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Figure 1: We introduce DexNDM, a sim-to-real approach that enables unprecedented in-hand rotation in
the real world. We master a wide object distribution, including (A) challenging geometries and (B) complex
shapes, across (C) rich wrist orientations. (D) A teleoperation application. Videos in website.

ABSTRACT

Achieving generalized in-hand object rotation remains a significant challenge in
robotics, largely due to the difficulty of transferring policies from simulation to the
real world. The complex, contact-rich dynamics of dexterous manipulation create
a “reality gap” that has limited prior work to constrained scenarios involving sim-
ple geometries, limited object sizes and aspect ratios, constrained wrist poses, or
customized hands. We address this sim-to-real challenge with a novel framework
that enables a single policy, trained in simulation, to generalize to a wide variety
of objects and conditions in the real world. The core of our method is a joint-
wise dynamics model that learns to bridge the reality gap by effectively fitting
limited amount of real-world collected data and then adapting the sim policy’s ac-
tions accordingly. The model is highly data-efficient and generalizable across dif-
ferent whole-hand interaction distributions by factorizing dynamics across joints,
compressing system-wide influences into low-dimensional variables, and learning
each joint’s evolution from its own dynamic profile, implicitly capturing these net
effects. We pair this with a fully autonomous data collection strategy that gathers
diverse, real-world interaction data with minimal human intervention. Our com-
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plete pipeline demonstrates unprecedented generality: a single policy successfully
rotates challenging objects with complex shapes (e.g., animals), high aspect ratios
(up to 5.33), and small sizes, all while handling diverse wrist orientations and ro-
tation axes. Comprehensive real-world evaluations and a teleoperation application
for complex tasks validate the effectiveness and robustness of our approach.

1 INTRODUCTION

Advancing dexterous manipulation is essential to achieving highly capable embodied intelligence.
A fundamental yet challenging skill in this domain is in-hand object rotation. The long-standing
goal, which we also pursue in this work, is to develop a general-purpose policy that can rotate a
broad distribution of objects across diverse wrist orientations and rotation axes in the real world.

Despite recent progress, the community has yet to achieve this level of generality. Existing meth-
ods (Chen et al., 2022; Yang et al., 2024; Qi et al., 2023; Wang et al., 2024; Zhao et al., 2025;
Yuan et al., 2023) are often constrained to specific scenarios: some assume a consistently up-facing
hand, others handle only a limited set of simple, regular-sized objects, and many rely on expen-
sive, customized hardware with sophisticated tactile sensing. While some approaches (Yang et al.,
2024) show generality in one dimension, such as rotation axes, they are limited in others, like object
complexity. To our knowledge, no prior work demonstrates robust, in-the-air rotation for a wide
spectrum of objects—including complex shapes, high aspect ratios, and varied sizes—under diverse
wrist orientations and rotation axes.

The primary barrier to this goal is the formidable “sim-to-real gap”, due to the difficulty in modeling
the complex interaction dynamics marked by rich, rapidly varying, and load-dependent contacts.
This undermines both model-based (Pang & Tedrake, 2021; Pang et al., 2023; Suh et al., 2025) and
model-free (Qi et al., 2023; Chen et al., 2022; Yang et al., 2024) approaches. A promising idea for
sim-to-real transfer is learning a neural dynamics model from real-world data (He et al., 2025; bin
Shi et al., 2024). This approach has proven effective in locomotion, where relatively easier fail-
ure recovery and readily observable states permit efficient collection of distributionally relevant task
data. This success, however, does not easily translate to general-purpose manipulation, where the re-
quirements for data volume and distributional relevance create an inescapable conflict. The need for
generality demands massive data to cover diverse objects. Yet, ensuring this data is distributionally
relevant is sometimes impossible and operationally far more complex: suboptimal deployable policy
cannot manipulate hard objects (e.g., long); catastrophic failures (i.e., dropping the object) necessi-
tates frequent human intervention for resets; severe hand-induced occlusions complicate accurately
tracking states of diverse objects. This conflict creates a critical bottleneck for the field.

To overcome these challenges, we introduce a framework that breaks this inescapable conflict by
fundamentally rethinking both the model and the data. Our central insight is to factorize the learn-
ing problem through a more generalizable dynamics model, which in turn enables a more scalable
data collection strategy. First, instead of modeling the high-dimensional hand-object system as a
whole (bin Shi et al., 2024), we learn a joint-wise neural dynamics model. This model factorizes the
system and predicts the evolution of each joint using only its own proprioceptive history, generaliz-
ing the idea of RMA (Kumar et al., 2021). This design directly confronts the challenges: it is inher-
ently immune to object state estimation difficulty, and by distilling system-wide influences—self-
actuation, inter-joint couplings and object loads—into low-dimensional and task-sufficient net ef-
fects with reduced nuisance variability, the model becomes highly sample-efficient and generaliz-
able without sacrificing expressivity as evidenced by experiments. This enhanced generalizability
is the key that unlocks our second innovation: a fully autonomous data collection strategy. By ap-
plying randomized loads to the hand in a task-agnostic manner, we gather data while eliminating
catastrophic failures and the need for human resets. This allows us to learn a dynamics model gener-
alizing well to our task of interest from cheap and scalable data, which we then use to train a residual
policy that adapts a simulation-trained base policy to the real world, achieving broad generality. We
attain the base policy via a specialist-to-generalist pipeline: train category-specific experts on data
spanning aspect ratios and geometric complexities, then distill them into a unified policy.

We validate our method in both the simulation and the real world. In simulation, our base policy gen-
eralizes to novel, complex shapes, outperforming strong baselines by 37%–81%. In real world, our
sim-to-real method significantly and consistently improves rotation performance, enabling versatile
rotation across diverse wrist orientations and rotation axes on a broad object distribution—including
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Figure 2: Learning from Real-World Data for Control. (A) Learn a whole-body dynamics model from
real-world data for policy tuning or model-based control. (B) Learn a residual action model to �netune a base
policy. (C) Learn joint-wise dynamics and a residual policy to adapt the base policy.
complex geometries (e.g., animal models), aspect ratios up to 5.33, and object-to-hand ratios of
0.31–1.68 (Fig. 1; videos on our website). Notably, in a challenging downward-facing hand con-
�guration, we are, to our knowledge, the �rst to rotate long objects (10–16 cm) around their long
axis for about one full circle in the air. Compared to Visual Dexterity (Chen et al., 2022) on a large,
customized D'Claw, our smaller LEAP hand matches or surpasses performance and succeeds on
shapes it struggles with (e.g., elephant, bunny, teapot). We also generalize to a much broader, more
challenging object distribution than the prior multi-wrist SOTA (Yang et al., 2024). Moreover, we
showcase an application enabled by our general rotation policy: building a teleoperation system to
perform complex dexterous tasks, such as tool-using (e.g.,screwdriver, knife) and assembly (Heo
et al., 2023). A systematic ablation study validates the crucial role of our key design choices in both
the dynamics model and the data collection strategy. Our main contributions are four-fold:

• A novel sim-to-real framework for dexterous in-hand rotation, built on a joint-wise neural dy-
namics model and autonomous data collection to tackle the core challenges of learning complex
interaction dynamics and acquiring real-world interaction data.

• An in-hand object rotation policy that achieves unprecedented generality in rotating challenging
objects (high-aspect-ratio, complex shapes, small sizes) under dif�cult wrist orientations.

• An in-depth analysis of the rationale, advantages, and scope of effectiveness of the joint-wise
neural dynamics model from both theoretical and empirical perspectives.

• A demonstration of a practical application in teleoperation for complex dexterous tasks.

2 RELATED WORK

Our work is broadly related to two research topics: in-hand object rotation and sim-to-real strategies.
In-hand rotation is an important yet challenging robitc task. Despite advances, prior methods still
(i) assume an up-facing hand (Qi et al., 2022; Wang et al., 2024; Yuan et al., 2023; Zhao et al., 2025),
(ii) handle only normal-sized objects with limited geometric diversity (Qi et al., 2023; Röstel et al.,
2025; Pitz et al., 2024a;b; Yang et al., 2024), or (iii) rely on expensive hardware and sophisticated
tactile sensing (Yang et al., 2024; Wang et al., 2024; Qi et al., 2023). AnyRotate (Yang et al., 2024)
achieves axis and wrist generality, but only on normal-sized regular objects in the real world. Visual
Dexterity (Chen et al., 2022) rotates complex shapes in the air, yet performance on small or high-
aspect-ratio objects is unveri�ed. We aim to achieve generality in rotating challenging (e.g.,long,
small) and complex objects across diverse wrist orientations and rotation axes. A central obstacle to
realizing this is thesim-to-real gap: mismatched parameters, model discrepancies, and unmodeled
effects derail transfer of simulation-trained policies. Existing approaches include: (1) Domain Ran-
domization (DR), which broadens training distributions (Loquercio et al., 2019; Peng et al., 2017;
Tan et al., 2018; Yu et al., 2019; Mozi�an et al., 2019; Siekmann et al., 2020); (2) System Identi�-
cation (SysID), which �ts simulator parameters from real data (An et al., 1985; Mayeda et al., 1988;
Lee et al., 2023; Sobanbabu et al., 2025); (3) online adaptive policies (Kumar et al., 2021; Qi et al.,
2022); and (4) neural modeling of real dynamics to guide transfer (He et al., 2025; Fey et al., 2025;
Hwangbo et al., 2019). DR relies on heuristic ranges; SysID is bounded by its parameterization;
and online adaptation typically depends on dynamics coverage in training. Learning real dynam-
ics offers the highest ceiling: A classical line in neural control learns residual or full models for
the whole system for model-based control (Fig. 2 (A),e.g.,Neural Lander (Shi et al., 2018), MB-
Max (bin Shi et al., 2024)). As the task complexity increases, learning globally accurate, physically
plausible dynamics that is super robust to support policy tuning or controller development is dif�-
cult (Shi, 2025). Therefore, another trend of methods proposed in sim-to-real RL (e.g.,UAN (Fey
et al., 2025) and ASAP (He et al., 2025)) learn sim-real delta actions and �ne-tune policies based on
that to bridge the dynamics gap (Fig. 2 (B)). Success hinges on collecting enough real-world data
that is distributionally relevant to the task or can offer a comprehensive coverage—a minor issue in
locomotion and static-contact tasks, but a major bottleneck in dexterous manipulation. We address
this with a generalizable joint-wise neural dynamics model that relaxes the training data distribution
requirement, followed by a residual policy to bridge the reality gap (Fig. 2 (C)).
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3 METHODOLOGY

Figure 3:Method Overview. (A) RL-train object category-speci�c rotation specialists.(B) Distill them into
a single generalist via BC.(C-E) Neural sim-to-real: autonomously collect real-world transitions with random
loads(C), learn a joint-wise neural dynamics model(D), and train a residual to bridge the reality gap(E).
Deploy the base generalist (B) augmented with the residual (E).

Our goal is a generalist policy that can rotate a wide variety of objects under various conditions in
the real world. We adopt a model-free RL approach. Key challenges are the pronounced sim-to-real
dynamics gap in contact-rich dexterous manipulation and the need for broad object generalization.
We address these with two designs: (1) a specialist-to-generalist approach that �rst trains category-
speci�c oracle policies across curated object categories (Sec. 3.1), then distills them into a generalist
(Sec. 3.2); and (2) a neural sim-to-real strategy centered on an expressive, data-ef�cient, generaliz-
able joint-wise dynamics model, with autonomous data collection and a residual policy that adapts
the base policy to close the sim-to-real gap (Sec. 3.3). Work�ow illustrated in Figure 3.

3.1 MULTI -WRIST-ORIENTATION IN-HAND OBJECTROTATION ACROSSMULTI -AXIS

We formulate in-hand rotation as a �nite-horizon Partially Observable Markov Decision Process
(POMDP),M = ( S; A ; O; P; R), with state, action, and observation spaces(S; A ; O), transition
dynamicsP, and rewardR. We train a neural policy� : O ! A with RL to maximize expected
cumulative return over horizonN : � � = arg max � E� � p� ( � ) [

P N
t =1 r (st ; at )]:

Observations and Actions.At timestept, the policy receivesot : a short history of proprioception,
�ngertip and object states, per-joint/per-�nger force measurements, binary contact signals, wrist
orientation, and the target rotation axis (Sec. A.1). The policy outputs a distribution over relative
target position. We sample� at � � (ot ) and update the joint targetat = at � 1 + � � at with
� = 1=24: at is converted to torques via a PD controller and executed on the robot.
Reward Function. The reward consists of three weighted componentsr = � rotr rot + � goalr goal +
� penaltyr penalty, with r rot andr penalty following RotateIt (Qi et al., 2023). The rotation termr rot en-
courages rotation about the target axis. The penaltyr penalty discourages off-axis angular velocity,
deviation from a canonical hand pose, object linear velocity, and joint work/torque. Since these
rewards alone struggle on hard cases (e.g., rotating long objects), we add an intermediate goal-pose
reward,r goal, that guides the object to a waypoint on the target rotation axis. Details in Sec. A.1

3.2 GENERALIST POLICY TRAINING VIA BEHAVIOUR CLONING

Having obtained the oracle policy with rich privileged observations for each object category, we
use Behavior Cloning (BC) to train the uni�ed, real-world deployable, multi-geometry generalist
policy. Although DAgger-style distillation has been effective in prior work, in our setting even
single-policy distillation either fails to optimize in simulation or collapses in the real world, echoing
PenSpin (Wang et al., 2024). We attribute this to high task dif�culty. We therefore use BC: roll
out all oracle policies, aggregate only successful trajectories, and train a generalist via supervised
learning. This approach works well on hardware. We hypothesize that its success stems from
imitating only high-quality oracle behavior. The observationogene

t of the generalist policy contains a
history of proprioceptionf (qk ; ak � 1)gt

k= t � T +1 , wrist orientation and rotation axis. We useT = 10
and implement the policy as a residual MLP (He et al., 2015).

3.3 CLOSING THE REALITY GAP VIA JOINT-WISE NEURAL DYNAMICS

While the generalist policy is already real-world deployable, a persistent sim-to-real gap—caused
by mismatched physical dynamics and unmodeled effects—prevents it from mastering challenging
object interactions. We bridge this gap with a novel neural sim-to-real strategy that effectively learns
complex, real-world dynamics model.
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The central challenge is to acquire useful and suf�cient volume of real data so that the learned
dynamics model can help sim-to-real transfer. For dexterous manipulation, prior data acquisition
methods (Hwangbo et al., 2019; He et al., 2025; Fey et al., 2025; bin Shi et al., 2024) are often
impractical. Rolling out a base policy (He et al., 2025; bin Shi et al., 2024) or executing wave
actions (Fey et al., 2025) frequently fails on diverse and complex objects, requiring constant human
intervention, while imperfect state estimators introduce heavy noise. This leads to real datasets
that are small, biased, and insuf�cient in coverage and quality. We address these challenges by
rethinking both model and data. We propose a joint-wise neural dynamics model that dramatically
improves sample ef�ciency and generalizability while preserving expressivity by learning from a
low-dimensional, information-contractive, task-suf�cient representation of the system dynamics.
This allows for an autonomous data collection strategy that gathers diverse, large-scale real-world
data by applying randomized loads, eliminating the need for task-speci�c rollouts and human resets.

Joint-Wise Neural Dynamics.To model the system's dynamics without relying on noisy and lim-
ited object-state estimation, one way is to learn a “whole-hand” neural model. This model pre-
dicts the hand's next state from its length-W state–action history,qt +1 = f � (H t ) with H t =
f q j ; aj gt

j = t � W +1 , thereby implicitly capturing the whole system dynamics, including external
forces from the object (Qi et al., 2022). However, this approach remains data-hungry, inheriting
the other data acquisition challenges described above.

Our solution is to factorize the problem. We introduce joint-wise neural dynamics where the dynam-
ics of each jointi are modeled asH eff

t •q i
t + G eff

t = � i
t , whereH eff

t ; G eff
t 2 R are low-dimensional

effective terms that distill high-dimensional, system-wide in�uences such as inter-joint coupling,
actuation, and object-induced effects. The neural model then predicts the next state of each jointi
from its ownW -step state–action history:q i

t +1 = f  i (h
i
t ) with hi

t = f q i
j ; ai

j gt
j = t � W +1 . This fac-

torization is effective as it acts as an information bottleneck, forcing the model to discard spurious
correlations and learn only the essential dynamics of each joint. This projected history is suf�ciently
informative with enough information to accurately predict the joint's next state (Sec. 4.2, A.3). At
the same time, it is also robustly simple as it is too low-dimensional to permit the reconstruction
of the original high-dimensional system-wide in�uences, thus avoiding the need to model irrelevant
complexity (Sec. A.4). The direct consequence is a model that is highly sample-ef�cient and gener-
alizes broadly across interactions, yet retains expressivity (Sec. 4.2). We now provide a theoretical
analysis to formalize why this simpli�cation leads to better generalization.

Theoretical Rationale: Generalization via Information Contraction. We write the whole-hand
model asf � = f f i

� g with q i
t +1 = f i

� (H t ), and the joint-wise model asq i
t +1 = f i

 i
(hi

t ). Let P
be the target distribution for(H t ; q i

t +1 ) (e.g.,formed by task of our interest); consider a different
distributionQ and the projectiong : (H t ; q i

t +1 ) 7! (hi
t ; q i

t +1 ), i.e., g : R2W d � R ! R2W � R.
We compare the prediction error of jointi on the target distributionP achieved by these two types
of model,i.e., f i

� andf i
 i

, to support the generalization bene�t:

Claim 3.1 Under assumptions typical of our setting,81 � i � d, the joint-wise modelf i
 i

trained
ong(Q) generalizes tog(P) better than the whole-hand modelf i

� trained onQ generalizes toP.

We �rst show that, under mild assumptions typically satis�ed in our setting, the projectiong con-
tracts distribution shift:KL( g(P)kg(Q)) < KL( PkQ) (Theorem 3.1, proof deferred to Sec. A.2).

Theorem 3.1 (Data Processing Inequality for KL (strict form)) Let P andQ be probability dis-
tributions on Rn � R with densitiesP and Q with respect to a common base measure. Let
g : X 2 Rn � R ! Y 2 Rm � R be measurable,m � n, and denote the pushforwards by
g(P) andg(Q). ThenKL( P k Q) � KL

�
g(P) k g(Q)

�
: Moreover, the inequality is strict ifg is

non-injective in a way that merges points whereP andQ have a different relative structure. More
concretely, it indicates that if there9y0 2 Rm ; P(Y = y0) > 0; P(X jY = y0) 6= Q(X jY = y0),
thenKL( P k Q) > KL

�
g(P) k g(Q)

�
:

The contraction of divergence implies tighter generalization guarantees (Theorem 3.2, proof in A.2):

Theorem 3.2 (Generalization Gap Contraction)Let (X; Y ) 2 Rn � R and g(X; Y ) =
(gX (X ); Y ) with gX : Rn ! Rm , m < n . Let P; Q be distributions on(X; Y ) satisfy-
ing covariate shift, i.e.,P(Y j X ) = Q(Y j X ). Let L be a loss bounded byB , and de-
�ne RP (h) = E(X;Y ) �P [L (h(X ); Y )]. If KL

�
g(P)kg(Q)

�
< KL( PkQ); then for function

f 1 : X ! Y andf 2 : gX (X ) ! Y : supjRP (f 2 � gX ) � RQ (f 2 � gX )j < supjRP (f 1) � RQ (f 1)j.
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Assumingf 2 � gX is suf�ciently expressive and a relatively large domain shift fromQ to P (typical
of our setting),f 2 � gX has lower prediction error thanf 1 on target domainP, establishing Claim 3.1.
See Sec. A.2 for details. In practice, we pretrain the model on simulation data for initialization.

Figure 4:State-Action History Distribution.

Autonomous Data Collection. Our model's
ability to generalize from distributionally dif-
ferent data motivates our second innovation:
a low-cost, autonomous data collection strat-
egy. This approach, which we call the “Chaos
Box” (Fig. 3(C)), embodies four principles: (i)
policy-awareness (to roughly align the distribu-
tion), (ii) object-loaded interaction, (iii) broad coverage, and (iv) scalability. The implementation
is simple: the robotic hand is placed in a container of soft balls. We then open-loop replay actions
from the simulated base policy, which provides a coarse distributional prior (i). The hand's interac-
tion with the balls imposes rich, randomized loads (ii-iii). With probability 0.5, we add Gaussian
noise (� =0 :01) to each action to broaden coverage (iii). This entire process is fully autonomous,
hardware-safe, and requires no human resets (iv). Fig. 4 supports our model and data designs: I/O
histories of a joint cover the task-relevant distribution, whereas histories of the whole hand do not.

Bridging the Dynamics Gap via a Residual Policy. Using the learned dynamicsf  , we
train a residual policy� res that compensates the base policy's actions to bridge the dynam-
ics gap (Fig. 3(E)). Concretely, given the base policy's observationogene

t and base actionat ,
� res outputs a correctionares

t , and to match the simulator's next stateqt +1 , we solve� res� =
arg min� res E� � p� � ( � )

P N � 1
t =1




 qt +1 � f  

�
f q j ; aj + � res(ogene

j ; aj )gt
j = t � W +1

� 


 : We solve it by

training � res in a supervised manner on the trajectory dataset used to train the base policy. At de-
ployment, we executeat + ares

t . See Sec. B.4 for a discussion on residual policy vs. direct �netuning.

4 EXPERIMENTS

We extensively evaluate our method in simulation and real world against strong baselines (Sec. 4.1).
In simulation, our generalist policy generalizes to unseen geometries for multi-wrist poses, multi-
axis rotation. On hardware, it achieves unprecedented in-air rotation with a LEAP hand (Shaw et al.,
2023) under challenging wrist poses on dif�cult objects, including long (13.5-20cm), small (2-3cm)
objects, and complex animal shapes (Sec. 4.2). We also show a teleoperation setup that pairs the
policy with VR to perform complex dexterous tasks (Sec. 4.2), such as tool-using and assembly.

4.1 EXPERIMENTAL SETTINGS

Training and Evaluation Protocols. We create an object dataset spanning aspect ratios, sizes, and
complexity with randomized physical properties for training. We split objects into �ve categories
and train an oracle policy for each with PPO (Schulman et al., 2017) in Isaac Gym (Makoviychuk
et al., 2021). We use objects from ContactDB (Brahmbhatt et al., 2019) as the test set in simulation to
evaluate the generalization ability to shape variations. We evaluate rotation across randomized wrist
orientations and four rotation-axis groups:� x, � y, � z, and a general axis set with 26 axes. We
evaluate on three object sets in the real world (Fig. 5): (1) regular objects (including a high-aspect-
ratio cuboid); (2) small objects; and (3) normal-sized irregular objects. Objects shown in purple
and all small objects are unseen. We evaluate on three principle axis sets and a cubic-diagonal set:
(1,1,1), (1,0,1), (1,1,0), (0,1,1). Results are averaged over objects and reported as mean� standard
deviation across three independent evaluations. Details in Sec. C.

Figure 5:Objects for Real Experiment.

Baselines. We compare against in-hand rota-
tion/reorientation baselines—AnyRotate (Yang et al.,
2024) and Visual Dexterity (VD) (Chen et al.,
2022)—and sim-to-real methods UAN (Fey et al.,
2025) and ASAP (He et al., 2025). AnyRotate's code is
unavailable and relies on specialized tactile sensing, so we use our re-implementation in simulation;
on hardware, we evaluate on their replicable objects and compare to their reported performance.
A direct comparison to VD is impractical: adapting their D'Claw code to LEAP failed to behave
well in simulation, so we compare to their qualitatively results (link). UAN and ASAP, designed for
arms/legged robots and not modeling objects, are adapted by training compensators on object-free
transitions; making them object-aware is nontrivial (see Sec. D).
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