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Abstract

Vision-language models (VLMs) enable embodied agents to
interpret natural language instructions and reason about
visual scenes, but often produce actions that are semanti-
cally plausible yet physically infeasible. We propose a hy-
brid framework that combines retrieval of structured physi-
cal constraints with physics-based simulation, treating sim-
ulation as spatial imagination for pre-execution feasibility
verification. Given an image and instruction, the system
retrieves task-relevant feasibility rules and validates can-
didate actions in simulation to assess geometric and kine-
matic consistency. We evaluate on tabletop manipulation
tasks involving containment, stability, occlusion, and reach-
ability. Simulation significantly reduces false-positive feasi-
bility predictions compared to language-only and retrieval-
augmented baselines.

1. Introduction
Embodied AI requires agents to jointly reason over percep-
tion, language, and action. Recent vision-language mod-
els (VLMs) [1, 4, 5] enable natural language interfaces for
robotic systems, demonstrating strong capabilities in scene
understanding and instruction following. However, when
deployed in physical environments, these models often gen-
erate actions that are plausible yet physically infeasible.

This limitation stems from the lack of explicit mecha-
nisms for physical reasoning [3, 6]. While VLMs capture
semantic relations, they do not consistently model geome-
try, stability, or reachability, leading to violations of con-
straints such as containment, support, or collision-free mo-
tion.

We argue that physical feasibility should be treated as
an explicit pre-execution verification problem. To this
end, we propose a hybrid framework that combines (i)
vision-language scene understanding, (ii) retrieval of struc-
tured physical constraints, and (iii) physics-based simula-
tion. The key idea is to treat simulation as spatial imagina-
tion, enabling agents to instantiate and evaluate candidate

Figure 1. Simulation as spatial imagination: candidate actions
generated by a VLM are grounded via retrieved physical con-
straints and verified in simulation prior to execution.

actions before execution.
We introduce Feasibility Cards, a structured and reusable

representation of physical constraints that is retrieved and
injected into the reasoning process. Candidate actions are
first assessed via retrieval-augmented reasoning and then
verified in simulation to detect violations such as collisions,
instability, or unreachable configurations. Unlike prior ap-
proaches that rely on implicit affordances or execution-time
feedback, our method performs explicit feasibility verifica-
tion prior to execution.

We evaluate the framework on a benchmark of table-
top manipulation tasks covering containment, stability, oc-
clusion, and reachability. Simulation-based verification re-
duces false-positive feasibility predictions and improves
overall reliability. We further demonstrate sim-to-real trans-
fer on a UR5 manipulator, showing that actions validated in
simulation execute consistently in the physical world. By
interleaving structured constraint retrieval with simulation-
based validation, the proposed framework bridges the gap
between high-level semantic reasoning and embodied phys-
ical execution.

2. Method
Given an RGB image I and a natural language instruction
C, the goal is to determine whether the requested action
is physically feasible and, if so, to validate its execution
(Fig. 2). We use a vision-language model (VLM) to ex-



Figure 2. Two-stage framework: retrieval-augmented feasibility
reasoning followed by simulation-based verification.

tract a structured scene representation, including objects,
attributes, and spatial relations. A task-aware query is con-
structed and used to retrieve relevant physical constraints
from a knowledge base via hybrid similarity (semantic +
keyword matching).

We represent constraints as Feasibility Cards, structured
rule templates encoding physical constraints (e.g., contain-
ment, stability) together with retrieval cues and examples.
For example, a containment constraint can be expressed as:
“An object can be inserted into a container only if its dimen-
sions are smaller than the container opening.” Retrieved
cards are injected into the VLM prompt, enabling grounded
reasoning. The model outputs (i) a feasibility decision and
(ii) a symbolic action description.

If the action is deemed feasible, it is instantiated in a
physics simulator (Isaac Sim) using executable commands
generated from the symbolic action. The simulator eval-
uates geometric and kinematic consistency, including col-
lision checking and reachability, and produces a rendered
scene Iafter.

A VLM compares I and Iafter to assess whether the in-
tended transformation has been achieved. Actions that fail
simulation or violate constraints are rejected; otherwise,
they are executed on the robot. This two-stage design sep-
arates semantic reasoning from physical validation. Unlike
prior work that uses simulation for control or rollout, we
employ it as a pre-execution verifier of VLM-generated ac-
tions, treating it as an explicit spatial reasoning module.

3. Experiments
Setup. We evaluate on a benchmark of 40 tabletop manip-
ulation scenarios, evenly split between feasible and infeasi-
ble cases, covering four categories of physical constraints:

containment, stability, occlusion, and reachability. Each in-
stance consists of an RGB image and a natural language
instruction with a binary feasibility label.

Baselines. We compare against: (i) a vanilla VLM, (ii)
a fine-tuned VLM, and (iii) retrieval-augmented reasoning
without simulation (RAG-only). We report feasibility accu-
racy (Acc.), false positives (FP: infeasible actions predicted
feasible), and false negatives (FN).

Results. Table 1 shows that retrieval significantly im-
proves feasibility accuracy over language-only baselines but
still produces false positives. Adding simulation reduces
these errors, improving accuracy from 82.5% (RAG-only)
to 97.5% and lowering FP from 35.0% to 5.0%.

Method Acc. FP FN

Vanilla VLM 52.5 75.0 20.0
Fine-tuned VLM 67.5 45.0 20.0
RAG-only 82.5 35.0 0.0
RAG + Simulation 97.5 5.0 0.0

Table 1. Feasibility prediction performance (%).
Analysis. Simulation is particularly effective in de-

tecting containment and reachability violations, where
language-based reasoning frequently produces false posi-
tives. Ablation studies confirm that both structured con-
straint retrieval and simulation contribute to performance,
with complementary roles in semantic grounding and phys-
ical validation.

Real-world validation. We deploy the system on a UR5
manipulator using YCB objects [2]. All actions validated in
simulation were successfully executed, and resulting phys-
ical scenes closely match simulated outcomes, confirming
reliable sim-to-real transfer.

4. Conclusion
We presented a hybrid framework for embodied visual rea-
soning that integrates vision-language models, structured
physical constraint retrieval, and simulation-based verifi-
cation. By treating simulation as spatial imagination, the
system enables explicit pre-execution evaluation of physi-
cal feasibility.

Experiments show that combining retrieval-augmented
reasoning with simulation significantly reduces false-
positive feasibility predictions compared to language-only
approaches, while maintaining reliable sim-to-real transfer
on a UR5 manipulator. A current limitation is the reliance
on known object poses in simulation. Integrating automatic
scene reconstruction and open-world perception remains fu-
ture work.

These results highlight the importance of explicit physi-
cal verification as a complement to semantic reasoning, and
suggest a promising direction for building more reliable and
interpretable embodied AI systems.
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