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Abstract. In embodied intelligence, the embodiment gap between robotic
and human hands brings significant challenges for learning from human
demonstrations. Although some studies have attempted to bridge this
gap using reinforcement learning, they remain confined to merely re-
producing human manipulation, resulting in limited task performance.
Moreover, current methods struggle to support diverse robotic hand con-
figurations. In this paper, we propose UniBYD, a unified framework that
uses a dynamic reinforcement learning algorithm to discover manipula-
tion policies aligned with the robot’s physical characteristics. To enable
consistent modeling across diverse robotic hand morphologies, UniBYD
incorporates a unified morphological representation (UMR). Building on
UMR, we design a dynamic PPO with an annealed reward schedule, en-
abling reinforcement learning to transition from offline-informed imita-
tion of human demonstrations to online-adaptive exploration of policies
better adapted to diverse robotic morphologies, thereby going beyond
mere imitation of human hands. To address the severe state drift caused
by the incapacity of early-stage policies, we design a hybrid Markov-
based shadow engine that provides fine-grained guidance to anchor the
imitation within the expert’s manifold. To evaluate UniBYD, we propose
UniManip, the first benchmark for cross-embodiment manipulation span-
ning diverse robotic morphologies. Experiments demonstrate a 44.08%
average improvement in success rate over the current state-of-the-art.
Our project page is https://zhanheng-creator.github.io/UniBYD/.
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Fig. 1: Leveraging human demonstrations, UniBYD learns manipulation strategies
that transcend mere imitation and are tailored to a broad spectrum of robotic hand
morphologies.

Keywords: Learning from human demonstrations · Dexterous manip-
ulation · Reinforcement learning · Embodied AI

1 Introduction

Artificial intelligence has advanced rapidly in recent years [37, 38, 42], with re-
markable progress in robotics. Within embodied intelligence, learning from hu-
man demonstrations [16, 18, 25, 40, 48] has emerged as a dominant paradigm.
However, the embodiment gap between human hands and robotic hands of vary-
ing morphologies [17] poses significant challenges for this area, which existing
studies have yet to effectively address. Notably, most research focuses on an-
thropomorphic hands, while cross-embodiment generalization to 2/3-fingered
grippers remains largely unexplored. For example, retargeting-based methods
typically map only the kinematic poses while ignoring critical dynamic informa-
tion. Existing imitation learning methods remain at merely reproducing human
operations [25,33]. Given the morphological and dynamic discrepancies between
human hands and robot hands of varying structures, such as differences in finger
count and degrees of freedom, such direct reproduction limits them far below
the level demonstrated by humans.

To overcome the limitations of the above approaches, researchers have be-
gun exploring reinforcement learning from human data. However, such meth-
ods often struggle to discover strategies that are truly aligned with the robot’s
own morphology, resulting in suboptimal task performance, especially for non-
anthropomorphic hands with significant topological deviations. Some studies,
such as ManipTrans [13], employ Proximal Policy Optimization (PPO) [27] in
simulated environments, yet their reward functions merely enforce strict time
alignment of the robot hand’s joint angles with the expert trajectory at every
step, which only partially addresses the inherent limitations of imitation learn-
ing. As shown on the right of Fig. 1, such methods merely map human-hand
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motions onto robotic hands, resulting in low success rates for task execution.
Secondly, another line of research attempts to completely eliminate dependence
on human demonstrations by defining reward functions centered on object pose
errors [3]. This comes at the cost of losing the crucial guidance that human prior
provides, making it difficult to approach the high-performance policy regions.
These methods tend to fall into local optima. Beyond these limitations, a fun-
damental challenge for reinforcement learning in this domain is the severe state
drift in early training. Due to the lack of effective guidance, even minor devia-
tions from human priors can cause the robot to stray from correct trajectories
and terminate episodes prematurely, resulting in extremely limited information
gain and failed bootstrapping. Moreover, existing methods exhibit limited gen-
eralization, as most are tailored to specific robotic hands and lack a unified
framework for adapting human policies to diverse robots [43].

To address these challenges, we introduce a novel paradigm that shifts from
rigid motion imitation to morphology-adaptive policy discovery, ensuring ma-
nipulation strategies are inherently aligned with the mechanical characteris-
tics of diverse robotic embodiments. According to this paradigm, we intro-
duce UniBYD, a unified reinforcement learning framework designed to acquire
morphology-adaptive manipulation policies that transcend mere imitation and
generalize across diverse embodiments. Firstly, to realize cross-embodiment gen-
eralization, we introduce a unified morphological representation (UMR), which
standardizes the state-action space and employs morphology embeddings to en-
able configuration-aware modeling. Building on UMR, we propose a dynamic
PPO mechanism with reward annealing, which enables a smooth transition from
offline-informed imitation to online-adaptive exploration. This process guides
the model to discover policies better suited to the physical potential of diverse
robots. To mitigate the severe state drift in early training, we design a hybrid
Markov-based shadow engine that provides fine-grained guidance to anchor the
robot’s execution near expert trajectories, ensuring consistent information gain.

To our knowledge, UniBYD is the first to learn manipulation policies for
diverse embodiments from human demonstrations with reinforcement learning.
To rigorously evaluate UniBYD, we build UniManip, the first benchmark that
spans diverse hand configurations and a wide variety of tasks, providing a stan-
dardized measure for manipulation competence. Experimental results show that
UniBYD achieves a substantial improvement of up to 44.08% in overall success
rate over the current state-of-the-art (SOTA). Our contributions are as follows:

– We propose UniBYD, a unified reinforcement learning framework compatible
with various robotic hand types. The framework learns control strategies
aligned with the diverse embodiments better.

– We design a dynamic PPO, which facilitates a systematic transition from
offline-informed imitation to online-adaptive exploration, enabled by a hy-
brid Markov-based shadow engine that anchors early-stage training to pre-
vent trajectory drift.

– We construct UniManip, the first unified benchmark based on human demon-
strations for evaluating robotic manipulation capability across morphologies.
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Experiments on UniManip demonstrate that UniBYD significantly outper-
forms existing SOTA methods, achieving a 44.08% gain in success rate.

2 Related Work

Robotic manipulation learning methods. Achieving human-level dexterity
remains a central challenge in robotics [5,6,8,10,11,19,21,29,36,46,47]. Classical
approaches such as trajectory optimization [24,30,36] and STOCS [45] compute
joint trajectories and contact forces, yet are predominantly offline and thus lim-
ited in real-time applicability. Model Predictive Control [1, 9, 10] enables online
planning via finite-horizon optimization, but its computational burden hampers
real-time deployment. Reinforcement learning optimizes policies through envi-
ronment interaction [4, 41], supporting the training of complex tasks. However,
the exploration space is vast, a challenge UniBYD addresses by using human
demonstrations to provide crucial guidance and rapidly focus the policy search.
Learning from Human Demonstrations. Given the high cost of collecting
robotic manipulation data, numerous methods have sought to learn from hu-
man demonstrations [26,49]. Conventional inverse-kinematics retargeting [14,34]
and learning-based retargeting [14,23,28] offer limited performance. Mainstream
practice leverages reinforcement learning to acquire robotic manipulation skills
from human hand data. Imitation-centric approaches map demonstrations di-
rectly onto robots [25]. For example, ManipTrans [13] reproduces human actions
on a 5-fingered platform via a universal trajectory imitator and residual modules.
However, it fails to surpass the imitation of demonstrations and ignores the em-
bodiment gap. In contrast, goal-centric methods [17], such as DexMachina [22],
prioritize task objectives while largely ignoring imitation rewards to encourage
exploration, but training is lengthy and convergence is often precarious. More-
over, developing a unified framework that generalizes across diverse robotic hand
morphologies remains a critical challenge.
Benchmarks. Existing benchmarks for robotic manipulation have been pro-
posed [12], including Bi-DexHands [2], which assembles dozens of bimanual tasks
in simulation, and VTDexManip [15], which evaluates single- and bimanual ma-
nipulation with integrated vision and touch. Benchmarks tailored to LfHD have
likewise emerged [39]; for instance, EgoDex [7] compiles 829 hours of egocentric
manipulation videos and hand-motion data, and DexMachina [22] introduces a
benchmark centered on articulated objects. Nevertheless, a comprehensive, uni-
fied benchmark spanning 2-, 3-, and 5-fingered hand morphologies across diverse
single-hand and bimanual tasks is still lacking. Moreover, existing evaluation
protocols are largely one-dimensional, failing to assess manipulation strategies
and their alignment with diverse robotic hand embodiments.

3 Method

As shown in Fig. 2, we propose UniBYD, a unified and progressive reinforce-
ment learning framework that learns from humans across various robotic hands.
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Fig. 2: The framework of UniBYD. UniBYD first encodes diverse hands via UMR.
It then employs a dynamic PPO with an annealed reward mechanism, which ini-
tially leverages the shadow engine for high-fidelity imitation before transitioning to
autonomous exploration to discover morphology-aligned policies.

UniBYD aims to discover morphology-aligned policies that transcend mere imi-
tation. During the early training phase, UniBYD blends the action ∆aπt predicted
by the policy network with the expert action ∆aEt from the demonstration to
generate the final executed action used to advance the environment to the next
state. In contrast, during the inference phase, UniBYD relies solely on the policy
network, directly executing its predicted action ∆aπt to complete the task.

3.1 Unified Morphological Representation

The challenge of cross-morphology generalization lies in the fundamental differ-
ences among robotic hand embodiments. Accordingly, we propose an efficient
unified morphological representation.

For robotic hand h, the proprioceptive state sht at step t includes a fixed-
dimensional wrist state sbase ∈ R13 and a variable-dimensional joint state shjoint.
The wrist state encodes position, orientation, and velocities, while the joint state
contains joint angles and velocities, qh, q̇h ∈ RDh , where Dh is the hand’s degrees
of freedom. To avoid the 2π wrap-around issue, joint angles are trigonometrically
encoded as cos(qh) and sin(qh).

Let Dmax denote the maximum number of joint degrees of freedom. For
hands with Dh < Dmax, we apply zero-padding to the variable component shjoint,
thereby elevating its dimensionality to Dmax and obtaining spadjoint:

spadjoint = [qh ⊕ 0Dmax−Dh
⊕ cos(qh)⊕ 0Dmax−Dh

⊕

sin(qh)⊕ 0Dmax−Dh
⊕ q̇h ⊕ 0Dmax−Dh

].
(1)

Moreover, the policy πθ must be informed of the hand’s specific physical
attributes. To this end, we extract key static morphological properties from
the hand’s URDF model, namely Dh, the number of fingers Nh

finger, and the
number of rigid bodies Nh

body. These quantities constitute a static descriptor
vhmorph = [Nh

finger, Dh, N
h
body].
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Finally, we concatenate sbase, spadjoint, and vhmorph to form the observation
ofingert = sbase⊕spadjoint⊕vhmorph. By unifying dynamic states and static attributes
into a fixed-dimensional representation, UMR enables the policy to adapt to
diverse hand morphologies and learn morphology-specific manipulation policies.

3.2 Dynamic Proximal Policy Optimization

With UMR providing a consistent observation space, UniBYD employs a rein-
forcement learning algorithm integrating a reward annealing mechanism. This
mechanism facilitates a systematic transition from offline-informed imitation
to online-adaptive exploration, allowing the model to inherit expert knowledge
while transcending its limitations through active environmental interaction.

From Offline-Informed Imitation to Online-Adaptive Exploration (1)
Imitation Reward (Rimitation). To achieve precise imitation of offline expert
demonstrations, we design a dense, multi-component imitation reward Rimitation

that, at step t of episode i, quantifies the similarity between the current state st
and the expert state sEt . It is defined as

Rimitation
t =

n∑
k=1

wk · rk(st, sEt )− p(∆at), (2)

where rk denotes the k-th reward component and wk its corresponding weight.
The components primarily encompass discrepancies in wrist pose, linear and
angular velocities; fingertip positions and contact forces; joint positions and ve-
locities; and object pose, linear and angular velocities. The term p(∆at) is a
power penalty on actuation. For detailed computations, see Appendix Section 7.

(2) Goal Reward (Rgoal). To relax the reliance on offline expert demon-
strations in dexterous manipulation, we define a sparse goal reward Rgoal that
depends solely on task success. In contrast to the dense Rimitation

t , this signal is
step-agnostic and granted only when the entire episode is successfully completed,
thereby conferring a substantial bonus that marks the attempt as productive ex-
ploration. Rgoal is defined as:

Rgoal =

{
Sbonus if Csuc = 1
0 otherwise

, (3)

where Sbonus is a fixed-magnitude bonus, and Csuc ∈ {0, 1} denotes the episodic
success indicator. In the first phase, Csuc is determined by the discrepancies
between the object and fingertip observations and those of the expert, and later
solely by the object. More details are provided in Appendix Section 8.

(3) Dynamic Reward Annealing. To enable a smooth transition from
imitation to task-centric exploration, we define the total reward Rt as a dynami-
cally weighted sum of the imitation reward Rimitation

t and the goal reward Rgoal:

Rt = wimi
e ·Rimitation

t + wgoal
e ·Rgoal, (4)
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where wimi
e and wgoal

e are weighting coefficients for Rimitation
t and Rgoal at train-

ing epoch e. The evolution of these weights constitutes a three-stage curriculum,
with phase transitions jointly governed by the epoch threshold Tdecay marking
the end of the shadow engine, the earliest trigger threshold Tearly, the recent
success rate S̄R, and a scaling factor γscale controlling the transition speed.

To evaluate the current competence of the model in real time, we introduce
the recent success rate S̄R as a performance indicator. Specifically, we design
a sliding window of size M to aggregate the outcomes of the most recent M
episodes, defined as S̄R = 1

M

∑i
j=i−M+1 Csuc.

To quantify the progression of task mastery, we introduce a minimal compe-
tence threshold δmin (set to 0.2) and a transition factor f :

f = max
(
0,min

(
1, (S̄R− δmin)× γscale

))
. (5)

The term (S̄R − δmin) primarily serves to prevent wimi
e from decaying under

sub-optimal performance or stochastic noise. Simultaneously, it mitigates abrupt
weight drops upon triggering the transition mechanism, thereby maintaining
training stability during the switchover phase.

Furthermore, we introduce a success-rate trigger threshold δSR as a criterion
to determine whether the model has attained sufficient proficiency to initiate the
transition. Building on this, the weights wimi

e and wgoal
e are adaptively adjusted

according to the following formulations:

wimi
e =

{
wimi

max if e ≤ Tdecay ∧ (e ≤ Tearly ∨ S̄R ≤ δSR)

max(wimi
min, w

imi
max × (1.0− f)) otherwise

, (6)

wgoal
e =

{
0 if e ≤ Tdecay ∧ (e ≤ Tearly ∨ S̄R ≤ δSR)

max(wgoal
min , w

goal
max × f) otherwise

. (7)

This dynamic reward annealing approach implicitly partitions the training
process into three stages. In the early imitation-driven alignment phase, while
the initial temporal or performance criteria are not yet met, the weights remain
fixed to prioritize learning from expert demonstrations and establishing basic
manipulation skills. During the hybrid adaptive transition phase, if the model’s
competence remains limited (S̄R − δmin ≤ 0), wimi

e is maintained without de-
cay while wgoal

e is set to a small value to introduce Rgoal. Once the model has
mastered the manipulation skills, wimi

e enters an annealing mode, decreasing
gradually according to changes in S̄R as wgoal

e increases. At this stage, the influ-
ence of expert data begins to wane, facilitating a "soft-handover" of the guidance
focus toward Rgoal. Finally, in the autonomous exploration phase, the imitation
weight reaches its minimum wimi

min, exerting a nearly negligible influence. At this
point, the policy is predominantly driven by the sparse goal reward, focusing
solely on the overall success of the task. This allows the model to move beyond
strictly mirroring human manipulation and discover refined control strategies
that are better optimized for the robot hand’s unique hardware morphology.
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Loss Synergy and Counterbalancing To facilitate effective exploration and
prevent premature convergence, we incorporate the entropy regularization and
boundary loss into the PPO objective, forming a synergy–counterbalance strat-
egy that ensures policy physical feasibility while pursuing optimal performance.

(1) Entropy Regularization. To prevent the policy, particularly during the
imitation-guided reinforcement learning phase, from prematurely converging to a
suboptimal deterministic solution, we introduce an entropy regularization term,
H(πθ(· | ot)). This term serves as an entropy bonus that encourages sustained
exploration. Its coefficient, centropy

e , follows a linear decay schedule:

centropy
e = max

(
0, centropy

start

(
1− e

Tentropy_decay

))
, (8)

where centropy
start is the initial entropy coefficient, and Tentropy_decay is the decay

horizon. This mechanism ensures ample exploration in the early stages of training
and gradually reduces exploration thereafter to facilitate convergence.

(2) Bound Loss. While the entropy bonus fosters exploration, the mean of
the policy distribution, µθ(ot), can readily drift beyond the physical action space.
Conventional hard clipping disrupts gradient flow and severely impairs training.
To remedy this, we introduce a differentiable soft boundary loss, Lbound, which
penalizes only clearly out-of-bounds means µt:

Lbound
t (µt) = [

Da∑
j=1

(max(0, µt,j − µbound)
2 +max(0,−µt,j − µbound)

2)], (9)

where Da denotes the action dimensionality, µt,j is the j-th component of the
action-mean vector µt , and µbound is a soft boundary threshold.

(3) Dynamic PPO Objective Function. We integrate the foregoing com-
ponents into the PPO objective, which we minimize:

Lt(θ) = [−LCLIP
t (θ)+cvfL

VF
t (θ)−centropy

e H(πθ(· | ot))+cboundL
bound
t (µt)], (10)

where LCLIP
t denotes PPO’s clipped surrogate objective, LVF

t is the mean-squared
error loss of the value function, and cvf and cbound are their respective weighting
coefficients. The entropy bonus term (−centropy

e H) and the boundary loss term
(+cboundL

bound
t ) establish an effective synergy-and-counterbalance: the former

fosters broad exploration, while the latter ensures that such exploration remains
confined to a physically safe and smooth action space.

3.3 Hybrid Markov-based Shadow Engine

At the outset of training, the policy network πθ is markedly weak. Within a
standard Markov Decision Process (MDP), even a slight action deviation ∆at
can shift the subsequent state st+1, and the ensuing compounding errors rapidly
drive the policy away from meaningful expert trajectories. However, it is difficult
for the policy to return to the correct path by relying on the penalties provided
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by post-hoc metrics Rimitation. As a result, this leads to frequent premature
episode terminations. Ultimately, the model receives only scarce and weak train-
ing signals, impairing overall learning efficiency. Therefore, UniBYD introduces
the shadow engine to guide the dynamic PPO during the crucial early phase as
shown in Fig. 3. It enables fine-grained, efficient imitation by applying dynamic
expert guidance to both the robotic hands and the object.

Expert 
Action

Object ForceSh
ad

ow
 E

ng
in

e

PD
Controller

Model

Action 
Execution

      Weight Controller

Fig. 3: Overview of action generation and object control in the shadow engine. It blends
the model-predicted action and the expert-guided action to generate the final executed
action ∆aexec

t . A PD controller applies an expert object force to guide the object.

Dexterous Hand Control To mitigate compounding errors caused by an
initially weak policy, we propose a Hybrid MDP mechanism that unifies dis-
crete pointwise learning with continuous Markov process learning. Specifically,
at training step t, the action executed in the simulator, ∆aexect , is not the raw
prediction ∆aπt from πθ. It is a dynamically weighted blend of ∆aπt and the
expert demonstration action ∆aEt .

At step t, conditioned on the current observation ot, the policy network
produces the action ∆aπt . Concurrently, we retrieve the corresponding expert
action ∆aEt from the demonstration. The executed action ∆aexect is defined as

∆aexect = αt ·∆aπt + βt ·∆aEt , (11)

where αt is the weight on the policy action ∆aπt , and βt is the weight on the
expert action ∆aEt . These weights satisfy αt + βt = 1 throughout training.

We realize dynamic guidance by applying a linear decay curriculum to βt as
a function of the training epoch e:

βt = max

(
0, 1− e

Tdecay

)
, (12)

where Tdecay is a predefined decay horizon. Correspondingly, αt increases linearly
from 0 to 1. This setup ensures that in the early phase of training βt ≈ 1 and
αt ≈ 0, so the model effectively learns each step in isolation without being
influenced by the previous step. Once imitation performance is high, βt = 0
and αt = 1. At that point aexect = aπt , the guidance of the shadow engine
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disappears, and πθ must independently handle the full Markov decision process.
See Appendix Section 6.1 for details.

Object Control In complex tasks, the object’s intrinsic physical properties,
such as gravity and inertia, can still precipitate failure. To further ease the initial
learning phase, the shadow engine also applies a dynamic support force Fsupport

directly to the object. We utilize a proportional-derivative (PD) controller to
compute Fsupport based on the desired object pose and velocity (gobjt , ġobjt ) from
the expert demonstration. Acting as an invisible hand, Fsupport constrains the
object to remain near its target trajectory, preventing drops or catastrophic
deviations. The gains of this PD controller (Kp,Kd) are also gradually decayed
to zero as training proceeds. For further details, see Appendix Section 6.2.

4 Experiments

4.1 Benchmark

To evaluate generalizable manipulation across diverse hand morphologies, a
benchmark must encompass a wide spectrum of tasks involving complex ob-
ject interactions and diverse functional manipulations. We build UniManip upon
OakInk-V2 [44], as it represents one of the largest-scale and most diverse human
demonstration datasets, featuring unrivaled synchronization precision and task
complexity. Leveraging these high-fidelity motion data, we curate a wide range
of unimanual and bimanual tasks and convert them into expert demonstrations
tailored to robotic hands with 2, 3, or 5 fingers (see Appendix Section 10 for
conversion details and task taxonomy). In total, we assemble 31 task categories
to construct UniManip. For 5-finger unimanual and bimanual settings, we se-
lect 9 and 6 task categories, respectively. Given that 3-finger and 2-finger hands
are ill-suited to bimanual manipulation, we evaluate them on 8 unimanual task
categories each. We assess manipulation performance along multiple axes, and
specifically define the following metrics:

– Position Error (PE): PE is defined as the mean Euclidean distance be-
tween the observed and target object positions across time steps in successful
episodes. If all test episodes fail, PE is assigned a default value of 3. Lower
PE indicates more accurate and stable manipulation.

– Orientation Error (OE): OE is defined as the mean minimal rotation
angle between the observed and target orientations across time steps in suc-
cessful episodes. If all test episodes fail, OE is set to a default value of 30.
Lower OE reflects more precise orientation control.

– Success Rate (SR): The percentage of test episodes classified as success-
ful. Given the process-oriented nature of our tasks, an episode is deemed
successful if and only if every time step simultaneously satisfies PE ≤ 3 cm
and OE ≤ 30°. Any violation at any time step renders the episode a failure.
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Table 1: Comparative results on Uni-
Manip. UniBYD consistently outperforms
representative baselines across diverse
hand morphologies.

Hand
Type Metrics Reta

rget
Manip
trans

DexMa
china∗ UniBYD

2 (1
hand)

SR↑(%) 12.27 ✗ ✗ 78.13
PE↓(cm) 2.81 ✗ ✗ 0.53
OE↓(◦) 28.77 ✗ ✗ 18.74
AS↑ 4.24 ✗ ✗ 8.93

3 (1
hand)

SR↑(%) 4.36 ✗ ✗ 71.81
PE↓(cm) 2.65 ✗ ✗ 0.89
OE↓(◦) 29.19 ✗ ✗ 12.95
AS↑ 2.48 ✗ ✗ 9.13

5 (1
hand)

SR↑(%) 5.68 26.44 ✗ 85.67
PE↓(cm) 2.89 1.93 ✗ 0.77
OE↓(◦) 29.13 22.28 ✗ 10.90
AS↑ 3.07 5.88 ✗ 9.29

5 (2
hands)

SR↑(%) 2.10 28.75 25.33 57.67
PE↓(cm) 2.96 1.44 1.66 0.72
OE↓(◦) 29.56 16.84 14.13 13.44
AS↑ 2.58 4.34 4.81 8.16

Table 2: Ablation study of UniBYD. The
results validate the individual contributions
of SE and GR, as well as the incremental
gain of LSC, in enhancing performance.

Hand
Type Metrics base +SE +GR +GR

+LSC UniBYD

2 (1
hand)

SR↑(%) 24.94 67.06 56.19 61.50 78.13
PE↓(cm) 2.66 0.54 1.28 1.32 0.53
OE↓(◦) 27.51 19.89 21.31 21.58 18.74
AS↑ 5.63 7.56 7.99 8.36 8.93

3 (1
hand)

SR↑(%) 19.56 51.06 65.13 67.63 71.81
PE↓(cm) 2.45 0.95 0.93 0.87 0.89
OE↓(◦) 26.09 14.67 14.06 12.85 12.95
AS↑ 5.42 6.87 8.52 8.78 9.13

5 (1
hand)

SR↑(%) 13.56 55.11 63.17 65.39 85.67
PE↓(cm) 2.46 1.24 0.87 0.79 0.77
OE↓(◦) 27.12 17.29 13.22 13.23 10.90
AS↑ 4.87 6.33 8.29 8.64 9.29

5 (2
hands)

SR↑(%) 33.46 43.33 47.01 54.17 57.67
PE↓(cm) 1.46 1.43 1.48 1.36 0.72
OE↓(◦) 15.35 17.64 17.17 14.17 13.44
AS↑ 3.20 3.55 6.27 6.73 8.16

– Adaptation Score (AS): This metric aims to quantify how well a ma-
nipulation policy aligns with the robot’s hardware morphology beyond bi-
nary success. We employ a joint evaluation framework, incorporating a suite
of heterogeneous large models (including Gemini 2.5 Pro, GPT-5.2, and
Qwen2.5-VL-72B) alongside 100 human volunteers as expert evaluators to
provide a composite score from 0 to 10. LLMs and humans are blind to suc-
cess labels to ensure independent assessment of manipulation quality. Please
refer to Appendix Section 10.3 for calculation details and prompts. Crucially,
AS serves as a qualitative complement to our primary physical metric.

4.2 Experimental Setup

Implementation details. Simulations were conducted in Isaac Gym [20], with
4,096 parallel environments during training. We configured Sbonus to 20, Tdecay to
150, Tearly to 100, γscale to 2, δmin to 0.2, and δSR to 0.8. Additional parameters
are detailed in Appendix Section 9.1. For each task in UniManip, we executed
1,000 trials per task in simulation.
Experimental equipment. All experiments were conducted on servers equipped
with an NVIDIA GeForce RTX 4090 GPU and an Intel Core i9-14900K CPU.
We evaluated our methods on the Franka 2-fingered gripper, the xArm 2-fingered
gripper, the CASIA Hand-G 3-fingered dexterous hand [35], the Inspire 5-fingered
dexterous hand, and the OHandTM dexterous hand.
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4.3 Comparison with SOTA

To comprehensively evaluate UniBYD, we compare it with three representa-
tive baselines: a classical retargeting method based on optimization-based in-
verse kinematics, and two current SOTA methods for dexterous manipulation,
ManipTrans [13] and DexMachina* [22]. Since existing SOTA methods do not
support 2/3-fingered tasks, and there is a lack of comparative approaches for
learning 2/3-fingered dexterous manipulation from human demonstrations, we
employ retargeting as the primary baseline for such embodiments. To ensure
a fair comparison, we reimplement DexMachina within our simulator, denoted
as DexMachina∗ throughout this paper. To maintain consistency, all methods
share the same experimental configuration, the implementation details of which
are provided in Appendix Section 9. The comparative results are reported in
Tab. 1, where ✗ denotes that the method does not support that hand type.

The results unequivocally demonstrate that UniBYD surpasses all baselines
across every evaluation dimension, achieving a 44.08% improvement in suc-
cess rate over ManipTrans (SOTA). This underscores UniBYD’s superior high-
dimensional coordination, whereas imitation-centric ManipTrans is constrained
by the embodiment gap and goal-centric DexMachina struggles with complex
collaboration without fine-grained guidance. First, UniBYD is the only uni-
fied framework that consistently achieves high reliability across all hand mor-
phologies, whereas ManipTrans and DexMachina do not support 2/3-fingered
hands. Second, retargeting yields marginal success rates. Even on challenging
5-finger bimanual tasks, UniBYD achieves a 57.67% success rate, outperform-
ing the best baseline by a substantial 28.92% margin. On 5-fingered uniman-
ual tasks, UniBYD achieves an 85.67% SR, outperforming ManipTrans by a
59.23% margin. Simultaneously, UniBYD significantly improves manipulation
precision, reducing PE and OE by 60.10% and 51.08% compared to ManipTrans,
demonstrating its superior fine-grained control. On 2/3-fingered tasks, UniBYD
achieves a high SR of 78.13% and 71.81%, respectively. This underscores its
robust cross-embodiment generalization and ability to complete tasks reliably.
Finally, UniBYD consistently maintains a superior AS (≥ 8.16), markedly ex-
ceeding all baselines (max 5.88). This proves that its learned policies are not
only more effective but also more strongly aligned with specific embodiments.

As illustrated in Fig. 4, we visually compare the manipulation strategies
learned by UniBYD against those of other methods. ManipTrans seeks to emu-
late the human tactic of grasping the mug with the three rear fingers. However,
these fingers are too wide to pass through the handle, causing the mug to slip and
fall. Hampered by sparse reward signals, DexMachina* likewise fails to discover
a viable strategy. By contrast, through trial and error, UniBYD identifies that
the three robotic fingers are much wider than those of a human. It adapts by
using only two fingers (the middle and ring fingers) to grasp the handle, pinching
it with the thumb and index finger while bracing the mug with the little finger.
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Fig. 4: A visual comparison of the exper-
imental results. UniBYD learns manipu-
lation strategies aligned with the robot’s
embodiment, thereby successfully com-
pleting the task, whereas both Manip-
Trans and DexMachina* fail.

A. Training Reward Comparison

B. Training Success Rate Comparison
Epoch

Epoch

Fig. 5: Training procedure of a represen-
tative task.

4.4 Ablation Study

As reported in Tab. 2, we conduct an ablation study built upon the base model.
We define the base as an RL approach utilizing only the imitation rewards,
functionally equivalent to behavior cloning and serving as the primary baseline
for Sec. 4.3. Notably, even base outperforms existing SOTA in bimanual tasks,
confirming that our UMR and imitation rewards provide a superior foundation.
Compared to the base, +SE (base with shadow engine) improves the success
rate by 31.26%, validating that the fine-grained expert guidance provided by SE
is essential for effective policy initialization. +GR (base with goal reward Rgoal)
achieves a 35.00% SR gain and elevates AS to 7.77. This variant facilitates a
seamless transition from offline-data-driven imitation to online goal-driven ex-
ploration. This allows the robot to transcend human priors and discover phys-
ically optimal postures uniquely tailored to its own morphology. +GR+LSC
(base with Rgoal and loss synergy with counterbalancing) maintains strategic
stochasticity, effectively preventing premature convergence to suboptimal imita-
tion. More investigations into other components, including manipulator-specific
information(UMR), hyperparameter sensitivity, Boundary Loss, Entropy Loss,
and the Reward Annealing schedule are provided in Appendix Section 14.

Fig. 5 illustrates the evolution of reward and success rate in a representative
task. Base is unable to explore optimal postures, rapidly settling into a sub-
optimal policy. In contrast, +SE more accurately reproduces human behavior.
Building upon +SE, the introduction of Rgoal forms +SE+GR. With the fading
of expert guidance and under the direction of explicit objectives, this strategy
explores postures that lead to higher success rates. Furthermore, combined with
LSC (UniBYD), it encourages exploration by maintaining stochasticity in the
early phase, eventually converging to a superior manipulation strategy.
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Fig. 6: Comparative experimental results for base and UniBYD.

4.5 Qualitative Analysis: Beyond Mere Imitation

As shown in Fig. 6, UniBYD can discover manipulation strategies aligned with
each robot’s embodiment. For the 2-fingered gripper, the imitation-only base
rigidly reproduces the human’s oblique grasp, while UniBYD adopts a more
stable grasp oriented perpendicular to the body of the alcohol burner. For the
3-fingered hand, unlike the base that relies solely on two fingertips to pinch the
Erlenmeyer flask, UniBYD secures the flask with two fingers while employing the
third finger to support the bottom for a more stable manipulation. For the 5-
fingered hand, in tasks such as stirring and handwriting, the base imitates a two-
fingertip pinch prone to slippage, whereas UniBYD employs the remaining three
digits to provide supportive contact forces, enhancing success. To demonstrate
the generalizability of UniBYD, we further present results on the GRAB dataset
[31] in Fig. 6, where UniBYD achieves a remarkable 98.00% SR and 9.43 AS.

To investigate the progression from imitation to exploration, we compare
checkpoints across training epochs, as shown in Fig. 7. By epoch 100, training is
dominated by imitation. The policy attempts to manipulate with two fingers but
frequently drops it due to limited force control. By epoch 200, the policy begins
to relax its reliance on expert data, attempting to grasp the doughnut with the
first and third digits while probing the role of the second digit. By epoch 400,
it discovers a strategy that pinches the doughnut with two fingers and braces it
with the remaining finger. Exploiting the mechanical characteristics, UniBYD
observes that operating with the wrist canted sideways enhances success.

4.6 Real-World Experiments

By mapping the dexterous hand’s wrist to the robotic arm flange and aligning its
degrees of freedom, we conduct experiments on three real-world platforms: the
X-Arm 2-fingered hand, the Casia Hand-G 3-fingered dexterous hand, and the
OHandTM 5-fingered dexterous hand. To facilitate zero-shot transfer, we em-
ploy FoundationPose [32] for hand-object alignment and MoveIt! for trajectory
planning. More implementation details are provided in Appendix Section 9.5.

The system achieves success in 26 of 50 trials, 32 of 50 trials, and 35 of 50
trials, respectively. As shown in Fig. 8, for the same task, UniBYD tailors its
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Fig. 8: Experimental results on real-
world robotic platforms.

manipulation strategy to the end-effector morphology. With a 2-fingered gripper,
it clamps the beaker diagonally, whereas with a 3-fingered hand, it wraps the
beaker with all fingers. These results prove that UniBYD transfers effectively to
the real world, despite a slight drop in success rate. Failure analysis indicates
that failure modes include hand-object collisions (19%), object drops (9%), joint
limit triggers (7%), and hand-table collisions (3%).

5 Conclusion

We introduce UniBYD, a unified framework that learns robotic manipulation
beyond imitation from human demonstrations. UniBYD achieves a systematic
evolution from fine-grained imitation to morphology-adaptive exploration, dis-
covering manipulation strategies that align with each robot’s embodiment. Real-
world results confirm its superior embodiment alignment and transferability.
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