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Abstract

Human demonstrations provide strong priors for robot ma-
nipulation, yet transferring them to real robots is non-trivial
because of the kinematic gap. In dexterous manipulation,
even simulation tracking remains difficult for long-horizon,
contact-rich sequences: a reference-tracking policy must
keep objects on their target trajectories while preserving
demonstrated joint motion and contact timing. Existing ap-
proaches often rely on hand-crafted reward tuning, which
requires per-sequence tuning and can break under limited in-
teraction budgets. We introduce ConTrack, a reinforcement
learning framework that scales with tracking data. Con-
Track treats object tracking as a constraint and allocates the
remaining control authority to motion fidelity, allowing the
task—style trade-off to adapt online through a dual-variable
update. ConTrack also stabilizes long-horizon learning with
an adaptive mid-trajectory reset library that reuses policy-
reachable simulator states. Qualitative and quantitative
results in simulation tracking and on a real robot show that
ConTrack improves success and object pose accuracy over
prior methods while preserving joint and contact fidelity.

1. Introduction

Human hand-object recordings are becoming a practical
source of supervision for robot dexterity. They contain long
sequences, natural contact schedules, and object use patterns
that are difficult to script by hand [3, 4, 6, 7, 9, 22]. The hard
part is execution. Many pipelines can recover high-level in-
tent or coarse motion cues from human data, but contact-rich
manipulation still needs an additional stage that calibrates
the interaction to the target robot. This stage matters because
human data introduces a systematic mismatch between the
demonstrated hand motion and what a robot hand can physi-
cally realize. Morphology and actuation differences appear
as a kinematic gap when one attempts to execute human
motion directly.

One intuitive response is retargeting. Optimization and
neural retargeting align human motion to robot kinematics by
minimizing geometric errors [8, 18, 26]. Purely geometric
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Figure 1. ConTrack tracks long-horizon, contact-rich dexterous
hand motion across tool use, articulated object interaction, and in-
hand rotation. Adaptive task-style control balances object tracking,
hand motion, and contact fidelity.

objectives tend to be fragile once contact schedules matter.
Recent systems add physical feasibility, object-centric goals,
or learned tracking controllers [10, 12, 14, 15], but they still
leave an open question: when the reference is not jointly
realizable, how should a system choose the trade-off between
task success and motion style without per-sequence manual
tuning?

Inspired by tracking-centric control in physics simula-
tion [13, 16, 17, 24], we propose ConTrack, a reference-
tracking reinforcement learning framework for contact-rich
hand-object interaction. Each input clip specifies retargeted
robot joint references, object pose targets, and link-level
contact annotations. ConTrack casts object tracking as a
constraint rather than another reward term, following the
Lagrangian view used in CMDPs and constrained policy
optimization [1, 2, 5, 19, 21, 23, 25]. The policy can deviate
from the reference when required by physics while remain-
ing anchored to demonstrated motion and contact cues.

Long horizons create a second problem. If training al-
ways starts from the first frame, early failures dominate the
rollout distribution and later contact phases receive too few
updates. Resetting directly to the reference mid-trajectory
can also be physically inconsistent because contacts and ob-
ject configurations are coupled through dynamics. ConTrack
instead stores simulator states visited by the current policy
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and resamples difficult frames from this policy-reachable
library. Together, the adaptive task-style controller and reset
library transform physically infeasible reference motion into
executable robot trajectories.

2. Method

Problem setup. For a reference clip of length 7, the simula-
tor state x; contains robot joints, object poses, and velocities.
The reference provides joint targets ¢;°f € R, object poses
for O objects, and binary contact targets cf’(f ¢ for hand link
£. The policy observes the simulator state and time index,
then outputs a residual action a; € RP:

@™ = ¢ + ay. (1)

This keeps exploration close to the retargeted motion while
still allowing corrections. We separate the reward into object
tracking r, style fidelity 7, and a smoothness penalty 7.
The corresponding discounted returns are Jg () and Jy(7).

Adaptive task-style mixing. ConTrack optimizes style
subject to a normalized task constraint. This is not a full
safe-RL guarantee; it is a lightweight CMDP-style controller
for the task-style conflict in reference tracking:

max Js(m) st Jg(m) > g, ()

where o € (0, 1] is a target task ratio and J;*** is the running
maximum of a moving task-return estimate for the clip. The
normalization makes the update less sensitive to the raw
scale of different objects and clips. We implement Eq. (2)
with a scalar dual state A, similar in spirit to primal-dual
constrained RL updates [1, 2, 23]:

A= A+7 (a — jg/JénaX) ’ Wiask = 0c(A).  (3)

PPO then uses a mixed advantage
Amix = wtaskAg + (1 - wtask)AS + AP' “

When the policy falls below the task ratio, wy,si increases
and the learner pushes harder on object tracking. Once the
object motion is reliable, the update releases weight back to
style.

Policy-reachable reset library. ConTrack maintains a
cached simulator state B[k] for each reference frame k. After
an episode that starts at ¢, and ends at ¢, every visited frame
k € [ts,te] receives a continuation length ¢, = t. — k + 1.
We maintain an exponential moving average ¢}, and refresh
Blk] with the visited simulator state when the rollout exceeds
the previous best continuation at frame k. Sampling then
favors frames with low survival ratio,

up = b:/(T = k), p(k) ocexp(—up/7). (5

Method Prog.t Pos./ Rot.| Fing.| F11 Pt}

ConTrack 899 .026 272 163 .784 .018
ManipTrans [10] .743 .012 .207 .277 .620 .030
DexMachina [14] .246 .038 348 .147 .708 .024
SPIDER [15] 444 201 1.104 157 .191 .036

Table 1. Main comparison averaged over clips. Position and contact
point errors are in meters; rotation and finger errors are in radians.

Variant Prog.t Pos./ Rot.] Fing.] F11 Pt]
ConTrack 899  .026 272 163 .784 .018
Fixed task 764 026 .250 157 .679 .022
Fixed 1:1 868 .029 297 165 .701 .023
Start reset 700 .039 370 .168 .739 .017

Uniformreset .727 .033 .298 .152 .714 .021
w/o contact 861  .032 320 .168 .699 .020

Table 2. Selected ablations under the same training budget. Adap-
tive mixing improves progress while preserving contact fidelity,
and the reset library improves long-horizon coverage.

Early in training, resets concentrate near short feasible suf-
fixes. As the policy learns, the reachable set moves backward
through the clip and training spends more rollouts near the
remaining difficult contact transitions.

Contact priors. Object pose alone does not specify how
a hand should touch the object. We therefore use dataset
contacts as a style prior: the reward encourages agreement
with reference contact events and, when both reference and
simulated contacts are active, penalizes the object-local dis-
tance between the realized and target contact points. This
term is not a hard constraint; it biases the remaining freedom
after object tracking toward human-like contact timing.

3. Experiments

We evaluate one policy per clip on three benchmark tiers.
GRAB contains bimanual rigid-object interaction [22]; ARC-
TIC adds articulated objects and multi-object contact [6];
DexterHand focuses on continuous in-hand rotation [11].
Learning-based methods are trained under the same 5000-
update PPO budget with PPO [20], and all methods use the
same evaluation metrics. Evaluation rollouts start from the
first reference frame, so progress measures end-to-end track-
ing. We report rollout progress, object pose error, finger
tracking error, contact F1, and contact point error.

Table 1 shows the main result. ConTrack reaches 0.899
average progress with strong contact F1. ManipTrans attains
the lowest object pose error but drifts in finger motion and
contacts. DexMachina preserves finger motion and contact
fidelity more closely but makes limited progress under the
same budget. SPIDER stays close in kinematics but struggles
to maintain object tracking once contact dynamics dominate.
The hardest in-hand rotation clip remains challenging within
the fixed budget.
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The ablations in Table 2 isolate the two training mecha-
nisms. Fixed task weighting improves object terms locally
but loses contact fidelity and progress. A fixed 1:1 mixture
is closer, yet remains below the adaptive controller. Reset-
ting only from the start wastes updates on already learned
prefixes, while uniform mid-clip resets include states that
are not aligned with the current policy. Removing contact
reward reduces both contact F1 and progress, suggesting that
contact priors help the policy enter the right local dynamics
rather than merely improve a style score.

4. Conclusion

ConTrack is a constrained reference-tracking reinforcement
learning framework for long-horizon, contact-rich hand-
object interaction in physics simulation. It separates task
success from style fidelity, controls their trade-off online
with a scalar dual controller, and trains long clips from
policy-reachable simulator states. Across bimanual inter-
action and in-hand manipulation benchmarks under a fixed
training budget, ConTrack improves progress and contact
fidelity while retaining accurate object tracking. The for-
mulation still has limits: the online normalization does not
strictly guarantee constraint satisfaction, contact priors rely
on usable annotations, the hardest in-hand clips remain dif-
ficult under limited interaction budgets, and the hardware
study currently executes streamed joint commands without
perception feedback.
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Figure 2. Representative simulation montages. Each row shows the same task on XHand (left) and SHARPA (right), covering one GRAB

clip, two ARCTIC clips, and four DexterHand clips.
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Figure 3. Sweeping the target task ratio traces a task-style Pareto
Frontier. Fixed reward mixtures fall inside the frontier under the
tested budget.
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