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Figure 1. Overview of the capabilities of PARSE. Using a real image (a) as reference, we first construct Part-centric Assembly Graphs
(PAGs) (b) that capture its spatial organization of objects. Then, by combining PARSE with physics simulation, we generate physically
plausible 3D scenes (c) from these PAGs, featuring diverse inter-object relationships and rich part-level contacts. Furthermore, we intro-
duce PARSE-10K, a collection of high-quality 3D indoor scenes with fully part-segmented object instances, which effectively supports
downstream tasks such as fine-tuning VLMs for spatial reasoning and enhancing 3D scene generation.

Abstract

Inter-object relations underpin spatial intelligence, yet
existing representations—linguistic prepositions or object-
level scene graphs—are too coarse to specify which regions
actually support, contain, or contact one another, leading
to ambiguous and physically inconsistent layouts. To ad-
dress these ambiguities, a part-level formulation is needed;

therefore, we introduce PARSE, a framework that explic-
itly models how object parts interact to determine feasi-
ble and spatially grounded scene configurations. PARSE
centers on the Part-centric Assembly Graph (PAG), which
encodes geometric relations between specific object parts,
and a Part-Aware Spatial Configuration Solver that con-
verts these relations into geometric constraints to assemble
collision-free, physically valid scenes. Using PARSE, we
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build PARSE-10K, a dataset of 10,000 3D indoor scenes
constructed from real-image layout priors and a curated
part-annotated shape database, each with dense contact
structures and a part-level contact graph. With this struc-
tured, spatially grounded supervision, fine-tuning Qwen3-
VL on PARSE-10K yields stronger object-level layout rea-
soning and more accurate part-level relation understand-
ing; furthermore, leveraging PAGs as structural priors in
3D generation models leads to scenes with substantially
improved physical realism and structural complexity. To-
gether, these results show that PARSE significantly ad-
vances geometry-grounded spatial reasoning and supports
the generation of physically consistent 3D scenes.

1. Introduction

Modeling inter-object relations is the next frontier of spatial
intelligence because many fundamental tasks—scene gen-
eration [29, 32], layout synthesis [12], tidying [52], pack-
ing [63], stacking [28], and embodied manipulation [20,
68]—depend more on how objects relate than on their iso-
lated shapes. Relations encode support, containment, at-
tachment, occlusion, and accessibility, which determine sta-
bility, affordances, and task feasibility. This view resonates
with Latour’s actor—network theory (ANT) [27]: objects de-
rive meaning and function from the network of relations
they maintain with other objects and agents, not from in-
trinsic properties alone. The critical question we address is
how to operationalize these rich relations into an effec-
tive representation for spatial modeling.

Vision-language models (VLMs) [1, 34, 36] offer a
promising path for understanding inter-object relations ex-
pressed through prepositions such as on, in, or against.
However, these linguistic cues are inherently coarse and
context-dependent: “a book on a table” may refer to the
spine or the cover contacting the surface, while “a guitar
leaning on a bookcase” could involve its head or body. Such
expressions are underspecified regarding contact points or
supporting regions, making their translation into spatial
configurations fundamentally ambiguous. This limitation
also exists in prior relational representations, most notably
scene graphs [21, 25]. Prior scene graph representations
operate at object-level granularity [6, 17, 18, 22, 41], pro-
viding insufficient specificity for fine-grained spatial under-
standing and realistic scene generation.

We argue that a more powerful and versatile rep-
resentation emerges from modeling interactions at the
part level. Part-level relations bridge high-level language
descriptions and low-level spatial configurations. For in-
stance, a chair stands on the floor via its feet, a mug rests
on a table by its base, and a broom leans against a wall at
its tip. This part-centric specification transforms ambiguous
prepositions into concrete geometric constraints, effectively

pruning the vast search space of valid configurations. When
integrated into representations such as scene graphs, these
fine-grained relations enable a more structured and control-
lable approach to spatial reasoning and scene synthesis.

In this work, we propose PARSE, PArt-aware Relational
Spatial modEling. At its core is the Part-centric Assembly
Graph (PAG), a descriptive scene representation where each
edge encodes geometric relations between specific parts of
connected object nodes. The PAG is organized as a directed
acyclic graph, with a hierarchy that guides the assembly of
objects into a spatially complex scene. Building on this
representation, we introduce a Part-Aware Spatial Config-
uration Solver, which instantiates PAGs as valid 3D scenes.
The solver converts each inter-part relation into geometric
constraints, progressively narrowing the feasible pose space
of each object and then sampling collision-free solutions ef-
ficiently. By traversing the graph from the root, it incremen-
tally generates scenes that adhere to the underlying part-
aware structure.

Building on this framework, we construct PARSE-10K,
a large and high-quality dataset of 3D indoor scenes with
fully part-segmented object instances. We begin by ex-
tracting layout priors from real images to obtain a set of
semantically plausible and structurally complex PAGs. In
parallel, we consolidate multiple public datasets with part
annotations [7, 10, 13, 49] and incorporate part-segmented
generative assets [62] to build a retrieval database cover-
ing 132 object categories for scene assembly. Leveraging
these PAGs and the part-level database, we generate 10,000
indoor scenes across 17 room types, each characterized by
rich contact structures and accompanied by a corresponding
part-level contact graph, which offers an additional source
of fine-grained contact information for downstream tasks.

To evaluate the utility of our dataset, we fine-tune
Qwen3-VL [36] on PARSE-10K and assess its performance
on spatial reasoning tasks. The fine-tuned model shows
consistent improvements in both object-level layout reason-
ing and part-level relational understanding. Furthermore,
incorporating PAGs from our dataset as structural priors in
3D generation networks significantly enhances the physi-
cal realism and structural complexity of synthesized scenes.
These results demonstrate the effectiveness of PAG in ad-
vancing geometry-grounded spatial reasoning and physi-
cally consistent 3D scene generation.

2. Related Work

Scene graphs [21, 25] provide a structured representation of
objects and their relations, powering progress in caption-
ing [55, 65], VQA [3, 47], and image retrieval [40, 50].
Their extension to 3D [4, 24] incorporates geometry and
spatial layout, advancing scene understanding [48, 53] and
embodied reasoning [30, 51]. However, these methods treat
objects as indivisible units, leaving them unable to capture
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Figure 2. An illustrative example of our Part-centric Assembly Graph (PAG). Left: A 3D scene generated by PARSE, with specific
local regions highlighted. Middle: The corresponding global PAG, emphasizing the sub-PAGs that match the highlighted regions on the
left. In the graph, large labeled circles represent object nodes, while small dark circles attached to them represent part nodes (unrelated
part nodes are omitted for clarity). Right: Zoomed-in views of three sub-PAGs. These panels explicitly annotate the specific surfaces used
to define relational constraints, alongside the corresponding Object-Level Spatial Edges and Part-Level Geometric Edges.

the part-level interactions that determine physical stability
and support. To overcome this limitation, our PAG models
fine-grained part—part relations, enabling explicit reasoning
about contact, support, and attachment beyond the capabil-
ities of object-level scene graphs.

Recent works [57] in 3D scene generation incorporate
inter-object spatial relations to improve structural plausi-
bility. Graph-based approaches condition scene synthesis
on semantic or geometric layout structures [15, 16, 32, 60],
while multimodal and diffusion-based models further align
language with 3D geometry to directly produce struc-
tured and coherent environments [14, 19, 39, 44]. Be-
yond network-based paradigms, procedural generation pro-
vides an explicit rule-based mechanism for specifying spa-
tial structure. Early systems such as ProcTHOR [9] rely on
rigid placement rules that ensure plausible layouts but limit
controllability to coarse factors like room type, preventing
users from directly specifying inter-object relations. More
recent methods improve flexibility by leveraging large lan-
guage models to map linguistic spatial cues to object place-
ments [12, 43] or to generate constraint programs that can
be solved by geometric optimizers [56, 67]. However, us-
ing LLMs as intermediaries introduces semantic ambigu-
ity, often weakening the precision of the resulting geomet-
ric constraints. Infinigen [38] mitigates this by adopting
human-readable spatial rules, allowing users to author pre-
cise and highly controllable layouts. However, existing pro-
cedural systems remain object-centric and cannot capture
the fine-grained part interactions needed for precise physi-
cal arrangements, leading to inefficient search over large so-
lution spaces. In contrast, our PAG-guided solver encodes
explicit part—part constraints, sharply reducing the feasible
space and enabling far more efficient generation with higher

geometric fidelity and physical consistency.

At the data level, existing indoor scene datasets exhibit
analogous limitations. Real-world scanned datasets [5, 8,
42, 58] provide high-fidelity spatial information and seman-
tic labels, but their object-level meshes are often noisy, in-
complete, or fused due to occlusion and reconstruction ar-
tifacts, hindering accurate physical reasoning. Synthetic
datasets [9, 13, 31, 59] offer cleaner CAD models and
greater diversity. However, many meshes are not cleanly de-
composed into distinct object instances and lack part-level
granularity, making it difficult to reliably model or detect
critical, physics-grounded inter-object relations. To fill this
gap, PARSE-10K provides consistent part-level annotations
and explicit physical relations, delivering the fine-grained
supervision absent from existing indoor scene datasets.

3. Part-Centric Assembly Graph

Previous work on scene graphs [25] often models relation-
ships between whole objects, limiting their precision in cap-
turing fine-grained interactions. To enable a deeper spatial
understanding and more precise 3D scene generation, we
introduce the Part-centric Assembly Graph (PAG), a rep-
resentation centered on the expressive power of part-aware
relations. As illustrated in Fig. 2, the PAG is a hierarchi-
cal graph designed to explicitly model the detailed geomet-
ric constraints between object parts, providing a structured
foundation for both analyzing and synthesizing complex,
physically coherent scenes.

3.1. Nodes: A Two-Level Structure

To effectively model part-aware relations, the nodes (V) in
a PAG are organized into a two-level structure.
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Figure 3. Controllable Scene Synthesis via Part-Aware Spatial Configuration Solver. (a) Coarse Localization: The solver first prunes
occupied regions (red) from the 2D support surface, then further contracts the feasible space using object-level spatial relations (orange).
(b) Part-Level Alignment: Precise geometric alignment is achieved by enforcing constraints (e.g., coplanarity) between specific surfaces
identified by the solver. This drastically reduces the feasible pose space for final pose sampling. (c¢) Fine-Grained Relational Control:
Specitying different part-level geometric relations in the PAG results in distinct and predictable arrangements, showcasing the framework’s

fine-grained controllability.

Object Nodes (Vo). These nodes form the upper level,
representing the primary entities in a scene. Each object
node encapsulates a semantic query, not a specific 3D in-
stance. This query can be either a single, concrete category
or an explicit set of candidate categories. This design defers
the choice of a specific geometric instance to the synthesis
stage, greatly enhancing the compositional diversity of gen-
erated scenes.

Part Nodes (Vp). These nodes form the lower level and
are the fundamental units for our part-aware approach. Each
object node serves as a parent to a set of part nodes rep-
resenting its geometrically meaningful components (e.g., a
“chair” connects to its “legs”, “seat”, and “back cushion”).
Each part is further defined by a set of labeled surfaces (e.g.,
top, bottom, front, back, left, right) that are assigned with re-
spect to the asset’s canonical pose. These labeled surfaces
act as the specific geometric interfaces for alignment and
contact, enabling precise constraint definition that govern
the scene’s assembly structure.

3.2. Edges: Part-Aware Relations

The edges (£) in a PAG primarily model the rich, part-aware
relations for scene assembly. Along with the intra-object
edges that associate each object node with its own parts, the
PAG mainly encodes inter-object relations through edges at
two different granularities:

Object-Level Spatial Edges (£,bj). These edges encode
coarse spatial relations, such as left of, behind, near and in
front of. Operating at the object level, they connect two

object nodes to define macroscopic arrangements. They
serve as optional, high-level constraints that guide the over-
all scene layout.

Part-Level Geometric Edges (part). These edges en-
code fine-grained geometric relations, forming the core of
the PAG’s expressiveness. Specifically, each edge is as-
sociated with a spatial preposition (e.g., on, in, against,
and aligned with). Precise physical interactions are spec-
ified by connecting two specific part nodes belonging to
different parent objects. This part-level linkage enables
the graph to encode highly nuanced arrangements. For in-
stance, describing “a book toppled forward onto a table”
simply requires an on edge connecting the book’s “cover”
part node, labeled with the “front” surface, to the table’s
“surface plane” part node, labeled with the “top” surface.

3.3. Hierarchical Assembly Structure

A static 3D scene can be viewed as a collection of dense,
interdependent geometric relations. To manage this com-
plexity, our PAG representation adopts an assembly-centric
perspective, viewing a stable scene as the outcome of a se-
quential construction process. This view allows us to rep-
resent scene structure in a more computationally tractable
manner.

This assembly-centric perspective is realized through a
key structural constraint of PAG: the entire graph must be
a Directed Acyclic Graph (DAG). This global acyclic prop-
erty is the necessary mathematical structure for representing
a sequential process without circular dependencies, and it
directly ensures physical realizability by enforcing a valid,
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Table 1. Comparison of indoor 3D scene datasets. Columns from left to right denote: dataset name, number of scenes, number of
objects, average objects per scene, layout generation method, whether physics simulation or optimization is applied, whether object parts

are annotated, and whether part—part contact annotations are provided.

Dataset #Scenes # Objects # Avg.Objects  Layout Generation  Physical Optimization ~ Part Annots.  Part-Level Contact Annots.
HSSD-200 [23] 211 18656 329.7 Human-designed X X X
3D-FRONT [13] 18968 13151 6.9 Human-designed X X X
FurniScene [61] 111698 39691 14.4 Human-designed X X X
METASCENES [59] 706 15366 - Real-world Scanned v X X
PARSE-10K (Ours) 10000 17372 49.9 Real-image Guided v v v

step-by-step construction order. Additionally, we define
that each object must have a unique physical supporter, a
rule that naturally organizes the scene into a clear hierar-
chical structure. Ultimately, this overall design makes the
scene-wide constraint satisfaction problem computationally
tractable by decomposing it into a well-defined sequence of
localized subproblems—one for each object in the assembly
order.

4. PARSE-10K

We introduce the PARSE framework, our procedural syn-
thesis pipeline that instantiates abstract PAGs into physi-
cally plausible and geometrically precise 3D scenes. This
framework serves as the engine for building PARSE-10K, a
large-scale dataset of diverse, part-aware indoor scenes. At
the core of our framework is the Part-Aware Spatial Config-
uration Solver.

4.1. Part-Aware Spatial Configuration Solver

Given a PAG, the Part-Aware Spatial Configuration Solver
instantiates it into a 3D scene by processing its object nodes
in a topological sort. This traversal follows the sequential
assembly order induced by the PAG’s support relations. For
each object in this sequence, the solver finds a valid pose
through a coarse-to-fine process of progressive refinement.
As illustrated by the key steps in Fig. 3, it sequentially ap-
plies all relevant constraints, with each new constraint fur-
ther shrinking the object’s feasible pose space until a pre-
cise solution is found. The instantiation of each object node
unfolds as follows:

Coarse Localization. As each object node in a PAG has
a unique supporter, the solving process begins within a 2D
candidate region defined on the support surface, from which
all previously occupied areas have been excluded. We first
apply the high-level, object-level spatial edges. These con-
straints contract the node’s feasible region to a smaller sub-
space. For instance, a “left of” relation imposes a plane that
restricts the object’s valid translational range to one side of
the target object.

Part-Level Alignment. At this stage, a specific 3D asset,
complete with per-part segmentation and semantic labels, is
instantiated from our asset library based on the node’s se-
mantic query. Once an asset is chosen, the solver resolves
the part-level geometric constraints. Guided by the spatial
preposition of the connecting edge, the resolution strategy
diverges based on surface specifications. If specific labeled
surfaces of the connected part nodes are explicitly provided,
the solver directly uses these identifiers. If exact surfaces
are not specified, the solver performs a geometric reason-
ing step. For example, for an on relation, it dynamically
identifies the supported part’s lowest bottom surface while
searching the target part for a suitable upward-facing sup-
port plane. The identified surfaces—whether explicitly pro-
vided or geometrically inferred—are then used to formu-
late a new set of geometric constraints. These constraints
typically enforce properties such as making the two sur-
faces parallel and bringing them into contact. Each new
constraint, solved in conjunction with existing ones, further
contracts the object’s feasible pose space towards a minimal
valid subspace.

Final Pose Sampling and Validation. Once all con-
straints have been applied, we randomly sample a final pose
from this subspace and validate it for 3D collisions and
physical-semantic plausibility (e.g., for an in relation, we
validate the degree of enclosure via multi-directional ray-
casting). Because our solving process is a deterministic ac-
cumulation of constraints, any pose sampled from this final
subspace is guaranteed a priori to satisfy all non-collision-
related geometric and spatial relations. This ensures a high
success rate for the final validation step, avoiding costly cy-
cles of blind rejection sampling.

To ensure physical plausibility, the fully instantiated
scene undergoes a final refinement step via a brief dynamic
simulation in Sapien [54]. This process yields a final 3D
scene with an enhanced level of physical realism and stabil-
ity. From this stable configuration, we additionally gener-
ate a detailed part-level contact graph by identifying all part
pairs in close proximity (e.g., <lmm).
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Figure 4. Gallery of PARSE-10K.

4.2. Dataset Statistics and Analysis

Leveraging the PARSE framework’s explicit modeling of
part-level spatial relations, we construct PARSE-10K, a
large-scale dataset comprising 10,000 unique indoor scenes,
each annotated with a corresponding part-level contact
graph. The dataset’s compositional diversity is rooted in
its rich asset library, which contains over 17,372 part-
segmented and semantically-labeled assets across 132 ob-
ject categories. Each scene is densely populated with
an average of 49.9 objects, resulting in a high degree of
physical plausibility and rich, part-level relational com-
plexity. As showcased in Fig. 4, this explicit modeling
enables the generation of intricate arrangements—such as
precisely stacked objects, items leaning against surfaces,
and complex container-content relationships—that are dif-
ficult to synthesize or annotate in existing datasets. Our
comparative analysis, detailed in Tab. 1, positions PARSE-
10K uniquely within the landscape of 3D scene datasets.
PARSE-10K bridges this fundamental gap, providing a
large-scale resource of scenes that are simultaneously phys-
ically grounded, compositionally diverse, and richly anno-
tated with part-aware geometric relations.

5. Experiments on Spatial Tasks

This section demonstrates the broad utility of PARSE-
10K in spatial understanding and generative tasks. First,
leveraging its rich spatial relations and fine-grained part-
level contacts, we benchmark state-of-the-art VLMs and
propose targeted improvements to their spatial grounding
and contact reasoning (Sec. 5.1). Second, the dataset’s
densely annotated, relation-rich scenes serve as a rigorous

testbed for controllable and fidelity-preserving scene syn-
thesis (Sec. 5.2).

5.1. VLM for Spatial Reasoning

Dataset construction. We synthesize a large collection of
rendered scene images paired with part-level and object-
level relation graphs. For each scene, we render multi-
ple camera views and extract the subset of the scene graph
corresponding to the objects and parts visible in that view.
From these annotations, we construct three evaluation tasks.
(1) Visual Relation Multiple Choice Questions (MCQ): for
a sampled relation triplet (two objects and their relation),
we mark the objects on the image and present a multiple
choice question, following protocols from several spatial-
understanding benchmarks [11, 66]. Distractors are cre-
ated by randomly replacing object and relation labels using
a predefined object and relation vocabulary. (2) Part-level
Contact MCQ: for a sampled visible part—part contact pair,
we form a multiple choice question of the form “Part M of
Object A contacts Part N of Object B”; the two objects are
marked on the image, and distractors are generated by ran-
domly replacing objects and parts using a prebuilt object-
part mapping. (3) Scene Graph Generation (SGG): given an
image and the full set of candidate object names and relation
types, the model must both localize all objects (2D bound-
ing boxes and labels) and enumerate the relations among
them; object entries contain the label and 2D bbox, and re-
lations are reported as triplets.

Experimental setup. We evaluate several leading
VLMs as baselines: GPT-5 [34], Gemini-2.5-Pro [46],
Claude-Opus-4 [2], Robobrain2 [45], and Qwen3-VL [36].
These are compared against our model (denoted “Ours”),
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Table 2. Quantitative comparison with baselines. We evaluate models across three tasks: visual relation MCQ, part-level contact MCQ,
and scene graph generation (SGG). For SGG, each metric is reported in the format With BBox Matching / No BBox Matching. The Avg.
column indicates the average number of relations generated per scene by each model.

Scene Graph Generation

Models Visual RelationT  Part-level Contact?

Recallt  Precisionf F1 Scoref Avg.
GPT-5 82.1 75.2 13.7/40.9  13.9/41.3 13.8/41.1 153
Gemini-2.5-Pro 85.0 75.6 40.5/43.4  48.6/52.0 44.2/473 129
Claude-Opus-4 80.3 73.2 8.0/33.7 12.7/53.7 9.8/41.4 9.7
Robobrain2.0 60.8 37.2 9.2/11.3 26.7/32.8 13.7/16.9 5.6
Qwen3-VL 86.2 60.4 26.0/29.6  46.0/52.4  33.2/37.9 8.7
Ours 974 86.2 73.2/74.8 80.3/82.0  76.6/78.2 14.1

Robobrain2.0 Qwen3-VL

Figure 5. Visualization of model-predicted graphs. Green boxes
indicate objects correctly matched by both label and grounding;
red boxes indicate failed matches; gray boxes denote missed de-
tections. Green arrows denote relations judged correct under the
grounding-agnostic metric, red arrows denote incorrect relations.

which is fine-tuned from Qwen3-VL on our constructed
dataset to study the efficacy of the targeted data. For the
two MCQ tasks, we use accuracy on the selected option
as the metric. To verify the model’s generalization abil-
ity, we also add some manually labeled real images from
the COCO [33] dataset to the test set. For Scene Graph
Generation, we first normalize synonyms in model outputs,
then perform class-wise matching between predicted and
ground-truth boxes using an IoU-based Hungarian assign-
ment [26]. A predicted relation is considered correct only
if it connects the correctly matched object instances. Since
models vary in the volume of relations they generate, we
report the average number of predicted relations alongside
precision, recall, and F1 score to provide a comprehensive
evaluation.

Results and analysis. Tab. 2 summarizes the quan-

titative results on the MCQ tasks and aggregated part-
contact scores. On the Visual Relation MCQ task, our fine-
tuned model achieves 97.4%, substantially outperforming
the baselines. On the Part-level Contact MCQ task, our
model likewise leads with 86.2%. In the Scene Graph Gen-
eration task, the fine-tuned model substantially outperforms
all baselines: it yields marked gains in object recognition,
2D localization, and the annotation of spatial relations. By
explicitly training on PARSE-10K’s dense, part-level super-
vision the model produces more complete and more accu-
rately grounded relation sets compared to generalist VLMs.
In contrast, models such as GPT-5 and Claude—while
strong at high-level relational reasoning—exhibit weaker
visual grounding and therefore suffer during the bbox-
matching stage, which degrades their downstream relation
scores. As an additional analysis, we also report relation
accuracy under a grounding-agnostic metric (i.e., measur-
ing relation correctness without requiring bbox matches) to
separate pure relational reasoning from grounding perfor-
mance. Fig. 5 visualizes the model-predicted graphs.

Our experiments demonstrate that fine-tuning on the
constructed PARSE-10K dataset significantly enhances
both visual grounding and relational reasoning. The fine-
tuned model achieves the highest performance across all
tasks, with notable improvements in MCQ accuracy and a
substantial lead in Scene Graph Generation metrics. Com-
pared to general-purpose VLMs such as GPT-5, Gemini-
2.5-Pro, and Claude-Opus-4, our model produces more
complete and accurately grounded scene graphs. The addi-
tional grounding-agnostic evaluation further confirms that
the observed gains stem not only from improved visual lo-
calization but also from stronger relational understanding.

5.2. Scene Generation

Dataset construction. The goal of the scene generation
task is to generate rotation, translation, and scale for each
given object, with or without scene graph control, and then
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Figure 6. Scene generation comparison. Left column: scenes
generated by InstructScene trained on 3D-FRONT. Middle col-
umn: scenes generated by our method trained on PARSE-10K
without PAG control. Right column: scenes generated by the
model with PAG control.

combine them into a reasonable scene. PARSE-10K poses
particular challenges for this task: scenes contain many
objects, exhibit complex hierarchical relationships, and re-
quire precise object—object contacts. To capture geomet-
ric information, we encode each mesh with a Michelan-
gelo [64] encoder and feed the resulting per-object geom-
etry features to the network. We encode the PAG using
CLIP [37] and convert its output into a relation embedding
matrix. For training targets, we extract object poses from
simulated scenes and use them as the denoising targets for
the diffusion model.

Experimental setup. We build a graph-transformer-
based diffusion network inspired by InstructScene [32]. At
each denoising layer, the model fuses the object geome-
try features with the current noisy pose via cross-attention;
the scene-graph control is injected into attention layers us-
ing a FiLM-style [35] modulation so that relational con-
straints can influence the pose refinement. We train and
evaluate both conditioned and unconditioned variants (i.e.,
with and without PAG control) and follow standard diffu-
sion schedules; detailed training hyperparameters and op-
timization schedules are provided in the Appendix. We
present a qualitative comparison between scenes generated
by the state-of-the-art method, InstructScene, trained on the
3D-FRONT [13] dataset, and those produced by our pro-
posed method trained on the PARSE-10K dataset, under
both PAG-conditioned and unconditioned settings. Further-
more, we conduct a user study to quantitatively evaluate the
generated scenes in terms of their complexity, realism, and
contact plausibility. A total of 20 participants were involved
in the study, each evaluating 12 rendered scenes by select-
ing the one that best fit the given criterion.

Results and analysis. Qualitative comparisons (Fig. 6)
show that training on PARSE-10K produces scenes with
a higher object count and richer, more complex contacts
than the baseline trained on 3D-FRONT. Conditioning on
the scene graph yields scenes whose inter-object relations
are more semantically coherent and physically plausible. A
user study, summarized in Tab. 3, further quantifies these

Table 3. User study. The table reflects the percentage of user
votes for scenes generated from the corresponding model.

Method Complexity? Realismt Contact
Fidelity
InstructScene 7.5% 33.8% 28.8%
Ours(uncond) 45.0% 27.5% 26.3%
Ours(cond) 47.5% 38.8% 45.0%

improvements. Owing to the high complexity and rich
contact relationships of our dataset, learning its distribu-
tion without PAG conditioning often leads to unrealistic
physics and unreasonable layout. Consequently, partici-
pants showed limited preference for scenes generated with-
out PAG conditioning. Nevertheless, when conditioned on
PAG, the model is able to generate scenes with a larger num-
ber of objects and finer contact details. Participants consis-
tently preferred our PAG-conditioned PARSE-10K-trained
models on measures of scene complexity, realism, and con-
tact fidelity.

In summary, our experiments show that the proposed
PARSE-10K dataset facilitates the generation of more com-
plex and realistic scenes. Both qualitative comparisons
and quantitative user studies confirm that models trained
on PARSE-10K produce scenes with higher object counts,
richer contact relationships, and greater semantic and phys-
ical plausibility than those trained on previous datasets.
These results demonstrate the value of our dataset in ad-
vancing contact-rich 3D scene-generating techniques.

6. Conclusion

We introduce PARSE, a part-centric framework that en-
codes geometric interactions between object parts through a
Part-centric Assembly Graph and a Part- Aware Spatial Con-
figuration Solver, enabling the synthesis of physically con-
sistent 3D layouts. We also construct PARSE-10K, a large-
scale dataset with dense part-level contact annotations that
enhance spatial reasoning and 3D scene generation.

While PARSE and PARSE-10K advance part-level spa-
tial modeling, several limitations remain. Relation defini-
tions are complex and require part-specific coordinate rea-
soning, making PAG construction partially manual and sen-
sitive to canonical poses. Future work will focus on learning
part—part relations directly from geometry, developing more
flexible contact representations, expanding the diversity of
PARSE-10K, and integrating PARSE into embodied tasks
for part-level planning and physically grounded manipula-
tion.
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