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Abstract— 3D reconstruction serves as the foundational layer
for numerous robotic perception tasks, including 6D object pose
estimation and grasp pose generation. Modern 3D reconstruc-
tion methods for objects can produce visually and geometrically
impressive meshes from multi-view images, yet standard geo-
metric evaluations do not reflect how reconstruction quality
influences downstream tasks such as robotic manipulation
performance. This paper addresses this gap by introducing a
large-scale, physics-based benchmark that evaluates 6D pose
estimators and 3D mesh models based on their functional
efficacy in grasping. We analyze the impact of model fidelity
by generating grasps on various reconstructed 3D meshes and
executing them on a high-fidelity reference model, simulating
how grasp poses generated with an imperfect reconstruction
affect physical interaction. This assesses the combined impact
of pose error, grasp robustness, and geometric inaccuracies
from 3D reconstruction. Our results show that reconstruction
artifacts significantly decrease the number of grasp pose candi-
dates but have a negligible effect on grasping performance given
an accurately estimated pose. Our results also reveal that the
relationship between grasp success and pose error is dominated
by spatial error, and even a simple translation error provides
insight into the success of the grasping pose of symmetric
objects. This work provides insight into how perception systems
relate to object manipulation using robots.

I. INTRODUCTION

The ambition for robots to autonomously operate in

human-centric environments is a primary driver of robotics

research. A prerequisite for meaningful interaction is the

ability to perceive and manipulate objects, which requires

both knowing an object’s 6D pose (position and orientation)

and understanding its geometry. This 3D model serves a

basis for model-based 6D pose estimation methods that

determine an object’s position and orientation and it is

the representation upon which grasp poses are generated

for physical interaction. While deep learning has led to

remarkable progress in 6D pose estimation [1], [2] and

3D reconstruction [3], [4], these perception components are

typically evaluated in isolation.

Progress in pose estimation is measured by geometric

metrics like ADD (Average Distance of Model Points - Sym-

metric) on benchmarks like BOP [5], while reconstruction

quality is assessed by metrics such as Chamfer distance.

However, this decoupled evaluation creates a significant

gap, and it is unclear how errors from pose estimation

and geometric reconstruction compound and propagate to

affect the success of downstream manipulation tasks like
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grasping. For a robot, the utility of a perception system is not

defined by its geometric precision alone, but by its functional

efficacy, an idea shared by other recent benchmarking efforts

[6].

This paper directly addresses this disconnect by evaluat-

ing perception systems based on a robot’s ability to grasp

the object. We introduce a large-scale physics simulation

study connecting errors from 6D pose estimation and 3D

reconstruction to robotic grasping success, proposing a new

evaluation paradigm contextualized by manipulation. By

simulating millions of grasp attempts under mismatched

geometry conditions, we measure the probability of task

success as a function of both the underlying pose error and

the geometric fidelity of the object model. This large-scale

evaluation uncovers the hidden flaw of perception pipelines,

showing how errors considered negligible by standard met-

rics can decisively impact downstream grasp execution.

By simulating millions of grasp attempts under these

mismatched conditions, we measure the probability of task

success as a function of both the underlying pose error and

the geometric fidelity of the object model. This large-scale

evaluation uncovers the hidden flaw of perception pipelines,

showing how errors considered negligible by standard met-

rics can decisively impact downstream grasp execution

Our contributions are threefold:

• We introduce a comprehensive framework for function-

ally evaluating the combined impact of 6D pose estima-

tion and 3D reconstruction errors on robotic grasping.

• We conduct the first large-scale quantitative analysis of

grasp success utilizing 3D reconstructed object models

for pose estimation and grasp pose generation, reveal-

ing the performance degradation caused by geometric

inaccuracies.

• We present a task-based re-evaluation of modern per-

ception systems, including 3D reconstruction, object

pose estimation, and grasp pose generation, providing

crucial insights into their practical utility and failure

modes for real-world manipulation.

II. RELATED WORK

Our research is situated at the intersection of 6D object

pose estimation, 3D reconstruction, and robotic grasping. We

address the critical gap in their unified evaluation by exam-

ining how errors from both perception domains propagate to

a functional manipulation task.
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A. 6D Object Pose Estimation and Benchmarks

Modern 6D pose estimation has shifted from classic

feature-based methods [7] to sophisticated learning-based

approaches. Methods like PoseCNN [8] and DenseFusion

[9] demonstrated the power of deep learning, while recent

zero-shot systems like MegaPose [1] and FoundationPose

[2] have achieved remarkable generalization to novel objects.

This progress has been accelerated by standardized bench-

marks, most notably the BOP challenge [5], which evaluates

methods using task-agnostic geometric metrics like ADD

and MSSD (Maximum Symmetry-Aware Surface Distance).

While instrumental, these metrics do not capture how pose

errors affect physical interaction.

B. 3D Reconstruction for Robotics

Simultaneously, 3D reconstruction from multiview RGB

images has seen significant advances, particularly with neural

implicit representations. Methods like NeRF (Neural Ra-

diance Fields) [3], [10] and its variant for implicit rep-

resentation, such as NeuS [4], Volsdf [11], Monosdf [12]

can produce high-fidelity meshes from multiview images.

For robotics, these reconstructions serve as the geometric

basis for tasks like object pose estimation and grasping.

Benchmarks such as [13], [14] evaluate the 3D reconstruction

in terms of geometric accuracy, and the [15] evaluates these

methods one step further by evaluating the performance

for object pose estimation. However, like pose estimation

benchmarks, they do not assess the functional suitability of

the resulting meshes for manipulation. A reconstructed mesh

with low geometric error might still possess artifacts such as

smoothed edges or filled holes that are critical for stable

grasping.

C. Robotic Grasping and the Perception-Action Gap

Robotic grasping research has evolved from analytical,

model-based approaches [16] to data-driven techniques that

learn grasping policies from large datasets [17]. While sys-

tems like Dex-Net 2.0 [18] show impressive performance

by learning robust grasp policies from millions of synthetic

examples, they often assume access to high-quality point

clouds or object models. The development of common object

sets and protocols, such as the widely-used YCB Object

and Model Set [19], provides the necessary foundation for

researchers to evaluate the connection between perception

and manipulation.

However, a gap persists in understanding how modern per-

ception errors (pose and geometry) jointly affect manipula-

tion. Our work addresses this by measuring this relationship

directly, providing a quantitative analysis of how perceived

world models impact grasping success. Instead of proposing

mitigation methods, we offer a rigorous methodology to

characterize the problem, building an empirical basis for

robust manipulation systems.

III. METHODOLOGY

To systematically quantify how mesh geometric and 6D

pose estimation errors propagate to robotic grasping out-

comes, we designed a comprehensive benchmarking frame-

work within the PyBullet [20] physics simulator. Simulation

is essential here: our study requires millions of controlled

grasp trials across combinatorial conditions (9 grippers × 21

objects × 8 reconstruction methods × 2 pose estimators), a

scale infeasible with physical hardware. Physics simulation

allows us to isolate perception errors from uncontrolled real-

world factors (e.g., sensor noise, table clutter), providing

a controlled upper bound on grasping performance. Our

methodology is centered around a core transformation chain

that links perception to action. We first establish a baseline

of ideal grasping performance for a library of grippers and

objects. Then, we evaluate the degradation of this perfor-

mance on a binary grasp success task. The overall pipeline

is visualized in Fig. 1.

A. Core Transformation Chain

The link between perception and robotic action is defined

by a sequence of rigid body transformations. Let the primary

coordinate frames be World (W ), Camera (C), Object (O),

and Gripper (G). We define the following homogeneous

transformations:

• Tw2c: The ground-truth pose of the camera in the world

frame, known from the dataset.

• T gt
c2o: The ground-truth pose of the object in the camera

frame, provided by the BOP dataset annotations.

• T est
c2o : The pose of the object in the camera frame as

predicted by a 6D pose estimation method.

• To2g: A pre-computed, canonical grasp pose, defining

the gripper’s pose relative to the object’s local coordi-

nate frame.

Using this chain, we can compute the target pose for the

gripper in the world frame. The ideal gripper pose, derived

from the ground-truth object pose, is:

T gt
w2g = Tw2c · T

gt
c2o · To2g (1)

Conversely, the gripper pose that a robot would actually

target in a real-world scenario, based on the perception

system’s output, is:

T est
w2g = Tw2c · T

est
c2o · To2g (2)

The core of our methodology is to execute grasps using the

target pose T est
w2g but to evaluate the physical interaction with

the object located at its true pose, dictated by Tw2c · T
gt
c2o.

This setup precisely simulates the real-world scenario where

a robot acts based on imperfect perception.

B. Simulation Environment and Asset Preparation

All experiments are conducted in the PyBullet simulator.

We utilize the object meshes from the YCB-Video dataset

and nine distinct, widely-used robotic end-effector models

provided by the burg-toolkit1 [21]: the Franka Hand,

Robotiq 2F-85, Robotiq 2F-140, WSG 32, WSG 50, EZGrip-

per, Sawyer Hand, Kinova 3F, and Robotiq 3F.

1https://mrudorfer.github.io/burg-toolkit/
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Fig. 1. Overview of our evaluation pipeline. First, a canonical grasp library is pre-computed for each object. Then, for a given scene, a pose estimator
provides T est

c2o . This pose is used to derive a target gripper pose, T est
w2g , which is executed on the ground-truth object. The outcome is recorded to calculate

the Estimated Success Rate (Sest) (Sec. III-D.2) and correlated with the initial pose error.

The physics simulation is tightly controlled. We spawn two

YCB-V object instances: a ground-truth (GT) object rendered

in green with physics enabled, and a red estimated (EST)

visual reference (Fig. 1). To isolate perception errors from

complex contact dynamics, we fix the GT object friction to

0.5, a value representative of common plastic-on-rubber con-

tacts. This deliberately reduces purely dynamic slip failures,

focusing the analysis on geometry and pose driven failures

(collisions, no-contact). We acknowledge that lower friction

values would increase slip rates and potentially shift the

relative importance of geometry vs. pose; this represents a

controlled design choice, not an oversight. The simulation

runs at 240 Hz with 100 iterations. No ground plane is used;

objects float based on pose constraints. Gravity is initially

disabled to prevent premature movement and enabled at

−9.81m/s2 after gripper closure to test stable lifts. This

isolates the perception system’s output and object geometry

from environmental clutter.

C. Evaluation Protocol

Our evaluation protocol is designed to answer a central

question: how does 3D model accuracy impact robotic grasp-

ing performance? In a practical scenario, a robot uses a

reconstructed 3D model for two key tasks: to estimate the

6D pose of an object and to generate a set of viable grasp

poses. The robot then executes one of these grasps on the

real-world object.

1) Experimental Conditions: To systematically analyze

the different sources of error in this pipeline, we evaluate

performance under four distinct conditions. In all cases, the

grasp is executed on the ground-truth (GT) object model in

the simulator, representing the physical reality. We define the

Oracle Mesh as the high-fidelity, ground-truth CAD model

provided by the YCB-V dataset. We denote each condition

as Grasp Mesh → Pose Mesh:

• Oracle Mesh for Grasps & Pose (Ideal Baseline):

This condition establishes the best-case performance

with “perfect” information. We use the oracle CAD

mesh to both generate the library of canonical grasps

and as the reference model for the 6D pose estimator.

• Oracle Mesh for Grasps & Reconstructed Mesh for

Pose (Isolating Pose Error): This setup isolates the

impact of a reconstructed model’s geometry on pose

estimation accuracy. The robot plans grasps using a

“perfect” internal oracle mesh but uses the imperfect

reconstructed mesh to find the object in the scene.

• Reconstructed Mesh for Grasps & Pose (End-to-End

Realistic Scenario): This represents the most realistic

case. The robot uses the same imperfect, reconstructed

3D model for both generating grasp candidates and as

the reference for pose estimation. This measures the

compounded effect of errors from both stages.

2) Trial Procedure: The general procedure for each trial

is as follows:

1) For an object instance in a scene, retrieve its estimated

pose T est
c2o and the pre-computed library of successful

canonical grasps (To2g).

2) For each canonical grasp, compute the target gripper

pose using the estimated object pose via Eq. 2.
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3) Execute the grasp in the simulator on the object placed

at its ground-truth pose.

4) Record the outcome (success or failure) to calculate

our functional metrics.

D. Evaluation Metrics

1) Grasp Generation Success Rate (Sgen): This metric is

used to evaluate the suitability of a 3D model for the grasp

pose sampling stage. It measures the percentage of viable

grasp candidates a model yields from a fixed set of randomly

sampled grasp poses.

Let Ntotal be the total number of grasp poses sampled for

an object. Let NModel
succ be the number of those poses that are

successful when simulated on a specific Model (e.g., the

oracle CAD model or a particular reconstructed mesh).

The Grasp Generation Success Rate for that model is:

SModel
gen =

NModel
succ

Ntotal

× 100%

This metric directly quantifies how well a given 3D model’s

geometry supports the task of finding usable grasps. A higher

Sgen acts as a proxy for “grasp density” or “grasp coverage”.

Even though a real robot might only execute a single grasp,

ensuring a dense field of valid, kinematically-feasible, and

collision-free options is crucial in cluttered environments or

for task-oriented grasping, where the robot might need to

interact with a specific part of the object.

2) Estimated Success Rate (Sest): This is the primary

metric for evaluating grasping performance. It measures the

probability that a grasp, which is known to be successful

with a perfect object pose, will also succeed when using the

pose provided by an estimation algorithm.

Let Ggt be the set of all grasp poses that are successful

when using the ground-truth object pose (T gt
c2o). Let Ngt =

|Ggt| be the total number of such successful grasps. When

these Ngt grasps are executed using the estimated object pose

(T est
c2o), let Nsucc be the number of grasps that still succeed.

The Estimated Success Rate is then defined as:

Sest =
Nsucc

Ngt

× 100%

3) Physics-Based Outcome Breakdown: To provide a de-

tailed diagnosis of failures, grasp attempts in the physics

simulation are categorized into the following outcomes:

• Successful Grasp: The gripper successfully

approaches, establishes a stable hold, and lifts the

object against gravity without dropping it.

• Slipped: The gripper makes initial contact but the hold

is not stable, causing the object to slip during the lift.

• No Contact: The gripper’s fingers close completely

without touching the object, typically caused by a

large translation error in the estimated pose.

• Collision: The gripper’s body collides with the object

during approach, preventing a valid grasp from being

attempted.

IV. EXPERIMENTS

a) Reconstruction Methods: To comprehensively eval-

uate the impact of 3D model fidelity, we utilize meshes

generated by a diverse set of state-of-the-art techniques,

sourced from the benchmark by Burde et al. [15]. This

selection spans multiple paradigms, including neural radi-

ance field (NeRF) methods (Instant NGP [10], NeRFacto

[22], Neuralangelo [23]), implicit surface models (UniSurf

[24], MonoSDF [25], BakedSDF [12], VolSDF [11]), and

commercial photogrammetry software (RealityCapture [26]).

Using this broad range of models allows us to analyze how

different types of geometric inaccuracies and artifacts affect

downstream grasping performance.

A. Dataset and Pose Estimators

We ground our benchmark in a real-world, challenging

dataset and evaluate state-of-the-art object pose estimation

methods.

a) Dataset: We use the YCB-Video (YCB-V) [19]

dataset from the BOP challenge [5]. It is known for signifi-

cant clutter, occlusion, and lighting variations, and contains

21 objects with diverse geometries, sizes, and symmetries.

b) Pose Estimation Methods: We evaluate two leading

pose estimators, both taking a single RGB-D image and a

3D reference mesh as input:

• MegaPose [1]: A render-and-compare pipeline that

achieves zero-shot performance through coarse-to-fine

refinement against rendered views of the reference

mesh.

• FoundationPose [2]: A unified framework for detec-

tion, tracking, and pose estimation, designed for robust

novel-object performance.

Crucially, as their 3D geometric reference, these methods

take either the oracle CAD mesh or a reconstructed mesh,

matching the experimental condition being evaluated. This

yields realistic, data-driven error distributions from actual

method outputs far more representative of real-world failures

than synthetic Gaussian noise on ground-truth poses, which

cannot capture method-specific failure modes such as local

minima or symmetry confusion.

For every object instance in the YCB-V test set, we use

the poses provided by these methods as the input T est
c2o to our

evaluation pipeline.

V. RESULTS

Our experiments are designed to untangle how recon-

structed geometry and the pose estimation errors impact

manipulation. We structure our analysis in the following

progression: first, we establish a baseline for gripper per-

formance to understand the physical constraints of the task.

Second, we isolate the effect of 6D pose estimation error

on grasping success. Third, we isolate the effect of 3D

model inaccuracies on grasp planning. Finally, we analyze

the compounded effect of both pose and model errors to draw

conclusions about their relative importance in a realistic end-

to-end scenario.
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Fig. 2. Baseline gripper performance analysis, visualizing the Grasp Generation Success Rate (Sgen) (Sec. III-D.1) across various grippers and objects
under ideal conditions. (a) Per-object Sgen for each gripper. (b) Distribution of the best-performing gripper for each object. (c) Average Sgen per gripper.
(d) A Physics-Based Outcome Breakdown (Sec. III-D.3) of grasp failures for each gripper with gripper jaw widths annotated in millimeters.

A. Baseline Gripper Suitability

To understand the impact of gripper design, we first es-

tablished a baseline of each end-effector’s innate capabilities.

To do this, we performed a large-scale analysis for each of

the 21 object-meshes and 9 gripper models. We sampled

5,000 diverse antipodal grasps for each pair on the object

at its canonical identity pose (T gt
o = I) and executed them

in simulation. Figure 2 presents this analysis, showing the

performance of different grippers on the ground-truth object

models at the canonical pose.

• Subfigure (a) plots the Grasp Generation Success Rate

(Sgen) (Sec. III-D.1) for each gripper on a per-object

basis. It clearly shows that no single gripper is optimal

for all objects; performance depends highly on the

object’s geometry.

• Subfigure (b) supports this by showing that the “best”

gripper is distributed across several models, with the

EZGripper, WSG 32, and Robotiq 2F-140 being the

most frequent top performers.

• Subfigure (c) aggregates performance, showing the av-

erage Sgen for each gripper across all objects, providing

a general sense of which designs are most versatile.

• Subfigure (d) isolates failure modes. Narrower grippers

often fail via collisions, while wider ones are more

prone to slipping. The controlled friction (µ = 0.5) and

ideal pose execution deliberately suppress dynamic slip

failures, allowing our benchmark to isolate planning-

and perception-driven failures (collisions, no-contact).

Real-world deployments with lower friction and surface

variability would exhibit higher slip rates.

The primary conclusion from this baseline analysis is critical

for our subsequent experiments: since gripper choice heavily

influences success, relying on a single end-effector could

bias our findings. Therefore, to ensure our conclusions about

perception systems are generalizable, all the following exper-

iments aggregate results across the entire library of grippers.

B. Object Pose estimation Error to Grasping Success

A key question is how well standard geometric metrics

for pose estimation predict grasping task success. Figure 3

addresses this by correlating pose errors with our functional

metric, the Estimated Success Rate (Sest) (Sec. III-D.2),

under the ideal Oracle→Oracle condition.

The right panel provides a high-level summary of grasp-

ing performance per object. It shows that a more accurate

pose estimator leads to better grasping success. The green

bars, representing the final Sest, are consistently taller for

FoundationPose (89.9% average success) than for MegaPose

(59.4%). The failure breakdown reveals why: MegaPose

results in a much higher proportion of ’No Contact’ and

’Slipped’ failures, indicating its pose errors are often large

enough to cause the gripper to miss the object or fail to

secure a stable hold.

The left panel provides deeper insight by plotting Sest

against six different geometric error metrics. The distinct

downward trend in the plots for 3D spatial metrics (MSSD,

ADD, ADI, and translation error) demonstrates a strong

correlation: as the 3D error increases, the probability of

a successful grasp decreases. Conversely, the plots for 2D
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Fig. 3. Analysis of Grasping Performance vs. Pose Estimation Error. Left Panel: Scatter plots showing the relation between various pose error metrics
and the Estimated Success Rate (Sest), averaged over both FoundationPose and MegaPose across 8,250 trials and 18,882,842 simulations (Sec.III-D.2).
Right Panel: A detailed Physics-Based Outcome Breakdown (Sec.III-D.3) of grasp attempts per object. The green portion of each bar represents the final
Sest, while other colors show the proportions of different failure modes.

projection error (MSPD) and pure rotation error are much

flatter, showing they are poor predictors of grasping success.

This finding is significant as it validates that many standard

2D-based metrics do not capture the information most crit-

ical for physical interaction, highlighting the necessity of a

benchmark like ours.

C. The Impact of 3D Model Fidelity on Grasp sampling

Next, we isolate the effect of geometric inaccuracies on

finding the grasp candidates. To remove pose estimation from

the equation, we generate grasps on various 3D models at

their canonical identity pose. This directly measures how the

quality of a 3D model affects the number of viable grasp

candidates. We note that our evaluation is task-agnostic and

measures overall grasp density; task-specific grasping (e.g.,

grasping a mug by its handle) would require semantic grasp

selection, which is out of scope for this benchmark.

The results are presented in Figure 4. The left panel shows

a clear performance degradation for most reconstructed mod-

els compared to the oracle mesh, as geometric flaws reduce

the number of valid grasp poses found by the sampler. The

right panel reveals the primary reason: for models like

Instant-NGP, the dominant failure is ’Collision’, meaning the

sampler generates poses that physically collide with the true

object surface.

Interestingly, Unisurf yields an Sgen comparable to or

higher than the Oracle mesh. Its smoother surfaces with

fewer high-frequency details reduce collisions during tight

sampling, highlighting that extreme geometric detail is not

always necessary for pure grasp sampling. This also explains

results where some reconstructed meshes appear to outper-

form the oracle the smoothing removes fine-grained surface

features that would otherwise cause edge-case collisions.

D. Compounded Errors: Pose and Geometry Inaccuracies

Combined

Finally, we analyze the end-to-end realistic scenario,

where an imperfect reconstructed model is used to find

grasp candidates and estimate pose. Figure 5 compares this

compounded error condition (right panel) against a baseline

where only pose estimation uses the reconstructed model (left

panel).

The results lead to our main conclusion. As established in

the previous section, using a reconstructed mesh drastically

reduces the number of available grasp candidates. However,

Figure 5 shows that as long as a sufficient number of can-

didates remain, the final grasping success, measured by Sest

(Sec. III-D.2), is not significantly impacted for a high-quality

pose estimator like FoundationPose. The green success bars

in the right panel are slightly shorter than those in the left.

This demonstrates that while 3D model fidelity is critical for

generating a rich set of grasp options, the accuracy of the 6D

pose estimate is the primary factor determining the ultimate

success of the manipulation task.

VI. CONCLUSION

In this work, we introduced a benchmark to bridge the gap

between standard geometric evaluation of perception systems

and their grasping performance in robotic manipulation.

Our results provide a clearer understanding of how 3D

reconstruction and object pose errors affect grasping success.

Our quantitative analysis reveals a strong correlation be-

tween 3D pose error and grasping success: performance

degrades sharply with increasing spatial translation error,

while the impact of rotation error is more nuanced and

strongly object-dependent. For objects with rotational sym-

metry, errors around the symmetry axis have negligible effect

on grasp success, since the grasp geometry is invariant to
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Fig. 4. Impact of 3D Model Fidelity on Grasp Candidates. Left panel: The Grasp Generation Success Rate (Sgen) (Sec. III-D.1) for various
reconstruction methods. Right panel: A Physics-Based Outcome Breakdown (Sec. III-D.3) for grasps planned on these meshes. Note the significant
increase in ’Collision’ failures for lower-quality models.

Fig. 5. Comparative Analysis of Grasping Success under Compounded Errors. This figure compares the final grasping success, measured by the
Estimated Success Rate (Sest) (Sec. III-D.2), when combining different sources of geometric and pose uncertainty. Left: Performance under the ’Oracle
Mesh → Reconstructed mesh’ condition. Right: Performance under the ’Reconstructed mesh → Reconstructed mesh’ condition.

such rotations. For asymmetric objects, however, rotation

errors can be equally detrimental. This asymmetry confirms

that standard geometric metrics are informative, but only

direct functional evaluation exposes the true operational

limits of a perception system. Furthermore, using imperfect

models as pose references degraded grasping performance,

even when grasp candidate generation used a perfect internal

model.

Beyond pose accuracy, 3D model fidelity critically impacts

grasp sampling. Grasping deteriorates when candidates are

generated on imperfect models due to increased geometric

collisions. Smooth surface reconstructions like UniSurf offer

excellent collision-free candidates, while faster methods like

Instant-NGP suffer more geometric failures. However, under

compounded scenarios (imperfect meshes for both steps),

pose estimation accuracy acts as the ultimate determinant of

success. Robust estimators like FoundationPose compensate

for moderate mesh flaws, but even perfect poses cannot save

grasps compromised by highly flawed shapes.

Finally, our end-to-end analysis clarifies the codependent

relationship between model quality and pose accuracy. A

high-quality mesh is the foundation for success, as it is

required to generate a rich set of viable grasp candidates

and enable an accurate 6D pose estimate. However, our

results show that the final accuracy of the object’s pose is

the more direct determinant of grasping success. A state-

of-the-art pose estimator can often compensate for moderate

geometric inaccuracies in its reference model. Still, even a

perfect pose cannot recover a grasp that was miscalculated

on a severely flawed mesh. This highlights that while mesh

quality is foundational, pose estimation accuracy is the more

dependent metric for successful manipulation.

The primary limitations of our work are its reliance on

simulation and its strict focus on two-jaw antipodal grasping.

Task diversity does not yet extend to other manipulation

strategies such as suction or soft grippers that exhibit distinct

sensitivities to geometric artifacts. Future work will focus

on validating these findings on a physical robotic platform

and extending the framework to manipulation primitives be-

yond grasping, including precision placement and assembly.
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Ultimately, this work advocates for a shift toward holistic

perception-to-action benchmarks that evaluate functional ma-

nipulation efficacy across the entire pipeline.
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