the latter, the
network uses 0]@) = Zf\il wfvj) 0;; © gﬁ-v)}le. These details
are omitted in the figure for brevity.
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C. Training UNICORN

We design our representation pre-training task on estimating
the presence and location of contact between two point clouds,
A and B.

1) Pre-training data generation : To acquire data for pre-
training, we generate a dataset containing pairs of objects
represented as point clouds, and contact labels indicating the
presence and location of contact. Using the objects from
DexGraspNet dataset [103], we generate the data by (1)
sampling near-contact object configurations, (2) creating the
point clouds by sampling points from the surface of each
object, and (3) labeling contact points based on whether they
fall within the other object. To account for possible scale
variations between geometries, we sample the point clouds
at varying densities and scales during this process. For details
on the data generation pipeline, see Appendix A.

2) Network Architecture : Figure 8§ shows our pretraining
network architecture, comprising the geometry encoder and
the contact decoder. The encoder takes the point clouds of
objects A and B, denoted x4,xp as inputs, mapping the
patch-wise tokens from x4 and xp and a learnable [EMB]
token to local patch embeddings zf‘:Nfl, zlff n_y and global
embeddings 24,25 . Afterward, the decoder takes (2}, zE)V |
and predicts the presence of contact at each of ¢-th local patch
of object A with object B. The overall network is trained
via binary cross-entropy against the patch-wise contact labels.
During training, we alternate the roles of A and B (i.e., A-B
and B-A) to ensure that we also use the global embedding of
A and predict the contact at a patch of B.

Figure 8 (bottom) shows the procedure to tokenize the
point clouds. In line with previous patch-based transformer
architectures for point clouds [73, 10, 16], we first patchify
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Fig. 9: Our pipeline for environment generation composes dif-
ferent environmental factors, such as walls, ceilings, and plates
at different elevations for each axis, to construct geometrically
diverse environments.

the point cloud by gathering neighboring points from repre-
sentative center points. These center points are selected via
farthest-point sampling (FPS), and the points comprising the
patches are determined as the k-nearest neighbors (KNN) of
the patch center. These patches are normalized by subtracting
their center coordinates, and a small MLP-based tokenizer [16]
embeds the shape of each patch. Afterward, we add sinusoidal
positional embeddings of the patch centers to the patch tokens
to restore the global position information of each patch.

D. Procedural domain and curriculum generation

To create diverse environments and support curriculum
learning for training our policy, we develop a procedural gen-
eration scheme for constructing environments as a composition
of cuboidal primitives. Since we construct environments by dy-
namically rearranging existing geometric entities, it integrates
well with most GPU-based simulators [56, 32] that prohibit
spawning new assets after initialization.

Our procedural pipeline, shown in Figure 9, comprises two
main components: domain interior and exterior generation.
The interior includes planar and interim plates arranged
laterally and longitudinally, where planar plates form ele-
vated surfaces and interim plates form sloped ramps. Their
dimensions, elevations, and angles are randomly sampled to
produce diverse topographies, yielding features like bumps,
valleys, and steps (Figure 3). The exterior consists of walls
and ceilings that impose accessibility constraints, where their
presence, height, and ceiling type (nominal or tight) are
randomly sampled. The proportion of ceiling types controls the
difficulty of workspace accessibility, since the nominal ceiling
is generated with sufficient clearance, whereas tight ceilings
leave a narrow margin relative to the object’s height. Details
on the procedural generation pipeline are in Appendix B.

As our procedural generation pipeline is fully parameter-
ized, the sampling distributions of environmental parameters
can be dynamically adjusted during training. This enables
curriculum learning, where task complexity is incrementally
increased throughout training. Specifically, we employ a cur-
riculum for robot initialization and ceiling types. 'To facilitate






















































