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Abstract. Dexterous grasping is a fundamental ability for robots to
perform complex manipulation tasks. However, simultaneously maximiz-
ing grasp success rates and maintaining grasp-type diversity remains a
significant challenge. In response, we introduce RAGrasp, a retrieval-
augmented framework that comprises two core components: a Geometry-
Aware hand pose Initialization strategy(GAI) and a Diversity-Aware
grasp-type Selection network(DAS). First, GAI constructs a distribution-
aligned retrieval dataset and leverages object geometric similarity to
retrieve high-quality initial samples, significantly improving grasp suc-
cess rates. Second, DAS adopts a retrieval-augmented dual-head classi-
fier that formulates grasp-type selection as a collaborative optimization
problem of single-label and multi-label grasp-type classification, improv-
ing diversity and allowing flexible diversity adjustment. Extensive experi-
ments show that RAGrasp yields an 8.2% relative improvement in success
rate on BODex, alongside average relative gains of 13.0% and 11.9% on
Dexonomy under type-unconditioned and type-conditioned settings.

Keywords: Dexterous Grasping - Retrieval-Augmented Generation -
Generative Model

1 Introduction

Dexterous grasping, a fundamental skill for performing complex manipulation
tasks, has gained increasing attention in robotics and embodied AT [18]33/36./42].
Existing methods can be broadly categorized into two groups: analytical meth-
ods and learning-based methods. Analytical methods [11}17},21,|25]/38] formu-
late grasp synthesis as a mathematical optimization problem. However, they
typically assume complete knowledge of the object geometry, limiting their ap-
plicability to partial observations inherent in real-world. Learning-based meth-
ods |23[[441}45/49,51] can handle partial observations and can be further divided
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Fig. 1: Motivation of our pipeline. (Left) There are some high-quality initial sam-
ples, such as those aligned with the target object’s geometry and grasp type, that are
more likely to produce physically plausible grasp poses. (Right) For many objects, mul-
tiple grasp types are feasible and can achieve high success rates; consequently, selecting
a grasp type beyond the single most probable grasp type can notably enhance diversity
while maintaining a high success rate.

into three categories: regression-based, generation-based and hybrid methods.
Regression-based methods directly learn a deterministic mapping from
object representation to grasp poses. However, such deterministic mappings
struggle to represent the inherently multimodal distribution of feasible grasps.
Generative models capture these complex distributions more effectively.
Generation-based approaches therefore employ them to jointly generate
the hand’s global pose and joint angles. However, because the global pose and
joint angles are strongly coupled during generation, gradients from joint-angle
prediction can perturb the optimization of the global pose, which is crucial for
producing physically plausible grasps. Consequently, recent hybrid methods
decouple this process, employing generative modeling for global pose generation
followed by a regression network for predicting joint angles.

Despite these advancements, current generation-based and hybrid methods
largely overlook the role of hand pose initialization strategies in grasp generation.
High-quality initial samples, such as those aligned with the object geometry and
grasp type, exhibit a high probability of generating physically plausible grasp
poses, as illustrated in Fig. [I| (Left). This motivates us to design a hand pose
initialization strategy to identify these high-quality initial samples.

Moreover, selecting an appropriate grasp type is also critical for achieving
high grasp success rates and diversity. As a pioneering effort, Dexonomy |3| in-
troduces a multi-type grasp dataset and trains a classifier to infer grasp types
from the object’s point cloud. However, this classifier predicts only the most
probable grasp type, collapsing multiple feasible grasp modes into a single pre-
diction and thereby limiting grasp diversity. To mitigate this, we propose a novel
grasp-type selection network that enables more diverse grasp generation while
maintaining a high success rate, as illustrated in Fig. [1| (Right).

In this work, we present RAGrasp, a novel retrieval-augmented framework
composed of two key components: a Geometry-Aware hand pose Initialization
strategy (GAI) and a Diversity-Aware grasp-type Selection network (DAS).
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Geometry-Aware Hand Pose Initialization Strategy. GAI improves
grasp generation by anchoring the initial latent state to geometrically relevant
priors. First, a mobius normalizing flow [22| is trained to model global hand
rotation on the SO(3) manifold, generating a large set of candidate grasps for
training objects. These candidates are rigorously filtered via physics-based sim-
ulation [37] to retain only stable grasps. Crucially, we utilize model-generated
grasps rather than dataset ground truths to eliminate distribution shifts between
the training pipeline and the inference model. During inference, for each object in
the test set, we retrieve several similar objects from the training set by comput-
ing feature similarity. The successful grasps associated with the retrieved objects
are subsequently inverted through the trained flow model to obtain their exact
representations in the base distribution. Because the retrieved objects share sim-
ilar geometry with the test object, their representations in the base distribution
are naturally better aligned with the test object’s geometry than random ini-
tial samples, thereby serving as high-quality initial samples that facilitate the
generation of physically plausible grasp poses.

Diversity-Aware Grasp-Type Selection Network. To improve diver-
sity, DAS formulates grasp-type selection as a collaborative optimization prob-
lem of single-label and multi-label grasp-type classification. Specifically, DAS
takes as input the global object feature and the grasp-type success statistics.
Moreover, the network adopts a dual-head architecture. The first head models
grasp-type feasibility as a multi-label classification task, predicting whether the
success probability of each grasp type exceeds a threshold 7. Grasp types whose
probabilities exceed 7 are randomly selected, naturally promoting diversity. The
second head performs single-label classification to identify the most probable
grasp type. When none of the grasp-type probabilities predicted by the first
head exceed the threshold 7, the prediction from the second head is selected,
thereby ensuring a reliable grasp choice and maintaining high success rates.

In summary, our main contributions are as follows:

— We propose GAI, a Geometry-Aware hand pose Initialization strategy based
on distribution-aligned retrieval, which retrieves model-generated success-
ful grasps instead of ground-truth grasps to provide geometry-aware initial
samples for stable and physically plausible grasp generation.

— We introduce DAS, a Diversity-Aware grasp-type Selection network that
selects diverse grasp types with high success rates, mitigating grasp-type
collapse while enabling flexible control over the diversity level.

— Extensive evaluations demonstrate that RAGrasp achieves state-of-the-art
performance across large-scale benchmark datasets. Furthermore, we vali-
date our method through real-world robotic grasping experiments.

2 Related Work

2.1 Dexterous Grasp Generation

Dexterous grasp generation methods can be broadly categorized into analyti-
cal and learning-based approaches. Analytical methods [4}(6}26,[39,/41] formu-
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late grasp synthesis as mathematical optimization problems. However, these ap-
proaches typically assume access to complete object geometry. Learning-based
methods [13}143}|45]/501/51,53] can be divided into regression-based, generation-
based and hybrid approaches. Regression-based models [20,/45] predict determin-
istic grasp poses and therefore often exhibit limited diversity. Generation-based
methods explicitly learn a grasp distribution to represent multi-modal solutions.
For example, diffusion-based approaches [15,/51] generate diverse grasps via it-
erative denoising. Moreover, hybrid methods combine generative modeling for
global pose estimation with regression networks for joint configuration predic-
tion. For instance, Dexonomy [3| employs a mobius normalizing flow to model
global rotation and translation, followed by a regression network to predict joint
angles, effectively leveraging the strengths of both paradigms. Nevertheless, cur-
rent generation-based and hybrid methods overlook the impact of hand pose
initialization strategies on grasp generation quality.

2.2 Initialization Strategies in Generative Models

Recent studies [2}/5,/24,27] report that initial noise in diffusion models [9}/14}29]
30434] can substantially influence semantic alignment with text prompts and the
perceptual quality of synthesized images. Several works have explored strategies
for optimizing or selecting the initial noise. InitNO [12], for instance, optimizes
the initial noise to improve text—image alignment. Noise selection and refine-
ment strategies are further explored in [1,27], demonstrating that certain noise
patterns consistently yield higher semantic fidelity and visual quality. This ef-
fect is formalized as the golden noise phenomenon in [52|, which learns noise
prompts to transform random Gaussian noise into semantically enriched latent
representations. However, these strategies are primarily developed for diffusion-
based architectures and are not directly applicable to normalizing flow-based
models. In particular, mobius normalizing flow, which is well suited for model-
ing global rotation and translation in dexterous grasping, lacks a mechanism for
latent initialization.

3 Method

In this section, we present RAGrasp, a novel framework that leverages retrieval
for high-quality dexterous grasping. We first commence with a brief background
on mobius normalizing flow. Then, we delve into the key designs of RAGrasp, in-
cluding a Geometry-Aware hand pose Initialization strategy (GAI) and a Diversity-
Aware grasp-type Selection network(DAS).

3.1 Preliminaries

Mobius Normalizing Flow. Mobius normalizing flow [22] is proposed to model
rotations directly on the SO(3) manifold. This avoids the many-to-one mappings
that often occur when representing rotations as 6D vectors in Euclidean space. It
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involves two complementary transformations tailored for the manifold structure
of SO(3), enabling expressive yet invertible mappings on the rotation manifold.

The mobius transformation f,, : S —SP is parameterized by a vector w €
RP*! satisfying ||w|| < 1 and defined as

_ 1 Jwf?

fole) = ——5(c—w) —w, (1)

lle = wlf?

where ¢ € SP represents a point on the unit hypersphere. To further alleviate
the difficulty of learning a global rotation of distributions on SO(3), Mobius
normalizing flow introduces an affine transformation defined as

Wq

9(q) = Wa (2)

where ¢ is a unit quaternion and W € R**4 is an invertible matrix. This mapping
linearly scales and rotates the quaternion through W, followed by normalization
to ensure the output remains on the unit sphere and satisfies the antipodal
constraint g(—q) = —g(q).

By alternately applying the mobius transformation on rotation matrices and
the affine transformation on quaternions, mobius normalizing flow can effectively
model arbitrary rotation distributions on SO(3). This enables accurate global
hand rotation modeling, which is crucial for achieving high grasp success rates
in dexterous grasping.

3.2 Overview

Learning from large-scale grasp datasets provides a promising way for data-
driven methods to learn diverse and robust grasp patterns across a wide range
of objects. This way employs a dataset D = {OP*"" (3N " containing Np
partial object point clouds OP¥*2al Fach OP**2l is coupled with a grasp set
H = {Hz}f\f{, whose size is Ny . Specifically, a grasp H; consists of three poses,
including the pre-grasp pose h,, grasp pose hgy, and squeeze pose h:

H; = {hpa hgv hs}a (3>

The pre-grasp pose h, is adopted for collision-free motion planning, followed
by the grasp pose h, for establishing stable contact, and the squeeze pose h,
for applying forces through hand-object interactions. Moreover, each pose is
composed of three parts:

h=(0, R, t), (4)

where 8 € R¥ denotes the joint angles of the hand, and k represents the degrees
of freedom (DoFs). For example, in the adopted ShadowHand model, the hand
has k = 22 DoFs in total, including five DoFs for both the thumb and the little
finger, and four DoFs for each of the index, middle, and ring fingers. In addition,
R € S0(3) and t € R? represent the global rotation and translation of the hand.
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Fig. 2: Overview of RAGrasp. The framework comprises two key components, GAT and
DAS. GAI incorporates a grasp data collection module that constructs a distribution-
aligned retrieval dataset in Stage I and performs retrieval-augmented sampling in Stage
IT1. For grasp-type selection in Stage II, DAS adopts a dual-head architecture, where a
multi-label head estimates grasp-type feasibility for diverse grasp-type selection, while
a single-label head serves as a fallback to select the most probable grasp type.

3.3 Geometry-Aware Hand Pose Initialization Strategy

Point Cloud Completion. To improve retrieval quality in the subsequent
object retrieval module, RAGrasp incorporates a point cloud completion net-
work to reconstruct complete object point clouds from partial observations,
as shown in Fig. [2| Given a partially observed object OP*"! the network re-
constructs a completed point cloud P? red that yields a more complete and view-
invariant geometric representation. This consistent shape description mitigates
viewpoint-induced discrepancies and improves retrieval robustness.

Pose Generation Model Training. After obtaining the predicted entire point
clouds P? *d from the point cloud completion network, we follow 3] to train a
mobius normalizing flow model for grasp pose generation. Each PP is first en-
coded into a global object feature f, using a sparse 3D convolutional backbone
implemented with MinkowskiEngine . A learnable codebook is adopted
to encode grasp types into a latent embedding. Conditioned on f, and the
grasp type embedding, the mobius normalizing flow generates the global rotation
RP™ € SO(3) and translation tP™ € R? of the squeeze pose, while additional
MLPs are adopted to predict the corresponding joint angles eg’red, pre-grasp
pose hgmd, and grasp pose h‘;md. We define the predicted squeeze pose hP™

and the generated grasp H; red as:

pred __ pred red red pred __ pred g pred z pred
hs - (05 7R§ ’tg )7 Hi - {h’p ’hg 7hs }’ (5)
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where hgred, herd, and hENd represent the predicted pre-grasp pose, grasp pose,
and squeeze pose, respectively.

Grasp Data Collection. To enable retrieval-augmented initialization, a high-
quality grasp dataset is required to support reliable retrieval performance. After
training the pose generation model, we employ it to generate a grasp set ’Hfred
for each training object, defined as:

red redy Ny pred
HliDe :{ije }j:Hl 1) (6)

where H;)red denotes the j-th generated grasp for the i-th training object, and
Nyprea is the total number of generated grasps for each training object. We
further evaluate all generated grasps in simulation to identify successful ones,
and construct a success set H3"® for each training object as:

succ __ pred pred . predy _
5o = { HP € 42" | Valid(HP™) = 1}, (7)

where Valid(HJPred) = 1 indicates that the j-th generated grasp H]Pred for training
object i successfully passes the physics-based grasp validation. After filtering
grasps that succeed in simulation, a dataset of successful grasps generated by
the pose generation model can be defined as:

D = { (PP, H50) 1A, (8)
where PY red denotes the predicted point cloud of the i-th object, H"® represents
its corresponding set of successful grasps, and Np is the total number of objects
in the dataset.

Instead of the original dataset D, which is usually generated by an analyti-
cal method, we adopt the dataset D%"““ which is generated by our trained pose
generation model for the subsequent retrieval stage. Since the grasp distribu-
tion learned by the trained model differs from that obtained by the analytical
method, relying on D would introduce a distribution mismatch, leading to de-
graded retrieval quality. In contrast, D%"¢ is generated under the same distribu-
tion learned by the trained model, which ensures consistency between training
and retrieval, resulting in more reliable and higher-quality grasp retrieval in the
next module.

Object Similarity Retrieval. After constructing the grasp dataset D¢, we
retrieve high-quality grasps for each test object. Specifically, given a test object
i, we first encode its predicted complete point cloud P} d into a global feature
fiestand compute the pairwise distance between f°*' and all training object

K3 1
trai . .
features f"*" to form a distance matrix M, whose elements are defined as:

M,; = [|£i = F7)3, (9)
where M, ; denotes the squared Euclidean distance between the test object i
and the j-th training object in the feature space. A smaller M; ; indicates higher
geometric similarity between the two objects. Based on the distance matrix M,
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we sort each row in ascending order to obtain the ranking of training objects for
each test object:
7, = argsort(M; .), (10)

where 7r; denotes the ordered indices of training objects ranked by increasing
distance to the test object i. We leverage 7r; to identify the most relevant training
objects for each test object and aggregate their successful grasps. Therefore, we
can construct a retrieved set for each test object i:
T Ngretr

Siretr _ { (H;HCC,'P]P ed) }jzsl t , (11>
where H3"¢ denotes a successful grasp, PJPer is the predicted point cloud cor-
responding to H3"““, and Ngreur determines the number of retrieved grasps.
Retrieval-Augmented Initialization and Sampling. To obtain high-quality
initial samples for mobius normalizing flow to generate rotation and translation,
given a test object 4, we first retrieve the set S¥°"" and extract the rotation R5"
and translation t3" from each H3"““. Together with the grasp type embedding

E; and the predicted point cloud P;’re'd of the training object, these com-
ponents are mapped into the latent space of the flow via the transformation:

(Zgot’ erans) _ (f}?’losz'l_lo' . 'Ofl_l) ((]_:{)iucc7 tiucc); Ej; fPJpred)’ (12)

where f, ! denotes the k-th inverse flow layer and (z1°%, z%") are the latent
variables corresponding to rotation and translation. These latent variables are
then used as geometry-aligned initial samples for the test object i. Starting
from these initial samples, the final global rotation and translation are obtained
through the transformation:

(RE™4, t270) = (fico fre—1o- -0 f1) (25, 25™); By PP™Y),  (13)
where fi represents the k-th forward flow layer conditioned on the predicted
complete point cloud PP of the test object i. We further adopt MLPs to
predict the corresponding joint angles 8, the pre-grasp pose hy,, and the grasp
pose hg.

3.4 Diversity-Aware Grasp-Type Selection Network

Although GAI improves the quality of pose generation, selecting an appropriate
grasp type is equally critical for achieving high grasp success rates and main-
taining pose diversity. Current grasp-type classifiers are typically formulated as
single-label classification problems, where only the most probable grasp type is
selected for each object. This formulation implicitly assumes that each object
corresponds to a unique optimal grasp mode, which limits diversity. However,
many objects can admit multiple feasible grasp types with similarly high grasp
success rates.

To address this issue, we train a Diversity-Aware grasp-type Selection net-
work(DAS). During inference, the input of DAS consists of two components: the
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global feature of the test object fi**" and the grasp-type success statistics s;
obtained from D""“. Here, s; € R” records the success rates of all grasp types
for the retrieved object. These inputs are combined to form a retrieval-enhanced
representation fM°". This representation is processed by a shared backbone to
produce a high-level feature, which is then fed to both prediction heads below.
Multi-Label Grasp-Type Classification. The first head is a lightweight MLP
that models grasp-type feasibility as a multi-label classification problem [35]. It
is supervised using a binary cross-entropy loss with logits. This head estimates
whether the success probability of each grasp type exceeds a predefined threshold
7, allowing multiple grasp types to be randomly selected. The choice of threshold
7 controls the degree of diversity. A lower T encourages activating multiple grasp
types and thus promotes diversity, whereas a higher 7 favors high-confidence
predictions and improves grasp success rates.

Single-Label Grasp-Type Classification. The second head performs single-
label grasp-type classification and is trained with a cross-entropy loss. It identifies
the most probable grasp type and serves as a fallback mechanism. Specifically,
when none of the grasp-type probabilities from the first head exceed the threshold
7, the prediction from the second head is selected.

The dual-head design naturally adapts to object difficulty. Geometrically
simple objects inherently admit multiple valid grasp types; in such cases, the first
head activates several feasible grasp types to encourage diversity. For challenging
objects, where success probabilities remain low across all grasp types, the second
head selects the most probable grasp mode to ensure a more reliable and stable
prediction.

4 Experiments

4.1 Experiment Setting

Dataset. Simulated experiments are conducted in MuJoCo with a Shadow
Hand, providing a fully reproducible environment for evaluating dexterous grasp-
ing. We use two large-scale datasets, BODex [4] and Dexonomy |[3]. BODex con-
tains 1.4 million floating fingertip grasps over 2.4k objects, where each object
is normalized and scaled to multiple discrete levels within a fixed range. Single-
view partial point clouds are used as input to mimic realistic perception settings,
and each sample includes pre-grasp, grasp, and squeeze poses for comprehensive
evaluation. Dexonomy is a larger, multi-type dataset with 9.5 million grasps over
10.7k objects, covering 31 grasp types defined by the grasp taxonomy [10]. It also
adopts floating scenes and single-view partial point clouds, providing pre-grasp,
grasp, and squeeze poses for each sample.

Metrics. We follow the evaluation setting of [3l4] for fair comparison and report
a comprehensive set of grasp quality metrics. Grasp Success Rate (GSR) mea-
sures the percentage of successful grasps among all attempts, where a grasp is
deemed successful if it withstands six external forces in MuJoCo without severe
penetration (>1 c¢m) under the specified object mass and pose tolerance. Object
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Success Rate (OSR) quantifies the percentage of objects for which at least one
successful grasp is obtained. Contact Distance Counsistency (CDC) computes the
difference between the maximum and minimum signed contact distances across
all fingers, reflecting the uniformity of finger—object contact. Penetration Depth
(PD) denotes the maximum penetration distance between the hand and the ob-
ject for each grasp, while Self-Penetration Depth (SPD) measures the maximum
self-intersection distance among different hand links. Diversity (D) is defined as
the proportion of variance explained by the first principal component in PCA
over grasp translation, rotation, and joint angles.

Baselines. For the BODex dataset, we follow the official benchmark setup of
BODex, evaluating four representative supervised learning architectures, in-
cluding ISAGrasp (ISAG) [7], GraspTTA (GTTA) [16], 3D Diffusion Policy
(DP3) [48], and UniDexGrasp (UDG) [46]. These methods span diverse genera-
tive paradigms, ranging from naive regression and CVAE-based approaches [32]
to diffusion models and normalizing flows 7 thereby providing a comprehen-
sive comparison across different architectural designs. For the Dexonomy dataset,
we adopt the diffusion and normalizing flow(nflow) baselines released with the
dataset.

Implementation Details. The pose generation models and the grasp-type se-
lection network are trained on a single NVIDIA RTX 3090 GPU. The pose
generation model is trained with a batch size of 256, an initial learning rate
of 0.001 decayed to 0.0001, and gradient clipping with a threshold of 10. Dur-
ing evaluation, 100 candidate grasps are sampled per object and the top 10 are
selected by likelihood. More details are provided in Appendix.

EOAL ARG FH A

Fig. 3: Visualization of the generated grasp poses of RAGrasp on BODex.

4.2 Comparison with Existing Methods

We first conduct experiments on BODex, a fingertip grasping dataset containing
only a single grasp type. As a result, our evaluation on BODex primarily validates
the effectiveness of our proposed hand pose initialization strategy(GAI).

Tab. presents the quantita-
tive results on BODex. Our method
achieves the highest grasp success rate
(GSR) of 86.7%, corresponding to
an 8.2% relative improvement and a
6.6% absolute gain over the second-
best method. It also attains the low-
est PD and matches the best SPD,

Table 1: Quantitative results on BODex.
Method |GSRT PD{ CDC{ SPD| Dl

14.8 27.3 29.6 0.15 39.2
20.7 17.3 22.4 0.08 38.7
62.4 891 13.9 0.10 32.6
80.1 3.47 8.85 0.04 33.4
86.7 3.38 9.55 0.04 37.7
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demonstrating more stable and geometrically consistent grasp configurations.
These results highlight the strong performance of our method on BODex. More
visualization results are shown in Fig. [3

We further evaluate our method on Dexonomy under the type-conditioned
setting to validate the effectiveness of both the proposed hand pose initialization
strategy and the grasp-type selection network. The results are shown in Tab. 2]

When our method favors diversity,
which means adopting a lower thresh-
old in DAS, it encourages the activa-
tion of more feasible grasp types, and
our method achieves the best diver- nflow 63.9 91.3 139 8.6 25.7

: Ours(div) | 65.6 91.3 142 85 25.5

sity score of 25.5. In contrast, when Ours(succ)| 71.5 91.4 13.4 8.3 26.2
favoring grasp success, which means
adopting a higher threshold, the grasp success rate reaches 71.5%. This corre-
sponds to an 11.9% relative improvement and a 7.6% absolute gain while still
maintaining competitive diversity.

Table 2: Quantitative results on Dexon-
omy under type-conditioned settings.

Method ~|GSRT OSRT CDCJ PD] DJ

We also evaluate our method on Dexonomy under the type-unconditioned
setting. Tab. [3] reports detailed success rates of 31 grasp types on Dexonomy.
Compared with the baselines provided by [3], our approach achieves the best
average success rate of 39.1%, representing a 13.0% relative improvement and
a 4.5% absolute gain over the second-best method. Improvements are observed
across a broad range of grasp families, including both power and precision grasps.
For representative large-scale grasps such as Large Diameter and Prismatic 4 Fin-

Table 3: Type-unconditioned grasp success rates of 31 grasp types on Dexonomy.
Diffusion and nflow are baselines provided by Dexonomy.

Method Avg. Large Small Medium  Adducted Light  Prismatic 4 Prismatic 3
Successt Diameter Diameter Wrap Thumb Tool Finger Finger
diffusion 24.6 42.1 6.7 14.6 21.7 2.3 39.6 34.9
nflow 34.6 55.5 9.2 20.7 30.2 4.2 48.8 454
ours 39.1 57.8 11.0 23.3 33.3 4.1 57.7 53.9
Method Prismatic 2 Palmar Power Power Precision  Precision Tripod Fixed
Finger Pinch Disk Sphere Disk Sphere Hook
diffusion 27.0 33.4 16.2 25.0 23.5 34.3 19.2 6.5
nflow 40.7 48.0 22.5 40.5 34.9 46.9 32.9 9.3
ours 44.9 52.3 26.6 48.8 43.8 56.8 39.5 9.6
Method Lateral [ndex FingerExtension — Writing Parallel  Adduction Tip Lateral
Extension Type Tripod  Extension Grip Pinch Tripod
diffusion 14.8 13.4 43.9 25.1 42.2 19.6 26.9 8.8
nflow 28.4 15.8 61.2 40.2 52.0 33.1 41.6 17.0
ours 34.0 18.0 66.9 46.1 54.8 41.1 46.9 22.7
Method Sphere 4 Quadpod ~ Sphere 3 Stick Palmar Ring Ventral Inferior
Finger Finger Pincer
diffusion 39.7 29.3 28.9 12.0 24.9 35.4 15.7 35.0
nflow 51.3 42.4 38.2 16.5 30.8 47.8 19.1 46.3

ours 53.5 51.8 45.3 16.1 33.7 50.1 20.5 47.4
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Fig. 4: Visualization of the generated grasp poses of RAGrasp on Dexonomy.

ger, the success rate increases to 57.8% and 57.7%, respectively. Clear gains are
also achieved on fine-grained and contact-sensitive grasps, for example Precision
Sphere reaching 56.8% and Writing Tripod reaching 46.1%. More visualization
results are shown in Fig. [d]

Table 4: Ablation for GAI on Dexonomy. Base denotes normalizing flow baseline
without GAI. Comp refers to the point cloud completion module of GAI. Ret represents
the object retrieval module of GAI. Data represents the data collection module of GAI.
Base+Comp+Ret denotes the setting where retrieval is performed using ground-truth
poses from the dataset instead of model generated poses.

Configuration Avg. Large Small Medium  Adducted Light  Prismatic 4 Prismatic 3
Successt Diameter Diameter Wrap Thumb Tool Finger Finger
Base 34.2 53.4 9.2 20.7 30.2 4.2 48.3 454
Base+Comp 36.0 55.5 9.7 22.1 30.8 34 52.6 494
Base+Comp-Ret 30.4 47.3 8.6 18.6 25.2 2.9 46.8 43.2
Base+Comp-+Data+Ret 39.1 57.8 11.0 23.3 33.3 4.1 57.7 53.9
Configuration Prismatic 2 Palmar Power Power Precision  Precision Tripod Fixed
Finger Pinch Disk Sphere Disk Sphere Hook
Base 40.7 45.6 22.5 40.5 34.9 46.9 32.9 9.3
Base+Comp 41.7 48.6 24.6 42.3 38.8 50.4 35.3 9.0
Base+Comp-+Ret 36.0 43.9 21.6 34.5 28.1 42.3 30.2 7.0
Base+Comp-+Data+Ret 44.9 52.3 26.6 48.8 43.8 56.8 39.5 9.6
Configuration Lateral Index FingerExtension — Writing Parallel  Adduction Tip Lateral
Extension Type Tripod  Extension Grip Pinch Tripod
Base 28.4 15.8 61.7 40.2 50.2 33.1 41.6 17.0
Base+Comp 28.7 16.6 64.2 42.8 53.1 35.8 43.9 18.7
Base+Comp+Ret 24.7 14.8 51.5 35.4 46.5 32.3 40.4 15.0
Base+Comp-+Data+Ret 34.0 18.0 66.9 46.1 54.8 41.1 46.9 22.7
Configuration Sphere 4 Quadpod Sphere 3 Stick Palmar Ring Ventral Inferior
Finger Finger Pincer
Base 48.5 42.4 38.2 16.5 30.8 47.1 19.1 45.5
Base+Comp 51.4 45.9 40.7 15.2 33.1 47.7 19.4 45.7
Base+Comp-+Ret 39.2 38.1 30.6 13.2 28.3 39.4 17.1 40.7
Base+Comp+Data+Ret 53.5 51.8 45.3 16.1 33.7 50.1 20.5 47.4
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Fig. 5: Success rates over training iterations across 10 representative grasp types.

4.3 Ablation Study

Ablation for GAI. We analyze the contribution of our proposed GAI on Dexon-
omy. Tab.[dreports the ablation results across 31 grasp types. The baseline model
achieves relatively limited success rates. Introducing the completion module fur-
ther improves geometric perception. The performance drop of Base+Comp+Ret
reveals a clear domain shift between dataset grasps and model-generated grasps.
This mismatch leads to less effective retrieval priors and consequently degrades
the grasp generation performance. The result highlights the necessity of the
proposed data collection module, which constructs the retrieval database us-
ing model-generated grasps to maintain distribution consistency. These results
demonstrate that GAI plays a critical role in improving grasp success rates.
Performance Analysis. Fig. [f]illustrates the success rate as a function of train-
ing iterations across 10 representative grasp types. The horizontal axis denotes
the number of training iterations measured in thousands, and the vertical axis
represents the grasp success rate in percentage. Both methods improve as train-
ing progresses, but our model improves more rapidly and consistently achieves
higher success rates across different grasp types. High success rates are already
observed within the first 30000 iterations. This indicates that the proposed GAI
provides high-quality latent priors that accelerate optimization and enable com-
petitive performance with substantially fewer training iterations.
Ablation for DAS. We further analyze the effect of the threshold in the DAS.
Activation occurs when the pre-
dicted success probability of a grasp 73] 205 ‘ 2
type is greater than or equal to the 72 '
threshold. When the threshold is set to
1.1, all outputs of the first head fall be-
low the threshold, effectively deactivat-
ing the multi-label branch and reducing

S

&

Grasp Success Rate (%)
93 3 3 2

66 =@= Grasp Success Rate | 32
the model to rely solely on the second 6] 656 o= Pose Diversiy 5
head for single-label prediction. In this iy o ) o e

Threshold

case, the model selects only the most
Fig. 6: Ablation on threshold in DAS

probable grasp type, behaving as a pure
success-oriented classifier, which leads to limited grasp diversity, as illustrated
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Fig. 7: Visualization of real world experiments.

in Fig. [6] As the threshold decreases, more feasible grasp types are activated,
increasing grasp diversity while exhibiting a tendency toward reduced success
rates. Notably, when the threshold is set to 1.0, the model maintains a high suc-
cess rate while preserving competitive diversity, achieving a favorable balance
between grasp feasibility and variation. This behavior naturally corresponds to
scenarios where an object can be confidently grasped in multiple ways, allow-
ing the model to activate several plausible grasp types and randomly select one
among them instead of collapsing to a single dominant mode.

4.4 Real World Experiments

We conducted real-world grasping experiments to verify the practical effective-
ness of our method. Ten objects are evaluated, with each object tested in three
independent trials, achieving an overall success rate of 70%, as illustrated in
Fig. Iﬂ The model is trained on the leap hand dataset provided by BODex.
Our experimental setup consists of a leap hand mounted on a Franka Research
3 robotic arm, with an Orbbec Femto Bolt depth camera for perception. As the
training data are generated under floating-object settings without environmen-
tal constraints, some predicted grasps may be infeasible in tabletop scenarios.
Therefore, we filter out grasp poses that may result in collisions between the
hand, the object, or the table, with the assistance of a motion planner to ensure
collision-free feasibility during execution. In practice, the robotic arm is first
moved to the predicted pose of the dexterous hand root, after which the leap
hand joints are commanded to the predicted angles. Ten videos and additional
implementation details are provided in Appendix.

5 Conclusion

We presented RAGrasp, a retrieval-augmented framework for dexterous grasp
generation from partial observations. The framework introduces a Geometry-
Aware hand pose Initialization strategy (GAI), which leverages a data collection
module and object similarity retrieval to provide geometry-aligned initial sam-
ples that facilitate grasp pose generation. In addition, we propose a Diversity-
Aware grasp-type Selection network (DAS), a dual-head classifier that improves
grasp diversity while allowing flexible diversity adjustment. Extensive evalua-
tions on BODex and Dexonomy demonstrate state-of-the-art grasp success rates.
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