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Abstract. We study open-vocabulary 3D indoor layout generation, which
synthesizes diverse and physically plausible indoor scenes from unla-
beled 3D assets given free-form language instructions. Recent text-guided
layout generation methods leverage large language models (LLMs) and
vision-language models (VLMs) to synthesize structured scenes directly
from text descriptions. However, most existing approaches model inter-
asset relations implicitly or rely on local pairwise constraints during lo-
cal optimization. Such formulations are misaligned with the global and
highly non-convex feasible layout space, often producing locally plausible
but globally inconsistent or physically infeasible scenes. To address these
limitations, we introduce a graph-based intermediate representation that
decouples semantic coherence and physical feasibility, and propose a
hybrid search-and-refinement strategy to generate indoor layouts with
global semantic consistency and physical feasibility. First, we propose
Global Semantic Verification (GSV), which represents scenes as struc-
tured scene graphs and enforces semantic constraints through rule-based
graph verification. This explicit structural validation prunes contradic-
tory configurations and produces a globally consistent semantic scaffold
for scene generation. Second, we introduce Global Physical Feasibility
Search (GPFS), a hybrid optimization framework that combines evo-
lutionary search for global exploration with gradient-based refinement
for local exploitation. GPFS reduces dependence on VLM-proposed ini-
tialization and improves robustness in highly non-convex and discon-
tinuous feasible spaces. Together, GSV and GPFS shift layout genera-
tion from local relational modeling and initialization-sensitive optimiza-
tion toward globally consistent reasoning and exploration. Experiments
demonstrate that our method achieves state-of-the-art performance on
open-vocabulary 3D indoor layout generation, improving both semantic
consistency and physical plausibility.
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Fig. 1: Existing methods vs. our approach. Prior methods rely on local pairwise
consistency and gradient-based refinement, often producing semantically or physically
invalid layouts. Our graph-based iterative refinement and optimization yields coherent
and physically plausible layouts.

1 Introduction

Spatial reasoning and planning refer to understanding, arranging, and manipu-
lating objects in 3D space while respecting physical constraints. These abilities
are crucial for autonomous agents to navigate, plan, and interact with complex
environments. Automatically generating realistic simulated scenes has become
essential for providing diverse training data to improve agents’ spatial reasoning.
In this work, we focus on open-vocabulary 3D indoor layout generation, creat-
ing diverse indoor scenes from unlabeled 3D assets guided solely by free-form
language instructions.

Recent progress in text-guided 3D indoor layout generation leverages large
language models (LLMs) [3,7,9,15,22,37] and vision-language models (VLMs) [30]
to synthesize structured scenes directly from text descriptions. These methods
implicitly model inter-object relations through probabilistic likelihood estima-
tion, and some further enforce pairwise consistency between object pairs dur-
ing optimization. However, scene layout generation is inherently a globally con-
strained reasoning problem. The validity of a scene depends not only on local
pairwise compatibility, but on the joint satisfaction of semantic and physical
constraints across all objects. This misalignment manifests in two critical limi-
tations. Firstly, existing VLM-based layout methods either model relations im-
plicitly or rely on local pairwise regularization, lacking an explicit mechanism to
ensure global consistency. As a result, scenes can be locally plausible but glob-
ally invalid. Secondly, physical feasibility depends critically on the optimization
strategy used to realize layouts. Recent methods predominantly rely on gradient-
based optimization initialized from VLM predictions. However, the feasible lay-
out space under semantic and physical constraints is highly non-convex and often
exhibits discontinuities due to collision avoidance, support relations, and stabil-
ity requirements. Gradient descent is inherently local and strongly dependent
on initialization, making it prone to being trapped in suboptimal basins. Con-
sequently, the optimization process may converge to configurations that either
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violate physical constraints or fail to explore alternative feasible arrangements
that better satisfy both semantic and physical requirements.

In this work, we address these two challenges by explicitly disentangling se-
mantic coherence and physical feasibility, and introducing dedicated mechanisms
for each. To enforce global semantic coherence, we introduce the Global Seman-
tic Verification (GSV). Instead of promoting consistency through probabilistic
alignment, GSV models the scene as a structured scene graph and encodes se-
mantic constraints explicitly. We then perform rule-based graph verification to
check relational consistency and prune contradictory configurations. This shifts
layout generation from implicit relational fitting to explicit structural validation,
producing a scene-level semantically consistent graph that serves as the scaffold
for subsequent layout realization.

To improve physical feasibility and mitigate sensitivity to VLM initializa-
tion, we propose Global Physical Feasibility Search (GPFS) based on consistent
graph generated by GSV for layout generation. GPFS combines evolutionary
search for global exploration with gradient-based refinement for local exploita-
tion. The evolutionary component maintains a diverse population of candidate
layouts within the semantically constrained space, reducing reliance on a single
starting point and helping escape local minima. Notably, GPFS does not re-
quire a VLM-proposed initialization and can operate from a diverse population
of randomly initialized layouts. The gradient component then refines candidate
solutions to better satisfy semantic and physical constraints. Together, our GSV
and GPFS move layout generation beyond local consistency checks and neighbor-
hood refinement, enabling globally consistent exploration. This shift from local
to global reasoning ensures scene-level coherence and physical validity, improving
the structural quality of automatically generated scenes.

Our contribution can be summarized as follows:

– We identify and disentangle two key limitations in VLM-based layout gener-
ation: the lack of global semantic coherence and the sensitivity of gradient-
based optimization to physical feasibility constraints.

– We propose GSV, a rule-based graph verification mechanism that enforces
global semantic coherence through explicit structural validation over scene
graphs. To our knowledge, this is the first work to incorporate explicit scene
graph modeling and verification into a VLM-based 3D indoor layout gener-
ation pipeline.

– We introduce GPFS, a hybrid search framework that integrates evolutionary
global exploration with gradient-based local refinement, reducing reliance
on VLM initialization and improving reliability to highly non-convex and
discontinuous feasible spaces.

– We achieve state-of-the-art performance on open-vocabulary 3D indoor lay-
out generation, with clear improvements in semantic consistency and physi-
cal plausibility.
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2 Related Work

Open-Vocabulary Indoor Scene Synthesis. Indoor layout generation and
scene synthesis have historically relied on manually specified rules and hand-
crafted statistical priors [4,5,10,14,26,38]. With the availability of large-scale 3D
scene datasets [13,18], recent work [8,16,20,21,31,32,34–36] began to learn com-
position patterns directly from data, marking a transition from early rule-based
approaches to deep learning-driven methods. More recently, the emergence of
large language models and vision-language models has enabled open-vocabulary
3D scene synthesis, allowing flexible layout generation guided by natural lan-
guage instructions.
Language-Guided Indoor Layout Generation. To improve flexibility be-
yond fixed object vocabularies and predefined scene templates, recent work has
increasingly incorporated large language models (LLMs) and vision–language
models (VLMs) into 3D layout generation pipelines, using natural language as a
high-level specification for scene structure. LayoutGPT [9] pioneered this direc-
tion by employing GPT to generate room layouts from high-level instructions.
Subsequent works such as [1,3,7,15,22,23,29,37] have also integrated LLMs into
the synthesis pipeline. Further advancing this line, LayoutVLM [30] employs a
vision-language model to define semantic relationships and uses differentiable
optimization to produce continuous and semantically consistent layouts. How-
ever, they often struggle in scenes with many objects, the relationships generated
by LLM become unreliable. In contrast, our method mitigates these limitations
by improving the reliability of relational information and enabling robust op-
timization from scratch, yielding layouts that remain coherent and physically
valid.
Scene Graph Representation. Scene graphs, which represent objects as nodes
and relationships as edges, have been widely adopted for structured 3D scene
representation and support various tasks including scene retrieval [33], compari-
son [11], and layout generation [25]. This representation has been extended to 3D
environments through hierarchical structures [2, 20, 24, 33, 39], parse trees [27],
and graph neural networks [17]. Within these approaches, generative methods
often incorporate VAEs [19,28] and use message passing for layout synthesis [40].
Recent methods, including Holodeck [37], InstructScene [21], and Graph-to-
3D [8], continue this tradition by leveraging scene graphs for semantic control,
instruction-driven editing, and geometry-aware generation. However, these meth-
ods generally depend on a static scene graph that assumes well-formed inputs.
In contrast, our approach maintains an adaptive graph that is refined during
generation, providing more reliable relational cues to guide the VLM.

3 Methodology

Problem Definition. We formulate the task as arranging a set of 3D assets
within a bounded environment according to natural language instructions. Given
a textual layout description ℓlayout, the system identifies a set of all semantically



Graph-Validated 3D Scene Generation 5

 “ A cozy bedroom with three functional zones: sleeping, working, and relaxing.  Fully furnished and arranged for comfort and usability. ”

Update Constraints

(against_wall, 'tv_stand', 
'right_wall')
(align_with, 'coffee_tab
le', 'sofa', 'right')
(near, 'coffee_table', '
sofa', 0.4, 0.7)

...
tv_stand

table

chair
sofa

coffee table

bed

nightstand

Directional Graph

VLM Reflection

You are an interior design 
assistant tasked with reso
lving issues based on feed
back.
Task rules:
Conflict handling and sema
ntic refinement
...

Conflict Detector

tv_stand

sofa

coffee table

wall3

Graph Segment

wrong missing

Loss test

A. Floor Level

Stage 1: hierarchical scene proposal 

“Lounging
Area” Asset: ��

category
‘tv stand’

Stage 2: Global Semantic Validation (sec.3.1)

B. Furniture Level

Asset Set  �
(Per-Asset BBox, 

Categories)

Abstraction Level

Stage 3: Global Physical Feasibility Search (sec.3.2)

...

Concrete 3D 
Layout

Text Proposal Graph Relation Concrete Pose

...

...

��

��

�1 ��
’

��
’

��
’

��

�� ��

ℒ1 ℒ�

Mutation

Select

Crossover

Random Init

Potential Init

Evolu
tion

Gradient 
Descent

Population

...

...

�1
�� ���� ��...

��
�� ���� ��...

�
��

��
�

�
��

��
�

Fig. 2: Overview of the proposed pipeline. Given a textual scene description,
(1) the framework first constructs a hierarchical scene proposal mapping functional
areas and asset set; (2) semantic constraints are then extracted and refined in a graph
via Global Semantic Verification (GSV); finally, (3) a physically valid 3D layout is
generated using Global Physical Feasibility Search (GPFS).

relevant 3D assets A = {ai}Ni=1, where N is the number of assets and each ai
denotes a 3D asset instance inferred from the text. The objective is to estimate
the pose of each asset:

Pi = (xi, yi, zi, θi), (1)

where (xi, yi, zi) represents the 3D position and θi denotes the orientation around
the vertical axis. The final output is the scene configuration: S = {(ai, Pi)}Ni=1,
assigning each asset a specific pose.
Overview. As shown in Fig. 2, our framework consists of three stages:

(1) Scene Proposal Construction. Given the input description, we build a
hierarchical scene proposal that separates floor- and furniture-level assets.
At each level, a VLM infers functional areas and generates asset descriptions,
which are mapped via CLIP-based retrieval to form the final asset set A with
per-asset bounding boxes and category labels.

(2) Semantic Constraint Modeling and Verification. The scene proposal
is translated into structured inter-asset relational constraints and organized
as a scene graph. Global Semantic Verification (GSV) enforces explicit global
consistency, eliminating contradictory configurations and yielding a seman-
tically coherent scaffold for layout realization.

(3) Physically Feasible Layout Realization. Based on the verified semantic
graph, Global Physical Feasibility Search (GPFS) computes a concrete ar-
rangement by combining global exploration with local refinement, ensuring
physical validity while preserving semantic relations.

Our main contributions lie in the second and third stages of the pipeline,
namely Global Semantic Verification (Sec. 3.1) and Gloabl Physical Feasibility
Search (Sec. 3.2). We model layout constraints as a graph to capture globally
semantically consistent relations, and leverage this relational graph to optimize
physically feasible object placements, achieving both search efficiency and solu-
tion quality.
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3.1 Global Semantic Verification

The Global Semantic Verification (GSV) module aims to enforce global seman-
tic consistency over the relational constraints predicted by the VLM. To achieve
this, the verification process is structured into three steps, including scene graph
construction and anchor selection, relational consistency verification, and itera-
tive VLM-guided graph refinement. The details of each step are described below.

3.1.1 Step 1: Scene Graph Construction and Anchor Selection

Scene Graph Construction. Building on the hierarchical scene proposal gen-
erated by VLM and the asset set A with their candidate placement regions, the
VLM generates a set of implicit pairwise relational constraints in textual form.
To obtain a structured representation that enables systematic validation, we for-
malize these relations as a constraint set and organize them into a directed scene
graph. Formally, we define:

R = {rij | ai, aj ∈ A}, (2)

where each constraint between assets ai and aj is defined as rij = (ai, aj , τij ,ψij),
with τij denoting the constraint type and ψij denoting the associated param-
eters (see supplementary material for details). Based on this formalization, the
constraint set R induces an initial directed graph G(0) = (V (0), E(0)), where
each node vi ∈ V (0) represents an asset ai with pose Pi and each directed edge
eij ∈ E(0) encodes a pairwise constraint rij . The poses {Pi}Ni=1 are randomly ini-
tialized within the room boundary and updated during optimization in Sec. 3.2.

Anchors Node Selection. Given the initial graph G(0), we partition it to
obtain a set of semantically coherent subgraphs G(0) = {G(0)

l }Nl=1, where each
G

(0)
l = (V

(0)
l , E

(0)
l ) corresponds to a localized object group. To establish a clear

guidance order for conflict detection, each group is anchored by a single central
object. Specifically, we define node centrality as in-degree and choose the node
with the largest in-degree as the anchor node vanchor

l . As a local reference, this
anchor has the strongest structural influence on its neighbors and guides sub-
sequent conflict detection. More details on anchor selection are provided in the
supplementary material.

3.1.2 Step 2: Relational Consistency Verification

Given a refined subgraph G
(0)
l = (V

(0)
l , E

(0)
l ) with its anchor node vanchorl ∈

V
(0)
l , we perform subgraph-level validation to detect semantic and structural

inconsistencies. We introduce a predicate Φ that evaluates both semantic and
structural feasibility. Specifically, Φ consists of K validation predicate {Φk}Kk=1,
and the overall validity of the subgraph is defined as:

Φ(Gl) =

K∧
k=1

Φk(Gl), (3)
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Fig. 3: The Graph-guided Reflection Process. Through iterative updates to
scene-graph edges, the model detects and mitigates physical, semantic, and structural
inconsistencies, yielding a coherent and physically plausible layout.

where each Φk evaluates a semantic criterion on the subgraph G
(0)
l ,

∧
denotes

logical AND. Consequently, Φ(Gl) = 1 if and only if every Φk is satisfied. The
K validation predicate Φ = {Φk}Kk=1 cover three aspects: feasibility verification,
completeness verification, and semantic consistency verification, as follows.

Feasibility Verification. This rule-based module verifies structural and phys-
ical validity of the subgraph using four constraints: cycle consistency (Φcycle),
distance consistency (Φdist), wall compliance (Φwall), XY-plane occupancy (Φoa)
and logic consistency (Φlogic). Detailed definitions are provided in the supple-
mentary material.

Completeness Verification. To ensure relational completeness, we define a
completeness predicate Φcomp. This predicate requires that each node vi must
have at least one positional constraint and one orientation constraint. This is
enforced by requiring degpos(vi) ≥ 1 and degrot(vi) ≥ 1.

Semantic Consistency Verification. We further enforce common-sense se-
mantic priors through pairwise compatibility checks Φsem. Violations are de-
tected by:

Ψ(Gl) =
∏

(i,j)∈Vl

(1− Γ (eij)), (4)

where Γ (eij) indicates a violated constraint and
∏

accumulates all pairwise
checks over edges (i, j) in Vl. Detected violations at iteration t are recorded in
a conflict log, denoted as Lt, and fed back to the VLM for iterative refinement,
producing a conflict-free refined graph G∗.

3.1.3 Step 3: Iterative VLM-Guided Graph Refinement

We introduce an iterative refinement process that examines the scene graph
for physical inconsistencies, semantic contradictions, and missing relational con-
straints. Detected conflicts are provided to the VLM, which proposes refined
edges. This loop repeats until no new conflicts arise, producing a self-consistent
constraint graph for subsequent optimization, as illustrated in Fig. 3.
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Algorithm 1: Hybrid Evolutionary-Gradient Optimizer
Input: Scene graph G∗, asset set A, room bound B, group set G, anchor

nodes C, parents size µ, offspring size λ, generations T
Output: Optimized layout X ∗

Initialization: Generate µ parent individuals {x1, . . . ,xµ} via random
initialization

Evaluate fitness fi = Fitness(xi) for all parents

for t← 1 to T do
Recombination and Mutation:
Select λ parents with probability ∝ e−βfi , swap random asset pairs
foreach offspring x do

Apply asset-wise and group-wise gaussian mutation to
position/orientation of assets

Apply intra-group attraction toward their center node
Apply pairwise repulsion to avoid collapse
Clamp all positions to room bounds B

Evaluation:
Combine populations P = {parents ∪ offspring}
Compute fitness f(xi) = Lsemantic + Lphysics

Selection:
Retain top-µ elites by fitness

Gradient descent: Perform gradient descent on top-µ elites for N iterations
Return best individual X ∗ = argminxi f(xi)

Formally, for E
(t)
l at iteration t, edges identified as conflicting are collected

in the set E
(t)
l,conflict ⊂ E

(t)
l . The VLM then suggests refinements to replace or

update these edges, resulting in the next iteration’s edge set E(t+1)
l . This process

continues until no conflicts remain, yielding a consistent graph G∗ that serves
as stronger guidance for subsequent optimization.

3.2 Global Physical Feasibility Search

Given the verified relational graph G∗ in Sec. 3.1, we aim to estimate object
poses P = {(xi, yi, zi, θi)} that satisfy the semantic constraints encoded in G∗

while remaining physically feasible within the scene. To achieve robust layout
realization in a highly non-convex solution space, the optimization is organized
into two steps: global exploration and local refinement. Algorithm 1 provides a
detailed description of the full workflow. The following subsections describe the
design and workflow of each step in detail.

3.2.1 Global Exploration
Given G∗, this step performs a population-based global search to generate di-
verse candidate layouts that serve as initialization for subsequent local refine-
ment. To achieve broad coverage of the highly non-convex solution space, we
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introduce a population-based evolutionary search that maintains multiple lay-
out hypotheses and iteratively improves them through stochastic transforma-
tions. Specifically, we design two key operations to guide the exploration process:
swap-based crossover, which enhances structural diversity by exchanging ob-
ject poses within a layout, and center-guided mutation, which perturbs object
placements while preserving group-level spatial coherence. Together, these oper-
ations enable effective exploration of feasible layout configurations before local
refinement.

Swap-Based Crossover. The optimization begins with a randomly initialized
population {x1, . . . ,xµ}, where µ denotes the number of parent individuals, each
individual xi represents a complete scene layout as the set of poses for all N
objects:

xi = {P (i)
j | j = 1, . . . , N}. (5)

At each generation t, a set of λ offspring is generated through crossover and
mutation. Traditional crossover can be disruptive in multi-solution settings, as
recombination may mix incompatible basins and hinder convergence. We instead
use swap-based intra-individual crossover. Given a selected parent xp, an inter-
mediate offspring x′ is produced by stochastically swapping the poses of two
objects within that parent:

x′ = Swap(xp; pswap), (6)

where pswap denotes the probability of performing a swap operation. This oper-
ation is applied primarily at initialization to enhance population diversity and is
also activated when fitness stagnates over several generations, allowing the algo-
rithm to escape local minima and prevent early collapse of the solution space. As
such, it serves as a crossover mechanism that promotes both initial exploration
and robust recovery from suboptimal configurations.

Center-Guided Mutation. The intermediate offspring x′ then undergoes Gaus-
sian mutation to produce the final offspring xi. Specifically, each object pose in x′

is perturbed by zero-mean Gaussian noise, followed by an intra-group attraction:

xi ← xi + wcg(cg − xi), (7)

where cg is the center node of group g, and wcg ∈ [0, 1] controls the attraction
toward the group center. To mitigate solution collapse and maintain population
diversity, a pairwise repulsion term is applied as:

xi ← xi + η
∑
j ̸=i

xi − xj

∥xi − xj∥2
. (8)

All positions are subsequently clamped to the room bounds B. Center nodes
exert stronger influence during optimization, encouraging assets within the same
subgraph to form coherent configurations around them.
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3.2.2 Local Refinement

After the global exploration step identifies a set of promising candidate layouts,
we perform local refinement to further improve solution quality and ensure pre-
cise satisfaction of semantic and physical constraints.

Elite Selection. After merging the parent and offspring populations, we retain
the top-µ individuals by fitness. Each candidate layout xi is evaluated by the
fitness function:

f(xi) = Lsemantic + Lphysics. (9)

where Lsemantic penalizes violations of inter-object semantic relations and Lphysics
enforces physical feasibility by discouraging collisions and out-of-bound place-
ments. These elites provide initialization for the subsequent refinement step.

Gradient-Based Refinement. The top-µ elite individuals are further refined
using gradient descent:

X ∗ = argmin
xi

f(xi), (10)

This step refines object poses to better satisfy semantic and physical constraints.
The resulting configuration X ∗ = {P ∗

j | j = 1, . . . , N} forms the final semanti-
cally coherent and physically feasible scene layout.

4 Experiment

4.1 Experimental Setup

Evaluation. To validate our method, we follow the benchmark protocol estab-
lished in LayoutVLM [30], conducting experiments across 11 room types (a
total of 33 scenes). We use the same input text instructions as the baseline
methods, with assets retrieved via our hierarchical retrieval process, resulting in
up to 112 objects per scene.
Evaluation Metrics. We evaluate generated layouts in terms of physical plau-
sibility and semantic coherence with respect to the input textual description.
Following LayoutVLM [30], we evaluate generated layouts using Collision-Free
Score (CF), In-Boundary Score (IB), Positional Coherency (Pos.), Rotational
Coherency (Rot.), and Physically-Grounded Semantic Alignment scores(PSA).
Following LayoutVLM [30], we employ GPT-4o as a visual-language evaluator,
providing both top-down and side-view renderings alongside the input descrip-
tion to simulate human judgments of plausibility and instruction fidelity. All
scores are normalized to the range [0, 100], with higher values indicating stronger
semantic-physical consistency.
Baselines. We compare our method against several recent state-of-the-art ap-
proaches for open-vocabulary 3D indoor layout generation, including Layout-
GPT [9], Holodeck [37], I-Design [3], and LayoutVLM [30].
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Bedroom Living Room Dining Room Bookstore Buffet Restaurant Children Room

Methods CF IB Pos. Rot. PSA CF IB Pos. Rot. PSA CF IB Pos. Rot. PSA CF IB Pos. Rot. PSA CF IB Pos. Rot. PSA CF IB Pos. Rot. PSA

LayoutGPT 100.0 66.7 85.7 85.9 52.2 44.4 11.1 74.7 64.4 9.6 88.9 22.2 76.0 68.9 14.8 88.9 55.6 80.9 79.4 35.9 100.0 33.3 81.2 83.3 26.9 100.0 0.0 80.9 82.6 0.0
Holodeck 88.9 22.2 69.3 67.9 14.1 77.8 0.0 66.3 55.6 0.0 88.9 0.0 38.0 36.6 0.0 55.6 0.0 65.7 59.0 0.0 77.8 11.1 47.7 42.4 7.4 77.8 22.2 72.7 70.0 18.7
I-Design 100.0 77.8 72.1 65.4 51.5 33.3 11.1 62.6 46.7 0.0 88.9 66.7 76.4 66.4 34.8 66.7 11.1 68.1 69.4 5.2 100.0 55.6 63.5 57.1 35.2 77.8 55.6 78.1 75.1 34.8
LayoutVLM 88.9 100.0 82.3 74.9 68.8 22.2 77.8 68.6 54.4 9.6 88.9 100.0 63.4 56.9 51.1 55.6 100.0 82.0 82.8 49.8 88.9 88.9 74.3 64.8 51.5 100.0 100.0 81.9 88.2 88.5
Ours(gpt-4o) 100.0 100.0 83.3 80.0 73.3 100.0 100.0 95.0 62.7 80.0 100.0 100.0 95.0 88.3 80.0 100.0 100.0 89.3 90.0 93.3 100.0 66.7 81.7 70.0 66.7 100.0 100.0 88.3 88.3 80.0
Ours(gpt-4.1) 100.0 100.0 95.0 91.7 86.7 100.0 100.0 95.0 91.7 93.3 100.0 100.0 85.0 88.3 86.7 100.0 66.7 90.0 93.3 53.3 100.0 100.0 88.3 85.0 86.7 100.0 100.0 90.0 88.3 86.7

Classroom Computer Room Deli Florist Shop Game Room Average

Methods CF IB Pos. Rot. PSA CF IB Pos. Rot. PSA CF IB Pos. Rot. PSA CF IB Pos. Rot. PSA CF IB Pos. Rot. PSA CF IB Pos. Rot. PSA

LayoutGPT 88.9 0.0 76.3 66.7 0.0 100.0 22.2 87.8 85.2 17.8 88.9 0.0 77.2 77.9 0.0 66.7 33.3 81.6 80.2 18.3 55.6 22.2 87.0 82.9 6.7 83.8 24.2 80.8 78.0 16.6
Holodeck 33.3 0.0 45.2 38.6 0.0 100.0 0.0 66.1 59.7 0.0 88.9 33.3 73.9 63.7 24.4 63.9 0.0 73.2 64.7 0.0 55.6 22.2 60.7 58.0 0.0 77.8 8.1 62.8 55.6 5.6
I-Design 55.6 11.1 50.7 47.0 0.0 88.9 22.2 74.0 70.7 8.9 88.9 22.2 67.8 65.9 10.4 77.8 0.0 75.5 68.3 0.0 66.7 44.4 62.8 58.9 17.0 76.8 34.3 68.3 62.8 18.0
LayoutVLM 77.8 100.0 74.6 68.6 48.3 100.0 88.9 85.4 84.5 77.0 100.0 88.9 83.4 83.4 74.6 88.9 100.0 83.4 76.4 68.3 88.9 100.0 73.1 70.0 59.5 81.8 94.9 77.5 73.2 58.8
Ours(gpt-4o) 100.0 100.0 81.7 88.3 73.3 100.0 100.0 70.0 73.3 66.7 66.7 100.0 81.7 85.0 63.3 100.0 100.0 85.0 91.7 93.3 100.0 100.0 86.7 87.7 93.3 97.0 97.0 85.2 82.3 78.5
Ours(gpt-4.1) 100.0 100.0 85.0 78.3 91.7 100.0 100.0 96.7 95.0 96.7 100.0 66.7 90.0 88.3 60.0 100.0 100.0 83.3 75.0 80.0 100.0 100.0 86.7 83.3 96.7 100.0 93.9 89.5 87.1 83.5

Table 1: Benchmark Performance. Performance across all room types under mul-
tiple physical and semantic metrics.

Fig. 4: Qualitative Comparison. Compared to baseline methods, our approach pro-
duces layouts with improved semantic and physical consistency.

4.2 Implementation Details

We employ GPT-4o and GPT-4.1 as the VLM backbone for semantic reasoning
and constraint generation. For asset retrieval, we use the 3D-FUTURE [12] and
Objaverse [6] datasets for floor-level objects, and the HSSD-200 [18] dataset for
furniture-level object retrieval. In the evolutionary stage, each scene region is
initialized with random object positions. The population size is set to 50, with
5 parent individuals retained per generation. Regions containing fewer than 10
objects are optimized for 30 generations, while larger regions run for 50 genera-
tions. The top 5 layouts with the lowest objective energy are selected as initial
states for gradient-based refinement, followed by 200 steps of gradient descent.
The final layout is the configuration with minimal objective energy.
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DiningRoom BookStore BedRoom

GameRoomDenseLayoutBuffet Restaurant

Fig. 5: Results. the results demonstrate that the proposed method can generate dense
and collision-free indoor layouts

4.3 Benchmark Performance

Tab. 1 reports comparisons against LayoutGPT, Holodeck, I-Design, and Lay-
outVLM. Our method achieves higher scores across all metrics (CF, IB, Pos.,
Rot., PSA) and all room types, indicating stronger semantic coherence and
higher physical feasibility across diverse layout scenarios.

The high CF and IB scores mainly arise from the Global Physical Feasibility
Search (GPFS) module, which combines global exploration with local refinement
to prevent the optimizer from being trapped in local minima, thereby reducing
object collisions and placements outside the room. Under this hybrid search
strategy, even highly cluttered or entangled initial layouts can be optimized
into physically valid configurations, as demonstrated in buffer_restaurant and
dense_layout of Fig. 5, where densely packed objects are effectively rearranged
without collisions, highlighting GPFS’s robustness to challenging initializations.

Improvements in Pos. and Rot. further indicate stronger semantic alignment
with textual instructions. This is primarily enabled by our Global Semantic Ver-
ification (GSV) module, which explicitly enforces hierarchical and relational se-
mantics at the graph level, preventing inconsistent or implausible object–object
relationships early in the process and producing coherent spatial relations. Com-
bined with effective optimization, this mechanism ensures that spatial directives
are faithfully realized in the final configuration and promotes functionally coher-
ent arrangements.

The gains in PSA reflect the unified effect of semantic validation and phys-
ically grounded optimization. The GSV module guarantees that semantic con-
straints are globally consistent and feasible, while GPFS ensures that these con-
straints remain physically realizable throughout optimization. As a result, the
generated layouts are simultaneously semantically faithful, functionally plausi-
ble, and physically coherent, leading to the highest overall PSA performance.
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Fig. 6: Furniture surface placement. Small asset placement guided by spatial con-
straints.

This behavior is consistently observed at both the floor-object and furniture-
object levels (see Figs. 5 and 6), where our framework produces correct relational
structures with negligible collisions across different object granularities.

Nevertheless, both our GPT-4o and GPT-4.1 variants still exhibit a few fail-
ure cases, particularly in the Bookstore and Deli scenes. These scenes are chal-
lenging for physical optimization for two main reasons. First, they often involve
crowded layouts with relatively large assets and dense object placements on
furniture surfaces, making fine-grained collision and boundary optimization dif-
ficult. Second, many objects are wall-aligned (e.g., bookshelves) and constrained
by near-wall relations, resulting in a highly constrained optimization landscape.

Module Method Physics Semantics Overall score
CF IB Pos. Rot. PSA

GSV

Ours 100.0 100.0 91.3 87.7 86.7
w/o Feasibility 93.3 100.0 88.7 90.3 82.7
w/o Completeness 93.3 93.3 89.0 86.7 74.0
w/o Semantic Consistency 100.0 100.0 90.0 89.1 85.3

GPFS w/o GD 13.3 0.0 79.7 79.6 0.0
w/o EA 73.3 100.0 86.0 80.5 61.3

Table 2: Ablation study. Quantitative results grouped by global semantic verifica-
tion (GSV) and global physical feasibility search (GPFS) modules.

4.4 Ablation Study

We conduct ablation studies on a representative subset of scenes, focusing on
those that are prone to conflicts or local optima. Specifically, this subset cov-
ers five scene types: Bedroom, FloristShop, BuffetRestaurant, LivingRoom, and
DiningRoom. These scenes span diverse spatial characteristics and relational
complexities, including constrained layouts, functionally coupled object groups,
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missing 
constraints

local 
minimum

Ours w/o GSV w/o GPFS

Wrong Semantics
local minimum

Fig. 7: Ablation study. Comparison of layout results with or without GSV and GPFS
module, indicating that GSV ensures semantic coherence and GPFS promotes globally
feasible layouts.

and relatively high interaction density. Such diversity ensures that the effects
of each component can be clearly and reliably assessed, while avoiding dilution
from trivially solvable or conflict-free cases. As shown in Tab. 2, each component
distinctly improves semantic quality and physical validity.
Effect of Global Semantic Verification. Removing aspects of the graph mod-
ule leads to consistent performance degradation. Without feasibility filtering, CF
drops from 100.0 to 93.3 and PSA decreases to 82.7, showing that physically in-
feasible constraints cause unstable interactions during optimization. Removing
constraint completeness causes a larger PSA drop (86.7→ 74.0), indicating that
incomplete relational specifications produce semantically under-constrained lay-
outs. Disabling semantic consistency checking also reduces PSA (to 85.3), high-
lighting the importance of globally coherent relational structures. These trends
are visually confirmed in Fig. 7, where missing or inconsistent constraints cause
misaligned object groupings and incorrect relational configurations.
Effect of Global Physical Feasibility Search. The impact of the hybrid
evolutionary–gradient optimization is even more pronounced. Removing gradi-
ent refinement (w/o GD) causes CF to collapse to 13.3, IB to 0.0 and PSA to
0.0, indicating that evolutionary search alone cannot ensure physically feasible
convergence. Conversely, removing evolutionary search (w/o EA) reduces CF
to 73.3 and PSA to 61.3, demonstrating that gradient descent without global
exploration frequently becomes trapped in poor local minima. As illustrated
in Fig. 7, the pure GD variant produces locally entangled layouts, while the
absence of GD leaves unresolved collisions. Overall, the ablation results quanti-
tatively and qualitatively confirm that graph-based constraint reasoning ensures
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semantic completeness and consistency, while the hybrid evolutionary-gradient
strategy is critical for achieving physically valid and globally coherent layouts.

5 Conclusion and Limitation

We revisit VLM-based 3D indoor layout generation from a global reasoning per-
spective and identify two key limitations: the lack of explicit scene-level semantic
verification and the reliance on purely local optimization in a highly non-convex
feasible space. To address these issues, we disentangle semantic coherence from
physical feasibility through two dedicated mechanisms. Global Semantic Verifi-
cation (GSV) enforces explicit structural consistency over scene graphs, while
Global Physical Feasibility Search (GPFS) combines evolutionary exploration
with gradient refinement to enable robust optimization beyond local minima.

Extensive experiments demonstrate state-of-the-art performance in both se-
mantic consistency and physical plausibility. Ablation studies further confirm
that explicit graph validation is critical for global coherence, and hybrid global lo-
cal search is essential for physically valid layout realization. Together, our frame-
work shifts layout generation from local relational fitting to globally consistent
and physically grounded reasoning, advancing the reliability of open-vocabulary
3D indoor layout generation.

Despite the promising results, several limitations remain. First, our pipeline
still relies on GPT APIs, whose inherent stochasticity affects object category
selection, object quantity, and the subsequent evaluation process, leading to
variations across different runs. Second, the quality of current 3D asset collections
is highly inconsistent. Some assets are oversized, while others may fail to render
correctly, which can significantly affect the generated layouts. Although these
problematic assets are relatively easy to identify, incorporating a lightweight
asset pre-check or filtering stage would substantially improve the robustness
and success rate of large-scale scene generation. Reducing pipeline stochasticity
and constructing higher-quality 3D asset collections therefore remain important
directions for future work.
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