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Abstract— For robots to operate autonomously in densely
cluttered environments, they must reason about and potentially
physically interact with obstacles to clear a path. Safely clearing
a path on challenging terrain, such as a cluttered staircase,
requires controlled interaction. For example, a quadrupedal
robot that pushes objects out of the way with one leg while
maintaining a stable stance with its three other legs. However,
tightly coupled physical actions, such as one-legged pushing,
create new constraints on the system that can be difficult to
predict at design time. In this work, we present a new method
that addresses one such constraint, wherein the object being
pushed by a quadrupedal robot with one of its legs becomes
occluded from the robot’s sensors during manipulation. To
address this challenge, we present a tightly coupled perception-
action framework that enables the robot to perceive clutter,
reason about feasible push paths, and execute the clearing
maneuver. Our core contribution is an interaction-aware state
estimation loop that uses proprioceptive feedback regarding foot
contact and leg position to predict an object’s displacement
during the occlusion. This prediction guides the perception
system to robustly re-detect the object after the interaction,
closing the loop between action and sensing to enable accurate
tracking even after partial pushes. Using this feedback allows
the robot to learn from physical outcomes, reclassifying an
object as immovable if a push fails due to it being too heavy.
We present results of implementing our approach on a Boston
Dynamics Spot robot that show our interaction-aware approach
achieves higher task success rates and tracking accuracy in
pushing objects on stairs compared to open-loop baselines.

Index Terms— Object Estimation and Tracking, Legged
Robots, Planning and Control

I. INTRODUCTION

Successful real-world deployment of quadrupedal robots
requires the ability to autonomously perceive, reason about,
and physically navigate unpredictable environments. This
requires them to go beyond simple avoidance and actively in-
teract with obstacles, such as pushing objects that block their
path. This capability becomes critical in complex terrains
like a narrow, cluttered staircase, where a robot can neither
treat items as static obstacles to be avoided nor step on
them without compromising safety. Instead, the robot must
reason about the clutter’s physical properties to determine
if a path can be safely cleared through interaction. For a
quadruped, this action can be achieved by balancing on three
legs while using the fourth to manipulate an object, an act
termed “pedipulation”. This demands a tight integration of
perception and action, as the robot must manage the physical
push while dealing with inevitable perceptual challenges like
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Fig. 1: A spot robot pushing clutter to clear a path (Top). Visual-
ization of our perceived world model: staircase shown with white
markers, initial location of clutter is shown using translucent green
marker, opaque green marker shows predicted location of object,
and red marker shows immovable object. The foot path taken to
push is shown in magenta (Bottom).

occlusion. In this paper, we present a complete perception-to-
action framework that addresses these challenges, enabling a
quadruped robot to safely perceive, reason about, and clear
movable clutter from a staircase.

Many robotic pushing methods operate by decoupling
perception from execution, an approach that is fundamen-
tally limited in real-world scenarios. For example, during a
push, the robot’s motion to maintain balance while pushing
causes the robot’s body to tilt, shifting the camera’s field-
of-view away from the object on the stair. Additionally, the
manipulating leg itself physically obstructs any remaining
line of sight. Given these geometric constraints, achieving
a consistently unobstructed view through additional sensors
is infeasible. This loss of exteroception is consequential
because push outcomes are not simple binary events. Factors
like noisy state estimation and complex object shapes make
partial pushes and foot slips common. Such unpredicted
displacements can cause standard visual trackers to fail,
leading the system to lose track of an object’s state entirely.

This failure to track presents a new challenge–reasoning
about the cause of a failed interaction. The robot must be
able to distinguish whether an attempt failed because the
foot missed the object or because it contacted an object too
heavy to move. A robust system must be able to resolve this
ambiguity in the failed push, and learn from it to intelligently
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update the robot’s world model allowing it to reclassify an
object as static or re-attempt the push.

To address these challenges, we introduce a perception
framework that robustly segments clutter on staircases and
maintains a low-dimensional world model of the environ-
ment. To overcome the challenge of visual occlusion within
this model, it employs an interaction-aware state estimation
loop. During a push, this loop uses proprioceptive feedback
to predict an object’s displacement, guiding the perception
system to re-detect the object and update its state. This
predict-correct cycle ensures robust tracking through com-
plex interactions and updates key object properties, such as
movability, within the world model. This state estimation
is integrated into a hierarchical task execution framework.
At the high level, a planner manages the robot’s behavior
by switching between navigation and pedipulation modes,
while using contact feedback to adapt to interactions by
reclassifying objects as static, or retrying pushes. It directs a
low-level planner to compute safe foot trajectories for object
pushing. Finally, a policy trained via reinforcement learning
executes these trajectories, generating stable joint commands
for the maneuver.

The main contributions of this work are:
• A 3D perception framework that robustly segments and

localizes clutter on staircases by leveraging geometric
priors of the environment.

• An interaction-aware state estimation pipeline that ro-
bustly tracks an object’s state through partial pushes and
updates its movability by fusing visual measurements
with proprioceptive contact feedback.

• A hierarchical planning and control architecture where
a planning pipeline computes collision-free foot trajec-
tories for pushing, and a learned pedipulation policy to
executes these trajectories.

We validate our framework on a Boston Dynamics Spot robot
across four cluttered staircases with objects of varying size,
mass, and shape. The results demonstrate that our interaction-
aware approach achieves higher tracking accuracy, which
in turn leads to significantly improved task success rates
compared to open-loop baselines.

II. RELATED WORK

Our work sits at the intersection of quadrupedal ma-
nipulation and interaction-aware perception. We build upon
research in both areas to create a complete system that can
reason about and physically alter its environment.

A. Manipulation with Legged Robots

Research in quadrupedal manipulation has explored sev-
eral directions. A common approach is to equip the robot
with a dedicated manipulator arm [1], [2], which offers
dexterity but often reduces the robot’s payload capacity and
introduces dynamic challenges to the locomotion controller.
Another approach involves using the whole body of the
robot to push large obstacles [3], [4]. While effective for
clearing paths, this method lacks the precision needed for
more controlled interactions.

Several recent works have explored “pedipulation” par-
ticularly for precise tasks like opening doors or pressing
buttons [5]–[8]. These methods primarily address the low-
level control challenge, employing techniques like reinforce-
ment learning (RL) to track end-effector target position in a
whole-body fashion. Recent advancements have integrated
local obstacle avoidance into a single policy [9] or used
hybrid RL and Model Predictive Control (MPC) for multi-
limb coordination [10]. While these policies demonstrate
impressive dynamic control, they typically assume that the
state of the target object is known and reliably tracked by an
upstream perception system. Consequently, the challenge of
closing the perception-action loop to verify task success or
handle unexpected outcomes is generally considered outside
the scope of these controllers.

The work most similar to ours in its aim to create an
integrated system is that of Lu et al. [11], which presents
a hexapod robot capable of perceiving and pushing objects.
However, their approach relies on the inherent static stability
of a hexapod, which allows for quasi-static manipulation
on flat ground. The authors note that the manipulating leg
occludes the camera’s view, requiring the push to be executed
open-loop using only proprioceptive feedback to follow a
predefined Bézier curve trajectory. While they include a
safety stop to prevent motor overloads during heavy object
pushing, the system lacks a mechanism to verify the outcome
of the push, track partial displacements, or update the object’s
state in a persistent world model. In contrast, our work must
address the dynamic stability challenges of a quadruped on a
staircase and introduces an interaction-aware perception loop
to explicitly handle the uncertainty of these interactions.

B. Perception for Dynamic Objects

A related line of research focuses on the perception and
tracking of dynamic objects. Many learning-based methods
are trained to segment and track specific object categories,
such as cars or pedestrians, and use filtering approaches to
track them [12], [13]. Another common technique is scene
flow estimation, which computes the velocity of 3D points in
the environment [14], [15]. More recently, Vision-Language
Models have also been explored for this task [16]. However,
these methods either have limited adaptability to unseen
data, require continuous visibility of the object, or are too
computationally intensive for real-time use on mobile robots.

A more general approach involves using a map of the
static world to detect dynamic changes [17]. Dynablox [18]
proposed a method to segment dynamic objects by estimating
high-confidence free space areas in the map. However, this
requires careful modeling of the localization and mapping
drift and does not perform temporal tracking of the object.
Furthermore, these methods are not designed for scenarios
where the robot itself is the cause of the object’s motion. Our
work is fundamentally concerned with this setting, where
the system must predict the physical consequences of its
own actions and use that prediction to track an object under
occlusion. This requires a tight feedback loop between the
perception, planning and control layers.
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Fig. 2: Overview of our proposed framework for perceiving, tracking and pushing objects on cluttered staircases

III. CLUTTER MOVABILITY ESTIMATION

To enable interaction, the robot must first build a persistent
and accurate model of its environment from raw sensor
data. Our perception pipeline, illustrated in the left column
of Fig. 2, is designed to process incoming point clouds
to detect staircases, segment potential clutter, and maintain
a consistent track of each object’s state through physical
interaction. This process begins with detecting and modeling
the static environment, which then allows us to isolate and
reason about the dynamic objects within it.

A. World Modeling and Clutter Initialization

The perception pipeline populates and maintains a low-
dimensional world model, W , which serves as the central
state representation for the planning framework. This model
consists of three primary elements: a set of staircases {Si},
a set of objects {Oi}, the ground plane G. Each staircase Si

is represented by its geometric properties.
The representation for each object Oi is central to our

contribution. Each object is assigned a unique ID for tracking
and stores its associated point cloud cluster, Pi. Its physical
state is modeled as an 3D oriented bounding box (OBB),
defined by its center position and dimensions. We employ
a task-relevant state abstraction tailored to the clearing task
over precise manipulation. Critically, we constrain the orien-
tation of the bounding box to be aligned with the principal
direction of the stair step on which it rests. The object’s
movability state is discrete: it is either classified as static or
is associated with a set of movable motion primitives {mk}.
These primitives, described in Sec. III-B, define stable paths
along which the object can be pushed.

The process of building this model begins with a reg-
istered point cloud from the robot’s depth camera. First,
we identify the traversable ground surfaces by leveraging a

robust method for staircase estimation and ground segmenta-
tion [19][20]. This provides us with a segmented point cloud
of all clutter-free surfaces, including the stair treads, stair
risers and the initial ground plane. To isolate the clutter, we
perform a subtraction: all points identified as ground, stair
surfaces and the robot’s own links are removed from the
initial point cloud. The remaining points are assumed to be
objects. We then apply the DBSCAN clustering algorithm
[21] to these object points. For each resulting cluster, Ci,
an initial OBB is fit, with its orientation constrained by the
underlying stair geometry. Clusters larger than a predefined
threshold are heuristically classified as static to ensure safety
even though this may conservatively label large, lightweight
objects (e.g., empty cardboard boxes) as immovable. If ob-
jects already exist in the current world model instance, these
new clusters are passed to our tracking pipeline (Sec. III-C)
for data association and state updates. Clusters that do not
match an existing object are used to initialize a new instance
Oi in the world model. These new objects are assigned a
‘potentially movable’ status. Fig. 3b showcases the computed
stair-aligned OBB for a simple cluttered staircase scenario.

B. Movable Primitive Generation

For each object classified as potentially movable, we
generate a set of valid motion primitives, {mk}. These
‘movable primitives’ represent kinematically feasible paths
to push an object from its current location to the edge of
the staircase, thereby clearing a path for the robot. For the
structured case of a staircase, we generate primitives in the
two directions perpendicular to the main axis of the stair step
(i.e., push left and push right).

A primitive path is generated by simulating a sequence
of small, incremental translations of the object’s OBB. The
simulation effectively traces the object’s trajectory under a
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push action originating at the current object’s position. The
path begins at the center of the face of the object’s OBB
that’s farthest from the direction of its intended motion (e.g.,
left-most face for pushing right). The path terminates when
the object reaches the boundary of the traversable area. This
boundary is defined as the first point where one of two
conditions is met:

1) Collision-freedom: The OBB, at each translated pose,
must not intersect with any static elements of the
world model, such as the staircase structure or any
other objects in the scene. A collision terminates the
primitive path.

2) Support Stability: The object must remain stably
supported. The primitive is terminated if any of the
four vertices of the OBB’s bottom face lose contact
with a known navigable surface (i.e., stair treads or
the ground plane). This correctly identifies the edge of
an open-sided step.

The resulting set of collision-free and stable primitives is
stored with the object Oi in the world model, providing the
planner with a set of guaranteed-safe manipulation actions
to clear a path. Fig. 3c showcases the computed movable
primitives for a simple cluttered staircase scenario.

C. Interaction-Aware Clutter Tracking

A core challenge in interaction-aware perception is main-
taining a consistent world model, especially after an object’s
state is changed by the robot’s own actions. Our framework
employs a tracking approach that combines standard visual
data association with a novel proprioceptive tracking method
to handle periods of visual occlusion during a push.

Visual Data Association: In each perception cycle, new
object clusters {Cj} are matched to existing objects {Oi}
in the world model. The target for this matching depends
on whether an interaction has just occurred. In the absence
of interaction, the target is the object’s last known OBB.
However, after a push, the target is the predicted OBB gen-
erated via proprioceptive feedback. This prediction accounts
for significant displacements that would otherwise exceed
visual tracking thresholds. A match is found by computing
the Intersection over Union (IoU) between the new cluster’s
OBB and the target OBB. If successful, the new point cloud

(a) (b) (c)

Fig. 3: Example of object detection and movable primitive gener-
ation. (a) Robot near a cluttered staircase (b) Estimated staircase
highlighted by white marker, translucent blue marker denotes the
stair-aligned oriented bounding box, and blue points represent the
object point cloud (c) ‘Movable primitives’ generated for each
object for two directions shown with cyan and magenta paths

Pj is merged with the existing object’s cloud Pi using the
Iterative Closest Point (ICP) algorithm to refine the object’s
geometry and compute the new OBB.

Proprioceptive State Prediction: During a push, the
robot’s camera loses sight of the object, making visual track-
ing impossible. A purely open-loop prediction, assuming the
object moves to the end of its motion primitive, would fail
to account for partial pushes. To overcome this, we use
proprioceptive feedback to generate a more accurate predic-
tion. When the executor signals contact, the system assumes
the object’s OBB moves rigidly with the foot’s end-effector.
To prevent prediction drift from foot slippage, the system
continuously finds the closest point on the commanded
motion primitive to the foot’s current position. The object’s
predicted OBB is then updated based on the corresponding
translation along this primitive, not the raw foot motion. We
restrict this update to the OBB’s 3D position, observing that
centroid tracking is sufficient for the clearing task despite
potential unmodeled rotations.

This contact-aware prediction is the key to tracking
through interaction. When the push is complete and vision
is restored, the new visual cluster appears at the object’s
true, potentially partially pushed location. The visual data
association then compares this new cluster not with the
object’s original OBB, but with the much more accurate
proprioceptively-predicted OBB. Because this prediction cor-
rectly accounts for partial pushes, the IoU is high, leading
to a successful match and a consistent state update. This
predict-correct cycle allows the system to robustly track an
object’s state even after unpredictable interactions that would
cause vision-only trackers to fail.

IV. HIERARCHICAL PLANNING AND EXECUTION

To clear clutter from a staircase, the robot must exe-
cute a sequence of complex behaviors that tightly couple
navigation, manipulation, and perception. We propose a
hierarchical framework (Fig. 2) that decomposes this task
into three manageable layers: a high-level task executor that
orchestrates the overall mission, a low-level path planner
that computes collision-free trajectories for the foot, and a
learned pedipulation policy that translates these trajectories
into dynamic, stable motor commands. This architecture
allows the system to reason about high-level goals while
reacting to low-level physical feedback.

A. Task Plan Executor with Perception Coupling
The core of our planning framework is the Task Plan

Executor, which receives a high-level task plan and or-
chestrates the low-level actions required to complete it. A
task plan is defined as a sequence of manipulation primi-
tives {(O1,m1), (O2,m2), . . . , (ON ,mN )}, where each pair
specifies a target object Oi and a desired motion prim-
itive mj . While this plan can be generated by various
methods, such as a navigation among movable obstacles
(NAMO) planner [22] [23] or even vision-language models
(VLMs) [24], the specifics of the high-level planner are
outside the scope of this work. Our focus is on the robust
execution of a given plan.
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The executor processes one manipulation task at a time,
as detailed in Algorithm 1. For each task, it first invokes
a navigation planner to align the robot’s body with the
target object, creating a suitable workspace for manipulation
(Line 1). This planner commands velocity commands to the
robot’s walking controller to reach the target pose. Once
aligned, the executor calls the low-level foot path planner
to generate a collision-free trajectory, Tfoot, for the selected
leg (Line 3). If a valid path is found, the executor passes each
waypoint sequentially to the pedipulation policy (Line 4).

The executor’s tight coupling with the perception system is
critical during physical interaction. While the policy tracks
the foot trajectory, the executor continuously monitors the
leg’s contact state (Line 6). Upon making contact, it signals
the world model to begin its proprioceptive state tracking
(Line 8). Concurrently, it monitors for interaction failures.
If the foot is in contact but its position remains unchanged
for a 5-second window, the system infers that the object
is immovable (Line 10). This triggers an update to the
world model, reclassifying the object’s movability property
to static, and the current push is aborted (Lines 11-13). After
the entire push attempt is complete and the foot has returned
to a safe resting pose (Lines 17-20), the executor evaluates
the outcome. It compares the object’s new state (which has
been updated by a new visual measurement, using the initial
proprioceptive prediction), with the expected end state from
the motion primitive. If a significant discrepancy exists (i.e., a
partial push), the executor retries the entire manipulation task
for that object from the beginning (Lines 21-24). Upon suc-
cessfully completing the sequence of manipulation tasks, the
executor transitions back to a navigation mode, commanding
the robot to ascend the now-cleared staircase.

B. Low-Level Foot Path Planning
The low-level planner is responsible for generating

collision-free 3D paths for the manipulating leg’s end-
effector. It uses a standard A* search algorithm operating on
a 3D voxel grid representation of the world, which includes
both the staircase geometry and all perceived objects. Given
a target motion primitive from the executor, the planner first
computes an approach path from the foot’s current resting
position to the primitive’s starting pose. It then concatenates
this approach path with the push path defined by the motion
primitive to form the complete manipulation trajectory, Tfoot.
After the push is complete, it similarly computes a return
path to guide the foot back to a safe resting stance.

C. Contact State Estimation
To enable the executor’s interaction-aware logic, the sys-

tem must reliably detect when the manipulating leg makes
contact with an object. We achieve this by monitoring motor
torques for unexpected efforts. We compute a residual torque,
τresidual, by taking the difference between the measured actu-
ator torques, τmeasured, and the torques predicted by the full
rigid-body dynamics of the robot, τmodel, as:

τresidual = τmeasured − τmodel

τresidual = τmeasured − (M(q)q̈ + C(q, q̇)q̇ +G(q)) (1)

Algorithm 1 Task Plan Executor Logic for a Single Push

Require: Manipulation Task (Oi,mj)
Require: World Model W
Ensure: Updated World Model W ′

1: AlignRobotToObject(Oi)
2: legid ← SelectManipulationLeg(Oi,mj)
3: Tfoot ← PlanFootTrajectory(Oi,mj ,W)
4: for each foot waypoint pgoal in Tfoot do
5: ExecuteWaypoint(pgoal, legid)
6: C ← GetContactState(legid)
7: if C is IN CONTACT then
8: UpdateWorldModelContact(W, Oi,True)
9: pfoot ← GetFootPosition(legid)

10: if IsPositionStalled(pfoot, 5 sec) then
11: SetObjectMovability(Oi,STATIC)
12: AbortPush()
13: return W
14: end if
15: end if
16: end for
17: Treturn ← PlanReturnTrajectory(W)
18: for each foot waypoint preturn in Treturn do
19: ExecuteWaypoint(preturn, legid)
20: end for
21: pobj actual ←W.GetObjectPosition(Oi)
22: pobj expected ← mj.GetExpectedEndPosition()
23: if distance(pobj actual, pobj expected) > THRESH then
24: goto 1 ▷ Partial push detected, retry
25: end if
26: return W

where q, q̇, and q̈ are the joint positions, velocities, and
accelerations, M(q) is the mass matrix, C(q, q̇) accounts
for Coriolis and centrifugal forces, and G(q) is the gravity
vector. During a push maneuver, the robot’s supporting legs
remain stationary and its body motion is quasi-static. While
the dynamics model computes expected torques for the entire
robot, these assumptions allow us to reliably isolate the
source of any external force to the manipulating leg. To
detect contact, we therefore compute the L2 norm of the
τresidual vector for only the pedipulating leg’s joints. If this
magnitude exceeds a threshold for a sustained period, we
confirm that contact has been made.

D. Learned Pedipulation Policy

The execution of the foot trajectories is managed by a
learned reinforcement learning (RL) policy. Our policy builds
upon the framework presented in [9], which generates low-
level joint commands to maintain stability while tracking
end-effector targets. We adopt the base proprioceptive ob-
servations from this work and augment them with our leg
selection flags, as detailed in Table I. We make three key
modifications to the policy architecture from [9].

First, to allow the Task Plan Executor to seamlessly switch
between modes, we augment the policy’s command input
with binary flags, [aL, aR], to specify the manipulating leg
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(front-left or front-right). This is coupled with a modified
reward structure: the primary task reward encourages the
active leg to track its target foot position, while an additional
reward for stable standing is used when no manipulation
is commanded (aL = aR = 0). This standing reward
encourages the policy to keep all four feet in contact with
the ground with minimal body motion. Normalization re-
wards penalizing high joint torques and velocities follow the
structure in [9] to ensure safe execution.

Second, to improve training efficiency, we adopt the
disturbance-based training formulation proposed in [5]. Dur-
ing training, we treat object interaction as an external force
applied to the manipulating foot. This encourages the policy
to learn a robust response without simulating expensive
rigid-body contacts. Finally, we also include staircases in
the training environments to ensure the policy is adept at
handling the specific terrain of our target application. We
refer the reader to [9] for complete details on the training
curriculum and reward terms.

Observation Symbol

Base Linear and Angular Velocity BvB
BωB

Projected Gravity Vector Bg
Joint Positions and Joint Velocity qj , q̇j
Foot Position Command Bpf
Manipulation Leg Flags [aL, aR]
Last Actions at−1

Height Scan [h1,1, h1,2, . . . hl,k]

TABLE I: Policy observations. The superscript B denotes that
vectors are expressed in the robot’s body frame. Terms in bold
indicate our additions to [9]

V. EXPERIMENTS AND RESULTS

A. Experiments

System Implementation: Our framework was deployed
on a Boston Dynamics Spot robot equipped with an NVIDIA
Jetson AGX Orin for onboard computation. Perception was
performed using a front-mounted ZED 2i Stereo Camera to
generate point clouds. The robot’s state estimation for local-
ization was provided by the proprietary onboard odometry
system. For the low-level controllers, the pedipulation policy
was trained using Proximal Policy Optimization (PPO) in
Isaac Lab [25] over three days on a single NVIDIA RTX
4080 Super GPU. The navigation tasks, such as aligning
the robot with an object, were handled by the local planner
provided with the Spot SDK. The control policy and contact
estimation loop run at 50 Hz, while the heavier staircase
perception and planning stack operate at 5 Hz.

Experimental Validation: We evaluated our system
across 4 different real-world staircases using 4 distinct ob-
jects of varying size, shape, and mass. Some of these objects’
mass was increased to test the movability update scenarios.
To assess overall performance, we measured the task success
rate over 40 trials. A trial is considered a success if either (1)
the object is successfully pushed to the edge of the staircase
(even with retries in case of partial pushes) and its final
state is correctly tracked, or (2) a heavy object is correctly
identified as immovable and its state is updated to static.

(a) (b) (c) (d)

Fig. 4: Different objects used to validate our proposed framework.
(a) Box (b) Paint can (c) Weighted crate (d) Metal frame

Conversely, a trial is deemed a failure if the tracking pipeline
loses the object’s identity after a push, as this prevents the
system from intelligently reattempting the task based on the
object’s new location. To specifically validate our contact-
based tracking pipeline, we analyzed the accuracy of its
state prediction. After each push maneuver, we measured the
mean prediction error, defined as the difference between the
object’s proprioceptively predicted pose and its actual pose as
determined by the subsequent visual update. This error was
compared against that of an open-loop baseline. This baseline
uses the same planning and control stack but predicts the
object’s new position to be at the end of the planned motion
primitive, without using any contact feedback for correction.

B. Results

Figure 6 illustrates the performance of our complete
framework across several real-world trials. Each row demon-
strates a distinct scenario, highlighting different capabilities
of the system. The top rows show successful tracking of
the contact-based predicted location (opaque green) and
successful post-interaction visual update, enabling robust re-
detection. The bottom two rows demonstrate the system’s
ability to learn from physical interaction and adapt its plan.
In this multi-object scenario, the robot first attempts to push
the rock. After making contact and detecting that the push
has stalled, it correctly reclassifies the stone as an immovable
object in its world model (red). Crucially, the system then
proceeds to the next action in its high-level plan, successfully
manipulating the second, movable object to clear a path.

Our proposed framework with contact feedback drasti-
cally improves task success rate compared to an open-
loop baseline, as shown in Fig. 5. For instance, our system
achieved an 85% success rate with the paint can, where the
baseline struggled at just 35%, while maintaining a robust
75% success rate on the challenging metal frame, where
the baseline succeeded only 25% of the time. The metal
frame proved particularly challenging due to its lower weight,
which made it more difficult for our contact estimation to
precisely predict the moment of impact. This enhanced task
performance is a direct result of the superior accuracy of
our state estimation pipeline (Table II). The mean prediction
error for the weighted crate was reduced by an order of

Fig. 5: Success Rate comparison of push tasks for different objects
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Fig. 6: Boston Dynamics Spot robot executing pushing maneuvers to clear clutter on different types of staircases. Each row shows a
push attempt with columns indicating time lapse. The figure shows both real-world experiments (left of each pair) and the corresponding
visualization of our perceived world model (right of each pair). In the world model, the staircase is represented by white steps, movable
clutter is shown in green (translucent for initial, opaque for predicted/updated position), and objects identified as immovable are red. The
planned foot trajectory for the push is shown in magenta. Row 3 demonstrates the system’s ability to update movability of heavy objects.

magnitude, and the error for the box was reduced by nearly
65%. Even in this difficult case of the metal frame, our
system performed 35% better than the open-loop baseline.
This tracking precision, which also demonstrates signifi-
cantly lower variance, is the key factor that enables more
informed re-planning and transforms unreliable open-loop
attempts into consistent successes. These results clearly show
that incorporating contact feedback is crucial for reliably
handling the uncertainties inherent in the interaction task.

C. Limitations

While our framework significantly outperforms the base-
line, it has several limitations that present clear avenues for
future work. First, the performance of the RL pedipulation
policy is sensitive to state estimation errors. Cumulative
odometry drift, common when traversing long staircases, can
lead to inaccurate foot placements, and the policy’s stability
is most challenged when pushing from the top of a staircase,
which can cause the robot to entirely miss the object. It

Mean Prediction Error (m)

Object Ours (with contact feedback) Baseline (open-loop)

Box 0.09 ± 0.04 0.26± 0.33
Paint can 0.09 ± 0.03 0.19± 0.14
Metal frame 0.15 ± 0.13 0.23± 0.17
Weighted crate 0.03 ± 0.02 0.33± 0.14

TABLE II: Comparison of object-level mean prediction error (mean
± std) in meters.

can also push an object entirely off an open-sided step and
lose track of it. Second, our contact estimation method,
which relies on residual motor torques, struggles with very
lightweight objects. This was observed with the hollow metal
frame, where the minimal interaction forces did not always
surpass the detection threshold, preventing proprioceptive
tracking from activating and leading to higher errors. Finally,
the camera’s limited field-of-view (FOV) is a challenge.
Objects successfully pushed far to the side can land outside
the FOV, preventing a post-interaction visual update and
causing the system to enter a futile retry loop. Several of
these failure cases are presented in the supplemental video.

VI. CONCLUSION

In this work, we presented a complete perception-to-action
framework that enables quadrupedal robots to robustly clear
clutter from staircases through legged pushing. We showed
that by tightly integrating perception, proprioceptive state es-
timation, and hierarchical planning, our system successfully
addresses the challenges of occlusion and partial pushes in-
herent in real-world physical interaction. Experiments across
multiple staircases and diverse objects demonstrated that
incorporating contact feedback significantly improves state
estimation accuracy and overall task success rates compared
to open-loop baselines.

Despite these advances, some limitations remain. Per-
formance can degrade under significant odometry drift or
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when manipulating lightweight objects that produce weak
contact signals. Additionally, the limited field-of-view of
the onboard camera hinders re-detection when pushing ob-
jects on really wide staircases. These factors underscore the
need for broader perception, stronger temporal modeling
of contact, and tighter integration of planning with prior
knowledge. Furthermore, training the pedipulation policy
in noisy, cluttered staircase environments could improve
stability, particularly during the challenging transition from
pushing back to standing balance on the staircase.

Future work will expand the framework along various
directions. First, we plan to integrate a higher-level task
planner that reasons over sequences of interactions, enabling
the robot to decide when and how to attempt pushes based
on prior knowledge of object movability. Second, we aim to
incorporate explicit priors into the planning loop, allowing
the robot to use past interaction outcomes to guide future
decisions and reduce retries. Finally, we will pursue better
contact estimation through time-series modeling of inter-
action forces and uncertainty propagation, enabling more
accurate distinction between missed contacts, partial pushes,
and immovable objects. Together, these directions will move
quadrupedal robots closer to long-horizon autonomy, where
locomotion, manipulation, and reasoning are seamlessly
combined in densely cluttered environments.
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