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Fig. 1. TOPORETARGET converts human hand-object trajectories collected
with a motion-capture glove (A) into robot references for contact-rich dexter-
ous manipulation. These retargeted references are used to train RL policies
that execute dexterous skills in simulation (B) and transfer zero-shot to Wuji
Hand (C).

Abstract—Human hand-object demonstrations provide dense
reference motions for training dexterous manipulation reinforce-
ment learning (RL) policies through reference tracking. However,
to use such demonstrations for RL policy learning, retargeting
must preserve hand pose and task-relevant hand-object contact
structure. Otherwise, contact and feasibility artifacts can degrade
downstream RL policy performance. We introduce TOPORE-
TARGET, an interaction-preserving retargeting framework that
uses a single set of parameters across diverse retargeting con-
ditions while maintaining task-relevant hand-object interaction
and adapting human demonstrations to dexterous robot hands.
The method constructs a sparse interaction graph over hand
and object keypoints and optimizes distance-weighted Laplacian
deformation with directional consistency, kinematic constraints,
and penetration handling. Evaluations show that the generated
references improve both interaction fidelity and policy learning:
TOPORETARGET achieves the best contact precision and align-
ment over all baselines on the ContactPose Dataset, improves
Pen-Spin training success by 40.6 percentage points over the
existing baseline methods, and enables zero-shot transfer to Wuji
Hand hardware on cube reorientation and pen spinning.

I. INTRODUCTION

Learning long-horizon, contact-rich dexterous manipulation
with reinforcement learning often relies on carefully designed
training pipelines [13, 4, 25, 16, 29]. Human hand-object

demonstrations provide dense reference signals that guide
reinforcement learning through tracking objectives [15, 5,
10, 27, 12, 8]. Using these demonstrations for robot policy
learning requires retargeting human hand-object motion across
a substantial embodiment gap, but matching hand pose alone is
insufficient since task execution depends on local hand-object
interaction. Therefore, preserving hand-object interaction dur-
ing retargeting is a key bottleneck for learning dexterous
manipulation skills from human demonstrations.

Existing dexterous hand retargeting methods have made
human hand motion useful for teleoperation and demonstration
collection [3, 20, 22, 18, 19, 23, 7]. Most of these pipelines
define hand-centric objectives over hand pose [26], fingertip
correspondences [3], and pinch relations [30]. Such objectives
align the robot hand with the human hand, but do not directly
specify where and how the robot should contact the object.
Recent methods address this limitation by incorporating object
motion [2, 12, 8], contact consistency [9, 6, 17], or physical
feasibility [14] into retargeting or policy learning. However,
the resulting motions often still require downstream refine-
ment, policy correction, or task-specific tuning before they can
serve as reliable tracking references.

This motivates TOPORETARGET, a retargeting framework
that focuses on the structure of the local hand-object inter-
action. It preserves object-relative positional and directional
relationships between hand links and object regions, while
also maintaining intra-hand relationships among hand links.
Our approach reduces interaction artifacts and supports real-
time retargeting.

Our contributions are threefold:

1) An interaction-preserving retargeting framework that
maintains local hand-object interaction while enforcing
dexterous hand kinematic and penetration constraints.

2) A lightweight reference-based RL tracking pipeline that
enables zero-shot sim-to-real transfer for contact-rich
dexterous skills, including pen spinning and cube re-
orientation.

3) A dexterous hand-object interaction dataset of retargeted
trajectories, task references, and trained policies for
reproducible reference-based dexterous manipulation.
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Fig. 2. TOPORETARGET overview. Given a human demonstration, object
mesh, and target hand model, the method aligns bone directions during
initialization, constructs source and robot interaction meshes, and computes
the robot configuration via topology-aware Laplacian optimization. The output
robot motion reference preserves hand-object interaction.

II. TOPORETARGET: INTERACTION-PRESERVING
HAND-OBJECT RETARGETING

We propose TOPORETARGET, an interaction-preserving re-
targeting framework for converting human hand-object demon-
strations into robot references. The algorithm overview is
shown in Fig. 2. We first define the notation and optimization
variables in Sec. II-A, then describe the relative bone-direction
initialization in Sec. II-B, the shared hand-object interaction
mesh in Sec. II-C, and the topology-aware Laplacian optimiza-
tion in Sec. II-D.

A. Notation Definition

We formulate hand-object retargeting as a constrained op-
timization problem. The inputs are a human-hand trajectory
Pl ., an object pose trajectory ¢¢.,, and an object mesh
M. Here, Pth € R21%3 denotes the MediaPipe [11] hand
keypoints at time ¢, and N denotes the trajectory length.
The goal is to compute an optimal robot base-pose trajectory

base and a robot joint trajectory ¢, € RYV*"0. We write

q1:N
qF = (gP**,¢?) and use ¢ for ¢! in single-frame objectives.

B. Relative Bone-Direction Initialization

We first compute an initial guess for the robot-hand con-
figuration by matching local finger articulation between the
source and robot hands. For each non-terminal finger keypoint
k, define dj, as the unit vector from keypoint k to its child
keypoint along the same finger. Let dj, and dJ,(¢) denote the
source and robot bone directions at frame ¢, expressed in their
respective wrist-centered hand frames, and let Ap contain
adjacent bone pairs along each finger. The bone-direction
mismatch is defined as

Epone(9) = Y (dile) = di (@) — (d —d)ll5 . (1)

(k,l)eAB
The initial estimate for frame ¢ is

Jo . ~ 2
ql ‘= arg mqln AWau"mEbone(q) + )\smooth Hq - q;;l H2 . (2)

The first term encourages the robot hand to reproduce the
source hand’s relative bone directions, while the second term
promotes temporal consistency with the previous initial es-
timate. The scalar weights Ayarm and Agmeoth balance these
two objectives. We use Ayarm for the initialization-stage bone-
direction weight.

C. Interaction Mesh Construction

At each frame ¢, we build source and robot hand-object
vertex sets from the human keypoints P}, the corresponding
robot keypoints P (g), and N, object surface samples O;
drawn from the mesh M posed by ¢7:

Ve =[P0d, V(@) =[P/ (g): 0. 3)

Here, N, = 21+ N, is the total number of graph vertices. We
write V' = {v7, };2 and Vi (q) = {v],(¢)};L2y, where the
first 21 vertices are hand keypoints and the remaining vertices
are object samples. We run Delaunay tetrahedralization on the
source vertices V;° to obtain the interaction edge set Z;, then
reuse the same connectivity for the robot vertices:

i=WV55),  Gilg = (Vi (9), D) 4)

This shared graph lets the refinement compare the demon-
strated and retargeted configurations under the same local
hand-object neighborhood structure. It also supports augmen-
tation across object scales and hand embodiments: after scaling
or replacing the object, O, follows the new surface, and the
rebuilt graph lets the same Laplacian refinement preserve local
interaction without new contact targets.

D. Topology-Aware Laplacian Optimization

Starting from ¢;, we refine the robot configuration by
matching topology-aware Laplacian coordinates on the shared
interaction graph. Let N;(i) be the neighbors of vertex ¢ in
Z;. For each interaction edge (4, j) € Z;, we compute source-
frame distance-aware weights
W;ip =exp | —k |05, —vF ) Wi = wij’t~ .

e (o) o=
Here, « is a spatial decay parameter. The weights are computed
on the source configuration and reused for the robot configu-
ration. For a vertex set V' = {vl}fvz”l its weighted Laplacian
coordinate at vertex 4 is

A(V)i= Y wijalvi —vy). (6)
JEN(1)
We define the interaction-mesh energy as

1 N,
Eun(a) = 7 2 186V (@) = A (V)ill;- - (D
V=1

The final interaction-preserving optimization is

(¢ s7) = argmin  AniEni(a) + Avone Bbone (4)
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Here, the \ terms are scalar weights, Fp\ maintains the
demonstration’s local hand-object interaction, FE,.ne keeps
the initialization bone-direction prior, and FE,., regularizes
smoothness. Apopne denotes the refinement-stage bone-direction
prior weight. The implementation of E..; and the fixed



parameter values are given in Appendix A. We use one fixed
parameter setting across our experiments rather than perform-
ing extensive per-case tuning; detailed parameter values are
provided in Table II. The query set Q; contains hand-object
pairs checked at frame ¢; for pair i, ¢;(q) is the signed distance,
s; is the slack variable, 7 is the soft tolerance, b is the hard
bound, and w; is the slack penalty weight.

ITI. MINIMAL RL TRACKING CONTROLLER

We use a minimal reinforcement-learning setup to track
the retargeted trajectories. We formulate the hand-object
tracking task as a finite-horizon Markov decision process
(MDP) and optimize the policy with Proximal Policy Op-
timization (PPO) [21]. Each reference clip is &°f =
{a)™", q™, Pt sy where )" denotes the joint
component qZ’* of the retargeted configuration g;", qZ’mf
denotes the object pose expressed in the robot base frame, and
pﬁefL i denotes the base-frame positions of the L tracked hand
links. Expressing object and link references in the base frame
makes the controller focus on relative hand-object interaction
rather than global motion.

Action space. At each control step ¢, the policy tracks the

X ) . . 0.t
active reference frame k; using a residual action, g’ ar —

quEf + ay. '
Observation. The observation is o, = [oP™", 09>, oi°f], where
of"°" contains the joint state and previous action, o}’ contains
object-axis points, and o}*' contains lookahead joint, object,
and hand-link references in the robot base frame.

Reference initialization and sampling. We use reference-
state initialization: at reset, a start frame ko is sampled
uniformly from the reference trajectory, and each environment
is initialized with the corresponding hand and object states.
Reward. The reward is 7y = WobjTobj + WiinkTlink +
WiointTjoint + WsmoothTsmooth, Where the four terms track
object pose, hand-link positions, finger joints, and smoothness,
respectively; the weights are listed in Appendix E.

Domain randomization. During training, we randomize ob-
ject mass and center of mass, contact parameters, actuator
gains, joint damping, and hand-link inertial properties, and
apply external object perturbations during rollout.

IV. EXPERIMENTS

Our experiments evaluate the proposed retargeting pipeline

through three questions:

1) Does TOPORETARGET preserve local hand-object inter-
actions across diverse human motions?

2) How do retargeted references from different methods
affect downstream RL tracking policy training and per-
formance?

3) Does TOPORETARGET support generalization and aug-
mentation across different objects and robot hands with-
out per-case retuning?

Across the retargeting and downstream tracking experiments,
we compare the proposed method with four baselines: Om-
niRetarget [28] (see details at Appendix B), Mink [31], Dex-

TABLE 1
QUANTITATIVE RETARGETING EVALUATION ON THE CONTACTPOSE
DATASET [1].

Metric TOPORETARGET (Ours) ~ OmniRetarget ~ Mink  DexPilot ~ GeoRT

Contact precision (mm) | 7.71 14.15 14.12 14.13 26.77
Contact alignment (°) | 15.67 30.80 37.36 33.71 25.74
Max hand-object penetration (mm) | 1.07 1.15 20.12 11.87 2222
% frames with penetration > 2mm | 0.00 0.00 84.00 88.00 96.00
Solve time (ms/frame) | 4.70 40.96 4.37 1.74 117

Source a) OmniRetarget b) DexPilot c) TopoRetarget (Ours)
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Fig. 3. Retargeting artifacts of existing methods under hand-object and

hand-only cases. Baselines exhibit contact-region drift, invalid grasps or
penetration, misplaced non-tip contacts, and joint hyperextension, whereas
TOPORETARGET preserves the intended local interaction without visible
penetration.

Pilot [3], and GeoRT [30]. All applicable methods use the
same human references and object geometry.

A. Interaction-Preserving Retargeting Quality

To answer Q1, we compare different retargeting algorithms
in terms of their ability to preserve local contact information
in hand-object interaction. We treat source in-contact bone
segments as the key interaction units and evaluate preservation
of object-relative positions and directions after retargeting. We
report two metrics on the ContactPose Dataset [1]: Epec, the
mean object-relative position displacement of contact links,
and E,ign, the mean object-relative orientation error of contact
links. Lower values indicate better interaction preservation.
Full definitions are given in Appendix C.

Table I shows that TOPORETARGET achieves the lowest
contact precision and contact alignment errors, with 7.71 mm
and 15.67°, respectively. The residual is attributable to the
human-dexterous embodiment gap and source-side Contact-
Pose interpenetration. TOPORETARGET also keeps penetration
small, with a maximum penetration of 1.07 mm, and avoids the
severe interpenetration observed in several baselines, indicat-
ing that the method better preserves local contact geometry.
Moreover, the average solve time is below 5ms per frame,
enabling real-time retargeting.

Fig. 3 summarizes common retargeting failure modes, in-
cluding contact-region drift, invalid grasps or penetration,
misplaced non-tip contacts, and unnatural joint configura-
tions. In contrast, TOPORETARGET preserves the hand-object
interaction of the source while reducing artifacts. Detailed
examples are shown in the figure.



Fig. 4. Interaction-mesh visualizations of retargeted reference trajectories
(A,C) and corresponding zero-shot real-world executions (B,D) for cube
reorientation and pen spinning on the Wuji Hand.

B. Downstream Tracking Policy Performance

To answer Q2, we use downstream RL tracking policy
training as a practical test of trajectory quality. For each
retargeting method, we generate references on the Ho-cap [24]
and our self-collected MoCap Pen-Spin Dataset (see details in
Appendix D). We then train RL tracking policies with the
setup described in Sec. III, using identical policy architecture,
reward terms, domain randomization, and termination criteria.
We evaluate the trained policies in simulation and report
success rate and object tracking error. A rollout is counted
as successful if it reaches the final reference frame without
triggering the object-pose termination criteria in Appendix E.

As shown in Table III (Appendix E), TOPORETARGET
achieves the highest success rate at 84.4% and the lowest
position error at 0.87cm on the Ho-cap Dataset, while ro-
tation errors remain comparable across methods because the
trajectories are primarily grasp-centric. On the MoCap Pen-
Spin Dataset, rapid motion and frequent non-tip contact transi-
tions demand high-quality reference motion; TOPORETARGET
reaches 87.5% success, over 40 percentage points above all
baselines, with the lowest position and rotation errors. The
widened performance gap on pen spinning highlights the
applicability of TOPORETARGET to contact-rich manipulation,
where the active hand-object contact changes frequently over
time. Fig. 4 further shows zero-shot Wuji Hand sim-to-real
transfer on cube reorientation and pen spinning, demonstrating
that learned tracking policies can execute contact-rich skills
with repeated in-hand contact changes.

C. Generalization and Augmentation without Per-Case Retun-
ing

To answer Q3 on generalization and augmentation without
per-case retuning, we retarget the same human demonstrations
to different dexterous hand embodiments and object scales
while keeping all retargeting parameters fixed. Fig. 5 shows
that the proposed approach transfers both the hand motion
and the hand-object interaction under the embodiment and
scale changes. The interaction-mesh formulation supports this
transfer by rebuilding the local hand-object graph with edge

a) cross embodiment b) object size
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Fig. 5. Augmentation across object scales and dexterous hand embodiments
without per-case retuning.

weights recomputed from the scaled object mesh, providing a
simple way to augment human demonstrations.

V. CONCLUSION

We presented TOPORETARGET, a fixed-parameter retar-
geting framework that converts human hand-object demon-
strations into dexterous robot references. TOPORETARGET
maintains hand-object interaction in the object frame through
distance-weighted Laplacian optimization, directional consis-
tency, kinematic constraints, and penetration handling. This
design improves reference-level retargeting quality, achiev-
ing better contact precision, contact alignment, and pene-
tration metrics than representative baselines on the Contact-
Pose Dataset. The improved references also lead to stronger
downstream RL tracking, with higher success rates and lower
object tracking errors, especially on agile pen-spinning demon-
strations with frequent non-tip contact transitions. The same
formulation supports augmentation across object scales and
hand embodiments without task-specific tuning.

VI. LIMITATIONS AND FUTURE WORK

TOPORETARGET depends on the quality of the upstream
human reference motion. Our method can handle contact
distortion caused by penetration in the source motion, but it
is less effective for virtual contacts, where the source finger
is intended to interact with the object but does not actually
touch the object surface. Future work can incorporate source-
motion preprocessing to correct such missing-contact cases
before retargeting.
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APPENDIX A
RETARGETING DETAILS

Implementation detail for E.... In the implementation, the
regularization term in the final refinement is expanded as

base [|2

Ercg(Q;Qtrfl) = )‘rcg Hq qt 1”2 + )\basc ,pos ||qPOS ||2 (9)

+ )\base,rot HQr:t HQ '

The first term enforces temporal smoothness in the optimizer
coordinates, while the last two terms are a 1ightweight base-
pose prior for floating-base retargeting. Here, qpase and gbase
denote the translational and rotational components of the robot
base pose ¢"*°, respectively.

TABLE I
SELECTED RETARGETING PARAMETER SETTINGS.

Parameter Value Description

N, 50 Number of object surface samples in the interac-
tion mesh.

AIM 500 Weight of the interaction-mesh Laplacian objec-
tive.

K 30 Distance-decay factor for the exponential Lapla-
cian edge weights.

Awarm 1 Bone-direction weight in the initialization stage.

Abone 0.1 Bone-direction prior weight in the final refinement
stage.

Asmooth 2.5 Temporal smoothness weight in the initialization
stage.

Areg 2.5 Temporal smoothness weight inside E'reg.

Abase,pos 100 Floating-base translation prior weight used in

Ereg.

Abase,rot 1 Floating-base rotation prior weight used in Freg.
T 0.001m Soft penetration tolerance.
b 0.030 m Hard penetration backstop.
Ws 1.0 x 105  Slack penalty weight for the penetration con-

straint.

APPENDIX B
OMNIRETARGET BASELINE

OmniRetarget [28] is originally designed for humanoid
whole-body loco-manipulation and scene interaction. For our
dexterous hand-object baseline, we keep its interaction-mesh
objective and object surface sampling, but replace the hu-
manoid source keypoints with MediaPipe hand keypoints:

Ve =[P 08] Vie) = [P (9); OFl,

where P,"P € R?'*3 denotes the source MediaPipe hand
keypoints and O, O are the sampled object points under the
source and retargeted object poses. We make two hand-specific
changes. First, the wrist is not fixed as a root anchor; it is
included in P/ (¢q) and optimized jointly with the other hand
joints. Second, collision handling is applied to the full hand
geometry rather than to a sparse humanoid contact set, since

dexterous manipulation may contact the object with fingertips,
intermediate phalanges, finger sides, or the palm.

APPENDIX C
RETARGETING METRICS

Let C denote the in-contact hand links, where each link ¢
associates a source hand point hJ, a retargeted robot point
h?, the corresponding source and retargeted object points o]
and o], and a parent joint with source and retarget positions
h;a(c) and hga(c (the wrist for the proximal link). The set
C is obtained directly from the ContactPose contact annota-
tions using ContactPose’s own attribution: per-vertex contact
intensity is sigmoid-normalized and thresholded, each contact
vertex is assigned to its nearest of the 20 hand bones by point-
to-segment distance, and a link is marked in contact when at
least 10 vertices fall on it. Contact precision measures the
object-relative position error:

Eprec = 4 ZH (B" — of)

ceC

—(he=o)ly-  (10)
Contact alignment measures the angular deviation between
the source and retargeted bone-segment orientations of the in-
contact linkS'

Fuen = o 3 cos™ (elp (il -, ~1,1)),
‘ ‘ ceC (1])
o he—hpa o g
U, = , U, = 3 .
||hc pa(c)H2 ||hc - pa(C)HQ

For penetration, let X" be sampled robot-hand surface points
and let M; denote the posed object mesh with signed distance
d, (), positive outside the object. We report the maximum
penetration depth and the fraction of frames whose maximum
penetration exceeds 6 = 2 mm:

Dmax — max Irel?}(}} [—dnm, (7)),

NZ [mx

APPENDIX D
EXPERIMENTAL SETUP

12)

Ryenl6) = ~du, ()], >0

Datasets and Tasks. For reference motion retargeting evalu-
ation, we use the ContactPose Dataset [1] to measure hand-
object contact precision, contact alignment, and penetration.
We evaluate on 25 of the 28 ContactPose grasps, excluding
three with deeply concave object geometry (mug, scissors,
Utah teapot) that no method reliably handles. For down-
stream tracking evaluation, we use two trajectory sets. Ho-
cap [24] provides 32 grasp-centric hand-object references
that test whether retargeted motions remain trackable under
relatively stable contact conditions. The 32 trajectories are
randomly drawn from Ho-cap’s single-hand interactions to
fit our training budget. Our self-collected MoCap Pen-Spin
Dataset contains 32 pen-spinning demonstrations recorded
with motion capture and the Wuji Glove, with trajectories
averaging 12.4 s and containing frequent non-tip contacts and
contact-mode transitions. For both datasets, all retargeting



methods are evaluated on the same human references and
object geometry, and each generated reference set is used
to train a separate policy under the identical RL setup. We
further deploy the trained policies on the Wuji Hand for cube
reorientation and pen spinning.

Baselines and Metrics. We compare TOPORETARGET with
OmniRetarget [28], Mink [31], DexPilot [3], and GeoRT [30]
under the same human references and object geometry when
applicable. Reference-level metrics include contact precision,
contact alignment, maximum penetration, penetration rate, and
solve time; full definitions are provided in Appendix C. Policy
metrics include success rate and object pose tracking error.

APPENDIX E
RL TRAINING

We formulate single-hand object manipulation as a finite-
horizon MDP. The goal is to track a reference manipulation
clip with a right dexterous hand while keeping the manipulated
object aligned with the demonstrated motion. A reference clip
is a sequence

ref 6,ref o,ref ref N—1
g = {Qk ) Qk ) pl:L,k k=0 »
where qZ’rCf denotes the reference finger joint positions,

o,ref

g € SE(3) denotes the object pose expressed in the base
frame, and p{efL 1. denotes the reference positions of the tracked
hand links. We use the base frame for reference quantities
so that the policy learns the relative hand-object interaction
instead of a global trajectory.

A. State and action

The simulator state contains the hand joint state, actuator
state, contact state, and object pose and velocity. The policy
does not observe the full state. At each control step ¢, the
active reference index is k;. The action a; is a residual joint-
position command for the ng right-hand finger joints. The low-

level target is centered at the current reference pose, qf ar —
qZ;merat. This residual parameterization lets the policy correct

tracking errors while using the demonstration as a strong prior.

B. Observation

The policy observation has three parts. First, proprioception
includes the current finger joint positions, joint velocities, and
the previous action. Second, the object observation represents
the current object pose in the base frame with a small set
of axis points attached to the object. This avoids direct
dependence on a particular quaternion parameterization while
still encoding position and orientation. Third, the reference ob-
servation contains the current reference joint pose, object axis
points, and tracked hand-link positions, plus short lookahead
reference features from future frames. In our implementation
we use lookahead offsets of 1, 3, and 5 control steps. During
training we add small noise to proprioception and the observed
object pose to improve robustness.

C. Reference initialization and sampling

We use reference initialization at every reset. A start frame
ko is sampled uniformly from the reference trajectory, and the
simulator is reset to the corresponding reference hand pose
and object pose. The reference index then advances with the
simulator control steps, k:+1 = k: + 1. Uniform sampling
over the trajectory exposes the policy to all phases of the
manipulation and avoids overfitting to the beginning of the
clip. We optionally apply small reset noise to the object pose
around the sampled reference state.

D. Reward

The reward is dominated by tracking terms for the object,
hand links, and joints. For an error e and scale o, we use
a Gaussian tracking kernel ¢ (e;0) = exp (—|le/o|[?). The
object term tracks a set of axis points attached to the object,
which jointly encode its base-frame position and orientation,

6
Tobj = U [ 2 [ltme — ulthy, 123 0ob; |

m=1

where u,, ; and uff;fkt are current and reference object axis
points in the base frame. The hand-link term tracks the

positions of the palm and finger links,

L
Tlink = %Z¢(||Pe,t - Pﬁt 23 O1ink)
=1

and the joint term tracks the normalized finger joint error,

ne 0,ref
_ 1 E
Tjoint = e ’l/)
Jj=1

9
Bt — 9k

min ’

J
The total reward is a weighted sum 1, = WobjTobj +
WiinkTlink + Wjoint Tjoint + Wsmoothsmooth» where Tsmooth =
llar — az—1|3 + l|as — 2a;—1 + a;—2||3. In practice, the largest
weight is assigned to object tracking, followed by link, joint,
and smoothness terms. The reward weights and scales, together
with the termination conditions, are summarized in Table IV.

ax ; Ojoint
4q; -

E. Domain randomization

To reduce overfitting to a single simulator instance, training
randomizes object mass and center of mass, contact friction,
actuator gains, joint damping and armature, encoder bias,
and hand link inertial properties. We also apply intermittent
external force and torque disturbances to the object. These
perturbations are sampled at reset or during rollout and are
not included in the policy observation. The full randomization
ranges are listed in Table V.

F. Policy network and optimization

The policy and value networks and the PPO optimizer use
the settings in Table VI.



TABLE III

DOWNSTREAM RL TRACKING PERFORMANCE.

Metric

TOPORETARGET (Ours)

OmniRetarget

Mink

DexPilot

GeoRT

Ho-cap [24] Dataset (32 clips)

Success rate T
Obj. pos err (cm) |
Obj. rot err (deg) |

84.4% (27/32)
0.87
5.76

56.2% (18/32)
1.07
7.87

75.0% (24/32)
0.91
5.55

75.0% (24/32)

75.0% (24/32)

0.92
4.99

0.90
6.07

MoCap Pen-Spin Dataset (32 clips)

Success rate T

87.5% (28/32)

46.9% (15/32)

21.9% (7/32)

40.6% (13/32)

31.2% (10/32)

Obj. pos err (cm) | 0.98 1.45 1.61 1.29 1.19
Obj. rot err (deg) | 9.25 14.26 15.25 17.66 18.62
TABLE IV
REFERENCE-TRACKING MDP. WE DEFINE ¢(e; o) = exp(—|le/a||?).
Term Expression / specification Weight
Object Y(E 38 1w — uigf]l2; 0.04) 8.0
Link position 15y ¥(llpe — et 123 0.025) 1.0
Joint position 200 w(lad — a) |/ (@ — gtin); 0.1) 1.0
Action smoothness lla: — as—1|2 + llae — 2a:—1 + at—2]|3 -0.01
Timeout Episode reaches 20's -
Object unstable Height < 0.06 m, lin. vel. > 10 m/s, or ang. vel. > 500rad/s —
Object position error lpo — pEf||l2 > 0.05m -
Object orientation error Orientation error > 45° -
Object axis-point error  Any of the 6 object axis-point errors > 0.05m -
TABLE VI

TABLE V

DOMAIN RANDOMIZATION RANGES USED DURING TRACKING-POLICY

TRAINING.

Randomized quantity Range / setting Mode
Joint-position observation noise N(0,0.02) rad Step obs.
Joint-velocity observation noise N(0,0.05) rad/s Step obs.
Object axis-point position noise N(0,0.002) m Step obs.
Object axis-point orientation noise  A(0,0.01) rad Step obs.
Observation delay 0-2 control steps Step obs.
Reference reset: finger joints U[-0.02,0.02] rad Reset
Reference reset: object position U[—0.005,0.005] m Reset
Reference reset: object orientation Axis-angle, angle U[—0.03,0.03] rad  Reset
Object COM offset [—0.003,0.003] m Startup
Robot friction scale [0.7,1.3] Startup
Robot collision-geometry scale [0.9,1.1] Startup
Object mass / inertia scale [0.4,1.6] Startup
PD stiffness scale [0.75,1.5], log-uniform Startup
PD damping scale [0.5,2.0], log-uniform Startup
Joint damping scale [0.3,3.0], log-uniform Startup
Joint armature scale [0.75,1.3] Startup
Joint friction-loss scale [0.5,2.0] Startup
Encoder bias [~0.01,0.01] rad Startup
Robot link inertia scale [0.4,1.5] Startup
Robot link mass scale [0.4,1.5] Startup
Ext. force (impulse every 0.6-1.8s) U[—0.25,0.25]N Rollout
Ext. torque (same schedule) U[—0.00375,0.00375] Nm Rollout

PPO TRAINING AND NETWORK HYPERPARAMETERS.

Parameter Value
Parallel environments 4096

Simulation step 0.01s
Decimation 5

RL control frequency 20Hz
Reference trajectory frequency 20Hz

Episode length
Rollout length

Samples per PPO iteration

Actor network

Critic network
Observation normalization
Action distribution
Optimizer

Learning rate

PPO epochs / minibatches
Entropy coefficient
Discount

GAE )\

20s (400 control steps)

40 control steps / environment
163,840

MLP [512, 256, 128], ELU
MLP [512, 512, 256, 128], ELU
Enabled

Softplus Gaussian

Adam

1x1074

4732

0.001

0.99

0.95
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