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Figure 1. We introduce GraspLDP, a generalizable grasping policy integrated with the prior from grasp detector via latent diffusion.
Specifically, prior works generally (a) predict the grasp pose (e.g. Anygrasp [10]) or (b) generate action sequence (e.g. Diffusion Policy [7])
for grasping. In contrast, (c) our method extracts grasp priors from a pre-trained grasp detector for action refinement in latent space, and
(d) achieves substantial advantages over previous works in diverse grasping tasks.

Abstract

This paper focuses on enhancing the grasping precision
and generalization of manipulation policies learned via im-
itation learning. Diffusion-based policy learning methods
have recently become the mainstream approach for robotic
manipulation tasks. As grasping is a critical subtask in ma-
nipulation, the ability of imitation-learned policies to exe-
cute precise and generalizable grasps merits particular at-
tention. Existing imitation learning techniques for grasping
often suffer from imprecise grasp executions, limited spa-
tial generalization, and poor object generalization. To ad-
dress these challenges, we incorporate grasp prior knowl-
edge into the diffusion policy framework. In particular, we
employ a latent diffusion policy to guide action chunk de-
coding with grasp pose prior, ensuring that generated mo-
tion trajectories adhere closely to feasible grasp configura-
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tions. Furthermore, we introduce a self-supervised recon-
struction objective during diffusion to embed the graspness
prior: at each reverse diffusion step, we reconstruct wrist-
camera images back-projected the graspness from the in-
termediate representations. Both simulation and real robot
experiments demonstrate that our approach significantly
outperforms baseline methods and exhibits strong dynamic
grasping capabilities.

1. Introduction
Within the broader robotic manipulation pipeline, grasping
serves as a pivotal initial step that enables physical interac-
tion. Besides, grasp detection methods have achieved re-
markable results by mapping visual inputs, such as images
or point-clouds, to viable grasp poses. Recently, visuomo-
tor policies derived from imitation learning [4, 7, 19, 47]
have demonstrated significant potential in general-purpose
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robotic manipulation. Trained on large-scale demonstration
data, these policies can exhibit zero-shot generalization and
achieve robust error correction against external disturbances
via closed-loop control. However, specifically for the grasp-
ing stage, these general-purpose policies often fall short of
specialized grasp detection methods, as modeling the entire
action sequence of grasping is an inherently more complex
task. Therefore, enhancing the capability of general visuo-
motor policies to perform fine-grained generalized grasping
is a critical research objective.

To address this issue, prior research has primarily fo-
cused on two directions: data-centric strategies and the in-
tegration of additional prior knowledge. From the data-
centric perspective, to alleviate the scarcity of grasping
demonstrations, GraspVLA [9] generates a massive dataset
Syngrasp-1b of 1 billion simulated frames to train a Vision-
Language-Action (VLA) model, which in turn demon-
strates remarkable zero-shot sim-to-real transfer capabil-
ities. However, large-scale data generation incurs sub-
stantial computational cost: Syngrasp-1b consumes 160
RTX 4090 GPUs for 10 days to simulate, an really un-
economical expense. On the other hand, large VLA mod-
els also suffer from high inference latency and low action
frequency, which hinders real-time grasping in dynamic
scenes. Regarding the integration of additional knowledge,
some works [14, 15, 31] enhance imitation learning frame-
works to enhance grasp performance by incorporating a
grasp detection network, whose accurate predictions of the
target grasp pose provide efficient guidance for the policy
model. Compared to GraspVLA, these methods can achieve
more efficient usage of the demonstration data and reduce
inference latency. However, these methods treat grasp poses
merely as conditional input for the policy model, which
leads to two issues. On the one hand, the input grasp pose is
weakly correlated with the output action sequence, making
it difficult to provide efficient guidance. On the other hand,
the mismatch between the low-semantic grasp pose and the
visual inputs causes the policy model to fail to adequately
extract information about the spatial distribution of grasps.

To overcome these challenges, drawing inspiration from
recent advances in image generation [1, 41, 46], we intro-
duce a novel grasp guidance framework built upon latent
diffusion models. In contrast to previous methods, our key
innovation is to steer the action generation process by con-
structing an action latent space and injecting the precise
target grasp pose. As illustrated in Fig. 1 (c). Instead of
holistically modeling the entire grasp sequence with a sin-
gle policy, our method disentangles the action latent gener-
ation into two distinct components: a target grasp pose and
the corresponding motion policy. The former is predicted
by a dedicated grasp detection network, while the latter is
learned by the diffusion model. This decomposition bridges
the gap between the static target grasp pose and the dy-

namic action sequence by projecting both into a shared la-
tent space. Furthermore, to minimize the mismatch between
grasp pose and visual inputs, we provide the latent diffusion
policy with a visual graspness cue. This cue is a graspness
map [37], which is also generated by the grasp detector, ex-
plicitly directs the policy’s attention toward grasp-relevant
regions.

In this paper, we propose a framework for generalizable
grasping policy via latent diffusion following [30]. Under
this two-stage framework, we effectively integrate priors in-
cluding graspness map and grasp pose from grasp detection
network. For grasp pose prior, we refine action chunks un-
der the guidance of a grasp pose in latent space encoded by
a Variational Auto-Encoder (VAE) in Action Latent Learn-
ing stage, enabling more effective steering of low-semantic
information. For graspness map prior, we attach the grasp-
ness map to the wrist camera image as a visual cue to
condition the diffusion model’s denoising process in Diffu-
sion on Latent Action Space stage. In each denoising step,
we reconstruct the wrist-view image as an auxiliary self-
supervised objective to strengthen the policy’s conditioning
on the graspness cue. During inference, we further propose
Heuristic Pose Selector (HPS) which jointly considers grasp
pose quality and the current end-effector state to choose the
most appropriate grasp pose from candidates as guidance.
Experimental results show that our method further improves
in-domain grasping success rate by 17.5% compared to dif-
fusion policy, and yields significant gains in spatial, object
and visual generalization of 22.2%, 46.8% and 48.3%, re-
spectively. We also find that our approach remains highly
effective in dynamic grasping, demonstrating the practical
potential of the proposed method.

2. Related work
Grasp Detection. Grasp detection has been extensively
studied over the past decade. This task typically aims to pre-
dict feasible grasp poses for objects based on visual obser-
vations. GPD [35] pioneers a two-stage pipeline that com-
bined a sampling algorithm in large-scale candidates with a
CNN-based scoring module, achieving high precision in 6-
DoF grsap detection. Subsequently, end-to-end grasp detec-
tion methods [10, 11, 24–27, 37] become a major research
focus. [27] proposes a conditional variational grasp gen-
erator that models multimodal 6-DoF grasp distributions.
GraspNet-1Billion [11] is a large-scale benchmark for gen-
eral grasping that contains over a billion labeled grasp can-
didates, greatly alleviating data scarcity and evaluation in-
consistency. GSNet [37] introduces the notion of graspness
measures the point-wise graspability in the point-cloud.
AnyGrasp [10] addresses the spatiotemporal dimension
with dense supervision and demonstrates human-like per-
formance on bin-picking and dynamic grasping tasks. With
the rise of LLMs and VLMs, works like GraspGPT [34] and
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ThinkGrasp [29] have begun to integrate vision–language
reasoning to enable task-oriented grasp detection in clut-
tered scenes. While these open-loop grasp approaches
achieve respectable accuracy, the absence of closed-loop
perception during grasp execution limits their adaptability
and degrades performance in dynamic environments.

Visual Imitation Learning. In recent years, visual imi-
tation learning has advanced substantially. Early behavior
cloning works [12, 17] fitted mappings from robot states to
actions using expert demonstrations to accomplish robotic
manipulation tasks. Subsequent methods such as ACT [47]
and Diffusion Policy [7] leverage generative models to pro-
duce action chunk from 2D visual observations, achieving
significant success. Following [7], diffusion-based models
became widely adopted for visual imitation learning. 3D
Diffusion Policy [45] and 3D Diffuser Actor [18] extend
2D visual observations to 3D space to enhance spatial per-
ception. [6, 39] and [36, 38] introduce 3D semantic fields
and equivariance into diffusion policies respectively to im-
prove sample efficiency and generalization. RDP [42] pro-
poses a visual-tactile diffusion framework that integrates
tactile or force information for contact-rich manipulation
task. Meanwhile, large VLA models have also begun to
adopt diffusion head for action generation after preliminary
explorations[19, 48]. Octo [13] uses a diffusion action head
to predict action chunking. Then RDT-1B [23] builds a
much larger DiT [28] to realize general bimanual manip-
ulation. π0 [4] and π0.5 [16] employs flow-matching [21]
to achieve higher-frequency and smoother action sequence.
Due to the absence of task-specific design for grasping,
policy-based approaches are often suboptimal. In contrast,
our method effectively addresses the limitations of closed-
loop grasping strategies in terms of accuracy and general-
ization by incorporating prior knowledge of grasping.

Visuomotor Policy for Grasping. In this section, we focus
on works that design imitation learning policies for grasp-
ing. GraspVLA [9] is a data-centric approach for universal
grasping. Fueled by one billion frames of data, it explicitly
adopts a Chain-of-Thought (CoT) [40] pipeline named Pro-
gressive Action Generation, causing the model to output the
bounding box and the grasp pose of the target object before
generating the action chunk by flow matching action expert.
This pipeline achieves state-of-the-art results in universal
closed-loop grasping. Simultaneously, some prior-centric
approaches have been proposed that integrate grasp detec-
tion module or grasp pose into imitation learning work-
flows. PPI [43] first leverages discrete key poses (which
can be viewed as generalized grasp poses) to guide con-
tinuous action generation: the paper treats object pointflow
and key gripper poses as intermediate interfaces that steer
denoising process, showing effectiveness on long-horizon
bimanual tasks. Robograsp [15] injects pose-aware grasp-
ing features for planar grasps as one conditioning input to a

diffusion policy and synchronously calls a pre-trained grasp
detector at every inference timestep; Spatial Robograsp [14]
extends this idea to full 6-DoF grasps. GPA-RAM [31] uses
pre-trained M2T2 [44] and ResNet as grasp detectors and
fuses their implicit features with Spatial Attention Mamba
output tokens to predict the next key pose for task execu-
tion. In summary, current research has not fully mined the
mature grasp detection literature for richer priors—most ef-
forts remain limited to grasp poses—and the methods for
introducing those priors still require further exploration.

3. Method
3.1. Overview
Our method can be formulated as learning a visuomotor pol-
icy π : O → A that maps observations to action chunks.
Our core insight is that grasp priors can not only increase
the accuracy of actions in grasping tasks by providing pre-
cise grasp configurations and improve generalization by re-
ducing the policy’s reliance on raw visual observations and
proprioceptive states. To this end, we propose GraspLDP,
a two-stage trained latent diffusion model as shown in Fig-
ure 2. The detailed design rationale and technical specifics
are presented in the following subsections.

3.2. Grasp Guidance in Latent Space
Diffusion policy can be formulated as a conditional de-
noising model conditions on the current timestep obser-
vation Ot, which includes RGB images, depth maps, and
the robot’s proprioceptive states. Concretely, starting from
Gaussian noise Ak

t , the denoising network ϵθ performs k
steps of a Markov process with parameterized Gaussian
transitions to produce the final clean action chunk A0

t :

Ak−1
t = α

(
Ak

t − γϵθ(Ot, A
k
t , k) +N (0, σ2I)

)
. (1)

To generate actions guided by a target grasp pose G, a natu-
ral idea is to include the pose directly as part of the observa-
tion or proprioceptive state and condition the denoising pro-
cess on it. On the one hand, modeling the joint conditional
distribution in this way both dilutes the guiding strength of
the grasp pose and makes denoising training harder. On the
other hand, performing grasp detection and action-chunk
denoising sequentially increases inference latency, and low
policy latency is itself important for task success. Inspired
by prior work [33, 42], we therefore adopt a latent diffusion
policy. Concretely, we first use a lightweight VAE encoder
to compress action chunks into compact action latents Z:

Z = E(A). (2)

These latents are paired with the trajectory’s corresponding
grasp pose G and then reconstructed into action chunks by
a asymmetric decoder:

Â = D(Z⊕ G). (3)
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Figure 2. Framework of proposed GraspLDP. In Action Latent Learning stage action chunks are refined under the guidance of a grasp pose
in latent space encoded by a VAE. In Diffusion on Latent Action Space stage the graspness cue is used to condition the diffusion model’s
denoising process and to reconstruct for enhancement.

The VAE is trained using an L2 reconstruction loss with a
Kullback-Leibler (KL) penalty loss [20] as follows:

LV AE = MSE(A, Â) + λLKL. (4)

Under this scheme, the denoising objective for our latent
diffusion policy targets the much more compact action la-
tent representation.

3.3. Visual Graspness Cue
Graspness measures the likelihood that a point in point-
clouds affords a feasible grasp. While this notion su-
perficially resembles the concept of affordance [2, 8, 32],
graspness is in fact a more precise, geometry-driven form
of grasp affordance. As illustrated in Figure 2, we com-
pute point-wise graspness score si ∈ [0, 1] over the depth-
projected point-cloud using a pretrained graspness network.

Following the success of previous visual prompting
schemes in robotic manipulation, we back-project grasp-
ness score to pixel space Ω obtaining graspness map M :

Ω = {(j, k) | 0 ≤ j < H, 0 ≤ k < W}, (5)

M(j, k) = sπ(j,k), (j, k) ∈ Ω, (6)

where π : π(j, k) = i is the operator that projects pixels to
3D points. Then the graspness map M is superimposed on
the wrist-view RGB image and only points whose graspness
exceeds a threshold τ will be counted to mitigate excessive
noise contamination to preserve the information content of
the original image:

Ocue(j, k) =

{
Owrist(j, k), M(j, k) ≤ τ,

masked color, M(j, k) > τ
. (7)

Then we directly use the resulting masked image as a visual
cue to condition the denoising process of policy, aiming to

directs the motion towards graspable regions. At the same
time, to encourage the model to attend to these visual cues
rather than simply rely on condition, we use Ocue as an aux-
iliary self-supervised learning (SSL) objective:

LRecon. = MSE(Ocue, Ôcue), (8)

we reconstruct Ocue from intermediate representations of
the reverse diffusion process and optimize this reconstruc-
tion jointly with the diffusion loss:

LDiff. = MSE
(
ϵk, ϵθ(ᾱkZ

0 + β̄kϵ
k, O, k)

)
, (9)

LLDP = LDiff. + λRecon.LRecon. (10)

3.4. Heuristic Pose Selector
In the inference pipeline, a key challenge is how to select
an appropriate from grasp pose candidates prdiected by pre-
trained grasp detector, since evidently unsuitable pose guid-
ance could degrade the success rate during grasp execution.
This process can be formally defined as selecting G∗ from
G = {G0,G1, . . . ,Gm}. We consider two factors in the se-
lection: the score of the grasp predicted by grasp detector
and the spatial relationship between the grasp pose and the
current end-effector pose. The former represents the intrin-
sic quality of the grasp, while the latter governs kinematic
proximity, yielding smoother and more kinematically fea-
sible end-effector trajectories. Based on these factors we
implement a Heuristic Pose Selector (HPS).

First we discard any grasp poses that collide with the
environment using collision detection, and then apply non-
maximum suppression (NMS) to avoid highly redundant
candidate poses. We then score the remaining grasps by
their grasp score which is also predicted by grasp detec-
tor and keep the top-k candidates, forming the shortlist
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Figure 3. Inference Pre-process presents our inference pipeline
with Heuristic Pose Selector.

G = {Gm0,Gm1, . . . ,Gmk}. Given the current end-effector
pose P , we measure the pose error between P and each
candidate Gj using a pseudo-metric called SE(3) geodesic
distance d since there is no bi-invariant metric on SE(3)
space [3, 5]:

ξ = log(P−1Gj), j ∈ {m0,m1, . . . ,mk}, (11)

dGj ,W =
√
ξ⊤W ξ. (12)

Here W = diag(wt, wt, wt, wr, wr, wr) is a 6 × 6 diago-
nal weighting matrix used to make rotation and translation
commensurate. We then select the grasp G∗ that minimizes
this distance dj as our final grasp choice:

G∗ = argmin
Gj∈G

d(Gj). (13)

With the selected grasp and denoised action latent, the VAE
decoder reconstructs the final action chunk as Equation 3,
which will be excluded by manipulator.

4. Experiments
4.1. Experimental Setup
Benchmark. We conduct simulation experiments on the
LIBERO [22] benchmark covering data collection, training,
and evaluation. We curate and filter a training set of roughly
12K high-quality demonstrations over 20 objects, cover-
ing varied object poses and diverse grasp poses. For evalu-
ation of generalization we select unseen objects from both
the similar and novel splits in Graspnet-1billion [11], which
are held-out not only for our GraspLDP but also for the pre-
trained grasp detection network used in the pipeline to en-
sure a fair comparison. More detailed procedures for con-
structing the benchmark are provided in the Appendix.

Baselines. To validate the architectural advances of our
GraspLDP, we compare to vanilla Diffusion Policy [7],
and to the generalist manipulation policy OpenVLA [19]—
both in zero-shot setting and in a version fine-tuned on
our dataset. Since our work focuses specifically on grasp-
ing, we also compare with the state-of-the-art method
GraspVLA [9]. In addition, we define an Ours Baseline like
prior studies [14, 15] which treats the grasp pose merely as
another conditioning input concatenated with other obser-
vations during the denoising process and doesn’t use our
two-stage latent design.
Metric. In all the following experiments, Success Rate
(SR) is defined as the percentage of trails that successfully
complete the grasping task out of the total number of trails
with the maximum time-step threshold Tmax = 150. A
grasp is counted as successful when the target object is sta-
bly gripped and lifted above a specified height. For clut-
tered scenarios evaluation, Scene Completion Rate (SCR)
is adopted for evaluating the percentage of how many ob-
jects of the scene successfully grasped within the allowed
attempts. To quantify how well our method follows the tar-
get grasp pose guidance TGP , we introduce a new metric,
Grasp Frame Error (GFE). For each trajectory, we de-
note the pose of frame at which the gripper begins to close
as Grasp Frame Pose (GFP). For TGFP , TGP ∈ SE(3) we
follow Equations (11) and (12) and compute the GFE as de-
fined there.

GFE =
√
log(T−1

GFPTGP )⊤ W log(T−1
GFPTGP ). (14)

4.2. Simulation Evaluation
In Domain Evaluation. To evaluate the capacity of our
policy, we first conduct in-domain experiments where both
the objects and their poses appear in the training set. For
each test object we evaluate five distinct object poses and
repeat each pose 13 trials, which ensures to capture the di-
versity of possible grasping strategies and the large number
of repetitions increases statistical reliability.

As shown in Table 1, the Diffusion Policy achieves a rel-
atively good grasp success rate in the in-domain test set,
while the fine-tuned OpenVLA still achieves only 57.5%
SR. GraspVLA demonstrates strong zero-shot grasping
ability, but with high variance: it achieves nearly 100% on
some objects while nearly 0% on others. In contrast, Gras-
pLDP attains the highest SR of 80.3%. By effectively in-
corporating grasp priors, our policy achieves greater grasp-
ing precision as shown in Figure 5, whereas pervious meth-
ods often produce imprecise grasp frame poses that lead to
collisions or outright grasp failures.
Generalization Evaluation. We evaluate generalization
along three axes including Spatial Generalization, Object
Generalization, and Visual Generalization. As summa-
rized in Table 1, the Diffusion Policy suffers a large per-
formance drop when confronted with novel objects or light
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Table 1. Results of evaluation in simulator. In Domain denotes cases where both the objects and their poses were present in the training
data; Spatial Generalization measures how well the model handles those training objects placed in unseen poses; Object Generalization
assesses performance on entirely novel objects; and Visual Generalization tests robustness under visual disturbances like lighting changes.
The † refers to the model that has been fine-tuned on our dataset for fair comparison.

Method In Domain Spatial
Generalization

Object
Generalization

Visual
Generalization Average

Diffusion Policy [7] 62.8 (204/325) 48.9 (159/325) 11.4 (37/325) 16.3 (53/325) 34.9
OpenVLA [19] 1.2 (4/325) 0.9 (3/325) 1.5 (5/325) 0.0 (0/325) 0.9
OpenVLA† [19] 57.5 (187/325) 41.2 (134/325) 14.5 (47/325) 12.3 (40/325) 31.4
GraspVLA [9] 50.8 (165/325) 49.5 (161/325) 46.8 (152/325) 51.7 (168/325) 49.7

Ours Baseline 72.3 (235/325) 59.1 (192/325) 48.3 (157/325) 47.7 (155/325) 56.9
GraspLDP 80.3 (261/325) 71.1 (231/325) 58.2 (189/325) 64.6 (210/325) 68.6

Table 2. Results of ablation study. ID, SG, OG, and VG denote In Domain, Spatial, Object and Visual Generalization, respectively. GC
and LG denotes Graspness Cue and Latent Guidance. CG denotes Condition Guidance used in Ours Baseline.

Method ID SG OG VG

SR↑ GFE↓ SR↑ GFE↓ SR↑ GFE↓ SR↑ GFE↓

GraspLDP 80.3 1.33 71.1 1.61 58.2 2.10 64.6 1.92
w/o GC 77.4 (-2.9) 1.49 (+0.16) 67.3 (-3.8) 1.81 (+0.20) 54.2 (-4.0) 2.33 (+0.23) 57.5 (-7.1) 2.30 (+0.38)
w/o LG w/ CG 73.5 (-6.8) 1.58 (+0.25) 62.2 (-8.9) 2.07 (+0.46) 52.3 (-5.9) 2.42 (+0.32) 54.5 (-10.1) 2.35 (+0.43)
w/o LG 60.6 (-19.7) - 49.8 (-21.3) - 21.2 (-37.0) - 19.4 (-45.2) -
w/o GC & LG 55.1 (-25.2) - 46.2 (-24.9) - 16.0 (-42.2) - 15.7 (-48.9) -

Figure 4. Inference latency of three methods on an RTX 4090
GPU, with the policy action horizon aligned to 8 for each
inference. Results of GraspVLA are after acceleration with
torch.compile().

conditions: out-of-distribution (OOD) visual observations
substantially degrade its capability. By contrast, GraspVLA
shows strong zero-shot generalization and stable perfor-
mance across evaluation splits, which we attribute to its
model capacity and large-scale simulation data. Our method
achieves the best results across all three generalization set-
tings, indicating that the graspness cue and grasp pose guid-
ance enable the model to remain robust under OOD visual
observations and still generate correct grasp trajectories.
Inference Time Analysis. Because our method adds extra
processing at each inference timestep, a quantitative anal-
ysis of inference latency is necessary. As shown in Fig-

Table 3. Ablation study on selection strategy of grasp pose.

Method ID SG OG VG

w/ random 66.8 (-13.5) 60.6 (-10.5) 51.7 (-6.5) 54.5 (-10.1)
w/ highest 72.0 (-8.3) 63.1 (-8.0) 55.4 (-2.8) 58.2 (-6.4)
w/ nearest 69.5 (-10.8) 61.8 (-9.3) 53.8 (-4.4) 56.0 (-8.6)

w/ HPS 80.3 71.1 58.2 64.6

ure 4, our method introduces two additional components:
graspness inference (36 ms) and latent decode (< 1ms)
compared to vanilla Diffusion Policy. At the same time, a
smaller dimensionality of latent space leads to faster pol-
icy inference. Overall, GraspLDP is only about 15% slower
than diffusion policy with the same configuration, deliver-
ing nearly a twofold improvement in overall success rate.
For GraspVLA, its inference latency remains 154ms higher
than GraspLDP even with acceleration, which means our
method can respond faster in dynamic scene.

4.3. Ablation Study
We first ablate the major components of the framework
to evaluate their individual contributions. Graspness Cue
and Latent Guidance refer to two incremental augmenta-
tions: the former adds the geometry-driven graspness visual
cue together with an auxiliary self-supervised reconstruc-
tion objective, while the latter conducts grasp pose guid-
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Figure 5. Qualitative experimental analysis. (a) Grasping trials using objects ”mug”, ”mustard bottle”, and ”thera med” in simulator. (b)
Real world grasping trials corresponding to in domain, object generation, and visual generation performance. In particular, we use colored
LED strips in low-light conditions to simulate visual interference.

ance inside the latent space of the action chunk. We also
report GFE to quantify how well each method follows the
guidance of target grasp pose. As shown in Table 2, the
Graspness Cue increases overall grasp success rate, with the
effect most pronounced in VG evaluation split. We attribute
this to the geometric, illumination-invariant nature of grasp-
ness: under challenging lighting or visual noise, the grasp-
ness cue provides a lighting-robust visual hint that draws the
end-effector toward higher graspness regions. Large reduc-
tion on SR when we remove LG and increase on GFE when
we relpace LG with CG indicate that guiding the policy in
the compact latent action representation is a more effective
and precise way to incorporate the grasp pose prior.

Additionally, we perform an ablation study on our pro-
posed grasp pose selection strategy. Using the fully trained
GraspLDP model, we replace the HPS at inference time
with three simple alternatives: random (uniformly sample
a candidate from G), highest (pick the grasp with the largest
grasp score), and nearest (pick the grasp with the smallest
SE(3) distance to the current end-effector pose). Table 3 re-
ports the results. The experiments clearly demonstrate the
benefit of HPS’s balanced design. HPS jointly trades off
grasp quality and kinematic proximity, yielding smoother,
more feasible end-effector trajectories and significantly bet-
ter task success than any single-criterion selection rule.

4.4. Real World Evaluation
Settings. Our real world evaluation setup is shown in Fig-
ure 6. We perform experiments on a Franka Research
3 manipulator. The wrist-view camera is an Intel Re-
alSense D405, the agent-view camera is an Intel RealSense
L515. We include an additional side-view RealSense D405
solely for evaluating GraspVLA. The workspace covers a

Figure 6. Settings of real world evaluation and daily objects used
for training and evaluation.

Table 4. Results of real world evaluation. Because it’s difficult to
ensure identical object poses in the real world, we merge the ID
and SG splits into a single evaluation set.

Method ID&SG OG VG Avg

Diffusion Policy [7] 65.0 43.0 21.0 43.0
GraspVLA [9] 29.0 27.0 22.0 26.0
Anygrasp [10] 82.0 78.0 79.0 79.7
GraspLDP 84.0 75.0 77.0 78.7

50 × 50 × 20 cm3 region. Our object set consists of ev-
eryday items: 10 training objects and 13 test objects, in-
cluding most rigid bodies and a small number of articulated
and deformable objects. For each training object we collect
50 demonstrations (500 demonstrations total) to train both
our method and Diffusion Policy; we also compare against
GraspVLA and AnyGrasp[10]. To ensure fair evaluation,
the robot’s initial pose, workspace bounds and all camera
extrinsics remain fixed across every experiment. Each eval-
uation set contains 10 objects, and for each object we run 10
trials with different poses sampled across the workspace.
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Table 5. Results of cluttered scenarios evaluation in real world.

Method Scene1 Scene2 Scene3 Scene4 Avg

SR↑ SCR↑ SR↑ SCR↑ SR↑ SCR↑ SR↑ SCR↑ SR↑ SCR↑

Diffusion Policy [7] 10.0 20.0 0.0 0.0 20.0 28.6 10.0 12.5 10.0 15.4
GraspVLA [9] 20.0 40.0 0.0 0.0 30.0 42.9 10.0 12.5 15.0 23.1
Anygrasp [10] 83.3 100.0 66.7 100.0 77.8 100.0 60.0 75.0 70.1 92.3
GraspLDP 83.3 100.0 100.0 100.0 100.0 100.0 60.0 75.0 82.8 92.3

Figure 7. Detailed results of in domain&spatial generalization and
object generalization in the real world.

Main Results. The overall experimental results are sum-
marized in Table 4. Our method achieves the best success
rate of 84.0% on the ID&SG evaluation, and it maintains
strong robustness under novel objects and extreme visual
variations—achieving an overall SR comparable to Any-
Grasp. This indicates that our design enables the closed-
loop policy to inherit the grasp detector’s strong generaliza-
tion to novel objects and visual changes, significantly out-
performing the Diffusion Policy and GraspVLA. Figure 7
provides a detailed per-object breakdown of each method’s
performance for the ID&SG and OG evaluations.
Cluttered Scenarios Evaluation. We conduct grasping
experiments in cluttered scenes using the same real robot
setup. As shown in Appendix, we design four cluttered sce-
narios containing from 5 to 8 objects; Scene 4 even includes
a more challenging stacked-object configuration. The pro-
gressively increasing difficulty makes it clearer to reveal
each method’s limits in handling cluttered Scenarios.

The results are summarized in Table 5, both our method
and AnyGrasp achieve the highest SCR of 92.3%, while our
method attains a 12.7% higher SR. This outcome is notable
because, unlike AnyGrasp which is trained on multi-object
point-cloud data, GraspLDP was trained only on single ob-
ject grasping demos. GraspLDP successfully grasps every
object in Scene 1–3 and still demonstrates strong perfor-
mance in the stacking scenario, indicating good generaliza-
tion across the height of workspace which is often over-
looked in previous work. Due to zero-shot deployment,
GraspVLA could only complete the simplest grasps, though
it still outperforms the diffusion policy which is frequently
confused by multi-object interference.

Table 6. Results of dynamic grasp task.

Method banana
moving

watermelon
moving

mug
handover

Diffusion Policy [7] ✗/ ✗/ ✗ ✗/ ✗/ ✗ ✓/ ✗/ ✗

GraspVLA [9] ✓/ ✓/ ✗ ✓/ ✗/ ✗ ✗/ ✗/ ✗

Anygrasp [10] ✓/ ✓/ ✗ ✓/ ✗/ ✗ ✓/ ✗/ ✗

GraspLDP ✓/ ✓/ ✗ ✓/ ✓/ ✓ ✓/ ✓/ ✗

Dynamic Grasp. We also validate our method’s dynamic
grasping capability on the same real robot setup. For Gras-
pLDP and Diffusion Policy we shorten the action horizon
from 8 to 4 so the controller can react more promptly to
object motion. Results in Table 6 show that the diffusion
policy trained on static grasp data almost fails to adapt to
dynamic scenes. By contrast, our method, which updates
the pose of guiding grasp synchronously, can track, ap-
proach, and grasp moving objects. With a higher inference
frequency, it achieves markedly better performance than
GraspVLA. Compared to AnyGrasp, which uses a tracker
to maintain temporal consistency across adjacent frames,
rapid changes in the target pose still induce abrupt changes
in end-effector trajectories and cause failures, our HPS ex-
plicitly accounts for the SE(3) distance between the current
end-effector pose and grasp pose candidates, and the policy
itself conditions on recent end-effector states. As a result,
GraspLDP generates more continuous and smoother grasp
trajectories and attains higher success rates.

5. Conclusion

In this work, we propose a framework of generalizable la-
tent diffusion policy for grasping. GraspLDP adopt grasp
pose guidance in latent action space and leverages auxiliary
self-supervised reconstruction of graspness cues to achieve
higher grasping precision and improve spatial, visual and
object generalization. It can handle cluttered multi-object
scenarios and shows promising capability in dynamic sce-
narios. The method demonstrates strong performance and
scalability, offering a promising foundation for future work
on robotic foundation model for grasping and manipulation.
Limitations. Our method may still face challenges when
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handling highly deformable or fragile objects such as egg
or beaker. In future works we plan to incorporate high fre-
quency tactile and force/torque signals into the framework
and explore more general grasping policy.
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