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Abstract— While large-scale human demonstrations provide
valuable guidance for learning dexterous manipulation, trans-
ferring these skills to robotic hands remains challenging due
to the inherent embodiment gap between human and robot
morphologies. Existing methods typically rely on absolute key-
point representations that discard fine-grained finger synergies,
and employ explicit kinematic retargeting to accelerate the
learning process, which can induce kinematic inconsistency and
physical conflicts. We propose ReDex, a framework that shifts
the focus from absolute spatial tracking to intrinsic interaction
geometry. ReDex first extracts relational manipulation vectors
from human data and compresses them into a smooth latent
space, establishing a unified geometric prior that is invariant
across embodiments and capture hand synergies. Guided by
this prior, we introduce a curriculum reinforcement learning
strategy with a state pool constrained by the latent space for
episode initialization, which confines exploration to physically
valid, human-like motion manifolds and stabilizes policy learn-
ing. Extensive experiments demonstrate that ReDex consistently
outperforms current state-of-the-art methods across diverse
manipulation modes, with robust cross-embodiment transfer
and real-world feasibility. For more information, please visit
https://psycho811.github.io/ReDex.

I. INTRODUCTION

Equipping robotic hands with human-like dexterity re-
mains one of the core challenges in Embodied AI. Given
the high-dimensional action spaces and complex contact
dynamics, leveraging large-scale human demonstrations has
emerged as a mainstream paradigm [1]–[3]. However, such
skill transfer is fundamentally hindered by the profound
embodiment gap between human and robotic hands, encom-
passing significant discrepancies in kinematics, degrees of
freedom, and physical properties.

To bridge the gap without collecting robot-specific demon-
strations, recent works [4]–[6] increasingly formulate skill
transfer as tracking hand-object interaction (HOI) trajectories
derived from human demonstrations. Within this paradigm,
most methods rely on keypoints to describe states and goals
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of the hands [7]–[10]. While keypoints can capture global
spatial variations by treating joints independently in absolute
space, they struggle to represent the fine-grained, structural
finger synergies that are critical for dexterous manipulation.

Furthermore, these approaches typically resort to explicit
kinematic retargeting to accelerate policy convergence, due
to the large exploration space induced by high-dimensional
hand–object interactions. A common practice [10]–[13] is to
map human hand poses into robot-specific joint trajectories,
utilizing them as reference signals for policy optimization.
While recent advancements, such as ManipTrans [9], no
longer treat these retargeted poses as training signals, they
still depend on them for state initialization to facilitate
early exploration. Retargeting is prone to introduce mapping
errors, such as severe self-collisions, object penetrations, and
missed contacts. Forcing the robot to begin episodes in these
erroneous poses often places it in physically infeasible con-
figurations, which misguides policy exploration and degrades
sample efficiency.

To address these limitations, we propose ReDex, a novel
framework that shifts the focus from absolute spatial track-
ing to intrinsic interaction geometry. Specifically, we ex-
tract Relational Manipulation Vectors (RMVs) from human
demonstrations. These vectors characterize the hand poses
through coordinated spatial relations that are naturally in-
variant across different embodiments. Since movements of
individual fingers induce coupled variations across multiple
relations, directly using the raw vectors leads to a highly
entangled observation space. We therefore learn a compact
latent representation of RMVs, termed RMVR, using a
tailored Variational Autoencoder (RMV-VAE). This low-
dimensional latent space captures the underlying variation
patterns of the coupled RMVs, effectively mitigating the state
complexity for downstream policy learning.

We further employ a guided curriculum learning strategy
with an RMVR-guided state pool to enable sample-efficient
exploration from physically valid states, without explicit
retargeting. A preliminary kinematic anchoring phase first
decouples hand coordination from object dynamics to acquire
stable synergistic motion patterns. For the subsequent full-
task exploration, the state pool actively filters physically valid
states to serve as safe training episode initializations, confin-
ing exploration within the human-like motion manifold.

In summary, our contributions are as follows:

• We propose ReDex, which formulates RMVR as a uni-
fied geometric prior to effectively capture and transfer
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fine-grained, structured synergistic relationships from
human demonstrations to robotic hands.

• We propose a curriculum RL strategy with an RMVR-
guided state filter, leveraging the learned human prior
to evaluate hand pose quality for safe, sample-efficient
exploration.

• Extensive experiments demonstrate that our method
outperforms existing state-of-the-art approaches, and
validate its feasibility across four dexterous hands and
in real-world deployments.

II. RELATED WORKS

A. Dexterous Manipulation with Demonstration Guidance

Learning high-dimensional dexterous manipulation from
scratch is highly challenging. To endow robots with human-
like manipulation capabilities, demonstration guidance has
emerged as a prevailing paradigm [14]–[16]. Early imitation
learning methods primarily relied on teleoperation systems
to collect robot-specific kinematic data [17]–[19]. However,
acquiring such data requires customized hardware and is dif-
ficult to scale. To improve scalability, recent work has started
to use readily available human demonstrations, including
motion capture (MoCap) [20], [21] and monocular videos
[11], [22]. Since human motions cannot be directly executed
on robotic hardware, existing methods typically employ
reinforcement learning (RL), using human demonstrations
as reference trajectories [4]–[6], [8]. Nevertheless, the pro-
nounced embodiment gap between human and robotic hands
still remains the challenge. Although current approaches [9],
[13] utilize hierarchical tracking and residual learning to
incorporate demonstrations into RL reward mechanisms, they
do not explicitly investigate which geometric features from
human demonstrations are intrinsically stable and efficiently
transferable to the targeted robotic kinematic structure.

B. Scale-Invariant Representations for Human-Robot Trans-

fer

Many human-to-robot transfer pipelines rely on motion
retargeting or correspondence estimation [23], [24], where a
fundamental bottleneck is the choice of state representation
used for alignment and learning. Early methods often formu-
late the transfer as an optimization problem, computing target
joint angles based on predefined absolute 3D keypoints [25],
[26]. However, tracking these isolated, scale-sensitive points
introduces mapping errors and ignores the holistic hand
synergies crucial for interaction. As an alternative, methods
like DexPilot [19] and DexRepNet [27] utilize relative direc-
tional vectors or spatial distances, sharing a similar geometric
motivation with our approach. While these vectors provide
scale invariance, directly utilizing such highly coupled rep-
resentations in downstream policies exacerbates exploration
difficulties and inevitably degrades sample efficiency. To
address this feature coupling, our RMV-VAE encodes relative
spatial vectors into a compact, shared latent space.

C. Curriculum Learning

To prevent direct RL optimization from falling into lo-
cal optima due to continuous action spaces and complex
contact dynamics in contact-rich manipulation, curriculum
learning is widely used to simplify early-stage exploration
[28]–[30]. Prior works generally scale task difficulty along
various dimensions, such as progressively expanding object
geometric diversity [31], [32] or transitioning from simplified
physical conditions to actual dynamics. For example, Manip-
Trans [9] initially relaxes physical constraints like gravity
and friction. UniBYD [10] and Dexmachina [8] introduce
an object dynamics curriculum using virtual proportional-
derivative (PD) controllers. However, virtual PD control is
easily overpowered by erratic collisions during early explo-
ration, knocking the object off its trajectory and breaking
hand-object coordination, which ultimately misguides policy
learning. To address this, we propose a two-stage curriculum
framework that leverages a state initialization pool filtered
by RMVR. This provides physically valid starting config-
urations, preventing early failures and accelerating learning
without altering the underlying dynamics.

III. METHOD

As illustrated in Fig. 1, we propose ReDex, a three-stage
framework that enables robots to reproduce object trajecto-
ries from human demonstrations while preserving human-
like hand synergies. First, we extract a consistent, universal
geometric representation from human demonstrations based
on RMVs (Sec. III-A). Second, to capture the inherent
coordination of human fingers, we project these RMVs into
a unified latent space via an RMV-VAE module, yielding
the RMVR (Sec. III-B). Finally, building upon this shared
representation, we employ guided curriculum reinforcement
learning to achieve efficient and physically plausible skill
transfer to the robotic hand (Sec. III-C).

A. Relational Manipulation Vectors (RMVs)

Prevailing retargeting paradigms, which predominantly
rely on direct keypoint-wise correspondence across hetero-
geneous morphologies [12], [26], frequently suffer from
kinematic and physical inconsistencies. These issues stem
from the inherent discrepancies in degrees of freedom (DoFs)
and linkage proportions between human and robotic hands.
Drawing inspiration from vector-based formulations of hand
geometry [19], [27], we adopt a relation-centric represen-
tation, Relational Manipulation Vectors (RMVs), to char-
acterize intra-hand structural relationships. This formulation
projects human demonstrations into a morphology-agnostic
manipulation space defined by relative functional vectors,
rather than anchoring them to absolute joint or keypoint
coordinates.

Specifically, as illustrated in the upper right of Fig. 1,
we select a set of 17 essential manipulation-space vectors,
denoted as V = {vi}17i=1, derived from large-scale human
interaction datasets [33]–[35]. These vectors are organized
into four functional groups Gg (g ∈ {1, . . . , 4}) (Tab. I), to
capture both the global wrist-relative spatial configuration
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Fig. 1: Overview of our ReDex framework. ReDex extracts RMVs from human demonstrations to model human-like
synergistic priors (RMVR) via the RMV-VAE. These priors guide a stage-wise curriculum to train a dexterous policy,
utilizing an RMVR-guided state pool to initialize training episodes strictly with geometrically valid and physically stable
poses.

TABLE I: Categories of RMVs and their synergistic roles.
Tip refers to the fingertip, and PIP refers to the proximal
interphalangeal joint.

Category Num. Synergistic Purpose

G1: Tip-to-Wrist 5 Global hand scale and structural closure

G2: PIP-to-Wrist 5 Proximal bending and palm arch state

G3: Tip-to-Thumb 4 Precision grasping and opposition relations

G4: Inter-Fingertip 3 Fine-grained spacing and collision avoidance

and fine-grained inter-digital synergies. This hierarchical
formulation preserves essential interaction intents while re-
maining robust to specific finger lengths and joint limits.

To ensure representation consistency, all vectors are first
transformed into a unified wrist-centric local coordinate
frame. Each vector vi ∈ V is decoupled into a directional
unit vector di ∈ S2 and a normalized scalar length li ∈
R. These components are concatenated to formulate the
geometric feature tensor x = {[d!

i , li]}
17
i=1 ∈ R17×4.

By encoding directional geometric relations within this
manipulation space, RMVs establish a consistent represen-
tation that remains invariant across diverse robotic end-
effectors, regardless of their specific kinematic structures.

B. Variational Latent Synergy Modeling

In the defined manipulation space R17×4, small finger-
tip displacements simultaneously affect multiple relational
vectors. Although this coupling faithfully captures the co-
ordinated structure of the hand, it also produces a highly
correlated observation space. Directly feeding such coupled
features into reinforcement learning makes it difficult for the
policy to extract stable interaction patterns. To resolve this,
we design the RMV-VAE module, a latent prior extractor

that employs a VAE [36] to project the high-dimensional
geometric features x ∈ R17×4 onto a smooth latent manifold
z, where dim(z) = 16. By distilling intrinsic coordination
patterns from extensive human interaction data, this module
effectively decouples the observation space and provides
a structured manipulation prior. This latent representation
captures the underlying synergy structure of human manipu-
lation, providing a compact and structured feature space that
facilitates more stable and efficient policy learning in the
subsequent reinforcement learning stage.

To ensure the latent space precisely preserves interaction-
relevant geometric cues, we adopt a decoupled reconstruction
objective for the RMV-VAE. Rather than optimizing for raw
coordinate error, the total reconstruction loss Lrec is formu-
lated to separately supervise the orientation and magnitude of
each vector. Specifically, for each vector vi ∈ V , we compute
a cosine-based directional loss Ldir,i and a length loss Llen,i:

Ldir,i = 1−
di · d̂i

‖di‖‖d̂i‖
, Llen,i = SmoothL1(li, l̂i), (1)

where (̂·) denotes the reconstructed output.
Since long-range wrist-relative vectors typically exhibit

larger magnitudes than fine-grained inter-finger relations, we
employ homoscedastic uncertainty modeling [37] to auto-
matically balance the reconstruction losses without manual
weight tuning:

Lrec =
4

∑

g=1

∑

i∈Ig

(
wdLdir,i

exp(sg,d)
+ sg,d +

wlLlen,i

exp(sg,l)
+ sg,l

)

,

(2)
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where Ig denotes the index set for functional group Gg ,
wd, wl are fixed base weights, and sg,d, sg,l are learnable
log-variance parameters.

In addition, a KL divergence regularization term is intro-
duced, yielding the overall objective LVAE = Lrec + βLKL.
Once pre-trained, both the RMV-VAE encoder Eθ(·) and
decoder Dθ(·) are frozen for downstream tasks.

C. Guided Curriculum Learning for Dexterous Manipulation

1) Problem Formulation: The problem is defined as fol-
lows: given a reference human-object interaction trajectory
D = {(Ht,Ot)}Tt=1, where Ht denotes the human hand pose
and Ot denotes the object state (pose and velocity) at time
step t, the goal is to learn a control policy πθ that tracks the
target object trajectories while preserving hand coordination
patterns consistent with the human demonstration.

We model the task as a Markov Decision Process (MDP)
M = 〈S,A, T ,R, γ〉, where S represents the state space,
A the action space, T the transition dynamics, R the
reward function, and γ ∈ (0, 1] the discount factor. We
employ Proximal Policy Optimization (PPO) [38] to facilitate
policy learning. The objective is to maximize the expected

discounted return J(πθ) = Eπθ

[
∑T

t=0 γ
trt

]

.

2) State Space with Pre-trained Representations: We
formulate the state space S by augmenting the physical
task state with latent geometric priors. Utilizing the frozen
encoder Eθ(·) from Sec. III-B, the state at time t is defined
as a tuple:

st = 〈otask
t , Eθ(x

robot
t )

︸ ︷︷ ︸

z
robot
t

, Eθ(x
ref
t+1)

︸ ︷︷ ︸

z
ref
t+1

, ct〉, (3)

where otask
t ∈ Rd comprises object states, BPS features

[39] and fingertip-to-object distances. Here, xrobot
t and

xref
t+1 denote the RMVs extracted from the robot state

and the reference human demonstration. Finally, ct =
CosSim(zrobott , zreft+1) acts as an explicit alignment heuristic
in the latent space, where CosSim denotes the cosine sim-
ilarity, guiding the policy toward human-consistent synergy
patterns.

3) Action Space: The action space A consists of target
position commands for the K actuated finger joints, denoted
as at ∈ RK . The wrist pose is kinematically driven by
a reference trajectory from the human demonstration. This
setup enables the policy to prioritize the learning of dexterous
finger manipulation.

4) Reward Function: Following [9], we design a multi-
objective reward to guide policy learning, formulated as a
weighted sum of three components:

rt = wtask · r
task
t + wimi · r

imi
t + wsmooth · rsmooth

t . (4)

The task tracking reward rtaskt minimizes the 6-DoF pose
and velocity tracking errors of the manipulated object. The
imitation reward rimi

t applies sparse kinematic supervision
by tracking only the fingertips and proximal interphalangeal
(PIP) joints via exponential decay kernels. To ensure phys-
ically safe and smooth motions, rsmooth

t applies a direct
penalty on high joint velocities and excessive joint torques.

5) Stage-wise Training Strategy: Simultaneously master-
ing faithful motion imitation and dynamic object manipula-
tion presents a formidable challenge. The high-dimensional
action space and complex contact dynamics often cause the
policy to be trapped in suboptimal local minima, in which
the hand visually mimics the motion but fails to establish
stable physical interactions. To mitigate this, we propose a
two-stage curriculum learning mechanism that progressively
scales task complexity to guide policy convergence.

Stage I: Kinematic Anchoring Phase. During this initial
stage, the object’s pose is directly set to the reference tra-
jectory, remaining unaffected by gravity or contact impulses.
Specifically, we set the wtask = 0, forcing the robot to focus
exclusively on maximizing the rimi

t . This phase allows the
robot to internalize human-like synergistic priors and achieve
stable interactions without failing prematurely.

Stage II: Free-Exploration Phase with RMVR-Guided
State Pool. Stage II begins when the imitation success rate
stably exceeds a threshold or a step limit is reached. Here,
the object is released into full physical dynamics, and rtaskt

is activated to encourage active manipulation. To ensure
efficient exploration across the entire trajectory, we introduce
the RMVR-guided state pool.

Resetting the environment to the initial frame makes
learning later trajectory phases inefficient, while Reference
State Initialization (RSI) with imperfect retargeted states
often leads to premature episode termination due to contact
artifacts [40]. Thus, we adopt Physical State Initialization
(PSI), sampling starting states from a buffer of past suc-
cessful rollouts. However, standard PSI uses reward-based
filtering. In dexterous manipulation, policies exploit this by
adopting unnatural, non-anthropomorphic poses to maximize
task rewards.

To enforce human-like coordination, we introduce the pool
equipped with a geometric consistency filter. A state st is
admitted into the pool P only if it satisfies two criteria:

• Task Validity: The manipulated object remains stable
without dropping.

• Geometric Consistency: The reconstruction loss satis-
fies Lrec(xrobot

t , x̂robot
t ) < δ. Since the RMV-VAE is

trained solely on human demonstrations, a low recon-
struction loss indicates that the current configuration
lies close to the learned human synergy manifold. This
prevents the policy from drifting toward unnatural hand
poses.

During Stage II, each training episode is initialized by
sampling a state from the pool P with probability 0.8, or
by resetting to the initial frame t = 0 otherwise.

IV. EXPERIMENTS

The experiments begin with the dataset setup, evaluation
metrics, and implementation details (Sec. IV-A). We then
benchmark ReDex against state-of-the-art (SOTA) methods
(Sec. IV-B), conduct ablation studies to analyze its core
components (Sec. IV-C, IV-D), exhibit cross-embodiment
generalization (Sec. IV-E), and validate real-world deploy-
ment (Sec. IV-F).
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Fig. 2: Qualitative results of ReDex. From top to bottom, the rows illustrate grasping sequences for three distinct manipulation
modes: Type I. Power, Type II. Intermediate, and Type III. Precision.

TABLE II: Quantitative comparison against baselines.

Method
Type I: Power Type II: Intermediate Type III: Precision

SR (%) ↑ Epos (cm) ↓ Erot (◦) ↓ SR (%) ↑ Epos (cm) ↓ Erot (◦) ↓ SR (%) ↑ Epos (cm) ↓ Erot (◦) ↓

AnyTeleop 0.2 2.99 29.96 8.6 2.74 27.93 12.0 2.64 27.31
ManipTrans 46.1± 3.7 1.46 14.55 63.8± 8.9 0.29 8.94 44.0± 0.3 1.99 19.93
Ours 81.8 ± 4.2 0.37 9.79 88.6 ± 3.5 0.13 6.54 78.8 ± 5.5 0.37 9.20

A. Experiment Setup

1) Datasets Setup: We select reference human-object
interaction trajectories from the GRAB dataset [33], encom-
passing 27 unique objects with diverse geometries. These
tasks are categorized into three manipulation modes based
on contact characteristics [41]: Power (high contact area
involving the palm), Intermediate (hybrid contact with the
thumb and 3–4 fingers), and Precision (fingertip-only sparse
contact).

2) Metrics: We train each policy across three independent
random seeds and evaluate manipulation performance over
100 trials per trajectory. The primary metric is the Success
Rate (SR), defined as the percentage of trials in which the
object remains within the predefined tolerance thresholds
(Epos < 3 cm and Erot < 30◦) at all timesteps. To
characterize the attainable precision of the learned policies,
we report the Position Error Epos and Orientation Error
Erot from the best-performing seed. These metrics compute
the deviation of the object’s achieved pose from the reference
pose, where Epos measures the mean Euclidean distance
(cm) and Erot calculates the average minimum rotation angle
(degrees). Failed trials are assigned the maximum threshold
values (3 cm and 30◦) for error computation.

3) Implementation Details: All simulations are con-
ducted in Isaac Gym [42] with 4,096 parallel environments,
running on a workstation equipped with an Intel Xeon Gold
6326 CPU and an NVIDIA RTX 3090 GPU. Our RMV-VAE
(a 3-layer MLP) is pre-trained using AdamW with a learning
rate of 1e-3 for 800 epochs, taking 3 hours. Quantitative
benchmarks use the 22-DoF Shadow Hand [43], while cross-

embodiment validations employ the 12-DoF XHand [44], 20-
DoF Wuji Hand [45], and 6-DoF Inspire Hand [46].

B. Main Results: Comparison with SOTA

We benchmark our approach against two representative
methods: AnyTeleop [25], which relies on open-loop explicit
kinematic retargeting, and ManipTrans [9], the SOTA frame-
work employing residual reinforcement learning. As demon-
strated in Tab. II, our method achieves superior performance
across all three manipulation modes. The explicit retargeting
baseline, AnyTeleop, performs poorly in dynamic tasks (SR
≤ 12.0%), as solely minimizing kinematic distances fails
to account for the embodiment gap and the intricate contact
dynamics essential for stability. While ManipTrans improves
performance via residual learning, it struggles in sparse-
contact and high-precision scenarios. This limitation can be
attributed to two factors: first, tracking absolute keypoints
overlooks the relative inter-digital coordination vital for pre-
cision; second, direct kinematic mapping for Reference State
Initialization (RSI) introduces persistent physical conflicts,
leading to premature policy divergence.

In contrast, by anchoring demonstrations in a shared RMV
latent space, ReDex effectively mitigates physical inconsis-
tencies and achieves robust success rates across all cate-
gories: 81.8% in contact-rich Power, 88.6% in Intermediate,
and 78.8% in highly demanding Precision tasks. Notably,
in the most challenging Precision mode, ReDex achieves
a +34.8% absolute margin over ManipTrans. Furthermore,
ReDex consistently yields the lowest tracking errors (Epos ≤
0.37 cm, Erot ≤ 9.79◦), highlighting its effectiveness in
achieving high-fidelity and physically plausible manipulation
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transfer.

C. The Effect of RMVs and RMVR

To isolate the structural advantages of our framework, we
investigate how the consistent geometric features (RMVs)
and their latent encoding (RMVR) contribute to the stability
and precision of learned skills. We ablate the RL state inputs
into four representative variants (Fig. 3) while maintaining
an identical backbone architecture:

• Raw Keypoint directly utilizes absolute 3D keypoint
coordinates (relative to the wrist) and their temporal
deltas, mirroring standard tracking baselines [9];

• Latent Keypoint compresses the absolute keypoints via
a similarly structured VAE Ekp(·);

• RMVs feed the uncompressed 17 relational vectors x =
{(di, li)}17i=1 directly into the policy network;

• RMVR (Ours) projects the RMVs into the smooth la-
tent manifold z, representing our full proposed pipeline.

Fig. 3: Ablation study on geometric representations. (a):
Training process on the wineglass toast task; (b): Evaluation
results across three manipulation modes: Type I (Power),
Type II (Intermediate), and Type III (Precision).

1) Relational Vector vs. Absolute Keypoint: A limitation
of absolute keypoint representations is that tracking errors
accumulate along the kinematic chain, so that small devia-
tions at proximal joints can induce amplified spatial variance
at distal fingertips.

Fig. 4: Spatial Error Distribution (mm). (a) Absolute key-
point errors encoded by sphere scale and color, with edges
showing adjacent averages. (b) Relational vector errors along
structural connections, categorized by line style. The average
error for Tip and PIP is 2.16mm in (a) and 1.88mm in (b).

As illustrated in Fig. 4a, although homoscedastic uncer-
tainty modeling is introduced to balance loss magnitudes
across joints, projecting unconstrained absolute keypoints
into a VAE creates an optimization mismatch. Under this
formulation, the model tends to assign larger variance pa-
rameters to distal joints, effectively down-weighting the
fingertip reconstruction errors in the overall objective. The
keypoint-VAE essentially trades off fine-grained precision
to accommodate the massive spatial fluctuations inherent in
absolute coordinates.

By comparison, our relational vectors (RMVs) repre-
sent local synergies rather than absolute kinematics, ef-
fectively mitigating error propagation along the kinematic
chain (Fig. 4b). By keeping spatial variance bounded within
comparable scales, the uncertainty-weighted objective can
better coordinate supervision across functional groups. This
structural prior leads to a 25.0% absolute increase in success
rate over keypoint encoding in contact-sparse Precision tasks
(Fig. 3b).

2) Latent Encoding vs. Raw Input: Compared to high-
dimensional raw inputs, the smooth RMV-VAE latent man-
ifold z significantly accelerates convergence and improves
peak RL performance.

As illustrated in Fig. 3a, directly feeding the policy with
structurally coupled raw vectors leads to higher training
variance and more fluctuating convergence. By contrast, the
RMVR provides a regularized and decoupled search space
that resolves inherent kinematic entanglement, allowing the
agent to focus on task-relevant geometric structure and
achieve more stable policy optimization.

Fig. 6: Comparison of Hand Postures. Left: +KA+SP w/o
vae loss. Right: Ours.

D. The Effect of Curriculum Learning

As shown in Tab. III, we evaluate the necessity of each
curriculum component through a series of ablation studies,
analyzing how stage-wise task progression and manifold-
based filtering improve exploration in dexterous manipula-
tion.

1) The Role of Kinematic Anchoring (+KA): Learning
the target policy directly from scratch (Base) frequently
results in exploration collapse, with a success rate of only
16.4% (Power). The simultaneous learning of contact dis-
covery and full task dynamics hinders effective exploration.
By introducing the Kinematic Anchoring phase (+KA), we
decouple hand coordination from object dynamics. This
allows the policy to first acquire the coordinated motion
patterns in a simplified environment, providing a robust
initialization for subsequent dynamic tasks and increasing
the SR to 73.0%.

Fig. 7: Cross Embodiment Results: Passing lightbulb.
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Fig. 5: Real-world experiments. Hardware deployments using the XHand (top) and the Wuji Hand (bottom). The columns,
from left to right, correspond to power, intermediate, and precision tasks.

TABLE III: Ablation study on the stage-wise curriculum
learning strategy.

Mode Training Strategy SR (%) ↑ Epos (cm) ↓ Erot (◦) ↓

Type I.

Power

Base 16.4± 6.2 2.02 22.27

+KA Phase 73.0± 5.2 0.38 9.72

+KA+SP (w/o VAE loss) 70.1± 5.9 0.61 9.85

Ours (Full) 81.8 ± 4.2 0.37 9.79

Type II.

Intermediate

Base 40.9± 9.4 1.22 15.90

+KA Phase 69.1± 5.1 0.61 10.29

+KA+SP (w/o VAE loss) 77.6± 5.1 0.35 7.32

Ours (Full) 88.6 ± 3.5 0.13 6.54

Type III.

Precision

Base 17.5± 3.8 1.97 21.34

+KA Phase 77.3± 6.4 0.41 10.10

+KA+SP (w/o VAE loss) 77.9± 5.2 0.35 9.44

Ours (Full) 78.8 ± 5.5 0.37 9.20

2) The Role of RMVR-Guided State Pool (+KA+SP
w/o VAE loss): Although a physical state initialization
(PSI) buffer facilitates exploration, an unconstrained state
pool (+KA+SP w/o VAE loss) may encourage unintended
reward-driven behaviors. For example, in phone manipu-
lation (Fig. 6), the policy converges to physically valid
but anatomically implausible grasps. While satisfying basic
task rewards, these unnatural states yield unstable and non-
generalizable solutions.

Using the RMV-VAE reconstruction loss as a geomet-
ric consistency filter restricts the state pool to human-like
coordination manifolds. Initializing exploration from these
kinematically plausible states increases the SR to 81.8%
(Power), highlighting the importance of this structural prior
for both policy robustness and generalization.

E. Cross-Embodiment Validation

To demonstrate the extensibility of ReDex, we train poli-
cies for four dexterous hand embodiments (Fig. 7) using
a unified learning pipeline. Encoding relational geometry
(RMVs) rather than absolute keypoints or joint angles, our
representation facilitates cross-morphology transfer. Conse-
quently, ReDex achieves consistent, human-like manipula-
tion performance across all hands, without explicit kinematic
retargeting or hand-specific reward tuning.

F. Real World Experiment

We deploy ReDex on a physical 7-DoF RealMan arm
equipped with either the XHand or the Wuji Hand to validate
real-world transferability. The arm is controlled through

inverse kinematics, while the hand joint angles are directly
sent to the hardware controllers. As shown in Fig. 5, the
system achieves fluid, precise, and coordinated manipulation
behaviors in real-world settings. Please refer to our supple-
mentary video for detailed demonstrations of the system’s
real-world performance.

V. CONCLUSION

In this paper, we present ReDex for transferring dexterous
manipulation skills from human demonstrations to robotic
hands. The key contributions of our work are twofold: 1)
formulating a compact latent representation of RMVR as a
unified geometric prior to effectively capture and transfer
fine-grained, structured synergistic relationships; 2) propos-
ing a curriculum reinforcement learning strategy featuring an
RMVR-guided state pool to enable efficient and physically
feasible skill transfer by geometrically filtering out unnatural
poses. Comprehensive experiments demonstrate that ReDex
significantly outperforms existing SOTA baselines, notably
in tracking precision, while also exhibiting favorable cross-
embodiment transferability and feasibility for real-world
deployment.

Discussion and Limitations While effective, our frame-
work currently relies on high-quality hand-object demonstra-
tions to provide reference trajectories for its downstream skill
transfer. Additionally, the scope of this work is restricted to
single-hand manipulation. In future work, we will extend the
RMVR representation and our curriculum strategy to support
bimanual coordination, aiming to tackle more complex col-
laborative manipulation tasks.
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