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Abstract

Bimanual dexterous manipulation is a critical yet underex-
plored area in robotics. Its high-dimensional action space and
inherent task complexity present significant challenges for pol-
icy learning, and the limited task diversity in existing bench-
marks hinders general-purpose skill development. Existing
approaches largely depend on reinforcement learning, often
constrained by intricately designed reward functions tailored
to a narrow set of tasks. In this work, we present a novel
approach for efficiently learning diverse bimanual dexterous
skills from abundant human demonstrations. Specifically, we
introduce BiDexHD, a framework that unifies task construc-
tion from existing bimanual datasets and employs teacher-
student policy learning to address all tasks. The teacher learns
state-based policies using a general two-stage reward function
across tasks with shared behaviors, while the student distills
the learned multi-task policies into a vision-based policy. With
BiDexHD, scalable learning of numerous bimanual dexterous
skills from auto-constructed tasks becomes feasible, offering
promising advances toward universal bimanual dexterous ma-
nipulation. Experiments on TACO tool-using dataset spanning
141 tasks across 6 categories demonstrate a task fulfillment
rate of 74.59 % on trained tasks and 51.07 % on unseen tasks.
We further transfer BiDexHD to 11 ARCTIC collaborative
tasks and achieve an average of 80.49 % task fulfillment rate
on trained tasks and 65.99 % on unseen task. All empirical re-
sults demonstrate the effectiveness and competitive zero-shot
generalization capabilities of BiDexHD.

Introduction

Bimanual manipulation is crucial. Humans use both hands to
do manipulations like using scissors or tying shoelaces (Zhou
et al. 2025). The ability to manipulate objects with two hands
is fundamental for everyday tasks because, with both hands,
we can not only do “symmetry" collaborative tasks like car-
rying a heavy box but also “asymmetry” tasks (Liu et al.
2024a) like twisting a bottle cap, which means one auxiliary
hand focuses on stabilizing objects and the other acts as an
operator.

With the rapid development of embodied artificial intelli-
gence, robotic bimanual dexterous manipulation is getting
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more and more important in manufacturing, healthcare, agri-
culture, and tertiary industry (Zhang et al. 2024b). Despite
significant, achieving proficient bimanual manipulation re-
mains a substantial challenge because it severely struggles
with high-dimensional action spaces. While a line of previous
work (Grannen et al. 2023; Yu et al. 2024; Liu et al. 2024a)
primarily focuses on bimanual grippers, bimanual manipula-
tion with dexterous hands is still largely unexplored. Previous
attempts to solve bimanual dexterous tasks are mainly based
on reinforcement learning (RL) (Lin et al. 2024; Huang et al.
2023; Zhang et al. 2024a). However, they require intricate
reward designs tailored to specific manually-designed tasks.
Therefore, these approaches lack scalability and generaliz-
ability to a broader range of tasks. Recent research (Sind-
hupathiraja et al. 2024; Fu et al. 2024; He et al. 2024) has
advanced bimanual dexterous manipulation through teleop-
eration. Nevertheless, human intervention is inevitable. We
would ask a question: Can we learn diverse bimanual dex-
terous manipulation skills in a unified and scalable way?

Our answer is to leverage human demonstrations, which
are easier to collect via haptic gloves or MoCap devices than
robotic rollouts, and offer more compliant, human-aligned be-
haviors, inspired by recent advances in learning from demon-
stration (Zhou et al. 2023, 2024). In this paper, we propose a
novel approach to learn diverse bimanual dexterous manipu-
lation skills from human demonstrations. Upon this setting,
we propose BiDexHD, a framework to automatically turn a
human bimanual manipulation dataset into a series of tasks
in simulation and conduct effective teacher-student learning.
The majority of previous bimanual studies primarily focus
on existing benchmarks or a limited range of tasks. For RL-
based methods (Lin et al. 2024; Huang et al. 2023; Zhang
et al. 2024a), they tailor specific reward function to specific
tasks. For IL-based methods (Wang et al. 2024a; Cheng et al.
2024), it is inevitable to collect a bulk of data for learning
specific tasks (typically around 50 trajectories each task).
BiDexHD does not depend on manually-designed tasks or
pre-defined tasks in existing benchmarks, and instead, unifies
task construction from any accessble bimanual manipulation
trajectory, which makes it scalable. Furthermore, BiDexHD
gets rid of task-specific reward engineering, and instead, de-
signs a general reward function for all automatically con-
structed object-centric tasks. In a word, BiDexHD is such
a unified and scalable framework that breaks the bottleneck
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Figure 1: The three-phase framework, BiDexHD, unifies constructing and solving tasks from human bimanual datasets instead
of existing benchmarks. In phase one, BiDexHD constructs each bimanual task from a human demonstration. In phase two,
BiDexHD learns diverse state-based policies from a generally designed two-stage reward function via multi-task reinforcement
learning. A group of learned policies are then distilled into a vision-based policy for inference in phase three.

of limited tasks and label-intensive manual designs, which
is meaningful to the further development of general-purpose
bimanual dexterous manipulation. Though promising, sev-
eral challenges must be addressed to fully realize this. It is
essential to figure out how to accurately mimic fine-grained
bimanual behaviors from human demonstrations and avoid
collisions and disturbances while encouraging smooth tra-
jectories and synchronous collaboration. To address this, we
design a general two-stage reward function to assign curric-
ula for RL training, which is empirically proven effective
in bimanual tool-using tasks constrcuted from TACO (Liu
et al. 2024b) and collaborative tasks constrcuted from ARC-
TIC (Fan et al. 2023).
To sum up, three key contributions can be summarized:

e We propose a unified and scalable framework
BiDexHD, which unifies automatic task construction from
HOI datasets and teacher-student policy learning to learn
diverse vision-based bimanual dexterous skills from hu-
man demonstrations.

* To avoid task-specific reward engineering, a two-stage
reward function is generally designed to guide multi-task
state-based policy learning on all object-centric tasks.

¢ We evaluate BiDexHD across 141 auto-constructed tool-
using tasks over 6 categories from TACO (Liu et al.
2024b) dataset and 11 collaborative tasks from ARC-
TIC (Fan et al. 2023) dataset. The results demonstrate
BiDexHD’s zero-shot capabilities and scalability.

Related Work

Bimanual Dexterous Manipulation. In recent years,
robotics research highlights dexterous manipulation for its
human-like flexibility. Dexterous hands enable tasks includ-
ing in-hand manipulation (Arunachalam et al. 2023; Yin et al.
2023; Qi et al. 2023; Chen, Xu, and Agrawal 2022), grasp-
ing (Xu et al. 2023; Wan et al. 2023; Yuan et al. 2024; Huang
et al. 2024), and deformable object manipulation (Bai, Yu,
and Liu 2016; Li et al. 2023; Hou, Sahari, and How 2019).
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However, most existing studies focus on single hand, conceal-
ing the potential of bimanual dexterity. Most related work is
PGDM (Dasari, Gupta, and Kumar 2023) and we compare
BiDexHD with it in Appendix. Existing bimanual research
explores varied approaches: RL for specific tasks (e.g., Lin
et al. (2024); Huang et al. (2023); Zhang et al. (2024a)),
LLM-based systems Gbagbe et al. (2024), physics-aware
learning Wang et al. (2024b), and keypoints-based imita-
tion Gao et al. (2024). Unlike these, BiDexHD provides a
general framework leveraging unified reward functions for
state-based RL training.

Learning Dexterity From Human Demonstrations. Learn-
ing from human demonstrations provides efficient, data-
driven solutions for robot learning (Jia et al. 2024; Ode-
sanmi, Wang, and Mai 2023; Yuan et al. 2025; Luo et al.
2025), avoiding RL’s high-DoF and reward engineering chal-
lenges (Smith et al. 2019; Schmeckpeper et al. 2020; Shao
et al. 2021). Prior works (Arunachalam et al. 2023; Mandikal
and Grauman 2021; Sivakumar, Shaw, and Pathak 2022; Qin
et al. 2022; Mandikal and Grauman 2022; Liu et al. 2023;
Shaw, Bahl, and Pathak 2023; Chen et al. 2024) focus on
single-hand tasks (e.g., in-hand manipulation (Arunachalam
et al. 2023)) or video-conditioned teleoperation (Sivakumar,
Shaw, and Pathak 2022). Recent bimanual datasets (Zhan
et al. 2024; Liu et al. 2024b; Fan et al. 2023; Razali and
Demiris 2023) offer rich dual-hand poses and hand-object
interactions, enabling automated task definition. In this work,
we tackle general bimanual skill learning via tasks auto-
constructed from these demonstrations.

Preliminaries

Task Formulation. We formulate each bimanual manipu-
lation task as a decentralized partially observable Markov
decision process (Dec-POMDP). The Dec-POMDP can be
represented by the tuple Z = (M, M, S,0, A, P,R,p,7).
Dual hands with arms are separated as A/ agents, which is
represented by set M. The observation space O contains
robot proprioception and object information, which are ini-



tialized at sg € S according to the initial state distribution
p(so). At each time step ¢, the state is represented by s;, and
the i-th agent receives an observation o! € O based on s;.
Subsequently, the policy of the i-th agent, 7; € IT, takes o}
as input and outputs an action a¢ € A*. The joint action of all
agents is denoted by a; € A, where A = A x A2 x ... AN
The state transits to the next state according to the transition
function sy;11 ~ P(siy1]|s¢, ar). After this, the i-th agent
receives a reward 7 based on the reward function R(s;, a;).
The objective is to find the optimal policy 7r that maximizes
the expected sum of rewards E, [ 7 Zﬁl r{] over an
episode with T' time steps, where -y is the discount factor.
Dataset Preparation. A human bimanual manipulation
dataset consists of M trajectories D = {7%,72 ..., 7M™},
each of which describes a human using a tool with his
right hand to manipulate a target object with his left hand.
The behavior of each trajectory can be recapped with a
triplet (action, tool, object). Any triplet belongs to a union
U =V x Q x Q, where Q denotes the set of all ob-
jects and tools, and V denotes the set of all human ac-
tions. According to different behaviors depicted in 1, we can
split all the tasks into |V| categories. Each trajectory 7¢ =
{htool’ hobject’ )A(ttool’ qgﬁool7 )A(;)bjea’ ngjem, @Left’ G?ghl}izl..N in-
volves a pair of meshes of the tool and object from a object
mesh set h'*°! hobiect ¢ 3/ N_step position x € R?® and
orientation q € R* sequence of the tool and the object, and
the pose sequence of hands described in MANO (Romero,
Tzionas, and Black 2017) parameters ©.

Teacher-Student Learning. Directly learning a multi-
task vision-based dexterous policy is extremely challeng-
ing (Chen, Xu, and Agrawal 2022; Chen et al. 2023). Teacher-
student learning (Wan et al. 2023) is a more progressive and
scalable framework. In the teacher learning phase, multiple
state-based policies is first trained via reinforcement learning,
leveraging privileged information to solve multiple similar
tasks. In the student learning phase, a vision-based student
policy is distilled from a bunch of teacher policies. A key
difference in observation is that the teacher’s view includes
precise object state details, while the student relies on point
clouds of P sampled points from the object’s surface. This
makes the student policy suitable for real-world deployment,
given real-time point clouds from a multi-view RGB-D cam-
era system.

Learning Bimanual Dexterity From Human
Demonstrations
Overview

As illustrated in Figure 1, we propose a scalable three-phase
framework. In the first phase, we parallelize the construc-
tion of Dec-POMDP bimanual tasks from a human bimanual
manipulation dataset within IsaacGym (Makoviychuk et al.
2021). After task initialization, the subsequent two phases
adopt a teacher-student policy learning framework. Following
the approach of Chen, Xu, and Agrawal (2022); Chen et al.
(2023); Wan et al. (2023), we utilize Independent Proximal
Policy Optimization (IPPO) (De Witt et al. 2020) during the
second phase to train state-based teacher policies in paral-
lel independently. Each expert focuses on a subset of tasks
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that require similar behaviors. In the final phase, the teacher
policies are distilled into a vision-based student policy.

Task Construction From Bimanual Dataset

Data Preprocessing. We extract the wrist and fingertip
pose of dual hands at each timestep {Vide Jsidel —
MANO(65i%), side € {left, right} with MANO (Romero,
Tzionas, and Black 2017) parameters © = {«,3,%"},
where o € R*. 3 € R'°, and %XV € R? represent hand
pose, hand shape parameters, and wrist position respectively.
V € RT3 and J € R?1*3 represent vertices and joints
on a hand respectively. The quaternion of the wrist % € R*
is translated from axis-angle (3. Given that single LEAP
Hand (Shaw, Agarwal, and Pathak 2023) has only four fin-
gers, we can easily filter the corresponding positions of these
m = 4 fingers in .J, denoting them as x* € R™*3, In the
following sections, 7% is denoted as:

= (G @ AR Ly )
Simulation Initialization. After data preprocessing, biman-
ual manipulation tasks I' = {7*,...,7™} can be con-
structed in Issac Gym in parallel. For each task 7, the mesh
of a tool h*°°! and a target object h°"t, along with two arms
with hands are initialized with a fixed state vector:

0p% = {3 V)™, (6, @)™ x4, (x, g, v, wiid) ™ )
where side, obj € {(left, object) , (right, tool)}.

The robot proprioception includes arm-hand joint angles
and velocities, wrist poses, and fingertip positions, and object
information includes object positions, orientations, linear and
angular velocities, and a unique object identifier for multi-
task learning. For all tasks, (j, v)o are all reset to zero. The
initial states of wrist and fingertips are calculated with for-
ward kinematics accordingly. Except identifiers, the initial
observations for all tools and target objects keep unchanged.
It is worth noting that we assume the robot to be right-handed
by default, i.e., the left hand handles the target object and
the right hand handles the tool. For brevity, the repeated no-
tation side, obj € {(left, object),(right, tool)} is omitted in
subsequent sections.

To ensure the feasibility of each task, after initialization,
hand joint angles are optimized from human hand motions
via AnyTeleop Qin et al. (2023) and arm joint angles are
calculated via inverse kinematics (IK) based on the robot’s
palm base pose. By replaying all object-hand trajectories in
the simulator, we can easily identify and remove invalid tasks
to build up a complete task set I

Multi-Task State-Based Policy Learning

In the second phase, we focus on learning a multi-task
state-based policy for tasks that require similar behaviors.
We can broadly divide these tasks into two stages: First,
aligning the simulation state with initial 7 of a trajectory,
and second, following each step of the trajectory. During the
alignment stage, both hands should prioritize approaching
their objects. The left hand learns to grasp or stabilize
the target object, while the right hand learns to grasp
the tool. Once simulation alignment is achieved, both



hands are expected to maintain their hold and follow the
pre-defined trajectory derived from the human demonstra-
tion dataset to perform the manipulations in sync. The
pipeline is illustrated in Figure 2. We initialize objects
and robots at stage zero, finish simulation alignment at
stage one, and conduct trajectory tracking at stage two via
IPPO to learn state-based policies 5% (a5i% |05, ajids)
conditioning on the current observation of% =
{(j7 V)Slde 7 (X, q)Slde,W 7 Xside,ft? (X, a,v, W,id)Obj}?de and
previously executed action a$i% for dual hands.

Stage 1: Simulation Alignment. The central goal of stage
one is to align the state of simulation to the first step in a
trajectory by moving the tool and target object from the fixed
initial pose to 79, which serves as an essential yet challenging
prerequisite for subsequent trajectory tracking in stage two.
Through experiments in later sections, we find that it is not
feasible to directly acquire dynamic skills from static poses
through imitation. Instead, we adopt reinforcement learning
to develop skills like grasping, twisting and pushing. Some
previous work (Luo et al. 2024; Xu et al. 2023) on grasping
prefers introducing additional pre-grasp poses by estimating
grasping pose upon manipulated objects. We adopt a simpler
but more generalizable approach by learning skills directly
from the object poses provided in the dataset. Specifically,
we anchor the first timestep in the dataset as the reference
timestep to establish a tool-object reference pose pair for
each manipulation task. Stage one is considered complete
once both the tool and the object reach the specified pose
for a sustained u-step duration. See Appendix for examples.
Rewards are carefully designed to encourage the object to
be lifted above the table in reference to the filtered reference
poses. The total reward consists of an approaching reward, a
lifting reward, and a bonus reward.

The approaching reward, 7,0, encourages both dex-
terous hands to approach and remain close to the object. In
other words, the goal is to minimize the distance between
the robot’s palm, fingertips, and the grasp center. Since func-
tional grasping is critical for tool using, we do not simply
select the geometric center of the object. Instead, we pre-
compute the grasping center X, for each tool and object
based on the dataset. Specifically, for each task, we use the
human-demonstrated wrist and fingertip positions at the ref-
erence timestep-x5, X, Xl %M_as anchor points. We then
uniformly sample 1024 points from the surface of the object
mesh h'® hebiect to form a representative point set P and
compute the average grasp center based on the top L = 50
nearest points. 7,ppro penalizes the distance between the wrist,
fingertips, and the grasp center, and is defined as

e = I = %2 — w, T x4 — 5o
j sside,w m gside,
where %30 = LS"NN (P,L, %) '
@)

The lifting reward r); encourages holding objects tightly
in hands and lifting to desired reference poses. The robots re-
ceive a lifting reward 73, composed of a non-negative linear
position reward and a negative quaternion distance reward
if the lifting conditions are satisfied. x0* and x*°! repre-
sent the initial positions of the target object and tool in the
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simulator. X denotes the first reference position in a human
demonstration.

side __ 1— Hx(t)bj*’z?)bj‘b 0
ro¢ = max ,

pos x5 %" ll=”
side _ obj ~obj
Tquat = _]D)quat q: 49" )

side __ side side side,w
Tife = (Tpos + wqrqual) -1 (th

m
I( ZHX?deﬂ — M]3 < Aq)-

The bonus reward 7yo,,s incentivizes the target object or
the tool to reach and finally stay at their reference poses,
which lays a foundation for the second manipulation stage.
Thonus DECOMES positive only when the distance between an
object’s current position and its reference position becomes
lower than eg,... Stage one is considered successful only if

left right o :
both r" and ry > o are positive for at least u consecutive

steps. Thus, the bonus reward 7y is defined as

— %302 < A ) -

i ([ = 552 < )

otherwise.

side
Thonus

= T
The total alignment reward is the linear weighted sum of the
three components.

Tzsliidgn = wlrzsilp(i:)em + w2 rlsilge + w3rls)l(flneus
Stage 2: Trajectory Tracking. Once stage one is completed,
the left hand is securely holding the target object, and the right
hand keeps grasping the tool at its desired reference pose. The
next step is to maintain the grasp and follow a trajectory to
perform the manipulation. To achieve this, we design a more
fine-grained exponential reward, 7.k, Which encourages
the dexterous hands to precisely track the desired positions
at each timestep in a trajectory starting from the reference
timestep. Assuming that human hands are more flexible than
robotic hands, we introduce a constant tracking frequency
f, where f simulation steps correspond to one step in the
dataset. Let i?bj represent the position of a object at i-th step

in a [-step human-demonstrated trajectory and xffj represent
the object’s position at the corresponding simulation step in
IsaacGym. We have i = [t;/f] € [0,1), and the tracking
reward is defined as:

obj
side _ exp (_thXti -
k 0 otherwise.

A‘i’bj||2> if stage 1 succeeds

We adopt IPPO to learn a unified policy from the combination
of all rewards for the two stages rius = T3, + WaTjeg-
Total UNifies two stages of bimanual dexterous manipulation,
enabling scaling up to multi-task policy learning for a wide

range of constructed bimanual tasks.

Vision-Based Policy Distillation

We employ DAgger (Ross, Gordon, and Bagnell 2011),
an on-policy imitation learning algorithm, to develop a
vision-based policy for each task category v € V, un-
der the supervision of a group of state-based teacher poli-
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Figure 2: General two-stage teacher learning. For each task 77, all zero poses are initialized at stage zero. Both the tool and
object are initialized to poses sampled from a fixed Gaussian distribution centered at a fixed value with added small noise. At
stage one, approaching reward r,,pr, €ncourages both hands to get close to their grasping centers X,, and lifting reward 7}
along with extra bonus r0nys incentivizes moving both objects to thier reference poses respectively. After simulation alignment,
dual hands will manipulate objects under the guidance of tracking reward 7ck.

cies. To enhance generalization capabilities for new ob-
jects or unseen tasks, we propose transforming the stu-
dent policy into a trajectory-conditioned in-context pol-
icy, denoted as wgde(aiide |ofide piide afide ) where o, =
{(G, v)siee, (x, q)s1dew xsideft peobil, - K _step future pose
piide ¢ RE*3 and pc?™ € RP*3. Specifically, to get point
clouds pc'©! and pc™*®, we pre-sample 4096 points from the
surface of h'°! and h°"°! for each task during initialization.
At each timestep ¢, a subset of points are sampled from the
pre-sampled point clouds, transformed according to current
object pose and added with Gaussian noise for robustness.
Besides, during DAgger distillation, we augment traditional
vision-based policy 7% (aj*® |0, aj'%q ) with next K posi-
tions along the object’s trajectory as additional inputs. This
design allows the learned policy to utilize more information
about the motion of objects, such as movement direction and
speed in the near future, facilitating zero-shot transfer to un-
familiar tasks or objects. Notably, we can easily mask this
additional input by setting K = 0. We further investigate the
influence of K future steps in Section . Refer to Appendix
for algorithm and implementation details.

Experiments

Dataset. We mainly evaluate the effectiveness of BiDexHD
on the TACO (Liu et al. 2024b) dataset, a large-scale biman-
ual manipulation dataset that encompasses diverse human
demonstrations using tools to manipulate target objects in
real-world scenarios. BiDextHD converts 6 categories V =
{Dust, Empty, Pour in some, Put out, Skim off, Smear} of
total 141 human demonstrations in the TACO dataset to
Dec-POMDP tasks (See Appendix for task examples). Task
diversity and abundance make BiDexHD easy to scale up.
All tasks can be separated into 16 semantic groups, each of
which gathers a number of similar demonstrations with the
same action, the same tool-object category but different tool
and object instances. BiDextHD constructs a task from sin-

28923

gle demonstration, and thus each semantic group correspond
to a semantic subtask. We adopt teacher-student learning to
train 16 semantic sub-tasks and distill teacher policies with
similar skills into 6 vision-based policies for each category
eventually. We split 80% tasks for training (Train) and the
rest 20% unseen tasks for testing. Detailed descriptions of
dataset split are provided in Appendix. For each task in the
testing set, if the object and tool both occur in the training
set it is labeled as a kind of combinational task (Test Comb),
and otherwise it is labeled as a new task (Test New).

Figure 3: Visualization of sampled task: (empty, bowl, bowl).

Metrics. To measure the quality of our constructed tasks, we
introduce two metrics m; and ms.

* m;: the average success rate of stage one. For n
: _ 1 n e
episodes, m; = = > " If averages over the num-
ber of episodes that satisfys conditions I; at stage one.
t+u {toolobject}

I : 30<t<T—uZ H
t

T(1” = 53712 < e ) - T(Dauar(a™, @) < e ) =

* my: the average tracking rate of stage two. Each task cor-
responds to [-step human demonstration. For each episode,
calculate the proportion of steps where two objects both
effectively follows their desired poses. my is the average



tracking rate over n episodes.

n 1—1 {tool,object}

1 bi bi
2= H Z; H ]I(”X;)ij - X;) JH2 < Elrack)'

]I (]D)quat (qg:)J ) ngj) S 5track>

It is important to note that my serves as the primary metric for
indicating task completion while m; is an intermediate metric
for assessing task progression. Considering the choice of egycc
and e,k has a non-legligible impact for evaluation, we will
discuss the sensitivity of these thresholds in Appendix. By
default, we choose gycc = Erack = 0.1.

Teacher Learning

Different RL algorithms can be incorporated into BiDexHD.
We mainly compare the performance of independent PPO
(BiDexHD-IPPO) and centralized PPO (BiDexHD-PPO).
For BiDexHD-IPPO, two agents possess their own observa-
tions and execute their own actions. For BiDexHD-PPO, a
single policy takes as input both observations and is trained to
output all actions that maximize the sum of all total rewards
in an episode, which transforms a Dec-POMDP task into a
POMDP task.

RL Results. Table 1 (green rows) shows average perfor-
mance on auto-constructed bimanual tasks. BiDexHD-IPPO
achieves near-complete stage-one success and high track-
ing quality for seen objects (Train/Test Comb), demonstrat-
ing scalability across TACO tasks. BiDexHD-PPO underper-
forms due to IPPO’s superior efficiency in learning robust
skills via independent left/right policies with smaller obser-
vation/action spaces. Furthermore, two independent expert
policies focusing solely on specific groups of target objects or
tools adapt more easily to similar combinational tasks than a
single policy that must attend to both. See Appendix for more
detailed discussion and evaluation results. Both BiDexHD-
IPPO/PPO experience a noticeable performance decline on
new objects (Test New). Both methods decline on new ob-
jects (Test New) due to one-hot object label dependency in
state-based training. The primary reason for this drop is that
these approaches incorporate one-hot object labels in observa-
tions during state-based training, leading the policy to heavily
rely on this information. We address this by removing labels
during vision-policy distillation to enhance generalization.

Ablations on Teacher Learning

Alignment Stage. To demonstrate the necessity of the de-
sign of dataset-simulation alignment stage, we compare
BiDexHD-IPPO with a more naive version, denoted as (w/o
stage-1), which retains only 7, in RL training at stage 2
and maintains a fixed number of free exploration steps at
stage 1. The second line in the green section of Table 1 re-
veals a significant performance decline. We observe that only
30.5% of relatively easy tasks (See Appendix for details)
achieve positive m; and ms, while for the remaining tasks,
the success rate of stage 1 and the tracking rate of stage 2
remain at zero, which emphasizes the importance of rjign
during stage 1.
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Functional Grasping Center. In BiDexHD, we pre-compute
the grasping center X, to calculate r,ppr in Equation 2. In
this section, we replace the grasping center with the object ge-
ometric center, denoted as (w/o gc). The results presented in
the third line of Table 1 show a decrease in m; and mo,
particularly on tasks involving seen objects compared to
BiDexHD-IPPO. To further investigate their behavior discrep-
ancy, we visualize their grasping poses for a typical task (dust,
brush, pan) in Appendix. BiDexHD-IPPO aligns more closely
with the calculated grasping centers (red points), exhibiting
human-like grasping behavior. In contrast, BiDexHD-IPPO
(w/o gc) with geometric centers (green points) struggles to
find proper poses for using the brush or holding the pan. In
fact, the geometric center of an object does not often fall
within areas suitable for manipulation. These findings high-
light the significance of incorporating a functional grasping
center, particularly for objects that are thin, flat, or equipped
with handles.

Success Bonus. The 4*” line in the green section of Table 1
investigates whether removing reward rponys defined in Equa-
tion affects performance. We observe a decline in ms on both
the training set and unseen tasks involving new objects. We
analyze the additional bonus in Equation effectively signals
the transition between the two stages, enhancing the policy’s
awareness of task progression.

Student Learning

For the BiDexHD variants, several trained multi-task state-
based teacher policies from one task category are distilled
into a single vision-based policy, which is then tested on
all tasks. We also introduce behavior cloning (BC) as our
baseline, whose configuration is reported in Appendix. To
directly learn bimanual skills from a dataset, we employ Dex-
pilot (Handa et al. 2020) to retarget human hand motions in
the TACO dataset to joint angles for dexterous hands, solving
IK for arm joint angles. All joint angles are collected and
replayed in IsaacGym (Makoviychuk et al. 2021) to gather
observations. BC learns purely from this static observation-
action dataset and is ultimately tested under the same config-
uration as BiDexHD.

DAgger Results. The blue section of Table 1 displays the
performance of the vision-based policies. Our BiDexHD-
IPPO+DAgger significantly outperforms both PPO variant
and BC, achieving a high task completion rate on the training
set and an average mo = 51.07% across all unseen tasks
(Test Comb and Test New). This evidence indicates the scal-
ability and competitive generalization ability of BiDexHD
framework. Among unseen tasks, we observe a slight de-
cline in my for combinational tasks, while tasks involving
new objects show a sharp increase in mo. This suggests that
the vision-based policy relies more on information from the
point clouds, such as shape and local features, rather than
specific one-hot identifiers, enabling effective zero-shot gen-
eralization. Conversely, BC performs poorly due to the loss
of true dynamics in the simulation, often getting confused by
unfamiliar observations and stuck in stationary states. This
also reflects the challenges associated with our constructed
bimanual tasks. Our framework unifies bimanual skill learn-
ing through a combination of trial-and-error and distillation,



Method Train Train Test Comb Test Comb Test New Test New
my(%) ma(%) my (%) mo(%) my (%) mo(%)
BiDexHD-PPO 90.55 53.88 78.74 36.99 81.42 26.24
BiDexHD-IPPO (w/o stage-1) 25.00 17.52 24.80 18.10 19.85 08.51
BiDexHD-IPPO (w/o gc) 90.53 66.39 91.47 52.11 77.03 22.63
BiDexHD-IPPO (w/o bonus) 97.67 66.65 98.01 59.76 77.96 17.52
BiDexHD-IPPO 98.71 78.18 98.37 59.94 75.48 21.34
BC 00.00 00.00 00.00 00.00 00.00 00.00
BiDexHD-PPO+DAgger 95.35 55.82 76.75 30.42 86.34 30.00
BiDexHD-IPPO+DAgger 99.38 74.59 92.85 48.43 94.79 53.71

Table 1: The average success rate of stage 1 and tracking rate of stage 2 during training and evaluation across all tasks constructed

from the TACO dataset under £gycc = Eyack = 0.1.

providing a robust and scalable solution to diverse challeng-
ing bimanual manipulation tasks.Detailed evaluation results
are reported in Appendix . We observe that in ‘Dust’ and
‘Empty’ task categories, the task diversity is relatively am-
ple. Therefore, the distilled policy can surpass the average
level of expert policies, which proves that distilling similarity
policies bring about positive promotion effects to the final
unified policy.

Future Conditioned Steps. We further examine the selection
of K € {0,1,2,5} for future object positions. Specifically,
when K = 0, the vision-based policy relies exclusively on
3D information from object point clouds and the robot’s pro-
prioception. As shown in Table 2, the performance across
different values of K does not vary significantly. Even when
future conditioned steps are masked (K = 0), my only ex-
hibits slight declines of 2.5% on trained tasks and an average
of 3.1% on all unseen tasks compared to K = 5. This evi-
dence suggests that after the multi-task RL training phase,
the teachers have acquired diverse and robust skills, making
pure imitation sufficient for a student to achieve acceptable
performance. Nonetheless, K future steps provide additional
informative and fine-grained, albeit implicit, clues such as
motion and intention for more precise tracking. We discuss
planning future object trajectories for real-world deployment
in Appendix.

K
Metrics (%)
0 1 2 5
Train m; 98.01 98.81 98.71 99.38
Train mo 72.09 7540 75.01 74.59
Test Combm; 9436 92.11 93.26 92.85
Test Comb my 46.64 49.02 48.60 48.43
Test New my 9396 94.67 94.38 94.79
Test New mo 4927 51.00 50.39 53.71

Table 2: The metrics of different K future steps.

Scalability of BiDexHD

To demonstrate BiDexHD is scalable and transferable in het-
erogeneous bimanual tasks, we extend our BiDexHD frame-
work to another bimanual dataset ARCTIC (Fan et al. 2023),
which mainly focuses on bimanual cooperative tasks of a sin-
gle object. We build up 11 tasks in total, 8 for multi-task train-
ing and 3 for testing. The average success rate of stage one my
and trajectory tracking rate mos shown in Table 3 demonstrate
the effectiveness and generalizability of BiDexHD in collab-
orative bimanual manipulation tasks. Refer to our Appendix
for details.

. BiDexHD- BiDexHD-
Metrics (%) “"1ppg  1PPO+DAgeer
Train m; 93.67 90.98
Train mo 86.75 80.49
Test New m; 80.31 88.62
Test New mo 53.47 65.99

Table 3: The metrics of ARCTIC dataset.

Conclusion & Limitations

We introduce a novel approach to learning diverse bimanual
dexterous manipulation skills that utilizes human demon-
strations. Our BiDexHD automatically constructs bimanual
manipulation tasks from existing datasets and employs a
teacher-student learning approach for a vision-based pol-
icy that can tackle similar tasks. Experimentals demonstrate
that BiDexHD facilitates robust RL training and policy dis-
tillation, achieves high performance across 6 categories of
TACO unseen tool-using tasks through zero-shot generaliza-
tion and transfers to ARCTIC collaborative tasks. In future
work, exploring strategies to achieve more precise spatial
and temporal tracking is a valuable future direction. Addi-
tionally, incorporating a wider variety of real-world tasks,
such as deformable object manipulation and bimanual han-
dover, could reveal further potential in dynamic collaborative
manipulation scenarios with bimanual hands.
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