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Fig. 1. We introduce Kinematic Kitbashing – a framework that assembles reusable kinematic parts into functional, articulated objects driven
by user-specified tasks. Left: Three lamp modules are kitbashed with a weighted base and support bars; our framework optimizes part placements so all
heads reach their target points, producing a multi-head lamp. Right: A tabletop, drawers, doors, and a fold-down screen are rearranged into a reconfigurable
workstation; the optimized layout allows the entire assembly to fold into a cube that fits inside a moving truck, while still deploying smoothly when needed.

We introduce an automatic framework that synthesizes functional articulated
objects by reusing parts from existing models. Given a kinematic tree and a
set of articulated parts, our optimizer simultaneously solves for the spatial
placement of every part so that (i) attachments remain geometrically sound
over the entire range of articulation and (ii) the assembled object satisfies
user-specified functional goals such as collision-free actuation, reachability,
or trajectory following. At the core of our technique is a kinematics-aware
attachment energy that aligns vector-distance-field features sampled from
existing articulations. We embed this attachment energy within a Langevin
sampling framework that treats functionality objectives as additional ener-
gies, enabling robust global exploration while accommodating their non-
differentiability. Our framework produces a wide spectrum of functional
articulated shapes from pre-existing parts that are distinct from their orig-
inal assemblies. Our approach delivers strong quantitative improvements
over state-of-the-art baselines across geometric, kinematic, and functional
metrics. By tightly coupling kinematics-aware geometry matching with
functionality-driven optimization, we bridge part-based shape modeling
and functional assembly design, empowering rapid creation of interactive
articulated assets.

1 Introduction
Kitbashing is a term coined by hobbyists to describe the reuse of
parts from multiple toy-kit models in novel and different ways
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from their original intent.1 In this way, a real-world hobbyist can
make a novel robot, for example, from pieces sourced from various
models/kits. Digital creators have adopted this approach to develop
kitbash datasets that can be assembled in various ways to create
unique environments or 3D models. We take inspiration from this
concept in the development of articulated 3D objects, namely by
taking advantage of existing assemblies to build new ones.

Specifically, articulation refers to the connection of subparts from
an assembly of parts that move relative to one another. For example,
a child part might slid or turn/rotate relative to its parent. Beyond
articulation, such objects must also be functional, meaning that they
satisfy task-specific requirements for given actions. Functional goals
vary based on the object, such as clearance with collision-free paths
as one subpart moves without penetrating neighboring subparts, or
reachability as end-effectors are able to make contact with target
locations in an environment. Functional, articulated objects mimic
real-world counterparts from simple mechanisms to complicated
machines. And in a virtual setting, they facilitate the creation of
richer environments with increased interactivity and immersion.
To this end, we aspire to build 3D articulated, functional objects
through the re-use of object articulations from existing 3D models
and simple descriptions of functionality.

1https://en.wikipedia.org/wiki/Kitbashing
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To date, the production of articulated objects remains largely a
manual process. We propose to automate their construction through
an optimization that places 3D subparts based on knowledge from
existing assemblies and functional requirements. We observe that
existing articulations expose functional features in the geometry,
specifically in the region that is spatially surrounded by the kine-
matic part of interest. This geometric region encodes cues that
should be preserved when attaching the part to a new parent. We
note that these features can provide a strong geometric guide for
reattachment; for example, a wheel should snap into a recess with
similar geometric affordances. With this insight, we capture these
cues with a vector distance field (VDF) that measures offsets from the
part to its surrounding parent. Because an articulation spans a con-
tinuum of poses, we accumulate the VDF-matching error across the
entire pose dimension. The resulting energy is therefore kinematics-
aware: it favors placements whose surrounding geometry matches
the original socket throughout the entire articulation cycle. Ag-
gregating over poses effectively adds a time dimension on top of
the spatial dimension. We address this added complexity with an
alternating optimization scheme that keeps runtime practical.
We also want the optimizer to account for the functional goals

desired of the new object. Functional tasks may range from reaching
tasks to accommodate a specific scene, to packing a reconfigurable
table into a truck (Fig. 1). Such functionality objectives are heteroge-
neous and typically evaluated through procedures such as inverse
kinematics or contact detection on swept volumes, for which inte-
grating gradient-based optimization would require case-specific en-
gineering. We address this with annealed Langevin dynamics, which
requires only evaluating their objective values without the need for
their gradient; thus, it accommodates a broad range of functional
objectives without redesigning the solver for each specific case.
These functional terms are co-optimized with our kinematics-aware
attachment energy within the same Langevin sampling framework.
In sum, starting from a design plan that outlines the desired

articulation in a kinematic tree and a set of parts taken from known
articulated objects, our technique solves for a novel assembly that
meets the plan using the given parts while also upholding additional
functional requirements (see Fig. 1). In summary, our optimization
approach makes the following contributions: (1) introduction of
VDF part snapping; (2) kinematics-aware energy formulation drawn
from existing assemblies; (3) satisfaction of general functionality
requirements through Langevin dynamics.

2 Related Work
Given a functionality objective and a kinematic graph, our method
places all parts such that the assembled object fulfills the function-
ality. Our problem formulation is related to part-based 3D object
synthesis. We focus our discussion on synthesizing functional, artic-
ulated objects, and refer readers to recent surveys [Chaudhuri et al.
2020; Mitra et al. 2013; Ritchie et al. 2023] for static object synthesis.

2.1 Synthesis of Functional Objects
Topology optimization [Deaton and Grandhi 2014] is a broad term
for work that considers functionality in the context of 3D shape
modeling. Work in this area typically treats structural properties

(e.g., material distributions) of the object as a variable that is opti-
mized to satisfy functional goals (e.g., minimizing compliance given
a target load). However, these methods mostly consider optimiz-
ing the interior of single objects, deviating from our focus on the
functionality and relationship between a collection of articulated
components. Another relevant subfield is functional shape analy-
sis [Hu et al. 2018], which covers a range of topics from visualizing
to characterizing functional objects. Closer to our approach, Zheng
et al. [2013] characterize a shape’s functionality by its components’
arrangement. By preserving simple geometric relationships (e.g.,
symmetries and contacts), the method can mix and match substruc-
tures from different shapes and synthesize static objects with similar
functionality. Garg et al. [2016] propose an interactive interface to
allow users to monitor and resolve infeasible configurations. Yao
et al. [2017] present an interactive tool for creating interlocking
woodworking-style joints for furniture and toys, along with tools for
verifying the object’s overall ease of assembly and stability. Koo et al.
[2014] propose an optimization tool to compute the arrangement
between geometric proxies (specifically, a collection of cuboids),
given user-specified functional relationships between them, includ-
ing coverage, fit inside, support, and flush. Our work can be viewed
as a generalization of the method by [Koo et al. 2014] to handle
triangle meshes and accommodates “global” functional goals (e.g.,
reaching distinct targets across multiple articulation poses) that
depend on the configuration of the entire object.

2.2 Modeling Articulated Objects
Another line of research focuses on modeling articulated objects,
i.e., a collection of rigid body components connected by mechanical
joints, with the aim of producing visually plausible articulations [Liu
et al. 2024b]. Several works are designed to infer articulation pa-
rameters for an input object made up of parts. These works assume
that the input parts are correctly arranged with respect to each
other. One approach is to distill the articulations between the parts
using images/videos [Jiang et al. 2022; Liu et al. 2023; Nie et al. 2023;
Pekelny and Gotsman 2008; Song et al. 2024; Wu et al. 2025] or from
pre-trained language/vision models [Liu et al. 2024a; Mandi et al.
2024; Qiu et al. 2025; Vora et al. 2025]. When having access to ground
truth articulation datasets (e.g., PartNetMobility [Xiang et al. 2020]
or procedural generation [Joshi et al. 2025]), several works have
demonstrated successful inference of articulation parameters from a
static object [Fu et al. 2024; Goyal et al. 2025; Hu et al. 2017; Luo et al.
2024; Wang et al. 2019; Yan et al. 2019]. However, most of these meth-
ods assume that the part arrangement is given, which is inapplicable
to our problem with unknown arrangements of input geometries.
The works closest to ours are the methods of Liu et al. [2024c] and
Lei et al. [2023]. From the given kinematic graph connectivity, they
use graph denoising diffusion to generate geometry and articulation
parameters jointly. However, they both depend on training neural
networks on the available datasets, which are limited in size and
restrict their ability to handle configurations beyond the training
distribution. Our approach is training-free and instead optimizes
each assembly directly to meet the specified functionalities.
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Fig. 2. Kinematics-aware attachment for a novel part pair. A wheel
mounted on a trash can is reattached to a car body. Our vector distance
field energy guides it to the fender recess, matching its original socket.

2.3 Articulated Mechanical Assemblies
The modeling and design of articulated mechanical assemblies—
structures with movable parts and mechanical joints—has become
a topic of significant interest for the computer graphics and com-
putational fabrication communities. Prior work has focused chiefly
on semi-automatic and optimization-based workflows for creating
such assemblies, with applications in robotics, animation, and com-
putational fabrication. Methods have been proposed for articulated
mechanisms that can be physically fabricated, including complex
linkages [Coros et al. 2013; Thomaszewski et al. 2014], compliant
joints [Megaro et al. 2017b; Zhang et al. 2021], and cable-driven
systems [Li et al. 2017; Megaro et al. 2017a]. Other approaches focus
on robotic and animated characters with expressive or task-specific
motions [Ceylan et al. 2013; Geilinger et al. 2018; Maloisel et al. 2023;
Megaro et al. 2015a,b], and dynamic objects [Bächer et al. 2014].
A common strategy across many of these methods is to begin

with a high-level specification of motion, such as a reference trajec-
tory [Coros et al. 2013; Thomaszewski et al. 2014] or an animation
sequence [Ceylan et al. 2013], and then solve a non-linear opti-
mization problem to determine the parameters of the mechanical
assembly that best realizes these motions. While powerful, these
methods require a carefully designed differentiated forward model
and are usually tailored to a particular mechanism class; adapting
them to new objectives often requires substantial re-engineering.
Our approach, by contrast, accepts black-box functional objectives.
This offers a practical and scalable alternative to existing methods,
particularly in cases where rapid exploration of designs is essential.

3 Approach
We frame kinematic kitbashing as an optimization that places a given
set of kinematic parts into a shared world frame, where the parts are
sourced from a database of articulated objects with known kinematic
structures and joint parameters. Specifically, the input consists of
(1) a kinematic tree whose nodes are associated with the kinematic
parts, and edges represent their parent-child adjacency in the articu-
lation, and (2) a functionality objective that evaluates the assembled
mechanism on a task such as reachability or trajectory tracking.

The optimization searches for rigid transformations that place the
parts while achieving the desired functionality in accordance with
the kinematic tree. Each child part carries its joint position and
axis in the local frame, information that is readily available from
source assets. We do not assume access to the corresponding joints
on the parent geometry. This setup reflects realistic scenarios for
articulated object modeling: Parts are straightforward to collect, but
manually annotating precise attachment positions and child part
poses on every potential parent mesh for desired functional goals is
both tedious and error-prone.

3.1 Problem Formulation & Notations
An articulated object consists of a set of rigid parts linked by me-
chanical joints that constrain their relative motion [Featherstone
2014]. The joint connectivity forms a directed graph. In this work,
we focus on a common case where this graph is a rooted tree, re-
ferred to as the kinematic tree: each part has a single parent (except
the root, which has no parent), and no cycles are allowed.

We represent each rigid part together with the joint that connects
it to its parent as a kinematic part. Let A𝑘 = (V𝑘 , F𝑘 ) be the mesh
of the 𝑘-th kinematic part in the kinematic tree, where V𝑘 and
F𝑘 denote its vertices and faces. Each joint is parameterized by a
generalized coordinate 𝜃 ∈ [𝜃 lo, 𝜃hi], whose dimension equals the
DoFs of the articulated motion. The joint parameters of all the
parts are collected into 𝜽𝑖 , which specifies an articulation pose 𝑖
of the articulated object. Forward kinematics function T(V𝑘 ;𝜽𝑖 ) :
R3×|V𝑘 | ×R𝑑→R3×|V𝑘 | with 𝑑 the total number of DoFs of all joints,
propagates these joint parameters 𝜽𝑖 along the kinematic tree and
outputs a set of transformed vertex locations from the rest-pose
vertices V𝑘 , with joint parameters 𝜽𝑖 controlling the transformations.
We write the 𝑘-th part A (𝑖 )

𝑘
at an articulated pose indexed by 𝑖 as

A (𝑖 )
𝑘

=
(
T(V𝑘 ;𝜽𝑖 ), F𝑘

)
. (1)

An articulated object S in reference coordinates consists of a set of
kinematic parts at different articulation poses:

S = {A (𝑖 )
𝑘
} . (2)

Given a collection of kinematic parts sourced from exemplar
articulated objects, our kinematic kitbashing aims to compute a set
of rigid transformations

P =
{
P𝑘

}𝐾
𝑘=1 =

{
(R𝑘 , d𝑘 )

}𝐾
𝑘=1 (3)

to place each part A (𝑖 )
𝑘

in
world coordinates. We use
R𝑘 ∈ SO(3) and d𝑘 ∈ R3 to
denote rotation and transla-
tion, respectively, for part
𝑘 . P𝑘 denotes the homo-
geneous rigid transforma-
tion matrix by concatenat-
ing R𝑘 , d𝑘 . We use Ã (𝑖 )

𝑘
(P) to denote the assembled instance of

A (𝑖 )
𝑘

once it has been positioned in world coordinates:

Ã (𝑖 )
𝑘
(P) =

(
T(R𝑘V𝑘 + d𝑘 ;𝜽𝑖 ), F𝑘

)
. (4)
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w/o kinematicsx2
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Fig. 3. Effect of kinematic attachment. A drawer slide and a hinged door
taken from the table are attached to a cabinet. Without kinematic-aware
attachment (top), i.e., the placement is optimized for a single pose and
ignores the full articulation, the doors are misoriented. With the kinematic
dimension (bottom), our method positions both parts plausibly.

Similar to the usage of S for the articulated shape in reference
coordinates, we use

S̃(P) = { Ã (𝑖 )
𝑘
(P) } (5)

to denote the collection of all articulated components across all poses
in world coordinates, determined by the set of transformations P.
We formally define our optimization problem as:

min
P

𝐸km (S̃(P)) + 𝜆𝐸func (S̃(P)) . (6)

The objective is split into two terms. The kinematic attachment term,
𝐸km, measures geometric attachment quality, ensuring that the place-
ment of adjacent parts in the kinematic tree is both geometrically
compatible and physically meaningful. A detailed formulation of
this term is discussed in Sec. 3.2. The functionality term, 𝐸func, mea-
sures how well the articulated object performs a user-specific task.
Examples of 𝐸func include trajectory-tracking error, swept-volume
overlap, and reachability of specified target positions. Since these
energies are evaluated via collision queries and inverse-kinematics
solves, we treat 𝐸func as a black-box energy within our Langevin
sampler, detailed in Sec. 3.3.

3.2 Kinematics-Aware Geometric Attachment
The kinematic attachment term 𝐸km is designed to support assem-
blies with complex kinematic trees (Fig. 1) and cross-category parts
(Fig. 2). Our key insight is that articulation exposes functional fea-
tures in the geometry of the parent part, specifically in the region
that is spatially surrounding the kinematic part. This geometric
region encodes cues that should be preserved when reattaching the
part to a new parent. For example, the wheel on a trash can rotates
relative to the container, and the surrounding geometry on the con-
tainer resembles a hub slot that accommodates this rotation. These
features provide a strong geometric guide for attaching parts: when
snapping the wheel to a new parent, such as a car body, it should
be placed at a location that exhibits similar geometric affordances.

3.2.1 Vector Distance Field Attachment Energy. We encode these
surrounding region cues using a vector distance field (VDF) [Faugeras
and Gomes 2000; Ma et al. 2020; Marschner et al. 2023]. Given a
source meshM𝑠 and a reference meshM𝑡 , the VDF assigns each

articulatedrest-pose

VDFICP

articulatedrest-pose

Fig. 4. ICP vs. VDF attachment. ICP ignores the clearance required be-
tween parts and snaps the arm directly into the torso surface. When the
arm articulates, this oversight becomes critical, producing collisions. VDF, in
contrast, keeps the necessary gap (red arrows) for collision-free articulation.

vertex x ∈ M𝑠 a vector from x to its closest point onM𝑡 , such that

u(M𝑠 ;M𝑡 ) = {projM𝑡 (x) − x|x ∈ M𝑠 } , (7)

where projM𝑡 (x) is the projection operator. Throughout this paper,
we adopt the sign convention that the vectors point toward the
surface of the reference mesh.

source part output

LetM𝑘 be the parent
mesh ofA (𝑖 )

𝑘
in a source

articulated object. For
every part-parent pair
u(A (𝑖 )

𝑘
,M𝑘 ), we com-

pute the VDF by project-
ing the surface vertices
of the part A (𝑖 )

𝑘
onto its

parent mesh M𝑘 over a set of articulation parameters {𝜽𝑖 } uni-
formly sampled over the joint range. At attachment time, given
a new parent partMnew

𝑘 , we optimize placement transformations
{R𝑘 , d𝑘 } so that the VDF between the transformed part Ã (𝑖 )

𝑘
and

its new parentMnew
𝑘 matches the VDF observed in the source pair

(A (𝑖 )
𝑘
,M𝑘 ). The VDF matching energy for a kinematic part 𝑘 is

defined as:

𝐸km
𝑘

=

𝑁∑︁
𝑖=1

𝐸km
𝑘,𝑖

=

𝑁∑︁
𝑖=1




R𝑘u(A (𝑖 )𝑘 ;M𝑘

)
−u

(
Ã (𝑖 )
𝑘
(P);Mnew

𝑘

)


2 . (8)

Here 𝐸km
𝑘

measures each child-parent pair in the kinematic tree
and then sums over the 𝑁 sampled articulated poses indexed by 𝑖 ,
where each pose is specified by the joint parameters 𝜽𝑖 sampled over
the joint parameter range. Aggregating the VDF error across the
entire pose rangemakes the energy kinematics-aware: the placement
must align the functional neighborhood of the part not just at a
single pose but consistently throughout its articulation. The total
𝐸km=

∑
𝑘 𝐸

km
𝑘

is minimized with respect to the set of rigid placement
P = {(R𝑘 , d𝑘 )} across all part pairs and poses.
We minimize 𝐸km

𝑘
iteratively: At each iteration, we first recom-

pute VDF vectors between the articulated shape and its new parent
u(Ã (𝑖 )

𝑘
,Mnew

𝑘 ), and then update the rigid transform (R𝑘 , d𝑘 ) to re-
duce the residuals. To enhance robustness, we incorporate two tech-
niques inspired by the iterative closest point (ICP) algorithm: (1) We
compute point-to-plane alignment to allow tangential sliding [Chen
and Medioni 1992]. (2) We also adopt Welsch’s weighting function
on the residuals to suppress outliers [Holland and Welsch 1977;
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source parts
w/o any prior

w/ data-driven priorw/ user-specified position

Fig. 5. Kinematic attachment under different priors. Our kinematics-
aware attachment energy alone may settle in different local minima depend-
ing on the initialization. The data-driven prior guides the wheels into the
canonical hub slots, providing placement with less dependence on initial-
ization. A user may pin the wheel to any desired location, even one absent
from the training set, such as the Airbus wing, forcing the wheel to follow
this out-of-distribution location and enabling customized assemblies.

Sorkine-Hornung and Rabinovich 2017]. Our complete formulation
is provided in the Appendix. Compared to ICP, VDFs inherently
respect the clearance between a part and its parent, whereas ICP’s
nearest-point matches drive the surfaces into direct contact and
ignore the gap needed for articulation, as shown in Fig. 4.

3.2.2 Alternating Local-Global Optimization. Although the attach-
ment energy 𝐸km can, in principle, be optimized using standard
second-order methods, we observe that these approaches become
computationally expensive due to the integration over the joint
parameters 𝜽𝑖 at all articulation poses. Evaluating gradients across
many articulation snapshots increases runtime significantly, espe-
cially when fine temporal resolution is required. To improve per-
formance, we adopt an alternating optimization approach inspired
by Bouaziz et al. [2014], instead of a Newton-type solver. Rather than
optimizing one transform that must fit all articulation poses simul-
taneously, we assign each pose 𝑖 an auxiliary transformation Q𝑖 and
bind these transforms to a shared rigid transformation P𝑘 = (R𝑘 , d𝑘 )
for part 𝑘 . The subproblems for computing Q𝑖 are now independent
and can be solved in parallel, and P𝑘 can be updated in closed form
as the average of allQ𝑖 . This decoupling greatly reduces the runtime.
Specifically, we optimize the following modified objective:

Local Step : min
Q𝑖

𝑁∑︁
𝑖=1

(
𝐸km
𝑘,𝑖
+ 𝜌

2



Log(Q−1𝑖 P𝑘
)

2) , (9)

Global Step : P𝑘 = Exp
( 1
𝑁

𝑁∑︁
𝑖=1

LogQ𝑖
)
, (10)

where Log(·) : SE(3) →R6 is the vectorized logarithm map in Lie
algebra and Exp(·) is its inverse map [Chirikjian 2011].

In the local step, to account for the non-Euclidean nature of SE(3),
we replace the standard Euclidean penalty with a geodesic distance
between P𝑘 and Q𝑖 , defined via the logarithmic map. The global
step similarly computes the average of Q𝑖 in the Lie algebra and

maps it back to the group using Exp, ensuring that P𝑘 remains on
the SE(3) manifold. We set 𝜌 = 104 to weight the penalty term.
Optimization proceeds by alternating between the local and the
global steps. We execute up to 20 iterations. Compared to Newton-
type optimization methods, this approach significantly improves
performance by enabling parallel optimization of all Q𝑖 in the local
step. For 𝑇 =20 in the cabinet door example (Fig. 3), our approach
reduces the wall-clock optimization time from 163 s to 19 s.

3.2.3 User Controls and Attachment Priors. The kinematic attach-
ment energy 𝐸km can be augmented with attachment priors that
bias a child part towards likely locations on its parent. Certain kine-
matic parts, especially those with clear functional semantics, tend
to appear in consistent relative locations with respect to their par-
ent parts. For example, car wheels typically attach near the lower
sides of the chassis, and drawers are inserted into centrally aligned
cavities within furniture. Our framework can optionally exploit this
regularity to improve controllability during attachment, which can
be performed in two ways: (1) The user can pin a target location
for the part’s center of mass; the optimization then determines the
rotation that minimizes the attachment energy while satisfying
this positional anchor. (2) When semantically labeled exemplars are
available, we learn a probability prior over relative transforms for
each part category from the PartNet Mobility dataset [Xiang et al.
2020] and add it to the attachment energy. Fig. 5 shows the effect of
no prior, a user pin, and a learned prior, demonstrating how each
reduces the dependence on initialization. Since this prior is optional,
we present its detailed formulation in Appendix.

3.3 Optimization via Annealed Langevin Dynamics
When the assembly must also hit a precise functional target, such as
steering a desk lamp’s beam onto a reading spot, stricter guidance
is required. Since 𝐸km only assesses the local kinematic fit, it admits
an entire family of equally good placements. For instance, the lamp
arm shown in the inset can be placed at many different angles that
minimize 𝐸km, yet most of these orientations fail to direct light
toward the target. VDF matching may also settle in local minima
when the initial pose is a severe outlier. To resolve this ambiguity

source parts kinematic attachment only

we conduct a global opti-
mization that minimizes 𝐸km
together with the functional-
ity term 𝐸func, restricting the
solution space to configura-
tions that achieve the goal.
The task objective 𝐸func

encompasses a diverse range
of evaluations, such as in-
verse kinematics and swept-
volume contact checks, so using gradient-based solvers would re-
quire bespoke derivations for each new target. Meanwhile, the op-
timization variable P spans 6𝐾 continuous DoFs, already larger
than 30 for a six-part assembly, where evolutionary or simulated-
annealing schemes lose efficiency [Knight and Lunacek 2007; Zhou
et al. 2024]. We address both challenges with annealed Langevin
dynamics. Treating the combined objective of the kinematic at-
tachment term 𝐸km and the functionality term 𝐸func in Eq. 6 as an
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initialized parts

Langevin dynamics w/o functionality

Langevin dynamics w/ functionality

003 pets082 pets05 pets 001 pets

...

functionality objective

output

Fig. 6. Intermediate results of annealed Langevin sampling. Langevin dynamics run with both the kinematic attachment term and the functionality term
gradually assemble the parts and end with a mechanism whose end-effectors reach the targets (top). Without the functionality term, the sampler still finds a
geometrically valid assembly, but the final configuration misses the targets, illustrating the ambiguity when functionality is ignored (bottom).

unnormalized probability density allows us to replace determinis-
tic minimization with stochastic sampling. The sampling process
converges towards high-probability modes, i.e., configurations with
concentrated low objective values, while naturally discarding im-
probable outliers, so optimal placements can be found without the
need for analytic gradients. A detailed analysis of Langevin dynam-
ics as a robust mode finder, and its relation to mean-shift and voting
schemes, is discussed in [Je et al. 2024].

Specifically, Langevin dynamics samples a sequence of rigid trans-
form sets {P𝑠 |𝑠 = 𝑆, ..., 0}. It starts with P𝑆 drawn from Gaussian
noises and iteratively steers towards the target distribution

𝑝0 (P0) ∝ exp
(
−𝐸

km (S̃(P0))
𝜆

)
exp(−𝐸func (S̃(P0))) . (11)

The update at each step follows

P𝑠−1 ← P𝑠 + 𝛼𝑠
2
∇P𝑠 log 𝑝𝑠 (P𝑠 ) +

√
𝛼𝑠𝜖, 𝑠 = 𝑆, ..., 1 , (12)

where 𝛼𝑠 is the step size, 𝜖∼N(0, I) is the noise. The score function
∇P𝑠 log 𝑝𝑠 (P𝑠 ) is estimated via Monte Carlo sampling:

∇P𝑠 log 𝑝𝑠 (P𝑠 ) =
∑
P0∈P0 𝑝0 (P0)∇P𝑠 log 𝑝𝑠 |0 (P𝑠 |P0)∑

P0∈P0 𝑝0 (P0) ,

where P0 is a batch of samples drawn from the proposal function
𝑝𝑠 |0 (P𝑠 |P0). It gives an unbiased approximation [Pan et al. 2024;
Song and Ermon 2019]. A full derivation is provided in the Appendix.
We run Langevin dynamics for 𝑆 = 300 iterations. To evaluate

𝑝0 (·), we first apply the optimization in Sec. 3.2 and then compute
𝐸km and 𝐸func on the resulting configuration. The score estimation
uses automatic differentiationwith 30 samples. A list of functionality
objectives used in our examples is provided in the Appendix.

4 Results
We evaluate our framework on the articulated object benchmark
and a suite of custom functional tasks. The experiments compare
against state-of-the-art baselines and showcase diverse assemblies.

4.1 Comparison with Baselines
We benchmark our method against publicly released baselines that
share the same inputs as ours to assemble new objects. This includes
4-PCS [Aiger et al. 2008; Chaudhuri and Koltun 2010] and Part Slot
Machine [Wang et al. 2022] for synthesizing static objects, and
NAP [Lei et al. 2023] and CAGE [Liu et al. 2024c] for synthesizing
articulated objects conditioned on the kinematic graph. All baseline
results are produced with the publicly available code. Experiments
are run on the Table and Storage Furniture test split of PartNet-
Mobility [Xiang et al. 2020], used by CAGE and Part Slot Machine.
Following the baseline papers, we report five metrics: 1) Rooted:

percentage of assemblies whose parts form a single connected com-
ponent. 2) Stable: percentage of assemblies that remain upright
under gravity. 3) COV : coverage, i.e., the fraction of the reference
test set that is reproduced by the generated shapes. 4) MMD: mini-
mum matching distance between generated and reference test set.
5) AOR: average overlapping ratio, the mean volume overlap be-
tween any two sibling parts. These metrics capture geometric (Root,
Stable), kinematic (COV, MMD), and functional qualities (AOR).
We present quantitative results in Table 1 and qualitative ones

in Fig. 7 and 11. Baselines for static shapes (4-PCS and Part Slot
Machine) achieve high Rooted score, yet their lack of articulation
awareness leads to poor kinematic coverage and large functional
errors. Kinematics-aware baselines (NAP and CAGE) reduce this gap,
but still exhibit noticeable error and inter-part collision. Our ablation
without the kinematic prior (Ours w/o km.) already outperforms
the baselines on the functional metrics, confirming that VDF-based
attachment provides the clearance required for articulated parts.
Incorporating the kinematic prior (Ours w/ km.) lifts every metric
further and yields the best overall performance.

4.2 Functional Examples
In addition to the articulated examples presented above, we demon-
strate our pipeline on a diverse suite of examples with functional
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Table 1. Quantitative comparison with four baselines. Our approach
with kinematic-aware attachment delivers the highest scores across all
geometric, kinematic, and functional metrics.

Geometric Kinematic Functional

Method Rooted↑ COV↑ MMD↓ Stable↑ AOR↓

4-PCS 95.4% 56.9% 0.092 81.5% 16.4%
Part Slot Machine 98.5% 63.1% 0.083 84.6% 10.7%

NAP 96.9% 69.2% 0.072 92.3% 3.5%
CAGE 100% 73.8% 0.051 90.7% 1.1%

Ours (w/o km.) 100% 80.0% 0.052 95.4% 0.2%
Ours (w/ km.) 100% 83.1% 0.038 96.9% 0.1%

4-PCS
Part Slot
Machine NAP CAGE Ours

Fig. 7. Qualitative comparison (1/2). Geometry-only methods (4-PCS,
Part Slot Machine) frequently misorient parts; Kinematics-aware baselines
(NAP andCAGE) improve orientation but still yield floating or colliding parts.
Our method aligns parts correctly and achieves fully functional articulation.

objectives that vary in scale, kinematic structure (chains and trees),
and part semantics (intra- and cross-category).

Multi-head Lamp. This example assembles a weighted base, three
straight support bars, three revolute elbows, and three lamp heads
into a branched kinematic tree that terminates at the lamp heads.
The functionality is that each spotlight must reach a prescribed
target point on the table surface while remaining collision–free and
within joint limits. Our optimization finds a set of part placements
that brings all beams within 2◦ of their targets and eliminates the
self-collision failure, as shown in Fig. 1(a).

Reconfigurable Table. This example combines a central tabletop
with drawers, a fold-down screen, and cabinet doors into a star-
shaped kinematic tree rooted at the tabletop. The functionality
requires that the parts can be reconfigured to fit within a unit cube,
allowing the whole table to be packed into a cargo bay without
self-collision. Our method produces a foldable object that reduces
the deployed volume by 62% while satisfying clearance constraints
at intermediate articulation poses, as shown in Fig. 1(b).

source parts

functionality

source parts

functionality

Fig. 8. More examples on kinematic kitbashing. Functionality objectives,
such as following prescribed trajectories, can be achieved for a gear-driven
paddle (left) and a humanoid assembled from mechanical modules (right).

Gear–Driven Paddler. The input consists of a branch of interlock-
ing gears (one driver and several idlers of varying sizes) coupled
to paddles through rigid bars. The functionality requires all four
paddles to trace prescribed circular trajectories: each diagonal pair
must counter-rotate in phase, and the articulation must remain en-
tirely free of paddle–paddle collisions. Our optimization meets these
requirements, as shown in Fig. 8(a).

Mechanical Humanoid. A set of mechanical links and joint mod-
ules is assembled into a human-like kinematic chain. The functional-
ity requires the arms and feet to follow prescribed trajectories while
respecting joint limits. Fig. 8(b) shows the result. Our optimization
meets the motion target by placing the parts in suitable orientations
and positions.

Mix-and-Match Assemblies. Our method also supports mix-and-
match designs. Using kinematic attachment only, we snap oversized
carriage wheels and a dumpster onto a vintage truck and graft
robotic legs and wings onto a fantasy torso, as shown in Fig. 9.

5 Discussion and conclusion
We have introduced an automatic pipeline for kitbashing functional
articulated objects from existing part libraries. A kinematics-aware
attachment energy, built upon vector distance fields, preserves each
part’s original socket across its full range of articulation. Combined
with functional objectives in an annealed Langevin sampler, this
energy places all parts so that attachments remain geometrically
sound while satisfying user-specified goals, such as collision-free ac-
tuation, reachability, trajectory tracking, and more. Our method con-
sistently outperformed state-of-the-art baselines across geometric,
kinematic, and functional metrics on standard benchmarks and gen-
erated a wide variety of assemblies whose behaviors differ markedly
from the source models. These results demonstrate that uniting
kinematics-aware attachment with gradient-free functional opti-
mization enables rapid, versatile synthesis of articulated assets.

Currently, our runtime is limited by the many iterations required
by the Langevin sampling. A practical way to accelerate convergence
is to run several Langevin chains in parallel at different temperatures
and periodically exchange their states [Shih et al. 2023]. Higher-
temperature chains explore the energy landscape more broadly,
while lower-temperature chains concentrate on fine-tuning promis-
ing solutions, so the overall procedure typically converges in fewer
iterations. Also, our method cannot strictly guarantee collision-free
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articulation. Approaches for articulated collision checking and reso-
lution [Garg et al. 2016] could provide hard guarantees, or serve as
a post-processing filter, at the cost of additional computation.

More broadly, our kinematic kitbashing complements the recent
large-scale generative models [Poole et al. 2022; Qiu et al. 2025] for
shapes and articulations by adding a controllable, kinematics-aware
placement stage that can enforce functional objectives, making the
workflow more artist-centric. At present, we assume a predefined
kinematic tree. Coupling our method with graph-generative models,
perhaps derived from an LLM, could automatically propose candi-
date kinematic structures, which our optimization would then refine,
enabling a fully automatic pipeline from abstract kinematic graph
to the articulated shape. Additionally, the data-driven attachment
prior used in our attachment optimization is intentionally simple;
replacing or augmenting it with a learned prior model trained on
large corpora of successful assemblies, could improve generalization
to novel geometries and reduce feature-engineering effort.
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Fig. 9. Results on mix-and-match assemblies. With kinematic attachment, we graft robotic legs and wings onto a fantasy torso (left) and snap oversized
carriage wheels and a dumpster onto a vintage truck (right).

4-PCS Part Slot
Machine NAP CAGE Ours 4-PCS Part Slot

Machine NAP CAGE Ours

Fig. 10. Qualitative comparison (2/2). Geometry-only methods (4-PCS, Part Slot Machine) frequently misorient parts; Kinematics-aware baselines (NAP
and CAGE) improve orientation but still yield floating or colliding parts. Our method aligns parts correctly and achieves fully functional articulation.
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Fig. 11. More intermediate results of annealed Langevin sampling. Langevin dynamics run with both the kinematic attachment term and the functionality
term gradually assemble the parts and end with a mechanism whose end-effectors reach the targets.
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