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Figure 1. Simulation-Enabled VLM Action Planning. Given a single RGB-D image and a language task description (left), our method
efficiently constructs a physics simulator that enables test-time VLM reasoning with physical grounding. This physically grounded rea-
soning allows the robot to succeed in fine-grained manipulation tasks (bottom), outperforming a vanilla VLM planner (top) that lacks

awareness of physical dynamics.

Abstract

Vision-Language Models (VLMs) exhibit remarkable
common-sense and semantic reasoning capabilities.
However, they lack a grounded understanding of physical
dynamics. This limitation arises from training VLMs on
static internet-scale visual-language data that contain
no causal interactions or action-conditioned changes.
Consequently, it remains challenging to leverage VLMs
for fine-grained robotic manipulation tasks that require
physical understanding, reasoning, and corresponding
action planning. To overcome this, we present SIMPACT,
a test-time, SIMulation-enabled ACTion Planning frame-
work that equips VLMs with physical reasoning through
simulation-in-the-loop world modeling, without requiring
any additional training. From a single RGB-D observa-
tion, SIMPACT efficiently constructs physics simulations,
enabling the VLM to propose informed actions, observe
simulated rollouts, and iteratively refine its reasoning. By
integrating language reasoning with physics prediction, our
simulation-enabled VLM can understand contact dynamics
and action outcomes in a physically grounded way. Our
method demonstrates state-of-the-art performance on
seven challenging, real-world rigid-body and deformable

*Equal contribution

manipulation tasks that require fine-grained physical
reasoning, outperforming existing general-purpose robotic
manipulation models. Our results demonstrate that em-
bedding physics understanding via efficient simulation into
VLM reasoning at test time offers a promising path towards
generalizable embodied intelligence. Project webpage can
be found at https://simpact-bot.github.io.

1. Introduction

General-purpose robots hold significant promise for han-
dling complex, labor-intensive tasks in unstructured en-
vironments, but realizing this potential requires advanced
scene perception and robust action planning. Vision-
Language Models (VLMs), trained on static internet-scale
visual and language data, offer a promising solution by
equipping robots to understand scenes and respond to di-
verse queries. These models can understand object se-
mantics, infer task goals, and generate action descriptions
aligned with human intent [10, 12, 46]. However, despite
their remarkable commonsense and semantic reasoning ca-
pabilities, VLMs lack a grounded understanding of phys-
ical dynamics. They can describe what to do, but often fall
short in predicting how actions will unfold when executed
in the physical world.
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As such, VLMs have shown limited capabilities in
robotic manipulation, particularly for tasks involving rich
physical interactions, such as turning an object in place
or carefully stacking objects. These tasks require reason-
ing about how objects behave under forces and constraints,
where small variations in contact or timing can lead to dras-
tically different outcomes. Lacking physical understanding,
VLMs often propose plans that appear reasonable in lan-
guage but fail during execution.

To address this limitation, we propose a framework that
augments VLMs with physical simulation rollouts as con-
textual feedback, enabling test-time physical reasoning for
action planning. Our approach begins with a novel simu-
lation generation pipeline that leverages pretrained visual
foundation models—including segmentation, 3D genera-
tion, and pose estimation models —to efficiently build a
physical simulator directly from a single-view RGB-D im-
age. In addition, we use VLMs to automate the setup of a
multi-physics simulator, enabling it to model the behavior
of both rigid and deformable objects across diverse mate-
rial properties. The resulting physical simulation charac-
terizes intricate contact dynamics that are difficult to infer
from static images and language alone, providing VLMs
with physical insights for manipulation planning.

Powered by the generated simulation, we introduce a
planning framework driven by VLMs’ reasoning capabili-
ties. Our key idea is to leverage the rich prior knowledge
of VLMs to generate action sequence proposals, and to use
simulated rollouts as context for the VLM to iteratively re-
fine these proposals. This test-time reasoning paradigm, in-
spired by model-based control frameworks [53, 64], enables
VLMs to reason not only about the world through language
but also about its dynamics through simulated interaction.
By augmenting VLMs with physical simulation, our frame-
work enables them to anticipate action consequences, eval-
uate predicted outcomes, and iteratively adjust their deci-
sions at test time, without any task-specific training. This
process unlocks significantly stronger physical reasoning,
enabling more reliable and robust real-world performance
than state-of-the-art general-purpose manipulation models.
In summary, this paper makes the following contributions:

e We introduce a test-time, zero-shot framework en-
abling VLMs to plan physics-aware embodied actions;

* We present a pipeline for automatically generating
multi-physics simulations from a single RGB-D obser-
vation using visual foundation models and VLM;

* We propose a novel in-context learning approach for
robot action generation, where physics simulation
serves as context, enabling a new form of test-time rea-
soning in robotics.

2. Related Works

Vision-Language Models for Robotics. VLMs excel at
scene understanding and language interpretation [33, 34,
46, 51, 52], making them promising for natural language-
based robot control in open-world environments [5, 14, 15,
23, 61]. Many existing works directly fine-tune an action
prediction head, i.e., vision-language-action (VLA) mod-
els, but these methods require large amounts of action-
labeled training data, and their generalization ability re-
mains limited [2, 3, 43, 70, 73]. Other works adopt
carefully designed 3D geometric representations to enable
VLMs to reason about actions. Examples include volumet-
ric value maps [25], motion arrows [44], keypoint affor-
dances [16, 69], and keypoint constraints [24, 26]. While
these spatial representations advance VLM reasoning ca-
pacity through 3D grounding, they critically lack tempo-
ral dynamics, which are essential for tasks involving phys-
ical interaction and sequential manipulation. Early works
have explored using physics simulation to augment reason-
ing in VLMs [37], and physical grounding for VLMs has
also been investigated [18]. However, these efforts focus on
question answering rather than the more challenging task of
manipulation planning, which requires a robot to generate
and refine continuous action sequences.

Model-based Planning in Robotics. Model-based plan-
ning has long been studied in robotics as a generalizable
way to automatically synthesize long-horizon, complex ac-
tion sequences [19, 22, 30-32, 42]. However, existing plan-
ning frameworks face limitations in open-world settings,
where we need to build dynamic models from real-world
perception and plan long-horizon actions from language in-
structions. With advances in deep learning, neural dynamics
models have been developed to capture physical dynamics
through image-space prediction [14, 17, 68], latent-space
dynamics modeling [1, 20], and structured world represen-
tations [7, 8, 71, 72]. To improve planning efficiency, meth-
ods have been proposed to learn sampling distributions [49,
50] or to increase optimization efficiency using energy-
based approaches [13, 27]. Nevertheless, these extensions
still require training within a specific problem domain.

We argue that existing works do not fully address the
open-world manipulation challenge. Task-specific models
struggle with the diversity of real-world scenes. In con-
trast, pre-trained VLMs offer general scene understanding
and reasoning capabilities, so we leverage them to support
each component of our framework.

Our work also advances the construction of simulations
from real-world observations. Compared to real-to-sim-to-
real approaches such as digital twins [21, 29, 48, 59, 60, 65]
and cousin creation [11], our approach constructs simula-
tions more efficiently from a single-view RGB-D image.
The recent method Prompting-with-the-Future [45] uses
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Figure 2. Simulation construction from a single RGBD image. Given an RGB-D image and a language task description, our pipeline
automatically generates either a mesh-based simulation (fop) for rigid objects or a particle-based simulation (bottom) for deformables.
After segmenting objects-of-interest via GroundedSAM?2 [55], we reconstruct either the 3D shape, scale, and pose of the object for rigid-
body simulation, or perform dense sampling of particles within the volumes between the object surface and the table for the particle-based
simulation pipeline. In both cases, we prompt the VLM to infer the relevant physical parameters required for simulation.

rigid-body simulation and a VLM solely as a reward signal
in a model-predictive-control setup. In contrast, our method
integrates multi-physics simulation and exploits VLMs for
both informed action sampling and in-context learning op-
timization, resulting in substantial performance gains as
demonstrated by our experiments.

3. Method

Our framework enables zero-shot robotic manipulation ac-
tion generation from a single RGB-D image input Iy and
natural language instruction /g and outputs robot action
sequence a = {a; }1<¢<7, where a; € SE(3) x R, defining
end-effector pose and gripper open width. For each task, the
natural-language specification /g defines the task require-
ments, along with potential success and failure conditions,
to guide the VLM in proposing plausible actions.

Our simulation-enabled VLM planning framework oper-
ates as illustrated in Fig. 3. First, we construct a physical
simulator SIM using an automated perception pipeline that
reconstructs complete 3D geometries and configures appro-
priate simulation parameters as shown in Fig. 2. Next, we
instantiate a manipulation planner that integrates the simu-
lator with a VLM as its core reasoning module. The planner
begins by generating a scene context from an initial visual
observation, which is augmented with robot proprioceptive
data and object states. Based on this context and prior
knowledge, the VLM proposes action sequences, which are
evaluated through simulation rollouts. The resulting visual
observations and object states from each rollout are then fed
back to the VLM as additional context for iterative refine-
ment. This process continues until a rollout is validated as

successful. Finally, the optimized action sequence is exe-
cuted as end-effector commands on the real robot system.

3.1. Simulation Construction

Our approach employs a physics-based simulator to predict
the consequences of actions for manipulation planning. The
simulation follows the discrete-time state transition:

St = SIM(Stfl, Qg 9)

(1

where s; denotes the state at time step ¢, a; represents the
applied action, and 6 comprises time-invariant simulation
parameters. The state space captures all task-relevant in-
formation: rigid objects are represented by a 6DoF pose in
SE(3), while deformable objects are described by N parti-
cle positions in R3*N_ We initialize the state as sq, assum-
ing objects remain static prior to interaction, and construct
parameters via § = CreateSim(I) from the initial RGBD
image Iy. Here, the simulation parameters are defined as
0 = (Ogeom, Ophys), Where Oyeom specifies the object shape
and pose, and 6,y characterizes its mechanical properties.

Our geometry pipeline begins by prompting a VLM to
generate object labels based on the user’s instructions, as
shown in Fig. 2. We first apply a pretrained segmentation
model, GroundedSAM?2 [54, 55], to segment each identi-
fied object in Iy. We prompt the VLM to automatically
select different physics engines based on object charac-
teristics: MuJoCo [58] for rigid bodies, a variant of the
projective dynamics [4] solver for stiff deformable objects
that ensures numerical stability, and the Material Point
Method [28] solver for soft objects to handle potential topo-
logical changes. We automate physical parameters Ophys in-
ference by prompting the VLM to leverage its common-
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Figure 3. Method overview. Our method first instantiates a
physics simulator given the real-world scene. Next, a VLM-based
action sampler and optimizer iteratively refine the action sequence
towards task success using simulated rollouts as context. The final
optimized actions are then executed in the real world.

sense reasoning for plausible predictions, following prior
works [6, 66, 67], with more details in Suppl. Sec. A.1.
Mesh-based Rigid Body Simulation. For rigid bodies, we
define the geometry parameters as fyeom = {(M;, X Z)}iv;‘},
where M, denotes the triangle mesh and X, represents
the initial 6DoF pose of object 7. Using the segmented
RGB image, we reconstruct complete triangle meshes for
each object using a pretrained image-to-3D model [57],
denoted as the unscaled mesh /\;lz Each reconstructed
mesh is then centered and scaled according to the size of
its corresponding real-world bounding box obtained from
point cloud segmentation, yielding M; = a;(M; — ),
where «; denotes the ratio between the diagonal length of
the real-world bounding box and that of the unscaled mesh,
and (; represents the 3D centroid of the unscaled mesh
Finally, we estimate the 6DoF pose X; for each object
using its triangle mesh M; in model-based mode and the
RGB-D observation I, employing FoundationPose [63].
The physical parameters Ophys include mass, friction, and
the center of mass for each rigid body.

Particle-based Deformable Object Simulation. For de-
formable objects, we define fgeom = {Pz}fi?, where each
P; C R? denotes the point set representing object i. We
first back-project the segmented object mask from the depth
image to obtain 3D surface points. To construct the full par-
ticle representation, we uniformly sample points within the
volume bounded by the object surface and the supporting
table surface, as illustrated in the bottom row of Fig. 2. De-
formable bodies have 0y defined by elasticity and plastic-
ity parameters; see Suppl. Sec. A.1 for details.

3.2. Action Planning via Simulation-enabled VLM

Given the constructed simulator SIM, our action planning
framework follows an iterative refinement process, as out-
lined in Fig. 3. As shown in Alg. I, our planner takes as
input the initial RGB-D observation I, the initial simulator
state s, task description f,gx, VLM, and SIM. The plan-

Algorithm 1: Action Planning Algorithm

1 Input: VLM, SiMm, Io, 4iask, S0;

2 A=0, S=0; // Action sequences and rollouts
// Initial action sampling and simulation

3 fork=1..K do

4 A+ AU {a’ + SAMPLE(Io, £k, s0; VLM) };

5 S + SU{s’ + SIMROLLOUT(sg, a’; SIM) };

// Iterative action optimization

6 fork = K+1to Kimax do

7 a® « OPTIMIZE(A, S, £iuek; VLM);

8 sk «+ SIMROLLOUT(sg, a*; S1M);

9 if TASKSUCCESS (s*; VLM) then

10 break ; // Stop when successful
11 else

12 | A+ Au{ar}, S+ Su{st};

13 return a®

ner begins by sampling an initial set of action sequences .4
from the VLM prior. For each action sequence a’ € A,
the SIMROLLOUT procedure iteratively applies each action
a; and uses the SIM function to obtain the next state s;_ ;,
adding simulation rollouts s* € S.

After initialization, each iteration proceeds as follows.
Using both 4 and S, a VLM-based optimizer refines the
proposed action sequences and produces a new action se-
quence a®. Based on the simulated rollout s*, the VLM
model then evaluates whether a* achieves the task goal.
If successful, the corresponding action sequence a” is ex-
ecuted on the real robot, and the process terminates. Oth-
erwise, the planner proceeds to another round of action op-
timization by adding a newly generated a* to A and s* to
S, until either a successful plan is found or the maximum
iteration limit K, is reached.

At the heart of our planning framework is the VLM,
which uses its pretrained knowledge to instantiate the
SAMPLE, OPTIMIZE, and TASKSUCCESS modules. For
each role, we define a corresponding system prompt /.,
where * denotes sample, opt, or eval, specifying the func-
tion that the VLM performs.

VLMs for Action Proposal Generation. To instantiate
SAMPLE using a VLM, we build upon two key ideas: (1)
constructing an informed contextual description of the envi-
ronment, and (2) leveraging hierarchical action generation.
(1) Contextual representation. We begin by constructing a
comprehensive context that includes the initial visual obser-
vation [ and the robot’s proprioceptive state. For the ma-
nipulated objects, we further incorporate their 6-DoF poses
along with key geometric attributes, such as bounding box
dimensions. Full details are shown in Suppl. Sec. A.2.

(2) Hierarchical action generation. Directly prompting a
VLM to generate continuous 6-DoF end-effector poses for
long-horizon tasks is challenging, as such representations
lack clear semantic meaning and are difficult for VLMs to
reason about. In contrast, we find that VLMs are highly ef-
fective at producing high-level symbolic action sequences
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Figure 4. Action optimization process. We show a representative example from the non-toppling push task. The left three images
show simulation rollouts from initial VLM-sampled action sequence proposals, all of which fail due to insufficient/overshooting push, or
because the bottle topples. From these proposals, the VLM optimizer reasons a non-trivial action update that pushes the bottle for the
correct distance without toppling in both simulation and real-world execution.

Table 1. Definition of tasks. For each manipulation task, we list the corresponding instruction and success criteria.

Tasks Instruction

Success Condition

Non-toppling push Push the white carton forward to align horizontally with the others.
Grasp the pink bowl at its edge and stack it with the blue bowl.

Bowl stacking

Pivoting Make the red pocky box lean vertically against the brown box.
Shape rope Grab the free end of the rope and arrange the rope to a U shape.
Shape playdoh Squeeze the Play-Doh to a square shape with equal sides.

Avoid obstacle Push the orange bottle around the box to the image’s bottom-right.
Sweeping Sweep the coffee beans into the purple box.

The bottle does not topple and aligns within 2 cm.

The pink bowl stably lies inside the blue bowl.

The red pocky box reaches vertical pose.

The deformed rope has an opening ratio in [0.5, 2.0].
Two sides of the Play-Doh have a ratio within 1.5.

The orange bottle reaches the other side without colliding.
All beans are pushed into the box.

that align with patterns seen in their pretraining data. Ac-
cordingly, we define a compact set of symbolic actions e.g.,
MOVE, GRASP, and RELEASE, to better exploit the seman-
tic reasoning capabilities of VLMs. Each symbolic action is
further parameterized by continuous control variables, en-
abling fine-grained and precise motion execution.

Formally, we represent a high-level action at time ¢ as
Ar = (7¢,u:) where 7; denotes the high-level action type
and u; represents the continuous control parameters. A de-
terministic mapping, ACTION2POSE, translates a sequence
of high-level actions into continuous 6-DoF control trajec-
tories. Within the SAMPLE function, let A* denote the i-th
high-level action sequence. The VLM then samples an ac-
tion sequence as

a’ = ACTION2POSE (A" = VLM (o, fuask, 503 Lsample) ) -

where {gmple denotes the system prompt that specifies the
sampling behavior of the VLM (refer to Suppl. Sec. A.2 for
details).

VLMs for Action Optimization. Given sampled action se-
quences A = {a’}[ |, we first perform simulation rollouts
to obtain their corresponding state trajectories S = {s'} X ;.
Next, we instantiate the OPTIMIZE function using the VLM
via in-context learning. For each action sequence, we con-
struct an optimization context ¢! by subsampling time steps
and gathering intermediate information. In particular, at
each selected time step ¢, we render a simulator observa-
tion image I} and include the numerical action a! and state
st in the context. This provides the VLM with both visual
and state-based evidence to guide optimization.

a¥ = VLM(c!, ..., ¢ Lop) )

This optimization process is not restricted to local updates
as in numerical optimizers; instead, it can perform rea-
soning and even learn from all failure examples. Fig. 4
illustrates a case where the VLM-based optimizer learns
from failed attempts, produces a successful action sequence
through its internal reasoning.

VLMs for Success Evaluation. Given the simulation roll-
out s*, we render the final simulation state and extract both
an observation image I¥ and the simulator state s%.. These
are used as contextual inputs for the VLM to assess whether
the task is successfully completed. The evaluation is formu-
lated as

TASKSUCCESS(s¥) = VLM(IX, 5%, fiaac; Covar)-

If the VLM determines that the proposed action sequence
achieves the task objective, the sequence is executed in the
real environment. Otherwise, the system continues to opti-
mize actions until the iteration limit is reached.

4. Experiments

To evaluate the effectiveness of our framework, we design
seven challenging, real-world, physics-aware, fine-grained
manipulation tasks. We assess whether our method enables
zero-shot planning on these tasks, comparing it against
other state-of-the-art zero-shot methods. We validate our
design choices through systematic ablation studies.

4.1. Experimental Setup

We evaluate our system using a Franka Research 3 robot
arm with a parallel-jaw gripper. For the Play-Doh manip-
ulation task, we use a custom 3D-printed end effector to
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Table 2. Success rates of our method and baselines. For each task, we run 10 trials per method. Our approach consistently achieves a
substantially higher success rate than baselines, highlighting the effectiveness of simulation-enabled VLMs for action planning.

Method Non-toppling push Bowl stacking Pivoting Shape rope Shape dough Avoid obstacle Sweeping
mo.5[2] 0% 0% 0% 0% 0% 0% 0%
VoxPoser[25] 0% 20% 0% 0% 0% 0% 20%
MOKA[16] 0% 10% 0% 20% 0% 0% 0%
Ours 80% 60 % 40% 90 % 80% 80% 70%

Non-Toppling Push

Bowl Stacking

Avoid Obstacle

Shape Dough

Pivoting

Figure 5. Qualitative results. The figure shows the initial state, execution progress, and final state for six tasks in both the real world
(top) and the simulation (bottom). By leveraging VLM’s powerful generalization, rendered simulation images can guide VLM’s test-time

reasoning for action planning despite the visual sim2real gap. Fig.

achieve a sufficiently large contact area. A single calibrated
Intel RealSense D4351 RGBD camera is used.

Tasks and Metrics. We design diverse tasks requiring fine-
grained, physics-aware manipulation planning. The objects
span rigid bodies (cartons, bowls, boxes) to deformable ma-
terials (rope, Play-Doh), enabling evaluation across differ-
ent physical properties and manipulation strategies, includ-
ing pushing, grasping, pivoting, squeezing, and sweeping.
Success rate is our primary evaluation metric. Task instruc-
tions and success criteria are detailed in Table 1.
Baselines. We compare our approach against the follow-
ing baselines: (1) VLA models that are trained on large-
scale robot action datasets to directly predict joint velocities
from visual observations and language instructions. We use
0.5 [2], a recent open-source VLA model pretrained on a
large robot manipulation dataset, as a representative base-

10 shows the results of the remaining task.

line. (2) VLM-based methods that leverage geometric rep-
resentations to augment VLM for manipulation planning.
We compare against VoxPoser [25], which uses volumet-
ric value maps to represent spatial affordances in 3D, and
MOKA [16], which predicts keypoints and affordance re-
gions to generate manipulation actions. For our pushing
and squeezing scenarios, we extend MOKA, which origi-
nally supports only grasping, to represent contact location
with a target contact point and infer contact direction from
pre- and post-contact positions.

Implementation details. For simulation, we implement the
projective dynamics variant solver using PyTorch [47] and
the MPM simulator using Warp [39]. We use Google Gem-
ini 2.5 Pro as the default VLM [10] and generate K = 10
initial action proposals, setting Kax = 13, corresponding
to a maximum of 3 action-optimization iterations.
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Table 3. Ablation. Success rates (%) over 10 trials for each task after removing each component of our method. Results demonstrate the
importance of VLM-conditioned sampling and the VLM’s simulation-enabled test-time reasoning capabilities.

Method Non-toppling push Bowl stacking Pivoting Shape rope Shape dough Avoid obstacle Sweeping
w/o VLM sampler 0% 10% 0% 0% 0% 0% 20%
w/o simulation rollout 20% 0% 0% 30% 30% 0% 20%
w/o VLM optimizer 30% 50% 30% 40% 80% 20% 70%
Ours 80% 60% 40% 90 % 80% 80% 70%
Non-Toppling Push Bowl Stacking Pivoting Shape Rope Shape Dough Sweeping
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Figure 6. Qualitative comparison with baseline methods. We show representative failures from baseline methods that lack simulation-
enabled reasoning. These methods often choose incorrect action parameters, using improper pushing heights that cause toppling, or
attempting to grasp the bowl at its center. Pivoting tasks fail because the baselines do not maintain contact with the box’s side face. For the
rope task, baselines place the rope in the wrong direction due to missing deformation reasoning; for the dough-shaping task, baselines fail
to plan the perpendicular squeezes needed to form a square; for the sweeping task, baselines fail to push all beans into the box.

4.2. Results

Table 2 shows the success rates of our method compared to
baseline approaches. Overall, our method consistently out-
performs baseline methods across all evaluated tasks, high-
lighting its strong performance on challenging, physics-
aware, fine-grained manipulation tasks. Fig. 5 shows simu-
lation and real-world rollouts of six of our seven tasks.

From the table, the VLA model 7 5 consistently fails on
all tasks. While we observe that 7 5 can sometimes gener-
ate actions that approach the target object, it fails to com-
plete the manipulation. This is because while VLA models
can perform zero-shot on tasks similar to those seen dur-
ing training, they generalize poorly to out-of-domain, chal-
lenging tasks used in our experiment. VLM-based meth-
ods, VoxPoser and MOKA, leveraging VLM’s strong scene-
understanding and reasoning capabilities, achieve non-zero
success rates on tasks such as bowl stacking, shape rope
and sweeping. However, they struggle with tasks that re-
quire precise action planning, where small errors, such as
pushing the wrong part of an object (in non-toppling push)
or squeezing an incorrect region of deformable materials
(in shape dough) lead to failures, as shown in Fig. 6. In
contrast, our method integrates simulation-enabled reason-
ing with VLM, enabling the robot to iteratively refine its

action plan using simulation rollouts as context. This en-
ables the system to identify and avoid physically unstable
or ineffective strategies. For example, in non-toppling push,
the simulation shows that pushing near the top of the carton
would cause toppling, so the system adapts by pushing from
a more stable point, as shown in Fig. 4.

4.3. Ablation study

We consider three ablated variants of our method. (1) Re-
moving the VLM sampler: To assess the importance of
VLM-guided action sampling, we replace them with un-
informed sampling from a Gaussian distribution over grip-
per pose deltas. To ensure fairness, we increase the sam-
ple size by 5. This variant resembles the Prompting-with-
the-Future approach [45], but uses a VLM-based optimizer
rather than the cross-entropy method (CEM). The VLM op-
timizer is more effective due to its reasoning capability, as
shown in Fig. 4, rather than being limited to the local action
updates assumed by CEM. (2) Removing simulation rollout
context: We evaluate whether current VLMs can reason ef-
fectively without simulation rollouts. Following a proposer-
verifier structure, the VLM generates and evaluates multi-
ple action proposals using only its internal reasoning. (3)
Removing the VLM optimizer: We disable iterative refine-
ment and let the VLM select the best action from the initial
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Table 4. Sampling length ablation. Success rates (%) over 10 tri-
als varying numbers of in-context examples for tasks non-roppling
push, bowl stacking, shape rope.

#Samples  Non-toppling push Bowl stacking Shape rope
3 samples 50% 50% 40%
10 samples 80% 60% 90%
20 samples 90% 20% 80%

proposals based on simulation outcomes, testing whether a
naive optimization process is sufficient.

From Table 3, removing the VLM sampling module
causes a significant performance drop. For fine-grained ma-
nipulation tasks, purely random sampling often yields ac-
tions far from feasible solutions, providing no useful guid-
ance for subsequent VLM reasoning. This underscores the
importance of VLM-conditioned action sampling in gener-
ating reasonable action proposals. Removing simulation-
rollout validation also substantially degrades performance,
particularly in tasks such as bowl stacking, pivoting, and
avoiding obstacles. This indicates that language-based rea-
soning without physical grounding cannot reliably infer
successful action. However, the variant still outperforms
baseline methods, largely due to the hierarchical action
sampling strategy introduced in Sec. 3. Finally, disabling
the VLM optimizer also results in a performance decrease.
This decline is especially pronounced in tasks such as non-
toppling pushing, shape rope, and avoid obstacle, where
the initial VLM-generated samples are often inadequate for
completing the tasks and require iterative refinement.

In addition, we investigate how the number of initial
VLM-sampled actions (K in Alg. 1) affects performance,
reporting success rates over 10 trials in Table 4: using only
3 samples degrades performance, as limited rollouts fail to
provide sufficient task information, leading to poor opti-
mization; Increasing samples also does not always help, as
performance drops for bow! stacking and shape rope when
increasing samples from 10 to 20, particularly for task bow!
stacking. This likely occurs because longer contexts re-
duce VLM reasoning efficacy [62], which could be mit-
igated by pre-selecting informative samples. In contrast,
non-toppling push slightly improves, as its shorter action
horizon limits context growth.

4.4. Failure Case Analysis

Fig. 7 shows the failure distribution across tasks, catego-
rized into three failure types: perception, planning, and exe-
cution failures. Perception failures mainly stem from errors
in single-view 3D reconstruction, which could be reduced
by using better image-to-3D models or changing the obser-
vation view. Planning failures occur when the robot fails
to generate a feasible action sequence even after multiple
rounds of action optimization. These are the most frequent
failure cases, especially in the pivoting task, where finding a

Perception
failure

Planning
failure

Execution
failure

Figure 7. Failure case decomposition graph. Failures are cate-
gorized as perception, planning, or execution.

successful action sequence is particularly challenging. Exe-
cution failures arise when kinematic or dynamic discrepan-
cies between simulation and reality cause actions that suc-
ceed in simulation to fail in real-world execution.

4.5. Limitations

There are several limitations to our method. First, simu-
lation quality depends heavily on the underlying image-to-
3D reconstruction in the rigid-body case, where single-view
methods struggle with occlusions. Incorporating inpainting
or generative 3D completion models [38] may help alleviate
this issue. Recent works on articulated object reconstruc-
tion [9, 36] can also be integrated into our framework. Next,
since we estimate physical parameters via VLM prompting,
inaccuracies can lead to sim-to-real discrepancies and affect
downstream planning. Integrating system identification us-
ing real-world interaction data could help refine these esti-
mates. Finally, our current system performs only open-loop
execution, making it vulnerable to compounding errors. We
include an optional replanning mechanism for recovery that
updates the simulator using real-world feedback (see Suppl.
Sec. B.9), and future work will explore tighter integration of
real-time feedback for improved robustness.

5. Conclusion

We introduce SIMPACT, a novel action-planning frame-
work that leverages simulation-enabled VLM to enable
zero-shot robotic manipulation without any task-specific
training. Our approach is made possible by a foundation-
model-enabled simulation construction pipeline and a test-
time VLM reasoning framework that together unlock the
rich commonsense knowledge and reasoning capabilities
of VLMs for physics-aware, fine-grained robotic manip-
ulation. Real-world experiments demonstrate that SIM-
PACT provides substantial improvements over state-of-the-
art general-purpose manipulation models. Additional abla-
tion studies further highlight the importance of both simula-
tion construction and test-time reasoning in achieving gen-
eralizability and high performance.
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