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Abstract— Reliable manipulation of previously unseen objects
remains a fundamental challenge for autonomous robotic sys-
tems operating in unstructured environments. In particular,
robust pick-and-place planning directly from noisy and only
partial real-world observations, where object surfaces are
inherently incomplete due to occlusions is difficult. As a result,
many existing methods rely on strong object priors or assume
placements on continuous, flat support surfaces such as planar
tabletops, without explicitly accounting for edge proximity or
inclined supports. In this work, we introduce a robust proba-
bilistic placeability metric that evaluates 6D object placement
poses from partial observations, allowing the generation of
diverse multi-orientation placement candidates and condition
grasp scoring on these placements, enabling model-free unified
pick-and-place reasoning.

I. INTRODUCTION

The ability to pick objects and place them at desired loca-
tions is central to many robotic applications, including ware-
house logistics, household assistance, and healthcare [1, 2].
In practice, achieving reliable pick-and-place execution in
real-world environments requires perceiving an object’s ge-
ometry and pose, planning stable grasps [3], identifying safe
placements within target regions [4, 5], and executing these
actions in confined spaces under uncertainty [6].

This interdependence has motivated recent work to reason
jointly over grasping and placing, rather than treating them
as independent problems [7–11], which we refer to as unified
pick-and-place reasoning. When reasoning about the target
placement happens already during grasp selection, robots
can choose grasps that enable both successful picking and
placement, while avoiding collisions early and reducing the
need for re-grasping caused by environmental constraints.
Yet, existing approaches primarily focus on tabletop-style
planar supports, limiting placement reasoning in highly
confined spaces. In particular, most similar to our work,
Shanthi et al. [7] formulated pick-and-place as a constrained
optimization problem that maximizes joint grasp and place-
ment success probability. While effective, the method relies
on accurate learned success models and can be sensitive to
prediction errors.

Less explored in unified pick-and-place reasoning is how
to incorporate prior work on object placement planning,
which largely fall into two categories. First, classical model-
based placement methods rely on geometric object models to
evaluate placement stability, which are often not available in
real-world scenarios [4, 5, 12–16]. Second, model-free place-
ment methods can generalize to previously unseen objects
from partial observations, but typically focus on predicting
a single stable placing surface or pose in isolation, without
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Fig. 1: From a noisy point cloud reconstruction (top left), candidate
grasps and placement poses are jointly evaluated using estimated
stability and placement feasibility (top right). The system selects
the highest-scoring grasp-placement pair that is executable and
estimated to be physically stable at the target location (bottom
right). Note that selecting the grasp based only on grasp quality
leads to a collision with the shelf (bottom left) and choosing
a feasible grasp without stability reasoning can result in object
tipping (bottom center).

adjusting to different support surfaces (often just assuming a
table) and do not directly support task-level pick-and-place
reasoning under robot and environment constraints [17–21].

Taken together, both directions leave an additional impor-
tant gap, as they either lack physically grounded stability
reasoning under realistic sensing noise or cannot robustly
rank grasp-place pairs when object geometry and support
conditions are only partially observed. This gap is often
masked on tabletops but becomes a dominant failure mode
in height-restricted shelves, where collision-free motion and
object height severely restrict successful execution. In such
settings, the robot must reason jointly about where an object
can be stably placed and which grasps remain executable at
the target location under collision and clearance constraints.

To address these limitations, we introduce a robust place-
ability metric that evaluates candidate 6D placement poses
from partial point cloud observations by jointly scoring
(i) probabilistic stability under reconstruction uncertainty and
(ii) placement-conditioned graspability (PCG), ensuring that
grasps remain reachable and collision-free at the placement
pose. This enables efficient selection of stable and executable
grasp-place pairs in confined environments as shown in
Fig. 1. We demonstrate the effectiveness of our placeability
metric within a model-free unified pick-and-place pipeline
through a quantitative evaluation across varying scene con-
figurations and objects.



II. PROBLEM FORMULATION AND ASSUMPTIONS

We consider the following problem: Given source and
target regions S and P reconstructed from sensor observa-
tions, and an object o, detected within S, with unknown
6D pose mo ∈ SE(3), the task is to compute the best
physically stable, reliably graspable, and collision-free place-
ment pose to out of a set of placement candidates TP ∈
SE(3) inside P without a predefined position, orientation,
and object model. The target area may exhibit cluttered
objects and tight spatial constraints, which influence kine-
matic feasibility and collision-free placement. Therefore we
reconstruct the workspace and the object online from RGB-D
observations by fusing depth data into a truncated signed
distance function (TSDF) scene mesh M [22].

III. OUR APPROACH

To ensure robust object placement, we introduce an object-
centric placeability metric that quantifies the physical feasi-
bility of a candidate placement pose directly from the object’s
sensed geometry. The metric integrates two complementary
components: (i) A point cloud based probabilistic stability
measure that assigns higher scores to candidate placement
poses estimated to remain in an static equilibrium. (ii) A
placement-conditioned graspability measure that evaluates
whether high-quality grasps remain kinematically feasible
and collision-free after being transformed into a candidate
placement pose, thereby linking grasp success directly to the
following placement task. After introducing the individual
components, we describe the unified grasp-place selection.

1) Probabilistic Object Stability: To find stable 6D place-
ment poses for an object o, including placements on
inclined surfaces or near environmental edges, we es-
timate the probability that the object remains in static
equilibrium when placed at a candidate pose to using a
Monte Carlo sampling strategy. In particular, let ot be the
object transformed to its pose at to, we then model the
apriori unknown Center of Mass (CoM) as a Gaussian distri-
bution N (µCoM,ΣCoM), where the mean and covariance are
computed from confidence-weighted points pi of the object’s
geometry PC(ot):

µCoM =

∑
i wipi∑
i wi

ΣCoM =
∑
i

(
wi∑
j wj

)2

σ2
i (1)

Here, σ2
i is the estimated per-point variance and inversely

proportional to the confidence values wi that are derived from
TSDF weights, such that points with higher reconstruction
confidence contribute more strongly to the CoM estimate.

To estimate the object’s support regions which it can be
safely placed on, we model potential contact points proba-
bilistically and derive support polygons SP (ot) from these
sampled contacts. First, we extract contact candidates C(ot)
of the object at its pose to

C(ot) = {pi ∈ PC(ot) | z(pi) ≤ zmin + ζ} ,
zmin = min

pj∈PC(ot)
z(pj),

(2)

where z(pi) denotes the height of point pi and ζ is a small
vertical tolerance. We then again assign each candidate a po-
sitional variance σ2

i derived from TSDF weights and convert
these uncertainties into contact sampling probabilities using a
softmax model. For each Monte Carlo sample n = 1, . . . , N ,
we draw a subset Sn ⊆ C(ot) according to these probabilities
and define a support polygon as the convex hull (CH) of their
projections onto the support plane via a function Ωsp(·):

SPn(ot) = CH({Ωsp(s) | s ∈ Sn}) . (3)

This procedure yields a distribution over support polygons
{SPn(ot)}Nn=1 that captures uncertainty in the contact con-
figuration.

Finally, we evaluate overall object stability by drawing,
for each Monte Carlo sample n, a CoM candidate cn from
its distribution together with a support polygon SPn(ot)
from the probabilistic contact model of the object. We then
project the CoM onto the support plane, and check whether
cn lies inside the sampled support polygon. Based on that,
the stability probability is defined as:

fst(ot) =
1

N

N∑
n=1

(
Ωsp(cn) ∈ SPn(ot)

)
(4)

The resulting stability value represents the probability that
the object remains statically stable under reconstruction
uncertainty and unknown internal mass distribution.

To improve robustness against execution errors and recon-
struction noise of the target area, we additionally evaluate
the stability under small random perturbations of the object
pose. Specifically, we rotate the object point cloud R times
by randomly sampling pitch and roll offsets within ±5◦ and
compute the stability score for each perturbed pose. In this
work we assume R = 5. The final probabilistic stability term
is defined as the average over all trials:

f̄st(ot) =
1

R

R∑
r=1

fst(o
r
t ) (5)

In summary, our formulation provides a probabilistic,
uncertainty-aware stability estimate for arbitrary 6D object
placement poses directly from reconstructed point clouds.
This enables robust stability reasoning without requiring
complete object models or deterministic contact assumptions.

2) Placement-Conditioned Graspability (PCG): To val-
idate whether a candidate placement pose can actually be
realized, we introduce placement-conditioned graspability,
which evaluates if a grasp remains feasible once transformed
into the placing pose frame. Let G(o) = {g0, . . . , gK} be
the set of K candidate grasps for object o at the object’s
observed pose mo. Then, T (to) denotes the rigid transform of
a grasp gk from its sampled grasp pose at mo to a placement
pose to. The resulting transformed grasp, which we refer to
as a place-grasp, is defined as gtok = T (to) · gk.

To compute the PCG, we score a grasp candidate gk
against a possible placement candidate to ∈ TP to check
if it remains reachable and collision-free:

fpcg(g
to
k ) = fRM(gtok ) · fcoll(gtok ,M) · falt(gtok ) (6)



where fRM(·) ∈ {0, 1} tests kinematic feasibility for the
manipulator via a precomputed reachability map [23] and
fcoll(·,M) ∈ {0, 1} checks a simplified gripper model
against the environment mesh M of the target region for
collision. Lastly, to avoid collisions with the environmental
supporting surface, we enforce a minimum vertical clear-
ance (δmin) between a candidate grasp (with vertical height
z(gtok )) and the object’s lowest sensed point (zmin), with:

falt(g
to
k ) =

{
1, if z(gtok )− zmin. ≥ δmin,

0, otherwise.
(7)

This formulation ensures that placement candidates are eval-
uated only based on grasps that remain kinematically feasible
and collision-free at the target pose.

A. Unified Pick-and-Place Reasoning

After introducing the components of our placeability met-
ric, we now present our approach for model-free unified
pick-and-place reasoning, which integrates grasp candidate
selection and placement evaluation into a single pipeline.

1) Placement Candidate Sampling: First, we compute
the set of all possible placement candidates TP on the
simplified triangle mesh M of P by extracting horizontal
surfaces and sampling a fixed set of points [24]. Furthermore,
to increase orientation diversity among the placement poses,
we apply a random yaw, as well as rotations around ±90◦

and 180◦ pitch and roll axes, resulting in a total of six
candidate orientations.

2) Graspability Scoring: For grasp candidate genera-
tion on object point clouds, we use the Grasp Pose De-
tection (GPD) network [25] and retain only the top-k
grasps {g1, . . . , gk} ⊆ G(o) based on their predicted grasp
scores qg(g). Note that any grasp prediction method can be
used, provided that grasps are represented in SE(3).

3) Placeability Scoring: Finally, we define placeability
for each candidate place-grasp gk of an object ot transformed
to a candidate placement pose to by combining probabilistic
stability and grasp feasibility. The overall placeability score
is then given by

qt(gk, TP ) =
1

|TP |
∑

to∈TP

f̄st(ot) · fpcg(gtok ) (8)

To rank grasps according to both pick and place feasibility,
we define a unified grasp score that considers jointly the orig-
inal grasp quality qg(gk) as well as the associated stability
and feasibility of the possible placements:

qgt(gk, TP ) = qg(gk) · qt(gk, TP ) (9)

This formulation inherently favors grasps that exhibit high
intrinsic quality and are associated with stable, accessible
placements (as shown in Figure 2). Finally, we execute the
feasible place-grasp with the highest score according to qgt ,
together with the most stable placement attainable with that
grasp.

Cereals Drill Pringles Milk
Fig. 2: Qualitative grasp comparison for two placement scenes: a
shelf (top left) and a bin (top right). Top-ranked grasp candidates
are shown for four perceived objects. Blue indicates the original
GPD ranking [25], while green (shelf) and magenta (bin) indicate
the grasps re-ranked using our placeability metric.

IV. EXPERIMENTAL EVALUATION

To evaluate the effectiveness of our placeability-informed
unified pick-and-place pipeline (UniP), we conduct quantita-
tive real-world experiments on a UR5e platform and compare
against two sequential baselines and one ablated variant1.
Each method is tested with three pick-and-place trials per
object in two shelf configurations (Fig. 3). The first scenario
considers a cluttered shelf without severe spatial constraints.
The second has strongly reduced vertical clearance, making
grasp and placement selection more restrictive.

1) Performance Comparison with Baselines: The first
baseline, Grasp-RP, follows a sequential pick-then-place
strategy: it selects the highest-scoring grasp predicted by
GPD [25] and assigns a random placement pose from
TP (see Sec. III-A.1) while preserving the object’s original
orientation. Grasp-MO uses the same sequential strategy but
allows six object orientations, isolating the effect of multi-
orientation reasoning without explicit feasibility evaluation.
UniP-NoStab is an ablated version of our unified pipeline
without the probabilistic stability term. We evaluate all
methods by success rate and failure type (Table I).

In the cluttered environment, our UniP achieves the high-
est success rate 93.4% with only a single failure caused
by grasp execution. In contrast, both sequential baselines
(Grasp-RP and Grasp-MO) perform substantially worse.
Although allowing multiple object orientations increases
placement opportunities, frequent failures due to infeasible
place-grasps and unstable configurations remain. The unified
ablation UniP-NoStab achieves 86.8%, showing that jointly
reasoning about grasp and placement feasibility already
provides a substantial improvement. The advantage of our
full method becomes especially present in the height-reduced
environment, where UniP maintains high success, while the
sequential baselines degrade significantly and UniP-NoStab
drops in success primarily due to unstable placements.

Overall, these results confirm that the components of
our method are necessary, i.e., stability reasoning prevents
physically invalid placements, while unified grasp–placement
feasibility reduces execution failures.

1Video: https://bit.ly/ICRAWS

https://bit.ly/ICRAWS


Cluttered Shelf Environment Height-Reduced Environment
Object Grasp-RP Grasp-MO UniP-NoStab UniP (Ours) Grasp-RP Grasp-MO UniP-NoStab UniP (Ours)
Drill 0% 0% 67% 100% 33% 0% 33% 100%
Cereals 33% 100% 100% 100% 0% 0% 100% 100%
Pringles 67% 100% 100% 100% 0% 0% 67% 67%
Mustard 100% 67% 67% 100% 67% 100% 33% 67%
Milk 33% 33% 100% 67% 33% 0% 67% 100%
Average 46.6% 60.0% 86.8% 93.4% 26.6% 20% 60.0% 86.8%
Failure Type Failure Breakdown
Grasp failed, place found 2 – – 1 2 3 2 2
Grasp valid, No place found 6 4 – – 9 8 – –
Unstable placing – 1 2 – – 1 4 –

TABLE I: Real-world pick-and-place success rates across five objects in two shelf configurations. UniP achieves the best overall
performance, especially under reduced vertical clearance where the sequential baselines Grasp-RP and Grasp-MO degrade substantially,
while UniP-NoStab, despite outperforming them, remains inferior to UniP due to unstable placements.

Cluttered Shelf Height-Reduced Shelf

Fig. 3: Illustration of our two evaluation scenes: a cluttered shelf
environment, and a height-reduced environment with strongly re-
duced vertical clearance.

2) Runtime Analysis: To assess the online performance
of our full pick-and-place reasoning pipeline, we measured
the execution time across all objects and trials in the cluttered
shelf, resulting in an average runtime of 183 ± 21 s. The
majority of this time (178 ± 21 s) was spent on robot
motion planning, motion execution, grasp computation, and
reconstruction. In contrast, evaluating our placeability metric,
including probabilistic stability and placement feasibility,
required only 5 ± 0.3 s, indicating that it can be computed
online with negligible impact on the overall task time.

3) Place-Grasp Evaluation: To evaluate the adaptability
of our unified reasoning approach, we assess how grasp
selection changes when explicitly conditioned on different
target placement regions. Therefore, we run the full pipeline
on four objects in those two scenarios. The results, shown
in Fig. 2, demonstrate that our placeability-based rescoring
systematically adapts grasp selection to the placement con-
text without requiring any parameter changes. While GPD
does not adapt grasp selection to the target region and may
select grasps that are feasible for one placement area but not
for another, our proposed metric adapts grasp selection when
necessary while preserving high-quality grasps that remain
executable at the target placement.

4) Stability estimation: Beyond planar placements, a
stability metric must predict static equilibrium on arbitrary
support surfaces. We evaluate our formulation (Sec. III-.1)
in two settings: edge proximity and surface inclination.

As a baseline, we compute tipping thresholds using the
CAD model’s center of mass, following prior work that
approximates the CoM from object geometry alone [5]. For
edge proximity, we obtained real-world tipping thresholds by
gradually translating each object toward a support boundary
until static equilibrium was lost, and report the threshold as
the percentage of the object’s support footprint remaining in
contact with the surface. As shown in Fig. 4.a–b, our stability
estimates exhibit a transition near the measured real-world

(a) Drill Forward (b) Cheez-It Box (c) Surface Inclination
Fig. 4: Edge-proximity and inclination tipping analysis showing the
predicted probabilistic stability score while translating the object to-
ward a support surface edge (a)–(b) and increasing the environmental
support plane inclination (c). Blue curves indicate evaluation using the
complete ground-truth mesh point cloud, while all remaining curves
use partial noisy point clouds.

tipping thresholds across all objects. In contrast, the CAD-
based CoM baseline deviates near the threshold, as it ignores
contact geometry and partial support effects.

For potential object stacking cases, we evaluate stability
under increasing support tilt in simulation to obtain repeat-
able tipping angles. In particular, we initialize the object
in a stable pose on a planar support and increment the
support inclination until static equilibrium is lost. As shown
in Fig. 4.c, the predicted stability decreases monotonically
with tilt and drops near the simulated tipping angle for both
drill orientations, whereas for the Cheez-It box it remains
overly optimistic until shortly before toppling, likely due
to the absence of friction modeling. Nevertheless, these re-
sults demonstrate that our proposed metric reliably captures
geometry- and center-of-mass–driven tipping behavior.

V. CONCLUSION

In this work, we introduced a probabilistic placeability
metric for model-free unified pick-and-place reasoning from
noisy partial point clouds. By jointly evaluating probabilistic
stability, and placement-conditioned graspability, the pro-
posed method selects grasp–placement pairs that are both
executable and physically stable without requiring CAD
models or predefined placement poses. Experiments show
that our stability formulation predicts tipping behavior un-
der edge proximity and surface inclination directly from
partial observations. Further real-robot experiments demon-
strate that the full pipeline outperforms sequential baselines
and an ablation without stability reasoning, highlighting the
importance of both unified grasp-placement reasoning and
probabilistic stability estimation.
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ing stable placements via physics-guided diffusion models,” arXiv
preprint arXiv:2509.21664, 2025.

[16] P. Nadeau and J. Kelly, “Stable Object Placement Planning From
Contact Point Robustness,” IEEE Transactions on Robotics, 2025.

[17] S. Noh, R. Kang, T. Kim, S. Back, S. Bak, and K. Lee, “Learning
To Place Unseen Objects Stably Using A Large-Scale Simulation,”
IEEE Robotics and Automation Letters (RA-L), 2024.

[18] Y. Zhao, M. Bogdanovic, C. Luo, S. Tohme, K. Darvish, A. Aspuru-
Guzik, F. Shkurti, and A. Garg, “AnyPlace: Learning General-
ized Object Placement for Robot Manipulation,” arXiv preprint
arXiv:2502.04531, 2025.

[19] K. Saha, A. Li, A. Rodriguez-Izquierdo, L. Yu, B. Eisner, M.
Likhachev, and D. Held, “Planning From Point Clouds Over Con-
tinuous Actions for Multi-Object Rearrangement,” arXiv preprint
arXiv:2509.04645, 2025.

[20] A. Simeonov, A. Goyal, L. Manuelli, L. Yen-Chen, A. Sarmiento,
A. Rodriguez, P. Agrawal, and D. Fox, “Shelving, stacking, hanging:
Relational pose diffusion for multi-modal rearrangement,” arXiv
preprint arXiv:2307.04751, 2023.

[21] C. Paxton, C. Xie, T. Hermans, and D. Fox, “Predicting Stable Con-
figurations for Semantic Placement Of Novel Objects,” in Proc. of
Conf. on Robot Learning (CoRL), 2022.

[22] J. M. C. Marques, A. J. Zhai, S. Wang, and K. Hauser, “on The
Overconfidence Problem in Semantic 3D Mapping,” in Proc. of the
IEEE Intl. Conf. on Robotics & Automation (ICRA), 2024.

[23] Zacharias, Borst, and Hirzinger, “Capturing Robot Workspace Struc-
ture: Representing Robot Capabilities,” in Proc. of the IEEE/RSJ
Intl. Conf. on Intelligent Robots and Systems (IROS), 2007.

[24] C. Yuksel, “Sample Elimination for Generating Poisson Disk Sample
Sets,” in Computer Graphics Forum, 2015.

[25] A. Ten Pas, M. Gualtieri, K. Saenko, and R. Platt, “Grasp Pose
Detection in Point Clouds,” Intl. Journal of Robotics Research
(IJRR), vol. 36, no. 13-14, 2017.


	Introduction
	Problem Formulation and Assumptions
	Our Approach
	Probabilistic Object Stability
	Placement-Conditioned Graspability (PCG)

	Unified Pick-and-Place Reasoning
	Placement Candidate Sampling
	Graspability Scoring
	Placeability Scoring


	Experimental Evaluation
	Performance Comparison with Baselines
	Runtime Analysis
	Place-Grasp Evaluation
	Stability estimation


	Conclusion

