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ABSTRACT

Planning physically feasible dexterous hand manipulation is a central challenge
in robotic manipulation and Embodied AI. Prior work typically relies on object-
centric cues or precise hand-object interaction sequences, foregoing the rich, com-
positional guidance of open-vocabulary instruction. We introduce UniHM, the
first framework for unified dexterous hand manipulation guided by free-form lan-
guage commands. We propose a Unified Hand-Dexterous Tokenizer that maps
heterogeneous dexterous-hand morphologies into a single shared codebook, im-
proving cross-dexterous hand generalization and scalability to new morpholo-
gies. Our vision language action model is trained solely on human-object interac-
tion data, eliminating the need for massive real-world teleoperation datasets, and
demonstrates strong generalizability in producing human-like manipulation se-
quences from open-ended language instructions. To ensure physical realism, we
introduce a physics-guided dynamic refinement module that performs segment-
wise joint optimization under generative and temporal priors, yielding smooth and
physically feasible manipulation sequences. Across multiple datasets and real-
world evaluations, UniHM attains state-of-the-art results on both seen and unseen
objects and trajectories, demonstrating strong generalization and high physical
feasibility. Our project page at UniHM

1 INTRODUCTION

Dexterous hand manipulation involves perceiving, grasping, and reconfiguring objects in com-
plex environments. Generating and understanding diverse, long-horizon, and physically feasible
dexterous-hand manipulation sequences are critical for advancing robotic capabilities in humanoid-
centric applications. Such human-like interactions are ubiquitous in the real world and underpin
fine-grained, complex tasks for embodied agents.

Real-world manipulation tasks require sequential, contact-rich control that couples semantic intent
(what to do) with precise geometry and physics (how to do it). Conventional methods (Wang et al.,
2022; Xu et al., 2023; Li et al., 2025) either take object-centric inputs and optimize static grasp pose
or transfer human-object interaction (HOI) video to fixed sequences. Lacking open-vocabulary
instruction, these pipelines cannot guide diverse and complex dexterous hand manipulation.

Recent vision-language approaches have begun to guide static grasping and manipulation by map-
ping free-form language to grasp representations. SemGrasp (Li et al., 2024b) uses a language-
aligned discretization of the grasp space and fine-tunes a multimodal LLM so that text, object cues,
and discrete grasp tokens lie in a shared semantic space, yielding language-conditioned static hu-
man grasp poses. AffordDexGrasp (Wei et al., 2025) targets open-set generalization by predicting
affordances from language and then generating dexterous grasps, with the primary output still being
static pose rather than multi-step interaction. Despite advances in semantic controllability and open-
vocabulary coverage, most language-guided approaches focus on generating static grasp poses,
ignore temporal structure, and therefore fail to produce smooth and rich manipulation sequences.

Building on these observations, we propose UniHM, a unified framework for generating dexterous
hand-manipulation sequences for both seen and unseen objects under open-vocabulary language in-
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UniHM

+

Generalize to Open-world Tasks!

Training on Closed-set HOI Datasets. 

Figure 1: Overview. We introduce UniHM, the first unified hand-manipulation framework condi-
tioned on free-form language. UniHM is trained solely on closed-set HOI datasets to follow target
trajectories and execute physically feasible interactions, and generalizes to open-world tasks in real-
world interactions.

structions. Our approach couples a vision-language model with a Unified Hand-Dexterous Tokenizer
and physics-guided dynamic refinement, which together enable two key capabilities: 1) Dynamic
language-guided manipulation. Prior methods typically either generate only static grasp poses
or lack open-vocabulary language understanding; in contrast, we progressively train both the tra-
jectory planner and the DexHand VLM, allowing the system to perform dynamic dexterous-hand
manipulation along arbitrary planned trajectories with substantially improved temporal consistency
and scalability. 2) Learning from video. We leverage diverse, scene-rich human video data that
contains abundant information about both environments and interactions, enabling the model to
synthesize human-like grasping poses while achieving strong generalization across a wide range of
manipulation scenarios. Extensive real-world cross-embodiment experiments further demonstrate
the effectiveness and generalization ability of this training paradigm. By integrating these compo-
nents, UniHM achieves state-of-the-art performance and exhibits strong generalization across hand
morphologies, object categories, task horizons, and linguistic complexity.

Our contributions summaries are as follows:

• Unified Dexterous Hand Manipulation. We introduce UniHM, the first unified,
language-conditioned framework for dynamic dexterous hand manipulation beyond static
grasps directly from images and open-vocabulary instructions.

• Morphology-Agnostic Codebook. We introduce a unified VQ token codebook with cross-
hand consistency that maps heterogeneous hand kinematics into one discrete action lattice
and decodes tokens into hand-specific joint trajectories, which enables direct token reuse
and transfer across robotic and anthropomorphic hands.

• Physics-Guided Dynamic Trajectory Optimization. We employ a tailored energy-based
refinement that fuses a generative prior shaping feasible pose manifolds, a temporal prior
enforcing smooth velocity–acceleration profiles and time-aware consistency, and contact-
aware dynamic trajectory optimization to optimize the generation result.

• Generalization without Teleoperation. Our framework eliminates the dependency on ex-
pensive teleoperation data by learning dexterous manipulation skills from human videos.
This paradigm achieves robust generalization to unseen scenes and instructions, signifi-
cantly lowering the barrier to developing dexterous manipulation systems.
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2 RELATED WORK

2.1 DEXTEROUS GRASP GENERATION.

Research on dexterous grasping largely follows two lines. Language-free pipelines advance dex-
terous grasping without text by exploiting geometry, simulation, or video demonstrations. UniDex-
Grasp (Xu et al., 2023) learns from point clouds using a two-stage scheme that �rst proposes diverse
grasp poses and then executes a goal-conditioned policy for stable lift, thereby generalizing across
many categories. DexGraspNet (Wang et al., 2022) synthesizes and validates at scale via differ-
entiable force-closure and collision checks to supervise grasp policies. DexMV (Qin et al., 2022)
builds an imitation pipeline that converts human videos into robot demonstrations through pose es-
timation, retargeting, and demonstration translation for dexterous manipulation. Language-guided
dexterous grasping aligns natural language with grasp spaces using discretization or affordance cues;
for example, SemGrasp (Li et al., 2024b) learns a language-aligned discrete representation and uses
a VLM to produce semantically consistent static dexterous grasp poses. DexGYS (Wei et al., 2024)
introduces a language-guided dataset and model that maps commands to dexterous grasp poses. Af-
fordDexGrasp (Wei et al., 2025) leverages a generalizable, instructive affordance representation to
guide open-set dexterous grasp generation. While these methods improve semantic controllability
and open-vocabulary coverage, they remain pose-centric and typically generate static poses rather
than sequence-level hand manipulation.

2.2 VISION LANGUAGE MODEL FOR MANIPULATION

Generative vision-language model approaches increasingly cast manipulation as sequence predic-
tion conditioned on vision and language. MotionGPT (Zhu et al., 2025) treats human motion as a
language via VQ tokenization and uni�ed text-motion modeling for sequence generation. HOIGPT
(Huang et al., 2025) extends token-based generation to long 3D hand-object interaction, learning
a bidirectional mapping between text and HOI sequences. OWG (Tziafas & Kasaei, 2024) com-
poses VLM-guided referring segmentation, grounded grasp planning, and contact-aware ranking
for zero-shot grasping rather than full sequence synthesis. ReKep (Huang et al., 2024) converts
language/vision into relational keypoint constraints and solves actions via hierarchical optimization
instead of an autoregressive policy. DexGrasp Anything (Zhong et al., 2025) complements VLM
pipelines with a physics-aware diffusion generator and the largest dexterous-grasp dataset to date,
improving feasibility through explicit physical constraints. Multi-GraspLLM (Li et al., 2024a) aligns
point-cloud and text features to generate language-guided grasp poses across multiple robotic hands
within a single framework. Taken together, these generative models advance instruction following
but predominantly target Digital Hand, low-DoF grippers, or static grasp poses; explicit sequen-
tial dexterous-hand manipulation with feasibility remains limited, motivating our hand-agnostic to-
kenizer and physics-guided re�nement.

3 METHOD

We propose UniHM, a uni�ed framework for dexterous hand manipulation. UniHM �rst annotates
large-scale hand-object interaction data, then employs a vision language model coupled with a Uni-
�ed Hand-Dexterous Tokenizer to synthesize manipulation sequences, and �nally applies physics-
based optimization to ensure physical feasibility.

3.1 AUTO DATA ANNOTATION

Open-vocabulary Language Annotation. We annotated dexterous hand manipulation sequences
with GPT-4o (Hurst et al., 2024). For each sequence, we provide keyframes as visual context,
speci�cally the �rst and last frames and the three frames preceding �rst contact, and the model
returns �ve distinct open-vocabulary natural language instructions.

Dexterous Hand Retargeting. For HOI sequences to dexterous hand manipulation sequences trans-
fer, we �rst apply Dex-Retargeting (Qin et al., 2023) to map MANO poses onto �ve dexterous robot
hands (Shadow hand, Allegro hand, SVH hand, Leap hand and Panda hand). We then perform
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Figure 2: Pipeline. UniHM converts open-vocabulary instructions and RGB-D inputs into exe-
cutable dexterous-hand trajectories via three stages: (1) morphology-agnostic motion tokenization;
(2) language-guided generation that fuses text, perception, and token history to produce manipula-
tion token sequences; and (3) physics-aware decoding with smoothness/contact priors for feasible,
stable execution.

energy-based physical optimization to enforce feasibility, yielding physically consistent dexterous
hand manipulation sequences.

3.2 UNIFIED HAND-DEXTEROUS TOKENIZER

Morphology-Agnostic Codebook. We discretize dexterous hand poses and short motion segments
across heterogeneous hand morphologies with a shared VQ-VAE (Van Den Oord et al., 2017) code-
book. Let Eh and Dh denote the encoder and decoder for hand type h (e.g., MANO or a speci�c
robot hand), and let the global codebook be Z = fek gK

k=1 with ek 2 Rdz . Given a sequence chunk
x (h) , we de�ne the encoder output z(h)

e = E h (x (h) ) and the vector-quantization operator Q(�) that
returns an index c 2 f1; : : : ; Kg:

c = Q
�

Eh

�
x (h)

��
= arg min

k2[K]






 z(h)

e � e k








2

2
; (1)

and the quantized representation is z(h)
q = e c. The reconstructed sequence chunkx̂ (h) is then

x̂ (h) = D h

�
z(h)

q

�
= D h (ec) : (2)

So that every encoder Eh maps to the same discrete index space and every decoder Dh realizes the
token within its own morphology.

Scalable Cross-Morphology Training. To align representations across diverse hand types, we train
our model in a staged, scalable manner. We �rst establish a reference encoder-decoder pair (Eref,
D ref) for a speci�c hand morphology, along with the shared codebook Z.

When integrating a new hand morphology, instead of direct non-differentiable token alignment, we
�rst align the new encoder's latent space with the reference encoder via knowledge distillation. This
bypasses the gradient discontinuity of the quantization step. The distillation objective is:

L distill = kE new(x new) � E ref (x ref)k
2
2 ; (3)

where Enew is the new encoder and Eref is the pre-trained reference encoder. xnew and xref are
corresponding hand sequences for the new and reference hands, respectively, obtained through re-
targeting.
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After the new encoder is aligned, it is integrated into the full VQ-VAE training pipeline. The new
encoder and its corresponding decoder are then �ne-tuned with a combined objective that includes
reconstruction and codebook-related terms. For a new hand type h, the training objectives are:

L rec =





 x (h) � D h

�
z(h)

q

� 






2

2
(4)

L vq =





 sg

h
z(h)

e

i
� z (h)

q








2

2
+ �






 z(h)

e � sg
h
z(h)

q

i 






2

2
; (5)

where sg[�] denotes the stop-gradient operator and � > 0 is a commitment weight. The total training
objective for a new morphology is a combination of these terms, as well as the distillation loss for
encoder alignment.

Uni�ed Hand Pose Translation. Because the encoders are aligned to a shared latent space and the
decoders are mapped to the uni�ed codebook, translating a pose from hand i to hand j is straight-
forward. We simply encode the source pose and decode using the target hand's decoder:

x̂ (j) = D j

�
eQ(E i (x (i) ))

�
; (6)

where x(i) is the source hand pose andx̂ (j) is the retargeted pose for the target hand.

3.3 DEXTEROUS-HAND MANIPULATION WITH VLM

Network structure of VLM. Given the scarcity of HOI and dynamic dexterous-hand data and the
high cost of collecting it, training large multimodal language models (e.g., 7B or 13B parameters)
is data-inef�cient and yields limited performance in this regime. We therefore adopt Qwen3-0.6B
as the base model, whose scale enables stable convergence on HOI and dexterous-hand datasets.
To compensate for the lack of dynamic manipulation data while retaining strong visual grounding,
We adopt a decoupled architecture that separates scene perception from HOI sequence generation.
A CLIPort-style vision module consumes RGB-D images and language to infer target trajectories,
and an MLP-based trajectory encoder serializes these targets for the VLM. The main VLM focuses
on instruction-conditioned token generation with a progressive masking curriculum, and the uni�ed
tokenizer maps tokens to hand-speci�c poses across different robotic hands. At inference time, only
the CLIPort perception head is adapted to distribution shifts, which improves data ef�ciency and
robustness while keeping the HOI generator unchanged.

Uni�ed Dexterous Manipulation. We �rst use a CLIPort model to take an RGB-D image and its
corresponding instruction (e.g., “grasp the bottle into the box”) as input. The model then decodes a
target execution trajectory Ttar. This process can be formally described as

Ttar = CLIPort(I rgb�d ; Tinstruction ): (7)

The target trajectory is denoted by Ttar = fT 1
tar; : : : ; T K

tar g; T i
tar 2 SE(3); where K is the length of

the total sequence.

We leverage RGB-D data to reconstruct the scene point cloud and then use Point-SAM (Zhou et al.,
2024) to segment the object point cloud Pobj with the corresponding semantics.

Pobj = PointSAM(I rgb�d ; Tinstruction ): (8)

Pobj denotes the point cloud of the target object. Speci�cally, Pobj 2 R3�l is a set of l 3D coordinates
(x; y; z), where l is the number of points in the point cloud.

Next, the initial hand pose is encoded by Ej (�) and concatenated with Ttar, Pobj, and text token T .
This combined input is then fed into a Vision Language Model (VLM) to obtain a code sequence
in the VQ-VAE latent space. Finally, we use the decoder of the target hand, Dh (�), to decode the
corresponding q-positions:

Q̂pos = D h (VLM(E j (Qpos0); Ttar; Pobj; T )): (9)

Training Stage. When �ne-tuning the main model, we input the real object sequence trajectory as
a target trajectory into the large model. To enable the model to understand the spatial continuity of

5



Published as a conference paper at ICLR 2026

hand poses, we initially input the ground truth hand poses and the VQ-VAE as an encoder into the
model. As training progresses, we use masking to randomly occlude a portion of the hand poses,
replacing the masked poses with a uni�ed, learnable token, until all hand poses are masked (Liu
et al., 2019; Oquab et al., 2023).

The masking process can be expressed as:

Qmasked= M � E(Q) + (1 � M) � T mask; (10)

where Q is the ground truth hand pose sequence, E is the VQ-VAE encoder, M is a binary mask,
and Tmask is the learnable token.

Inference Stage. Our training and inference pipelines differ by design. During training, we con-
dition the model on ground-truth target trajectories and object point clouds, enabling it to reliably
generate physically feasible dexterous-hand manipulation sequences that follow the speci�ed tar-
gets. At inference, a separate CLIPort module estimates these quantities from RGB-D observations,
decoupling spatial perception from hand–object interaction. This modularization allows the main
model to focus solely on HOI sequence generation. A practical advantage is robustness to environ-
mental shift: when the scene distribution changes, we �ne-tune only CLIPort, which is smaller and
less data-hungry, rather than the entire model.

3.4 PHYSICAL-GUIDED DYNAMIC REFINEMENT

To bridge the gap between the generated grasping trajectory Qgen and the object point cloud Pobj
under the target pose trajectory Ttar(t), we formulate a posterior optimization. We solve a spatio-
temporally regularized, frame-by-frame Gauss–Newton problem that enforces physical plausibility
while preserving the semantic intent of the generated actions. We proceed frame-by-frame: at time
t, we optimize qt while treating qopt

t�1 and qopt
t�2 as �xed from previous steps.

Contact Energy. Let si (qt ) be the i-th �ngertip position from forward kinematics in the world
frame. We transform it into the object frame using Ttar(t) �1 and query the nearest neighbor (pi ; n i )
on Pobj, where ni is the local surface normal. We de�ne a signed point-to-plane distance (Grant
et al., 2012):

di (qt ) = n T
i

�
Ttar(t) �1 si (qt ) � p i

�
; (11)

and an asymmetric, smooth penalty that is continuous and slope-matched at d = 0, which is essential
during the optimization:

f (d) =

(
�
2 d2; d � 0 (outside)
�
k2

�
e�kd + kd � 1

�
; d < 0 (inside)

; (12)

where � > 0 and k > 0 are scale parameters. Stacking per-�ngertip residuals yields:

r contact;i(qt ) =
q

2 � c f
�
di (qt )

�
; Econtact(qt ) = 1

2




 r contact(qt )




 2

2 = � c

X

i2�ngers

f
�
di (qt )

�
; (13)

with � c > 0 controlling the contact strength.

Generative HOI Prior. To preserve the intent of the generative model, we penalize deviations from
the generated con�guration qgen

t :

Egen(qt ; qgen
t ) = 1

2

�
qt � q gen

t

� T
W gen

�
qt � q gen

t

�
; (14)

where Wgen � 0 is a symmetric positive-de�nite weighting matrix. We use the weighted norm
shorthand kxk2W , x T Wx below.

Temporal Prior. We regularize �rst- and second-order temporal differences to ensure smooth, co-
herent motion:

Etime(qt ; qopt
t�1 ; qopt

t�2 ) = 1
2




 qt � q opt

t�1




 2

W vel
+ 1

2




 (qt � q opt

t�1 ) � (q opt
t�1 � q opt

t�2 )



 2

W acc
; (15)

where Wvel � 0 and W acc � 0 (often W vel = � velI, W acc = � accI). For t < 2, we use zero-
velocity/acceleration or the generated states as boundary priors, meaning that qopt

�2 = q opt
�1 = q gen

0 .
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Table 1: Main Result on DexYCB. The arrow pointing to the right means closer to the GT.
Method MPJPE# FOL# FPL# FID # Diversity !

S
ee

n
GT - - - - 125.53

TM2T(Guo et al., 2022) 85.33� 3.41 36.57� 1.46 24.10� 0.96 54.83� 2.19 37.12� 1.48

MDM(Tevet et al., 2023) 88.06� 3.52 33.40� 1.34 23.06� 0.92 52.33� 2.09 33.95� 1.36

FlowMDM(Barquero et al., 2024) 82.75� 3.31 31.24� 1.25 21.55� 0.86 48.05� 1.92 61.25� 2.45

MotionGPT3(Zhu et al., 2025) 74.80� 2.99 28.76� 1.15 19.32� 0.77 43.35� 1.73 72.51� 2.90

Ours 61.40� 1.93 23.14� 0.65 12.15� 0.24 31.24� 1.02 39.62� 0.66

U
ns

ee
n

TM2T(Guo et al., 2022) 94.22� 3.77 37.25� 1.49 27.03� 1.08 55.94� 2.24 31.25� 1.25

MDM(Tevet et al., 2023) 93.05� 3.72 39.04� 1.56 25.89� 1.04 55.13� 2.21 29.0� 1.16

FlowMDM(Barquero et al., 2024) 86.13� 3.45 32.67� 1.31 24.09� 0.96 51.33� 2.05 58.21� 2.33

MotionGPT3(Zhu et al., 2025) 77.93� 3.12 30.55� 1.22 21.48� 0.86 46.14� 1.85 75.84� 3.03

Ours 63.56� 2.08 27.29� 0.43 13.06� 0.43 41.03� 1.65 42.70� 1.19

The per-frame objective is the sum of all terms:

Et (qt ; qgen
t ; qopt

t�1 ; qopt
t�2 ) = E contact(qt ) + Egen(qt ; qgen

t ) + E time(qt ; qopt
t�1 ; qopt

t�2 ); (16)

and the sequence energy is Etotal(Q) =
P T

t=0 Et (qt ; qgen
t ; qopt

t�1 ; qopt
t�2 ).

We linearize rcontact(qt ) and apply Gauss–Newton with Levenberg–Marquardt damping � � 0 (Yu
& Wilamowski, 2018). Let Jt = @rcontact(qt )=@qt . The normal equations for the update �qt are:

�
J T

t Jt + W gen+ W vel + W acc+ �I
�
�q t = �J T

t r contact(qt ) � ~W (17)

~W , W gen
�
qt � q gen

t

�
+ W vel

�
qt � q opt

t�1

�
+ W acc

�
(qt � q opt

t�1 ) � (q opt
t�1 � q opt

t�2 )
�

: (18)

Here the prior terms enter both as quadratic regularizers on the left and as linear gradients on the
right, stabilizing the optimization while respecting the generated intent and temporal smoothness
under the object's target pose trajectory Ttar(t).

4 EXPERIMENTS

Our framework comprises three components: (1) we annotate hand-object interaction (HOI) se-
quences with a vision language model (VLM) and, via retargeting plus physics-based re�nement,
obtain manipulation sequences for multiple dexterous hands; (2) we train a Uni�ed Hand-Dexterous
Tokenizer together with an VLM for text-to-hand manipulation sequence generation; and (3) we ap-
ply an energy-based physical re�nement and validate feasibility in simulation. Comparative exper-
iments and ablations demonstrate the effectiveness of our approach. All experiments are conducted
on NVIDIA A100 GPUs.

4.1 DATASET

In our experiments, we evaluate on two of the most widely used datasets. DexYCB (Chao et al.,
2021) is a multi-view RGB-D dataset of human grasps on YCB objects with precise 3D labels: 582K
frames, 1,000 sequences, 10 subjects, 20 objects, and 8 views; benchmarks include 2D/6D object
pose, 3D hand pose, and handover. OakInk (Yang et al., 2022) A large-scale hand-object interaction
repository integrating OakInk-Image (230K multi-view frames from 12 subjects manipulating 100
objects across 32 categories) and OakInk-Shape (3D grasp-pose meshes with affordance labels),
plus 50K affordance-aware interactions transferred via Tink. For both DexYCB and OakInk, we
adopt an 80/20 split: 80% for training/validation (seen) and 20% held out as an unseen test set. This
protocol enables a rigorous assessment of generalization across seen and unseen objects, trajectories,
and interaction patterns for UniHM.

4.2 EVALUATION METRIC

To assess the quality, diversity, realism, and physical plausibility of our generated dexterous-hand
manipulation sequences, we adopt a multi-pronged evaluation protocol that follows prior work (Cha
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Table 2: Main Result on OakInk. The arrow pointing to the right means closer to the GT.
Method MPJPE# FOL# FPL# FID # Diversity !

S
ee

n
GT - - - - 147.40

TM2T(Guo et al., 2022) 71.08� 2.84 91.25� 3.65 34.51� 1.38 311.90� 12.48 277.38� 11.10

MDM(Tevet et al., 2023) 67.55� 2.70 93.8� 3.75 30.06� 1.20 285.22� 11.41 275.42� 11.02

FlowMDM(Barquero et al., 2024) 60.74� 2.43 85.43� 3.42 26.47� 1.06 249.08� 9.96 189.54� 7.58

MotionGPT3(Zhu et al., 2025) 56.29� 2.25 79.24� 3.17 23.98� 0.96 221.10� 8.84 247.10� 9.88

Ours 52.73� 2.08 72.32� 0.55 19.86� 1.38 204.91� 7.64 165.47� 6.30

U
ns

ee
n

TM2T(Guo et al., 2022) 75.34� 3.01 125.33� 5.01 45.51� 1.82 337.08� 13.48 362.08� 14.48

MDM(Tevet et al., 2023) 72.90� 2.92 112.94� 4.52 42.93� 1.72 325.58� 13.02 354.93� 14.20

FlowMDM(Barquero et al., 2024) 65.39� 2.62 101.25� 4.05 36.14� 1.45 298.04� 11.92 224.67� 8.99

MotionGPT3(Zhu et al., 2025) 61.95� 2.48 93.65� 3.75 28.25� 1.13 272.69� 10.91 316.58� 12.66

Ours 58.62� 2.35 83.27� 1.17 22.87� 0.52 253.41� 13.05 153.28� 9.48

Table 3: Real-World Experiments
Success Rate

Split Method Grab Pick&Place Pull&Push Open&Close

S
ee

n MDM+Dex-Retargeting 20% 10% 0% 5%
MotionGPT3+Dex-Retargeting 30% 15% 25% 25%
Ours 65% 50% 60% 55%

U
ns

ee
n MDM+Dex-Retargeting 5% 0% 0% 5%

MotionGPT3+Dex-Retargeting 45% 25% 15% 20%
Ours 60% 35% 55% 45%

et al., 2024; Wei et al., 2025; Zhang et al., 2025) and combines quantitative and qualitative measures
across �ve metrics.

• Physically Feasible. Mean Per-Joint Position Error (MPJPE) for hand joints, Final Posi-
tion Location Error (FPL) and Final Orientation Location Error (FOL) for dexterous hand
placement and orientation. Success Rate means the Real-world grasping success rate.

• Generation Realism. Fŕechet Inception Distance (FID) between real and synthesized.
Diversity, which measures the variability across different prompts and within outputs from
the same prompt

Lower MPJPE, FPL, FOL, and FID indicate higher accuracy and �delity. Diversity closer to the
ground truth indicates a more reasonable generation.

4.3 MAIN RESULT

Comparison with SOTA Methods. We conduct extensive comparisons against prior state-of-the-
art methods(i.e.,TM2T (Guo et al., 2022), MDM (Tevet et al., 2023), FlowMDM (Barquero et al.,
2024), MotionGPT3 (Zhu et al., 2025)) on both DexYCB (Chao et al., 2021) and OakInk (Yang
et al., 2022). Because prior action-generation baselines lack explicit physical-feasibility guarantees,
we post-process their outputs with our physics-guided re�nement to ensure a fair comparison. As
shown in Table 1 and Table 2, our method consistently outperforms all baselines across both seen
and unseen objects.

These results unequivocally af�rm our method as cutting-edge, showcasing the robust generalization
capability of our VLM framework and physical re�nement, thereby substantiating the ef�cacy of our
UniHM synthesis framework in producing sequential hand manipulation sequences for both seen
and unseen objects and trajectories guided by open-vocabulary instructions.

Visualization in Real-world Results. We conduct real-world evaluations on a dexterous hand
across both seen and unseen objects and trajectories. Results show improvements in grasp suc-
cess rate and grasp quality. As summarized in Table 3, UniHM achieves a higher success rate than
prior methods, and Fig.D2 presents qualitative visualizations of our real-world grasps.
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Figure 3: Real-World Results. UniHM achieves higher success rates than prior methods on both
seen and unseen objects, producing physically consistent and executable real-world manipulations.

Table 4: Ablation Result on DexYCB. The arrow pointing to the right means closer to the GT.
Method MPJPE# FOL# FPL# FID # Diversity !

S
ee

n

GT - - - - 125.53
w/o Depth Input 85.47� 3.42 33.41� 1.34 20.97� 0.84 56.36� 2.25 66.40� 2.66

w/o Masked Training 73.41� 2.94 28.22� 1.13 14.42� 0.58 44.87� 1.79 73.09� 2.92

w/o Physical Re�nement 65.78� 2.63 25.06� 1.00 15.35� 0.61 33.57� 1.34 38.06� 1.52

Ours 61.40� 1.93 23.14� 0.65 12.15� 0.24 31.24� 1.02 39.62� 0.66

U
ns

ee
n w/o Depth Input 90.12� 3.60 39.77� 1.59 21.70� 0.87 77.38� 3.10 67.53� 2.70

w/o Masked Training 74.63� 2.99 28.08� 1.12 17.25� 0.69 43.09� 1.72 74.88� 3.00

w/o Physical Re�nement 65.39� 2.62 28.55� 1.14 16.05� 0.64 45.06� 1.80 41.03� 1.64

Ours 63.56� 2.08 27.29� 0.43 13.06� 0.43 41.03� 1.65 42.70� 1.19

4.4 ABLATION STUDY

We conduct controlled ablation studies on DexYCB (Chao et al., 2021) to verify the necessity of
each module. Each component is essential for UniHM to synthesize realistic and physically feasible
dexterous hand manipulation sequences; the details can be found in Table 4.

Masked Training (w/o Masked Training). We adopt a progressive masking curriculum for
language-conditioned sequence generation. Training starts with the teacher forcing the use of both
language and ground-truth sequences, then gradually replaces a fraction pt of ground truth with
[MASK]. As p t increases from 0 to 1, the model relies on language and its autoregressive history;
the �nal stage uses language only, matching inference. This reduces exposure bias and improves
sequential stability while retaining strong supervision early on.

RGB-D or RGB Input (w/o Depth Input). To better estimate object poses and reconstruct scene
point clouds, we adopt RGB-D inputs and infer scene trajectories with a language-conditioned vi-
suomotor module. When RGB-D is replaced by RGB-only, pose estimation and 3D reconstruction
degrade substantially.

Physical Re�nement (w/o Physical Re�nement). Physical re�nement is a postprocessing step that
makes a plausible plan physically valid for dexterous hands. We run a lightweight simulation-based
optimization that adjusts poses, contacts, and timing to reduce collisions and slips, enforce joint and
torque limits, and improve stability. The objective penalizes penetration, excessive contact forces,
and abrupt accelerations while staying close to the original.
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