
GRE-Diff: Gaussian Room Embeddings for
Structured Layout Diffusion

Jing Wang1 , Haoran Xiong1 , Zihao Yan1 , Minglun Gong2 , and
Hui Huang1 ⋆

1 Guangdong Provincial Key Laboratory of Visual Media and Multidimensional
Intelligence, CSSE, Shenzhen University, China

2 School of Computer Science, University of Guelph, Canada

Abstract. Designing functional and aesthetically coherent floor plans
requires exploring a vast space of possible room arrangements, a task
that quickly becomes overwhelming for human designers. In this pa-
per, we propose GRE-Diff, a controllable and interactive diffusion-based
framework that automates the creation and editing of apartment floor
plans under user-specified constraints. By combining AI-generated sug-
gestions with real-time, human-in-the-loop editing, the system enables
users to specify room types, room counts, boundary shapes, and editing
operations through LLM-parsed instructions or GUI-based interaction.
It then generates a diverse set of plausible and well-structured designs for
refinement. At the core of our approach is Gaussian Room Embedding
(GRE), a continuous latent representation that models each room as a
spatial Gaussian distribution capturing its location and extent. Exten-
sive experiments on the RPLAN dataset show that GRE-Diff produces
high-quality, constraint-aware, and editable polygonal layouts, offering
a practical step toward bridging AI-driven automation and human cre-
ativity in spatial design.
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1 Introduction

Designing functional and well-structured floor plans is inherently challenging, as
architects must iteratively refine layouts to satisfy complex spatial and regulatory
constraints [27,35]. The resulting design space is highly combinatorial, involving
numerous topological and geometric configurations that are difficult to explore
exhaustively. Recent advances in artificial intelligence have sought to address
this challenge through data-driven generative models, ranging from graph-based
reasoning [7, 10, 14, 21–23, 29, 31, 34, 40] to diffusion-based layout synthesis [13,
15,24–26,37]. These methods demonstrate the promise of AI to explore complex
spatial design spaces beyond human capabilities.

However, enabling controllable generation and iterative refinement within a
unified generative framework remains challenging. Unlike pixel-level image syn-
thesis, floor plans are structured geometric systems where rooms are mutually
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constrained by boundary validity, spatial adjacency, and functional relationships.
This structure introduces three key challenges. First, controllable generation un-
der spatial constraints requires simultaneously maintaining geometric validity,
functional consistency, and inter-room relationships. Second, robust editing is
challenging because modifying one room often propagates structural changes to
adjacent spaces, making it difficult to preserve global layout coherence. Third,
existing representations rely on discrete masks or vertex sequences, which are
sensitive to ordering and coordinate perturbations, leading to unstable opti-
mization and geometrically brittle layouts. These observations suggest that the
fundamental difficulty lies in how room geometry is represented within genera-
tive frameworks. To overcome the limitations of discrete room representations,
we seek a representation that is continuous, less sensitive to valid vertex-order
variations, and geometrically robust.

Inspired by probabilistic embedding models [33] and spatially controllable
generative representations [8, 18], we introduce a probabilistic latent represen-
tation for room geometry. Specifically, we associate each room with a Gaussian
spatial embedding that captures its approximate location and spatial extent.
We refer to this representation as the Gaussian Room Embedding (GRE).
Building upon this representation, we propose GRE-Diff, a Gaussian-guided dif-
fusion framework for controllable floor plan generation and editing. Given user-
specified constraints, the framework predicts Gaussian room embeddings that
guide a diffusion process to generate coherent polygonal layouts. Operating in
the continuous GRE space enables unified layout generation and iterative editing
within a single diffusion model. Furthermore, the system supports both natural-
language instructions and interactive graphical editing, allowing users to refine
layouts while maintaining global spatial coherence.

Our main contributions are summarized as follows:

– We introduce Gaussian Room Embeddings, a continuous probabilistic room
representation that summarizes room location and spatial extent, reducing
sensitivity to valid vertex-order variations in polygonal layouts.

– We propose GRE-Diff, a Gaussian-guided diffusion framework that unifies
floor plan generation and editing by operating in the GRE latent space and
decoding coherent polygonal layouts.

– We design a dual-path conditioning architecture that captures both se-
mantic cues and geometric constraints, enabling controllable and structure-
preserving layout synthesis and refinement.

2 Related Work

We mainly review the learning-based methods as they are closely related to
our research. Based on the type of input conditions, we categorize existing
studies into three groups: boundary-constrained, bubble-constrained, and text-
constrained floor plan generation.
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2.1 Boundary-constrained generation

Boundary constraints are commonly used in floor plan generation to ensure that
the layout adheres to predefined building boundaries or exterior walls, which
can be specified by designers or users. Early methods, such as variational au-
toencoders (VAEs) [2, 16], approached floor plan generation as a raster image
synthesis problem, where boundary constraints guided the placement of rooms.
RPLAN [36] enhanced layout accuracy and efficiency by generating floor plans
from raster images. iPLAN [10] mimicked the human design process by iteratively
predicting room locations and partitions. WallPlan [28] employed two alternating
modules to predict wall and room functions, but relied on post-processing to ob-
tain complete layouts, which limited output diversity. MaskPLAN [40] improved
spatial coherence by refining individual elements and decoupling geometric inter-
dependencies. However, boundary-based methods primarily focus on geometric
validity, often overlooking the semantic relationships among rooms. This lim-
itation led to the emergence of bubble-constrained methods, which introduce
higher-level spatial reasoning.

2.2 Bubble-constrained generation

Another line of research [19,31] leverage bubble diagrams as abstract spatial con-
straints, providing room connectivity, adjacency, and relative proportions before
geometric realization, usually combined with graph neural networks (GNNs) [7,
14, 34] and generative adversarial networks (GANs) [21, 22, 29]. More recently,
vision transformers [23, 32] and diffusion models [6, 24] have been explored for
layout synthesis. Graph2Plan [14] used sparse user constraints and bubble dia-
grams with GNNs to generate coherent floor plans. HouseGAN++ [21] iteratively
generated floor plans using a graph-constrained GAN, effectively transforming
input graphs into coherent and plausible layouts. HouseDiffusion [26] generated
vectorized floor plans by denoising room coordinates through a transformer-
based diffusion model with graph constraints. Cons2Plan [13] improved flexi-
bility by predicting connected edges to handle multiple conditional inputs, en-
hancing diversity in layout generation. GSDiff [15] generated wall junctions and
segments while maintaining geometric consistency through structured graphs.
Graph-based methods are effective when reliable topology constraints are avail-
able, but they often require explicit graph inputs or post-processing, and are less
direct for localized editing when users provide sparse or evolving constraints.

2.3 Text-constrained Generation

Recent advances in multi-modal models have introduced natural language as a
conditioning signal for floor plan generation [5]. Several works enable human-
in-the-loop design by translating textual or sketch-based prompts into spatial
constraints, allowing interactive layout generation and refinement [17,25]. Other
approaches leverage large language models (LLMs) to generate structured layout
descriptions that guide subsequent geometric synthesis, such as HouseLLM [42]
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and FP-LLaMa [39]. These methods demonstrate the potential of natural-language-
driven design interfaces, but still struggle to achieve precise control over local
geometry and maintain spatial coherence during layout generation.

3 Method

3.1 Gaussian Room Embedding

Following prior floor plan generation works [4, 26], we represent each room in
the layout as a polygonal region. Each room i is represented as a polygon xi

0 =
[vi1, . . . , v

i
N ], where vij ∈ R2 denotes the j-th vertex, ordered clockwise to form a

closed shape. This polygon representation provides a precise vector description of
room geometry and serves as the final layout produced by our model. Motivated
by the representation challenges discussed in Sec. 1, we introduce Gaussian
Room Embedding (GRE), a continuous probabilistic representation that pro-
vides a structured room-level latent description of polygonal geometry. Specif-
ically, each room is associated with a two-dimensional Gaussian distribution
gi = N (µi, σ

2
i I), where the mean µi ∈ R2 represents the room centroid and σi is a

scalar room-level scale parameter. In this work, we use an isotropic Gaussian pa-
rameterization, where σ2

i I ∈ R2×2 is not a full covariance matrix but a compact
approximation of the room’s spatial extent. Intuitively, µi determines the room

Polygon Layout Gaussian Room Embeddings

Fig. 1: Polygon layout and its Gaus-
sian Room Embedding. GRE provides a
continuous room-level spatial state that
initializes and guides polygon diffusion,
while the final output remains an explicit
polygonal layout.

location, while σi summarizes its coarse
geometric scale and spatial influence
within the layout. GRE does not re-
place the explicit polygon representa-
tion. Instead, it serves as a compact
room-level spatial state that initializes
and guides the diffusion process, re-
ducing sensitivity to valid vertex-order
variations and coordinate perturbations
compared with directly diffusing or-
dered polygon vertices. The final out-
put remains an explicit polygonal lay-
out decoded by the denoising process.

3.2 Gaussian-guided Diffusion Framework

Building upon the Gaussian Room Embedding representation introduced in
Sec. 3.1, we formulate floor plan generation as a Gaussian-guided diffusion pro-
cess. The proposed framework first predicts structured Gaussian room embed-
dings from user conditions and then generates polygonal room layouts through
a conditional diffusion model.

Diffusion Formulation. Given the Gaussian room embeddings predicted by
GuidanceNet, we generate room polygons through a diffusion-based denoising
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Fig. 2: Inference process of GRE-Diff. GuidanceNet encodes semantic (Stoken), bound-
ary (Btoken), and polygon (Ptoken) conditions to predict Gaussian room embeddings
(µi, σi). Samples drawn from N (µi, σ

2
i I) serve as diffusion initialization and are it-

eratively refined by DenoisingNet under boundary constraints to generate vectorized
layouts xi

0. The resulting layouts can be re-encoded as polygon tokens, enabling itera-
tive refinement and interactive editing.

process. Instead of initializing the diffusion process from isotropic Gaussian noise,
we sample the initial state of each room from its Gaussian embedding: xi

T ∼
N (µi, σ

2
i I). At each time step t ∈ [0, T ], µi

t = (1 −
√
αt)µi, σi

t = (
√
1− αt)σi.

The denoising process estimates the previous state xi
t−1 from the current noisy

state xi
t through the transition distribution p(xi

t−1|xi
t). The update rule is:

xi
t−1 =

1
√
αt

(
xi
t − µi

t −
1− αt

1− αt
σi
t ·D(xt, i, y)

)
+ µi

t + σtz
i,

where αt is the noise attenuation coefficient that controls the intensity of noise
removal at each step, and zi ∼ N (0, I) introduces stochasticity for sampling.
Here, D(xt, i, y) represents DenoisingNet, whose architecture is described in the
next section, and predicts the noise residuals conditioned on structural guidance
y, which includes (1) a boundary image defining the apartment contour, and (2)
anchor masks indicating user-specified fixed regions during interactive editing.
This conditional formulation enables the network to generate geometrically valid
and semantically coherent layouts.

GuidanceNet GuidanceNet consists of four modules: a multi-conditional en-
coder that tokenizes user inputs, a dual-path encoder for semantic–geometric
feature fusion, task-specific adapters for generation and editing modes, and an
autoregressive transformer that sequentially predicts GRE.

Multi-conditional Encoding. As illustrated in Fig. 2, GuidanceNet encodes
multi-modal user conditions into structured Gaussian representations that cap-
ture room position, size, and type. It transforms input conditions into three
types of tokens: room semantics (Stoken), apartment boundaries (Btoken), and
geometric polygons (Ptoken), respectively. Stoken encodes functional intent de-
rived from the LLM-parsed JSON that specifies room types and quantities (e.g .,
three bedrooms and one kitchen). Btoken describes the apartment contour us-
ing 64 uniformly sampled points, providing a global geometric constraint that
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bounds the layout. Ptoken represents existing room geometries with vertex-level
precision and acts as a spatial prior for refinement.

Dual-path Encoder. As illustrated in Fig. 2, the dual-path encoder jointly
processes semantic, boundary, and polygonal conditions through complemen-
tary attention pathways. Specifically, Stoken and Ptoken are independently pro-
cessed by separate global attention modules, each modeling long-range spatial
dependencies within its respective token domain. No cross-attention is applied
between these branches, allowing functional semantics and geometric priors to
be learned independently before feature fusion. Meanwhile, boundary tokens
Btoken are processed by a local attention branch that focuses on fine-grained
geometric alignment along the apartment contour. The overall encoded feature
representation is formulated as:

C = Adapter
(
Enc(Stoken) + Enc(Btoken) + γEnc(Ptoken)

)
,

where Enc(·) denotes the corresponding attention-based encoder for each token
type, and Adapter(·) denotes the task-specific adapter for either generation or
editing. The coefficient γ modulates the contribution of polygonal cues, with
γ = 0 for generation and γ = 1 for editing. This design enables GuidanceNet to
maintain a unified semantic–geometric latent space while adapting its represen-
tation to layout generation and editing.

Autoregressive Transformer. To sequentially generate room representations
conditioned on semantic and geometric context, we employ an autoregressive
transformer. At each step, the transformer predicts the Gaussian parameters of
the i-th room based on the previously generated ones:

(µi, σi) = ARTrans
(
C, ⟨SOS⟩, ⟨µ<i, σ<i⟩

)
,

where ⟨µ<i, σ<i⟩ denotes the sequence of previously predicted parameters, and
C provides global semantic–geometric conditioning. Starting from ⟨SOS⟩, the
model auto-regressively outputs (µ0, σ0), (µ1, σ1), . . . , (µN , σN ), where each pair
(µi, σi) defines the spatial center and extent of the i-th room. This formula-
tion models spatial dependencies among rooms, including adjacency, functional
grouping, and relative scaling, thereby preserving coherent layout structure at
both global and local levels.

DenoisingNet DenoisingNet serves as the geometric decoder of GRE-Diff,
transforming Gaussian embeddings from GuidanceNet into explicit polygonal
room layouts through a conditional diffusion process. As shown in Fig. 2, Denois-
ingNet employs a dual-attention transformer tailored for vectorized floor plan
representation and refinement. A boundary encoder [11] extracts geometric con-
straints and fuses them with latent room embeddings through cross-attention,
while a parallel self-attention pathway captures inter-room spatial dependencies.
The fused features are then processed through feed-forward layers to predict
D(xt, i, y), guiding the denoising trajectory toward structurally consistent con-
figurations. During editing, additional anchor masks within y enable localized
resampling and refinement while maintaining the global topology.
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LLM-based Editing GUI-based Editing

Step 3: GRE-Diff Interactive Editing 

Step 2: GRE-Diff Layout Generation 

GuidanceNet

Gaussian Room Embeddings

DenoisingNet

Room Polygons

Think: The bedrooms are index 2,5,6 at 
[185,166],[64,88],[80,142].  The top-right 
bedroom is index 5 at [64,88]. We will add 
a bathroom above this bedroom with a 
y-offset of 20, at position [64,108].

Step 1: Constraint Specification 

Instruction: I need a floorplan 
with three bedrooms...

Think: The user‛s request is 
clear : 3 bedrooms, 1 balcony...

Add a bathroom at position (64, 108).
Answer:

Before BeforeAfter After

Instruction: Add a bathroom near the top-right bedroom. Anchor & Move Operator

Answer:

Bedroom    3

Bathroom   1

Kitchen      1 Balcony        1 

Others       ...

Living Room 1

Fig. 3: Overview of GRE-Diff, a controllable framework for floor plan generation
and editing. Given apartment boundaries and room constraints, GuidanceNet predicts
Gaussian room embeddings that guide the diffusion process, while DenoisingNet gen-
erates coherent polygonal layouts. The framework supports both language-based and
GUI-based editing for interactive layout refinement.

3.3 User-guided Layout Generation and Editing

As illustrated in Fig. 3, GRE-Diff consists of three stages: constraint specifica-
tion, layout generation, and dual-mode editing.
Step 1: Initial Constraint Specification. Users describe layout requirements
using natural language (e.g., “three bedrooms and one kitchen”). A large language
model (LLM), such as Kimi-K2 [30], converts the request into a structured layout
specification that defines room categories and quantities. Users can also provide
apartment boundaries by sketching or uploading floor outlines, which determine
the spatial extent of the layout. Compared with prior methods [14,40] that rely
on manually defined topological graphs or attributes, our interface enables more
flexible and intuitive control through natural-language instructions. Additional
details are provided in the supplementary material.
Step 2: Layout Generation. These structured conditions are subsequently
processed by GRE-Diff, which integrates two core modules: GuidanceNet and
DenoisingNet. Specifically, GuidanceNet encodes the multi-modal tokens into
Gaussian embeddings that capture both spatial and semantic priors, while De-
noisingNet iteratively refines them through conditional diffusion to produce co-
herent polygonal layouts that strictly satisfy user constraints.
Step 3: Dual-Mode Editing. To refine a generated layout, GRE-Diff sup-
ports interactive editing through either LLM-based instructions or polygon-level
manipulation via a GUI. The framework provides five basic editing operators:
Add, Delete, Move, Repurpose, and Anchor. The first four operators modify room
attributes such as location or type, whereas Anchor fixes selected rooms during
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editing. GRE-Diff does not regenerate the entire layout from scratch. Instead,
user-anchored rooms are enforced as hard constraints through a fixed-room in-
dex mask: after each denoising step, their polygon vertices are copied back from
the input layout. The remaining editable rooms are resampled under the pre-
dicted GRE priors, the boundary condition (y), and the current layout context.
This mechanism enables localized refinement while preserving fixed structures
and maintaining global spatial coherence.

4 Results and Evaluation

4.1 Experimental Setup

Dataset. We use the RPLAN dataset [36], which contains over 80,000 vectorized
floor plans with detailed room types, boundaries, and structural annotations. Its
diverse residential layouts reflect real-world complexity and are widely adopted
in prior works [14, 36]. For our experiments, we select six room types: living
room, bedroom, kitchen, bathroom, dining room, and balcony. The data is split
into 72,709 samples for training and 8,079 for testing.

Metrics. Following prior works [9,13,15], we evaluate our method across seven
dimensions: Distribution similarity (FID [12], KID [3], MMD [1,9]), Generative
diversity (COV [9]), Generative novelty (LPIPS [41]), visual realism, Conditional
controllability (BC, RC, F1BC-RC), Editing Effectiveness (Tiny-ROE [38]), and
Efficiency (parameters, inference time). Metrics are averaged over five runs using
512 randomly sampled test layouts. For functional validity, the overlap-free rate
measures the percentage of generated layouts without positive-area intersections
between any pair of room polygons. The reachability rate evaluates whether
the room connectivity graph forms a single connected component, where rooms
are treated as nodes and derived door connections are treated as edges. These
metrics complement BC and RC by assessing whether the generated layouts are
not only constraint-satisfying but also spatially functional. Additional details are
provided in the supplementary materials.

Training. GRE-Diff is trained for 300 epochs on eight NVIDIA Quadro GV100
GPUs with a batch size of 40 per GPU. We use the AdamW optimizer [20]
with a learning rate of 2 × 10−4, applying linear warm-up followed by cosine
decay. Further details of the forward and reverse diffusion processes and loss
formulations are provided in the supplementary materials.

4.2 Evaluation of Generation Capability

Quantitative Evaluation with SOTAs. We evaluate the generation perfor-
mance of GRE-Diff against seven state-of-the-art methods, including iPLAN [10],
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Table 1: Comparison with prior floor plan generation and editing methods. A check-
mark (✓) indicates the available conditioning type (boundary, bubble, room type).
The best cells are highlighted in light green and the second best in light blue. Our
method attains the best overall similarity scores and the highest controllability with
competitive efficiency among diffusion-based models.

Method Bound. Bubble RType
Similarity ( ↓ ) Diversity ( ↑ ) Controllability ( ↑ ) Efficiency ( ↓ )

FID KID(×10−3) MMD COV BC RC F1BC-RC Param (M) Time (S)
Graph2Plan [14] ✓ ✓ ✓ 4.81 1.65 0.124 94.92% 100.00% 83.11% 90.78% 8 0.41

iPLAN [10] ✓ ✓ 12.63 12.20 0.148 75.11% 47.53% 85.65% 60.75% 46 1.61
HouseDiffusion [26] ✓ ✓ 6.55 2.83 0.193 76.36% – 93.35% – 27 8.76

WallPLAN [28] ✓ 6.73 4.46 0.149 58.40% 99.01% – – 106 0.72
MaskPLAN [40] ✓ ✓ 23.54 22.84 0.190 67.18% 100.00% 20.12% 33.50% 998 2.68

GSDiff [15] ✓ 4.55 1.13 0.118 86.13% 91.61% – – 137 0.67
ChatHouseDiff. [25] ✓ ✓ ✓ 5.21 1.31 0.145 83.01% 99.80% 53.91% 70.01% 82 1.15

Ours ✓ 4.36 0.96 0.107 96.09% 98.44% 100.00% 99.21% 60 0.91

Graph2Plan [14], HouseDiffusion [26], WallPLAN [28], MaskPLAN [40], GSD-
iff [15], and ChatHouseDiffusion [25]. All models are evaluated under identi-
cal constraint conditions to ensure fair comparison. HouseDiffusion is evaluated
without boundary constraints, as its original formulation does not support ex-
plicit boundary conditioning. Integrating boundary constraints would require
non-trivial architectural modifications beyond the scope of the original model.

Table 1 shows that GRE-Diff achieves the best overall performance among
the compared methods. It obtains the lowest FID of 4.36, improving over GSDiff,
Graph2Plan, ChatHouseDiffusion, and HouseDiffusion by 4.2%, 9.4%, 16.3%,
and 33.4%, respectively. It also achieves the lowest KID (0.96×10−3) and MMD
(0.107), indicating strong distributional similarity to real layouts. In terms of
generative diversity, GRE-Diff attains the highest coverage of 96.09%, showing
its ability to explore diverse layout variations. For controllability, it achieves a
high BC of 98.44% and the best RC of 100.00%, resulting in the highest F1BC-RC

score of 99.21%. With 60M parameters, GRE-Diff generates one layout in 0.91s,
faster than iPLAN and ChatHouseDiffusion and comparable to WallPLAN.

We further note that Graph2Plan relies on a retrieval-assisted refinement
pipeline to obtain its final layouts. As a diagnostic comparison, removing this
non-neural refinement increases its FID to 20.10 and reduces RC to 50.19%, with
BC and F1BC-RC dropping to 0.00%. This suggests that its final performance
depends heavily on post-hoc refinement. In contrast, GRE-Diff directly synthe-
sizes vectorized polygonal layouts within a unified diffusion framework, while
also supporting local editing under user-specified constraints.

Existing methods exhibit different trade-offs between geometric validity, room-
level controllability, diversity, and post-processing dependency. Graph2Plan de-
pends on retrieval and boundary alignment, achieving high controllability but
low diversity. iPLAN and MaskPLAN use progressive room localization and at-
tribute decomposition with heavy post-processing, often producing over-dispersed
layouts or empty regions. WallPLAN and GSDiff generate wall-line polygons via
snapping and alignment, improving local precision but reducing layout diversity
and failing to meet room-level constraints. HouseDiffusion and ChatHouseDiffu-
sion omit post-processing entirely, resulting in disconnected or inconsistent room
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Fig. 4: Qualitative comparison of floor plan generation. The red dashed regions high-
light failure cases in existing methods, often arising from inconsistencies in room num-
bers, functional mismatches, or inaccessible layouts. GRE-Diff generates structurally
coherent and functionally consistent results, closely resembling GT layouts.

geometries. In contrast, GRE-Diff embeds both boundary and room constraints
directly into the diffusion dynamics, ensuring structural correctness, maintaining
high diversity, and achieving real-time efficiency within a compact model.

Qualitative Evaluation with SOTAs. To better illustrate the quantita-
tive superiority, Fig. 4 visualizes representative results from different methods.
Graph2Plan and WallPLAN often fail to generate all required rooms, resulting
in incomplete layouts. iPLAN and ChatHouseDiffusion produce unintended gaps
that break spatial continuity and hinder accessibility. MaskPLAN frequently ex-
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Living Room 1 Bedroom 2  Kitchen 1  Bathroom 1  Balcony 1  

Default Room Setting: 6 rooms  - 1 Bed. + 1 Balcony + 1 Bed.

Fig. 5: Results of floor plans generated under various configurations. This figure shows
the network’s adaptability in generating layouts with consistent room configurations
and its flexibility in adjusting room arrangements within a fixed boundary, underscoring
the impact of load-bearing wall constraints. The network autonomously optimizes room
layouts while maintaining spatial organization and functionality.

hibits discontinuous or fragmented boundaries, further reducing geometric con-
sistency. In contrast, GRE-Diff preserves complete room structures, produces
smooth and closed boundaries, and maintains balanced spatial organization,
consistent with its strong numerical performance. More qualitative results are
presented in the supplementary materials.

Diversity. As illustrated in Fig. 5, we examine the controllable diversity of
GRE-Diff under various input conditions. (1) With identical functional require-
ments (e.g ., one living room, one balcony, one bathroom, and two bedrooms), the
model generates structurally diverse yet functionally consistent layouts, demon-
strating its stochastic generative capability (the first three columns). (2) When
room types vary while the building boundary remains fixed, the model adap-
tively reorganizes the layout to preserve functional logic, e.g ., aligning balconies
with exterior walls and placing living rooms at the center (last three columns).
(3) Under structural constraints such as fixed load-bearing walls, our method
naturally respects these limitations and maintains spatial organization (the last
row). These results collectively demonstrate that GRE-Diff achieves both high
generative diversity and controllable structural consistency.

Realism. We conducted a user study to evaluate the quality of our generated
floor plans against Graph2Plan and ground truth (GT) layouts. Using bound-
aries, room types, and counts extracted from GT as constraints, we assessed
30 floor plans divided into two groups: one without room location input (com-
pared to GT), and one with location input (compared to Graph2Plan). Par-
ticipants, unaware of layout sources, selected their preferred design from ran-
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domized options. We invited 58 computer science graduate students, collecting
1,740 responses. Preference counts were: GT/Ours/Cannot tell — 342/479/49;
Graph2Plan/Ours/Cannot tell — 242/568/60. These results indicate that par-
ticipants preferred our layouts over GT in 60.69% of cases, and over Graph2Plan
in 70.12%, demonstrating the strong realism of our generated floor plans.

Novelty. We assess perceptual similarity between generated and reference lay-
outs using LPIPS [41]. As shown in Fig. 6, most scores lie within the range

LP
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Gen GT
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Fig. 6: Novelty analysis using LPIPS. We
plot the LPIPS distribution of 500 ran-
domly generated layouts and visualize rep-
resentative samples from different per-
centile groups together with their nearest
retrieved training counterparts.

[0.03, 0.05], indicating high percep-
tual alignment, while samples above
0.06 correspond to intentionally di-
verse geometric configurations. For il-
lustration, we display samples from
the 2nd, 4th, 7th, and 9th groups
along with their most similar counter-
parts retrieved from the training set.
Visualizations across LPIPS ranges
highlight both close resemblance (low
LPIPS) and novelty (high LPIPS),
demonstrating the model’s ability to
generate realistic and diverse layouts.
These results confirm that GRE-Diff
preserves structural fidelity while en-
abling diverse layout variations.

Functionality. We further evaluate the functional usability of generated lay-
outs for downstream applications by measuring overlap-free rate and reachability
rate on 19,680 generated layouts. A layout is considered overlap-free if no pair
of room polygons has a positive-area invalid intersection; 95.56% of the gener-
ated layouts satisfy this criterion. For reachability, we use the annotated door
labels to construct a room connectivity graph, where rooms are nodes and door
connections are edges. A layout is considered reachable if all rooms belong to a
single connected component through the labeled door connections. Under this
criterion, 96.35% of the generated layouts are reachable. These results indicate
that GRE-Diff produces largely non-overlapping and door-connected layouts,
supporting downstream applications such as furniture arrangement and interior
layout refinement.

4.3 Evaluation of Editing Capability

Quantitative Evaluation with SOTAs. As shown in Table 2, our method
achieves a 0.00% Tiny-ROE across all operations, indicating that every requested
edit is correctly applied. In terms of editing accuracy, our F1 scores reach 86.27%
for Add, 98.58% for delete, and 97.59% for Anchor & Move, which outperform



GRE-Diff 13

Fl
oo

rp
la

n 
Im

ag
es

O
ur

s
M

as
kP

LA
N

Ch
at

H
ou

se
D

i�

Add a balcony Delete a bedroom Swap bedroom & kitchen Move bedroom  
Anchor Kitchen

Move bedroom 
Anchor balcony

Fig. 7: Qualitative comparison of floor plan editing. We apply editing operations to
the original ground truth layout, as shown in the first row. Compared to other meth-
ods, our approach provides more precise control over room positions, ensuring that
fixed structures (balcony or kitchen) remain unchanged while enabling flexible room
relocation. Red dashed boxes mark incorrect edits from other methods.

the best baseline (ChatHouseDiffusion) by +17.8, +40.3, and +24.5 points, re-
spectively. Although MaskPLAN achieves a 0.00% Tiny-ROE, it suffers from
much lower F1. These results demonstrate that our model not only executes all
edit operations successfully but also maintains superior geometric and semantic
consistency across diverse editing types.

Table 2: Editing performance com-
parison across different operation types
(Add, Delete, and Anchor & Move).

Method
Add Delete Anchor & Move

Tiny-ROE (%) ↓ F1BC-RC ↑ Tiny-ROE (%) ↓ F1BC-RC ↑ Tiny-ROE (%) ↓ F1BC-RC ↑

MaskPLAN 0.00 49.47 0.00 24.09 0.00 66.05
ChatHouseDiffusion 68.49 68.45 10.96 58.26 4.11 73.06

Ours 0.00 86.27 0.00 98.58 0.00 97.59

Table 3: Ablation study on the effect of
Global Attention (GA) and Local Atten-
tion (LA) in GuidanceNet.

GA LA FID↓ KID(×10−3)↓ MMD↓ COV↑ BC↑ RC↑ F1BC-RC↑

✗ ✓ 4.57 0.87 0.153 86.52% 96.67% 99.80% 98.21%
✓ ✗ 4.49 0.82 0.145 86.71% 97.07% 99.41% 98.23%
✓ ✓ 4.36 0.96 0.107 96.09% 98.44% 100.00% 99.21%

Qualitative Evaluation with SOTAs. Fig. 7 shows our model achieving su-
perior editing consistency and spatial preservation. It maintains fixed structures
(e.g ., balcony or anchored rooms) while adaptively updating surrounding re-
gions. In contrast, MaskPLAN often suffers from boundary drift and unassigned
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Fig. 8: Representative limitation cases. Examples include (a) uneven vertex density;
(b) incorrect room connectivity; (c) semantic mismatch; (d) limited generalization to
non-rectilinear boundaries; (e-f) diverse layouts under identical non-Manhattan bound-
ary; (g) a tilted bedroom; and (h) correctly places two balconies along a sloped wall.
Despite these, the layouts remain structurally coherent and spatially plausible.

spaces caused by mask misalignment. We additionally implemented the Move
and Anchor operations in ChatHouseDiffusion for a fair comparison; however,
the method frequently produces unstable results with fragmented or overlapping
rooms. Additional qualitative results and implementation details are provided
in the supplementary material.

Automatic Refinement. Beyond user-guided editing, GRE-Diff integrates an
automatic refinement mechanism based on BC and RC. This system provides
real-time feedback to detect and correct issues such as overlaps, voids, or irregular
geometries during generation. See the supplement for more details.

4.4 Ablation Studies

Table 3 evaluates the roles of global attention (GA) and local attention (LA)
in GuidanceNet. Using only LA weakens global guidance and reduces layout
plausibility (FID = 4.57). Using only GA better preserves global structure (FID
= 4.49) but lacks room-level differentiation, leading to imbalanced room scales
and lower COV (86.71%). Combining GA and LA leverages their complementary
strengths, achieving the best performance with the lowest FID (4.36) and highest
COV (96.09%). Additional ablations, including GRE-guided diffusion variants
and robustness analyses, are provided in the supplementary material. Detailed
GRE ablations in the supplementary material further show that integrating GRE
into the diffusion dynamics is more effective than using GRE only as an external
condition, validating its role as a room-level geometric state.

4.5 Limitations Analysis

While GRE-Diff achieves strong overall performance, it occasionally fails un-
der complex or incomplete spatial constraints (e.g ., irregular boundaries), as
shown in Fig. 8. In such cases, the model may produce suboptimal room ad-
jacencies or disproportionate room sizes, especially when boundary geometries
deviate markedly from the training distribution. Examples (a–c) correspond to
regular boundaries with uneven vertex density or misplaced functional zones,
whereas (d–h) depict non-orthogonal or highly irregular contours that can lead
to distorted room shapes.
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Fig. 9: Snapshot of the intuitive and user-friendly floor plan design interface.

4.6 User Interface

Fig. 9 shows the user interface of the floor plan design system. Users can begin by
providing natural-language instructions, while optionally uploading or sketching
the apartment boundary (left panel). After clicking the Generate button, GRE-
Diff produces multiple layout candidates that satisfy the given boundary and
room-type constraints (center panel). Once a layout is selected, users can refine it
interactively through intuitive operations such as Add, Remove, Move, Anchor,
and Repurpose (right panel). The refined floor plan can then be exported in
vectorized form by clicking the Save button. This interface provides a seamless
and user-friendly workflow for iterative floor plan generation and editing.

5 Conclusion and Future Work

We presented GRE-Diff, a controllable framework for floor plan generation and
editing based on Gaussian Room Embeddings (GRE) and Gaussian-guided diffu-
sion. The proposed design enables stable modeling of room configurations while
supporting flexible user interaction. Through its GuidanceNet architecture, dual-
path encoding, and real-time refinement workflow, GRE-Diff produces high-
quality, vectorized layouts that remain structurally coherent under diverse user
constraints. By supporting both natural-language instructions and direct GUI
manipulation, the system bridges automated layout synthesis with intuitive de-
signer control, advancing the capabilities of AI-assisted spatial design. Future
work will explore broader architectural typologies and extend the framework
toward holistic indoor layout generation, including furniture placement for in-
telligent design automation.
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