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Fig. 1: Our proposed YOTO (You Only Teach Once) facilitates various complex long-horizon bimanual tasks. It needs only
a one-shot observation of a single third-person binocular camera to extract the fine-grained motion trajectory of human hands,
which can then be utilized for the dual-arm coordinated action injection and rapid proliferation of training demonstrations.

Abstract—Bimanual robotic manipulation is a long-standing
challenge of embodied intelligence due to its characteristics of
dual-arm spatial-temporal coordination and high-dimensional
action spaces. Previous studies rely on pre-defined action tax-
onomies or direct teleoperation to alleviate or circumvent these is-
sues, often making them lack simplicity, versatility and scalability.
Differently, we believe that the most effective and efficient way for
teaching bimanual manipulation is learning from human demon-
strated videos, where rich features such as spatial-temporal
positions, dynamic postures, interaction states and dexterous
transitions are available almost for free. In this work, we propose
the YOTO (You Only Teach Once), which can extract and then
inject patterns of bimanual actions from as few as a single
binocular observation of hand movements, and teach dual robot
arms various complex tasks. Furthermore, based on keyframes-
based motion trajectories, we devise a subtle solution for rapidly
generating training demonstrations with diverse variations of
manipulated objects and their locations. These data can then
be used to learn a customized bimanual diffusion policy (BiDP)
across diverse scenes. In experiments, YOTO achieves impressive
performance in mimicking 5 intricate long-horizon bimanual
tasks, possesses strong generalization under different visual and
spatial conditions, and outperforms existing visuomotor imitation
learning methods in accuracy and efficiency. Our project link is
https://hnuzhy.github.io/projects/YOTO.

1. INTRODUCTION

Bimanual manipulation is an enduring topic in the robotics
community [5, 68, 82, 35, 91, 16, 21]. It has been widely
involved in many other fields such as bionics, high-end

manufacturing, mechanical control, reinforcement learning and
computer vision. Despite this, achieving efficient, precise and
robust manipulation of dual-arm robots to accomplish various
daily tasks remains a difficult research area. Generally, there
are two main challenges: coordination and state complexity
[32, 51]. On the one hand, the two arms working together
need to move alternately or simultaneously in a coordinated,
non-procrastinated manner and avoid collisions with the scene
or each other. This places stringent demands on the control
and scheduling scheme. On the other hand, the total degrees
of freedom of two arms and their respective end effectors
are distributed in a higher-dimensional space than a single
arm. This makes the design of motion planning and action
prediction more challenging. Given these difficulties, it is no
small feat to drive two robot arms to perform tasks that human
toddlers can do with ease, such as uncovering lids, assembling
blocks and lifting large-size objects, let alone mastering many
more complex long-horizon skills.

The mainstream bimanual manipulation research includes
two major branches: explicitly classifying tasks based on pre-
defined taxonomy [82, 45, 32, 51] and implicitly learning from
demonstrations collected by teleoperation [104, 65, 62, 53].
The former often fails to uniformly cover arbitrary tasks
and also limits the flexibility of the robot arm. While the
latter requires substantial training data which is inconvenient



to scale up. And collected demonstrations are intrinsically
non-stationary and despatialized, which is not conducive to
training robust and generalizable action policies. In addition
to taxonomy and teleoperation, an indirect but more plausible
and interpretable route is to learn from human action videos
[4, 107, 25, 13, 47, 69, 42]. This route is based on relatively
mature vision techniques to process human demonstrations and
extract high-level features for generating robot manipulation-
relevant elements. In this paper, we also follow this promising
path. Our dual-arm workbench, hardware settings, and selected
bimanual tasks are shown in Fig. 1. And the overall framework
is shown in Fig. 2.

Specifically, we focus on understanding human hands, in-
cluding their location, left-rightness, 3D shape, joints, pose,
contact, and open/closed state. These features can be perceived
using hand-related vision methods [71, 78, 67]. After extract-
ing hand motion trajectories, we do not simply inject step-
wise actions into robots. Because visual perception results
are inevitably erroneous, and real hand motions are jittery
and discontinuous. We thus simplify the consecutive trajectory
into discrete keyframes [38, 80], and assign the corresponding
keyposes to two arms to execute by applying inverse kine-
matics interpolation. Besides, we also record and replay the
order of dual-hand movements (termed as motion mask), which
can help to address the dual-arm coordination issue in long-
horizon bimanual tasks. Now, we successfully obtain a stable
and refined manipulation motion exemplar.

More than that, thanks to the editability of obtained single
teaching, we devise rapid proliferation strategies of training
demonstrations. First, we change the 6-DoF pose of task-
related objects and adjust corresponding keyposes to let real
robots replay similar actions. Objects can also be replaced with
other ones of analogous shape and size. This auto-rollout oper-
ation is stable and much faster than teleoperation [104, 86]. For
example, we can collect about 300 demonstrations in § hours
based on a well-taught task. On the other hand, after knowing
the reachable area of manipulators, we can perform geometric
transformation on segmented object point clouds, which can
be extracted by using open vocabulary segmentation [90, 73]
and binocular stereo matching [92, 93]. Such augmentation is
more reliable and efficient than rollout. Therefore, mixing the
above two data expansion schemes, we call it proliferation,
just like the generation of cells.

With sufficient training data, we follow diffusion-based
visuomotor imitation methods [15, 98, 95] and propose a
specialized bimanual diffusion policy (BiDP), which is cus-
tomized for learning long-horizon dual-arm tasks. It has three
major improvements. First, we reduce observations (e.g., 3D
point clouds) from the entire scene to manipulated objects to
accelerate training convergence and eliminate irrelevant terms
[26, 51]. Then, instead of modeling continuous actions, we
choose to predict essential keyposes [55, 89, 41, 99], which
can greatly decrease the diffusion space dimensionality. Third,
we utilize the motion mask to determine the alternating or
synchronous dual-arm moving, and reorganize the bimanual
action space to train a unified action policy. In experiments,

we have verified the high efficiency and effectiveness of BiDP
on challenging bimanual tasks.
Overall, we have the following four contributions:

o We present a paradigm for extracting and injecting dual-
arm movements from a one-shot observation of human
hands demonstration, which supports the fast transfer of
bimanual manipulation skills to two robotic arms.

« We develop a solution for rapidly proliferating training
demonstrations based on one-shot teaching, which is
more convenient and reliable than teleoperation.

« We propose a dedicated bimanual diffusion policy (BiDP)
algorithm that can efficiently and effectively assist dual-
arm manipulators in imitating complex skills.

e Our framework YOTO is compatible with most bimanual
tasks. We verified its effectiveness and superiority on
5 complex long-horizon manipulation tasks (including
synchronous and asynchronous).

II. RELATED WORKS
A. Bimanual Robotic Manipulation

Many bimanual manipulation methods focus on specialized
tasks or primitive skills, such as cloth-folding [56, 6, 19, 88,
2,9, 77], bagging [11, 10, 3], untangling [27, 69], untwisting
[49, 4], throwing/catching [37, 94, 48], scooping [28], carrying
[81] and dressing [108]. For general bimanual manipulation,
typical research [82, 35, 61, 45, 33, 106, 97] tends to explicitly
classify them into uncoordinated and coordinated, or symmet-
rical and asymmetrical according to task characteristics. Some
homologous approaches assume that two arms form a leader-
follower [52, 32] or stabilizer-actor [29, 51] pair. Most re-
cently, the ALOHA series [104, 24, 1, 105] have revolutionized
bimanual manipulation by dexterous teleoperating and upgrad-
ing low-cost hardwares of real-world robotics. These similar
works [104, 84, 43, 62, 53, 7] implicitly train an end-to-end
imitation network using massive and diverse teleoperated data,
expecting to get generalized large robotic models. To further
improve dual-arm reachability and dexterity, some studies have
equipped multi-finger hands [50, 86, 79, 20, 14, 23], mobile
footplates [96, 95, 102, 24], tactile feedbacks [50, 20, 12] or
active cameras [17, 14]. In contrast to them, our manipulators
are two fixed-base robot arms with parallel-jaw grippers. We
propose an universal framework that learns bimanual policies
with considering the dual-arm coordination. And the training
data is not collected via teleoperation but proliferated from a
single-shot demonstration.

B. Learn from Human Hand Videos

Human hand videos are valuable resources for learning
complex manipulation behaviors [30, 22, 100, 54, 31]. Ex-
tensive research has leveraged human demonstrations to learn
robot manipulation by extracting rich non-privileged features,
such as keypoints [66, 25, 87], affordances [46, 101, 63], 3D
hand poses [47, 42, 4], motion trajectories [47, 42, 13, 101]
and invariant correspondences [69, 44, 103]. These features
can be tailored to robot-specific variables to alleviate mor-
phology gaps, such as manipulation plans, retargeted motions



Info move move hold move hold hold hold hold hold move 7§

F .
| —'_ﬁ i : Binocular ()
i left 1! s Policy Input !
i ! vy Deployment !
i cam i1 Trainin . ¥ !
Human ' j i 9 Visio Techniques 1
i Demonstration i Olgems Falnt 4 i
! (Binocular e loufg" . ) 5 Robot State Sy | |
| Stereo Cam) nght ey & % £,(0,5,4,) Objects Point * % !
: cam 11 Robot State . Gy, !
1 [N} (Si' Sﬁ) imanual - 1’ :
H Extraction Vi Tech i Diffusion ®> 4% !
E ISIOn& ec anUeS : : Timestep i Policy e 62 za :
1 o pallets Trained Predicted !
1 [ .v Noised f\ Action . *—> 1
| Extracted =%, Action A Policy gl
! High-Level i R s ———————————————————————— !
1 Features O e 4y A T it \
1 (on Left Cam) segmented | ~ (b) :
: manipulated | o Rt sl !
1 3d hand meshes hand moiton trajectories objects ! Variations v U.?- tq out
1 vo i i erification in |
] Injection ReflnedzPost Processing i Zégt?;?r; RealWorld !
1 [ p 1 1
: N VIYIVIVIG G VIVIVIG I Bl - ;
! /
! Injected hold hold move hold move move move move move hold 5I : ) i
: blgiféa&%sc;t daniieki T F > Rotation & p Gecf)metntq !
® HEPY i ransformation !
i Components i g & g g g g g g g g i T of Point Clouds
: Gripper J/ R Augmentation !
1 1
! i

_______________________________________________________

Fig. 2: The overview of our proposed YOTO. It is a general framework consists of three main modules: (a) the human hand
motion extraction and injection, (b) the training demonstration proliferation from one-shot teaching, and (c) the training and
deployment of a customized bimanual diffusion policy (BiDP). It is best to zoom in to view the details.

and precise actions. Two contemporary works [42, 47] also
propose to use a single human demonstration to learn bimanual
manipulation similar to us. RSRD [42] roughly recovers 3D
part motion of articulated objects from a monocular RGB
video, while we adopt a binocular camera to more accurately
capture arbitrary object in 3D space. OKAMI [47] applies
the object-aware motion retargeting which is noisy and non-
smooth, while we devise a keyframes-based motion extraction
scheme which is more robust and versatile.

C. Visuomotor Imitation Learning

Visuomotor imitation learning aims to train action predic-
tion policies based on visual observations by exploiting labeled
demonstrations [57, 40, 58, 39, 85, 38, 80]. These learned
policies can drive robots to complete various manipulation
with just dozens of demonstrations, covering long-horizon
[57, 85], dexterous [98, 86] and bimanual [104, 79] tasks.
Especially, Zhao et al. [104] introduced the action chunking
transformers (ACT) to learn high-frequency controls with
closed-loop feedback in an end-to-end manner. Chi et al. [15]
adopted conditional denoising diffusion models [36, 83, 64]
to represent visuomotor policies in robotics, exhibiting im-
pressive training stability in modeling high-dimensional action
distributions. Ze et al. [98] incorporated 3D conditioning into
the original diffusion policy [15], rather than focusing on RGB
images and states as conditions. Yang et al. [95] combined
SIM(3)-equivariance [96, 76, 8] with diffusion policy, ac-
quiring a more generalizable and sample-efficient visuomotor
policy than [15, 98]. Inspired by them, we propose a bimanual
diffusion policy (BiDP), which adds motion mask as a new
diffusion condition and simplifies visual observations to task-
related object point clouds, making it suitable for learning
bimanual manipulation tasks.

III. HARDWARE SYSTEM

Dual-Arm Placement: Most human video-inspired biman-
ual manipulation works apply humanoid robots [4, 25, 47, 69,
42] or two ipsilateral arms [107, 25] to build workstations.
Some bimanual teleoperations also tend to be anthropopathic
[50, 79, 14, 23] or ipsilateral [86, 12, 20]. Despite the
similarity to human morphology, they are not necessarily op-
timal. Comparatively, it is possible to place two manipulators
opposite each other, as in ALOHA series [104, 24, 1, 105] and
its followers [17, 53, 7]. This heterolateral setup minimizes
the overlap of accessible space and is thus compatible with a
wider range of bimanual tasks. We also adopt the contralateral
placement as shown in the left of Fig. 1, where each arm (Aubo
i5') has a span of approximately 880 mm.

End Effector Selection: Although some methods utilize
multi-fingered dexterous hands as end effectors [86, 79, 14, 23]
and even add tactile sensors [50, 20, 12] to the hands, we still
use two parallel-jaw grippers (with max opening distance 80
mm of each DH-Robotics?), which are easier to control and
interpret. We will show that it is sufficient to complete complex
tasks that are non-prehensile or synchronous.

Camera Observation: Many previous methods adopt the
multi-view RGB observations [104, 53, 7], mainly including
the global third-person camera and the local eye-in-hand
camera. Other works have shown that a single third-person
RGB-D camera [86, 4, 25, 47] is also acceptable. We use a
binocular stereo camera (the DexSense 3D industrial camera®),
similar to commercial RGB-D cameras, but providing raw left
and right images to enable flexible post-processing.

Uhttps://www.aubo-cobot.com/public/iSproduct3
Zhttps://en.dh-robotics.com/product/pgi
3https://dexforce-3dvision.com/productinfo/1022811 html



IV. METHOD

In this part, we introduce in detail the proposed framework
YOTO, which contains three major modules and is illustrated
in Fig. 2. We firstly give a basic definition of the problem
in Sec. IV-A. Then, a detailed explanation of the three core
modules is presented, which includes the standardized hand
motion extraction and injection process in Sec. IV-B, the
demonstration proliferation solution from one teaching in
Sec. IV-C and the proposed visuomotor bimanual diffusion
policy (BiDP) method in Sec. IV-D.

A. Problem Formulation

In this paper, we mainly consider bimanual robot manipula-
tion tasks, where the agent (e.g., dual manipulators equipped
with parallel-jaw grippers) does not have access to the ground-
truth state of the environment, but visual observations O from
a binocular camera and robots proprioception states S. As for
the action space A = {a? € R3 a” € SO(3),a¢ € {0,1}},
it includes the target 6-DoF pose of each robot arm and
the binary open/closed state of the gripper. Note, we focus
on bimanual tasks sharing the same observations O. For the
chirality, we utilize o € {L, R} to distinguish two robot
arms, such as ST, S®, A" and AF. The same applies to the
difference between left and right hands below.

For imitation learning, the agent mimics manipulation plans
from labeled demonstrations D = {(O, A);}¥ |, where N
is the number of trajectories, O = {0y, SE,SE}L, are
observations of all T steps, and A ={AF AR} | are actions
to complete the task. The learning objective can be simply
concluded as a maximum likelihood observation-conditioned
imitation objective to learn the policy mp:

|O] o o
{=Eo0,A)~D thologwﬁ(At|OtaSt) . (D

Next, we present how to obtain sufficient training demon-
strations proliferated from only a single-shot human teaching
and how to improve existing diffusion-based imitation policies
for addressing the bimanual manipulation problem.

B. Hand Motion Extraction and Injection

This part corresponds to the module in Fig. 2 (a).We first
manually demonstrate a long-horizon bimanual task using two
hands on the dual-arm accessible operating table. Then, we
leverage favourable vision techniques to extract rich manip-
ulation features from recorded videos by a single binocular
camera. Extracted features will be post-processed to obtain
keyframes-based motion variables (such as 6-DoF poses and
gripper states) that can drive dual arms.

1) Human Demonstration Capturing: By default, we cap-
ture dual-stream synchronized RGB videos with slight nec-
essary visual difference between left and right cameras to
estimate disparity and depth map. We mainly observe the left
RGB view to extract a series of hand-related features, and
thus always keep both hands visible to the left camera. The
right view is only awakened when accurate 3D information is
needed in a particular frame. This reduces the computational
burden of stereo matching [92] by at least half.

Algorithm 1 3D Hand Pose Calculation.

e Input: 3D hand shapes #¢, index array of 21 pre-defined 3D
hand joints /pand, index numbers of wrist joint 4wy / index-fingertip
iina / ring-fingertip 4sng, the given chirality ¢ = L or ¢ = R.

e Output: 3D hand poses h;o // either L or R
Initialize P§ <~ MANO(#;, Inana); // 3D hand joints indexing
Pwri < Pj [iwriL Pind < Pj [iindL Pring < Pj [iring};

liw — (pind - pwri)7 lrw — (pring - pwri); // two 3D lines
v, 4 CROSS_PRODUCT (liw, Irw ); /] Z-axis direction
U, < v, /(NORMALIZE (v, ) + le-8); /I vector normalization
Uy = lmia < (liw + Liw)/2.0; // middle line (Y-axis direction)
Ty < vy/(NORMALIZE(v,) + le-8); /I vector normalization
Uy = CROSS_PRODUCT(Ty, 75 ); /l X-axis direction
Urot < CONCATENATE([Tg, Ty, U-]); // final 3x3 rotation matrix
return v,.¢;

2) High-Level Features Extraction: Given a video demon-
stration (the left stream) of one specified bimanual task, we
run our vision perception pipeline to obtain the 3D point
trajectories and status of two hands.

3D point trajectories. We first use WiLoR [71] to detect
bounding boxes of left and right hands in each frame and
then estimate their 3D shapes H” and H’ represented by
MANO [74]. Then, we simply track the center point h?’o =
(72,95, 27) of each hand and obtain the 3D hands sequence
H = {(’Hj,hﬁm) J_,, where o is the chirality and j is the
index among all J frames. The hﬁ-”o can be calculated by
averaging several selected points (e.g., five finger tips) from
21 pre-defined joints of the 3D hand model #.

As of here, many similar works [42, 47, 14, 23] choose to
retarget the produced continuous trajectories { h? © 3-]:1 to their
end effectors through estimated 3D geometric transformations.
However, considering the inherent errors of hand-related vision
algorithms in left-right classification and 3D shape regression,
we cannot fully trust trajectories directly derived from them. In
particular, current state-of-the-art 3D hand mesh reconstruction
methods, such as WiLoR [71] and HaMeR [67], still cannot
achieve continuous and consistent prediction in a given camera
space. This is also pointed out and verified by DexCap [86].
More examples can be found in Fig. 5. As an alternative, we
propose to project all 3D points {hﬁ’ ’O}‘J-le onto the 2D image,
and then lift these points to 3D by applying the stereo matching
algorithm [92]. The final back-projected 3D point trajectories
are {hﬁ’ © ‘]-]:1, which are guaranteed to be more stable in the
given camera space.

States of two hands. In order to fully map hand movements
to two-fingered grippers, we also need to determine the 3D ori-
entations h;’o and open/closed states h? *° by further observing
3D hands ’Hj Here, we can estimate the open/closed state by
detecting if the hand is in contact with an object [78]. If there
is contact, the hand is considered closed (h?’O:O), otherwise
open (h? "®—=1). This is more trustworthy than relying solely
on hands to estimate status. For calculating 3D hand poses
h;’o, we need to simplify the hand into a lower-dimensional
gripper, which is analogous to the eigengrasping [60, 18&].
We summarize this process in Alg. 1. To this point, we have



Fig. 3: A detailed example of extracted motion trajectories
with corresponding keyframes of both left hand and right hand.
It is best to zoom in to view the details.

obtained the rough motion trajectories purely based on human
hand videos {(h}°, n7°, h°)}_ .

Additionally, we adopt cutting-edge vision algorithms (in-
cluding the vision-language model Florence-2 [90] and SAM?2
[73]) to extract segmented manipulated objects from the left
initial image as our disturbance-free visual observations 5,
which will be further lifted to 3D point clouds O by applying
stereo matching approaches [92, 93].

3) Robot Actions Injection: Although we have obtained
robot-oriented motion trajectories, their validity and usability
are still concerns. For example, some target poses may be
unreachable for the failed inverse kinematics. Due to agnostic
structures, two arms may collide at some point. An obvious
approach is to replay and verify the rationality of each action
step by step directly on real robots, but this choice is unsafe
and inefficient, considering that the total number of frames J
is usually about 100 to 200.

Keyframes-based motion actions. To this end, we turn to a
more reasonable and safer post-processing, namely keyframes-
based motion simplification and injection. Specifically, we
inherit the abstraction of a consequent demonstration into
discrete keyframes (a.k.a. keyposes) as in C2FARM [38]
and PerAct [80]. Keyframes are important intermediate end-
effector poses that summarize a demonstration and can be
auto-extracted using simple heuristics, such as a change in
the open/close end-effector state or local extrema of veloc-
ity/acceleration. This concept is widely used in long-horizon
manipulation studies [55, 89, 41, 99]. Accordingly, we can
just learn to predict the next best keyframe, and use a
sampling-based motion planner to reach it during inference.
We thus simplify trajectories {(h?"°, h7°, h9°)}7_; into a set
of keyframes { (71%0,712’0,71%’0)}?:1, where k is the index of
K keyframes. K is around 10 in our tasks (K < J), which
makes it much more easier to quickly verify and correct errors.

To inject these keyposes into the dual-arm robot, we need
to transform them from the camera coordinate to the robot
coordinate using the pre-measured hand-eye calibration trans-
formation matrix. Usually, a real-robot verification takes about
three minutes. We finally update the verified trajectories into
A={(@°,a;°,a°)H< |, which consists of the successfully
injected K robot actions. An elaborate example of extracted
keyframes is shown in Fig. 3.

Derivation of motion mask. Additionally, we should al-
ways care about the dual-arm spatial-temporal coordination,
which is one of the core issues of bimanual manipulation.
Fortunately, when we extract the hand motions, we already
have a time record in every frame, which represents the refined
keyframes-based set A naturally contains detailed timestamps.
Based on it, we can thus derive the corresponding coordination
strategy C = {(CE,CH)|Cs € {0,1}}E |, where C{ means
the motion state of a robot arm at the k-th keyframe. The
binary value 0 means holding on, 1 means moving on. Given
this particularity, we name it motion mask to schedule robot
motion. A specific illustration of C for the pull drawer task
can be found in the down-left corner of Fig. 2. This example
is broadly applicable to strictly asynchronous bimanual tasks
(e.g., Ct # CI). While, for fully synchronous manipulation
tasks, values of C} and Cf¥ in C keep the same. Currently, we
do not consider those long-horizon tasks where synchronized
and asynchronized keyframes are mixed.

In the following, we show that the extracted fine-grained
keyframes-based motion actions A along with the correspond-
ing motion mask C will continue to play a vital role.

C. Demonstration Proliferation from One Teaching

Based on the one-shot teaching, we propose two demonstra-
tion proliferation schemes, the automatic rollout verification
of real robots and point cloud-level geometry augmentation of
manipulated objects. This solution is an efficient and reliable
route to quickly produce training data for imitation learning.
An example is shown in Fig. 2 (b).

1) Auto-Rollout Verification in Real-World: Formally, our
refined keyframes-based robot actions A are interpretable
and editable. These properties assist us to conduct automated
demonstration rollout verification and collection on real robots.
First, we can easily split A into two distinctive trajectories Al
and A% belonging to the left and right robotic arms based
on the motion mask C. Below is for decomposing strictly
asynchronous tasks.

Al = {@pt et aphicy = 1,68 =0},
AR — (@ et ek =o,ck=1}, @
K — |AM[+|AF] = [A]/2,

where we actually eliminate K redundant keyposes for unilat-
eral arm waiting (holding on actions). For synchronous tasks
(JAL| = |A®| = K), we always have to drive both arms, so
there is no need to apply the motion mask.

The above allows two arms to disengage smoothly. Then,
we can precisely edit any keyframe in A’ or AF closely
related to the manipulated object to align with its changed



TABLE I: The time comparison of different data collection
or expansion methods. We report the average completion time
for 3 tasks, 10 valid trials in total for each task. The { means
it can be achieved by directly modifying the script.

Long-Horizon Bimanual Tasks
Methods Operators | Arms pull pour unscrew
drawer (s) water (s) bottle (s)
Master-Slave 2 2 204.8 226.2 2479
Drag&Drop 2 1 100.7 115.4 123.6
Auto-Rollout 1 1 41.5 521 514
Geo-Trans T 1 0 1.5 1.5 1.0

keypose in real-world. We still take the pull drawer task (with
10 keyframes) as an example. When moving the object picked
up by the left arm, we need to adjust the 6-th keypose & =
(ab” ap” @9"). For example, if we move the object 5 cm
along the X-axis positive direction, we then just add an offset
(0.05,0.00,0.00) to the position part Eg’L. Moreover, we can
also replace objects with similar shapes in the same position
to expand category diversity. Finally, we conduct the rollout
to get a new demonstration. The same is true for adjusting the
drawer manipulated by the right arm. Regardless of simplicity,
we compared auto-rollout with two popular data collection
methods, master-slave arm synchronization and drag-and-drop
teaching, and found that it is more efficient. See Tab. I for
the comparison. The other two ways are hampered by multi-
operators and higher failure rates.

2) Geometric Transformation of Point Clouds: Regarding
the above expansion of object positions and categories in real-
world, we still have to verify them one by one. We thus expect
to reliably augment visual observations of manipulated objects
(the extracted 3D point clouds O) any number of times, so
that theoretically infinite demonstrations can be obtained. In
the auto-rollout stage, we have initially figured out the cor-
respondence between manipulated objects and their relevant
keyframes. Now, we can perform geometric transformations
(mainly controlled rotations and translations) on the objects
at the point cloud level, and update the 6-DoF values in
the corresponding keyframes. In this way, matching pairs of
visual observations O and keyframes-based actions A can be
generated in batches, forming a series of new training data,
which no longer need to be verified in real robots. It should be
noted that the geometric transformation of O is restricted, that
is, it cannot exceed the reach of the robot arm. Fortunately, the
rational moving range of manipulated objects can be measured
during the auto-rollout phase incidentally. In Tab. I, we have
added the time comparison of this data proliferation, which
maintains the highest efficiency.

D. Bimanual Diffusion Policy Learning

In this part, we adapt popular visuomotor diffusion policies
[15, 98, 95], and propose a customized bimanual diffusion
policy (BiDP) to enable fast and robust imitation of long-
horizon tasks. We firstly shrink the input observations into
task-relevant object point clouds, allowing the policy model
to converge quickly and resistant to interference. Additionally,
we devise a motion mask to unify the action prediction and

address the dual-arm coordination problem.

Bimanual dataset composition. According to the defi-
nition _in Sec. IV-A, we rewrite the training set as D =
{(O,A,C);}}Y,, where N is the number of demonstrations.
C is the motion mask containing coordination strategies. D is
generated by applying our proposed data proliferation solution
to expand the seeding one-shot teaching to get a large dataset
with hundreds or thousands of trajectories. Here, we update
O~ {Ox. SF. SEHC, and A—{(a°.a}",af )}, where
Oy is the observation containing 3D point clouds of manip-
ulated objects instead of the entire RGB image [15] or point
clouds scene [98, 95]. S& and S¥¥ are robot proprioception
states with similar formats as actions Sy = (57°°,57°°,57°). A
have discrete keyposes, rather than continuous and dense robot
states. Learning to predict keyposes is common in robotic
manipulation [55, 89, 41, 99]. The policy needs to learn a
mapping from the initial observation O; to all subsequent
keyposes A for two arms. The history horizon and prediction
horizon is 1 and K, respectively. In evaluation, the policy
predicts all actions to be executed conditioned only on an one-
shot observation {O1, S¥, S¥} at first sight.

Diffusion-based policy representation. Similar to [15, 98],
we utilize Denoising Diffusion Probabilistic Models (DDPMs)
[36] to model the conditional distribution p(A|Oy). Starting
from the random Gaussian noise Ag, where T" means diffusion
steps, DDPM performs T iterations of denoising to predict
actions with decreasing levels of noise, gradually from Agfl

to Kg This process follows:
ALt = (AL — ye0(Op, AL )+ N(0,0%,1)).  (3)

The policy finally outputs Kg Because point clouds are
used as the visual input instead of RGB images, we adopt
more robust SIM(3)-equivariant architectures [96, 95], rather
than policies based on CNNs [15] or transformers [9§].
Formally, the noise prediction network ¢4 takes observation
Oy, noisy action Ay and _diffusion timestep ¢ as input, and
predicts the gradient VE(A}) for denoising the noisy action
input. It first uses a modified PointNet-based [72] encoder
with SIM(3)-equivariance to encode visual observations. The
encoded visual features and positional embeddings of ¢ are
passed to FILM layers [70]. Then, the policy network applies a
convolutional U-Net [75] to process Ay, t and the conditioned
observations to predict denoising gradients. Note that Oy, Ay
and A are processed to be invariant to scale and position.
Above-mentioned FiLM layers, convolutional U-net, and other
connecting layers are also modulated to be SO(3)-equivariant.
Please refer to [96, 95] for more details. _

Customized bimanual diffusion policy. Since Aj; and
Sy contain dual-arm actions in our task, it is important to
preprocess them appropriately. A vanilla approach is to pre-
dict all actions in each keyframe, including (a2, ap" ad")
and (a2 @7" @2%). This not only needs to re-splice the
position, rotation, and gripper data and modify the diffusion-
based policy network accordingly, but also learns redundant
actions for asynchronous tasks (as pointed out in Sec. IV-C),



















































