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Abstract

Bimanual robotic manipulation is an emerging and crit-
ical topic in the robotics community. Previous works pri-
marily rely on integrated control models that take the per-
ceptions and states of both arms as inputs to directly pre-
dict their actions. However, we think bimanual manipula-
tion involves not only coordinated tasks but also various
uncoordinated tasks that do not require explicit coopera-
tion during execution, such as grasping objects with the
closest hand, which integrated control frameworks ignore
to consider due to their enforced cooperation in the early
inputs. In this paper, we propose a novel decoupled inter-
action framework that considers the characteristics of dif-
ferent tasks in bimanual manipulation. The key insight of
our framework is to assign an independent model to each
arm to enhance the learning of uncoordinated tasks, while
introducing a selective interaction module that adaptively
learns weights from its own arm to improve the learning of
coordinated tasks. Extensive experiments on seven tasks in
the RoboTwin dataset demonstrate that: (1) Our framework
achieves outstanding performance, with a 23.5% boost over
the SOTA method. (2) Our framework is flexible and can be
seamlessly integrated into existing methods. (3) Our frame-
work can be effectively extended to multi-agent manipula-
tion tasks, achieving a 28% boost over the integrated con-
trol SOTA. (4) The performance boost stems from the decou-
pled design itself, surpassing the SOTA by 16.5% in success
rate with only 1/6 of the model size.

1. Introduction

Bimanual robotic manipulation [3, 9, 12, 15, 44, 49], which
has strong capabilities to handle a wide range of complex
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Figure 1. Integrated Control vs. Decoupled Interaction. The
bar represents the success rate of coordinated and uncoor-
dinated tasks for the integrated control baseline built upon our
framework without decoupled interaction design. The and
bars represent the success rate of coordinated and uncoor-
dinated tasks for our framework without interaction design and our
framework respectively. Our experiments are conducted on two
coordinated tasks and five uncoordinated tasks in the RoboTwin
dataset [29]. It can be observed that adding the decoupled design
to the integrated control baseline promotes the learning of uncoor-

dinated tasks. Furthermore, incorporating the interaction module
on top of this design facilitates the learning of coordinated tasks.

tasks such as household services [44], medical surgery [15],
health care [49] and industrial assembly [12], is an emerg-
ing and critical topic in the robotics community.

Recently, with the help of imitation learning [10, 33],
bimanual robotic manipulation [3, 9, 18, 23, 46] achieves
significant progress. Previous works typically use an inte-
grated control model that takes observations and states of
both arms as inputs and predicts actions for both arms si-
multaneously. However, based on taxonomy research on
bimanual manipulation [17], we think that bimanual robotic
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Figure 2. Comparisons of our Decoupled Interaction Frame-
work with integrated control frameworks. Integrated control
frameworks (a) mainly use a single model that takes the observa-
tions and states of both arms as inputs and directly outputs their
actions. Our Decoupled Interaction Framework (b) first assigns
an independent model to each arm to solely handle the inputs of
the current arm (the lines). Then, different from the naive
interaction modeling in integrated control frameworks, a selective
interaction module is proposed that learns its weights from its own
arm to perform explicit modeling (the and lines) on the
exchanged state features (the and dashed lines).

manipulation is more complex, involving not only coordi-
nated tasks but also various uncoordinated tasks. In un-
coordinated tasks, the two arms are neither spatially nor
temporally coordinated and do not share directly connected
goals. Each arm fulfills its task-specific constraints, with
spatial coordination limited to avoiding collisions and no
temporal coupling. For example, one arm holds a coffee
cup while the other takes notes. In contrast, in coordinated
tasks, both arms require spatial or temporal coordination,
defined by specific task constraints. For instance, one arm
places a block at a designated location, and the other po-
sitions another block on top afterward. Due to the unique
characteristics of these tasks and the neglect of integrated
control models to account for these differences, these mod-
els struggle to effectively learn uncoordinated and coordi-
nated tasks. We conduct some confirmatory experiments
using an integrated control baseline, as illustrated in Fig. 1,
which verifies our claim.

To address this, we propose learning bimanual manipula-
tion via a precise task taxonomy [17] and introduce a novel
Decoupled Interaction Framework for bimanual robotic ma-
nipulation. Compared to integrated control frameworks (as
illustrated in Fig. 2 (a)), which directly predict actions for
both arms, our framework (as illustrated in Fig. 2 (b)) first
decouples the action dimensions the model needs to pre-
dict. Subsequently, unlike integrated control frameworks
that primarily use the states of both arms for joint encoding
to model the interaction between the two arms, our frame-

work performs explicit interaction modeling between the
two arms. Moreover, cooperation requirements vary at dif-
ferent stages, our framework selectively modulates interac-
tion information during execution, enabling more effective
use of this information. As illustrated in Fig. 1, the in-
tegrated control baseline struggles to learn both uncoordi-
nated and coordinated tasks, while incorporating the decou-
pled design and interaction design into the baseline effec-
tively promotes learning of uncoordinated and coordinated
tasks respectively. Notably, the decoupled design also fa-
cilitates learning of coordinated tasks, as it enhances the
success rate of non-cooperative phases in coordinated tasks.
Meanwhile, the interaction design also facilitates learning
of uncoordinated tasks, as uncoordinated tasks still require
minimal cooperation to avoid collisions between arms.

Specifically, our framework first assigns an independent
model to each arm and takes the observation and state of a
single arm as inputs to generate actions only for that arm.
This design is beneficial for uncoordinated tasks, where the
action intentions and execution of each arm are relatively
independent, enabling each arm to complete its own opera-
tions more effectively. Building upon this strong capability
to handle uncoordinated tasks, our framework further em-
ploys explicit interaction modeling to improve cooperation,
thereby facilitating the learning of coordinated tasks. To
this end, our framework selects state features as interactive
information and introduces a selective interaction module
to adaptively modulate the exchanged features. First, our
method uses a selective scaling module to adjust the in-
tensity of the received state features. Then, to align the
received state features with the current arm state space, a
selective alignment module is introduced to adaptively gen-
erate a bias vector for the received state features. With our
selective interaction module, our method satisfies the coop-
eration requirements of coordinated tasks.

Extensive experiments on seven tasks in the RoboTwin
dataset [29] demonstrate the following: (1) Effectiveness:
Our framework achieves outstanding performance, obtain-
ing a 23.5% improvement over the previous SOTA method
[43]. (2) Flexibility: Our framework can be seamlessly in-
tegrated into existing methods, such as DP3 [43] and Point
Flow Matching (PFM) [5]. (3) Extensibility: Our frame-
work can be effectively extended to multi-agent manipula-
tion tasks, achieving a 28% improvement over the SOTA
method [43]. (4) Scalability: Experiments with an in-
creased number of expert demonstrations confirm that our
framework adheres to the scaling law. It should be empha-
sized that the performance improvement stems from the de-
coupled interaction design itself, surpassing the SOTA by
16.5% in performance with only 1/6 of the model size. We
also conduct real-world experiments to further validate the
effectiveness of our approach. Upon the publication of this
paper, we will open-source the code.
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Figure 3. Architecture of the Decoupled Interaction Frame-
work. Our framework first assigns a separate model to each arm
to process its inputs. Then, we exchange state features between
the models and utilize a selective interaction module to modulate
them. Specifically, we use a selector to predict a scaling factor «
and a bias vector 3 to adaptively adjust the exchanged features.
Finally, we combine the original visual features, state features and
exchanged state features as interactive conditions to predict ac-
tions using action generators.

2. Revisiting Bimanual Robotic Manipulation

Robotic manipulation, aiming to use extensive observation-
action pairs from expert demonstrations to acquire human-
like skills, is underpinned by grasp detection [2, 13, 34—
36, 39]. Previous research mainly focuses on single-arm
manipulation, where the modeling of policies is primarily
divided into reinforcement learning [7, 11, 26, 38, 41, 45],
imitation learning [1, 4-6, 14, 20, 25,27, 31,37, 42,43, 47]
and Vision-Language-Action (VLA) models [8, 16, 19, 48,
50]. Concretely, imitation learning methods mainly focus
on regression-based [1, 6, 25, 31, 37, 42] and generation-
based methods [4, 5, 14, 20, 27, 43], which lay the founda-
tion for policy designs of bimanual manipulation.

Recently, bimanual manipulation becomes an emerging
hotspot in the robotics community due to its ability to han-
dle a wide range of tasks. First, we define this task. Given
the observations O,.q4 (point clouds as used in this paper)
captured by depth cameras and the states of each arm S,
provided by the ROS interface, bimanual manipulation aims
to generate actions Ag,.,,, for the left and right arms to ac-
complish different categories of tasks.

Benefiting from the development of imitation learning
[10, 33], bimanual manipulation [3, 9, 18, 22, 23, 46] meth-
ods achieve great progress. Previous works [3, 9, 18,23, 46]
mainly employ an integrated control framework that takes

the observations and states of both arms as inputs and di-
rectly outputs their actions, i.e.:

Acent = chnt(opcdlv Opcha Sarmh Saer)a

1
Acent € IR1><147Opcol S RNX375arm € R1X7- ( )

However, the high-dimensional task spaces hinder each arm
from learning its own actions. This affects the efficiency for
learning uncoordinated tasks, which focus more on whether
each arm can complete its own actions. Moreover, the inter-
action modeling of integrated control frameworks is simple,
where they typically perform joint encoding of the states
of both arms. The implicit interaction modeling makes it
difficult to learn coordinated tasks, where the cooperation
requirements vary at different stages during execution.

A few works like Voxact-b [22] utilize a fully decoupled
framework for bimanual robotic manipulation. These works
often take the observation and state of a single arm as inputs
and output the actions of the current arm, i.e.:

- 7Tdec(opcdla Sarml)a
Aarm2 = Wdec(opcd% Sarm2)7 (2)
Aarm € R1X7a Opcd € RNXS, Sarm € R1X7-

Aarml

These methods are usually applied to uncoordinated biman-
ual manipulation tasks because they do not explicitly model
the collaboration between arms, making them less effective
in handling coordinated tasks.

In this paper, we propose to learn bimanual robotic ma-
nipulation through precise task taxonomy [17] and further
introduce a Decoupled Interaction Framework. The insight
of our framework is to utilize the decoupled design to re-
duce the action dimensions, thereby promoting the learn-
ing of uncoordinated tasks, while introducing a selective in-
teraction module that adaptively modulates the interaction
information to enhance the learning of coordinated tasks.
Our experiments also comprehensively validate the excel-
lent performance of our framework.

3. A Decoupled Interaction Framework for Bi-
manual Robotic Manipulation

In this section, we describe how our Decoupled Interaction
Framework addresses the challenges in integrated control
frameworks for bimanual manipulation. First, we revisit the
motivation of our method, emphasizing that integrated con-
trol frameworks face issues of high-dimensional actions and
a lack of explicit interaction modeling (Sec. 3.1). Next, we
explain how our framework resolves these problems (Sec.
3.2 and Sec. 3.3). Finally, we summarize the overall struc-
ture of our framework (Sec. 3.4).

3.1. Challenges in Integrated Control Frameworks

The action intentions and execution of each arm are rela-
tively independent in uncoordinated tasks. Therefore, it is
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important for methods to help each robotic arm effectively
learn its own actions. However, most previous works do not
adequately address this issue, since they mainly use an inte-
grated control model to generate actions for both arms and
combine the joint angle-based action spaces of each arm.
This approach increases the dimensions of the actions the
model needs to predict and enlarges the action space the
neural network must explore, making the action learning
processes for each arm more challenging.

Meanwhile, although cooperation between arms is im-
portant for coordinated tasks, this does not mean that both
arms are constantly collaborating throughout the entire task.
In other words, even in coordinated tasks, there are phases
where each arm performs its own actions independently and
phases where collaboration takes place. However, previous
integrated control methods fail to effectively model the in-
teraction between the arms, as they often rely on the states
of both arms for joint encoding. This implicit modeling can-
not distinguish different phases of coordinated tasks.

To validate it, we conduct experiments using our decou-
pled interaction framework. As shown in Fig. 1, the inte-
grated control baseline exhibits low performance, resulting
in failed grasps and collisions between targets.

3.2. The Proposed Decoupled Design Contributes to
Uncoordinated Tasks

To address the problem of high-dimensional action spaces,
in this paper, we propose to decouple the joint action space
of both arms to reduce the space the neural network needs
to explore, which helps our framework learn uncoordinated
tasks more effectively. Specifically, our framework assigns
an independent model to each arm, where it takes the obser-
vations and states of the current arm as inputs and outputs
actions for the current arm. As shown in Fig. 1, by incorpo-
rating the decoupled design, our framework outperforms the
integrated control baseline in uncoordinated tasks. More-
over, as illustrated in Fig. 1, our framework can effectively
handle basic tasks like single-arm grasping, which is impor-
tant in uncoordinated tasks. In conclusion, we consider that
the decoupled design is beneficial for uncoordinated tasks.
The loss of our decoupled design is:

‘Ctotal = £arm1 + £a7‘m27
Ea'r’ml - ﬁaction(ela (Opcdh Sarml))> (3)
»Caer == ﬁaction(927 (Opcd27 Saer))~

where L,ction represents the action generation loss, which
will be described in Sec. 3.4. 6, and 65 represent the action
generator for the left and right arm respectively.

It should be noted that although uncoordinated tasks re-
quire low cooperation, they still necessitate a certain level
of interaction, i.e., the ability to perceive the state of the
other arm to avoid collisions between the arms.

ﬁtotal = Carml + ﬁarm27
£arm1 = Eaction (917 (Opcdla Sarml7 Fa/,er))v (4)
Laer = Eaction (923 (Opcha Sa’rm27 F(;rfml))'

3.3. The Proposed Interaction Design Contributes
to Coordinated Tasks

To improve explicit interaction modeling, we build on the
ability of our framework to handle uncoordinated tasks and
introduce a novel selective interaction module. This mod-
ule enhances interaction modeling and facilitates the learn-
ing of coordinated tasks. The key insight of our interaction
module is to selectively modulate the state representations
of the other arm by utilizing the observations and states of
the current arm. This approach enables our framework to
effectively control the influence of the other arm on each
arm when each arm learns its own actions. As illustrated
in Fig. 1, by incorporating the selective interaction design,
our framework outperforms the integrated control baseline
in coordinated tasks. Moreover, as illustrated in Fig. 1, our
framework performs actions with better coordination.
Scale the Intensity of Exchanged State Features. Specif-
ically, we exchange the encoded states between different
arms and introduce a selective scaling module to scale the
intensity of the received state representations. This module
first processes the inputs of the current arm using modula-
tion visual and state encoders. The encoded representations
are then passed into an MLP, which predicts a scaling fac-
tor o ranging from O to 1. Through this scaling factor o,
our framework adaptively adjusts the influence of the state
information from the other arm on the current arm across
different phases of coordinated tasks.

Align the Exchanged State Features. Following that, to
further align the received state representations with the state
space of the current arm, we introduce a selective alignment
module, which dynamically generates a bias vector for the
received state representations. This module first takes the
encoded observations and states from modulation visual and
state encoders as inputs and then utilizes an MLP to predict
a bias vector [ for alignment.

To summarize, with this selective interaction module, the
current arm can effectively filter and align the exchanged
information from the other arm, thereby meeting the coor-
dination requirements for both coordinated and uncoordi-
nated tasks more effectively. The workflow of our selective
interaction module is shown as follows:

aq, ﬁl = fl (Opcdh Sarm1)7 g1 (Opcdh Sarm1)7

a2, /32 = fQ(Opcd27 Saer)v 92(0p0d27 Saer)v (5)
Fz;rml =ag X Form1 + 527

/

Farm2 =1 X Faer +61
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Methods Coordinated Tasks Uncoordi.nated Tasks Average
Block Blocks | Dual Bottles Dual Bottles Diverse Empty Block
Handover  Stack Pick (Easy)  Pick (Hard) Bottles Pick Cup Place Hammer Beat
Voxact-b [22 0.440 0.290 0.820 0.490 0.400 0.770 0.650 0.551 ({ 0.238)
ACT [46] 0.070 0.020 0.340 0.040 0.020 0.310 0.310 0.159 (J 0.630)
DP [4] 0.280 0.020 0.540 0.280 0.000 0.200 0.000 0.189 (J 0.600)
DP3 [43] 0.700 0.230 0.780 0.460 0.380 0.730 0.600 0.554 (] 0.235)
Ours 1.000 0.400 0.990 0.630 0.700 0.900 0.900 0.789

Table 1. Performance comparison of seven simulation tasks in the RoboTwin dataset. Best results are highlighted in bold. Important
comparison metrics are marked with gray cells. The red arrows indicate the performance difference between each baseline and our method.

where F,,,1 and Fy,,o denote the exchanged state fea-
tures, f(.) represents the regression head of scaling factors
and g(.) represents the regression head of bias vectors. On
the basis of the interaction design, the loss of our decoupled
interaction framework can be updated as:

3.4. A Decoupled Interaction Framework

Loss Design. Our Decoupled Interaction Framework can
be seamlessly integrated into existing methods, such as DP3
[43] and Point Flow Matching [5]. For DP3, we use DDIM
[32] as the action generator, and the ground truth is repre-
sented by the sample. For Point Flow Matching, we use
Flow Matching [21] as the action generator, and the ground
truth is represented by the vector field. When employing
DDIM, L, tion is represented as:

['action(evl) = Et,z~D(z)||Z - e(ztaﬂI)HQ (6)

where z ~ D(x) denotes the distribution of the sample in
demonstrations, I denotes the interactive condition and 6
denotes the DDIM action generator of each arm. When ap-
plying Flow Matching, L, t;0n, is represented as:

‘Caction(aal) = Etne('rtvﬂl) - (331 - xo)”Qa

xo ~ Po, &1 ~ p1, T = txy + (1 —t)zo.

)

where pg represents a simple base density at time ¢t = 0,
p1 represents the target complicated distribution at time ¢t =
1, while g and z; are the corresponding samplings. x
is defined as the linear interpolation between x(y and zi,
following the Optimal Transport theory [30]. 6 denotes the
Flow Matching action generator of each arm, and I denotes
the interactive condition.

Overall Framework. Bringing all together, our Decou-
pled Interaction Framework is developed. As shown in
Fig. 3, we first decouple the joint action space used in the
integrated control framework by assigning an independent
model to each arm, thereby promoting the learning of un-
coordinated tasks. Then, we propose a brand new selective
interaction module, which takes the inputs of the current
arm to predict the modulation factors and modulates the ex-
changed state representations from the other arm, thereby
promoting the learning of coordinated tasks. Finally, we

combine the original observation and state representations
with the modulated state representations as interactive con-
ditions and utilize the action generator to predict actions for
each arm. Benefiting from our decoupled interaction de-
sign, our framework effectively accommodates the unique
characteristics of different tasks in bimanual manipulation,
achieving significant improvements across various tasks.
Implementation Details. In this paper, we adopt the same
point cloud backbone as DP3 [43]. Following the setup in
RoboTwin [29], we utilize joint angles for proprioception
and predict joint angles as actions. In the loss function, the
weights for the left arm and right arm are both set to 1.
Our framework is implemented using PyTorch and trained
on a single NVIDIA RTX 4090 GPU for 3000 epochs with
the AdamW optimizer and a batch size of 120. Additional
implementation details are provided in Appendix 5.

4. Experiments

4.1. Experiment Setups

Simulation Benchmark. In this paper, we evaluate our
framework on seven distinct manipulation tasks from the
RoboTwin benchmark [29]. Based on the taxonomy of bi-
manual manipulation [17], we define two tasks as coordi-
nated tasks and five tasks as uncoordinated tasks. Each task
is designed to assess specific aspects and detailed task de-
scriptions can be found in Appendix 6.

Coordinated Tasks. (1) Block Handover: Transferring the
long block from the left arm to the right arm and placing it at
the designated location. (2) Blocks Stack: Stacking blocks
of different colors in a specific order (the red block first and
then the black block) to the designated location.
Uncoordinated Tasks. (1) Dual Bottles Pick (Easy): Lift-
ing the bottles that are positioned randomly and standing
upright simultaneously. (2) Dual Bottles Pick (Hard): Lift-
ing the bottles that are positioned with random 6D poses
simultaneously. (3) Diverse Bottles Pick: Lifting the bottles
that vary in random shapes and do not repeat in the training
and testing sets simultaneously. (4) Block Hammer Beat:
Autonomously determining which arm picks up the ham-
mer and strikes the block based on the position of the block.
(5) Empty Cup Place: Autonomously determining which
arm picks up the cup and places it at the designated location
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Decoupled | Scaling Factors | Bias Vectors Average Method Coordinated ~ Uncoordinated Average
0.426 PFM [5] 0.180 0.524 0.426
v 0.624 (1 0.198) Ours (FM) 0.700 0.824 0.789 (1 0.363)
v v 0.754 (1 0.328) DP3 [43] 0.465 0.590 0.554
v v 0.747 ( 0.321) Ours (DDIM) | 0.645 0.686 0.674 (1 0.120)
v v v 0.789 (1 0.363)

Table 2. The ablation study. Important metrics are in gray cells.
The green arrows indicate the performance difference between
each line and the first line (the baseline).

Task Name Demo-100 Demo-150 Demo-200
Blocks Stack 0.470 0.530 0.650
Dual Bottles Pick (Hard) 0.660 0.740 0.850

Table 3. The scaling experiment on demonstration quantity
and performance. “ Demo-X ” indicates that X expert demon-
strations are used during model training.

based on the position of the cup.

Baselines. We select several representative approaches as
our baselines. For regression-based integrated control ap-
proaches, we choose ACT [46] as a baseline, which takes
multi-view images as inputs and directly regresses actions
of both arms with an action chunking mechanism. For
generation-based integrated control approaches, we choose
and modify DP [4], which takes multi-view images as inputs
and directly generates actions of both arms with receding
horizon control [28], and DP3 [43], which takes 3D point
clouds as inputs and directly generates actions like DP, as
baselines. For decoupled approaches, we refer to the archi-
tecture of Voxact-b [22] and construct a decoupled baseline
that takes point clouds as inputs and outputs the actions of
each arm separately. More detailed implementations of all
methods can be seen in Appendix 5.

4.2. Evaluation on RoboTwin Dataset

Quantitative Experiments. We test our method and other
representative methods on the RoboTwin [29] dataset and
report the results in Tab. 1. The models for different tasks
are trained separately. From the table, we observe that:
(1) Our method significantly outperforms previous meth-
ods. Compared to DP3 [43], the previous SOTA method,
our method achieves an improvement of 23.5% in average
success rate. (2) Specifically, our method surpasses DP3
by 23.5% in coordinated tasks and 23.5% in uncoordinated
tasks respectively, which verifies the effectiveness of the de-
coupled interaction design in our framework. (3) In the “Di-
verse Bottles Pick" task, the bottles used in the training and
testing sets exhibit obvious differences in shape and texture.
Achieving SOTA on this task verifies that our framework
has great intra-class generalization abilities. (4) “Block
Hammer Beat” and “Empty Cup Place” are single-arm ma-
nipulation tasks, where the challenge lies in the bimanual
robot autonomously deciding which arm to use for manipu-

Table 4. Integrating into existing methods experiments. Best
results are highlighted in bold. The underlined values indicate
the second-best results. Important comparison metrics are marked
with gray cells. “FM” denotes Flow Matching [21].

Method | Model Size | Coordinated Uncoordinated | Average
DP3 262.43M 0.465 0.590 0.554
576.43M 0.150 0.446 0.361
42.95M 0.640 0.750 0.719
Ours 146.37M 0.665 0.788 0.753
536.07M 0.700 0.824 0.789

Table 5. Model size and performance experiments. Best results
are highlighted in bold. The underlined values indicate the second-
best results. Important metrics are marked with gray cells.

lation based on the position of the object. Achieving a 90%
success rate on these tasks verifies that our model possesses
great decision-making abilities.

Qualitative Experiments. Moreover, we also visualize the
execution process of DP3 [43] and our framework in the
“Blocks Stack" task. Both models are evaluated within the
same scene configuration for consistency. As shown in Fig.
4, DP3 is more prone to failed grasps, while our model
achieves more precise grasping. Additionally, for complex
long-horizon tasks, DP3 often suffers from prolonged freez-
ing behavior, where the arm remains stationary, as well as
execution order errors. In contrast, our model can complete
tasks in a more orderly manner. This is attributed to our
decoupled interaction design, where the decoupled design
decreases the action dimensions the model needs to predict,
reducing the difficulty of network learning, and the inter-
action design modulates the exchanged state features of the
other arm, effectively meeting the requirements for perceiv-
ing the other arm at different stages of coordinated tasks.

4.3. Ablation Study

Furthermore, we conduct a series of ablation studies to ver-
ify the effectiveness of each design in our framework. All
experiments are trained on seven tasks in the RoboTwin
dataset [29]. In the ablation study, we choose Flow Match-
ing [21] as our action generator.

As illustrated in the second line of Tab. 2, the decoupled
design enhances performance by 19.8% in average success
rate, demonstrating that the decoupled design is effective as
it reduces the dimensions of actions and simplifies network
learning. Moreover, as illustrated in the fifth line of Tab. 2,
adding the interaction module, which includes scaling fac-
tors and bias vectors, to the decoupled design further im-
proves performance by 16.5% in average success rate. This
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Figure 4. Qualitative experiments. In Fig. (a), we visualize the execution process of the “Blocks Stack" task for DP3 and our framework.

In Fig. (b), we visualize the execution process of the three-arm
execution process of DP3 and our framework in the real-world e

experiment for DP3 and our framework. In Fig. (c), we visualize the
xperiment. Dashed circles of different colors highlight common issues

that typically arise in integrated control frameworks. “SR" denotes the success rate, which represents the average success rate of the model

across all tasks under different experimental settings. Zoom in for

demonstrates that the selective interaction design is benefi-
cial, as it adaptively adjusts the exchanged information at
different temporal stages during task execution. It should
be noted that, from the third and the fourth lines of Tab. 2,
although using scaling factors or bias vectors alone can ef-
fectively improve performance, they cannot achieve SOTA
results. This is because they are complementary, i.e., only
by scaling the intensity of the exchanged information and
aligning it to the current state space together can the inter-
action information be fully modulated.

4.4. Model Analysis

Adhering to the Scaling Law. We analyze how the num-
ber of demonstrations affects the performance. We choose
Flow Matching [21] as the action generator and test differ-
ent numbers of demonstrations used in the model training.
The results are recorded in Tab. 3. From the table, it can be
observed that as the number of demonstrations increases,
the performance of our model continues to improve, indi-
cating that our framework adheres to the scaling law.

Integrating into Existing Methods Experiments. As
mentioned in Sec. 1, our framework can be seamlessly in-
tegrated into existing methods. In this paper, we conduct

a better view.

experiments with two point cloud-based methods: DP3 [43]
and Point Flow Matching (PFM) [5]. As illustrated in Tab.
4, applying the proposed decoupled interaction design to in-
tegrated control frameworks using DDIM and Flow Match-
ing significantly improves the success rate.

It should be noted that in DP3 [43], the performance of
Flow Matching [21] implemented with DPM Solver++ [24]
decreases compared to DDIM [32]. The explanation pro-
vided in the DP3 paper is that the high dimensions of the
task pose a challenge to the learning of DPM Solver++. For
integrated control frameworks, as seen in the first and the
third lines of Tab. 4, the high dimensions of the tasks result
in worse performance for PFM compared to DP3. From the
second and fourth lines of Tab. 4, it can be seen that our
decoupled design effectively reduces the action space that
Flow Matching needs to explore, thereby fully leveraging
the generative abilities of Flow Matching.

Model Size and Performance Experiments. We analyze
the relationship between model size and performance, and
record the results in Tab. 5. Here, the action generator we
adopt is Flow Matching [21]. It can be concluded that: (1)
From the first and second lines of Tab. 5, it can be ob-
served that when we increase the size of the action gener-
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RealSense

Figure 5. Illustration of our real-world manipulation experi-
mental settings. We use the Cobot Magic as our bimanual robots
and include everyday objects in our manipulation tasks. A Re-
alSense L515 camera is applied to capture 3D point clouds.

ator in DP3 [43] to match the size of the action generator
in our framework, the performance of DP3 significantly de-
creases by 19.3% compared to its original model size. (2)
To test the performance of our framework with a smaller ac-
tion generator, we compress the size of the action generator
in our framework to match that of the action generator in
DP3. As shown in the fourth and fifth lines of Tab. 5, our
model experiences only a 3.6% performance drop despite a
73% reduction in the number of parameters. (3) As shown
in the third line of Tab. 5, when we further compress our
model size to 1/6 of DP3 [43], our framework still outper-
forms DP3 by 16.5% in success rate. These experiments
demonstrate that the primary reason for the improvement of
our framework is not the increase in model parameters but
rather the decoupled interaction design itself.

Extensibility for Multi-Agent Manipulation. Bimanual
manipulation is the simplest form of multi-agent manipu-
lation. To demonstrate the extensibility of our method, i.e.,
its applicability to broader tasks, we build a three-arm block
stacking task based on the Sapien [40] simulation. In this
task, three robotic arms need to sequentially stack blocks of
different colors in a specific order. In this experiment, a to-
tal of 50 demonstrations are utilized to train the two models
independently. For evaluation, the success rate is measured
for both models across 100 scenes.

As shown in Fig. 4, our framework achieves a 28% im-
provement compared to DP3. At the same time, the visual-
ized trajectories indicate that as the dimensionality of the
action space in integrated control frameworks further in-
creases, the prolonged stationary state of the robotic arm
after completing an action becomes more serious.

4.5. Real-World Experiments.

Settings. To verify the practical capabilities of our Decou-
pled Interaction Framework, we conduct real-world manip-
ulation experiments across diverse tasks. For evaluation, we

Method Coordinated Uncoordinated Total
Banana Items Dual Banana
Handover Stack | Bottels Pick  Place
DP3 6/15 5/15 6/15 10/15 | 27/60
Ours 10/15 10/15 13/15 12/15 | 45/60

Table 6. Real world experiments. Best is in bold face.

compare our framework with the integrated control baseline
DP3 [43] using 50 high-quality demonstrations collected
via teleoperation similar to [46].

Coordinated Tasks. (1) Banana Handover: Picking the
banana randomly placed on the left side of the table with
the left arm, transferring it to the right arm, and placing it in
the box. (2) Items Stack: Placing the box first and then the
toy on top of the box in the designated location in order.
Uncoordinated Tasks. (1) Dual Bottles Pick: Lifting the
bottles that are positioned randomly and standing upright si-
multaneously. (2) Banana Pick and Place: Autonomously
determining which arm picks up the banana that is posi-
tioned randomly on the table and places it into the box.
Quantitative Experiments. The experiment setup and ob-
jects are shown in Fig. 5, and the testing results are shown
in Tab. 6. It can be observed that our method achieves ro-
bust real-world manipulation ability, surpassing the SOTA
method DP3 [43] in real-world experiments, showing great
potential for our Decoupled Interaction Framework.
Qualitative Experiments. We visualize the execution pro-
cess of DP3 [43] and our framework in “Items Stack” task.
As shown in Fig. 4, DP3 often appears failed grasps, while
our framework achieves more stable grasping. More exam-
ples and details can be seen in the video demo provided in
the supplementary materials.

5. Conclusion

In this paper, we propose learning bimanual manipulation
through precise task categorization and introduce a novel
Decoupled Interaction Framework for bimanual robotic ma-
nipulation. The key insight of our framework is to decouple
the action space the network needs to explore by assign-
ing an independent model to each arm, thereby enhancing
the learning of uncoordinated tasks. Additionally, we pro-
pose a brand new selective interaction module that learns
its weights from the inputs of its own arm to adaptively
modulate the exchanged state features, thereby improving
the learning of coordinated tasks. Extensive experiments
on seven tasks in the RoboTwin dataset demonstrate that
our framework exhibits effectiveness, flexibility, extensi-
bility, and scalability. We believe our decoupled interac-
tion framework provides insights for the community to fur-
ther explore the modeling of bimanual and even multi-agent
manipulation tasks. To advance the community, we will re-
lease our code upon the publication of the paper.
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