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Abstract— We present a straightforward but effective method
for repurposing existing contact-rich dexterous manipulation
demonstrations. Starting from inputs of hand and object tra-
jectories, our method outputs high-quality nonlinear trajectory
warps that account for intermediate waypoints, environmental
barriers, temporal shifts, and varied start/end configurations.
Foundational to our method is the utilization of contact distri-
butions, which we show allows us to reliably compute complex
and high-dimensional dexterous hand trajectories following a
simple object-centric warp specification pipeline. We evaluate
our method across 12 variations sourced from 4 demonstrations
in a publicly available dataset of human hand motion data,
perform baseline comparisons, and demonstrate generalization
of our approach to different manipulators. Results and code
will be made available on publication.

I. INTRODUCTION

Despite significant advances in optical [1], [2], wear-
able [3], [4], [5], and tele-operative [6], [7], [8], [9] motion
capture interfaces and processing algorithms, reconstructing
high quality dexterous manipulation demonstrations remains
a time-consuming and labor-intensive process. This per-
sistent bottleneck in data acquisition continues to hinder
learning-from-demonstration pipelines, driving the demand
for methods capable of adapting existing demonstrations to
new environmental variations. Furthermore, sampling across
variations is vital for hardening sim-to-real transfer strategies
against real-world uncertainty. Specifying exactly how such
variations are generated, as well as what variables to sample
over, is a core problem in domain randomization.

Variations can generally be formulated as nonlinear tra-
jectory warps, allowing for the modification of spatial con-
straints (goals, waypoints, obstacles), temporal constraints
(timing of targets or segments), and the method of inter-
polation while attempting to preserve characteristics of the
original motion. Manipulation also adds complexity because
the hand and object trajectories are implicitly coupled; break-
ing the coupling can result in serious artifacts such as motion
misalignment, penetrations, or loss of contact. Effective non-
linear warping algorithms for dexterous manipulation must
account for all these factors simultaneously; however, no
simple “off-the-shelf” solver currently exists for this task.

We address this gap by presenting an effective method
for nonlinear trajectory warps of long sequence dexterous
manipulation demonstrations. Starting from inputs of hand
and object trajectories, our method generates high quality
coupled warps that respect arbitrary barriers, spatial and
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Fig. 1: Our method warps hand and object trajectories from
existing contact-rich demonstrations to fit spatial and tem-
poral waypoints, environmental barriers, and new start/end
positions. Approximate mappings between the original and
warped trajectories are color-coded for visualization.

temporal waypoints, and start/end configurations. Our main
insight is to split the problem into a two-stage object-
centric pipeline. We first warp the object’s trajectory and
then recover the hand pose using contact distributions,
defined as per-frame point correspondences between the
hand and object meshes. Furthermore, this contact-based
approach ensures that our method remains reliable even
under large nonlinear spatio-temporal transformations where
naive interpolation-based approaches struggle.

We demonstrate our method’s effectiveness across 12
variations sourced from 4 demonstrations in a publicly avail-
able dataset of human hand motion data, perform baseline
comparisons, and demonstrate generalization of our approach
to different manipulators. Our method runs in minutes on a
CPU and accommodates substantial warps under a consistent
strategy with few parameters beyond input specifications.
Our method can be used as a modular drop-in replacement in
dexterous manipulation data augmentation pipelines, which
we will facilitate through public code release.

II. RELATED WORK
We examine three categories of related work: data aug-

mentation, contact-driven grasp and manipulation synthesis,
and motion planning.

A. Data Augmentation

Data augmentation techniques enhance a model’s robust-
ness and ability to generalize when working with limited



original samples. While several techniques focus on im-
age [10], [11] or semantic [12], [13] variation, these tech-
niques do not explicitly alter trajectories; rather, trajectories
are either replayed [10] or left to be learned by a model [12].

Trajectory altering augmentation techniques directly out-
put computed warped trajectories from an input specifica-
tion. Leading the field in adoption, the MimicGen line of
work [14], [15] and its variants [16], [17] currently represent
one of the most common choices for trajectory-based data
augmentation. These techniques, like ours, adopt an object-
centric warping strategy; however, the extent of variation
is limited to rigid, linear transformations (SE(3)). More
concretely, these works assume that the configuration of the
hand relative to the object is fixed under SE(3) equivariance
and that new samples are generated by multiplying per-
timestep object configurations by a static transformation
M ∈ SE(3). While simple and efficient, these assumptions
make it impossible to modify intermediate object paths, ad-
just timings, or navigate around obstacles. Our method offers
generalization to nonlinear warps that accommodate these
modifications while maintaining simplicity. Furthermore, our
method is specifically designed for dexterous manipulation
by optimizing the full hand articulation per timestep rather
than applying fixed end-effector transforms [15] and requires
only minor additional computational overhead.

B. Contact-Driven Grasp and Manipulation Synthesis

Contacts have played a vital role in grasp and manipulation
synthesis techniques. They have frequently been leveraged
as a loss term for pose optimization [18], [19], [20], [21],
[22], a constraint for training generative models [23], [24],
a prior for retargeting human trajectories [25], [26], [27],
and a primitive for motion planning [28], [29]. Modern high
quality human motion and interaction datasets [1], [2], [30],
[31], many of which serve as the backbones and testbeds
of manipulation research efforts, are notably prioritizing the
inclusion of detailed contact information. Our work expands
this literature by using contact to maintain motion coupling
during non-trivial spatio-temporal trajectory warps.

C. Motion Planning

Motion planning strives to find a sequence of configu-
rations (kinematics) or states/actions (dynamics) that satisfy
terminal or intermediate constraints. These approaches span a
range of paradigms including offline collision-free trajectory
optimization [32], [33], contact sequence planning [29], [28],
[34], [35], and learning-based approaches [36], [37], [38],
[39]. These techniques can be broadly grouped into local,
global, sampling-based, or gradient-based methods [40], and
are typically designed to compute solutions from scratch or
under sparse initial conditions.

While sharing similar input-output profiles, motion plan-
ning and trajectory warping employ divergent methodolo-
gies: the former constitutes a “bottom-up” constructive ap-
proach, while the latter functions as a “top-down” refine-
ment of existing data. Consequently, motion planning often
struggles to produce trajectories with nuanced characteristics

(e.g., smooth, natural movements) while trajectory warping
faces the inverse challenge of preserving these characteristics
while adapting to new task goals. Our method lies within
the warping paradigm: it adapts the trajectory to new spatio-
temporal constraints while attempting to preserve features of
the original motion.

III. METHOD

Fig. 2: System overview. Given a motion demonstration,
our method first spatially warps the object trajectory to
intersect user-specified waypoints and avoid scene barriers.
It then applies a time-warp to ensure the trajectory satisfies
the time constraints of each waypoint. Finally, an inverse
kinematics (IK) optimization recovers the hand motion by
tracking the warped object trajectory, subject to hand–barrier
collision constraints, using per-frame corresponding contact
distributions to yield the complete retargeted demonstration.

Figure 2 illustrates our object-centric warping pipeline.
Starting from inputs of polyline-represented trajectories of
the object (To) and hand (Th), corresponding hand-object
contact distributions per frame, spatio-temporal waypoints,
barriers, and terminal configurations p′start and p′end, our
pipeline constructs the final warp in four stages. We begin
by spatially warping the object trajectory so that it passes
through the specified positions and orientations. Next, we
further warp this trajectory to prevent object intersections
with a set of barrier meshes. Third, we fit a B-spline to the
resulting object trajectory to respect temporal constraints. Fi-
nally, we utilize hand-object contact distributions to compute
the corresponding warped hand trajectory per frame via IK
optimization while accounting for barrier constraints.

Each waypoint is defined as w = (p, r, t, t′). The posi-
tional constraint p ∈ R3 specifies a point in world space
through which the object must pass. The rotational constraint
r defines an imposed rotation applied over the segment
between the previous and current waypoint, taking effect
when the trajectory reaches p. The temporal constraint is
defined by two parameters t and t′, where t is the timestep
in the original trajectory at which the object must pass
through p and t′ is the corresponding timestep in the output
trajectory. Each barrier is a mesh in world space representing
a region that the trajectory must avoid. p′start and p′end alter



the starting and ending position of the object, respectively,
and are implicitly defined as the first and last waypoints.

A. Spatial Waypoint-Constrained Object Warping

In this first stage, we use p′start, p′end and a tuple of
waypoints W = w1, ..., wk to warp the object trajectory.
We assume that all trajectories consist of pre-, in-, and
post-contact segments. If p′start and p′end are not provided,
warping is strictly confined to the in-contact segment of the
trajectory, which we assume to be a contiguous. If p′start or
p′end are provided, the pre- and post-contact segments are
rigidly shifted to the new boundary positions.

Waypoints partition the in-contact sub-trajectory into con-
secutive segments, which are independently transformed
using algorithm 1 to satisfy the positional and rotational
constraints at their endpoints. Specifically, algorithm 1 trans-
forms each segment so that the trajectory passes through pi at
ti and pi+1 at ti+1. The algorithm first computes the endpoint
displacements ∆s = pi − To(ti) and ∆e = pi+1 − To(ti+1),
then shifts all intermediate points To|(ti,ti+1) by a blended
displacement that smoothly transitions from ∆s to ∆e.

The interpolation scheme blends two strategies: a
quadratic blending ∆quad that preserves the original trajectory
shape, and a linear blending ∆lin that produces a more direct
path between waypoints. The balance between these two
interpolations is controlled by a blend factor β ∈ [0, 1],
derived from the maximum endpoint displacement threshold
α (default = 0.2 m). When the waypoints are close to the
original trajectory (β ≈ 0) quadratic blending dominates,
preserving the original motion. When the waypoints are
far from the original trajectory (β ≈ 1), linear blending
dominates, producing a more direct transition. This adaptive
blending produces more natural movements, as opposed to
purely using one blending approach.

Lastly, the algorithm imposes a cumulative rotation R∆ at
each waypoint using SLERP interpolation to ensure smooth
orientation transitions between segments. Note that t′ is not
used in this step; temporal retiming is deferred until after
barrier constraints are resolved.

B. Barrier-Constrained Object Warping

Next, we warp the trajectory to avoid object intersection
with a set of barrier meshes {Mi}. We first compute a
bounding ball Br with radius r for the object. We center Br at
the origin of the object’s frame and compute r by taking the
distance to its furthest vertex, which effectively approximates
the object’s workspace under any relative transform T ∈
SE(3). For each barrier,Mi, we compute an inflated volume
M′

i that conservatively approximates the Minkowski sum of
its convex hull with Br, i.e., CONV(Mi)⊕Br [41]. Specif-
ically, we uniformly scale CONV(Mi) about its centroid by
a factor derived from r, producing a superset of the true
Minkowski sum of CONV(Mi). Although this overapprox-
imation may exclude some valid trajectory configurations
near barrier surfaces, it is computationally inexpensive and
sufficient for resolving object-barrier intersections. Finally,
for each trajectory point within M′

i, we project it outward

along the ray from the barrier’s centroid to the point, stepping
incrementally until the point exits the hull surface, resolving
all intersections.

C. Temporal Waypoint-Constrained Object Warping

Following spatial constraint fitting, we perform a temporal
retiming to realize the t 7→ t′ mapping. We first smooth
the trajectory by constructing a chord-length parameterized
B-spline [42] for each segment To

∣∣
[ti, ti+1]

. This induces
a normalized timewarp τi : [0, 1] → [0, 1], which maps
uniform time to the spline’s chord-length parameterization.
Each local parameterization is then scaled and shifted to
the temporal interval [t′i, t

′
i+1], and the per-segment warps

are composed into a global timewarp τ . Then, a global
cubic B-spline is fit using τ , ensuring that all positional
waypoints and temporal constraints are satisfied while C2

continuous motion. Finally, we uniformly sample points from
this spline to obtain the re-timed contact segment, which is
combined with the unchanged pre- and post-contact segments
to produce the final object trajectory T ′′

o .

D. Hand Warping

At this point, the object trajectory is fully resolved: it sat-
isfies all spatial, barrier, and temporal constraints. However,
the resulting object trajectory T ′′

o and timewarp τ may induce
a trajectory that substantially deviates from the original
demonstration. Naively recovering the hand trajectory via
rigid-body transforms fails under non-uniform timewarps, as
we demonstrate in section IV-D. Instead, we recover the hand
trajectory by directly optimizing for contact distributions at
every timestep in T ′′

o .
For each timestep t, we retrieve the contact correspon-

dences at t∗, the last input timestep mapped by τ before
t. This approach is necessitated by the lack of proven
methods for interpolating between arbitrary contact distri-
butions; consequently, we retrieve the distributions directly

Algorithm 1 TRANSFORMSEGMENT

Require: Trajectory segment To|[ti,ti+1], target positions
pi, pi+1, target rotation ri+1, distance threshold α

Ensure: Warped segment T ′
o |[ti,ti+1]

1: x(t), R(t)← DECOMPOSE
(
To(t)

)
2: ∆s ← pi − x(ti), ∆e ← pi+1 − x(ti+1)

3: β ← CLIP

(
max(∥∆s∥, ∥∆e∥)

α
, 0, 1

)1/2

4: R∆ ←
∏i+1

j=0 rj ▷ Cumulative rotation
5: for all t ∈ [ti, ti+1] do ▷ Warp each timestep
6: t̂← (t− ti) / (ti+1 − ti)
7: ∆quad ← (1− t̂)2 ∆s + t̂2 ∆e

8: ∆lin ← (1− t̂)∆s + t̂∆e

9: x′(t)← x(t) + (1− β)∆quad + β∆lin
10: R′(t)← SLERP

(
I, R∆, t̂

)
R(t)

11: end for
12: return T ′

o |[ti,ti+1] ←
(
x′(t), R′(t)

)



from the original demonstration. We then solve for the hand
configuration θ at each output timestep t using the equation:

θ∗(t) = argmin
θ

∑N(t)
i=1 ΓD,i(θ, t)

N(t)
+

B∑
b

∑
p∈P(θ,t)

ΓB(p, b)

(1)
where N(t) is the number of contact correspondences at

timestep t, B is the number of barriers, and P(θ, t) denotes
the hand mesh vertices in world space at timestep t computed
via forward kinematics from configuration θ. ΓD,i penalizes
the L2 distance between the i-th contact correspondence
pair on the hand and object, and ΓB penalizes hand-barrier
intersections. ΓB is formulated as:

ΓB(p, b) =

(
1− SDF(p, b)

m

)n

(a) without LOSSBARRIER

(b) with LOSSBARRIER

where m is a margin distance and
n controls the penalty steepness.
We set n = 2.0 and m = 0.05m
for all experiments. This formula-
tion encourages a minimum clear-
ance of m from all barriers and
increases sharply when the hand
penetrates a barrier. We assume
barrier meshes are geometric prim-
itives, with complex meshes ap-
proximated by their collision ge-
ometries for efficient SDF evalu-
ation. The inset figures show an
example of a timestep optimized
with and without ΓB . We solve
Eq. 1 using the PyTorch Optimization library [43].

Finally, we perform a light smoothing with a Savitzky-
Golay filter [44] for the hand’s translation and a moving-
window quaternion averaging for the joint and wrist rota-
tions. This step reduces jittering across adjacent timesteps
without inducing substantial drift from the IK solution.

IV. RESULTS

We generated 12 warping configurations of varying dif-
ficulty from 4 baseline demonstrations, which were taken
from the GRAB dataset [1]. Contact correspondences were
extracted and cleaned using [25]. These configurations were
made to resemble common actions in a kitchen. For instance,
given a demonstration of pouring a teapot, we warp the
motion to pour tea into two separate cups. The background
kitchen scene is taken from the RoboCasa dataset [45].

For each configuration, we first warped the object trajec-
tory to satisfy the specified waypoint and barrier constraints.
We then optimized the hand trajectory at three optimization
thresholds (10 mm, 5 mm, 3.5 mm). At each timestep, we
run Adam with a learning rate of 0.01 until the mean
contact distance fell below each threshold. Each timestep was
initialized using the solution from the previous timestep. All
experiments were run on an Apple M2 SoC with 16 GB of
memory. All runs are performed exclusively on the CPU.

A. Qualitative evaluation

Table I summarizes all warping configurations used. Ani-
mations of warping results are available in the supplementary
video, which show that our method successfully adapts
demonstrations across a variety of constraint configurations.

TABLE I: Evaluation trials and input specifications
Trajectory # of waypoints # of barriers p′start provided p′end provided
cube messy 0 7 ✓ ✓
cube messy2 4 8 ✗ ✓
fryingpan change tops 1 0 ✓ ✓
fryingpan island 3 0 ✓ ✓
fryingpan onto shelf 4 3 ✓ ✓
mug pass wall 2 1 ✗ ✗
mug pass wall short 3 1 ✗ ✓
mug pass in sink 0 0 ✗ ✓
teapot pour cup long 6 0 ✗ ✓
teapot pour cups 6 0 ✗ ✗
teapot pour cups wall 6 1 ✓ ✓
teapot pour empty 2 0 ✗ ✓

B. Quantitative evaluation

We consider two distance metrics: mean distance between
the wrist position and the object’s center (DWO), and mean
distance between corresponding hand and object contacts
(DC). The first metric measures how well our method retains
the demonstration in object space, and the second metric
measures the grasping accuracy after warping. Lower values
indicate better performance in all tables below.

We also measure the path length ratio (PLR) by dividing
the length of the warped path by the original, as well as
a timewarp discrepancy metric computed as Dtimewarp =√

1
N

∑N
i=1

(
ti − i−1

N−1

)2

. The latter metric quantifies the
deviation of the timewarp from uniform spacing, where a
value of zero indicating no temporal distortion and larger
values reflecting greater non-uniform timing.

Table II reports DWO across all timesteps. The warped
trajectories closely preserve the original hand-object spa-
tial relationship, with DWO differing from the initial by
just 5.5 mm at the 10 mm threshold, 2.2 mm at the 5 mm
threshold, and just 1 mm at the 3.5 mm threshold. This
demonstrates that even under substantial spatio-temporal
deformations, the hand’s relative positioning is maintained.

TABLE II: DWO across different optimization thresholds.
Values are in millimeters (mm).

Trajectory Init Mean Dist 10 mm 5 mm 3.5 mm
cube messy 150.7 148.5 150.7 150.8
cube messy2 150.7 149.0 150.0 149.7
fryingpan change tops 164.5 165.7 164.2 165.7
fryingpan island 164.5 156.6 159.8 162.6
fryingpan onto shelf 164.5 165.0 166.1 166.4
mug pass wall 145.4 143.3 145.3 145.5
mug pass wall short 145.4 146.7 147.1 147.1
mug pass in sink 145.4 147.2 147.2 147.2
teapot pour cup long 201.8 200.1 202.7 202.6
teapot pour cups 201.8 186.9 195.4 201.0
teapot pour cups wall 201.8 196.2 200.1 201.1
teapot pour empty 201.8 176.6 195.7 201.4
Average |∆| – 5.5 2.2 1.0

Table III reports DC , the mean per-timestep contact dis-
tance averaged over all timesteps. At the 3.5 mm threshold,



this metric deviates from the initial value by 1.4 mm on av-
erage, and is 1.0 mm lower than the initial value on average.
This suggests that our method preserves manipulation quality
and can even achieve contact distances tighter than the orig-
inal demonstration. Furthermore, post-hoc Savitzky–Golay
smoothing of the hand shifts DC by only −0.62 mm on
average, indicating that this filter does not meaningfully
erode the fidelity of per-frame IK solutions.

TABLE III: DC across varied optimization thresholds in mm.

Trajectory Init Cont. 10 mm 5 mm 3.5 mm Drift
cube messy 4.6 9.2 4.9 4.3 -0.24
cube messy2 4.6 9.4 6.0 5.5 0.12
fryingpan change tops 5.5 7.9 8.5 5.7 -0.37
fryingpan island 5.5 9.2 6.9 6.1 -0.70
fryingpan onto shelf 5.5 10.0 6.9 6.1 -0.29
mug pass wall 8.5 10.6 6.6 6.1 -0.79
mug pass wall short 8.5 8.7 6.5 5.8 -0.72
mug pass in sink 8.5 10.2 6.0 5.4 -0.88
teapot pour cup long 6.4 7.7 6.3 4.9 -0.74
teapot pour cups 6.4 9.7 5.7 5.0 -0.95
teapot pour cups wall 6.4 7.4 6.3 5.0 -0.95
teapot pour empty 6.4 9.3 6.1 5.0 -0.91
Average |∆| – 2.7 1.3 1.4 –
Average ∆ – 2.7 0.0 -1.0 –
Average drift – – – – -0.62

Table IV lists the time taken to run the entire pipeline. On a
CPU-only architecture, the most difficult threshold (3.5 mm)
takes about 4.6 minutes to complete on average. Table V
reports PLR and timewarp discrepancy for all trajectories.

TABLE IV: Runtime across different optimization thresh-
olds. Non-timestep values are in seconds.

Trajectory # of Timesteps 10 mm 5 mm 3.5 mm
cube messy 673 74.63 196.93 464.27
cube messy2 673 96.64 226.91 481.55
fryingpan change tops 648 28.39 80.81 206.03
fryingpan island 648 37.05 118.83 214.40
fryingpan onto shelf 648 35.59 110.07 212.03
mug pass wall 544 61.79 115.33 174.64
mug pass wall short 544 33.64 87.65 163.01
mug pass in sink 544 42.13 94.98 148.82
teapot pour cup long 740 33.61 112.64 264.46
teapot pour cups 740 56.40 156.21 287.05
teapot pour cups wall 740 28.60 113.55 255.16
teapot pour empty 740 60.62 161.02 296.12
Average – 54.80 140.12 276.10

TABLE V: PLRs and timewarp discrepencies across different
optimization thresholds.

PLR Hand
Trajectory 10 mm 5 mm 3.5 mm PLR Object Timewarp
cube messy 0.999 1.002 0.989 1.005 0.075
cube messy2 1.358 1.378 1.389 2.024 0.085
fryingpan change tops 1.019 0.945 0.933 0.897 0.276
fryingpan island 1.519 1.522 1.527 2.165 0.072
fryingpan onto shelf 1.361 1.314 1.321 1.733 0.075
teapot pour empty 1.652 1.649 1.670 3.688 0.073
mug pass wall 1.161 1.153 1.151 1.148 0.096
mug pass wall short 1.425 1.433 1.429 1.581 0.094
mug pass in sink 1.084 1.078 1.077 1.121 0.076
teapot pour cup long 1.590 1.560 1.574 2.83 0.139
teapot pour cups 1.059 1.111 1.155 1.405 0.117
teapot pour cups wall 1.542 1.565 1.561 2.172 0.117

Figure 4 tests robustness on the teapot pour cups wall
scene by corrupting demonstration contacts in two ways:

deleting contacts and randomly permuting object-vertex la-
bels among contact pairs. Both remain largely stable through
50%; beyond that, DC rises as corruption increases and
retargeting quality degrades, with the effect more pronounced
at higher corruption levels. Permuting is more severe post-
50% because it mis-specifies targets, pulling the hand toward
incorrect object points; deleting only removes constraints,
and since each frame is initialized from the previous pose,
the trajectory is more resistant to degradation.

Fig. 4: Contact correspondence robustness test on the
teapot pour cups wall scene. Both curves maintain corre-
spondence quality up until 50% (Dc stays near 5.0 mm).

C. Generalization

Although our experiments consider a dexterous human
hand and a human motion dataset, our method is not specific
to any end-effector. We can easily use our approach on
parallel-jaw grippers and multi-fingered robot platforms.

1) Franka arm with parallel grippers: Given a task
demonstration, we can trivially compute two contact points
(one for each jaw where it intersects with the object).

(a) input trajectory (b) warped trajectory

Fig. 5: An example warping using the Franka arm. The hand
must move the box through a series of waypoints.

Figure 5 shows that this is enough to successfully warp
a Franka gripper demonstration. In this example, we begin
with a demonstration in which the gripper lifts and moves a
small box. The trajectory is warped to move the box through
a series of waypoints and then place it on the table.

2) Allegro hand: Figure 6 shows that the method general-
izes to other dexterous hands such as Allegro. The initial tra-
jectory simply picks up the apple, and our method warps it to
move the apple through waypoints and place it on an elevated
plate. The resulting timewarp is visualized in Figure 6(c),



showing the non-uniform temporal redistribution induced by
the warping. Despite significant warping, DWO changes only
marginally (0.133 m→ 0.137 m), suggesting that our method
preserves the hand–object spatial relationship.

(a) input trajectory (b) warped trajectory

(c) timewarp

Fig. 6: An example Allegro hand warping where (a) the
input apple handoff trajectory is (b) altered to pass through
waypoints (red) and terminate on an elevated plate. (c)
The timewarp visualization illustrates where frames of the
original trajectory fall in the warped sequence, with black
portions indicating segments which must be interpolated.

D. Baseline comparison

Previous demonstration augmentation methods rigidly
adapt hand trajectories using a constant SE(3) transfor-
mation applied to all timesteps [14], [15]. To construct a
comparable baseline for our setting, we extend this approach
by computing rigid-body transforms at the input timesteps
that the timewarp maps directly to output timesteps.

However, because we only know the true hand-object re-
lationship at input timesteps, the only “correct” hand config-
urations are in τ ’s codomain. We therefore must interpolate
poses at timesteps where no true configuration exists. To do
so, we treat these known configurations as control points, fit
a B-spline parameterized by the timewarp, and sample it at
equal increments to produce the baseline hand trajectory.

This approach introduces a fundamental problem. While
the hand-object relationship is preserved at the control point
timesteps, the interpolated hand positions between them are
independent of the object’s position. This issue is especially
exacerbated when the timewarp is non-uniform or when
the spatial deformation is large. In contrast, our method
explicitly optimizes the hand pose at every output timestep to
minimize contact point distances, ensuring the hand-object
relationship is preserved throughout the entire trajectory
rather than just at samples from the original trajectory.

Figure 7 shows an example failure case of the naive
version. The graph depicts the z-position of the warped
object trajectory, as well as the naive and contact-based hand
warped trajectories. The yellow region marks the contact

region, and the purple lines represent the timesteps mapped
from the input trajectory to the output trajectory by τ .

Between timesteps 529 and 750, there are few purple
lines, indicating significant temporal stretching from the
input trajectory in this region. Here, the naive method
must interpolate the hand trajectory, and regardless of the
interpolation scheme used (cubic in this case), the resulting
hand motion diverges from the object’s path.

At timesteps 528 and 751 where we have the ground truth
hand-object relationship, the naive method’s hand maintains
a proper grasp of the object. However, at interpolated points,
the method fails to extrapolate the correct hand transforma-
tion, leading to intersections (orange) or failure to maintain
contact (gray). Our contact-based method directly combats
interpolation errors, leading to a more accurate warping.

V. DISCUSSION

A. Advantages and Disadvantages

Our contact-based method is especially beneficial when
the warping configuration introduces substantial spatio-
temporal deformation (e.g., far-away waypoints or highly
non-linear timewarp). Our approach is also particularly well-
suited to interactions where precise hand-object contact is
critical, such as grasping, pouring, or tool use. Additionally,
many existing methods do not have built-in mechanisms
for resolving hand-barrier collisions. Our method naturally
handles this through the barrier loss term during per-timestep
optimization. This implies our approach is especially valu-
able in cluttered scenes with multiple obstacles. However, we
do note that mild warpings, especially those without temporal
shifts or barriers, may be serviced by faster techniques [14].

B. Limitations

Our method currently has a number of limitations. First,
we assume that all objects are rigid bodies. We do not sup-
port articulated or deformable objects, which would require
significant computation to track the motion of individual
components during both object and hand warping.

We assume that all barriers are convex. Concave barriers
may therefore be too conservatively approximated.

Additionally, our method is evaluated purely in simulation
and in isolation rather than as a component in a larger
learning pipeline. Although our goal in this work is to focus
on the core warp operation, which we view as an upstream
processing problem, it is not clear how effective these warps
are in sim2real deployment pipelines. A comprehensive
investigation into large-scale domain randomization using
our approach is an exciting direction for future work.

Finally, our method does not interpolate contact correspon-
dence between timesteps, instead reusing the last available
set. This restricts the types of tasks that can be effec-
tively warped. Warping demonstrations involving rapid finger
movements or fine-grained intermediate contact changes, for
example, may fail as the evolving contact distribution is not
captured between available reference timesteps. Formulating
simple input specifications that build upon contact interpo-
lation works [46] may address this limitation.



Fig. 7: Comparison of the baseline and our hand warping methods. The yellow region marks the in-contact segment. Light
purple lines show the timewarp mapping from input to output timesteps. Four timesteps are visualized for both warping
methods (cyan, orange, gray, brown). The baseline method degrades at the orange and gray timesteps, where ground-truth
transformation is not available. Our contact-based method continues to maintain a proper grasp across all timesteps.

C. Failure cases
While generally effective, our method does exhibit failure

cases which we discuss below.

(a) top view (b) side view

1) Hand-barrier collisions: The warped object trajectory
may navigate past barriers such that the hand cannot maintain
a proper grasp of the object without intersecting a barrier.
The fryingpan inset shows such an instance, where the object
barely clears the corner of a box, leaving insufficient space
for the hand. These cases can be mitigated by increasing the
object’s bounding ball to provide additional clearance.

2) Narrow gaps: Barrier-object col-
lisions are resolved iteratively, so push-
ing trajectory points out of one barrier
may displace them into an adjacent
one. The right inset shows such a case,
where barriers form narrow gaps, caus-
ing the barrier resolution to oscillate
trajectory points without converging to a valid trajectory.

VI. CONCLUSION
We have presented a straightforward but effective method

for nonlinear spatio-temporal warping of contact-rich dex-
terous manipulations. Our framework effectively reconciles
spatio-temporal waypoints and environmental barriers with
varying start-to-end configurations. Using hand-object con-
tact distributions, we successfully decomposed the task into

an object-centric trajectory pipeline followed by contact-
preserving hand warping via per-timestep IK optimization.
Our evaluation shows that the warped trajectories preserve
the hand-object relationship to within 1 mm on average,
while being computationally tractable even on a CPU, and
that our method generalizes across different end-effectors,
including a parallel-jaw gripper and the Allegro hand. Our
method is well poised to serve as a modular, practical up-
stream component in demonstration augmentation pipelines,
enabling efficient generation of spatially and temporally
diverse training data. We hope that the simplicity of our
approach, together with a public code release, will encourage
its adoption within data augmentation pipelines.
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