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Fig. 1: ALOHA : A Low-cost Open-source Hardware System for Bimanual Teleoperation. The whole system costs <$20k with off-the-shelf
robots and 3D printed components. Left: The user teleoperates by backdriving the leader robots, with the follower robots mirroring the motion.
Right: ALOHA is capable of precise, contact-rich, and dynamic tasks. We show examples of both teleoperated and learned skills.

Abstract—Fine manipulation tasks, such as threading cable ties
or slotting a battery, are notoriously difficult for robots because
they require precision, careful coordination of contact forces,
and closed-loop visual feedback. Performing these tasks typically
requires high-end robots, accurate sensors, or careful calibration,
which can be expensive and difficult to set up. Can learning enable
low-cost and imprecise hardware to perform these fine manipulation
tasks? We present a low-cost system that performs end-to-end
imitation learning directly from real demonstrations, collected
with a custom teleoperation interface. Imitation learning, however,
presents its own challenges, particularly in high-precision domains:
the error of the policy can compound over time and human
demonstrations can be non-stationary. To address these challenges,
we develop a simple yet novel algorithm Action Chunking with
Transformers (ACT), which learns a generative model over action
sequences. ACT allows the robot to learn 6 difficult tasks in the
real world, such as opening a translucent condiment cup and
slotting a battery with 80-90% success, with only 10 minutes worth
of demonstrations. Project website: tonyzhaozh.github.io/aloha

I. INTRODUCTION

Fine manipulation tasks involve precise, closed-loop feed-
back and require high degrees of hand-eye coordination to
adjust and re-plan in response to changes in the environment.
Examples of such manipulation tasks include opening the lid
of a condiment cup or slotting a battery, which involve delicate
operations such as pinching, prying, and tearing rather than
broad-stroke motions such as picking and placing. Take opening
the lid of a condiment cup in Figure 1 as an example, where
the cup is initialized upright on the table: the right gripper
needs to first tip it over, and nudge it into the opened left
gripper. Then the left gripper closes gently and lifts the cup
off the table. Next, one of the right fingers approaches the

cup from below and pries the lid open. Each of these steps
requires high precision, delicate hand-eye coordination, and
rich contact. Millimeters of error would lead to task failure.

Existing systems for fine manipulation use expensive robots
and high-end sensors for precise state estimation [29, 60, 32,
41]. In this work, we seek to develop a low-cost system for fine
manipulation that is, in contrast, accessible and reproducible.
However, low-cost hardware is inevitably less precise than
high-end platforms, making the sensing and planning challenge
more pronounced. One promising direction to resolve this is
to incorporate learning into the system. Humans also do not
have industrial-grade proprioception [71], and yet we are able
to perform delicate tasks by learning from closed-loop visual
feedback and actively compensating for errors. In our system,
we therefore train an end-to-end policy that directly maps
RGB images from commodity web cameras to the actions.
This pixel-to-action formulation is particularly suitable for
fine manipulation, because fine manipulation often involves
objects with complex physical properties, such that learning the
manipulation policy is much simpler than modeling the whole
environment. Take the condiment cup example: modeling the
contact when nudging the cup, and also the deformation when
prying open the lid involves complex physics on a large number
of degrees of freedom. Designing a model accurate enough for
planning would require significant research and task specific
engineering efforts. In contrast, the policy of nudging and
opening the cup is much simpler, since a closed-loop policy
can react to different positions of the cup and lid rather than
precisely anticipating how it will move in advance.

Training an end-to-end policy, however, presents its own
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challenges. The performance of the policy depends heavily
on the training data distribution, and in the case of �ne
manipulation, high-quality human demonstrations can provide
tremendous value by allowing the system to learn from human
dexterity. We thus build a low-cost yet dexterous teleoperation
system for data collection, and a novel imitation learning
algorithm that learns effectively from the demonstrations. We
overview each component in the following two paragraphs.

Teleoperation system.We devise a teleoperation setup with
two sets of low-cost, off-the-shelf robot arms. They are
approximately scaled versions of each other, and we use joint-
space mapping for teleoperation. We augment this setup with
3D printed components for easier backdriving, leading to a
highly capable teleoperation system within a $20k budget. We
showcase its capabilities in Figure 1, including teleoperation
of precise tasks such as threading a zip tie, dynamic tasks such
as juggling a ping pong ball, and contact-rich tasks such as
assembling the chain in the NIST board #2 [4].

Imitation learning algorithm. Tasks that require precision and
visual feedback present a signi�cant challenge for imitation
learning, even with high-quality demonstrations. Small errors
in the predicted action can incur large differences in the state,
exacerbating the “compounding error” problem of imitation
learning [47, 64, 29]. To tackle this, we are inspired byaction
chunkingin human psychology, where a sequence of actions
are grouped together as a chunk, and executed as one unit [35].
In our case, the policy predicts the target joint positions for
the nextk timesteps, rather than just one step at a time. This
reduces the effective horizon of the task byk-fold, mitigating
compounding errors. Predicting action sequences also helps
tackle temporally correlated confounders [61], such as pauses
in demonstrations that are hard to model with single-step
policies. To further improve the smoothness of the policy, we
proposetemporal ensembling, which queries the policy more
frequently and averages across the overlapping action chunks.
We implement action chunking policy with Transformers [65],
an architecture designed for sequence modeling, and train it as
a conditional VAE (CVAE) [55, 33] to capture the variability
in human data. We name our methodAction Chunking with
Transformers(ACT), and �nd that it signi�cantly outperforms
previous imitation learning algorithms on a range of simulated
and real-world �ne manipulation tasks.

The key contribution of this paper is a low-cost system for
learning �ne manipulation, comprising a teleoperation system
and a novel imitation learning algorithm. The teleoperation
system, despite its low cost, enables tasks with high precision
and rich contacts. The imitation learning algorithm, Action
Chunking with Transformers (ACT), is capable of learning pre-
cise, close-loop behavior and drastically outperforms previous
methods. The synergy between these two parts allows learning
of 6 �ne manipulation skills directly in the real-world, such as
opening a translucent condiment cup and slotting a battery with
80-90% success, from only 10 minutes or 50 demonstration
trajectories.

II. RELATED WORK

Imitation learning for robotic manipulation. Imitation
learning allows a robot to directly learn from experts. Be-
havioral cloning (BC) [44] is one of the simplest imitation
learning algorithms, casting imitation as supervised learning
from observations to actions. Many works have then sought
to improve BC, for example by incorporating history with
various architectures [39, 49, 26, 7], using a different training
objective [17, 42], and including regularization [46]. Other
works emphasize the multi-task or few-shot aspect of imitation
learning [14, 25, 11], leveraging language [51, 52, 26, 7], or
exploiting the speci�c task structure [43, 68, 28, 52]. Scaling
these imitation learning algorithms with more data has led
to impressive systems that can generalize to new objects,
instructions, or scenes [15, 26, 7, 32]. In this work, we focus
on building an imitation learning system that is low-cost yet
capable of performing delicate, �ne manipulation tasks. We
tackle this from both hardware and software, by building a
high-performance teleoperation system, and a novel imitation
learning algorithm that drastically improves previous methods
on �ne manipulation tasks.
Addressing compounding errors.A major shortcoming of BC
is compounding errors, where errors from previous timesteps
accumulate and cause the robot to drift off of its training
distribution, leading to hard-to-recover states [47, 64]. This
problem is particularly prominent in the �ne manipulation
setting [29]. One way to mitigate compounding errors is to
allow additional on-policy interactions and expert corrections,
such as DAgger [47] and its variants [30, 40, 24]. However,
expert annotation can be time-consuming and unnatural with
a teleoperation interface [29]. One could also inject noise at
demonstration collection time to obtain datasets with corrective
behavior [36], but for �ne manipulation, such noise injection
can directly lead to task failure, reducing the dexterity of
teleoperation system. To circumvent these issues, previous
works generate synthetic correction data in an of�ine manner
[16, 29, 70]. While they are limited to settings where low-
dimensional states are available, or a speci�c type of task like
grasping. Due to these limitations, we need to address the
compounding error problem from a different angle, compatible
with high-dimensional visual observations. We propose to
reduce the effective horizon of tasks through action chunking,
i.e., predicting an action sequence instead of a single action,
and then ensemble across overlapping action chunks to produce
trajectories that are both accurate and smooth.
Bimanual manipulation. Bimanual manipulation has a long
history in robotics, and has gained popularity with the lowering
of hardware costs. Early works tackle bimanual manipulation
from a classical control perspective, with known environment
dynamics [54, 48], but designing such models can be time-
consuming, and they may not be accurate for objects with
complex physical properties. More recently, learning has been
incorporated into bimanual systems, such as reinforcement
learning [9, 10], imitating human demonstrations [34, 37, 59,
67, 32], or learning to predict key points that chain together



Fig. 3: Left: Camera viewpoints of the front, top, and two wrist cameras, together with an illustration of the bimanual workspace ofALOHA.
Middle: Detailed view of the “handle and scissor” mechanism and custom grippers.Right: Technical spec of the ViperX 6dof robot [1].

motor primitives [20, 19, 50]. Some of the works also focus
on �ne-grained manipulation tasks such as knot untying, cloth
�attening, or even threading a needle [19, 18, 31], while using
robots that are considerably more expensive, e.g. the da Vinci
surgical robot or ABB YuMi. Our work turns to low-cost
hardware, e.g. arms that cost around $5k each, and seeks to
enable them to perform high-precision, closed-loop tasks. Our
teleoperation setup is most similar to Kim et al.[32], which
also uses joint-space mapping between the leader and follower
robots. Unlike this previous system, we do not make use of
special encoders, sensors, or machined components. We build
our system with only off-the-shelf robots and a handful of 3D
printed parts, allowing non-experts to assemble it in less than
2 hours.

III. ALOHA: A LOW-COSTOPEN-SOURCEHARDWARE

SYSTEM FORBIMANUAL TELEOPERATION

We seek to develop an accessible and high-performance
teleoperation system for �ne manipulation. We summarize our
design considerations into the following 5 principles.

1) Low-cost: The entire system should be within budget for
most robotic labs, comparable to a single industrial arm.

2) Versatile: It can be applied to a wide range of �ne
manipulation tasks with real-world objects.

3) User-friendly: The system should be intuitive, reliable,
and easy to use.

4) Repairable: The setup can be easily repaired by re-
searchers, when it inevitably breaks.

5) Easy-to-build: It can be quickly assembled by researchers,
with easy-to-source materials.

When choosing the robot to use, principles 1, 4, and 5 lead
us to build a bimanual parallel-jaw grippers setup with two
ViperX 6-DoF robot arms [1, 66]. We do not employ dexterous
hands due to price and maintenance considerations. The ViperX
arm used has a working payload of 750g and 1.5m span, with
an accuracy of 5-8mm. The robot is modular and simple to
repair: in the case of motor failure, the low-cost Dynamixel
motors can be easily replaced. The robot can be purchased
off-the-shelf for around $5600. The OEM �ngers, however,
are not versatile enough to handle �ne manipulation tasks. We
thus design our own 3D printed “see-through” �ngers and �t
it with gripping tape (Fig 3). This allows for good visibility

when performing delicate operations, and robust grip even with
thin plastic �lms.

We then seek to design a teleoperation system that is
maximally user-friendly around the ViperX robot. Instead
of mapping the hand pose captured by a VR controller or
camera to the end-effector pose of the robot, i.e. task-space
mapping, we use direct joint-space mapping from a smaller
robot, WidowX, manufactured by the same company and costs
$3300 [2]. The user teleoperates by backdriving the smaller
WidowX (“the leader”), whose joints are synchronized with the
larger ViperX (“the follower”). When developing the setup, we
noticed a few bene�ts of using joint-space mapping compared
to task-space. (1) Fine manipulation often requires operating
near singularities of the robot, which in our case has 6 degrees
of freedom and no redundancy. Off-the-shelf inverse kinematics
(IK) fails frequently in this setting. Joint space mapping, on
the other hand, guarantees high-bandwidth control within the
joint limits, while also requiring less computation and reducing
latency. (2) The weight of the leader robot prevents the user
from moving too fast, and also dampens small vibrations.
We notice better performance on precise tasks with joint-
space mapping rather than holding a VR controller. To further
improve the teleoperation experience, we design a 3D-printed
“handle and scissor” mechanism that can be retro�tted to the
leader robot (Fig 3). It reduces the force required from the
operator to backdrive the motor, and allows for continuous
control of the gripper, instead of binary opening or closing.
We also design a rubber band load balancing mechanism that
partially counteracts the gravity on the leader side. It reduces the
effort needed from the operator and makes longer teleoperation
sessions (e.g. >30 minutes) possible. We include more details
about the setup in the project website.

The rest of the setup includes a robot cage with 20� 20mm
aluminum extrusions, reinforced by crossing steel cables. There
is a total of four Logitech C922x webcams, each streaming
480� 640 RGB images. Two of the webcams are mounted on
the wrist of the follower robots, allowing for a close-up view
of the grippers. The remaining two cameras are mounted on the
front and at the top respectively (Fig 3). Both the teleoperation
and data recording happen at 50Hz.

With the design considerations above, we build the bimanual
teleoperation setupALOHA within a 20k USD budget, compa-



Fig. 4: Architecture of Action Chunking with Transformers (ACT). We train ACT as a Conditional VAE (CVAE), which has an encoder and a
decoder.Left: The encoder of the CVAE compresses action sequence and joint observation intoz, the style variable. The encoder is discarded
at test time.Right: The decoder or policy of ACT synthesizes images from multiple viewpoints, joint positions, andz with a transformer
encoder, and predicts a sequence of actions with a transformer decoder.z is simply set to the mean of the prior (i.e. zero) at test time.

Fig. 5: We employ both Action Chunking and Temporal Ensembling
when applying actions, instead of interleaving observing and executing.

rable to a single research arm such as Franka Emika Panda.
ALOHA enables the teleoperation of:
� Precise taskssuch as threading zip cable ties, picking credit

cards out of wallets, and opening or closing ziploc bags.
� Contact-rich tasks such as inserting 288-pin RAM into

a computer motherboard, turning pages of a book, and
assembling the chains and belts in the NIST board #2 [4]

� Dynamic tasks such as juggling a ping pong ball with a
real ping pong paddle, balancing the ball without it falling
off, and swinging open plastic bags in the air.

Skills such as threading a zip tie, inserting RAM, and juggling
ping pong ball, to our knowledge, are not available for existing
teleoperation systems with 5-10x the budget [21, 5]. We include
a more detailed price & capability comparison in Appendix A,
as well as more skills thatALOHA is capable of in Figure 9.
To makeALOHA more accessible, we open-source all software
and hardware with a detailed tutorial covering 3D printing,
assembling the frame to software installations. You can �nd
the tutorial on the project website.

IV. A CTION CHUNKING WITH TRANSFORMERS

As we will see in Section V, existing imitation learning
algorithms perform poorly on �ne-grained tasks that require
high-frequency control and closed-loop feedback. We therefore
develop a novel algorithm,Action Chunking with Transformers
(ACT), to leverage the data collected byALOHA. We �rst
summarize the pipeline of training ACT, then dive into each
of the design choices.

To train ACT on a new task, we �rst collect human
demonstrations usingALOHA. We record the joint positions of
the leader robots (i.e. input from the human operator) and use
them as actions. It is important to use the leader joint positions
instead of the follower's, because the amount of force applied
is implicitly de�ned by the difference between them. The
observations are composed of the current joint positions of
follower robots and the image feed from 4 cameras. Next, we
train ACT to predict thesequence of future actionsgiven the
current observations. An action here corresponds to the target
joint positions for both arms in the next time step. Intuitively,
ACT tries to imitate what a human operator would do in the
following time steps given current observations. These target
joint positions are then tracked by the low-level PID controller
inside Dynamixel motors. At test time, we load the policy
that achieves the lowest validation loss and roll it out in the
environment. The main challenge that arises is compounding
errors, where errors from previous actions lead to states that
are outside of training distribution.

A. Action Chunking and Temporal Ensemble

To combat the compounding errors of imitation learning in a
way that is compatible with pixel-to-action policies (Figure II),
we seek to reduce the effective horizon of long trajectories
collected at high frequency. We are inspired byaction chunking,
a neuroscience concept where individual actions are grouped
together and executed as one unit, making them more ef�cient
to store and execute [35]. Intuitively, a chunk of actions could
correspond to grasping a corner of the candy wrapper or
inserting a battery into the slot. In our implementation, we
�x the chunk size to bek: everyk steps, the agent receives
an observation, generates the nextk actions, and executes the
actions in sequence (Figure 5). This implies ak-fold reduction
in the effective horizon of the task. Concretely, the policy
models� � (at :t + k jst ) instead of� � (at jst ). Chunking can also
help model non-Markovian behavior in human demonstrations.
Speci�cally, a single-step policy would struggle with temporally
correlated confounders, such as pauses in the middle of a
demonstration [61], since the behavior not only depends on
the state, but also the timestep. Action chunking can mitigate
this issue when the confounder is within a chunk, without



Algorithm 1 ACT Training

1: Given: Demo datasetD, chunk sizek, weight � .
2: Let at , ot represent action and observation at timestept, �ot

representot without image observations.
3: Initialize encoderq� (zjat :t + k ; �ot )
4: Initialize decoder� � (ât :t + k jot ; z)
5: for iterationn = 1 ; 2; ::: do
6: Sampleot , at :t + k from D
7: Samplez from q� (zjat :t + k ; �ot )
8: Predictât :t + k from � � (ât :t + k jot ; z)
9: L reconst = MSE (ât :t + k ; at :t + k )

10: L reg = D KL (q� (zjat :t + k ; �ot ) k N (0; I ))
11: Update� , � with ADAM and L = L reconst + � L reg

Algorithm 2 ACT Inference
1: Given: trained� � , episode lengthT , weight m.
2: Initialize FIFO buffers B[0 : T ], where B[t] stores actions

predictedfor timestept.
3: for timestept = 1 ; 2; :::T do
4: Predictât :t + k with � � (ât :t + k jot ; z) wherez = 0
5: Add ât :t + k to buffersB[t : t + k] respectively
6: Obtain current step actionsA t = B[t]
7: Apply at =

P
i wi A t [i ]=

P
i wi , with wi = exp( � m � i )

introducing the causal confusion issue for history-conditioned
policies [12].

A naïve implementation of action chunking can be sub-
optimal: a new environment observation is incorporated
abruptly everyk steps and can result in jerky robot motion.
To improve smoothness and avoid discrete switching between
executing and observing, we query the policy at every timestep.
This makes different action chunks overlap with each other,
and at a given timestep there will be more than one predicted
action. We illustrate this in Figure 5 and propose atemporal
ensembleto combine these predictions. Ourtemporal ensemble
performs a weighted average over these predictions with an
exponential weighting schemewi = exp( � m � i ), wherew0

is the weight for the oldest action. The speed for incorporating
new observation is governed bym, where a smallerm means
faster incorporation. We note that unlike typical smoothing,
where the current action is aggregated with actions in adjacent
timesteps, which leads to bias, we aggregate actions predicted
for the sametimestep. This procedure also incurs no additional
training cost, only extra inference-time computation. In practice,
we �nd both action chunking and temporal ensembling to be
important for the success of ACT, which produces precise and
smooth motion. We discuss these components in more detail
in the ablation studies in Subsection VI-A.

B. Modeling human data

Another challenge that arises is learning from noisy human
demonstrations. Given the same observation, a human can use
different trajectories to solve the task. Humans will also be
more stochastic in regions where precision matters less [38].
Thus, it is important for the policy to focus on regions where
high precision matters. We tackle this problem by training our
action chunking policy as a generative model. Speci�cally, we

train the policy as a conditional variational autoencoder (CVAE)
[55], to generate an action sequence conditioned on current
observations. The CVAE has two components: a CVAE encoder
and a CVAE decoder, illustrated on the left and right side of
Figure 4 respectively. The CVAE encoder only serves to train
the CVAE decoder (the policy) and is discarded at test time.
Speci�cally, the CVAE encoder predicts the mean and variance
of the style variablez's distribution, which is parameterized as
a diagonal Gaussian, given the current observation and action
sequence as inputs. For faster training in practice, we leave out
the image observations and only condition on the proprioceptive
observation and the action sequence. The CVAE decoder, i.e.
the policy, conditions on bothz and the current observations
(images + joint positions) to predict the action sequence. At
test time, we setz to be the mean of the prior distribution i.e.
zero to deterministically decode. The whole model is trained to
maximize the log-likelihood of demonstration action chunks, i.e.
min � �

P
st ;a t : t + k 2 D log � � (at :t + k jst ), with the standard VAE

objective which has two terms: a reconstruction loss and a term
that regularizes the encoder to a Gaussian prior. Following [23],
we weight the second term with a hyperparameter� . Intuitively,
higher � will result in less information transmitted inz [62].
Overall, we found the CVAE objective to be essential in
learning precise tasks from human demonstrations. We include
a more detailed discussion in Subsection VI-B.

C. Implementing ACT

We implement the CVAE encoder and decoder with trans-
formers, as transformers are designed for both synthesizing in-
formation across a sequence and generating new sequences. The
CVAE encoder is implemented with a BERT-like transformer
encoder [13]. The inputs to the encoder are the current joint
positions and the target action sequence of lengthk from the
demonstration dataset, prepended by a learned “[CLS]” token
similar to BERT. This forms ak +2 length input (Figure 4 left).
After passing through the transformer, the feature corresponding
to “[CLS]” is used to predict the mean and variance of
the “style variable”z, which is then used as input to the
decoder. The CVAE decoder (i.e. the policy) takes the current
observations as the input, and predicts the nextk actions (Figure
4 right). We use ResNet image encoders, a transformer encoder,
and a transformer decoder to implement the CVAE decoder.
Intuitively, the transformer encoder synthesizes information
from different camera viewpoints, the joint positions, and the
style variable, and the transformer decoder generates a coherent
action sequence. The observation includes 4 RGB images, each
at 480� 640 resolution, and joint positions for two robot arms
(7+7=14 DoF in total). The action space is the absolute joint
positions for two robots, a 14-dimensional vector. Thus with
action chunking, the policy outputs ak � 14 tensor given
the current observation. The policy �rst process the images
with ResNet18 backbones [22], which convert480� 640� 3
RGB images into15� 20� 512 feature maps. We then �atten
along the spatial dimension to obtain a sequence of300� 512.
To preserve the spatial information, we add a 2D sinusoidal
position embedding to the feature sequence [8]. Repeating this



for all 4 images gives a feature sequence of1200� 512 in
dimension. We then append two more features: the current
joint positions and the “style variable”z. They are projected
from their original dimensions to512 through linear layers
respectively. Thus, the input to the transformer encoder is
1202� 512. The transformer decoder conditions on the encoder
output through cross-attention, where the input sequence is a
�xed position embedding, with dimensionsk � 512, and the
keys and values are coming from the encoder. This gives the
transformer decoder an output dimension ofk � 512, which is
then down-projected with an MLP intok � 14, corresponding
to the predicted target joint positions for the nextk steps. We
use L1 loss for reconstruction instead of the more common L2
loss: we noted that L1 loss leads to more precise modeling of
the action sequence. We include a detailed architecture diagram
in Appendix C.

We summarize the training and inference of ACT in
Algorithms 1 and 2. The model has around 80M parameters,
and we train from scratch for each task. The training takes
around 5 hours on a single RTX 2080 Ti GPU, and the inference
time is around 0.01 seconds on the same machine.

V. EXPERIMENTS

We present experiments to evaluate ACT's performance on
�ne manipulation tasks. For ease of reproducibility, we build
two simulated �ne manipulation tasks in MuJoCo [63], in
addition to 6 real-world tasks withALOHA. We provide videos
for each task in the supplementary material.

A. Tasks

All 8 tasks require �ne-grained, bimanual manipulation, and
are illustrated in Figure??. For Slide Ziploc, the right gripper
needs to accurately grasp the slider of the ziploc bag and open
it, with the left gripper securing the body of the bag. ForSlot
Battery, the right gripper needs to �rst place the battery into
the slot of the remote controller, then using the tip of �ngers
to delicately push in the edge of the battery, until it is fully
inserted. Because the spring inside the battery slot causes the
remote controller to move in the opposite direction during
insertion, the left gripper pushes down on the remote to keep
it in place. ForOpen Cup, the goal is to open the lid of a
small condiment cup. Because of the cup's small size, the
grippers cannot grasp the body of the cup by just approaching
it from the side. Therefore we leverage both grippers: the right
�ngers �rst lightly tap near the edge of the cup to tip it over,
and then nudge it into the open left gripper. This nudging
step requires high precision and closing the loop on visual
perception. The left gripper then closes gently and lifts the cup
off the table, followed by the right �nger prying open the lid,
which also requires precision to not miss the lid or damage
the cup. The goal ofThread Velcro is to insert one end of
a velcro cable tie into the small loop attached to other end.
The left gripper needs to �rst pick up the velcro tie from the
table, followed by the right gripper pinching the tail of the
tie in mid-air. Then, both arms coordinate to insert one end
of the velcro tie into the other in mid-air. The loop measures

3mm x 25mm, while the velcro tie measures 2mm x 10-25mm
depending on the position. For this task to be successful, the
robot must use visual feedback to correct for perturbations
with each grasp, as even a few millimeters of error during the
�rst grasp will compound in the second grasp mid-air, giving
more than a 10mm deviation in the insertion phase. ForPrep
Tape, the goal is to hang a small segment of the tape on the
edge of a cardboard box. The right gripper �rst grasps the tape
and cuts it with the tape dispenser's blade, and then hands
the tape segment to the left gripper mid-air. Next, both arms
approach the box, the left arm gently lays the tape segment
on the box surface, and the right �ngers push down on the
tape to prevent slipping, followed by the left arm opening its
gripper to release the tape. Similar toThread Velcro, this task
requires multiple steps of delicate coordination between the
two arms. ForPut On Shoe, the goal is to put the shoe on a
�xed manniquin foot, and secure it with the shoe's velcro strap.
The arms would �rst need to grasp the tongue and collar of
the shoe respectively, lift it up and approach the foot. Putting
the shoe on is challenging because of the tight �tting: the arms
would need to coordinate carefully to nudge the foot in, and
both grasps need to be robust enough to counteract the friction
between the sock and shoe. Then, the left arm goes around to
the bottom of the shoe to support it from dropping, followed by
the right arm �ipping the velcro strap and pressing it against
the shoe to secure. The task is only considered successful if
the shoe clings to the foot after both arms releases. For the
simulated taskTransfer Cube, the right arm needs to �rst pick
up the red cube lying on the table, then place it inside the
gripper of the other arm. Due to the small clearance between
the cube and the left gripper (around 1cm), small errors could
result in collisions and task failure. For the simulated task
Bimanual Insertion, the left and right arms need to pick up
the socket and peg respectively, and then insert in mid-air so
the peg touches the “pins” inside the socket. The clearance is
around 5mm in the insertion phase. For all 8 tasks, the initial
placement of the objects is either varied randomly along the
15cm white reference line (real-world tasks), or uniformly in
2D regions (simulated tasks). We provide illustrations of both
the initial positions and the subtasks in Figure 6 and 7. Our
evaluation will additionally report the performance for each of
these subtasks.

In addition to the delicate bimanual control required to
solve these tasks, the objects we use also present a signi�cant
perception challenge. For example, the ziploc bag is largely
transparent, with a thin blue sealing line. Both the wrinkles
on the bag and the re�ective candy wrappers inside can vary
during the randomization, and distract the perception system.
Other transparent or translucent objects include the tape and
both the lid and body of the condiment cup, making them
hard to perceive precisely and ill-suited for depth cameras. The
black table top also creates a low-contrast against many objects
of interest, such as the black velcro cable tie and the black
tape dispenser. Especially from the top view, it is challenging
to localize the velcro tie because of the small projected area.



Fig. 6: Real-World Task De�nitions.For each of the 6 real-world tasks, we illustrate the initializations and the subtasks.
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