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Fig. 1: EgoPush: From only egocentric observations, a mobile robot builds goal object configurations in the real world (left)
and demonstrates structured behaviors in simulation (right), including obstacle avoidance, forming diverse target configurations
(e.g., cross/line), and handling objects with varied geometries (cube/prism/cylinder).

Abstract—Humans can rearrange objects in cluttered environ-
ments using egocentric perception, navigating occlusions without
global coordinates. Inspired by this capability, we study long-
horizon multi-object non-prehensile rearrangement for mobile
robots using a single egocentric camera. We introduce EgoPush,
a policy learning framework that enables egocentric, perception-
driven rearrangement without relying on explicit global state
estimation that often fails in dynamic scenes. EgoPush designs
an object-centric latent space to encode relative spatial relations
among objects, rather than absolute poses. This design enables
a privileged reinforcement-learning (RL) teacher to jointly learn
latent states and mobile actions from sparse keypoints, which is
then distilled into a purely visual student policy. To reduce the
supervision gap between the omniscient teacher and the partially
observed student, we restrict the teacher’s observations to visually
accessible cues. This induces active perception behaviors that
are recoverable from the student’s viewpoint. To address long-
horizon credit assignment, we decompose rearrangement into
stage-level subproblems using temporally decayed, stage-local
completion rewards. Extensive simulation experiments demon-
strate that EgoPush significantly outperforms end-to-end RL
baselines in success rate, with ablation studies validating each
design choice. We further demonstrate zero-shot sim-to-real
transfer on a mobile platform in the real world. Code and videos
can be found at https://aidce.github.io/EgoPush/,

I. INTRODUCTION

Humans routinely perform long-horizon rearrangement in
cluttered spaces without consulting precise global coordinates.
Instead, they maintain an egocentric sense of relative spatial
relations and continuously coordinate motion to keep task-
relevant cues in view under intermittent occlusions. For in-
stance, one can reposition several chairs into a symmetric
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arrangement around a table by repeatedly stepping around to
re-check alignment when chairs occlude one another.

Replicating this capability on robotic platforms is highly im-
pactful, yet far from trivial. We introduce a controlled testbed:
multi-object non-prehensile rearrangement from purely ego-
centric visual observations. The task challenges a mobile robot
to operate over long horizons: it must navigate and physically
nudge multiple robot-scale objects precisely into predefined
arrangements relative to an anchor object (e.g., cross-shaped
or linear patterns in Fig. [T). Our environment is intentionally
texture sparse, containing no external landmarks or visual
references beyond the objects themselves.

This setting poses several coupled challenges for egocentric
mobile rearrangement: texture-sparse observations provide no
reliable landmarks. During contact-rich interaction, objects are
continuously displaced and frequently occlude one another,
further challenging egocentric perception. Consequently, the
agent cannot assume reliable global localization or external
references, and must instead coordinate actions using only
perceived relative relations between the robot and objects.

Existing methodologies struggle in this setting, as most non-
prehensile manipulation frameworks rely on global state or
external tracking [2l 42} 26} |11} 23]]. Model-based approaches
are particularly brittle: texture-sparse scenes challenge SLAM
or visual odometry to maintain consistent localization dur-
ing object motion; and during contact-rich interactions, the
continual object motion violates the static-world assumptions
commonly used in geometric mapping. Without stable global
localization, planners lack a consistent reference frame and
can degrade substantially. In contrast, standard end-to-end
reinforcement learning (RL) directly [I15 32, 38 25] from
egocentric pixels avoids explicit mapping, but often suffers
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from poor sample efficiency and brittleness under partial
observability caused by occlusions. When key cues repeatedly
disappear from view, policies can fail to maintain coherent
strategies for egocentric mobile manipulation.

A natural direction to improve sample efficiency is cross-
modal distillation: training a privileged teacher with low-
dimensional environment states via online RL, then distilling
its behavior into an egocentric visual student [47} 43| [39] 24}
9, 11} 16l 40]]. However, in our setting, this direction faces two
core challenges: (1) the observability gap in distillation, and
(2) long-horizon credit assignment. First, conventional pipeline
typically optimizes an omniscient teacher under global ground-
truth observations [47, 143, [39] and uses its behavior as
supervision. In our setting, this can be counterproductive:
because perception and action are tightly coupled, an all-seeing
teacher may execute trajectories that are irrecoverable from the
student’s egocentric view— for example, moving backward
toward a target object behind the robot without turning to bring
the object into view, yielding action labels that are inexplicable
given the student’s limited field of view. The student then
receives inconsistent supervision, becomes brittle, and fails to
ground its policy in visually accessible evidence.

Beyond the observability gap, the long-horizon nature of
multi-object tasks presents another bottleneck: temporal credit
assignment. Without explicit temporal decomposition, a vanilla
RL formulation treats these tasks as monolithic sequences,
where sparse rewards fail to distinguish efficient maneuvers
from aimless exploration. As the episode unfolds, the learning
signal becomes increasingly delayed and attenuated, making it
difficult for the agent to acquire the precise, tightly coordinated
behaviors required for task completion. Consequently, with-
out an explicit mechanism to provide dense and comparable
progress signals throughout the entire sequence, optimization
can fail or converge to suboptimal strategies.

To address these challenges, we present EgoPush, a policy
learning framework for long-horizon multi-object rearrange-
ment from egocentric vision. It learns object-centric repre-
sentations that capture task-relevant relative spatial relations
among the objects, enabling rearrangement without explicit
global state estimation. To make teacher—student distillation
viable under partial observability, we introduce Constrained
Teacher RL, which limits the privileged teacher to egocentric,
visibility-limited observations so that its behavior remains
reproducible from the student’s viewpoint and induces learn-
able active perception. Finally, it improves temporal credit
assignment for long-horizon tasks via stage-wise training with
temporally decayed, stage-local completion rewards.

We evaluate EgoPush in extensive simulation benchmarks
and further demonstrate successful zero-shot sim-to-real trans-
fer on a Turtlebot mobile platform. Across baseline compar-
isons and ablation studies, EgoPush consistently improves both
success rate and sample efficiency over alternative designs. We
achieve robust transfer by explicitly modeling depth noise in
simulation and mitigating sensor noise on real hardware.

To summarize our contributions of EgoPush, a policy train-
ing framework using cross-modal teacher—student distillation:

« It enables multi-object rearrangement from purely ego-
centric vision without relying on explicit maps or global
positioning, by learning object-centric latent representa-
tions that encode relative spatial relations;

e It induces learnable active perception behaviors that
jointly handle mobility, perception, and object interac-
tion, by constraining the privileged teacher to egocentric,
visibility-limited observations;

o It facilitates long-horizon learning with improved tempo-
ral credit assignment through a stage-aligned reward that
decomposes complex tasks into manageable subproblems;

o Its key designs are validated through extensive baseline
comparisons and ablation studies, with successful zero-
shot sim-to-real transfers.

II. RELATED WORKS
A. Non-prehensile Mobile Manipulation

Non-prehensile manipulation is a practical cornerstone for
mobile robots in clutter, as it allows interaction with objects
that are infeasible to grasp due to size, weight, density,
or accessibility constraints. For example, it can facilitate
navigation by pushing aside movable obstacles to unlock a
traversable passage or reduce local congestion [45} 11, [12],
accomplish rearrangement by relocating objects to satisfy task
goals [2], and perform reconfiguration by driving an object
into a more favorable pose for subsequent operations (e.g.,
improving stability or exposing a useful face) [19, [24].

Classic solutions typically frame non-prehensile rearrange-
ment as planning/optimization under contact dynamics. Song
et al. [35] formulates planar sorting with Monte Carlo Tree
Search to reason over contact-induced transitions, while Ren
et al. [30] structures the problem from an object-centric
viewpoint to facilitate decision-making in cluttered scenes.
Hybrid pipelines further combine task-and-motion planning
with learned non-prehensile skills to handle complex inter-
action modes [20]; other works [18, 27] incorporates addi-
tional sensing modalities (e.g., force or tactile feedback) to
support pushing with a mobile base. Despite their strong
long-horizon performance, these systems commonly assume
access to accurate robot/object states or an explicit state
estimator—requirements that can be brittle or infeasible when
only egocentric sensing is available.

Vision-based learning improves generalization across object
properties [11L 5], yet many non-prehensile rearrangement
pipelines still rely on global state. Wu et al. [41] relies on
top-down reconstructions together with a known global map
to build spatial action representations. Multi-agent pushing is
likewise commonly studied under global-information assump-
tions to enable coordination [36} [37]. Other systems explicitly
introduce privileged viewpoints, such as aerial bird’s-eye-view
guidance for ground robots [21]. Even in purely “visual”
rearrangement, some setups effectively provide global cover-
age by keeping all objects within the camera frustum [16].
Consequently, a key open challenge remains: achieving long-
horizon non-prehensile rearrangement under genuinely partial



observability, where egocentric views are narrow, occlusions
are frequent, and global state is not accessible.

B. Visual Policy Learning of Mobile Robots

Learning robot control from visual observations is a long-
standing direction for reducing reliance on explicit state es-
timation. A straightforward paradigm is end-to-end RL [15}
32, 38, 25]], which maps high-dimensional images (often
fused with proprioception) directly to actions. Although RL
has made notable progress in state-based learning of mobile
robots [7, 18, 13, 144], pixel-based RL learning remains sample-
inefficient and sensitive to reward sparsity and partial ob-
servability, motivating a wide range of techniques to improve
stability and data efficiency (e.g., stronger visual encoders [46,
13} [10], asymmetric actor-critic [14], parallel differentiable
simulation [48]], using low-dimensional visual features [17],
etc.). However, contact-rich mobile manipulation introduces
a more severe form of partial observability. Visual signals
are inherently sparse during execution: pushing actions not
only result in frequent self-occlusions but also often displace
objects outside the camera frustum. This lack of persistent
visual grounding causes purely reactive pixel-based policies
to fail, as they overfit to transient cues and lack the robustness
to recover from prolonged periods of visual vacancy.

A complementary and often more data-efficient pipeline is
privileged RL teacher—visual student distillation [47) 43| 39|
24, 9| [1} 16, 40]. The common recipe is to train a teacher
policy with access to privileged signals available in simula-
tion— e.g., global ground-truth state [47, 43, 39], noiseless
geometry [24, 19, [1], or full-scene information unaffected
by occlusion [6, 40]— and then transfer its behavior to a
visual student via imitation learning (behavior cloning) or
interactive variants (DAgger [31]). This strategy has been
effective across various visuomotor control problems because
the teacher provides stable supervision that mitigates high-
variance credit assignment from raw images. Nevertheless,
such benefits typically rely on an implicit assumption: the
teacher’s demonstrations are recoverable from the student’s
observation stream. For egocentric mobile manipulation tasks
where perception and action are tightly coupled, an omniscient
teacher optimized in the full state space can exploit off-screen
or globally available information to execute trajectories that
provide little visual evidence for a camera-based student. As
a result, the student may face an ill-posed imitation problem,
where multiple teacher actions are consistent with the same
partial observation, leading to ambiguous supervision and
brittle downstream policies.

III. METHOD

In this section, we first introduce an object-centric la-
tent representation that abstracts the scene into task-relevant
roles (Sec. , serving as a shared interface for both
teacher and student policies. Then we introduce EgoPush,
a two-phase distillation framework for long-horizon, multi-
object non-prehensile rearrangement under egocentric obser-
vations. Phase 1 performs online reinforcement learning un-

der constrained privileged observations to train the teacher
(Sec. [III-B)). Phase 2 distills the teacher’s behavior and inter-
mediate representations into an egocentric visual student via

imitation learning (Sec. [[II-C)).

A. Object-Centric Latent Representation

For this rearrangement task, not all objects are equally
important for decision-making. Within a pushing episode, the
policy primarily needs to attend to the currently manipulated
object (active object) and the object that indicates the target
(anchor), while treating all remaining objects as obstacles
(obstacle). Therefore, we partition scene objects into three
semantic categories and encode them with a shared-weight
state estimator. This produces group-wise latent embeddings,
which we concatenate to form a object-centric latent rep-
resentation. Weight sharing aligns the geometric features of
different groups in a common embedding space, enabling the
policy to reason over relative spatial relations between group
latents rather than modeling each object in isolation.

B. Phase 1 (Teacher): Online Reinforcement Learning

Action Space. The robot is a differential-drive base, and the
policy outputs a 2D continuous action a; = [vg, wy]. vy is the
base linear velocity and w;y is the angular velocity, which are
then converted into left/right wheel velocities via differential-
drive kinematics and executed by PD controller.

Privileged Information: Sparse Keypoints. The teacher ob-
serves sparse keypoints [43| [39] for the active object, anchor,
and obstacles that capture object geometry and their relative
poses, which substantially reduces observation dimensionality
and improves sample efficiency, while remaining sufficient for
contact-rich pushing decisions. Since the objective is to push
the active object near the anchor and align its pose, we addi-
tionally provide a target reference keypoint set P sampled
from the keypoints of the predefined target configuration; for
each task category, the relative pose between the anchor and
the reference target is invariant across episodes, so P’ serves
as a consistent spatial guide for pose alignment.
Constrained Observations. To ensure the teacher trajectories
rely only on task-relevant information that is recoverable
from the egocentric viewpoint and thus reproducible by the
student, we impose two constraints. (1) Virtual egocentric
FOV masking: we define a robot-pose-based viewing frustum
and uniformly mask points outside the frustum or beyond a
maximum range. This approximates the camera-visible field of
view. (2) Center-gated visibility for Pf': P’ is visible only
when the anchor lies within the virtual FOV and lies inside
a central gated region in the view, i.e., its normalized image-
plane coordinates within (g, TVgate). Otherwise, Pret s
masked to prevent the policy from exploiting the reference
while ignoring the anchor. Under these constraints, the teacher
observes grouped sparse keypoints { P, P pevs  prefl and
the previous action a;_.

Rewards. Our rewards include: (1) Stage-aligned comple-
tion reward: In long-horizon sequential rearrangement, the
agent repeatedly solves similar subproblems (reach the active
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Fig. 2: EgoPush Overview. EgoPush is a two-phase learning framework for long-horizon, multi-object non-prehensile
rearrangement under egocentric observations: in Phase 1, a privileged teacher policy is trained from sparse keypoints while
enforcing egocentric, visibility-limited sensing so its behaviors remain visually recoverable; in Phase 2, an egocentric student
uses RGB only for instance grouping and receives group-wise depth inputs, and is distilled online from the teacher via latent
and action regression, enabling zero-shot sim-to-real deployment on a TurtleBot with a RealSense camera.

object— place it near anchor) under delayed and sparse
feedback. Consequently, a binary completion reward provides
limited guidance and tends to blur efficient and inefficient
solutions. We address this by (i) imposing a per-stage step
budget T, and (ii) weighting completion rewards by the frac-
tion of remaining budget, yielding stage-aligned supervision.
Concretely, the reach completion reward is

Treach,t = Tt H[”prbt,t - pacl,t||2 < 5rcach] , (D

where pp,; and pae,; denote the 2D positions of the robot
and the active object at time ¢, €e,ch 1S the reaching threshold,
and I[] is the indicator function that equals 1 if the condition
holds and 0 otherwise. We set

Ts — Tt

e 2
Mt T5+60’ ()

where 7; is the stage-local elapsed steps (reset at each stage
boundary), and €y is a small constant for numerical stabil-
ity. This time-weighted completion reward shortens effective
credit assignment within a stage and provides a consistent
incentive for timely completion, which empirically stabilizes
optimization and improves success in our long-horizon setting.
Similarly, the place completion reward is

and
and |, 3)

”pact,t - pref,t||2 < Ealign
|A”(pt| < Ep
||Vact,t||2 <&y

T'place,t = Tt I

where prr,; is the 2D reference target position (defined by
the virtual Ptref), Ealign 18 the position-alignment threshold,
Aty is the yaw error between the active object and its target
orientation, and v, ; denotes the planar velocity vector of the
active object. The thresholds (£¢,¢,) ensure that the reward

is only granted when the object is both precisely oriented and
physically stable at the target location. (2) Progress shaping
(Phase-Gated Distance Decrease):

Tdist,t = Wrbt (drbt,t—l - drbt,t) ]I[gt = 0]

“4)
+ Wref (dref,t—l - dref,t) ]I[gt = 1]7

where g; € {0,1} is a phase gate within each stage: ¢g:=0
denotes the reach phase and g;=1 denotes the place phase,
switching to 1 at the reach event. The distances are defined
as drbt,t = Hprbt,t - pact,t||2 and dref,t = ||pact,t - pref,t||2,
with weights (Wb, Wrer). (3) Smoothness: we penalize sudden
changes between consecutive actions to smooth the policy
output. (4) Slowdown Near Target: we encourage the object
to settle by rewarding low object speed when it is close to
the reference target. Full definitions and hyperparameters are
provided in the supplementary materials.

Termination. (1) Task success: The episode terminates upon
task success; We also apply early-termination conditions to
improve training stability and prune unproductive explorations:
(2) Outside: the robot moves outside a predefined world box;
(3) Collision: an obstacle is collided with by the robot or the
active box. We avoid a dense collision penalty to avoid reward
hacking and tedious weight tuning; early termination truncates
future returns and thus provides a strong negative signal; (4)
Time limit: 7 in Eq. 2] reaches its budget T%.
EgoPush-Teacher. We use a PointNet [28] as the teacher state
estimator. Due to occlusions and FOV cropping, the number of
visible points varies over time; PointNet handles variable-sized
point sets via a shared per-point MLP and symmetric pooling,
making it permutation-invariant. At time ¢, let P} denote the
visible point set of semantic group k € {act,anc, obs, ref}.



We encode each group into a group-wise latent ZF € R¢:

ZF = PointNeto(PF), k € {act, anc, obs, ref}.  (5)

We then pass them together with the previous action a;_; to
a MLP:

ar = MLP (a1, Z§*, Z3™, 2", Z;°") . (6)

We train the teacher policy using Proximal Policy Optimiza-
tion (PPO) [33] and apply domain randomization to key
physical parameters.

C. Phase 2 (Student): Supervised Learning

Observation. The student is equipped with an egocentric
RGB-D camera. RGB is used only to obtain instance masks
for semantic grouping while the policy network takes depth-
only inputs. Specifically, we run instance-level segmentation
Sinst(-) on the RGB image Itrgb € RHEXWX3 1o obtain a binary
mask Mt(l) for each visible object instance 7, and assign each
instance to a semantic group ZF, based on its task role (active
/ anchor / obstacle). We then apply these masks to the depth
map d; € RT*XWX1 and aggregate instances within each group
by pixel-wise summation, producing three fixed-dimensional
depth layers d¥, as shown in Fig.

(MY = S (1), )

ngi) _ Mt(i) ®d, € REXWx1, (8)

dF = Z Jgi), Vk € {act, anc, obs}, 9
i€ETF

where NV, is the number of visible instances at time ¢.

Since instance masks {Mt(l)} are spatially disjoint, the
summation in Eq. [0] aggregates all instances within the same
semantic category into a single depth layer cif without pixel-
wise interference, ensuring a constant input dimensionality for
the visual backbone. Recent progress in zero-shot segmen-
tation models [29, 34] suggests that obtaining such masks
from RGB can be reliable in real scenes; however, to focus
on the core problems, we use color-coded objects and HSV-
threshold segmentation in our experiments (see Appendix [D).
We further address the sim-to-real gap of depth by simulating
the noise pattern when training and applying the Navier-Stokes
inpainting algorithm [4} 49] to denoise in real world.
EgoPush-Student. For the student, we use a CNN as the state
estimator to encode the masked depth for each semantic group;
the rest of the network architecture is kept the same as the
teacher (i.e., the same MLP policy head):

ZF = CNN, (Jff) , k€ {act,anc, obs}, (10)

a; = MLP (aH, Zpet, Zane, Z;")S) . (11)

We avoid pure BC to minimize the mean squared error
(MSE) between student and teacher actions, because contact-
rich tasks such as pushing are extremely sensitive to closed-
loop errors: once the student exhibits a small deviation early
on, subsequent states quickly drift away from the teacher’s

demonstration distribution, making pure BC difficult to re-
cover; instead, we adopt an online DAgger-style distillation
procedure: in each iteration, we query the teacher online at the
currently visited states to produce action labels, and the student
immediately performs one supervised parameter update.

Beyond supervised action cloning, we introduce a relational
distillation loss to bridge the representation gap between
the privileged PointNet-based teacher and the vision-based
student. Given the teacher’s latent space contains a privileged
reference embedding Z™!, whereas the student must operate
solely on egocentric observations {Z2t, Z2 7%} without
explicit target indicators. Due to this dimensional and struc-
tural misalignment, a direct global MSE loss between the
teacher and student latent spaces is mathematically ill-defined.

To bridge this gap, we propose to align the invariant
relational structure between the common semantic entities.
Since the relative pose between the anchor and the reference
target is invariant across episodes of the same task category,
the student policy does not require an explicit goal observation.
We compute the pairwise cosine similarity matrix S for the
shared groups Kgnuea = {act, anc, obs}:

78,73
S‘ e %, b7 ] 6 IC ) ]2
i,j ||ZZ||2HZJ||2 2] shared (12)
By minimizing Ly = ||S© — S5||2,, we force the student

to mimic the teacher’s perception of relative spatial configura-
tions. Crucially, although the student lacks the explicit Zi', it
learns to satisfy the task objective by inheriting the teacher’s
refined understanding of the active-anchor-obstacle relation-
ship, which implicitly encodes the target-seeking behavior
demonstrated by the teacher. We warm-start the student by
initializing the MLP policy network with the teacher’s learned
weights, so the student trains from an informed prior rather
than from scratch, substantially accelerating convergence.

During distillation, beyond the physical-parameter random-
ization in Phase 1, we further apply domain randomization
to camera-pose-related observations to improve the student’s
robustness during real-world deployment.

IV. EXPERIMENTS

We evaluate EgoPush in both simulation and real-world and
demonstrate that: (1) Our method achieves precise multi-
object rearrangement for items with diverse geometries into
various target formations in both simulation and real world,
as shown in Fig. [T} (2) Restricting Observation Space for RL
Teacher ensures that the student receives a more accessible and
distillable supervision signal, leading to superior performance;
(3) Decomposing long-horizon tasks into sequential sub-tasks
and employing time-decayed task completion rewards at the
stage level significantly accelerates RL convergence; (4) Incor-
porating an auxiliary Relational Distillation loss enables the
student to effectively inherit the teacher’s spatial reasoning.

A. Experimental Setup

The RL policy is trained in NVIDIA Isaac Lab. We utilize
an AMD EPYC Turin 9355 CPU and an NVIDIA RTX A6000



TABLE I: Ablation Studies of RL teacher observations. SR denotes success rate, ExecTime denotes execution time per episode,
and TrajLen denotes trajectory length. The ExecTime and TrajLen are only computed for successful episodes.

Teacher Student
SR/ % t ExecTime | TrajLen | SR/ % 1 ExecTime | TrajLen |
Ours 99.31 395.59 12.11 70.70 460.60 12.60
w/o C-GV 98.34 394.39 12.01 21.09 453.33 9.85
w/o FOV (global) 99.22 373.20 11.06 0 - -

Ada GPU for both RL training and policy distillation. During
the RL phase, we deploy 8,192 parallel environments for
training, while the distillation phase employs 512 parallel
environments for online supervised learning. In simulation,
the manipulated objects consist of three primitive shapes: a
cube (15 x 15 x 15 cm), a cylinder (diameter 15 cm, height 15
cm), and a triangular prism (equilateral base with 15 cm side
length, height 15 cm). The robot’s collision body is modeled
as a 14 x 14 x 14.3 cm cube. To account for the minimum
depth sensing range of approximately 15 cm of the real-world
camera, we equipped the robot with a pusher of 7.5 cm length.
We utilize an RGB-D camera with a 69° horizontal Field of
View (FOV) and a resolution of 240 x 180 pixels.

From our designed tasks (Fig. [T), we initially utilize a rel-
atively straightforward cross-shaped formation task involving
cubes. The ablated components already exhibit a significant
performance gap compared to our full method. Consequently,
we adopt this task as the standard evaluation benchmark for the
first two distillation experiments. During testing, the teacher
model performs across 1,024 episodes, while the student
model is tested across 256 episodes. We further evaluate our
model on objects with different geometries in appendix [E-I}
However, for the Relational Distillation ablation, the ablated
version achieves performance comparable to our model on
the cross-shape task. To further differentiate their capabilities,
we introduce a more challenging line-shape formation task.
Finally, for baseline comparisons, we simplify the environment
to a two-object setup where the goal is to push one object
towards another. Even in this simplified scenario, the baselines
perform poorly, failing to yield satisfactory results.

B. Ablation Studies

Restricted Observations for RL Teacher. We constrain
the RL teacher’s observations to mitigate the observability
mismatch between the privileged teacher and the partially-
observed student. This approach incorporates two key designs:
virtual egocentric FOV masking and center-gated visibility
for privileged reference keypoints. To evaluate the efficacy of
these designs, we consider two relaxed teacher variants:
(i) w/o FOV Masking (global), which removes the virtual
egocentric FOV constraint and exposes global keypoints; and
(i) w/o Center-Gated Visibility (w/o C-GV), which retains
the FOV but removes the center-gated reference visibility.
All teacher variants are trained with the same reinforcement
learning algorithm, reward functions, and hyperparameters,
and are distilled into students with the same visual architec-
ture. Furthermore, all policies are trained for a sufficiently

extensive duration to ensure full convergence.

Table [I| reports teacher and student performance together
with metrics for the above variants. Analysis of the results in
the table reveals that the Teacher Success Rate (SR) remains
consistently high across all three settings (> 98%), validating
the soundness of our reinforcement learning framework. In
terms of execution time and trajectory length, the Global
setting significantly outperforms the other two, while the
w/o C-GV variant is slightly better than our policy. This
trend is expected: as the teacher’s observations become more
constrained, its performance degrades accordingly.

However, the student results tell a drastically different story.
The w/o C-GV variant attains only a 21% success rate,
whereas our student reaches 70%. Even though the Global
teacher is near-perfect, its student fails to achieve a single
successful episode. For execution time and trajectory length
(computed over successful episodes only), w/o C-GV appears
shorter than our student. This is mainly due to a success-
selection effect: w/o C-GV succeeds only on trivial instances
(e.g., the active object starts close to and already facing the
anchor), which naturally yield short trajectories. Our student
succeeds on harder instances that require longer navigation and
pushing, thereby increasing the mean ExecTime and trajectory
length among successful runs.

(a) ours

(b) wlo C-GV

(c) w/o FOV(global)

Fig. 3: Comparative analysis of teacher observation spaces.

To provide an intuitive explanation for the observed
teacher—student capability misalignment, Fig. [3] visualizes
the teacher behaviors under the three observation settings.
Under our setting, the teacher predominantly pushes while
facing the anchor to keep it within the gated FOV, thereby
maintaining visibility of the C-GV—constrained reference point
cloud (Fig. |3_—a[); In contrast, the w/o C-GV teacher often sees
only a partial set of the anchor keypoints and effectively
follows a ‘lazy’ strategy that tracks the reference point cloud
without explicitly controlling anchor visibility; consequently,
the student receives sparse actionable cues and fails to recover
the teacher’s performance (Fig. @); Under Global observation,
the teacher is unconstrained and frequently pushes while



TABLE II: Credit assignment ablation on Cross Rearrange-
ment Task.Starting from an episode-terminal reward baseline,
we progressively add stage-wise rewards(SWR), temporal
decay using a global episode timer (TD), and a stage timer
(ST) that resets the decay schedule at stage boundaries.

Method SR / %1 ExecTime] TrajLen]
Base 16.02 1076.42 13.78
SWR 87.50 505.13 14.24
SWR + TD 97.95 455.46 13.77
SWR + TD + ST (Ours)  98.63 443.26 12.83

facing away from the anchor, producing behaviors that are
fundamentally not learnable from the student’s egocentric
observations (Fig. [3c).

Credit Assignment Ablation. To validate the learning diffi-
culty of the long-horizon sequential rearrangement task and
to assess the effectiveness of our credit-assignment design,
we ablate the reward shaping components used for credit
assignment in a progressive manner. Starting from a sparse
baseline (Base) that provides only episode-terminal success
feedback, we introduce stage-wise rewards computed per stage
(SWR) to encourage sub-goal attainment, using the reaching
and placing terms in Eq. [I] and Eq. [3] without the temporal
decay factor in Eq. 2] We then add temporal decay based on
a global episode timer (SWR+TD) by applying Eq. [2| with
episode-level timing. Finally, Ours uses a stage timer that
resets the decay schedule at each stage boundary, so that each
stage receives comparable temporal pressure.

The training curves (Fig. ) show that Ours converges
faster and more stably, suggesting that stage-aligned temporal
shaping provides a more consistent learning signal across
sequential stages. This comparison uses an unmatched
training budget: Ours is trained only until it has largely
converged (about ~45k steps), whereas to better isolate the
effect of individual ablated components, we continue training
the other variants for an additional steps, resulting in a total
of ~90k steps. We report results using the best checkpoint
achieved by each variant under its respective training budget.

Quantitative results are reported in Table Base learns
unreliably in this long-horizon setting, indicating that sparse
terminal feedback is inadequate for temporal credit assign-
ment. Adding stage-wise rewards (SWR) substantially im-
proves learnability, highlighting the benefit of stage decom-
position. Introducing temporal decay with an episode-level
timer (SWR+TD) further boosts performance, especially suc-
cess rate, by encouraging earlier, decision-critical actions.
Finally, Ours reaches near-saturated performance by resetting
the decay schedule at each stage boundary with a stage
timer—despite using only half the training steps, under-
scoring its more effective long-horizon credit assignment.
Relational Distillation Ablation. To evaluate the effect of
relational supervision, we ablate the additional supervision
in Eq. [I2] and perform distillation with action loss only
(W/o Relational Distillation). In CROSS, the student remains
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Fig. 4: Training curves for the credit assignment ablations.
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Fig. 5: Distillation training curve for distillation ablation.

competitive with Ours, likely because the anchor is fixed and
the per-stage spatial relations are close to symmetric. However,
LINE-SHAPE is more sensitive: small errors compound over
the sequential execution, and the target configuration is not
symmetric. Under this setting, w/o Relational Distillation
yields a noticeably larger converged action loss and completely
fails in final performance (Fig. [3).

C. Baseline Comparisons

To demonstrate the difficulty of our task setting and the
effectiveness of EgoPush, we compare against both a classical
mapping-based baseline and a suite of end-to-end (E2E) deep
reinforcement learning baselines with different observation
modalities. Specifically, we include a traditional approach
based on spatial intention maps [42], as well as E2E visual
RL variants that use RGB, RGB-D, oracle semantic masks
(RGBD-Sem), and recurrent policies (RGBD-RNN).

We include Spatial Intention Maps (SIM) [42] as a represen-
tative classical mapping-and-planning baseline. To align with
our egocentric setup, we construct a 2D top-down semantic
map from egocentric ground truth (GT) RGB-D observations
with GT segmentation for semantics (to avoid confounding
SIM with perception errors). For fairness, we do not provide
robot ground-truth pose; instead, SIM uses an odometry-style
pose obtained by integrating the executed local velocities,
which may drift over long-horizon, contact-rich episodes and
degrade map consistency. SIM outputs a local spatial tar-
get (pixel/waypoint), which we convert to the same local
velocity action interface via a waypoint-tracking controller
with identical action bounds. For RGBD-Sem, we assume
perfect semantic segmentation and provide the ground-truth
mask together with depth as input. All learning-based methods



TABLE III: Baseline comparisons on a simplified task. We
report reached the active object rate (Reach), Success Rate
(SR; counted as place the active object near anchor), and
Trajectory Length (Traj) for successful episodes.

Method Input Reach / %1 SR/ %1 Trajl

Classical baseline

SIM [42] RGB-D + map + odom 30.94 19.26 9.65
End-to-End Visual RL Baselines

E2E-RGB (CNN) RGB 5.57 0.00 -
E2E-RGBD (CNN) RGB-D 6.54 0.29 1.30
RGBD-Sem RGB-D + GT Seg 39.12 0.10 3.26
E2E-Curriculum RGB-D 32.75 0.78 19.66
RGBD-RNN RGB-D 15.43 0.10 3.03
EgoPush (ours) RGB-D 100.00 100.00 4.66

are trained from scratch using the same reward definition,
termination conditions, and training budget.

Table summarizes the comparative results. Across all
E2E variants, learning from egocentric observations remains
brittle: although several baselines achieve non-trivial Reach,
their success rates remains below 1%, indicating a failure to
complete the long-horizon push-and-align objective. Notably,
even with GT semantic masks, RGBD-Sem still fails to solve
the task, suggesting that perfect object-level perception alone
does not resolve the underlying difficulty. These results point
to long-horizon geometric reasoning and maintaining spatial
consistency under partial observability as the dominant bottle-
necks, especially when contact-rich interactions perturb object
configurations and key objects may temporarily leave the FOV.
SIM also performs poorly: without GT pose, action-integrated
odometry drift accumulates over long horizons and undermines
mapping and planning consistency, leading to compounding
errors in dynamic, contact-rich scenes.

In contrast, EgoPush achieves a success rate of 100% with
100% reach rate, demonstrating robust long-horizon capability
under the same egocentric sensing constraints. These results
support our central claim that visually grounded distillation
and structured supervision are crucial for solving long-horizon,
contact-rich rearrangement from egocentric vision. We provide
qualitative analyses of representative success and failure cases
in the appendix [A]

D. Real World Experiments

Real world experiments are conducted in a 3m X 3m
arena(shown in the left of Fig. [I), containing a single mobile
robot (TurtleBot3 Burger) equipped with an Intel RealSense
D435i camera and multiple boxes of distinct colors. The arena
floor is gray and surrounded by foam walls of the same
color to facilitate segmentation of the boxes. The boxes are
15cm x 15cm x 15cm cubes covered with colored paper. At
the beginning of each trial, the robot and all boxes are placed
with random initial positions and orientations inside the arena.
Fig. [6] visualizes the experiment setup and robot configuration.
The onboard Jetson Nano transmits captured RGB-D frames
to a remote RTX 5080 server via WebSocket, which performs
real-time policy computation and returns control signals to the
robot’s low-level controller.

Intel RealSense D435i 1
[c@ ¢

—_— NVIDIA
Front Pusher <—|

Jetson Nano

-

__, TurtleBot3
Burger

5
Fig. 6: Real-world hardware setup.

We zero-shot deployed the best student policy into this real-
world setup and tested 10 episodes of the cross-shape task
with 5 boxes. The real robot was able to finish pushing all
four boxes to the anchor box within 2 minutes, achieving an
80 % success rate under a loose evaluation metric (allowing
for minor orientation and centering deviations). In general,
we observed that the policy behavior was qualitatively similar
to that in simulation. However, the policy’s action scale was
restricted to accommodate the servo torque limits of the real
robot, resulting in a slight degradation of task robustness and
efficiency in training in simulation.

V. DISCUSSIONS

In this work, we presented EgoPush, a framework that
enables mobile robots to solve long-horizon multi-object re-
arrangement tasks using solely egocentric vision. While our
constrained teacher and structured supervision substantially
improve distillability and robustness, several limitations re-
main and motivate future work. Our student is primarily
reactive: it conditions on the current egocentric observation
(group-wise depth) and a short action history, but does not
maintain an explicit belief over objects that are temporarily
unobserved. In scenes with consecutive obstacles, we observe
a characteristic dilemma: facing the goal (anchor/target cues)
can occlude the feasible corridor, while turning to inspect
a feasible corridor may lose goal cues altogether. Without
memory, the policy can enter an oscillatory or deadlock
mode—alternating between “goal-seeking” and “path-seeking”
views without committing to a globally consistent maneuver.
This failure mode is especially pronounced when the robot
must thread through narrow passages while continuously co-
ordinating contact with the active object.

Importantly, our object-centric latent interface suggests a
promising direction to mitigate this limitation: leveraging the
latent space as a compact spatial state and integrating it with
recurrent sequence models (e.g., GRU/LSTM) to learn spatial
memory. Since the latent features are structured around task
roles and encode relative relations rather than absolute poses,
they provide a natural substrate for temporal aggregation
across occlusions, enabling the agent to maintain a persistent
belief over traversable corridors and goal cues even when
either becomes temporarily out of view.
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A. QUALITATIVE ANALYSIS OF BASELINE POLICIES

This section documents qualitative failure modes observed
in our baseline comparisons. We first summarize the shared
training protocol and timing used for all baselines, and then
analyze representative failure cases.

A.1 Shared Training Protocol and Timing (Fairness)

All learning-based baselines reported in Section [IV-C|(Base-
line Comparisons), Table [[T] of the main manuscript are trained
from scratch under identical simulator timing, action bounds,
and interaction budget. Concretely, the physics time step is
fixed at 1/60s and actions are applied with a decimation of
6, so each policy step corresponds to 0.1s of simulated time
(10Hz control). Unless explicitly stated, we keep the same
termination conditions and total PPO training budget across
E2E variants; the primary differences are the observation
modality (RGB, RGB-D, or oracle semantics) and the policy
backbone (feed-forward or recurrent). For the SIM baseline,
we follow the original observation-space design [42], using a
map-based observation, a spatial waypoint action, and a SIM-
style reward composed of progress, success, and collision-
penalty terms. Table [[V] lists the full reproducibility settings.

A.2 End-to-End Visual RL Baselines

Before analyzing qualitative failure cases, we briefly sum-
marize the configuration differences among E2E baselines.
All E2E variants are visuomotor policies that take egocentric
observations and output diff-drive commands (v,w), without
teacher supervision or explicit mapping. Concretely, E2E-
RGB uses only ego RGB images; E2E-RGBD additionally
provides depth; RGBD-Sem augments RGB-D with oracle
semantic grouping via semantic patches and previous action
input, to test whether explicit semantic segmentation alone is
sufficient to solve the task; and RGBD-RNN adds a GRU
head to test whether short-term memory alleviates partial
observability. We further include an E2E-Curriculum variant
trained in two stages: the first stage uses only reaching-related
rewards (orientation, distance reduction, and touch), while
goal-completion and safety terms are disabled; the second
stage restores the full reward set for pushing and resumes from
the first-stage checkpoint. The two stages use equal training
budgets. We discuss the SIM map-based baseline separately
in Sec. Across E2E variants (RGB, RGB-D, RGBD-Sem,
and recurrent policies), the most salient limitation is short-
horizon reactivity under partial observability. Even when
the agent transiently achieves the Reach event (touching the
active box at least once), it often fails to maintain a stable

interaction long enough to reliably transport the active box
to the anchor region. We summarize several recurring failure
patterns below.

(A) Control collapse: spinning in place or freezing. The
most common degenerate outcome is that the robot either
spins in place for the majority of the episode or remains
nearly stationary after a brief initial motion. This behavior is
consistent with the difficulty of long-horizon credit assignment
from egocentric pixels: early in training, stochastic policies
can occasionally obtain partial rewards by chance (e.g., briefly
facing or touching the box), yet the resulting gradients may
drive the policy toward a locally stable but task-irrelevant
attractor.

(B) Early stopping before meaningful progress. We fre-
quently observe policies that stop prematurely, either before
making contact with the active box, or after pushing the box
partway toward the goal but before satisfying the success con-
dition. Qualitatively, this resembles learning a short-horizon
sub-skill (e.g., approach or initiate pushing) without learning
the full conditional logic required for completing the task
(e.g., verifying box-at-goal and continuing to correct residual
errors).

(C) Goal chasing without contact (‘pushing air”’). Another
common pattern is that the policy learns to orient toward the
goal region (or the anchor) but fails to maintain contact with
the active box. Once contact is lost, the robot continues to
drive toward the goal as if the box were attached, effectively
pushing empty space.

(D) Premature pushing without reaching. Finally, some
policies start executing push-like motions toward the goal
without first reaching the active box, indicating that the policy
has overfit to goal-directed cues while missing the prerequisite
contact dynamics.

Even with oracle semantic masks (RGBD-Sem), perfor-
mance remains poor. This indicates that recognizing objects
is not sufficient; what is missing is persistent spatial consis-
tency—the ability to remember where objects were, re-acquire
them after occlusion, and coordinate navigation and pushing
while the configuration changes. Representative E2E failure
cases are shown in Figure [/| (first three rows).

A.3 Spatial Intention Maps (SIM) Baseline

SIM represents a classical mapping-and-planning baseline
built around a map-centric state representation and an ex-
plicit spatial action (selecting a target location on a map),
rather than directly regressing low-level robot velocities from
pixels. To adapt SIM to our benchmark, we retain its core
ingredient—a robot-centric, heading-aligned spatial intention
map—as the policy input, and integrate it into our PPO
pipeline. Concretely, we construct a local semantic map from
oracle segmentation and let the policy output a waypoint
(z,y) in the local map frame; a geometric controller then
converts this waypoint into diff-drive commands (v, w) under
the same control rate and bounds as other baselines (Table|[IV]).
For training, we use a SIM-style reward consisting of a
progress term (delta distance decrease), a sparse one-shot



TABLE IV: Reproducibility details for baseline comparisons for Section (Baseline Comparisons), Table @ in the
main manuscript. All baselines share the same environment timing, action bounds, and PPO hyperparameters. E2E baselines
use the same reward set, with an optional two-stage curriculum schedule, while the SIM baseline uses a SIM-style reward and

waypoint macro-actions.

Category Setting Value Applies to Notes
Physics step dt =1/60s all . B L
Action decimation 6 (10 Hz) all Policy step = dt>x decimation
. Episode limit 100s (1000 policy steps) all finite-horizon
E
nv / timing Arena bound radius 1.5 m all for out-of-bounds checks

Parallel envs (train) 512

all baselines Isaac Lab vectorized envs

Ego camera FOV 70° x 60° (HxV)

all vision baselines .
Camera updates once per policy step

Sensors Ego camera rate 10Hz all vision baselines
Camera resolution 210 x 180 (raw), downsamplex 2 — all vision baselines
104 x 90
SIM map size 96 x 96 SIM baseline robot-centric local map
Action space ac[-1,1? all PPO Gaussian mean is tanh-squashed
. Low-level command (v, w) for diff-drive E2E baselines v = 0.4ag, w = 2.84a;
Actions . . . . . .
SIM macro-action waypoint (x,y) in robot-local map SIM baseline executed by geometric controller producing (v, w)
frame
Controller gains ky =1.0,ky, =2.0 SIM baseline yaw gating (20°) and goal tolerance (5cm)
Angle-to-box Same as Ours E2E baselines distance-gated (0.5 m)
Progress shaping Same as Ours E2E baselines phase-gated: reach phase (robot-to-box), place phase
(box-to-anchor)
Reach completion Same as Ours E2E baselines reach threshold 0.2 m; scaled by 7 (Eq.|Z|in the main
manuscript)
Box-at-Goal comple- Same as Ours E2E baselines Curriculum stage-1 sets to 0
Reward tion reward

Slowdown near target Same as Ours
Out-of-bounds penalty Same as Ours
Exploration bonus Same as Ours
Smoothness penalty Same as Ours

Progress reward 10.0 x Adistance (m)
Success reward +10.0 per success event
Out-of-bounds penalty —0.25 per OOB step

E2E baselines
E2E baselines
E2E baselines
E2E baselines
SIM baseline
SIM baseline
SIM baseline

Curriculum stage-1 sets to 0

Curriculum stage-1 sets to 0

Curriculum stage-1 sets to 0

Curriculum stage-1 sets to 0

dense progress term (robot to box / box to anchor)
one-shot box-at-goal event

OOB proxy term in collision model

Non-target —1.0 per disturbance SIM baseline rising-edge non-target box motion penalty
disturbance
Algorithm PPO (skr?) all base]fnes Same optimizer/budget across baselines
Total steps 150k policy steps all baselines
Rollout length 32 all baselines vectorized rollout horizon

PPO (train) Epochs / sbatches 8/ 32 all baselines PPO update schedule
Learning rate 2.5 x 1074 all baselines Adam

Episodes 1024 episodes
Eval Parallel envs 256
Metrics Reach (%), SR (%), TrajLen

all methods
all methods
all methods

vectorized play-eval

SR counts Box-at-Goal at least once

success term, and a lightweight collision penalty, matching
the reward structure used in the original SIM work.

The main failure mode we observe is state inconsistency
caused by accumulated odometry and contact errors over
time (the real robot’s odometry drift is considerably worse
than in simulation due to wheel slip, imperfect ground contact,
and etc.). Since we do not provide GT robot pose, SIM
updates its map using an odometry-style pose obtained by
integrating executed local velocities. Over long episodes, small
integration errors accumulate; under repeated contacts, the
discrepancy between assumed and true pose can grow large
enough that the semantic map becomes misaligned with reality.
This undermines both (i) local planning (targets chosen on a
distorted map) and (ii) the feedback loop between map updates

and action selection, yielding compounding errors.

In addition, the task requires tight coupling between per-
ception and interaction. Even with a reasonably consistent
map, pushing success depends on fine-grained alignment and
maintaining stable contact, which is difficult to achieve with
a purely map-based decision layer without structured, stage-
aware supervision. In the supplementary videos, this often
appears as repeated attempts to re-approach the active object
or to push from unfavorable angles, leading to wasted steps
and increased disturbances. Representative SIM failure cases
are shown in Figure [7] (SIM-Odom row) and Figure [8] where
GT-map mismatch increases from left to right.



TABLE V: Per-method obs and policy specification for Section (Baseline Comparisons), Table @] in the main
manuscript. All methods share the common protocol in Table Here we list the only method-specific differences: obs tensor
layout and policy backbone.

Method Input Policy obs (tensor) Backbone / head Action parameterization
SIM [42] RGB-D ego obs Robot-centric semantic map Conv(32, 5 X 5, s2) Policy outputs local waypoint (z, y)
local map shape: 4 x 96 x 96 Conv(64, 5 x 5, s2) Geometric controller tracks waypoint
odometry pose Conv(64, 3 x 3, sl) Simulator receives diff-drive (v, w)
MLP(256, 256)
Gaussian head
E2E-RGB RGB ego obs  Ego RGB tensor Conv(32, 5 x 5, s2) Policy directly predicts (v, w)
shape: 3 x 90 x 104 Conv(64, 5 x 5, s2) both channels normalized to [—1, 1]
flattened size: 28,080 Conv(64, 3 x 3, sl)
MLP(256, 256)
Gaussian head
E2E-RGBD  RGB-D ego obs Ego RGB-D tensor Conv(32, 5 X 5, s2) Policy directly predicts (v, w)

E2E-Curriculum shape: 4 x 90 x 104

flattened size: 37,440

Conv(64, 5 x 5, s2)
Conv(64, 3 x 3, sl)
MLP(256, 256)
Gaussian head

both channels normalized to [—1, 1]

RGBD-Sem

RGB-D ego obs
semantic group

3 sem RGB-D patches
each patch: 4 x 90 x 104
flattened size: 112,322

patch Conv(32, 5 x 5, s2)
patch Conv(64, 5 X 5, s2)
patch Conv(64, 3 x 3, sl)

Policy directly predicts (v, w)
both channels normalized to [—1,1]

MLP(256, 256)
Gaussian head

RGBD-RNN RGB-D ego obs Ego RGB-D tensor
shape: 4 x 90 x 104
flattened size: 37,440

Conv(32, 5 x 5, s2)
Conv(64, 5 x 5, s2)
Conv(64, 3 x 3, sl)

Policy directly predicts (v, w)
both channels normalized to [—1, 1]

MLP(256, 256)
GRU(256, seq 32)
Gaussian head

A.4 Qualitative Visualizations

To make the above failure modes concrete, we provide
filmstrip-style qualitative case studies over full episodes.
Figure [/| summarizes four representative baseline failure pat-
terns (three E2E rows and one SIM-Odom row), while Figure
shows a paired GT-vs-map sequence in which alignment
degrades over time.

B. TRAINING DETAILS

B.1 Reward Function Details

(3) Smoothness: To smooth the output of the neural network,
a penalty is implemented to discourage sudden changes by
comparing the current action to the previous action:

Tsmooth,t = (A'Ut)4 H[Avt > Esmomh}"‘(Awt)4 H[Awt > <€smooth] ,
(13)

where v; and w; are the linear and angular action components;

Avy = vy — v4—1 and Aw; = wy — w1 denote consecutive

action differences; €smootn 1S the (pre-scaling) threshold.

(4) Slowdown Near Target:

Tslow,t = gd(t) 9v (t)7 (14)

[Pact,t — Pret,¢|
ga(t) = (1 - e H[Hpact,t - Pref,t||2 < €d,m} )

€d,th
(15)

||Vact,t| 2) (16)
Ev,th

where €4, defines the near-target region (distance threshold),
€v,m 1S the speed threshold, and v, is the planar velocity
vector of the active object.

B.2 World Box

Under the batch rendering architecture of Isaac Lab, all
environments reside within a unified 3D spatial coordinate
system. This proximity often leads to visual interference, as
camera sensors may capture features from adjacent environ-
ments. To mitigate this visual crosstalk, we encapsulate each
environment within a gray cylindrical world box (Fig. [9) to
effectively isolate per-environment visual information.

gy(t) = max <—1, 1-—

B.3 FOV Design

We constrain the privileged teacher to use only information
recoverable from an egocentric camera by (i) a virtual frustum
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Fig. 7: Representative baseline failure filmstrips. From top to bottom: E2ZE-RGBD collapses to a near-single action mode,
E2E-RNN exhibits premature termination, E2E-Curriculum fails to maintain stable contact after initial approach, and SIM-
Odom shows incorrect interaction due to map/pose inconsistency.

Start g Pusmng | -

(a) Top view

GT Scene

GT-Map
Alignment

SIM Map

Fig. 8: GT scene vs SIM map misalignment over time.
Top row: ground-truth scene. Bottom row: corresponding SIM
local map used by the policy. From left to right, the estimated
map evolves from aligned to diverged, yielding increasingly
inconsistent interaction decisions under SIM-Odom.

mask applied to all 3D keypoints and (ii) a center-gated

visibility (C-GV) that controls access to the reference target
keypoints P/“’, as shown in Fig. (b) Ego-View

a) Coordinate conventions.: Let Tyy = [Ruy[tur] € Fig. 9: World Boxes for Parallel Training.
SE(3) denote the robot (camera) pose in the world, mapping
robot/camera-frame points to world: p,, = Ry pr + tor. We
use a camera-aligned robot frame where x points forward, y nates (u,v) € [—1,1]? are defined with u right-positive and v
points left, and z points up. Normalized image-plane coordi- down-positive.
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Fig. 10: Two Primary Mechanisms.

B.3.1 Virtual Egocentric FOV Masking: Given a world-
frame keypoint p,, € R3, its camera-frame coordinates are

x>0 and
. _ ly| < xtan(fp/2) and
vis(pr) =1 |z| < xtan(d,/2) and an

T e [dminvdmax]

We use a constant mask value € € R3 (e.g., € =
[~10,—10,—10] 7). The masked 3D observation of a keypoint

~ {p’r‘;
Pr =
€,

is
For C-GV we also compute normalized image-plane coordi-
nates (pinhole, using only FOV):

if vis(p,) =1 (18)
otherwise.

Y _ —z

B xtan(0,/2)’ - wtan(6,/2) 1

Note that (u,v) is only used for gating; the teacher policy
input uses the masked 3D keypoints in equation [T8]

a) Fixed-size grouping.: Each object provides K canon-
ical keypoints in its local frame; we transform them to
world and then apply equation [I7}-equation [I8] We keep a
fixed maximum number of obstacles N}3%, sort obstacles by
increasing distance to the robot (ties broken by object id), and
pad missing obstacles with €; extra obstacles are truncated.

B.3.2 Center-gated Visibility (C-GV) for PI': Pl is
a set of K reference keypoints attached to the target con-
figuration of the active object relative to the anchor. At
time ¢, we instantiate these reference keypoints in the world
by composing the anchor pose with the predefined relative
transform for the task category, and then convert them to the
camera frame and mask them using equation [T8]

To prevent exploiting Ptref while ignoring the anchor, we
reveal P/ only if the anchor lies (i) within the virtual FOV
and (ii) inside a central gate in the image plane. Let Cgpc 0 be
the anchor centroid in world (we use the object’s pose center;
if unavailable, the mean of its K keypoints). Compute Cgpe,,
and its (Ugne, Vanc) USINg equation Define

1]']I[|uanc| S ugate]‘I[[|Uanc| S 'Ugate]v
(20)

Hgate - H[Vis(canc,r) -

where (Ugate, Vgate) specifies the central gated region. Finally,
the teacher’s observable reference keypoints are

ﬁ,ref _ M3d(PtT6f)7
f =
{ehiis,

where M3,4(-) applies equation [I8]element-wise to the K ref-
erence keypoints. Under these constraints, the teacher observes
grouped masked keypoints {Pact, Panc, pobs Prefl and the
previous action a;—_1.

if Tygre = 1

21
otherwise, @D

B.4 Front Pusher on Robot

To address the sensing dead zone (approx. 15 cm) of the
depth camera, a pusher is integrated into the robot base
as shown in Fig. [TI} This end-effector features a 7.5 cm
protrusion and a 14 cm x 10 cm frontal profile. This design
ensures that objects remain within the reliable depth-sensing
manifold during interaction, while maintaining a form factor
consistent with the robot’s width.

Fig. 11: Robot with Pusher and its Collider.

While the 7.5 cm protrusion effectively mitigates the depth
camera’s sensing dead zone, it introduces a significant longi-
tudinal offset between the contact interface and the robot’s
Instantaneous Center of Rotation (ICR). This extension of
the moment arm (lever arm) dictates that any off-center
contact force results in a disproportionately large parasitic
yaw moment. Consequently, even minor misalignments in
the pushing vector are amplified into substantial rotational
disturbances, complicating the maintenance of a stable heading
during rectilinear manipulation.

Despite the inherent dynamical instabilities introduced by
the extended pusher, our learning-based agent demonstrates
remarkable performance and adaptability. This success under-
scores the robustness of the reinforcement learning framework
in internalizing and compensating for complex, non-linear
contact dynamics. The policy effectively learns to modulate
its control signals to suppress the parasitic yaw moments,
achieving precise manipulation even within a constrained
dynamical manifold.

Interestingly, an emergent behavior was observed during our
ablation study on Restricted Observations for the RL Teacher.
When the teacher is granted unconstrained global perception
(rendering the depth camera’s sensing dead zone irrelevant), it
consistently converges to an unconventional strategy: pushing



the object with the robot’s rear chassis—the side without the
pusher integrated.

Guided by temporally decayed completion rewards, the
global teacher prioritizes execution efficiency and stability.
By utilizing the rear side, the agent effectively minimizes
the moment arm between the contact point and the robot’s
center of rotation. This strategy reduces the sensitivity to
alignment errors and eliminates the aforementioned ’snaking’
effect, allowing for faster and more stable task completion.
This phenomenon further validates that the pusher serves as a
perceptual scaffold that, while essential for egocentric sensing,
imposes a dynamical penalty that the agent must learn to
navigate.

C. REAL WORLD ROBOT SYSTEM SETUP

We used a TurtleBot3 Burger as the mobile robot platform.
The robot uses two servo motors and one passive ball caster.
The two actuators provide a maximal translation velocity of
0.22 m/s and a maximal rotation velocity of 2.84 rad/s. A 3D-
printed pusher was mounted in front of the robot. The heading
of the robot is reconfigured to the opposite of the default
direction, such that the ball caster is in the front and the two
drive motors are in the rear, allowing a longer lever arm for
the actuator. Real-world pushers are equipped with bumper
strips on both sides, as shown in Fig. [I2] to ensure alignment
between the real-world pusher and the pusher’s collider box in
the simulation, avoid exploiting gaps along the pusher’s sides
to manipulate the boxes.

The robot is equipped with an NVIDIA Jetson Nano,
running Ubuntu 20.04 with ROS1 for camera and low-level
action control. An Intel RealSense D435i camera is connected
to Jetson, mounted on the top of the robot to provide RGB-D
egocentric view. The RGB sensor of the camera is set to 20cm
above and 5cm behind the ball caster, pitching down 11.5°
from the horizon.We used a python wrapper of librealsense?2 to
handle RealSense Camera utilities. The RGB image is captured
at a resolution of 320 x 240. The depth image is captured at
a resolution of 480 x 270, and aligned with the RGB image
before down-sampling together to a resolution of 240 x 180.
The camera initially operates at a base frequency of 30Hz, with
varying delays depending on the image processing method
employed.

o |

Fig. 12: Pusher of the real robot.

TABLE VI: HSV threshold ranges used for box segmentation
in real-world experiments with OpenCV convention. Here, hue
is represented on a circular scale with H € [0,179] (hence the
red mask wraps around the boundary and is implemented as
H € [179,179]U[0, 7]). Saturation and value use S € [0, 255]
and V € [0, 255].

Hue(H) Saturation(.S) Value(V')
Color Low High Low High Low High
Red 179 7 100 255 100 255
Green 65 85 50 255 55 190
Blue 97 110 80 255 80 255
Violet 150 180 55 155 45 220
Brown 11 22 85 237 65 220

A laptop equipped with an Intel Ultra 9 275HX CPU and
an NVIDIA RTX 5080 GPU runs Ubuntu 22.04 and serves
as the server for computation. The communication between
the robot and the server is established via WebSocket. Specif-
ically, the robot continuously streams the egocentric RGB-
D observations to the server over Wi-Fi. On the server side,
the received image are decoded and undergo post-processing
and segmentation. The resulting processed image patches are
used as inputs to the control policy. The policy then performs
real-time inference to generate velocity commands, which are
transmitted back to the robot at ~25Hz. The robot executes
the received velocity commands through its local ROS1 control
stack.

D. IMAGE PROCESSING
D.1 RGB Image

The experiments were conducted in a 3m X 3m gray arena
containing five boxes of distinct colors: red, green, blue,
violet, and brown. Upon receiving the egocentric RGB stream
from the robot, the server performs color-based segmentation
using HSV thresholding. This process isolates the boxes
from the gray background, generating binary masks that are
subsequently used to filter the depth images. The specific
HSV threshold ranges adopted for each color are detailed in
Table VI

D.2 Depth Image

To reduce background clutter and sensor noise irrelevant
to the target object, we apply the binary foreground masks
obtained from the RGB image to the depth images. In the
real-world experiments, the raw depth output from the Intel
RealSense D435i suffers from significant noise across the
sensing range, and depth measurements for the top surfaces of
the boxes are frequently subject to dropouts. To mitigate these
issues, we investigated four depth postprocessing strategies.
Comparison videos of the different depth processing methods
are available on our website: https://aidce.github.io/EgoPush/.
(A) Learning-based denoising. We evaluated the state-of-
the-art Camera Depth Model (CDM) for RealSense D435i
from [22]. This model fuses RGB and depth modalities to
guide depth denoising. While CDM yields fine-grained recon-
struction and effectively preserves top-surface details, it incurs


https://ai4ce.github.io/EgoPush/

a prohibitive inference latency (~50ms per frame) despite
server-side deployment, rendering it unsuitable for our real-
time control pipeline.

(B) Onboard postprocessing. We followed the depth filtering
stack in [S0], applying hole-filling, spatial, and temporal filters
sequentially to the depth image on Jetson Nano. However,
this approach yields suboptimal results that the top surfaces
exhibit strong temporal flickering at close range and often
disappear entirely at longer distances. Furthermore, the pro-
cessing latency on the robot’s onboard hardware is relatively
high (~15ms per frame).

(C) Median-depth filling(ours). As a baseline, we imple-
mented a constant-fill method that replaces all pixels within
the masked region with the median depth value. This approach
produces highly stable depth maps and facilitates sim-to-real
alignment, performing well in our setup with simple geometric
objects. The method is deployed on the server with negligi-
ble latency (~2ms per frame). However, because it discards
all intra-object geometric details, its ability to generalize to
objects with more complex geometric structures is inherently
limited.

(D) Navier-Stokes inpainting(ours). Our final implemented
solution employs Navier—Stokes inpainting [4] within the
masked region, and during simulation training we inject ran-
dom noise into the depth input to better approximate real-
world sensing conditions. Although it recovers less geomet-
ric detail than the learning-based CDM, it provides greater
stability compared to onboard postprocessing and improved
generalization relative to median-depth filling. Empirically,
this method achieves a task success rate comparable to the
median-filling baseline while retaining significantly more ge-
ometric information. It is deployed on the server side with a
computational cost similar to the median-fill method (~2ms
per frame).

E. ADDITIONAL EXPERIMENT RESULTS

E.1 Different Boxes shapes

We further evaluate the student policy on different kinds
of object geometries to probe its generalization beyond the
training cuboid. Specifically, we replace the active object with
a cylinder or a triangular prism, while keeping the sensing
setup, action bounds, termination conditions, and evaluation
protocol unchanged. As reported in Table the student
maintains a near-perfect ReachBox rate for both geometries,
indicating that the perception-and-approach sub-skill transfers
well across shapes. However, the overall SR drops to 67.48%
on the cylinder and 54.30% on the prism, with noticeably
longer ExecTime and TrajLen for the prism. The gap between
ReachBox and SR suggests that most failures occur in the
interaction phase to maintain stable contact and completing the
final alignment, where geometry-dependent contact dynamics
can amplify small control errors over long horizons. Figure[13]
provides representative qualitative rollouts for the two geome-
tries.

TABLE VII: Evaluation Results of the Student Model on
Different Object Geometries. SR denotes success rate, Reach
denotes reach-box rate, ExecTime denotes execution time per
episode, and TrajLen denotes trajectory length.

Metric Cylinder Prism
SR/ % T 67.48 54.30
Reach / % 1 99.41 100.00
TrajLen | 9.99 11.00
ExecTime | 381.41 545.55
X &
L
} ~
(a) Prism (b) Cylinder

Fig. 13: Qualitative results on different box geometries.

E.2 Ours accuracy

For the cuboid pushing task, the proposed student model
is evaluated using a nearest-distance—based accuracy metric.
Since the student policy does not have access to the target
tag during execution, performance is assessed by measuring
the Euclidean distance between the final box position and its
corresponding (invisible) target tag in the workspace.

To normalize the error magnitude, the distance is bounded
by the training-time distance threshold, which serves as the
maximum admissible error. The normalized error is computed
as the ratio between the nearest geometric distance and this
threshold. Under this evaluation protocol, the student model
achieves an average error rate of approximately 13.3% on the
cuboid pushing task.

Let ppox € R? denote the final planar position of the pushed
box, and pype € R? denote the position of the corresponding
target tag. The nearest-distance error is defined as

d= ||pbox - ptag||2 . (22)

Given the training-time distance threshold iy, the normal-
ized accuracy score is computed as

min(d, eqqin)

Acc=1—- ———. (23)
Etrain
Accordingly, the corresponding error rate is defined as
in(d, e
Error = min(d, Euin) Etmn). (24)

Etrain
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