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Figure 1. VULCAN plans and executes multiple actions for complex object arrangement tasks given input image and user prompt.

Abstract

Despite the remarkable progress of Multimodal Large Lan-
guage Models (MLLMs) in 2D vision-language tasks, their
application to complex 3D scene manipulation remains un-
derexplored. In this paper, we bridge this critical gap by
tackling three key challenges in 3D object arrangement task
using MLLMs. First, to address the weak visual ground-

*This work was done when Zhengfei Kuang was an intern at Google.

ing of MLLMs, which struggle to link programmatic ed-
its with precise 3D outcomes, we introduce an MCP-based
API. This shifts the interaction from brittle raw code manip-
ulation to more robust, function-level updates. Second, we
augment the MLLM’s 3D scene understanding with a suite
of specialized visual tools to analyze scene state, gather
spatial information, and validate action outcomes. This
perceptual feedback loop is critical for closing the gap be-
tween language-based updates and precise 3D-aware ma-
nipulation. Third, to manage the iterative, error-prone up-
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dates, we propose a collaborative multi-agent framework
with designated roles for planning, execution, and verifica-
tion. This decomposition allows the system to robustly han-
dle multi-step instructions and recover from intermediate
errors. We demonstrate the effectiveness of our approach
on a diverse set of 25 complex object arrangement tasks,
where it significantly outperforms existing baselines.

1. Introduction
Humans routinely rearrange objects in their environment,
instinctively decomposing complex, multi-object tasks into
sequential steps. For instance, moving a dining table natu-
rally requires first clearing its surface and moving surround-
ing chairs. This fundamental ability to perform multi-step
planning, grounded in deep spatial reasoning and a com-
monsense understanding of the physical world, is essential
for executing complex arrangement tasks.

Recent Multimodal Large Language Models
(MLLMs) [5, 34, 50, 56] have enhanced human-like
reasoning, enabling prior works [14, 15, 21, 26, 27, 61] to
explore 3D object arrangement, which involves moving,
rotating, or inserting objects to create a plausible layout.
However, a key limitation of these approaches is their
formulation of arrangement as a single-step process:
starting from an initial scene, the agent performs one
comprehensive edit to reach the goal state. The standard
pipeline simply involves MLLM agents analyzing the 3D
scene to generate this single edit.

In this work, we introduce a fundamentally more flex-
ible paradigm. The core of our approach is the ability to
elastically decompose tasks. Our model is not confined to
a single edit; instead it dynamically assesses the user’s in-
struction and the scene’s complexity. For simple requests,
it can generate a single-step solution, similar to the capabil-
ities of prior work. For complex tasks, it decomposes the
instruction into a multi-step plan of sequential operations.
This ability to decide whether to perform a single edit or
long-horizon sequence of actions—a capability that was by
design infeasible for previous approaches—is what allows
our model to mirror the human-level reasoning and plan-
ning. Given a user instruction, whether abstract (e.g., “Cre-
ate a dining space”) or detailed (e.g., “Move the book to the
shelf, then move the table”), the agent can now formulate a
coherent, step-by-step plan and reliably execute each action
in sequence to achieve the specified goal.

The fundamental requirement for this advanced task is
a pipeline that operates with high-fidelity and robustness at
every single step. In iterative arrangement, unlike single-
step tasks, errors in either scene analysis or execution can
propagate and compound, quickly derailing the entire multi-
step process. Prior single-step approaches have employed
various modalities for MLLM-based scene analysis, from

raw visual representations [26, 27] to structured scene de-
scriptions [24, 67]. However, these methods strike a poor
balance: they either overburden the MLLM with complex
raw 3D data it cannot natively parse or provide simplified
information that is insufficient for robust spatial reasoning.

This is the gap that recent MLLM tool calling [28, 36,
62] and the development of the Model Context Protocol [23]
have begun to address. These breakthroughs demonstrate a
new way where MLLMs can be equipped to handle com-
plex tasks [21, 46] that often lie beyond their core, encoded
knowledge. This approach aids the MLLM by allowing to
interact with external, use-defined application programming
interfaces (APIs). Inspired by these innovations, we address
both the analysis and execution challenges. For interac-
tive analysis, we equip our agents with a powerful visual
API toolset. This allows them to actively query the envi-
ronment, infer scene layouts from observations, and deter-
mine appropriate arrangement configurations without being
overburdened. For reliable execution, we develop an ad-
vanced collision-free solver. This component ensures phys-
ical plausibility by translating the agent’s high-level, sym-
bolic intent into precise, valid numerical object poses.

The next critical challenge is scaling our tool-augmented
capabilities to a multi-step scenario. This transition de-
mands a sophisticated reasoning process: the agent must
plan several moves ahead, ensuring each intermediate ar-
rangement is not only physically plausible but also serves as
a valid precondition for subsequent actions. Simultaneously
managing high-level, long-horizon strategy and low-level,
step-by-step execution is a significant burden for a single
agent. We therefore separate these tasks by employing spe-
cialized agents with distinct responsibilities. One agent fo-
cuses on global planning across the entire task trajectory,
while others handle the per-step execution and evaluation
within the 3D scene. This division is implemented in our
collaborative multi-agent pipeline.

Another critical challenge is the combinatorial search
space. Multi-step arrangement is inherently complex; the
search space grows exponentially with each step, as every
placement decision branches into numerous possible future
states. This creates a tree of possibilities that quickly be-
comes intractable. To manage this complexity, we propose
an effective search algorithm that strategically backtracks
from unpromising paths, efficiently pruning the search tree
and avoiding the trap of exhaustive enumeration.

We propose VULCAN, a tailored agentic pipeline that
leverages state-of-the-art MLLMs to generate accurate and
plausible sequences of arrangements based on user instruc-
tions. We summarize our key contribution as:

• A tool-augmented MLLM that integrates MCP-based
visual tools with a constraint-based solver for efficient 3D
scene analysis and physically-plausible arrangement;

• A collaborative multi-agent framework that strategi-
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cally separates responsibilities for global planning, step-
by-step execution, and intermediate-state examination;

• An adaptive backtracking search algorithm that effi-
ciently navigates the exponential search space to find a
valid path to the goal state.

• A new 3D object arrangment benchmark designed to
evaluate challenging 3D-aware object arrangements, on
which our model significantly outperforms all the previ-
ous baselines.

2. Related Works
3D Object Manipulation and Arrangement The task of
3D object manipulation and arrangement is fundamental to
both computer vision and robotics, as it enables agents to
understand, interact with, and plausibly reorganize com-
plex environments. Conventional 3D object arrangement
methods typically employ large 3D datasets [11, 13, 32,
33, 43, 44, 60] to build data-driven models [16, 17, 52–
55, 58]. However, these models are not guided by the
common-sense reasoning of large language models, which
limits their capability for general-purpose applications. Fol-
lowing recent developments in MLLMs [50, 56], recent
works [15, 24, 49, 57, 61, 67] have begun to leverage
the reasoning capabilities of MLLMs to address object ar-
rangement in a way that aligns with common sense. Since
the standard MLLMs are not natively trained on 3D scene
data at scale, these works enable the MLLM to access
various intermediate representations for 3D scene analy-
sis, such as textual scene description files [12, 67], code
scripts [26, 49], or rendered images [14, 26, 27]. Among
these, FirePlace [27] and ScanEdit [14] also apply dedi-
cated solvers with geometric constraints to ensure physi-
cally plausible results. However, all these works are lim-
ited to single-step operations. They lack the capability to
handle complex multi-step scenarios where objects must be
arranged sequentially with careful consideration of interme-
diate states. Our work directly addresses this gap by intro-
ducing an iterative framework that can decompose complex
instructions into a coherent sequence of actions.

MLLMs for 3D The development of MLLMs extends
large language models [50, 51, 56] to other modalities, in-
cluding audio [18], image [5, 34], and video [7]. Leverag-
ing their powerful cross-modal reasoning capabilities, nu-
merous works have developed systems to tackle various
vision-language-based 3D tasks, such as geometry genera-
tion [9, 38, 40, 47], scene understanding [6, 25, 39, 63, 65],
and appearance editing [41, 48]. Compared to methods that
directly apply hard-coded algorithms [20, 30, 31, 35, 42, 64]
or deep learning models on task-specific datasets [22, 45,
59, 66], these MLLM-based approaches demonstrate better
generalization and produce more semantically plausible re-
sults. While benchmarks like BlenderGym [19] were intro-

duced to evaluate these 3D operations, both these existing
works and their benchmarks were not designed for complex
object arrangement. They provide limited support for the
spatial reasoning required by an iterative, multi-object sce-
nario. In contrast, our framework is uniquely designed for
this long-horizon arrangement task, and to properly vali-
date this new, complex capability, we also introduce a novel
benchmark including 25 distinct object manipulation sce-
narios specifically designed to thoroughly test multi-step
planning and reasoning capability.

3. Problem Formulation
We formulate our problem as follows: Given an image I
rendered from a fixed camera C in an underlying 3D scene
S, and a textual instruction T (which may range from high-
level goals to detailed per-step instructions), the model must
output a sequence of single-object arrangements that ac-
complish the user’s objective while maintaining physical
plausibility throughout all intermediate states.

We define three key objectives for these arrangements:
• Collision-Free: After each edit, the moved object should

not collide with other objects in the scene.
• Floating-Free: After each edit, every object in the scene

(except for those originally floating) should be placed
solidly on a surface.

• High Semantic Quality: The arrangement should be se-
mantically plausible and align well with the user’s intent.
Unlike existing work that focuses on single-object in-

sertion or offline multi-object placement, our problem ad-
dresses sequential, multi-step movements. At each step, the
model must comprehend the relationships between all sub-
tasks and objects to devise a globally coherent and action-
able plan, then execute it reliably to prevent unacceptable
cumulative errors. Additionally, the model must effectively
search across different solution branches to identify valid
paths to the goal, and when necessary, recover from dead
ends caused by previous missteps.

To address these challenges, we introduce several key
innovations detailed in the following sections. Section 4
presents our collaborative MLLM agents for planning,
placement, and evaluation; Section 5 describes our object
arrangement framework, including API-based visual tools
and a constraint-based collision-free solver; and Section 4
introduces our adaptive backtracking search algorithm for
discovering valid multi-step plans.

4. Multi-Agent Framework
Requiring a single MLLM to handle all 3D arrangement as-
pects introduces excessive processing burden and context
length limitations. This problem is intensified in multi-
step settings that demand global awareness. We there-
fore adopt a multi-agent approach with three specialized
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Figure 2. VULCAN Overview. (a) Our method solves a long-horizon task through an iterative multi-agent process. (b) The Planner agent
examines the global context (the user instruction and all previous rendered states) to formulate a concrete plan for the current movement.
(c) The Executor implements this single-step plan in the 3D scene using API tools and solvers. (d) A set of Evaluators and an automatic
floating check assess the execution quality. The entire “Plan-Execute-Evaluate” loop repeats until the Planner validates that the final
arrangement fulfills the original user instruction.

MLLMs [27, 48, 49]. Our pipeline (Fig, 2) consists of three
agents per step: the Planner extracts a concrete arrange-
ment plan, the Executor operates the 3D scene using our
framework, and the Evaluator validates the result. To ef-
fectively distribute the workload, this architecture has two
key designs: First, the Planner receives global context (i.e.,
information from other steps), while the Executor and Eval-
uator operate only within the local scope of the current step.
Second, only the Executor interacts directly with the 3D
scene; the other two agents observe rendered images.

Planning with Global Context The Planner generates an
executable action plan based on the user’s instruction and a
visual history, which consists of sequential renderings from
previous steps. It analyzes this visual timeline to understand
scene evolution and associates past states with the user’s
goal to determine the most appropriate next action. Criti-
cally, the Planner outputs both a textual instruction and an
approximate target placement as a normalized 2D pixel co-
ordinate c = (x, y). We found this combination of language
and spatial grounding to generate a less ambiguous plan.

Tool-Assisted Action Execution To address the chal-
lenges of direct MLLM execution, which demands simul-

taneous instruction grounding, 3D modeling, and physical
plausibility checks, our Executor defers these complexities
to dedicated external modules. Specifically, we equip the
MLLM with a suite of MCP-based APIs for interactive tool
usage. The Executor leverages these tools to project the
Planner’s instruction and 2D coordinate c into the 3D envi-
ronment. The general execution pipeline proceeds as fol-
lows: First, it performs visual selection by querying the
scene to localize a target object and receptacles. Next, it
translates intended spatial relationships into a set of geo-
metric constraints [14, 27]. Finally, the Executor invokes a
optimization-based solver to compute an optimal, collision-
free pose that guarantees physical validity. Details of our vi-
sual selection, constraint formulation, and solver optimiza-
tion are presented in Sec. 5.

Evaluation and Filtering The final agent, the Evalua-
tor, performs a visual check on the arrangement, examin-
ing its plausibility and consistency with the Planner’s in-
struction. Given the resulting image from the Executor, the
agent provides one of five categorical ratings: terrible, bad,
fair, good, or excellent. Due to the inherent uncertainty
in current MLLMs, the Evaluator can occasionally pro-
duce hallucinated evaluations (e.g., giving an “excellent”
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Image before/after Edit
MLLM: The two images are Identical.

Image with Edit Visualization
MLLM: The image depicts a movement from 
the coffee table to the top of the bookshelf.

a) Edit 
Visualization 

b) Coordinate
Annotation

Original Image
MLLM: The pixel location of the bottles 
are [0.24, 0.84], [0.49, 0.42], [0.80, 0.63]
(Shown in red dots)

Image with Coordinate Annotation
MLLM: The pixel location of the bottles are 
[0.22, 0.58], [0.50, 0.18], [0.77, 0.39]
(Shown in green dots)

Figure 3. Impact of visual annotation. (a) Edit visualization
improves the MLLM’s spatial arrangement recognition; (b) Coor-
dinate annotations enhance its object localization accuracy.

rating to a completely incorrect placement). To mitigate
this, we employ consensus-based filtering. This process in-
volves polling multiple Evaluator agents and calculating an
average judgment score, mapped from -2 (terrible) to +2
(excellent). A solution is only accepted if this consensus
score is positive. Finally, in addition to the MLLM-based
evaluation, we employ a rule-based check to detect physi-
cally implausible placements, such as floating objects. This
deterministic check complements the agent’s learned judg-
ment by catching obvious physical errors that a model might
overlook. Any movement that violates these physical con-
straints is automatically rejected.

Visual Annotation To enhance agent reasoning, we aug-
ment input images with two features (Fig. 3). First, to pro-
vide precise spatial grounding, we add pixel coordinate la-
bels and a dashed grid in the normalized pixel space. This
grid helps the Planner to generate accurate target coordi-
nates and for the Executor to ground its tools. Second, we
visualize the completed action with an arrow connecting the
object’s original location to its target. This clearly displays
the start and end states, providing context for the Planner
as it reviews the visual history and enabling the Evaluator
to effectively assess the most recent edit.

Adaptive Backtracking During multi-step execution, er-
rors from previous steps can render subsequent steps infea-
sible, leading to dead ends. For example, poor placement of
initial objects on a table may leave insufficient space for
later ones. To overcome this, we introduce an adaptive
backtracking search algorithm, inspired by classic meth-
ods [10, 29], to efficiently recover from these errors. Our
algorithm maintains an anchor step, which serves as the
restart position for failed attempts. This anchor is adap-
tively reset: it moves to half the current depth when an at-

VisualizationExample Function Call

ListObjectInArea
Input: 
(x0=0.4, y0=0.6, x1=0.6, y1=0.8)
Output:
{Objects: [Table, Chair, Plant, Floor]}

RayProbe
Input:
(x=0.3, y=0.6)
Output: 
{Object : Table, Normal: (0, 0, 1),
Surface: Table-up, Position: (x, y, z)}

RenderWithHighlight
Input: 
(Table, Chair, Plant, Shelf)
Output: 
{Image: <img>, Table: “Red”, Chair: 
“Green”, Plant: “Blue”, Shelf: “Yellow”}

Figure 4. Visual Probing Tools. For each API, we present an
example function call format, along with a result visualization.

tempt fails, or it advances when the action sequence reaches
a new maximum length from the whole run (e.g. success-
fully placed three bottles on the table, while previous at-
tempts placed at most two).

5. Multi-Tool Library
As described in Sec. 4, the Executor agent’s primary role is
to translate the Planner’s 2D-based instruction into a phys-
ically valid 3D action. To bridge this 2D-to-3D gap, the
Executor is equipped with a visual tool library that defines
a clear, step-by-step workflow:
1. Visual Probing: The agent queries the 3D scene to “see”

and identify the 3D objects and planes.
2. Constraint Formulation: The agent assembles a place-

ment plan as a list of geometric constraints.
3. Optimization: The constraints are passed to a solver,

which computes the optimal valid 3D pose.

Visual Probing We equip the agent with three visual
probing tools, to interactively analyze the 3D scene layout.
• LISTOBJECTSINAREA: Returns object names within or

partially overlapping a specified image area. This helps
the MLLM identify objects visible in that region.

• RAYPROBE: Casts a ray from the camera at a given
pixel coordinate and returns information about the first
hit point. This includes the 3D location, the name of the
hit object, and the name and normal of the hit plane.

• RENDERWITHHIGHLIGHT: Renders an instance seg-
mentation image with specified objects highlighted. This
function helps the MLLM confirm the correlation be-
tween object names and their visual representations.
During a typical Executor run, we observe that the agent

calls LISTOBJECTSINAREA and RAYPROBE to retrieve
the names of relevant objects and planes, including the ob-
ject to be edited and any reference objects. If the name
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alone is ambiguous (e.g., multiple objects named “Book”),
the agent will then call RENDERWITHHIGHLIGHT to vi-
sually discern the correct target object from the others.

Constraint Formulation After identifying the necessary
3D elements, the agent assembles a placement plan as a list
of constraints. The supported constraints are:
• CLOSETOPIX(obj, x, y): The object obj should be lo-

cated close to the pixel coordinate (x, y) in camera view.
• CONTACT(obj, dir, p): The plane of the object obj’s

bounding box facing dir should contact the plane p.
• NOOVERHANG(obj, dir, p): The plane of the object’s

bounding box facing dir should be fully inside the convex
hull of plane p.

• DISTANCE(obj, obj2, dist): The Euclidean distance be-
tween obj and obj2 should be close to dist.

• FACETO(obj, obj2/p): The facing direction of object obj
should point towards the center of obj2, or align with the
normal direction of plane p.

• ROTATE(obj, degree): The object should rotate counter-
clockwise by degree.
Together, these constraints form a comprehensive vocab-

ulary that ensures strong geometric plausibility and is appli-
cable to a wide variety of 3D object arrangement tasks.

Optimization Given that the target pixel c and constraints
from previous steps already define a small search space, we
adopt an efficient, sampling-based approach. Inspired by
preconditioning techniques in numerical analysis [4, 8], we
first randomly perturb the target pixel coordinate c into a
batch of variants. Next, we apply the solver to each vari-
ant, generating a set of candidate poses distributed around
the original target. The solver employs an AdamW [37] op-
timizer to minimize constraint losses. Following optimiza-
tion, we validate each solved candidate by recalculating its
constraint losses in the original pixel coordinate space, and
remove any candidates whose error exceeds the threshold
τ . Finally, a collision detector filters these candidates, and
we select the valid, collision-free pose with the lowest con-
straint error. This method, detailed in Alg. 1, efficiently
ensures a non-colliding solution.

6. Experiments
We conduct all experiments using Gemini-2.5-pro, a state-
of-the-art MLLM. Our object arrangement framework, in-
cluding the constraint-based solver and API visual func-
tions, is implemented using Blender’s Python extension
packages integrated with the Blender-MCP library [3]. For
each arrangement step, we employ 3 Evaluator agents and
execute 4 parallel attempts, selecting the valid solution with
the highest average evaluation score. If no solution is found
in all attempts, the step is marked as failed and the system
proceeds with backtracking.

Algorithm 1: Constraint-based Pose Solver
Parameter: pixel coordinate variance σpix, loss

threshold τ
Input: Suggested pixel coordinate c, Constraint list

D = {d1,...,l}
Output: The target object pose Tobj = (tobj , Robj)
c′1,...,n ← Sample(N (c, σpix));
T1,...,n ← Optimize(D, c′1,...,n) ;
/* Pre-filtering with constraint

errors */
T pre
1,...,m ← FilterByError(T1,...,n, D, c, τ);

for Ti in SortByError(T pre
1,...,m) do

if not CollisionDetected(Ti) then
return Ti;

end
return “Failed”;

6.1. Dataset and Metrics
We evaluate our model’s ability to produce plausible and
precise multi-step arrangements through comprehensive
benchmark comparisons against baseline approaches. Our
evaluation dataset comprises 25 carefully curated scenes
sourced from BlenderKit [2], InfiniGen [43, 44], and
BlenderGym [19], encompassing 111 unit tasks in total. To
ensure fair comparison, all baseline methods receive iden-
tical reference per-step instructions and execute the same
sequence of operations. The task design deliberately intro-
duces interdependencies where subsequent steps can be af-
fected by preceding operations without proper execution.

We assess performance at every step using the following
metrics, averaged across all tasks:

• Collision Rate: The proportion of steps that result in a
collision between the moved object and other elements.

• Floating Rate: The proportion of steps that cause any ob-
ject in the scene to become unsupported (i.e., “floating”).

• Plausibility: The physical realism of the arrangement, as-
sessed by an MLLM, scored from 0 (poor) to 4 (great).

• Consistency:The alignment between the user’s instruc-
tions and the resulting arrangement, assessed by an
MLLM and scored from 0 to 4.

6.2. Baselines Comparisons
We compare VULCAN against three recent MLLM-based
baselines reflecting different components of our system:
BlenderAlchemy [26] uses an executor-evaluator MLLM
loop for script-based Blender editing. While it shares our
multi-agent structure, it lacks our interactive visual tools
and constraint-based solver (we provide object poses as in-
put to its script representation). Fireplace [27] is a state-of-
the-art constraint-based MLLM solver for object placement,
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Ours

FirePlace*

Blender
MCP

Blender
Alchemy

“Place the bed 
close to the wall, 
right below the 
window”

Instructions
“Place the bookcase 
to the corner where
the white/pink wall 
meet.”

“Place the L-shaped 
desk to the corner of
room, left to the
bookcase.

“Place the computer 
on top of the L-
shaped desk.”

“Place the TV on the 
wall above the 
bookcase.”

“Open the white gift box 
and place everything on 

the floor.” 

Our Result (4 Steps)

BlenderMCP

BlenderAlchemy

Input Scene & 
Instruction

Results from 
Single-Step Baselines

(a) Benchmark Comparison (Per-Step Instruction)

(b) Comparison with General Instruction 

Step1 Step 2

Step 3 Step 4 (Final)

Figure 5. Qualitative Comparisons. We compare results using
two types of guidance: detailed per-step instructions (Top) and
general, abstract instructions (Bottom). Top: When given per-step
instructions, our method outperforms the baselines. Bottom: Us-
ing general instructions, our multi-step approach produces reason-
able intermediate states and yields a significantly better final state
(marked in red) compared to single-step baselines.

Method Coll.%↓ Fl.%↓ Plausibility ↑ Consistency↑

Blender-MCP 0.459 0.774 3.348 2.973
BlenderAlchemy 0.631 0.676 3.368 2.770
FirePlace* 0.513 0.225 3.515 3.135

Ours 0.000 0.000 3.796 3.592

Table 1. Quantitative Comparisons. We compare our method
against baselines using several metrics: the average rate of colli-
sion (Coll.%), the rate of floating (Fl.%), va isual plausibility score
(Plausibility), and a consistency score between the text instruction
and edited image (Consistency).

s

analogous to our Executor. We reimplemented it for our set-
ting, but as a standalone solver, it lacks our broader multi-
agent framework (Planner and Evaluator) for global context
and multi-step reasoning. Finally, Blender-MCP [3] serves
as a simpler, tool-only baseline interacting with 3D scenes
via basic callable functions (e.g., GETSCENEINFO, REN-

Method
Win % / Tie %

Const. Plaus. Phys.

Ours vs. BlenderAlchemy [26] 62.1/22.7 65.9/24.7 70.0/20.0
Ours vs. Blender-MCP [3] 60.5/25.0 59.0/25.8 62.9/26.1
Ours vs. FirePlace* [27] 58.8/30.2 54.4/35.0 58.0/31.5

Table 2. Results on Human Study. We conduct a human
study comparing our model against baselines across three crite-
ria: Instruction Following (Const.), Visual Plausibility (Plaus.),
and Physical Plausibility (Phys.). Our model is significantly pre-
ferred by users across all aspects. Fireplace was re-implemented
with task-specific adaptations as its code is not publicly available.

DERIMAGE, EXECUTECODE). Configured with its default
toolset, it lacks specialized agent roles, a constraint solver,
and multi-step capabilities.

As Tab. 1 demonstrates, VULCAN substantially outper-
forms all baselines. Driven by our collision-free solver and
filtering techniques, our approach precisely eliminates col-
lisions and floating artifacts while generating more realistic,
accurate movements. Qualitatively (Fig. 5), VULCAN suc-
ceeds where baselines struggle. In the first benchmark ex-
ample, BlenderAlchemy and Blender-MCP fail completely
without effective tools, and Fireplace suffers from cascad-
ing collisions after initially moving the bed. In contrast, our
method achieves artifact-free results. The second example
further illustrates that our multi-step approach successfully
handles complex tasks that cause single-step baselines to
fail.

6.3. Human Evaluation
Beyond MLLM evaluations, we conducted a 30-subject hu-
man study comparing our model against the baselines. Par-
ticipants viewed paired results and selected the output that
was more physically correct, visually plausible, and consis-
tent with the given instructions. As shown in Tab. 2, users
overwhelmingly prefer our method, yielding a substantial
win rate over all competitors.

6.4. Ablation Study
We validate our architectural components through ablation
experiments against five variants: Model w/o Multi Tool
Library replaces the constraint-based solver and visual API
with Blender-MCP [3] functions. Model w/o Backtrack-
ing disables adaptive backtracking, accepting the best avail-
able solution regardless of artifacts (solver allows colli-
sions). Model w/o MCP Tools removes all MCP [23] tools
(including Blender-MCP [3]), requiring the model to di-
rectly generate raw Blender [1] Python scripts. Model w/o
Planner Coordinates variant removes coordinate guidance
from the Planner agent. Model w/ Single Agent replaces
our collaborative multi-agent system with a single MLLM
agent.
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Input Scene “Slide the DVD 
player left to 
make room.”

“Put one tape in the 
table right next to 
DVD player.”

“Stack the other tape 
on the one already 
placed in the table”

“Move the plant to 
where the two tapes 
used to be.”

“Relocate the red sofa 
to the front of the TV.”

Input Scene “Sort all bottles from shortest to tallest (from left to right). Use the black cylinder as a buffer.”

Figure 6. More Visual Results. Our model tackles complex arrangement tasks with per-step prompts (top) or general instructions (bottom).

Input Scene

Move the chair to the 
empty space between it 

and the fireplace.

Move the book from 
the table and place it 

on the bed.

Move the table to 
where the chair was 
originally located.

Move the chair and 
place it in front of the 

table.

Agent 2’s Plan

Agent 1’s Plan 

Place the book on the 
table onto the top of 

the bookshelf.

Move the table to the 
area in front of the 

chair.

Move the chair to the 
table to form a 

dining set.

Task #2 (Complex): “Create a dining space at where the chair is located.”

Agent’s Plan

Task #1 (Easy): “Move 
the book to the shelf."

ST
O
P

ST
O
P

ST
O
P

Place the book on the 
shelf.

Figure 7. Adaptive Planning. Our model plans adaptively for dif-
ferent tasks and can generate diverse plans for the same objective.
The plan output is shown below the corresponding edited image.

As shown in Tab. 3, the full model achieves optimal
performance across all metrics. Removing the solver and
visual tools substantially degrades plausibility and quality,
though our multi-agent design and backtracking mechanism
keep performance above the Blender-MCP baseline. With-
out backtracking, the model occasionally accepts subopti-
mal solutions, resulting in rare collision and floating arti-
facts. Finally, the single-agent variant maintains zero phys-
ical artifacts but suffers in visual quality and textual con-
sistency, confirming that our multi-agent decomposition is
vital for preserving reasoning quality in complex scenarios.

6.5. Visual Results
We present additional qualitative results demonstrating our
method’s performance across various tasks. Fig. 6 illus-
trates our model’s ability to handle complex scenarios re-
quiring robust placement pipelines and effective global rea-
soning across multiple steps. Fig. 7 further demonstrates the
model’s flexibility in generating diverse plans: It adapts its

Method Coll.%↓ Fl.%↓ Plaus.↑ Const.↑

w/o Multi-Tool Library 0.495 0.711 3.484 3.103
w/o Backtracking 0.036 0.054 3.703 3.549
w/o MCP Tools 0.603 0.738 3.357 3.067
w/o Planner’s Coordinates 0.000 0.000 3.772 3.526
Single Agent 0.000 0.000 3.623 3.328

Ours 0.000 0.000 3.796 3.592

Table 3. Ablation Study Results. Our complete model achieves
substantially better performance than any ablated variant.

planning to different tasks and produces diverse solutions
for identical objectives across runs.

7. Conclusion
We propose VULCAN, a robust pipeline for multi-step,
text-to-3D object arrangement. By integrating novel vi-
sual APIs, a collision-free solver, collaborative agents, and
adaptive backtracking, our model effectively handles com-
plex tasks and substantially outperforms state-of-the-art
baselines. Currently, to manage MLLM context lengths
and maintain reasoning performance, our system relies on
single-camera views. This restricts performance on tasks
requiring unseen perspectives, such as placing a chair be-
hind a wall. However, as long-context MLLMs evolve, our
pipeline can be readily extended to multi-view scenarios.
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