
Subsecond 3D Mesh Generation for Robot Manipulation

Qian Wang, Omar Abdellall∗, Tony Gao∗, Xiatao Sun, Daniel Rakita
Department of Computer Science, Yale University

{peter.wang.qw262, omar.abdellall, t.gao, xiatao.sun, daniel.rakita}@yale.edu

Fig. 1: Our system for sub-second 3D mesh generation from RGB-D input. The system combines three stages: (1) Open-
vocabulary segmentation using Florence-2 and SAM2 with depth enhancement via Depth Anything v2 (0.2s), (2) Accelerated
mesh generation using FlashVDM-distilled Hunyuan3D 2.0 (0.5s), and (3) Object registration via RANSAC and ICP to align
the mesh with observed point cloud (0.15s). The 0.85s total runtime marks a critical step toward real-time robotic applications.

Abstract— 3D meshes are a fundamental representation
widely used in computer science and engineering. In robotics,
they are particularly valuable because they capture objects in
a form that aligns directly with how robots interact with the
physical world, enabling core capabilities such as predicting
stable grasps, detecting collisions, and simulating dynamics.
Although automatic 3D mesh generation methods have shown
promising progress in recent years, potentially offering a
path toward real-time robot perception, two critical challenges
remain. First, generating high-fidelity meshes is prohibitively
slow for real-time use, often requiring tens of seconds per object.
Second, mesh generation by itself is insufficient. In robotics, a
mesh must be contextually grounded, i.e., correctly segmented
from the scene and registered with the proper scale and pose.
Additionally, unless these contextual grounding steps remain ef-
ficient, they simply introduce new bottlenecks. In this work, we
introduce an end-to-end system that addresses these challenges,
producing a high-quality, contextually grounded 3D mesh from
a single RGB-D image in under one second. Our contribution
is a system level design that integrates open-vocabulary object
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segmentation, accelerated diffusion-based mesh generation, and
robust point cloud registration, each optimized for both speed
and accuracy. We demonstrate its effectiveness in a real-world
manipulation task, showing that it enables meshes to be used as
a practical, on-demand representation for robotics perception
and planning. Open-source code and videos are located at the
paper website.1

I. INTRODUCTION

3D meshes are a fundamental representation in computer
science and engineering. Defined by vertices, edges, and
faces, they encode explicit object geometry and topology in
a form that supports direct physical reasoning [6]. Unlike
representations such as images, voxel grids, signed distance
functions, or radiance fields, meshes provide an explicit,
physics-ready blueprint of the world, enabling algorithms to
operate directly on geometry and surface detail.

In robotics, a mesh aligns closely with how robots must
interact with the world, supporting essential tasks such as
predicting stable grasps, planning collision-free trajectories,

1https://apollo-lab-yale.github.io/26-ICRA-subsecond-mesh-gen-website/
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and simulating contact dynamics [36, 16]. If objects in a
robot’s environment could be represented as high-fidelity
meshes, much of the complexity of perception would sim-
plify into a representation that is easily usable by downstream
planning and control strategies.

Despite the representational power of 3D meshes in
robotics, translating this representation to real-world environ-
ments at scale is a significant challenge. Manually created
meshes, as used in graphics and game development, are
impractical for robotics: robots must operate in unstructured,
ever-changing environments where new objects continually
appear. Early robotic systems often circumvented this chal-
lenge by assuming a finite set of known objects, using
fiducial markers like AprilTags [28] or database lookups
of CAD models [21]. Although effective in constrained
scenarios, such approaches are fundamentally unscalable in
open-world environments.

Recent advances in generative modeling have begun to
close this gap, producing detailed 3D meshes directly from
RGB images. However, two critical challenges remain. First,
high-fidelity mesh generation is prohibitively slow for real-
time use, often requiring tens of seconds per object. Second,
mesh generation alone is not sufficient in robotics. In this
context, a mesh must be contextually grounded, i.e., correctly
segmented from the scene and registered with the proper
scale and pose. Compounding this challenge, unless these
additional contextual grounding steps remain efficient, they
simply introduce new bottlenecks.

In this paper, we introduce the first end-to-end system
capable of generating a high-quality, contextually grounded
(i.e., segmented and registered) 3D mesh from a single
RGB-D image in under one second. Our pipeline combines
three tightly integrated components: (1) open-vocabulary
segmentation to identify and isolate objects of interest; (2)
an accelerated diffusion-based model to produce high-fidelity
meshes; and (3) robust point cloud registration to recover the
correct scale and pose within the scene.

The mesh generation stage is based on Hunyuan3D 2.0
[37], but, to overcome its prohibitive latency for robotics,
we incorporate FlashVDM [14], which applies progressive
flow distillation to reduce the number of diffusion steps from
dozens to as few as three. To further accelerate inference, we
adopt hierarchical SDF decoding with adaptive key–value
selection, reducing volumetric decoding costs by over 90%.
Together, these techniques deliver generative fidelity com-
parable to full diffusion pipelines while reducing runtime
from tens of seconds to well under one second. By unifying
these advances into a single low-latency pipeline, our system
transforms mesh acquisition from a slow, offline process into
a practical, on-demand tool toward real-time robotics.

To demonstrate the efficacy of our system, we conduct
an evaluation with three sub-experiments (§IV). First, we
analyze the runtime of each component to confirm sub-
second performance and identify bottlenecks. Second, we
perform ablation studies comparing alternative designs for
segmentation, generation, and registration, highlighting the
trade-offs between speed and accuracy. Finally, we demon-

strate the system in a real-world manipulation task, showing
that it enables reliable on-demand grasping and placement
using generated meshes. These results collectively establish
that fast, contextually grounded mesh generation is not only
feasible but also effective for real-time robotic interaction.
We conclude with a discussion of the limitations and impli-
cations of our work.

II. RELATED WORKS

Our proposed pipeline combines modules for object de-
tection and segmentation, single-image 3D mesh generation,
and object localization. This section reviews each of these
areas and contextualizes our methodological choices.

A. Single-Image 3D Mesh Generation

Generating a 3D object from a single 2D image with both
quality and speed is a long-standing challenge, defined by a
fundamental tradeoff between inference speed and geometric
quality. Early works [11, 29, 33] established foundational
model architectures but suffered from either slow inference
or low geometric fidelity.

More recently, large-scale generative models have reached
a new level of quality. Models like Hunyuan3D 2.0
(H3D) [37] can generate high-resolution, textured 3D assets,
while others like TRELLIS [31] leverage structured priors
to improve geometric consistency. However, the primary
drawback of such models is their slow generation speed.
Models like TripoSR [27], SF3D [5], and MeshRAG [24]
focused on improving efficiency, but this speed often came
at the cost of reduced quality and limited generalization to
novel object categories. To break this quality-speed trade-
off, our system builds upon H3D’s high-fidelity generation
principles but applies two key modifications for acceleration.
First, we integrate FlashVDM [14] to speed up the generation
process. Second, we deliberately omit texture generation
to focus solely on fast, high-quality shape reconstruction–a
design choice motivated by the observation that most robotic
tasks (grasping, collision avoidance, dynamics simulation)
primarily require geometric rather than visual information.

B. Open-Vocabulary Object Segmentation

To generate a 3D mesh of a specific object, it must first
be precisely segmented from the background. The field of
universal image segmentation has produced powerful models
like OneFormer [13]. Our work employs the Segment Any-
thing Model 2 (SAM2) [19], which currently represents the
state-of-the-art, offering strong zero-shot generalization for
both images and videos. However, SAM2 requires an initial
point, bounding box, or mask to identify the target object.
In a robotic system operating autonomously, this prompting
must be automated through object detection.

Traditional object detection has seen rapid progress, from
real-time architectures like YOLOv12 [26] to Transformer-
based models like DINOv2 [17], which have achieved higher
accuracy on standard benchmarks. While effective, these
models are typically trained on a fixed set of classes,
fundamentally limiting their flexibility in open-world robotic
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scenarios where novel objects frequently appear. The solution
lies in Vision-Language Models (VLMs) that can detect
objects from free-form text prompts. These models exist on a
spectrum of scale and specialization. At the high end, mas-
sive generalist models like Flamingo [2] (80B parameters)
and PaLM-E [9] (562B parameters) demonstrate impressive
multi-modal reasoning but are computationally prohibitive
for real-time pipelines. In contrast, more specialized and ef-
ficient models have been developed for targeted vision tasks.
For instance, Florence-2 [32] (0.23B parameters) excels at
grounding text in images for which the small size makes it
ideal for a performance-critical system.

C. Object Localization and Spatial Grounding

Once a 3D mesh is generated, it must be localized within
the robot’s coordinate frame, recovering both the correct
scale and 6D pose relative to the observed scene. Recent
literature has converged on render-and-refine methods [18]
for this task. FoundationPose [30], for instance, performs
6D pose estimation by iteratively aligning rendered views
of an object with sensor data, which has been deployed in
multiple robotic systems [1, 23, 25]. However, these methods
fundamentally rely on photorealistic rendering, a process
which requires a textured mesh. As our pipeline deliberately
forgoes texture generation to maximize speed, these render-
based approaches are incompatible with our output.

Therefore, we employ direct geometric alignment via point
cloud registration. We employ RANSAC [10], a fast and
robust method for model fitting in the presence of outliers.
We also investigated more recent registration algorithms,
such as TEASER++ [34] for certifiable optimality and
BUFFER-X [22] for zero-shot generalization; our empirical
evaluations (§IV) demonstrate that a well-tuned RANSAC
implementation provides an effective combination of speed,
accuracy, and robustness for our specific task.

III. METHOD

Our system generates a registered, high-fidelity 3D mesh
from a single RGB-D image in under one second. As illus-
trated in Fig. 1, the system consists of three sequential stages:
open-vocabulary segmentation, accelerated mesh generation,
and robust point cloud registration.

A. Open Vocabulary Image Segmentation

The first stage of the pipeline identifies and segments
objects of interest from the input image. To enable flexi-
ble, open-vocabulary segmentation, we leverage the VLM
Florence-2 [32], which supports multiple segmentation
paradigms. In robotics contexts, two functionalities of
Florence-2 are particularly relevant: (1) prompt-free, generic
object-level segmentation and (2) text-guided object or
category-level segmentation. In this work, we primarily use
the text-guided mode. Given a prompt specifying target
object classes (e.g., “fruits”) or regions (e.g., “object on
the table”), Florence-2 generates labeled bounding boxes for
each instance. These serve as coarse outlines, which are
then refined using SAM2 [19], yielding precise, pixel-level

(a) (b) (c)

Fig. 2: Effect of Depth Map Quality on Registration. (a) The
source object. (b) A noisy point cloud from the raw depth
camera feed results in a failed registration (misaligned over-
lap). (c) The cleaner, more coherent point cloud predicted
by DAv2 enables a successful and accurate registration.

instance masks. Finally, these masks are then used to crop
both the RGB image and its associated depth map, producing
segmented object images with transparent backgrounds and
corresponding partial depth maps.

B. Processing Depth Input

While the RGB image drives mesh generation, accurate
depth is essential for scaling and localizing the result. Raw
measurements from consumer-grade depth cameras suffer
from noise, missing, regions, and artifacts on reflective or
textureless surfaces (Fig. 2b). To address this issue, we
employ Depth Anything v2 (DAv2) [35], a monocular depth
estimation model that predicts clean, geometrically consistent
depth maps from RGB images.

However, monocular predictions lack metric scale. We
resolve this issue through median-based alignment:

s =
median(Dsensor ∩M)

median(DDAv2 ∩M)
, Dmetric = s ·DDAv2 (1)

where M is the object mask, and the median is computed
only over valid (non-zero) depth values. We use median
rather than mean as it is robust to the depth outliers common
in consumer sensors. This approach combines the geometric
consistency of learned depth with the metric accuracy of
physical measurements, providing a reliable foundation for
downstream stages in the pipeline.

C. Vecset Diffusion Model for 3D Mesh Generation

For 3D shape generation, we build on Hunyuan3D 2.0
(H3D) [37], a state-of-the-art flow-based diffusion trans-
former designed for high-fidelity mesh synthesis from a sin-
gle image. The framework consists of two main components:
a Shape VAE that compresses 3D meshes into a structured
latent space, and a conditional diffusion model that generates
these latents from a single image.

The Shape VAE consists of an encoder E and a decoder D.
The encoder maps a 3D mesh M , represented as a Signed
Distance Function (SDF), into a compact set of N latent
vectors Z = {zi}Ni=1 ∈ RN×D, where Z = E(M). The
decoder reconstructs the SDF from these latents: ŜDF =
D(Z). The VAE is trained to minimize a reconstruction
loss, typically a weighted L2 norm on the SDF values,
combined with a KL-divergence regularization term on the
latent distribution.

The generative model is a flow-based diffusion trans-
former, conditioned on image features c extracted by a
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Fig. 3: Standard Vecset Diffusion Model (VDM) pipeline for
3D mesh generation. The process consists of four stages:
(a) image encoding using DINOv2 to extract visual fea-
tures, (b) iterative diffusion sampling requiring N denoising
steps (typically 50+), (c) VAE decoding to convert latent
vectors to a dense SDF volume, and (d) mesh extraction
via marching cubes. The two primary bottlenecks preventing
real-time performance are the iterative diffusion process (b)
and volumetric decoding (c).

DINOv2 [17] backbone (seen in Fig. 3(a)). It learns to trans-
form a simple prior distribution p0 (e.g., a standard normal
distribution N (0, I)) into the complex data distribution of
shape latents p1(Z|c). This transformation is learned via
a time-dependent vector field vθ(Zt, t, c) that follows the
probability path from noise to data, governed by the ordinary
differential equation (ODE):

dZt

dt
= vt(Zt, c), (2)

where Zt is the latent representation at time t ∈ [0, 1]. A
flow-matching objective is used to train the model, which
provides a stable and efficient regression target for the vector
field. The loss function is formulated as:

LFM = Et,p1(Z1|c),p0(Z0)

[
∥vθ(Zt, t, c)− (Z1 − Z0)∥22

]
(3)

where Z1 is a ground-truth latent from the data distribution,
Z0 is a sample from the noise distribution, and the term
(Z1 − Z0) is the vector field of a linear probability path.

D. Accelerating 3D Generation

The standard diffusion model inference process, outlined
above, requires solving an ODE over many steps, leading
to runtimes far too slow for robotics (often tens of seconds
per mesh). We overcome this limitation by integrating the
FlashVDM (FVDM) framework [14], which provides both
diffusion acceleration and volume decoding optimizations.
The following paragraphs summarize the key FVDM tech-
niques we adopt.

1) Vector-Set Diffusion Acceleration: Diffusion sampling
(Fig. 3b) often requires dozens of sequential denoising steps,
making it a dominant runtime cost. Following FVDM, we

employ Progressive Flow Distillation to distill the multi-
step teacher model into a student capable of producing
comparable results in as few as 3 steps where the original
H3D model requires at least 50 steps.

2) Volume Decoding Acceleration: The second bottleneck
arises in decoding (Fig. 3(c)), where shape latents must be
converted into a dense SDF volume (e.g., 3843 voxels).
A naive implementation requires millions of costly cross-
attention evaluations. Following FVDM, we adopt two com-
plementary acceleration techniques: 1) Hierarchical Volume
Decoding: Instead of decoding the entire high-resolution
grid, a coarse grid is decoded first, and only the voxels
near the object’s surface are refined. 2) Adaptive KV Se-
lection: The locality of latent tokens is exploited by using a
lightweight attention pass to pre-select only the most relevant
key-value pairs for each query point.

E. Object Registration

The final stage aligns the canonically generated mesh
with the object’s real-world observation. We formulate this
process as a rigid point cloud registration problem. Let the
source point cloud derived from our generated mesh be
PS = {pS

i }
NS
i=1 ⊂ R3 and the target point cloud from the

depth sensor be PT = {pT
j }

NT
j=1 ⊂ R3. The goal is to find an

optimal scale s ∈ R+, rotation R ∈ SO(3), and translation
t ∈ R3 that best align PS with PT .

Our registration procedure proceeds as follows:
1) Initial Scaling: We first uniformly scale PS to match

the bounding box diagonal of PT .
2) Feature Extraction and Matching: We compute Fast

Point Feature Histograms (FPFH) [20] for both point clouds.
For each point pi, FPFH computes a k-dimensional feature
descriptor f(pi) ∈ Rk that encodes the local geometry
of its neighborhood. We then establish a set of putative
correspondences C = {(pS

i ,p
T
i )}Ni=1 by finding mutual

nearest neighbors in this high-dimensional feature space.
3) Robust Pose Estimation with RANSAC: The correspon-

dence set C from FPFH matching contains a significant
fraction of outliers. To robustly estimate the transformation,
we employ RANSAC (Random Sample Consensus) [10].
The algorithm iteratively performs the following steps: 1) A
minimal subset of correspondences (e.g., 3 pairs) is randomly
selected from C. 2) A rigid transformation (R, t) is computed
from this minimal sample. 3) The hypothesis is tested against
all other correspondences in C. Correspondences that agree
with the transformation (i.e., where ∥sRpS

i + t − pT
i ∥2 is

below a distance threshold) are counted as inliers. 4) Repeat:
This process is repeated for a fixed number of iterations, and
the transformation with the largest inlier set is chosen as the
best hypothesis. This iterative process discards outliers and
provides a robust initial alignment for the two point clouds.

4) Refinement with ICP: The estimate from RANSAC is
used to initialize an Iterative Closest Point (ICP) [4] algo-
rithm for fine-grained refinement. ICP iteratively performs
two steps until convergence: (1) For each transformed source
point sRpS

i + t, find its closest neighbor in the target cloud,
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Input Image Ours H3D SF3D

Fig. 4: Qualitative Comparison of Generated Meshes and Registration Results. Our method (left) achieves high geometric
quality nearly identical to the slow H3D baseline (middle), while the fast SF3D baseline (right) produces significant artifacts.

pT ′

i ∈ PT ; and (2) Given correspondences {(xi, yi)}Ni=1 with
xi = sRpS

i + t fixed from the previous iteration, solve

min
R′, t′

N∑
i=1

∥R′xi + t′ − yi∥22 s.t. R′ ∈ SO(3). (4)

Let x̄ = 1
N

∑
i xi, ȳ = 1

N

∑
i yi, and x′

i = xi − x̄, y′i =
yi − ȳ. Form H =

∑
i x

′
iy

′
i
⊤ and compute its SVD H =

UΣV ⊤. The optimal update is

R′ = V diag(1, 1, det(V U⊤))U⊤, (5)
t′ = ȳ −R′x̄, (6)

the standard orthogonal Procrustes solution [3, 12].
This process yields an accurate and robust alignment of

the generated mesh in the scene, ready for downstream
manipulation tasks.

IV. EVALUATION

We evaluate our system on three fronts: (1) component
latency and bottlenecks, (2) comparisons against alternative
designs, and (3) a real-world robotic manipulation task.
Experiments were run on a workstation with AMD 7960X
CPU, 256GB RAM, and a RTX 5000 Ada GPU.

A. Component-wise Time Breakdown

We measure the runtime of each stage’s sub components,
averaged over 10 runs on 25 YCB objects [7]. As shown in
Table I, the entire pipeline, from a single RGB image to a
fully registered mesh, executes in 824 ms on average. Mesh
generation dominates the runtime at 500ms (60.7%), with
the distilled diffusion process being the primary contributor.
The segmentation and registration stages are well-optimized
at 184ms and 140ms respectively, with no single component
creating a prohibitive bottleneck.

The relatively high variance in registration time (±61ms)
stems from object complexity—simple geometric primitives
converge quickly while complex, asymmetric objects require
more RANSAC iterations. Despite this variance, even worst-
case scenarios remain under our 1-second target.

TABLE I: Component Runtime Breakdown. Average runtime
and percentage of total pipeline time for each subcomponent,
measured over 250 trials.

Pipeline Stage Time (ms) Time (%)

Open-Vocabulary Segmentation 184 ± 7.3 22.3%
- Florence-2 Detection (55 ± 2.5) (6.7%)
- SAM2 Mask Refinement (14 ± 0.3) (1.7%)
- Depth Anything v2 (93 ± 6.3) (11.3%)

Accelerated 3D Mesh Generation 500 ± 37 60.7%
- DINOv2 Image Encoding (10 ± 0.5) (1.2%)
- Distilled Diffusion (3 steps) (225 ± 2) (27.3%)
- Hierarchical SDF Decoding (104 ± 3.4) (12.6%)
- Marching Cube (Res: 128) (43 ± 22) (5.2%)

Object Registration 140 ± 61 17%
- FPFH Feature Extraction (8 ± 4) (1%)
- RANSAC Pose Estimation (79 ± 20) (9.6%)
- ICP Refinement (57 ± 53) (7%)

Total End-to-End Time 824 ± 95

B. Ablation Studies

1) Procedure: We systematically evaluate alternative
components for each pipeline stage using 25 YCB objects.
For each alternative, we replace only the specified component
while keeping others fixed, enabling direct assessment of
each design choice’s impact on the complete system.

2) Metrics: In addition to average component time, com-
ponent GPU peak memory, and total time, we evaluate
the geometric quality of the final registered mesh against
its ground-truth localized model using two widely adopted
metrics from previous works [5]: 1) Chamfer Distance (CD):
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TABLE II: Ablation Study. Each row evaluates a complete pipeline, with checkmarks indicating the active module for each
configuration. The results validate that our system (top row) achieves the optimal balance of speed and geometric accuracy.
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Component
GPU Peak

Memory (GB)

Total
time (s)

Mesh Chamfer
Distance (mm) F-Score (%)

✓ ✓ ✓ 0.09 ± 0.01 1.96 0.83 ± 0.10 0.45 ± 0.90 89.9 ± 21.8
✓ ✓ ✓ 0.09 ± 0.01 1.96 0.83 ± 0.09 106 ± 51.1 0.12 ± 0.41

✓ ✓ ✓ 0.03 ± 0.01 N/A 0.77 ± 0.11 0.62 ± 1.29 87.7 ± 23.6
✓ ✓ ✓ 0.50 ± 0.04 5.11 = row1 = row1 = row1
✓ ✓ ✓ 30.1 ± 0.17 7.45 30.6 ± 0.27 0.34 ± 0.65 90.6 ± 19.5
✓ ✓ ✓ 4.41 ± 1.08 10.6 4.78 ± 1.12 44.2 ± 118 59.8 ± 34.2
✓ ✓ ✓ 0.53 ± 0.03 6.17 0.83 ± 0.07 0.79 ± 1.00 75.2 ± 28.4
✓ ✓ ✓ 0.14 ± 0.06 N/A = row1 = row1 = row1
✓ ✓ ✓ 0.08 ± 0.05 N/A 0.78 ± 0.09 0.79 ± 1.22 77.5 ± 25.0
✓ ✓ ✓ 0.28 ± 0.13 1.05 0.98 ± 0.10 118 ± 159 49.9 ± 43.8

This metric computes the average symmetric closest-point
distance between two point clouds, providing a general
measure of surface deviation. 2) F-Score: The harmonic
mean of precision and recall, calculated at a 2cm threshold.
This measures the percentage of the mesh surface that is
accurately reconstructed. Furthermore, these two metrics
together give a sense of how the object’s pose is misaligned
against ground truth.

3) Results: The results, summarized in Table II, validate
that our chosen components achieve the best overall balance
of speed, accuracy, and efficiency.

Our DAv2 + alignment approach is critical for accurate
registration. Using DAv2 alone fails catastrophically (106mm
CD) due to lack of metric scale. Raw depth is faster but
noisier, resulting in slightly degraded registration quality
(0.62mm vs. 0.45mm CD).

Results from the mesh generation component validate our
design choice to adopt FVDM’s acceleration of H3D for
robotic applications. The FVDM-accelerated H3D achieves
quality nearly identical to the original (89.9% vs. 90.6% F-
Score) while being 37× faster—a critical improvement that
makes subsecond mesh generation feasible. SF3D matches
our speed but sacrifices too much quality (75.2% F-Score).
TRELLIS is both slower and less accurate than ours.

For Registration, our classical FPFH + RANSAC + ICP
(RANSAC) approach provides the most accurate and robust
alignment. FPFH + TEASER++ + ICP (TEASER++) is
marginally faster (80ms vs. 140ms) but less accurate. The
learning-based BUFFER-X suffers from significant general-
ization errors, making it unsuitable for reliable deployment.

These quantitative findings are further supported by our
qualitative results in Fig. 4, showing that our pipeline is a
carefully optimized system, with each component chosen not
only for individual performance but also for its contribution
to the overall speed-accuracy balance.

C. Real-world Online Pick-and-Place

1) Procedure: We validate our system’s practicality
through a sequential pick-and-place task using a UFactory

Next Object Placement Bin

Depth
Camera

Fig. 5: Real-world manipulation setup. The xArm7 robot uses
our generated meshes to grasp and transfer unknown objects.
The system processes each object in real-time without prior
CAD models.

XArm7 robot (Fig. 5). The robot must perceive novel objects
placed on a table, generate their 3D meshes, plan collision-
free grasps, and transfer them to a target bin.

2) Implementation Details: Once an object’s mesh is
generated and registered in the camera frame, its pose is
transformed to the robot’s base frame using a pre-calibrated
extrinsic matrix. To find a stable grasp, we use a simple
sampling-based planner sufficient for this demonstration; the
method samples a set of end-effector poses by perturbing
the translation and rotation around the object’s centroid,
retaining the first collision-free grasp found. Before execu-
tion, promising grasps are validated in a PyBullet simulation
[8] to filter out kinematically unreachable poses. Finally, a
collision-free trajectory is computed using the RRT algorithm
[15], with the generated mesh used for collision checking.

TABLE III: Pick-and-Place Performance. Our system
achieves both high reliability and fastest task completion.

System Configuration Total Success Rate Makespan (s)

Ours 92% 122
SF3D 60% 129
H3D 96% 416
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3) Metrics: We evaluate sytem performance using two
complementary metrics: 1) Total success rate: Percentage of
objects successfully grasped, lifted, and placed in the target
bin without drops or collisions. 2) Makespan: Total time to
complete all 10 sequential pick-and-place operations, from
initial perception to final placement.

4) Results: Table III demonstrates our system’s practical
advantages. While H3D achieves marginally higher success
(96% vs. 92%), its 30-second generation time makes the
complete task take 3.4× longer (416s vs. 122s). This delay
would be prohibitive in dynamic environments where ob-
jects frequently change. SF3D’s poor mesh quality leads to
cascading failures: inaccurate geometry causes registration
errors, which result in grasps missing the actual object
surface. Of its 10 failures, 7 were complete misses and 3
were unstable grasps that slipped during lifting.

V. DISCUSSION

Our work demonstrates that high-quality, contextually
grounded 3D meshes can be generated from single RGB-D
images in under one second, making them viable for real-
time robotic applications. By integrating open-vocabulary
segmentation, FlashVDM-accelerated mesh synthesis, and
robust geometric registration, we achieve both the speed
required for interactive systems and the geometric fidelity
needed for manipulation tasks. Real-world experiments val-
idate this balance—our system completed pick-and-place
tasks in 122 seconds with 92% success, significantly faster
than prior methods while maintaining reliability.

A. Limitations

Several constraints bound the current system’s applica-
bility. First, we omit texture generation to maintain sub-
second performance, limiting applications requiring appear-
ance information for semantic reasoning or human interac-
tion. Second, the system assumes full object visibility and
fails under heavy occlusion or partial views, though our
speed enables reactive regeneration as viewpoints change.
Third, our mesh representation only handles rigid objects,
excluding deformable materials common in many robotic
tasks. Finally, while robust in controlled settings, deployment
in cluttered, unstructured environments will require improve-
ments in segmentation and depth estimation.

Despite these limitations, this work establishes that sub-
second mesh generation is both technically feasible and prac-
tically valuable for robotics. The ability to generate meshes
on-demand opens new possibilities for scene understanding
and sim-to-real transfer, while our integration of graphics
advances into robotics suggests further untapped opportuni-
ties from generative AI. As these technologies mature, we
anticipate rapid 3D reconstruction becoming a fundamental
capability for interactive robotic systems.
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