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Fig. 1: The task of robot hanging a grasped object onto a supporting item involves a diverse range of grasped objects and supporting items with various
shapes and geometric structures. In this work, we introduce Semantic Keypoint Trajectory (SKT), an actionable representation that specifies where and
how to hang grasped objects onto a supporting item. Our experiments show that SKT is object-agnostic, enabling hanging various objects onto the same

supporting item.

Abstract— We study the problem of hanging a wide range of
grasped objects on diverse supporting items. Hanging objects
is a ubiquitous task that is encountered in numerous aspects of
our everyday lives. However, both the objects and supporting
items can exhibit substantial variations in their shapes and
structures, bringing two challenging issues: (1) determining the
task-relevant geometric structures across different objects and
supporting items, and (2) identifying a robust action sequence to
accommodate the shape variations of supporting items. To this
end, we propose Semantic Keypoint Trajectory (SKT), an object-
agnostic representation that is highly versatile and applicable
to various everyday objects. We also propose Shape-conditioned
Trajectory Deformation Network (SCTDN), a model that learns
to generate SKT by deforming a template trajectory based on
the task-relevant geometric structure features of the supporting
items. We conduct extensive experiments and demonstrate
substantial improvements in our framework over existing robot
hanging methods in the success rate and inference time. Finally,
our simulation-trained framework shows promising hanging re-
sults in the real world. For videos and supplementary materials,
please visit our project webpage: https://hcis-lab.github.io/SKT-
Hang/.

I. INTRODUCTION

Hanging is a common routine in various aspects of our
daily lives, taking place in situations like households, logis-
tics, and stationery stores. Equipping robots with the skill
to hang objects in unconstrained settings can significantly
alleviate labor shortages in these domains. In this paper, we
focus on how to enable robots to hang a wide range of objects
in hand onto arbitrary supporting items, such as hooks or
racks. This is challenging since the robot needs to reason
about the hanging structure and determine the corresponding
actions while being robust to the diversity in the hanged
objects and supporting items.

979-8-3503-8457-4/24/$31.00 ©2024 IEEE

Existing algorithms [1], [2], [3], [4] apply category-level
representations, such as semantic keypoint or dense corre-
spondence, to identify the hanging parts such as mug handles
or contact points on supporting items. These category-level
representations are subsequently leveraged to define the
desired target poses, demonstrating their utility in the task
of hanging mugs on racks [1], [3], [4]. However, mere
knowledge of hanging poses is insufficient when dealing with
diverse objects and supporting items that require fine-grained
intermediate actions (see Fig. 1).

To determine action sequences for hanging diverse objects
and supporting items, OmniHang [2] proposes a two-stage
solution. First, they detect contact points between objects and
supporting items to identify suitable hanging poses for ob-
jects. Second, they employ a sampling-based motion planner
to generate collision-free trajectories for hanging. However,
sampling-based motion planners require exhaustive search,
resulting in significant computational burdens to determine
a feasible trajectory for each object-supporting item pair.
Furthermore, predicting collisions under partial observability
poses a significant challenge in generating feasible hanging
trajectories.

In this work, we present a new representation called
Semantic Keypoint Trajectory (SKT) and a novel framework
for generating SKT to address the challenges faced in the
existing methods. SKT is an actionable representation that
simultaneously models the hanging part of the supporting
item and the hanging movements of the objects’ keypoints.
Fig. 1 illustrates the concept of SKT. The design of SKT
is inspired by the observation that keypoints can be defined
across objects such that they have similar movements when
hanging onto the same supporting item. In our experiments,
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we validate that SKT has the capacity to facilitate the
hanging of a wide range of objects onto the same supporting
item. It is worth noting that SKT can effectively eliminate
the need for replanning for every object-supporting item pair,
saving the computational resources for other prominent tasks.

We introduce a novel learning framework for SKT gener-
ation: Shape-Conditioned Trajectory Deformation Network
(SCTDN). SCTDN takes the partial point cloud of a sup-
porting item as input and generates the corresponding SKT
by deforming a retrieved template SKT based on the task-
relevant geometric structure features. We consider the follow-
ing two critical design choices. First, we suggest deforming
a template trajectory rather than predicting it from scratch,
based on the observation that similar SKTs correspond to
similar hanging parts of supporting items. We propose an
unsupervised clustering algorithm to construct a template
trajectory database. Second, we extract features of task-
relevant geometric structures when deforming SKTs. This
approach is inspired by the trajectory generation with affor-
dance guidance introduced in [5].

We demonstrate the effectiveness of SCTDN with a
promising hanging success rate for a wide range of ob-
jects and supporting items compared to state-of-the-art algo-
rithms [6], [2], [S]. We also show efficiently generated action
sequences compared to [2]. Moreover, given a supporting
item, the SKTs predicted by SCTDN can enable hanging
various objects compared to a strong baseline [5]. Specif-
ically, we apply all baselines to hang 50 different grasped
objects onto 60 unseen supporting items, resulting in a total
of 3,000 hanging trials. All methods must determine the
corresponding hanging actions for diverse pairs of objects
and supporting items under partial observability, making our
evaluation setting challenging. We perform thorough ablative
studies to justify our design choices, i.e., the selection of
deformation over prediction from scratch and the importance
of integrating task-relevant geometric structures. Finally, we
show promising results of hanging grasped objects onto
various supporting items in the real world.

The contributions of this paper are as follows:

o We present Semantic Keypoint Trajectory, a novel ac-
tionable and object-agnostic representation that simulta-
neously models the hanging structure of the supporting
item and the movements of the objects’ keypoints.

e« We introduce Shape-conditioned Trajectory Deforma-
tion Network (SCTDN), a novel framework for gener-
ating semantic keypoint trajectories through reasoning
over the geometry of the hanging component and per-
forming trajectory deformation.

e We perform comprehensive experiments and demon-
strate significant improvements in both the success rate
and inference time, surpassing state-of-the-art object
hanging algorithms.

« We present compelling results of hanging grasped ob-
jects onto various supporting items in the real world.

II. RELATED WORK
A. Keypoint in Robot Manipulation

Keypoint has gained significant popularity in the realm
of generalized robot manipulation [7], [1], [8], [6], [9], [4],
[10]. These approaches have yielded promising results in
manipulation tasks such as grasping [7], tool use [8], [6],
object placement [1], [3], mug hanging [1], [4], and peg-
hole insertion [6]. Recent studies have also delved into in-
tegrating keypoints with reinforcement learning or imitation
learning to determine robot actions for long-horizon tasks
such as object pushing [11], [12], pick and place [11],
shoe flipping [11], and cable insertion [9]. Inspired by the
success of keypoint in modeling task-relevant geometric
structures across different objects, we introduce the Semantic
Keypoint Trajectory as a novel actionable representation for
the hanging task. We demonstrate its effectiveness in offering
sequential guidance for the hanging of various objects onto
a variety of supporting items.

B. Actionable Representations for Affordance

In recent years, the research community has been explor-
ing actionable representations, such as the combination of
affordance and trajectory [13], [5], [14], [15], [16], optical
flow [17], and scene flow [18], [19], for various downstream
applications, including articulated object manipulation [13],
[51, [14], [16], [18], hand motion prediction [15], fabric
manipulation [17], and tool use [19]. The goal is to bridge
the perception-action gap, enhancing the ability to transfer
manipulation skills to unseen configurations. A crucial differ-
ence between our proposed representation and existing works
lies in our emphasis on the trajectory of the task-relevant
geometric structures of an object, rather than the hand pose
or gripper pose of a robotic arm.

Among these works, our proposed framework exhibits
similarities to the object-centric actionable visual priors
proposed in VAT-Mart [5]. VAT-Mart jointly learns the inter-
action point given a partial point cloud and the corresponding
trajectory for articulated object manipulation. In our work,
we introduce a trajectory deformation-based approach, in-
stead of a trajectory prediction framework. Empirically, we
demonstrate this strategy leads to more effective and efficient
trajectory generation for diverse hanging tasks.

III. SEMANTIC KEYPOINT TRAJECTORY AND DATASET
A. Semantic Keypoint Trajectory (SKT)

A semantic keypoint trajectory is defined as T =
{&,&1,...,&r—1}, where T is a sequence of 6D poses
defined in a supporting item’s coordinate frame, &; € SE(3)
is the ¢’th waypoint, and 7' is the trajectory length. It is worth
noting that, &, is the end waypoint attached to the supporting
item.

Rotation Definition. We systematically define the rotation
of a semantic keypoint £, € SE(3) as follows (see Fig. 2
(c)): We define the forward direction of an object hung onto
the supporting item as the x-axis of a semantic keypoint
&;. The y-axis of a semantic keypoint &; is the cross product
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Fig. 2: The overall data collection pipeline. (a) Shape generation via text-
to-3D framework [21]. (b) Contact point collection via forward simulation.
(c) Rotation extraction via the object’s forward direction and the gravity
direction. (d) Semantic keypoint trajectory generation via RRT-Connect [22].
between the x-axis of a semantic keypoint and the unit vector
of gravity. The z-axis is subsequently defined as the cross
product of the unit vectors of the x-axis and y-axis. There are
two notable observations that elucidate the basis for defining
rotations in this specific manner. First, in the hanging task,
we observed that the direction of object movement is usually
perpendicular to the plane formed by the hanging part on an
object, such as the "hanging ring” at the tail of a tool or the
mug handle. Second, this design choice offers a significant
advantage because it allows for the simplification of the
trajectory representation during training, retaining only the
positional component that eliminates the complexity of re-
gressing a sequence of SO(3) rotations. During inference, we
use adjacent 3D waypoints to identify the moving direction
(i.e., the x-axis). Empirically, we demonstrate the design
choice can favorably hang a wide range of objects to diverse
supporting items.

Task execution. First, the relative transform between the
robot’s end-effector pose T and the grasped object’s SE(3)
keypoint T is recorded as Ty = (T*H =17, We assume
T remains fixed after an object is stably grasped. This
assumption is aligned with [6]. To obtain T*P! for each object,
one can use off-the-shelf methods such as [6], [20]. The robot
first moves the end-effector to the initial waypoint {71 X
T then performs a hanging manipulation from Ep_q1 X Tt

ee
to & X T in reverse order of T.

B. Data Collection Pipeline

To learn to predict SKT, we propose an automated data
collection pipeline within a simulation environment. We
make this choice due to the challenges and costs associated
with collecting a substantial number of supporting items,
along with their corresponding semantic keypoints and SKTs
in the real world. The data collection pipeline is illustrated
in Fig. 2.

First, we apply Point-E [21], a text-to-3D framework, to
collect a diverse set of supporting items (see Fig. 2(a)).
To obtain the semantic keypoints, we automatically collect
the contact points of the supporting items and the hanging
objects as semantic keypoints via forward simulation (see
Fig. 2(b)), as demonstrated in [2], [20].

Fig. 2(c) demonstrates how we determine an object’s
semantic keypoint rotation. Using a horizontal supporting
item during the contact point collection process, we first
obtain the position Han of the object hanging pose. We then

move the object in front of the support item at the position
Prront and calculate the x-axis (i.e., forward direction) of the
keypoint’s rotation matrix as the unit vector of (Phang — Piront)-
Next, we compute the y-axis of the keypoint’s rotation
matrix as the cross-product of the x-axis and the gravity
unit vector. Finally, we derive the z-axis as the cross-product
of the x-axis and y-axis. Given the availability of complete
shapes of supporting items in simulation, we collect SKTs
for a supporting item by employing the RRT-Connect path
planner [22] with the collision detection API in the Pybullet
simulator [23]. It is noteworthy that, we utilize a single
object as the reference object to collect the SKTs for all
the supporting items, as illustrated in Fig. 2 (d). We select
this object as the pivot object because its shape is relatively
simple, enabling the RRT-Connect path planner to generate
paths more efficiently.

In summary, our dataset comprises 429 supporting items
and 50 objects with semantic keypoints. We collected 50
semantic keypoint trajectories for each supporting item and
captured 42 point clouds from various camera viewpoints.
Our training set consists of 309 supporting items, while we
reserved 60 supporting items for validation and another 60
for testing.

IV. PROBLEM FORMULATION

We consider the task of a robot hanging a grasped object
onto a supporting item. In this task, our primary objective is
to predict the semantic keypoint trajectory, given the partial
point cloud of a supporting ittm P° € RY*3 as input.
The parameter N is the number of points of the supporting
item. This trajectory then serves as a guide for objects to
execute a sequence of actions for hanging. The output is a
position-only semantic keypoint trajectory 75 € RT3 for
the supporting item, where 7" is the length of the trajectory.
During inference, the position-only trajectory is augmented
to a SE(3) trajectory based on the method described in III-A.

V. METHODOLOGY
A. Overview of SCTDN

We propose a Shape-Conditioned Trajectory Deformation
Network (SCTDN), a novel learning framework for the hang-
ing task. It leverages the strategy of deforming a template
trajectory based on shape-conditioned features to generate
the target semantic keypoint trajectory (SKT) for the partial
point cloud of the input supporting item.

Fig. 3 offers an overview of the SCTDN architecture,
which encompasses three core modules:

Classification Module. This module predicts the shape cat-
egory ¢S of the input point cloud P%. It enables the retrieval
of the appropriate template SKT 7™ from the template
trajectory database. This design choice is motivated by the
observation that similar SKTs correspond to similar hanging
parts of the supporting items. For example, when using
curved hooks, the SKTs tend to follow curved paths, while
straight hooks typically produce straight SKTs. Inspired by
this observation, we implement unsupervised categorization
to group supporting items based on their SKTs and create a
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Fig. 3: The architecture of the proposed Shape-Conditioned Trajectory Deformation Network (SCTDN).

template trajectory database. Please refer to section V-B for
more details.
Affordance Module. This module predicts the affordance
map AS € RV*! for the input point cloud P°. An affor-
dance map is a heatmap that specifies the probability of each
point belonging to the hanging part of a supporting item’s
point cloud. The point with the maximal probability is the
contact point P5 € R?, which enables the alignment of the
first waypoint of the template trajectory.
Trajectory Deformation Module. This module predicts the
waypoint offsets 7offset ¢ RT3 to deform the template
trajectory T*™:5 based on the shape- conditioned feature
31~ We obtain the shape-conditioned feature f2 ; by max-
pooling the point features corresponding to the hanging
part of the input point cloud from the Affordance Module.
The reason for including the shape-conditioned feature in
trajectory deformation is based on the observation that there
is a significant correlation between the SKT and the hanging
part of a supporting item.
Inference. Given the partial point cloud P° as input, the
SCTDN first retrieves a template trajectory 7 <™Pes =

{f;empcs,giempcs,...,f;mi %} € RT*3 associated with the
shape category S predicted by the classification module
from the template trajectory database. Then, the model
determines the contact point PS5 by selecting the index of
the point with the highest probability in AS, predicted by
the Affordance Module. We align the first waypoint of the

template trajectory 7“5 to the contact point PS5 by adding
temp

& — 7559 to each waypont. Subsequently, the trajectory
deformation module takes the aligned 7™ <5 and a shape-
conditioned feature £, obtained from the affordance mod-
ule as input and generate the waypoint offsets Toffset —
{ggttset gotset | goffsett ¢ RT3, The final trajectories is

defined as 75 = {{&; = + ¢ofet }[i € 0,1,..,T — 1]}
B. Template Trajectory Database and Affordance Maps

Template Trajectory Database Creation. First, we flatten
each trajectory 7 in the training set and reduce its dimen-
sionality to 2 using principal component analysis. Following
that, we apply the K-means clustering algorithm to cluster
the lower dimensional vectors into groups (see Fig. 4 (b)).
Finally, the category label ¢® € [0, K — 1] is assigned to

AIA
5 S
Mg, Mg
Weighted Sum
.

p)
AS = aMs +ﬂMS

(a)

Fig. 4: The data post-processing pipeline. (a) Affordance map generation
pipeline. (b) Unsupervised categorization to group the supporting items by
the corresponding trajectories.

each supporting item based on the closest center. With the
above process, we build a template trajectory database for
the development of the proposed framework. This database
contains the SKTs corresponding to the supporting item that
is closest to each center.

Affordance Maps Generation. To facilitate the training
of the affordance prediction module, we devise an auto-
matic post-processing pipeline for generating the ground
truth affordance maps. Fig. 4 (a) illustrates the generation
process. Initially, we identify the points on the partial point
cloud closest to the contact point and each waypoint within
the SKT. By leveraging mixed Gaussian distributions, we
generate two distinct probability maps for each point in a
point cloud - the contact map Mcp, and the segmentation
map Mseg The final affordance map is then rendered by
employing a weighted sum of the two maps, denoted as
AS = a/\/lf + B./\/lgeg Practically, we set @« = 0.5 and
B = 0.5, and consider the variance o2 as a hyperparameter
(in our case, it’s set to 0.5 cm).

C. Implementation Details

In our experiments, we configure the point number
N=1,000, and the category number K = 5, and the trajectory
length T" € {10, 20,40}. We identify the hanging part as the
point with a probability greater than 0.1 in AS.
Classification Module. We apply a classification Point-
Net++ [24] network to extract the global feature f9 € R%'2,
then input it to a two-layer MLP network (512 — 256 — K)
to predict the class ¢5. The loss used for this module is the
standard cross-entropy loss, denoted as L..

Affordance Module. We apply a segmentation Point-
Net++ [24] network to extract the per-point feature f5 €

15436



TABLE I: The success rate evaluation of each approach.

F denotes our re-implementation of the baseline methods.

‘ Inference Time (sec) All (%) Easy (%) Normal (%) Hard (%) Very Hard (%)
K-PAM 2.0} [6] - 40.1 76.0 54.1 21.6 8.8
OmniHangt [2] 14.29 40.1 62.9 47.7 343 15.3
VAT-Martf [5] 0.007 55.2 84.5 82.0 42.0 12.3
Modified VAT-Mart 0.016 72.1 78.8 89.6 57.7 62.4
SCTDN (Ours) ‘ 0.009 ‘ 83.7 ‘ 85.5 91.7 79.7 71.7

RN X512 of the input point cloud. Subsequently, given the f°,

we apply a ConvlD layer along with the sigmoid function
to predict the affordance map AS. We utilize the standard
L2 loss as the affordance loss, denoted as L,.

Trajectory Deformation Module. During the training stage,
the inputs for this module consist of a template SKT 7 ™P.s
correspond to the input shape category ¢ and a shape-
conditioned feature £ ; derived from the per-point features
f%. First, we apply a three-layer MLP network (T x 3 —
64 — 32 — 32) to encode each waypoint in T*™P.s,
resulting in waypoint features f7 € R7*32. Subsequently,
we concatenate the shape-conditioned feature f , with each
waypoint feature in f7. These combined features serve
as inputs to two LSTM [25] blocks, ultimately yielding
predicted waypoint offsets Tofset These offsets are used
to deform the template trajectory 7'*™.s for the target
supporting item. The loss function for this head is a standard
L2 loss, denoted as L.

Training Loss. The total loss is the weighted sum of the
three losses: Lo = L7+ 0.1 x L, + 0.1 x L.

VI. EXPERIMENT

In this section, we present a series of experiments aimed
at answering the following questions: (1) Does our proposed
method effectively generate suitable trajectories for hanging
a diverse set of grasped objects onto novel supporting items
with various shapes compared to existing methods? (2) Do
shape-conditioned information and trajectory deformation
play crucial roles in generating feasible actions for hanging?
(3) Does semantic keypoint trajectory (SKT) facilitate the
hanging of diverse objects while being object-agnostic? (4)
Can our simulation-trained models transfer to real-world
scenarios?

A. Experimental Setup

The environment of a hanging task involves a supporting
item and an object grasped by a robot arm. The robot’s
objective is to determine a sequence of actions for hanging
a grasped object onto a supporting item. For evaluation, we
assess the performance of all methods by measuring their
success rates and inference times across 3,000 hanging pro-
cesses involving 50 objects and 60 unseen supporting items
(refer to Fig. 5(a)) in PyBullet [23]. These supporting items
are manually categorized into four levels of difficulty: Easy,
Normal, Hard, and Very Hard based on the complexity of
the hanging part on them, with 15 assigned to each level.
Baselines. We compare our method with four different
baselines: kPAM 2.0 [6], OmniHang [2], VAT-Mart [5], and
a modified version of VAT-Mart. For kPAM 2.0, given the

ground truth SF(3) keypoint and the target hanging pose for
each object, the robot moves the object from its initial pose to
the target pose. For OmniHang [2], given the ground truth
hanging pose for each object, we incorporate the collision
estimation network they proposed into RRT-Connect [22]
to plan a trajectory for hanging. In the case of VAT-Mart
and the modified version, given the SFE(3) keypoint for
each object, we closely follow their implementation of the
trajectory proposal network to generate 10 different SKTs
for hanging each object onto a supporting item. The trial is
considered successful if one of these trajectories successfully
hangs the object onto the supporting item. For the modified
VAT-Mart, we utilize the shape-conditioned point features
introduced in V-A, instead of the contact point feature used
in VAT-Mart. For SCTDN, given the SE(3) keypoint for
each object, we use one predicted SKT for evaluation.

B. Hanging Success Rate and Inference Time

We report the success rate of robot hanging and the corre-
sponding inference time in Table I. Our method demonstrates
promising performance, achieving an average success rate of
83.7%, compared to all baselines. In particular, the proposed
method shows superior performance in challenging cases,
i.e., Hard and Very Hard. The modified VAT-Mart with the
shape-conditioned point features significantly outperforms
the original VAT-Mart, especially in the Very Hard level.
Our experiments corroborate that the methods based on SKT
outperform kPAM and OmniHang by a substantial margin.
While the success rate of OmniHang improves for chal-
lenging levels compared to kPAM, it still faces significant
challenges in detecting collisions under partial observability.
It is worth noting that, all learning-based methods are capa-
ble of generation trajectories within 20 milliseconds, while
OmniHang, on average, requires 14.29 sec for planning.

C. Ablation Study of the SCTDN Architecture

In this experiment, we study the contribution of the shape-
conditioned features and trajectory deformation module. The
results are shown in Table II. The model achieves a 58.2%
success rate when we only align the retrieved template
trajectory to the predicted contact point, without considering
the deformation module. We show that the deformation
module boosts the hanging success rates significantly. When
we use the contact point feature for the deformation module,
we observe a 15.3% performance gain. On the other hand, a
25.5% performance improvement is obtained with the shape-
conditioned feature introduced in V-A. The results indicate
the importance of the trajectory deformation module and
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Fig. 5: The supporting items and objects for evaluations and the visualization of point clouds, affordance maps, and the semantic keypoint trajectories for

each supporting item.

TABLE II: Ablation study of our network designs.

Contact Point ~ Contact Point Feature  Part Feature = Deformation  Success Rate (%)
v 58.2
v v v 735
v v v 83.7

support that it is crucial to model the geometric structures
of the supporting item’s hanging part.

D. One Semantic Keypoint Trajectory for Various Objects

In this experiment, we assess whether an SKT can be
applied to various objects for each supporting item. We apply
modified VAT-Mart and SCTDN to predict SKT for each
supporting item. We compare the overall success rates of
hanging a reference object and five additional object cate-
gories (each with ten instances) onto 60 different supporting
items Note that the reference object is used to generate
trajectories for all supporting items, discussed in Sec. III-B.
The results reported in Table III indicate that SKT enables
similar success rates of hanging different objects compared
to the reference object. This greatly enhances the versatility
and applicability of SKT to a wide range of everyday objects.
Moreover, the SCTDN demonstrates a promising capability
to generate SKT, compared to modified VAT-Mart.

E. Real-World Evaluation

We conducted real-world experiments to evaluate the
transferability of our simulation-trained models to real-world
scenarios. Our experimental setup included a Franka Emika
robot arm, an Intel D-435 camera, an object grasped by the
robot arm, and a supporting item. In the real-world evalua-
tion, we used a total of 10 objects and 10 supporting items,
as shown in Fig. 5(a). To handle noise in real-world point
clouds, we defined the foreground region of the supporting
item using an AprilTag and applied DBSCAN [26] to remove
noisy points. Alternatively, one can use image segmentation
models [27] to obtain a segmented point cloud.

The hanging success rate evaluation involved the robot
hanging all 10 objects onto the 10 supporting items, resulting
in 100 hanging processes. The overall success rate for hang-
ing was 92%, indicating the effectiveness of our approach
in guiding various objects onto different supporting items in
real-world scenarios. The right part of Fig. 5(b) visualizes the
predicted Semantic Keypoint Trajectories (SKTs) in simula-
tion and real-world settings. For additional qualitative results
and demonstrations, please refer to our video submission and
the webpage.

TABLE III: The hanging success rate of reference objects and other objects.
F denotes our re-implementation of the baseline methods.

| Modified VAT-Mart ¥ ~ SCTDN (Ours)

Reference Object (%) | 71.7 \ 91.7
Mug (%) 78.0 88.8
Cooking Utensil (%) 70.7 81.2
Scissor (%) 67.9 753
Tool (%) 61.5 78.0
Others (%) 68.8 84.3

FE. More Ablation Studies of SCTDN and VAT-Mart

We conduct additional ablation studies to compare the
hanging success rates of SCTDN and VAT-Mart-based meth-
ods across various trajectory lengths 7' € {10,20,40} and
different waypoint dimensions (position-only and position-
and-rotation waypoints) within the SKT. For comprehensive
discussions and detailed table information, please visit our
project webpage.

VII. CONCLUSION

In this paper, we propose Semantic Keypoint Trajectory,
a novel representation for hanging everyday objects. This
representation is actionable and interpretable, specifying both
where and how to hang while being object-agnostic. This
enables the robot to efficiently learn the complex hanging
task. To predict such a representation, we introduce a shape-
conditioned trajectory deformation network by leveraging the
insight that crucial geometric parts play a significant role in
trajectory generation. By deforming existing trajectories, we
are able to obtain a semantic keypoint trajectory adapted to
the shape of novel supporting items. We conducted empirical
evaluations through robot executions to hang various objects
on a diverse range of supporting items, demonstrating the
effectiveness of our proposed approach in both the simulation
and the real world. Our work holds potential for broader
application in other relevant tasks.
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