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A house contains a computer room, a bedroom 
and a big dining room. Totally 4 rooms.

LLM

LCM
(Text-to-3D)

3D Layout
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lamp
bed
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Environment 
Optimization

“A Gypsy style entrance, beautiful 
floor, a window on wall, 
photorealistic, HD, 8K”

“A Bohemian style bedroom, 
beautiful floor, a window on wall, 

photorealistic, HD, 8K”

“A Neo-Hippie style dining room, 
beautiful floor, a window on wall, 

photorealistic, HD, 8K”

A traditional chinese study room, 
beautiful floor, a window on wall, 

photorealistic, HD, 8K1 2

3 4

Scene Object 
Generation

Layout Generation

Figure 1: From a textual scene description, SceneLCM delivers fast, high-fidelity multi-room generation
through an automatic and interactive pipeline uniting LLM-guided layout generation with latent consistency
optimization of objects and environments.

ABSTRACT

Automatically generating complex, realistic, and interactive indoor scenes from
user prompts remains a formidable challenge, requiring scalability to multi-room
environments, physical plausibility, controllable editing, and minimal human in-
tervention. Existing paradigms, such as text-to-3D synthesis and layout-based
retrieval, provide complementary advantages but suffer from limited automation,
structural incompleteness, suboptimal textures, and inefficiency in large-scale set-
tings. To overcome these limitations, we introduce SceneLCM, an automatic and
interactive framework that integrates Large Language Model (LLM)-driven lay-
out generation with Latent Consistency Model (LCM)-based scene optimization.
Central to SceneLCM is the proposed Consistency Trajectory Sampling (CTS)
loss, which maintains self-consistency during LCM optimization, enabling faster
convergence and higher-fidelity 3D generation with theoretically bounded distilla-
tion error. Built upon CTS-guided LCMs, the SceneLCM pipeline comprises three
key stages: (1) Layout Generation — LLM-guided 3D spatial reasoning trans-
forms textual descriptions into parametric floorplans and object configurations, re-
fined via iterative programmatic verification and cluster-based object orientation;
(2) Scene Object Generation — objects are represented as 3D Gaussians and
optimized with CTS for efficient, photorealistic results; (3) Environment Opti-
mization — a normal-aware texture field encodes multi-resolution scene appear-
ance, optimized with CTS along Zigzag camera trajectories to ensure geomet-
ric and texture coherence. Extensive experiments demonstrate that SceneLCM
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produces high-quality, diverse, and physically coherent single- and multi-room
scenes, while supporting texture editing and physically plausible modifications.
Ablation studies validate the critical role of CTS in enabling high-quality, rapid
generation across all scene components. The implementation will be publicly re-
leased to support reproducibility and foster further research.

1 INTRODUCTION

Generating diverse indoor scenes is critical for Embodied AI and AR/VR applications, yet creat-
ing multi-room environments with physical realism remains highly challenging due to substantial
knowledge requirements and computational costs (Community, 2018; Unity Technologies, 2023;
Epic Games). Recent works have explored this problem through two main paradigms: text-to-3D
generation (Yang et al., 2024a; Liang et al., 2024; Zhong et al., 2024; Li et al., 2024a;b) and layout-
based object retrieval (Yang et al., 2024b; Fu et al., 2024; Wang et al., 2024b; Lin & Mu, 2024).

Despite notable progress, both paradigms face fundamental limitations. Text-to-3D methods achieve
high-fidelity asset generation with photorealistic textures but struggle with generating large-scale
multi-room environments, decoupling furniture components for parametric editing and physi-
cal plausibility, keeping optimization time manageable in large environments, and achieving full
pipeline automation without requiring manual specification of layouts and camera trajectories (Yang
et al., 2024a; Li et al., 2024a). In contrast, layout-based retrieval methods scale better for large
scenes, but one-shot LLM prompting often leads to overlapping or misoriented objects, they fre-
quently neglect texture optimization and omit essential structural elements such as windows, ceil-
ings, and walls, and they rely heavily on large, annotated databases for inference.

To address these challenges, we propose an automatic, interactive indoor Scene generation pipeline
using Latent Consistency Models, termed SceneLCM, which combines text-to-3D and layout-based
generation with LCM (Song et al., 2023; Luo et al., 2023) to efficiently produce high-fidelity, real-
istic, and diverse multi-room scenes, as illustrated in Fig. 1.

SceneLCM leverages LCMs to enable fast and stable generation of 3D models, including scene
objects and environments. As distillation sampling strongly influences generation quality and speed
(Wu et al., 2024), we introduce a novel Consistency Trajectory Sampling (CTS) loss to guide
LCM optimization. CTS preserves the self-consistency of LCMs for high-fidelity generation while
enabling faster optimization. We further provide two theoretical justifications demonstrating the
self-consistency and bounded distillation error of CTS.

Built upon CTS-guided LCMs, the automatic generation pipeline of SceneLCM consists of the
following three main stages:

• Layout Generation: Given a user-provided scene description, LLMs are prompted to pro-
duce an initial layout, comprising the floorplan and object configurations, which is further
refined through iterative programmatic verification and cluster-based orientation assign-
ment (c.f. Fig. 2).

• Scene Object Generation: Scene objects are represented as 3D Gaussians and optimized
with an LCM under the proposed CTS loss to generate photorealistic objects efficiently
according to the specified texture descriptions (c.f. Fig. 3).

• Environment Optimization: A normal-aware texture field module models high-quality
environment textures, which are optimized with a CTS-guided LCM by rendering scene
images along a Zigzag camera trajectory to ensure comprehensive scene coverage (c.f.
Fig. 4).

Extensive experiments are conducted to evaluate the effectiveness of SceneLCM in generating
high-fidelity, realistic, and diverse scenes efficiently for both single-room and multi-room settings.
SceneLCM also demonstrates capabilities for texture and physically plausible editing, highlighting
its controllability and interactivity. Ablation studies further verify the effectiveness of individual
components, particularly the proposed CTS, which is central to applying LCMs for both scene ob-
ject generation and environment optimization.
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2 RELATED WORK

Text-to-3D Generation Text-to-3D generation primarily builds on Score Distillation Sampling
(SDS) (Poole et al., 2022; Wang et al., 2023a), which distills 2D text-to-image diffusion priors into
differentiable 3D representations through rendering-based optimization. Follow-up works (Huang
et al.; Zhu et al.; Lin et al., 2023; Wang et al., 2023b; Chen et al., 2023; Liang et al., 2024; Dai et al.,
2025) improve fidelity and efficiency with various 3D representations, while recent studies (Wu
et al., 2024; Li et al., 2024b; Zhong et al., 2024; Chen et al., 2024b) incorporate consistency-model
ideas (Song et al., 2023) to enhance multi-view coherence, albeit mostly heuristically. In contrast,
we formally connect our CTS loss to the consistency objective, providing a theoretical grounding
that strengthens both structural and text–view alignment in 3D generation.

Indoor Scene Generation Indoor scene generation methods can be broadly divided into layout-
based object retrieval and text-to-3D generation. Layout-based methods first generate a scene layout
and then retrieve objects from a database. Early approaches (Lin & Mu, 2024; Zhai et al., 2024)
used generative models (Goodfellow et al., 2014; Ho et al., 2020) for layout generation, but limited
3D scene datasets led to low robustness and novelty. More recent works (Fu et al., 2024; Yang et al.,
2024b; Deng et al., 2025) leverage LLMs/VLMs (Brown et al., 2020; Achiam et al., 2023) and
CLIP for object retrieval from text prompts, producing editable scenes but often neglecting texture
optimization, requiring annotated databases, and omitting key elements such as windows or walls.

Text-to-3D approaches (Zhang et al., 2024; Höllein et al., 2023; Schult et al., 2024) can generate
realistic visuals via image inpainting but suffer from limited 3D consistency and lack furniture ed-
itability. Some methods (Li et al., 2024a; Yang et al., 2024a) integrate layout guidance and SDS loss
for more controllable and realistic generation but cannot autonomously generate layouts, handle
many objects, or support editing. Our method addresses these limitations by providing an automatic
framework for controllable, high-detail scene generation with physically plausible editing.

3 CONSISTENCY TRAJECTORY SAMPLING FOR CONSISTENCY MODELS

3.1 PRELIMINARY

Consistency Model. Consistency Models (CMs) (Song et al., 2023) is proposed to enable single-
step or few-step generation by distilling knowledge from a pre-trained diffusion model (DM) (Ho
et al., 2020). The core idea is to learn a consistent function fθ(·, ·) with trainable parameters θ,
which directly predicts the denoised image x0 given a noisy sample xt and its corresponding time
step t. The model is trained by minimizing the self-consistency distillation loss:

LCD(θ, θ−) = E
[
w(t) ∥fθ(xtn+1

, tn+1)− fθ−(x̂tn+1→tn , tn)∥22
]
, (1)

where 0 = t1 < t2 < · · · < tN = T , and x̂tn+1→tn is computed using the ODE solver Φ(·). Here,
θ− denotes the parameters of target model, updated via an exponential moving average (EMA) of
θ. The objective of CM is to enforce the self-consistency condition along the probability flow ODE
trajectory {xt}t∈[0,T ], i.e., f(xt, t) = f(xt′ , t

′) ∀ t, t′ ∈ [0, T ]. In practice, the consistent function
f is parameterized through the noise prediction network ϵθ as:

f(xt, t) = cskip(t)xt + cout(t)
xt − σt ϵθ(xt, t)

αt
, (2)

where cskip(t) and cout(t) are differentiable functions, and αt, σt define the noise schedule.

Latent Consistency Model. While CMs operate directly in the pixel space, Latent Consistency
Models (LCMs) (Luo et al., 2023) extend this framework to the latent space of a pre-trained autoen-
coder. Specifically, a diffusion process is defined on the latent variable zt, which is computationally
more efficient and semantically richer than pixel representations. LCMs inherit the self-consistency
principle of Eq. (1), but replace xt with zt, leading to the latent consistency distillation loss:

LLCD(θ, θ−) = E
[
w(t) ∥fθ(ztn+1

, tn+1)− fθ−(ẑtn+1→tn , tn)∥22
]
, (3)

where ẑtn+1→tn is obtained via the ODE solver in the latent space. The model thus learns a consis-
tent mapping fθ(zt, t) that directly predicts the clean latent z0.

3
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LLM

Template
Task1: Design the 
floorplan of the 
house, contain... 
Task2: Design the 
ornaments added to a 
dining  hall located 
within…

+

Floorplan

furniture list: desk, chair, table, ...
furniture position: (120, 341), (134, 125), ...
furniture size: (5, 8, 5), (3, 3, 6), (6, 6, 6), ...

Scene Object Configuration

(ii) Layout Initialization

User
“A house with 4 room, 

traditional style ”

(i) Textual Description

loop

Program
set_size(4.41, 5.083, 2.5)
# list of furniture
desk1 = desk(..., 1.5, 0.75, 0.75)
office_chair1 = office_chair(..., 0.65, 0.65, 1.2)
...
# furniture location
location(place_center, desk1, 2.1, 1.5)
location(place_front(0.8), office_chair1, 2.1, 2.5)
...

execute

LLM
refine

(iii) Iterative Programmatic Verification

Group
Group1: desk1, chair1, lamp1
Group2: desk2, lamp2, chair2
...

LLM

Complete the Program
# furniture location
location(place_center, desk1, 2.1, 1.5, 
Orientation)
location(place_front(0.8), office_chair1, 2.1, 2.5, 
Orientation)
...

Orientation
desk1: desk1 > office_char1
office_chair1: office_chair1 > desk1

(iv) Cluster-based Orientation Assignment 

Final Program:
#list of furniture
desk1 = desk1(..., 1.5, 0.75, 0.75)
office_chair1 = office_chair(..., 0.65, 0.65, 1.2)
...
# furniture location
location(place_center, desk1, 2.1, 1.5, desk1 > office_char1)
location(place_front(0.8), office_chair1, 2.1, 2.5, office_chair1 > desk1)

(v) 3D Layout 

execute

Figure 2: An illustration of Layout Generation. Given (i) a free-form textual input, we (ii) prompt LLMs to
initialize the scene layout, including the floorplan and object configurations, (iii) apply iterative programmatic
verification until a conflict-free layout is obtained, and (iv) assign object orientations via cluster-based reason-
ing, ultimately (v) producing a valid multi-room 3D layout.

3.2 CONSISTENCY TRAJECTORY SAMPLING

In this work, we adopt CMs to optimize 3D models due to their ability to enable fast and stable
sampling. However, directly employing the original self-consistency distillation loss LCD in Eq. (1)
presents two limitations. First, when computing gradients with LCD, the Jacobian term of the entire
function f is typically omitted, which introduces approximation errors. In fact, several components
of the Jacobian (e.g., cskip(t), cout(t), αt and σt in Eq. (2)) can be computed exactly and therefore
should not be neglected. Second, LCD is incompatible with auxiliary techniques such as perpendic-
ular negative sampling (Perp-Neg), which require separating and explicitly handling the noise term
predicted by the noise prediction model ϵθ.

To address these issues, we derive a novel Consistency Trajectory Sampling (CTS) loss from LCD

that preserves the self-consistency property of CMs while decoupling the noise term:

LCTS = E
[
∥w1(t)

(
ϵθ(xs→t, t, y)− ϵθ(xs, s, ∅)

)
∥22︸ ︷︷ ︸

term1

+ ∥w2(s, t)
(
ϵθ(xs, s, ∅)− ϵ

)
∥22︸ ︷︷ ︸

term2

]
,

with w1(t) = cout(t)
(

σt

αt

)
, w2(s, t) =

[
cout(t)− cout(s)

](
σs

αs

)
.

(4)

Here, t > s are adjacent diffusion steps, xs = αsxπ + σsϵ, and xs→t denotes a less noisy sample
obtained via one deterministic ODE discretization step from xs. The random noise ϵ is sampled once
and fixed throughout optimization, while y denotes the text condition. Intuitively, the two terms in
Eq. (4) play complementary roles: term1 enforces local self-consistency within a sub-trajectory,
while term2 promotes global cross-step consistency along the entire ODE trajectory. For LCMs, the
CTS loss can be naturally extended by replacing xt with zt, analogous to Eq. (3).

Justification. We provide two theoretical justifications: (i) the proposed CTS loss is mathematically
equivalent to the Consistency Loss (Song et al., 2023), and (ii) upon convergence, it ensures the
generation of high-fidelity 3D models. These results correspond to Theorem 1 and Theorem 2 in the
Appendix, where detailed proofs are provided.

SCENELCM: SCENE GENERATION WITH LATENT CONSISTENCY MODEL

As shown in Fig. 1, SceneLCM generates indoor scenes through three stages: Layout Genera-
tion, Scene Object Generation, and Environment Optimization. First, a scene description is used
to prompt LLMs to produce a detailed layout, refined by iterative programmatic verification and
cluster-based orientation assignment. Second, high-fidelity 3D scene objects are generated using 3D
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3D Gaussians

Add Fixed Noise
!" = $" + &"' '(

ODE Sampling
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2345Back Propagation

“An official chair ... ; A comfortable chair ... ; A sofa ...”

Figure 3: An illustration of Scene Object Generation. Scene objects are represented as 3D Gaussians and
optimized with Latent Consistency Model under our proposed Consistency Trajectory Sampling loss.

Gaussians optimized with Latent Consistency Models (LCMs) and the proposed Consistency Trajec-
tory Sampling (CTS) loss. Third, the environment is textured and optimized using a Normal-Aware
Texture Field Module under CTS-guided LCM optimization along a Zigzag camera trajectory.

3.3 LAYOUT GENERATION

The first stage of our framework, illustrated in Fig. 2, focuses on generating the layout of the 3D
scene through the following three steps:

LLM-Prompted Layout Initialization. Given a user description of an indoor scene (e.g., a multi-
room house), we leverage Large Language Models (LLMs) (Achiam et al., 2023; Guo et al., 2025)
to generate an initial layout that specifies the floorplan of multiple rooms and detailed object config-
urations, including categories, positions, orientations, and texture descriptions (Fu et al., 2024).

Iterative Programmatic Verification. Since layouts generated by this direct prompting approach
may exhibit issues such as blank regions or overlapping objects, we introduce an iterative program-
matic verification mechanism. Specifically, the 3D layout is converted into executable programs
for conflict detection. Identified errors are then fed back into the LLM along with the program for
refinement, and this process is repeated until a valid, conflict-free layout is obtained.

Cluster-Based Orientation Assignment. To address orientation ambiguities, we introduce a
cluster-based strategy in which scene objects are first grouped into functional clusters by LLMs.
Within each cluster, object orientations are inferred from inter-object spatial relations (e.g., sofa
→ TV) rather than relying directly on cardinal directions (e.g., north/south). Once these relative
relations are established, they can be straightforwardly converted into cardinal orientations.

3.4 SCENE OBJECT GENERATION

The second stage focuses on generating 3D object models from the textual descriptions obtained
during layout generation. We adopt 3D Gaussians (Kerbl et al., 2023) as the differentiable represen-
tation of objects, owing to their efficiency, explicitness, and compositional flexibility. To optimize
these representations, we employ Latent Consistency Models (LCMs) (Luo et al., 2023) together
with our proposed Consistency Trajectory Sampling loss (LCTS in Eq. (4)), which enforces both
self-consistency and cross-consistency along the sampling trajectory, thereby enabling rapid and
faithful text-to-3D synthesis.

Fig. 3 illustrates the optimization of 3D Gaussian object models under LCTS . At each optimization
step, a rendered view of the 3D Gaussian is fed into a pre-trained diffusion model ϵθ to generate
two adjacent samples along the ODE trajectory. Consistency is then enforced between these sam-
ples, effectively distilling deterministic priors into the 3D representation. The overall optimization
objective is given by

Ltotal = LCTS + Lscale + Llayout + Lnormal, (5)

where Lscale, Llayout, and Lnormal serve as auxiliary losses that regularize object scale, spatial
placement, and geometry, respectively. Detailed formulations and the complete generation algorithm
are provided in the Appendix.
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“A cubism art style bedroom, floor with rich texture, 
window on texture wall, photorealistic, HD, 8K”
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Figure 4: An illustration of Environment Optimization. The environment is textured and optimized using a
Normal-Aware Texture Field Module under CTS-guided LCM optimization along a Zigzag camera trajectory.

We observe that once the 3D Gaussian representation acquires clear semantic signals aligned with
text prompts, injecting noise encourages variations that refine fine-grained alignment. However,
since most textual descriptions lack high-frequency details, the objective should shift from strict
alignment to detail enhancement. To this end, we adopt a two-stage optimization scheme: in the
first stage, noise is added to the rendered image and both terms of LCTS are applied; in the second
stage, xs is set as the noise-free rendered image and only term1 of LCTS is used, allowing the model
to focus on detail synthesis while improving training efficiency. The effectiveness of this scheme is
supported by our experimental results.

3.5 ENVIRONMENT OPTIMIZATION

After generating 3D scene object models, we place them into the empty environment planned from
the 3D layout produced in the first stage and proceed to colorize the environment using LCM with
our proposed CTS loss. The process consists of three main steps, as illustrated in Fig. 4:

Camera Pose Generation with Zigzag Trajectory. For complex multi-room scenes with varying
scales, a robust camera trajectory is essential to cover all areas. Existing approaches either rely on
pre-defined trajectories (Yang et al., 2024a), which require manual adjustment for different room
sizes, or use spherical trajectories (Chen et al., 2024a; Li et al., 2024a), which fail to accommo-
date all rooms. To address this, we propose a Zigzag camera trajectory that can be automatically
generated and adapts to arbitrary room sizes, with the camera and target closely following walls.
Specifically, the camera’s xy coordinates move opposite to the target’s motion, while its height is
inversely proportional to the target’s height. This design provides three advantages: (1) prevents dif-
fusion models from failing to recognize scene elements at short distances; (2) maintains favorable
angles between camera rays and surface normals; (3) maximizes object coverage, reducing texture
monotony in rendered views.

Image Rendering with Normal-Aware Texture Field Module. Given the sampled camera poses,
scene images are obtained for optimization by blending the rendered environment with scene object
RGB-D images according to their depth values, treating pixels with smaller depth as foreground.
Scene objects are rendered from the optimized 3D Gaussians and composited with the environment
to enforce style consistency. The environment is represented as a mesh, augmented with a Normal-
Aware Texture Field Module that models learnable textures while mitigating patch artifacts and
multi-view inconsistencies, following the design of SceneTex (Chen et al., 2024a).

As in (Chen et al., 2024a), the Normal-Aware Texture Field Module comprises a multi-resolution la-
tent texture field and a texture decoder that maps embeddings to RGB values. Since the environment
primarily consists of large planes such as ceilings, floors, and walls, consistent normals generally
correspond to consistent texture styles. To leverage this, normals are incorporated into the decoder.
For each rasterized UV coordinate, a UV mask isolates coordinates sharing the same normal to form
reference embeddings. A multi-head cross-attention module then integrates its rendered UV embed-
ding (Query) with these reference embeddings (Key and Value), followed by an MLP that projects
the enhanced embedding to RGB values.

Environment Optimization with LCM. Using the scene images rendered along the Zigzag camera
trajectory, we employ an LCM as a critic to optimize the texture field, following the SceneTex strat-
egy (Chen et al., 2024a). Optimization is performed with a pre-trained, frozen, depth-conditioned
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Figure 5: Qualitative comparisons of different methods on single-room generation.

diffusion model ϵθ under the proposed CTS objective LCTS until convergence. In practice, similar
to scene object generation, we adopt a two-stage optimization scheme when applying LCTS .

4 EXPERIMENTS

For the implementation of SceneLCM, we employ GPT-4 (Achiam et al., 2023) for 3D layout
generation, Point-E (Nichol et al., 2022) to initialize scene object representations, and the Latent
Consistency Model (Luo et al., 2023) for optimizing both scene objects and the environment. All
experiments across different models are conducted on a single A800 GPU to ensure fair comparison.

4.1 QUALITATIVE RESULTS

Single-Room Results. For single-room generation, we compare SceneLCM with several open-
source methods, including Text2Room (Höllein et al., 2023), Set-the-Scene (Cohen-Bar et al., 2023),
SceneCraft (Yang et al., 2024a), and DreamScene (Li et al., 2024a), with qualitative results shown
in Fig. 5. Text2Room, which relies on text-conditioned inpainting without explicit 3D layouts, pro-
duces scenes that are difficult to control or interact with. Set-the-Scene, based on NeRF composition,
cannot handle objects at varying scales, leading to blurred results. SceneCraft finetunes a 2D dif-
fusion model conditioned on layout images with an SDS loss, but struggles with layouts containing
many closely placed objects. DreamScene employs Formation Pattern Sampling and a progressive
camera strategy to integrate objects and environments, yet the absence of geometric constraints often
causes multi-view inconsistencies (e.g., the fused floor and bed in Fig. 5) and artifacts from uncon-
trolled Gaussian proliferation. In contrast, our model generates complex and realistic scenes while
ensuring multi-view consistency.

Multi-Room Results. SceneLCM is capable of generating multi-room scenes in a fully automatic
pipeline from user descriptions, whereas most existing methods are limited to single-room genera-
tion. The only exception is SceneCraft (Yang et al., 2024a), which relies on a finetuned diffusion
model conditioned on layout images. As shown in Fig. 6, we present qualitative comparisons with
SceneCraft using the same layout and camera trajectory for fairness. Our results exhibit more re-
alistic appearance and better alignment with the given layouts, while SceneCraft is constrained by
the limited generative capacity of the finetuned diffusion model. Additional multi-room results of
SceneLCM are provided in the Appendix.

Scene Editing Results. The pipeline of SceneLCM supports both texture editing and physically
plausible editing. As shown in Fig. 7(a), the first row demonstrates texture editing under four differ-
ent text conditions for environment optimization, while the second row illustrates physically plau-
sible editing, where a chair initially placed in mid-air falls naturally under gravity, simulated using
chair Gaussians (converted to mesh) within the 3D environment.
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Figure 6: Qualitative comparison between SceneCraft (Yang et al., 2024a) and our SceneLCM on multi-room
generation using the same layout and camera trajectory. Results are shown in order along the trajectory.
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Figure 7: (a) Scene Editing Results. SceneLCM supports both texture editing and physically plausible editing.
(b) Object Generation Results. Compared to other methods, SceneLCM produces more realistic 3D objects
while achieving faster generation.

Object Generation Results. We further compare the object generation performance of SceneLCM
against existing methods, including CCD (Li et al., 2024b), Luciddreamer (Liang et al., 2024),
Vividreamer (Chen et al., 2024b), and DreamScene (Li et al., 2024a). As shown in Fig. 7(b), our
method produces 3D objects with more realistic appearances that closely follow text prompts, while
achieving faster generation, owing to the LCM under the proposed CTS loss.

4.2 QUANTITATIVE RESULTS

In Table 1, we report quantitative results for single-room generation, as most existing methods can-
not handle multi-room settings. We randomly choose 8 prompts and 8 rooms for evaluation. We
evaluate performance using several metrics: CLIP Score (Hessel et al., 2021) measures the similar-
ity between rendered images and text prompts with CLIP (ViT-B); VQA Score (Lin et al., 2024)
evaluates alignment between images and prompts using a VQA model; Inception Score (Yang et al.,
2024a) assesses both quality and diversity of generated images. For temporal consistency, given
two adjacent RGB-D frames, we warp one frame to another using depth maps and optical flow es-
timates (Ilg et al., 2017), then compare the errors between them. Additionally, a user study with
20 participants rates the visual quality of 15-second videos (three scenes per method) on a 10-point
scale. As shown in the table, the results align with the qualitative analysis in Sec. 4.1, confirming
that SceneLCM produces more realistic, consistent, and prompt-aligned scenes. In the table, we
also compare per-scene environment optimization time, excluding layout and object generation due
to large methodological variance.

ABLATION STUDY

Effects of Consistency Trajectory Sampling. The core of SceneLCM is the Latent Consistency
Model (LCM) guided by the proposed Consistency Trajectory Sampling (CTS) loss, where both
generation quality and convergence speed depend strongly on the sampling strategy. To ensure
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Table 1: Quantitative results of different methods on single-room generation. For per-scene running time, we
report only the environment optimization, as layout and object generation vary significantly across methods.

Method CLIP Score ↑ Consistency ↓ VAQ Score ↑ Inception Score ↑ User Study ↑ Time (h) ↓
Set-the-Scene (Cohen-Bar et al., 2023) 23.33 1.69 0.44 3.51 3.2 1.6

DreamScene (Li et al., 2024a) 24.91 1.33 0.70 4.46 7.0 1.2
SceneCraft (Yang et al., 2024a) 21.17 1.57 0.63 3.55 4.4 4.5

SceneLCM (Ours) 25.46 1.14 0.81 4.89 8.4 1.2
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2500 Iterations, ~25 min, CLIP score: 30.11
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prompt: A fully laden log trucks, HD, 4k
5000 Iterations, ~1.1h, CLIP score: 24.73
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4000 Iterations, ~1.6h, CLIP score: 28.73  
inverse step = 3

2500 Iterations, ~25 min, CLIP score: 31.22
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5000 Iterations, ~1.1h, CLIP score: 14.10

5000 Iterations, ~2.0 h, CLIP score: 25.54
inverse step = 3

5000 Iterations, ~1.1 h, CLIP score: 11.10

5000 Iterations, ~2.4 h, CLIP score: 26.14

5000 Iterations, ~1.2 h, CLIP score: 28.75

Figure 8: Qualitative comparisons of different sampling methods for scene object generation (left) and envi-
ronment optimization (right). Convergence iterations, running time, and CLIP scores are also reported.

fair comparison, we evaluate different sampling methods combined with CTS on the same LCMs
for scene object generation and environment optimization, with qualitative results shown in Fig. 8.
Score Distillation Sampling (SDS) (Poole et al., 2022) is the first method to guide optimization by
distilling gradients from a pre-trained diffusion model to align the generated output with a target
condition, but it suffers from over-smoothing. Interval Score Matching (ISM), proposed in Lucid-
Dreamer (Liang et al., 2024), improves SDS by leveraging deterministic diffusion trajectories and
interval-based score matching. Consistency Distillation Sampling (CDS), introduced by Consis-
tent3D (Wu et al., 2024), provides more stable and consistent guidance. However, all three methods
exhibit slow convergence. DreamScene (Li et al., 2024a) accelerates ISM using Formation Pattern
Sampling (FPS), a multi-step 3D object sampling strategy, though the independent noise in each step
introduces additional artifacts. In contrast, our Consistency Trajectory Sampling (CTS) ensures self-
consistency along the LCM trajectory, achieving both high-quality generation and fast convergence,
as confirmed by the qualitative and quantitative results in Fig. 8.

For more ablation studies upon the pipeline of SceneLCM, please kindly refer to the Appendix!

5 CONCLUSION

We introduced SceneLCM, an automatic indoor scene generation pipeline that integrates LLM-
driven layout design with LCM-based optimization through the Consistency Trajectory Sampling
(CTS) loss. By combining layout generation, scene object generation, and environment optimiza-
tion, SceneLCM enables scalable multi-room synthesis, controllable texture editing, and physically
coherent modifications. Experiments verify superior quality, efficiency, and editing flexibility over
existing approaches, with ablations confirming CTS as a key factor in rapid, high-fidelity generation.

Limitations. Although SceneLCM demonstrates strong performance, certain limitations remain.
Diffusion model assumptions may cause physically implausible lighting, such as multiple light
sources from all windows; inverse rendering could help correct such lighting inconsistencies by
explicitly modeling the light transport and environmental context. Additionally, the layout genera-
tion process overlooks door placement, occasionally producing obstructive furniture arrangements,
which future work will address through door-aware layout planning.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni Ale-
man, Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4 technical
report. arXiv preprint arXiv:2303.08774, 2023.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. Language models are
few-shot learners. Advances in neural information processing systems, 33:1877–1901, 2020.

Dave Zhenyu Chen, Haoxuan Li, Hsin-Ying Lee, Sergey Tulyakov, and Matthias Nießner. Scene-
tex: High-quality texture synthesis for indoor scenes via diffusion priors. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 21081–21091, 2024a.

Rui Chen, Yongwei Chen, Ningxin Jiao, and Kui Jia. Fantasia3d: Disentangling geometry
and appearance for high-quality text-to-3d content creation. In Proceedings of the IEEE/CVF
international conference on computer vision, pp. 22246–22256, 2023.

Zixuan Chen, Ruijie Su, Jiahao Zhu, Lingxiao Yang, Jian-Huang Lai, and Xiaohua Xie.
Vividdreamer: Towards high-fidelity and efficient text-to-3d generation. arXiv preprint
arXiv:2406.14964, 2024b.

Dana Cohen-Bar, Elad Richardson, Gal Metzer, Raja Giryes, and Daniel Cohen-Or. Set-the-scene:
Global-local training for generating controllable nerf scenes. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pp. 2920–2929, 2023.

Blender Online Community. Blender - a 3D modelling and rendering package. Blender Foundation,
Stichting Blender Foundation, Amsterdam, 2018. URL http://www.blender.org.

Peng Dai, Feitong Tan, Xin Yu, Yifan Peng, Yinda Zhang, and Xiaojuan Qi. Go-nerf: Generat-
ing objects in neural radiance fields for virtual reality content creation. IEEE Transactions on
Visualization and Computer Graphics, 2025.

Wei Deng, Mengshi Qi, and Huadong Ma. Global-local tree search in vlms for 3d indoor scene
generation. arXiv preprint arXiv:2503.18476, 2025.

Epic Games. Unreal engine. URL https://www.unrealengine.com.

Rao Fu, Zehao Wen, Zichen Liu, and Srinath Sridhar. Anyhome: Open-vocabulary generation of
structured and textured 3d homes. In European Conference on Computer Vision, pp. 52–70.
Springer, 2024.

Ian J Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair,
Aaron Courville, and Yoshua Bengio. Generative adversarial nets. Advances in neural information
processing systems, 27, 2014.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu,
Shirong Ma, Peiyi Wang, Xiao Bi, et al. Deepseek-r1: Incentivizing reasoning capability in llms
via reinforcement learning. arXiv preprint arXiv:2501.12948, 2025.

Jack Hessel, Ari Holtzman, Maxwell Forbes, Ronan Le Bras, and Yejin Choi. Clipscore: A
reference-free evaluation metric for image captioning. In Proceedings of the 2021 Conference
on Empirical Methods in Natural Language Processing, pp. 7514–7528, 2021.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. Advances in
neural information processing systems, 33:6840–6851, 2020.

Lukas Höllein, Ang Cao, Andrew Owens, Justin Johnson, and Matthias Nießner. Text2room: Ex-
tracting textured 3d meshes from 2d text-to-image models. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pp. 7909–7920, 2023.

Yukun Huang, Jianan Wang, Yukai Shi, Boshi Tang, Xianbiao Qi, and Lei Zhang. Dreamtime: An
improved optimization strategy for diffusion-guided 3d generation. In The Twelfth International
Conference on Learning Representations.

10

http://www.blender.org
https://www.unrealengine.com


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Eddy Ilg, Nikolaus Mayer, Tonmoy Saikia, Margret Keuper, Alexey Dosovitskiy, and Thomas Brox.
Flownet 2.0: Evolution of optical flow estimation with deep networks. In Proceedings of the IEEE
conference on computer vision and pattern recognition, pp. 2462–2470, 2017.

Bernhard Kerbl, Georgios Kopanas, Thomas Leimkühler, and George Drettakis. 3d gaussian splat-
ting for real-time radiance field rendering. ACM Trans. Graph., 42(4):139–1, 2023.

Haoran Li, Haolin Shi, Wenli Zhang, Wenjun Wu, Yong Liao, Lin Wang, Lik-hang Lee, and
Peng Yuan Zhou. Dreamscene: 3d gaussian-based text-to-3d scene generation via formation
pattern sampling. In European Conference on Computer Vision, pp. 214–230. Springer, 2024a.

Zongrui Li, Minghui Hu, Qian Zheng, and Xudong Jiang. Connecting consistency distillation to
score distillation for text-to-3d generation. In European Conference on Computer Vision, pp.
274–291. Springer, 2024b.

Yixun Liang, Xin Yang, Jiantao Lin, Haodong Li, Xiaogang Xu, and Yingcong Chen. Luciddreamer:
Towards high-fidelity text-to-3d generation via interval score matching. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pp. 6517–6526, 2024.

Chen-Hsuan Lin, Jun Gao, Luming Tang, Towaki Takikawa, Xiaohui Zeng, Xun Huang, Karsten
Kreis, Sanja Fidler, Ming-Yu Liu, and Tsung-Yi Lin. Magic3d: High-resolution text-to-3d content
creation. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition,
pp. 300–309, 2023.

Chenguo Lin and Yadong Mu. Instructscene: Instruction-driven 3d indoor scene synthesis with
semantic graph prior. In International Conference on Learning Representations (ICLR), 2024.

Zhiqiu Lin, Deepak Pathak, Baiqi Li, Jiayao Li, Xide Xia, Graham Neubig, Pengchuan Zhang, and
Deva Ramanan. Evaluating text-to-visual generation with image-to-text generation. In European
Conference on Computer Vision, pp. 366–384. Springer, 2024.

Simian Luo, Yiqin Tan, Longbo Huang, Jian Li, and Hang Zhao. Latent consistency models: Syn-
thesizing high-resolution images with few-step inference. arXiv preprint arXiv:2310.04378, 2023.

Alex Nichol, Heewoo Jun, Prafulla Dhariwal, Pamela Mishkin, and Mark Chen. Point-e: A system
for generating 3d point clouds from complex prompts. arXiv preprint arXiv:2212.08751, 2022.

Ben Poole, Ajay Jain, Jonathan T Barron, and Ben Mildenhall. Dreamfusion: Text-to-3d using 2d
diffusion. arXiv preprint arXiv:2209.14988, 2022.

Jonas Schult, Sam Tsai, Lukas Höllein, Bichen Wu, Jialiang Wang, Chih-Yao Ma, Kunpeng Li,
Xiaofang Wang, Felix Wimbauer, Zijian He, et al. Controlroom3d: Room generation using se-
mantic proxy rooms. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 6201–6210, 2024.

Yang Song, Prafulla Dhariwal, Mark Chen, and Ilya Sutskever. Consistency models. In Proceedings
of the 40th International Conference on Machine Learning, pp. 32211–32252, 2023.

Unity Technologies. Unity, 2023. URL https://unity.com/. Game development platform.

Can Wang, Hongliang Zhong, Menglei Chai, Mingming He, Dongdong Chen, and Jing
Liao. Chat2layout: Interactive 3d furniture layout with a multimodal llm. arXiv preprint
arXiv:2407.21333, 2024a.

Haochen Wang, Xiaodan Du, Jiahao Li, Raymond A Yeh, and Greg Shakhnarovich. Score jaco-
bian chaining: Lifting pretrained 2d diffusion models for 3d generation. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pp. 12619–12629, 2023a.

Yian Wang, Xiaowen Qiu, Jiageng Liu, Zhehuan Chen, Jiting Cai, Yufei Wang, Tsun-Hsuan John-
son Wang, Zhou Xian, and Chuang Gan. Architect: Generating vivid and interactive 3d scenes
with hierarchical 2d inpainting. Advances in Neural Information Processing Systems, 37:67575–
67603, 2024b.

11

https://unity.com/


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Zhengyi Wang, Cheng Lu, Yikai Wang, Fan Bao, Chongxuan Li, Hang Su, and Jun Zhu. Pro-
lificdreamer: High-fidelity and diverse text-to-3d generation with variational score distillation.
Advances in Neural Information Processing Systems, 36:8406–8441, 2023b.

Zike Wu, Pan Zhou, Xuanyu Yi, Xiaoding Yuan, and Hanwang Zhang. Consistent3d: Towards
consistent high-fidelity text-to-3d generation with deterministic sampling prior. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 9892–9902, 2024.

Xiuyu Yang, Yunze Man, Junkun Chen, and Yu-Xiong Wang. Scenecraft: Layout-guided 3d scene
generation. Advances in Neural Information Processing Systems, 37:82060–82084, 2024a.

Yue Yang, Fan-Yun Sun, Luca Weihs, Eli VanderBilt, Alvaro Herrasti, Winson Han, Jiajun Wu,
Nick Haber, Ranjay Krishna, Lingjie Liu, et al. Holodeck: Language guided generation of 3d
embodied ai environments. In CVPR, 2024b.
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A THE USE OF LARGE LANGUAGE MODELS (LLMS)

Large language models (LLMs) were used solely as a general-purpose writing aid, such as improv-
ing grammar, clarity, and style. All research ideas, experimental designs, implementations, analyses,
and scientific claims presented in this paper originate entirely from the authors’ discussions. The
LLM did not contribute to the conception of the research, the development of methods, or the inter-
pretation of results. The authors take full responsibility for the content of this paper.

Separately, within our proposed approach, LLMs are employed as part of the scene generation
pipeline to interpret user descriptions and generate initial layouts. This methodological usage is
distinct from the writing assistance described above.

B MORE IMPLEMENT DETAILS ABOUT SCENE OBJECT GENERATION

B.1 ALGORITHM

The process of scene object generation is outlined in Algorithm 1 for clarity and ease of understand-
ing.

B.2 ADDITIONAL LOSS TERMS

For scene object generation, we incorporate Lscale, Llayout, and Lnormal in addition to the proposed
CTS loss for optimization, formulated as follows:

Lscale =
1

N

N∑
i=1

max(si),

Lnormal =
1

M

M∑
i=1

wi

(
1− n⊤

i ñi

)
,

Llayout =dx(Gx, xi, hi) + dy(Gy, yi, wi) + dz(Gz, zi, li),

dx(Gx, xi, hi) =
∥∥min(Gx)−

(
xi − hi

2

)∥∥2
2
+
∥∥max(Gx)−

(
xi +

hi

2

)∥∥2
2
,

wi =αi

i∏
j=1

(
1− αj

)
.

(6)

Here, αi denotes the pixel translucency determined by the opacity of the i-th Gaussian kernel and
the pixel’s position. si ∈ R3 is the scale of the i-th Gaussian, N is the number of Gaussians, and
M is the number of pixels. Different from Gala3D (Zhou et al., 2024), which enforces objects
to strictly lie within bounding boxes, our Llayout encourages tight alignment with box boundaries,
thereby enabling direct physics simulation using the bounding boxes.

C MORE ABLATION STUDIES

C.1 LAYOUT GENERATION

Effects of Iterative Programmatic Verification. We compare SceneLCM with other LLM-
prompted layout generation methods to highlight the effectiveness of our Iterative Programmatic
Verification, which is absent in prior work. As shown in Fig. 9, AnyHome (Fu et al., 2024) often
produces unreasonable layouts due to missing furniture, while Holodeck (Yang et al., 2024b) fails
to create inter-room passageways and tends to align objects rigidly along walls. InstructScene (Lin
& Mu, 2024) and Architect (Wang et al., 2024b) are limited to single-room settings with overly
simplistic layouts. In contrast, our approach produces conflict-free and realistic layouts through
Iterative Programmatic Verification.

Effects of Cluster-based Orientation Assignment. As shown in Figure 10, our orientation assign-
ment strategy can effectively correct some inaccurate orientations via prompting LLMs for spatial
reasoning.
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Algorithm 1 Scene Object Generation of SceneLCM

Require: 3D model parameters θ; training iterations N ; latent consistency model ϕ; denoising
timesteps from Nmin to Nmax; text prompt y; fixed noise ϵ; warm-up timesteps Twarm; warm-up
steps Nwarm; cutoff timestep tcut; DPM-Solver G(·; ·, ·)

1: for i = 1, 2, . . . , N do
2: r ← 1−min(i/Nwarm, 1)
3: Tmin ← int(Nmin + r ·Nwarm), Tmax ← int(Nmax + r ·Nwarm)
4: Sample camera pose c, compute xπ = g(θ, c)
5: Sample t ∼ [Tmin, Tmax]
6: Sample s ∼ [t− 2tcut, t− tcut] ▷ Obtain timesteps s and t
7: if i ≤ Twarm then
8: xs ← αsxπ + σsϵ ▷ Add noise via DDPM
9: else

10: xs ← xπ

11: end if
12: xs→t ← G(xs; s, t) ▷ Forward Euler solver
13: if i ≤ Twarm then

14: ∇θLCTS ← w2(s, t)
(
ϵϕ(xs, s, y)− ϵ

)∂g(θ, c)
∂θ

15: else
16: ∇θLCTS ← 0
17: end if
18: ∇θLCTS ← ∇θLCTS + w1(t)

(
ϵϕ(xt, t, y)− ϵϕ(xs, s, ∅)

)∂g(θ, c)
∂θ

19: θ ← θ + η∇θLCTS ▷ Other losses Lscale, Llayout, and Lnormal are omitted here for clarity
20: end for

C.2 SCENE OBJECT GENERATION

Effects of Two-Stage Optimization Scheme. Once the 3D Gaussian representation captures clear
semantic signals aligned with the text prompts, injecting noise can introduce variations that help
refine fine-grained alignment. However, as most textual descriptions lack high-frequency details,
the optimization objective should shift from strict alignment to enhancing visual detail. To this
end, we propose a two-stage optimization scheme; in the second stage, we optimize on noise-free
rendered images and remove the second term of our CTS loss. An ablation study on noise removal
in the second stage is presented in Fig. 11. Noise removal yields textures with richer details and
accelerates generation. Specifically, achieving comparable quality requires 4,000 iterations ( 36
minutes) with added noise, whereas denoising attains similar results within 2,500–3,000 iterations
( 25 minutes).

C.3 ENVIRONMENT OPTIMIZATION

Effects of Zigzag Camera Trajectory We compare the sphere camera trajectory (Chen et al., 2024a;
Li et al., 2024a) with our proposed Zigzag camera trajectory in Fig. 12. The results verify that the
Zigzag trajectory offers three advantages: (1) prevents diffusion models from failing to recognize
scene elements at close range; (2) maintains favorable angles between camera rays and surface
normals; (3) maximizes object coverage, reducing texture monotony in rendered views.

Effects of Multi-resolution Texture Field. We conduct ablation experiments on the multi-
resolution texture field. As shown in Fig. 13, directly optimizing an RGB texture without the pro-
posed texture field produces highly noisy and unrealistic textures. Moreover, the rapid optimization
of the texture map causes multi-view inconsistencies.

Effects of Normal-aware Texture Decoder Since the environment mainly consists of large planes
such as ceilings, floors, and walls, consistent normals typically correspond to consistent texture
styles. To exploit this, normals are incorporated into the texture decoder during Environment Opti-
mization. Qualitative comparisons in Fig. 14 validate the effectiveness of this design.
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Effects of Two-Stage Optimization Scheme. Similar to Scene Object Generation, we adopt a two-
stage optimization scheme in Environment Optimization. Qualitative comparisons in Fig. 15 show
that applying the second stage with noise removal produces environments with richer and more
detailed textures.

D MORE EXPERIMENTAL RESULTS

D.1 MORE QUANTITATIVE RESULTS

Layout Functionality. For evaluating layout functionality, we adopt the metrics used in
Chat2Layout Wang et al. (2024a):

• OOB: percentage of layout where objects extend beyond room boundaries or intersect with
other objects.

• ORI: percentage of correctly oriented objects.
• FFR: furniture footprint ratio, i.e., the floor area occupied by furniture divided by the area

of the room.

We evaluate these metrics on 10 rooms, following Chat2Layout. Each layout is manually checked,
and the values are reported. Notably, OOB is 0 for AnyHome (Fu et al., 2024), Holodeck (Yang
et al., 2024b), Architect (Wang et al., 2024b), and our method. Specifically, AnyHome discards
overlapping or out-of-bound furniture, Holodeck and Architect rerun the solver, and our method
employs Iterative Programmatic Verification until error-free. These mechanisms guarantee OOB =
0 at the code level, which our experiments confirm.

As shown in Tab. 2, InstructScene achieves the highest ORI in single-room settings, while our
method achieves the highest ORI in multi-room settings. For FFR, InstructScene first generates
furniture and then constructs a minimal floorplan enclosing it; hence, its FFR is not reported. Our
method outperforms all baselines in terms of FFR.

D.2 MORE QUALITATIVE RESULTS

More Physical Editing Results. See Fig. 16.

More Object Generation Results. See furniture results in Fig. 17 and other object results in Fig.
18.

More Multi-Room Results. See Fig. 19–22.

Our

53 furniture in house
10.6 furniture each room (avg)

anyhome InstrucSceneholodeck Architect

34 furniture in house
6.8 furniture each room (avg)

37 furniture in house
7.4 furniture each room (avg)

\
5.5 furniture each room (avg)

\
7 furniture each room (avg)

table

chair

cabinet

sofa

lamp

bed

We perform a preliminary categorization of furniture 
types, with more granular subdivisions applied during 

the generation process (e.g., 'chair' includes bench, 
armchair, office chair, etc.).

in Our and anyhome: The red-boxed regions contain four and six chairs respectively, but anyhome encountered placement conflicts, 
discarding most chairs. In contrast, our  Iterative Programmatic Verification Mechanism successfully located correct positions.   

in Our and holodeck: The orange-boxed regions shows that our method generates inter-room passageways, whereas Holodeck fails to do so.   

in Architect: The purple-boxed regions shows that objects generated by Architect tend to cluster in the upper-right corner, as their camera 
captures scenes from the lower-left to the upper-right direction.

Prompt of Our, anyhome and holodeck: “A house with 5 rooms, contains a bedroom, a computer room and a living room.”
Prompt of InstrucScene and Architect: We follow the offical guidance and use the predifined prompt generate a bedroom(first row) and dining room(second raw) 

Figure 9: Quantitative comparisons of different methods for layout generation.
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with orientation refine with orientation refine without orientation refinewithout orientation refine

Figure 10: Qualitative comparison of SceneLCM with and without Cluster-based Orientation Assignment. Red
arrows highlight incorrect orientations, as LLMs often produce uniform orientations for identical objects. Our
method effectively rectifies these errors.
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prompt: “an office chair”

Figure 11: Qualitative results of noise removal in the second stage for Scene Object Generation.

E THEORETICAL PROOF

We provide two theoretical justifications: (i) the proposed CTS loss is mathematically equivalent
to the Consistency Loss (Song et al., 2023), and (ii) upon convergence, it ensures the generation of
high-fidelity 3D models. These results correspond to Theorem 1 and Theorem 2.
Theorem 1 Let fθ(·)(x, t) denote the pre-trained consistency function. We assume fθ(·) satisfies
the formulation defined in Latent Consistency ModelLuo et al. (2023), and t ≥ 30. Assume further
that for all t ≥ 30, the ODE solver G called at tn+1 has local error uniformly bounded by O((tn+1−
tn)

p+1) with p ≥ 1, The Consistency LossLuo et al. (2023) can be mathematically expressed as the
sum of the Consistency Trajectory Sampling Loss and two infinitesimal components, along with a
term whose magnitude is bounded by 10−7:

LCD = LCTS + (−O(h2)

αtn+1

) + cskip(tn+1)O((△t)p+1)︸ ︷︷ ︸
infinitesimal components

+ m︸︷︷︸
|m|≤10−7

= o((△t)2) +m

h = log(
αtn

σtn

)− log(
αtn+1

σtn+1

)

(7)

Proof 1 The proof is based on the formulation defined in Latent Consistency Model (Luo et al.,
2023). We have fθ(x, t) = cskip(t)x + cout(t)Fθ(xt, t), where Fθ(xt, t) = xt−σtϵθ(xt,t)

αt
,
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Figure 12: Qualitative comparisons between our Zigzag camera trajectory and the Sphere camera trajectory.
Using the Sphere trajectory, placing the camera at the center prevents capturing combined entities (wall + floor
+ ceiling), limiting the model’s ability to recognize scene semantics and resulting in blurred textures.
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Figure 13: Qualitative comparison of multi-resolution texture field and UV texture image. Directly optimizing
an RGB texture without the multi-resolution texture field results in severe noise and unrealistic appearances.
Moreover, the fast optimization process introduces multi-view inconsistencies.
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Figure 14: Qualitative comparison of texture decoder with and without normal awareness.
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Figure 15: Qualitative results of noise removal in the second stage for Environment Optimization.

t=0 t=1 t=2 t=3 t=4

Figure 16: Additional physical editing results. Tilting the room by 30° causes objects to slide downward under
gravity.
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A swivel office chair with some beautiful texture, HD, 4K.

A tall lamp, Vintage style, photorealisic, HD, 4K.

A green comfortable sofa, HD, 4K.

A modern comfortable sofa, HD, 4K.

A cozy armchair with a tufted backrest and wooden legs, HD, 4K.

A rectangular glass-top coffee table. HD, 4K.

A rectangular glass-top coffee table with a metal frame. HD, 4K.

A modern wooden side cabinet. HD, 4K.

A cozy office chair with a big pink back, HD, 4K.

A luxurious king-sized bed with a tufted headboard, HD, 4K.

A tall wardrobe with beautiful texture, HDR, 8K.

A Supercar made out of toy bricks, photorealisic, HD, 8K.

Figure 17: More furniture results of scene object generation.

Table 2: Quantitative results of layout functionality.

score AnyhomeFu et al. (2024) holodeckYang et al. (2024b) InstructSceneLin & Mu (2024) ArchitectWang et al. (2024b) Our

OOB ↓ 0 0 28.57% 0 0
ORI ↑ 76.66% 74.35% 89.22% 73.32% 83.57%
FFR ↑ 7.14% 9.01% - 7.85% 9.52%

cskip(t) = σ2

( t
0.1 )

2+σ2 , cout(t) =
t

0.1√
( t
0.1 )

2+σ2
, and σ = 1

2 . xt is obtained by ODE solver ap-

plied to xs. To simplicity, we omit the condition c of the consistency function and exponential
moving average(EMA) of the parameter θ. We use the DPM-solver as ODE solver G(xs, s, t),
xs→t = G(xs, s, t), where xs→t is obtained by ODE solver from s to t.

For simplicity, the absolute value notation is omitted in following derivation.

LCD =||fθ(xtn , tn)− fθ(xtn→tn+1 , tn+1)||22
=cskip(tn)xtn + cout(tn)Fθ(xtn , tn)− cskip(tn+1)xtn→tn+1 − cout(tn+1)Fθ(xtn→tn+1 , tn+1)

= [cskip(tn)xtn − cskip(tn+1)xtn→tn+1
]︸ ︷︷ ︸

term 1

+ cout(tn)[Fθ(xtn , tn)− Fθ(xtn→tn+1
, tn+1)]︸ ︷︷ ︸

term 2

+ [cout(tn)− cout(tn+1)]Fθ(xtn→tn+1 , tn+1)︸ ︷︷ ︸
term 3

(8)
where xtn→tn+1 is calculated given ODE solver G as xtn→tn+1 = G(xtn ; tn, tn+1).
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A portrait of Groot, head, HDR, photorealistic, 8K 

A portrait of batman, head, photorealistic, 8K, HDR.

A portrait of the Ghost Rider, head, HDR, photorealistic, 8K.

A Gundam Barbatos Lupus Rex model, Gundam, Barbatos, with detailed panel 
lines and decals, photorealistic, 8K, HDR.

A Gundam model, with detailed panel lines and decals, photorealistic, 8K, HDR.

Figure 18: More object results of scene object generation.
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Figure 19: More qualitative results on multi-room generation (1).
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Figure 20: More qualitative results on multi-room generation (2).
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Figure 21: More qualitative results on multi-room generation (3).
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Figure 22: More qualitative results on multi-room generation (4).
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term 1:

[cskip(tn)xtn − cskip(tn+1)xtn→tn+1 ] =cskip(tn)xtn − cskip(tn+1)G(xtn ; tn, tn+1)

=cskip(tn)xtn − cskip(tn+1)(G(xtn ; tn, tn+1)− xtn+1
+ xtn+1

)

=[cskip(tn)xtn − cskip(tn+1)xtn+1
] + cskip(tn+1)(xtn+1

−G(xtn ; tn, tn+1))

≤cskip(tn)(αtnxπ + σtnϵ])− cskip(tn+1)(αtn+1
xπ + σtn+1

ϵ])

+ cskip(tn+1)O((tn − tn+1)
p+1)︸ ︷︷ ︸

local error of Euler soler

=(cskip(tn)αtn − cskip(tn+1)αtn+1
)xπ

+ [cskip(tn)σtn − cskip(tn+1)σtn+1 ]ϵ

+ cskip(tn+1)O((△t)p+1)
(9)

where 0 < αtn , σtn < 1. When t ≥ 30, cskip(t) is monotonically decreasing, and 0 < cskip(t)αt ≤
10−7. Because all experiments were conducted under FP16 configuration, cskip(t)αt, cskip(t)σt ≈
0. Beside, t exceeds 100 in the vast majority of cases. term 1 can be simplified as:

[cskip(tn)xtn − cskip(tn+1)xtn→tn+1
] = m+ cskip(tn+1)O((△t)p+1) (10)

where m is a value so small that it is effectively negligible in devices.

term 2: We use the DPM-solver as ODE solver G(xs, s, t) :

[Fθ(xtn , tn)− Fθ(xtn→tn+1
, tn+1)] =

xtn − σtnϵθ(xtn , tn)

αtn

−
xtn→tn+1

− σtn+1
ϵθ(xtn→tn+1,tn+1

)

αtn+1

=
xtn − σtnϵθ(xtn , tn)

αtn

−
αtn+1

αtn
xtn − σtn+1

(e−h − 1)ϵθ(xtn , tn) +O(h2)− σtn+1
ϵθ(xtn→tn+1,tn+1

)

αtn+1

=
xtn − σtnϵθ(xtn , tn)

αtn

−

αtn+1

αtn
xtn − αtn+1

(
σtn

αtn
− σtn+1

αtn+1
)ϵθ(xtn , tn) +O(h2)− σtn+1

ϵθ(xtn→tn+1,tn+1
)

αtn+1

=
xtn − σtnϵθ(xtn , tn)

αtn

− (
xtn

αtn

− σtn

αtn

ϵθ(xtn , tn) +
σtn+1

αtn+1

(ϵθ(xtn , tn)− ϵθ(xtn→tn+1,tn+1
)))− O(h2)

αtn+1

=
σtn+1

αtn+1

(ϵθ(xtn→tn+1,tn+1)− ϵθ(xtn , tn))−
O(h2)

αtn+1

(11)
Finally, term 2 can be simplified as followed:

cout(tn)[Fθ(xtn , tn)−Fθ(xtn→tn+1
, tn+1)] = cout(tn)

σtn+1

αtn+1

(ϵθ(xtn→tn+1,tn+1
)−ϵθ(xtn , tn))−

O(h2)

αtn+1

(12)
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term 3:

[cout(tn)− cout(tn+1)]Fθ(xtn→tn+1 , tn+1) =[cout(tn)− cout(tn+1)](
xtn→tn+1

− σtn+1
ϵθ(xtn→tn+1

, tn+1)

αtn+1

)

(i)
=[cout(tn)− cout(tn+1)](

xtn − σtnϵθ(xtn , tn)

αtn

)

+ [cout(tn)− cout(tn+1)](
σtn+1

αtn+1

(ϵθ(xtn , tn)− ϵθ(xtn→tn+1
, tn+1)))

=[cout(tn)− cout(tn+1)]xπ

+ [cout(tn)− cout(tn+1)](
σtn

αtn

)(ϵ− ϵθ(xtn , tn))

+ [cout(tn)− cout(tn+1)](
σtn+1

αtn+1

(ϵθ(xtn , tn)− ϵθ(xtn→tn+1 , tn+1)))

(13)
where (i) hold according to the DPM-solver.

In our setting, the time interval is 100 and t ≥ 30. Therefore, |cout(tn) − cout(tn+1)| ≤ 10−7.
However, in early stage, σtn

αtn
≥ 1 and [cout(tn)−cout(tn+1)](

σtn

αtn
) cannot be neglected. As number

of iterations increases, the time t will gradually decrease, and σtn

αtn
< 1. At this point,[cout(tn) −

cout(tn+1)](
σtn

αtn
) can be neglected. Then, term 3 can be formula as:

[cout(tn)− cout(tn+1)]Fθ(xtn→tn+1
, tn+1) =m+ [cout(tn)− cout(tn+1)](

σtn

αtn

)(ϵ− ϵθ(xtn , tn))

+ [cout(tn)− cout(tn+1)](
σtn+1

αtn+1

(ϵθ(xtn , tn)− ϵθ(xtn→tn+1
, tn+1)))

(14)

Finally, combining the results from term 1, term 2, and term 3, we obtain our CTS loss:

LCD =||fθ(xtn , tn)− fθ(xtn→tn+1 , tn+1)||22
=||m+ cskip(tn+1)O((△t)p+1)

+ cout(tn)
σtn+1

αtn+1

(ϵθ(xtn→tn+1,tn+1
)− ϵθ(xtn , tn))−

O(h2)

αtn+1

+m+ [cout(tn)− cout(tn+1)](
σtn

αtn

)(ϵ− ϵθ(xtn , tn))

+ [cout(tn)− cout(tn+1)](
σtn+1

αtn+1

(ϵθ(xtn , tn)− ϵθ(xtn→tn+1
, tn+1)))||22

(ii)
= ||cout(tn+1)(

σtn+1

αtn+1

)(ϵθ(xtn→tn+1 , tn+1)− ϵθ(xtn , tn))||22 + ||[cout(tn+1)− cout(tn)](
σtn

αtn

)(ϵθ(xtn , tn)− ϵ)||22

− O(h2)

αtn+1

+ cskip(tn+1)O((△t)p+1) +m

=LCTS −
O(h2)

αtn+1

+ cskip(tn+1)O((△t)p+1) +m

(15)
where (ii) is because we follow DreamFusion (Poole et al., 2022) and omit the U-Net Jacobian term
in practice. σtn

αtn
> 1 in early stage, we can not omit the second term.

Therefore, we obtain two conclusions:

25



1350
1351
1352
1353
1354
1355
1356
1357
1358
1359
1360
1361
1362
1363
1364
1365
1366
1367
1368
1369
1370
1371
1372
1373
1374
1375
1376
1377
1378
1379
1380
1381
1382
1383
1384
1385
1386
1387
1388
1389
1390
1391
1392
1393
1394
1395
1396
1397
1398
1399
1400
1401
1402
1403

Under review as a conference paper at ICLR 2026

• LCTS can be expressed as the sum the LCD and two infinitesimal components, along with
a term whose magnitude is bounded by 10−7.

LCD = LCTS + (−O(h2)

αtn+1

) + cskip(tn+1)O((△t)p+1)︸ ︷︷ ︸
infinitesimal components

+ m︸︷︷︸
|m|≤10−7

h = log(
αtn

σtn

)− log(
αtn+1

σtn+1

)

(16)

• LCTS can formula as:

LCTS = ||w1(ϵθ(xtn→tn+1 , tn+1)− ϵθ(xtn , tn))||22 + ||w2(ϵθ(xtn , tn)− ϵ)||22
w1 = cout(tn+1)(

σtn+1

αtn+1

)

w2 = [cout(tn+1)− cout(tn)](
σtn

αtn

)

(17)

The proof is completed.

Theorem 2 Assume that the pre-trained noise predictor ϵθ(·; ·) satisfies the Lipschitz condition.
Define △ := sup|t1 − t2)|. For any given camera pose π, if convergence is achieved according to
LCTS , then there exists a corresponding real image x0 ∼ pdata(x) such that:

||xπ − x0||2 = O(△) (18)

where xπ = g(θ, π) denotes the rendered image for pose π.

We offer two ways of proof. For the Proof 1, we directly utilize the CTS loss. For the Proof 2, we
make use of Theorem 1.

Proof 1:

Proof 2 Given LCTS(ξ) = 0, for any t, s, we have ϵ(xs→t, t) = ϵθ(xs, s) and T ≥ tn ≥ tn−1 ≥ 0.
Assume G is DPM solver and follow the first-order definition of DPM-Solver, given e, we have:

G(xs→t, t, e) =
αe

αt
xs→t − σe(e

−h − 1)ϵθ(xs→t, t)

=
αe

αt
xs→t − αe(

σt

αt
− σe

αe
)ϵθ(xs→t, t)

=αe
xs→t − σtϵθ(xs→t, t)

αt
+ σeϵθ(xs→t, t)

=αe

αt(
xs−σsϵθ(xs,s)

αs
) + σtϵ(xs, s)− σtϵθ(xs→t, t) +O(h2)

αt
+ σeϵθ(xs→t, t)

(iii)
= αe(

xs − σsϵθ(xs, s)

αs
) + σeϵθ(xs, s) + L1O(h2)

=G(xs, s, e) + L1O(h2)
(19)

where (iii) hold according to the ϵθ(xs→t, t) = ϵθ(xs, s). When we set e = 0, the G(xs, s, 0) can
be treated as diffusion model D that directly predicts the original image x0. We define D(xs, s) =
G(xs, s, 0) and D(xs→t, t) = D(xs, s) + L1O(h2).

Let en represent the error at tn, which is defined as:

en := D(xtn , tn)− x0. (20)
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We can derive the error at tn+1 given the error at tn:

en =D(xtn , tn)− x0

=D(xtn , tn)−D(xtn−1→tn , tn) +D(xtn−1→tn , tn)− x0

=
xtn − σtnϵθ(xtn , tn)

αtn

−
xtn−1→tn − σtnϵθ(xtn−1→tn , tn)

αtn

+D(xtn−1
, tn−1)− x0 + L1O((tn − tn−1)

2)

=
1

αtn

(xtn − xtn−1→tn) +
σtn

αtn

(ϵθ(xtn−1→tn , tn)− ϵθ(xtn , tn)) + en−1 + L1O((tn − tn−1)
2)

(21)
According to the Lipschitz condition, we can further derive:

||en|| ≤
1

αtn

||xtn − xtn−1→tn ||+
σtn

αtn

||ϵθ(xtn−1→tn , tn)− ϵθ(xtn , tn)||+ ||en−1||+ L1O((tn − tn−1)
2)

(iv)

≤ 1

αtn

O((tn − tn−1)
2) +

σtn

αtn

L||xtn−1→tn − xtn ||+ ||en−1||+ L1O((tn − tn−1)
2)

(v)

≤||en−1||+KO((tn − tn−1)
2)

(22)
where (iv), (v) hold according to the local error of Euler solver and Lipschitz condition of ϵθ.
Therefore, we can derive the error recursively:

||eT || ≤K
N−1∑
i=1

O((ti − ti−1)
2)

≤K
N−1∑
i=1

(ti − ti−1)O(△)

≤KO(△)(T − ξ)

(23)

This shows that CTS is capable of achieving the same accuracy as multi-step approaches in a
single-step generative frame work, thus demonstrating its efficiency and broad applicability for
optimization-based generation. The proof is completed.

Proof 2:

Proof 3 According to theorem 1 and CM (Song et al., 2023), the CTS loss is equivalent to consis-
tency loss and the consistency function satisfies the Lipschitz condition. Given LCTS(ξ) = 0, we
have LCD(ξ) ≤ O((△t)2) and fθ(xs→t, t) ≤ fθ(xs, s) +O((△t)2). And T ≥ tn ≥ tn−1 ≥ 0.

en =fθ(xtn , tn)− x0

=fθ(xtn , tn)− fθ(xtn−1→xn , tn) + fθ(xtn−1→xn , tn)− x0

≤fθ(xtn , tn)− fθ(xtn−1→xn
, tn) + fθ(xtn−1

, tn−1)− x0 +O((△t)2)

(24)

According to the Lipschitz condition, we can further derive:

||en|| ≤||fθ(xtn , tn)− fθ(xtn−1→xn
, xn)||+ ||en−1||+O((△t)2)

(vi)

≤ L||xtn − xtn−1→xn
||+ ||en−1||+O((△t)2)

(vii)

≤ L(O(tn − tn+1)
2) + ||en−1||+O((△t)2)

≤(L+ 1)O((tn − tn+1)
2) + ||en−1||

=||en−1||+O((tn − tn+1)
2)

(25)
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where (vi) and (vii) hold according to the Lipschitz condition and local error of Euler solver re-
spectively. Therefor, we can drive the error recursively:

||eT || ≤
N−1∑
i=1

O((ti − ti−1)
2)

≤
N−1∑
i=1

(ti − ti−1)O((△))

≤O((△))(T − ξ)

(26)

The proof is completed.

Corollary 1 Based on Theorem. 1, we can derive two conclusions:

• Existing methods (Zhong et al., 2024; Chen et al., 2024b) which incorporate Latent Con-
sistency Model for 3D generation can be amalgamated into our framework.

• Consistency function (Song et al., 2023) can ensures both self-consistency and cross-
consistency.

Consistent3D (Wu et al., 2024) and CCD (Li et al., 2024b) drive the inspiration from Consistency
model (Song et al., 2023), however, they are still trained based on Stable Diffusion-2-1 (Ho et al.,
2020). Hence, we merely consider DreamLCM (Zhong et al., 2024) and Vividdreamer (Chen et al.,
2024b) that based on LCM (Luo et al., 2023).
Proof 4 DreamLCM (Zhong et al., 2024):

LDreamLCM = Et,c[w(t)(ϵθ(xt, t)− ϵ)
∂g(θ, c)

∂θ
] (27)

where xt is obtained by Euler Solver from xs and xs = αsxπ + σsϵ, ϵ ∈ N(0, I).

Vividreamer (Chen et al., 2024b):

Lvividreamer =Et,c[||w(t)(xπ − f(xs, s))||22] (28)

where xs = αsxπ + σsϵ.

For DreamLCM (Zhong et al., 2024), according to eq. 15, LCD can express as:

LCD =||fθ(xtn , tn)− fθ(xtn→tn+1 , tn+1)||22
=||m+ cskip(tn+1)O((△t)p+1)

+ cout(tn)
σtn+1

αtn+1

(ϵθ(xtn→tn+1,tn+1)− ϵθ(xtn , tn))−
O(h2)

αtn+1

+m+ [cout(tn)− cout(tn+1)](
σtn

αtn

)(ϵ− ϵθ(xtn , tn))

+ [cout(tn)− cout(tn+1)](
σtn+1

αtn+1

(ϵθ(xtn , tn)− ϵθ(xtn→tn+1
, tn+1)))||22

=||m+ cskip(tn+1)O((△t)p+1)

+ cout(tn+1)
σtn+1

αtn+1

(ϵθ(xtn→tn+1,tn+1
)− ϵθ(xtn , tn))−

O(h2)

αtn+1

+m+ [cout(tn)− cout(tn+1)](
σtn

αtn

)(ϵ− ϵθ(xtn→tn+1,tn+1
) + ϵθ(xtn→tn+1,tn+1

)− ϵθ(xtn , tn))||22

=m+ cskip(tn+1)O((△t)p+1)

+ [cout(tn+1)
σtn+1

αtn+1

+ [cout(tn)− cout(tn+1)](
σtn

αtn

)](ϵθ(xtn→tn+1,tn+1)− ϵθ(xtn , tn))

+ [cout(tn)− cout(tn+1)](
σtn

αtn

) (ϵ− ϵθ(xtn→tn+1,tn+1
)︸ ︷︷ ︸

loss of DreamLCM
(29)
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DreamLCM assumes that the denoising process of LCM follows a smooth PF-ODE trajectory with
a small slope. This assumption allows us to omit the term of (ϵθ(xtn→tn+1,tn+1

) − ϵθ(xtn , tn)),
therefore, in this assumption, LDreamLCM is a special case of LCTS .

For Vividdreamer (Chen et al., 2024b), we have:

Lvividdreamer =||xπ − f(xs, s)||22

=||xπ − (cin(s)xπ + cskip(s)
xs − σsϵθ(xs, s)

αs
)||22

=||(1− cskip(s))xπ − cinxs + cskip(s)xπ − cskip(s)
xs − σsϵθ(xs, s)

αs
||22

=||(1− cskip(s))xπ − cin(αsxπ + σsϵ) + cskip(s)
αsxπ − αsxπ − σs(ϵ− ϵθ(xs, s))

αs
||22

=||(1− cskip(s))xπ − cin(s)(αsxπ + σsϵ) + cskip(s)
σs

αs
(ϵ− ϵθ(xs, s))||22

=||[1− cskip(s)− cin(s)αs]xπ − cin(s)σsϵ+ cskip(s)
σs

αs
(ϵ− ϵθ(xs, s))||22||

(viii)
≈ cskip(s)

σs

αs
(ϵ− ϵθ(xs, s))||22

(30)
where (viii) hold according to the cskip(s) + cin(s) ≈ 1 and E[ϵ] = 0. Therefore, Vividdreamer is
a special case of our CTS loss.

According to the definition of self-consistency and cross-consistency(SDS) in previous methods (Wu
et al., 2024; Li et al., 2024b), we can observe that LCTS simultaneously ensures two types of con-
sistency:

LCTS = ||cout(tn+1)(
σtn+1

αtn+1

)(ϵθ(xtn→tn+1
, tn+1)− ϵθ(xtn , tn))||22︸ ︷︷ ︸

self-consistency term

+ ||[cout(tn+1)− cout(tn)](
σtn

αtn

)(ϵθ(xtn , tn)− ϵ)||22︸ ︷︷ ︸
cross-consistency term(SDS loss)

(31)

The proof is complete.
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