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ABSTRACT

Training generalizable embodied agents requires realistic, varied, and simulation-
ready indoor environments. Language-guided methods support semantic planning
and object-level reasoning, but precise spatial grounding remains difficult. Visual
generative models offer rich priors over plausible arrangements, yet their outputs
require geometric reasoning to become physically valid 3D scenes. We introduce
SceneBloom, an agentic framework that combines visual layout sampling with
contract-guided 3D compilation. A hierarchical sampler uses diffusion priors to
generate furniture arrangements within functional zones. A compiler then uses re-
lations extracted from each proposal to guide geometric fitting and local pose cor-
rection. Across five room types, SceneBloom attains the highest visual quality and
physical stability among the compared methods and is the only method with no de-
tected mesh collisions and out-of-bounds objects. Its layouts are also closer to the
distribution of real rooms than those of all compared baselines. Object navigation
policies trained in these realistic scenes achieve a higher success rate in held-out
real scans than those trained on an equal number of real training scans. Code is
available at https://github.com/Tinaliu0123/scenebloom.
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Figure 1: Overview of SceneBloom. SceneBloom compiles visual proposals of functional zones
into a simulation-ready 3D scene, and resampling the same prompt yields different layouts. Its
scenes are more physically plausible than those of prior generators and train a better object-
navigation policy than an equal number of real scans.
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1 INTRODUCTION

Learning-based embodied agents benefit from training across varied environments. Prior work
shows that procedurally generated environments support generalization across embodied tasks, and
that language-guided scene generation can improve navigation in new scene types (Deitke et al.,
2022; Yang et al., 2024b). These findings motivate generators that provide diverse indoor layouts
while retaining the spatial organization of real environments.

Existing generators obtain layout structure from hand-crafted placement rules or learned distribu-
tions of 3D configurations (Deitke et al., 2022; Tang et al., 2024; Yang et al., 2024a), while language-
guided and agentic systems combine flexible scene specification with spatial reasoning and iterative
refinement (Yang et al., 2024b; 2026; Xia et al., 2026; Pfaff et al., 2026). Image diffusion models
offer a complementary prior over how objects are arranged together. Recent methods exploit gen-
erated images and visual guidance to construct realistic 3D scenes (Wang et al., 2024a; Gu et al.,
2025; Ling et al., 2026). This suggests a division of responsibilities in which semantic planning
establishes functional organization and visual sampling proposes detailed arrangements. The chal-
lenge is to carry those arrangements into geometrically valid 3D scenes.

Visual plausibility alone is insufficient for this realization. Depth, scale, and pose errors from 3D
lifting produce overlapping or misaligned furniture when the reconstructed objects are assembled,
so geometric correction is necessary. Moving or rotating objects to resolve these conflicts, however,
can break the relationships that made the sampled arrangement plausible, for example by turning a
chair away from its desk. Our guiding insight is to separate the qualitative relationships to preserve
from the numerical poses that must be repaired.

We introduce SceneBloom, an agentic framework that implements this separation through two
stages, hierarchical visual sampling and contract-guided 3D compilation. In the first stage, a vision–
language planner divides the room into functional zones, using retrieved exemplar rooms as refer-
ences, and specifies each zone’s furniture inventory and approximate floor region. A diffusion model
then samples a visual proposal of each zone’s furniture arrangement, so that zoning supplies room-
level structure while each proposal models one furniture group jointly. The diffusion model uses
asset-specific adapters, each trained on renders of one catalog asset, so that the proposals depict
the objects used for 3D construction. In the second stage, the proposals are lifted into 3D. Before
any object is moved, a vision–language model extracts relation contracts from the proposal images,
recording relationships such as facing, alignment, and proximity among the lifted objects. A hierar-
chical compiler then fits furniture within zones, assembles the zones into a room, and refines object
poses to restore the contract relations. The contracts thus fix the relationships to preserve, while the
compiler repairs only the numerical poses.

Across five room types, SceneBloom scores highest on every visual-quality axis and on physical
stability. It is also the only method with no detected mesh collisions and out-of-bounds objects.
Its layouts more closely match real indoor layout distributions than all compared baselines on both
Matterport3D (Chang et al., 2017) and Scan2CAD (Avetisyan et al., 2019). Ablations show that
visual proposals outperform textual proposals on every metric, and that contract guidance further
improves layout coherence and realism. For object navigation, a policy trained from scratch in
our houses achieves higher success on held-out real scans than one trained on an equal number of
real scans from the same dataset. Randomizing object placement within the same rooms removes
most of this advantage, indicating that it arises from layout organization. Fine-tuning on our scenes
also improves a pretrained policy, and controllable generation yields further gains by matching the
difficulty of real homes.

Our key contributions are:

• We introduce an agentic framework for generating diverse, realistic, simulation-ready indoor
environments for embodied learning. It combines diffusion-based layout sampling with contract-
guided 3D compilation to preserve functional organization while resolving geometric conflicts.

• We show that our scenes are both visually realistic and physically valid, and that their layouts
align more closely with real rooms than those of all compared generators.

• We demonstrate that object navigation policies trained on our scenes transfer to real scanned en-
vironments better than those trained on real scans, and that controllable scene difficulty strength-
ens this transfer.
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2 RELATED WORK

3D Indoor Scene Synthesis Procedural methods assemble indoor scenes under hand-crafted spa-
tial rules (Deitke et al., 2022; Raistrick et al., 2024), while autoregressive and diffusion models learn
object configurations from annotated 3D scenes (Paschalidou et al., 2021; Tang et al., 2024; Lin &
Mu, 2024). Physically guided variants further incorporate geometric constraints into layout sam-
pling (Yang et al., 2024a; Li et al., 2026). The arrangements of all these approaches remain bounded
by the rules they encode or the 3D scenes they learn from. To draw on broader visual knowledge,
image-guided methods generate scene proposals through whole-scene synthesis or progressive in-
painting, then recover and refine 3D object placements (Gu et al., 2025; Wang et al., 2024a; Ling
et al., 2026). Although these methods bring rich visual priors into scene generation, image-level
plausibility does not ensure compatibility with actual asset geometry, and correcting the resulting
conflicts can disrupt the relationships that make the proposed layout functional. Our approach ad-
dresses both problems, since its proposals depict the actual assets to be placed and its compiler
repairs their geometry under relation contracts extracted from the proposals.

Language-Guided and Agentic Scene Generation Language-guided methods prompt an LLM
to write an object inventory and spatial constraints, which a solver satisfies (Yang et al., 2024b).
Agentic systems turn generation into a feedback loop, in which a planner selects generation and
editing tools step by step (Yang et al., 2026; Xia et al., 2026) or specialized agents divide scene
design, critique, and workflow control (Pfaff et al., 2026; Ran et al., 2026). Rendered views, geo-
metric checks, and physics simulation guide each revision. Other work structures layout decisions
through functional-zone graphs, semantic and physical decomposition, or compilable layout pro-
grams (Zhang et al., 2026a; Luo et al., 2026; Tang et al., 2026). Iterative refinement, however, re-
peats tool calls, rendering, and review, which slows generation (He et al., 2026), and errors in object
orientation or in coordination across stages can leave arrangements functionally inconsistent (Yang
et al., 2026; Pfaff et al., 2026). Our framework uses agentic planning for functional zoning and
diffusion sampling for furniture arrangement. Each zone’s arrangement is thus sampled in one pass
rather than revised object by object, and relation contracts keep it functional during 3D compilation.

Synthetic Environments for Embodied Learning Synthetic environments provide controllable
variation in the scenes and interactions for policy learning. Procedural and language-guided genera-
tors expand training coverage through alternative layouts, scene types, and object categories (Deitke
et al., 2022; Yang et al., 2024b; Wang et al., 2024b). Studies of synthetic navigation datasets further
show that scene realism matters alongside dataset size, motivating attention to object occurrence
and spatial arrangement patterns (Khanna et al., 2024). For manipulation, simulation frameworks
pair varied environments and tasks with demonstrations (Wang et al., 2023; Nasiriany et al., 2024;
Xia et al., 2026; Nasiriany et al., 2026). Real-to-sim approaches construct training scenes from ob-
servations, including families of alternative assets and configurations that retain relevant geometric
and semantic affordances (Dai et al., 2024; Ranawaka et al., 2026). Together, these directions mo-
tivate training environments that combine variation with realistic spatial organization. SceneBloom
provides both, and its generation settings can also adjust scene difficulty for policy learning.

3 METHOD

Given a room description, SceneBloom generates a simulation-ready 3D scene in two stages (Fig-
ure 2). Hierarchical visual sampling (Section 3.1) divides the room into functional zones and sam-
ples a visual proposal of each zone’s furniture arrangement. Contract-guided 3D compilation (Sec-
tion 3.2) lifts these proposals into 3D, fits them into the room, and restores their functional relations
before adding wall and surface objects. This division lets the visual prior supply plausible arrange-
ments while compilation makes them physically valid.

3.1 HIERARCHICAL VISUAL SAMPLING

Hierarchical visual sampling divides the work between room-level planning and zone-level arrange-
ment. A vision–language model (VLM) plans the functional zones of the room, and a diffusion
model then proposes the furniture arrangement of each zone as an image. Each proposal thus de-
picts one coherent furniture group, while the zone plan provides room-level structure.
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Figure 2: Framework overview. SceneBloom decouples visual layout sampling from 3D scene
compilation. Given a room description and retrieved exemplars, a vision–language model (VLM)
produces a zone plan with a prompt qj for each zone, and a diffusion model conditioned on qj and
asset LoRAs Λj samples zone visual proposals Ij . 3D perception models lift the proposals into zone
layouts Lj , and a VLM extracts relation contracts Cj from the proposal images. Guided by these
relation contracts, the geometric compiler applies hierarchical layout fitting and relational refinement
to produce the compiled furniture layout. Wall and surface objects are then added, yielding the
simulation-ready scene shown in room and agent views.

Functional zoning. Deciding which furniture a room needs and how the room divides into func-
tional zones requires commonsense knowledge that a VLM has. The VLM therefore determines
the room dimensions and divides the room into functional zones {zj}Jj=1, using retrieved exemplar
rooms as references (Appendix A.2). Each zone zj specifies a plan region, a furniture inventory Fj

with categories and counts, an anchor category for its central piece, the wall it adjoins, and a zone
prompt qj . Placement within each zone is left to visual proposals and geometric compilation.

Visual layout proposals. Image diffusion models learn from large image collections how furniture
is typically arranged. We use this prior to propose the arrangement of each zone. Because the model
generates an entire furniture group jointly, a proposal determines all relative placements at once
rather than through sequential per-object decisions. For zone zj , a text-to-image diffusion model G
is conditioned on the zone prompt qj and on asset LoRA adapters Λj selected according to Fj :

Ij = G(qj ,Λj ; ϵj), (1)

where Ij is the proposal image and ϵj is the diffusion seed. Each adapter is trained on renders of
one catalog asset (Ruiz et al., 2023), so that the proposal depicts the assets used for 3D construction.
Adapter fusion (Liu et al., 2025) allows several of these assets to appear in one image without
interfering. Varying the seed ϵj then yields diverse arrangements of the same assets, each grounded
in the objects to be built. Appendix A.2 describes adapter training and fusion.

3.2 CONTRACT-GUIDED 3D COMPILATION

Lifting a proposal into 3D introduces two kinds of error: geometric conflicts between objects and
disrupted functional relations. Hierarchical layout fitting resolves the former, and relation contracts
guide the recovery of the latter.

Lifting and relation extraction. Monocular 3D perception (Yao et al., 2026), with depth and
camera intrinsics from a monocular estimator (Bochkovskiy et al., 2025), estimates a box for each
object in Ij and yields a zone layout Lj with each object’s category, dimensions, position, and
orientation. To recover relations that geometric separation cannot restore, such as a nightstand
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Figure 3: Effect of contract-guided compilation. All rows start from the same lifted scene, and
each adds one step; the enlarged views show relation groups from the contract. Raw lifted layout:
objects keep their lifted poses, and lifting errors break relations such as chairs facing their table.
Geometry-only compilation: fitting assembles a collision-free room but leaves these relations bro-
ken. Contract-guided compilation: fitting under the contract, followed by relational refinement,
restores these relations while the layout stays collision-free.

beside its bed, the VLM extracts a relation contract Cj = {(u, r, v, γ)} from the proposal image
and grounds it to the objects of Lj . In each entry, object u holds relation r to a target object or wall
v with confidence γ. The contract is fixed before compilation. Unlike language-authored constraints
that prescribe a layout (Yang et al., 2024b), it records relations present in the sampled arrangement.
Its high-confidence relations (γ ≥ 0.75) guide the rest of compilation (Appendix A.3).

Hierarchical layout fitting. We resolve geometry within zones and then assemble the zones ac-
cording to the zone plan, reconciling the planned zone regions with the footprint that the proposed
furniture actually needs. Within each zone, the anchor of zj is aligned with the zone’s wall and faces
into the room. The remaining objects of Lj are then separated from the fixed anchor and from one
another to remove footprint overlaps, with Cj guiding how related objects are separated. The fitted
objects define the zone envelope Ej , which is then frozen so that room-level assembly moves the
zone only as a rigid whole. Among zones, the zone plan fixes for each pair of zones (zi, zj) a separat-
ing axis and their order along it. Along that axis, an envelope bound to a wall stays flush against it,
any other envelope keeps its planned position where possible, and otherwise assembly shifts the later
envelope along the axis until it starts at least a clearance gap after the earlier one ends. The room
is enlarged only when the envelopes cannot fit within it. Fitting thus resolves geometric conflicts
while preserving the arrangement of each proposal within its zone.

Relational refinement. After assembly, geometric predicates check each high-confidence relation
of Cj . Relation-specific operators propose local rotations or translations to restore violated relations,
subject to room-boundary and footprint feasibility checks. Because these adjustments are local,
they restore relations without disturbing the arrangement sampled in the proposal. Relations such as
chairs facing their table decide whether a zone is functional and coherent, so restoring them directly
supports visual quality. Figure 3 contrasts geometry-only compilation, which omits the contract,
with contract-guided compilation.

Scene completion. Finally, the VLM adds wall-mounted objects and small objects on furniture
surfaces. For each wall or furniture top, it chooses object categories and suggests positions in that
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surface’s coordinates, and geometric placement maps these positions into the room while checking
available space, boundaries, and intersections (Appendix A.4).

4 EXPERIMENTS

4.1 SCENE GENERATION

Implementation Details. We use Qwen3-VL-8B-Instruct (Bai et al., 2025) for functional zoning
and scene compilation, and FLUX.1-dev (Labs, 2024) with FreeFuse (Liu et al., 2025) and asset-
specific LoRA adapters for visual layout proposals. OVMono3D-LIFT (Yao et al., 2026) lifts 2D
boxes from Grounding DINO (Liu et al., 2023) into 3D, with depth and camera intrinsics from Depth
Pro (Bochkovskiy et al., 2025). Reference exemplars are drawn from M3DLayout (Zhang et al.,
2026b). Appendix A details generation configurations, asset sources, and reference-data separation.

Baselines. We compare against three representative methods using their official codebases.
Holodeck (Yang et al., 2024b) uses an LLM to specify spatial constraints for a layout solver. Sce-
neWeaver (Yang et al., 2026) uses a self-reflective agent to coordinate generation and editing tools.
SAGE (Xia et al., 2026) uses visual and physics critics to refine scenes and validate placements
in simulation. We retain method-specific asset sources, use our Qwen3-VL-8B-Instruct backbone
for Holodeck and SceneWeaver for a controlled comparison, and keep the model pair specified in
SAGE’s paper. Appendix A details these adaptations.

Metrics. We evaluate physical plausibility, visual quality, and real-layout alignment. Following
SceneEval (Tam et al., 2026), we report mesh-level collision rates at the object (Coll. obj) and scene
(Coll. scene) levels and mean out-of-bounds objects per scene (OOB). We also report the stable-
object rate (Stab.) under REST3D (Ma et al., 2026). Following SceneWeaver and SAGE (Yang et al.,
2026; Xia et al., 2026), GPT-4o (Hurst et al., 2024) scores realism (Real.), functionality (Func.),
layout coherence (Coh.), and completeness (Compl.). For real-layout alignment, Layout Distribution
Discrepancy (LDD) applies unbiased RBF maximum mean discrepancy (MMD2) (Gretton et al.,
2012) to features encoding object composition and spatial relations, against two references of real
rooms: Matterport3D (Chang et al., 2017) and Scan2CAD (Avetisyan et al., 2019). Appendices B
and C provide metric definitions, scoring protocols, hardware, and resource accounting.

4.1.1 MAIN RESULTS

We generate and evaluate 10 scenes for each of five room types: bedrooms, living rooms, dining
rooms, bathrooms, and offices, using the template a <room type>.

Physical Plausibility. Our scenes are the only ones free of mesh collisions and out-of-bounds
objects, and they are the most stable under REST3D (Table 1). The baselines add objects one at a
time without resolving the scene as a whole, so conflicts accumulate as a scene grows: SAGE’s agent
uses 407 of its 504 tool calls across its 50 scenes for placement but moves a placed object in only
44, and Holodeck spawns repeated copies of an asset at a single point. The instability also reaches
the furniture itself: 31% of Holodeck’s and 26% of SAGE’s and SceneWeaver’s large objects, those
at least 0.6m across, move beyond the stability threshold, against 3% of ours. Our compiler instead
resolves all furniture of a room jointly before completion and verifies each surface object against its
support, so no conflict is left to accumulate. Additional stability evaluations appear in Appendix C.

Visual Quality. Our scenes score highest on all four visual-quality axes. SAGE is a strong baseline
and places the most objects, but its placement loop keeps adding them until floors and surfaces are
crowded (Figure 4), while our scenes score higher on functionality and completeness with fewer
and reasonable objects. Holodeck and SceneWeaver place furniture through textual constraints and
edits, so functional relations are often lost, for example, dining chairs that stand apart from the table
and face away from it. Our proposals depict each functional group as a whole, and the contract
preserves its relations through compilation. Section 4.1.2 further isolates the effect of arrangement
by holding the inventory fixed.
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Table 1: Comparison with scene generation methods. Coll. and Stab. are percentages, OOB
counts objects per scene. Bold/underline mark best/second-best.

Method #Obj
Physical Plausibility Visual Quality ↑ LDD ↓ Time ↓

Coll. ↓ OOB ↓ Stab. ↑ Real. Func. Coh. Compl. MP3D Scan2CAD (min)
obj scene

Holodeck 18.0 32.7 78.0 .160 35.1 4.66 5.07 4.23 4.30 .2509 .2342 1.6
SceneWeaver 18.0 47.2 82.0 .000 45.3 5.30 5.41 4.30 5.06 .2009 .1797 313.0
SAGE 34.2 12.7 78.0 .020 45.1 5.91 5.62 4.54 6.46 .2191 .2251 73.6

SceneBloom (ours) 23.6 0.0 0.0 .000 75.3 6.18 6.29 4.76 6.74 .1759 .1340 2.7

Bedroom
Holodeck SceneWeaver

SAGE Ours

Dining room
Holodeck SceneWeaver

SAGE Ours

1

3 4

Living room
Holodeck SceneWeaver

SAGE Ours

2

5 6

Semantic & relational coherence Physical plausibility
1 Holodeck

Chairs face away
from the table

2 SceneWeaver

Sofa faces the wall,
table behind it

3 SAGE

Repeated decorative
pottery on the floor

Ours

Chairs face
the table

5 SAGE

Tabletop props end
up on the base

Ours

Props rest on
the tabletop

4 6

Figure 4: Qualitative comparison. For each method and room type, we show the scene whose
score is the median of its ten scenes. Enlarged regions illustrate functional organization and physical
placement across methods, each retaining its native asset source. Aggregate results are in Table 1.

Real-Layout Alignment. Our layouts are the closest to both real-room references, Matterport3D
and Scan2CAD. Because LDD compares which objects a room contains and how they are arranged
around its anchor furniture, a low distance on both references indicates that our rooms are organized
like real rooms rather than fitted to a single dataset. Held-out real rooms score near zero against
their own reference, far below every method, so these distances reflect genuine differences in layout
organization (Appendix C.2).

Efficiency. Generation takes 2.7 minutes per layout, approximately 27× faster than SAGE on the
same hardware, because each zone’s arrangement is sampled once and compiled without an iterative
placement loop. Holodeck is faster per layout (Appendix C), but 78% of its scenes contain collisions.

4.1.2 ABLATION STUDY

To isolate visual sampling and contract guidance, we replace the visual proposal with a textual pro-
posal, in which a VLM directly specifies the position and orientation of each object. Each proposal
is compiled with and without the contract extracted from it (Table 11).

Visual proposals provide a stronger foundation for compilation, and contract guidance further im-
proves them while preserving physical plausibility. Under both contract settings, visual proposals
outperform textual proposals on every physical and visual-quality metric. Holding the visual pro-
posal fixed, contract guidance additionally raises layout coherence from 4.31 to 4.65 and realism
from 5.66 to 5.83, consistent with its role in restoring object poses and relations. Contract guidance
also cuts contract violations from 37.45% to 4.25% (Appendix D), and the compiled layouts remain
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Figure 5: Ablation of proposal source and contract guidance. Results on 50 furniture-only scenes
with shared inventories, assets, and sizes. Appendix D lists the exact values.

collision-free. Visual sampling thus establishes layout quality, and contract guidance preserves the
sampled relations through 3D compilation.

For textual proposals, contract guidance improves visual quality but increases collisions and reduces
stability. These proposals are less plausible to begin with, as their objects are more crowded than in
visual proposals and some already collide. Restoring relations within such arrangements can intro-
duce further conflicts. Contract guidance therefore refines a plausible proposal but cannot substitute
for one, which is why SceneBloom pairs it with visual sampling.

4.2 OBJECT-GOAL NAVIGATION LEARNING

We use our scenes to train object-goal navigation policies in two settings. A modular policy is
trained from scratch, so the scenes provide all of its experience (Section 4.2.1), and a pretrained
open-vocabulary policy is fine-tuned on them (Section 4.2.2).

Training Sources and Evaluation. We import scenes into Habitat (Savva et al., 2019) and
construct episodes from visible goal viewpoints and reachable starts. Both settings compare
SceneBloom (ours) with Randomized (the same scenes with floor-object poses resampled), Agent-
planned (text-agent layouts with zoning), and real scans from HM3D (Ramakrishnan et al., 2021),
and train every source with an identical recipe and budget. We evaluate in held-out real scanned
environments and report success rate (SR) and success weighted by path length (SPL) (Anderson
et al., 2018). Appendix E gives further training details.

4.2.1 TRAINING FROM SCRATCH

40 80 120
Training houses

30

32

34

36

Su
cc

es
s r

at
e 

(%
)

Untrained

Ours

Agent-planned

Real scans
Randomized

Figure 6: Training from scratch. SR (%) on
the 36 real HM3D validation homes. Points av-
erage three training seeds. Shading marks our
margin over the best other source.

Setup. SemExp (Chaplot et al., 2020) builds a
top-down semantic map and uses a learned goal
policy to choose where to search. We train this
goal policy from scratch with PPO (Schulman
et al., 2017) for 2M steps in the framework of
Wang et al. (2026). Each source provides 40, 80,
or 120 houses, and each of our houses connects
three to five generated rooms along a corridor. We
evaluate on 1,000 episodes in 36 real HM3D vali-
dation homes, where success follows the SemExp
setup and requires calling STOP within 1 m of a
goal object (Appendix E.3). At evaluation, the
policy reads semantics predicted from RGB by a
COCO-trained Mask R-CNN (He et al., 2017).

Real-Environment Transfer. Policies trained
on our houses transfer best to real scanned en-
vironments, outperforming those trained on real
scans, Randomized houses, and Agent-planned
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houses at every house count (Figure 6). Our houses raise SR from 29.7% for the untrained pol-
icy to 35.3% on average, 1.7× the gain from training on real scans, even though the real scans come
from the same dataset as the evaluation homes. Our houses also give the policy more complete
searches to learn from. Their training episodes end at the policy’s own STOP in 91.9% of cases,
against 75.0% in real scans, and the gap holds at every start distance (Appendix E.3). Our generator
therefore supplies more effective training experience than real scans and scales more easily.

Randomized houses place the same furniture in the same rooms at random, which often splits a
room’s walkable floor and confines training searches to part of the house, whereas our arrangements
rarely split it (Appendix E.2). Agent-planned houses share our functional zones and assets, but a text
agent places objects less realistically than our visual proposals (Section 4.1.2), so the policy learns
to search among arrangements that are less common in real homes.

4.2.2 FINE-TUNING A PRETRAINED POLICY

Setup. We fine-tune OVSegDT (Zemskova et al., 2025), an open-vocabulary policy conditioned
on RGB observations, language goals, target masks, and history. Every policy is fine-tuned from
the released OVSegDT checkpoint (the pretrained policy) with PPO for 128,000 environment steps
under an identical recipe. Each generated source provides 120 scenes, 24 for each of the five room
types in Section 4.1, and real-scan continuation applies the same recipe to 142 HM3D training scans.
We evaluate on held-out scenes from our generator and an 864-episode subset of HM3D-OVON Val
Unseen (Yokoyama et al., 2024) covering all 36 of its scenes, where success requires calling STOP
action within 1.0 m of the goal.

Generalization to Unseen Goals and Environments. Fine-tuning on our scenes achieves the
highest success rates on unseen goals in both held-out generated and real scanned environments
(Table 2). For goals used during fine-tuning, it raises SR from 73.67% to 74.60% and SPL from
61.31% to 64.00%, and Randomized and Agent-planned layouts yield similar gains. Further, on goal
categories not used during fine-tuning, our scenes yield the highest SR and SPL, whereas every other
fine-tuned policy falls below the pretrained policy in SR. In real scanned environments, where both
the scenes and the goal categories are unseen, our scenes also outperform real-scan continuation,
which only revisits the 142 HM3D scans seen during pretraining. Our generator instead supplies
new and varied rooms on demand, so fine-tuning on 120 generated scenes generalizes better than on
142 real scans.

Table 2: Policy fine-tuning and generalization. SR and SPL (%) on 100 seen-goal and 107 unseen-
goal held-out generated scenes and on the 36 scanned scenes of the HM3D-OVON subset. Fine-
tuned rows average three training seeds. Bold/underline mark best/second-best.

Policy
Held-out generated environments Real environments

Seen goals Unseen goals Unseen goals

SR SPL SR SPL SR SPL

Pretrained (no fine-tuning) 73.67 61.31 52.57 38.29 48.26 21.18

Fine-tuned on 142 real scans
Real-scan continuation 73.02 61.12 51.59 38.42 47.57 20.68

Fine-tuned on 120 generated scenes
Randomized 74.88 63.26 51.51 38.09 48.15 20.74
Agent-planned 74.39 63.39 51.63 37.65 47.99 20.72
SceneBloom (ours) 74.60 64.00 53.19 38.89 48.57 21.17

Controllable Scene Difficulty. Matching the difficulty of real scanned environments further im-
proves transfer (Table 3). Real multi-room homes often hide the goal behind walls and furniture,
whereas our single rooms keep more goals in view. Because SceneBloom organizes each room into
functional zones, it can introduce this difficulty directly. Using the same prompts as the 120 scenes
in Table 2, we regenerate each scene with an additional interior zone of tall wardrobes (SceneBloom
with occluders). As a control, Randomized with occluders keeps these occluders fixed and resamples
the other floor objects, and all policies are fine-tuned with the identical recipe.
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Table 3: Real-environment transfer with
occluders. SR and SPL (%).

Policy SR SPL

Pretrained 48.26 21.18
Real-scan continuation 47.57 20.68

Without occluders
SceneBloom 48.57 21.17

With occluders
Randomized 48.34 20.72
SceneBloom 49.50 21.35

Three comparisons explain this gain. First, the
added difficulty itself helps, as success in real
scanned environments rises from 48.57% to 49.50%.
Second, the difficulty is effective when paired with
a coherent layout, as randomizing the other floor ob-
jects around the same occluders yields only 48.34%.
Third, this generated variation is more useful than
further training on real scans, as SceneBloom
with occluders also surpasses real-scan continuation
(47.57%) under the same training budget. There-
fore, these results show how controllable generation
supplies useful training variation by combining task-
relevant difficulty with coherent spatial organization.
Appendix E.5 quantifies the difficulty that each scene source introduces and validates these gains on
real episodes cleaned of annotation errors.

5 CONCLUSION

We presented SceneBloom, an agentic framework that separates the relationships to preserve in a
layout from the poses to repair. Visual proposals supply realistic arrangements, and contract-guided
compilation repairs their geometry while keeping the proposed relations, so our scenes are physically
valid, visually coherent, and closest to real room layouts. Sampling each zone once and resolving
each room jointly also makes generation far faster than iterative agentic methods. These scenes
in turn improve real-environment transfer for navigation policies trained from scratch and unseen-
goal generalization after fine-tuning. Further gains from matching scene difficulty to real homes
demonstrate the value of combining realistic layouts with adjustable task difficulty for embodied
learning.
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A IMPLEMENTATION DETAILS

A.1 BASELINE CONFIGURATIONS

We evaluate Holodeck (Yang et al., 2024b), SceneWeaver (Yang et al., 2026), and SAGE (Xia et al.,
2026) from their released codebases, retaining their native asset sources and scene-generation pro-
cedures. Prompts, solver settings, and asset sources are unchanged; Holodeck and SceneWeaver run
on Qwen3-VL-8B-Instruct, the backbone of our pipeline, and SAGE keeps the model pair specified
in its paper, GPT-OSS-120B (Agarwal et al., 2025) with Qwen3-VL-30B-A3B-Instruct (Table 9);
the tool set follows the release’s own instruction to enable the tools one can supply. Runtime is
measured over each method’s executable released pipeline, and Table 7 states the included stages
and hardware.

Asset library. Our asset library holds 192 assets: 75 floor-furniture meshes across 22 categories,
109 surface objects, and 8 wall objects. We generate most of them using the TRELLIS (Xiang et al.,
2025) text-to-3D model. The 27 articulated floor meshes, which cover eight storage and sanitary
categories, come from the ArtVIP dataset (Jin et al., 2026) instead. Our library is also extensible:
once a category-compatible mesh has a trained LoRA adapter, the visual sampler can draw it, and
the VLM, the compiler, and the prompts stay unchanged. Each baseline keeps its own asset source.
Holodeck retrieves from Objaverse (Deitke et al., 2023), SAGE generates its assets with TRELLIS
text-to-3D, and SceneWeaver generates most objects procedurally with Infinigen (Raistrick et al.,
2024) and retrieves the rest from 3D-FUTURE (Fu et al., 2021b) and Objaverse. Each of these
systems treats its asset pipeline as part of its contribution, so substituting our meshes would evaluate
a different system.

A.2 ZONE-WISE VISUAL PROPOSALS

For each room, retrieval restricts M3DLayout (Zhang et al., 2026b) exemplars to the requested room
type and ranks them by cosine similarity between Qwen3-Embedding (Zhang et al., 2025) encodings
of the room description and of each exemplar’s structured text. The top-ranked exemplar is kept as
an anchor, and two more are drawn from the remaining candidates by similarity-weighted sampling
without replacement. This varies the structural references while keeping the nearest neighbor.

The retrieval corpus is built from two disjoint indices. The first holds 5,173 3D-FRONT (Fu et al.,
2021a) rooms and covers bedrooms, living rooms, and dining rooms. The second holds 627 Mat-
terport3D regions and covers bathrooms, offices, kitchens, lounges, recreation rooms, and meeting
rooms; it contains no bedroom, living-room, or dining-room region. The real-layout references of
Section B.1 are Matterport3D bedrooms, living rooms, and dining rooms, which neither index con-
tains, and Scan2CAD rooms, which come from ScanNet and are absent from both. No room that
enters either reference distribution can therefore be retrieved as an exemplar, and the conditioning
set and the evaluation references are disjoint by construction.

Every floor-furniture mesh the sampler can draw has its own LoRA adapter, trained on multi-view
renders of that mesh with DreamBooth and prior preservation (Ruiz et al., 2023) and orthogonal
adaptation (Po et al., 2024); wall and surface objects are placed geometrically after compilation
and need no adapter. The pipeline inserts each adapter’s trigger token before the category word it
stands for, so the word sofa in a zone prompt yields the particular sofa selected from our library.
A zone uses at most five adapters, one per furniture category, and FreeFuse (Liu et al., 2025) runs
them together in a single generation, binding each adapter to the tokens that name its object and
to the image region those tokens attend to. Every furniture object compiled from the image is
therefore the library mesh whose adapter drew it. This grounding motivates the adapters: it reduces
the appearance mismatch between a proposal and the objects used for construction, so the compiler
rebuilds the sampled arrangement from the objects the image shows rather than from meshes that
merely share their categories.

A.3 CONTRACT-GUIDED SCENE COMPILATION

Before any geometry is fitted, the VLM reads each zone’s original proposal image once. The VLM
returns a fixed contract Cj = {(u, r, v, γ)} holding only the relations the proposal itself shows,
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where u is a reconstructed object and v is a reconstructed object or a wall, r is one of the relations
in Table 4, and γ is the VLM’s confidence. Only relations with γ ≥ 0.75 guide compilation. The
prompt and output schema are given in Appendix G.

Table 4: Relations a zone contract can hold. The VLM selects relations; the compiler checks them
geometrically and performs all pose changes.

Relation Meaning Permitted refinement

face Subject faces the target. Yaw, or moving in front of it.
align with Subject is axis-aligned with the target. Yaw.
beside Subject stands at the target’s side. Yaw, or moving to its side.
move near Subject stays within reach of the target. Moving and turning toward it.
back to Subject’s back is against its zone’s wall. Yaw, or moving to the wall.

The compiler then works outward. It first resolves each zone on its own, separating that zone’s
objects around its anchor under the guidance of the zone’s contract, and records the zone’s internal
pairwise distances. It next places the zones within the room plan, moving every zone rigidly, and
the recorded distances confirm that no zone is deformed. Finally, it checks each high-confidence
relation and applies the rotation or translation that restores each violated one.

A.4 WALL AND SURFACE OBJECT PLACEMENT

Wall objects are placed first and surface objects second, and both stages follow the same propose-
then-verify pattern. The VLM chooses object categories, each realized by a seeded library mesh,
and proposes positions in normalized coordinates of the target surface, along and up a wall or across
a furniture top. Geometry converts these positions into room coordinates and rejects placements that
collide with objects already placed. The two conversions follow.

For a wall with unit tangent t, inward normal n, and line point p0 at along-wall coordinate 0, let
[a0, a1] be the admissible along-wall coordinates of the object’s center within its zone. A wall object
of depth d with normalized proposal (u, v) ∈ [−1, 1]2 is mapped to

a = a0 +
u+ 1

2
(a1 − a0), pxz = p0 + at+

d

2
n, (2)

while v selects a valid vertical position between the floor and ceiling. The object’s yaw faces the
wall normal. If the proposal refers to supporting furniture, its horizontal coordinate is aligned to the
furniture center and its base height is placed above the furniture top. Candidates are rejected when
their wall rectangles overlap or their 3D boxes intersect furniture.

For a support surface centered at c = (cx, cz) with half extents (hx, hz), yaw θ, and top height ytop,
the VLM proposes (u, v, ψ), where (u, v) ∈ [−1, 1]2. The object’s world pose is

pxz = c+R(θ)

[
uhx
vhz

]
, y = ytop + δ, θobj = θ + ψ, (3)

where δ is a small clearance. We retain a placement only when its oriented footprint lies inside the
inset support rectangle and does not overlap an accepted object.

B EVALUATION PROTOCOLS AND METRIC DEFINITIONS

B.1 LAYOUT DISTRIBUTION DISCREPANCY

Layout Distribution Discrepancy (LDD) measures how closely generated layouts follow the dis-
tribution of real layouts. We use two independently collected references of real scanned rooms.
Matterport3D (Chang et al., 2017) is read through the M3DLayout annotations, which express each
room’s furniture as oriented boxes, and Scan2CAD (Avetisyan et al., 2019) aligns CAD models to
ScanNet (Dai et al., 2017) scans. For each room type, every annotated room of a reference is pooled
into one empirical distribution with no model fitted to it (Section C.2 lists the counts).
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We map generated and reference objects to a shared coarse taxonomy. For each room type, we
define an anchor category a and associated categories A: bed with storage and table in bedrooms,
table with chairs in dining rooms, and table with sofas and chairs in living rooms. Each associated
object is assigned to its nearest anchor in the ground plane.

For anchor instance j and category c, let ∆jck = pck − paj , rjck = ∥∆jck∥2, and θjck =
atan2(∆z

jck,∆
x
jck). We summarize angular and radial structure by

mjcq =
1

|Ijc|
∑
k∈Ijc

eiqθjck , q = 1, . . . , 4, (4)

bjct =
1

njc

∑
k

exp

[
−1

2

(
log(1 + rjck)− log(1 + t)

0.30

)2
]
, t ∈ T , (5)

where njc is the number of assigned objects, Ijc = {k : rjck > ϵ} with ϵ = 10−8 m, and T =
{0, 0.5, 1, 1.5, 2, 3, 4} meters. The category descriptor is

hjc =
[
1[njc > 0], log(1 + njc),

1
njc

∑
k 1[rjck ≤ ϵ],

{|mjcq|}4q=1, {bjct}t∈T , log(1 + mediank rjck)
]
.

(6)

Empty sets yield zeros. We also encode pairwise angular organization between associated categories
c < c′ as

hjcc′ =

 1

|Ijc| |Ijc′ |
∑
k∈Ijc

∑
l∈Ijc′

cos(q(θjck − θjc′l))


4

q=1

. (7)

The room descriptor concatenates anchor presence, the log anchor count, global log counts of asso-
ciated categories, and the anchor-averaged descriptors:

ϕ(x) =

1[Na > 0], log(1 +Na), {log(1 +Nc)}c∈A,
1

max(Na, 1)

∑
j

[
{hjc}c∈A, {hjcc′}c<c′

] .
(8)

The descriptor has four properties. First, every spatial term is measured relative to a functional
anchor, so it records how a room organizes itself around the object that gives the room its purpose.
Second, only the magnitudes |mjcq| enter, so a room and a rotated copy of it receive identical
features. Third, counts enter through log(1 + n) and radii through soft bins, which compresses the
range of counts and distances across room sizes. Fourth, an absent category is represented by its
presence flag with the remaining entries set to zero, so a missing functional group still contributes to
the distance. The descriptor uses object categories and positions only, so it is unaffected by object
size and orientation and never sees asset identity, texture, or mesh, which keeps LDD independent
of the mesh differences among the asset sources discussed in Section A.

Each reference defines the normalization for every method. Its means and standard deviations,
the latter floored at 0.1, standardize each feature dimension, and the kernel bandwidth is derived
from the same reference, so all four methods are scored on one scale and none is measured against
statistics taken from its own output.

For generated layouts G = {gi}ni=1 and reference layouts R = {rj}mj=1, with xi = ϕ(gi) and
yj = ϕ(rj), LDD is the unbiased maximum mean discrepancy (Gretton et al., 2012):

LDD(G,R) = M̂MD
2

kRBF
(X,Y ), (9)

kRBF(x, y) = exp

(
−∥x− y∥22

2σ2

)
, (10)

M̂MD
2
(X,Y ) =

∑
i̸=i′ k(xi, xi′)

n(n− 1)
+

∑
j ̸=j′ k(yj , yj′)

m(m− 1)
−

2
∑

i,j k(xi, yj)

nm
. (11)

The RBF kernel is characteristic, so a zero population MMD implies equality of the represented
distributions. LDD is therefore sensitive to differences in typical layouts and to differences in higher-
order distribution shape. We set σ to the median pairwise distance among standardized reference
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features and average room-level scores equally across bedrooms, dining rooms, and living rooms.
Lower is closer, and the unbiased finite-sample estimate may be slightly negative. Each method
contributes ten scenes per room type.

Kernel Inception Distance (KID) is itself an unbiased MMD estimator with a cubic polynomial
kernel applied to Inception image features (Bińkowski et al., 2018). Our diagnostic Layout-KID
keeps the estimator and kernel,

kcubic(x, y) =

(
1 +

x⊤y

d

)3

, (12)

where d is the feature dimension, but replaces Inception features with the same structured layout
representation. It therefore offers a familiar moment-based sensitivity check. LDD stays the primary
measure because the RBF kernel tests equality of the represented layout distributions more directly.
Multi-scale LDD averages RBF kernels with bandwidths 0.5σ, σ, and 2σ to check that conclusions
do not depend on one bandwidth.

B.2 PHYSICAL PLAUSIBILITY

We follow SceneEval (Tam et al., 2026) for method-independent geometric evaluation. Object colli-
sion is the percentage of objects participating in at least one mesh intersection, computed per scene
and averaged over scenes, and scene collision is the percentage of scenes containing any such object;
contact tolerance is zero. OOB is the mean number of objects per scene whose footprint falls outside
the room under SceneEval’s ray-cast test with a 1% tolerance.

Dynamic stability follows REST3D (Ma et al., 2026). We replay every nonempty exported scene in
Isaac Gym (Makoviychuk et al., 2021) at 1/60 seconds, using six position iterations, one velocity
iteration, and a maximum depenetration velocity of 5m/s. Scenes settle for 120 steps. An object
is stable when its final translation is at most 0.1m and its rotation is at most 0.1 rad. Stab. pools
all movable objects; position drift and peak linear and angular velocities provide severity measures.
Every method uses the same simulator, timestep, thresholds, coordinate conversion, and evaluation
code.

B.3 VISUAL QUALITY

We use GPT-4o-2024-08-06 to score realism, functionality, layout coherence, and completeness on
a 0–10 scale, following the four axes used by SceneWeaver (Yang et al., 2026) and SAGE (Xia
et al., 2026). The judge receives a top-down render and a text list of object positions, orientations,
and sizes. We use temperature zero and average five judgments per scene, and all four methods are
scored in one run. The evaluation interface and score bands are given in Appendix G.

C ADDITIONAL SCENE GENERATION RESULTS

C.1 PHYSICAL STABILITY

Table 5 complements the stable-object rate (Stab.) in the main paper with continuous motion sever-
ity. Our scenes have the lowest mean position drift and the lowest peak linear and angular velocities
under the shared dynamic replay.

Table 5: Physical stability under the REST3D protocol (Ma et al., 2026). Stab. is the percentage
of movable objects within the translation and rotation thresholds, and the last three columns measure
motion severity. Bold/underline mark best/second-best.

Method Stab. ↑ Pos. Drift (m) ↓ Lin. Vel. (m/s) ↓ Ang. Vel. (rad/s) ↓
Holodeck 35.1 0.7923 2.573 16.727
SceneWeaver 45.3 0.3698 1.974 14.219
SAGE 45.1 0.9757 2.470 11.015

SceneBloom (ours) 75.3 0.0996 0.811 4.724
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C.2 REAL-LAYOUT DISTRIBUTION ALIGNMENT

References. Matterport3D contributes, through its M3DLayout annotations, 236 bedroom, 62
dining-room, and 76 living-room regions. Scan2CAD (Avetisyan et al., 2019) aligns CAD mod-
els to 1,506 ScanNet (Dai et al., 2017) scans of 704 distinct spaces. Scan2CAD does not distribute
room types, so we type its rooms with the anchor rules of Section B, which gives 275 bedrooms, 495
dining rooms, and 287 living rooms from 126, 275, and 152 spaces; applied to Matterport3D, the
same rule leaves the ordering of methods unchanged. Scan2CAD’s ShapeNet (Chang et al., 2015)
categories are mapped to our taxonomy, and the mapping is checked against object footprints.

Calibration. A real-versus-real control sets the zero point of each reference: ten real rooms from
held-out buildings or spaces, scored against the rest of their reference, give a median LDD of −0.001
on Matterport3D and 0.014 on Scan2CAD over 200 draws, far below every generated LDD.

Results. Table 6 adds two kernels to the Matterport3D LDD of Table 1. Under all three, our
layouts are the closest to Matterport3D of all four methods.

Table 6: Layout alignment with Matterport3D under three kernels. LDD is the metric of Table 1;
multi-scale LDD and Layout-KID replace its kernel as defined in Section B.1. Bold/underline mark
best/second-best.

Method LDD ↓ Multi-scale LDD ↓ Layout-KID ↓
Holodeck .2509 .2082 5.0997
SceneWeaver .2009 .1784 4.8749
SAGE .2191 .1948 5.3881

SceneBloom (ours) .1759 .1617 2.0391

Separation from the retrieval corpus. Retrieved exemplars do not overlap with the evaluation
references, and our layouts remain nearly as far from them as from other exemplars. None of the
thirty scored scenes retrieved a Matterport3D region. In the feature space of LDD, a scored scene lies
on average 6.69 from the three exemplars it retrieved and 6.96 from the other exemplars retrieved for
the same room type, only slightly closer to the layouts it was conditioned on. Appendix D examines
how retrieval shapes zoning and scene quality.

C.3 COST AND EFFICIENCY

Visual proposal generation takes the largest share of our layout time (45.4%, Table 8), followed
by functional zoning (27.6%), while lifting with contract-guided compilation (14.5%) and wall and
surface completion (12.4%) together take under a minute. Table 7 lists the wall clock behind the
generation times of Table 1.

In language-model usage (Table 9), our pipeline spends 34,867 tokens and $0.0057 per scene, 8
times fewer tokens than SAGE and 4 times fewer than SceneWeaver; only Holodeck uses fewer.
SAGE’s runtime is dominated by its placement loop, as placing objects into rooms takes 54.2 of
its 61.3 total generation hours and 407 of its 504 tool calls. Of 392 placement calls with recorded
outcomes, 75 place every requested object, 221 partially succeed, and 96 place none. This insertion-
heavy trajectory explains its high object density and long runtime.

D ABLATION DETAILS

D.1 RETRIEVAL

Retrieval improves how the VLM plans each room and, through it, the quality of the final scene
(Table 10). We rerun the pipeline from retrieval onward with no exemplar supplied, which changes
only the VLM’s input. Without exemplars, the VLM plans fewer functional zones in four of the
five room types, 3.14 against 3.94 on average, most sharply in bathrooms, from 4.40 to 1.80, and
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Table 7: Generation wall clock per scene. Measured from each run’s own artifacts, one scene at
a time, over the baseline pools of Table 1 and a 50-scene run of our pipeline. The span is layout
generation for every system: rendering and physical settling are excluded. Each job generates one
scene on one H100-class GPU, except SceneWeaver, which runs on 8 CPU cores. Bold/underline
mark best/second-best.

Method Mean (min) ↓ Median (min) ↓
Holodeck (Yang et al., 2024b) 1.6 1.5
SceneWeaver (Yang et al., 2026) 313.0 298.8
SAGE (Xia et al., 2026) 73.6 77.9

SceneBloom (ours) 2.7 2.6

Table 8: Our layout-generation time breakdown. Mean wall clock over a 50-scene production
run with the same scene requests as Table 1. Components differ from the total by 0.2 seconds due
to uninstrumented orchestration and rounding.

Stage Mean (s) Share

Functional zoning 45.3 27.6%
Visual proposal generation 74.6 45.4%
Lifting and contract-guided compilation 23.8 14.5%
Wall and surface completion 20.3 12.4%

Layout generation 164.2 100.0%

Table 9: Language-model usage and cost per scene. Bold/underline mark best/second-best.

Method LLM backbone Tokens/scene ↓ USD/scene ↓
Holodeck Qwen3-VL-8B-Instruct 6,986 $0.0016
SceneWeaver Qwen3-VL-8B-Instruct 154,649 $0.0228
SAGE GPT-OSS-120B + Qwen3-VL-30B-A3B-Instruct 293,499 $0.0151

SceneBloom (ours) Qwen3-VL-8B-Instruct 34,867 $0.0057

in dining rooms, from 2.90 to 1.90. The resulting scenes score lower on all four visual-quality
axes, most in functionality, 5.25 against 6.28, and completeness, 5.87 against 6.76, and lie farther
from both real references, especially Scan2CAD, .2171 against .1340. Retrieval thus informs how
the VLM decomposes each room into functional zones, and the rest of the pipeline builds on that
decomposition.

D.2 PROPOSAL SOURCE AND CONTRACT-GUIDED COMPILATION

Design. Both proposal sources receive the same prompt, zoning plan, and asset set, and differ only
in whether a VLM states each object’s placement (textual) or the diffusion proposal of our pipeline
supplies it (visual). For textual proposals, the contract consists of the relations the VLM states along
with these placements, drawn from the same relation set and read by the same parser. Without the
contract, the compiler separates objects by geometry alone and skips relational refinement.

Results. Table 11 lists the values plotted in Figure 5 together with the contract violation rate.

E OBJECT-GOAL NAVIGATION LEARNING

E.1 TRAINING SOURCES

SceneBloom (ours) uses the visual-proposal and contract-guided compiler pipeline of Section A.2
and Section A.3. Randomized starts from those same scenes and keeps every object and mesh, then
resamples each floor object’s position uniformly within the room and its yaw uniformly in [0, 2π),
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Table 10: Retrieval ablation. Results on 50 scenes, ten per room type; LDD uses the 30 bedroom,
dining-room, and living-room scenes. Zones is the mean number of functional zones per scene, and
the visual quality of both rows is judged in a single run, so the with-retrieval row rescores the scenes
of Table 1 and differs from it by at most 0.02. Bold marks the better value.

Visual Quality ↑ LDD ↓
Retrieval Zones Real. Func. Coh. Compl. MP3D Scan2CAD

✘ 3.14 5.89 5.25 4.63 5.87 .1857 .2171
✔ 3.94 6.19 6.28 4.75 6.76 .1759 .1340

Table 11: Ablation of proposal source and contract guidance. Values plotted in Figure 5. Viol. is
the percentage of relations in the extracted contract that the compiled layout violates. Bold/underline
mark best/second-best.

Physical Plausibility Visual Quality Relations

Proposal Contract Coll. obj ↓ Coll. scene ↓ Stab. ↑ Real. ↑ Func. ↑ Coh. ↑ Compl. ↑ Viol. ↓
Textual ✘ 0.67 4.00 98.44 5.44 5.47 4.29 3.80 39.07
Textual ✔ 2.00 8.00 94.27 5.50 5.59 4.37 3.93 10.75

Visual ✘ 0.00 0.00 100.00 5.66 5.65 4.31 4.05 37.45
Visual ✔ 0.00 0.00 99.74 5.83 5.85 4.65 4.07 4.25

rejecting samples whose footprint leaves the room or overlaps a floor object already placed. Surface
objects move rigidly with the furniture that supports them and wall objects do not move, so this
source removes the arrangement while holding the object content fixed. Agent-planned replaces the
whole placement stage with a single text-only call to Qwen3-VL-8B-Instruct at temperature zero.
The call receives the same room box, the labels and extents of the same functional zones, and the
room’s asset library with nominal dimensions, and returns a textual layout that gives every object’s
position and yaw and, for wall and surface objects, the wall or support it belongs to.

E.2 NAVIGABLE SPACE IN THE TRAINING SCENES

All pools are measured with one agent geometry (radius 0.17m, height 1.41m, maximum climb
0.1m, cell height 0.05m). A scene is fragmented when its navigation mesh has more than one
walkable island, and the floor-only rate (floor splits) sets aside raised islands, which we attribute
to the furniture beneath them by sampling each island’s height. Walk is the mean over scenes of
the largest island’s share of the walkable area. Our layouts are the least fragmented and have the
highest Walk of all six pools (Table 12). The same holds for the multi-room houses of Section 4.2.1:
across the 80-house training sets, the largest walkable island covers 98.4% of the walkable area in
our houses and 86.7% in Randomized houses.

Fragmentation carries into training because episode construction admits a fragmented scene: it re-
quires a finite geodesic between start and goal, so each episode stays on one island. For the random-
ized control, 41.1% of training episodes come from fragmented scenes, against 2.0% for ours, and
these episodes are shorter, with a median geodesic length of 1.94m against 2.27m in its connected
scenes.

E.3 TRAINING FROM SCRATCH

Houses and episodes. Randomized houses resample the floor objects within each room of our
houses as in Section E.1, Agent-planned houses are assembled in the same way from rooms laid out
by the text agent, and real scans are HM3D training scenes. All sources draw episodes with the same
start-distance sampler. The STOP rates of Section 4.2.1 are measured with 80 houses and average
three training seeds. Grouped by geodesic distance from the start to the nearest goal viewpoint, the
rate in our houses is 94.7% below 2 m, 94.6% for 2–5 m, and 88.7% from 5 m on, against 85.4%,
82.1%, and 65.9% in real scans.
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Table 12: Navigation-mesh connectivity. Our layouts and the two controls are measured on their
fine-tuning pools of Section 4.2.2, the baselines on their pools of Table 1. Bold/underline mark
best/second-best.

Scene pool Fragmented (%) ↓ Floor splits (%) ↓ Walk ↑
Holodeck 16.0 2.0 0.9840
SAGE 20.0 11.1 0.9467
SceneWeaver 20.0 12.0 0.9506

Randomized 37.9 36.8 0.8823
Agent-planned 14.2 14.2 0.9663

SceneBloom (ours) 2.6 0.9 0.9968

Training and evaluation. Each episode ends at STOP or after 500 steps. Success follows Se-
mExp (Chaplot et al., 2020) and the Habitat ObjectNav challenge it adopts, which require calling
STOP within 1 m of a goal object at a location from which the object is visible. During training, the
goal policy reads semantic labels from the simulator. Evaluation uses the 1,000 validation episodes
of the HM3D ObjectNav v2 dataset. The untrained policy is the same goal policy at its random
initialization. Table 13 lists SR and SPL at each house count of Figure 6.

Table 13: Training from scratch. SR and SPL (%) on the 36 real HM3D validation homes for
40, 80, and 120 training houses. Trained rows average three training seeds. Bold/underline mark
best/second-best at each house count.

SR SPL

Training source 40 80 120 40 80 120

Untrained 29.70 12.16

Real scans 33.70 32.53 32.87 15.77 15.42 15.43
Randomized 32.53 32.67 33.50 15.24 15.66 16.04
Agent-planned 34.00 34.07 34.40 16.14 15.73 15.85

SceneBloom (ours) 34.70 35.57 35.63 15.83 16.25 16.20

E.4 FINE-TUNING A PRETRAINED POLICY

Training recipe. Every fine-tuning run, including real-scan continuation, scales the learning rate
of the state encoder by 0.1.

Training episodes. For each scene, we request up to four episodes per available goal category.
Habitat samples a navigable start, which is retained only when the nearest reachable visible goal
viewpoint is 1.5–12 m away geodesically.

Perception conditions. Fine-tuning on every source, including the real scans, uses ground-truth
target masks, and every evaluation of a fine-tuned policy uses masks predicted by YOLOE (Wang
et al., 2025), so the deployed perception interface is the predicted mask.

Evaluation episodes. We select 24 episodes in each of the 36 scenes of HM3D-OVON Val Un-
seen, sampling in round-robin order across the goal categories available in each scene.

E.5 FURTHER EVIDENCE ON FINE-TUNING

Cleaned real episodes. On real episodes cleaned of annotation errors, the gains from our scenes
grow, and SceneBloom with occluders achieves the highest SR and SPL (Table 14). Some of the
864 real evaluation episodes have goal annotations that do not match the object, and 86 of them
have no correctly annotated goal, so a policy cannot succeed on them by finding the requested
object. We inspect every annotated goal instance in renderings from its goal viewpoints and remove
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each episode whose goals include an instance that depicts another category (e.g., a mirror labeled as
a picture), an object outside the meaning of its label (e.g., a wine cooler labeled as a refrigerator),
text-only wall decoration labeled as a picture, or no identifiable object. This filter is fixed before any
policy is scored and keeps 631 episodes covering all 36 scenes, on which we re-score the evaluation
runs of Tables 2 and 3. On these episodes, the SR gain of SceneBloom over the pretrained policy
grows from 0.31 to 0.52 points, and SceneBloom also leads in SPL. The occluder zone adds more,
as SceneBloom with occluders exceeds SceneBloom by 1.48 points and the pretrained policy by
2.00 points in SR, against 0.93 and 1.24 points on all 864 episodes. Removing annotation errors
therefore makes the gains from our scenes clearer.

Search difficulty. The occluder zone brings the search difficulty of our training episodes closer
to that of the real evaluation episodes (Table 15). We measure this difficulty without any policy, as
the share of episodes whose goal stays hidden after a full turn in place at the start position and the
share whose goal is hidden at the start heading. Adding occluders raises these shares from 0.8%
to 16.4% and from 50.1% to 68.2%, against 58.9% and 87.7% in the real episodes. Randomized
with occluders is even harder to search (18.4% and 81.5%), yet it transfers worse than SceneBloom
with occluders on both the full and the cleaned real episodes (Tables 3 and 14). Difficulty therefore
improves transfer when it is embedded in a coherent layout.

Table 14: Real-environment transfer on
cleaned episodes. SR and SPL (%) on the
631 HM3D-OVON episodes without annota-
tion errors.

Table 15: Search difficulty of navigation episodes.
Share of episodes (%) whose goal stays hidden after
a full turn at the start position or is hidden at the start
heading, measured with one camera for every set.

Policy SR SPL

Pretrained 49.45 23.09
Real-scan continuation 49.87 22.78

Without occluders
Randomized 49.71 22.74
Agent-planned 49.45 22.65
SceneBloom 49.97 23.22

With occluders
Randomized 50.45 22.85
SceneBloom 51.45 23.63

Episode set
Hidden after

a full turn
Hidden at

start heading

Without occluders
SceneBloom 0.8 50.1

With occluders
Randomized 18.4 81.5
SceneBloom 16.4 68.2

Real evaluation episodes 58.9 87.7

F QUALITATIVE RESULTS

Figure 7 extends the main comparison to offices and bathrooms.

Holodeck SAGE Ours

Office

Bathroom

SceneWeaver

Figure 7: Additional qualitative comparisons on offices and bathrooms.
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G PROMPT TEMPLATES

This appendix gives, in condensed form, the prompts of three model calls: functional zoning (Sec-
tion G.1) and relation-contract extraction (Section G.2) in the generation pipeline, and the visual-
quality judge used only for evaluation (Section G.3). The pipeline also calls the VLM to choose wall
and surface objects and propose their positions (Section A.4). Bracketed fields are filled for each
call with the inputs named in the box.

G.1 FUNCTIONAL ZONING

Functional zoning: system message

You are a furniture-layout expert specializing in indoor scene generation. You receive up to
three retrieved indoor floor plans as spatial-layout references. Each reference provides a top-
down render when available and a record of its room type, object count, and, for every object,
category, ground-plane center and size in meters, height, and yaw. Use the references only as
spatial-layout priors and produce a JSON zone plan for the room requested by the user. The
zones must be non-overlapping axis-aligned rectangles that tile the room floor.

Return only valid JSON with this structure:

{"room type": STRING, "room width m": FLOAT, "room depth m":
FLOAT, "zones": [{"label": STRING, "polygon 2d":
[[x1,z1],...,[x4,z4]], "allowed categories": [STRING],
"category counts": {STRING: INT}, "anchor category": STRING or
null, "max objects": INT, "priority": INT, "diffusion prompt":
STRING, "wall orientation": north, south, east, west, or null}]}

Apply the following rules:
1. Express all polygons in the local XZ frame, inside [0,W ]× [0, D], where W and D are the

room width and depth; zones must cover the floor without overlap or gaps.
2. Infer realistic room dimensions from the references and allocate enough area for the furni-

ture assigned to each zone.
3. Use only the floor-furniture categories listed in the prompt, such as bed, sofa, desk, and

dining table. Wall-mounted, hanging, built-in, and surface objects are added by later stages.
4. Give each allowed category an integer count, by default 1, and use more only when the

room type naturally has multiples. A circulation zone that absorbs leftover floor has no
categories, no anchor, and max objects of 0.

5. If present, anchor category must be one of the zone’s allowed categories.
6. Write the zone prompt (diffusion prompt) in at most 25 words. Refer to each planned

item by its exact category name with no adjective before it, state relative relations between
items, and mention no unplanned object or absolute room position.

7. Set wall orientation from the zone boundary: north at z = D, south at z = 0, east at x =W ,
and west at x = 0. For a corner zone, use the wall the anchor backs onto; use null for an
interior or empty zone.

Functional zoning: user message

The VLM receives, for each retrieved reference, its top-down render when available, its sim-
ilarity score, and [REFERENCE JSON]; then the available asset catalog, the original room
instruction, the room type, and the required categories, followed by: “Produce the JSON zone
plan for this room.” When a zone’s prompt and category counts disagree, a note listing each
mismatch is appended and the VLM returns the complete plan again, at most twice.

G.2 RELATION-CONTRACT EXTRACTION
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Relation-contract extraction: system message

You are reading the original diffusion-generated image of one room zone. The accompanying
JSON lists the reconstructed objects and the identifiers that must be used. List the qualitative
spatial relations shown in the image, whether or not the current 3D reconstruction satisfies
them, and report only relations that are clearly visible. Do not output coordinates or numeric
yaw, and do not invent identifiers. Use only the five relations of Table 4; face may be used
only for subjects whose front is unambiguous, and back to takes only the wall behind the
zone as its target. Confidence expresses how clearly the image supports the relation: 0.9–1.0 is
unmistakable, 0.7–0.85 is clear, and 0.4–0.6 is plausible but ambiguous.

Return at most 10 relations as JSON:

{"zone assessment": {"function": STRING}, "constraints":
[{"subject id": ID, "operator": RELATION, "target": {"type":
"object", "id": ID} or {"type": "wall"}, "confidence": FLOAT,
"reason": STRING}]}

Relation-contract extraction: user message

The VLM receives the original zone image, followed by the list of objects in the zone,
[RECONSTRUCTED OBJECT JSON].

G.3 VISUAL-QUALITY EVALUATION

Visual-quality evaluation: user message

You are an expert interior-design reviewer scoring a computer-generated 3D [ROOM TYPE]
scene produced for [ROOM INSTRUCTION]. You are shown a top-down render and a text
list of every object’s position, facing, and size, [OBJECT LIST]. Score strictly: if a critical
issue exists, including a missing key object, an obvious layout error, an unrealistic element, or
a clearly wrong size, lower the score substantially even when other aspects are fine.

Score each criterion independently on an integer 0–10 scale, where 10 fully meets or exceeds
a professional designer’s expectation and needs no major fix, 5 partially meets it with obvious
flaws, and 0 completely fails. Use the full range rather than defaulting to its midpoint. For every
criterion use the same calibration bands:

• 8–10: the criterion is fully or substantially met; any deviations are minor;
• 4–7: the criterion is partially met; notable deficiencies are present;
• 0–3: the criterion is not met; deficiencies are severe.

The four criteria are:
1. Realism: how realistic and lived-in the room looks, ignoring texture, lighting, and doors.
2. Functionality: how well the room supports its intended activities, such as sleeping or work-

ing.
3. Layout coherence: whether furniture is arranged logically, in a good pose, and well sized.
4. Completeness: how complete and finished the room feels.

Reason briefly for each criterion, then output only:

{"realism": {"score": INT, "justification": STRING},
"functionality": {...}, "layout coherence": {...}, "completeness":
{...}}

25


	Introduction
	Related Work
	Method
	Hierarchical Visual Sampling
	Contract-Guided 3D Compilation

	Experiments
	Scene Generation
	Main Results
	Ablation Study

	Object-Goal Navigation Learning
	Training from Scratch
	Fine-Tuning a Pretrained Policy


	Conclusion
	Implementation Details
	Baseline Configurations
	Zone-Wise Visual Proposals
	Contract-Guided Scene Compilation
	Wall and Surface Object Placement

	Evaluation Protocols and Metric Definitions
	Layout Distribution Discrepancy
	Physical Plausibility
	Visual Quality

	Additional Scene Generation Results
	Physical Stability
	Real-Layout Distribution Alignment
	Cost and Efficiency

	Ablation Details
	Retrieval
	Proposal Source and Contract-Guided Compilation

	Object-Goal Navigation Learning
	Training Sources
	Navigable Space in the Training Scenes
	Training from Scratch
	Fine-Tuning a Pretrained Policy
	Further Evidence on Fine-Tuning

	Qualitative Results
	Prompt Templates
	Functional Zoning
	Relation-Contract Extraction
	Visual-Quality Evaluation


