SIMPACT: Simulation-Enabled Action Planning using
Vision-Language Models

Haowen Liu*!

Jiayuan Mao

Shaoxiong Yao™
4,5

UMD, 2UIUC, ®Harvard,

Vanilla VLM Planner
[y,

Al

"Align the white carton
with the blue carton and
the orange carton”

®

Jia-Bin Huang'
4 Amazon FAR, 5UPenn

SIMPACT-VLM (Ours)

%

Haonan Chen? Jiawei Gao®
Yilun Du?

,
g b 5

o0
-

... OOPS!

£ o

Simulation enabled
Physical Reasoning

Fig. 1: Simulation-Enable 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 reasoning allows the robot to succeed in fine-grained manipulation tasks (botfom), outperforming a
vanilla VLM planner (fop) that lacks awareness of physical dynamics.

Abstract— Vision-Language Models (VLMs) exhibit remark-
able common-sense and semantic reasoning capabilities. How-
ever, 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 chal-
lenging to leverage VLMs for fine-grained robotic manipula-
tion tasks that require physical understanding, reasoning, and
corresponding action planning. To overcome this, we present
SIMPACT, a test-time, SIMulation-enabled ACTion Planning
framework that equips VLMs with physical reasoning through
simulation-in-the-loop world modeling, without requiring any
additional training. From a single RGB-D observation, SIM-
PACT 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 manipulation tasks that require fine-
grained physical reasoning, outperforming existing general-
purpose robotic manipulation models. Our results demonstrate
that embedding physics understanding via efficient simulation
into VLM reasoning at test time offers a promising path
towards generalizable embodied intelligence.

I. INTRODUCTION

General-purpose robots hold significant promise for han-
dling complex, labor-intensive tasks in unstructured environ-
ments, 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 diverse queries. These
models can understand object semantics, infer task goals, and
generate action descriptions aligned with human intent [1],
[2], [3]. However, despite their remarkable commonsense
and semantic reasoning capabilities, VLMs lack a grounded
understanding of physical dynamics. They can describe
what to do, but often fall short in predicting how actions
will unfold when executed in the physical world.

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 reasoning about how
objects behave under forces and constraints, where small
variations in contact or timing can lead to drastically differ-
ent outcomes. Lacking physical understanding, VLMs often
propose plans that appear reasonable in language 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 simulation
generation pipeline that leverages pretrained visual founda-
tion models — including segmentation, 3D generation, and
pose estimation models, to build a physical simulator directly
from a single-view RGB-D image efficiently. 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 material properties. The
resulting physical simulation characterizes intricate contact
dynamics that are difficult to infer from static images and
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Fig. 2: Simulation construction from 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 [4], 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.

language alone, providing VLMs with physical insights for
manipulation planning.

Powered by the generated simulation, we introduce a
planning framework driven by VLMSs’ reasoning capabilities.
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 refine
these proposals. This test-time reasoning paradigm, inspired
by model-based control frameworks [5], [6], enables VLMs
to reason not only about the world through language but
also about its dynamics through simulated interaction. By
augmenting VLMSs with physical simulation, our framework
enables them to anticipate action consequences, evaluate
predicted outcomes, and iteratively adjust their decisions 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:

o We introduce a test-time, zero-shot framework enabling
VLMs to plan physics-aware embodied actions;

e We present a pipeline for automatically generating
multi-physics simulations from single RGB-D observa-
tion using visual foundation models and VLM,;

o 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 reasoning
in robotics.

II. METHOD

Our framework enables zero-shot robotic manipulation
action generation from a single RGB-D image input Iy and
natural language instruction g and outputs robot action
sequence a = {a;}1<i<7, Where a; € SE(3) x R, defining
end-effector pose and gripper open width. For each task, the
natural-language specification f,y 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 in-
stantiate a manipulation planner that integrates the simulator
with a VLM as its core reasoning module. The planner begins
by generating a scene context from an initial visual observa-
tion, 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 refinement. This
process continues until a rollout is validated as successful.
Finally, the optimized action sequence is executed as end-
effector commands on the real robot system.

A. Simulation Construction

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

St = SIM(st_l,at;F)) (1)
where s; denotes the state at time step ¢, a; represents
the applied action, and 6 comprises time-invariant simula-
tion parameters. The state space captures all task-relevant
information: rigid objects are represented by a 6DoF pose
in SE(3), while deformable objects are described by N
particle positions in R3*"V. We initialize the state as s,
assuming objects remain static prior to interaction, and
construct parameters via § = CreateSim(J) from the initial
RGBD image [. Here, the simulation parameters are defined
as 0 = (Ogeom, Ophys), Where Ogeom specifies the object shape
and pose, and 0Ophys 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 [7], [4], to segment each identified
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Fig. 3: Metho‘? overview. We instantiate a physics simula-
tor 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.

Algorithm 1: Action Planning Algorithm

Input: VLM, S1M, o, ks S0s

A=0,8=0;

for k=1..K do

A AU {a’ < SAMPLE(Io, liask, 50; VLM) };
8 + SU{s’ + SIMROLLOUT(sg, a%; SIM) };

end
for k = K+1 to Kmax do
a¥ « OPTIMIZE (A, S, biae; VLM);
sk « SIMROLLOUT(sg, a*; S1M);
if TASKSUCCESS (s¥; VLM) then
| break;
end
else
| A+ Aufar}, S« Su{st}
end

end
return a” ;

object in Iy. We reconstruct complete triangle meshes for
each object using a pretrained image-to-3D model [8]. We
prompt the VLM to automatically select different physics
engines based on object characteristics: MuJoCo [9] for rigid
bodies, a variant of the projective dynamics [10] solver for
stiff deformable objects that ensures numerical stability, and
the Material Point Method [11] solver for soft objects to
handle potential topological changes. We automate physical
parameters s inference by prompting the VLM to leverage
its commonsense reasoning for plausible predictions, follow-
ing prior works [12], [13], [14].

B. 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. 1, our planner takes as
input the initial RGB-D observation I, the initial simulator
state s, task description g, VLM, and SiM. The planner
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 A and S, a VLM-based optimizer refines the pro-
posed action sequences and produces a new action sequence

Inmal VLM sampled actlons

L R

Action candidate 0 Action candidate 1 Action candidate 2 Simulation Real-world

Final optimized action

Fig. 4: Action optimization process. We show an 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/over-
shooting 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.

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 executed on the real
robot, and the process terminates. Otherwise, the planner
proceeds to another round of action optimization 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,y iS
reached. We leverage the pretrained knowledge of VLM
to instantiate the SAMPLE, OPTIMIZE, and TASKSUCCESS
modules. For each role, we define a corresponding system
prompt /., where x denotes sample, opt, or eval, specifying
the function that the VLM performs.

III. 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 evaluate our system
using a Franka Research 3 robot arm with a parallel-jaw
gripper. A single calibrated Intel RealSense D435i 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 different
physical properties and manipulation strategies, including
pushing, grasping, pivoting, squeezing, and sweeping. Suc-
cess rate is our primary evaluation metric.

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
mo.5 [15], a recent open-source VLA model pretrained on
the largest available robot manipulation dataset, as a rep-
resentative baseline. (2) VLM-based methods that leverage
geometric representations to augment VLM for manipulation
planning. We compare against VoxPoser [16], which uses
volumetric value maps to represent spatial affordances in 3D,
and MOKA [17], which predicts keypoints and affordance
regions to generate manipulation actions. For our pushing
and squeezing scenarios, we extend MOKA to represent
contact location with a target contact point and infer contact
direction from pre- and post-contact positions.



TABLE I: 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.

Method Non-toppling push Bowl stacking Pivoting Shape rope Shape dough Avoid obstacle Sweeping
m0.5[15] 0% 0% 0% 0% 0% 0% 0%
VoxPoser[16] 0% 20% 0% 0% 0% 0% 20%
MOKA[17] 0% 10% 0% 20% 0% 0% 0%
Ours 80% 60% 40% 90% 80% 80% 70%
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Fig. 5: Qualitative results. The figure shows the initial state, execution progress, and final state for four 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.

Results Table I shows the success rates of our method in
comparison with baseline approaches. Overall, our method
consistently outperforms baseline methods across all evalu-
ated tasks, highlighting its strong performance in challenging
tasks that require fine-grained, physics-aware manipulation.
Fig. 5 shows simulation and real-world rollouts of six tasks.
From the table, the VLA model 7 5 consistently fails on all
tasks. While we observe that 7y 5 can sometimes generate
actions that approach the target object, it fails to complete the
manipulation. This is because while VLA models can per-
form zero-shot on tasks similar to those seen during training,
they generalize poorly to out-of-domain, challenging tasks
used in our experiment. VLM-based methods, 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 require 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 fail-
ures. In contrast, our method integrates simulation-enabled

reasoning with VLMs, enabling the robot to iteratively refine
its action plan using simulation rollouts as context. This
enables 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.

IV. 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 manipulation.
Real-world experiments demonstrate that SIMPACT pro-
vides substantial improvements over state-of-the-art general-
purpose manipulation models.
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