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Abstract

This paper proposes a two-stage text-to-floorplan generation
framework that combines the reasoning capability of Large
Language Models (LLMs) with the generative power of dif-
fusion models. In the first stage, we leverage a Chain-of-
Thought (CoT) prompting strategy to guide an LLM in gener-
ating an initial layout, Layout-Init, from natural language de-
scriptions, which ensures a user-friendly and intuitive design
process. However, Layout-Init may lack precise geometric
alignment and fine-grained structural details due to the inher-
ent limitations of LLMs. To address this, in the second stage
we propose a Dual-Noise Prior-Preserved Diffusion (DNPP-
Diffusion) model to refine Layout-Init into a final floorplan
that better adheres to physical constraints and user require-
ments. By combining LLMs and a dedicated refining model,
our approach is able to generate high-quality floorplans with-
out requiring large-scale domain-specific training data. Ex-
perimental results demonstrate its advantages in comparison
with state of the art methods, and validate its effectiveness in
home design applications.

Code — https://github.com/NatalieZZY/HouseTune

Introduction

In architectural design, creating floorplans that meet user re-
quirements remains a challenge. Traditional design methods
not only rely on specialized knowledge but also require de-
signers to make iterative adjustments, which makes person-
alized design difficult. Learning-based models (Murali et al.
2017; Sun et al. 2022; Luo and Huang 2022) have made ef-
forts to improve the accuracy and efficiency of the task. Nev-
ertheless, existing approaches have yet to achieve a level of
user-friendliness and accuracy that enables ready adoption
by ordinary users.

Existing solutions (Nauata et al. 2021; Shabani, Hosseini,
and Furukawa 2023; Zeng et al. 2024) typically treat the
floorplan creation task as a conditional generation problem.
The conditions are expressed by a bubble diagram, where
rooms are represented as nodes (or “bubbles”), and doors
as edges specifying the spatial relationships between rooms,
as shown in Figure 1(a). Unfortunately, specifying a consis-
tent graph structure can be too demanding for novice users
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who wish to explore designing. A more user-friendly inter-
face would allow users to express their needs in natural lan-
guage. For example, the user could simply specify “I need
a house with three bedrooms, a living room, a bathroom, a
kitchen, and a balcony adjacent to the living room.” This
text-to-floorplan paradigm makes the design process more
intuitive for non-expert users.

A solution to this requirement involves training a genera-
tive model capable of directly mapping textual descriptions
to floorplans, as depicted in Figure 1(b). The Tell2Design
method (Leng et al. 2023) addresses this task using a
Sequence-to-Sequence approach, where the input text spec-
ifies the floorplan boundary and the exact geometry of each
room. The input requirement places an even greater burden
on users compared to working with bubble diagrams. In ad-
dition, the design limits the diversity of the results, which is
often crucial for exploratory design.

We introduce HouseTune, a novel two-stage floorplan
generation framework. In the first stage, we use a multi-
modal large language model (LLM) to generate an initial
house layout, termed Layout-Init. In the second stage, a dif-
fusion model is designed to refine this initial design into
a more precise and reasonable final layout, referred to as
Layout-Final. Figure 1(c) shows this two-stage process.

Generating an initial house layout using an LLM is not
trivial, as LLMs often fail to satisfy exact numeric and ge-
ometric constraints. To address this, we design a Chain-of-
Thought (CoT) prompting strategy (Wei et al. 2022; Zhang
et al. 2022). This approach ensures the generated layout
aligns with the user’s core requirements, such as the num-
ber of rooms, room types, and approximate arrangements.

The initial layouts produced at this stage typically ex-
hibit structural imperfections in object sizing and alignment,
due to the inherent limitations of LLMs in handling intri-
cate geometric details. To address this, we further propose a
novel Dual-Noise Prior-Preserved Diffusion Model (DNPP-
Diffusion). The proposed model achieves three key innova-
tions: (1) integrating the LLM-generated initial layout as a
strong prior throughout the noise modeling process; (2) de-
veloping a hybrid noise strategy to balance generation diver-
sity and prior preservation; and (3) designing a staged de-
noising mechanism that preserves the prior. This approach
effectively mitigates early-stage mode collapse during train-
ing while preserving the Layout-Init prior.
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Figure 1: Comparison of different floorplan generation pipelines. (a) Graph-to-floorplan approach (e.g., HouseDiffusion), where
rooms are represented as nodes and doors as edges, forming a graph of spatial relationships; (b) Text-to-floorplan approach,
which directly maps a textual description to a house layout; (c) Our two-stage pipeline, where an LLM is used to generate an
initial layout, Layout-Init, according to the user’s textual specification. The initial solution serves as a prior for generating the
final layout, Layout-Final, through our Dual-Noise Prior-Preserved diffusion model.

Compared with state of the art methods, our approach is
able to generate higher quality floorplans from free textual
specification, without requiring extra domain-specific train-
ing data. We validate our approach on the RPLAN dataset,
in comparison with state-of-the-art methods. For instance, in
comparison with HouseDiffusion, our method achieves the
best performance across all metrics, and in particular, with
a 28% improvement in diversity. To summarize, this paper
makes the following contributions:

e We propose a novel two-stage floorplan generation
framework that leverages the initial layouts generated by
LLMs as the prior to generate the final floorplans.

* We develop a prompt design based on the Chain-of-
Thought technique, successfully guiding the LLLM to pro-
duce structured and coherent initial house layouts.

* We propose a DNPP-Diffusion framework that integrates
Layout-Init priors throughout both noise injection and
denoising phases, employing hybrid noise scheduling
and iterative prior refinement to maintain structural in-
tegrity while enhancing layout diversity and consistency.

Related Work

Floorplan Generation. In the field of building design, gen-
erating high-quality floorplans has been an important re-
search direction (Hendrikx et al. 2013; Wu et al. 2018; Hu
et al. 2020; Miiller et al. 2006; Peng, Yang, and Wonka 2014;
Sun et al. 2022). Nauata et al. (Nauata et al. 2020) proposed
House-GAN, a method based on Generative Adversarial
Networks that achieves end-to-end automated floorplan gen-
eration. Nauata et al. (Nauata et al. 2021) further proposed
House-GAN++, which improved the original GAN structure
by addressing the problems of missing doors. Upadhyay et
al. (Upadhyay et al. 2022) expanded on this by consider-
ing user inputs in the form of boundaries, room types, and
spatial relationships. Hu et al. (Hu et al. 2020) presented
Graph2Plan, which retrieves a set of floorplans with their
associated layout graphs from a database, allowing users to
specify room counts and other layout constraints. Shabani et
al. (Shabani, Hosseini, and Furukawa 2023) introduced bub-
ble diagrams as constraints and used diffusion to generate
floorplans. Chen et al. (Chen, Deng, and Furukawa 2024)
transformed visual sensor data into polygonal shapes with
Diffusion Models. Su et al. (Su et al. 2024) developed a bi-
directional structure of “corruption and denoise” approach
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to learn topology graphs. Zeng et al. (Zeng et al. 2024)
proposed a multi-conditional two-stage generation model,
which allows human designers to intervene and enhance
controllability based on the denoising diffusion model. Leng
et al. (Leng et al. 2023) introduced the Tell2Design dataset,
which paired with natural language descriptions, in support
of floorplan generation. HOLODECK (Yang et al. 2024b)
explored the use of LLMs to generate floorplans populated
with various objects, emphasizing the consistency of the en-
vironments rather than dealing with complex floorplans.
Conditional Diffusion. Conditional diffusion models are a
subset of diffusion models (Cao et al. 2024; Sohl-Dickstein
et al. 2015; Yang et al. 2023) where the generation is con-
ditioned on specific input data, such as labels, images, or
text, allowing more control over the output (Zhang, Rao, and
Agrawala 2023; Chen, Zhang, and Hinton 2022; Ho et al.
2022). Expanding on the success of diffusion models (Sohl-
Dickstein et al. 2015), Ho et al. proposed DDPMs (Song,
Meng, and Ermon 2020), introducing constraints within the
diffusion process to guide generation, which led to sig-
nificant significant improvements. Yang et al. (Yang et al.
2024a) improved diffuse image synthesis based on context
prediction. Yang et al. (Yang and Mandt 2024) proposed an
end-to-end lossy image compression framework using con-
ditional diffusion models to refine the source image. Re-
cently, Khan et al. (Khan, Chen, and Schmid 2025) proposed
a method guides the denoising process, which enables seam-
less generation of compositional objects with coherent back-
grounds while permitting refinement of inaccurate priors.

Method

HouseTune uses a two-stage approach to generate house lay-
outs. By breaking the generation pipeline into two stages,
HouseTune manages to exploit the power of LLMs in inter-
preting user demands and generating approximate layouts
with their common knowledge and reasoning ability. Fur-
ther refinement is designed to enhance the layout’s quality.
Figure 2 depicts the training and testing processes of our
method, in which Layout-Init plays a pivotal role.

Layout-Init Generation

Natural language descriptions alone may lack the detailed
context necessary for accurate reasoning about specific
house layouts (Mann et al. 2020; Min et al. 2022). To address
this limitation, we enhance the LLM’s reasoning capability
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Figure 2: Training and testing processes of our method. (a) An example of LLM generating a Layout-Init according to user
demands. (b) Given a house layout sample, we use the LLM to describe it. The textual description is used to mimic the user’s
demands. Using multiple examples as in (a) as demos, we ask the LLM to generate a Layout-Init for each sample. These initial
layouts serve as priors for the generator, which outputs Layouts-Final. (¢) Given a textual description from the user, we again
use the demos like (a) to obtain a Layout-Init, which goes through the diffusion model to generate Layout-Final.

by allowing it to reference multiple human-designed layout
demos, following the Chain of Thought (CoT) approach. By
demonstrating each step explicitly, including room selec-
tion, placement, and sizing decisions, CoT helps the LLM
break down complex layout generation tasks into manage-
able, step-by-step inferences.

The demo set E for the prompt consists of pairs of lan-
guage description ey and corresponding Layout-Init e;:

E:{(eived)17(ei7€d)27~--7(ei7ed)n}' (1)

This demo set essentially encompasses diverse examples
with varying house layout designs. Figure 2(a) shows the
reasoning process of an LLM generation example.

Figures 2 (b), (c) illustrate the training and testing
pipelines of our approach. In the testing mode, we input user
prompts expressed in natural language and the demo set E
into the LLM to generate the initial layout. The output of the
LLM is structured in JSON format.

The training process requires establishing a mapping from
ground-truth layouts to Layout-Init, which are further used
as priors for generating Layout-Final. Given a house layout
sample from the dataset, we first use the LLM to give a de-
scription of the layout, which mimics the user’s demands.
The description is then fed to the LLM, which generates
Layout-Init using the CoT-based prompt.

Figure 3 shows a sample of prompt design. The prompt
used in our method consists of three parts: Initialization,
Chain of Thought (CoT), and Layout-Init generation.
Initialization. Initialization introduces task settings, in-
put and output format specifications, and reasoning sub-
tasks. Specifically, the task utilizes the role-prompting tech-
nique (John 2023) to instruct the LLM to play the role of a
designer: we present specific tasks to the LLM, prompting
it to explain, step by step, the reasoning behind the design
of each house location. An example prompt illustrating this
setup is provided in see Figure 3 (a).

Chain of thought. In each separate reasoning, the LLM
needs to determine the current layout, then randomly select
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the next room to be generated, and infer the information for
the next room based on the existing rooms. The emphasis is
on explaining the rationale behind these decisions. Figure 3
(a) presents an example that shows how to guide the model
through each step of the inference process, including room
selection, sizing, and positioning within the layout.
Layout-Init generation. In this step, demos are input into
the LLM to prompt the generation of the house layout. The
user provides natural language input, instructs the LLM to
perform a step-by-step reasoning process. The final output
is structured in the JSON format.

Dual-Noise Prior-Preserved Diffusion

We propose to incorporate the Layout-Init prior into the de-
noising. Figure 4 presents the specific training method.
Unlike conventional conditional diffusion models, which
apply conditions only during the noise decoding stage, our
framework processes two parallel inputs in both the noise
introduction and decoding phases: ground truth layout z§
and Layout-Init prior zf. We synchronously corrupt both
inputs with Gaussian noise ¢, and ¢, at training time. By
embedding Layout-Init as a prior from the outset and inject-
ing Gaussian noise into it, the model receives explicit gen-
eration guidance during the early noise accumulation phase.
This co-noising strategy ensures generation flexibility and
prevents early model rigidification caused by priors.
Specifically, we employ a hybrid generation strategy: the
initial input combines prior noise at timestep ¢, and pure
noise at timestep 7. However, inconsistencies in noise levels
between these different phases during denoising can lead to
inaccurate noise predictions, potentially damaging the prior
structure. To address this, we implement a phased hybrid de-
noising strategy in which, during the initial 7" to ¢, timesteps,
the prior undergoes synchronized denoising but is reverted to
its original state z} after each denoising operation. This pro-
tocol ensures noise-level synchronization between the prior
and ground truth at timestep t,, while keeping the prior in



A demo example from LLM generation example set

Q: You will play the role of designer. Generate a house layout according to my needs, !
including coordinates, length, and width. The input and the output are expressed in JSON. I will give you a
demo: The yellow is the bedroom, ... [Task settings.][Reasoning sub-tasks.][Input and output format.]

A: Of course! I'd love to help with the house design.

Q: The requirement includes two bedrooms, a living-room, a bathroom, and a kitchen. Living'-=============--- !
room has been generated with its center(0, 0), width=4, height=6. The next room is pending generation.

A: 1.Randomly select the kitchen as the next room. 2.The length of an economical kitchen typically ranges
from 1 to 3 meters, the width from 1.5 to 3 meters, and the overall area is about 2-6 square meters. 3.In this
design, the direction selected is the upper left corner of the coordinate axis, with the kitchen size set to 2x3
meters. 5.The resulting kitchen configuration is as follows:[JSON]. [Step-by-step reasoning]

Generating Layout-Init
during Training

4 |

LLM: [Describe layout original
samples as a demand.]
[Output Layout-Init.]

User:

Generating Layout-Init
during Testing

User : I need a house with three
bedrooms, a living room, a
bathroom, a kitchen, and a

balcony. [Demand.]

1 LLMOutput |
L.

! A: OK. I have learned from it. You can provide me the requirements.

LLM: [Output Layout-Init.]

(2)

()

Figure 3: CoT-based prompting enables generation of Layout-Init and its function in training and testing. (a) An example
showing how to interact with the LLM to obtain Layout-Init. The Initialization section defines the LLM’s role as a house
designer, and standardizes output format; the Chain of Thought section directs the LLM to create a house layout step by step,
ensuring reasonable room placement and sizing. (b) Invoking the Layout-Init generation during training and testing.

its original state throughout the early denoising phase of
ground truth data. Consequently, the persistent undenoised
prior provides explicit guidance during the initial generation
phase, while the progressive denoising of the prior in later
stages enhances output flexibility and diversity.

The Diffusion Model Building upon the general frame-
work of diffusion models for related tasks (Shabani, Hos-
seini, and Furukawa 2023; Zeng et al. 2024), our work aims
to address data source issues while enhancing the reasoning
capabilities for generation and prior guidance.

Diffusion models progressively refine Gaussian noise 5.
over T, with a prior Layout-Init .. The forward process
takes an initial sample z§ and a prior Layout-Init 25, gen-
erating a noisy sample z{ by sampling Gaussian noise ¢, ~
N(0,1) for the data sample and a noisy sample z at time
step ¢ by sampling Gaussian noise €, ~ N (0, 1) for the prior:

x = oy * (2 +28) + V1 — ae *x (69 + €p). 2

ay represents the noise schedule, controlling noise intensity
changes from 1 to 0 at each time step ¢.

The reverse denoising process starts with a fully noise-
added sample z7. and gradually removes noise to produce
a sample that matches the target data distribution z{. This
reverse process is typically implemented as an iterative pro-
cess, where each time step depends on the output of the pre-
vious step. Our method incorporates a prior zf for the gen-
eration. Rather than starting from pure Gaussian noise at the
final timestep ¢, = T, we initiate the algorithm with the prior
x5 and use a noised prior at some intermediate step ¢t; < 7,
providing a stronger starting point for generation.

The reverse process updates the state of =/ each step to re-
move noise and gradually guide the generated image toward
the structure of the prior z%:
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Var—1x (85 +&5) + /1 —ar_1 x€q t >t
m*(ig +ign)+ VI—oi_1x(eg tep) t<=ts

Tt—1 = {
3)

ay—1 18 the noise level parameter at time step ¢t — 1. € is the
residual noise predicted by the model.

By iterating the update formula from time step T to 1,
the reverse process progressively removes noise, bringing x¢
closer to a clean sample zj. At each time step, the prior z¥
continues to guide the generation.

Experiments
Datasets and implementation details

Datasets. We use the public dataset RPLAN (Wu et al. 2019)
for experiments. RPLAN represents the largest dataset for
floorplan with over 80K images. We divide RPLAN into five
groups (5, 6, 7, 8 rooms) according to the number of rooms
for cross-validation. Ablation experiments were conducted
on the 6-room task. To create paired groups for training,
we extracted 10K initial solutions from the LLM using the
prompting method. GPT-40 was used as the LLM in ours.
Metrics. Following prior work (Nauata et al. 2020), we em-
ploy Realism, FID, and Compatibility as evaluation met-
rics. Realism is an estimate based on a user survey, con-
sidering the user’s subjective experience. Diversity is mea-
sured by the FID score, defined as the Fréchet Inception Dis-
tance(Heusel et al. 2017) between the two Gaussian distri-
butions. The Compatibility score(Abu-Aisheh et al. 2015)
is used to measure the graph editing distance between the
generated layout and the ground truth. Macro IoU and Mi-
cro IoU are also introduced for comparison with the Text-to-
Layout method Tell2Design (Leng et al. 2023).
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Figure 4: DNPP-Diffusion network for refining Layout-Init. The forward process takes the ground-truth house layout z§ and
the Layout-Init zf and adds Gaussian noises ¢, and ¢, to create a noisy house layout z7. The reverse process takes a noisy house
layout at time ¢ and the Layout-Init as the priors with hybrid denoising strategy. Two encoders are used to encode and obtain

the latent representations for =, and z”.

Method | Realism 71 | Diversity | \ Compatibility | | Mic IoU 1t Mac IoU 1
Task 6 |5 6 71 8|5 6 1 8| - -
House-GAN(2020) -0.95 37.5 41.0 329 664 | 2.5 2.4 3.2 53 - -
House-GAN++(2021) -0.52 304 37.6 273 329 | 19 2.2 2.4 3.9 - -
HouseDiffusion(2023) -0.19 11.2 103 104 9.5 1.5 1.2 1.7 2.5 - -
PuzzleFusion(2024) | - \ 10.55 \ 0.97 - -
Tell2Design (2023) -1.03 42.74 - 42.93% 38.48%
Tell2Design* (2023) - - - 9.13% 6.06%
Ours | 003 | 86 75 81 9.0 |024 025 028 032 3315%  32.83%

Table 1: Generation performance of different methods.

Experimental results

Table 1 presents the main results, where we reproduce the
reported performance of existing methods for fair compari-
son. As shown in the table, our approach consistently outper-
forms prior methods across all evaluation metrics. Specif-
ically, compared to HouseDiffusion, our method improves
diversity by 28% and compatibility by 79%, demonstrat-
ing its effectiveness in generating flexible and spatially effi-
cient layouts. Tell2Design is evaluated using the IoU metric,
with 54.34% Micro IoU and 53.30% Macro IoU. IoU re-
sults exhibit lower values than Tell2Design due to weaker
supervision, but our method achieves much higher diver-
sity (+79.88%) and user preference. Table 1 shows that un-
der a comparable setup Tell2Design* (Training on artifi-
cial instructions only), HouseTune outperforms Tell2Design
by +71.85% (Micro IoU) and +88.61% (Macro IoU).
Tell2Design employs an autoregressive Seq2Seq frame-
work, in which generation is strictly dependent on sequence
order. This results in high IoU scores but significantly lim-
its diversity (see Fig.5, as it demands a large amount of la-
beled data to capture layout variations. In contrast, our non-
autoregressive approach inherently mitigates these limita-
tions, leading to a 79.88% improvement in diversity com-
pared to Tell2Design. Furthermore, Tell2Design relies on a
costly training process involving artificial pre-training fol-
lowed by fine-tuning on human annotations. In contrast, our
LLM-driven method eliminates the need for manual annota-
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Method | Diversity | Compatibility |
1-stage: Text-to-Layout 109.5 10.6
2-stage: HouseTune 7.5 0.25

Table 2: Comparison between one-stage and two-stage
methods.

tion while still achieving a higher user absolute preference
score (-0.03 v.s. -1.03). For realism evaluation, we follow the
same procedure as House-GAN++ to ensure comparability.
User surveys indicate that 65% of participants perceive gen-
erated layouts as comparable to the ground truth.

Figure 5 presents a visual comparison of layouts gener-
ated by HouseTune, Tell2Design, and HouseDiffusion. The
layout descriptions for HouseTune, Tell2Design’s annota-
tions, and HouseDiffusion’s graphs are all derived from the
reference samples shown in Fig.5(a). Due to the limitation
of the plain Seq2Seq model, Tell2Design often produces in-
accurate room counts, resulting in unrealistic layouts (see
Fig.5(B)). In contrast, HouseTune and HouseDiffusion ex-
plicitly enforce these constraints, producing more structured
and diverse layouts. HouseDiffusion, despite generally pro-
ducing reasonable layouts, often exhibits misaligned and
misplaced objects. This issue stems from its conditioning
strategy, which applies constraints only during the denois-



Reference Layout Description HouseTune (Ours) Tell2Design | HouseDiffusion
I need , 1-living-room, 2-bathrooms, 1-kitchen, and 1-balcony. The

layout features a large central living room, with three bedrooms distributed

around it. The kitchen is placed at the top center. One bathroom is located to

the left of the kitchen, and the other is on the left side of the layout. The

balcony is positioned at the bottom left.

I need , 1-living-room, 1-bathroom, 1-kitchen and 1-balconies. The

layout features a living room in the center with a bedroom below and another ] ! !
bedroom in the middle section to the left of the living room and the first "L:-
bedroom. The kitchen and the bathroom are situated at the top. A balcony is e
positioned at the bottom of the layout.

I need , 1-living-room, 1-bathroom and 1-kitchen. The layout of this

house features a spacious living room positioned centrally. The bathroom is J 5 !
situated at the top left corner of the layout. The right side of the living room ?

surrounds two bedrooms.The kitchen is adjacent to the bathroom.

I need , 1-living-room, 1-bathroom, 1-kitchen and 1-balcony. The "
layout features a spacious living room in the middle, with two bedrooms o :
positioned at the bottom. The bathroom is adjacent to the kitchen. A balcony is H
adjacent to the bedroom.

(© (@)

P K ©x s

(@) (b)
. Living Room I:' Bedroom |:| Bathroom . Kitchen I:' Balcony I:' Outside

Figure 5: Generation samples from Tell2Design, HouseDiffusion and HouseTune. The results of HouseTune align well with user
requirements in terms of room count and type, with reasonable and diverse room layout. The results produced by Tell2Design
exhibit high similarity to the Reference layouts, showing limited diversity. Also, the number of generated houses deviates from
the Reference, indicating inconsistencies in quantity. HouseDiffusion performs reasonably well; yet, in some cases, it generates
gaps or holes within the house, as indicated by the dashed-rectangles, along with misaligned object placement, which makes
the layout unrealistic.

Reference Text-to-Layout Layout-Init Layout-Final DeepSeek-R1 Doubaol.5-Pro GPT-40
(2) (b) © (d)

Figure 6: Effect of two stages in house layouts generation.
(a) reference; (b) the one-stage method that maps text di-
rectly to layout; (c) LLM only, and (d) our method.

Figure 7: Generation results with different LLMs.

Layout-Final Layout-Init

ing phase, making it less effective in maintaining spatial
consistency throughout the generation process (see our abla-
tion study for further analysis). HouseTune refines an initial
LLM-generated layout using a diffusion model with a prior
incorporated in both the noise addition and denoising stages.

of Text-to-Layout method result differs significantly from
RPLAN. This is due to a mismatch between the text com-
plexity and task, requiring extensive data support. Compar-
ing the Layout-Init and Layout-Final, we can observe that

Ablation study former produces many overlapping rooms, as shown in Fig-
One-stage v.s. two-stage Methods. We compare the one- pr.e'6. These limitations suggest while the LLM-generated
stage Text-to-Layout approach using the text from LLM initial lgyout can capture the ggneral structure of a house
with our two-stage method. Figure 6 presents the compar- layout, it cannot enforce fine-grained spatial constraints.

ison results under identical generation conditions. The one- Robustness and effectiveness of the prompts. Our method
stage method frequently produces overlapping rooms and maintains consistent quality across both commercial and
fails to maintain a reasonable spatial distribution. This lim- open-source LLMs, namely DeepSeek-R1 and Doubao-
itation arises because textual descriptions alone do not pro- 1.5Pro. As shown in Fig.7 and Table.3a, the generated JSON
vide sufficient geometric constraints that enable the LLM representations preserve structural integrity across different
to generate well-structured layouts. Additionally, Table 2 models, enabling seamless downstream diffusion refinement
conduct a quantitative evaluation of both the one-stage and without additional fine-tuning. This shows that our prompt-
two-stage methods. Diversity indicates that the distribution ing strategy exhibits low dependency on proprietary mod-
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DeepSeek-R1
DouBao-1.5Pro

GPT-40 \

| Diversity |

94.3
95.6

95.1

IoU 1

34.3%
30.2%

33.8%

(a) Comparative analysis of different LLMs.

Diversity |

98.6
92.3
86.5
75.2

TIoU 1

12.36%
14.57%
20.69%
21.41%

\ Description

P1
P2
P3
P4

Task definition prompt
Common sense prompt
Think step by step
Predefined CoT prompt

(b) Comparison of different prompting strategies.

Table 3: Prompt ablation study.

| MicIoU 1 Mac IoU 1t

21.84% 17.75%
34.15% 32.83%

Conditional Diffusion
DNPP-Diffusion

Table 4: DNPP-Diffusion v.s. Conditional Diffusion.

els. Furthermore, Table 3b presents the ablation for differ-
ent prompt designs. P1 employs only the task definition
prompt to generate semantic representations. P2 incorpo-
rates a common-sense prompt, improving reasoning accu-
racy. P3 adopts a basic Chain-of-Thought (CoT) prompt
(“Let’s think step by step” (Kojima et al. 2022)), further
enhancing performance. P4 introduces explicit reasoning
chains, leading to additional improvements over P3. These
results indicate that our tailored prompting strategy effec-
tively enhances the quality of the Layout-init generation.
DNPP-Diffusion v.s. Conditional Diffusion. We analyze
the impact of DNPP diffusion and conditional diffusion
methods by comparing the Mic-IoU and Mac-IoU. As
shown in Table 4, incorporating Layout-Init as the prior dur-
ing the entire generation phase leads to better performance
compared to applying conditional information only in the
denoising stage. This is because the early accumulation of
noise enables the model to establish prior-related features
earlier, while the hybrid prior protection strategy prevents
the prior from being corrupted by noise prematurely.
Comparison of different prior preserving strategies. Ta-
ble 5 compares the impact of different prior preserving
strategies. For Fixed, we fix the strength of prior preserv-
ing, meaning that the prior and denoising prior are used in a
fixed ratio throughout the denoising process. With this setup,
the performance of IoU is mediocre. For Weak to Strong set-
ting, the strength of the prior preserving varies with the time
step, being weak in the early stage and becoming stronger
later on. This approach denoises the prior too early, destroy-
ing the integrity of the early prior and resulting in limited
constraints on the generation by the prior. Conversely, for
Strong to Weak, the prior preserving is strong early on but
weak later, providing strong guidance during the early de-
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Method | MicIoU 1t Mac IoU
Fixed 28.03 25.06
Weak to Strong 15.94 13.96
Strong to Weak 34.15 32.83

Table 5: Comparison of different Prior Preserving strategies.

Forward Reverse \ Diversity | Mac IoU 1

v 8.57 9.95%
v 14.17 18.97%
v v 7.47 21.84%

(a) Effect of forward v.s. reverse conditioning.
Rate | MacIoU 1 Mic IoU 1

le-1 31.37% 28.46%
le-2 30.12% 26.59%
le-3 28.67% 25.43%

(b) Effect of different conditions on the generated results.

Table 6: Conditional diffusion ablation study.

noising stages.

Conditional diffusion ablation study. Our approach inte-
grates conditional constraints in both the forward and re-
verse processes. To evaluate the effectiveness of this design,
we analyze the impact of each constraint by independently
varying their proportions. As shown in Table 6a, incorporat-
ing conditional information during the noise addition phase
leads to better performance compared to applying it only
during the denoising phase. This is because early integra-
tion of conditions allows the model to establish condition-
related features at an earlier stage. A single-stage condition-
ing approach may result in weaker constraints, leading to
errors in room sizes and spatial relationships. The best per-
formance is achieved when conditions are applied in both
phases. Furthermore, we examined the effect of different
conditional participation ratios on generation quality, as pre-
sented in Table 6b. As the conditional ratio increases, model
performance gradually declines, suggesting that an exces-
sive amount of conditional information causes the model to
diverge from the true data distribution.

Conclusion

This paper proposes a two-stage text-to-floorplan generation
model, enabling user-friendly house layout generation. This
work guides the reasoning of the LLM through Chain-of-
Thought prompting to generate an initial layout based on
user requirements. The initial layout is then refined using a
diffusion model to produce the final house layout. Experi-
mental results show that our method achieves state-of-the-
art performance. Given the potential of LLMs, we expect
that our solution be extended to the generation of other com-
plex architectural designs such as shopping malls and office
buildings. This will be a subject of our future study.
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