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Abstract— Bimanual manipulation is essential for advanced
robotic systems because it offers higher efficiency and flexibility
compared to single-arm configurations. However, existing ap-
proaches either lack inter-arm interaction or ignore the need for
a dynamic division of labor, treating the arms as functionally
equivalent. To address these limitations, this paper draws
inspiration from human bimanual manipulation where one
arm handles core operations and the other provides auxiliary
support, and proposes PA-BiCoop, a new single-model biman-
ual cooperation framework with dynamic primary-auxiliary
arm differentiation. PA-BiCoop categorizes robotic arms into
primary and auxiliary arms with adaptively adjustable roles
across task stages, employs two specialized decoders that share
a global feature encoder: the primary decoder generates the
primary arm’s base-coordinate pose and core-task affordance
heatmaps, and the auxiliary decoder outputs the auxiliary arm’s
relative pose in the primary arm’s coordinate system. Moreover,
we design a dynamic role assignment module to automatically
map roles to left/right arms without manual pre-definition. This
design facilitates inter-arm knowledge sharing and coordinated
manipulation. Extensive experiments demonstrate that our PA-
BiCoop achieves superior performance: it outperforms state-of-
the-art baselines by 48% on average in RLBench2 simulation
tasks and by over 50% on average in real-world tasks, thereby
verifying its effectiveness and advancement in bimanual ma-
nipulation.

I. INTRODUCTION

Bimanual manipulation [1]-[4] has become an indispens-
able component in advanced robotic systems, owing to its
superior efficiency and operational flexibility compared to
unilateral (single-arm) configurations [5]-[9]. Notably, it
enables the execution of tasks that are inherently unattainable
for single-arm setups, such as transporting large objects,
removing bottle caps, or assembling complex components.
Compared to single-arm manipulation, bimanual operation
poses significantly greater challenges, as it requires simulta-
neously modeling the states and actions of both arms, along
with their collaborative interactions.

As shown in Fig. 1, the predominant approaches in this
domain can be categorized into two architectural paradigms
currently. The first employs dual independent models to
predict the movements of each arm separately, with represen-
tative methods including AnyBimanual [10], VoxActB [11],
and BUDS [12]. While these approaches draw extensively
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Fig. 1. Three model paradigms for bimanual manipulation.
on the research findings and technical advancements in
single-arm modeling, they essentially adopt an independent
modeling framework where each arm is assigned its own
dedicated model. Therefore, this paradigm has a core lim-
itation: it lacks inter-arm knowledge sharing and interac-
tive information transfer, thereby compromising overall task
performance. Additionally, the use of two separate models
inevitably doubles the model complexity during both training
and inference phases. In contrast, the second paradigm adopts
a single shared modeling framework for the joint modeling of
both arms, as exemplified by YOTO [13], PerAct2 [14], and
Kstar Diffuser [15]. However, it can be observed that despite
leveraging a single shared model, these methods usually treat
the left and right arms as functionally equivalent without
distinguishing their roles. They generate movements for the
two arms in one of two rigid modes: either asynchronously
following a manually predefined sequence [13] or simulta-
neously outputting the action spaces of both arms [14]-[17].
To illustrate this limitation, this paper draws inspiration
from human bimanual manipulation: when humans perform
tasks such as assembling parts, wrapping packages, or using
tools, their two arms rarely act in a "role-agnostic" manner.
Instead, one primary arm typically takes charge of core op-
erations. Examples include aligning components or wielding
a tool. Meanwhile, the other auxiliary arm provides auxiliary
support, such as stabilizing the workpiece or handing over
materials. Crucially, this role division is not fixed, as the
left and right arms can dynamically switch roles depending
on the task demands. This inherent division of labor and
adaptive collaboration is precisely what is missing in the
aforementioned shared-model paradigms, ultimately leading
to suboptimal coordination efficiency in complex bimanual

18244



tasks.

Motivated by this human bimanual manipulation mech-
anism, we introduce PA-BiCoop, a new single-model
Bimanual Cooperation framework for bimanual manipula-
tion that incorporates Primary-Auxiliary differentiation. Un-
like previous single-model frameworks, our approach dynam-
ically assigns distinct roles and collaborative functions to the
two robotic arms as shown in Fig. 1 (c): we categorize the
robotic arms as primary arm and auxiliary arm, with the
distinction being non-fixed and adaptively adjusted between
the two arms at different task stages. For the primary arm,
we employ a primary decoder to generate main affordance
heatmaps indicating the current primary task region and
output the primary arm’s pose under the base coordinate
system. For the auxiliary arm, we propose an auxiliary
decoder that outputs the auxiliary arm’s relative pose in the
coordinate system of the primary arm based on the primary
arm’s affordance heatmaps and global features. These two
decoders share a global feature encoder, allowing for the
sharing of global information without the need for redundant
perception models and thus maintaining the simplicity of the
overall architecture. This design of primary and auxiliary de-
coders facilitates inter-arm knowledge sharing. Furthermore,
we design a role assignment module that dynamically maps
the primary and auxiliary roles to the left and right arms,
eliminating the need for pre-defined manual role sequences.
Evaluation across both simulation tasks and real-world tasks
demonstrates the effectiveness of our PA-BiCoop, which
achieves substantial advancements over prior methods.

Our contributions can be summarized as follows:

« We propose PA-BiCoop, a new single-model bimanual
framework that enables dynamic primary-auxiliary spe-
cialization, enhancing collaboration through role-aware
design.

o We introduce dedicated primary and auxiliary decoders
for action prediction and inter-arm interaction, along
with a learnable role assignment module enabling auto-
matic role specialization.

o Extensive experiments show that PA-BiCoop out-
performs state-of-the-art methods by 48% on RL-
Bench2 [14] and over 50% in real-world tasks, achiev-
ing superior overall success rates.

II. RELATED WORK

Current methodologies in bimanual manipulation can be
broadly categorized into two architectural paradigms: dual
independent models and single shared models.

Dual-Model Architecture. Several approaches mitigate
coordination challenges through dual-model architectures
[10], [11], [18]-[24]. Early methods [20]-[25] propose to
create a “leader and follower” movement, suffering from
large memory consumption and fixed roles. Methods such
as BUDS [12] and VoxActb [11] decouple the system into
stabilizing and acting arms. VoxActb [11] employs VLMs
[26], [27] for scene region prioritization and voxel grid
reconstruction. However, they lack flexible role switching
between arms and are limited to relatively simple tasks,

constraining their performance in complex scenarios. Any-
Bimanual [10] proposes a model-agnostic plug-and-play
framework that generalizes pretrained single-arm policies
[5], [6]. Although it uses attention partitioning to isolate
arm-specific regions of interest, this design also restricts
knowledge sharing between arms. Overall, these methods
underutilize inter-arm interaction, limiting their effectiveness
in tasks requiring high coordination.

Single-Model Architecture. Alternative approaches em-
ploy a single-model framework [13]-[17], [28]—-[35] to lever-
age inter-arm knowledge sharing. Early work such as ACT
[17] uses conditional VAEs [36] within an encoder-decoder
structure for joint angle prediction. PerAct2 [14] extends
PerAct [6] by duplicating its prediction head for simulta-
neous dual-arm control. InterACT [29] effectively captures
dependencies between joint states and visual inputs through a
hierarchical attention mechanism. KStar Diffuser [15] incor-
porates spatiotemporal graphs and differentiable kinematics
to guide diffusion models. A common limitation among
these methods is their treatment of both arms as function-
ally equivalent without explicit role specialization, thereby
overlooking inherent asymmetries in task division. YOTO
[13] employs a single prediction head for bimanual action
output but depends on handcrafted coordination sequences,
resulting in poor synchronous performance. Although unified
in structure, these methods generally fail to explicitly model
bimanual coordination, making them susceptible to failure
from minor motion discrepancies.

In this paper, we propose a new approach that incorpo-
rates dynamic primary—auxiliary arm differentiation within
a single shared model. This design enhances cross-arm
knowledge sharing and interaction, facilitating high-precision
coordination in complex bimanual tasks.

III. METHOD
A. Problem Formulation

Our goal is to learn a model a = fy(o,l,p) that can
complete various bimanual manipulation tasks, where o
contains RGB-D images from multiple perspectives, [ is the
language description of the task, p is the proprioception of
two robot arms, and the output a is the actions of two robot
arms. The action of each arm consists of the 6-DoF end-
effector pose (3-DoF for translation and 3-DoF for rotation),
1-DoF gripper state (open or close), and a binary indicator for
whether to allow collision avoidance for the motion planner.
In addition, referring to prior works [5], [6], [14], [37],
we employed key-frame extraction technology to enhance
learning efficiency. Thus, the model only needs to predict
action at the next key-frame.

B. Framework

Inspired by the inherent division of labor in human biman-
ual manipulation, where one arm typically takes the lead in
core tasks while the other provides auxiliary support, we
analogously categorize the robotic arms in our system into
Primary Arm and Auxiliary Arm. The general pipeline
of our proposed PA-BiCoop is shown in Fig. 2. Considering
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both the efficiency of feature extraction and the effectiveness
of global feature representation [5]-[7], [38], the RVT [5]
is employed as the global shared feature encoder, which
processes o, [, and p to produce image tokens and language
tokens. These tokens are subsequently decoded by the pri-
mary decoder, auxiliary decoder, and role assignment module
to output the primary arm action abp;, the auxiliary arm action
a;f‘c, and the role assignment variable ¢ respectively.

The primary arm’s action af, is generated in the base co-
ordinate system C%,. using the global feature representation,
leveraging its precise multi-view perception capability. The
auxiliary arm’s action aﬁc is predicted in the primary arm’s
coordinate system C,,., dependent on the primary arm’s kine-
matic state. This approach exploits the relative positioning
between arms during bimanual coordination tasks, reducing
the burden on the auxiliary arm’s spatial perception and
the complexity of coordination. The role assignment module
predicts € to enable dynamic role switching: £[0]=1 desig-
nates the left arm as the primary arm (right as the auxiliary
arm), while £[1]=0 reverses this mapping, allowing context-
dependent role switching. The resulting a{,‘c is transformed to
the action afc in the coordinate system C}. using coordinate
transformation. Subsequently, we will provide a detailed
explanation of the primary decoder, the auxiliary decoder,
the role assignment module, the coordinate transformation,

and the training loss functions.

C. Primary Decoder

As shown in Fig. 3 (a), the primary decoder uses the
global features to generate affordance heatmaps and predict
the primary arm’s actions. First, we feed image and language
tokens into a multi-layer perceptron (MLP) to adjust fea-
tures. Subsequently, we utilize eight transformer layers (each
comprising multi-head self-attention and an MLP) to focus
on the task region and output image features across differ-
ent views. The image features are then processed through
two convolutional layers to generate the main affordance
heatmaps HX, which indicate the current primary task region
for the primary arm across different views, with peak values
corresponding to the desired translation coordinates of the
primary arm. To meet the accuracy requirements for primary

through coordinate transformation. £ maps primary/auxiliary arms to left/right

arm prediction in image-patched tokens, we adopt bilinear
interpolation [39] to upsample multi-view tokens to their
original spatial resolution between convolutional layers. For
rotation and other action variables, we use joint features. The
joint features are a concatenation of (1) the sum of image
features along the spatial dimensions, weighted by HF; and
(2) the max-pooled image features along with the spatial
dimension. We employ an MLP to process joint features,
and further predict a discrete probability distribution P} for
Euler angles (discretized into bins with a resolution of 5°)
as well as other binary action variables V'. For the primary
arm action af,, we perform argmax on HX and PE to output
it.

D. Auxiliary Decoder

As shown in Fig. 3 (b), our auxiliary decoder is designed
to predict the actions of the auxiliary arm by leveraging
both global features and contextual information from the
primary decoder. To distill essential information from the
primary decoder outputs, we extract the 2D points V. across
different views from HX and three Euler angles V¥’ from
P}; with the highest score. These features are concatenated
with V£ to form a token encapsulating the most salient
aspects of af,. After projection through an MLP, this token is
concatenated with a learnable query embedding representing
a;f‘c to construct action tokens. For image/language tokens,
we first apply an MLP to extract features relevant to the
auxiliary arm’s operational regions, preserving the primary
arm’s prediction integrity.

The decoder has one cross-attention layer and six self-
attention layers. Due to the input of the primary arm action
knowledge and the prediction in C), the auxiliary decoder
only needs to perform the cross-attention between action
tokens and image/language tokens. Since these tokens are
much smaller than the image/language tokens, they can
ignore unimportant areas in the image and retain the features
of the key regions while reducing the computational cost. For
the final output, these tokens pass through MLP to predict
a,;‘c. Note that a{,‘c contains 2D continuous points across
different views Vj‘f‘ for translation, three continuous Euler
angles Vé“ for rotation, and other action variables Vé“.
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(a) The primary decoder. It primarily employs self-attention blocks, convolutional layers, and MLPs to generate the main affordance heatmaps

and ultimately predict actions for the primary arm based on global image/language tokens. (b) The auxiliary decoder. This component consists mainly of
cross-attention blocks, self-attention blocks, and MLPs, which utilize outputs from the primary decoder along with global image/language tokens to predict
actions for the auxiliary arm. (c) The role assignment module. Comprising cross-attention blocks and MLPs, this module determines the functional role
specialization of the two robotic arms based on the global image/language tokens and the action tokens from the auxiliary decoder. (d) Examples of the
circular MSE. The circular MSE correctly computes the angular distance between 45° and 270° (green arc), whereas standard MSE yields an invalid

result (red arc).

E. Role Assignment Module

The structure of the proposed role assignment module
is illustrated in Fig. 3 (c). We initialize a learnable query
embedding with random values to represent the role-specific
latent variable &. The contextual information derived from
both image and language plays a critical role in deter-
mining the functional division between the two arms. To
achieve dynamic and context-aware role switching, we first
compute cross-attention between the role query and the
image/language tokens processed by MLP. This interaction
enables the query to attend to the semantically salient regions
and instructions. We further apply six cross-attention blocks
between the role query and the action tokens, thereby align-
ing role assignment with intended motor actions. Finally, the
fused representation is projected through an MLP to produce
a binary classification variable, which explicitly dictates the
arm assignment under the current perceptual and semantic
context.

FE. Coordinate Transformation
aﬁc obtained from the auxiliary decoder is in the coor-
dinate system C),.. However, execution requires its repre-
sentation in the base coordinate system Cj.. We therefore
transform af}c from C). to C. through the following oper-

ations:

Vit =17 (P(VE) - T (V) ()
VA=VE+VA 2)
where I' [40] denotes the Euler-angle-to-rotation-matrix
transformation, Vj{‘ represents the continuous Euler angle in
Che, and Vf‘ corresponds to multi-view 2D points in Cp,.

This transformation yields the base-coordinate action aj...

Noted that V7' and V" are back-projected to the 3D point
for translation in evaluation. Finally, a;, and a;}, are mapped
to the left/right arm according to &.

G. Loss Function

We train PA-BiCoop using a group of losses. For the
primary arm action prediction, we compute cross-entropy
losses for HY, P, and V'

£ = CE(H] Y)+ CE(PE,YE)+ CE(VE,YE) )

where ground truth Y:,E denotes the 2D points across different
views projected from the ground-truth 3D point of the
primary arm, while Y2 and YZ£ represent rotation, gripper
state, and whether to allow collision avoidance.

For the auxiliary arm, we extract corresponding ground
truths Y7, Y, and Y4 from datasets. Since V' is a periodic
continuous variable on [0°,360°], the general mean squared
error (MSE) fails, as shown in Fig. 3 (d). To address this
limitation, we introduce a circular MSE loss:

Ly = |lmin(|Vg — Y|, 360 — [V = YR )I? )
The auxiliary arm’s total action loss combines:
L4 = MSE(VE, YiY) + CE(VE,YE) + kL, (5)

where the scaling factor x = 1/360 (default) normalizes the
A . The role assignment loss is:

magnitudes of £2,.
L8 = CE(¢ Ye) (©6)

where Y; represents the ground truth. Finally, the training
loss of PA-BiCoop is as follows:

crotel = £P 4 Xp LA 4+ e L6 (7)
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TABLE I
THE EXPERIMENTAL RESULT IN SIMULATION. WE TRAIN ALL POLICIES BASED ON 10 OR 100 TRAINING DEMONSTRATIONS, AND EVALUATE ON THE
SAME 25 EPISODES OF THE TEST SET. AS KSTAR DIFFUSER [15] HAS NOT RELEASED THE CODE, WE REPORT ITS PERFORMANCE METRICS FROM THE
ORIGINAL PUBLICATION.

Push  Lift  Lift Put in Pick Pick Sweep  Handover Putin  Take out
Method Architectural  Avg. Box  Ball Tray Drawer Plate Laptop Duspan (easy) Bridge Tray
20 demos
RVT-LF [14] Dual-model 24 12 4 0 8 0 0 0 0 0 0
PerAct-LF [14] Dual-model 3.6 8 4 0 16 0 0 8 0 0 0
AnyBimanual [10] Dual-model 11.6 28 4 4 12 12 8 16 24 0 8
ACT [17] Single-model 4 0 24 4 12 0 0 0 0 0 0
PerAct2 [14] Single-model 4 0 8 0 12 4 0 8 8 0 0
Kstar Diffuser [15] Single-model - 80 87 - - - 17 83 24 - -
PA-BiCoop (ours) Single-model  61.6 84 100 80 80 24 44 100 36 32 36
100 demos
RVT-LF [14] Dual-model 10 52 16 8 12 4 4 0 0 0 4
PerAct-LF [14] Dual-model 20 56 40 6 28 4 12 28 8 0 8
AnyBimanual ] [10] Dual-model 20 24 32 12 20 32 8 32 28 8 4
ACT [17] Single-model 6 0 36 8 12 0 0 0 0 0 4
PerAct2 [14] Single-model 14 8 52 4 12 4 12 0 40 4 8
Kstar Diffuser [15] Single-model - 83 98 - - - 44 89 27 - -
PA-BiCoop (ours) Single-model ~ 68.8 88 100 88 60 40 48 96 52 48 68
TABLE II

with A4, A¢ as task-balancing hyperparameters.

1V. EXPERIMENTS
A. Experiment Settings

Simulation. Bimanual manipulation tasks present signifi-
cantly greater challenges than their single-arm counterparts
due to stringent requirements for coordination, synchroniza-
tion, and symmetry awareness between dual robotic arms.
To evaluate the capabilities of PA-BiCoop in these complex
regimes, we employ the RLBench2 [14] benchmark encom-
passing 10 distinct language-conditioned tasks. This suite
explicitly includes synchronous, asynchronous, symmetric,
and asymmetric manipulation scenarios. For training of PA-
BiCoop, we implemented a £ annotation schema in the
dataset to explicitly designate left/right arm roles (primary vs.
auxiliary) for model guidance. For environmental observa-
tion, a multi-camera system comprising six RGB-D cameras
(resolution: 128 x 128) provides comprehensive coverage of
the entire workspace. During policy training, each task is
supported by 20 or 100 expert demonstrations. Evaluation
rigor is ensured by executing 25 episodes per task within the
RLBench2 [14] testing set, mitigating stochastic variance.

Real-World. For real-world validation, we employ a dual-
arm system comprising two Yahboom DoFbot manipulators
and design two representative tasks: handover and grasp
banana. Training data are collected using Moveit in ROS2
to control the robotic arms for demonstration recording.
Observations are provided by a calibrated front-facing RGB-
D camera capturing images at a resolution of 1280 x 720. We
gather 15 demonstration trajectories per task. For evaluation,
each task is executed over 10 trials using an NVIDIA RTX
4090 GPU.

Baseline. We evaluate PA-BiCoop against state-of-the-art
bimanual manipulation methods, categorized as follows:

(1) Dual-model: RVT-Leader Following (RVT-LF) [14]
employs an RVT [5] backbone with a leader-follower mech-
anism; Perceiver-Actor Leader Following (PerAct-LF) [14]

ABLATION STUDIES. WE EVALUATED THE INFLUENCE OF DECODER,
Cpc, AND £ ON PERFORMANCE ACROSS THREE REPRESENTATIVE TASKS.

Push Putin  Take out
Decoder Cpe & | Box  Drawer Tray Avg.
Primary-Auxiliary Y Y 88 60 68 72
Primary-Auxiliary Y N 88 60 28 58.7
Primary-Auxiliary N Y 44 32 68 48
Primary-Auxiliary N N 44 32 28 34.7
Primary-Primary N N 20 24 12 18.7
TABLE III
THE RESULTS IN THE REAL WORLD.
Method [ Avg.  Grasp Banana  Handover

ACT [17] 5 10 0

PerAct2 [14] 35 30 40

PA-BiCoop 85 90 80

applies a similar leader-follower paradigm using PerAct [6];
AnyBimanual [10] transfers pre-trained PerAct [6] via a skill
manager and visual aligner module.

(2) Single-model: Action Chunking with Transformers
(ACT) [17] uses a Conditional VAE [36] for joint angle
sequence prediction; PerAct2 [14] enhances PerAct by uni-
fying dual-arm action prediction within a shared feature
space; Kstar Diffuser [15] is a generative model predicting
kinematics-aware actions using a physics-grounded spatial-
temporal graph to condition denoising.

Implementation Details. Following PerAct2 [14], we im-
plement SE(3) observation augmentation for expert training
demonstrations to enhance model robustness. All compara-
tive methods undergo standardized training: 100k iterations
on NVIDIA A100 GPUs with a global batch size of 64.
Model optimization employs the LAMB optimizer [41] with
an initial learning rate of 5 x 10™4, utilizing a cosine decay
schedule with a linear warmup phase spanning 3k iterations.
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Fig. 4. The visualization on RLBench2. The yellow circles represent the primary arm actions, the blue circles represent auxiliary arm actions, and the
vector beside the blue circle is the translation vector of the auxiliary arm in Cpe.

B. Simulation Results

TABLE 1 presents comparative results between PA-
BiCoop and state-of-the-art methods under 20 and 100
demonstration training regimes. PA-BiCoop achieves an
overall performance improvement of at least 48% against
all baselines. We observe that:

(1) For symmetrical and synchronous tasks (e.g., push
box, 1ift ball, 1ift tray), temporal misalignment
induces insufficient force application or object instability,
resulting in task failure. Our relative coordinate system
prediction mechanism ensures operational stability, achieving
success rates exceeding 84%. In the 1ift ball, we even
achieved a 100% success rate.

(2) For asynchronous and asymmetric tasks such as put
in drawer and handover (easy), where bimanual
coordination complexity increases, PA-BiCoop maintains at
least 4% superiority over baselines despite performance
attenuation. In the put in drawer task, the auxiliary
arm dynamically determines which drawer to open based
on linguistic instructions. Despite this requirement, PA-
BiCoop achieves a success rate of at least 60%, demonstrat-
ing our auxiliary decoder’s strength in spatial relationship
perception.

(3) Furthermore, PA-BiCoop demonstrates substantial ad-
vancement in long-horizon tasks (put in fridge, take
out tray), elevating success rates from under 10% to over
45% based on 100 training demonstrations. This performance
leap is directly attributable to our observation-driven role
switching mechanism.

Across all evaluated tasks, Kstar Diffuser [15] and Per-
Act2 [14] demonstrate significantly lower success rates than
PA-BiCoop despite employing a comparable single shared
model for bimanual motion prediction. This performance
gap originates from their treatment of the left and right

arms as functionally equivalent, without distinguishing their
respective roles, thereby failing to capture the critical aspects
of bimanual manipulation. These results validate the effec-
tiveness of PA-BiCoop in achieving synergistic bimanual
coordination.

C. Ablation Studies

In this section, we evaluate the core proposed components
of our PA-BiCoop via ablation studies in TABLE II on
representative tasks: push box, put in drawer, and
take out tray.

Effects of primary-auxiliary. We designed a primary-
primary architecture, in which each arm’s actions were
processed independently by a dedicated primary decoder,
to validate the efficacy of our primary-auxiliary cooperative
framework. Due to the absence of role specialization and
knowledge sharing between the arms, this model exhibits a
significant decline in performance, with the average success
rate across various tasks dropping by more than 16%.

Effects of C,.. Predicting the auxiliary arm pose in
the coordinate system Cj. results in a 24% reduction in
average success rates. This performance degradation occurs
because the auxiliary arm pose exhibits substantial variations
in this coordinate system, which substantially increases the
learning complexity of the auxiliary arm pose estimation.
Conversely, our PA-BiCoop predicts the auxiliary arm pose
in Cj,., where the pose is defined relative to the precise pri-
mary arm pose and remains invariant to manipulated object
displacements. This stability proves particularly beneficial
in synchronous tasks, where constant spatial relationships
between the primary and auxiliary arms significantly reduce
bimanual coordination complexity. Our ablation study con-
clusively demonstrates the efficacy of the design C),. for
coordinated bimanual manipulation.
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Fig. 5.

Effects of £. Our experiments reveal that in the long-
horizon take out tray task, success rate declines to
28% without observation-driven role switching between
arms. This performance degradation occurs because restrict-
ing the primary role to a single arm during extended tasks
reduces manipulation precision for the other arm operation.
Consequently, our ablation studies validate the effectiveness
of ¢ in resolving this limitation.

D. Qualitative Analysis

As shown in Fig. 4, we evaluate PA-BiCoop against Per-
Act2 [14] across RLBench?2 [14] benchmarks, conducting de-
tailed qualitative assessments on synchronous, asynchronous,
and long-horizon tasks.

In the push box task, both arms can serve as the
primary arm. Crucially, the relative pose between arms
remains constant throughout pushing the box. The action
prediction of the auxiliary arm in C),. enables it to have the
same high accuracy as the action prediction of the primary
arm, demonstrating exceptional robustness and environmen-
tal adaptability. Conversely, PerAct2’s [14] requires both
arms to perform independent object recognition, preventing
effective synchronization and consequently achieving subop-
timal success rates.

In the handover item task, the arm nearer to the target
item is designated as the primary arm, while the other arm
is the auxiliary arm to hand over the item. Equipped with
precise detection and positioning capabilities, our primary
decoder enables the primary arm to accurately grasp the
object. During handover, the auxiliary arm operates without
the need for repeated precise object detection. Instead, it
simply approaches the origin of Cp. in C,., thereby sig-
nificantly reducing the coordination complexity between the
two arms. In contrast, PerAct2 requires both arms to perform
precise object detection and localization, which substantially
increases the computational burden on the model. Even
minor inaccuracies in this process can lead to failures in
the handover item task.

In the take out tray task, PA-BiCoop dynamically
adapts role between arms: designating the right arm as the
primary arm during oven-door operation, then switching pri-
mary role to the left arm for tray extraction. This adaptive co-
ordination enables seamless bimanual cooperation. PerAct2

The visualization of our PA-BiCoop in real-world tasks using two Yahboom DoFbot manipulators.

[14] fails to model such coordination mechanisms, resulting
in significantly degraded long-horizon task performance.

E. Real-World Results

To further validate the effectiveness of our PA-BiCoop , we
evaluate it on two real-world tasks, both requiring spatiotem-
poral coordination between the arms. Performance results are
summarized in TABLE III. Despite the limited number of
demonstrations in the training datasets, our PA-BiCoop out-
performs existing approaches by over 50%. Although Per-
Act2 [14] and ACT [17] also employ a single shared model,
they do not differentiate the roles of the two arms and exhibit
limited capability in tasks demanding precise bimanual coor-
dination. Qualitative results of PA-BiCoop on both tasks are
visualized in Fig. 5. The handover and grasp banana
tasks involve placing objects into a fixed or movable box, and
both arms must operate in coordination due to the limitation
of spatial distance. Our PA-BiCoop facilitates knowledge
exchange between arms, dynamically assigns complementary
roles, and achieves a high degree of coordination, leading to
successful task completion.

V. CONCLUSION

This paper addresses key challenges in bimanual ma-
nipulation, where previous models lack inter-arm interac-
tion and ignore the dynamic division of labor. Drawing
on human bimanual mechanisms, we propose PA-BiCoop,
a single-model framework with dynamic primary-auxiliary
arm differentiation: it includes two specialized decoders that
share a global encoder, the primary decoder generates the
primary arm’s base-coordinate pose and core-task affordance
heatmaps, while the auxiliary decoder outputs the auxiliary
arm’s relative pose. It also has a dynamic role assignment
module that automatically maps primary or auxiliary roles to
left and right arms without manual pre-definition. Extensive
experiments demonstrate PA-BiCoop’s efficacy in complex
bimanual manipulation, confirming it enhances coordination
efficiency and adaptability and lays a foundation for robust
robotic bimanual systems.

Limitations and prospects for the future. Currently, PA-
BiCoop faces difficulties in extremely long-horizon tasks,
e.g., multi-step assembly involving dozens of sequential
operations or tasks with extended pauses. In future work,
we will aim to optimize the role assignment module by
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incorporating task stage prediction capabilities or introducing
a lightweight task memory mechanism.
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