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Abstract

Automated 3D scene generation is pivotal for applications
spanning virtual reality, digital content creation, and Em-
bodied Al. While computer graphics prioritizes aesthetic
layouts, vision and robotics demand scenes that mirror real-
world complexity which current data-driven methods strug-
gle to achieve due to limited unstructured training data
and insufficient spatial and physical modeling. We pro-
pose SPREAD, a diffusion-based framework that jointly
learns spatial and physical relationships through a graph
transformer, explicitly conditioning on posed scene point
clouds for geometric awareness. Moreover, our model inte-
grates differentiable guidance for collision avoidance, rela-
tional constraint, and gravity, ensuring physically coherent
scenes without sacrificing relational context. Our experi-
ments on 3D-FRONT and ProcTHOR datasets demonstrate
state-of-the-art performance in spatial-relational reason-
ing and physical metrics. Moreover, SPREAD outperforms
baselines in scene consistency and stability during pre- and
post-physics simulation, proving its capability to generate
simulation-ready environments for embodied Al agents.'

1. Introduction

Automated 3D scene generation is a critical task with appli-
cations ranging from virtual reality [24, 39, 51] and digital
content creation [17, 28, 55] to Embodied Al [5, 23, 36].
Different domains place distinct requirements on the gen-
erated scenes. In computer graphics, the emphasis is often
on geometry details, aesthetic object layouts and stylistic
consistency, resulting in visually appealing and orderly en-
vironments. In contrast, 3D scenes used for training mod-
els in computer vision [9, 42, 47] and robotics [13, 57]

1Our code and dataset are publicly available at https://github.
com/L-avenir/SPREAD.

tCorresponding authors.

are expected to closely mirror the complexities of the real
world. These scenes must accommodate cluttered arrange-
ments, heavy occlusions, and diverse object poses to ensure
the robustness of perception systems and embodied agents.
Real-world environments can often appear “chaotic”. For
instance, a toy played by an infant may be placed in an ar-
bitrary pose, without any discernible logic. Capturing such
diversity and disorder remains a major challenge for cur-
rent data-driven methods, primarily due to the lack of suffi-
ciently varied and unstructured training data.

Humans possess strong spatial and physical reasoning
abilities that allow them to interpret and navigate the of-
ten chaotic real world. For instance, people can infer the
pose of an object based on its interactions and relationships
with surrounding objects. A pencil, for example, is more
likely to lie flat on the ground for stability, but it can also
stand upright when supported by a holder. The same object
can exhibit different stable poses depending on its physical
context. Beyond these physical relationships, humans also
leverage deeper layers of understanding—such as function-
ality (e.g., a cup must remain upright to hold water) and cul-
tural conventions (e.g., the placement of a knife and spoon
to signal satisfaction with a meal). To generate truly re-
alistic 3D scenes, a generative model must learn to reason
about this foundational layer of physics: how objects sta-
bly interact, support each other, and coexist spatially in a
functionally and semantically coherent manner.

Previous methods based on optimization [37, 58, 59] are
capable of achieving physically plausible results for indi-
vidual scenes but suffer from poor scalability. Procedural
generation techniques employ handcrafted spatial rules, en-
abling efficient large-scale generation but introducing artifi-
cial biases that reduce real-world variability. Recent deep
generative models learn scene distributions directly from
data — some methods [27, 41, 52] incorporate spatial rela-
tions as graph priors from text prompts or user specifica-
tions, achieving controllability but often neglecting physi-
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Figure 1. Illustration of SPREAD, a diffusion-based framework for generating physically plausible 3D scenes with rich object interac-
tions. (A) SPREAD synthesizes detailed object-level layouts with natural spatial and physical interactions, going beyond coarse layout
arrangements. (B) SPREAD faithfully adheres to provided spatial and physical graph priors, G. (C) SPREAD can provide simulation-

ready environments for embodied Al agents.

cal constraints (leading to floating objects or penetration ar-
tifacts). Alternative approaches [53] enforce physical plau-
sibility through guidance mechanisms, but fail to maintain
realistic relational context, resulting in physically stable yet
layout-incoherent scenes. Furthermore, most methods rely
on datasets like 3D-FRONT [11] that capture only coarse
furniture arrangements, lacking the detailed object interac-
tion data necessary for complex physical relationships.

To this end, we introduce SPREAD, a guided diffusion
framework that takes a foundational step toward reliable 3D
scene generation by learning to reason about both spatial
and physical relationships. These relationships are repre-
sented as graphs and incorporated into the diffusion pro-
cess via graph transformer. Unlike prior methods [41, 53]
that rely on implicit shape embeddings, our framework con-
ditions on the posed scene point cloud at each diffusion
step with a geometry-aware perceiver module. Further-
more, SPREAD systematically enforces fundamental phys-
ical principles—such as mesh-level collision avoidance, sta-
ble object support, and adherence to gravity—through a
set of carefully designed differentiable guidance functions.
This integrated design enables the generative process to
satisfy key relational and physical constraints, effectively
determining the placement and orientation of objects in a
physically consistent manner.

Our experiments demonstrate that SPREAD achieves
state-of-the-art performance in spatial reasoning and physi-

cal plausibility, notably exhibiting low mesh-level collision

rates. The generated scenes are simulation-ready, requir-

ing little to no post-processing to ensure physical stabil-
ity. To highlight the model’s capability for fine-grained spa-
tial modeling, we train and evaluate SPREAD on both 3D-

Front and ProcTHOR [5], the latter offering a rich diversity

of small objects.

In summary, our main contributions are threefold:

* We propose a novel diffusion model that jointly repre-
sents spatial and physical relationships as differentiable
graph priors, enabling scene synthesis that is both seman-
tically coherent and physically plausible.

¢ We formulate mesh-level collision avoidance, stable
physical relations and gravity as differentiable guidance
functions, ensuring generated scenes obey physical prin-
ciples while preserving rich object interactions.

¢ SPREAD achieves SOTA performance on physical plau-
sibility metrics. Moreover, it demonstrates strong spatial
and physical stability after simulations, validated on both
furniture-scale and fine-grained interaction datasets.

2. Related work

2.1. 3D scene generation

Procedural Scene Generation Procedural scene genera-
tion relies on predefined rules and is widely used in indoor
design [38]. Prior work used statistical methods to derive
object-distribution rules for structurally sound scene gener-
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Figure 2. Overview of SPREAD. We propose SPREAD, a diffusion-based framework for generating physically plausible 3D scenes,
which integrates relational constraints through spatial (G,) and physical graphs (G,) while leveraging geometric perception via Perceiver
Layers. The model employs graph-attention guided diffusion to jointly optimize physical plausibility and spatial relations during genera-

tion, producing realistic scenes with natural object interactions.

ation [2, 3, 10]. Other works cast generation as an opti-
mization problem with constraints embedded in cost func-
tions [5, 58]. Recently, large language models (LLMs) have
introduced text-guided paradigms [8, 29, 54]. These meth-
ods rely on manual rules, limiting their use in complex
scenes. Our learning-based approach models rules from
data, enabling more complex scene generation.

Graph-Driven Scene Generation Graph-driven meth-
ods represent scenes as object—relationship graphs, cap-
turing interactions and guiding construction. Semantic-
spatial relation [46], dense relational [61], and hierarchi-
cal graphs [25] have been explored to capture spatial de-
pendencies. Recent works further introduce commonsense-
enhanced [56] and language-guided scene graph [27] to
incorporate high-level semantics. However, existing ap-
proaches primarily focus on modeling spatial relations, of-
ten neglecting the explicit incorporation of physical rela-
tions like ”support”. To address this limitation, our method
enhances scene priors by introducing a physical relation
graph, enabling more comprehensive and physically plau-
sible scene generation.

Diffusion-Based Scene Generation Diffusion models
are a leading generative paradigm, enabling high-quality
and diverse synthesis via iterative noising-denoising [16,
40]. In 3D scene generation, diffusion models enable
object-level shape editing [56] and occlusion-aware inpaint-
ing [45], showing promising results. Recently, they have
been applied to full-scene synthesis, modeling entire 3D
scene distributions for greater flexibility and expressive-
ness [1, 18, 27, 41, 53]. However, existing methods tend
to focus on visual quality in 3D scenes, while paying less
attention to both the consistency of object relationships and

physical realism, leaving the joint modeling of these two as-
pects relatively unexplored in diffusion-based approaches.

2.2. Guided diffusion

Guided diffusion models use external signals to steer gener-
ation, enabling fine-grained control and alignment with ob-
jectives [6, 15, 31, 35]. Recent 3D scene generation studies
have adopted guided diffusion models. SceneDiffuser [21]
conditions on physical constraints, while Physcene [53] in-
tegrates physical and interaction cues. Unlike Physcene,
which relies on bounding-box representations, our frame-
work leverages mesh- and relation-level guidance to enable
finer-grained, physically consistent control and to produce
more realistic, structurally complex scenes.

2.3. Physical constraints

Physical constraints are physics-based rules (e.g. motion
laws and object interactions) that ensure plausibility in sim-
ulation. Simulation-based 3D modeling uses physics en-
gines to enforce hard constraints for realism [30, 43, 49].
Motion capture uses physics-informed losses to enhance
realism, plausibility, and temporal coherence [19, 22, 50].
In generative models, physical constraints are used as con-
ditional signals [12] or latent embeddings [48] to enforce
physical consistency. Our method guides scene generation
with physical constraints, ensuring consistency and coher-
ence for realistic, complex 3D scenes.

3. Method

To generate physically plausible scenes, we propose
SPREAD, an integrated framework that combines our pro-
posed geometric perceiver layers with guided diffusion. In
section 3.1, we outline the compositional elements of our
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scene representation, especially geometric and relational
priors. In section 3.2 and section 3.3, we detail our model
architecture which integrates Perceiver Layer - a dedicated
geometric perception module that enables the network to
learn geometric constraints during training. In section 3.4,
for posterior optimization during inference, we propose a
novel combination of diffusion guidance mechanism that si-
multaneously addresses physical plausibility and relational
constraints.

3.1. Scene representation

To enable comprehensive modeling and generation of phys-
ically plausible scenes, our framework relies on structured
representations that precisely capture objects and their spa-
tial interactions as priors.

As illustrated in Fig 2, the scene S; contains objects 03-
each defined by a tuple (ph, 75, f1, ', k%), where 3D trans-
lation p; € R? stands for the centroid position of o}, ori-
entation r; € 80(3). Moreover, the geometric features
f} € RY provide a d-dimensional shape descriptor. The
spatial relations pg- model pairwise relative directions. For
example, p(o}, o)) indicates if o} is left, right, front, or
back of of. Similarly, the physical interactions /ié (o, 0)
describe support, contact, or attachment relation between
objects, which enables the generation with more compre-
hensive modeling and additional controllability. Notably,
instead of using images as visual references [4, 26], we
employ explicitly structured graph representations to sepa-
rately model spatial relationships G, € {0, ..., m}*¥ and
physical interactions G,. € {0, 1, ...,¢}V*¥ as latent con-
straints, where m and g represent the number of spatial rela-
tions and physical interactions respectively.Technically, we
utilize a continuous representation [14] to parameterize ro-
tation 7, where r € RS,

3.2. Geometry-aware diffusion modeling

Here, we introduce SPREAD, our graph-based diffusion
for scene generation with geometric awareness. As illus-
trated in Fig 2, SPREAD differs from existing scene gen-
eration methods by explicitly modeling physical and spatial
relations between denoised meshes at each denoising step,
while incorporating additional geometric inputs through a
geometry-aware perceiver module. Furthermore, we em-
ploy a graph transformer with cross-attention blocks to pa-
rameterize €y (xy, t,f,G,, G ), where ¢ denotes time embed-
dings, f denotes geometric features for collections of ob-
jects in the scene, G, and G, represent spatial and interac-
tion relation graph, respectively.

The diffusion process operates on a structured scene rep-
resentation S; = {0’ }J_, where each object is parameter-

ized as (p}, %, f1, pl, k). We construct a joint state space

by concatenating scene representations across all objects,

N
Xo = @[p;”ﬂ] c RNX(3+6) (1)

Jj=1

forming the basis for the diffusion process. The forward
process follows a Markov chain that gradually perturbs the
data through Gaussian transitions, preserving the topologi-
cal structure while adding noise

q(x¢|x¢-1) = N (x5 /1 = Bixi—1, Bi) 2

where (; stands for the variance of the Gaussian noise
added at each step of the forward (diffusion) process.

For reversal process, we model the spatial relations Gp
and physical relations G between objects as graph struc-
tures, where each graph is represented by an adjacency ma-
trix of shape (N, N), with elements indicating K possible
relation types. These graph structures are first mapped to a
continuous latent space through embedding layers,

E = MLP(Embedding(G)) 3)

where edge embeddings E € RY*N*de | These embed-

dings are then injected as bias terms into the graph attention
layers. At each denoising step t, the graph structures con-
dition the generation process through the diffusion graph
block

Ht'*! = GraphBlock' (Ht', Gp, Gk) 4)

while simultaneously processing both types of relational in-
formation.

By enabling relational modeling in continuous feature
space through MLP projection, SPREAD achieves joint op-
timization of spatial relations and physical constraints in
each graph block layer.

3.3. Model architecture

Our geometry-aware diffusion network jointly models ob-
ject orientation, geometry, and inter-object relations as mul-
timodal priors to transform a random layout into a phys-
ically plausible, semantically coherent 3D scene. As de-
scribed in section 3.2, each object node is represented
by a 9-dimensional state vector x;. This vector is then
augmented with fixed sinusoidal positional encodings and
projected into the attention dimension through a linear
layer. Concurrently, each object is encoded by a pretrained
Michelangelo encoder [60] into 256 64-dimensional tokens,
which are then linearly projected to the attention dimension.
These shape tokens remain constant during diffusion, pro-
viding a stable shape prior.

At each diffusion timestep ¢, dynamic geometric interac-
tions are captured by sampling M points p/ on the noisy
mesh of object ¢ and computing the one-way Chamfer dis-
tance [7] to all other objects’ point clouds P-;. We assign a
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Table 1. Quantitative comparison. Our method matches baseline FID on 3D-FRONT while setting new state-of-the-art on ProcTHOR: it
dramatically reduces mesh collisions, achieves the highest graph recall (GRecall), minimizes average support distance (ASD), and delivers

the greatest scene stability under Isaac Sim.

3D-FRONT ProcTHOR
Method Colppesh +
Bedroom  Livingroom  Diningroom FID| GRecallt Colpnesh 4+ ASDJ]  Stabilityt  FIDJ
ATISS 0.275 0.451 0.428 68.0 / 0.174 0.510 0.813 33.9
DiffuScene 0.298 0.359 0.376 61.6 / 0.360 0.071 0.886 214
InstructScene 0.285 0.350 0.331 61.3 0.964 0.260 0.021 0.876 20.0
Ours 0.097 0.185 0.183 64.7 0.979 0.121 0.007 0.950 18.8

ATISS

DiffuScene

InstructScene Ours

Figure 3. Comparative Generation and Simulation Results. Visual comparison of scene layouts produced by our method versus three
baseline approaches, shown before (left) and after (right) physics simulation.

sign to each distance via the nearest neighbor’s normal n,,,,
thereby approximating a signed distance field:

dsed(p) = mi —ql|2 - sign(n,, (p — 5
a(p) = min [[p—ql;-sign(n,(p—a))  ©)
This procedure yields a feature tensor of shape
(B,N,M,4), where the first three channels encode

global coordinates and the fourth channel encodes dy.q.
A Perceiver [20] module then distills these sparse, high-
dimensional features into n d-dimensional tokens f&°° via
cross-attention, enabling the network to perceive collisions
and penetrations.

Discrete spatial and physical relations (e.g., “left of,”
“supports”) are embedded and concatenated as edge fea-
tures e, together with node features forming an explicit
scene graph. We stack L multimodal graph layers to itera-
tively fuse and propagate information: within each block,
node features first attend to static shape tokens and then
to dynamic geometric embeddings via sequential cross-
attention, producing shape- and geometry-aware fused rep-
resentations; these representations and the edge features are
subsequently processed by a graph attention block, in which

multi-head graph attention propagates signals along explicit
edges. All normalization layers condition on the timestep
embedding te,, via AdaLayerNorm [33, 34], making the
denoising process time-aware. Finally, the refined node fea-
tures are projected by a MLP to predict the noise ¢, and
training minimizes the mean squared error ||é — €[|?. By
deeply integrating static shape priors, dynamic Chamfer-
based geometry, and explicit relational structure, our frame-
work achieves high-fidelity, physically consistent 3D scene
generation.

3.4. Multi-guidance framework

The proposed diffusion guidance framework incorporates
physically-grounded constraints through differentiable op-
erators that modify the score function of the diffusion pro-
cess. Formally, given a diffusion model with learned score
function sg(x¢, t), the guided reverse process follows:

(6)

where G(x¢) represents our composite guidance signal
combining three key components: collision guidance, grav-

th Ing'y(Xt) = SG(Xh t) + 7vxtg(xt)
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Rendered Scene Top-down View Relational Matrix

Figure 4. Scene & Relation Visualization. For two generated
scenes, we show the final render (left), the top-down layout (mid-
dle), and the pairwise relation evaluation matrix (right). The ma-
trix encodes every object-pair’s spatial relation: green entries de-
note correct relations (w.r.t. the ground truth), and red entries de-
note incorrect ones.

ity guidance, and relation guidance. With the weight of each
guidance, the overall guidance is defined via:

G =XAcGc +Aulu + ArGr @)

Together, these guidance terms enforce consistency with
real-world physical laws and foster the generation of stable,
contact-rich 3D scenes.

Collision Guidance We introduce a collision-avoidance
objective function based on intersecting triangles from dif-
ferent meshes. Unlike approaches like Physcene [53]
which take predicted bounding boxes as approximation, our
method directly quantifies collision relationships based on
mesh triangles, which proves more efficient and accurate.
Specifically, we use a and b to represent any two distinguish
objects in the scene. And we use t%, and # to denote the i-th
triangle of a and the j-th triangle of b. We use CoDF [44]
to evaluate the mesh-based collision-free guidance via:

1 .
Go = ey Y. Y. CoDF(#,1) ®)

a,b,a#b (i,5)eC

where C' represents collision triangle pairs found with
BVH, and CoDF represents the conical distance field. The
overall penalty is obtained by summing the penalties with
all collision pairs of surface patches from different objects.

Gravity Guidance To ensure physically plausible sup-
port relationships, we model gravity constraints by comput-
ing vertical distances between objects and their supporters.
For each object, we compute the vertical offset r; = d; — ¢,

Table 2. Ablation on ProcTHOR. starting from our base model,
adding the geometry module and then the full multi-guidance
framework yields consistent improvements in all physical metrics.

Method GRecallt Colyesh 4 ASDJ  Stability?

Ours 0.963 0.241 0.014 0.934
+Geometry  0.965 0.225 0.012 0.938
+Guidance 0.979 0.121 0.007 0.950

where d; is the distance from the object to its supporter,
and € is an empirical minimal threshold preventing ob-
jects from potential intersection caused by gravity guidance.
This formulation naturally penalizes both excessive floating
(r; > 0p) and interpenetration (r; < 0) while allowing
small deviations within tolerance 0.

Gu= > Ir ©)

>0y V r; <0

Relation Guidance In reality, objects exhibit complex in-
terrelations. To model these, we introduce a score func-
tion based on the extent of overlap between their projections
onto the XZ-plane. This approach is both effective and ef-
ficient, since we approximate each object by its projection
convex hull. Instead of calculating the exact overlap area,
we estimate a penalty by measuring the distances from all
the object vertices lying outside their supporting object to
the supporting hull. To be more specific, we denote a di-
rected pair (4, j) to indicate that the object ¢ is supported by
the object 7, and we use E to represent the set of all such
relations. Additionally, we denote V; ; to represent all the
vertices of the i-th object’s projection outside the convex
hull of the j-th object. Thus, we further define the guidance
as follows:

_ s(a, J)
on= > > im0

(i,j)EE @€V, ;

where s(a, j) represents the minimal Euclidean distance
between a point « to the convex hull of supporter j.

4. Experiments

Datasets We evaluate our model on two large-scale in-
door datasets: (1) 3D-FRONT [11] and (2) ProcTHOR [5],
which together capture both aesthetic layouts and rich
physical interactions. 3D-FRONT provides high-quality,
designer-curated scenes; we adopt the InstructScene [27]
preprocessing pipeline, augmenting each scene with ex-
plicit relative-position annotations (e.g., "left-of”, ”above”)
to form structured scene graphs. To better model complex
object interactions, we utilize ProcTHOR’s procedurally
generated indoor scenes, excluding non-supportive meshes
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(e.g., wall hangings). We then apply physics-based cor-
rections to resolve interpenetration and remove floating ob-
jects, while annotating spatial relationships using the same
scheme as in 3D-FRONT.

Baselines We compare SPREAD against three baselines:
(1) ATISS [32], a permutation-invariant transformer that
models scene generation as an autoregressive process over
an unordered set of objects. (2) DiffuScene [41], a model
that adopts a denoising diffusion probabilistic model to
generate scenes in a non-autoregressive manner. (3) In-
structScene, which introduces a two-stage, graph-based
framework designed for instruction-driven synthesis. These
baselines provide a robust benchmark covering autore-
gressive, diffusion-based, and graph-structured generative
methodologies. We refer the reader to the Supplementary
Material for more information.

Metrics To ensure a comprehensive evaluation of our
model, we assess visual quality, physical plausibility, and
structural fidelity. For visual fidelity and diversity, we use
the Fréchet Inception Distance (FID). Physical plausibility
is measured via the Mesh Collision Rate, which quantifies
object intersections. For the ProcTHOR dataset, we intro-
duce three specialized metrics: Graph Recall (GRecall) to
evaluate structural accuracy by comparing inferred spatial
relationships, Average Support Distance (ASD) to assess
contact surface quality through signed distance functions,
and Stability, which is measured by simulating scenes in
NVIDIA Isaac Sim [30] and verifying object relationship
consistency. Metric details are attached in the supplemen-
tary material.

4.1. Results on scene generation

Our framework’s advantages become especially clear when
evaluated on the interaction-rich ProcTHOR dataset. As
Table 1 shows, although we match baseline FID on 3D-
FRONT, we surpass all existing approaches on every phys-
ically grounded metric in ProcTHOR. In particular, our
method dramatically reduces Colpes, and achieves a GRe-
call of 0.979—demonstrating faithful adherence to the true
scene layout (Figure 4). It yields an Average Support Dis-
tance of just 0.007, indicating virtually gap-free contact.

4.2. Ablation study

Our ablation study on the ProcTHOR dataset evaluates
the separate contributions of the geometry-aware perceiver
module and multi-guidance framework (Table 2). The base-
line vanilla diffusion model shows substantial improvement
when augmented with the geometry-aware perceiver (+Ge-
ometry), evidenced by reduced collision rate and ASD met-
rics. The complete multi-guidance framework (+Guidance)
combined with geometry-aware diffusion achieves the most
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Table 3. Comparison of inference times (in seconds) across dif-
ferent scene generation methods.

Method SPREAD

14.72

ATISS InstructScene DiffuScene
0.02 2.58 10.25

Inference Time (s)

significant gains, reaching state-of-the-art physical plausi-
bility. As Figure 5 illustrates: collision guidance effec-
tively removes interpenetrations, gravity guidance elimi-
nates floating artifacts, and relational guidance maintains
proper support structures - collectively achieving the lowest
ASD, highest GRecall, and best simulation stability.

4.3. Scene consistency in pre-post simulation

To rigorously evaluate physical plausibility, we measure
scene stability under NVIDIA Isaac Sim. As Table 1 shows,
our method achieves an Isaac Stability score of 0.950,
meaning the vast majority of pairwise object relationships
remain intact after simulation. Figure 3 offers a side-by-side
comparison: while baseline layouts frequently suffer object
displacement and structural drift under physical forces, ours
remain virtually unchanged, underscoring the practical ben-
efit of integrating physical reasoning directly into the gen-
eration process.

4.4. User study

We have conducted a user study focusing on physical con-
sistency, assessing adherence to physical laws, and scene ra-
tionality, evaluating high-level semantic and commonsense
coherence. We randomly selected five scenes, each con-
taining a minimum of 10 and a maximum of 22 objects.
A total of 57 valid responses were collected, each evalu-
ating randomly selected three scenes to determine the pre-
ferred method. As illustrated in Figure 6, our method gar-
nered 88.6% of votes, thus underscoring its superiority over
ATISS(0.9%), DiffuScene(6.1%) and InstructScene(4.4%).
This finding suggests that our method generates scenes that
are more physically consistent, scene-rational, and show
greater consistency with human preferences.

4.5. Inference speed comparison

In this section, we analyze the computational efficiency of
state-of-the-art methods. The average inference latency per
scene is as follows: ATISS (0.02s), InstructScene (2.58s),
Diffuscene (10.25s), and SPREAD (14.72s). The higher la-
tency of our method is an inherent trade-off of its gener-
ative architecture, deliberately designed to model complex
object relationships and generate coherent scenes, prioritiz-
ing quality and structural integrity over inference speed.
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Figure 6. User Study. Our method dominated with 88.6% of the
votes, above ATISS with 0.9%, InstructScene with 4.4%, and Dif-
fuScene with 6.1%, indicating that our method better preserves
physical consistency and scene rationality.

5. Conclusion

We present SPREAD, a guided diffusion framework that
jointly models object spatial and physical relationships
through differentiable graph priors and multi-guidance
mechanism. Our method synthesizes physically plausible
and simulation-ready scenes. Experiments demonstrate su-
perior performance in spatial reasoning and physical met-
rics, with robustness validated under simulations.

Future work While effective at preserving physical con-
straints, our method is currently limited to indoor scenes
due to dataset availability. Future work will extend
to outdoor generation by leveraging image-conditioned
paradigms [29, 55]. To address the computational cost in-
herent in our iterative diffusion process, we will explore ef-
ficient alternatives like flow matching. Furthermore, we will
investigate formulating the diffusion directly on the SE(3)
manifold to better leverage its geometric prior for more
principled scene synthesis.
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