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Abstract

Scaling spatial intelligence in embodied agents demands001
environments that capture rich compositional structure and002
precise spatial relationships and can support such diverse003
task requirements. Large Language Models (LLMs) and004
Vision-Language Models (VLMs) increasingly generate in-005
door scenes via intermediate structures like layouts and006
scene graphs, yet evaluation still relies on LLM or VLM007
judges whose scores are sensitive to viewpoint, prompt008
phrasing, and hallucination. This instability makes it hard009
to disentangle spatial plausibility from evaluation artifacts.010
We introduce SceneCritic, a symbolic evaluator for floor-011
plan-level layouts grounded in SceneOnto, a structured012
spatial ontology aggregated from 3D-FRONT, ScanNet, and013
Visual Genome. SceneCritic jointly verifies semantic, ori-014
entation, and geometric coherence across object relation-015
ships, providing object- and relationship-level assessments016
that pinpoint specific violations. We further propose an it-017
erative refinement testbed that probes how models revise018
spatial structure under three critic modalities: a rule-based019
collision critic, an LLM critic operating on layout text, and020
a VLM critic operating on rendered observations. Extensive021
experiments show that (a) SceneCritic aligns substantially022
better with human judgments than VLM-based evaluators,023
(b) text-only LLMs can outperform VLMs on semantic lay-024
out quality, and (c) image-based VLM refinement is most025
effective for semantic and orientation correction.026

1. Introduction027

The generation of 3D indoor environments has become028
central to a range of applications, from training embodied029
agents that must navigate and manipulate objects in realistic030
spaces [11, 20, 30, 37], to virtual reality and robotics simu-031
lation. Recent work has demonstrated that Large Language032
Models (LLMs) and Vision-Language Models (VLMs) can033
serve as powerful priors for this task, leveraging their world034
knowledge to produce object layouts that are both diverse035
and semantically meaningful [4, 14, 32, 42]. These ap-036
proaches generate scenes through explicit structured repre-037

sentations (e.g., floor plans, scene graphs, or sets of spatial 038
constraints), often coupled with refinement strategies and 039
constraint-based optimization to improve physical and se- 040
mantic plausibility before asset placement and rendering. 041
Implicitly, this pipeline frames scene generation as a test of 042
whether a model can construct and maintain a coherent spa- 043
tial representation that remains consistent across successive 044
placement and refinement steps. 045

Despite this progress, the evaluation of generated scenes 046
remains surprisingly underexplored. The most common 047
protocol is to ask a VLM to judge a small number of ren- 048
dered views, but such evaluators are unstable: they miss 049
object relations due to viewpoint and occlusion, are prone 050
to hallucination, and are highly sensitive to prompt design, 051
where minor rephrasing can substantially alter scores [23]. 052
As Figure 1 illustrates, a VLM evaluator assigns scores of 053
75% and 55% to the same scene depending on the rendered 054
view, highlighting the need for view-independent evalua- 055
tion. Several works acknowledge these limitations and re- 056
sort to human user studies [24, 28, 29, 46], which are more 057
reliable but expensive to scale and still produce only single 058
scores or coarse rankings without identifying which spatial 059
constraints were satisfied or violated. 060

As the field of 3D scene generation continues to grow 061
rapidly, especially in embodied and interactive settings [7, 062
24, 36, 40], there is a pressing need for a trustworthy and 063
comprehensive evaluation framework. However, design- 064
ing such an evaluator is far from straightforward, as spatial 065
reasoning involves multiple interrelated concepts includ- 066
ing semantic compatibility, geometric property constraints, 067
and inter-object relationships [6]. Existing programmatic 068
metrics have addressed specific dimensions of this prob- 069
lem but remain narrow in scope. Distributional statistics 070
such as FID, KL divergence over furniture categories, and 071
out-of-bound rates [14] capture global similarity but can- 072
not diagnose individual placements. Physics-oriented con- 073
straints such as collision avoidance, room-layout IoU, and 074
reachability [40] measure geometric feasibility while leav- 075
ing semantic coherence unaddressed. Other systems com- 076
bine collision-free and in-boundary scores with LLM rat- 077
ings [8, 44], but still outsource semantic judgment to a 078
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Figure 1. VLM Evaluation vs. SceneCritic. Given a piano room with nine objects, the VLM assigns different scores to the same scene
depending on which view is rendered, while SceneCritic evaluates the layout directly by traversing relational constraints from SceneOnto
(e.g., incorrect table scales, chairs not facing the table they co-occur with). This produces stable, object-level assessments that identify
specific violations alongside successful placements. SceneCritic scores also align more closely with human preferences.

model-based judge. Among existing frameworks, SceneE-079
val [33] goes furthest by combining text-scene fidelity met-080
rics with physics-based plausibility checks, but does not081
evaluate semantic layout coherence such as whether object082
co-occurrences, scales, and orientations reflect plausible in-083
door configurations. Across this landscape, semantic lay-084
out plausibility is consistently either delegated to LLM and085
VLM judges, or completely unaddressed.086

In this paper, we introduce SceneCritic, a symbolic eval-087
uator for indoor floor-plan layouts. SceneCritic’s con-088
straints are grounded in SceneOnto, a structured spatial089
ontology dataset we construct by aggregating priors from090
3D-FRONT, ScanNet, and Visual Genome, encoding ob-091
ject co-occurrence statistics, expected scales, and canoni-092
cal orientations. While prior work has encoded indoor spa-093
tial knowledge implicitly through learned embeddings [47],094
per-scene graph construction [16], or hand-coded proce-095
dural rules [11], these representations are designed for096
generation or perception, not evaluation. SceneOnto in-097
stead constructs explicit relational graphs of conditional098
co-occurrence probabilities, scale distributions, and canon-099
ical orientations per room type, aggregated across multiple100
datasets. This structure is what enables SceneCritic to tra-101
verse object relationships during evaluation and localize vi-102
olations to specific object pairs. From these priors, Scene-103
Critic derives interpretable constraints that score layouts104
along three axes: semantic coherence, orientation correct-105
ness, and overlap. Because all scene generation pipelines106
produce a layout before rendering, SceneCritic targets this107
shared intermediate representation directly. By evaluating108
at the object and relationship level, it explicitly identifies109
which objects succeed or violate which constraints.110

A stable symbolic evaluator also enables a deeper ques-111
tion: how do models with different post-training objectives112
build and revise spatial structure over successive refinement113
steps? We pair SceneCritic with an iterative refinement114

testbed in which a model repeatedly improves an initial lay- 115
out under one of several critic modalities: (a) a rule-based 116
critic using collision constraints as feedback, (b) an LLM 117
critic operating on the layout as text, or (c) a VLM critic 118
operating on rendered observations. Because SceneCritic 119
scores every intermediate layout, the test bed produces re- 120
finement trajectories, making it possible to study which 121
errors different models can correct, where they plateau, 122
and whether fixing one violation introduces new ones else- 123
where. 124

Our key contributions are: (i) we construct SceneOnto, 125
a dataset-grounded ontology for indoor layout evaluation, 126
including object dimensions, co-occurrence statistics, sup- 127
port surfaces, and orientation preferences; (ii) we develop 128
SceneCritic, a symbolic evaluator for indoor floor-plan lay- 129
outs with interpretable constraints over semantic coherence, 130
orientation correctness, and overlap, and validate it against 131
human judgment, showing it aligns substantially better than 132
VLM-based evaluators; (iii) we introduce an iterative re- 133
finement testbed using heuristic, LLM, and VLM critics to 134
probe how models trained under different post-training ob- 135
jectives build, maintain, and revise spatial structure over 136
multiple correction steps; (iv) we use SceneCritic to iden- 137
tify comparative strengths and failure modes across crit- 138
ics and post-training regimes, showing that some text-only 139
LLMs outperform VLMs on semantic layout quality, and 140
that image-based VLM refinement is the most effective 141
critic modality. 142

2. Related Works 143

LLM and VLM-Driven 3D Scene Generation. 144
Recent work has increasingly adopted LLMs and VLMs 145

for 3D indoor scene generation, leveraging their spa- 146
tial reasoning and world knowledge to produce structured 147
layouts from text descriptions. LayoutGPT [14] uses 148
in-context learning to directly predict numerical layouts, 149
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SceneCraft [18] generates Blender code via scene graphs150
with VLM-based iterative refinement, and I-Design [5]151
leverages multi-agent LLM collaboration with scene graph152
mechanisms. Holodeck [42] uses GPT-4 for fully auto-153
mated environment generation with constraint-based place-154
ment, while LLplace [41] and FlairGPT [25] refine LLM-155
driven layout generation through supervised fine-tuning and156
detailed object descriptions, respectively. More recently,157
LayoutVLM [32] combines VLM semantic knowledge with158
differentiable optimization for physically plausible layouts,159
and Holodeck 2.0 [4] introduces vision-language-guided160
generation with interactive editing. A parallel line of work161
focuses on improving physical plausibility, PhyScene [40],162
integrates physics-based guidance for collision avoidance163
and object reachability, PhysGaussian [38] couples physics164
simulation with 3D Gaussian Splatting, and OptiScene [43]165
applies Direct Preference Optimization to align layouts with166
human preferences and physical constraints.167

VLM-Based Evaluation and Its Limitations. Sev-168
eral scene generation works [5, 32] adopt VLM-based eval-169
uation, asking a model to score rendered views of gen-170
erated scenes. However, VLM judges suffer from well-171
documented limitations: hallucinations are pervasive across172
large vision-language models [3, 19, 26], with studies show-173
ing that even GPT-4V fails on basic visual patterns [34]174
and that statistical biases and language priors cause sys-175
tematic object hallucinations [22]. IR3D-Bench [27] fur-176
ther exposes limitations in VLM spatial precision through177
active 3D reconstruction. On the programmatic side, Lay-178
outGPT [14] reports distributional statistics (FID, KL diver-179
gence) and out-of-bound rates, PhyScene [40] introduces180
collision and reachability constraints, and frameworks like181
AutoLayout [8] and OptiScene [43] combine geometric182
scores with LLM ratings. The closest work to ours is183
SceneEval [33], which introduces a structured evaluation184
framework with both fidelity metrics (object counts, at-185
tributes, spatial relationships relative to the input text) and186
plausibility metrics (collision, support, navigability, acces-187
sibility), grounded in SceneEval-500, a dataset of human-188
annotated scene descriptions. However, SceneEval still re-189
lies on an LLM for object category matching within its190
pipeline, its plausibility metrics are physics-oriented and do191
not cover semantic layout coherence such as co-occurrence192
plausibility, scale correctness, or canonical orientation, and193
it evaluates only final scenes rather than refinement trajecto-194
ries. SceneCritic addresses these gaps by grounding evalu-195
ation in dataset-derived relational priors and producing per-196
object, per-relationship assessments.197

3. SceneOnto Construction198

SceneCritic derives its constraints from a structured rela-199
tional representation of indoor scenes. We construct Sce-200
neOnto to provide this representation by aggregating spa-201

tial and semantic priors from three complementary datasets: 202
3D-FRONT [15], which provides detailed geometric an- 203
notations for 6,813 professionally designed indoor scenes; 204
ScanNet [10], which contributes real-world RGB-D re- 205
constructions of 1,511 indoor environments; and Visual 206
Genome [21], which supplies object co-occurrence and sup- 207
port relationships from 61,530 annotated images. From 208
these sources, we extract four types of relational priors: 209
object dimensions, support relations, co-occurrence statis- 210
tics, and orientation relationships. The resulting ontology 211
is organized as a per-room-type relational graph, where 212
nodes represent object categories and edges encode condi- 213
tional co-occurrence probabilities, enabling SceneCritic to 214
traverse object relationships during evaluation. Figure 2 il- 215
lustrates a sub-graph of SceneOnto for three common room 216
types: bedroom, dining room, and living room. 217

Dimension Extraction. We extract object dimensions 218
(width, height, and depth in meters) from 3D-FRONT and 219
ScanNet. For 3D-FRONT, we compute bounding boxes 220
from scene annotations with instance-specific scale param- 221
eters applied to derive metric estimates. For ScanNet, we 222
identify per-object mesh vertices using segmentation and 223
aggregation annotations and compute bounding boxes from 224
the grouped vertices. For each object category, we record 225
percentile statistics (p5, p25, median, p75, p95) along 226
with the mean, standard deviation, and number of obser- 227
vations. These distributions form the geometric constraints 228
that SceneCritic uses for scale verification. Figure 3 (left) 229
visualizes the distribution of object dimensions, showing 230
the expected scale ranges across categories. 231

Support Relations. Support refers to the surface on 232
which an object rests. We extract support information from 233
3D-FRONT and ScanNet through geometric reasoning: ob- 234
jects are processed in ascending order of their vertical posi- 235
tion, and each is evaluated against previously placed objects 236
whose top surface aligns with the current object’s bottom 237
within a 5 cm tolerance. Objects touching the ground are 238
labeled as floor-supported. For Visual Genome, we retain 239
annotated predicates corresponding to physical support in- 240
teractions (e.g., on, sitting on, standing on) and apply addi- 241
tional filtering to reduce annotation noise, including remov- 242
ing impossible supporting surfaces, rejecting most same- 243
category supports, enforcing that heavier objects cannot be 244
supported by lighter ones, and applying a spatial sanity 245
check based on bounding box positions. 246

Co-occurrence Statistics. We compute pairwise object 247
co-occurrence across all scenes, both globally and per room 248
type, for all three datasets. For each scene, we extract the 249
set of unique object categories present and count how many 250
scenes contain both in the ordered pair (a, b) with a cer- 251
tain threshold distance. We derive the conditional proba- 252
bility P (b|a), and normalized pointwise mutual informa- 253
tion (nPMI), defined as PMI(a, b)/(− logP (a, b)), which 254
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Figure 2. Relational sub-graph from SceneOnto for three common room types. Nodes represent object categories, with size propor-
tional to frequency. Edges encode conditional co-occurrence probabilities max(P (B|A)), with thicker edges indicating stronger associa-
tions. Dotted red lines connect shared object categories across room types. SceneCritic traverses this structure during evaluation to verify
whether object co-occurrences in a generated layout are plausible for the specified room type.

ranges over [−1, 1]. These statistics form the edges in Sce-255
neOnto’s relational graph and are what SceneCritic uses to256
assess co-occurrence plausibility and proximity. Figure 3257
(center) plots co-occurrence frequency against semantic as-258
sociation (nPMI), revealing that 73.6% of the 489 object-259
pair edges have positive association.260

Orientation Relationships. We extract orientation261
statistics exclusively from 3D-FRONT, which provides per-262
object quaternion rotations and room floor geometry. We263
compute three types of orientation relationships. Back-to-264
wall: for categories such as sofa, bed, dresser, and book-265
shelf, we compute the angular difference between the ob-266
ject’s back direction and the inward normal of the nearest267
wall segment. Faces-center: for categories such as sofa,268
chair, and TV, we compute the angular deviation between269
the object’s facing direction and the direction toward the270
room centroid. Faces-pair: for each object, we compute271
the angular deviation between its facing direction and the272
direction toward every other object within a 5 m radius. The273
facing direction is derived from the object’s yaw. For each274
relationship type, the ontology records the fraction of obser-275
vations satisfying the constraint, along with the mean angu-276
lar deviation, mean distance, and number of samples. Fig-277
ure 3 (right) shows the placement strategy landscape, with278
objects distributed along back-to-wall and faces-center frac-279
tions.280

4. SceneCritic as a Symbolic Evaluator281

SceneCritic evaluates generated layouts by traversing282
the relational structure encoded in SceneOnto, verifying283

whether the spatial arrangement of objects is consistent 284
with the priors derived from real indoor scenes. Follow- 285
ing the evaluation axes adopted by prior scene generation 286
work [4, 29, 32], SceneCritic assesses layouts along three 287
dimensions: (a) spatial semantics, (b) orientation correct- 288
ness, and (c) overlap. The key difference is that where prior 289
methods rely on VLM judges to score these criteria from 290
rendered views, SceneCritic resolves them symbolically by 291
traversing SceneOnto’s constraints at the object and rela- 292
tionship level. 293

Spatial Semantics. Spatial semantics evaluates whether 294
the objects in a scene are consistent with their expected 295
semantic relationships. This includes whether objects are 296
positioned in ways that align with their functional roles 297
and typical real-world usage patterns. Compositionally, it 298
evaluates whether multiple objects combine to form coher- 299
ent functional groupings through their joint spatial arrange- 300
ment, such as a desk and chair forming a workspace or a 301
bed, nightstand, and lamp forming a bedside arrangement. 302
Our spatial semantics verifier evaluates five sub-criteria: 303
scale, co-occurrence, plausibility, proximity, and complete- 304
ness. 305

Orientation Verification. The orientation verifier 306
checks whether each object’s orientation aligns with its ex- 307
pected placement as defined by SceneOnto. It evaluates 308
three aspects: whether an object has its back to the near- 309
est wall, whether it faces the room center, and whether it 310
faces another object it is expected to be oriented toward. 311
Each check compares the object’s yaw-derived facing di- 312
rection against the target direction, with the ontology spec- 313
ifying which checks apply to which object categories and 314
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Figure 3. Summary statistics from SceneOnto. (Left) Object dimension distributions, with bubble size encoding depth. (Center) Co-
occurrence frequency vs. semantic association (nPMI): 73.6% of 489 object-pair edges show positive association. (Right) Object placement
strategies, showing the fraction of instances with back-to-wall vs. faces-center orientation (e.g., objects like beds and coffee tables cluster
toward back-to-wall, while wardrobes and mirrors favor faces-center).

the expected angular tolerances.315
Overlap Detection. The overlap verifier checks whether316

objects violate basic physical constraints. It detects two317
types of violations: Proximity Overlap and True Overlap.318
Proximity Overlap detects when coarse spatial footprints319
of objects encroach on each other, including cases where320
objects are merely in close proximity without true geomet-321
ric contact. True Overlap reports only cases where objects322
genuinely occupy shared space, filtering out false positives323
from loose bounding approximations.324

5. Experiments Setup325

Baseline Methods. We test SceneCritic on three represen-326
tative 3D scene layout generation methods that span differ-327
ent generation strategies: LayoutGPT [14], which uses in-328
context learning to predict layouts directly; Holodeck [42],329
which applies constraint-based optimization over LLM-330
generated placements; and LayoutVLM [32], which jointly331
optimizes semantic and physical plausibility via a VLM.332
For each method, we use two generation backbones:333
Gemini-2.5-Flash and Qwen2.5-VL-72B.334

Baseline Evaluator. As the VLM-based baseline eval-335
uator, we select Gemini-2.5-Pro, a stronger proprietary336
model than the generation backbones. We render the gener-337
ated layouts in Blender 1 with Objaverse assets [12] scaled338
to match the object dimensions specified in the layout.339
From each rendered scene, we capture 2D images from mul-340
tiple viewpoints (side, front, rear, and top) and provide them341
to the evaluator along with a prompt describing the evalua-342
tion criteria: semantic consistency, orientation correctness,343
and overlap.344

Evaluation Scenes. We evaluate on two categories of345
rooms. Pivotal rooms: bedroom and living room, are the346
standard room types used across all baselines and prior347

13D modeling and rendering package: http://www.blender.org

work, enabling direct comparison. Extended rooms: cover 348
less common settings including bookstore, buffet restau- 349
rant, children’s room, classroom, computer room, deli, din- 350
ing room, game room, and florist room, which test general- 351
ization beyond the typical evaluation scope. 352

6. Evaluator Reliability Analysis 353

6.1. VLM Instability 354

We first examine the reliability of VLM-based evaluation 355
by measuring score variance across viewpoints and repeated 356
evaluations using Gemini-2.5-Pro as the evaluator. Table 1 357
reports the per-view variance relative to the top-view base- 358
line across all generation methods. Score variance is largest 359
on the metrics where the generated scene contains the most 360
errors. For example, LayoutVLM+Gemini produces fre- 361
quent overlap errors, which explains its consistently high 362
overlap variance across all views (11.2 Left, 28.1 Right, 363
17.5 Front). Additionally, left and right views represent 364
mirrored perspectives of the same scene and should receive 365
similar scores, yet orientation variance differs substantially 366
between them. LayoutVLM shows high variance in the 367
right view but low variance in the left, while other meth- 368
ods exhibit the opposite pattern. This asymmetry suggests 369
the evaluator is reacting to 2D visual appearance rather than 370
extracting 3D spatial relationships. Re-evaluating the same 371
top-view image under identical conditions produces sub- 372
stantial variance: the semantic score varies by 12.46 for 373
LayoutGPT+Gemini and 19.32 for LayoutGPT+Qwen72B. 374
If an evaluator cannot produce consistent scores for the 375
same input, downstream comparisons between generation 376
methods become unreliable. We find that method rankings 377
reverse depending on which viewpoint is chosen for evalu- 378
ation. 379
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Table 1. Per-view variance relative to the top-view baseline. Each entry is computed as (View−Top1)2

4
for Semantic (Sem), Orientation

(Ori), and Overlap (Ovlp). The Re-eval column measures variance when the same top-view image is evaluated twice under identical
conditions. The remaining columns measure variance between the top-view and alternative viewpoints (Left, Right, Front).

Re-eval Left Right Front

Method Backbone Sem. Ori. Ovlp Sem. Ori. Ovlp Sem. Ori. Ovlp Sem. Ori. Ovlp

Holodeck Qwen72B 0.11 6.58 3.48 55.06 88.27 1.89 30.25 75.43 1.44 47.68 37.33 0.00
LayoutGPT Qwen72B 19.32 1.09 0.18 3.65 25.00 0.41 2.39 9.46 4.08 16.61 0.24 46.04
LayoutVLM Qwen72B 0.49 4.06 0.38 0.44 0.61 1.31 0.05 6.07 2.09 1.90 0.04 0.37

Holodeck Gemini 0.30 1.97 0.00 4.69 8.56 0.00 0.42 0.09 7.02 1.22 1.97 1.56
LayoutGPT Gemini 12.46 1.90 1.92 0.12 35.64 11.36 0.58 5.25 10.30 1.66 0.02 2.43
LayoutVLM Gemini 2.07 4.95 19.27 4.95 1.39 11.16 0.18 9.74 28.09 1.19 0.05 17.47

6.2. Comparison with SceneCritic380

Given these instabilities, we evaluate the same generated381
layouts using SceneCritic, which operates directly on the382
3D layout representation without rendered views. Table 2383
compares the two evaluators. Interestingly, while VLM384
evaluation ranks Holodeck+Qwen72B highest (59.46 av-385
erage), SceneCritic ranks LayoutVLM+Qwen72B highest386
(80.32). Figure 4 provides qualitative results; SceneCritic387
produces per-object, per-constraint assessments that iden-388
tify the specific violations responsible for each score, such389
as desks not facing nearby chairs or cabinets not backed390
against walls. These violations are clearly visible in the 3D391
layout but are inconsistently detected by the VLM evaluator392
from 2D renders, which explains the divergence in scores393
between the two evaluators.394

6.3. Human Alignment Verification395

To validate which evaluator better reflects human judgment,396
we conduct a pairwise evaluation study with 16 annota-397
tors providing 594 judgments across three criteria (seman-398
tic consistency, orientation correctness, and overlap) at two399
difficulty levels (easy and complex rooms). For reference,400
prior human evaluations in this space typically use 5 an-401
notators [5, 32, 43], while several prominent methods rely402
entirely on automated metrics [14, 33, 37].403

SceneCritic achieves 94.44% agreement with human404
judgments for easy scenes and 83.33% for complex scenes.405
The VLM evaluator achieves 58.82% for easy scenes and406
47.06% for complex scenes, only marginally above chance.407
Critically, when SceneCritic disagrees with human judg-408
ments, the score difference is small (e.g., less than 7 points409
in the cases where rankings differ). When the VLM evalu-410
ator disagrees, the difference is large: Gemini assigns Lay-411
outGPT a 75 points higher score than Holodeck in easy412
scenes, while human annotators rank Holodeck higher with413
strong inter-annotator agreement. This pattern is consis-414
tent across both difficulty levels. We also observe that the415

Classroom

Bookstore

Game Room

A 5X5 m classroom with 4 lab tables, 8 chairs, 1 
teacher table and 2 plants.

Scores(%)
ØSemantic:    

95.4
ØOrientation: 

86.2
ØOverlap: 100

Success
üChair 1,2,3,4,5,6: 

Scale OK
üChair  <-> Table: 

Cooccurrence OK
üChair 1,2,3,4 facing 

table: Orientation 
OK

Violations
X Chair 5 not facing 

room center
X Chair 6 not facing 

room center

SceneCritic Evaluation

A 6X4 m bookstore with 4 bookshelf, 4 chair, 1 
floor lamp, 1 desk, 1 coffee table, 1 plant.

Scores(%)
ØSemantic: 94
ØOrientation: 

77.8
ØOverlap:98.5

Success
üBookshelf, chair, 

desk, coffee table, 
lamp: Scale OK

üBookshelf, Chair 
1(facing desk), 
Chair 4: 
Orientation OK

Violations
X Chair <-> Desk 

Overlap Detected
X Chair 2,3 not facing 

coffee table
X Lamp <-> Desk 

Cooccurrence 
expected

SceneCritic Evaluation

A 4X6 m game room with 1 table tennis, 1 
foosball table, 2 arcade machine, 1 pool table...

Scores(%)
ØSemantic: 

91.9
ØOrientation: 

94
ØOverlap: 

99.2

Success
üBar Counter <-> 

Bar stool <-> 
Popcorn machine: 
Cooccurrence OK

üTable tennis, 
Foosball table, Pool 
table, Arcade 
machine: Scale OK

Violations
X Bar Counter too 

small: Scale issue
X Arcade machine 

not back against 
wall.

SceneCritic Evaluation

Figure 4. Qualitative results of SceneCritic: SceneCritic as-
sessment for extended scenes, reporting semantic, orientation, and
overlap scores while identifying specific violations (e.g., desk not
backed against wall, cabinets not backed against wall) alongside
successful placements across scale, orientation, co-occurrence,
proximity, and completeness.

largest VLM disagreements with humans occur on the over- 416
lap metric, whereas SceneCritic achieves 100% agreement 417
with human judgments on this criterion across all compar- 418
isons. Since overlap is the most visually salient spatial error, 419
the VLM’s inability to consistently detect it from renders 420
confirms that it is not reliably extracting geometric relation- 421
ships from 2D views. 422

We also compute inter-annotator agreement to assess 423
the trustworthiness of our human evaluation study. Fleiss’ 424
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Table 2. Comparison of Baseline methods across VLM-based evaluator and SceneCritic on Semantic (Sem), Orientation (Ori), Overlap
(Ovlp) and Average (Avg) scores. In SceneCritic, Overlap is decomposed into ProxOvlp (Axis-Aligned Bounding Box overlap) and
TrueOvlp (Oriented Bounding Box overlap).

VLM-Evaluation SceneCritic

Method Backbone Sem. Ori. Ovlp. Avg. Sem. Ori. Ovlp. Avg.

ProxOvlp TrueOvlp

Holodeck Qwen72B 42.61 60.61 75.17 59.46 76.62 52.75 95.97 95.99 75.12
LayoutGPT Qwen72B 51.09 56.94 69.02 59.02 75.03 16.83 73.54 73.34 55.10
LayoutVLM Qwen72B 50.82 45.48 71.06 55.79 89.46 59.38 91.92 92.31 80.32

Holodeck Gemini 46.88 51.33 80.91 59.71 74.37 45.05 97.13 97.21 72.20
LayoutGPT Gemini 48.18 53.82 77.68 59.89 74.70 37.52 76.99 77.79 63.20
LayoutVLM Gemini 50.97 50.09 64.70 55.25 89.27 58.65 92.45 91.47 79.96

kappa values fall within the moderate range for easy rooms425
(0.30 for semantic, 0.46 for orientation, and 0.39 for over-426
lap) and within the substantial range for complex rooms427
(0.64 for semantic, 0.59 for orientation, and 0.72 for over-428
lap). In addition, the inter-annotator percent agreement is429
81.60% for easy rooms and 91.32% for complex rooms,430
supporting the reliability of our human evaluation.431

7. Probing Spatial Reasoning through Iterative432

Refinement433

To study how models build and revise spatial structure un-434
der iterative feedback, we design a three-stage placement435
pipeline that includes planning, placement, and refinement.436

7.1. Our Test Bed437

In the planning stage, the model receives a placement con-438
dition Cenv = {Cdesc, Crange, Cobjects}, where Cdesc is a nat-439
ural language scene description, Crange defines the spatial440
boundaries, and Cobjects lists the objects to place. The model441
outputs a step-by-step placement plan informed by spatial442
placement principles: hierarchical ordering by object size,443
semantic asset grouping (e.g., placing bed, nightstand, and444
lamp together), and navigable space preservation.445

In the placement stage, the model executes the plan by446
producing a concrete scene layout. The model is prompted447
with geometric constraints, including the spatial boundaries448
of the environment, maintaining realistic object size ratios,449
and assigning meaningful orientations. The output is a lay-450
out specifying each object’s scale-aware bounding box, po-451
sition, orientation, and category label.452

In the refinement stage, the model iteratively improves453
the layout under one of several critic modalities. We eval-454
uate three critic types: (a) a heuristic critic that provides455
feedback based on three constraint objectives, including456
whether objects lie within the spatial boundary, whether all457

Table 3. Models categorized by post-training strategy and model
parameters.

Model Category Post-Training Details Params

Qwen3-14B [39] General RL GRPO-style reinforcement learning 14B
Qwen3-235B [39] General RL GRPO-style reinforcement learning 235B
UI-Venus-Navi-72B [17] General RL GRPO-based reasoning optimization 72B
Gemini-2.5-flash [9] RLAIF + RLHF SFT + Reward Model + RL N/A
Qwen2.5-VL-7B-MM-RLHF [13] RLHF PPO-style human feedback alignment 7B
Qwen2.5-72B-VL [2] RLHF SFT + DPO (preference optimization) 72B
LLaMA4 Maverick [1] RLHF SFT + Online RL + DPO ∼17B (active)
Qwen3-14B-Intuitor-MATH-1EPOCH [45] RLIF Iterative feedback RL (Intuitor) 14B
Qwen3-14B-GRPO-MATH-1EPOCH [45] RLIF GRPO under RLIF objective 14B
Qwen2.5-14B-GRPO [31] RLVR GRPO with verifiable reward 14B
VL-Reasoner-72B [35] RLVR GRPO + Self-Selective Revision (SSR) 72B
Holo1.5-72B RLVR GRPO-based verifiable reward RL 72B
DeepSeek-3.2V RLVR GRPO-style reasoning RL 37B(active)

required objects are placed, and whether bounding boxes 458
overlap; (b) an LLM critic that receives the layout as text 459
and provides feedback in natural language; and (c) a VLM 460
critic that receives rendered observations of the scene. We 461
further divide VLM-based refinement into three input vari- 462
ants: image-only, image+text, and semantics+text. For the 463
heuristic critic, the three objectives are combined into a 464
single reward score with per-object feedback, allowing the 465
model to iteratively update the layout toward a valid con- 466
figuration. For LLM and VLM critics, feedback is derived 467
from the corresponding model and the layout is modified 468
accordingly. In all cases, SceneCritic scores every interme- 469
diate layout, producing refinement trajectories that reveal 470
how each model responds to criticism across successive cor- 471
rection steps. 472

7.2. Models Evaluated 473

Table 3 summarizes the 13 models evaluated, spanning four 474
post-training categories: general RL (GRPO-style training), 475
RLHF (PPO or DPO-based preference alignment), RLIF 476
(iterative feedback RL), and RLVR (RL with verifiable re- 477
wards). Model sizes range from 7B to 235B parameters. 478
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Table 4. Comparison across refinement variants using MLLM
backbones with SceneCritic. Overlap is decomposed into Prox-
Ovlp (Axis-Aligned Bounding Box overlap) and TrueOvlp (Ori-
ented Bounding Box overlap).

Semantic Verifier Evaluation

Method Sem. Ori. Overlap Avg.

ProxOvlp TrueOvlp

Heuristic

Gemini-2.5-flash 76.3 43.7 99.3 98.9 73.03
Qwen2.5-72B-VL 72.2 48.1 91.3 91.3 70.53
DeepSeek-3.2V 82.6 64.4 95.3 95.7 80.83
LLaMA4 Maverick 72.6 48.7 95.3 94.1 72.00
Qwen3-235B 75.0 47.1 98.2 97.8 73.37
Qwen3-14B 73.4 44.6 91.4 91.8 69.87
Qwen2.5-VL-7B-MM-RLHF 64.0 47.6 88.3 88.7 66.70
Qwen2.5-14B-GRPO 67.3 46.6 85.2 85.6 66.43
Qwen3-14B-GRPO-MATH-1EPOCH 63.8 65.1 86.2 87.4 71.90
Qwen3-14B-Intuitor-MATH-1EPOCH 65.8 34.3 87.4 87.9 62.58
Holo1.5-72B 68.3 48.7 90.0 90.0 69.00
VL-Reasoner-72B 68.9 42.1 95.6 95.4 68.83
UI-Venus-Navi-72B 66.5 36.6 91.7 91.7 64.93

LLM

Gemini-2.5-flash 74.2 50.7 98.3 98.4 74.42
Qwen2.5-72B-VL 72.5 48.6 89.5 89.3 70.17
DeepSeek-3.2V 78.9 62.8 97.1 96.9 79.57
LLaMA4 Maverick 69.9 44.7 89.9 89.5 68.10
Qwen3-235B 76.9 54.6 96.5 95.7 75.87
Qwen3-14B 73.3 49.2 93.4 93.4 71.97
Qwen2.5-VL-7B-MM-RLHF 65.5 56.9 90.4 90.6 70.97
Qwen2.5-14B-GRPO 67.9 50.7 86.2 86.6 68.33
Qwen3-14B-GRPO-MATH-1EPOCH 63.8 65.5 68.2 68.9 65.95
Qwen3-14B-Intuitor-MATH-1EPOCH 68.4 43.3 82.6 82.7 64.78
Holo1.5-72B 66.9 42.1 80.9 81.4 63.38
VL-Reasoner-72B 72.8 47.4 91.0 91.0 70.40
UI-Venus-Navi-72B 72.6 45.0 89.6 89.6 69.07

Image

Gemini-2.5-flash 78.7 55.8 97.5 96.6 77.18
Qwen2.5-72B-VL 71.2 49.1 89.0 88.2 69.63
Holo1.5-72B 68.5 50.2 84.8 85.1 67.88
VL-Reasoner-72B 71.0 44.0 87.2 87.2 67.40
UI-Venus-Navi-72B 72.2 49.1 87.7 87.1 69.57

Img+Text

Gemini-2.5-flash 76.7 48.4 95.7 96.3 73.70
Qwen2.5-72B-VL 71.0 41.8 89.4 89.0 67.33
Holo1.5-72B 67.9 49.1 83.6 84.3 66.98
VL-Reasoner-72B 72.4 44.1 91.1 90.9 69.17
UI-Venus-Navi-72B 72.0 51.8 90.8 90.6 71.50

Sem+Text

Gemini-2.5-flash 75.8 53.0 98.6 98.6 75.80
Qwen2.5-72B-VL 72.3 44.6 90.4 89.9 69.02
Holo1.5-72B 67.6 45.8 77.3 77.8 63.65
VL-Reasoner-72B 72.8 50.2 88.2 88.4 70.43
UI-Venus-Navi-72B 70.7 48.6 90.2 90.3 69.85

7.3. Results479

Text-only LLMs can outperform VLMs on spatial rea-480
soning: DeepSeek-3.2V achieves the highest average481
scores under both heuristic refinement (80.83) and LLM-482
based refinement (79.57), outperforming proprietary VLMs483
such as Gemini-2.5-Flash. This is driven by strong se-484
mantic scores (82.6 heuristic, 78.9 LLM), suggesting that485
text-based spatial reasoning can be more effective than486
visual-semantic knowledge for layout generation. Orien-487
tation is the most challenging metric: Across all models488

and refinement methods, orientation scores remain consis- 489
tently low relative to semantic and overlap scores. Notably, 490
Qwen2.5-14B-GRPO, a relatively small 14B model trained 491
with a math-oriented GRPO objective, achieves the best ori- 492
entation scores (65.1 heuristic, 65.5 LLM) by a significant 493
margin, outperforming much larger models. We hypoth- 494
esize this is because orientation verification requires pre- 495
cise angular computation, which may benefit from math- 496
oriented training objectives. Image-based refinement is 497
the most effective critic modality: Using Gemini-2.5- 498
Flash as a consistent backbone across all refinement meth- 499
ods, image-based VLM refinement yields the strongest per- 500
formance on semantic and orientation metrics. Orientation 501
scores increase from 43.70 (heuristic) to 50.7 (LLM) to 55.8 502
(image-based), an 12-point improvement. A similar pattern 503
holds for UI-Venus-Navi-72B, whose orientation score rises 504
from 36.6 (heuristic) to 49.1 (image-based). These results 505
suggest that visual feedback provides richer spatial informa- 506
tion for correcting placement and orientation than text-only 507
inputs. Combining text with images can degrade perfor- 508
mance, as the additional textual input may cause the model 509
to prioritize textual cues over spatial information available 510
in the rendered views. 511

8. Conclusion 512

We introduced SceneCritic, a symbolic evaluator for in- 513
door floor-plan layouts, and SceneOnto, a structured spatial 514
ontology constructed from 3D-FRONT, ScanNet, and Vi- 515
sual Genome. Together, they provide stable, interpretable, 516
object-level evaluation of semantic coherence, orientation 517
correctness, and overlap, without relying on rendered views 518
or model-based judges. SceneOnto is inherently extensi- 519
ble; by providing a simple mapping from a new dataset 520
into our ontology format, novel room types and object cat- 521
egories can be readily integrated, and SceneCritic immedi- 522
ately supports these additions. Our experiments show that 523
SceneCritic aligns substantially better with human judg- 524
ments than VLM-based evaluators, particularly on com- 525
plex scenes where VLM agreement with humans drops to 526
47.06%. Through our iterative refinement testbed, we find 527
that text-only LLMs can outperform VLMs on semantic 528
layout quality, that math-oriented training objectives im- 529
prove orientation reasoning even at small model scales, 530
and that image-based VLM refinement is the most effective 531
critic modality for semantic and orientation correction. 532
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