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Abstract

Task-oriented dexterous grasping remains challenging in
robotic manipulations of open-world objects under severe
partial observation, where significant missing data invalidates
generic shape completion. In this paper, to overcome this
limitation, we study Task-Oriented Shape Completion, a new
task that focuses on completing the potential contact regions
rather than the entire shape. We argue that shape completion
for grasping should be explicitly guided by the downstream
manipulation task. To achieve this, we first generate multi-
ple task-oriented shape completion candidates by leveraging
the zero-shot capabilities of object functional understanding
from several pre-trained foundation models. A 3D discrim-
inative autoencoder is then proposed to evaluate the plau-
sibility of each generated candidate and optimize the most
plausible one from a global perspective. A conditional flow-
matching model named FlowGrasp is developed to generate
task-oriented dexterous grasps from the optimized shape. Our
method achieves state-of-the-art performance in task-oriented
dexterous grasping and task-oriented shape completion, im-
proving the Grasp Displacement and the Chamfer Distance
over the state-of-the-art by 16.17% and 55.26%, respectively.
In particular, it shows good capabilities in grasping objects
with severe missing data. It also demonstrates good general-
ity in handling open-set categories and tasks.

Code — https://github.com/SyKszzzzz/TOSC

Introduction
Generating dexterous grasps that are both stable and effec-
tive for specific downstream tasks remains a core challenge
in robot manipulation, attracting substantial research atten-
tion. Task-oriented dexterous grasping addresses this chal-
lenge by generating grasp poses explicitly designed to fa-
cilitate the intended manipulation (Zhong et al. 2025; Wei
et al. 2024). This capability is essential for advancing versa-
tile robotic applications in fields such as household service
and industrial automation (She et al. 2024; Liu et al. 2025).

Recent advances in large foundation models have enabled
zero-shot task-oriented dexterous grasping for open-world
objects. While existing methods show promise on synthetic
objects or real objects with complete geometry (Li et al.
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Figure 1: By targeting task-oriented shape completion in-
stead of generic shape completion, our method achieves
higher completion accuracy, enabling more plausible task-
oriented grasps, compared to the baseline (Wei et al. 2024).

2024b; Zhong et al. 2025; Li et al. 2024a; Mirjalili et al.
2024; Jian et al. 2025), their performance significantly de-
teriorates in cluttered real-world environments, due to the
influences of severe occlusion, background clutter, and sen-
sor noise. This limitation essentially stems from the re-
quirements of detailed functional understanding, which are
unattainable without knowing the completed geometry.

A straightforward solution to address this problem is first
to perform a shape completion on the input data, then gener-
ate grasps based on the completed shape (Iwase et al. 2025;
Kim et al. 2025). However, this decoupled approach would
yield incorrect estimation of shape geometry for both the en-
tire object and its contact regions, primarily due to the am-
biguity caused by data missing. Consequently, grasps gener-
ated on these erroneous completions might fail to satisfy the
requirements of the specific grasp tasks.

To solve this problem, this paper studies Task-Oriented
Shape Completion, a new task focusing exclusively on re-
constructing contact regions rather than full object geom-
etry. Our core insight is that shape completion for grasping
should be explicitly conditioned on the downstream manipu-
lation task (see Figure 1). As a consequence, the completion
process is task-aware and capable of generating completed
shapes that facilitate the execution of the specific manipula-
tion task, tolerating the imperfections in irrelevant regions.

To this end, we propose a method that consists of several
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key components. First, it generates multiple candidates of
task-oriented completed shapes by leveraging the zero-shot
capabilities of object functional understanding from pre-
trained foundation models. Specifically, it first synthesizes
multiple plausible RGB images containing the potential con-
tact regions conditioned on the input point cloud through the
ControlNet (Zhang, Rao, and Agrawala 2023). It then gen-
erates 3D shapes from the RGB images by adopting a 3D
shape generation network (Zhao et al. 2025).

Second, the generated shapes may be imperfect due to
hallucinations during RGB image synthesis and incorrect es-
timations during shape generation. To alleviate this problem,
we propose a 3D discriminative autoencoder (DAE) to select
the optimal generated shape and further optimize its geom-
etry from a global perspective. The 3D DAE is trained on
large-scale datasets with a well-designed training data gen-
eration scheme, enabling it to accurately restore the shape of
open-set categories.

Third, we proposed FlowGrasp, a conditional flow-
matching model to generate task-oriented dexterous grasps
from the optimal shape. Specifically, in the standard flow-
matching framework, we apply a single-step, input-side gra-
dient correction to each predicted velocity to implicitly en-
force geometric and semantic constraints. Then merge the
corrected velocity with the original flow target to update
the model. This requires no additional explicit losses or in-
ference overhead, yet guides the model toward constraint-
aware optimization.

We conduct extensive experiments to evaluate the effec-
tiveness of the proposed method. Our method achieves state-
of-the-art performance in task-oriented dexterous grasping
and task-oriented shape completion, improving the Grasp
Displacement and the Chamfer Distance over the state-of-
the-art by 16.17% and 55.26%, respectively. In particular,
it shows good capabilities in grasping objects with severe
missing data. It also demonstrates good generality in han-
dling open-set categories and tasks.

In summary, the contributions of this paper are as follows:

• We propose task-oriented shape completion, a new task
that focuses exclusively on completing contact regions
rather than the full object geometry.

• We develop a method that first generates multiple task-
oriented shape completion candidates by several pre-
trained foundation models and then selects the most plau-
sible one as well as optimizes its geometry from a global
perspective by developing a 3D DAE.

• We introduce a constraint-aware conditional flow-
matching model that enforces geometric and semantic
constraints via a single-step gradient correction, with no
extra losses or inference overhead.

• Our method achieves state-of-the-art performance on
task-oriented dexterous grasping and shape completion.

Related Work
Point Cloud Completion
Point cloud completion is a long-standing research topic.
Recent advances in point cloud completion are dominated

by learning-based methods. Most methods directly esti-
mate the missing part in a single forward pass by training
on a large number of labeled data (Yuan et al. 2018; Yu
et al. 2021). Despite the satisfactory performance, the per-
formance of these methods relies heavily on the quality of
training data (Li, Zhu, and Wei 2025) and has limited capa-
bility in out-of-distribution data. Another line of work inte-
grates external 2D/3D priors to improve the generality (Kas-
ten, Rahamim, and Chechik 2023; Huang et al. 2024; Li,
Zhu, and Wei 2025). Our method is inspired by the existing
methods. However, our method explicitly incorporates the
manipulation task to guide the completion process, making
it a more practicable solution for robot manipulation.

Task-Oriented Grasping
Task-oriented grasping is a crucial yet challenging task that
requires generating grasps not only for stability but also to
enable the execution of a subsequent task. Existing methods
aggregate features from language and vision inputs, provid-
ing zero-shot capability to both novel instruction and cate-
gory (Wei et al. 2024; Li et al. 2024b). For example, Dex-
TOG (Zhang et al. 2024) learns intermediate features for
grasp-instruction alignment. DexGraspVLA (Zhong et al.
2025) proposes a hierarchical vision-language-action frame-
work to implement grasp generation. AffordDexGrasp (Wei
et al. 2025) proposes a generalizable affordance representa-
tion that aligns robot actions with language semantics. How-
ever, these methods require complete shapes as input, greatly
degrading their effectiveness in real-world scenarios with
partial observation. To address this issue, several approaches
that first complete the input shape and then generate grasps
based on the completed one are proposed (Kim et al. 2025;
Iwase et al. 2025). Meanwhile, approaches that rely on mas-
sive amounts of supervised data can indeed partly overcome
the limitations of single-view inputs (Zhong et al. 2025;
Feng et al. 2024), but they incur very high data-collection
and annotation costs. Moreover, their ability to generalize to
unseen object categories or to succeed under extreme oc-
clusions and atypical geometries has yet to be rigorously
demonstrated. Our method improves upon prior work by re-
placing generic point cloud completion with task-oriented
shape completion, substantially enhancing the performance
of task-oriented grasp generation from partial point clouds.

Masked Autoencoders for Point Clouds
3D masked autoencoders (MAEs) have recently emerged
as a powerful self-supervised paradigm for pre-training on
3D geometric data. By restoring 3D structures from par-
tially masked inputs, these models learn rich representations
without explicit supervision. The seminal Point-MAE (Pang
et al. 2023) pioneered this approach for point clouds, es-
tablishing the mask and reconstruction pre-training scheme.
Subsequent works enhance MAEs for point clouds through
various strategies (Zhang et al. 2022; Zha et al. 2024; Zhang,
Zhang, and Yan 2024). While building upon a similar ar-
chitecture for shape restoration, our method extends the ex-
isting works by introducing an extra discriminative compo-
nent. This addition enables the identification of implausible
input shapes, allowing us to filter incorrect estimations.
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Figure 2: The overview of our method. Taking a partial point cloud of an object, the object’s category, and a language description
of a manipulation task as input, our method first generates multiple candidates of task-oriented completed shapes by the TOSC
candidate generation. It then evaluates the plausibility of the generated candidates and restores the most plausible shape from a
global perspective by the TOSC selection and restoration. Last, the task-oriented dexterous grasp is generated by the FlowGrasp.
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Figure 3: The pipeline of the TOSC candidate generation. First, the input point cloud is rendered into a depth map. Then, the
ControlNet is adopted to synthesize multiple RGB images using different control scales. Third, the corresponding 3D shapes
are then generated with a 3D shape generation network. After segmenting and detecting task-relevant regions in the generated
3D shapes and input point cloud, a point cloud fusion is performed to generate the TOSC candidates.

Method
Overview
Taking the partial point cloud Pin ∈ RNin×3 of a 3D object,
its category label C, and the language description of a ma-
nipulation task G as input, our method completes the shape
and generates dexterous grasps as follows. First, it generates
multiple candidates of task-oriented completed shapes by
leveraging several pre-trained foundation models. Second,
it evaluates the plausibility of the generated candidates and
optimizes the most plausible shape. Third, the task-oriented
grasp is generated by a conditional Flow-Matching grasp
generation network. An overview is visualized in Figure 2.

TOSC Candidate Generation
Despite the recent progress in shape completion, most ex-
isting methods complete the geometry based solely on input
point clouds, neglecting their relevance to downstream tasks.
These methods would yield incorrect estimations, due to
the ambiguity caused by data missing. Consequently, grasps
generated on these erroneous completions might fail to sat-
isfy the requirements of the specific manipulation tasks.

To alleviate this problem, we opt to task-oriented shape
completion, which explicitly conditions shape completion
on downstream manipulation tasks. As such, the completion
is task-aware, i.e., it focuses on completion of regions that
could facilitate the execution of the specific manipulation
task, tolerating the imperfections in irrelevant regions.

Direct learning to estimate potential contact regions
purely from input point clouds is non-trivial due to the lack
of open-world knowledge regarding manipulation tasks. To

solve this problem, we introduce a method that first gen-
erates multiple plausible RGB images from the input point
cloud by leveraging a pre-trained vision language model.
The generated RGB images correspond to multiple plausi-
ble shapes, allowing our method to handle ambiguity caused
by incomplete observation. The 3D objects corresponding to
each RGB image are then generated by using a pre-trained
3D generative model.

Specifically, as shown in Figure 3, the input point cloud
Pin ∈ RNin×3 is rendered into a depth image Idepth. To
select the viewpoint for rendering, we adopt the Hidden-
Point-Removal (Katz, Tal, and Basri 2007), which reformu-
lates viewpoint estimation as a hidden point removal task to
generate a viewpoint V that maximizes visible points. The
depth image is then fed into the ControlNet (Zhang, Rao,
and Agrawala 2023) as a condition to synthesize RGB im-
ages, with the object’s category C serving as the prompt.
ControlNet injects Idepth at multiple U-Net feature levels
via zero-initialized convolutional adapters, without requir-
ing any additional task description. To generate multiple
plausible RGB images, we employ multiple different con-
trol scale λ on the ControlNet branch to control the balance
between strict geometric compliance and semantic comple-
tion, where a large λ corresponds to “pay more attention” to
the input depth map, preserving fine-grained shape details
but also faithfully reproducing any missing-region artifacts,
and vice versa.

Having generated the RGB images, we then adopt a pre-
trained 3D shape generation network (Zhao et al. 2025) GM

to estimate the mesh M for each RGB image, from which a
point set {P i

gen ∈ RNgen×3}NRGB
i=0 is sampled. GM is a flow-
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Figure 4: Illustrations of the key components in the TOSC selection and restoration.

based diffusion model, which adopts double- and single-
stream blocks, with DINOv2 Gaint encoding RGB image
as condition injection.

The generated shapes are not necessarily perfectly aligned
with the input point cloud. Hence, we perform an ICP al-
gorithm to align and fuse the two point clouds. Since our
method focuses on the completion of task-relevant regions,
we first use SAM (Kirillov et al. 2023) to segment each RGB
image into multiple regions and then adopt a multi-modal
large model (Achiam et al. 2023) to detect the task-relevant
regions in the image space. Those regions are then projected
onto both the input point cloud and the generated point cloud
to acquire P task

in and P task
gen . We optimizing for the scale k and

transformation tr via:

argmin
k,tr

[CD(Pin, tr(kPgen)) + wtaskCD(P task
in , tr(kP task

gen ))],

(1)
where CD(·, ·) denotes the chamfer distance, wtask making
the optimization focuses on aligning the task-relevant re-
gions. We denote the fused point cloud Pcan ∈ RNcan×3 as
a TOSC candidate.

TOSC Selection and Restoration
The generated 3D shape candidates above may be imper-
fect due to hallucinations during RGB image synthesis and
incorrect estimations of shape reconstruction. To solve this
problem, we propose a DAE that jointly evaluates the plausi-
bility of each 3D shape candidate and restores the geometry
of the most plausible shape from a global perspective. The
diagram is shown in Figure 4.

Training data generation. To effectively train the 3D
DAE, we collect a dataset that contains both the plausible
and implausible shapes w.r.t the input manipulation task. We
define the plausible shapes as those that have sufficient ge-
ometry that supports the execution of the input manipulation
task. To achieve this, we collect objects from 6 datasets, i.e.
ModelNet40 (Wu et al. 2015), ShapeNetCore (Chang et al.
2015), ScanObjectNN (Uy et al. 2019), OmniObject3D (Wu
et al. 2023), DexGraspNet (Wang et al. 2022), and Afford-
Pose (Jian et al. 2023). In total, the training set of plausible

data contains 72, 524 objects, exhibiting significant varia-
tions in both synthetic and real-world scenarios.

To generate implausible data, we deliberately sabotage the
plausible data by the following steps. We first pair each ob-
ject with a randomly selected manipulation task and prompt
the large language model to identify the contact region im-
plied by the manipulation task. Then, we apply the Part-
Slip (Liu et al. 2023) to identify the task-relevant segment
from the object. The implausible data are generated by ran-
domly removing the task-relevant segment, adding noise,
and perturbing local patches.

Network architecture. In general, the 3D DAE contains
an encoder ε(·) and an decoder ζ(·): lcan = ε(Pcan), ˆPcan =
ζ(lcan). Pcan is the point cloud of 3D shape candidate, lcan is
the latent vector of Pcan, ˆPcan is the restored point cloud.

The encoder ε(·) consists of Nencoder standard Trans-
former blocks. To improve the computational efficiency, we
tokenize the input Pcan before feeding it into the encoder
ε. Specifically, we first split Pcan into Npatch local patches
by a farthest point sampling (FPS) and a K-nearest neigh-
bor (KNN) algorithm. Each patch is then tokenized by a
lightweight PointNet (Qi et al. 2017). Inspired by existing
works of MAEs (Pang et al. 2023; Wang et al. 2021; Kako-
georgiou et al. 2022), during training, we randomly mask
several patch tokens in the input Pcan to get mask and visible
point cloud Pmask

can , P vis
can. Note that, for the plausible data, we

did not mask the patch tokens in the task-relevant segments.
To evaluate the plausibility of the input Pcan, we first adopt

the latent vector lcan to estimate the mean µ and the standard
deviation σ of a Gaussian distribution N (µ, σ) by:

µ = MLPµ(lcan),

σ = MLPσ(lcan),
(2)

where MLPµ(·) and MLPσ(·) are fully-connected layers.
Then, a Kullback-Leibler divergence loss LKL

pos is used to op-
timize the predicted Gaussian distribution N (µ, σ) of plau-
sible shapes to approximate the standard normal distribu-
tion, i.e. N (0, 1), and adopt an LKL

neg to optimize implausible
shapes to approximate another distribution, i.e. N (1, 1).

The decoder ζ(·) consists of Ndecoder Transformer blocks.
It first aggregates features in the tokens and then generates
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the restored point cloud Precon via a fully-connected layer.
A chamfer distance loss function between the restored point
cloud and the ground-truth is applied:

Lrestore = CD(Prestore, PGT), (3)

where PGT represents the ground-truth.
Besides, the features of patch tokens are expected to be

similar before and after the patch tokens are masked. To im-
prove the robustness under occlusion, we feed all the patch
tokens and the masked patch tokens to the encoder ε(·) to
extract features respectively and penalize their differences:

Lmask =

Nvis∑
i=0

MSE[εTi
(P vis

can), εTi
(Pcan)], (4)

where MSE[·] denotes the mean squared error, εTi
(Pcan) rep-

resents the feature of patch token Ti extracted by encoder
ε(·) taking Pcan as input. Note that the above Lrecon and
Lmask are only used for positive data. Overall, the training
loss function is: L = LKL

pos + LKL
neg + Lrecon + Lmask.

Network inference. During inference, the encoder pro-
cesses an input point cloud Pcan and outputs a latent vector
lcan as well as a distribution dcan = N (µ, σ). The shape plau-
sibility can be estimated with the out-of-distribution likeli-
hood estimation. To achieve this, we consider the KL di-
vergence between the prior and posterior distribution of the
input point cloud. The shape plausibility scan measured by:

scan = Sigmod[−DKL(dcan||N (0, 1))+DKL(dcan||N (1, 1))],
(5)

where Sigmod[·] is the sigmoid function, DKL is the KL di-
vergence. A high scan represents that Pcan is closer to the dis-
tribution of plausible shapes than that of implausible shapes,
indicating Pcan is plausible. The decoder can then be adopted
to generate the restored shape.

FlowGrasp
Having a plausible and restored 3D shape, the next step is
to compute the dexterous task-oriented grasp. Conventional
methods typically adopt a conditional variational autoen-
coder or diffusion models and enforce task and physical con-
straints by adding weighted penalty terms or by perform-
ing gradient-based adjustments at inference time (Wei et al.
2024; Jiang et al. 2021), which either undermines the prob-
abilistic model’s log-likelihood interpretation or incurs sig-
nificant computational overhead.

To solve this problem, we introduce FlowGrasp, a
constraint-aware conditional flow matching model that in-
tegrates both task and physical constraints directly into
training via a single-step, input-side gradient correc-
tion—without any extra losses or inference-time adjust-
ments, the illustration is show in Figure 5.

Specifically, we form the condition vector lcon by con-
catenating the PointNet++ feature of the restored 3D shape
with the CLIP embedding of the task language descrip-
tion. During training, we sample a ground-truth grasp vec-
tor x1 and an initial noise x0 ∼ N (0, I), pick timestamp
t ∈ [0, 1], and interpolate xt under a fixed diffusion kernel
xt = (1− t)x0 + t · x1.
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Figure 5: The illustrations of the FlowGrasp.

In the standard flow-matching framework, the instanta-
neous velocity is ut(xt) = x1 − x0. To enforce constraints,
we apply a one-step correction to this velocity:

u∗
t (xt) = ut(xt)− α(t)∇(

∑
i

wi
congi(xt)), (6)

where each gi encodes a u or semantic constraint, wcon is
weighting factor. ∇ is the gradient operator. α(t) is a time-
decay factor. We then train the network θ to regress u∗

t (xt)
by minimizing:

LCFM(θ) = Ex0,x1,t,lcon ||vθt (xt|lcon)− u∗
t (xt)||2 (7)

During inference, we draw an initial noise vector x0 ∼
N (0, I) and integrate the learned Ordinary Differential
Equation (ODE) dx/dt = vθt (xt|c) from t = 0 to t = 1
to recover the task-oriented dexterous grasp.

Experiments
Implementation Details
The number of points in both the partial and candidate
clouds Nin and Ncan is 2048. We convert the depth image to
RGB images with ControlNet (Zhang, Rao, and Agrawala
2023) and then reconstruct point clouds from RGB us-
ing Hunyuan3D-DiT-v2-mini-Fast (Zhao et al. 2025). Task-
relevant region detection is achieved by GPT-4o. FlowGrasp
is trained on a single NVIDIA GeForce RTX 4090 GPU for
350 epochs with the Adam optimizer and a batch size of 64.
The 3D DAE is trained for 300 epochs with a learning rate
of 0.0005 and a weight decay of 0.05.

Experimental Dataset
Our method, except for the 3D DAE, is trained on a new
dataset named OakInk-PartialIPC, which containing partial
point clouds created from OakInk (Yang et al. 2022). To gen-
erate the partial point clouds, we uniformly sample view-
points around each object and render depth images with ran-
dom scanning noise and random foreground occlusion to
simulate depth maps scanned in real-world environments.
The corresponding language instructions are drawn from the
CapGrasp dataset (Li et al. 2024b), which provides task de-
scriptions specifically tailored to OakInk.
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Figure 6: Visual comparison of the generated task-oriented grasps by ours and the baselines.

Method Penetration Grasp Displace Contact Radio ↑ P-FID ↓ LLM score ↑ Perceptual Score
Volume(cm3) ↓ Depth(cm) ↓ Mean(cm) ↓ Var(cm) ↓ SC↑ PP↑ IS↑

GraspCVAE (Jiang et al. 2021) 16.84 0.141 3.92 4.34 94.74% 39.03 55.0 1.45 1.32 1.27
GraspTTA (Jiang et al. 2021) 16.39 0.159 3.71 4.19 96.25% 38.85 65.0 2.36 1.86 1.99

SceneDiffuser (Huang et al. 2023) 6.52 0.090 3.81 4.02 95.62% 29.38 61.7 2.27 1.95 1.82
DexTOG (Zhang et al. 2024) 14.32 0.110 3.74 3.78 96.12% 25.93 60.0 2.54 2.22 2.13

DexGYSGrasp (Wei et al. 2024) 7.16 0.096 3.76 3.99 97.20% 25.98 68.3 3.04 2.23 1.99

Ours 6.87 0.090 3.11 3.54 98.30% 21.60 88.3 4.38 3.84 3.80

Table 1: Quantitative comparisons of task-oriented grasping on the OakInk-PartialPC dataset.

Method CD-ℓ2 × 10−4 ↓ F-Score@1↑ DCD↓
PointAttn (Wang et al. 2024) 4.58 0.512 0.698
SVDFormer (Zhu et al. 2023) 3.71 0.643 0.603

SymmCompletion (Yan et al. 2025) 3.94 0.618 0.611

Ours 1.66 0.860 0.488

Table 2: Quantitative comparisons of point cloud completion
on the OakInk-PartialPC dataset.

Evaluation Metrics

To comprehensively evaluate the quality of the generated
grasps, we employ multiple evaluation metrics: 1) Pene-
tration quantifies the volumetric overlap and maximum in-
sertion depth between the grasp and object (Hasson et al.
2019); 2) Grasp displacement evaluates the grasping stabil-
ity by measuring the displacement of object’s mass center
under external forces for each grasp; 3) Contact ratio re-
flects the quality of hand–object interaction by calculating
sample-level contact ratio (Tzionas et al. 2016); 4) Point
cloud Fréchet Inception Distance (P-FID) compares high-
level feature distributions of generated grasps against ground
truth (Nichol et al. 2022); 5) LLM score evaluates the quality
of grasps with GPT4v (Li et al. 2024b); 6) Perceptual Scores
are acquired by a user study in which human evaluators each
assess 100 distinct grasps and assign scores from 0 (poor) to
5 (excellent) on three criteria: Semantic Consistency (SC),
Physical Plausibility (PP), and Interaction Stability (IS).

For evaluation of point cloud completion, we use the
standard metrics: 1) Chamfer Distance (CD) (Wang et al.

2024); 2) F1-score (Yan et al. 2025) ; 3) Density-aware CD
(DCD) (Wu et al. 2021).

Compare to Baselines
We first compare our method to baselines in task-oriented
dexterous grasping. Table 1 reports the quantitative com-
parisons against several baselines on the OakInk-PartialPC
dataset. It shows that our method achieves state-of-the-art
performances in metrics of Grasp Displace and competitive
performances in metrics of Penetration, demonstrating the
superior physical reliability of the generated grasps. Note
that the lower penetration volume of SceneDiffuser (Huang
et al. 2023) stems from their conservative strategy, which
keeps unnecessary distances between hand and object. Our
method, in contrast, maintains better balances between pen-
etration avoidance and grasp stability. Moreover, our method
achieves the highest LLM Score and perceptual scores,
showing its ability to produce high-quality semantically cor-
rect grasps that fulfill the language instructions. Qualitative
comparisons are visualized in Figure 6.

We then evaluate our method in terms of task-oriented
shape completion on the OakInk-PartialPC dataset. Table 2
reports quantitative comparisons with several baselines for
generic point cloud completion. The baselines are recent
state-of-the-art methods, including PointAttn (Wang et al.
2024), SVDFormer (Zhu et al. 2023), and SymmComple-
tion (Yan et al. 2025). Our method outperforms all baselines
by a large margin in all metrics, revealing the advantages of
task-oriented shape completion. Qualitative comparisons are
shown in Figure 7.
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Figure 7: Visual comparisons of point cloud completion.

Method Penetration Grasp Displacement Contact Radio ↑ P-FID ↓ LLM score ↑ Perceptual Score
Volume(cm3) ↓ Depth(cm) ↓ Mean(cm) ↓ Var(cm) ↓ SC↑ PP↑ IS↑

w/o TCG 6.70 0.098 3.50 3.79 97.74% 22.34 71.7 2.63 0.81 1.72
w/o TSR 7.96 0.093 3.35 3.68 98.84% 22.96 75.0 2.36 2.63 2.72

w/o TOSC 7.12 0.090 3.51 3.94 96.79% 23.83 66.7 2.18 1.36 2.18
w/o token masking 7.58 0.087 3.21 3.71 99.50% 22.53 78.3 3.09 3.18 3.36

w/o gradient guidance 6.78 0.086 3.43 3.70 98.83% 24.01 83.3 3.72 2.18 3.63

The full method 6.87 0.090 3.11 3.54 98.30% 21.60 88.3 4.38 3.84 3.80

Table 3: Ablation studies of several crucial components in our method.

Method Penetration Grasp Displace P-FID ↓Volume(cm3) ↓ Depth(cm) ↓ Mean(cm) ↓ Var(cm) ↓
GraspCVAE 16.02 1.18 4.59 4.77 57.01
GraspTTA 14.42 1.04 4.59 4.83 53.58

SceneDiffuser 12.43 1.16 4.53 4.70 46.51
DexTOG 18.72 1.31 4.42 4.80 50.53

DexGYSGrasp 12.60 1.28 4.77 4.54 46.42

Ours 11.53 1.32 4.21 4.52 42.97

Table 4: Quantitative comparisons of task-oriented grasping
on novel category.

Evaluation of Zero-shot Generality
We first evaluate the zero-shot generalization in terms of
handling novel object categories and novel language instruc-
tions. We experiment on 9 novel object categories. Each cat-
egory contains about 100 objects and several novel language
instructions. As shown in Table 4, our method achieves the
best performance across all metrics. It demonstrates that our
method can robustly handle novel categories and untrained
language instructions in open-world scenarios, thanks to our
design of using pre-trained foundation models.

Ablation Studies
TOSC Candidate Generation (TCG). TCG generates
task-oriented shape completion candidates, which provide
zero-shot generation capability to our method. To evalu-
ate its impact, we conduct an ablation study by removing
TCG and feeding the input partial point cloud to the TOSC
restoration as the only candidate. As shown in Table 3, Re-
sults indicate that this removal significantly degrades perfor-
mance, confirming its necessity.

TOSC Selection and Restoration (TSR). TSR selects the
plausible shape and restores the shape. To evaluate its effect,

we directly select the candidate with the minimum cham-
fer distance to the input point cloud and remove the shape
restoration process. The inferior performance demonstrates
its significance.

Task-Oriented Shape Completion (TOSC). We replace
the task-oriented shape completion with a generic shape
completion (Wang et al. 2024). The resulting performance
drop confirms our idea of task-oriented shape completion.

Token Masking. The token masking scheme of the 3D
DAE is proposed to improve the robustness. We remove this
component and evaluate the performance. This variant ex-
hibits a performance drop, confirming its effectiveness.

Gradient Guidance. Gradient guidance constrains the
model to generate grasping actions that satisfy semantic and
geometric consistency while optimizing the velocity field.
To evaluate its necessity, we replace it with a direct loss-
based optimization. This variant underperformed the full
method, confirming the superiority of gradient guidance.

Conclusion
We have studied task-oriented shape completion, a new task
that focuses on completing the potential contact regions
rather than the entire shape. To achieve this, we propose
a method that first generates multiple task-oriented shape
completion candidates and then selects the most plausible
one as well as optimizes its geometry by learning a 3D
discriminative autoencoder. This method achieved state-of-
the-art performance on both task-oriented dexterous grasp-
ing and task-oriented shape completion. In particular, it pro-
duces high-quality results in challenging scenarios.
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