MaskDexGrasp: Generative Masked Modeling for Part-Aware Dexterous Grasp

Synthesis
Binghui Zuo Lin Zhou Haoxuan Xu Jianan Yan Zhipeng Yu ZekaiLiu Yangang Wang *
Southeast University, China
= W LT o~
8 . & i ‘ # g f / i —{:‘} lg(
) ) { A \‘X&.\ & -
& - Ty, e - “ ks

\j! s E \‘}y\' = 3 \r"’)‘ 1 ‘

X\

the power drill by grasping the body firmly

Figure 1. Illustration of the proposed MaskDexGrasp. The left side shows the generated dexterous grasps, and the right side shows the

diversity and real-world experiments.
Abstract

Dexterous grasp generation is a predominant task that en-
ables robots to perform human-level manipulation. How-
ever, a dexterous hand always maintains high-dimensional
DoF and actuation space, making existing approaches that
rely on holistic latent representations difficult to produce
high-quality and semantically aligned grasps. In this pa-
per, we propose MaskDexGrasp to address these chal-
lenges. We first present a part-aware grasp tokenizer that
decomposes dexterous grasps into discrete tokens, facilitat-
ing compositional modeling of anatomical dependencies.
Building upon this representation, a bidirectional masked
grasp transformer is then developed to predict grasp tokens
conditioned on object geometry and task description, ensur-
ing coherent grasp generation while allowing fine-grained
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is assembled from the palm and fingers to capture the key ideas of our discrete representation.

part-level editing. To facilitate evaluation, we construct a
dexterous grasp dataset that comprises 65K grasping in-
stances and 260K richly annotated descriptions covering
11 tasks. Comprehensive experiments demonstrate that our
method achieves the state-of-the-art performance. Project
page is available at https ://binghui—-z.github.
io/MaskDexGrasp/.

1. Introduction

Research on dexterous grasp generation [13, 32, 35, 49,
50, 65, 74] chronically stands as a cornerstone in the
robotics community, underpinning fine-grained manipula-
tion [7, 8, 29, 64], embodied handover [9, 59, 60], and func-
tional grasp [3,22, 61, 79, 85]. Unlike parallel-jaw grippers,
dexterous hands emulate the anatomical structure of human
hands and provide a high degree of freedom, allowing for



intricate interactive precision and adaptive flexibility. Ow-
ing to their anthropomorphic capability in handling objects
across complex and dynamic environments, advancing dex-
terous grasp generation is essential for expanding the scope
of robotic applications.

However, generating physically feasible and semanti-
cally aligned grasps remains a formidable challenge due to
its large actuation space. Conventional generative meth-
ods predominantly compress grasps into compact latent
spaces with VAE-based [25, 26, 34, 36] or diffusion-based
[37, 65, 83, 87] models. Although effective for coarse inter-
action synthesis, such monolithic representations inherently
neglect the structured and compositional nature of human-
like hands, impeding the learning of fine-grained coordi-
nation and diminishing generalization across tasks and ob-
ject geometries. Furthermore, prior condition-driven grasp
generation frameworks solely regard the object geometry
as guidance [67, 68, 76], resulting in generated grasps that
lack semantic consistency. Although recent advancements
[6, 62, 80] attempt to generate stable grasps based on task
descriptions, the restricted textual diversity often leads to
ambiguous task conditioning, thereby constraining the ex-
pressiveness and naturalness of robotic grasping behaviors.

To address these limitations, our insight is to unify
structural decomposition, text-driven conditioning, and
controllable grasp generation within a single genera-
tive framework. We observe that dexterous grasps can
be hierarchically factorized into part-level hand primitives,
each of which performs a distinct yet interdependent func-
tional role. Motivated by this principle, we first introduce a
part-aware grasp tokenizer that decomposes a given grasp
representation into the structured token indices sequence
through a vector-quantized variational autoencoder (VQ-
VAE) [54]. This formulation transforms the complex mani-
fold of grasps into a discrete space, enabling compositional
reasoning and facilitating autoregressive modeling.

Building upon this representation, we further develop a
bidirectional masked grasp transformer (BMGT) that pre-
dicts token indices under diverse conditioning signals, in-
cluding object geometry and linguistic task semantics. Un-
like the standard autoregressive model [12], BMGT em-
ploys a bidirectional masked modeling strategy, ensur-
ing the model jointly captures both localized coordination
and global interdependence across hand parts. During in-
ference, we adopt an iterative masked sampling scheme
equipped with classifier-free guidance [20] to balance fi-
delity and diversity. Moreover, the discrete representation
endows our framework with inherent grasp editability, per-
mitting specific anatomical regions to be resampled with-
out retraining, thereby achieving fine-grained controllabil-
ity. As illustrated in Fig. 1, our method generates plausible
grasps for various objects and realizes satisfactory perfor-
mance in real-world settings.

In addition, we have also collected a large-scale dexter-
ous grasp dataset called TDG to support the construction
of our framework. It consolidates heterogeneous grasps
from hand-object datasets [24, 72] via a joint-level retar-
geting solution [44], followed by an energy-based refine-
ment to enforce precise interactions. Each grasp instance
is paired with rich descriptions produced from a VLM-
assisted captioning protocol [1], providing coherent links
between geometric and semantic representations. TDG
comprises 64,891 high-quality interaction instances across
over 2,296 objects, accompanied by over 259,564 textual
annotations spanning 11 task categories.

The main contributions are summarized as follows:

* We present a part-aware grasp tokenizer that discretizes
grasp configurations into token indices sequences, en-
abling compositional reasoning over anatomical parts.

* We develop a bidirectional masked grasp transformer that
predicts token indices conditioned on textual semantics
and object geometry, while also allowing for flexible ed-
itability without retraining.

* We collect a dexterous grasp dataset that offers geomet-
rically precise and semantically grounded interactions,
serving as an efficient benchmark for dexterous grasp
generation and evaluation.

2. Related Works

Structured Pose Representation. Representing physi-
cally feasible and functionally expressive pose configura-
tions is crucial for enabling robots to interact with diverse
objects and accomplish human-like complex tasks. Pre-
vious approaches typically treated the hand as a mono-
lithic entity, encoding its articulation into continuous pose
vectors [2, 5, 48, 84] or low-dimensional latent embed-
dings [51, 56, 69, 70]. While straightforward, such a
holistic representation fails to capture nuanced coordination
among fingers, thereby constraining interpretability, mod-
ular control, and cross-task generalization. Recognizing
this challenge, recent part-based efforts [11, 39] empha-
sized structured and compositional representations that de-
compose an articulated entity into meaningful components,
reflecting its hierarchical anatomy and functional modular-
ity. Despite its success in universal object part assembly
[40, 41, 73, 78], applying such part-level decomposition
into articulated hand modeling [10, 66, 81] remains rela-
tively underexplored. In addition, the relevant method Sem-
Grasp [28] discretized grasp to better align with the seman-
tic space, but it still treated the hand as a whole. Motivated
by this observation, we advocate decomposing the grasping
pose into various semantically meaningful parts to facilitate
localized latent learning and modular generation. By mod-
eling the relationships among these parts, it has potential in
enhancing the controllability of dexterous grasp generation.
Condition-Driven Grasp Generation. Dexterous grasp-
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Figure 2. Overview of the proposed MaskDexGrasp. (a) Grasp Tokenizer encodes the raw poses into discrete grasp tokens via part-
aware VQ-VAE models, which consist of six codebooks (one palm and five fingers). (b) Masked Transformer adopts a bidirectional
autoregressive manner to learn the probabilistic distributions of these tokens, conditioned on the object geometry and textual description.
(c) During Inference, the masked transformer progressively and iteratively predicts multiple tokens with high scores from an empty canvas.

ing is inherently context-dependent, as the same object can
afford distinct hand configurations depending on task in-
tention, functional demands, or interaction goals. Beyond
representing hand structures, effective grasp synthesis in-
creasingly hinges on external conditions to guide gener-
ation. Early studies focused on object-driven constraints
[26, 34, 82], ensuring grasps were geometrically compati-
ble with the manipulated objects [23, 57, 67] or consistent
with the contact priors [25, 34, 37, 87]. However, these
methods primarily pursued physical feasibility, neglecting
the fine-grained alignment between task intent [24, 72] and
object functionality, thus failing to exhibit functional rele-
vance and task awareness. Recently, task-conditioned and
intention-aware methods [31, 62, 63, 77] integrated se-
mantic cues and high-level goals, enabling grasps that are
both stable and functionally grounded. Despite these ad-
vances, most existing methods operated within holistic la-
tent spaces, limiting their ability to disentangle how indi-
vidual hand components respond to conditioning signals.

Generative Framework Evolution. Prior works typi-
cally relied on deterministic mappings between visual ob-
servations and hand configurations. The most represen-
tative task is CNN-based hand-object reconstruction from
RGB images [4, 17-19, 58]. These methods generally
adopted either regression-based [18, 33] or optimization-
based [14, 53, 71] paradigms, yielding limited diversity in
generated grasps. In contrast, probabilistic generative mod-
els such as variational autoencoders [27] and diffusion mod-

els [21, 47] had been introduced to capture the multimodal
distribution of feasible grasps. Nevertheless, most exist-
ing approaches [26, 37] encoded the entire grasp holisti-
cally into a latent space, failing to exploit the modular na-
ture of hand kinematics. To alleviate this limitation, recent
advances in human motion generation [15, 16, 43, 75, 86]
demonstrated the effectiveness of discrete latent representa-
tions [54] in conjunction with autoregressive mechanisms.
By quantizing inputs into discrete codebooks and model-
ing their dependencies autoregressively, these approaches
achieved high-quality and controllable generations. Moti-
vated by these insights, we propose MaskDexGrasp, an au-
toregressive generative framework that applies part-aware
discrete representation for dexterous grasp synthesis.

3. Method

Our objective is to develop a framework for generating dex-
terous grasps that simultaneously improves grasp quality
and accelerates generation efficiency. Towards this goal, as
depicted in Fig. 2, our framework consists of two compo-
nents. First, we present a part-aware grasp tokenizer that
decomposes the grasping pose into six anatomical parts, in-
cluding one palm and five fingers (Sec. 3.1). A bidirectional
masked grasp transformer is then designed to autoregres-
sively predict discrete tokens conditioned on object point
clouds O and textual descriptions 7 (Sec. 3.2). The in-
ference process, which supports both grasp generation and



finger-level editing, is detailed in Sec. 3.3.
3.1. Part-Aware Grasp Tokenizer

Motivation. Prior methods [26, 36, 52] typically mapped
the dexterous grasp into a continuous latent space via VAE
models [27]. Despite its compactness, such holistic embed-
ding obscures the structured semantics and inter-finger co-
ordination that are critical for part-level manipulation. In
general, a human hand exhibits naturally modular character-
istics, where each finger performs distinct yet coordinated
functions during grasping.

Formulation. In this work, we utilize the Shadow Hand to
parameterize each dexterous grasp, which is represented as
g = (6,R,t) and defined in the object’s canonical frame.
The 6 € R?2 controls joint angles of the hand model which
consists of 22 degrees of freedom, the R € SO(3) denotes
the global orientation, and the t € R3 denotes the global
translation. Using a pre-defined configuration file (.xml), a
grasp g can be transformed to hand surface points H via the
forward kinematics.

Part-Aware Quantization. To overcome the above limita-
tions, we attempt to establish a finger-centric representation
and introduce a part-aware grasp quantization strategy, as
illustrated in Fig. 2 (a). It decomposes the whole pose into
anatomically meaningful subcomponents, while maintain-
ing its structural consistency across different parts. Specifi-
cally, we feed grasp g into the Shadow Hand model and uni-
formly sample H € R20°0%3 points over the hand surface.
These points are subsequently partitioned into N (N = 6)
anatomical parts {H;}%¥ ,, consisting of one palm and five
fingers (i.e. , thumb, index, middle, ring, and little finger).
Each part is encoded into a latent embedding z; through a
corresponding encoder &;:

Zi:gi(Hi)a (&S {1776} (1)

For the extracted latent embedding z;, it is quantized by
a learnable codebook B; = {bF}X_| containing K entries,
where the goal is to find the closest Euclidean distance be-
tween the embedding z; and codebook element b¥ through
the following equation.

z; = b% wheres; = arg mkin l|lz; — bf||2. 2)

7 7

By this way, we can discretize latent embeddings z

{21, 22, ...,zy} into corresponding codebook entries z =
{%1,%2,-- ,2ZN} and obtain a sequence of indices S =
{s1,82, -+ ,sy} which serves as the compositional repre-

sentation of the input grasp g. The target grasp configura-
tion g is reconstructed via a shared decoder g = D(z).
Training Objective. We train the grasp tokenizer follow-
ing the standard VQ-VAE objective, which comprises re-
construction and commitment losses as follows:

6
Ly = Loee. +Y_ (IIselzi)~zil13+8lzi—selz]3), )

i=1

where sg[-] denotes the stop-gradient operation and 3 is
a hyper-parameter to balance the codebook commitment
term. For the reconstruction loss L,...., it enforces the VQ-
VAE to reconstruct plausible hand grasp g, containing con-
straints of the pose parameters and surface points.

Lrec. = ”g_g2+zN:(I:Ii—Hi)o 4
i=1

3.2. Bidirectional Masked Grasp Transformer

Motivation. With a learned part-aware tokenizer, a se-
quence of indices S = {s;}{_, can be projected back to
codebook entries to reconstruct the target grasp g. Although
this discrete formulation naturally facilitates generative se-
quence modeling, a key challenge lies in how to learn a con-
ditional distribution that could produce part-aware tokens
and maintain flexibility for high-fidelity generation. To this
end, we develop a bidirectional masked grasp transformer
(BMGT), a conditional generative model that operates en-
tirely in the discrete latent space. As shown in Fig. 2 (b), it
learns to autoregressively predict grasp tokens, while lever-
aging object geometry and task semantics as complemen-
tary conditions.

Formulation. Given a token sequence S, the objective is to
model a conditional distribution p(S | C), where C encap-
sulates generative conditions. Different from conventional
autoregressive models that predict tokens in a next-index
order, BMGT employs a bidirectional masked modeling
scheme [16, 30], allowing tokens to be inferred from both
preceding and succeeding contextual information. Con-
cretely, a random subset of tokens in S is masked to form
the corrupted sequence Sy, and the network learns to re-
cover these masked elements guided by the condition C.

Z logp(s; | Sm, C)| . (O

Vi€([1,N]

Task-Conditioned Masked Transformer. To enable se-
mantically guided synthesis, we serve the task embedding
[TASK], the text embedding t, as well as the object point
cloud embedding o as the inputs of BMGT. Specifically,
a learnable embedding layer learns the task embedding
[TASK] from a task ID that refers to an action type, a
pre-trained CLIP model F7 [45] transforms the textual in-
struction 7 into a dense text embedding t = F7(7), and
a PointNet-based encoder F extracts the object geometric
embedding o = Fp(O) from the object point clouds O.
These embeddings are mapped into a unified latent space
and concatenated together to form the conditional vector
C = [[TASK];t;0]. Furthermore, the discretized token
indices S are randomly masked out and replaced by learn-
able [MASK] tokens to obtain Sp;. Practically, we adopt

™T

the same masking schedule (1) = cos (%) as the related



work [16]. Both Sy along with the conditional vector C are
fed into a BMGT model to predict masked tokens through
a bidirectional autoregressive mechanism. The [END] to-
ken is not considered, as the sequence length is fixed. We
optimize the transformer by minimizing the negative log-
likelihood of the predicted tokens.

N
Lar =—Y logp(s; | Sm, ([TASK];t;0)).  (6)
=1
3.3. Inference and Controllable Generation

Iterative Masked Sampling. We utilize an iterative
masked sampling procedure that relies on a score-based
masking scheme to generate grasps in inference. As shown
in Fig. 2 (c), starting from a fully masked token sequence
SO = {[MASK]{, [MASK]o,..., [MASK] y}, the model
progressively predicts and replaces masked tokens with the
most probable candidates over T iterations. At each iter-
ation t, BMGT predicts grasp tokens at masked locations
along with their probabilities. For those tokens with the
lowest [’y (%) -N ] confidence, we mask out again and con-
catenate them with others to estimate expected tokens at
the next ¢ + 1 iteration, until ¢ reaches 7. Finally, all the
predicted tokens are mapped back to codebook embeddings
and decoded to g through the VQ-VAE decoder.
Classifier-Free Guidance. We also apply classifier-free
guidance [20] to enhance the fidelity and diversity in the
generated results. Concretely, BMGT is trained with con-
ditional dropout, denoting that the conditioning signal C is
randomly omitted with a probability puncond = 10%. While
during inference, the final logits w, are formed by shifting
the conditional logits w, away from the unconditional logits
w,, with a guidance scale s:

wg=(1+5) we—5"wy. @)

Controllable Grasp Editing. Benefiting from the part-
aware quantization and bidirectional causal mask, our
model provides a natural extension for localized grasp edit-
ing. In detail, given an estimated token sequence S, the
relevant tokens corresponding to particular fingers that re-
quire editing can be re-masked and re-sampled under the
modified condition C’. Formally, for an editable hand re-

gion Q C {1,..., N}, we fix the unmasked context S and
only update the masked tokens:
Sa ~p(Sa | Sq, C). ®)

The updated token sequence S is subsequently decoded
by the VQ-VAE decoder to yield the edited grasp g. This
formulation offers a direct and interpretable method for
modifying high-level grasp semantics through discrete to-
kens, thereby enabling part-specific modifications. Cru-
cially, this operation requires no retraining, delivering a po-
tential application for interactive grasp controllability and
task-conditioned adaptation.

4. Dataset

Existing datasets struggle to balance both the data scale and
semantic richness, particularly in the absence of aligned
task categories. To support the construction and evaluation
of our framework, we collect a large-scale dexterous grasp
dataset, named TDG, which includes 64,891 grasping anno-
tations, 259,564 textual descriptions, 2,296 object models,
and 11 task categories.

Grasping Pose Retargeting. We collect paired hand-object
interactions from existing datasets [24, 72]. A primary chal-
lenge in building our dataset arises from the heterogeneous
pose representations in both datasets. AffordPose [24] rep-
resents grasps through the DoF of a MANO-based kine-
matic structure, while OakShape [72] represents grasps us-
ing MANO parameters [48]. The discrepancy between the
two representations makes direct integration infeasible. To
resolve this issue, we adopt a joint-level retargeting strategy,
which performs the retargeting process in two steps. First,
given the joint positions J; from both datasets, we compute
an initial retargeted grasp go following [44], which opti-
mizes dexterous grasp parameters based on the joint align-
ment. However, such purely geometric alignment neglects
the constraints between the hand and the object. To ensure
physically plausible and semantically consistent interaction,
we further introduce an optimization stage that refines gg by
minimizing the energy function. More implementation de-
tails can be found in the appendix.

Language Annotation via VLM. With the assistance of
VLM (gwen-vl-max [1] is leveraged in our experiments),
we further design a language annotation protocol to enrich
our dataset with semantic groundings. Specifically, for each
hand-object interaction, we render images from a virtual
camera viewpoint that visually depict the interaction status.
We then employ the VLM to produce diverse language an-
notations using both the rendered image and the concise de-
scription as inputs, where the latter provides corresponding
task and object category information. To further enhance
linguistic richness, we prompt the model to produce four
temporal variants of the same grasp description, covering
basic, present, progressive, and passive tenses.

Dataset Split. Consistent with the original structure in [24,
72], TDG is divided into two subsets, where the Subset 1
refers to AffordPose [24] and Subset 2 refers to OakShape
[72]. In practice, we perform all experiments on these two
sets respectively. Each subset is divided into train/test splits
with the percentage of 90%/10%.

5. Experiments

5.1. Implementation Details

Our framework is implemented using PyTorch [42] and
built in two stages. For the grasp tokenizer, the codebook
size is set to 256 x 512. Each encoder &; employs a Point-



Table 1. Quantitative comparisons on Subset I and Subset 2 demonstrate that our method achieves superior performance across almost all
denotes the secondary, and denotes the tertiary.

metrics. The

denotes the best results,

Methods Subset 1 Subset 2
Suc. t Q1T Pen. | Hpean? Hsad | Suct QI1T Pen.| Hpyean T Hsiad
DGTR [67] 27.57 0.039 0.343 3.000 0.708 | 29.18 0.058 | 0.279 1.823 0.367
DexGYS [62] 30.61 0.038 0.471 3.611 0.572 | 38.54 0.070 0.494 3.078 0.411
SceneDiffuser [23] 3546 0.045 0471 3.878 0.460 | 53.31 0.092 0.489 3.218 0.365
UGG [37] 33.63 0.039 0.350 3.835 0.496 | 43.31 0.069 0.442 3.448 0.346
DexGraspAnything [83] | 46.54 0.042 0.376 4.207 0.377 | 58.90 0.125 0477 3.662 0.253
Ours 44.68 0.048 0.340 3.876 0421 | 75.16 0.126 0.413 3.922 0.406
Net backbone followed by linear layers to map the part sur- ‘1\‘:3\\ » 4 3
face points into latent spaces, and the decoder consists of }b\,\ @™ A |
fully connected layers with ReLU activations. Following g g NS
[16, 75], to avoid codebook collapse [46], the exponential ( T 33 3 i
moving average (EMA) and codebook reset (Code Reset)
is applied. For the BMGT, we employ 9 transformer lay- L = » 7 L5
ers [55], with 16 heads and an embedding dimension of a_'&\? ! ¥ . 2 \g/ - S
512. We warm up the learning rate to 2e~* after 2000 3 \\ 4 — < \b
iterations for both stages. The grasp tokenizer is trained b o=

for 200 epochs with a batch size of 256, and the BMGT is
trained for 500 epochs with a batch size of 128. We perform
both training processes on a single NVIDIA GeForce RTX
4070Ti Super GPU, costing 7 and 18 hours respectively.

5.2. Experimental Setups

Metrics. Five metrics are reported to present comprehen-
sive evaluations from the aspects of the grasp quality and
diversity. Those are, 1) Success rate (%) (Suc.) measures
the proportion of successful grasps. A grasping pose is con-
sidered successful if it maintains stable interaction in at least
one of the six gravity directions and also satisfies a maximal
penetration depth of less than 5Smm. We use the IsaacGym
simulator [38] with the same settings used in [37, 57]. 2) Q1
reflects grasp stability, where we set the contact threshold
to lem and set the penetration threshold to Smm following
[57]. 3) Maximal penetration depth (cm) (Pen.) computes
the maximal penetration depth from the object point cloud
to the hand mesh. 4) H,,cq, and Hgyy quantify the diver-
sity of joint angle distributions. A higher mean entropy in-
dicates more diverse grasp distributions, while a lower stan-
dard deviation suggests consistent diversity across all sam-
ples. 5) Inference time (s) refers to the mean time required
to generate a single pose.

Baselines. Prior works that follow a generative manner are
selected as our baselines, including DGTR [67], DexGYS
[62], SceneDiffuser [23], UGG [37], and DexGraspAny-
thing [83]. All methods are retrained and evaluated on our
dataset for fair comparisons.

Figure 3. Visualization of the generated diverse grasps, where two
rows respectively represent the model trained on two subsets.

5.3. Comparisons with SOTA Methods

The quantitative results on both subsets are summarized in
Tab. 1. As observed, our method consistently outperforms
other baselines across most metrics. The higher success rate
and lower penetration depth reflect stable and high-quality
generations, which suggest the effectiveness of our frame-
work for dexterous grasp synthesis. Notably, the better pen-
etration performance of DGTR may be caused by unsta-
ble grasping, as its Suc. is poorer than others. Although
diffusion-based approach [83] exhibits comparable perfor-
mance in diversity, a characteristic where VQVAE under-
performs, our method is still convincing after balancing the
improvement in generation quality.

Fig. 4 visualizes the qualitative comparisons, showcas-
ing that our method produces anatomically coherent and
semantically meaningful grasps. For instance, MaskDex-
Grasp predicts stable interactions for target objects and con-
firms that the generated grasps are aligned with the given
task, such as twist and use. In contrast, other methods
[23, 37, 67] generate grasps without requiring textual de-
scriptions, ensuring only reasonable grasping, but neglect-
ing specific task awareness. In Fig. 3, we illustrate more
diverse generations from our method, showing that our
method achieves visually acceptable diversity.
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Figure 5. Visualization of the edited grasps, where purple indicates
the original generation and orange denotes the grasp after editing.

5.4. Inference Speed and Editability

We report computational costs through model parame-
ters and inference times for generating a single grasp in
Tab. 2. All experiments are performed on a single NVIDIA
GeForce RTX 4070Ti Super GPU with a batch size of 1.
Compared to baselines, our autoregressive framework re-
ceives superior performance in inference time. This is be-
cause the diffusion-based method typically requires at least
50 denoising steps, which is significantly more than our
sampling frequency. Moreover, we conduct experiments to
validate the editability of MaskDexGrasp, which is defined
as finger-level modifications. By selecting specific hand
part indices, the model can resample grasp tokens and al-
ter finger poses without disturbing the overall configuration
or retraining. Fig. 5 shows editing results across one or two
fingers, highlighting the flexibility of our framework.

5.5. Ablation Studies

Our ablations involve the part-aware tokenizer and the grasp
transformer. 1) For the architecture of tokenizer, we have

Table 2. Computational cost of model parameters and inference
times for a single generation.

Method | [67] [62] [23] [37] [83] Ours
Param | | 3.85 23.14 2298 67.03 159.68 71.29
Time | | 0.284 0.202 1.130 3.236 4.417  0.033

conducted ablation studies to explore the importance of
part-aware structure and placed it with a vanilla VQ-VAE
[54]. It means that all hand surface points are compressed
into the latent space via a single encoder-decoder network.
From the degraded results in Row-1 of Tab. 3, we observe
that the adopted architecture exhibits a significant improve-
ment across all metrics. 2) For the dimension of codebook,
we recognize that the trainable parameters in codebook im-
pact generation performance, and it is crucial to adopt an
appropriate codebook dimension for balancing generation
accuracy and computational cost. Therefore, the dimension
of 128 x 256, 512 x 1024 are included in Tab. 3. Detailed re-
lationships among codebook dimension, model parameter,
and penetration depth are shown in Fig. 6 (left), demonstrat-
ing our settings are reasonable and effectively mitigate the
collapse issue faced by VQ-VAE. 3) For the number of iter-
ation during inference, it directly influences the generation
speed and quality. As reported in Tab. 3, although increas-
ing the number of iteration leads to higher performance, the
gains become negligible once a certain number is reached.
At the same time, the occupied time required for genera-
tion will also increase. More ablation studies on the number



Table 3. Ablation studies of key components in our framework, including the settings of codebook and masked grasp transformer.

Methods Subset 1 Subset 2
Suc. T Q] T Pen. \Ir Hmean T Hstd \I/ SMCT QI T Pen. J/ Hmean T Hstd \L
architecture of tokenizer
w/ vanilla ‘ 3255 0.039 0433 3.426 0.538 | 50.63 0.093 0.498 3.320 0.427
dimension of codebook
128 x 256 39.87 0.042 0.402 3.503 0489 | 61.64 0.114 0.482 3.426 0.453
512 x 1024 | 4392 0.046 0.367 3.751 0434 | 72.57 0.122 0410 3.818 0.411
number of iteration
iteration 3 45.65 0.048 0.355 3.867 0418 | 7447 @ 0.128 0.464 3911 0.408
iteration 5 4495 0.049 0.355 3.869 0.420 | 74.66 0.128 0.409 3.909 0.407
Ours 44.68 0.048  0.340 3.876 0.421 75.16 0.126  0.413 3.922 0.406
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Figure 6. Ablations of the codebook dimension and iteration num-
ber, which are performed on Subset 2.

of iteration, inference time, and penetration depth are illus-
trated in Fig. 6 (right), which suggests our scheme balances
the inference time and generation quality.

5.6. Real-World Experiments

To confirm the adaptability of our framework in practical
applications, we conduct real-world experiments and de-
ploy the model on a physical robotics system. As illustrated
in Fig. 7, it consists of an XArm7 robot arm and a Freedom
five-fingered dexterous hand. For each target grasp, we first
move the arm to a pre-grasp position to avoid unnecessary
collisions between the robot and the object, and then move
the arm to the hand root position to execute the predicted
pose. A grasp is regarded as successful when the object
can be stably lifted by the hand without slipping or drop-
ping. These real-world experiments denote that our method
achieves robust and satisfactory grasping across different
objects. Additional details and dynamic demonstrations can
be found in our appendix.

6. Conclusion

In this paper, we introduce a novel generative framework for
part-aware dexterous grasp synthesis. By representing high-
dimensional dexterous grasp as discrete tokens through a
part-aware grasp tokenizer, our method enables composi-

the mug by wrapping the fingers around its handle, positioning the thumb on one side

Figure 7. Real-world experiments of our method, where we select
four key frames for each successful grasp.

tional reasoning across anatomical parts. We further design
a bidirectional masked grasp transformer that is jointly con-
ditioned on the object geometry and textual description to
predict the token indices sequence autoregressively, allow-
ing coherent grasp generation with fine-grained part-level
editing. Additionally, we construct a TDG dataset to sup-
port comprehensive training and evaluation, which offers
large-scale interactions with rich linguistic annotations. Ex-
tensive experiments demonstrate that our approach achieves
the state-of-the-art performance in dexterous grasp genera-
tion and provides explicit controllability.

Limitations. Despite the promising results, our framework
currently relies on finite discrete spaces and offline tok-
enization, which may limit its diversity and adaptability to
continuous control. Future work will extend this paradigm
to dynamic grasp generation, as well as multi-step manip-
ulation, thereby bridging the gap between practical human
skills and robotics intelligent operations.
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