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ABSTRACT

Dexterous manipulation poses a challenging high-dimensional optimization prob-
lem, as useful behaviors require coordinated motion across many hand joints. In
reinforcement learning (RL) and sampling-based trajectory optimization, explo-
ration commonly relies on independent robot joint perturbations, making coordi-
nated behaviors difficult to discover. Prior work reduces this search space for grasp
learning using low-dimensional spaces of coordinated joint motions learned from
human hand data, but this restricts the expressivity required for general manipu-
lation. Some combine learned and joint-space actions to restore expressivity, but
this increases dimensionality and introduces redundancy. We study these effects
across diverse manipulation settings, varying action dimensionality, exploration
strategy, and the source of human data. Our experiments suggest that human-
motion priors are most effective when used to structure exploration rather than
change the action representation. Motivated by this finding, we propose Eigen-
DEXplore, which induces correlated exploration by adding perturbations along
human-derived eigenvectors to independent joint-space noise, leaving the action
space unchanged. Across multiple dexterous hands, EigenDEXplore consistently
outperforms joint-space and learned action-space baselines in grasping, in-hand
reorientation, and contact-rich manipulation. These gains span unstructured and
reference-guided RL, trajectory optimization, and sim-to-real deployment, and are
largest in settings with less reward shaping and curriculum design. Project page:
eigendexplore.github.iol
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Figure 1: Action spaces and exploration noise. Joint-Space perturbs joints independently, which
can produce unnatural hand configurations. Eigen-Space encourages coordinated motion but con-
strains actions to a learned PCA subspace. Eigen-Residual restores full joint-space expressivity
by combining joint and eigen actions, but it introduces redundancy in the action parameterization.
EigenDEXplore combines joint and eigen noise while retaining a joint-space action representation.

1 INTRODUCTION

Dexterous hands enable versatile grasping, in-hand manipulation, and precise interaction with tools
and articulated objects. Discovering these contact-rich behaviors, however, is challenging because
effective manipulation relies on highly coordinated finger motions that occupy only a small fraction
of the hand’s high-dimensional action space. Reinforcement learning (RL) and sampling-based tra-
jectory optimization commonly explore this space using independent Gaussian perturbations across
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joints, making it difficult to discover such coordinated behaviors efficiently. As a result, these meth-
ods often require substantial computation and carefully engineered rewards, costs, or curricula.

Learning from human hand motion offers a way to capture useful coordination patterns, providing
guidance that would otherwise need to be designed for each task. Prior work captures these patterns
in low-dimensional action spaces, including linear eigen-spaces learned using PCA (Ciocarlie et al.,
2007; Agarwal et al., [2023) and nonlinear latent spaces learned using VAEs (Dimou et al.l 2021}
2024). These spaces let the policy directly command coordinated movements such as grasping and
twisting (see Fig.[2). Sampling actions corresponding to these modes during RL exploration can also
provide more informative feedback per sample for policy updates and accelerate learning (Agarwal
et al.,[2023;Lum et al.|[2024). However, these reduced action spaces cannot express the independent
joint control required for general manipulation (Gupta et al.l [2026a). Another approach combines
these learned and independent joint-space actions to restore expressivity (Gupta et al., 2026b)), but
increases the action dimensionality and introduces redundancy. It remains unclear whether the ben-
efits come from directly controlling coordinated motions, the noise-induced exploration, or changes
to action-space dimensionality and expressivity.

To disentangle these effects, we systematically compare action representations and exploration dis-
tributions across diverse manipulation tasks and robot hands. These comparisons suggest that the
primary benefit of human-motion priors comes from correlated exploration, while action constraints
or redundancy can hinder performance. Joint-space actions already allow the policy to express both
coordinated and independent joint movements. The difficulty is discovering useful joint combi-
nations, which correlated noise makes easier to sample. Motivated by this finding, we introduce
EigenDEXplore, a simple method that incorporates this human-motion prior into the sampling
distribution while retaining the original joint-space actions. It combines two noise components:
perturbations along the learned PCA directions encourage coordinated motion, while independent
joint-space noise maintains exploration coverage. The prior is derived from hand motion recovered
from large-scale human video data (Lightwheell 2026)), without requiring task-specific trajectories.
After RL training, the eigenbasis can be discarded and the policy deployed deterministically.

We compare EigenDEXplore with joint-space and learned eigen-space baselines across unstructured
RL with SimToolReal (Kedia et al.||2026) and DeXtreme (Handa et al.l 2023)), reference-guided bi-
manual RL with DexMachina (Mandi et al., 2026)), and trajectory optimization with SPIDER (Pan
et al., [2025), spanning six dexterous hands. EigenDEXplore consistently outperforms them, with
34% more consecutive successes in early SimToolReal training, larger gains in extended runs, and
40% more in DeXtreme. These gains transfer to hardware, raising SimToolReal average progress
across 4 tasks from 33% to 82% and DeXtreme consecutive successes by 41%. In DexMachina, it
improves average object-tracking accuracy by 28% without contact reward shaping or curricula, with
larger gains on higher-DoF hands, enabling learning where joint-space sampling struggles or fails. In
SPIDER, it reduces retargeting cost by 16% on average across six hands, again most on higher-DoF
hands. We also find that large-scale egocentric video (Lightwheel, 2026)) yields stronger human-
motion priors than smaller, task-focused motion-capture datasets (Taheri et al., |2020; [Fan et al.,
2023)), and validate our choice of retained PCA dimensionality through exploration-distribution ex-
periments.

In summary, our main contribution is EigenDEXplore, a method that guides exploration with human-
derived coordination patterns while preserving joint-space actions. We identify correlated explo-
ration as the primary source of improvement and demonstrate the method’s effectiveness across rein-
forcement learning, trajectory optimization, and sim-to-real deployment. We release benchmarking
code, a plug-and-play implementation, and pretrained PCA models for six dexterous hands.

2 RELATED WORK

Human priors for manipulation. Human data can guide dexterous manipulation by providing ex-
amples of useful behavior and desired outcomes. Demonstrations and pose priors support learning
through policy supervision (Rajeswaran et al.l 2018} |Qin et al.| [2022; |Guzey et al., 2025)), initial-
ization (Bauza et al., 2025} |Dasari et al., 2023), and reward design (Mandikal & Grauman, [2021)).
Hand and object trajectories provide task objectives for RL (Lum et al., [2025; |Gupta et al.| [2026a;
Mandi et al., 20265 Xu et al., 2025} [L1 et al.l [2025; [Liu et al., 2025} |[Zhao et al., |2026; (Chen et al.,
20235)) and trajectory optimization (Pan et al., 2025} Paliwal et al.,|2026; Liu et al., [2024), allowing
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Figure 2: Constructing robot principal components from human motion. We retarget EgoSuite
human hand motion to each robot hand and apply PCA in its joint space. We visualize the first three
principal components for Sharpa, Wuji, Allegro, and XHand.

robot motions to adapt to embodiment differences and contact dynamics. Procedurally trained con-
trollers can also execute human-derived goals at deployment (Yin et al} 2023} [Kedia et all, 2026}
[Gupta et al [2026b}, [Kuang et al., [2026). The success of task guidance from even a single video or
demonstration motivates examining how larger human datasets can support learning across tasks.

Action representations for dexterous manipulation. Early studies showed that a few coordinated
patterns capture much of the variation in human grasp postures (Santello et al [I998)), motivating
eigen-space grasp planning (Ciocarlie et all, 2007} [Ciocarlie & Allen},[2009). Encoding joint coordi-
nation in control representations supports RL and transfer in dexterous manipulation (Agarwal et al.
2023 [Lum et all,[2024; Dimou et al.} 2024} [Yang et al, 2026} [Yuan et al.}, 2025}, [Puang et al., 2025}
Berg et al.| [2024)) and lowers trajectory-optimization cost for a fixed number of sampled trajecto-
ries (Yang et al.| 2024). However, low-dimensional eigen-space control can restrict dexterity
et all, 2024} [Lee et al., 2026)), including the fine adjustments needed to establish sufficient contact
during tool manipulation (Gupta et al.,2026a)). Adding eigen-space residuals to joint-space actions
preserves full expressivity and can improve learning over joint-only control despite introducing re-
dundant action coordinates (Gupta et al., [2026b). Reduced dimensionality therefore cannot explain
all reported gains, raising the question of how these interfaces shape exploration.

Structure in exploration. These interfaces can turn independent action noise into correlated joint
perturbations, confounding the benefits of coordinated commands and coordinated sampling. Tem-
poral correlations (Raffin et al.l 2021} [Eberhard et all, 2023}, [Hollenstein et al., [2024) and policy-
derived correlations across actuators (Chiappa et al., [2023) show how structuring exploration noise
can improve learning efficiency. Human motion offers such structure, with the source data and
learned representation determining which movements are encouraged. Existing priors often use
grasp-focused recordings or small task-specific demonstration sets, with learned representations that
vary in implementation and dimensionality (Cum et al.}[2024}; [Dimou et al, 2024} [Yuan et al.} 2025}
2026). Our study separates the effects of human-motion priors on exploration from their
use in the action representation, and examines how source data and prior dimensionality influence
manipulation performance.

3 METHOD

EigenDEXplore uses human hand coordination to guide exploration while preserving native joint-
space control. We retarget human motion to each robot hand and use PCA to extract a reusable basis
of coordinated joint movements (Sec. . We then combine perturbations along these directions
with independent joint-space noise (Sec. , sampling around the policy mean in reinforcement
learning (Sec.[3.3) and the nominal control sequence in trajectory optimization (Sec.[3.4).

3.1 HUMAN-DERIVED COORDINATION PRIOR

We use a dataset of human hand postures to construct a coordination prior for each robot hand. We
pool postures from both hands by mirroring one hand into the other’s coordinate frame, forming
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a shared canonical representation. We adapt the kinematic retargeting procedure from (Li et al.}
2025) to map human hand motion to each robot, with hand-specific alignment, scaling, and finger
correspondences. We apply PCA to the retargeted joint angles to identify common patterns of joint
coordination, with eigenvalue \; measuring the variance captured by component :. To retain a
chosen fraction of the human dataset variance, we select the first £ principal components needed to
reach that threshold. The resulting & depends on both the hand and dataset. For example, retaining
90% of the variance gives k = 9 for Sharpa (22 joints) and k = 6 for XHand (12 joints). We express
the first & directions in the policy’s normalized joint-action coordinates (each joint scaled to [—1, 1
by its limits) as the rows of the eigenbasis £ € R¥*?, where d is the number of hand joints. Fig.
illustrates the leading directions across hands.

3.2 ACTION SPACES AND EXPLORATION NOISE

We compare EigenDEXplore with three action formulations (Fig. [I): Joint-Space, which does not
use F, as well as FEigen-Space and Eigen-Residual, which build E into the action representation.
These comparisons help disentangle the effect of incorporating human coordination into the action
representation versus using it only to structure exploration. They also characterize the associated
tradeoffs in action-space dimensionality, expressivity, and exploration structure (Sec.[f.T). Let a, €
R? and a. € R¥ denote the joint- and eigen-space coordinates of a command before exploration.
Let ¢* € R? denote the sampled absolute joint-position target in these normalized coordinates.

Joint-Space (¢) ¢* =a,+ 0, O, action dim = d

Eigen-Space (¢) ¢* = E'(a. + 0. ©1.) action dim = k

1
Eigen-Residual ¢* =a,+ 0, © 1, + ET (ae +0c ©®1.) actiondim=d+ k M

EigenDEXplore ¢* =a, + 0, © 1, +E' (0. ©1.) action dim = d
Here, 1, ~ N(0,1,) and n. ~ N(0,I}) are independent standard Gaussian vectors, o, € R?
and 0. € R” are perturbation standard deviations, and ® denotes elementwise multiplication. We
initialize 0. ; o< v/A;, the standard deviation of the human data along component 4, so eigen noise

initially follows the spread of human postures. For EigenDEXplore, we rescale o, and o so that,
summed over joints, the initial noise variance matches Joint-Space, split equally between the two.

3.3 EIGENDEXPLORE FOR REINFORCEMENT LEARNING

Given an observation o, the policy network predicts p, = m(0), which we use as the joint-space
command a,. PPO (Schulman et al.,[2017) learns the policy parameters 6 and the noise standard
deviations o and o, while £ remains fixed. Conditioned on the observation o, the EigenDEXplore
sampling rule in Eq. (I)) is equivalently written as

¢ ~N(ug, %), ¥ =diag(oy) + E' diag(o?)E. )
The covariance X adds the independent joint-noise covariance to the covariance of the projected

eigen noise. PPO evaluates action log probabilities and entropy under this distribution. At deploy-
ment, we execute f, deterministically and discard E and the exploration parameters.

3.4 EIGENDEXPLORE FOR TRAJECTORY OPTIMIZATION

In trajectory optimization, exploration refines a sequence of joint targets rather than learning a pol-
icy. In SPIDER (Pan et al. [2025), these sequences are optimized to track reference hand and ob-
ject motion. EigenDEXplore leaves SPIDER’s joint-space trajectory representation and objective
unchanged, and modifies only the perturbations used to sample candidate trajectories. At each itera-
tion, the optimizer generates N candidate sequences by perturbing the current joint target ¢; at each
time ¢ with the EigenDEXplore noise in Eq. , using ¢, in place of a,. It evaluates each candidate
trajectory in simulation, keeps the lowest-cost 10% of trajectories, indexed by S, and updates each
target by adding a weighted average of the selected perturbations,

G at Y w; [aq on) + BT (oe ® nif;))] . 3)
JES
Here, 7)((]{2 and 77?2 are the Gaussian noise vectors of candidate j at time ¢, scaled by SPIDER’s

noise schedule, while o, and o, remain fixed. The weights w; sum to one, with larger weights for
lower-cost candidates.
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Figure 3: SimToolReal. EigenDEXplore achieves the highest mean consecutive successes and
reward in dexterous tool manipulation. (a) Fixed-budget performance at 9B frames. Error bars show
95% Cls and shading shows 1 SE across five seeds. (b) Extended training with a success-tolerance
curriculum using one median run per method.

4 EXPERIMENTS

4.1 ACTION SPACES AND EXPLORATION

We compare all four formulations (Sec. [3.2) in SimToolReal and DeXtreme over five seeds under
each benchmark’s protocol, reporting consecutive successes (number of object-pose goals reached).

4.1.1 SIMTOOLREAL

SimToolReal (Kedia et al [2026) trains a Sharpa hand-arm policy to manipulate procedurally gen-
erated tools toward target poses. Following its original ablation budget, we first train for 9B frames
with a fixed success tolerance of 6 cm and 50°, emphasizing grasping and coarse reorientation.
Eigen-Space and Eigen-Residual improve over Joint-Space, while EigenDEXplore achieves the
highest reward and a mean of 10.6 consecutive successes vs. 7.9 for Joint-Space (Fig. 3h).

We then select each method’s median run by consecutive successes at 9B frames and continue it
to 60 billion total frames with a curriculum that tightens the tolerance toward 1 cm, 8°, requiring
finer manipulation. We use one run per method because each extended run takes ~1 week. Under
these tighter requirements, Eigen-Space’s early advantage fades, while Eigen-Residual and EigenD-
EXplore sustain stronger learning, with EigenDEXplore reaching 14.1 consecutive successes by the
end of training, compared with 12.0 for Eigen-Residual and 4.9 for Joint-Space (Fig.[3p).

4.1.2 DEXTREME

@ Joint-Space @ Eigen-Space
DeXtreme (Handa et al., 2023) trains an Al- @ Eigen-Residual [0 EigenDEXplore (Ours)
legro hand to repeatedly reorient a large cube Consec. success DR Level (NPD) 1

toward randomly sampled target orientations.

. . e . 15 -
We train each variant for 2 billion environment _1-
frames with automatic domain randomization
(ADR), which widens the ranges of observa-
tion noise, action delays, and physical proper-
ties as the policy meets a success threshold. The

10-

domain randomization (DR) level is measured I 3.

in nats per dimension (NPD), the average log 0- 28 o B (O 0 1 2
width of the randomized ranges. Higher values 3 R O Frames (billions)
indicate further curriculum progression. Nega-

tive values correspond to widths below one. Figure 4: DeXtreme. EigenDEXplore achieves

the highest mean consecutive successes for in-
hand reorientation. Left: performance at 2B
frames with DR Level fixed at —0.5. Right: DR
Level during training. Error bars show 95% Cls
and shading shows +1 SE across five seeds.

Reorienting a large cube demands finger con-
figurations that may be rare in human pos-
tures. Eigen-Space performs poorly, as it is
confined to a 10-D subspace of Allegro’s 16
joints. EigenDEXplore achieves the highest
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Figure 5: DexMachina. With curriculum and auxiliary rewards, EigenDEXplore performs similarly
to Joint-Space in most settings (a). However, with task reward alone, EigenDEXplore substantially
improves object tracking on higher-DoF Allegro and XHand (b, left). Representative task-reward-
only rollouts (b, right). Bars show mean ADD-AUC with 95% ClIs across five seeds.

mean consecutive successes under shared randomization (12.3 vs. 8.8 for Joint-Space) and pro-
gresses earlier through the DR curriculum (Fig. ).

Across both benchmarks, EigenDEXplore improves over Joint-Space without changing the action
representation, Eigen-Space struggles with more demanding manipulation, and Eigen-Residual trails
EigenDEXplore slightly, consistent with a cost to expanding the action space. Additional delta-
action variants show similar trends and are reported in App. [A]

4.2 DEXMACHINA

DexMachina (Mandi et al, 2026) trains bimanual policies to track object motions from ARCTIC
demonstrations. To study how the benefit of EigenDEXplore varies with training assistance and
hand embodiment, we compare it with Joint-Space on box and notebook manipulation using Al-
legro (16 DoF), XHand (12), Schunk (9), and Inspire (6), with five seeds and about 2B frames
per configuration. We report ADD-AUC, which summarizes object-tracking accuracy across error
thresholds. We evaluate two levels of training assistance: the full setup, whose auxiliary motion and
contact rewards and virtual-controller curriculum initially guide the object along the demonstration
before withdrawing, and the object-tracking task reward alone.

With curriculum and auxiliary rewards, EigenDEXplore performs similarly to Joint-Space in most
settings, with a notable improvement for Schunk on the box task (0.59 to 0.84 ADD-AUC, Fig. [5h).
This guidance already addresses much of the exploration difficulty, leaving less room for structured
exploration to improve performance. With task reward alone, EigenDEXplore achieves substantially
higher object-tracking accuracy than Joint-Space, with the largest gains on the higher-DoF Allegro
and XHand, for example from 0.46 to 0.80 ADD-AUC on the Allegro box task, and little change
on Inspire (Fig.[3b). In the representative rollouts, EigenDEXplore maintains stable contact while
opening and closing both objects, whereas Joint-Space never touches the box with Allegro and
drops the notebook mid-task with Schunk. The larger gains on higher-DoF hands are consistent
with structured exploration helping most when coordinated actions must be discovered in a large
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Figure 6: SPIDER across hands. EigenDEXplore reduces mean retargeting cost across all hands,
with the largest reductions on higher-DoF hands and the smallest on lower-DoF hands. A cost (%)
is relative to the Joint-Space baseline. Error bars show 95% Cls over ten seed-wise task averages.
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Figure 7: Dataset and exploration analysis. (a) Dataset selection: EgoSuite achieves the highest
mean consecutive success and training reward in SimToolReal at 9B frames. (b) Exploration design:
Sharpa SPIDER ablations vary the retained PCA variance (and thus the number of PCA components
k) with and without joint-space noise. The selected 90% setting with joint-space noise achieves the
lowest mean retargeting cost. Shading shows £1 SE and error bars show 95% CIs.

search space without guidance. Lower-DoF hands such as Inspire are already highly coordinated,
with three components capturing 90% of the variance, leaving less room for improvement.

4.3 SPIDER

We use SPIDER to evaluate EigenDEXplore in sampling-based trajectory
optimization across hand embodiments. We optimize ten object-motion tracking tasks from
OakInk2 and compare Joint-Space with EigenDEXplore on six hands: Sharpa
(22 DoF), Wuji (20), Allegro (16), XHand (12), Schunk (9), and Inspire (6). Both methods use the
same tasks, a cold start from the same fixed initial hand pose, and a fixed budget of 16 optimizer
updates per commit, by which most runs have plateaued, with ten seeds per task. We report the re-
targeting cost at the end of optimization, where lower is better. This cost is SPIDER’s optimization
objective for tracking the reference hand and object trajectory.

EigenDEXplore reduces mean retargeting cost on every hand, and the reduction grows with DoF
(Fig.[6). The largest reductions are on the high-DoF Wuji (31%) and Sharpa (25%), followed by
Allegro (22%) and XHand (14%), while costs on Schunk and Inspire are nearly unchanged (4% and
0.4%), mirroring the trend in DexMachina (Sec. f.2). Because SPIDER keeps noise scales fixed
rather than learned (Sec.[3:4), these gains come from the sampling distribution alone.
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Figure 8: Real-world SimToolReal. EigenDEXplore achieves higher task progress on tool-use. For
each task, representative rollouts (left) and task progress, the fraction of waypoints reached (right).
Boxes show quartiles/medians, diamonds show means, and dots show individual trials.

4.4 DATASET AND EXPLORATION ANALYSIS

We examine two design choices in EigenDEXplore: the source dataset used to construct the human-
motion prior and the exploration configuration.

For dataset selection, we compare priors fitted to GRAB (Taheri et all, 2020), ARCTIC (Fan et al,
2023)), and EgoSuite (Lightwheel, 2026)) in SimToolReal, holding the exploration configuration fixed
BT

and following the protocol in Sec These datasets differ in scale and manipulation coverage:
GRAB provides 1,334 motion-capture sequences involving 51 rigid objects, ARCTIC provides 339
sequences involving 11 articulated objects, and EgoSuite provides 100k hours of egocentric video
spanning more than 15k tasks. All three priors improve over Joint-Space, and EgoSuite achieves
the highest mean consecutive successes at 9B frames, 10.6 compared with 9.8 for ARCTIC, 9.4 for
GRAB, and 7.9 for Joint-Space (Fig.[7h), supporting its use as the source dataset for EigenDEXplore.

For exploration design, we fix the prior to EgoSuite and sweep the retained-variance threshold p €
{0.50,0.70, 0.80,0.90,0.95, 1.00} on Sharpa, with and without independent joint-space noise, using
the SPIDER setup in Sec. [£.3] This tests how strongly exploration should be concentrated in the
human-motion subspace and whether exploration outside that subspace improves optimization. With
eigen noise alone, retargeting cost decreases as more components are retained, and at p = 0.50, it
is worse than Joint-Space (0.126 vs. 0.089), indicating that a narrow subspace restricts the search.
Combining eigen noise with joint-space noise, as in EigenDEXplore, lowers cost at every threshold
below p = 1.00, reaching a minimum of 0.066 at p = 0.90, 25% below Joint-Space (Fig.[7p). We
therefore use this configuration in the dataset comparison and our main experiments.

These trends hold across GRAB, ARCTIC, and EgoSuite priors (App. [BI). We also find that ran-
dom orthonormal directions with the same variance spectrum perform worse than Joint-Space, so
the gains come from human coordination patterns rather than correlation alone (App.[B.2).

4.5 REAL-WORLD EVALUATION

To test whether these improvements transfer to hardware, we compare EigenDEXplore with the
Joint-Space baseline using the original SimToolReal and DeXtreme hardware protocols.
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4.5.1 SIMTOOLREAL

We evaluate the Joint-Space and EigenDEXplore policies from the extended-training comparison in
Sec.[d.1.1) on four tool-use tasks: hammering, wiping, scooping, and brushing (Fig. [8). Both poli-
cies were trained for 60B frames, half of the 120B-frame budget used in the original SimToolReal
training. We deploy them on the SimToolReal Sharpa hand-arm setup, using the same objects and
trajectories as the original work (Kedia et al., 2026). These trajectories consist of 6D object-pose
waypoints extracted from human RGB-D videos using FoundationPose (Wen et al., |2024). During
execution, the policy advances to the next waypoint when the current goal pose is reached. We
run ten trials per object-trajectory combination and report SimToolReal’s Task Progress metric, the
fraction of demonstrated waypoints reached. A trial ends at the final waypoint or on failure, such as
losing the grasp or getting stuck.

EigenDEXplore achieves higher mean task progress than Joint-Space on all four tasks, averaging
82% across tasks compared with 33% for Joint-Space (Fig. [8). The Joint-Space policy typically
pinches the tool between the pad of the middle finger and the backs of the index and ring fingers. It
often requires several grasp attempts to lift the tool and struggles to reorient the tool in hand, instead
relying on arm motion or dropping and regrasping. When the tool gets wedged deeply between the
three fingers, the policy can complete the full trajectory, but the low friction on the backs of the
fingers makes this grasp prone to slipping. In contrast, EigenDEXplore learns a more conventional
fingertip grasp using the pads of the thumb, index, and middle fingers, with support from the side
of the ring finger. This grasp is more stable and enables in-hand reorientation, allowing the policy
to reach successive goal poses more smoothly. This qualitative difference is consistent with the
hypothesis that eigen-structured exploration makes coordinated, human-like grasp configurations
easier to discover than independent joint-space exploration. Overall, these results show that the
simulation advantage observed during extended training (Sec.d.1.1)) transfers to hardware.

4.5.2 DEXTREME Real-world Setup Consec. success 1t

Each method uses one policy trained with the 2-
billion-frame budget described in Sec. F.1.2] A
wrist-fixed Allegro hand repeatedly reorients a
cube to successive target orientations (Fig. [0).
We estimate cube pose from ArUco markers
using AprilCube (Park & Agrawal, 2026). A Al (e oL
trial ends when the cube is dropped or remains J-Space  Ours
stuck in the same configuration for more than g0 9. Real-world DeXtreme. EigenDEX-
80 seconds. Over 40 trials per method, EigenD- . )

plore increases mean consecutive successes from

EXplore increases mean consecutive successes . .
from 8.45 to 11.90 (41% improvement) and the 8.45 to 11.90 over 40 trials per method. Left:

longest run from 32 to 41 (28% improvement).

©-111.90
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hardware setup. Right: consecutive successes per
trial. Boxes show quartiles/medians, diamonds
show means, and dots show individual trials.

5 CONCLUSION

EigenDEXplore adds perturbations along human-derived eigenvectors to independent joint-space
noise while retaining joint-space actions. Across RL, trajectory optimization, six dexterous hands,
and real-world deployment, it outperforms joint-space and learned action-space baselines, with the
largest gains on higher-DoF hands and under less reward shaping. These results suggest that human-
motion priors help mainly by structuring exploration rather than changing the action space.

Limitations. EigenDEXplore uses a fixed linear basis derived from retargeted human motion, so
coordination patterns absent from the data or nonlinear synergies must be explored through indepen-
dent joint noise. Adapting the basis during training or using nonlinear priors could address this. The
prior depends on kinematic retargeting and may be less effective for hands that differ substantially
from human morphology. Improvements are also smaller for low-DoF hands. Finally, our noise
is sampled independently at each timestep, and deriving temporally correlated exploration (Raffin
et al.l |2021; [Eberhard et al., 2023)) from human motion is a natural extension.
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A ADDITIONAL ACTION SPACES

The formulations in Eq. (I) command absolute joint targets. A common alternative integrates actions
as increments onto the previous target (Zhang et al.l 2026} |Gupta et al., 2026b). We evaluate delta
variants of Joint-Space and Eigen-Residual in this form,

Joint-A G =q_1+ag+0,01, action dim = d @

Eigen-Residual-A ¢} =¢;_ 1 +a,+0, O 1y + ET (ae +0c ©®ne) actiondim=d+ k
Here, a, and a. act as per-step increments, scaled to a fraction of each joint range and coeffi-
cient span, and ¢; is clipped to the joint limits. Joint-A integrates independent joint increments
as in [Zhang et al| (2026), and Eigen-Residual-A also integrates increments along the eigenbasis.
LUCID (Gupta et al 2026b) integrates eigen-grasp coefficients with per-joint residuals and is an
instantiation of Eigen-Residual-A.

We train both variants under the SimToolReal and DeXtreme protocols of Sec. [A-1] (Fig. [I0). They
perform comparably to their absolute counterparts in SimToolReal but fall well behind in DeXtreme.

@ Joint-Space [@Eigen-Space [@Eigen-Residual [ EigenDEXplore (Ours)

[ Joint-A [ Eigen-Residual-A
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Figure 10: Delta action spaces. Delta variants of Joint-Space and Eigen-Residual perform compa-
rably to their absolute counterparts in SimToolReal but fall behind them in DeXtreme. (a) SimTool-
Real at 9B frames, with consecutive successes (left) and reward (right). (b) DeXtreme at 2B frames,
with consecutive successes at DR Level fixed at —0.5 (left) and DR Level during training (right).
Error bars show 95% Cls and shading shows 1 SE across five seeds.

B EXPLORATION NOISE ANALYSIS

B.1 SOURCE DATASET AND RETAINED VARIANCE

We repeat the exploration-design sweep of Sec. 4.4 with GRAB and ARCTIC priors in the same
Sharpa SPIDER setup (Fig. [TT). All three priors follow the EgoSuite trends. Eigen noise alone im-
proves as more human variance is retained, and adding joint-space noise lowers cost across thresh-
olds, with the lowest cost between 80% and 95% retention for all three priors. This supports retaining
90% of the PCA variance in EigenDEXplore.

B.2 HUMAN-DERIVED VERSUS RANDOM DIRECTIONS

To test whether the benefit of EigenDEXplore comes from the human-derived directions or from
correlation alone, we introduce a Random-Correlated baseline. It replaces the eigenvectors in E/
with random orthonormal directions but keeps the EgoSuite eigenvalues at 90% retention as per-
component variances. The eigenvalues are what correlate the noise, since equal variances along a
full orthonormal basis would make it identical to joint-space noise. We evaluate it with eigen noise
alone and combined with joint-space noise in the SPIDER setup of Sec.[4.3] In both settings, random
directions perform worse than joint-space noise, while the human-derived priors match or improve
on it (Fig.[I2). Correlation alone therefore does not explain the benefit of EigenDEXplore, which
relies on the coordination patterns in human motion.
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Figure 11: Exploration design across datasets. Priors fitted to GRAB, ARCTIC, and EgoSuite
follow the same trends, so the benefit of combining eigen and joint-space noise does not depend on
the source dataset. (a) With eigen noise alone, retargeting cost decreases as more components are
retained. (b) Adding joint-space noise lowers cost at nearly every threshold. Dashed blue lines mark
Joint-Space. Shading shows £1 SE.
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Figure 12: Human-derived versus random directions. The benefit of correlated exploration comes
from the human-derived directions. Human-derived priors match or improve on Joint-Space, while
random directions with the same eigenvalues are worse, both with eigen noise alone (a) and com-
bined with joint-space noise (b). All eigen variants retain 90% of the variance. Error bars show 95%
CIs over episodes.
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