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Abstract— In ex-situ object rearrangement tasks within open
environments, robots face significant challenges due to the
increased cost of moving objects over large workspaces. To
address this issue, we propose a hierarchical reinforcement
learning-based approach that takes into account the supportive
relationships and semantic correlations between objects. The
robot groups and stacks objects with compatible supportive
capabilities, moving them together to their target locations to
optimize task execution. Specifically, we use a large language
model to assess the supportive relationships and semantic
correlations between objects. In the high-level decision-making
process, objects are grouped based on their supportive capabil-
ities, while the low-level process refines these groupings using
a graph capsule convolutional network. Experimental results
demonstrate that our approach not only reduces the number
of movements required but also improves task efficiency and
significantly decreases task completion time by approximately
50%, compared to methods that do not consider supportive
relationships.

I. INTRODUCTION

Object rearrangement is a challenging task for robots, both
in everyday environments [1]-[3] and industrial settings [4]—
[6]. For example, a robot responsible for organizing items
needs to rearrange scattered tableware from the tabletop and
neatly place it at a designated location, as shown in Figure 1.
To complete this task, the robot must not only transport the
tableware to the target area but also arrange it systematically
in the correct positions. Robots must possess capabilities in
visual perception [7], semantic understanding [8], motion
planning [9], and manipulation control [10], etc. Nowadays,
most existing methods for object rearrangement rely on
visual perception, typically using cameras or depth sensors to
gather object information. These methods can be categorized
into three main types: physics-based, pose estimation-based,
and large model-based approaches [11]. Physics-based meth-
ods rely on a geometric model of the object and positional
data to perform the rearrangement [6], [12]. Pose estimation-
based methods detect the object’s pose for rearrangement,
eliminating the need for a geometric model but requiring
precise pose information [13]. Large model-based methods
leverage large vision models to facilitate rearrangement [14]—
[16]. Although significant progress has been made, most
research has focused on closed scenarios, such as desktop or
box environments. By ignoring the robot’s movement, this
setting significantly simplifies the task but also restricts the
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Fig. 1. An example of ex-situ multi-object rearrangement in an open
environment. Because the objects’ initial and goal locations are far apart,
the robot first stacks compatible items according to their supportive rela-
tionships, then transports the stack to the target location, and finally places
the items.

applicability of these methods in more complex real-world
environments [1].

To enhance the robot’s applicability in real-world envi-
ronments, many researchers have investigated ex-situ object
rearrangement in open settings, such as the living room
or the kitchen [1], [2]. In these settings, the robot first
uses prior environmental knowledge to locate the object. It
then performs the grasping operation using perception and
control modules, moves the object to the target position,
and places it. Most research focuses on control planning
to achieve the rearrangement goal, while some studies train
the robot to autonomously determine the target state and
complete the task. However, these studies often overlook the
robot’s decision-making process during intermediate steps.
This results in inefficiency when the robot processes multiple
objects, particularly in ex-situ object rearrangement tasks.
Existing object rearrangement research typically involves the
robot handling each object individually, which is inefficient,
especially in open environments. As the robot’s workspace
expands in such a setting, the cost of moving an object from
its initial position to the target location increases. Therefore,
improving the efficiency of object rearrangement in open
environments remains a significant challenge.

To improve the robot’s efficiency in ex-situ object re-
arrangement tasks, we propose a hierarchical reinforce-
ment learning (HRL) based framework that optimizes both
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decision-making and execution. HRL aims to decompose a
complex problem into smaller sub-problems at different lev-
els, addressing high-level planning and low-level execution
through the training of neural networks [17]-[19]. One of
the main advantages of HRL is its ability to reduce training
complexity and improve efficiency. HRL has been widely
applied to various tasks [20]-[23].

The method first inputs the object information into a large
model, such as ChatGPT [24], to determine the support-
ive relationships and semantic correlations between objects.
Then, the robot feeds the supportive relationships into the
high-level decision process of HRL to group the target
objects based on their supportive capabilities. In the low-
level decision process, the robot inputs the results from
the high-level decision, along with semantic and support-
ive relationship information, into a model based on Graph
Capsule Convolutional Networks (GCCNs) to determine
the final grouping. Finally, the robot performs the actual
rearrangement tasks. This approach enables the robot to
optimize object placement while minimizing execution time
and unnecessary movement. The main contributions of this
paper are as follows:

o« We propose a comprehensive framework to improve
the efficiency of multi-object rearrangement in open
environments, allowing the robot to transport multiple
objects by stacking them, thereby enhancing operational
efficiency.

« We incorporate both the supportive relationships and
semantic information between objects, utilizing these
insights to significantly enhance the robot’s decision
intelligence.

o Experiments show that our approach effectively en-
hances the robot’s efficiency and reduces task comple-
tion time in both simulation and real-world scenarios.

II. METHODOLOGY

In this section, we present the details of the HRL frame-
work. The details are illustrated in Figure 2.

A. Problem Statement

We consider an object rearrangement scenario in a clut-
tered environment. A set of m objects, such as plates, cups,
lids, and other items, must be transported by the robot to
a designated cabinet located on the opposite side of the
table. In this scenario, the robot first acquires information
about the objects on the countertop, including their category,
position, shape, and other relevant attributes. The robot must
then determine how to group the objects and decide the
order in which they should be moved. The objective is to
minimize the robot’s task execution time and improve its
overall efficiency in completing the rearrangement task.

B. Modeling Supportive Relationships and Semantic Rele-
vance

In cluttered environments, objects often exhibit complex
supportive dependencies. To ensure safety and efficiency in
rearrangement tasks, object relationships are modeled from

two complementary perspectives: supportive relationships
and semantic relevance.

We first introduce the support matrix S € {0,1}7"*™,
where m denotes the total number of objects in the scene.
Its elements are defined as

1, if object ¢ supports object 7,

0, otherwise,
1
Supportive relationships are assumed to be unidirectional,
ie, S;; = 1 # S;; = 1. This assumption eliminates

ambiguity due to mutual dependence and guarantees the
structural stability of stacks.

Beyond supportive relationships, semantic relevance is
also considered, e.g., the association between a cup and its
lid. To formalize this, let N = {n;}7, denote the set of
objects, and E C N x N denote the set of candidate object
pairs. The candidate relation set I' = {above,below}
focuses on vertical relations. The mapping ¢ : E — T°
assigns specific semantic labels to candidate pairs. Finally, a
LLM is employed to select the most appropriate relation from
T', thus extracting semantically meaningful object pairs and
providing structured priors for downstream reinforcement
learning policies.

C. Object Layering Based on Supportive Capability

Based on the supportive relationship matrix introduced in
Section II-B, we transform the sparse matrix S € {0, 1}™*™
into a Directed Acyclic Graph (DAG) to enable hierarchical
reasoning for subsequent tasks.

The DAG is denoted as G = (N, ), where N is the set of
object nodes and IE is the set of selected edges representing
supportive relations. The conversion process consists of two
stages: (i) node layering, which assigns objects to layers by
iteratively removing nodes without incoming edges, and (if)
edge connecting, which converts supportive relations into
directed edges (n;,n;) with the restriction that each child
node retains at most one parent. The detailed procedure is
summarized in Algorithm 1.

Once the DAG is constructed, we define the high-level
state space ST as the collection of edge attributes:

S H— { (ﬁi, n

L4y

disti) | e = (i = n;) €BY, (2

where 7; and n; denote the parent and child nodes of edge
e;, d; is the depth of the parent node in the layered structure,
and t; € {0,1} is a binary flag indicating whether the edge
has been selected (0 for selected, 1 for unselected).

The attribute vector of edge e; is then defined as

aih = [p(hi), p(ny), d;), 3)

where p(7;),p(n;) € R? denote the spatial positions of the
parent and child nodes, respectively.

This vector is first passed through a sequence of linear
mapping layers followed by normalization:

hi' = Norm(WHz + b | “4)
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Fig. 2. The HRL framework for multi-object rearrangement is as follows. The objects are initially scattered on a white tabletop, and the goal is to move
them to a distant wooden cabinet and arrange them neatly. First, the robot uses a large language model (LLM) to identify the supportive relationships and
semantic correlations between the objects. In the high-level decision process of reinforcement learning, the robot groups the objects based on their supportive
relationships. The low-level decision process then refines this grouping by incorporating both semantic and supportive information before executing the

final task.

where W# and b are learnable parameters at the high
level, and Norm(-) denotes batch normalization or layer
normalization.

Subsequently, a multi-head attention mechanism is applied
to model contextual dependencies among edges. Given the
normalized edge feature ﬁf{ , We project it into a query vector

qu ", a key vector kZH’T, and a value vector le " for each

attention head r =1,..., R:
Hyor Hr i1 H Hypr Hr i1H Hypr Hr 1H
;o =Wg hits ki =Wt hit, v =Wyt by
)]

where Wg ” WII;I o’ W‘I/{ '™ are parameters of head 7.
The compatibility score between edge e; and edge ¢e; in
head r is computed as

H, H,
Hyr (q; T)Tkj )

©j ’
H,r
V dk

where dkH ' is the dimension of the key vectors. The attention
weight is then obtained using a softmax over all candidate

S

(6

edges:
H,r
Hae exp( s;;
i T
B )
> exp(sij, )
j=1

The output of head r for edge e; is the weighted sum of
value vectors: .
|E|
H,r H,» H,r
z; = Z Qg;n vy
j=1

Finally, the outputs from all R heads are concatenated and
linearly transformed to obtain the final edge embedding:

H1, _H2 H,R
zzH:Wg[Zi 27 2]

®)

+ba, 9

Algorithm 1: Matrix-to-DAG Conversion Algorithm
Input : Supportive relationship matrix
S € {0,1}™*™, object set N = {n;}",, a
virtual empty node n
Output: Directed acyclic graph G = (N, IFZ)
1SoS; L+ 0 E« 0(m41)x (m1)5 Cur <= 1;
N+ NU{n,};
2 while S # () do
3 | Lleur] « N  {ny | 0,8y = 0%;
4 remove from S the rows/columns indexed by

Neurs
5 cur < cur + 1;
6 for [ =2 to |L| do
7 | for n; € L[l] do
8 Pj{n; e Ll =1] [ (So)is =1}
9 if P; # () then
10 I —{ie{l,....om}|n, eP; };
11 7 <~ min I;
12 IAEM- — 1

13 for n; € L[|L|-1] do
14 Ei,m-‘rl —1;

15 return G = (N, E);

where W/ and b2 are learnable parameters, and ||-|| denotes
concatenation.
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Fig. 3. The high-level decision-making process. The robot first constructs a
DAG based on the supportive relationships among objects. It then employs
a multi-head attention mechanism to capture contextual dependencies and
selects edges iteratively to form hierarchical layers of objects.

Finally, a Softmax function is applied:

hf{ = (wH)TziH +cH,

(10)

where w* and ¢ are learnable parameters, and 3 repre-
sents the normalized probability of selecting edge e;.

After obtaining the edge-level probability distribution from
the multi-head attention and Softmax module, the edge
selection at step k is formulated as a constrained optimization
problem:

i*) = arg max BZH,
i

(k—1) _
s.t., Q-(k) =1,

dimy < H_@de, 1D
Jj=1

(k=1) Vv ‘di(k) — d;-1) } <6,

E(ﬂi(k}) = é(ﬁl(k)) + ]_7

where 0 is a predefined threshold controlling the maximum
depth difference, and ¢(-) denotes the node layer index.
The layering process terminates when the chosen edge
reaches the maximum parent depth, i.e., d;x) = dpax. AS a
result, the object set N is partitioned into hierarchical layers:

L
N=JNO,  NOANO =9 (@£0), 12
=1

where N() contains the objects assigned to layer ¢ based
on the selected supportive relations. The overall hierarchical
decision-making process is illustrated in Figure 3.

D. Stacking Planning

In Section II-C, the object set N has been divided into
{NW N@ ... N®)}  where objects in adjacent layers
exhibit a clear top-down supportive relationship. At this
stage, the objects in each layer are further partitioned into
several groups. During stacking planning, the object set is
represented as the state space S’. Each object is modeled as

a node in a graph, and the attributes of node ¢ include its
position p;, weight w;, layer index [;, semantic information
T';, allocation flag t¢, and the global supportive relationship
matrix S. The low-level state space is defined as

St = { (pi,wi, 11, t£,T3,8) | n; e NO }. - (13)

To capture the relationships among objects, a GCCN
is employed to extract structural features. By incorporat-
ing the concept of capsules, GCCNs capture hierarchical
and spatial relations between nodes, thereby enhancing the
representational capacity of the model. The initial feature
representation of node 7 is defined as

4

i (2 i7l’i7
z; = [pi, wi, li] . (14)
w; ER, I; € [1,H], p; € R,

Let X € R™*4 denote the node feature matrix, where m
is the number of nodes and d is the feature dimension. The
node features are first projected by a linear mapping layer
to obtain the initial embeddings h.

Each embedding Bf is then passed through a series of
graph capsule layers. The output of the (u — 1)-th layer is
used to compute the p-th capsule matrix fé") (X, L) using a
polynomial graph convolutional filter of order K:

K
HUX, L) =0 (Z L' Flu—1)(X, L) Wéé”) D as)
£=0
L=D-— A,

where D is the degree matrix, A is the adjacency matrix, and
L is the graph Laplacian. F(;_1)(X, L) denotes the output

of the | — 1-th layer, Wéé) is the learnable parameter of the
[-th layer, and o(+) is a nonlinear activation function, which
£ is set to 2 in our experiments.

The outputs of all capsule channels are concatenated to
form the overall output of the [-th layer:

Fu(X,L) = [/{"(X. L), (X, D),.... fp) (X, L)),
(16)
where P is the number of capsules. After u layers of graph
capsule convolution, Fy,(X,L) is passed through a linear
mapping layer to produce the final node embeddings hf.
The node embeddings A are then fed into a multi-head at-
tention mechanism to capture contextual dependencies. Each
hf is projected into query, key, and value vectors, and the
attention weight between nodes 7 and j is denoted as afj. The
aggregated representation of node 4 is computed as z;. For
the multi-head attention mechanism, results are concatenated
and linearly transformed. Finally, a Softmax function is
applied to obtain a normalized probability distribution ﬂf.

Given the node probability distribution /3¢, the selection

70

of the first node in group Gy, is formulated as

ik — arg max 55,
i

(evkl) _—
st L) =1,

a7
l;cery) = min{ l; | nj €N, t; =1 1,

W;(e,k1) S Wma)h
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where Wi, ,x is the maximum allowable weight for a group,
ti(egﬁll)) is the allocation flag of node i(“*1) when selecting
the first node of group Gy.

After a node is selected, its flag is updated to 0, indicating
that it has been chosen. The subsequent nodes of group Gy,
are then selected. If the (j — 1)-th node n,cc.x;_,) of Gy has
semantic correlations with other nodes,

i(6ks) = arg max Bf,
K2

(€k5)

s.t., tiw;j) =1,
Si(z,kj,l)’i(e,kj) =1, (18)
|Gkl
Z Wit ke + Wk < Winax,
k=1

otherwise,
i“*i) = arg max B,
i

(€.5)

s.t., ti(h,ﬁj) =1,
Si(K,kj71)7i(14,kj) =1,
li(i,,kj) = I(']rél(g lq, (19)
Q = {q : lq < li(e,k:j,l)},
|Gk|
Z Wit k) + W ek < Winax.
k=1

If no node satisfying the constraints can be found among
the unallocated nodes, the current group ends and the se-
lection for the next group begins, repeating Equations 17,
18, and 19 until all nodes in the current layer are assigned.
Finally, the objects are partitioned into groups.

E. Reward Function and Network Training

The robot’s execution time consists of grasping/stacking
time ¢; and transportation time ¢5. For a plan 7 that partitions
objects into {Gy, ..., Gk} with |Gx| = ng, the total time is

T™ =t +1]

X 2K—-1)L (20)
=Y [Crtu = 1)+ LDy | + ST
k=1

where C is the time cost for each additional object in a
group, v1 and v, are the average speeds of the robot arm and
mobile base, respectively, Dy, is the short distance between
objects in group Gy, and L is the distance from the initial
position to the target area. The reward is defined as

R=-TT, @21)

which encourages minimization of execution time.

Since the reward signal is delayed in this sequential
decision-making process, we adopt the REINFORCE algo-
rithm for policy optimization. To stabilize training of the hi-
erarchical framework and accelerate convergence, we employ
a two-stage training strategy. In the first stage, a heuristic
stacking planner is used to train the grouping module based

on supportive capability. After obtaining a pre-trained model,
the heuristic method is replaced with this model, and the
neural network for stacking planning is further optimized.
During parameter updates, policies are updated at different
time scales to ensure effective coordination between the high-
level and low-level agents.

III. EXPERIMENTS AND RESULTS

A. Experimental Settings

This section presents the quantitative analysis and exper-
imental evaluation of our proposed framework. Since this
paper investigates the problem of object rearrangement in
open scenes, we first design a simulation experiment to
validate the effectiveness of our approach. To generate the
experimental data, we randomly place n everyday objects
on the gray tabletop. We set the movement of the robot in
the scene to be one unit length per second, and the time
for the robot to operate on an object is set to one second.
The straight-line distance between the desktop for generating
objects and the target position is set to 7 units. During the
experiments, the scale of the training dataset is set to 10,000,
and the scale of the test dataset is set to 1,000. Since the
supportive relationships between objects in the scene have
a significant impact on the experimental results, we need to
calculate the maximum stack height of the objects in the
generated scene.

To evaluate the algorithm, we first compare the proposed
method with an approach that does not consider the sup-
portive relationships. Then, under the consideration of object
supportiveness, we compare our grouping decision algorithm
with other methods, including random, heuristic algorithms,
Ant Colony Optimization (ACO), Attention Mechanism-
based RL (AM-RL) [25], and Capsule Attention Mechanism
(CapAM) [26]. We perform the experiments on an Ubuntu
20.04 system with an NVIDIA GeForce RTX 3090 GPU.

B. Evaluation Metrics

To evaluate the performance of the algorithm, we selected
the following metrics:

o Number of Stacking Planning Groups N,: The num-
ber of stacking planning groups refers to the number
of groups into which the robot divides the objects.
The fewer the stacking planning groups, the fewer the
robot’s movements during execution, resulting in higher
efficiency.

o Execution Time of the Plan 77: The execution time
of the plan refers to the time required for the robot
to complete all object rearrangement tasks. The shorter
the execution time, the higher the efficiency of the
algorithm. This time period only includes the movement
time of the robotic arm and its base.

o Decision Time 75: The decision time refers to the time
required for the robot to complete the object grouping
decision. The shorter the decision time, the higher the
decision-making efficiency of the algorithm.
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TABLE I
COMPARISON OF THE GROUPING METHODS FOR 30 OBJECTS.

Objects ~ Max_height ~ Method Ny Ti(s) Ta(s)
_ Standard —— 4435 e
Random 12.1 246.7 e
6 ACO 10.0 218.0 43.0
CapAM 8.4 195.7 0.9
Ours 8.4 195.4 0.9
Random 11.0 232.1 —_—
30 7 ACO 9.8 214.7 42.0
CapAM 7.9 188.8 0.9
Ours 7.7 185.9 0.9
Random 9.8 215.2 o
3 ACO 9.5 211.1 43.0
CapAM 6.9 174.7 0.9
Ours 7.0 175.1 0.9
TABLE II

COMPARISON OF THE GROUPING METHODS FOR 40 OBJECTS.

Objects ~ Max_height ~ Method Ny Ti(s) Ta(s)
— Standard ~—— 593.0 —
Random 17.5 344.6 —_—
6 ACO 15.1 310.8 53.0
CapAM 121 268.8 1.1
Ours 12.2 269.9 1.1
Random 14.7 306.0 o
40 7 ACO 13.2 284.6 53.0
CapAM 10.9 252.0 1.1
Ours 10.7  249.0 1.1
Random 13.9 293.8 —_—
3 ACO 12.3 272.4 52.0
CapAM 10.0 239.4 1.1
Ours 9.5 232.8 1.1

C. Experimental Results

Since we adopt a two-stage training approach, we first
experiment with the object supportive capability grouping
module. The number of objects is set to 30, 40, and 50,
respectively. The supportive relationship matrix is converted
into a graph, and different methods are applied for grouping.
Tables I, II, and III present the comparison results for
different object counts. As shown, our method performs
well across all object numbers. For 30 objects, the num-
ber of stacking planning groups N, is 8.4, the execution
time 77 is 195.4s, and the decision time 75 is 0.9s. In
scenarios with varying maximum stackable heights, our
method significantly outperforms others. Compared to the
ACO algorithm, N, is reduced by 1.73 on average, and T}
is reduced by 29.1s. For 40 and 50 objects, our method
continues to outperform alternatives. Furthermore, while our
method and CapAM show similar performance, it excels
when the environment allows for a larger maximum stackable
height. Compared to the standard method, which ignores
supportive relationships, our approach reduces the time by
58.2%, 57.8%, and 59.9% when rearranging 30, 40, and 50
objects, respectively.

Since the stacking planning module requires semantic
information, we compared the graph capsule convolutional

TABLE III
COMPARISON OF THE GROUPING METHODS FOR 50 OBJECTS.

Objects ~ Max_height ~ Method Ny Ti(s) Ta(s)
—_— Standard —— 743.0 E—
Random 20.1 401.7 e
6 ACO 17.6 366.7 60.0
CapAM 13.8 313.8 1.3
Ours 13.8 3139 1.3
Random 18.6 381.3 e
50 7 ACO 15.8 342.5 60.0
CapAM 12.9 301.2 1.3
Ours 12.8 299.9 1.3
Random 17.1 359.6 e
3 ACO 14.1 318.7 60.0
CapAM 12.1 290.7 1.3
Ours 114 280.5 1.3
TABLE IV

COMPARISON OF EXECUTION TIME IN REAL-WORLD SCENARIOS.

Objects  Max_height  Method Th/s
E— Standard 145.2
9 4 Ours 59.3
5 Ours 54.9
E— Standard 194.8
12 4 Ours 81.2
5 Ours 73.4
e Standard 261.8
15 4 Ours 101.3
5 Ours 95.8

RGB.D Camera »—.
Gripper . &

Franka
robotic arm

Ouster LIDAR »

Fig. 4. The hardware setup of the robot (a) and the real robot experimental
environment (b), where objects are placed on the right table, and the target
area is on the left.

neural network method used in this paper with the network
framework from AM-RL. We also evaluated the impact of
different orders of statistical moments p on the model. The
Figure 5 shows the training performance of the stacking
planning module after using the successfully trained ob-
ject supportive capability grouping module. As shown, our
method performs well for different object quantities. In most
cases, the model with the 3rd-order statistical moment yields
the best results. Additionally, a horizontal comparison reveals
that for the same number of objects, the greater the maximum
stackable height, the shorter the task duration.

Furthermore, since an LLM was used when determin-
ing the support relationship, if a poor-performing language
model is employed, it will lead to incorrect input information
for the entire model and thereby affect the entire decision-
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Fig. 5. The training results of the stacking planning module. (a)-(c) show the results when the number of objects is 30, (d)-(f) show the results when the

number of objects is 40, and (g)-(i) show the results when the number of objects is 50. It demonstrates the influence of the statistical moments of different
orders p on the model. The performance of the model keeps improving as the training process progresses.

making process. Moreover, during the experiment, due to the
influence of the material properties of the objects themselves
on their supporting capacity, we explicitly stated that flexible
objects such as towels and sponges do not have supporting
properties.

D. Experiments on Physical Platform

To evaluate the effectiveness of the proposed method in
real-world environments, we conducted experiments on a
physical platform equipped with a Franka Emika Panda
robotic arm and a Realsense D435 camera, as illustrated in
Figure 4. Table IV reports the comparison of execution times
for rearranging 9, 12, and 15 objects. When rearranging 9
objects, our method achieved execution times of 59.3 s and
54.9 s with maximum heights of 4 and 5, corresponding to
reductions of 59.2% and 62.2% compared to the standard
method. When rearranging 12 objects, the execution times
of our method were 81.2 s and 73.4 s, representing im-
provements of 58.3% and 62.3% over the standard method.
When rearranging 15 objects, our method achieved 101.3 s
and 95.8 s, yielding reductions of 61.3% and 63.4% relative
to the standard method. Figure 6 demonstrates the robot’s

actions during this process. The experimental results confirm
that our method performs effectively in a real-world physical
environment.

IV. CONCLUSIONS AND FUTURE WORK

In this paper, we propose an object rearrangement method
based on the supportive relationships between objects. First,
we utilize a LLM to extract the supportive relationships
and semantic information of the objects. This extracted
information is then fed into a hierarchical reinforcement
learning framework. The experimental results demonstrate
that our method achieves high efficiency when handling
varying numbers of objects. Compared to baseline methods,
our approach significantly reduces execution time. Further-
more, our method performs well in real-world physical
environments, showing robustness to variations in object
distribution and initial configurations. However, there are still
some challenges, such as spatial constraints in real exper-
imental settings and handling cases where the objects are
more dispersed. Moreover, with the continuous advancement
of multimodal large models, integrating multimodal object
features could further enhance the algorithm’s performance.
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Fig. 6. Execution process of the robot in real-world scenes. Objects are first organized into hierarchical layers based on supportive capability, then grouped
and stacked, and finally transported to the designated target area.

Therefore, in future work, we plan to incorporate additional
multimodal information into the algorithm to improve its
effectiveness. At the same time, expanding the algorithm’s
applicability to a wider range of real-world scenarios remains
a key research direction.
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