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Fig. 1: Given a single RGBD image observation of a cluttered scene, we use SAM3D and FoundationPose to derive an initial
estimation of object shapes and poses. But these estimates can violate physical constraints and are not simulation ready (red).
Our method jointly adjusts shape and pose parameters to enforce physics constraints while minimizing a perceptual loss,
leading to simulation ready results (green).

Abstract—Estimating simulation-ready scenes from real-world
observations is crucial for downstream planning and policy
learning tasks. Regretfully, existing methods struggle in cluttered
environments, often exhibiting prohibitive computational cost,
poor robustness, and restricted generality when scaling to multi-
ple interacting objects. We propose a unified optimization-based
formulation for real-to-sim scene estimation that jointly recovers
the shapes and poses of multiple rigid objects under physical
constraints. Our method is built on two key technical innovations.
First, we leverage the recently introduced shape-differentiable
contact model, whose global differentiability permits joint opti-
mization over object geometry and pose while modeling inter-
object contacts. Second, we exploit the structured sparsity of the
augmented Lagrangian Hessian to derive an efficient linear sys-
tem solver whose computational cost scales favorably with scene
complexity. Building on this formulation, we develop an end-to-
end real-to-sim scene estimation pipeline that integrates learning-
based object initialization, physics-constrained joint shape-pose
optimization, and differentiable texture refinement. Experiments
on cluttered scenes with up to 5 objects and 22 convex hulls
demonstrate that our approach robustly reconstructs physically
valid, simulation-ready object shapes and poses. Accompanying
media can be found at the paper webpage.

I. INTRODUCTION

Scene estimation is a fundamental problem in robotics
and embodied AI, particularly for real-to-sim transfer. An
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ideal scene estimator should reconstruct a simulation-ready
environment from sparse observations such as images. Be-
yond perceptual fidelity, the estimated object shapes, poses,
and physical properties must be physically consistent and
directly usable within a physics simulator, which is critical for
downstream tasks such as motion planning, model predictive
control, and policy learning. This problem is rather challenging
in cluttered scenes, where multiple objects interact through
contact, and where accurate physical reasoning is essential for
tasks such as robotic manipulation. Over the years, a wide
range of scene estimation paradigms have been developed,
including Bayesian inference [12], deep learning [38], and
numerical optimization [44]. Among these, optimization-based
scene estimator [44] offers a distinctive advantage for real-to-
sim applications: they allow explicit incorporation of physical
laws and constraints into the estimation process. By enforcing
non-penetration, contact consistency, and equilibrium condi-
tions, physics-based constraints can substantially regularize the
solution space and reduce ambiguities.

Despite these advantages, a major challenge for
optimization-based state estimators lies in the formulation
of physics constraints, which introduces a large number of
auxiliary variables, including normal and frictional contact
forces as well as Lagrange multipliers. Most prior approaches
jointly optimize all variables within a single large-scale
nonlinear programming (NLP) formulation using off-the-
shelf solvers [13, 34]. This monolithic strategy leads to
computationally expensive problems that scale poorly to
cluttered scenes with many interacting objects. To mitigate
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this complexity, practical methods such as [44] rely on
heuristic contact-selection oracles, which are inherently brittle
and may fail when contacts are missed. More fundamentally,
to keep computational costs tractable, existing approaches
assume known object geometries and restrict optimization
to object poses. In contrast, scene estimation from sparse
observations inherently requires jointly inferring both object
shapes and poses, dramatically increasing the dimensionality
of the decision space. The resulting proliferation of shape
parameters renders existing optimization-based techniques
computationally prohibitive and, in practice, intractable.

We attribute these limitations to a common root cause:
existing optimization-based state estimators are not structure-
aware [44, 45]. By formulating all variables within a mono-
lithic NLP, they fail to exploit the structure of physics-
constrained optimization. We therefore propose a structure-
aware framework for real-to-sim scene estimation in cluttered
environments—the first practical algorithm for numerical opti-
mization in the joint shape-pose space. Our approach builds on
the separating-plane-based shape-differentiable contact model
(SDRS) [41], which eliminates normal contact forces as ex-
plicit variables by expressing them as functions of object pose.
We adapt SDRS to quasistatic configuration optimization,
reducing problem dimensionality, and show that the resulting
augmented Lagrangian Hessian has a highly structured sparsity
pattern that enables efficient solvers via Woodbury and Schur
complement reductions. The proposed formulation is globally
differentiable with respect to both shape and pose, enabling
joint optimization under arbitrary contact conditions with
shapes represented as unions of convex hulls. To improve
robustness, we consider all potential contact pairs without
heuristic contact selection [44], while maintaining tractable
computational cost through our reduced representation. A
globally supported contact activation function [42] further mit-
igates vanishing gradients and constraint-qualification issues.

Building upon our joint optimization framework, we de-
velop an end-to-end real-to-sim scene estimation pipeline that
operates directly on a single RGBD image observation as
illustrated in Figure 1. We evaluate our method on a diverse
set of cluttered benchmarks containing up to 5 objects and
22 convex hulls, where our method can robustly produce
physically valid, simulation-ready reconstructions.

II. RELATED WORK

In this section, we review prior work on state estimation
and scene understanding, focusing on their relevance to real-
to-sim transfer, cluttered environments, and simulation-ready
reconstruction.

a) Scene Estimation: Early scene estimation methods
typically assume known object geometries and focus on
recovering object poses from partial observations. Classical
approaches [11, 30] formulate rigid-body registration as geo-
metric alignment, with later extensions to non-rigid [3] and ar-
ticulated [9] models. While geometrically well founded, these
methods are brittle under occlusion and missing data, which
are ubiquitous in cluttered real-world scenes. Learning-based

approaches, such as PoseCNN [38] and FoundationPose [36],
improve robustness by leveraging learned priors, but remain
purely perception-driven. Lacking explicit physics constraints,
they are ill-suited for simulation-ready scene estimation. More
recent works [32, 25, 8, 40, 37] incorporate physical reasoning
through sampling-based optimization or physics-violation loss
terms, but remain limited in scope: they assume a small set
of fixed hypothesized object shapes [32], optimize the shape
of only a single object [8], require dense observation such as
RGB video [25, 37], or model collision constraints without
enforcing full physical consistency [40].

b) Physics-aware Numerical Optimization: To improve
physical validity, prior work has integrated physics constraints
into numerical optimization. Methods such as PhysPose [23]
and Verefine [6] encourage physically plausible configurations
via penalties or post hoc simulation checks, but do not pro-
vide full physics-consistent optimization. A more principled
approach [44] enforces non-penetration and force equilibrium
constraints directly, but relies on heuristic contact-selection
oracles that degrade robustness in cluttered scenes. Extensions
to deformable objects [15] further expand the scope of physics-
aware estimation. Nevertheless, most existing methods assume
known object geometry and focus exclusively on pose estima-
tion, making them unsuitable for real-to-sim transfer where
object shapes must also be recovered. We are aware of one
prior work [8] incorporating both shape and pose reasoning
but limited to a single object.

c) Differentiable Simulation & Rendering: Differentiable
simulators and renderers [17, 24] enable gradient-based opti-
mization of physically grounded scenes and have been applied
to large-scale state estimation [39, 22, 46]. However, most
differentiable simulators target dynamic trajectories rather than
quasistatic, force-balanced configurations typical of cluttered
scenes. Moreover, non-smooth contact and visibility events
violate the smoothness assumptions of NLP solvers. We build
upon the globally differentiable SDRS contact model [41] and
reformulate it for quasistatic equilibrium, enabling smooth and
scalable joint optimization of object shape and pose. This
design directly supports simulation-ready reconstruction of
cluttered real-world scenes for real-to-sim transfer.

III. METHODS

In this section, we present our complete pipeline for
simulation-ready cluttered scene reconstruction. We then focus
on the details of our optimization-based scene estimator for a
set of rigid bodies in the joint pose- and shape-space.

A. Problem Statement

Following [44], we express the problem as an equality-
constrained NLP of the following form:

argmin
q,x

O(q, x) s.t. C(q, x) = 0, (1)

and we propose a structured variant of Augmented Lagrangian
Method (ALM) to find locally optimal solutions. We will
omit function parameters below when confusion is unlikely.
Here, q and x denote the vectors describing the poses and



shapes of all objects, respectively, and the physics constraints
are modeled as the globally differentiable equality constraint
C(q, x) = 0. The objective O(q, x) is assumed to be an arbi-
trary globally differentiable function, allowing flexibility for
various state-estimation tasks. For instance, O could represent
a differentiably rendered image-space loss [21] or a point
cloud registration loss [2].

Our formulation builds on the recently proposed convex-
hull-based contact model [41]—a provably second-order
differentiable contact model, enabling globally twice-
differentiable operations under arbitrary changes in convex
hull geometry. As illustrated in Figure 3, we represent a scene
with N rigid bodies, each modeled as a union of M convex
hulls, with each hull having V vertices. Specifically, we denote
xijk ∈ R3 as the kth vertex of the jth convex hull belonging to
the ith rigid body, expressed in the body frame. Concatenating
these vertices, we obtain x ∈ RN×M×V ×3, which describes the
shapes of all rigid bodies. To represent the poses of these
bodies, we define the local-to-global transformation of the ith
rigid body using a rotation matrix Ri(θi) = exp[θi]× and a
translation vector ti ∈ R3, where the rotation is parameterized
via the Rodrigues formula with θi ∈ R3 and [●]× being the
cross-product matrix. Concatenating all θi and ti yields the
vector q, which encodes the poses of all rigid bodies. It is
known that the mapping Ri(θi) is smooth [14]. The local-to-
global transformation is defined as Xijk = Rixijk + ti and we
omit the function parameters when the context is clear.

B. Scene Estimation Pipeline

Our joint optimizer uses a local gradient-based method that
is prone to getting trapped in local minima without a high-
quality initialization. To obtain a high-quality initial guess,
we first extract the point cloud and then leverage the learning-
based model SAM3D [10] to guess initial object shapes from
the point cloud. SAM3D allows us to extract the mesh and seg-
ment the point cloud for each mesh. The result is denoted as N
points clouds P1,⋯,N and N corresponding meshes M1,...,N .
While SAM3D also predicts object poses, we observe that
these estimates are often inaccurate. Therefore, we refine the
object poses using the FoundationPose model [36], producing
an initial guess for the pose vector q. Next, for each meshMi,
we apply convex decomposition [35] to generate the vertices of
convex hulls, yielding the initial guess for the vector x. These
initial estimates are then adjusted to ensure penetration-free
between different bodies and fed into our joint optimization to
enforce the physical constraints (see our appendix for details).
Although we describe our method assuming each rigid body
is represented by M convex hulls, each with V vertices,
our implementation is fully general and can accommodate an
arbitrary number of convex hulls and vertices as determined
by the convex decomposition [35].

With the segmented point clouds Pi, the extracted mesh
Mi, and the convex hulls, we can define differentiable ob-
jective function O via the similar technique as the trimmed
ICP [11], where we select ICP terms to ensure monotonic
objective value reduction over iterations, thus guaranteeing

convergence. Specifically, for each convex hull vertex Xijk

in world space, we already know that it belongs to the ith
rigid body, so we search for the closest point on Mi as a
continuous manifold to Xijk, denoted as:

p(Xijk) = argmin
x∈Mi

∥x −Xijk∥. (2)

We then fix p(Xijk) and introduce a term ∥Xijk(q, x) −
p(Xijk)∥

2 to regularize the convex hull shapes. Conversely,
for each point pil belonging to the ith point cloud, we penalize
its distance to the surface formed by union of convex hulls
representing the ith rigid body, denoted as ∂ ∪j CH(Xij●).
We find the closest point to pil on the union of convex hulls
as a continuous manifold, denoted as:

X(pil) = argmin
X∈∂∪jCH(Xij●)

∥X − pil∥. (3)

In practice, we use Manifold3d Library [19] to compute
union of convex hulls and extract the surface into a triangle
mesh, which then allows us to compute X(pil) as a point-
to-mesh distance problem. The computed X(pil) must lie
on the surface of a convex hull. Without a loss of gen-
erality, we can assume its the j(pil)’s convex hull, i.e.,
X(pil) = ∑k Xij(pil)kwk, with wk being the convex com-
bination weights. We then follow the idea of ICP and fix the
convex combination weights wk so that X(pil) is a function of
x and q only. We can then introduce the term ∥X(pil) − pil∥2

to further regularize the convex hull shapes. Finally, we notice
that the point-cloud can only regulate the object shape in
visible areas. To further regulate object shapes in invisible
areas, we utilize the SAM3D-recovered mesh Mi. For each
vertex pil ∈ Mi, we use a similar technique to compute the
closest point X(pil) and introduce the term ∥X(pil) − pil∥2.
In summary, our objective function is formulated as a sum of
three types of terms weight by coefficients w1,2,3:

O(q, x) =

⎧⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎩

w1∑ijk ∥Xijk − p(Xijk)∥
2+ Type I

w2∑pil∈Pi
∥X(pil) − pil∥

2+ Type II
w3∑pil∈Mi

∥X(pil) − pil∥
2 Type III.

(4)

Our formulation follows the idea of Hausdorff distance that
penalizes symmetric distances. Our type I term regularize the
distance between convex hull’s vertex Xijk and Mi. The
remaining type II (resp. type III) term regularize the distance
between the point cloud (resp. mesh) and the union of convex
hull surface ∂ ∪j CH(Xij●). We assume that the point cloud
Pi is the direct observation and serves a strong guidance
for correct object shapes, which must be emphasized using
a large weight w2. On the other hand, the mesh Mi might
be hallucinated by SAM3D [10], which is not necessarily
matched exactly, but used as a shape prior via a small weight
w3.

A critical drawback of the above procedure is the violation
of NLP convergence guarantee. Note that our type I term
∥Xijk − p(Xijk)∥

2 adopts a standard treatment of ICP, where
we can fix p(Xijk) to solve ALM optimization, and then
update p(Xijk) via Equation 2. This procedure is guaranteed
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Fig. 2: We illustrate the three types of objectives in Equation 4,
regularizing the distance between convex hull vertex Xijk

(red), the SAM3D-identified mesh vertex pil ∈ Mi (blue),
and the point cloud pil ∈ Pi (yellow). Further, we highlight
a case (a) where objective value can increase. Suppose our
rigid body (light brown) consists of two disjoint convex hulls
(b), the closest point to the blue vertex is the bottom surface of
the top hull. After an update to hull vertices (c), the two hulls
merge and the closest point is moved to the right boundary.

to converge [11] because each term monotonically decreases
over iterations. However, our type II and type III terms
∥X(pil) − pil∥

2 are not guaranteed to decrease over iterations
because the update in Equation 3 can increase function values.
This is essentially because the reference mesh Mi has fixed
geometry but our union of convex hull can undergo shape
changes. To rigorously ensure convergence, we introduce a
heuristic technique inspired by [11], where we selectively
delete a subset of type II and type III terms that can increase
function values. Specifically, we sort all type II and type III
terms by the amount of function value increment after an
update of X(pil) according to Equation 3:

∆il = ∥X(pil) − pil∥
2
− ∥X(pil)

prev
− pil∥

2, (5)

where X(pil)
prev = ∑k Xij(pil)kw

prev
k is the point using con-

vex combination weights from the previous iteration. We
repeatedly delete the type II or type III term yielding the
highest function value increase until the objective function
O is non-increasing. The entire procedure of closest point
update and selective term deletion is performed after each
ALM subproblem solve. The complete pipeline is outlined our
appendix and illustrated in Figure 2.

As an optional final step of our method, we can generate
the color texture for each object by differentiable rasterization.
Specifically, after the ALM optimization, we fix the object
shape and pose. We then use Manifold3d Library [19] to
convert the union of convex hulls into a triangle mesh. Next,
we use xatlas [43] to generate the UV coordinates for each
mesh. Finally, we use differentiable renderer [18] to minimize
the difference between the SAM3D-predicted and the mesh-
rendered image, with the texture map being the decision
variables.

C. Optimization in Joint Shape-Pose Space

It is well-known [31] that the key requirement for finding
a locally optimal and feasible solution of Problem 1 is that

C satisfies the Linear Independent Constraint Qualification
(LICQ), i.e., λmin(∇C∇C

T ) is bounded away from zero for
any q and x. In practice, we use a custom version of ALM
that iteratively minimizes the following augmented Lagrangian
function, where we use Levenberg-Marquardt (LM) algorithm
as the sub-problem:

argmin
q,x

O(q, x) + λTC(q, x) +
ρ

2
∥C(q, x)∥2, (6)

and we iteratively increase the Lagrangian multiplier λ and
the penalty coefficient ρ according to [26].

Our formulation in Problem 1 differs from prior work in
several key ways. First, unlike complementarity constraint-
based formulations [44, 27], we eliminate auxiliary variables
for normal contact forces, substantially reducing problem
dimensionality and subproblem cost. Second, the formulation
involves only equality constraints, so each subproblem reduces
to solving a linear system rather than a general quadratic
program, yielding significant speedups. We first analyze this
frictionless case, then introduce friction as additional decision
variables and present structured linear solvers to handle them
efficiently.

Hullij

Hulli′j′

Xijk

(n, d)
iji′j′

Bodyi

Bodyi′

Fig. 3: Suppose we would like to model a box (light brown)
put on a chair (dark brown). The box and the chair are the ith
and i′th rigid bodies respectively, where the box is modeled as
a single convex hull and the chair is modeled as the union of
4 convex hulls. Each convex hull is a polytope spanned by a
set of vertices Xijk (red). Between the ijth convex hull on the
box and the i′j′th convex hull on the chair modeling the back
support, we introduce a separating plane (n, d)

iji′j′
(blue) as

a proxy for the contact model.

1) Physics Constraints Without Friction: Let us consider
the case where all objects experience only normal contact
forces, without friction. Using the representation introduced
in the previous section, the physics constraints reduce to min-
imizing the internal and external potential energy at the resting
pose. The potential energy Ψ(q, x) consists of two terms: the
gravitational potential Ψg and the collision potential Ψc, such
that Ψ = Ψg + Ψc. The gravitational potential is formulated
under the assumption that the mass is concentrated at the
convex hull vertices [41], since a uniform mass distribution



would be non-differentiable with respect to x. Under this
assumption, we define:

Ψg(q, x) = −ρ ∑
i,j,k

⟨Xijk, g⟩ , (7)

where ρ and g denote the density and gravitational accelera-
tion, respectively. Clearly, Ψg is twice-differentiable with all
variables, which allow users to optimize object density and
mass distributions. We then define the constraint as C = ∇qΨ.
If Ψ is globally twice-differentiable, then C is differentiable
and satisfies the smoothness requirement.

Our second term is the collision potential. Compared with
hard constraints for modeling collision [27, 44], our method
follows recent findings that using a primal-only, instead of
primal-dual, interior-point formulation [20] provides a more
robust approach. This is because interior-point methods main-
tain satisfaction of collision constraints, avoiding the vanishing
gradient issue that can occur under deep penetration. Ye et al.
[41] generalized the idea of [20] by defining a potential
function between two general convex hulls. Specifically, two
convex hulls are intersection-free if and only if there exists
a separating plane between them [29]. Accordingly, we in-
troduce the separating plane as an additional set of variables
(n, d)

iji′j′
∈ R4, which separates the ijth and i′j′th convex

hulls. Here, niji′j′ is the plane normal and diji′j′ is the plane
offset. The collision potential between the two convex hulls is
then defined as Ψ̄iji′j′(q, x, niji′j′ , diji′j′):

Ψ̄iji′j′ =

⎧⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎩

− log(1 − ∥niji′j′∥)

∑k − log(⟨niji′j′ ,Xijk⟩ + diji′j′)

∑k′ − log(− ⟨niji′j′ ,Xi′j′k′⟩ − diji′j′),

(8)

The first term ensures that the plane normal has a magnitude
no greater than 1, while the second and third terms ensure that
the two convex objects lie on opposite sides of the separat-
ing plane, thereby enforcing collision-free constraints. It has
been shown that Ψ̄iji′j′ is well-defined and globally twice-
differentiable. Although the definition of Ψ̄iji′j′ introduces the
separating-plane variables (n, d)

iji′j′
, the function is strictly

convex with respect to these variables. Therefore, we can
eliminate them implicitly and define:

Ψiji′j′(q, x) = min
niji′j′ ,diji′j′

Ψ̄iji′j′(q, x, niji′j′ , diji′j′), (9)

By the implicit function theorem, Ψiji′j′ remains globally
twice-differentiable. Finally, the full collision potential is de-
fined as Ψc = µ∑i≠i′ ∑j,j′ Ψiji′j′ , where µ is the complemen-
tarity gap. As shown in [20], as µ→ 0, Ψc approximates hard
collision-free constraints arbitrarily well. Further, the optimal-
ity of Ψ̄iji′j′ with respect to the separating plane (n, d)

iji′j′

ensures that equal and opposite forces are applied on the
two convex hulls, which essentially satisfy the Newton’s third
law. Finally, the function Ψ = ∞ when collision constraints
are violated, in which case the solution will be rejected by
the ALM subproblem solver to use a smaller search step
size, thus ensuring the collision constraints are satisfied at
every iteration. To improve efficiency, a clamped log function

can be used to make the potential locally supported, so that
Ψiji′j′ evaluates to zero when objects are far apart. In practice,
thanks to the compact convex-hull representation, computing
all pairs of collisions is sufficiently efficient, allowing us to
use a globally supported log function. The global support
is beneficial because it ensures non-zero gradients even for
distant objects, which helps satisfy the LICQ condition. We
summarize the well-behaved properties of our physics con-
straints below, which is formally proved in [41]:

Property III.1. Under frictionless setting, C(q, x) is globally
differentiable with respect to both q and x. When C(q, x) = 0,
all objects are force and torque balanced while satisfying the
Newton’s third law.

Xijk

(n, d)
iji′j′

f⊥ijk,i′j′(q, x)

f∥
ijk,i′j′

f∥
i′j′k′,ij

Fig. 4: An illustration of our friction model, between the ijth
and i′j′th convex hull. On each vertex, e.g. Xijk, the normal
force f⊥ijk,i′j′ is a function of x and q (Equation 10) and the
friction force f∥ijk,i′j′ is additional decision variables to be
optimized. We follow the idea of SDRS contact model and
use the separating plane as the proxy for contact modeling and
each force f∥ijk,i′j′ applied on the ijth convex hull is counter-
acted by −f∥ijk,i′j′ applied on the separating plane (n, d)

iji′j′
,

and the case is the same for the i′j′th convex hull. We then
model the separating plane as a physical object with zero mass,
so that all the forces applied on it must be balanced.

2) Incorporating Frictional Contacts: Frictional contacts
are more involved, since friction forces always dissipate
kinetic energy and therefore do not admit a corresponding
potential energy formulation. In this section, we first formulate
our frictional contact model and then present our structure-
aware algorithm for solving the ALM subproblem Problem 6.
As illustrated in Figure 4, we consider a pair of convex hulls.
For each vertex xijk (the case for xi′j′k′ is symmetric), the
normal contact force is given by:

f⊥ijk,i′j′ = ∂Ψiji′j′/∂Xijk. (10)

In addition, by the friction cone constraint, the vertex may also
experience tangential frictional forces f∥ijk,i′j′ , which satisfy:

⟨f⊥ijk,i′j′ , f
∥

ijk,i′j′⟩ = 0 ∥f∥ijk,i′j′∥ ≤ η∥f
⊥
ijk,i′j′∥, (11)



where η is the friction coefficient of the cone. However, the
friction cone constraints alone are not sufficient. We must also
ensure that the collection of frictional forces applied on the
two convex hulls satisfies both force and torque balance. To
achieve this, we adopt the idea of [41], in which the separating
plane is treated as a fictitious physical object with zero mass.
While the separating plane has no direct physical impact on
the system, it serves as a proxy for formulating and enforcing
the balance of frictional forces. Concretely, for a frictional
force applied on xijk, an opposing force is applied to the
plane, resulting in an in-plane force of −f∥ijk,i′j′ and an in-
plane torque of −Tiji′j′Xijk × f

∥

ijk,i′j′ , where Tiji′j′ denotes
the projection operator onto the plane normal space and niji′j′

is the (unnormalized) separating plane normal, as defined in
the normal collision potential (Equation 8). Finally, since the
separating plane has zero mass, it must remain in equilibrium
to avoid unbounded accelerations. This yields the following
in-plane force and torque balance conditions:

∑
k

f∥ijk,i′j′ +∑
k′

f∥i′j′k′,ij = 0,

Tiji′j′ [∑
k

Xijk × f
∥

ijk,i′j′ +∑
k′

Xi′j′k′ × f
∥

i′j′k′,ij] = 0.
(12)

Finally, we incorporate the frictional contact forces by defining
the augmented potential energy and constraint function C̄:

C̄(q, x, f∥iji′j′) = ∇q

⎡
⎢
⎢
⎢
⎢
⎣

Ψ(q, x) − ∑
i≠i′
∑
j,j′
∑
k

⟨Xijk, f
∥

ijk,i′j′⟩

⎤
⎥
⎥
⎥
⎥
⎦

. (13)

Again, we summarize the well-behaved properties of our
augmented physical constraints below:

Property III.2. When µ > 0, C̄(q, x, f∥iji′j′) is globally differ-
entiable with respect to both q and x. When C̄(q, x, f∥iji′j′) =
0, all objects are force and in-plane torque balanced while
satisfying the Newton’s third law.

We emphasize that an important difference from the fric-
tionaless case is that we can only ensure torque balance for the
components perpendicular to the plane normal [41]. Unfortu-
nately, the torque component along the plane normal direction
is not balance in general. But the violation to torque balance
along this component is controlled by the complementarity gap
µ. By selecting a small value of µ, the violation is negligible
in practice.

Although the frictional contact forces are straightforward to
formulate, incorporating these constraints would significantly
increase the dimensions of the decision space. Indeed, we need
to optimize a pair of per-vertex frictional forces f∥iji′j′ between
each pair of rigid bodies, leading to the following constrained

optimization:

argmin
q,x,f

∥

iji′j′

O(q, x) (14)

s.t.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

C̄(q, x, f∥iji′j′) = 0

⟨f⊥ijk,i′j′ , f
∥

ijk,i′j′⟩ = 0

∥f∥ijk,i′j′∥ ≤ η∥f
⊥
ijk,i′j′∥

∑k f
∥

ijk,i′j′ +∑k′ f
∥

i′j′k′,ij = 0,

Tiji′j′ [∑k Xijk × f
∥

ijk,i′j′ +∑k′Xi′j′k′ × f
∥

i′j′k′,ij] = 0.

The above optimized when handled using the ALM algorithm,
which in turn requires large-scale linear system solves in the
underlying LM algorithm—a major computational bottleneck.
To tackle this issue, we notice that the additional complexity
due to the frictional forces can be largely eliminated by
utilizing the special sparsity pattern in the underlying Gauss-
Newton Hessian matrix. First, we notice that the ALM sub-
problem takes the following form:

argmin
q,x,fiji′j′

O + λT C̄ +
ρ

2
∥C̄∥2 + ∑

iji′j′
Φ(q, x, fiji′j′), (15)

where each term Φ(q, x, fiji′j′) includes the constraint (Equa-
tion 11 and Equation 12) and augmented Lagrangian terms
due to frictions between each pair of convex hulls ij and i′j′,
with definitions deferred to appendix. Different pairs of convex
hulls are coupled only in the term C̄(q, x, fiji′j′), so that the
Gauss-Newton Hessian matrix takes the following form:

H ≜ ∇2O + ∑
iji′j′
∇

2Φ +∇C̄T
∇C̄. (16)

( ( ( (

:∇CT∇C+

∇2O
:∇2

iji′j′,qx
Φ :∇2

iji′j′
Φ :∇2O

H = A =

Fig. 5: We illustrate the structure of matrix H (left) and matrix
A (right). A is block-diagonal and each block is small. H is
factored using the Woodbury matrix identity.

We first notice that ∇C̄ has a rank of at most ∣q∣, which
is the dimension of the configuration space. Therefore, we
could use the Woodbury matrix identity to efficiently solve
the linear system via Algorithm 1, where the related matrices
are illustrated in Figure 5. However, Algorithm 1 still requires
solving the linear system with matrix A on the left hand side,
which again involves all the decision variables. Fortunately,
since the matrix ∇C̄ has been factored out of the matrix A,
frictional forces between different pairs of convex hulls have
been decoupled, allowing us to use the Schur complement
solver to efficiently solve such linear systems. Specifically,
given any righthand side b, we can decompose b as:

b = (bqx
T ,⋯T , biji′j′

T ,⋯T )
T
, (17)



where the first block corresponds to the first ∣q∣ + ∣x∣ rows
and the follow-up blocks each correspond to the rows for
each pair of convex hulls iji′j′. Similarly, the Hessian of
∇2Φ(q, x, f∥iji′j′) has the following decomposition:

∇
2Φ = (

∇2
qxΦ ∇2

qx,iji′j′Φ
∇2

iji′j′,qxΦ ∇2
iji′j′Φ

) (18)

With the above notation, we can solve the linear system as
outlined in Algorithm 2.

Algorithm 1 Solve-H(b)

Input: ∇C̄,∇2Φ(q, x, f∥iji′j′),∇
2O

Output: H−1b
1: A← ∇2O +∑iji′j′ ∇

2Φ
2: ▷ We use the following Woodbury matrix identity
3: ▷ A−1 −A−1∇C̄T (I +∇C̄A−1∇C̄T )−1∇C̄A−1

4: b←Solve-A(b)
5: c← ∇C̄T (I +∇C̄A−1∇C̄T )−1∇C̄b
6: Return b−Solve-A(c)

Algorithm 2 Solve-A(b)

Input: ∇2Φ(q, x, f∥iji′j′),∇
2O

Output: A−1b
1: Aqx ← ∇

2O
2: for Each pair of convex hulls iji′j′ do
3: Aqx ← Aqx −∇

2
qx,iji′j′Φ∇

2
iji′j′Φ

−1∇2
iji′j′,qxΦ

4: bqx ← bqx −∇
2
qx,iji′j′Φ

T∇2
iji′j′Φ

−1biji′j′

5: bqx ← A−1qxbqx
6: for Each pair of convex hulls iji′j′ do
7: biji′j′ ← ∇

2
iji′j′Φ

−1(biji′j′ −∇
2
iji′j′,qxΦbqx)

8: Return b

IV. EVALUATION

We have evaluated our method on a single Intel Core Ultra
9 285K CPU and a single GeForce RTX 5090 GPU with
32GB of memory. All the computations are done on CPU
except for differentiable rendering based texture optimization.
We use multi-threading to compute evaluate different rows
of the Jacobian. We propose to use the Levenberg-Marquardt
algorithm, a form of the Quasi-Newton’s method to serve as
our subproblem solver Problem 6. This is because Problem 6
is essentially solving a least-square problem with r(q, x) being
the residual, due to the following rewrite:

O + λTC +
ρ

2
∥C∥2 ∝ O +

ρ

2
∥C + λ/ρ∥2 ≜ ∥r(q, x)∥2, (19)

and noting that our objective function O (Equation 4) also
takes a least square form (A similar argument applies to the
frictional constraint part, which is omitted here for brevity).
We terminate the subproblem solver when ∥r∥∞ ≤ ϵr or
∥rT∂r/∂(x, q)∥∞ ≤ ϵg . We find that due to the physics
constraint C being very stiff, leading to the subproblem solver

make very small progress over many iterations. We thus
terminate the inner loop when the progress is less than 1% over
20 iterations. Finally, we terminate the outer ALM iteration
when ∥C∥∞ ≤ ϵC or the residual of the KKT condition
does not improve by more than 1% over consecutive ALM
iterations. Through all our experiments, we choose parameters
ϵr = 10

−6, ϵg = 10
−2, ϵC = 5 × 10

−4.

Scenario Max Kinetic Energy (J) ↓ Max Drift Distance (cm) ↓

Ours SAM3D Ours SAM3D

1 7.19 × 10−4 4.77 × 100 1.62 59.41
2 2.24 × 10−3 5.68 × 100 0.83 87.56
3 1.12 × 10−2 2.08 × 100 3.10 31.06
4 3.32 × 10−3 2.32 × 100 0.73 172.55
5 4.36 × 10−3 5.73 × 100 2.28 51.69

TABLE I: We summarize the simulator stability by the amount
of kinetic energy gain (left) during the first 1 second and drift
distance (right) over the first 1 minute of simulation time.

Scenario PSNR↑

Ours vs. RGB SAM3D vs. RGB Ours vs. SAM3D

1 17.92 18.11 20.16
2 19.99 18.99 22.32
3 18.37 17.34 18.70
4 21.43 21.11 23.95
5 20.15 20.32 20.17

TABLE II: We profile the PSNR between the images rendered
using our estimated shape and pose (Ours), SAM3D estimated
initial guess, which is further adjusted by FoundationPose
(SAM3D), and the Groudtruth RGBD image (RGB).

a) Simulation-ready Results: All benchmarks are visu-
alized in Figure 6. We evaluate our method on five cluttered
tabletop scenes containing up to 5 rigid objects, represented
by a total of 22 convex hulls. To assess the simulation-
ready quality of our reconstructions, we forward the esti-
mated object shapes and poses into the widely used MuJoCo
physics simulator [33]. Under standard physical parameter
settings (see Appendix for details), our reconstructions remain
in force equilibrium over 1 minute of simulation time. In
contrast, the initial shape and pose estimates produced by
SAM3D [10] and FoundationPose [36] always contain severe
inter-penetrations, causing simulation instability and failure,
as reported in Table I. We also try three most recent single-
view scene reconstruction works [4, 16, 1], yet none of them
are able to produce comparable result (as illustrated in Ap-
pendix). We further compare visual fidelity against the initial
SAM3D+FoundationPose estimates. As shown in Table II,
our results achieve comparable PSNR, indicating that physical
consistency is improved without sacrificing visual accuracy.

b) Performance: Benchmark statistics are summarized
in Table III. Our algorithm converges within 6-9 ALM it-
erations, with a representative convergence trajectory shown
in Figure 7. A detailed performance breakdown is provided



Fig. 6: A visualization of our benchmarking scenarios. Top Row: The input single-view image observation. Middle Row:
The estimated simulation-ready rigid bodies models. Bottom Row: Our estimated scenes achieve physical force equilibrium in
MuJoCo [33], showing simulated contact forces after settling.

Scenario #Hull #Vertex #ALM #LM Wall Time (min)

1 6 299 7 2536 46.1
2 16 795 6 2322 259.7
3 10 487 9 4529 224.2
4 12 597 7 3106 202.15
5 22 1099 7 2640 539.92

TABLE III: We summarize the statistics of our benchmarking
scenarios. From left to right: the total number of convex hulls,
the total number of vertices, number of ALM outer iterations,
number of LM iterations, and the total computational time.
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Fig. 7: The convergence history of a typical optimization
procedure, which converges within 9 ALM iterations.

in Figure 8. The dominant computational cost arises from re-
peated evaluations of the physics constraint C̄ and its Jacobian,
which require solving nested separating-plane optimizations
between convex hulls. The second most expensive component
is the linear solve. We further evaluate our structured linear
solver (Algorithm 1) and compare it against direct LU factor-
ization in Table IV. The results demonstrate an overall speedup

1 2 3 4 5
Scenario

0%

10%

20%

30%

40%

50%

Visual Infer. + Geometry Proc.
Jacobian

Constraint
Linear Solve

Other Numerical Ops.

Fig. 8: Our method involves Visual (SAM3D, FoundationPose)
inference & geometry process, constraint & Jacobian evalua-
tion, linear solve, and other operations. This figure shows the
performance breakdown in percentage.

Scenario #Params Woodbury (Alg. 1) Direct LU Speedup

1 2751 0.475 0.681 1.43×
2 12045 3.162 19.713 6.23×
3 7425 1.318 7.226 5.48×
4 9075 1.814 8.085 4.45×
5 19932 7.342 63.909 8.71×

TABLE IV: The average cost comparison of solving the
structured linear system (in seconds) using our method (Algo-
rithm 1) and direct LU factorization.

of up to 8.7×.

V. CONCLUSION

We present a real-to-sim scene estimation framework that
reconstructs physically consistent, simulation-ready object
shapes and poses from sparse observations in cluttered envi-
ronments. Our core contribution is a joint physics-constrained



optimization formulated directly in the coupled shape-pose
space. Building on the novel SDRS contact model, we enforce
quasistatic force equilibrium and develop a structure-aware
linear solver that enables efficient and stable optimization for
large-scale scenes with many interacting objects. Integrated
into a pipeline with learning-based initialization and differ-
entiable texture refinement, our method robustly produces
physically valid, simulation-ready reconstructions.

Our method open doors to several avenues of future work.
The major limitation of our method is the high computational
cost due to the extended decision variables parameterizing
object shapes. We plan to utilize GPU to further reduce the
computational overhead. Further, the SAM3D estimated object
shapes can be rather inaccurate in cluttered scenes with severe
occlusions. In future works, we plan to enable image-guided
end-to-end real-to-sim optimization without relying on full
mesh-based initial guess providied by SAM3D.
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APPENDIX

In this appendix, we present the complete details of our
methods, as well as several additional results. First in Ap-
pendix A, we provide the complete detail of our ALM-based
optimizer. Then in Appendix B, we present details of our
geometric processing algorithms for generating the valid initial
guess. Finally, in Appendix C, we show more examples and
baseline comparisons.

APPENDIX A
OPTIMIZATION DETAILS

A. Complete ALM formulation

In this section, we expand the frictional ALM subprob-
lem in Equation 15 by explicitly defining the per-contact
augmented term Φ(q, x, fiji′j′), and illustrate our complete
algorithmic flow to solve the ALM problem. Recall that for
each interacting convex-hull pair (ij, i′j′ ) and each vertex
Xijk, the normal force f⊥ijk,i′j′ is a function of shape x and
pose q according to Equation 10, and we introduce per-vertex
tangential friction force variables f∥ijk,i′j′ . We use the vector
f∥iji′j′ to denotes all force terms {f∥ijk,i′j′}k stacked together.

For brevity, we denote z ≜ (q, x,⋯, f∥iji′j′ ,⋯). With such
notation, our formulation consists of 4 kinds of frictional
contact constraints for our scene estimation problem:
1) Force equilibrium for objects:

Cequi(z) ≜ C̄(z) = ∇q

⎡
⎢
⎢
⎢
⎢
⎣

Ψ(q, x) − ∑
i≠i′
∑
j,j′
∑
k

⟨Xijk, f
∥

ijk,i′j′⟩

⎤
⎥
⎥
⎥
⎥
⎦

= 0,

2) Orthogonality:

Ciji′j′

orth (z) ≜

⎛
⎜
⎜
⎝

⋮

⟨f⊥ijk,i′j′ , f
∥

ijk,i′j′⟩

⋮

⎞
⎟
⎟
⎠

= 0,

3) Friction cone:

Ciji′j′

cone (z) ≜
⎛
⎜
⎝

⋮

∥f∥ijk,i′j′∥ − η∥f
⊥
ijk,i′j′∥

⋮

⎞
⎟
⎠
≤ 0,

4) Tangential force equilibrium for separating plane:

Ciji′j′

plane (z) ≜
⎛

⎝

∑k f
∥

ijk,i′j′ +∑k′ f
∥

i′j′k′,ij

Tiji′j′ [∑k Xijk× f
∥

ijk,i′j′ +∑k′Xi′j′k′× f
∥

i′j′k′,ij]

⎞

⎠
= 0.

Note that we redefine C̄ as Cequi for more conveniently dis-
tinguishing different types of constraints. We then compactly
group the constraints as follows:

Ceq(z) ≜

⎛
⎜
⎜
⎝

Cequi(z)

{Ciji′j′

orth (z)}ij,i′j′

{Ciji′j′

plane (z)}ij,i′j′

⎞
⎟
⎟
⎠

Cineq(z) ≜ {C
iji′j′

cone (z)}ij,i′j′ .

To handle inequality constraint in the Augmented La-
grangian formulation, following [7], we introduce the element-
wise clamp operation by defining [u]+ ≜ max(u,0) and
Ĉineq(z) ≜ [Cineq(z)]+. Let λeq and λineq denote Lagrange

multipliers for equality and inequality constraint, respectively.
We further define the corresponding penalty parameter be
ρeq > 0 and ρineq > 0. (We define similarly for constraint groups
(λequi, ρequi ), (λiji′j′

orth , ρiji
′j′

orth ) etc.). The complete Augmented
Lagrangian subproblem takes the following form:

argmin
z

⎧⎪⎪⎪⎪
⎨
⎪⎪⎪⎪⎩

O(z)+

λT
eqCeq(z) +

ρeq

2
∥Ceq(z)∥

2+

λT
ineqĈineq(z) +

ρineq

2
∥Ĉineq(z)∥

2.

(A.1)

For each interacting pair (ij, i′j′ ) of convex hulls, define the
pairwise equality and inequality constraint:

Ciji′j′

eq (z) ≜
⎛

⎝

Ciji′j′

orth (z)

Ciji′j′

plane (z)

⎞

⎠
Ĉiji′j′

ineq (z) ≜ [C
iji′j′

cone (z)]+.

Then Problem A.1 can be equivalently written as:

L(z) = O(z)+λT
equiCequi(z)+

ρeq

2
∥Cequi(z)∥

2
+ ∑
ij,i′j′

Φiji′j′
(z),

which is exactly Equation 15 in our main paper with the per-
pair augmented term:

Φiji′j′
(z) ≜

⎧⎪⎪
⎨
⎪⎪⎩

(λiji′j′

eq )TCiji′j′

eq (z) +
ρeq

2
∥Ciji′j′

eq (z)∥2+

(λiji′j′

ineq )
TCiji′j′

ineq (z) +
ρineq

2
∥Ĉiji′j′

ineq (z)∥
2.

(A.2)

Still, since our visual objective takes a least-square form,
i.e., we can rewrite O(z) by finding rO(z) satisfying
∥rO(z)∥

2 = O(z), solving the complete ALM Problem A.1
is equivalent to minimizing ∥r(z)∥2 with:

r(z) ≜

⎛
⎜
⎜
⎜
⎝

rO(z)
√
ρeq(Ceq(z) + λeq/ρeq)

√
ρineq(Ĉineq(z) + λineq/ρineq)

⎞
⎟
⎟
⎟
⎠

,

and we solve the least-square problem using the LM algorithm
with our structure aware linear solver (Algorithm 1 in the main
paper) that exploit the low rank and pairwise sparsity. The
ALM solving process is summarized in Algorithm 3 below.

We use a unified optimization parameter setting across all
the scenarios illustrated in the main paper and Appendix C.
We set visual objective weights to be w1 = 2 × 10−2,w2 =

10−1,w3 = 2 × 10
−2, the complementarity gap is chosen to be

a small value µ = 5× 10−5 and the frictional coefficient η = 1.
We terminate the subproblem LM solver when ∥r(z)∥∞ ≤
ϵr or ∥rT∂r/∂z∥∞ ≤ ϵg . We find that, due to the physics
constraint being very stiff, leading to the subproblem solver
occasionally make very small progress over many iterations.
We thus terminate the inner loop when the progress is less
than 1% over 20 iterations. Finally, we terminate the outer
ALM iteration when ∥Ceq∥∞ ≤ ϵC eq and ∥Cineq∥∞ ≤ ϵC ineq
or the residual of the KKT condition does not improve by
more than 1% over consecutive ALM iterations. Through all
our experiments, we choose parameters ρinit

eq = 10−2, ρinit
ineq =

2, λinit
eq = λinit

ineq = 0, γeq = γineq = 0.25, βeq = 8, βineq = 4, ϵr =

10−6, ϵg = 10
−2, ϵC eq = ϵC ineq = 5 × 10

−4.



Algorithm 3 ALM-based Joint Shape and Pose Optimization

Input: Initial guess z ≜ (x, q, f∥iji′j′); initial multiplier
λeq, λineq; initial penalty ρeq, ρineq ∈ (0,∞); γeq, γineq ∈

(0,1); βeq, βineq ∈ (1,∞)
Output: Locally optimal z

1: Oprev ←∞

2: while Not converged do
3: ▷ ICP-type closest point update
4: for Each convex hull vertex Xijk do
5: Compute and fix p(Xijk) (Equation 2)
6: for Each pil ∈ Pi and pil ∈ Mi do
7: Compute X(pil) (Equation 3)
8: Compute ∆il by fixing wk (Equation 5)
9: Evaluate O(z) (Equation 4)

10: ▷ Heuristic to ensure function value decrease
11: while O(z) > Oprev do
12: Find X(pil) with largest ∆il

13: Exclude ∥X(pil) − pil∥2 from O

14: zprev ← z
15: ▷ LM method with linear solver (Algorithm 1)
16: Solve Problem A.1 to update z
17: ▷ Update multiplier as in [7]
18: λeq ← λeq + ρeq Ceq, λineq ← λineq + ρineq Ĉineq
19: ▷ Schedule penalty as in [7]
20: if ∥Ceq(z)∥∞ ≥ γeq∥Ceq(z)∥∞ then
21: ρeq ← βeq ρeq

22: if ∥Ĉineq(z)∥∞ ≥ γineq∥Ĉineq(z)∥∞ then
23: ρineq ← βineq ρineq

24: Oprev ← O(z)

Fig. 9: Two non-convex objects separated using SDRS contact
model, each consisting of two convex hulls. Left: Without
aggregation, we need 4 separating planes. Right: With aggre-
gation, we only introduce a single separating plane.

B. Separating Plane Aggregation

Our scene estimation problem is inherently ill-posed: we
seek to recover complete 3D object shapes from a single RGB-
D observation. Addressing this challenge requires introducing
a large number of decision variables, which in turn gives rise
to numerous feasible local minima. As a result, the optimizer is
free to converge to arbitrary solutions, particularly in occluded
regions where shape evidence is absent. In practice, this

freedom is often undesirable and commonly manifests as
noisy or irregular geometry on occluded contact surfaces.
To mitigate this issue, we propose separating plane aggre-
gation, a simple yet effective regularization technique that
encourages the recovery of smooth object shapes. Although
the contact model of [41] conceptually inserts a separating
plane between each pair of convex hulls, this assumption is not
strictly necessary. In fact, a separating plane can be introduced
between arbitrary non-convex shapes, in which case SDRS
implicitly treats each shape as its convex hull. Leveraging this
observation, we introduce a single separating plane between
each pair of interacting objects, rather than multiple planes
between all pairs of their constituent convex hulls, as shown
in Figure 9. This aggregation effectively regularizes occluded
contact regions by encouraging them to align with a common
separating plane, resulting in smoother and more physically
plausible contact surfaces. We emphasize that, even with the
separating plane aggregation, we are still representing each
object as multiple convex hulls and the vertices of each
convex hull is treated as separate decision variables to be
optimized. This is necessary to match arbitrarily non-convex
object shapes.

APPENDIX B
VISUAL INFERENCE & GEOMETRY PROCESS

In this section, we explain the details of the visual inference
pipeline and geometry processing for initialization of our
physics-aware optimization.

A. Visual Inference

Given an RGBD image of the scene, we first use SAM2 [28]
to generate the mask for each object in the scene from a
user selected bounding box. We then use SAM3D [10] to
generate an initial geometry for each object, conditioned on
the RGBD image and the mask. The output mesh might not
be watertight and has excessively high resolution, which slows
down geometric processing. Therefore, we simplify and fix the
mesh using PyMeshFix [5] and re-textured the mesh using
xatlas [43] and Nvdiffrast [18]. As mentioned in the main
content, the poses given by SAM3D are oftentimes inaccurate.
To further correct them, we use FoundationPose [36] to
register the textured mesh to the RGBD image.

The point clouds derived from the RGBD camera are prone
to noisy outliers. We use the SAM3D generated mesh and the
registered pose to filter the noisy segmented point cloud used
in the optimization. For each object i, we remove any point
with segmentation label i if its distance to the mesh of the
object i is greater than 0.01m. We include the table in the scene
as a static object, i.e. it’s pose and shape are not optimized
but its contact interactions are accounted in constraint. We
fit the upper surface of the table using the observed point
cloud. The gravitational direction is assumed to be aligned
with the normal of the table upper surface. We further define
the body frame of each object using PCA. For each object,
we compute its initial translation by the center of its vertices.



Fig. 10: We illustrate various violations to physical constraints induced by visual inference. Top: penetrations (red) and floating
objects (blue) always occur as SAM3D and FoundationPose do not explicitly enforce physics constraints. Bottom: These
violations always lead to simulation blow up in MuJoCo.

Fig. 11: An illustration of our visual inference and geom-
etry process pipeline. Top Left: Initial estimation of each
object mesh; Top Right: Filtered point cloud; Bottom Left:
Penetrating free mesh after shrinkage; Bottom Right: Convex
decomposition.

The initial orientation is defined by PCA analysis extracting
principal axes.

Since mass is ambiguous from only RGBD input, we
manually assign the total mass of each object. For each object,
we compute the volume of the mesh given by SAM3D and
the total mass of the object is set to be the product of density
and volume. The density of the objects across all examples is
set to be 800 (kg/m3) (the average density for materials like
wood and plastic). Note that the assigned per-vertex mass is
just an initial guess and our optimizer is allowed to fine-tune
the mass and inertia properties.

B. Penetration-free Initialization

The SDRS contact model we adopt is based on the in-
terior point principle, which requires a strictly feasible, i.e.,

penetration-free initialization. Unfortunately, this is not guar-
anteed by our visual inference as shown in Figure 10. There-
fore, we adopt the following process to resolve penetrations for
initialization of the optimization process. For each colliding
mesh pair in the initial estimate, we shrink both objects by
extracting the isosurface with the SDF value −d, where d > 0 is
the minimum shrinkage distance for the object pair to become
penetration-free. To make this process more robust for thin
objects, the SDF is computed in the normalized space, where
the object bounding box is normalized to [0,1]3.

After the penetration is resolved, we use CoACD [35] to
decompose the mesh of each object into unions of convex
hulls. CoACD provides various options to control the fidelity
of the decomposed result. For performance consideration, we
set max-convex-hull= 5, max-ch-vertex= 50, so that
each body is constrained to be decomposed into at most 5
hulls, with each hull having at most 50 vertices. The concavity
threshold= 0.05 which is the recommended default value
to capture geometry fidelity, other parameters are set to default
values as well. An illustration of the visual inference and
geometry process pipeline is shown in Figure 11.

APPENDIX C
ADDITIONAL RESULTS & BAELINE COMPARISONS

In this section, we present our detailed MuJoCo simulator
setup and present additional results.

A. MuJoCo Simulation Setting

To set up a simulation-ready scene in MuJoCo [33], we
specify the simulator parameters and the states and properties
of rigid bodies as follows.

1) Simulator Parameter Setting: For a complete list of
simulator related parameters, we refer the readers to the official
documentation. Here we explain the critical settings that differ
from the default values: the simulator timstep= 10−3, and
the integrator is set to “implicit” to enhance simulation
stability for the cluttered scene. Moreover, MuJoCo’s contact
model by default induces gradual slippage phenomenon and



Fig. 12: A visualization of our additional examples on scenes from the YCB-V dataset. Top Row: The input single-view image
observation. Middle Row: The estimated simulation-ready rigid bodies models. Bottom Row: Our estimated scenes achieve
physical force equilibrium in MuJoCo [33], where we visualized the contact forces.

noslip_iterations= 10 is set to prevent such slippage
artifact. For the collision detection and contact related settings,
we turn on multi_ccd to enable the collision detection
pipeline to return multiple contact points for a single collision
geometry, the cone option is set to “elliptic” to match our
friction cone formulation and we use condim= 4, which
provide additional torsional friction around contact normal.
This is also recommended by the official documentation to
prevent simulation instability and drifting in multi contact
scenario. We set the friction (coefficient) to be [1,0.005]
to match our optimization parameter setting and only provide
minimal torsional friction (default value).

2) Baseline Processing: For comparison, we simulate the
scene estimated using various visual inference pipelines, in-
cluding the SAM3D + FoundationPose pipeline and two
baselines below. The results of these scene estimators are using
mesh-based object representation. For each of the estimated
rigid bodies in the scene, we replace their collision mesh
by a high-fidelity convex decomposition using CoACD [35].
This is for fair comparison and recommended by the official
documentation of MuJoCo. The visual geometry is the textured
geometry returned by the pipelines. The mass and inertia
tensor is auto calculated by MuJoCo using it’s internal scheme
with our assigned density. Internally MuJoCo performs volume
based mass calculation as we do and we confirm that the
numerical difference is negligible. The pose is also set based
on the output of the pipelines. An example of the simulation
result is shown in Figure 10 bottom row.

3) Optimized Result Processing: We discuss details for
loading results from our optimization result to MuJoCo. For
each of the rigid bodies in the scene, it’s collision geometry

is the unions of convex hulls extracted from the optimization
result x, while for visual geometry, we used the triangular
mesh merged from x using Manifold3d Library [19] with the
texture optimized by differentiable rendering [18]. The inertia
tensor is set based on our mass model instead of the default
auto-calculation done by MuJoCo, and we set the poses of the
objects according to our optimization result q.

B. Additional Examples

In addition to the five self-created cluttered scenes illustrated
in our main paper, we provide additional five examples to
show the generality of our pipeline. Specifically, we collect
five single view images from the YCB-V dataset [38], where
the selected scenarios are cluttered with complicated contact
relationship. We use the same parameter setting described
above. We include the performance statistic of these five
examples in Table V and the results are visualized in Figure 12.

Scen. #Hull #Vertex #Params #ALM #LM Wall Time

6 14 698 10590 7 2844 200.11
7 14 695 10545 7 1643 148.48
8 14 694 10485 7 1936 140.58
9 6 299 3678 6 2480 36.13
10 15 746 11310 6 1083 104.48

TABLE V: The statistics of the additional examples. From left
to right: the total number of convex hulls, the total number
of vertices, number of parameters in linear solve, number of
ALM outer iterations, number of LM iterations, and the total
computational time in minutes.



Fig. 13: A visualization of the baseline methods. Top row: Gen3DSR [4], middle row: SceneComplete [1], bottom row:
MIDI [16] (with different reconstructed objects visualized in different colors)

C. Baseline Comparisons

Here we include additional comparison with three most
recent single-view scene reconstruction methods, including
Gen3DSR [4], SceneComplete [1] and MIDI [16]. We di-
rectly use the open source implementation of the works with
their default model, parameter, and weight settings, while
making the following adjustments for our examples. First,
we observe that Gen3DSR and SceneComplete use their
own automatic segmentation and masking pipeline through
entity/background segmentation or vision language model
prompt. These pipelines often suffer from segmentation failure
such as missing object, mixing multiple objects into a single
one, when facing the highly cluttered and occluded scene. For
fair comparisons, we enhance their pipeline using the same
well-segmented masks that are created and used in our pipeline
with user bounding box selection. MIDI has the same user
bounding box selection interface as we do, hence we direct
use its native interface. In addition, these baselines rarely
take into considerations the static environment reconstruction,
i.e. table-top surface in our examples, because they are not
physically-aware. Gen3DSR can reconstruct environment, yet
often falsely reconstructs the table as another bulky object (e.g.
a huge bed) in the scene. SceneComplete does not reconstruct
the environment, it only focuses on the objects in the scene.
Since these two works take RGBD image as input, we can
manually assign the table top surface fitted from the point
cloud for them as we do for our pipeline. However, MIDI takes
only RGB image as input, and it does not provide or estimate
camera information. It is also unable to segment or reconstruct
the table. Therefore, the reconstructed result is ambiguous in
depth and object size, and we are unable to align and set
up the static scene for it. Moreover, we are unable to get

texture of the scene for MIDI due to computation resource
limit. We try our best to align the reconstruction result for
these baselines and show them in Figure 13. Regretfully, all of
these baselines generate meshes that have severe penetrations,
leading to immediate simulator blow up.
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