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Create a fully furnished living room with 
dimensions 6.8m (max length) * 4.2m (max 
depth) that have a alcove. The left part is a 
music zone. The right part is a dedicated 
movie-watching section, which includes a large 
projector screen, a carpet, a coffee table, a 
floor lamp, and a big sofa facing the screen. 
There is a toy car sitting on the carpet.
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Bird Eye View

<scene> 
Wall(start=[3.40, 0.00, 2.10], 
end=[3.40, 0.00, -1.20], height=2.80)
Wall(start=[3.40, 0.00, -1.20], 
end=[-0.05,0.00,-1.2], height=2.80)
Wall(start=[-0.05,0.00,-1.20], 
end=[-0.05,0.00,-2.10], height=2.80)
Wall(start=[-0.05,0.00,-2.10], 
end=[-3.40,0.00,-2.10], height=2.80)

. . .

Fixture(class="door",
position=[3.40, 1.20, 0.45, 0.20, 2.40, 2.30, 0])
Fixture(class="door",
position=[-3.40, 1.20, -1.60, 0.20, 2.40, 0.80, 0])
Fixture(class="door",
position=[-1.00, 1.20, 1.60, 0.20, 2.40, 0.80, 0])

. . .

Bbox(description="A rectangular area rug with 
intricate geometric patterns in neutral tones.", 
position=[1.67, 0.0, 0.4, 2.10, 0.01, 2.40, 270])

Bbox(description="A rectangular screen with a dark 
frame and a textured pattern on the inner surface.", 
position=[1.56, 1.75, 2.00, 2.60, 1.50, 0.20, 180])

. . .

Bbox(description="A tall, slim bookcase with multiple 
shelves and drawers, designed for storing books and 
decorative items ", 
position=[-2.20, 1.25, 0.45, 2.40, 2.50, 0.30, 180])

. . .

Bbox(description="A tall lamp with a cylindrical 
shade and a sleek wooden stand.", 
position=[-3.03, 0.79, -0.89, 0.49, 1.58, 0.49, 270])

Bbox(description="A modern ceiling light with a 
rectangular shape, featuring a combination of white, 
gray, and wood grain finishes.", 
position=[-1.67, 2.76, 0.45, 0.95, 0.08, 0.65, 0])

. . .

</scene> 

Rendered Result：

4.
2m

6.8m
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+y

<think>To construct this …, incorporating the 
requested alcove to separate the music and 
movie zones ... On the left side, I extend the 
wall geometry to create a recessed alcove, 
which will serve as the dedicated music area…

Next,… I place a large, patterned area rug on 
the floor. Centered on this rug, I position a 
sleek, modern coffee table. Directly opposite 
the coffee table, against the back wall, I 
install a large projector screen. …, I place a 
long, modern sofa facing the screen. In the 
corner near the sofa, I add a tall floor lamp.…

Moving to the music alcove on the left, … I 
then set up the music zone by placing an 
upright piano ... I position a cushioned bench 
to serve as a stool…. Finally, I add the finishing 
touches to the living space. I place a decor-
ative toy car…</think>  <scene> …</scene>

Fig. 1: Given prompts, SceneSpinner generates 3D scene like coding. It can infer ar-
rangements from abstract concepts (music zone), plan spatial relations among objects
(movie-watching section), and follow a specific request (toy car). Objects in rendered
result are generated by in-house model. (Directions in our system: +x right, +y back.)

Abstract. The generation of plausible layouts is a critical step in text-
driven 3D scene synthesis. While Large Language Models (LLMs) have
shown promise in high-level organization in this task, their native fine-
grained spatial placement remains a significant bottleneck, often requir-
ing in-context guidance or complex agentic reflections to fix errors. This
paper focuses directly on strengthening the core spatial ability by finetun-
ing LLM to generate structured scene code (codematic indoor scene gen-
eration). We identify and address two fundamental issues hindering the
LLM from doing this: data scarcity and poor instruction following. First,
to mitigate data scarcity, we consolidate multiple heterogeneous datasets,
spanning procedural, real-world, and professionally designed scenes, into
a unified, large-scale training corpus. This dataset comprises 52K rooms
and 280k data pairs, featuring diverse descriptions at both the scene
and object levels. Second, even with abundant data, LLMs exhibit poor
instruction following due to an information imbalance, where the token-
heavy layout history overwhelms the concise user prompt. To resolve this,
we propose SceneSpinner, a framework that introduces a language-based
planning stage to provide high-level reasoning and a novel Conditional
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Mutual Information (CMI) regularization to explicitly force the model to
focus on user instructions. Experiments demonstrate that our approach
significantly improves the ability of LLMs to generate plausible, diverse,
and instruction-aligned 3D layouts.

Keywords: 3D Generation · Text-driven Scene Generation · Large Lan-
guage Model

1 Introduction

Interactive generation of 3D indoor scenes is a cornerstone problem in computer
graphics and artificial intelligence, with pivotal applications in embodied AI
simulation, intelligent interior design, and game development. A fundamental
challenge within this domain is the generation of plausible 3D object layouts
from user prompts, a persistent goal that continues to drive research. Early works
primarily relied on systems governed by explicit rules [12, 38, 47] to position
objects under manual constraints. Later approaches like [15, 43, 53] shifted to
a paradigm driven by data, training specialized models for layout synthesis.
However, the limited scale and diversity of available training data constrain the
effectiveness of such methods, preventing them from achieving layout synthesis
with an open vocabulary and limiting the diversity of their outputs.

Powered by the rich common sense and knowledge of LLMs [1, 42, 46, 55],
researchers have increasingly focused on leveraging these models to produce
plausible layouts for scene generation. The structured representation of object
layout, encompassing position, rotation, scale, and description, is naturally sup-
ported by the text output format of LLMs [4, 36], providing a solid foundation
for this paradigm. To harness this potential, recent works have explored various
strategies: some utilize learning from context to guide the model with few exam-
ples [6, 71], others incorporate external rules and physical constraints to prune
invalid outputs [23,35,48], and sophisticated frameworks involving multi-modal
agents employ iterative verification loops to refine the results [62, 69]. Some of
them even directly use training-based methods as initializations tool [69]. How-
ever, the efficacy of these downstream refinement strategies is heavily dependent
on the quality of the initial layout proposal. This dependency exposes a critical
gap in the current methodology and raises a fundamental question: What hinders
the intrinsic ability of the LLM to generate a plausible object layout directly?

To address this, we investigate fine-tuning LLMs to generate codematic lay-
out representations—structured textual formats that LLMs can both interpret
and produce [4, 36] as shown in Fig. 1. However, we identify two key obsta-
cles. First, existing datasets are scarce and heterogeneous. Effective fine-tuning
requires rich, multi-modal annotations, including open-vocabulary object de-
scriptions and precise 7-DoF poses (covering position, size, and orientation),
along with corresponding scene captions from multiple perspectives. No current
dataset provides this combination of labels [7, 19,36,76]. To bridge this gap, we
reprocess and unify diverse data sources, spanning real-world scans, procedurally
generated environments, and professional designs, by annotating each object and
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Max

Rendered Result

Bad Instruction following.
(no bunk bed, no workspace)

"A set of tall sheer drapes..."

“ A tall rectangular storage . "

" A compact vanity table …"

"A rectangular abstract art..."

"A sleek ceiling light ..."

" A compact bedside table... "

" A compact wooden stool... "

<scene> 
Wall(start=[1.75, 0.00, 1.68], end=[1.75, 0.00, -1.68], 
height=2.80)
Wall(start=[1.75, 0.00, -1.68], end=[-1.75, 0.00, -1.68], 
height=2.80)

. . .

Fixture(class="door", position=[-1.22, 1.20, 1.68, 0.91, 
2.40, 0.20, 0])
Fixture(class="window", position=[0.01, 1.49, -1.68, 2.69, 
1.95, 0.20, 0])

. . .

Bbox(description="A rectangular bed with a dark wooden 
headboard, soft bedding, and several accent cushions.", 
position=[0.75, 0.53, -0.58, 1.80, 1.06, 2.00, 270])

. . .
Bbox(description="A sleek ceiling light fixture with 
multiple radiating arms, each holding a bulb, creating a 
contemporary design.", 
position=[-0.00, 2.57, -0.22, 0.84, 0.46, 0.73, 0]) 

Bbox(description="A compact bedside table with dual 
storage compartments and a decorative potted plant atop.",
position=[1.55, 0.53, 0.42, 0.62, 1.06, 0.44, 270])

. . .

</scene> 

"A rectangular bed ..."
Activate value of A rectangular bed … 

(IGNORE INSTRUCTION!
& FOCUS ON HISTORY LAYOUT.)

Min

Input Prompt (10 tokens)
A bedroom contains a bunk bed and a workspace.

Fig. 2: Pilot Study. Finetuning LLMs in a vanilla way for codematic scene generation
results in poor instruction adherence. The models tend to focus more on previous
layout, rather than following the given instructions as shown in the left attention map.

scene with captions in a consistent format. This unified data foundation enables
large-scale training for codematic scene generation.

Even with this extensive dataset, a second, more subtle challenge emerges:
a critical imbalance of information inherent to the autoregressive generation
process. As Fig. 2 illustrates, the model’s generation is conditioned on both
high-level user instructions (10 tokens) and low-level layout history for reason-
able placement(782 tokens). This disparity leads to difficulties: since the layout
history vastly outweighs the instructions and is statistically more similar to the
target output, the model tends to forget the user instruction. As illustrated by
the attention map in Fig. 2, the model focuses almost exclusively on previously
generated code when generating a "bed" and ignores the "bunkbed" instruction.
Consequently, the model struggles to capture user intent.

To address these dual challenges, we introduce SceneSpinner, a novel frame-
work that enhances the capabilities of LLMs for codematic indoor scene gen-
eration. First, to mitigate the imbalance of tokens and inspired by the success
of reasoning via chains of thought in LLMs [59], we introduce an intermediate
planning stage. This forces the LLM to decompose the request of the user into
a coherent, high-level natural language plan before generating code. This plan
serves a dual purpose: it balances the distribution of tokens by providing a richer
context, and it acts as a cognitive scaffold, bridging the semantic gap between
the concise user prompt and the complex scene code. This guides the generation
process with explicit and structured reasoning.

Second, to correct failures in attentional focus, we propose a method to quan-
tify and regulate the reliance of the model on different conditions. Drawing from
information theory [9], we derive a formulation based on conditional mutual
information (CMI) to measure the contribution of the user instruction. Specifi-
cally, in the next token prediction paradigm, the conditional mutual information
(CMI) of a predicted token is defined as the KL divergence between the model’s
prediction distribution given layout and user instructions and its distribution
given the layout alone. This metric allows us to monitor whether the awareness
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of the model to the user instructions is diminishing (as verified in Sec. 6). Build-
ing on this insight, we propose a training recipe that efficiently regulates this
mutual information without significant computational overhead, preventing the
model from being overwhelmed by the layout history.

In summary, our contributions are:

– We identify and address two fundamental challenges in codematic layout gen-
eration based on LLMs: limitations in datasets and imbalance of information
during autoregressive generation.

– We propose a unified pipeline for data engineering that reprocesses and rela-
bels 5 heterogeneous datasets, creating a large-scale dataset for fine-tuning
LLMs on "codematic" scene representations.

– We introduce SceneSpinner, a finetuned LLM for codematic indoor scene
generation featuring a planning stage based on language and trained by
a training recipe based on CMI to resolve the information imbalance and
ensure robust following of instructions.

2 Related Works

Generative Models for 3D Scene Synthesis.Early approaches [12, 47, 72]
to 3D indoor scene generation relied heavily on procedural modeling and rule/
optimization-based systems. These methods enforced heuristic constraints on
object arrangement and asset retrieval to generate diverse scenes. However, a
persistent bottleneck in these systems has been the layout planning module,
which struggles to produce natural and varied arrangements without extensive
manual engineering. The advent of large-scale 3D indoor scene datasets catalyzed
a shift toward data-driven approaches [51, 56]. Early works explored model im-
plicit layout distributions via adversarial training [39,40,67] or explicit distribu-
tion mapping [2,45,66], but still suffered from limited quality. These limitations
motivated the community to explore more expressive architectures. Diffusion-
based approaches, such as [15, 30, 33, 53, 60, 70, 73], formulate layout generation
as a denoising process, while autoregressive models [24,43,49,57,61] treat it as a
sequence-to-sequence task. Despite their advances, these methods are typically
trained on limited datasets with closed vocabularies, restricting their ability
to generalize to open-ended user instructions or generate diverse and complex
scenes beyond the training distribution.
LLM-Driven Spatial Reasoning. A critical ingredient missing from purely
geometric approaches is common-sense knowledge about spatial relationships
and object semantics [13,21,22,27,52]. The emergence of Large Language Models
(LLMs) has injected this vital capability into scene generation [18,34,41]. Frame-
works like I-Design [6] and Holodeck [71] leverage LLMs to enrich the semantic
diversity of generated layouts, though they often lack grounded 3D spatial un-
derstanding. Other works [23,35,58] combine LLMs with vision-guided feedback
but are primarily limited to refining inaccurate poses rather than generating
holistic layouts from scratch. Building on the agentic capabilities of LLMs, re-
cent methods such as [62,69] incorporate iterative verification and self-reflection
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Heterogenous
Datasets

1.SpatialLM
2.Structured3D
3.Matterpot3D

4.3D-Front
5.InfiniGEN

Data filtering
1.Overlarge object
2.Less object
3.Invalid collision

Unified
Coordinates

1. Unified Datasets 2. Object Captioning

Mesh-based:

RGB-D/Point cloud-based:

Canonical View 
Rendering

Get notable frame
&Plot GT-BBOX

VLM
Captioning

VLM Based
Scene Captioning

Template Based
Scene Captioning

3. Scene Captioning

Fig. 3: Data process pipeline. We unifed heterogenous datasets for LLM finetuning.

loops to generate and correct layouts. However, the efficacy of these downstream
refinement strategies is heavily dependent on the quality of the initial proposal
generated by the LLMs [62, 69]. If the base model fails to provide a reasonable
starting point, even robust verification loops struggle to converge. This depen-
dency underscores a critical gap: the need to improve the LLM’s intrinsic ability
to plan and generate plausible scene layouts directly.
3D Indoor Scene Dataset. Beyond methodology, the quality and scale of
training data are pivotal to the advancement of 3D scene generation. Early efforts
utilized 3D scans of real-world environments [10, 25], such as Matterport3D [7].
While valuable for their realism, these datasets often suffer from noisy geom-
etry, incomplete object coverage, and limited scene variety. To address these
limitations, synthetic datasets [31, 76, 77] such as 3D-FRONT [19] were intro-
duced, offering clean layouts and complete object assets, which also been widely
used in indoor scene generation. However, these synthetic datasets often lack
diversity and limited quality, further constrain the model performance. Recent
studies have attempted to further improve data scale and quality by incorporat-
ing professional designs [16,17,36,74,75], providing a solid foundation for future
research. Nevertheless, existing datasets remain fragmented and heterogeneous,
often lacking unified instance-level annotations and broad diversity. This frag-
mentation motivates our work to process and unify five distinct datasets into a
cohesive format, creating a robust, large-scale dataset to fuel the LLM training
of layout prediction.

3 Dataset Processing

To finetune LLM model to do this task requires a large-scale dataset, which con-
tains 7-DoF poses and textual descriptions for each object. As shown in Fig 3,
to build this dataset, we relabel existing heterogeneous datasets, including pro-
fessionally designed (e.g., SpatialLM [36], Structured3D [76]), real-world scans
(e.g., Matterport3D [7]), and procedurally generated content (PCG) (e.g., 3D-
FRONT [19], InfiniGen [47]). Our processing pipeline can also be applied to
similar datasets for further scale-up.
Unified Coordinate System. We first normalize all scenes into a unified co-
ordinate system where the Y-axis represents the vertical direction (aligned with
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TOTAL
52K Scenes
281K Pairs

661K Objects

SpatialLM (34,097,65.5%)
- 204.6K Pairs; 373.1K Objects

Structured3D (7,690, 14.8%)
- 46.1K Pairs; 90.7k Objects

3D-Front (5,020, 9.6%)
- 15.1K pairs; 37.7K Objects

InfiniGEN (4,549, 8.7%)
- 13.6K Pairs; 149K Objects

MP3D (715,1.4%)
- 2.1K pairs; 10.9K Objects

(a). Data Statistics

(c). Data Samples

Scene description: The room features a beige upholstered bed with a white mattress and two pillows, 
positioned against the left wall, while a black wooden desk with a red lamp, laptop, and books is placed near 
the front wall. A white and frosted glass sliding-door cabinet stands on the right side, and a black flat-screen 
television is mounted on the front wall, with a white square ceiling lamp providing illumination from above.

A white square ceiling lamp with a metallic frame.

A white and frosted glass sliding-door cabinet with metallic frames.

A black wooden desk with a red lamp, a laptop, and books on it.

A beige upholstered bed with a white mattress and two pillows.

A black flat-screen television with a sleek frame mounted on a light gray wall.

(b). Word cloud of scene description

Scene description: This versatile space blends the comfort of a living room with the practicality of a dining 
area, creating a warm, convenient, and vibrant setting for daily life, family meals, and social gatherings.

A white metal fridge with sleek black handles and a smooth glossy finish.

A round glass coffee table with a black metal frame and decorative items on top.

A white wooden cabinet with glass doors and multiple shelves 
containing decorative items and books.

A black flat-screen television with a sleek design mounted on a wooden cabinet.
A blue metal shelf with multiple compartments holding books and decorative items.

…

Fig. 4: Data statistics and samples. Our dataset contains 52K rooms with 281K
data pairs.

gravity). The floor plane is aligned with y=0, and the scene’s geometric center
is set to the origin (0,0,0). For object orientation, we define the front face as the
+Z direction. Spatially, we partition the world coordinates +X and −X corre-
spond to right and left, respectively. Conversely, along the Z-axis, +Z denotes
back, while −Z denotes front.
Data Filtering. The second step is a rigorous data filtering process to ensure
dataset quality. The criteria are based on the number of objects, the relative
size of furniture, and the geometric quality of instances. We discard the room
that contains fewer than 3 objects to prevent easy samples. We also remove
scenes which contains oversize items that occupy more than one-third of the
entire space. Finally, we remove the scene that contains invalid collisions between
objects.
Object Captioning. To generate rich object descriptions, we employ a hier-
archical strategy that adapts to the different data modality for each object: 1)
Mesh-based. For objects with available 3D meshes, such as PCG datasets [19,20],
we render four canonical views and feed them to a Vision Language Model
(VLM) [29] for direct captioning. 2) RGB-D/Point Cloud-based. For datasets
that did not provide the instance mesh, we prioritize the usage of rendered RGB
images, either from the provided or the point-rendered results. We first obtain
the projected bounding box of the interested object from the RGB frame, and
then feed the highlighted objects into the VLM for detailed captions.
Scene Captioning. With all objects and their spatial relationships established
in the unified space, we generate a holistic caption for the entire scene. To
achieve this, our methodology incorporates two complementary captioning en-
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gines: a template-based engine and a VLM-based engine. The primary goal of
the template-based engine is to instill fundamental spatial reasoning. It system-
atically generates captions detailing the absolute positions and relative arrange-
ments of objects, focusing on low-level concepts like direction and distance. Con-
versely, the VLM-based engine is similar to M3DLayout [75] but with different
prompts, learns to connect natural language with the scene’s semantic meaning.
It produces captions that describe the scene from a holistic perspective, includ-
ing its scene category, the function of its layout, the furniture placement, and
the design purpose of this room, thereby teaching the model to understand the
scene’s high-level context. The specific rules for the template-based engine and
the prompts used for VLM-based captioning are all detailed in the supplemen-
tary material.

Datasets. Scenes Objects Layout
Collection

Scene
Description

Object
Description

SUN3D [64] 254 N/A RS × N/A
SceneNN [26] 100 N/A RS × N/A

Matterport3D [8] N/A 1,684 RS × N/A
ScanNet [11] 1,506 N/A RS × N/A
Scan2CAD [3] 1,506 N/A RS × N/A

OpenRooms [32] 1,068 97,607 RS × N/A
SceneNet [37] 57 N/A RS × N/A

3DFront [19] 5,754 N/A PD × N/A
Structured3D [76] 9,560 127,752 PD × CloseSet
SpatialLM [36] 49,963 469,516 PD × CloseSet

M3DLayout [75] 21,367 433,842 Mixture ✓ CloseSet
Ours 52,071 661,614 Mixture ✓ OpenSet

Table 1: Comparisons between existing 3D in-
door scene datasets. “N/A” denotes “not avail-
able”. "RS" means real scanned, and "PD" de-
notes professionally designed. "CloseSet" means
that it only contains specific category labels,
while "OpenSet" means specific text descrip-
tions.

Data Statistics and Compar-
ison. Our training dataset con-
tains 52,071 rooms after process-
ing, yielding 281,586 scene-text
pairs with VLM-based captions.
Fig. 4 shows the data statistic and
some examples from our VLM re-
labeled data. For our template-
based captions, they are gener-
ated on-the-fly during training,
making them theoretically infi-
nite. We also provide the com-
parative advantages with existing
datasets in Tab. 1. To the best
of our knowledge, ours is the first
dataset to feature open-set de-
scriptions for objects in a scene, a
key feature that directly supports
LLM-driven layout generation.

4 SceneSpinner

SceneSpinner is a finetuned LLM (Qwen3-4B-Instruct [65]) that can output scene
code, and then use a 3D renderer to generate the overall 3D scene following the
scene codes. As shown in Sec. 1, we find that directly finetuning LLM to generate
scene codes is prone to collapse and makes the output focus only on scene codes.
To handle these, we firstly introduce a planning phase like the LLMs’reasoning
to extend the prompt token information while using the LLM’s prior. Then we
introduce a novel training strategy based on conditional mutual information to
balance contributions of layout history and user instruction.
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4.1 Planning Phase

To address the information density imbalance, we introduce a planning phase
that reframes the generation task as a cascaded ‘instruction -> plan -> code’ pro-
cess. The ‘plan’, a detailed natural language rationale, serves as an information-
dense proxy for the user’s intent. This balances the model’s attention by creating
an intermediate representation with a token count comparable to the layout code,
ensuring instructions are not ignored.

To generate the “(instruction, plan)” training pairs, we built an automated
pipeline. Inspired by [68], we avoid rule-based methods, which often lead to mode
collapse. Instead, we prompt VLM [1,54] to generate diverse and coherent plans.

The process provides the VLM with comprehensive context for each sample:
the user instruction, our coordinate system, the ground-truth scene code, and
even rendered images. We use few-shot prompting to enhance its understanding
of spatial relationships and the required format. The VLM is then prompted to
simulate a designer’s thought process, generating a CoT that has (1). all scene
elements, (2). justifies each object’s placement according to the instruction, and
(3). logically infers the existence of necessary but unmentioned objects. The
prompt for this is attached in the supplementary.

This pipeline yields diverse and semantically coherent planning labels. By
training on the "instruction -> plan -> code" task, we enrich the conditional
input, better leverage the LLM’s intrinsic reasoning, and significantly mitigate
performance collapse.

4.2 CMI for Condition Contributions Measurement

By increasing the token count of the conditional input, the planning phase serves
as a data augmentation method that mitigates information imbalance. However,
this merely provides two more balanced conditions (the "text prompt" noted as
ctext, ctext = cinstruction+cthink and the previous layout code, we note it as ccode),
but it does not grant us direct control over how the model utilizes them during
training. The model might still develop a preference for one condition over the
other, ignoring the nuanced guidance in the "planning phase". Therefore, we
require a method to quantify the contribution of ctext, enabling us to monitor
and regularize its contribution throughout the training process.

To achieve this, we turn to conditional mutual information (CMI) from in-
formation theory [9]. Before proceeding with the derivation, we first abstract
the action of generating layout code as acode. The CMI between the generated
action acode and the text ctext, given the previous code context ccode, is defined
as:

I(acode; ctext|ccode) = H(acode|ccode)−H(acode|ctext, ccode), (1)

where H(X|Y ) denotes the conditional entropy, which measures the remaining
uncertainty of a random variable X given that Y is known. Intuitively, this
equation quantifies the reduction in uncertainty about the acode that is gained
by introducing the condition ctext, given that ccode is already known. A high
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CMI value indicates that the text provides significant influence for predicting
this action.

By expanding the entropy terms and applying the chain rule of probabil-
ity, the CMI can be rewritten as Eqn. (2) (We provide a detailed derivation in
the supplementary). This reveals that the CMI is equivalent to the expected
Kullback-Leibler (KL) divergence between the posterior distribution of the ac-
tion with the text and the posterior without it:

I(acode; ctext|ccode) = Ep(ctext,ccode) [DKL (p(acode|ctext, ccode) ∥ p(acode|ccode))] ,
(2)

Fortunately, this computation is tractable within the next token prediction
(NTP) framework. Under the NTP paradigm, the set of all possible actions acode
is simply the discrete vocabulary of the model. Consequently, the conditional
probability of any specific action is directly provided by applying the softmax
function to the LLM’s output logits. Thus, the both items in Eqn. (2) is formally
expressed as:

p(acode|ctext, ccode) = softmax(LLM(ctext, ccode)) (3)
p(acode|ccode) = softmax(LLM(ccode)) (4)

Where LLM denotes the large language model finetuned for our task. The CMI
for each training instance can be estimated by calculating the KL divergence
between the model’s output distribution when fully conditioned (with the text)
and its distribution when conditioned only on the previous layout code. This
allows us to monitor, or even constrain, the model’s reliance on the text condition
during the training process. Meanwhile, as shown in Sec. 6, the experimental
observations are consistent with our hypothesis, confirming that this parameter
can indeed quantify the model’s awareness of instruction.

4.3 Training Recipe

Based on previous analysis, we aim to monitor/ regulate text contribution dur-
ing LLM finetuning. However, a naive approach of creating a negative pair
p(acode|ccode) by omitting the instruction ctext is not trivial and inefficient. Un-
like diffusion models that utilize dedicated unconditional placeholders, LLMs
lack such a mechanism (unconditioned modeling), making simple omission prob-
lematic. Moreover, this "code only" branch would require a separate forward
pass, which incurs additional computational overhead without contributing to
the primary training objective (text to scene).

We propose an efficient alternative for generating conditioning pairs. Instead
of ablating ctext, we replace it with a generalized, high-level categorical label,
denoted as clabel (e.g., ’bedroom’, ’living room’), which is also part of our training
caption. This approach maintains efficiency because the forward passes for both
the specific-condition (ctext) and the general-condition (clabel) compute a loss
against the ground truth, fully contributing to the primary training objective.
Meanwhile, the difference in information density between the two also makes it
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Algorithm 1 Training Recipe of SceneSpinner
1: Input: Datasets D, loss weights β, λ.
2: Initialization:

- LLM(): The Large Language Model.
- CodeTemplate(): Converts layout dictionary Layout to string code.
- PrepareIDs(): Prepares input IDs I, labels L, and layout code indices A.
- sg(): stop gradient operation.

3: repeat
4: Sample a room R from datasets D
5: Get layouts Layout, long description ctext, short description clabel from R
6: Convert layout to code: acode ← CodeTemplate(Layout)
7: Prepare data: (Ilong, Llong, Along)← PrepareIDs(acode, ctext)
8: Prepare data: (Ishort, Lshort, Ashort)← PrepareIDs(acode, clabel)
9: Get logits: [Zlong, Zshort]← LLM([Ilong, Ishort])

10: Calculate CE loss: Llong ← CELoss(Zlong, Llong)
11: Calculate CE loss: Lshort ← CELoss(Zshort, Lshort)
12: Extract action logits: zlong ← Zlong[Along], zshort ← Zshort[Ashort]
13: Calculate KL Divergence: Lkl ← DKL( softmax(zlong)|| softmax(sg(zshort))
14: Compute total loss: L ← Llong + βLshort − λLkl

15: Update model parameters of LLM , by optimizing L
16: until Converage

easy for us to quantify the residual’s conditional contribution, which can then
be monitored and regulated.

The overall training recipe is shown in Alg. 1. It should be noted that ctext
contains both the initial instruction and a planning sequence. During the training
process, we integrate this planning sequence into the data pair with a certain
probability. In such cases, the total loss, Llong, is composite. It includes not
only the loss on the final acode but also a loss on the "planning" sequence. This
enables the simultaneous training of the model’s ability to both planning and
layout generation.

5 Experiements

Training Setting. We select Qwen3-4B-Instruct [65] as our base model for fine-
tuning. Our training incorporates a diverse mixture of data. In addition to our
proposed rule-based and VLM-based data, we include the Mixture of Thought
datasets [5,28,44] and the Ultra-Chat [14] dataset to preserve the model’s general
reasoning and language understanding capabilities. Details about ratios of each
dataset are posted in the supplementary.
Evaluation Settings. To evaluate the quality of our model, we curated a bench-
mark of 120 prompts covering various rooms from multiple perspectives, such as
layout descriptions and design purposes.

For our evaluation metrics, we first follow the methodology from previous
work [75], using CLIP to assess the semantic accuracy of the generated lay-
outs. Additionally, inspired by SceneWeaver [69], we employ GPT-4o [29] for a
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Qwen3-4B (5shot)GPT4o (5shot)

A white toilet …
Prompt: "A restroom with toilet that can brush teeth and take a shower."

Prompt: "A compact bedroom with two bedside tables side-by-side and a blue closet against the right wall."

Ours

A rectangular bed …
A compact bedside table …

wrong 
placement!

wrong orientation!

A blue closet …

A bedside table...
A bedside table...

A double bed…

A blue closet …

A bedside table...

A bedside table...

Missing
object! (bed)

wrong orientation!

A compact bedside table …

A blue wardrobe…

A modern toilet …

A compact sink…

A glass-enclosed shower…
wrong placement!

A modern toilet…

A compact shower…

A small sink…

wrong scale 
& placement!

A vanity with a built-in sink…

A transparent glass panel …

A shower with hose…
wrong orientation!

Fig. 5: In-context learning comparison. With few-shot prompting, the LLM gen-
erates compilable scene codes and infers necessary objects via reasoning. However, it
struggles with fine-grained object placement, motivating the need for our proposed
fine-tuning approach. White/black bboxes denote windows/doors.

more nuanced evaluation. However, our evaluation focus differs from that of Sce-
neWeaver, which primarily assesses the reasonableness and functionality of gen-
erated states from short prompts. In contrast, our work requires a more rigorous
assessment of how strictly the model adheres to detailed instructions. Therefore,
we adapted their prompting strategy into our task, using GPT-4o to evaluate
instruction-following capability and the fidelity and completeness of the outputs.
Detailed evaluation prompts, the pipeline, and case studies demonstrating the
validity of our proposed metrics are provided in the supplementary.

To ensure fairness, we uniformly employ cube [50] (an open-source text+bbox-
to-3D generation framework) to generate all results when conducting compar-
isons through top-down view rendering, as our primary goal is to evaluate the
accuracy of layout generation.
Baseline. In this paper, we first demonstrate that current Large Language Mod-
els (LLMs), such as Qwen3 [65] and GPT-4o [29], struggle to address this problem
even with few-shot prompting. This finding highlights their limitations in precise
spatial reasoning, thereby underscoring the necessity of our proposed training
methodology. We then conduct a comparative analysis of our method against
several state-of-the-art (SoTA) approaches. These include agent-based methods
like HoloDeck [71] and I-design [6], as well as training-based SOTA methods such
as Ctrl-Room [15] and M3DLayout [75]. Notably, M3DLayout provides both au-
toregressive and diffusion models.

5.1 Qualitative Comparision

In-context Learning for Layout Generation. As shown in Fig. 5, we com-
pare our method with training-free in-context learning technique [59]. Guided by
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Prompt: " A square 5m*5m meeting room that can accommodate 6 people. A laptop is placed on the meeting table and a screen is placed against the front wall. "

Prompt: "A room with doors on the left and one window on the right. The living area in the right side features a white leather sofa faces a TV cabinet and a TV. In front of the 
sofa, there is a coffee table with a rectangular carpet underneath. Two side table place on the each side of sofa. To the left of the room, there is a dining table is set with four 

wooden chairs. A digital clock mount on the wall of dining area."

Prompt:" A bedroom with a nook and air conditioner for high student's study and rest. "

4M 5.1M 5M

OursHoloDeckI-DesignCtrl-RoomM3DLayout-AR

Fig. 6: Qualitative comparison. Our method consistently demonstrates superior
generation quality and instruction following ability compared to SoTA methods across
prompts of varying difficulty levels.

our custom system prompt and in-context learning setup (5-shot), our pretrained
model, Qwen3 [65] and the GPT-4o [1] are capable of inferring and outputting
scene code according to the specified format and successfully compiled. While
the models can leverage their inherent knowledge to conceptualize the required
objects (sink for brushing teeth, etc.), our experiments reveal a significant weak-
ness of those pretrained models: a poor ability to place objects correctly. This
finding validates the necessity of our fine-tuning process to enhance the LLM’s
capabilities in this area.

Baseline Comparision. We further conduct qualitative comparison across
three scenarios by increasing the complexity of the prompt, as shown in Fig. 6.
Task complexity ranges from basic compositional reasoning to instructions in-
volving precise dimensions and implicit constraints. As this complexity grows,
the performance gap between our method and the baselines widens. In the sim-
plest task (first row in Fig. 6), our model correctly interprets the instruction
to create a functional “nook”, designing a dedicated study area that aligns with
user intent. In the intermediate case with metric scale constraints, our method
accurately respects fine-grained spatial requirements that both traditional and
agent-based baselines fail to satisfy. In the most challenging scenario, where all
baselines break down, our approach continues to generate coherent, high-quality
layouts. These results highlight the robustness and practical effectiveness of our
method. We provide more visual results in the supplementary.
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Metrics. M3DL_Diff [75] M3DL_AR [75] CtrlRoom [15] I-Design [6] HoloDeck [71] Ours

Ins_Follow ↑ 3.058 3.608 4.841 4.222 5.722 7.852
Lay_Fidelity&Comp ↑ 3.691 3.908 5.291 4.533 6.037 7.191

Clip_Score ↑ 0.182 0.187 0.187 0.167 0.259 0.260

Table 3: Quantitative comparison. We report Instruction Following score
(Ins_Follow), Layout Fidelity and Competition score (Lay_Fidelity&Comp), and
CLIP Score. Our method significantly outperforms current SoTA methods.

5.2 Quantitative Comparision

As shown in Tab. 3, our method consistently outperforms all baseline methods in
the evaluated metrics, demonstrating its superior performance in the generation
of instruction-guided layouts. We observe that existing agent-based methods
often struggle with complex scenarios: Holodeck [71] frequently fails to follow
instructions with limited physical plausibility, and I-Design [6] shows signifi-
cant performance degradation in scenes with more than five objects. Similarly,
diffusion-based approaches [15,75] are limited by their reliance on fixed prompt
patterns, which hinders their handling of open-vocabulary instructions. In con-
trast, our approach shows a commanding lead in adherence to user instructions
and layout accuracy, achieving a score of 7.852 on "Instruction Following" and
7.191 on "Layout Fidelity and Competition". These results represent a signif-
icant improvement of 37.2% and 19.1%, respectively. Furthermore, in terms of
high semantic alignment, our method also achieves the highest score of 0.260.
These indicate that our generated scenes not only have a more accurate layout
but also maintain a stronger correlation with the user instructions compared to
all other baselines. These quantitative results robustly validate the effectiveness
of our proposed approach.

6 Ablation Study

Planning
Phase

CMI
Recipe

Instruction
Following

Layout Fidelity
&Comp

× × 6.371 6.557
× ✓ 6.988 6.806
✓ ✓ 7.631 7.157

Table 2: Model component ablation. All of
these parts are described in Sec. 6.

In this section, we first quantita-
tively evaluate the components of
our proposed method. The ablation
study, as shown in Tab. 2, confirms
that each component is effective and
contributes successfully to the over-
all performance. This result demon-
strates the generalizability of the im-
provements achieved by our approach.
Planning Analysis We now further
investigate the underlying mechanism of improvement brought from the plan-
ning phase. Specifically, we analyze the attention activation maps of the LLM
layers during generation, drawing inspiration from [63]. We use the same prompt
(A bedroom contains a bunk bed and a workspace.) in the pilot study in Fig. 2
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Generated Results Attention Visualization
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L4H15 L4H31

“center”
“corner”
“right”

“center”
“corner”
“right”

Prompt: "A bedroom contains a bunk bed and a workspace."

Fig. 7: Attention visualization comparison. The overall map consists of user
instruction(same as Fig. 2), planning phase, and layout code; others are system
prompts and templates. The model with planning maintains consistent attention on
the instruction and planning tokens (specific spatial keywords as semantic anchors),
whereas the baseline model’s attention drifts to unrelated templates.

for comparison. A comparative analysis, illustrated in Fig. 7 (Left), reveals a
stark contrast in attentional behavior. Without the planning stage, the model’s
attention drifts away from the user prompt as generation progresses, becoming
dominated by the autoregressive history and unrelated tokens. However, with
the introduction of planning, the model maintains robust attention on the user
instruction/planning part throughout the entire generation process. Crucially,
as highlighted in Fig. 7, we observe an emergent phenomenon: the model heavily
attends to specific spatial keywords within the generated plan, such as ‘right‘,
‘corner‘, and ‘center‘. These keywords act as semantic anchors, grounding the
subsequent layout code in explicit spatial concepts and leading to a more coher-
ent and instruction-aligned 3D scene.
CMI Analysis This section empirically validates that KL divergence serves as
a robust metric for quantifying the degradation in a model’s instruction-following
ability. As illustrated in Fig. 8 (top-left), the negative KL divergence exhibits a
consistent upward trend during training. This rise is strongly correlated with a
decline in instruction-following. Specifically, the qualitative examples in the re-
maining panels reveal a distinct failure mode: models with higher KL divergence
can often produce a correct chain of thought, yet fail to adhere to this internal
reasoning in their final generated output. This evidence confirms that an in-
creasing KL divergence serves as a reliable indicator of this decoupling between
instruction following and generation. In contrast, our proposed method effec-
tively mitigates this rise, thereby maintaining instruction-following performance
at an equivalent number of iterations.

7 Conclusion

In this work, we explore fine-tuning LLMs for codematic indoor scene genera-
tion, where 3D scenes are produced through structured, code-like text. To enable
large-scale training, we first addressed the critical lack of suitable data by repro-
cessing and unifying five heterogeneous datasets to establish a robust and diverse
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Thinking content & codes wo KL

KL Divergence during Training Prompt: “A L-shape bedroom with an entrance path in the left side. 
The bedroom can storage clothes and watching videos. There is a place for make-up next to the window.”

Thinking content & codes w KL

<think>To design this L-shaped bedroom, I begin by establishing the architectural footprint. I construct a series of wall 
segments that form a primary rectangular sleeping area, but I incorporate a recessed section on one side to create the 
L-shape. This layout allows for a clear distinction between the main living space and a dedicated entryway or storage 
nook.

Next, I address the room's access and natural light. I place a door on the far left wall to serve as the main entrance. To 
ensure the room is well-lit, I install a large window on the right-hand wall and a secondary, smaller window on the 
adjacent front wall, creating a bright corner that will be ideal for the makeup area.

For the sleeping zone, I position a large double bed centrally against the back wall. To provide symmetry and 
convenience, I place two matching nightstands on either side of the bed. Above the headboard, I hang a 
decorative painting to add a personal touch to the space.

To fulfill the storage requirements, I utilize the long wall on the left side of the room. I place a large, multi-door 
wardrobe here, ensuring it is easily accessible but out of the main path of travel. 

In the corner near the windows, I set up the makeup area. I place a dressing table against the front wall, benefiting 
from the natural light. A matching stool is positioned directly in front of the vanity for comfort.

For entertainment, I mount a flat-screen TV on the front wall, directly opposite the bed, ensuring a perfect viewing 
angle for watching videos. 

Finally, I add the finishing touches to the environment. I install a set of curtains over the large window to provide 
privacy and light control. To ensure the room is functional at all hours, I center a modern ceiling light fixture to 
provide even illumination throughout the entire L-shaped space.</think>"

<think>To design this L-shaped bedroom, I begin by defining the architectural shell. I construct 
a perimeter that forms an L-shape, creating a main rectangular sleeping area and a narrower 
extension on the left side to serve as the entrance path. I ensure the walls are high enough to 
accommodate tall storage units and wall-mounted decor.

Next, I address the primary access points. I place a door on the far left wall of the entrance 
extension and another door on the adjacent wall segment to facilitate movement into the room. 
On the opposite side of the room, I install a large window to provide natural light, which is 
essential for the makeup area.

For the sleeping zone, I position a large double bed centrally against the back wall. To 
enhance functionality, I place a nightstand on each side of the bed. Above the 
headboard, I mount a set of abstract paintings to create a focal point. To provide 
privacy and light control, I hang a set of curtains over the window.

In the corner near the window, I set up the makeup station. I place a dressing table against the 
wall, accompanied by a matching stool. To ensure this area is well-lit for tasks, I install a 
dedicated wall sconce nearby.

For storage, I utilize the long wall on the left side of the room. I place a large, modern 
wardrobe here, ensuring it is easily accessible but does not obstruct the entrance path. 

To fulfill the entertainment requirement, I mount a flat-screen TV on the wall directly opposite 
the bed, creating a comfortable viewing angle for the occupants. Finally, I install a central 
ceiling light to provide even illumination throughout the entire L-shaped space.</think>

w/ our training recipe: w/o our training recipe: 

Perfectly Match!✅ Several Mismatch!❌

-0.5

-0.4

-0.3

-0.2

-0.1

0

0 5000 10000 1500014000

Fig. 8: Ablation study and training analysis. The top-left plot shows the KL
training curve related to our proposed CMI (Sec. 4.2), where increasing negative KL
implies the model learns to ignore instructions. The remaining panels present a case
study: objects matching the thinking context are bolded and colored, while devia-
tions are highlighted.

data foundation. While training on this dataset, we identified a more fundamen-
tal challenge: a critical information imbalance in the autoregressive process that
causes models to ignore user instructions. To resolve this, we propose Scene-
Spinner, a finetuned LLM featuring a language-based planning stage trained on
a CMI-based training recipe to enforce instruction adherence. As validated by
our experiments, SceneSpinner achieves state-of-the-art (SOTA) performance in
both fidelity and instruction following compared to previous methods. Our pro-
posed method offers a novel paradigm for indoor scene generation that effectively
leverages the prior knowledge of LLMs while resolving fine-grained placement is-
sues, significantly pushing the boundaries of scene generation development.
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