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Abstract

Perception and interaction with articulated objects present a
unique challenge for service robots. Although recent research
has emphasized understanding articulated shapes and affor-
dance proposals, existing methods only address isolated as-
pects, failing to develop comprehensive strategies for robotic
perception and manipulation of articulated objects. To bridge
this gap, we propose GMAP, which systematically integrates
the entire process from command to perception and manip-
ulation. Specifically, we first perform precise part-level seg-
mentation of the object and identify the geometric and kine-
matic parameters of articulated joints. Then, by evaluating
point-level affordance proposals, we determine the interac-
tion poses for the robot’s end-effector. Finally, the robot’s
execution trajectory is dynamically computed by combin-
ing commands with joint parameters and interaction points.
Additionally, a key innovation of GMAP is addressing the
scarcity of annotated data. We designed a multi-scale point
cloud feature extraction module and introduced pre-training
and fine-tuning techniques, significantly enhancing the gen-
eralization capability of the perception model. Extensive ex-
periments demonstrate that GMAP achieves state-of-the-art
(SOTA) performance in both the perception and manipulation
of articulated objects and adapts to real-world scenarios.

Code — https://github.com/robhlzeng/GMAP

Introduction

Manipulating articulated objects (Mo et al. 2021; Wang et al.
2022; Chu et al. 2023; Zeng et al. 2024b) is a common
and crucial task in the field of service robots. We aim for
agents to autonomously determine when and how to perform
manipulation tasks. In recent years, large language mod-
els (LLMs) (Devlin et al. 2018; Brown et al. 2020; Tou-
vron et al. 2023) have made significant progress across var-
ious fields, providing robust support for embodied intelli-
gence (Joublin et al. 2023; Rana et al. 2023; Zhang et al.
2023; Wang et al. 2024; Hazra, Dos Martires, and De Raedt
2024) by translating abstract high-level intents into specific
task instructions. For example, when a user expresses the
desire to “’drink a cold soda”, an LLM can parse this into a
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Figure 1: GMAP segments the movable parts of an object,
estimates the joint parameters and manipulation affordances,
and ultimately plans the operation based on commands.

series of concrete actions: moving to the refrigerator, open-
ing the door, and retrieving the chilled soda. In this process,
the LLM acts as the “brain” of the agent, completing the
thought process from intent to action. However, to achieve
precise skill execution, the agent also needs a “cerebellum”
to plan and coordinate movements. Therefore, our goal is
to develop a general perception-to-interaction manipulation
strategy specifically for articulated object tasks, making it a
robust component of the agent’s ’cerebellum”.

Although recent research has made progress in estimat-
ing joint parameters (Zeng et al. 2024b) of articulated parts,
building digital twins (Jiang, Hsu, and Zhu 2022), and visu-
alizing manipulation affordances (Wang et al. 2022), these
technologies often focus on a single aspect and fail to meet
the practical needs. For example, when an LLM or a hu-
man instructs a robot to open a specific part of a cabinet to
a degree, understanding the joint parameters of that part is
insufficient. The robot needs to comprehend how to locate
contact points, adopt poses, and follow a specific trajectory
to meet the instruction’s requirements. Therefore, we pro-
pose GMAP to address this challenge. Our approach inte-
grates part segmentation, joint parameter estimation, and af-
fordance analysis, with a designed multi-scale point cloud
feature extraction network and training strategy to enhance
the performance of each module. As shown in Fig. 1, GMAP
combines operation commands with the joint parameters and
affordance features of the part, dynamically planning an op-
eration trajectory to achieve the desired state.

On the other hand, there is a significant contradiction be-
tween the high demand for generalization and accuracy in
perception models and the scarcity of high-quality annotated



data. Previous research (Li et al. 2020; Zeng et al. 2024b)
has tended to develop category-level perception models to
mitigate data dependence. However, this approach hampers
the adaptability of the models, making them challenging to
deploy in real-world scenarios. In this study, we explore
two approaches to optimize this issue. Firstly, considering
the size differences between articulated objects, a single-
scale feature extractor struggles to adapt to different cate-
gories. Therefore, we partition the point cloud into multi-
ple scales and employ a visual transformer (Vit) (Dosovit-
skiy et al. 2020) encoder to extract features at each scale.
Subsequently, multi-scale features are integrated and propa-
gated to obtain point-wise features of the input point cloud
for further inference. This approach significantly enhances
the model’s ability to capture both global and local fea-
tures. Secondly, we employ self-supervised learning (SSL)
to leverage large-scale unannotated datasets, thereby im-
proving the model’s understanding of a wide range of 3D
shapes. On this foundation, we perform post-training and
fine-tuning on the articulated object dataset to achieve ad-
ditional performance improvements.

We conducted comprehensive experimental validation on
two widely recognized articulated object datasets—PartNet-
Mobility (Mo et al. 2019) and Shape2Motion (Wang et al.
2019). GMAP achieved an 80% Intersection over Union
(IoU) in the part segmentation task, while in the joint ori-
entation prediction task, the prediction error was maintained
at approximately 0.42°. Additionally, we achieved a 36.94%
success rate in instruction-based push manipulation in the
Sapien (Xiang et al. 2020) simulator and successfully ma-
nipulated three different types of articulated objects in real-
world environments. In summary, the contributions of this
work can be outlined as follows:

* GMAP proposes an innovative multi-scale point cloud
feature extraction model, enhanced through pre-training.
It achieves SOTA performance in segmentation and joint
parameter estimation tasks.

* We constructed a comprehensive process from percep-
tion to interaction, enabling robots to perform general-
level manipulation planning for articulated objects.

¢ Experimental results demonstrate that GMAP achieves
leading success rates in manipulation tasks and can adapt
to complex real-world environments.

Related Works

Pre-training for Point Cloud. Due to the relative scarcity
of large-scale, high-quality annotated 3D datasets, pre-
training methods have garnered widespread attention in the
field of point cloud feature extraction. Following contrastive
learning methods (Xie et al. 2020; Zhang et al. 2021), in-
spired by the success of masked modeling in natural lan-
guage processing (NLP) (Devlin et al. 2018) and 2D com-
puter vision (CV) (He et al. 2022), masked point block
modeling (MPM) (Yu et al. 2022; Pang et al. 2022; Zhang
et al. 2022) has gradually become the mainstream paradigm.
PointGPT (Chen et al. 2023) addresses the issue of global
shape information leakage by using an autoregressive gener-
ation mechanism. Point-MGE (Zeng et al. 2024a) introduces
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generative learning into self-supervised training, achieving
SOTA pre-training performance. Our pre-training method is
based on Point-MGE, as it helps us overcome point cloud
sampling bias, which is crucial. Subsequently, we added a
fine-tuning phase to enable the model to gain a deeper un-
derstanding of the 3D shape features of articulated objects.

Articulated Part Analysis. Simulators (Todorov, Erez,
and Tassa 2012; Xiang et al. 2020; Szot et al. 2021) and
open datasets (Chang et al. 2015; Mo et al. 2019; Wang
et al. 2019; Geng et al. 2023) play a crucial role in advancing
the analysis of articulated objects. Previous studies (Yi et al.
2018; Abbatematteo, Tellex, and Konidaris 2019; Shi, Cao,
and Zhou 2021; Jain et al. 2021; Siarohin et al. 2021; Jiang,
Hsu, and Zhu 2022) have achieved joint parameter estima-
tion using a two-stage dynamic observation as input, but in
most real-world scenarios, robots can only rely on static in-
put. MARS (Zeng et al. 2024b) enhances feature extraction
through multimodal input but simultaneously increases the
complexity of data collection and the strictness of data align-
ment. Cart (Chu et al. 2023) encodes commands as model
input and predicts the dynamic parameters for manipula-
tion; however, it still lacks the capability to directly drive the
robot to manipulate articulated objects. It is noteworthy that
these methods are mostly trained on small sample datasets,
leading to insufficient generalization capability. In contrast,
our method leverages point cloud SSL to enhance the gener-
alization ability of the few-shot learning model and can plan
manipulation trajectories based on perception results.

Learning Interactive Affordance. The core of learning
interactive affordances lies in deeply analyzing the interac-
tion processes between other agents and the environment to
identify and understand potential action strategies and in-
teraction patterns (Redmon and Angelova 2015; Qin et al.
2020a; Nagarajan and Grauman 2020; Wu et al. 2021; Xu,
He, and Song 2022). In this field, researchers have devel-
oped various visual affordance representation techniques,
including detecting key parts of objects (Mandikal and Grau-
man 2021), identifying critical contact points during inter-
actions (Qin et al. 2020b), and generating heatmaps to guide
interactive actions (Nagarajan and Grauman 2020; Mo et al.
2021; Wang et al. 2022). While these visual affordance rep-
resentations perform well in simple interaction tasks, they
fall short in completing the manipulation of complex artic-
ulated objects. A key challenge is generating a coherent ex-
ecution trajectory to accurately complete specific operation
commands. To address this issue, our research combines in-
teractive affordance representation with joint parameter esti-
mation and calculates the transformation matrix required for
the manipulation point to reach the target state.

Method

In this section, we will introduce the components and
pipeline of the GMAP framework (see Fig. 2). GMAP starts
with a pre-trained multi-scale feature extraction (MSFE)
module, followed by point-wise feature extraction (PFE)
through feature propagation. This framework comprises
three core perception modules: the part segmentation net-
work (Seg-Net), the joint parameter estimation network
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Figure 2: Overview of GMAP framework. (a) MSFE: The input points are processed into multi-scale point patches (see Fig. 3)
and rich feature representations are extracted through ViT encoders. (b) PFE: Obtain query point features and perform multi-
scale feature interpolation using propagation techniques. (c¢) Pre-Training: Utilizes point cloud SSL for effective pre-training
of the MSFE module. (d) Seg-Net: Combines MSFE and PFE for part segmentation and mobility prediction. (e¢) Para-Net:
Estimates the joint type, direction, position, and state of selected parts. (f) Afford-Net: Estimates point-level affordances to

guide interaction planning.
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Figure 3: The points is divided into multi-scale patches using
multi-level FPS and KNN.

(Para-Net), and the point-level manipulation affordance pro-
posal network (Afford-Net).

Multi-Scale Feature Extraction

For the points X € RY*3, we employ the MSFE mod-
ule depicted in Fig. 2(a) to extract its multi-scale features.
This process encompasses three critical steps: normalizing
the point cloud; patching it at multiple scales; and encoding
through a series of ViT encoders.

Normalizing. To accommodate objects of different scales,
we establish a coordinate system with the center point of X.
Then, we translate and scale X as follows:

X - % sz\il Ti

N
% > j=1Tj |
Patching. As shown in Fig. 3, for any scale ¢, we employ
Farthest Point Sampling (FPS) to obtain m; € M center
points C}, followed by the K-Nearest Neighbors (KNN) al-

gorithm to determine k; € K neighboring points for each
patch P;. This can be represented as:

P, = KNN(FPS(C;_1),Ci—1), P; € Rmixkix3,

X' =

ey

max; ||z; —

@
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where Cy = X', the number of scales n, and the values of
M and K are predefined.

Encoding. We employ a mini-PointNet (Qi et al. 2017a)
to extract preliminary features of the point patch at the first
scale and use a Multi-Layer Perceptron (MLP) for position
encoding of the center points. The input tokens 77 for the
ViT encoder at the first scale are:

Ty = Mini-PointNet(P;) + 0ne(C1), Ty € R™ >4 (3)

For the i-th scale, the input tokens 7; are obtained by merg-
ing the features of the previous scale contained in P;:

Ti = M(amerge(T’f_il)) + oenc(ci)v T—ZL € RmiXdiv (4)

where M () denotes the maximum pooling operation and d;
is the feature dimension.

Point-wise Feature Extraction

The PFE module first treats each point in the point set Y €
RN'*3 a5 a query. Based on this, the module employs a fea-
ture propagation technique similar to that in PointNet++ (Qi
et al. 2017b), integrating the output tokens T; from ViT en-
coders at different scales to obtain point-wise features f:

F=@ (PE). feRVTRL ()

where €@ and P(-) denote feature concatenate and feature
propagation, respectively. Then, we perform max pooling
and average pooling on the feature f, and concatenate the
sum of these pooled results with the original feature. Fi-
nally, we employ multi-layer 1D convolutions to reduce the
dimensionality of the features, which can be expressed as:

FZQCOHV((M(f)+A(f))@f))a F e RN*P, (6)



Pre-training

We adhere to the Point-MGE (Zeng et al. 2024a) by em-
ploying a two-stage strategy to pre-train our MSFE. Firstly,
we train a Vector Quantized Variational Autoencoder (VQ-
VAE) (Van Den Oord, Vinyals et al. 2017) to map point
patch features into a discrete codebook. Subsequently, we
apply variable masking to the point patches and then input
them into the MSFE module. The decoder is responsible for
reconstructing the 3D shape based on the visible parts. Fur-
ther details can be found in (Zeng et al. 2024a) and appendix.

Seg-Net

We utilize the pre-trained MSFE to extract multi-scale fea-
tures from the input points X, and employ a PFE module to
propagate features for each point y € Y. This design allows
Seg-Net to extract features from the sparse points X and
perform segmentation on the dense points Y to save compu-
tational cost, where N < N’. Building on this foundation,
we deploy two MLP prediction heads to predict the part to
which each point belongs and whether the point is movable,

(N

where 7 = 0 means the part is immovable and 7 = 1 means
the part is movable.

T = Opmoy (F) and v = O,y (F), 7™={0,1},

optimization target. For the prediction of movability, we
employ binary cross-entropy (BCE) as the optimization ob-
jective for binary classification. For the segmentation task,
we also utilize the cross-entropy loss function. The com-
bined training objective can be represented as follows:

l:seg = Loce (Ta 72) + Lee ('77 'AY)a (8)

where 7 and 4 denote the ground truth for mobility as well
as part segmentation, respectively.

Para-Net

Feature Separator. After training the Seg-Net, we trans-
fer the weights of the MSFE and PFE as a whole to the Para-
Net. The network selects a movable part « based on the seg-
mentation results and command requirements, and predicts
the joint type p, orientation o, position u, and current state
s of the selected part. After obtaining point-level features,
we use a feature separator to aggregate features belonging
to points of the part and features of points not belonging
to the part, respectively. These two sets of features are then
concatenated to serve as inputs to different MLP prediction
heads. The feature separation process can be represented as:

F.=A(Fly = 5) @ A(F|y # k),

{p,0,1,5} = Bpara (F) . p=1{0.1}.

optimization target. We use binary cross-entropy loss
Liype to estimate the type of joint p, where p = 0 represents
a revolute joint and p = 1 represents a prismatic joint. Since
the position of prismatic joints does not affect the planning
of the manipulation trajectory, we only compute the loss for

C))

(10)
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the position estimation of revolute joints. This loss is de-
fined as the projection distance between the estimated posi-
tion and the true joint axis:

u—1u

Lpos(u, @, 0) = |lu — @ — ( (11

.5
fu—ay Ol
where 4 and o represent the true position and the unit orien-
tation vector of the joint axis, respectively. Additionally, we
calculate the arccos value of the angle between o and 0, and
minimize this value as the orientation training objective:

12)

Finally, we employ the L1 norm loss to calculate the discrep-
ancy between the estimated joint state s and the true state §
as the loss function L. Specifically, similar to Cart (Chu
et al. 2023), we normalize the state s € [0, 1]. The overall
optimization objective can be represented as:

Lpara = ﬁtype + (1 - p) . £pos + Lori + Lstate-

Afford-Net

As shown in Fig. 2(f), the GMAP framework evaluates
point-wise action affordance using two MLP prediction
heads—Action Proposal (AP) and Action Scoring (AS).
Similarly, MSFE and PFE extract point-level features from
the object points Y as inputs for the prediction heads. The
objective of AP is to determine the interaction parameters
R, between the robot’s end-effector and the manipulation
point with a high recall rate. It takes point-level features and
randomly sampled Gaussian noise z as inputs to predict the
3-DoF orientation of the end-effector in the SO(3) space:

R. = 0xp(F, z,a"), R, € RN *3x3, (14)

where a' denotes the action type, with a® = 0 representing
a push action and a® = 1 representing a pull action. Follow-
ing the Where2Act (Mo et al. 2021), we collected extensive
interaction data samples {(S;, p;, R;, a%,r;)}; in the simula-
tor for training. Here, p|S represents a point p on the sample
S, R is the end-effector orientation, and r = {0, 1} is used
to distinguish between positive and negative samples. The
Min-of-N (Fan, Su, and Guibas 2017) loss function for AP
module is defined as:

Lori(0,6) = arccos(o, 0).

13)

,CAPZT‘_

5)

,,,,,

Additionally, we use the standard binary cross-entropy
loss to train the AS head, which is defined as:

as = GAS(F7 Ra at)7 ag = {03 1}’
Las =7 -log(0as(Fps, R, at))+
(1 —_ ’f') . log(l - eAS(Fp|S7 R? at))

(16)

a7

Trajectory Planning

Trajectory planning selects the point p with the highest ac-
tion score for interaction. It calculates motion parameters
using predicted joint parameters {p, o, u, s} and command
requirements {p;4, s’ }. The required rotation angle or move-
ment distance is determined by comparing the difference be-
tween the current predicted state of the joint and the desired



Segmentation Joint Parameter . .
Datasets Methods (mIoU%)t Revolute Prismatic
Ori| Pos| State| | Ori| State]

RPM-Net (Yan et al. 2020) 59.7 10.36° 0.16 16.15° | 10.19° 0.27
PartNet- ANCSH (Li et al. 2020) - 4.15° 0.08 12.14° 7.74° 0.24
Mobility Ditto (Jiang, Hsu, and Zhu 2022) - 1.88° 0.04 5.81° 2.77° 0.08
(Mo et al. 2019) Cart (Chu et al. 2023) 72.3 1.81° 0.04 4.96° 2.52° 0.08
) MARS (Zeng et al. 2024b) - 1.58° 0.03 3.74° 0.87° 0.09
Ours 79.6 0.45° 0.04 0.21° 0.35° 0.05
w/o Pre-training 77.0 1.06° 0.05 0.22° 1.65° 0.05
RPM-Net (Yan et al. 2020) 61.2 9.85° 0.13 14.28° | 11.37° 0.31
ANCSH (Li et al. 2020) - 3.71° 0.12 11.72° 7.92° 0.26
Shape2Motion Ditto (Jiang, Hsu, and Zhu 2022) - 1.74° 0.05 5.94° 3.04° 0.09
(Wang et al. 2019) | Cart (Chu et al. 2023) 70.9 1.96° 0.04 4.87° 2.58° 0.08
MARS (Zeng et al. 2024b) - 1.43° 0.04 2.95° 1.94° 0.08
Ours 814 0.39° 0.03 0.27° 0.49° 0.04
w/o Pre-training 77.6 0.94° 0.05 0.38° 1.48° 0.05

Table 1: Quantitative evaluation results of segmentation and joint parameters on the PartNet-Mobility (Mo et al. 2019) and
Shape2Motion (Wang et al. 2019) datasets. The best results are shown in bold, and the second-best results are underlined.

Train Test
Methods cabinet| Oven Fridge Table Micro Safe
MARS 3.17° |15.97° 4.83° 7.49° 6.26° 12.31°
Ori | Ours 0.36° | 5.91° 0.42° 0.16° 2.41° 2.55°
w/o Pre 1.43° |13.08° 0.67° 8.61° 5.78° 18.98°
MARS 0.19 | 0.16 0.21 0.15 0.08 0.09
Pos | Ours 0.03 | 0.08 0.05 0.08 0.05 0.06
w/oPre 0.03 | 0.12 0.04 0.08 0.06 0.11
MARS 0.09 |2.74° 6.21° 3.42° 4.94° 3.15°
State | Ours 0.24° 1 0.13° 0.42° 0.04° 0.15° 0.61°
w/oPre  0.07 | 0.11° 0.49° 0.09° 0.23° 0.49°

Table 2: Trained on cabinet and tested on five unseen cate-
gories to evaluate the method’s generalization performance.

state,l = (s’ — s) - L, where L represents the extreme value
when the state of the joint is s = 1. Based on this, we com-
pute the movement trajectory of the manipulation point and
obtain the motion parameters of the end-effector in SE(3)
space through interpolation over multiple time steps. For
prismatic joints, the motion trajectory is:

pt)=p+t-(l-0), telo1]. (18)

Using the Rodriguez formula to calculate the rotation matrix
R(-), the motion trajectory of the revolute joint is:

p(t) = R(o,l-t)(p —u) +u, tel0,1], (19)

Experimental

In this section, we detail the experimental setup and demon-
strate GMAP’s performance in simulated and real-world
conditions. The network model’s training process and hy-
perparameter setting are documented in the Appendix.
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Experimental Setup

Datasets. We evaluated our method on two recognized ar-
ticulated object datasets, PartNet-Mobility (Mo et al. 2019)
and Shape2Motion (Wang et al. 2019), comparing it to
benchmarks. We chose 14 object categories from PartNet-
Mobility and 4 from Shape2Motion, each with over 30 in-
stances. Each instance was imported into the simulator, with
joint states of movable parts adjusted randomly 20 times.
Using a depth camera, we collected point cloud data in vari-
ous states, dividing it 9:1:1 for training, validation, and test-
ing. We also tested our method’s manipulation planning on
PartNet-Mobility instances in the Sapien (Xiang et al. 2020).

Pre-training. We pre-trained the MSFE module on
ShapeNet (Chang et al. 2015) to boost its 3D shape fea-
ture extraction. This dataset offers over 50,000 3D models
across 55 categories. For MSFE, we set three scales with
point patches M = {512,256,64} and points per patch
K = {32,8,8}. Using AdamW (Loshchilov and Hutter
2017), we pre-trained for 300 epochs as Point-MGE (Zeng
et al. 2024a). To deepen the model’s grasp of articulated ob-
jects, we added 100 epochs post-training on an articulated
object dataset.

Baselines. We compared six baseline methods for part
segmentation and joint parameter estimation: RPM-
Net (Yan et al. 2020), ANCSH (Li et al. 2020), Ditto (Jiang,
Hsu, and Zhu 2022), Cart (Chu et al. 2023), MARS (Zeng
et al. 2024b), and a GMAP version without pre-training.
Ditto creates digital twins via a two-stage strategy. Cart esti-
mates parameters based on commands. MARS is the SOTA
in joint parameter estimation prior to our work. For ma-
nipulation, we also compared Where2Act (Mo et al. 2021),
which uses affordance estimation, and its benchmarks and
an improved version, AdaAfford (Wang et al. 2022). These
methods, unlike GMAP, mainly perform fixed actions and
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Figure 4: We present the visualization results of segmentation, joint parameter estimation, and affordance proposals for eight

instances across four categories.

Methods Pushing-Succ(%) 1+  Pulling-Succ(%)
B-Random 3.79 1.55
B-Normal 11.57 4.18
B-PCPNet 9.15 3.71
Where2Act 14.74 7.85
AdaAfford 27.71 10.45
Our-Afford 18.23 9.39

Our 36.94 21.72

Table 3: Evaluation of manipulation results for sampled
interaction points. “Our-Afford” uses GMAP’s affordance
module for action suggestions, applying predefined ~push”
and “pull” without joint parameters for trajectory planning.

lack dynamic planning, potentially limiting complex task
handling.

Main Results

Segmentation and Joint Parameters Estimation. As de-
tailed in Table 1, our approach excels in part segmen-
tation on both PartNet-Mobility (Mo et al. 2019) and
Shape2Motion (Wang et al. 2019) datasets, with IoU scores
of 79.6% and 81.4%, leading all compared methods. In
joint parameter estimation, while our method narrowly falls
behind MARS (Zeng et al. 2024b) in the specific task
of estimating revolute joint positions on PartNet-Mobility,
it surpasses it in the remaining key metrics. Our method
particularly excels in rotational joint state estimation, out-
performing MARS by 3.53° and 2.68° on the respective
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datasets. The pre-training strategy significantly enhances
GMAP’s performance across all metrics, outperforming the
non-pre-trained version. This highlights the importance of
pre-training. Even without it, GMAP maintains a substantial
lead over other baselines in both tasks, affirming the efficacy
of our multi-scale feature extraction framework for articu-
lated objects.

Generalizability results. We assessed GMAP’s general-
ization by training Para-Net on the cabinet category and val-
idating it on five new categories. Despite facing unseen cat-
egories, our method only shows a minor dip in performance,
as illustrated in Table 2, particularly in joint orientation es-
timation, where it remains competitive with MARS (Zeng
et al. 2024b) and our ablation model. This robust general-
ization is due to two main factors: our implementation of a
resilient multi-scale feature extraction network that captures
universal 3D shape features, and a pre-training strategy that
equips the model to understand and apply cross-category 3D
shape principles, ensuring consistent accuracy with unfamil-
iar categories.

Manipulation results. After adeptly accomplishing part
segmentation and joint parameter estimation, we proceeded
to assess GMAP’s proficiency in carrying out manipulation
commands. While benchmark methods like Where2 Act (Mo
et al. 2021) and AdaAfford (Wang et al. 2022) rely on man-
ually selected ’push” or ”pull” models aligned with specific
command requirements, GMAP distinguishes itself by in-
telligently selecting actions based on the discrepancy be-
tween the joint’s current and desired states. To isolate and
exhibit the effectiveness of GMAP’s individual components,
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Figure 5: Real-world robot experiments. The upper left corner of the figure shows our experimental setup, while the upper right
corner provides detailed visualizations of the joint parameter estimations and affordance proposals for the input objects. The
images below compare the start and end keyframes of the manipulation process.

we introduced an ablation study utilizing solely the Afford-
Net. This version aligns with the benchmarks by employ-
ing predefined motion primitives for action proposals. Yet,
GMAP transcends this by dynamically generating and exe-
cuting motion trajectories informed by the joint parameters
and command specifics.

As depicted in Table 3, adhering to where2act’s protocol,
we documented the success rates from interaction point tests
across five categories. The findings reveal that Our-Afford,
limited to the Afford-Net, markedly enhances proposal qual-
ity over Where2Act, attributable to its refined point-level
feature analysis. Despite this, Our-Afford slightly lags be-
hind AdaAfford, which is bolstered by few-shot interaction
adjustments. Nonetheless, it is GMAP’s capacity for dy-
namic manipulation trajectory computation that sets it apart,
allowing it to nimbly navigate and surmount obstacles at in-
teraction points where static motion primitives falter, conse-
quently boosting the manipulation success rate.

Visualization results. To intuitively demonstrate the per-
formance of our method in part segmentation, joint pa-
rameter estimation, and affordance proposals, we randomly
selected 4 categories from the test set, each containing 2
instances for display. As shown in Fig. 4, GMAP effec-
tively identifies and segments parts with non-zero articula-
tion states. Although GMAP’s segmentation edges may ex-
hibit some jaggedness for parts in a closed state and tightly
adjacent to others, this does not hinder the precise estima-
tion of joint direction and position. Moreover, our method
can intelligently select the most appropriate ’push” or "pull”
action based on state requirements, propose interaction po-
sitions, and visualize them through the use of heatmaps.

Real-world Experiments

We directly applied the network trained on synthetic data
to experiments with real-world data. As shown in the top
left corner of Fig. 5, our real-world experimental setup is
equipped with a RealSense2 RGB-D camera, which is used
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to capture depth images of objects. Following this, we per-
formed calibration between the robot coordinate system and
the camera coordinate system. The acquired object point
cloud is downsampled and normalized for input into the
network. Based on Seg-Net’s segmentation results, a mov-
able articulated part is selected, and specific manipulation
instructions, such as “open 100%”, are provided as needed.
The top right corner of Fig. 5 shows the visualized results
of joint parameter estimation and affordance proposals for
three real samples. Despite the presence of noise in real-
world data, our method still estimates the position, direc-
tion, and current state of joints with relatively high accuracy.
By sorting interaction scores, we selected the points with
the highest interaction scores for trajectory planning. Dur-
ing the execution phase, we used compliance control tech-
niques to mitigate the impact of estimation errors. The bot-
tom of Fig. 5 shows two key time frames at the start and end
of the manipulation, visually demonstrating that our method
can adapt to real environments and successfully complete
the tasks.

Conclusion and Limitations

We propose GMAP, an innovative framework for robotic
manipulation of articulated objects. To achieve general ma-
nipulation planning, we meticulously designed a system-
atic workflow that encompasses key steps including object
part segmentation, joint parameter and affordance estima-
tion. Our approach is fortified by point cloud SSL, which
significantly reduces the reliance on large-scale labeled data
through fine-tuning strategies. This not only enhances the
model’s ability to generalize from synthetic to real-world
data but also streamlines its adaptability to various articu-
lated objects. Experimental outcomes confirm GMAP’s ex-
ceptional capabilities in perception and interaction, with a
smooth transition to real-world scenarios. While our integra-
tion of joint parameters into dynamic manipulation planning
markedly boosts success rates, further refining the accuracy
of interaction affordance proposals is an ongoing challenge.
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