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Abstract. In this paper, we propose RoomPlanner, the first fully au-
tomatic 3D room generation framework for painlessly creating realistic
indoor scenes with only short text as input. Without any manual layout
design or panoramic image guidance, our framework can generate explicit
layout criteria for rational spatial placement. We begin by introducing a
hierarchical structure of language-driven agent planners that can auto-
matically parse short and ambiguous prompts into detailed scene descrip-
tions. These descriptions include raw spatial and semantic attributes for
each object and the background, which are then used to initialize 3D
point clouds. To position objects within bounded environments, we im-
plement two arrangement constraints that iteratively optimize spatial
arrangements, ensuring a collision-free and accessible layout solution.
In the final rendering stage, we propose a novel ReachView Sampling
strategy for camera trajectory, along with the Interval Timestep Flow
Sampling (ITFS) strategy, to efficiently optimize the coarse 3D Gaussian
scene representation. These approaches help reduce the total generation
time to under 30 minutes. Extensive experiments demonstrate that our
method can produce geometrically rational 3D indoor scenes, surpass-
ing prior approaches in both rendering speed and visual quality while
preserving editability. The code will be available at https://kaitlina-
s.github.io/RoomPlanner/.

1 Introduction

Text-to-3D scene generation aims to convert textual descriptions into 3D en-
vironments. This paradigm is intended to reduce cost and lower the expertise
barrier, and it supports a range of downstream applications, such as embodied
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AT [2,/34], gaming [43], filmmaking, and augmented/virtual reality [27]. Benefit-
ing from the success of generative models [1332] and implicit neural represen-
tations [17,)24], many methods have advanced text-to-3D object generation and
achieved substantial progress. However, extending from individual 3D assets to
complete 3D scenes remains challenging. One key reason is that scene layout
requires additional context and often involves substantial human effort. Accord-
ing to the sources from which layout information is obtained, existing text-to-3D
scene generation methods can be broadly categorized as I. visual-guided methods
and II. rule-based methods.

Visual-guided methods extract implicit spatial information from visual repre-
sentations, e.g., multi-view RGB images or panoramas. These methods typically
adopt a two-stage framework in which image generation serves as an intermedi-
ate step, followed by an implicit neural representation network that reconstructs
a 3D scene from the generated images. Some methods |1520] provide the implicit
rendering network with objects and background as an indivisible whole. Con-
sequently, the resulting continuous representations lack object-level decoupling,
which substantially limits practical use. These approaches can also produce foggy
or distorted geometry, as shown in Fig. [I| (b). Rather than being directly con-
strained, the layout configuration is learned through a text-to-image generation
model, which is optimized by aligning generated images with the input text us-
ing a similarity score. Therefore, the optimization of the scene configuration is
bounded by the capability of the image generation model, which makes direct
control of layout through textual descriptions difficult.

Rule-based methods construct layout information for 3D environments using
predefined rules derived from physical relationships and constraints. Early meth-
ods [31|8/14,/23] rely on manually crafted prompt templates or human-designed
layouts for initialization, which facilitates the generation of physically plausi-
ble scenes. This procedure requires specialized expertise and often involves a
tedious trial-and-error process to refine predefined spatial attributes of objects,
e.g., position, size, and rotation etc. This human-in-the-loop paradigm increases
the demand for human labor and can hinder end-to-end training. In a separate
line of research that aims to reduce human effort in layout design, data-driven
approaches formulate scene synthesis as a 3D asset arrangement problem within
a bounded environment. Recently, LLMs have been introduced to automate the
creation of 3D scenes [1}[1039/41/42|. LLMs translate unstructured language into
structured spatial representations, which reduces dependence on rigid templates.
However, reliance on existing 3D assets limits the versatility and flexibility re-
quired to generate diverse and novel scenes.

A simple yet effective approach is to couple layout composition with gen-
erative rendering [19,|38]. High-quality rendering requires effective view selec-
tion and reliable camera-trajectory sampling, but a semantically reasonable and
collision-free layout can still prevent camera traversal within a room and limit
approaches to target objects. This mismatch yields low-quality or missing object-
centric views, degrades the observation set, and induces sticky or merged arti-
facts during downstream optimization. Furthermore, object-level editing requires
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Fig. 1: Compared to previous methods, i.e., the visual-guided method Pano2Room
and the rule-based method DreamScene , our approach generates indoor scenes
with (a) higher realism, (b) smoother mesh structures, and (c) support for diverse
editing operations, including rotation, translation, importing/deleting 3D assets, and
style variations.

object-level decoupling and stable scene organization, which increases the need
for explicit and controllable layout constraints. These considerations motivate a
unified design that optimizes layout for rendering performance while maintaining
editing flexibility, and couples camera planning with render-time scheduling.

In this paper, we present RoomPlanner, a fully automatic framework that
generates differentiable 3D indoor scenes and explicit layout constraints from
short textual prompts, without manual layout authoring or panoramic-image
guidance. RoomPlanner is motivated by a central observation: high-quality ren-
dering depends on effective camera-trajectory sampling, yet layouts produced
from text or handcrafted rules often fail to guarantee camera traversal and cov-
erage of key objects. This mismatch degrades the observation sampling and fre-
quently leads to low-quality views for some objects and sticky or merged artifacts
during downstream optimization. RoomPlanner addresses this issue by coupling
layout design with rendering requirements and incorporating renderability as a
first-class objective throughout generation.

First, RoomPlanner translates short prompts into an executable scene spec-
ification and a renderability-aware initial layout. The high-level planner identi-
fies the target scene type and key objects from contextual semantics, while the
low-level planner infers object and background scales and provides layout rules
aligned with real-world dimensions. Given this specification, RoomPlanner uses
Text to 3D Assets model to create point-cloud 3D assets and places object
assets in the scene via iterative optimization with continuous constraint checking
and iterative updates. In addition to collision constraints that resolve overlaps, a
reachability constraint incorporates traversability of camera trajectories into the
layout objective, since spacing or occlusion relations can block traversal, reduce
close-up coverage, and degrade the observation set, lowering identifiability for
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downstream optimization. ReachView therefore constrains traversable camera
space during layout optimization via A* path planning with agent-based colli-
sion checks, improving observation coverage before rendering optimization and
reducing degradation from non-traversable layouts, as shown in Fig. [1f (c).

Next, RoomPlanner couples camera-trajectory sampling with optimization
scheduling to improve local geometric detail and global semantic consistency in
a single rendering pass. A rendering module integrates Interval Timestep Flow
Sampling (ITFS) with reflection flow matching and hierarchical multi-timestep
sampling. By leveraging a 2D diffusion prior and fine-grained scene descriptions
produced by the LLM planners, the module produces continuous 3D represen-
tations with realistic appearance and rich semantics. ITFS and ReachView are
coupled: close object-centric views prioritize earlier timestep intervals to sharpen
geometry, while global views prioritize later intervals to improve cross-object
semantic consistency. Finally, object—environment decoupling is achieved by in-
serting optimized objects into the scene to supplement environment generation,
which reduces duplicated, non-editable artifacts and enables flexible editing of
object affine parameters and text descriptions for objects and environments (e.g.,
repositioning, insertion or deletion, and style changes). Consequently, the pro-
posed pipeline produces high-fidelity scenes in a single optimization stage and
reduces overall runtime by nearly 2x compared to prior work.

2 Related Work

2.1 Text-to-3D Object Generation

Existing 3D scene generation methods can be broadly classified into two cate-
gories: I. Visual-Guided, and I1. Direct regression methods. Visual-Guided meth-
ods [21}35] rely on pretrained 2D diffusion models, which can lead to error ac-
cumulation during the subsequent image-to-3D conversion process. While Mag-
icTailor [45] addresses the issue of semantic pollution in the text-to-image stage,
the resulting continuous representations still struggle with object-level decou-
pling. Direct regression methods [16}/26] focus on generating 3D assets directly
from input text. Although 3D object generation has made significant advance-
ments, directly applying a similar philosophy to solve 3D scene generation is still
very challenging. Due to the lack of high-quality text-to-3D scene datasets, it
hinders the ability to implement a feed-forward network directly. Furthermore,
incorporating layout information adds an additional layer of complexity to the
scene synthesis process.

2.2 LLM driven 3D Scene Generation

As discussed in §Introduction, rule-based methods can utilize explicit layout in-
formation to generate accurate and diverse 3D layouts. However, designing an
effortless mechanism for layout arrangement remains an open question in 3D
scene synthesis. With the reasoning capabilities of LLMs, works such as Layout-
GPT [7] and SceneTeller |28] can generate visual layouts and place existing 3D
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assets for scene synthesis. However, because of the single-step planning strat-
egy, their output often exhibits physical implausibilities, e.g., floating objects
or intersecting geometries. Additionally, they tend to perform suboptimally in
complex scenes with numerous objects, mainly due to the absence of spatial
constraints.

On the other hand, LLM-driven frameworks aim to reduce human effort
in the 3D layout arrangement task. To improve layout rationality, recent rein-
forcement learning-based methods utilize constraint solvers to enhance physical
validity. Holodeck [42] and its extensions [1,[11,|41] translate relational phrases
into geometric constraints, which are optimized using gradient-based methods
to eliminate collisions. Diffuscene [33] and Physcene [40] incorporate physics en-
gines to simulate object dynamics, iteratively adjusting parameters derived from
LLMs to ensure stability. Despite advances in realism, their reliance on exist-
ing 3D assets limits the versatility and flexibility needed for generating diverse
and innovative scenes. Beyond these layout arrangement approaches, our model
provides a fully automated pipeline for generating complete and controllable 3D
scenes, including individual decoupling objects.

3 Preliminary

8D Layout Arrangement Given layout descriptions, the goal is to arrange un-
ordered 3D assets from existing datasets within a bounded 3D environment. For-
mally, given a layout criterion ¢ayout, @ room space defined by four walls along
cardinal directions {w1,..., w4}, and a set of N 3D meshes {m,...,my}, the
objective is to synthesize a 3D scene that best satisfies the spatial relationships
in the layout specification. Previous methods [1,|6}/42] formulate indoor layout
as a 3D reasoning task and place objects according to open-ended language in-
structions. These methods typically assume upright input objects and use an
off-the-shelf vision-language model (VLM), e.g., GPT-4 [29], to estimate front-
facing orientation. As a representative example, LayoutVLM |1] annotates each
object with a concise text description s;, and defines axis-aligned bounding-box
size b; € R? after rotating the object to face 4+x. The target output is object pose
pi = (x4, i, zi,0;), which contains 3D position and rotation around the z-axis.

Neural Representation Unlike explicit representations such as meshes or point
clouds, implicit neural representations optimize a 3D model through differen-
tiable rendering. Two common formulations are Neural Radiance Fields [24]
and 3D Gaussian Splatting (3DGS) [17]. 3DGS represents a scene as a set of
3D Gaussians {G;},, where each Gaussian has center y; € R3, covariance
¥; € R3%3, color ¢; € R3, and opacity o; € R'. For an offset Az from center
11, the Gaussian kernel is written as G(Az) = exp(—3A2”7 21 Az). The Gaus-
sian parameters are optimized through differentiable rasterization by comparing
rendered projections with training views using image-based losses. In text-to-3D
settings, ground-truth (GT) images are usually unavailable. Existing methods
therefore use diffusion priors to generate pseudo-GT images for distilling the 3D
representation.
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Fig.2: RoomPlanner follows a ‘Reasoning-Grounding, Arrangement, and Optimiza-
tion’ pipeline, decomposing the complex 3D scene generation task into scalable sub-
tasks.

Diffusion Models Diffusion models generate data by iteratively denois-
ing samples from pure noise. During training, the noisy sample x; from data
X ~ Pdata is defined as x; = \/@; x + /1 — ay€, where € ~ N(0,1) is standard
Gaussian noise and a; controls the noise level. Discrete diffusion timestep t is
sampled from a uniform distribution p; ~ U(0, t;naz). The denoising network 6
predicts injected noise €y and is optimized with the score-matching objective:

L0 = Exppun. tmps oo |6 = €olxe, D3]

DreamFusion distills 3D representations from a 2D text-to-image diffu-
sion model through Score Distillation Sampling (SDS). Let 6 denote parameters
of a differentiable 3D representation, and let g denote a rendering function. For
camera pose ¢, the rendered image is z¢g = g(0, ¢), where ¢ is a clean (noise-free)
rendering. A noisy view at timestep t is: ; = ay x¢ + o4 €. SDS then distills 6
through a frozen 2D diffusion model ¢:

VoLsps(0) = Ege.c lw(t) (€p(xt5y,t) — €) X %]a (1)

where w(t) is a timestep-dependent weight and €y is the noise estimator of the
frozen diffusion model ¢ conditioned on the text prompt .

4 Methodology

RoomPlanner is a fully automated pipeline that generates complete, complex,
and controllable 3D indoor scenes from concise user prompts. As shown in Fig.
the framework consists of three stages. First, a hierarchical LLM-driven planner
infers the target room type and produces detailed textual descriptions {y; }}¥, for
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Algorithm 1 RoomPlanner Framework

Input: short-prompt description I

Output: 3D room scene Scene*

// High-Level Reasoning

(0,8) +— LLMPARSE(T)

// Low-Level Grounding

P «+ IniTPOINTCLOUD(O, S)

(0,8) < ALIGNSIZES(O, S, P)

// Layout Arrangement I: Collision Constraint
Playout ARRANGE(@, S, P)

: for t1 = 1 to maxTimelter do

._.
=

11: if not COLLISIONFREE(¢layout) then

12: Playout — FIXLAYOUT(@layout, collision)

13: else

14: break > collision-free layout @rayout found
15: (ﬁlayout «— Playout

16: // Layout Arrangement II: Reachability Constraint

17: for t = 1 to maxTimelter do

18: if not REACHABLE(Qlayout) then

19: Playout — FIXLAYOUT(Playout, reachable)

20: else

21: break > reachable layout ¢f, o, found
22: // Differentiable Scene Rendering

23: T < REACHVIEW(©lhyout)

24: Scene” < ITFS(olyyout, T)

individual assets together with a scene-level layout specification yscene. Second,
an initial 3D point cloud is generated for each asset via a text-to-3D object gen-
erator [16,36] conditioned on y;, while a layout planner determines collision-free
and traversable poses for the aligned assets, yielding a scene map that includes
object coordinates, orientations, physical properties, and style descriptions. The
assets are then placed into the room coordinate system according to the pre-
dicted poses. Finally, single-stage differentiable scene optimization is performed
using Interval Timestep Flow Sampling together with ReachView camera tra-
jectories constructed on the traversable map induced by the layout, producing
realistic renderings with high 3D consistency.

4.1 Hierarchical LLM Agents Planning

Given a concise user prompt 7', such as “A bedroom”, the high-level planner
leverages the reasoning capability of LLM agents to semantically expand T and
identify object categories that are appropriate for scene population. The planner
selects object types that match the scene style implied by the prompt and pro-
duces an indexed set (O;, S;) for the room. Subsequently, a low-level LLM agent
planner augments these assets with stylistic, textural, and material attributes.
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For spatial grounding, text-to-3D object generator [16436] is used to generate
a point cloud representation p; = (x;, v, 2i,¢;) for each object O;. Candidate
center coordinates (z%,yf, z¢) are then estimated to initialize object positions
in the scene. Each object O; is associated with a semantic label. To ensure
semantic and physical plausibility, a physical agent aligns the real-world scale of
each object and rescales it when inconsistencies are detected. The updated object
parameters and spatial context (OA“ S’Z) are serialized for downstream modules.

Further details are provided in the supplementary material.

4.2 Layout Arrangement Planning

Taking the detailed layout criterion ¢jayout = (Ol, 5’1-, pi) as input, indoor scene
generation is formulated as a layout arrangement problem in an enclosed space
with four walls, following the strategy of a prior 3D layout arrangement method [42].
The process starts by constructing structural elements such as floors, walls,
doors, and windows, followed by the placement of floor-mounted furniture and
wall-mounted objects. The layout is then refined via interactive optimization by
enforcing two constraints, as specified below.

Collision Constraint Given the spatial constraints @iayout inferred by LLM agents,
a depth-first search algorithm, inspired by Holodeck [42], is used to identify feasi-
ble placements for object candidates. Objects are placed sequentially according
to inferred symbolic rules, such as positioning objects close to walls, aligning
objects with other objects ( e.g., nightstands beside a bed), or orienting objects
in specified directions. To improve layout quality, wall-mounted object types are
decoupled from ground-level object types while ensuring that both categories fol-
low the same symbolic reasoning process. Each candidate placement is accepted
only if it passes a conservative overlap test on object footprints, where boundary
touching is permitted, and a room-boundary containment check. In addition, a
small size buffer is applied during candidate generation to reduce near-collisions.
Specifically, a collision-aware layout reward R.o is defined to ensure physical
feasibility:

N W
Reon =~ D 1oUsn(biby) + 3> ToUsp(bi, i), (2)

1<i<j<N i=1 k=1

where b; and b; represent the bounding boxes of objects, and b}é’a” denotes
the bounding boxes of wall structures. IoUsp measures the overlap between two
candidate 3D bounding boxes. A layout is valid only when R.o; = 0. In practice,
colliding candidates are discarded during search, which is executed under a fixed
time budget; objects that cannot be placed without collisions within this budget
are omitted from the final layout.

Reachability Constraint Beyond collision avoidance, navigability is enforced by
requiring all objects to be accessible to a virtual agent represented by the bound-
ing box b®9¢"t. This reachability design directly benefits later camera
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trajectory planning, since the agent and the camera can share the same
traversability map and shortest-path solver. Firstly, the 3D Scene Map is ras-
terized into a 2D traversable map, where occupied regions are conservatively
expanded to account for the clearance of the agent and the camera. The A*
search algorithm is then applied from a fixed starting point ( e.g., a doorway or
an anchor asset) to a set of near-object contact locations. An object is considered
reachable only if at least one valid path exists. The reachability reward Ricach

is defined as:
N

Rreach = — Z 1 [ﬂi = w}a (3)

=1

where 7; denotes the A* path to object ¢ on the traversable map (and 7; = () if
A* fails). If an object is deemed unreachable, local resampling is applied within
a restricted grid neighborhood during the search process; if no viable solution is
identified within the time budget, the object is removed from the layout. This
constraint also provides a feasible traversable map for subsequent ReachView
trajectory generation. This integrated reasoning process ensures both physical
plausibility and functional accessibility of the final layout ¢f, .-

4.3 Differentiable Scene Optimization

ReachView Camera Trajectory Sampling Unlike prior scene generators that rely
on fixed or weakly constrained camera policies [8}18,[19], ReachView samples
cameras on the same traversable map used by the reachability constraint. We
rasterize room bounds and object footprints into a 2D occupancy map, dilate
occupied cells for camera clearance, and reject poses that violate room bounds,
collide with assets, or lose line of sight to the target object. This coupling makes
the rendering cameras consistent with the physically feasible layout instead of
treating view selection as a post-processing step.

ReachView then decomposes supervision into two modes (Fig. [3]). The scene-
centric global walk starts from an anchor location such as a doorway, visits ob-
jects in nearest-neighbor order, and samples poses along gain-aware A* paths to
preserve room-level context. The object-centric orbit samples upper-hemisphere
close views around the current target to strengthen local geometry and appear-
ance. The final hybrid trajectory interleaves these modes, producing the intended
“zoom-in and zoom-out” behavior: optimization repeatedly alternates between
holistic scene context and close object inspection rather than overusing either
distant global views or isolated local views.

Interval Timestep Flow Sampling In the rendering stage of Fig. [2] an Interval-
Timestep Flow Sampling (ITFS) strategy is introduced to improve the quality
of raw 3D scene representations by using a range of timesteps to generate 2D
diffusion views. The approach integrates ITFS with reflection flow matching
and multi-timestep sampling to optimize scene quality from coarse to fine while
enhancing semantic details (visualized in Fig. |5]).
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Fig. 3: Camera trajectory modes in ReachView. Red arrows denote camera view direc-
tions. The global walk covers room-level context, the object orbit provides close target
views, and the hybrid trajectory interleaves both modes for balanced scene and object
supervision.

Conditional Flow Matching (CFM) [22]| provides an effective framework for
training continuous normalizing flows due to computational efficiency and strong
empirical performance. To obtain higher-fidelity priors, ¢ is instantiated with
Stable Diffusion 3.5 |4], which adopts a rectified-flow formulation to model for-
ward and reverse processes through a time-dependent vector field. The forward
interpolation is defined as x(t) = (1 — ¢) zo + t€, where € ~ N(0,I), and the
reverse field v(z,t) = % is approximated by a neural network vg. The training
process follows the CFM objective:

Loma(6) = Eve |w(t) [va(ziit) = (e = ao)ll3] -

Building on the CFM objective and SDS, a Flow Distillation Sampling
(FDS) strategy is introduced, with gradient VyLpps defined as:

dg(0, c)} -

Ee {w(t) (vp(z;y,t) — (€ — 20)) X 50

(4)

Empirically, smaller timesteps (e.g., ¢ € [200,300]) emphasize geometric
structures, whereas larger timesteps (e.g., ¢ > 500) favor semantic alignment,
which is consistent with observations in DreamScene [19]. Since FDS samples
only a single timestep, it does not exploit both regimes simultaneously. To ad-
dress this limitation, ITFS aggregates supervision from multiple timestep inter-
vals {¢;}7*, and optimizes:

0g(0,
E{t),e Zw v¢xtl,y,t) (e—mo))x%, (5)

where m denotes the number of sampled timesteps.
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Fig. 4: Qualitative comparison on interactive indoor scene generation with Set-the-

Scene , GALA3D , and DreamScene .

Mode-aware interval design. To align diffusion supervision with ReachView ob-
servations, mode-dependent interval selection is adopted. When the camera oper-
ates in the Zoom-in object-centric close-range mode, timesteps are sampled from
t € [200,600] (e.g., combining [200, 400] and [400,600]) to strengthen geometric
fidelity and local physical details. When the camera follows the scene-centric
global trajectory and the view covers multiple assets, timesteps are sampled
from ¢ € [400,800] (e.g., combining [400, 600] and [600, 800]) to reinforce seman-
tic consistency and overall scene harmony. This multi-interval strategy enables
early optimization steps to refine geometric features and later steps to consoli-
date semantic coherence, thereby producing 3D scenes that are both structurally
accurate and visually consistent. Due to space constraints, detailed experimental
results are provided in the supplementary material.

5 Experiments

Implementation Details We use GPT-40 as the LLM agent for both reason-
ing and grounding. Shap-E provides initial object point clouds, and Stable
Diffusion 3.5 Medium [5] guides 3DGS optimization. Unless otherwise stated, all
methods run on one NVIDIA RTX 4090 (24GB) with 1500 rendering iterations
at 512 x 512 resolution.

5.1 Qualitative Results

The Fig. 4] presents side-by-side comparisons with state-of-the-art baselines.
GALA3D [23] often shows limited asset diversity, while Set-the-Scene [3] exhibits
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Layout  End-to-End Room Realistic Realistic Surface

Type Method Planning Generation Scene Edition (object) (scene) Reconstruction
Text2Room [14] - - - - v v 4
. . SceneWiz3D [44] = = - v - v
Visual-Guided Pano2Room [31] B B B v B v
Director3d_|20] - - - v v
ScenedU [15] - - v - - v
Set-the-Scene v - - - v v v
GALA3D E_] v v - v v - -
Rule-based AnyHome 8] v - v v v - v
ule-base GraphDreamer |9] v v - v v - -
DreamScene [19] 4 v - v v v -
| Ours | v v v v v v v

Table 1: Comparison of 3D indoor scene synthesis methods, categorized into rule-based
and visual-guided approaches. v' means capability supported; ‘-> means without that

capability. Our method demonstrates comprehensive capabilities across all metrics.

Input

m=1 (~ 12min) m=2 (~ 17min) m=3 (~20min)

Fig. 5: Effectiveness of ITFS. The coach labels in yellow boxes guide the orientation
towards a more rational perspective. As the timesteps progress from m = 0 to m = 3,
the scene quality is optimized from a coarse representation to a fine depiction, enriched
with more semantic details.

geometric discontinuities. DreamScene tends to produce opacity artifacts
and coarse surface geometry. In contrast, our method produces physically plau-
sible scenes with cleaner object separation and stronger editability. Controlled
runtime and policy comparisons are provided in the supplementary material.

Effectiveness of ITFS As illustrated in Fig. [}] our method leverages implicit
layout knowledge obtained from a 2D generation model to further optimize the
3D scene. The proposed ITFS strategy significantly enhances scene generation by
refining object orientation and detail. The coach labels in the two yellow boxes
guide the orientation to achieve a more rational and coherent perspective. As
the timesteps progress from m = 0 to m = 3, the scene quality is optimized from
a coarse representation to a fine, detailed depiction. This progression not only
improves geometric accuracy but also enriches the semantic details, resulting in
a more realistic and contextually appropriate rendering.
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Method ‘ User Study (1-5) ‘ Automatic Metrics

| + Rationality 1 Quality +AS tIR 1CSg
Set-the-Scene 1.13 2.80 4.83 41.10 26.05
GALA3D 2.61 3.22 5.07 42.67  25.40
DreamScene 3.10 3.15 5.13 43.85  26.77
Ours 4.10 3.86 5.31 48.83 28.44

Table 2: Quantitative evaluation on indoor scene generation. Rationality and Quality
are user-study scores, while AS, IR, and CS are automatic image-text metrics.

5.2 Quantitative Results

User Study for Semantic Alignment We conduct a user study to evaluate scene
rationality and visual quality. We select five common indoor scene types (i.e., liv-
ing room, kitchen, dining room, bedroom, and office). Thirty participants (pro-
fessional interior designers, Embodied-Al engineers, and graduate students) score
rendered scenes in randomized order on a 1-5 scale. We report the mean across
participants. The evaluation includes:

— Rationality: physical plausibility and functional layout quality, including
geometric consistency, collision-free placement, and human reachability.

— Quality: perceptual visual quality and text-scene consistency, including
lighting, material realism, and semantic alignment.

As shown in Tab. 2] our method achieves the highest mean scores on both Ra-
tionality and Quality.

3D Scene Generation Quality As shown in Tab. 2] we also report three au-
tomatic metrics: Aesthetic Score (AS) [25], ImageReward (IR) [37], and CLIP
Score (CS) [12]. Because these are 2D proxy signals on rendered views, we inter-
pret them jointly with user-study and layout-centric metrics. Set-the-Scene [3],
GALA3D |23], and DreamScene [19] obtain lower scores due to limited scene di-
versity and reduced rendering realism. Our method achieves the strongest overall
performance under this protocol.

Layout Quality To evaluate scene lay-

outs, we report two physical metrics Table 3: Layout quality summary.
in Table collisions (Col) and out- Col: colliding object pairs; OOB: out-of-
of-bounds (OOB). We compare our bounds objects; Reach: % objects reach-
method against three contemporaneous able via A* from the start anchor.
approaches. All methods use the same pethod Col, OOB| Reacht
assets provided by a Text-3D generator
controlled by the low-level agent across HOLODECK 0.00  0.87 97.3
five scenes (living room, kitchen, dining LayoutVLM 1109  7.53 86.2
room, bedroom, and workplace), and Our 0.00 0.20 100.0
we report averages over these scenes.
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A) w/o ITFS & w/o ReachView B) ITFS & w/o ReachView C) ITFS & ReachView

Fig. 6: Rendering results for bedroom and living room in the ITFS and ReachView
ablation study.

Our method achieves physical metrics comparable to Holodeck and outperforms
LayoutGPT |7] and LayoutVLM , indicating that the Reachability Constraint
designed for ReachView effectively reduces collisions and out-of-bounds errors.

Ablation Study To evaluate the effectiveness of our core design, we conducted
ablation experiments to isolate the contribution of each component. We consid-
ered three variants: (A) remove ReachView and ITFS and optimize the scene
using conventional camera trajectories and SDS; (B) remove ReachView and
render using ITFS only; and (C) render using both ReachView and ITFS. As
shown in Figure |§|, using only SDS leads to oversaturation/overexposure. When
ReachView is omitted, scenes and objects lose detail and exhibit geometric in-
stability. For example, doors and windows become less distinct and armchairs
geometry becomes unstable.

6 Conclusion

We present RoomPlanner, a text-to-3D room generation framework that cou-
ples LLM-based scene specification, reachability-aware layout arrangement, and
ReachView /ITFS-based rendering. Experiments show that this coupling im-
proves scene rationality, visual quality, and editability while reducing runtime
compared with prior pipelines.

Limitation Our current implementation is tuned for a single NVIDIA RTX
4090 (24GB). This memory budget limits Gaussian growth in later optimiza-
tion stages, which can reduce fine light-transport and material detail. Future
work will study more memory-efficient representations and broader analyses of
view-budget efficiency and distillation stability.
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