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Abstract

We propose Neural 3D Articulation Prior (NAP), the first 3D deep generative
model to synthesize 3D articulated object models. Despite the extensive research
on generating 3D objects, compositions, or scenes, there remains a lack of fo-
cus on capturing the distribution of articulated objects, a common object cate-
gory for human and robot interaction. To generate articulated objects, we first
design a novel articulation tree/graph parameterization and then apply a diffusion-
denoising probabilistic model over this representation where articulated objects
can be generated via denoising from random complete graphs. In order to cap-
ture both the geometry and the motion structure whose distribution will affect
each other, we design a graph-attention denoising network for learning the re-
verse diffusion process. We propose a novel distance that adapts widely used
3D generation metrics to our novel task to evaluate generation quality, and experi-
ments demonstrate our high performance in articulated object generation. We also
demonstrate several conditioned generation applications, including Part2Motion,
PartNet-Imagination, Motion2Part, and GAPart2Object.
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Figure 1: Neural 3D Articulation Prior (NAP) can unconditionally generate articulated objects (left). It can be
conditioned on just parts or joints (mid), a subset of parts plus joints, or over-segmented static objects (right).

1 Introduction

Articulated objects are prevalent in our daily life. As humans, we have strong prior knowledge of
both object part geometry and their kinematic structures. Such knowledge is most heavily leveraged
when a designer designs a cabinet from scratch, creating both its geometry and motion structure. For
learning systems, an interesting challenge is to capture such priors as a generative model that can
synthesize articulated objects from scratch. While there has been extensive research on generative
models for static 3D objects [I-IU], compositions [TT-I8], and scenes [T9-30], the study of priors
regarding closely linked 3D part geometry and 3D motion structures has been relatively neglected.
In this work, we study how to synthesize articulated objects, i.e., how to generate a full description
of an articulated object, an actual URDF [BT], including how each part looks like, which pairs of
parts are connected, and with what kind of joint. In contrast to static 3D generation, generating
articulated objects involves modeling not only the distribution and composition of geometry but also
the motion structures that determine the possible relative movements between rigid parts. Our task
is also different than 3D human/hand synthesis [32-35] where the articulation structure is given and
only the degrees of freedom are generated when predicting human poses/sequences. The generation
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of articulation can further impact simulation and mechanism design and be useful for inference when
conditioned on either geometry or kinematic structure.

However, there are several challenges for articulated object generation. Existing datasets of articu-
lated objects contain highly irregular data since articulated objects have different numbers of parts,
diverse part connectivity topology, and different joint motion types. In order to enable efficient pro-
cessing of diverse geometry and structures by a neural architecture, we propose a novel unifying
articulation tree/graph parameterization (Sec. B) to represent articulated objects. We take advan-
tage of recent progress in diffusion models for 3D generation and develop a diffusion-denoising
probabilistic model over our parameterization to faithfully model the irregular distribution of artic-
ulated objects (Sec. B2). Since we are modeling the joint distribution of the part geometry and the
inter-part motion constraints, we design a graph-attention denoising network (Sec. B3) to gradually
exchange and fuse information between the edge and nodes on our articulation graph.

To evaluate articulated object generation quantitatively, we adopt the widely used 3D shape genera-
tion metric for articulated objects by introducing a novel distance measure between two articulated
objects. Through extensive comparisons, we demonstrate high performance in articulated object
synthesis and further conduct several ablations to understand the effect of each system component.
Using the learned prior knowledge, we demonstrate conditioned generation applications, including
Part2Motion, PartNet-Imagination, Motion2Part, and GAPart2Object .

In summary, our main contributions are (1.) introducing the articulated object synthesis problem;
(2.) proposing a simple and effective articulation tree parameterization sufficiently efficient for a
diffusion denoising probabilistic model that can generate articulated objects; (3.) introducing a novel
distance for evaluating this new task; and (4.) demonstrating our high performance in articulated
object generation and presenting several conditioned generation applications.

2 Related Work

Articulated object modeling. Modeling articulated objects has been a prolific field with existing
works broadly classified into the categories of estimation, reconstruction, simulation, and finally,
our generation. Estimation focuses on predicting the articulation joint states (joint angles and dis-
placements) or joint parameters (type, axis and limits) from sensory observations, using approaches
ranging from probabilistic models [36-41], interactive perception [A1-47] and learning-based in-
ference [A8-h1]. Reconstruction of articulated objects focuses on reconstructing both articulation
and geometry properties of the objects, using techniques ranging from structure from motion [62],
learning-based methods [A3-65] and implicit neural representations [b6—70]. While these meth-
ods mainly focus on surface reconstruction and joint states/parameter accuracy or are limited to
pre-defined simple kinematic structures, we explicitly model the diverse and complex articulation
motion structures. One closely related work to ours is [58], which predicts the joint parameters of
articulated objects in PartNet [[ZT] by training on PartNet-Mobility [[7Z]. However, [68] is a single-
point regression that does not capture the generative distribution of joints or parts. A growing field
in robotics and embodied Al is building interactive environments that support physical interactions
between the robot and the scene consisting of articulated objects [[Z1-79]. Differing from all the
above approaches, we build a generative prior of articulated objects, which extends beyond esti-
mation and reconstruction. Such learned prior has the potential further to accelerate the creation of
realistic interactive 3D assets.

Generative models for structures. Generating structured articulated objects is closely related to
generative models for structured data [80]. Part-based 3D object generation [[LT-T&] has been widely
studied with the main modeling target being the hierarchy of static rigid parts with or without a se-
mantic label. Scene layout generation [[9-30] utilizes compact scene parameterizations for indoor
scene synthesis, where diffusion models on scene graphs have been recently introduced in [, D7].
The generative diffusion approach has also been applied widely to 2D floor plans [&1], protein struc-
tures [82], and graphs [R3] .etc. Unlike all the existing works, our work focuses on modeling a new
type of target — articulation structure plus part shapes, which requires joint reasoning between 3D
geometry and kinematic structure.

Diffusion models in 3D. We mainly focus on the literature on diffusion models for 3D shape and
motion generation. Shape: Diffusion models show impressive results in generating point clouds [l
3], meshes [B4], implicit surfaces [—I0], neural radiance fields [R5—88], or 4D non-rigid shapes [R9].
However, these methods mostly focus on the single object level shape quality and do not pay atten-
tion to the kinematic structure. Motion: Diffusion models have seen many recent applications in
motion generation given an articulation model. Such works generate text-conditioned human mo-
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Figure 2: Method: Parameterization (Top): We parameterize the articulated object as a tree, whose nodes are
rigid parts and edges are joints; we then pad the tree to a complete graph of maximum node number and store it
in the articulation graph attribute list x. Articulated objects including the joint motion given joint states can be
animated from this representation. Forward Diffusion (Middle): The parameterized attribute list x is gradually
diffused to random noise. Generation (Bottom): Our Graph Attention Denoiser (Fig B, Sec. B3) samples a
random articulation graph xr, gradually removes noise, and finally predicts xo. A minimum-spanning-tree
algorithm is applied to the generated graph in the end to find the kinematic tree structure.

tion [B2-39)], and physically-viable [90], audio-driven [91, 87], scene-aware [93], multi-human [94]
or animation [99] trajectories. Diffusion models for motion have also been applied to trajectory
planning [96], visuomotor control [97], and rearrangement tasks [98]. Different from ours, existing
works in motion diffusion rely on known geometries with known motion structures. We instead
jointly model geometry and motion structure priors to create articulation models.

3 Method

We learn the articulation priors using a diffusion model. However, an articulated structure must
first be parameterized into a vector that can be the target of the diffusion. We introduce how we
parameterize the articulated object as a tree (graph) in Sec. Bl; then, how to learn a diffusion model
on such parameterization (Sec. B2); and finally introduce the denoising network in Sec. B3. A
schematic overview of our method is shown in Fig. Dl

3.1 Articulation Tree Parameterization

Graph-based representation. We follow the natural articulated object parameterization as in
URDF [3T] format where each object is defined by a graph with nodes being the links (parts) and
edges being the articulation joints and make two assumptions. (1) Tree assumption: We assume no
kinematic motion loop (cycle) exists in the graph and that the graph is connected. (2) Screw joints:
We assume each edge is a screw [66] with at most one prismatic translation and one revolute rotation,
covering, thus, most real-world articulated objects [[72, [73, 79, B9].

Nodes. As shown in Fig. D-top, we represent each rigid part as one node in the tree. Every joint has
an initial pose (Fig. B-top closed drawer) corresponding to zero joint states. We assume this pose
is naturally aligned with a canonicalized static shape (e.g. PartNet-Mobility [[I7] from static Part-
Net [[Z1]). Given the i-th part, we first obtain its initial pose Tg; that transforms coordinates y; from
its local part frame to the global object frame by yg = Tgiyi. This SE(3) transformation comprises
an axis-angle rotation and a translation, with Tgi 2 RC. The per-part geometry is represented by
a bounding box b; 2 R? and a neural implicit surface fitted into the box scale. For the latter, we
pre-train an occupancy shape autoencoder [II0X]] that encodes part shape into latent codes S 2 RF.
To model the varying number of parts across objects, we defined a maximum number of K parts
as well as a per-part binary indicator 0; 2 f0; 1g of part existence. In summary, each node has an



attribute v; = [0j; Tgi; bj; Ti] 2 RPv with Dy, = 1+ 6 + 3 + F, and the overall node component of
an object graph is a feature of shape of dimension K D,,.

Edges. According to Chasles’ theorem [[01], any SE(3) transformation can be represented as one
2D rotation and one 1D translation along an axis not necessarily through the origin, and the unit
Pliicker coordinate can define such an axis, leaving two degrees of freedom for the joints. We use
Pliicker coordinates (I 2 S?; m 2 R?) with unit direction vector | and momentum m perpendicular
to | as a unified representation for prismatic and revolute joints [56].

The Pliicker coordinate pj;j) for the joint axis from part i to j is defined in the global object frame
to avoid local coordinate changes caused by parent-child order flips. To fully define the joint motion
constraint, we also need two joint state ranges I j.jy 2 R2 2 for both the prismatic and the revolute
components. If a joint is purely prismatic, the range of its revolute component will be [0; 0] and
vice versa. As shown in Fig. D-top (right), relative transformations T ( ;d) between two parts can
be computed from any joint states ( ;d) within the state ranges by first transforming the global
joint axis (lg; mg) to the parent frame i with (l;; ;) = (Riglg; Rigmg + tig  (Riglg)) and then
computing the transformation by

R=R(;L); t=0 RC:))(Gi mj) +dl; 6]
where R; t are the rotation and translation component of T and R( ; I;) is rotating along l;. Since
defined in the global object frame, the Pliicker coordinates and joint ranges satisfy Pgi;jy =  Pgj:i)

and r(j.j) = I(j;i)» we only model the K(K  1)=2 edges for all i < j pairs when padding the tree
to a complete undirected graph and define an edge chirality indicator C(;;jy 2 f 1;0;+1g, where
0 indicates an edge non-exist and +1; 1 indicates the chiralities of existing edges. In summary,
each edge has an attribute ei.j) = [C(i:j) Pi:j); F(izj)] 2 RPe with De = 1+ 6 + 4. The overall
edge parameterization is of shape K(K  1)=2 D,. We will see later in Sec. B2 during the
diffusion, there is no constraint that enforces the graph to be acyclic. The graph is a fully connected
(complete) graph and the indicator variables 0j; C(j;j) denote whether a node or an edge exists or not.
This graph is converted to a tree in the final post-processing by computing the Minimum Spanning
Tree, which yields only one tree because the graph is complete. The diffusion (Sec. B2) does not
keep the Pliicker structure for edges either and the second “projection” operator we have to apply
during post-processing is from an arbitrary R® vector to a Pliicker vector.

3.2 Diffusion-Based Articulation Tree Generation

Our goal is to learn the distribution of articulated objects parameterized by the complete articu-
lation graphs X = (fv;g; fe(j;jyg) 2 RKPvIKIK 1De=2 " We apply a diffusion denoising prob-
abilistic model [T02] directly over the distribution of X. Forward diffusion. Given an articula-
tion graph Xg from an object distribution (Xg), we gradually add Gaussian noise with variance
schedule | < < 7 and obtain a sequence Xj; ; X1 ended with a Gaussian distribution
p(xt) = N (XT;0; ). The joint distribution of the forward process is:

. Y o _ P
q(X1:7jX0) == q(XegjXe 1); q(XejXe 1) = N( Xt 15 tl): )
t=1

A notable property is that X at arbitrary timestep t can be directly sampled from X, with

. P—
q(Xej%o) =N xo; (1 II) (3)
Q
where ¢:=1 tand = ;:1 s-
Reverse process. Starting from a standard Gaussian distribution Xy N (0; 1), we aim to learn a
series of Gaussian transitions p (Xt 1jXt) parameterized by a neural network with learnable weight
that gradually removes the noise. The distribution of the reverse process is:

Y
P (Xor) :=p(xt) P (Xt 1JXe); P (Xe %) =NC (Xe1); (X 1): 4)
t=1
Following [T07], we set  (X¢;t) = 21 and model this reverse process with Langevin dynamics
1 1
Xt 1= P= Xt pl—t xXgt) + ¢z, z N(@©D 5)
t t



where (X¢; t) is a learnable network approximating the per-step noise on X.

Training objective. We optimize the variational bound on the negative log-likelihood

2
p (XoT) <P (Xe %)
L:=E log———_ =E,4 logp(x log = =5 E[ lo X
(6)
With Eq. B, the objective simplifies to
2
B 5 oo+ T i ™

2§« v
w.r.t. learnable network . We refer the readers to [[02] for more details.

Output Extraction. As mentioned in Sec. B, once we have completed the denoising process,
a post-processing step is applied to obtain the final articulated object model from the generated
articulation graph. First, we identify the existing nodes by the generated nodes indicator 0 and make
sure there are at least two foreground nodes. Then we use the predicted edge chirality jcj as the edge
value to find the minimum spanning tree in the generated graph as the output tree topology. Finally,
the predicted joint coordinates are projected from R® to Pliicker coordinates. We decode the part
shape code to an SDF and extract the part mesh via marching cubes. We alternatively can retrieve
the nearest part in the training set as most scene generation methods do [23, D7].

Conditioned Generation. A favorable property of diffusion models is that conditions can be di-
rectly added to the inference processes using Bayes’ rule without any modification to the training
process. Here we perform conditioned generation by fixing the known part of variable X as in the im-
age inpainting [T03] and shape completion works. For a variable X = m  xko%n4(1 m) xunknown
with known entries X" fixed unknown entries X""X"*" to be completed which are separated by
mask m, we can sample the known entries directly following Eq. B by adding Gaussian noise to the
known input and generating the unknown entries using reverse diffusion,

. pP— _
O X0) = NC Xoi (1 9l); p ") =N( (Xgt); (Xgt): (8

Since our method directly diffuses in graph space, we can apply precise control of the parts and
joints condition, enabling, thus, a disentanglement. In Sec. B4, we will show applications with
different XXno%n and xunknown

3.3 Denoising Network
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Figure 3: Network architecture. Left: input the node and edge list of a noisy articulation graph, a
stack of graph layers will fuse and exchange information on the graph and output the noise that has
to be removed. Right: details in the graph layer.

Network architecture. Since X represents both the part geometry and the joint motion constraints,
we utilize a graph-attention denoising network as shown in Fig. B, which exchanges and fuses infor-
mation between parts and joints. The network inputs a noisy articulate graph X and outputs noise
in the same shape as X. The input attributes for every node are first encoded by input heads shared
across nodes to a list of node features Tf;}. Similarly, edge attributes are encoded to a list of edge
features fg(j;j)g. Then the node and edge feature lists are updated via the graph layers (Fig. B right).
Finally, all hidden features, including the input attributes, are concatenated together and decoded to
the outputs via shared output heads. Note that the network is shared across all time steps through
denoising, and the time step is encoded and concatenated to the hidden features. Similar to recent
work on scene graph generation [27], we also append the positional encoding of the part instance id
to the node features to provide stronger guidance in the early denoising stages when the part pose
information is ambiguous.



Graph layer. The key building block of the denoising network is the graph layer shown in Fig. O
right. The edge feature is first updated via an edge MLP by fusing the input edge feature ¢ ;) and
neighboring nodes i; j’s features: g?i; D= MLP(f;; fj;9(i;j))- Then, we aggregate the updated edge
features to the nodes by attention weights. We compute the query Q(f;) and key K(f;j) from the
input node features via two MLPs and ugse their inner product as the attention weights; the graph

attention update of the node i is: ! = J!<:1 softmax; (Q(fi) T K (fj))g(;.j)- We additionally do a
PointNet [T04]-like global pooling after the attention aggregation to capture more global information.
For more implementation details, we refer to our supplementary.

4 Experiments

We examine 4 important questions with our experiments: (1) How can we evaluate articulated ob-
ject generation? (Sec. B (2) How well does NAP capture the distribution of articulated objects?
(Sec. E2) (3) How effective is each of NAP’s components? (Sec. E3) (4) What applications can
NAP enable? (Sec. E4)

4.1 Evaluation Metrics

Since we are the first to study articulated objects in a generative setting, we propose a new distance
metric between two articulated objects for adopting widely used shape generation metrics. Since a
generated object’s shape and motion structure are dependent, we can not evaluate them separately.
Such a challenge is poorly addressed in existing works. In articulated object modeling, existing
works either consider a fixed kinematic structure [67, b&] or a given geometry [T05]. In graph gen-
eration works [[06-0XK], structures are examined by themselves without need to measure geometry.
Thus, we propose a new distance metric — Instantiation Distance (ID) to measure the distance
between two articulated objects considering both the part geometry and the overall motion structure.

We treat an articulated object O as a template that, given the joint states § 2 Qo in object’s joint
range Qo, it returns the overall articulate mesh M(q) and the list of part poses T (q) = TTpar 2
SE(3)g. We compute the distance between two articulated objects in different joint states by

O Y = . 1 " :
d(ol'ql’OQ'qQ)_Ti2T1(q?)1;lTr}2T2(q2) D(T; "Mi(1);Tj Ma(d2)) )

where T; *M(q;) means canonicalizing the mesh using its ith part pose, and D is a standard dis-
tance that measures the distance between two static meshes. Specifically, we sample N = 2048
points from two meshes and compute their Chamfer Distance. Intuitively, the above distance mea-
sures the minimum distance between two posed articulated objects by trying all possible canonical-
ization combinations. Then, we define the instantiation distance between O; and O, as:

ID(01;02) =Eq,2u(qo,) qzizfgo d(01; 015 O2;02)
’ (10)

*+Eq,20(Qo,) qliz%fo d(01;01;02;02)

where 2 U(Qp) means uniformly sample joint poses from the joint states range. The instantiation
distance measures the two-side expectation of minimum distance to the other object over all possible
joint configurations. However, the inf inside the expectation requires expensive registration between
two articulated objects so it is non-trackable in practice when computing all distance pairs between
the reference and sampled object sets. In practice, we approximate the above distance by uniformly

1 X< 1 X<
ID(C1;02) & min 0(0::01:02;02)  + o Jmin a(01;01;02;02)
012Q1 022Q2

(11
and we set M = 10 in our ID for all evaluations. This pairwise distance can be plugged into the
standard metrics for shape generation. Specifically, we adopt the following three metrics [I09] for
our evaluation: minimum matching distance (MMD) that measures the generation quality, cov-
erage (COYV) that tests the fraction the reference set is covered, and 1-nearest neighbor accuracy

(1-NNA) that measures the distance between the two distributions by 1-nn classification accuracy.
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