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Abstract

Human cognition can leverage fundamental conceptual
knowledge, like geometry and kinematic ones, to appropri-
ately perceive, comprehend and interact with novel objects.
Motivated by this finding, we aim to endow machine intelli-
gence with an analogous capability through performing at the
conceptual level, in order to understand and then interact with
articulated objects, especially for those in novel categories,
which is challenging due to the intricate geometric structures
and diverse joint types of articulated objects. To achieve this
goal, we propose Analytic Ontology Template (AOT), a pa-
rameterized and differentiable program description of gen-
eralized conceptual ontologies. A baseline approach called
AOTNet driven by AOTs is designed accordingly to equip
intelligent agents with these generalized concepts, and then
empower the agents to effectively discover the conceptual
knowledge on the structure and affordance of articulated ob-
jects. The AOT-driven approach yields benefits in three key
perspectives: i) enabling concept-level understanding of ar-
ticulated objects without relying on any real training data, ii)
providing analytic structure information, and iii) introducing
rich affordance information indicating proper ways of inter-
action. We conduct exhaustive experiments and the results
demonstrate the superiority of our approach in understanding
and then interacting with articulated objects.

Extended version — https://arxiv.org/pdf/2409.11702

1 Introduction
Articulated objects (Xiang et al. 2020; Liu et al. 2022a),
composed of rigid segments interconnected by joints that en-
able translation and rotation movements, play an important
role in daily life. Learning articulated objects brings essen-
tial significance in a wide range of research area, including
computer vision, robotics, and embodied AI. Due to intricate
geometric structures and diverse joint types in articulated
objects (Xiang et al. 2020; Mo et al. 2021), it is challeng-
ing to interact with unseen articulated objects for machine
intelligence, especially for those in novel categories.
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Figure 1: A brief schematic of AOT with cuboid as an exam-
ple. Its structure delineates the cuboid shape, its parameters
determine the size and aspect ratios, its affordances can in-
clude possible grasp poses and its renderer draws specific
cuboid instances in 3D space. Here (x, y, z) refer to the co-
ordinates in 3D space, fi(·) refers to a function that trans-
forms the initial gripper pose to a grasp pose according to
AOT’s parameters, the poses Mg and M∗

g are in the form of
affine transformation matrices.

On the other hand, we humans also come into contact with
a large amount and variety of objects in our daily lives. Par-
ticularly, even for objects in novel categories that an indi-
vidual has never seen before, i.e. with no prior knowledge
at either object or part level, studies from cognitive and
brain science (Carey and Xu 2001; Scholl and Leslie 1999;
Leslie et al. 1998; Piaget 1955; Ullman 2000; Biederman
1987; Hummel and Biederman 1992) show that human in-
telligence is still able to find the essence of their geometric
structures and further rationally interact with them, relying
on fundamental conceptual knowledge. This finding estab-
lishes a possible way for machine intelligence to interact
with novel articulated objects from the conceptual perspec-
tive. However, little previous work has delved into this area
in the data-driven era.

Motivated by this idea, we seek to equip intelligent agents
with fundamental and generalized concepts, allowing them
to discover conceptual knowledge on articulated objects, and
finally enabling them to effectively understand and properly
interact with such objects. Particularly, these concepts may
include geometric ones like cuboid or ring and kinematic
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Figure 2: A brief illustration of the AOTNet workflow by
articulated concept discovery (a-c). The top row refers to the
processing pipeline in AOTNet, and the bottom row refers to
the state of the real articulated object in corresponding steps.

ones like revolute or prismatic. Achieving this goal entails
two key questions to answer: i) how to describe a conceptual
ontology for machine intelligence and ii) how to leverage the
conceptual descriptions to discover conceptual knowledge
about the structure and affordance of articulated objects.

In this paper, we present Analytic Ontology Template
(AOT) to answer the first question. AOT is a template de-
scription of a conceptual ontology in a program-like style,
consisting of four main components:
• Structure: A set of differentiable mathematical expres-

sions to describe the intrinsic basis of the ontology.
• Parameter: The value of variables in the structure de-

scription to identify specific instances of this template.
• Affordance: Some generalized knowledge of this ontol-

ogy about where and how to interact with it.
• Renderer: A tool for rendering instances of this ontol-

ogy template to data of certain formats (e.g. point clouds,
meshes).

Fig. 1 demonstrates a brief schematic of AOT.
The analytical nature of AOT stems from the mathemat-

ical expressions that comprise it, exhibiting two significant
features. i) Parameterized. By varying the parameters, count-
less instances of an ontology template can be created. In
turn, a specific instance can be resolved into parameters of
an ontology template. ii) Differentiable. This enables AOTs
to be directly adopted in neural networks.

Regarding the second question, we investigate it in the
context of a task where an agent is required to change a
novel articulated object from its initial state to a target fi-
nal state. The entire process, to which we refer as articulated
concept discovery for simplicity, involves the discovery of
both the geometric and kinematic structure concepts of the
articulated part, as well as the identification of affordance
concepts pertaining to where and how to properly interact
with it. The success rate of an intelligent agent on this task
can directly reflect the quality of the structure and affordance
concepts discovery.

Coupled with the architecture and features of AOT, we
propose a baseline approach called AOTNet powered by a

set of AOTs to interact with articulated objects by articu-
lated concept discovery. Fig. 2 gives a brief illustration of
the AOTNet workflow. It first discovers the conceptual on-
tologies on the target, which is carried out by identifying
the ontology template type and the corresponding parame-
ters of AOT instances. This step discovers the conceptual
essence of the target, e.g. the concept ring for the handle
in Fig. 2. Neural networks involved in this process can be
trained with synthetic data obtained by rendering AOT in-
stances with varying parameters. The above process gives
analytic estimations of the articulation structure in terms of
conceptual ontology. Then, by analytically grounding the af-
fordances of each ontology onto the target, an agent is able
to appropriately interact with it guided by the knowledge.

In light of the above points, our AOT-driven approach
benefits in understanding and interacting with articulated ob-
jects from the following perspectives. i) It generalizes well
across novel articulated object categories and does not rely
on real training data, due to the strong generalization capa-
bility of AOTs at the conceptual level. This holds signifi-
cance since abundant high quality 3D articulated data (Xi-
ang et al. 2020; Liu et al. 2022a) are expensive and labor-
intensive to acquire and annotate, and it is difficult to com-
prehensively collect data to cover the diverse categories
of articulated objects in the real world. ii) It can provide
analytic articulation information via conceptual ontologies
with mathematically defined structures and specific parame-
ters. iii) Affordance knowledge can be precisely grounded
which brings valuable guidance for accurate and control-
lable interaction. To show the superiority of our AOT-driven
approach, we conduct exhaustive experiments on PartNet-
Mobility dataset with SAPIEN environment (Xiang et al.
2020).

In summary, the main contributions of this work are:
• We propose Analytic Ontology Template (AOT) to de-

scribe conceptual ontologies for machine intelligence. It
is capable of analytically describing both geometric and
kinematic concepts along with affordances while remain-
ing fully differentiable, allowing it to be incorporated
into neural networks.

• We introduce an AOT-driven baseline, AOTNet, to equip
intelligent agents with AOTs to discover conceptual
knowledge about the structure and affordance on artic-
ulated objects. To the best of our knowledge, AOTNet is
the first method to operate at the conceptual level, and
demonstrates the effectiveness and benefits of interacting
with novel articulated objects at this level.

• We evaluate our approach on hundreds of articulated ob-
jects across a wide range of novel categories. Through
the remarkable results, we first demonstrate the possibil-
ity for machine intelligence to mimic this kind of human
capability, i.e. leveraging generalized concepts to appro-
priately understand and then interact with a novel object.

2 Analytic Ontology Templates
In this section, we present Analytic Ontology Templates,
a.k.a. AOT, to describe generalized geometric and kinematic
conceptual ontologies for machine intelligence. We start by
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Figure 3: Specific examples of basic geometric (a,b,d), kinematic (c) and composite (e) ontologies, where (a-d) are defined from
scratch and (e) is built upon existing ones. Each block in (a-e) is a collection of the AOT name and rendering (left), parameters
(top-right), structure (mid-right) and affordances (bottom-right, partial). (f) includes definitions of viewing angle and initial
gripper pose M∗

g (left), rotation matrix R and translation matrix T for poses (right). Note that i) the AOT name is just a referent
(like a template id) of a concept and bears no semantic meanings; ii) the definitions of basic and composite AOTs are shown in
the form of mathematical expressions and pseudo codes for easy understanding; iii) common parameters such as position and
rotation in world coordinates are not shown for a clear view, please see Sec. 2.3 for details.

introducing the basic design philosophy in Sec. 2.1, which
helps to better understand the motivation behind the specific
design. Then, in Sec. 2.2 we describe the detailed architec-
ture of AOT, as well as some particular examples. Finally,
several discussions on AOT are presented in Sec. 2.3.

2.1 Design Philosophy
As the name suggests, the design philosophy of AOT covers
two major points: i) the essential components of a program
template and ii) the analytic nature.

Regarding the first point, it is desirable for a template to
provide adequate valid information for a conceptual ontol-
ogy. Its core components should consist of a detailed delin-
eation of the ontology basis, along with associated param-
eters that represent diverse variations. Then, the template
ought to be incorporated with adequate knowledge of affor-
dances to facilitate interaction, e.g. grasp poses. Besides, a
function is necessary to draw instances of the template in 3D
space, i.e. render a template instance to data, for practical use
such as network training, inference and visualization.

For the second point, the analytic nature implies that the
template should be comprised of mathematical analytical
expressions. An analytic description of a concept provides
valuable knowledge for understanding its structure and fa-

cilitating interaction. Take the concept of ring, which fre-
quently appears in the design of handles, as an example, by
discovering the ring concept on a handle as an analytic de-
scription, we can identify its size and pose, as well as the de-
tailed parameters for the orientation of its hinge. Further, the
affordance knowledge like grasp poses of it can be grounded
according to the parameters mathematically, which helps in-
telligent agents conduct more precise and controllable inter-
actions. Moreover, by ensuring all mathematical expressions
being differentiable, AOTs can be incorporated into neural
networks for training and optimization.

2.2 Architecture
As a program template, we introduce class-like scripts to de-
sign AOTs, which facilitate easy extension as they enable a
new AOT to be defined by inheritance through composition
of existing ones in an object-oriented programming fashion.
To satisfy the two points mentioned in Sec. 2.1, we design
the template with four components. Several specific exam-
ples are demonstrated in Fig. 3.
Structure. The structure is the backbone of an ontology, re-
ferring to the essential commonality among different enti-
ties belonging to the same ontology. It is a deterministic de-
scription organized by a series of mathematical expressions.
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We exclusively employ differentiable operations for all the
mathematical expressions involved, enabling AOTs to par-
ticipate in training and optimization. This component can be
seen as the constructor of a program template.
Parameter. The parameters refer to values of variables in
the structure description, causing the variances of different
instances belonging to the same ontology. With specific pa-
rameters, a certain instance of this template can be created.
In turn, a specific target can be resolved into parameters of
an ontology template.
Affordance. The affordance indicates the generalized
knowledge of this ontology regarding where and how to in-
teract with it. Affordances of geometric ontologies may in-
clude grasp poses, contact points for pushing, etc. For kine-
matic ontologies, it usually includes the directions of force
that cause movement. It is also described by mathematical
expressions with certain parameters. These knowledge can
provide valuable guidance to facilitate interaction.
Renderer. The renderer draws instances of this template
in 3D space with certain data formats, like point clouds or
meshes. These data can be used in many practical ways such
as network training, inference and visualization.

2.3 Discussion
Transformation to World Coordinates. In Fig. 3, we omit
the common parameters of 6-dof pose (including transla-
tion/position t ∈ R3 and rotation r ∈ SO(3)) in the
world coordinate system for simplicity. Generally, it is sim-
ple to represent the pose of AOT instances in world coordi-
nates. By representing the 6-dof pose with an affine trans-
formation matrix M ∈ R4×4, each formula F within the
AOT structure and affordances can be reformulated from
F ((x, y, z, 1)) ≤ 0 to F (M−1(x, y, z, 1)) ≤ 0, thereby
transforming an AOT instance to the world coordinate sys-
tem from its own coordinate system. For rotationally sym-
metric geometries, we impose symmetry constraints on r to
ensure uniqueness in the representation.
Efforts on Defining AOT. One of the benefits of our
concept-level approach driven by AOT is that it only needs
to create AOTs rather than collect real training data, and the
efforts of creating AOTs are considerably low. In Tab. 1, we
compare with building CAD model (Xiang et al. 2020) and
real-world scan (Liu et al. 2022a) datasets on both time and
money costs, and our approach shows advantages in both
aspects in total. This can be attributed to i) AOTs are capa-
ble of adapting to different object categories since they are
developed to describe generalized concepts, and therefore
a small amount of AOTs can cover the conceptual knowl-
edge on many everyday objects, ii) new AOTs can be easily
expanded in an inheritance fashion by composing existing
ones and iii) a single AOT can be used to effortlessly cre-
ate an infinite number of diverse synthetic data by rendering
instances with different parameters.

3 AOTNet
Taking into account the architecture and the features of AOT,
we design AOTNet as a baseline to equip intelligent agents
with these generalized concepts and empower them for ar-
ticulated concept discovery. We first give an overview in

CAD Scan AOT
T (min/unit) > 120 20 ∼ 60
CL ($/unit) > 100 3 ∼ 10
CD ($) - ∼ 1000 -
CO ($) - ✓ -

N (unit/category) ∼ 30 ∼ 30 ∼ 4

Table 1: Budget comparison between building a CAD model
dataset, a real-world scan dataset and analytic ontology tem-
plates. T,CL, CD, CO refer to time, labor cost, device cost
and object cost respectively. Besides the labor costs, build-
ing a real-world scan dataset incurs extra costs of purchasing
a scanner and real world objects for scanning. N refers to the
number of units on average to cover an object category in
terms of articulated concept discovery.

Sec. 3.1. In Sec. 3.2, we demonstrate the detailed architec-
ture of AOTNet. Finally, the implementation details are pre-
sented in Sec. 3.3.

3.1 Overview
Task setting. We study articulated concept discovery in the
context of a task that given the initial and final status of a
novel articulated object, an agent is asked to shift it from
the initial state to the final state through interaction. This re-
quires an intelligent system to possess the capability to com-
prehend the geometric and kinematic structure of an articu-
lated part and also proper ways to interact with it, which are
important topics in both the robotics and the computer vision
communities. We develop AOTNet in a challenging setting
that the status of the object only includes raw point clouds
without any other information.
Pipeline. Our design aims to leverage the features of AOT
and demonstrate the benefits of the AOT-driven approach.
The workflow is twofold, including ontology discovery and
subsequent affordance grounding (see Fig. 2).

As the task mainly takes into account the articulated part
that undergoes state changes, we begin the workflow by
discovering the geometric and kinematic ontologies on this
part. The discovery process finds qualified AOT instances to
capture the conceptual essence of the raw point clouds, in-
volving two steps: ontology identification and parameter es-
timation. Leveraging the renderer, neural networks in these
steps can be trained with synthetic data generated by render-
ing instances with various parameters.

After ontology discovery, the conceptual essence of the
target is captured by AOT instances with analytic struc-
tures and parameter information. According to the analytic
results, we can further accurately ground the affordance
knowledge on the object through mathematical calculations.
In this manner, an intelligent agent is able to perform appro-
priate interaction guided by the knowledge.
Discussion. Our AOT-driven approach has strong benefits in
understanding and interacting with articulated objects from
three perspectives. First, AOTNet works and generalizes
well across novel categories without relying on real training
data, benefiting from the generalization capability of AOTs
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at the conceptual level. In comparison, it is necessary for a
conventional object-level approach to first prepare abundant
high quality articulated data for training, while acquiring,
annotating, and comprehensively covering the various cat-
egories of articulated objects poses significant challenges.
Second, our approach can provide analytic articulation infor-
mation via AOT instances with mathematical structure and
specific parameters. This also improves the interpretability
of our approach. Third, affordance knowledge can be accu-
rately grounded which brings valuable guidance for accurate
and controllable interaction.

3.2 Architecture
We first introduce ontology identification and parameter es-
timation in the ontology discovery part, and then discuss
about how grounded affordances facilitate the interaction.
As the main purpose of AOTNet is to provide a baseline
to demonstrate the feasibility and effectiveness of the AOT-
driven paradigm, we do not delve into complex network de-
signs. Experiments will show that promising performance
can still be achieved even with a simple design.
Ontology Identification. Ontology identification is first in-
troduced to identify which ontology template the input raw
point clouds belong to with a classifier. The architecture of
the classifier is a point cloud encoder followed by an MLP
classifier. The input for geometric ontology is a single point
cloud while that for kinematic ontology is a pair of point
clouds at both initial and final states since at least two frames
are needed to determine a dynamic process. Therefore, for
the kinematic ontology, we first encode each point cloud
into features separately, and then concatenate the features
together to feed them into the MLP for classification.
Parameter Estimation. This step estimates the parameter
values of an AOT to which the input belongs.

Geometric AOTs encompass basic ones and composite
ones, where the latter are formed by combining the basic
ones. Since the number of parameters of composite ones in-
creases linearly with the number of basic ones composing
them, it is difficult to directly regress all the parameters of a
complex composite AOT. To this end, we perform parameter
estimation of geometric AOTs at the basic ontology level.
Particularly, an estimator for a geometric AOT consists of
four components: i) a point cloud encoder E to encode the
input point cloud P into deep features, ii) a latent code Rw

for the whole AOT represented by learnable parameters, iii)
a set of latent codes {Ri|i = 1, 2, ...} for each basic ontol-
ogy composing the AOT represented by learnable parame-
ters, and iv) a set of MLPs {MLPi |i = 1, 2, ...} to regress
the parameters {Pi|i = 1, 2, ...} of each basic ontology by
Pi = MLPi([E(P),Rw,Ri]), where [·] denotes concatena-
tion. The set of parameters {Pi|i = 1, 2, ...} is merged to-
gether to produce the final estimation. Note that i = 1 if the
whole AOT is a basic one. Some parameters of basic ontol-
ogy are discarded to meet the constraints in the whole AOT.
To train the estimator, apart from the MSE loss on each pa-
rameter, we also introduce a Point2Mesh loss (PyTorch3D
2023b) between the mesh of the AOT instance and the input
point cloud. The utilization of the Point2Mesh loss greatly
benefits from the differentiable feature of AOT, meaning that

the process of rendering the mesh of an AOT instance with
certain parameters is differentiable. As a result, this loss can
be backpropagated to the estimated parameters, enabling the
optimization of the entire estimator.

To estimate the parameters of kinematic AOTs, we use the
same network architecture as the classifier and modify its
output to the kinematic parameters. Particularly, the output
for prismatic is its direction, and that for revolute is the axis
direction and the position of the pivot point. We use cosine
distance as the axis alignment loss and L2 distance to the
ground truth axis as the pivot loss.

Optionally, when full-surrounding point clouds are avail-
able through multi-view observations or point cloud comple-
tion, we can optimize the estimated parameters of AOT with
the aforementioned Point2Mesh loss for better geometry on-
tology discovery. Furthermore, the mesh rendered by AOT
can be deformed to better fit the object point cloud and ob-
tain more refined geometric details according to algorithms
like (Hanocka et al. 2020; PyTorch3D 2023a). Nevertheless,
our experiments have shown that AOTNet can achieve good
results without performing such operations.
Affordance Grounding and Interaction. As mentioned
above, we have discovered the descriptions of the conceptual
essence of the input data, including both geometric and kine-
matic concepts as well as the parameters. At this point, cor-
responding affordances in the AOTs can be grounded mathe-
matically. According to this information, interactions can be
conducted on the object to effectively change the state of the
articulation as required. In our implementation, we just use
a simple interaction strategy that first grasps the articulated
part according to the geometric affordances and then applies
force along the direction according to the kinematic affor-
dances. The grasp pose is sampled from all possible grasp
affordances. We also check for collisions before adopting
the pose, and resample if necessary.

3.3 Implementation Details
Training Data Preparation. All the neural networks in-
volved in AOTNet are trained with synthetic point clouds
of AOT instances with different parameters, which are gen-
erated by the renderer. Particularly, the renderer samples
points in 3D space according to the mathematical expres-
sions of the structure to acquire the point cloud of a geomet-
ric ontology. For the kinematic ontology, the renderer pro-
duces a pair of point clouds, which represent the states of
a geometric ontology before and after the movement. Some
additional noise and corruptions are introduced to the point
clouds for data augmentation.
Networks. The point cloud encoders used in both ontology
identification and parameter estimation are transformer en-
coders (Yu et al. 2022), which extract 128 groups of points
with size 32 from the input with 2048 points, and send them
into a standard transformer encoder with 12 6-headed atten-
tion layers. All MLPs used in our experiments are triple-
layered with ReLU activation.

4 Experiments
We evaluate the full AOTNet with a closed-loop validation
through the success rate of interaction on the proposed task,
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Figure 4: Visualization of ontology discovery results for real-world objects in a simulation environment (a-d) and the physical
world (e-h). The first row shows the target objects. The second row gives the input point clouds of the objects. The third row
shows the discovery results of the actionable part with AOTNet.

i.e. changing an articulated object from its initial state to a
target final state. The success rate can reveal the quality of
articulated concept discovery, including ontology discovery
and affordance grounding.
Experiment Settings. We conduct our experiments in
SAPIEN (Xiang et al. 2020) environment and follow (Mo
et al. 2021) for the environment setting. We use a flying
Franka Panda gripper as the agent. To generate the input
partial point cloud scans, we mount an RGB-D camera with
known intrinsic parameters 5-unit-length away pointing to
the center of the target object.

To satisfy the compatibility with a single-gripper, we eval-
uate on a total of 17 specific interaction tasks involving
15 representative object categories chosen from PartNet-
Mobility Dataset, including turning faucets, opening table
doors, flipping bucket handles, etc. In total, 653 objects with
1152 articulation structures are used as test samples. For
each specific task, we set the initial state of the target joint
as closed (0% of the joint range), and the final state as fully
open (100% of the joint range). In practice, we consider a
task successful if more than 80% of the total moving range
is achieved.
Baselines. To compare with the interaction strategy of
AOTNet, we adopt two popular reinforcement learning ap-
proaches, Soft Actor-Critic (SAC) (Haarnoja et al. 2018) and
Truncated Quantile Critics (TQC) (Kuznetsov et al. 2020),
as baselines. For both RL approaches, we provide three dif-
ferent state representations:

• Raw: raw input point cloud of the target.
• Raw + JP: information in Raw, and both ground-truth

joint specifications and 6-dof poses of the articulation
structure.

• AOT: AOT instances (template type and corresponding
parameters) discovered on the target by AOTNet, includ-
ing both geometric and kinematic ones.

Note that the pose, velocity and gripper contact of the agent

are the common states shared among the three settings. The
training samples for SAC/TQC are selected from PartNet-
Mobility assets except those in test samples. We also pro-
vide the Human evaluation result as a reference, in which
we first invite ten college students to discover the AOTs on
the test cases according to their cognition and then use the
interaction strategy in AOTNet with these manually discov-
ered AOTs for interaction.
Main Results. Tab. 2 gives the average success rate of
our approach and other baseline methods. The success rate
of human evaluation is very close to 100%, demonstrat-
ing that AOTs can adequately reflect the conceptual knowl-
edge of structure and affordance on articulated objects when
they are discovered based on human cognition. For AOT-
Net, it achieves a remarkable result of 63.7% success rate
which greatly outperforms RL-based methods, indicating
that the ontology discovery and affordance grounding in
AOTNet enjoy good accuracy. Given that AOTNet does not
involve real object-level training data and instead only uses
algorithm-generated synthetic concept-level data for train-
ing, all these test articulated objects are novel for AOTNet,
this also demonstrates the superiority of learning at the con-
ceptual level. Fig. 4 shows visualizations of ontology dis-
covery.
Contribution of Affordance Information. The full AOT-
Net performs interaction according to grounded affordances,
while the RL-based approaches explore the interaction
strategies according to the input state representations from
actual interactions. According to Tab. 2, AOTNet performs
better than all the RL settings, especially Raw+JP which in-
troduces joint and pose ground truths. This ablation exper-
iment demonstrates that the affordance knowledge is well
grounded, and provides valuable guidance for accurate in-
teraction. In comparison, it is relatively more difficult to
explore proper affordances and corresponding interaction
strategies with RL from the input representations.
Contribution of Analytic Articulation Information. The
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Method Human AOTNet SAC TQC
Raw Raw + JP AOT RAW Raw + JP AOT

Avg. Succ. Rate 97.5 63.7 19.6 41.5 34.3 22.6 46.4 39.0

Table 2: Success rate of articulated object interaction.

RL results in Tab. 2 demonstrate that the performance of the
three settings shows a similar trend for both SAC and TQC.
The Raw setting does not perform well compared with the
others considering there is no joint and 6-dof pose informa-
tion. With ground truths as additional state representations,
Raw+JP achieves the best performance among the three. The
result of AOT setting is much higher than Raw, indicating
one of the benefits of an AOT-driven approach that an ana-
lytic description can be given for the raw input, which en-
ables RL agents to better leverage the state representations
to learn interaction strategies.

5 Related Work
Conceptual Object Understanding in Human Cognition.
Researchers in cognitive science have been studying vi-
sual object understanding for several decades (Humphreys,
Price, and Riddoch 1999; Ullman 2000; Palmeri and Gau-
thier 2004; Biederman 1987; Hummel and Biederman
1992). Their investigations have aimed to unravel the in-
tricate processes involved in perceiving, recognizing, and
comprehending objects within the human mind, wherein
they have discovered the significant role of conceptual
knowledge (Biederman 1987; Habel and Eschenbach 2006;
Palmeri and Gauthier 2004; Rosch 1975). For example, Bie-
derman (Biederman 1987) has found that the perceptual
recognition of objects can be conceptualized to be a pro-
cess in which an object is segmented into an arrangement
of simple geometric components, such as blocks, cylin-
ders, wedges, and cones. Compelling evidence provided
in (Palmeri and Gauthier 2004; Dixon et al. 2002; Gold-
stone and Barsalou 1998) also indicates a strong relation
between perception and conceptual knowledge. Studies on
infants (Carey and Xu 2001; Scholl and Leslie 1999) further
reveals the pivotal significance of conceptual knowledge in
object understanding, since infants are much less susceptible
to empirical factors. These findings establish a possible way
for machine intelligence to understand objects at the con-
ceptual level, but little previous work in the computer vision
community has paid attention to this area.
Articulated Object Understanding. Articulation structure
is an important topic in both vision and robotics commu-
nity and has been investigated by many researchers. Many
articulated object assets (Xiang et al. 2020; Liu et al. 2022a;
Martı́n-Martı́n, Eppner, and Brock 2019; Calli et al. 2015;
Sun et al. 2024b,a) have been proposed in recent years.
Thanks to previous work ShapeNet (Chang et al. 2015) that
collects a large amount of CAD object models and Part-
Net (Mo et al. 2019) that gives hierarchical part seman-
tic segmentation annotations on a subset of ShapeNet, and
Shape2Motion (Wang et al. 2019) further label the joint in-
formation of CAD models in PartNet for articulation re-

search. PartNet-Mobility (Xiang et al. 2020) takes a step fur-
ther to collect a large-scale set of articulated objects from 3D
Warehouse which include models of real-world manufactur-
ers’ products and possess real-world diversity and complex-
ity. On the other hand, some researches (Liu et al. 2022a)
aim to collect assets via real-world scanning to build articu-
lated object datasets.

Based on these datasets, articulated objects have been
studied from many aspects. From the perception aspect, cur-
rent works concentrate on multiple areas such as recogni-
tion (Zeng et al. 2021; Jain et al. 2021), part segmenta-
tion (Yi et al. 2018), pose estimation (Li et al. 2020; Liu
et al. 2022b) and tracking (Heppert et al. 2022; Weng et al.
2021). For example, Yi et al. (Yi et al. 2018) develop a net-
work to co-segment the input objects into their articulated
parts according to a 3D CAD model similar to the input.
Li et al. (Li et al. 2020) propose a normalized coordinate
space to estimate 6D pose and joint state for articulated ob-
jects. There are also many researches on discovering how
to interact with articulated objects (Katz and Brock 2008;
Xiang et al. 2020; Mo et al. 2021; Liu et al. 2022a; Wang
et al. 2022; Geng et al. 2023; Ling et al. 2024). For example,
Mo et al. (Mo et al. 2021; Wang et al. 2022) extract highly
localized actionable information for articulated objects with
movable parts. Still, most of current approaches work on ob-
ject or part level and heavily rely on high-quality 3D data for
training. In comparison, our AOT-driven paradigm demon-
strates promising performance at conceptual level and needs
no real training data for its generalization capability.

6 Conclusion
In this paper, we introduce Analytic Ontology Templates as
the description for generalized concepts, in order to enable
machine intelligence to appropriately perceive, comprehend
and interact with articulated objects at the conceptual level,
especially for those in novel categories. Our main contri-
butions are as follows. First, we propose Analytic Ontol-
ogy Template as a parameterized and differentiable template
description of a generalized conceptual ontology, and affor-
dances can be numerically described in the template for ac-
curate and controllable interactions. Second, an AOT-driven
pipeline called AOTNet is designed accordingly to equip in-
telligent agents with these concepts, and then empower the
agents to effectively discover the conceptual knowledge of
structure and affordance on objects. Third, we comprehen-
sively evaluate the effectiveness of AOT and AOTNet on
hundreds of articulated objects across a wide range of cat-
egories in terms of articulated concept discovery. The exper-
iments suggest the benefits of the AOT-driven paradigm and
the possibility for machine intelligence to mimic the human
capability of learning at the conceptual level.
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