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Abstract

General-purpose bimanual manipulation is challeng-
ing due to high-dimensional action spaces and expensive
data collection. In contrast, unimanual policy has re-
cently demonstrated impressive generalizability across a
wide range of tasks because of scaled model parameters and
training data, which can provide sharable manipulation
knowledge for bimanual systems. We propose a plug-and-
play method named AnyBimanual, which transfers pre-
trained unimanual policy to general bimanual manipulation
policy with few bimanual demonstrations. Specifically, we
first introduce a skill manager to dynamically schedule the
skill representations discovered from pretrained uniman-
ual policy for bimanual manipulation tasks, which linearly
combines skill primitives with task-oriented compensation
to represent the bimanual manipulation instruction. To mit-
igate the observation discrepancy between unimanual and
bimanual systems, we present a visual aligner to generate
soft masks for visual embedding, which aims to align visual
input of unimanual policy model for each arm with those
during pretraining stage. AnyBimanual shows superiority
on 12 simulated tasks from RLBench?2 with a sizable 17.33%
improvement in success rate over previous methods. Exper-
iments on 9 real-world tasks further verify its practicality
with an average success rate of 84.62%.

1. Introduction

Bimanual systems play an important role in robotic manip-
ulation due to the high capacity of completing diverse tasks
in household service [69], robotic surgery [32], and com-
ponent assembly in factories [9]. Compared to unimanual
systems, bimanual systems enlarge the workspace and are
able to handle more complex manipulation tasks by stabi-
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Figure 1. AnyBimanual enables plug-and-play transferring from
pretrained unimanual policies to bimanual manipulation pol-
icy, which preserves the generalizability with the proposed skill
scheduling framework.

lizing the target with one arm and interacting with that us-
ing another arm [29, 44]. Even for the tasks that unimanual
policies can handle, bimanual systems are often more effi-
cient because multiple action steps can be simultaneously
accomplished [30]. Since modern robotic applications re-
quire the robot to interact with different tasks and objects,
it is desirable to design a generalizable policy model for bi-
manual manipulation.

To enhance the generalization ability of the manipula-
tion agent, prior works present to leverage the high-level
reasoning and semantic understanding capabilities of foun-
dation models like Large Language Models (LLMs) and Vi-
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sion Language Models (VLMs) to breakdown tasks into ex-
ecutable sub-tasks that can be solved by external low-level
controllers [25, 26, 33, 36, 43], which thus struggles with
contact-rich tasks that require complex and precise low-
level motion. To generalize to contact-rich tasks, recent
methods [1, 40, 50] tend to learn robotic foundation mod-
els directly from large-scale teleoperation data [17, 39, 54],
which has shown impressive generalizability across various
unimanual tasks. However, bimanual demonstrations are
extremely expensive to acquire in real-world, which often
need specialized teleoperation systems with additional sen-
sors and fine-grained calibration with high human laborer
cost [12, 18, 22, 55, 59, 70]. To address this challenge, re-
cent methods aim to simplify the learning budget by exploit-
ing human inductive bias like parameterized atomic move-
ments that detail the position and rotation [5, 15] or assign-
ing stabilizing and acting roles for each arm [24, 44, 53],
thereby reducing the need for extensive expert data. Nev-
ertheless, shareable atomic movements and fixed coopera-
tion patterns struggle to generalize across different biman-
ual manipulation tasks, which limits the deployment sce-
nario of these classes of methods.

In this paper, we propose a plug-and-play module named
AnyBimanual that transfers any pre-trained unimanual pol-
icy to bimanual manipulation policy with limited demon-
strations.  Since unimanual policy model [38, 49] has
demonstrated impressive generalization ability across tasks
due to the large model sizes and numerous training demon-
strations, we realize high generalizability across diverse
language-conditioned bimanual manipulation tasks by min-
ing and transferring the commonsense knowledge in pre-
trained unimanual policies. More specifically, we first in-
troduce a skill manager that dynamically schedules discov-
ered skill representations. Skill representations are formed
by skill primitives that store shareable manipulation knowl-
edge across embodiments, with task-oriented importance
weights and compensation. To enhance the transferability
of the pretrained unimanual policy in bimanual manipula-
tion tasks, the observation discrepancy between unimanual
and bimanual systems should be minimized. We propose
a voxel aligner to generate spatial soft masks to highlight
relevant visual clues for different arms, whose goal is to
align the visual input of the unimanual policy model for
each arm with those during the pretraining stage. We evalu-
ate AnyBimanual on a comprehensive task suite composed
of 12 simulated tasks from RLBench2 [30] and 9 real-world
tasks, where our method surpasses the previous state-of-the-
art method by a large margin. The contributions are sum-
marized as follows:

* We propose a model-agnostic plug-and-play framework
named AnyBimanual that transfers an arbitrary pretrained
unimanual policy to generalizable bimanual manipulation
policy with limited bimanual demonstrations.

* We introduce a skill manager to dynamically schedule
skill representations for unimanual policy transferring
and a visual aligner to mitigate the observation discrep-
ancy between unimanual and bimanual systems for trans-
ferability enhancement.

* We conduct extensive experiments of 12 tasks from RL-
Bench2 and 9 tasks from the real world. The results
demonstrate that our method achieves a higher success
rate than the state-of-the-art methods.

2. Related Work

Generalizable Bimanual Manipulation. Bimanual ma-
nipulation agents [0, 11, 22, 24, 26, 30, 37, 44, 65, 68]
are able to handle a large variety of tasks by predicting
a trajectory of bimanual operation, which is of great sig-
nificance in complex applications from household service
[69], robotic surgery [32], to component assembly in fac-
tories [9]. To achieve multi-task learning for generaliz-
able Bimanual manipulation, earlier studies attempted to
leverage the emerged general understanding and reason-
ing capacities of pretrained foundation models like LLMs
[52] and VLMs [10], where the foundation model was
prompted to generate a high-level plan for low-level ex-
ecutors. However, the performance of directly leverag-
ing foundation models in a training-free manner is bottle-
necked by the predefined low-level executor, which strug-
gles to generalize to more contact-rich tasks like straight-
ening a rope. To overcome this challenge, robotic founda-
tion models [7, 8, 17, 40, 45, 50] that pretrained on large-
scale real-world demonstrations were proposed under the
unimanual setting, which has shown high generalizability
across everyday manipulation tasks. However, bimanual
tasks demand precise coordination of two high degree-of-
freedom arms, making the teleoperation of demonstrations
for training generalizable policies also costly. Although
some recent approaches [13, 16, 18, 22, 62, 70] have devel-
oped more specialized teleoperation systems to reduce these
costs, scaling up demonstrations for high generalization
ability remains a challenge. To address the limited avail-
ability of demonstrations, alternative methods [29, 44, 57]
proposed to simplify the learning of bimanual policies by
decoupling the bimanual system into a stabilizing arm and
an acting arm. Nevertheless, these methods often rely on
predefined roles for each arm, which precludes their appli-
cability to tasks requiring more flexible collaboration pat-
terns. In contrast to these approaches, our work presents a
novel method that transfers generalizable unimanual poli-
cies to bimanual tasks, which eliminates the necessity for
explicit inductive bias like role specification.

Skill-based Methods. Skill learning [67] is the process
where intelligent agents acquire new abilities that are trans-
ferable across different tasks, which is of great significance
for cross-task generalization. Thus, skill learning is being
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Figure 2. The overall pipeline of AnyBimanual, which primarily consists of a skill manager and a visual aligner. The skill manager
adaptively coordinates primitive skills for each robot arm, while the visual aligner mitigates the distributional shift from unimanual to

bimanual by decomposing the 3D voxel observation for each arm.

attractive in enhancing the generalizability of different mod-
els, such as game agents [56], robotic manipulation [42],
and autonomous driving [20]. The initial attempt to uti-
lize skill learning was orchestrating a set of predefined skill
[47], which hindered their scalability to unseen tasks. To
overcome this limitation, [15, 42] proposed to learn share-
able skill primitives from data. For example, skill diffuser
[42] introduced a hierarchical planning framework that in-
tegrates learnable skill embedding into conditional trajec-
tory generation, which realized accurate execution of di-
verse compositional tasks. In the field of bimanual manip-
ulation, skill learning was dominated by handcrafted primi-
tives. For example, [2-4, 14, 19, 21, 23,28, 31, 61, 63] pro-
pose to utilize parameterized atomic movements to shrink
the high dimensionality of the bimanual action space, which
has shown impressive performance on templated bimanual
manipulation tasks. While the predefined atomic move-
ments did boost the success rate on specific tasks, they are
often difficult for even human users to specify, which re-
stricts the deployment scenarios of these methods. In this
paper, we propose leveraging learnable skill primitives to
represent the learned commonsense of the pretrained uni-
manual policy, so that the knowledge can be transferred
across different levels of tasks.

3. Approach

In this section, we first introduce required preliminaries
(Section 3.1), and then we present a pipeline overview (Sec-
tion 3.2). Then, we introduce a skill manager (Section 3.3)
that schedules skills to each arm to form general biman-
ual manipulation policies. We build a visual aligner (Sec-

tion 3.4) to mitigate the observation discrepancy between
bimanual and unimanual systems for better generalization.
Finally, we outline the training objectives (Section 3.5).

3.1. Problem Formulation

The task of policy learning for general bimanual manip-
ulation can be defined as follows. To complete a wide
range of manipulation tasks specified in natural language,
the bimanual agent is required to interactively predict the
actions of both end-effectors based on the visual observa-
tion and robot states, where the motion is acquired by a
low-level planner (e.g., RRT-Connect). The observation oy
at the t;, time step includes the voxel v; converted from
RGB and depth images [30, 49] and the robot propriocep-
tion p;. The action a; for each end-effector at the ¢;;, time
step contains the location ag,ns, Orientation a,o, gripper
open state aqpen and usage of collision avoidance in the mo-
tion planner a.o . For the training data, human demonstra-
tors produce a limited set of M offline expert trajectories
D = {(01,d"™ a}™™), ..., (oar, M, a7E")} for each task
instruction [, where a}"™,arm € A = {left, right} demon-
strates the actions for left and right grippers. Given an off-
the-shelf general unimanual manipulation model, our goal
is to finetune a generalizable bimanual model using limited
M demonstrations per task.

3.2. Overall Pipeline

Overall pipeline of our AnyBimanual method is shown in
Figure 2. For the language branch, we employed a pre-
trained text encoder [48] to parse the bimanual instruction to
language embeddings with high-level semantics, where the
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skill manager schedules the skill primitives with composi-
tion and compensation to enhance the language embeddings
that instruct relevant subtasks for different arms. Therefore,
the pre-trained unimanual policy model can be prompted
to generate feasible manipulation policy for each arm with
high generalization ability across tasks with the sharable
manipulation knowledge. For the visual branch, the vi-
sual aligner generates a soft spatial mask to align the vi-
sual representation of unimanual policy model with its rep-
resentation during pretraining, so that the observation dis-
crepancy between unimanual and bimanual systems can be
minimized for policy transferability enhancement. We em-
ploy two pretrained unimanual models to predict the left and
right robot actions based on the text embeddings and visual
representations, where the pretrained unimanual policy can
be multi-modal transformer-based policy [7, 8, 17, 40, 49]
or diffusion-based policy [38, 50]. Besides, the unimanual
policy can incorporate any explicit coupling techniques like
shared latent or leader-follower architecture.

3.3. Scheduling Unimanual Skill Primitives

In order to transfer unimanual manipulation policy to bi-
manual settings without generalizability drops, we propose
a skill manager to decompose the action policies from uni-
manual foundation models into skill primitives and inte-
grate primitives for bimanual systems. However, the given
offline expert demonstrations D do not contain any ex-
plicit intermediate skill primitives or sub-task boundaries,
but only low-level end-effector poses and high-level natu-
ral language instruction are provided. Therefore, we de-
sign an automatic skill discovery method in an unsuper-
vised manner to learn skill representations and their schema
from offline bimanual manipulation datasets during train-
ing. In the test phase, the skill manager predicts differ-
ent weighted combinations of primitive skills to orchestrate
each arm given high-level language instruction, which en-
ables effective transfer of pre-trained unimanual policy to
diverse bimanual manipulation tasks.

Skill Manager. We start with a discrete primitive skill set
Z = {21, 29, ..., 2K }, where K is a hyper-parameter that
indicates the number of skill primitives. To realize end-to-
end skill discovery and scheduling, each potential skill is
an implicit embedding z;, € R¥, which can be initialized
with the corresponding language template tokens of the pre-
trained unimanual policy to mitigate the domain gap. By
combining the primitives from the skill set, the language
embedding for the unimanual policy model can be repre-
sented as a linear combination of these primitives. Hence,
the reconstructed language embedding as skill representa-
tion can be expressed as:

pleft ~ left left %1ght ~right right
lf E Wk ¢ 2k T € E:wkt (D

Bimanual

Unimanual

Unimanual

Handover N (Left) Place (Right) Pick

Figure 3. Shareable skills across unimanual and bimanual set-
tings. Our key assumption is that bimanual tasks are often orig-
inated from the combination of unimanual sub-tasks, which thus
can be solved by effectively coordinating unimanual skills syn-

chronously or asynchronously.

where [afm is the decomposed unimanual language embed-
ding for one arm of the bimanual system, and @™ € R¥
denotes the importance weight for linear combination for
both values of arm € .A. We also introduce a task-oriented
compensation €™ € RP to introduce the embodiment-
specific knowledge for the policy transfer. The upscript arm
of the variables can be selected from left or right to indicate
the embodiment in the bimanual systems. As depicted in
Figure 3, considering a bimanual task Handover, it can
be explicitly solved by scheduling two unimanual primitive
skills, i.e., the left arm P1ace the block to the right gripper
while the right arm Pick it from the left gripper.

Though every language embedding that passed through

the pretrained single policy can be represented as a lin-
ear combination of the skill set, the combination weights
that specify the importance of each skill are dynamic across
the task completion process. We propose to parametrize a
multi-model transformer named skill manager to dynami-
cally predict the combination weight for each arm at each
time step. Therefore, our skill manager f can be formulated
as (et cleft et (HEMYy — p (4 1 py), which takes the
overall b1manual visual and language embeddings, propri-
oception as input, and assigns the reconstructed unimanual
language embedding for each arm as output to schedule the
skill primitive of each arm dynamically. 6 represents the
learnable parameters. Finally, the combined skill primitives
are concatenated with the initial bimanual language embed-
ding to enhance the global context, which is then forwarded
to the corresponding unimanual policy.
Learning Generalizable Skill Representations. To update
the skill library, we expect the discorverd skill representa-
tions are informative to encode fundamental robot motions
that are sharable across a variety of tasks, thereby enhanc-
ing the generalizability of our framework. To realize this,
the learning objective of the skill manager is designed as a
sparse representation problem [58]:

Lan = |01+ [ D" |1+ A (|| € 2,1+ €€ |2,1) (2)

where |- ||1, and || - ||2,1 denote the ¢; and ¢ ; norm, respec-
tively. \. is a hyper-parameter that balances the denoising
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term. By minimizing this sparse regularization term, the
skill manager is encouraged to reconstruct the skill repre-
sentation by selecting fewer skill primitives, which is fur-
ther surrogated by minimizing a differentiable ¢; regular-
ization [51]. Therefore, the skill subspaces are required to
be orthogonal and disjoint with each other to reconstruct the
language embedding with sparse combination and compen-
sation, which implicitly enforces each skill representation
to capture an independent fundamental motion.

3.4. Aligning Unimanual Visual Representations

Visual Aligner. Despite the skill manager enabling gener-
alization in the language modality, the distributional shift
from the unimanual to bimanual workspace in terms of the
visual context still may harm the model performance. To
mitigate the observation discrepancy, we present a visual
aligner ¢ that predict two spatial soft masks at each step ¢ to
edit the voxel space so that the decomposed subspace of uni-
manual policy model for each arm aligns with those during
pretraining stage: (0!, 57¥") = g4 (v, I, p¢). The decom-
posed observation represents the locality of the workspace,
which is then augmented by the bimanual observation to
form the final visual embedding:

Jof ight _  right
ot = (BN O ) D vy, VP = (" O v) Dy, (3)

where © is the element-wise multiplication, and & refers
to the concatenation operator. As a result, the aug-
mented visual representations for each arm contains both
embodiment-specific information and the global context,
which is then passed through the two unimanual policy
models to decode the optimal bimanual action.

Learning Aligned Visual Representations. Our goal is
to mitigate the visual domain gap between the unimanual
and bimanual setting, so that the pretrained commonsense
knowledge in unimanual policy can be transferred with high
adaptation ability. Since we can not access the unimanual
pretraining data in common usages, we instead impose a
mutually exclusive prior to the visual aligner. This prior
is regularized by optimizing a Jensen-Shannon (JS) diver-
gence regularization term:

[fvoxel = _DKL (ﬁleﬂllﬁ?ght)/Q - DKL (@?ght ﬁleﬂ)/Q (4)

where Dy means the Kullback-Leibler (KL) divergence
operator. To provide further explanation, bimanual manip-
ulation tasks often involve asynchronous collaboration that
requires the left and right arm to attend to different areas of
the whole workspace to act as different roles, such as stabi-
lizing and acting. As a result, the mutually exclusive divi-
sion of the entire bimanual workspace will naturally sepa-
rate one arm and its target from the other, which highly re-
sembles the unimanual configuration. Hence by maximiz-
ing the divergence between the two soft masks, the voxel

input of the bimanual manipulation agent can be disentan-
gled into unimanual visual representations that align with
those in the pretraining phase effectively.

3.5. Learning Objectives

The decomposed skill and visual representation are used to
pass through the two pretrained unimanual policies to pre-
dict the optimal actions of the two end-effectors. We as-
sume access to a pretrained unimanual policy p, which is
fundamentally a multi-model multi-task neural network that
takes visual and language embedding as inputs and outputs
end-effector actions. Our AnyBimanual is a model-agnostic
plug-and-play method, which indicates that the architec-
ture of pretrained unimanual policy p is flexible in different
architectures such as multi-modal transformer-based poli-
cies [40, 49] and diffusion policies [38, 50]. To supervise
the model with the provided expert demonstrations for be-
havior cloning, we leverage the cross-entropy loss to learn
accurate action prediction for each arm:

_ arm arm arm arm
‘CBC - Z CE(ptrans7prot 7popen7pcol ) (5)
arme.A
where Pigans, Prot s Popens Piol Tepresents the distribution of

the ground-truth actions for translation, rotation, gripper
openness, and collision avoidance for the corresponding
robot arm, respectively. The behavior cloning loss is
then combined with the two regularization terms described
above to learn informative skill manager and visual aligner.
To sum up, the training objective of AnyBimanual is:

Liotat = Lac + Askit Lskill + Avoxel Lvoxel s (6)

where Agin and Ayoxer refer to hyper-parameters that balance
the importance of the regularizations.

4. Experiments

In this section, we first introduce the experimental setups
(Section 4.1). Then, we transfer various unimanual meth-
ods to bimanual manipulation via AnyBimanual, and com-
pare them with the state-of-the-art to show uperiority (Sec-
tion 4.2). We conduct an ablation study to evaluate validity
of the proposed components (Section 4.3). We further inter-
pret learned skill representation and decomposed volumet-
ric representation by visualization (Section 4.4). Finally,
we report real-robot results to demonstrate effectiveness of
AnyBimanual in real-world applications (Section 4.5).

4.1. Experiment Setup

Simulation. For benchmarking, our simulation experi-
ments are conducted on RLBench2 [30], a bimanual ver-
sion extended from the widely-used RLBench [35] bench-
mark in prior works [27, 34, 38, 46, 60, 66]. Following the
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Table 1. Multi-Task Test Results in Simulator. Average success rates (%) of general bimanual manipulation agents trained with 20 or
100 demonstrations per task and evaluated over 100 episodes. ‘LF’ means the leader-follower architecture that transfers unimanual manip-
ulation policy for bimanual manipulation. AnyBimanual enables plug-and-play transfers for multiple unimanual manipulation policies.

pick pick straighten 1lift 1ift push
laptop plate rope ball tray box
Method 20 100 20 100 20 100 20 100 20 100 20 100
RVT [27]-LF 1 2 1 1 1 2 3 3 4 6 7 18
RVT-LF + AnyBi 1 1 3 2 4 2 5 3 4 4 6 11 21
PerAct [49]-LF 1 2 3 4 5 11 4 7 6 12 7 17
PerAct-LF + AnyBimanual 2 2 3 5 12 14 8 8 15 17 23 29
PerAct? [30] 3 4 2 4 6 8 4 4 4 3 5 6
PerAct? + Pretraining 3 5 5 7 13 17 9 14 2 5 23 31
PerAct + AnyBimanual 4 7 6 8 17 24 22 36 9 14 31 46
put in press handover sweep to take out handover
fridge buttons item dustpan tray easy
20 100 20 100 20 100 20 100 20 100 20 100
RVT [27]-LF 0 0 10 22 0 0 0 0 2 2 3 3
RVT-LF + AnyBimanual 1 3 17 32 1 2 4 13 1 2 2 7
PerAct [49]-LF 2 7 2 9 0 3 22 47 0 3 2 5
PerAct-LF + AnyBimanual 4 9 12 14 1 5 34 57 1 4 3 13
PerAct? [30] 7 16 23 41 3 6 25 52 1 3 22 29
PerAct? + Pretraining 10 22 27 40 3 7 29 55 3 8 24 33
PerAct + AnyBimanual 13 26 39 73 7 15 43 67 9 24 31 44

Table 2. Comparison of AnyBimanual with Different Tech-
niques. We categorize the long-term tasks that require more than
6.5 keyframes to Long, tasks that involve multiple variations to
Generalized and tasks that involve synchronization of both
arms to Sync for further interpretability.

Row ID‘Skill Manager Visual Aligner‘Long Generalized Sync‘Average

1] - - [1629  23.50 3.50 | 14.67
2 x X 19.57 2550 950 | 16.75
3 X v 2157 44.00 15.50| 1975
4 v X 2371 42.00 17.00| 25.67
5 v v 2729 4400  25.00| 32.00

setup in [30], we utilize 12 language-conditioned biman-
ual manipulation tasks varying from different challenge lev-
els. The diverse task suite requires the agent to acquire and
correctly schedule shareable skills to achieve high success
rates, rather than merely imitating limited expert demon-
strations. For observation, we employ six cameras with a
resolution of 256 x 256 to cover the entire workspace. Dur-
ing the training phase, we provide 20 or 100 demonstrations
for each task, and we evaluate 100 episodes per task in the
testing set to mitigate the randomness.

Real Robot. The real-world setup for our experiments in-
volves two Universal Robots URSe manipulators equipped
with Robotiq 2F-85 grippers, controlled by two Xbox joy-
sticks for collecting demonstrations. A calibrated front
RGB-D Realsense camera provides 640 x 480 resolution
images at 30 Hz for observation. We collect 30 real-world
human demonstrations per task for training, while the eval-
uations are conducted using a Nvidia RTX 4080 GPU.

Baselines. We compare our AnyBimanual with the state-of-

the-art general bimanual manipulation agents, including the
voxel-based method PerAct? [30] and its leader-follower
version PerAct-LF, both are modified from the well-known
unimanual policy PerAct [49], as well as the multi-view
image-based method RVT [27]-LF. To exclude the influ-
ence of model parameters, we also implement a counter-
part that directly combines two pre-trained PerAct [49] poli-
cies. Note that the proposed method is model-agnostic,
which supports different communication mechanisms be-
tween single-arm policies, and thus we transfer all 3 base-
lines to validate the versatility of AnyBimanual. The evalu-
ation metric is the task success rate, which is defined as the
percentage of episodes where the agent successfully com-
pletes the instructed goal within 25 steps.

Implementation Details. For fair comparisons, all com-
pared methods are trained for 100k iterations on two
NVIDIA RTX 3090 GPUs with a total batch size of 4. We
use the LAMB optimizer [64] with a constant learning rate
of 5 x 10~ to update model parameters, in line with the
previous arts [27, 30, 49].

4.2. Comparison with the State-of-the-Art Methods

In this section, we compare our AnyBimanual with previous
stat-of-the-art approaches on RLBench tasksuite. Table 1
presents a comparison of the average success rates for each
task and the average performance is shown in Figure 1. Our
method achieves the highest overall performance, with an
average success rate of 32.00%, setting a new state-of-the-
art in general bimanual manipulation. AnyBimanual lever-
ages the knowledge distilled from unimanual models and
successfully transfers it to guide general bimanual manip-
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Figure 4. Visualization of AnyBimanual. This figure shows in
different key timesteps, how the skill manager dynamically sched-
ules skill weights and how the visual aligner decomposes volumet-
ric observation. We use a logarithmic scale for visualization.

ulation. As a result, our method outperforms the cutting-
edge bimanual method PerAct? by a significant improve-
ment of 17.33% on average. With a limited set of 20
demonstrations, our method still defeats the baseline with
a sizable margin of 10.50%. Note that original PerAct? re-
sults were reported in single-task settings, while we focus
on multi-task evaluation to emphasize generalizability. Es-
pecially, we observe that AnyBimanual shows greater im-
provement in long-horizon tasks like put in fridge,
multi-variations tasks like press buttons, and tasks
demand synchronous coordinations like straighten
rope. Moreover, AnyBimanual enables plug-and-play
transferring of PerAct-LF and RVT, which also leads to
relative boosts of 72.76% (4.92% to 8.50%) and 39.41%
(10.58% to 14.75%) on average. However, incorporating
AnyBimanual slightly affects the performance on the sim-
ple, short-horizon Lift ball, due to the additional com-
plexity in input processing.

Lift Cabinet Fold Clothes

Pick&Place Sync

Wash Dishes Rotate Toothbrush

Figure 5. Real-World Tasks. The real-world experiments are per-
formed in a tabletop setup with objects randomized in location ev-
ery episode. AnyBimanual can simultaneously conduct 9 complex
real-world bimanual manipulation tasks with one model. Different
colors mean different success rates.

4.3. Ablation Study

Our AnyBimanual framework leverages a skill manager to
dynamically coordinate unimanual skills, while mitigating
the distributional shift between unimanual and bimanual
visual inputs with a visual aligner. We conduct an ab-
lation study in Table 2 by transferring the powerful uni-
manul baseline PerAct [49] to bimanual tasks. We first
implement a vanilla baseline without any of the proposed
techniques (Row 1), where we load the pre-trained PerAct
model and directly finetune the baseline to predict bimanual
action, which shows enhanced long-horizon task execution
and generalizability with an unneglected performance drop
in tasks that require proper coordination.

Skill Manager. By employing the skill manager in the ex-
periment, we observe that the average success rate increases
by 8.92% (Row 4 vs. Row 2). Notably, in tasks requiring
long-term manipulation within the Long category, it signif-
icantly outperforms the vanilla version, demonstrating the
skill manager’s effectiveness in long-horizon tasks.

Visual Aligner. Additionally, we incorporate the spatial
soft masking from the visual aligner, resulting in a substan-
tial performance improvement of 3.00% (Row 3 vs. Row 2).
Although the inclusion of spatial soft masking mechanism
may slightly affect performance in simpler tasks due to in-
creased input processing complexity, it leads to significant
gains in overall task success. The gains are even more no-
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Figure 6. Unseen Data Generalization. We include multiple distractors in real-world experiments, and find AnyBimanual generalizes to
these settings successfully by unlocking the commonsense held by unimanual base models.

table in Generalized and Sync tasks, which demand a
high degree of adaptability to scene variations and synchro-
nization for cooperative actions. The results demonstrate
the visual aligner preserves the generalizability stored in
the unimanual policy perfectly, facilitating seamless coor-
dination between the arms. By integrating all techniques in
our AnyBimanual, the success rate improves from 14.67%
to 32.00% (Row 5), validating the importance of properly
mining unimanual knowledge for bimanual manipulation.

4.4. Qualitative Analysis

In Figure 4, we visualize linear combination of the skill
set and the decomposition of volumetric observation in one
complete task to further interpret AnyBimanual. For il-
lustration, we use 18 task embeddings from PerAct [49]
as the initial skill set and explicit soft mask. At timestep
1, the right arm primarily follows the pick blocks in
sorter task (skill 7) from the skill set, as the right arm
needs to pick up a block from the table at first. The left
arm is guided by the push button task (skill 2), as its
motion only involves a downward push without interacting
with any objects. At timestep 2, the right arm holds the
red block stationary, and the left arm approaches and grasps
it, similar to the motion in open drawer task (skill 16).
Additionally, the visual aligner effectively decomposes the
voxel space, allowing each arm to focus on relevant infor-
mation. For instance, at timestep 2, details of the right arm
are soft-masked in the left arm’s voxel (as shown in the cir-
cled area), which allows the left arm only focus on the red
cube without interference from the other arm, enabling the
left arm to grasp the red cube more effectively.

4.5. Real-Robot Results

We further validate our approach through real-robot ex-
periments. We train one multi-task AnyBimanual agent
that transfers the unimanual policy PerAct [49] to 9 real-
world tasks and report the average success rates on Ta-
ble 3. Guided by [41], these tasks are designed to
cover different challenge levels, such as synchronous and
asynchronous coordination, short and long-horizon execu-
tion, etc. In the real-robot experiments, our keyframes
are manually extracted, providing more stable task guid-

Table 3. Real-world Results. Average success rates (%) of our
multi-task model trained and evaluated on 9 real-world tasks.

Task Sync. Object Variation Episode Keyframe\Average
Lift Cabinet v 1 1 5 3.0 100.0
Fold Clothes v 1 1 5 3.0 100.0
Pick&Place Sync v 7 3 15 3.0 80.0
Handover Bowl X 1 1 5 4.0 100.0
Wash Dishes X 2 1 5 4.0 100.0
Play Ping Pong X 3 1 5 3.0 100.0
Rotate Toothbrush X 3 1 5 4.0 20.0
Typewriting X 4 1 5 6.0 100.0
Pick&Place Async X 5 3 15 4.0 80.0

ance compared to heuristic extraction methods in simula-
tion. The overall success rate across 65 test episodes in
total is 84.62%, which illustrates a significant practical-
ity of AnyBimanual in real-world settings. Especially, in
multi-variant tasks that require high generalizability like
Pick&Place Sync and Pick&Place Async shown
in Figure 6, our AnyBimanual completes 80% tasks of
different initial positions, object colors, object size, light-
ning and backgrounds successfully. The failure cases oc-
cur on tasks that demand precise rotation, e.g., Rotate
Toothbrush, which could be mitigated by leverag-
ing high-capacity unimanual policy [40] or balancing the
weight of the rotation term in behavior cloning.

5. Conclusion

In this paper, we have introduced AnyBimanual, a frame-
work designed to transfer pretrained unimanual manipula-
tion policies to multi-task bimanual manipulation with few
bimanual demonstrations. We develop a skill manager to
dynamically schedule skill primitives discovered from uni-
manual policies, enabling their effective adaptation for bi-
manual tasks. To address the observation discrepancies be-
tween unimanual and bimanual systems, we propose a Vi-
sual aligner that generates spatial soft masks, aligning the
visual embeddings of each arm with those used during the
pretraining stage of the unimanual policy model. Exten-
sive experiments across 12 simulated and 9 real-world tasks
demonstrate the effectiveness of AnyBimanual. The limita-
tions are discussed in the supplementary file.
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