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Fig. 1: Overview of X-RESET: We introduce X-RESET, a framework to train dexterous manipulation policies by defining reset distributions over human
hand-object states during RL training. We define an object-centric reward function to incentivize reorienting objects to goal poses, and incorporate random resets
to kinematically retargeted hand-object states to directly expose the policy to success signals. X-RESET can learn the core skills of dexterous manipulation

and naturally scales with human demonstrations.

Abstract—Human demonstrations are a natural alternative
to robot teleoperation for training manipulation policies due
to their scale and density of information. Prior works that
map human motion to robot actions either make brittle as-
sumptions about equivalent hand kinematics or sidestep the
problem by only transferring object motion. We propose X-
RESET, a framework to train dexterous manipulation policies
by defining reset distributions over human hand-object states
during RL training. X-RESET performs kinematic retargeting of
hand-object motion to estimate robot trajectories, and randomly
samples states as resets during RL training with a generic object-
centric reward. In addition, we randomly expose the policy
to low-gravity settings where corrective behaviors can more
easily be learned. We demonstrate that X-RESET can effectively
learn the core manipulation skills—approaching, grasping, and
reorienting objects—in an end-to-end fashion, can naturally scale
with human demonstrations, and is capable of training various
embodiments on diverse objects with a common reward function.

Index Terms—Learning from Human Demonstrations, Dexter-
ous Manipulation, Reinforcement Learning in Simulation

TWork done during internship at Applied Intuition.

I. INTRODUCTION

The predominant recipe for training robot manipulation
policies is imitation learning (IL), in which robot data is used
as supervision to learn a mapping from observations to actions.
Yet, scaling such approaches to general-purpose models [29, 4]]
faces the fundamental bottleneck of requiring large-scale
datasets [34] of high-quality expert demonstrations. Collecting
such data via traditional methods such as teleoperation is time-
consuming and expensive, especially when curating for multi-
fingered hands with high degrees-of-freedom (DoF). On the
other hand, human videos offer a scalable alternative, existing
in abundance and encompassing a diverse range of day-to-day
hand-object interactions which are critical for manipulation.

Despite recent efforts in building large-scale human ma-
nipulation datasets [13, 24, |16], the embodiment gap be-
tween humans and robots makes modern IL methods [10, [74]
challenging to directly train on this data. Existing works
attempt to bridge various segments of the embodiment gap. To
obtain robot action labels, one line of work manually defines
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Fig. 2: Pipeline: (Top) X-RESET first generates robot hand-object reset states by kinematically retargeting human demonstrations. (Bottom) Then, X-RESET
performs object-centric RL training to reorient objects to goal poses, where demonstrated hand-object states are randomly sampled as resets. X-RESET
(RANDOM-G) also samples gravity at uniform random to aid in learning from mid-trajectory states

mappings from human hands to robot end-effectors to perform
kinematic retargeting [48), 54, [57], while another direction
additionally tackles the visual gap [30, [30],
for example overlaying robot arms on frames of human
videos to use for co-training with real robot data. Such
approaches rely on the assumption that human hand actions
can directly be imitated on robots, and often fail to obey the
true contact dynamics required in robot-object interactions.

A promising approach has been the use of simulation to
bridge the embodiment gap [14] [37], leveraging object-centric
rewards for reinforcement learning (RL) [9} 14} [20]. Such
approaches face a large exploration burden when learning to
control many degrees-of-freedom from scratch, requiring addi-
tional modules (e.g. motion planning to approach objects [37]])
or kinematic motion imitation rewards [66] that must be
carefully tuned for different robots and scale poorly as the
embodiment gap varies.

We aim to learn the core skills of object manipulation—
approaching, grasping, and reorienting—on a diverse set of
common objects only from human demonstrations in an end-
to-end fashion for full robot arms. Qur key insight is that
while human hand-object motion cannot be directly imi-
tated on robots, kinematically retargeted trajectories offer a
natural reset distribution of states from which robots can
easily explore and access success signals during RL train-
ing. Drawing inspiration from large-scale RL methods that
integrate expert demonstrations into RL training 38l 58],
we recognize that object states and kinematically retargeted
hand poses are a good starting point to reduce the exploration
burden of RL training. Exposure to high-value states automat-
ically trickles down and enables learning from hand-object
configurations completely unseen in human demonstrations.

We propose X-RESET, a framework to train dexterous
manipulation policies by defining reset distributions over hu-

man hand-object states during RL training. X-RESET starts
by kinematically retargeting hand-object trajectories to the
target embodiment. It then performs object-centric RL in
simulation to learn to approach, grasp, and reorient objects to
demonstrated goal poses. Key to efficient and scalable training,
X-RESET randomly samples hand-object states to supplement
exploration from a default home configuration. We additionally
propose gravity randomization when resetting mid-trajectory,
and find that occasional low-gravity resets help decouple cor-
recting hand-object contact and counteracting external forces.
X-RESET can successfully learn from human demonstrations
that cover a diverse set of household objects and strategies,
and can be used to train different embodiments with a common
reward function. Our contributions are summarized as follows:

1) We propose X-RESET, a framework to scale dexterous
manipulation skills by framing human hand-object states
as a reset distribution for object-centric RL in simulation.

2) We show that X-RESET can learn to approach, grasp, and
reorient a wide range of object shapes and sizes from
DexYCB [6] with a simple task-agnostic reward function
simply by leveraging diverse resets.

3) We evaluate X-RESET along multiple axes, and show that
it outperforms prior retargeting baselines in Task Progress,
exhibits desirable scaling and generalization properties with
access to more demonstrations, and is capable of training
various embodiments with no reward tuning.

II. RELATED WORK

Imitation Learning via Teleoperation. Imitation learning
is the default paradigm for training visuomotor manipulation
policies [10] [4]), and scales predictably with dataset
size [34]. However, these methods require labor-intensive tele-
operation of the target robot. A multitude of systems have been
developed specifically for this purpose [7, [63, 2], including
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Fig. 3: Performance on Diverse Objects: We report Task Progress (%) on policies trained to consume 20 target-object demonstrations and evaluate their
ability to learn to manipulate objects to goal poses. X-RESET outperforms prior retargeting baselines across all 9 objects, and on average gains a boost in

performance when randomizing gravity during hand-object resets.

hardware-specific interfaces [74, 64, 25| [11} 69, 22]. This bot-
tleneck is especially severe for multi-fingered dexterous hands,
where high action dimensionality and morphological mismatch
with human hands often require thousands of demonstrations
to train robust policies [75]. In contrast, human videos are
abundant, diverse, and naturally aligned with anthropomorphic
hardware—and our approach learns dexterous skills entirely
from them, with no robot demonstrations.

Imitating Human Hand Motion. Human videos offer a
scalable source of object-interaction priors [18, 12, 24} 35|
6, [16], but lack the action labels needed for standard IL. To
bridge this, prior work maps human motion to robot actions
through kinematic retargeting [48l 154} 57, 133, 49]], narrows
the visual gap by overlaying rendered robot arms on human
frames [31}132,130] or unifying both into a shared keypoint rep-
resentation [50, 21]], or decouples video-derived planning from
low-level control [33, 162, |55, 26]]. Recent cross-embodiment
methods like X-Diffusion [41] instead treat human actions
as noised counterparts of robot actions within a diffusion
process. These methods assume retargeted hand motions can
be directly imitated on the robot, but this often fails due to
embodiment mismatch and the true contact dynamics of robot-
object interaction [14]], and typically require co-training with
substantial robot data to recover.

Bridging the Embodiment Gap with RL. Large-scale RL
in simulation has produced dexterous skills that transfer to
the real world [40, 23, 46, 18, 68]] via standard sim-to-real
machinery [59, 44, 36], and a complementary direction scales
along the object and task axis [67} 61 [1} 13} 27] through hand-
engineered priors that remain tractable only for narrow object

classes. Closer to our setting, HuDOR [20], X-Sim [14], and
Human2Sim2Robot [37]] each derive object-centric rewards
from human videos and learn robot actions via RL, but use ad-
ditional modules to work around the large exploration burden
for training high-DoF robots from scratch; DexMachina [73]]
and Dexplore [66] address this with kinematic imitation re-
wards that require careful per-robot tuning and force strict
imitation, forgoing the ability to learn even minor variations
of strategies. Collectively, each method covers only a slice of
the manipulation arc, and none learns approaching, grasping,
and reorienting end-to-end across diverse objects for full robot
arms.

We draw inspiration from work that eases RL exploration by
resetting to states from expert demonstrations [17, 152} 160, 38|
58]. Retargeted human demonstrations cannot serve directly
as expert demos due to kinematic and dynamic inconsistency,
but our key insight is that they are nonetheless noisy counter-
parts of robot states—already spanning the full manipulation
arc—and so make a natural reset distribution for object-centric
RL. Concurrent work OmniReset [70] also exploits favorable
resets but hand-engineers the distribution for low-DoF robots
and does not scale to dexterous hands. Inspired by prior in-
hand reorientation work [56} |8] that initializes learning with
gravity off, we randomize gravity during hand-object resets to
let the policy correct kinematic retargeting errors before facing
external forces.

III. PROBLEM

We focus on the problem of learning the core dexterous
manipulation skills—approaching, grasping, and reorienting



objects to goal poses—purely from human demonstrations.
For a given object 7, a human hand-object trajectory &" =
{(h¢,s¢)}1_, consists of T densely tracked timesteps of
MANO [51] hand poses where h; € RE*3 represents the 3D
position of each of the K = 21 hand keypoints and s; € SE(3)
represents the position and rotation of the object at timestep .
We define the goal pose g = st as the last object pose from
the human demonstration. We consume a dataset of N human
hand-object trajectories D7 = {¢/ N |, and learn a policy to
produce actions ay = my(gqs, 01, g) given robot proprioception
g+, object descriptor o, (i.e. object pose, point cloud), and goal
pose g € SE(3). Note that this general formulation allows for
jointly training on a dataset of many objects D = U77 D,

IV. APPROACH

We propose X-RESET, a framework for efficiently learn-
ing dexterous manipulation skills by resetting the simulator
to hand-object states demonstrated by humans during RL
training. Our approach consists of two primary stages: (1)
generating robot reset states from human hand-object poses;
(2) training RL policies in simulation with object-centric
rewards by incorporating random resets to demonstrated states.

A. Generating Reset States from Human Hand-Object Demon-
strations

We first generate reset states for the robot from human
demonstrations. Such states must consist of (a) joint configu-
rations for the robot, and (b) 6D object pose so that they can
be spawned in a simulator [39].

Hand-Object Data Processing. We employ an
optimization-based kinematic retargeting pipeline (using
PyRoki [28]]) to estimate robot joint angles corresponding
to each frame of the human demonstration. We first transfer
human hand pose h; € RE*3 to robot hand joint angles §Pand
based on approximate fingertip keypoint targets which varies
based on embodiment. Then, we perform collision-aware
inverse kinematics (IK) to solve for the remaining arm joints
03" by tracking the wrist over time while keeping the hand
poses fixed to finally obtain §; € R/ where .J is the number
of joints in the target embodiment. This process allows us
to generate a dataset of L hand-object pairs for the robot
D:’obot = {(017 Sl)}lel'

Practical Implementation. In practice, even contact-aware
kinematic retargeting from human to robot hand can result
in unrealistic states depending on the embodiment gap. To
avoid infeasible hand-object simulation resets in the following
section, we perform offline filtering to mark and discard
unstable hand-object states. These may be a byproduct of (i)
inability to solve for robot joint configurations within joint
limits or (ii) instability when spawned in simulation (e.g. due
to hand-object penetration). See Appendix for more details.

B. Supplementing Object-Centric Reinforcement Learning
with Simulation Resets

Next, we perform RL training with a generic object-centric
reward function train robots to manipulate objects to goal
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Fig. 4: Baseline Limitations: Kinematic Retargeting suffers from improper
hand-object and X-Sim collapses due to narrow exploration. X-RESET solves

these problems and the use of random gravity helps to learn how to correct
kinematic errors in hand-object resets.

poses from human demonstrations. Key to our approach is
the clever usage of simulation resets: over the course of
training, we occasionally reset to hand-object states generated
in Section By exposing the policy to diverse resets that
lie in high-value regions, we are able to propagate success
signals from later stages of the object manipulation process
and avoid the collapse to local optima often faced by naive
exploration from scratch.

Object-Centric Reward Function. We adopt a standard
object-centric reward function for training RL policies which
is shared across all objects:

7(0t, A1) = Tapproach (0t) + Tgrasp(0t) + ¥ graspedTreorient (0¢) + Tsuccess(0t) + Tsmooth (08, at)

(1)
The first three terms directly correspond to the core skills that
underlie dexterous manipulation, incentivizing the robot hand
to (i) approach, (ii) grasp, and (iii) reorient objects to their goal
POSe. Tsuccess 18 @ simple bonus for achieving the goal pose
(within a e threshold), and 7sm00th €ncourages smooth actions.
In practice there are various metrics to measure distance
between object pose o, € SE(3) and goal pose g € SE(3)
in order to compute 7yeorient- We follow [42, [15] and compute
the reward as the sum of dense position and rotation rewards:

ecorient = tpos 1 — tamh(dpos (07, g7°%)] + atpor 1 — tanh(dser (0}, g™
2)

Additional details about implementation can be found in the
Appendix.

Resetting to Hand-Object States. We define a default reset
distribution where the robot is in a range of start poses and
object is at the start pose of a human demonstration, and
randomly choose between resetting to a home configuration or
a hand-object state generated in Section Formally, the
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Fig. 5: Scaling Laws: We plot Grasp Rate (%) and Reorientation Progress (%) for policies trained with access to varying numbers of demonstrations (1, 5,
10, 20) and number of objects (1, 3, 9), and find X-RESET shows consistent trends with scale on the three reported tasks.

default reset distribution is defined as pgetault and Pdemo 1S a
uniform distribution over D], - which includes mid-trajectory
hand-object states. We sample resets from pgefauis With prob-
ability 1 — p and sample from pgemo With probability p. This
reset scheme helps expose the policy 7 to a diverse set of states
in simulation which lie along noisy robot trajectories and can
enable discovery of success signals otherwise inaccessible via

naive exploration from pgefauls-

Gravity Randomization. Randomly sampling resets from
D!, .. can have mixed results depending on various factors
such as object geometry and contact strategy, and it is common
for poor kinematic retargeting outputs to lead to immediate
slippage of objects (Fig. @] bottom left). Instead, we choose
to also randomize gravity uniformly between [—9.81, 0] m/s?
when spawning simulation environments from D) .. We find
that occasional low-gravity resets help decouple correcting
hand-object contact and counteracting external forces. Since
the policy network is common regardless of gravity, robust
strategies that are learned for low-gravity are naturally trans-

ferred even for full-gravity resets from pgefauls-

Policy Details. We train our policy using PPO [53]]. Our
policy consumes an object descriptor consisting of 6D object
pose (same as offline human demonstrations) and point cloud,
a 6D goal pose, and robot proprioception. We make use of an
LSTM policy architecture which consumes a short interaction
history and can learn adaptive behaviors. We also train our
PPO agent with an asymmetric critic [44] that has access to
additional privileged information to further stabilize training.

Additional Augmentations. Our method is complementary
to existing sim-to-real machinery such as domain randomiza-
tion [39, 40, 23, 46l 18, |68]], and is compatible with other
benefits of simulation. In practice, we choose to apply the
following augmentations when training our RL policies: (i)
expand state coverage with perturbations to robot joint angles

and initial object poses from human demos when sampling
from pgetault; (i1) observation noise in robot proprioception,
object point cloud and pose; (iii) domain randomization over
object and robot physics parameters such as mass and friction.
See Appendix for more details.

V. EXPERIMENTS

Experimental Setup. We conduct experiments on a 6DoF
UR7e arm equipped with a dexterous 22DoF Sharpa right
hand, and run ablations with a 7DoF OpenArm with a 1DoF
parallel jaw gripper to demonstrate generalization across em-
bodiments with varying morphological gaps from the human.
We use hand-object trajectories from DexYCB [6] and evaluate
on a representative subset of 9 objects spanning diverse
shapes and sizes (Fig. [3). We use IsaacSim [39] for physics
simulation. X-RESET (FIXED-G) and X-RESET (RANDOM-
G) both use p = 0.5 for sampling demo resets and differ only
in whether gravity is fixed or randomized during demo resets.

Evaluation Metrics. We train on 20 right-handed demon-
strations per object and evaluate on (a) perturbed versions of
training configurations and (b) a held-out set of 20 left-handed
demonstrations per object—the latter being particularly chal-
lenging due to embodiment gap. Our primary metric is Task
Progress (%), which measures progress across three equal-
weight stages: approaching (> 1 finger within 5cm), grasping
(> 2 finger contact + lifted > 1cm), and reorienting (within
2cm and 15° of goal). Additional metrics include Grasp Rate
(%) and Reorientation Progress (%), see Appendix for details
on metric computation.

1) Cross-Embodiment Resets: How does X-RESET’s use
of hand-object resets and gravity randomization compare
against prior retargeting baselines when learning dexterity
from a set of human demonstrations?
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Fig. 6: Systematic Control of Resets: We analyze performance of RL training under limited access to hand-object resets. Even when only pre-contact resets
are reliably available for the robot, it still supplements training from scratch and massively boosts performance for the UR7e+Sharpa 28DoF robot and more

minorly for the OpenArm 8DoF robot with larger embodiment gap.

2) Scaling Laws: What are X-RESET’s scaling and gen-
eralization properties when given access to large-scale
demonstrations?

3) Practical Considerations: Is X-RESET capable of learn-
ing from human demonstrations across different robot
hands, and does it still work when accurate hand-object
tracking is limited?

A. Cross-Embodiment Resets

We evaluate X-RESET’s ability to functionally retarget
human demonstrations—approach, grasp, and reorient objects
to goal poses purely from human hand-object demonstrations.
We compare against two primary baselines which cover the
standard approaches for learning from human demonstrations:

« Kinematic Retargeting: Used as the foundational backbone
for prior works that perform Imitation Learning (IL) from
human hand actions [50], this baseline defines an
approximate kinematic mapping between 3D MANO hand
positions [51] and robot joints. Robot arm and hand joint
angles are then solved for via Inverse Kinematics (IK)
(Section [IV-A), and rolled out open-loop.

o X-Sim [14]]: Extracts object motion from human demon-
strations and uses it as a reward function. This baseline
ignores all human hand actions, and purely relies on the
same generic reward function outlined in Section [[V-B] to
sequentially learn to approach, grasp, and reorient objects.

We evaluate all methods on their functional retargeting capa-
bilities on each of the 20 right-handed human demonstrations
per object, and test the closed-loop methods against 5 random
perturbations to the initial robot and object poses from pgetault-
(Fig. 3). Kinematic Retargeting only reliably completes the
approach stage of the task, but fails to establish stable grasps
(Fig. ) and consequently rarely progresses further on the
majority of objects, hovering near 33% task progress. X-Sim

exhibits mixed results based on its exploration behavior—
for Soup, Mustard, and Powerdrill, hand-object contact opens
the gate for the reorientation reward and allows to policy to
occasionally grasp the object. However, it breaks down in most
cases where it cannot find reliable contact for the 28-DoF
robot, and policy collapses to optimizing a mix of rapproach
and Tsmooth. On the other hand, X-RESET is exposed to high-
value states and success signals by occasionally resetting to
mid-trajectory states from pgemo. Our method can be thought
of as a supplement to X-Sim, and is able to propagate this
knowledge and successfully retarget human demonstrations
starting from pgetauit Which spawns the robot in regions unseen
in the human demonstration.

Effects of Gravity Randomization. In addition to the
cross-embodiment resets that make object-centric RL tractable
for X-RESET we compare two versions of our method:
FIXED-G, which uses a fixed, full gravity setting; and
RANDOM-G, which samples gravity vectors at uniform ran-
dom when resetting to demonstration states. We find that both
settings are highly capable, with X-RESET (FIXED-G) outper-
forming baselines by an average of over 30% in task progress.
X-RESET (RANDOM-G) generally sees improvements across
the board, especially for objects such as Soup where objects
are susceptible to slipping from kinematically retargeted hand
poses (Fig. ] bottom left) and learning corrective behavior is
easier under low-gravity.

B. Scaling Laws

We evaluate X-RESET’s scaling properties along two axes:
number of demonstrations per object, and number of objects
used to train each policies. We design an experiment to train
single-object policies on a range of 1 to 20 demonstrations for
the target object, as well two multi-object policies which con-
sumes 20 demonstrations from (a) the three target objects (total



60) and (b) all 9 objects (total 180) together during training
(Fig.[3). We aim to test X-RESET’s generalization capabilities
when tasked with imitating left-handed human demonstrations
which are inherently challenging for a right-handed robot arm.
On Grasp Rate (%) and Reorientation Progress (%), it is
very clear that access to more demonstrations of the target
object improves grasping and pose reorientation on novel
configurations, where the 20demo x lobj policy on average
outperforms all policies with access to less demos (Fig. [5).
Additionally, our multi-object policy trained on all three target
objects outperforms the best single-object policies by jointly
training on a vast set of demonstrations, increasing grasp rate
by 28.3% and reorientation progress by 19.1%. Incorporating
non-target object demonstrations into training additionally
boosts the policy’s capabilities to grasp and reorient objects
from unseen configurations.

C. Practical Considerations

Kinematic retargeting faces two practical limitations: em-
bodiment gap and unreliable hand-object tracking under occlu-
sion, especially post-contact. We test X-RESET under +Pre-
Contact Resets, which assumes no access to hand-object states
after first contact (a natural extension of [37]), and compare
against the full method across three reset conditions on Tuna,
Spam, and Pitcher for both the Sharpa and OpenArm robots
(Fig.[6). Even without object-in-hand states, +Pre-Contact Re-
sets outperforms Default Reset [15] by 48.2% in task progress
for Sharpa, though gains are smaller for OpenArm (7.7%).
This disparity reflects OpenArm’s larger embodiment gap: its
simple parallel jaw yields far fewer valid reset states, let alone
post-contact reset states, after retargeting (Fig. [6] bottom).
Nonetheless, simulation resets consistently supplement object-
centric RL across both embodiments.

VI. DISCUSSION

We present X-RESET, a framework to train dexterous ma-
nipulation policies by defining reset distributions over human
hand-object states during RL training. By resetting robots to
hand-object states demonstrated by humans, our method makes
object-centric RL training tractable under a task-agnostic re-
ward function which is otherwise challenging to optimize from
naive exploration. We show that X-RESET also exhibits de-
sirable scaling properties with access to more demonstrations
and objects, and can still supplement RL training even when
post-contact hand-object tracking is unavailable. This work
naturally extends to training on larger-scale egocentric human
datasets [24, [13]] and bimanual robots, and can also be used as
a data generation pipeline for distillation to RGB-conditioned
policies [4} 29, [70l [14], serving as a stepping stone towards
expanding robot action data for dexterous manipulation.

VII. LIMITATIONS

X-RESET was developed using the DexYCB dataset [6]],
which provides accurate multi-view hand-object tracking.
Scaling to in-the-wild monocular video remains an open
challenge, though recent advances in occlusion-robust hand

tracking [43| 45] are complementary to our approach. We
evaluate X-RESET in sim-to-sim transfer and test robustness
under changes in physics engine but do not currently have
evaluation in the real world. We adopt the asymmetric critic
strategy used in recent sim2real works [1]] so the policy can
directly be deployed with realistic inputs, but our policies
can also serve as synthetic data generators for distillation
to pure vision-based policies [70]. Our kinematic retargeting
assumes sufficient hand anthropomorphism, and transferring
knowledge to less human-like end-effectors [5, [71] is an open
problem. We currently handle only rigid objects in single-
object, short-horizon settings; extending to articulated [[73} |65]]
and deformable [72] manipulation, as well as long-horizon
tasks with sparser rewards, is promising future work. Finally,
despite using a 22-DoF Sharpa hand with tactile-enabled
fingertips, X-RESET does not yet leverage tactile signals from
human demonstrations [47, [19], which we leave as a future
direction.
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APPENDIX A
EVALUATION METRICS

Task Progress. We evaluate each rollout with three staged
success indicators: approach, grasp, and reorientation. The
approach rate measures whether the policy reaches the object-
level approach criterion; the grasp rate measures whether
sufficient hand-object contact is formed; and the reorientation
rate measures final object-pose success.

Task progress is the staged score used in the main figures:
0 for no stage, 0.33 for approach only, 0.66 for grasp only,
and 1.0 for successful reorientation.

Grasp Rate. Grasp rate is the percentage of trials where at
least the thumb and one other finger make contact with the
object and lift it at least 1cm.

Reorientation Progress. For reorientation progress, let p; €
R? and R; € SO(3) denote the object pose at time ¢, and
let py, Ry denote the goal pose. We define four object-frame
keypoints K = {k;}?_,, k; € R3, and transform them by the
current and goal poses:

01,i = Pt + Rk, 9i = pg + Ryk;.

The pose error is the maximum keypoint distance,

We report best—over—episode progress as
mint d(ota g)
d(007 g)

clipped to [0,1] for reporting. Tables report the number of
evaluated rollouts for each object/method cell when it differs
across comparisons.

Progress =1 —

APPENDIX B
NUMERICAL RESULTS

Tables corresponding to barplots in the main paper are as
follows:

« Fig. B maps to Tables[I]
« Fig. 5| maps to Tables v
« Fig. [fl maps to Tables

APPENDIX C
RL TRAINING HYPERPARAMETERS

We use the RL Games library for PPO implementation, and
the selected training hyperparameters for Section [[V|are listed
in Table [VITI

Policy observation. The policy receives three observation
groups. The policy group contains the object pose, final-goal
pose, gravity fraction, and previous action. The proprioception
group contains robot joint state and palm/fingertip state (and
contact forces for Sharpa Hands, which is obtainable). The
perception group is an object point cloud with 64 points and
a 5-frame history.
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TABLE I: UR7e+SHARPA task-progress comparison across nine objects

(Fig.

Object IK Oracle X-Sim  Ours (full gravity) Ours
Banana 33.0+£24 277£1.2 89.5+16 959+£1.1
Scissors 33.1+42 162+£1.7 403+ 1.7 59.7+2.9
Tuna 314+1.7 29.7£1.0 874+16 956=£1.1
Soup 33.0+£00 35.0+0.8 36.0+14 908+£1.5
Spam 29.7+33 21.8+1.6 70.3+23 929+14
Mustard 346+38 422+£1.5 783+21 729+£1.7
Pitcher 347+17 172+£1.7 581+14 644+£15
Powerdrill 38.0+3.6 33.7+0.5 42.0+1.8 60.0+2.8
Cheez-Its 36.3+3.3 274+£1.2 724+£27 721+£3.0
Avg 33.7 279 63.8 78.2

Entries are staged task progress in percent; object rows report mean and
standard error.

TABLE II: Macro-averaged stage metrics for the method comparison (Fig.

Method Task progress ~ Approach ~ Grasp  Reorient
IK Oracle 33.7 93.9 7.8 0.6
X-Sim 27.9 80.4 4.0 0.0
Ours (full gravity) 63.8 99.4 64.3 28.7
Ours 78.2 100.0 84.1 51.4

All values are percentages averaged over objects.

Policy architecture and action. Each point-cloud frame is
encoded by a PointNet MLP 3 — 64 — 128 — 64 with max
pooling. The five resulting embeddings are concatenated with
the non-point-cloud observations, passed through a 512-unit
LSTM with layer normalization, and then through an ELU
MLP with layers [512, 256, 128]. The policy head outputs the
mean of a fixed-log-standard-deviation Gaussian, for example
over a 28-dimensional continuous action: 6 relative UR7e
joint-position commands and 22 SHARPA implicit-PD hand
targets.

Asymmetric critic. The critic receives the same actor ob-
servations plus privileged terms: object linear/angular velocity,
object pose error to the goal, closest fingertip distance, gravity
fraction, and the current reward. These terms are used only for
value estimation and are not part of the actor input.

APPENDIX D
IMPLEMENTATION DETAILS

a) DexYCB processing and coordinate frames.: We pre-
process DexYCB demonstrations into synchronized hand-
object trajectories before retargeting. For each sequence, we
extract the MANO hand keypoints, the pose of the grasped
YCB object, the object mesh, and approximate hand-object
contact points. These quantities are first represented in the
native DexYCB camera/world convention.

Before solving IK or launching RL, we map each demon-
stration into a consistent robot simulation frame. DexYCB
provides camera and AprilTag/table calibration, which we use
to build a transform T, pexycn from the recorded camera
frame to the simulator table frame. This transform aligns the
table normal with the simulator’s +z axis, so gravity is upright,
and places the object trajectory over the robot workspace.
We then apply the same transform to object poses, hand

TABLE III: Held-out left-hand scaling results for Soup (Fig.

Train demos  Grasp  Keypoint progress  Task progress  Trials
1 0.0 0.2 33 20
5 0.0 0.2 0.0 20
10 75.0 46.4 57.8 20
20 80.0 61.7 59.4 20
80 100.0 73.5 67.7 20
180 100.0 75.8 69.4 20
TABLE IV: Held-out left-hand scaling results for Mustard (Fig.
Train demos  Grasp  Keypoint progress  Task progress  Trials
1 0.0 0.4 0.0 20
5 0.0 1.6 11.6 20
10 35.0 14.8 445 20
20 60.0 334 52.8 20
80 80.0 50.3 59.4 20
180 80.0 55.9 61.1 20

keypoints, contact points, and wrist targets. Finally, we apply a
small per-demonstration vertical offset so that the transformed
object mesh rests on the simulated table surface. The resulting
trajectories are therefore expressed in a single table-aligned
frame before kinematic retargeting, IK, reset filtering, and RL
training.

b) Contact-aware kinematic retargeting.: We solve
MANO-to-SHARPA retargeting as a PyRoki/JAX least-
squares problem [28]]. For each frame, the decision variables
are the SHARPA joint vector ¢; and hand root pose T;. The
objective combines local MANO bone-geometry matching,
global keypoint alignment, joint/root smoothness, joint-limit
costs, and a contact residual from DexYCB object contacts. If
¢t,; is an observed object contact point and x; ;(q;,T}) is the
corresponding robot contact-link position, the contact term is

Econtact == th,j HHCt,j - xt,j(qtht)l - 6]+H )

- 1
t,g

with margin € = 1 cm and weight 5.0. We use weights 10.0 for
local alignment, 1.0 for global alignment, and 2.0 for joint/root
smoothness.

The retargeted hand root gives a target wrist pose T, =
(P, Rt) in calibrated scene coordinates. We then solve a
sequential UR7e IK problem with the retargeted hand joints
held fixed and only the arm joints active:

~\2
g7 = argming 50 [pe(a) — pul3 + 10dn(Re(a), Be) + Ao la = qe-1]13 + Eeon(a),

subject to joint limits. E.); keeps the robot above the table and
penalizes self-collision. The first frame is solved with random
restarts and later frames are warm-started from ¢;_1. Frames
are valid only when wrist position/orientation error, retargeting
error, and arm-joint jumps remain below thresholds.

c) Reset distribution.: Object poses are preserved sep-
arately from hand-reset validity, so invalid robot hand states
do not remove the demonstration goal trajectory. X-Sim re-
sets place the robot at home with the object at frame O.
X-RESET samples valid retargeted hand-object states from
the demonstration; frames whose robot hand state fails IK,



TABLE V: Held-out left-hand scaling results for Powerdrill (Fig.

Train demos  Grasp  Keypoint progress  Task progress  Trials
1 10.0 6.7 36.3 20
5 5.0 7.6 31.4 20
10 5.0 3.7 347 20
20 10.0 10.1 38.0 20
80 55.0 349 51.2 20
180 65.0 38.7 57.9 20

Values are percentages for Tables |[ILIf [[V[[V] Multi-object rows use 80 demos
for four-object training and 180 demos for nine-object training.

TABLE VI: UR7e+Sharpa Reset Strategy Results (Fig. @)

Method Tuna  Spam  Pitcher = Macro

Default reset 314 23.1 16.5 23.7
+Pre-contact resets 88.1 62.9 64.5 71.8
+Post-contact resets 94.9 93.2 64.4 84.2

retargeting, or reset-validity checks are excluded from the reset
distribution. To check for reset-validity, we instantiate each
candidate state in Isaac and roll the simulator forward for eight
zero-action steps with gravity disabled. States are rejected if
they terminate or produce large residual motion, including
object linear velocity above 0.10 m/s, object angular velocity
above 1.0rad/s, or robot joint velocity above 2.0rad/s.

d) Object-centric reward.: The policy is trained with a
generic object-centric reward that does not imitate robot joint
trajectories. Let C; be a binary contact gate requiring thumb
contact and at least one other finger over the contact threshold.
The final-goal tracking terms are

rp=Cy (1 tanh (L2gel})

where dp is quaternion geodesic distance. The total reward is

rg = C, <1 — tanh (7@(?5’&))) ;

T = Treach + Pgrasp + 47p + 47k + 107guccess — 0.005][a[|3 — 0.005]|a; — az—1|3 — 5007001

Here rycacn 1S a sticky best-so-far fingertip/object tanh reward,
Tgrasp 15 the two-finger contact bonus, and 7gyccess 1 @ contact-
gated binary pose success bonus. The two action norm terms
incentivize smooth and smaller actions, and 7.}, s an out-of-
bounds penalty that applies if the object leaves the manipula-
tion scene and terminates the episode.

e) Gravity randomization.: The scene gravity remains
fixed at deployment gravity go = —9.81m/s® so the robot
always feels the true load. On each reset we sample an object
gravity fraction a > 0 and apply an upward compensation
force to the object,

Fy = (1= a)mlgol,

so the effective object gravity is agg. Home resets sample near
full gravity, « = 1 + n/|go| with n ~ N(0,1) and clipping.
Hand-object resets in the main method sample « ~ U(0,1);
the full-gravity ablation fixes o = 1.

TABLE VII: OpenArm Reset Strategy Results (Fig. @)

Method

Tuna

Spam  Pitcher  Macro

Default reset
+Pre-contact resets
+Post-contact resets

29.7 33.0 429 352
39.6 412 47.9 42.9
429 38.0 46.2 42.4

Values are staged task progress percentages for Tables [VI| [VII}

TABLE VIII: RL training hyperparameters.

Setting Value

Algorithm PPO

Discount / GAE 0.99/70.95

LR / KL / clip / entropy le-3 adaptive / 0.01 / 0.2 /
0.005

Horizon / sequence length / mini-epochs 16/4/5

Reward scale / grad norm 0.01/1.0

Policy input

Point-cloud encoder

Actor architecture

Action output

Critic input

Scale

policy + proprio scalars, fol-
lowed by perception as the
trailing 5 X 64 X 3 object
point-cloud history
Per-frame PointNet MLP
3 — 64 — 128 — 64 with
max pool; concatenate 5
embeddings

LSTM 512 with layer
norm before ELU MLP
[612,256,128]; fixed-log-
std Gaussian policy

28D continuous action: 6
UR7e relative joint-position
commands + 22 SHARPA
implicit-PD hand targets
same actor observations plus
object velocity, pose-error,
closest-fingertip, gravity, and
reward terms

4 GPU DDP, 4096 envs,
minibatch 32768, 10000
epochs

TABLE IX: Domain randomization and reset-time augmentations.

Component Setting
Object spawn perturbation Az, Ay ~ U(-2,2) cm; AY ~
U(—25°,25°)

Robot joint perturbation
Robot/object friction
Object mass

Hand surface materials
Observation/action interface

Home resets only: arm joints o = 0.075
rad, hand joints o = 0.10 rad

Static and dynamic friction ~ 1/(0.5, 1.0)
with 250 material buckets

Mass scale ~ 14/(0.7,1.3) x default mass
values

Elastomer friction 0.8; metal friction 0.1
64 object points with 5-frame history
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