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Fig. 1: We introduce DexterityGen (DexGen) as a foundation controller that achieves unprecedented dexterous manipulation
behavior with teleoperation. DexGen is a generative model that can translate an unsafe, coarse motion command produced
by external policy to safe and fine actions. With human teleoperation as a high-level policy, DexGen exhibits unprecedented
dexterity from diverse object rotation and regrasping to using pen, syringe, and screwdriver.

Abstract—Teaching robots dexterous manipulation skills, such
as tool use, presents a significant challenge. Current approaches
can be broadly categorized into two strategies: human teleop-
eration (for imitation learning) and sim-to-real reinforcement
learning. The first approach is difficult as it is hard for humans to
produce safe and dexterous motions on a different embodiment
without touch feedback. The second RL-based approach struggles
with the domain gap and involves highly task-specific reward en-
gineering on complex tasks. Our key insight is that RL is effective
at learning low-level motion primitives, while humans excel at
providing coarse motion commands for complex, long-horizon
tasks. Therefore, the optimal solution might be a combination of
both approaches. In this paper, we introduce DexterityGen (Dex-

Gen), which uses RL to pretrain large-scale dexterous motion
primitives, such as in-hand rotation or translation. We then
leverage this learned dataset to train a dexterous foundational
controller. In the real world, we use human teleoperation as a
prompt to the controller to produce highly dexterous behavior.
We evaluate the effectiveness of DexGen in both simulation and
real world, demonstrating that it is a general-purpose controller
that can realize input dexterous manipulation commands and
significantly improves stability by 10-100x measured as duration
of holding objects across diverse tasks. Notably, with DexGen
we demonstrate unprecedented dexterous skills including diverse
object reorientation and dexterous tool use such as pen, syringe,
and screwdriver for the first time.
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Fig. 2: Overview of proposed framework. Left (Training): We collect a large multi-task dexterous in-hand manipulation dataset
in simulation to pretrain a generative model that can generate diverse actions conditioned on the current state. The pretrained
generative model can produce useful actions including rotation, translation, and more intricated behaviors. Right (Inference):
During inference, we can project dangerous motion produced by teleoperation or policy back to a high-likelihood action with
guided sampling. This makes DexGen capable of assisting a coarse high-level policy to perform complex object manipulations.

1. INTRODUCTION

Dexterous robotic hands are increasingly capturing attention
due to their potential across various fields, including manu-
facturing, household tasks, and healthcare [3&]. These robotic
systems can replicate the fine motor skills of the human hand,
enabling complex object manipulation [50, 4]. Their ability
to perform tasks requiring human-like dexterity makes them
valuable in areas where traditional automation falls short.
However, effectively teaching dexterous in-hand manipulation
skills to robotic hands remains a key challenge in robotics.

Recent data-driven approaches to teach robots dexterous
manipulation skills can be boardly categorized into two cate-
gones human teleoperat10n (for imitation learning) [20, 15,

33, 42, 12, 34, 11, y1] and sim- to-real Remforcement
Learmng (RL) [4, 16, ,;x, 63, 25, 19, 9, 24, 3, 36, 61, 60,
33, 52]. Desp1te the1r success, these methods face several
l1m1tat10ns in practical applications. For human teleoperation,
a major bottleneck is the collection of high-quality demon-
strations [32, 62]. In contact-rich dexterous manipulation, it
is challenging for humans to perform safe and stable object
manipulation actions, often resulting in objects falling from
the hand. This makes teleoperation impractical for dexterous
manipulation tasks. For sim-to-real RL, challenges arise from

the significant domain gap between simulation and the real
world, as well as the need for highly task-specific reward
specifications when training an RL agent for complex tasks.
We will discuss these challenges in more detail in Section II.

While each approach has its own set of challenges, com-
bining their strengths offers a promising strategy to address
the complexities of dexterous manipulation. Specifically, re-
cent sim-to-real RL works [41, 63] have shown that it is
possible to train simple dexterous in-hand object manipulation
primitives (e.g. rotation) that can be transferred to a robot
in the real world. This suggests that RL can be leveraged
to generate a large-scale dataset of dexterous manipulation
primitives, including in-hand object rotation, translation, and
grasp transitions. Meanwhile, humans excel at composing
these skills through teleoperation to address more challenging
tasks. For example, Yin et al. have shown that they can perform
in-hand reorientation by calling several rotation primitives
sequentially [63]. However, the external inputs in these studies
are limited to a few discretized commands, lacking control
over low-level interactions, such as finger movements and
object contact. This limitation makes it difficult to prompt ex-
isting models to generate more detailed, finger-level interaction
behaviors, such as using a syringe or screwdriver.

Motivated by these observations, in this paper, we propose



a novel training framework called DexterityGen (DexGen) to
address the challenges of teaching dexterous in-hand manip-
ulation skills. Qur main idea is to use a broad, multitask
simulation dataset generated via RL to pretrain a generative
behavior model (DexGen) that can translate a coarse motion
command to safe robot actions which can maximally preserve
the motion while guaranteeing safety. In real-world appli-
cations, an external policy, such as human teleoperation or
an imitation policy, can be used to prompt DexGen to exe-
cute meaningful manipulation skills. Our approach effectively
decouples high-level semantic motion generation from fine-
grained low-level control, serving as a foundational low-level
dexterity controller.

We validate our DexGen framework through both simulated
and real-world experiments. In simulation, we demonstrate
that DexGen significantly enhances the robustness and per-
formance of a highly perturbed noisy policy, extending its
stable operation duration by 10-100 times and enabling success
even when input commands are predominantly noise. In real-
world scenarios, we employ human teleoperation as a proxy
for high-level motion commands and test the framework on
various challenging dexterous manipulation tasks involving
complex hand-object interactions across a diverse set of ob-
jects. Notably, it successfully synthesizes trajectories to solve
challenging tasks, such as reorienting and using syringes and
screwdrivers for the first time (with human guidance).

II. EXISTING APPROACHES:
CHALLENGES AND OPPORTUNITIES

In this section, we review the challenges and opportunities
with existing approaches to dexterous manipulation that mo-
tivate our work.

A. Human Teleoperation for Imitation Learning

Challenge: Dexterous manipulation via teleoperation is
challenging for humans due to the following reasons:

a) Partial Observability: During in-hand manipulation,
the object motion is determined by the contact dynamics
between hand and object [58, 38, 23]. Successful manipulation
requires perceiving and understanding contact information,
such as normal force and friction, to generate appropriate
torques. However, human operators face challenges in ob-
serving this information due to occlusion and limited tactile
feedback. Additionally, existing discrete haptic feedback (e.g.
binary vibration) alone is often inadequate for conveying
complex touch interactions and contact geometries.

b) Embodiment Gap: Although human and robot hands
may appear similar at first glance, they differ significantly in
their kinematic structures and geometries. For example, human
fingers have smooth and compliant surfaces, while the robot
fingers often have rough edges. These differences result in
discrepancies in contact dynamics, making it challenging to
directly transfer our understanding of human finger motions
for object manipulation to robotic counterparts. In our early
experiments, we find the object motion very sensitive to the
change of fingertip shape.

c) Motion Complexity: Dexterous in-hand manipulation
involves highly complex motion. The process requires precise
control of a high degree-of-freedom dynamical system. Any
suboptimal teleoperation motion at any DOF can lead to
failures such as breaking grasping contacts.

d) Inaccuracy of Actions (Force): Existing robot hand
teleoperation systems are based on hand retargeting with po-
sition control, which lacks an intuitive force control interface
to users. As a result, users can only influence force through
position-control errors, making teleoperation particularly chal-
lenging in force-sensitive scenarios. Moreover, the presence of
noise in real world robot system further complicates control.

Opportunity: High-level (Semantical) Motion Control
While humans may find it challenging to provide fine-grained,
low-level actions directly, human teleoperation or even video
demonstrations can still offer valuable coarse motion-level
guidance for a variety of complex real-world tasks. Humans
possess intuitive knowledge, such as where a robot hand
should make contact and what constitutes a good grasp. Thus,
human data can be leveraged to create a high-level semantic
action plan. In locomotion and whole-body control research,
recent studies have proposed using teleoperation commands
as high-level motion prompts [0, 17]. However, extending
this approach to finegrained dexterous manipulation remains
an open question.

B. Sim-to-real Reinforcement Learning

Challenge: Developing a generalized sim-to-real policy for
dexterous manipulation involves two main challenges:

a) Sim-to-Real Gap: 1t is difficult to reproduce real-
world sensor observation (mainly for vision input) and physics
in simulation. This gap can make sim-to-real transfer highly
challenging for complex tasks. In particular, transferring a
vision-based control policy from simulation to real world
for dexterous hands is a huge challenge and requires costly
visual domain randomization [56]. For instance, Dextreme [16]
leveraged extensive visual domain randomization with 5SM
rendered images to train a single object rotation policy.

b) Reward Specification: A more important issue, be-
yond the sim-to-real gap, is the notorious challenge of design-
ing reward functions for long-horizon, contact-rich problems.
Existing methods often involve highly engineered rewards or
overly complicated learning strategies [9], which are task-
specific and limit scalability.

Opportunity: Low-level (Physical) Action Control Al-
though sim-to-real RL can be difficult, especially for those
complex long-horizon or vision-based tasks, some recent
works have shown that sim-to-real RL is sufficient to build
diverse transferable manipulation primitives based on propri-
oception and touch [63]. Therefore, one opportunity for sim-
to-real RL is to create rich low-level action primitives that can
be combined with the high-level action plan discussed above.
In this paper, we achieve this through generative pretraining.



@\ [/ ovov
=y P e =
~\@mor,o ¥
 EW A ¥ X
\=90°0H

O 3 — — S o
Diverse Objects

Training Dataset Pipeline

Object Model % Grasp Generation P» Grasp Set %
IS TP
TR
e Ve O

K & K d @

Diverse Grasp Set

Simulation RL
Data Collection

Grasp-to-Grasp
Trajectories

Diverse Wrist Movement

Fig. 3: Dataset: The Anygrasp-to-Anygrasp dataset generation pipeline is designed for the generative pretraining of DexGen.
For a wide variety of objects, we extensively search for potential grasp configurations, using these as both the initial and
goal states for RL policies. To ensure our diffusion model can manage diverse scenarios, we incorporate varied wrist poses,
movements, and domain randomization during RL training and data collection.
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Fig. 4: Model: Architecture of the DexGen controller. The whole system takes robot state, external motion conditioning, and
mode conditioning as input. A diffusion model first generates the motion as the intermediate action representation. The motion
conditioning is not fed into the diffusion model directly but as the gradient guidance during the diffusion sampling. Then,
another inverse dynamics model will translate the generated motion to executable robot action. We implement our diffusion
model as a UNet in this paper. The inverse dynamics model is a residual multilayer perceptron.

II1. THE DEXGEN CONTROLLER

We propose to pretrain a generative behavior model pg(a|o)
on the simulation dataset to model prior action distribution so
that it can generate stable and effective actions a conditioned
on the robot state o. During inference, we can sample actions
from this distribution and further aligned with external motion
commands using gradient guidance. We detail the dataset used
for training the model in section III-B, the model architecture
in section III-C, and the inference procedure in section III-D.

A. Preliminaries

a) Diffusion Models: Diffusion Model [18] is a pow-
erful generative model capable of capturing highly complex
probabilistic distributions, which we use as our base model.
The classical form of the diffusion model is the Denoising
Diffusion Probabilistic Model (DDPM) [18]. DDPM defines a
forward process that gradually adds noise to the data sample

o ~ pdata(x):
Ty = /Ty 1+ 1 — oy, (D

where «; is some noising schedule. We have z; ~
N (Vazzg, (1 — @;)I) where @ = []._, a. goes to O as
t — +oo. DDPM trains a model pq(x¢,t) to predict denoised
sample x; given the noised sample x; with its timestep t.
During sampling, DDPM generates the sample by removing
the noise through a reverse diffusion process:

p(i—1|70) = N(31-1; po (e, 1), 03 1) 2)

DDPM can generate high-fidelity samples in both vision and
robotics applications. In addition to the power to generate
data samples faithfully, diffusion models also support guided
sampling [2 1], which turns out to be very useful in our set-up.

Specifically, when pgtq(z) is modeled by a diffusion
model, we can sample from a product probability distribution



P(T) X Paate(x)h(x) where h(x) is given by a differentiable
energy function h(x) = exp J(x). To do this, we only need
to introduce a small modification to the reverse diffusion
step. Given the current sample p, we add a correction term
aX.VJ(u) to u. Here, « is a step size hyperparameter and
Y is the variance in each diffusion step. This will guide the
sample towards high-energy regions in the sample space. We
can set 1(x) to control the style of generated samples.

b) Robot System and Notations: In this paper, we assume
the robot hand is driven by a widely used PD controller. At
each control timestep, we command a joint target position G;
and the controller will use torque 7 = K, (G — ¢¢) — Kag: to
drive the joints. Here, g; is the current joint position, and ¢;
is the joint velocity. K, and K, are two constant scalar gains.
We use x; to denote the key point positions of finger links at
time ¢ in the wrist frame. Note that our algorithm does not rely
on a specific system implementation and can be extended to
other robot systems. We can also specify keypoints and actions
for other robots to implement our proposed algorithm.

B. Large-Scale Behavior Dataset Generation

Since human teleoperation or external policies will control
the robot hand to interact with the object in diverse ways, our
model should be capable of providing refinement for all these
potential scenarios (states). To achieve this, we require a large-
scale behavior dataset to pretrain our DexGen model, ensuring
comprehensive coverage of the state space. We accomplish
this by collecting object manipulation trajectories in simulation
through reinforcement learning.

Anygrasp-to-Anygrasp To ensure our dataset can cover a
broad range of potential states, we introduce Anygrasp-to-
Anygrasp as our central pretraining task. This task captures
the essential part of in-hand manipulation, which is to move
the object to arbitrary configurations. For each object, we
define our training task as follows. We first generate a set
of object grasps using Grasp Analysis and Rapidly-exploring
Random Tree (RRT) [31], similar to the Manipulation RRT
procedure [25]. Each generated grasp is defined as a tuple
(hand joint position, object pose). In each RL rollout, we
initialize the object in the hand with a random grasp. We set
the goal to be a randomly selected nearby grasp using the
k Nearest-Neighbor search. After reaching the current grasp
goal, we update the goal in the same way. We find it crucial
to select a nearby reachable goal during the training process,
as learning to reach a distant grasp directly can be difficult.
After training, we use this anygrasp-to-anygrasp policy to
rollout grasp transition sequences to cover all the possible
hand-object interaction modes. We sample over 100K grasp
for most objects during grasp generation to ensure coverage.
This training procedure yields a rich repertoire of useful
skills, including object translation and reorientation, which
the high-level policy can leverage for solving downstream
tasks (Figure 5). In addition to the Anygrasp-to-Anygrasp task,
we also introduce other tasks such as free finger moving and
fine-grained manipulation (e.g. fine rotation) to handle tasks
that have special precision requirements.
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Fig. 5: Our large-scale, multi-task pretraining dataset covers
diverse grasp to grasp transitions (arrows). DexGen controller
learns the dataset action distribution (purple shaded area) at
each state, and we can use sequential motion prompting (pur-
ple triangle) to perform a useful long-horizon skill, connecting
two distance states.

During RL training, we use a diverse set of random objects
and wrist poses. For each task, we include random geometrical
objects with different physical properties. To enhance the
robustness of our policy, we randomly adjust the wrist to dif-
ferent poses throughout the process, in addition to employing
commonly used domain randomizations, so the policy will
learn to counteract the gravity effects and exhibit prehensile
manipulation behavior (Figure 3). By combining all these data,
the robot hand can manipulate different kinds of objects in
different wrist configurations against gravity rather than being
limited to manipulating a single object at a certain pose. More
details of the RL training can be found in Appendix.

We collect a total of 1 x 100 transitions as our simulation
dataset, equivalent to 31.7 years of real world experience.
Generating this dataset (by rolling out trained RL policies)
requires 300 GPU hours. Although the dataset is large, we
hypothesize it can still be far from sufficient as the human
dexterity emerges from millions of years of evolution. Never-
theless, this simulated dataset still enables reliable dexterous
behavior that have not been showed before.

C. DexGen Model Architecture

We illustrate our DexGen model architecture in Figure 4.
The DexGen model has two modules. The first module is a
diffusion model that characterizes the distribution of robot fin-
ger keypoint motions given current observations. Here we use
3D keypoint motions Az € RT*X>*3 in the robot hand frame
as an intermediate action representation, This representation is
particularly advantageous for integrating guidance from human
teleoperation. In this context, T is the future horizon, K is the
number of finger keypoints. The second module in DexGen
is an inverse dynamics model, which converts the keypoint
motions to executable robot actions (i.e. target joint position)
ar = .

We use a UNet-based [46] diffusion model to fit the complex
keypoint motion distribution of our multitask dataset. Our






























