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Fig. 1: Grasp-MPC overview. A large-scale synthetic grasp trajectory dataset is generated in simulation using a motion
planner, collecting trajectories between pre-grasp and ground-truth grasp poses for 8K Objaverse objects. A value function
is trained with sparse cost labels using the target object’s point cloud and the end-effector pose relative to its center. The
learned value is used as a cost in an MPC framework, enabling robust grasping of novel objects in cluttered environments.

Abstract— Grasping of diverse objects in unstructured envi-
ronments remains a significant challenge. Open-loop grasping
methods, effective in controlled settings, struggle in cluttered
environments. Grasp prediction errors and object pose changes
during grasping are the main causes of failure. In contrast,
closed-loop methods address these challenges in simplified
settings (e.g., single object on a table) on a limited set of
objects, with no path to generalization. We propose Grasp-
MPC, a closed-loop 6-DoF vision-based grasping policy designed
for robust and reactive grasping of novel objects in clut-
tered environments. Grasp-MPC incorporates a value function,
trained on visual observations from a large-scale synthetic
dataset of 2 million grasp trajectories that include successful
and failed attempts. We deploy this learned value function
in an MPC framework in combination with other cost terms
that encourage collision avoidance and smooth execution. We
evaluate Grasp-MPC on FetchBench and real-world settings
across diverse environments. Grasp-MPC improves grasp suc-
cess rates by up to 32.6% in simulation and 33.3% in real-world
noisy conditions, outperforming open-loop, diffusion policy,
transformer policy, and IQL approaches. Videos and more at
http://grasp-mpc.github.io.

I. INTRODUCTION

Grasping is a foundational capability in robotics, serving
as a prerequisite for physical interaction and subsequent
complex manipulation tasks. However, despite decades of
research, grasping remains unsolved, particularly when deal-
ing with novel objects in cluttered scenes. State-of-the-art
grasping methods can broadly be categorized into open-
loop and closed-loop approaches, but both fall short of
meeting the requirements of robust grasping in unstructured
environments. Open-loop methods, which rely on grasp pose
prediction models [1], [2], [3], [4], use motion planning to

1Applied AI Lab, Oxford Robotics Institute, University of Oxford
Work done during internship at NVIDIA. 2NVIDIA, USA
Correspondence to: jyamada@robots.ox.ac.uk

reach predicted grasp poses. Although demonstrating notable
performance in grasping novel objects, these approaches are
inherently unable to incorporate real-time feedback to adjust
their goals, making them sensitive to grasp pose prediction
errors and changes in object pose. On the other hand, closed-
loop policies, including those based on reinforcement learn-
ing (RL) and imitation learning (IL), address some of these
shortcomings by incorporating feedback during execution.
However, prior approaches [5], [6], [7], [8] are often limited
to simplified settings, such as tabletop environments, and
exhibit poor generalization to novel objects, primarily due
to the absence of large-scale grasp trajectory datasets for di-
verse objects. More importantly, safety considerations, such
as collision avoidance in cluttered scenes, remain largely
unaddressed during development.

To address these, we introduce Grasp-MPC, a framework
that combines the strengths of open-loop and closed-loop
methods for 6-DoF grasping in cluttered, novel-object set-
tings. Grasp-MPC unifies model- and data-driven approaches
by leveraging model predictive control (MPC) with a value
function learned from data as a task cost function. Grasp-
MPC uses a grasp prediction model and motion planning,
similar to open-loop methods, to reach (noisy) pre-grasp
poses. It addresses prediction errors and object pose changes
by employing MPC for closed-loop execution, enabling real-
time feedback while enforcing constraints such as collision
avoidance and minimum jerk.

Furthermore, Grasp-MPC addresses a key challenge in
applying MPC to grasping: designing a cost function that
meaningfully captures grasp success. Traditional geomet-
ric cost functions based on distances to predicted grasp
poses are sensitive to prediction errors and fail to exploit
MPC’s full closed-loop capability. To overcome this, Grasp-
MPC leverages a vision-based value function, trained on
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large-scale synthetic grasping trajectories with Objaverse
objects [9] using visual observations and sparse success
labels (Figure 1). This value function predicts the likelihood
of grasp success and serves as a task cost in MPC, guiding
the robot to explore the state space toward successful grasps.

To this end, this work makes the following contributions:
1) Grasp-MPC, a safe closed-loop visual grasping policy

for novel objects in cluttered environments.
2) Grasp-MPC unifies model-based control and data-

driven approach by integrating a learned grasp value
function into an MPC framework, enabling reactive,
constraint-aware grasp execution in dynamic and clut-
tered environments.

3) A large-scale synthetic grasp trajectory dataset com-
prising over 2M trajectories, 115M states, and 8515
unique Objaverse objects, supporting scalable learning
of a generalizable value function.

4) Extensive real-world and simulated evaluations show
that Grasp-MPC significantly outperforms SOTA
open-loop and closed-loop methods.

II. RELATED WORKS

Grasping. A significant body of research has focused on
learning grasp prediction models [1], [3], [2], [10], [11],
typically paired with motion planning for execution. These
methods often rely on synthetic datasets with grasp anno-
tations [12], enabling scalable training in simulation. While
effective for novel objects, open-loop approaches suffer from
prediction errors and lack feedback integration, limiting real-
world robustness. In contrast, closed-loop policies learned
via RL [5], [6], [7], [8] and IL [13], [14] address these
issues, but often face challenges with sample inefficiency,
limited generalization, and perform only in a clean tabletop.

Prior work [15], [16], [14] combines motion planning
with learned policies for obstacle-aware manipulation. Fetch-
Bench [14] uses a Transformer-based IL policy [17] with
motion planning for grasping in clutter, but performance is
limited by dataset size and diversity. In contrast, we gen-
erate a large-scale grasping trajectory dataset, 100× larger
than [14], enabling better generalization.

Model Predictive Control for Robotic Manipulation.
Model Predictive Control (MPC)[18], [19], [20] is a pow-
erful framework for robotic control, enabling closed-loop
optimization using real-time feedback. However, applying
MPC to grasping is challenging, as it requires a cost function
that captures the nuances of grasp success [21]. Even with
a target grasp pose from a prediction model, MPC remains
vulnerable to errors, much like open-loop methods. Recent
work integrates learning with MPC to tackle challenges by
learning dynamics [22], [23], [24], [25], cost functions [26],
[27], [25], [28], [21], and sampling distributions [29], [30].
Chen et al. [21] propose a distance-based value function
using a predicted grasp pose, but this overlooks key fac-
tors for grasp success, leading to suboptimal results. CV-
MPC [26] learns value ensembles from few demonstrations
but rely on low-dimensional states, limiting generalization. In
contrast, Grasp-MPC learns a value function from large-scale

synthetic trajectories using point cloud observations and
sparse success/failure labels, addressing these limitations.

Offline RL Offline RL [31], [32], [33] enables policy
learning using offline datasets without environment interac-
tion, leveraging both successful and failure trajectories to
improve policies. However, policy extraction often represents
a bottleneck in the learning process rather than value function
estimation, as discussed in prior work [34]. On the other
hand, Grasp-MPC does not need to extract the policy from
the learned value function because Grasp-MPC uses MPC
as a policy that can explore and exploit states to minimize
the learnt cost represented by the value function.

III. PRELIMINARIES

Problem Formulation. We formulate grasping as a Par-
tially Observable Markov Decision Process (POMDP). A
trajectory is defined as τ = (xt,at, ct,xt+1,at+1, ct+1, . . . ),
where x ∈ X are observations, a ∈ A actions, and
c ∈ C costs. The offline dataset contains N trajectories
{τ i}Ni=1, comprising both successes and failures. The objec-
tive is to minimize the discounted cumulative cost J(τ) =∑

t′ = t
∞
γt−t′c(xt,at), with discount factor γ.

Dynamics Model for Model Predictive Control. MPC
samples action sequences and plans future states to select the
next action that minimizes cost in real time, given a dynamics
model. In this work, MPC optimizes for joint accelerations
with Euler integration as the dynamics model. We assume
that the real robot can track the generated joint position,
velocity and acceleration targets accurately using a low-
level controller, for example, an inverse dynamics controller,
similar to prior work [35]. The environment is not explicitly
modelled; thus, its dynamics, including those of objects, are
unknown a priori.

IV. APPROACH

Grasp-MPC leverages a large-scale grasp trajectory
dataset generated in a simulation (Section IV-A) to train
a value function (Section IV-B). Then, the learned value
function serves as a cost function within MPC (Section IV-
C), enabling robust and safe closed-loop grasping that gen-
eralizes to novel objects. At deployment, Grasp-MPC is
integrated with a grasp pose prediction model and motion
planning to operate in cluttered environments (Section IV-
D). Lastly, the implementation details of the value function
and MPC are described in Section IV-E.

A. Data Generation

A diverse set of grasp trajectories is generated using 8515
Objaverse objects [9] (see Figure 1). Grasp-MPC operates
from pre-grasp poses, estimated using an off-the-shelf grasp
pose prediction model (Figure 2 (1)), which provides a
rough estimate of viable grasp poses. Thus, each grasping
trajectory is generated to move from a pre-grasp pose to
the corresponding ground-truth grasp pose. The grasp pose
annotations are from the GraspGen dataset [36], where
candidates are generated via antipodal sampling, similar to
ACRONYM [12]. For each object, 2K grasp transformations
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Fig. 2: Grasp-MPC Pipeline. Grasp-MPC seamlessly integrates off-the-shelf grasp prediction and motion planning with
an MPC that incorporates a learned grasp value function, enabling grasping in cluttered scenes. The pipeline involves: (1)
predicting grasp and pre-grasp poses using a fixed offset and filtering out in-collision poses via IK; (2) planning a trajectory
to a collision-free pre-grasp pose; and (3) executing actions from the pre-grasp to grasp the object.

are uniformly sampled around the mesh. All sampled poses
are evaluated in Isaac Sim to determine physical feasibility
and are labeled accordingly as feasible or infeasible. Pre-
grasp poses are derived by applying a fixed 15cm offset from
each annotated grasp pose. To increase data coverage, we add
random translation noise sampled from U(−0.04cm, 0.04cm)
and orientation noise from U(−0.04π, 0.04π).

We generate motions from the perturbed pre-grasp poses
to the grasp poses using motion planning with CuRobo [37].
Trajectories that successfully reach physically feasible grasp
poses are labelled as successful, whereas those planned to-
ward infeasible grasp poses are labelled as failures. Incorpo-
rating both successful and failed trajectories allows the value
function to learn grasp success likelihoods across the entire
distribution of candidate poses (see Section IV-B). We do not
validate these trajectories with simulation to accelerate data
collection. Up to 256 trajectories are collected per object,
with early termination if motion planning repeatedly fails.
Each sample includes object poses T obj

world and end-effector
poses TEE

world. In total, we collect 2, 105, 296 trajectories
(115M data points), averaging 55 steps per trajectory, with
lengths ranging from 31 to 233 steps. 70.2% of the collected
trajectories reach a successful grasp, and the remaining
trajectories are labeled as failures.

(a) (b)

Fig. 3: Visualization of the learned value function. (a) Costs
along trajectories for feasible (green) and infeasible (red)
grasps, with higher final costs for infeasible poses. (b)
Estimated values around a target grasp pose by varying x
and y while fixing orientation; red indicates higher values
and green lower values.

B. Value Function Training for Grasping

Grasp-MPC uses a value function as a cost for guiding
MPC in grasping. The value function takes as input x
consisting of a segmented object point cloud and the end-
effector pose relative to the point cloud centroid, TEE

obj . To
standardize inputs, we center the point cloud by subtracting
its mean. This setup allows Grasp-MPC to generalize across
the workspace using only local information. The collected
trajectories are labeled with sparse costs, with terminal and
near-terminal states in successful grasp trajectories labeled
as 0, and all others as 1. In particular, the cost ct as timestep
t is defined as:

ct =

{
0 |qgoal,i − qt,i| ≤ 5e−3, ∀i, and 1feasible = 1,

1 Otherwise
(1)

where qt,i and qgoal,i are the i-th joint positions at time t
and the goal, respectively, and 1feasible indicates whether
the trajectory corresponds to a feasible grasp.

A value function V (xt) is then trained to approximate the
expected cost-to-go, defined as V (xt) = Eτ [J(τ)]. The value
function is trained using the Bellman error objective [38]:

yt = ct + γVϕ′(xt+1) (2)
ℓ(ϕ;xt, c,xt+1) =

(
yt − Vϕ(xt)

)2
(3)

ϕ∗ = argmin
ϕ

E(xt,c,xt+1) [ℓ(ϕ;xt, c,xt+1)]

(4)

where yt is the one-step target consisting of the immediate
cost ct and the discounted value of the next state Vϕ′(xt+1)
from the target value function with exponential moving
average of parameters ϕ. We set the discount factor to
γ = 0.99, and the exponential moving average uses a rate
of 5× 10−3. Figure 3 presents a visualization of the learned
value function. The estimated value (cost) is lower (depicted
in light green) around the target grasp pose, facilitating MPC
in guiding the robot toward a successful grasp pose.

C. Integrating a Value Function as a Grasp Cost within
MPC

Grasp-MPC uses learned value function as costs to guide
MPC in minimizing grasping cost during online deployment.
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The value function approximates the expected cost-to-go,
which are integrated into the MPC objective to select con-
trol inputs. However, MPC may sample out-of-distribution
actions, leading to unreliable cost estimates and reduced
performance. To mitigate this, prior work [26], [39], [33]
constrains MPC using pessimistic upper bounds derived
from ensembles to avoid unsupported states. In our setting,
ensembles do not yield performance improvements, as the
large-scale synthetic data already covers a wide distribution
of states (see Section V-D). Thus, in this work, the following
objective is employed:

Cgrasp(xh∈H) = Σt+H
t′=t γ

t′−tVθ(xt′) (5)

We use Model Predictive Path Integral (MPPI) [40],
a sampling-based MPC, implemented in CuRobo [37] to
achieve real-time control. At each control step, MPPI sam-
ples N action sequences from a Gaussian distribution, rolls
them out in parallel, evaluates the trajectories under a cost
function, and computes an importance-weighted update to
refine the control sequence. The first action of the optimized
sequence is executed, and the horizon is shifted forward in
a receding-horizon manner. Grasp-MPC augments standard
MPC costs (e.g., minimum jerk, collision) with a value-based
grasp cost. In particular, we integrate the grasp cost into
CuRobo, and define the final cost as:

CGrasp-MPC = Ccurobo + ωCgrasp (6)

where Ccurobo is a set of CuRobo’s default costs. ω is
a weight for the pessimistic cost function, which we set
to 1000. The cost term Ccurobo in CuRobo consists of
three main constraints: (1) joint limits on position, velocity,
acceleration, and jerk; (2) self-collision avoidance; and (3)
robot-world collision avoidance.

D. Grasp-MPC Deployment

At deployment, Grasp-MPC is combined with an open-
loop grasp pose prediction model [1] and motion plan-
ner [37]. The grasp prediction model generates grasp poses
for the target object. Pre-grasp poses are obtained by mov-
ing a negative distance along the gripper’s approach vec-
tor. For real-world experiments, the standard 10cm offset
distance [1], [41] is used. For simulation experiments in
Fetchbench [14], 6cm offset is used, reduced from the stan-
dard 10cm due to insufficient clearance in many benchmark
scenes, but increased from the original paper’s 4cm, which
is too restrictive. Feasible, collision-free pre-grasp poses are
verified via a goalset motion plan, and the robot moves to
the selected pre-grasp pose using the motion planner. Once
positioned, Grasp-MPC grasps the object with feedback of
the robot state, segmented object pointcloud, and the world
signed distance field.

E. Implementation

While Grasp-MPC is compatible with any sampling-based
MPC library, we specifically employ MPPI [40] implemented
in CuRobo[37], a GPU-accelerated MPC framework, to
enable fast and efficient real-time control. The value function

Fig. 4: Simulated environments. Grasp-MPC is extensively
evaluated in FetchBench [14] environments.

consists of a PointNet++ [42] for point cloud input and
an MLP for proprioception. Their outputs are concatenated
and passed to an MLP head to output a value. A softplus
activation ensures positive value predictions. Training uses
both full and partial point clouds, with partial views rendered
from randomly placed virtual cameras. Gaussian noise is
added for robustness to real-world noise. The value function
is trained with a mini-batch size of 1536, where 32 distinct
object point clouds are sampled and 48 states are sampled
for each object point cloud. The training procedure was
conducted on a single RTX 4090 GPU for six days, using a
learning rate of 1× 10−4.

V. EXPERIMENTAL RESULTS: SIMULATION

In this section, we evaluate Grasp-MPC and competitive
baselines in simulated environments designed to test grasping
capabilities in cluttered settings. The experiments address:
(1) How well does Grasp-MPC grasp unseen objects using
ground-truth grasp poses? (2) How robust is it to perturbed
ground-truth poses? (3) How does it perform with predicted
grasp poses?

A. Experiment Setup

Grasp-MPC and baselines are evaluated in simulation us-
ing a UR10 robot with a Robotiq 2F-140 gripper. Evaluations
are based on FetchBench [14] (Figure 4), adapted to use
Isaac Sim for improved physics and closed-loop gripper
modeling. All objects are novel and consist of both proce-
durally generated objects and the ACRONYM objects [12].
Three cameras capture point clouds, and the one with the
greatest coverage of the target object is selected to provide
observations to the policy. Experiments span 90 scenes (60
problems each), resulting in 5, 400 test cases. A 6cm offset
is used to compute pre-grasp poses from the grasp poses.
Evaluation Metrics: The evaluation uses the metric Grasp
Success, defined as lifting the object at least 1cm. Since
the task involves motion planning to reach the pre-grasp
pose, this metric accounts for motion planning failures by
excluding trials where moving to the pre-grasp pose failed.
Baselines: Grasp-MPC is compared to the following:

• Open-Loop Linear: The end-effector moves linearly
from the pre-grasp to the desired grasp pose. Opera-
tional Space Control [43] implemented in FetchBench
is used.

• Transformer Policy A Transformer-based policy, in-
spired by the architecture used in OPTIMUS [17], and
included as a baseline in FetchBench [14].
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Fig. 5: Grasp performance comparison across different methods given ground truth, noisy, and M2T2-predicted grasp
poses. Solid bars represent performance with ground truth grasp poses, diagonally hatched (///) bars show results with
noisy perturbations (±2cm, ±18deg), and cross-hatched (xx) bars indicate M2T2-predicted grasp poses. While Grasp-
MPC maintains a high grasp success rate across all perturbations, Open-Loop Linear, an open-loop baseline, significantly
drops with perturbed grasp poses.

• Diffusion Policy (DP): A diffusion policy [44] that
takes point cloud observations as input, which is con-
sidered one of the state-of-the-art IL approaches.

• IQL: A policy trained with Implicit Q-Learning
(IQL) [32], a state-of-the-art offline RL method.

All methods, including Grasp-MPC, use CuRobo’s motion
planner to generate a trajectory from the robot’s initial
position to a pre-grasp pose. The robot then attempts to grasp
the object using one of the above methods. IL policies are
trained only on successful trajectories.

B. Grasp Execution with Grasp Pose Annotations

Grasp pose annotations for objects in the Fetchbench en-
vironments were generated for the Robotiq 2f-140 following
ACRONYM [12]. Up to 200 kinematically valid, collision-
free grasp poses are randomly sampled during evaluation,
from which one is selected for the robot to move to the
corresponding pre-grasp pose using a goalset motion planner
in CuRobo [37].

Grasp-MPC nearly matches oracle performance while
surpassing closed-loop baselines. As shown in Figure 5,
Grasp-MPC demonstrates competitive performance com-
pared to Open-Loop Linear, an open-loop approach, which
serves as an oracle baseline. Grasp-MPC achieves a grasp
success rate of 74.9%, closely matching the oracle baseline
Open-Loop Linear at 79.0%. Moreover, Grasp-MPC signif-
icantly outperforms closed-loop baseline methods.

Closed-loop baselines underperform due to subopti-
mal data and domain mismatch. IQL achieves a grasp
success of 64.4%, below Grasp-MPC (73.6%), likely due
to limitations in its policy extraction process [34]. IL-
based approaches also perform poorly, likely because motion
planning, while efficient for data collection, often yields
suboptimal demonstrations. Additionally, the gap between

the empty scene used for data collection and the object rich
evaluation environments introduce MDP mismatches that
further degrade performance.

Grasp-MPC is robust to noisy pre-grasp poses. Grasp-
MPC and baseline methods are also evaluated using ground-
truth grasp poses perturbed with random noise sampled
from U(−2cm, 2cm) in translation and U(−18deg, 18deg)
in orientation. As shown in Figure 5, Open-Loop Linear
fails to recover from these perturbations due to its open-loop
nature, resulting in a 40% drop in performance. In contrast,
Grasp-MPC achieves a 60.3% grasp success rate (14% drop),
outperforming baseline closed-loop control policies.

C. Grasp Execution with a Grasp Pose Prediction Model

M2T2 [1] is used as an off-the-shelf grasp prediction
model to generate target grasp poses. We attempted to train
M2T2 using grasp pose annotations specific to the Robotiq
gripper, but could not train an optimal grasp pose prediction
model. We instead use the publicly available M2T2 model
trained on Franka Panda gripper, adding a 10cm offset to
adapt the predicted grasp poses for the Robotiq gripper. The
top-512 scored grasp poses are selected.

Grasp-MPC maintains strong performance despite
noisy grasp poses from M2T2, outperforming all base-
lines. IL-based approaches perform poorly, achieving only
36.5% grasp success rate as shown in Figure 5. The stan-
dard Open-Loop Linear approach achieves 63.6%, drop-
ping by 15% from using ground truth grasp poses. Grasp-
MPC achieves 67.2% success, highest among methods,
dropping only by 8% from using ground truth grasp poses.
This result highlights Grasp-MPC’s robustness to prediction
errors from an off-the-shelf grasp prediction model and
shows promise for real-world deployment, which is evaluated
in the next section.
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Fig. 6: Grasp-MPC execution in the Table Clutter scene. Grasp-MPC effectively grasps a novel object from the bin.
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Fig. 7: Ablation on Ensemble showing Grasp Success and
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D. Ensemble Ablation Study

We present results using a single value function, as ensem-
bles did not yield meaningful performance improvements.
To validate this choice, we use the risk-averse objective for
ensemble value functions, following the prior work [26]:

Impact of Value Function Ensembles. Figure 7 reports
grasp success rates across all scenes. Using an ensemble
improves performance by only 0.3%, suggesting that the
dataset provides sufficient coverage for training a single
value function. Although ensembles would promote safer
behavior via pessimistic cost estimation, a single value
function still generalizes well and enables effective grasping.
The MPC step runs at 60hz for K = 1 and 17hz for
K = 50, indicating the computational trade-off of using
larger ensembles.

VI. EXPERIMENTAL RESULTS: REAL-WORLD

Grasp-MPC is evaluated on novel objects using a UR10
robot arm with a Robotiq 2F-140 in real-world environments.
The experiments are designed to address: (1) How effectively
does Grasp-MPC grasp novel objects in challenging real-
world environments compared to open-loop approaches? (2)
How well does it adapt to dynamic perturbations when
the target object pose changes after reaching the pre-grasp
position?

A. Experiment Setup

Perception System. Two RealSense L515 cameras with
known extrinsics capture 640×480 depth images to generate
point cloud observations. Target object segmentation is per-
formed using SAM-Track [45], which combines Grounding
DINO [46] for detection and SAM [47] for segmentation,

Fig. 8: Representative real-world environments: (Left) Table
Empty, (Middle) Table Clutter, and (Right) Shelf Clutter.

producing input point clouds for Grasp-MPC’s value func-
tion. To handle obstacles in cluttered scenes, NVBlox [48]
is used to represent the environment for CuRobo’s motion
planning and MPC modules.

Success Criteria. Grasp success is defined as lifting the
target object and returning the arm to its home position
without dropping it during execution.

Grasp Pose Prediction. As in the simulated experiments,
M2T2 predicts grasp poses, with a 10cm offset applied to
adapt them for the Robotiq gripper.

Baselines. Open-Loop Linear, implemented in CuRobo-
GraspAPI, is used for comparison, as it provides a simple
and reliable grasp execution pipeline suitable for real-world
deployment. Other closed-loop control policies are excluded
from real-world experiments due to safety concerns, as they
lack collision avoidance mechanisms and are prone to collide
with surrounding obstacles such as a shelf or clutter. In
contrast, Grasp-MPC minimizes collision and learned grasp
task costs, enabling safe and effective operation in cluttered
real-world environments.

B. Grasping Performance Across Different Scenes

Comprehensive evaluation across three environ-
ments with increasing complexity. We compare Grasp-
MPC against Open-Loop Linear using CuRobo-GraspAPI
across three progressively challenging environments: empty
tabletop, cluttered tabletop, and cluttered shelf scenes as
shown in Figure 8. Each environment utilizes 5 different
objects, with distinct object sets for each environment to
ensure comprehensive evaluation across varying complexity
levels. For each object, three different poses are considered,
and two evaluation trials per method are performed to assess
consistency and reliability. In total, 30 trials are conducted
for each environment.

Consistent outperformance over open-loop baselines
across all environments. Figure 9 presents the grasp success
rates of Grasp-MPC and Open-Loop Linear across different
scenes. The open-loop baseline frequently fails to grasp
target objects when the predicted grasp pose deviates from
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the ideal configuration, as it cannot adapt during execution.
In contrast, Grasp-MPC continuously adjusts the gripper
pose to minimize the task grasp cost function while avoiding
obstacles such as a shelf, demonstrating safe and robust grasp
execution across all environments. Grasp-MPC outperforms
the baseline in all scene types, with greater performance
improvements observed in complex environments.

C. Real-Time Adaptation to Object Pose Perturbations

To demonstrate the benefits of Grasp-MPC as a closed-
loop control policy, perturbations are added to the target
object pose after the robot reaches the pre-grasp pose. Since
open-loop approaches cannot handle such dynamic changes
by design, we evaluate only Grasp-MPC in this experiment
to assess its real-time adaptation capabilities.

Successful grasping despite large object perturbations
during execution. We evaluate 5 objects with 6 trials per
object, resulting in 30 trials total. Figure 10 illustrates an
example rollout demonstrating Grasp-MPC’s adaptability.
Grasp-MPC achieves a 60% success rate, demonstrating its
capability to adapt in real-time even when large perturbations
are applied to the target object pose. Grasp-MPC exhibits this
global behavior while having trained on grasping motions
that are only 15cm away from a grasp. We are planning on
training with larger grasping motions in the future to study
if we can get even higher success at this task.

VII. DISCUSSION

This work presents Grasp-MPC, a 6-DoF closed-loop
grasping policy for novel objects in cluttered environments.
The approach learns a value function from both successful
and failed grasping trajectories, which is subsequently inte-
grated into an MPC framework to generate actions during
deployment. Through its modular design, Grasp-MPC can
address deployment-time constraints such as clutter without
requiring retraining. Moreover, leveraging both successful
and failed trajectories enhances data efficiency.

Grasp-MPC is validated on the simulated benchmark
FetchBench [14] across 5,400 grasping problems, demon-
strating superior performance compared to IL methods. It
also outperforms open-loop planning-based approaches in

scenarios with noise in the grasp pose or when the grasp
pose was provided by a learned model (e.g., M2T2). On
a real robotic system, Grasp-MPC achieves a 30% higher
success rate than a planning-based approach in cluttered
table-top and shelf settings, despite being trained exclusively
on empty scenes. These results demonstrate the ability of the
method to operate with noisy point clouds and to handle
real-world contact physics without relying on physically
simulated training data.

While shown to be effective, Grasp-MPC presents several
limitations that highlight opportunities for future improve-
ment and extension. First, although higher success rates
are achieved compared to existing methods, performance
in real-world deployments does not yet reach 100%. We
hypothesize that leveraging physics simulation during data
generation to generate success/failure labels will improve the
performance of Grasp-MPC. Grasp-MPC can also be readily
finetuned with real-world data as only success/failure labels
are required for trajectories. Both of these explorations are
left to future work.

A further limitation is that validation is restricted to grasp-
ing tasks. Although the approach could extend to other ma-
nipulation tasks given suitable demonstration pipelines [49],
evaluating value function learning across diverse tasks is left
for future work.
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