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Abstract001

The fragmentation between topological floor-002
plan partitioning and local scene synthesis has003
long hindered end-to-end automated residential004
design. We argue that a truly functional space005
requires a holistic reasoning chain that aligns006
immutable structural constraints with diverse007
user personas. To bridge this gap, we formalize008
the task of Constraint-Aware Unified Floor-009
plan Design and propose UniFPDesign, for-010
mulating the problem as “Geometry-as-Code”011
generation. To overcome the scarcity of aligned012
data, we introduce Persona-Guided Specifica-013
tion Inversion. By masking finalized layouts to014
reverse-engineer demands, this method utilizes015
structural invariants as implicit supervision and016
shifts from geometric rule-reversal to persona-017
centric synthesis. To eliminate spatial halluci-018
nations, we develop a hierarchical CPT-SFT-019
RL strategy: CPT and SFT establish spatial020
syntax and instruction adherence, while GRPO021
ensures Geometric Habitability. Experiments022
on our proposed UniFPDesign-2K benchmark023
demonstrate superior performance in integrat-024
ing structural integrity with functional place-025
ment.026

1 Introduction027

The automation of residential design necessitates028

translating abstract user needs into precise physi-029

cal configurations. However, current research re-030

mains bifurcated: floorplan generation focuses on031

topological partitioning (Nauata et al., 2020; Yin032

et al., 2025a), while scene generation concentrates033

on furniture placement (Feng et al., 2023; Yang034

et al., 2025b). This fragmentation prevents the re-035

alization of end-to-end habitable design, which de-036

mands a holistic reasoning chain—from adhering037

to immutable structural constraints to interpreting038

complex user personas. To address this, we formal-039

ize the challenge of Constraint-Aware Unified040

Floorplan Design (see Figure 1).041

Figure 1: Overview of the proposed UniFPDesign
framework. Our method unifies floorplan and scene
generation by transforming demands and structural con-
straints into high-quality results via a three-stage train-
ing pipeline (CPT, SFT and GRPO) using LLMs.

Achieving this unification faces two fundamen- 042

tal bottlenecks. First, the “Data Scarcity Para- 043

dox”: while user personas are the functional origin 044

of design (Kuma, 1986), historical datasets rarely 045

preserve aligned triplets of (Structural Constraints, 046

User Demands, Final Design). Most existing works 047

attempt to reverse-engineer design rules from ge- 048

ometry alone, overlooking the “Human-Centric” 049

origin of spatial logic. Second, the Trade-off 050

between Semantic Depth and Geometric Pre- 051

cision: despite their semantic prowess, LLMs con- 052

sistently struggle with rigorous geometric reason- 053

ing. Our investigation reveals a critical gap: while 054

domain-specific models (e.g., GAN or Diffusion 055

planners) effectively optimize structural partitions 056

(Nauata et al., 2020, 2021), they lack the flexible 057

reasoning to interpret open-ended personas. In con- 058

trast, general-purpose LLMs, though superior in 059

instruction following, suffer from “spatial blind- 060

ness”—failing to maintain collision-free bound- 061

aries or load-bearing integrity (Rudman et al., 2025; 062

Feng et al., 2023). This trade-off necessitates a 063

staged learning approach to bridge user demands 064

with low-level physical validity. 065

To bridge these gaps, we present UniFPDesign, 066
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a unified framework designed to reconcile user de-067

mands with geometric rigor. Our core insight is068

that spatial configuration is the physical manifes-069

tation of resident personas, a principle that allows070

us to treat geometric layouts as high-level semantic071

anchors.072

Guided by this insight, we first address the data073

scarcity bottleneck through a Persona-Guided074

Specification Inversion pipeline. Unlike exist-075

ing methods that rely on rigid rule-based geom-076

etry augmentation (Nauata et al., 2020) or simplis-077

tic template-based demand matching (Feng et al.,078

2023), our approach treats massive unlabeled fi-079

nalized floorplans as “ground truth” and employs080

masking-based inversion to reverse-engineer la-081

tent user demands. By leveraging structural invari-082

ants as implicit supervision, this method not only083

ensures that synthesized demands are physically084

grounded but also enables the automated scaling085

of high-quality, aligned training triplets.086

To further resolve the trade-off between semantic087

depth and geometric precision, we develop a hier-088

archical training strategy: CPT aligns the model089

with “Geometry-as-Code” syntax to establish co-090

ordinate consciousness; SFT maps instructions to091

spatial primitives for constraint adherence; and RL092

synergistically enforces geometry habitability. Our093

contributions are summarized as follows:094

• We formalize Constraint-Aware Unified095

Floorplan Design and propose UniFPDesign,096

a framework that treats spatial design as a097

“Geometry-as-Code” generation task. This098

bridges the gap between structural partition-099

ing and functional scene synthesis within a100

unified LLM reasoning chain.101

• We introduce a Persona-Guided Specifica-102

tion Inversion pipeline to synthesize high-103

quality training triplets by reverse-engineering104

user demands from spatial layouts. We also105

release UniFPDesign-2K, the first unified106

benchmark for evaluating structural and func-107

tional habitability.108

• We develop a robust training pipeline compris-109

ing CPT for domain alignment, SFT for in-110

struction following, and Reinforcement Learn-111

ing (RL). By leveraging GRPO, our approach112

synergistically optimizes geometry habitabil-113

ity.114

2 Related Work 115

In the field of residential floorplan design, generat- 116

ing high-quality layouts has been a pivotal research 117

direction. However, performing unified design un- 118

der specific constraints remains a non-trivial task. 119

We review existing methods across floorplan gen- 120

eration, spatial reasoning, mask modeling, and in- 121

struction synthesis to position our work. 122

2.1 Floorplan Generation 123

Early raster-based floorplan generation relied on 124

Generative Adversarial Networks (Nauata et al., 125

2020, 2021). To enhance controllability and topo- 126

logical consistency, recent research has shifted to- 127

ward diffusion-based methods for geometric preci- 128

sion (Shabani et al., 2023; Chen et al., 2023; Qin 129

et al., 2024) and discrete denoising for topologi- 130

cal learning (Su et al., 2024; Zeng et al., 2024). 131

More recently, Large Language Models (LLMs) 132

have been leveraged to address numerical con- 133

straints and semantic alignment: frameworks like 134

DStruct2Design (Luo et al., 2024) and ChatDesign 135

(Li et al., 2024a) enable iterative refinement from 136

natural language, while other approaches facili- 137

tate interactive workflows via next-room prediction 138

(Yin et al., 2025a) and bubble-diagram augmenta- 139

tion (Wei and Li, 2024). 140

2.2 Scene Generation & Spatial Reasoning 141

LLMs have been successfully adapted as visual 142

planners, progressing from simple object place- 143

ment to the integration of semantic planning and 144

geometric reasoning. In the domain of semantic 145

layout synthesis, LayoutGPT (Feng et al., 2023) 146

ensures 2D spatial fidelity, while Holodeck (Yang 147

et al., 2024) and OptiScene (Yang et al., 2025b) ex- 148

tend these capabilities to 3D asset retrieval and con- 149

struction. However, these methods are primarily 150

restricted to unconstrained or single-room scenar- 151

ios, neglecting the rigid structural constraints, such 152

as preserving load-bearing walls, which is critical 153

to floorplan design. 154

To align semantic generation with geometric pre- 155

cision, recent approaches incorporate explicit con- 156

straints ranging from differentiable optimization 157

(Sun et al., 2025) to parametric generation (Wang 158

et al., 2025). These mechanisms address ambigui- 159

ties in model reasoning, where perspectives diverge: 160

while Ivanitskiy et al. (Ivanitskiy et al., 2023) sug- 161

gest models possess emergent topological repre- 162

sentations, (Rudman et al., 2025) argue they lack 163
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innate visual reasoning, necessitating structured164

guidance.165

2.3 Mask Modeling for Structural Completion166

Mask modeling facilitates self-supervised struc-167

ture completion by learning layout representations168

through reconstruction. In topological generation,169

MaskPlan (Zhang et al., 2024a) utilizes graph mask-170

ing to infer global adjacencies. In the raster domain,171

FloorPlanMAE (Yin et al., 2025b) captures spatial172

and load-bearing structures via patch reconstruc-173

tion, while FlexCAD (Zhang et al., 2024b) extends174

this paradigm to CAD sequences to model con-175

struction dependencies. Collectively, these studies176

demonstrate the efficacy of mask-based reconstruc-177

tion for structural inference and data synthesis in178

design contexts.179

2.4 Instruction Synthesis & Persona Modeling180

Instruction back-translation provides a practical181

way to synthesize supervision when paired (user182

demand, floorplan) data is scarce (Li et al., 2024b).183

Persona-conditioned generation has been explored184

to scale synthetic diversity and model user-specific185

patterns (Chan et al., 2024; Sengupta et al., 2023).186

Our persona hub is additionally motivated by ev-187

idence that living environments reflect household188

traits and life stage (Gosling et al., 2002; South189

et al., 2016; Kuma, 1986). We also draw inspi-190

ration from perturbation-based augmentation for191

robustness (Kaushik et al., 2020). In contrast to192

prior work, we integrate layout-grounded back-193

translation, a sociologically informed persona hub,194

and verified wishlist injection that encodes op-195

tional improvements as concessive constraints un-196

der feasibility.197

Limitations of Prior Art. Despite substantial198

progress, existing literature suffers from three pri-199

mary limitations: (1) Task Fragmentation: Most200

works are restricted to either topological room parti-201

tioning (Nauata et al., 2020, 2021) or isolated scene202

synthesis (Feng et al., 2023), failing to address203

the holistic reasoning required for Constraint-204

Aware Unified Floorplan Design. (2) Static Data205

Paradigms: Current datasets rely heavily on rigid206

rule-based augmentation or simplistic template-207

matching, which overlooks the “Human-Centric”208

origin of design. Consequently, they fail to cap-209

ture the nuanced link between diverse resident per-210

sonas and complex spatial configurations, limiting211

the scaling of demand-driven training data. (3)212

Figure 2: Construction of Forward and Reversed Floor-
plan Design Triplets. The forward process (top) maps
demands to layouts, while the reversed process (bot-
tom) synthesizes pseudo-data via structural masking
and specification inversion.

Semantic-Geometric Disconnect: General-purpose 213

LLMs lack the coordinate consciousness to satisfy 214

rigid load-bearing and collision-free constraints, 215

while domain-specific generative models lack the 216

semantic depth to interpret open-ended user de- 217

mands. A unified framework that synergistically 218

optimizes persona alignment, structural integrity, 219

and functional habitability remains absent. 220

3 The UniFPDesign 221

3.1 Problem Formulation 222

We formalize floorplan design as a Constraint- 223

Aware Unified Floorplan Design problem. Unlike 224

generation-from-scratch, floorplan design requires 225

mapping a partial structural state to a complete se- 226

mantic layout under strict physical boundaries. Let 227

a floorplan be defined as a set of geometric entities 228

X = S ∪ F , where S represents immutable struc- 229

tural elements (e.g., load-bearing walls, shafts) and 230

F denotes designable functional units (e.g., parti- 231

tion walls, furniture). 232

Given an initial structural skeleton Ssrc and user 233

demands I, our goal is to synthesize an optimal 234

target layout X ∗. We model this as maximizing the 235

conditional likelihood parameterized by θ, subject 236

to hard structural constraints: 237

X ∗ = argmax
X

Pθ(X | Ssrc, I)

s.t. Ssrc ⊆ X ,V(X ) = 1
(1) 238

where V(X ) acts as an indicator function for 239

topological correctness (e.g., closed room loops, 240

collision-free placement). We solve this optimiza- 241

tion by casting X as a sequence of executable code 242
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tokens, transforming the spatial planning problem243

into a constraint-aware autoregressive generation244

task.245

3.2 Dataset Construction246

(1) Persona-Guided Specification Inversion.247

Paired (I, X ) supervision is scarce, as final lay-248

outs reflect compromises. Inspired by instruction249

back-translation (Li et al., 2024b), we synthesize250

demands from finalized layouts, grounded in the251

insight that spatial configuration is the physical252

manifestation of resident personas (Kuma, 1986).253

We propose a three-stage inversion pipeline: fact254

extraction → persona conditioning → wishlist in-255

jection.256

Fact extraction. Given a floorplan X , we deter-257

ministically extract grounded facts Cfact (e.g., room258

types, adjacency) from geometry. These facts act259

as anchors to prevent hallucination and ensure syn-260

thesized demands remain consistent with the layout261

support.262

Persona hub. To model the one-to-many mapping263

of layouts to lifestyles, we build a persona hub264

(Appendix A) parameterizing household composi-265

tion and life stage (Gosling et al., 2002). Personas266

serve as controllable priors for demand synthesis,267

guiding the inference of unmet needs beyond phys-268

ical facts (P (I | X , Persona)), while remaining269

consistent with layout constraints.270

Wishlist injection. Real users often express pref-271

erences that cannot be fully realized due to spatial272

or structural constraints. Our goal is to achieve273

high alignment with real user demands while ex-274

plicitly modeling how aspirational preferences are275

negotiated and potentially compromised in prac-276

tice. Guided by the sampled persona, we pro-277

pose persona-consistent wishlist items as candi-278

date demand augmentations, typically reflecting279

improvement-oriented desires (e.g., a kitchen is-280

land or bar counter). Each injected item is then281

verified against the extracted layout facts Cfact. If282

an item conflicts with physical constraints, it is283

injected as a concessive constraint rather than a284

contradiction: the preference is explicitly acknowl-285

edged but marked as secondary to physical feasi-286

bility. Importantly, this prioritization does not over-287

ride users’ core living necessities but reflects the288

common trade-off where optional or atmosphere-289

enhancing demands are relaxed after basic func-290

tional needs are satisfied. We further apply two291

lightweight checks—persona-demand coherence292

and option perturbation (Kaushik et al., 2020)—to293

Figure 3: Qualitative analysis of Persona-Guided De-
mand Synthesis. Given identical layout facts, distinct
personas induce divergent narratives: the High-Density
Adaptation persona rationalizes constraints as functional
necessities (left), while the Aspirational Lifestyle per-
sona explicitly articulates unmet desires (in red) rejected
by spatial feasibility (right).

Demand Synthesis Setting Jaccard

Layout-only inference (baseline) 0.643
+ Persona hub 0.764
+ Wishlist injection + verification (full) 0.816

Table 1: Ablation on demand alignment measured by
Jaccard similarity between synthesized and real user
requirement questionnaires.

reduce spurious injections and ensure stable de- 294

mand reasoning (see Figure 3). 295

Ablation. As shown in Table 1, we measure user 296

demand alignment using the Jaccard similarity be- 297

tween synthesized questionnaires and real user de- 298

mand questionnaires. As final layouts are the result 299

of practical compromises, inferring user demand 300

solely from realized layouts yields limited align- 301

ment (0.643). Conditioning on a persona hub sig- 302

nificantly improves alignment (0.764), and adding 303

wishlist injection with verification further narrows 304

the gap to real user demands (0.816). 305

(2) Building the Structural Masking Input Ssrc: 306

We create self-supervised training pairs by corrupt- 307

ing a complete floorplan to obtain a partial struc- 308

tural skeleton as input. Following our formulation, 309

X = S∪F , where S are immutable structures (e.g., 310

load-bearing walls, shafts) and F are designable 311

elements (e.g., partitions, furniture). We sample 312

ω ∼ π(ω) and construct 313

X̃ = C(X ;ω), Ssrc = ΠS(X̃ ), (2) 314

where ΠS(·) projects a plan onto its structural sub- 315

set. We train a denoising model to reconstruct the 316

full plan from Ssrc (Vincent et al., 2008; Devlin 317
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et al., 2019; He et al., 2022; Pathak et al., 2016):318

max
θ

logPθ(X | Ssrc). (3)319

In practice, C deletes a subset of designable inner320

walls via either region masking or rule-guided wall-321

chain removal, followed by a deterministic repair322

to enforce representation validity (i.e., V(X̃ ) = 1;323

Appendix B). At inference (and supervised fine-324

tuning), we additionally condition on user demand325

I.326

(3) UniFPDesign-2K Benchmark. Unlike exist-327

ing benchmarks that decouple renovation from fur-328

nishing, UniFPDesign-2K addresses their inher-329

ent coupling in real-world design. It serves as a330

high-quality testbed for Constraint-Aware Unified331

Floorplan Design.332

Composition & Complexity. Comprising 2,000333

millimeter-precision samples in a structured Code334

format, the benchmark supports (a) Renovation, (b)335

Furnishing, and (c) Unified End-to-End tasks. It336

presents a high-density challenge, averaging 7.34337

functional zones and 28.23 furniture items per plan,338

alongside detailed structural models (avg. 7.14339

doors, 6.61 windows), forcing models to main-340

tain long-horizon consistency beyond simple object341

placement.342

Diversity & Logic. The dataset prevents over-343

fitting via a 20.7% long-tail distribution of com-344

plex typologies (e.g., multi-terrace layouts) beyond345

standard configurations. Quantitative analysis vali-346

dates robust architectural logic, evidencing realistic347

“Service-Served” flows (e.g., 86.4% Kitchen-Living348

connectivity) and privacy buffers.349

3.3 Continual Pre-Training (CPT)350

General-purpose LLMs often struggle to com-351

prehend the specialized vector representations re-352

quired for floorplan design. To bridge this domain353

gap, we employ CPT, which effectively aligns the354

model with these geometric code constraints (Qi355

et al., 2025).356

We conduct CPT on a ∼40B-token corpus de-357

rived from approximately 10 million floorplans, in-358

corporating two key strategies: Geometry-as-Code,359

which represents floorplans as code to leverage the360

spatial reasoning of LLMs for floorplan design, and361

a Data Mixing Strategy that combines mathemati-362

cal (Fujii et al., 2025) and general data to mitigate363

catastrophic forgetting. (See Appendix C).364

Figure 4: Dataset statistics for UniFPDesign. Top
row: UniFPDesign-2K Benchmark split. Bottom row:
training split. Left column: distribution of common res-
idential program combinations (shown as #Bedrooms,
#Living rooms, #Bathrooms, #Kitchens). Right col-
umn: distribution of the number of furniture items per
room, grouped by room type, reflecting furnishing com-
plexity and long-tail variability across functional spaces.

3.4 Supervised Fine-Tuning (SFT) with 365

Feature Enhancement 366

Despite acquiring geometric priors via CPT, the 367

model lacks alignment with the complex semantic 368

constraints of design. We address this by employ- 369

ing SFT on a curated real-world floorplan corpus 370

comprising approximately 34,000 floorplans (See 371

Figure 4 bottom). 372

(1) Bounding Box Constraints: To mitigate spa- 373

tial conflicts such as furniture overlap and door- 374

way occlusion, we abstract functional entities (e.g., 375

furniture, doors) as Bounding Boxes. By ex- 376

plicitly modeling these boundary coordinates, the 377

model captures precise spatial relationships, ensur- 378

ing valid inter-object and object-to-door relative 379

positioning. 380

(2) Graph Planning CoT (Bubble Diagram): Di- 381

rect floorplan design frequently suffers from illogi- 382

cal topology (e.g., placing bathrooms at main en- 383

trances) and implausible sizing. Therefore, we in- 384

troduce a coarse-to-fine approach operating in two 385

steps (see Figure 5). In the graph planning step, 386

the model first predicts a topological adjacency 387

graph (i.e., Bubble Diagram (Nauata et al., 2020; 388

Luo et al., 2024)) to establish high-level spatial 389

logic. Subsequently, conditioned on this structural 390

prior, the model generates specific spatial actions 391

as the second step to construct the detailed layout, 392

ensuring adherence to the planned constraints. 393

(3) Sketch-Derived Point Constraints: Floorplan 394

design presents dual challenges: preserving struc- 395

tural rigidities imposed by piping in functional 396
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Figure 5: The training and inference pipeline of the
proposed UniFPDesign. LLMs encode inputs into struc-
tured PyCode prompts and execute a two-stage genera-
tion: Step-1 Graph Planning CoT for spatial reasoning
and Step-2 Building Action for final layout synthesis.

areas (e.g., kitchens, bathrooms) and satisfying397

user-defined position preferences. We propose a398

Sketch-to-Point projection strategy that treats user399

sketches as spatial priors to extract precise anchors.400

To guarantee topological validity, the derived point401

is strictly constrained to the polygon interior. This402

method serves as a hard constraint in the optimiza-403

tion objective, enforcing layout alignment without404

violating boundary conditions.405

3.5 Reinforcement Learning406

On-policy Optimization via GRPO. To ensure407

geometry habitability, we adopt GRPO (Shao et al.,408

2024) for on-policy optimization. GRPO updates409

the model parameters using samples generated410

from the current policy, allowing for direct feed-411

back on geometry habitability. We define a com-412

posite reward Rhard to strictly penalize violations:413

Rhard = Isyn (ωcritRcrit + ωgenRgen) (4)414

where Isyn ∈ {0, 1} is a binary indicator for code415

executability. We implement a hierarchical weight-416

ing scheme: Rcrit enforces essential topology (e.g.,417

Room Closure) with weight ωcrit, while Rgen pe-418

nalizes local violations (e.g., Overlap) with weight419

ωgen. By setting ωcrit > ωgen, we ensure that420

the on-policy updates prioritize global structure,421

guiding the generation towards physically valid so-422

lutions.423

4 Experiments 424

4.1 Metrics and Training Details 425

Metrics: We evaluate the generated floorplans on 426

geometric habitability. We employ Pass@1 to quan- 427

tify generation success rates and analyze failures 428

on the test set using four specific metrics: Furni- 429

ture Non-overlap (Pfurn), Topological Connectivity 430

(Ptopo), Object Reachability (Preach), and Vector 431

Validity (Pvec). It is worth noting that we adopt a 432

strict validity protocol, rejecting any samples that 433

suffer from vector errors, inaccessibility (of either 434

rooms or furniture), or furniture overlaps exceeding 435

a threshold of 7%. To ensure statistical reliability, 436

all reported results are averaged over three indepen- 437

dent runs. 438

Training Details. Our model is built upon Qwen3- 439

8B(Yang et al., 2025a). In the CPT stage, the model 440

was trained for 2 epochs with a global batch size 441

of 32 and a learning rate of 1e-5. Subsequently, 442

during SFT, we reduced the batch size to 16 and 443

the learning rate to 9e-6, training for 2 epochs. For 444

the reinforcement learning stages, we train GRPO 445

for 3 epochs with a global batch size of 8 and a 446

learning rate of 1e-6. To maintain training stability, 447

we set the group size (G) to 8, the KL coefficient 448

(βKL) to 0.001, and the sampling temperature to 449

0.3. 450

4.2 Feature Analysis 451

Settings Metrics

CPT Point Box CoT Pass@1(%)↑ Pvec(%)↑ Ptopo(%)↑ Preach(%)↑ Pfurn(%)↑

✓ 7.10 97.73 79.26 46.91 11.81
✓ ✓ 15.79 96.65 76.98 41.92 29.60
✓ ✓ ✓ 17.93 97.73 77.01 43.64 33.14

✓ ✓ 15.49 97.95 91.29 67.03 20.50
✓ ✓ ✓ 34.06 98.42 88.67 61.07 49.98
✓ ✓ ✓ ✓ 36.95 99.02 89.86 64.86 52.39

Table 2: Ablation study on input features and CPT.
The incorporation of additional features leads to consis-
tent improvements in pass@1.

To validate the efficacy of the proposed features, 452

we conduct an incremental ablation study (As Table 453

2 shows). 454

Qualitative analysis. As shown in Figure 6, CoT 455

enhances general spatial planning, while bounding 456

boxes significantly augment the model’s spatial 457

awareness. 458

Effectiveness of CPT. Table 2 demonstrates the 459

effectiveness of the CPT. CPT improves perfor- 460

mance across all feature settings. Notably, under 461

the full feature configuration, the inclusion of CPT 462

improves Pass@1 by a substantial margin of 19.02 463
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(from 17.93% to 36.95%). Furthermore, CPT sig-464

nificantly improves other metrics, with Pfurn in-465

creasing from 33.14% to 52.39% and Pvec increas-466

ing to 99.02%, verifying its capability in enforcing467

geometric habitability.468

Impact of Bounding Box. The baseline exhibits469

poor spatial planning and reasoning, yielding a470

Pass@1 of only 15.49% and showing severe fur-471

niture overlap. The integration of explicit bound-472

ing boxes significantly improves performance, rais-473

ing Pass@1 to 34.06% and reducing overlap by474

∼29.48. The improvement indicates that explicit475

coordinates are critical for geometric understand-476

ing and reasoning.477

Efficacy of CoT. The integration of CoT achieves478

the highest structural stability, peaking at a Pass@1479

of 36.95%. This result validates the efficacy of480

the coarse-to-fine generation paradigm: by resolv-481

ing topological dependencies (e.g., room adjacency,482

room size) prior to detailed geometry synthesis, the483

model effectively eliminates logical inconsisten-484

cies, ensuring rational spatial planning (as visual-485

ized in Figure 6).486

4.3 Ablation on Different RL Strategies: DPO487

vs. GRPO488

Method(with Data Aug.) Pass@1(%)↑ Pvec(%) ↑ Ptopo(%) ↑ Preach(%) ↑ Pfurn(%) ↑

SFT Baseline 42.33 98.60 92.54 67.21 59.95
SFT + DPO 43.64 98.50 94.40 68.76 60.60
SFT + GRPO 50.46 98.95 94.20 71.93 68.20

Table 3: Ablation analysis of RL strategies. GRPO
achieved substantial improvements over the baseline.

To validate the effectiveness of reinforcement learn-489

ing, we conducted experiments using both GRPO490

and DPO. As shown in Table 3, both strategies yield491

Figure 6: Visualization of feature attribution. Cases 1–3
show that Box and CoT significantly enhance spatial
planning performance.

performance gains compared to the SFT baseline. 492

However, GRPO achieves a significantly higher 493

improvement than DPO. Notably, prior to the RL 494

stage, we implemented rotational data augmenta- 495

tion on the baseline to ensure model stability. 496

GRPO. As Table 3 shows, compared to the base- 497

line, SFT + GRPO improves Pass@1 by 8.13% 498

(42.33% → 50.46%) and improves Pfurn by 8.25% 499

(59.95% → 68.20%). This demonstrates that on- 500

line optimization with rule-based rewards is helpful 501

for aligning the model’s reasoning with geometric 502

habitability. 503

DPO. For fairness comparison, we adopt 504

DPO (Rafailov et al., 2023) for off-policy refine- 505

ment, utilizing a fixed dataset to guide the physical 506

generation. We construct preference pairs (yw, yl), 507

where the positive sample yw is drawn from a 508

mixed dataset of expert designs and selected 509

high-quality model outputs, while yl is a standard 510

generated sample. Applying DPO (SFT + DPO) 511

produced only slight improvements over the base- 512

line, with Pass@1 increasing slightly from 42.33% 513

to 43.64%. As shown in Table 4, DPO achieves a 514

Pass@1 score of 43.64%, representing only a mi- 515

nor improvement over the SFT Baseline (42.33%). 516

In contrast, GRPO achieves a significantly higher 517

Pass@1 of 50.46%, outperforming the direct DPO 518

approach by a large margin. 519

We attribute the gap to the limits of off-policy 520

learning. DPO relies on a fixed dataset. Notably, 521

it achieves a Topological Consistency (Ptopo) of 522

94.40%, surpassing the 94.20% achieved by GRPO. 523

We argue that GRPO uses explicit reward feedback, 524

which directly guides the model to satisfy strict 525

constraints. In contrast, DPO relies on implicit 526

guidance through preference pairs. This implicit 527

signal is harder for the model to capture compared 528

to direct feedback, resulting in lower Pass@1. 529

4.4 Comparison with domain-specific models 530

To the best of our knowledge, our method presents 531

the first unified framework for floorplan design, 532

bridging the gap between floorplan generation and 533

scene generation. We compare the evaluation re- 534

sults of our model with domain-specific models of 535

floorplan generation and scene generation. 536

4.4.1 Floorplan Generation 537

We evaluate our zero-shot floorplan generation ca- 538

pabilities against ChatHouseDiffusion (Qin et al., 539

2024) on the Tell2Design (Leng et al., 2023) 540

dataset. Unlike the baseline, which relies on ex- 541
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Floorplan Generation Scene Generation

Method Pvec(%) ↑ Ptopo(%) ↑ Preach(%) ↑ Pfurn(%) ↑

ChatHouseDiffusion 90.90 82.50 N/A N/A
LayoutGPT(GPT-5.2) N/A N/A 38.50 55.90
LayoutGPT(Gemini-3-Flash) N/A N/A 37.42 53.70
Ours 97.56 92.26 72.13 68.08

Table 4: Main results on floorplan and scene generation.
Our method achieves competitive performance across
both tasks. Unlike domain-specific baselines, our uni-
fied framework demonstrates robust capabilities in both
floorplan generation and scene generation.

plicit room constraints, our method utilizes LLMs542

to autonomously derive spatial arrangements from543

boundary contours. We employ Ptopo to evaluate544

the results. To ensure fairness, for ChatHouseDif-545

fusion, we evaluate Ptopo the generated image with546

a raster-based segmentation method. For down-547

stream usage, like editing 2D or 3D in CAD (Zhang548

et al., 2024b)/BIM, we also convert the image to549

vector when calculating Pinv, in order to measure550

the precision loss caused by the R2V task. Exper-

Figure 7: Qualitative comparison of floorplan gener-
ation. The left column displays raster outputs from
ChatHouseDiffusion, highlighting topological defects
such as inaccessible rooms and ambiguous door bound-
aries (red circles). The middle column shows that
the subsequent Raster-to-Vector (R2V) introduces addi-
tional errors. In contrast, our method (right) generates
floorplans with correct topology.

551
imental results demonstrate that our method sig-552

nificantly outperforms the baseline (See Table 4).553

As illustrated in Figure 7, ChatHouseDiffusion fre-554

quently generates inaccessible rooms or ambiguous555

doorways (spanning only a few pixels). Further-556

more, the R2V process exacerbates these issues557

and introduces additional errors, severely limiting558

their applicability in downstream tasks.559

4.4.2 Scene Generation560

Table 4 also reports the results of LayoutGPT (Feng561

et al., 2023) on our UniFPDesign-2K benchmark,562

Figure 8: Visual comparison with LayoutGPT. Red ar-
rows indicate furniture’s reachable problems, and blue
arrows show furniture misaligned with walls. While
LayoutGPT often produces these errors, our method
successfully generates valid layouts for rooms.

powered by GPT-5.2 (OpenAI, 2025) and Gemini- 563

3-Flash (Google, 2025). Following standard prac- 564

tice (Feng et al., 2023), we limit the evaluation 565

to generating furniture layout in one bedroom and 566

one living room per sample. In the scene gener- 567

ation task, our method significantly outperforms 568

LayoutGPT variants powered by state-of-the-art 569

LLMs. The results show a substantial improvement 570

in Preach to 72.13%—approximately twice that of 571

the strongest baseline—while maintaining a Pfurn 572

of 68.08%. These results demonstrate our model’s 573

robust capability in ensuring furniture reachability 574

and optimizing spatial arrangements to minimize 575

invalid overlaps (See Figure 8). 576

5 Conclusion 577

In this work, we present UniFPDesign, a unified 578

framework for floorplan design. To address data 579

scarcity, we introduce a Persona-Guided Specifi- 580

cation Inversion pipeline that synthesizes aligned 581

triplets of user demand, constraints, and layouts. 582

Our scalable training pipeline begins with CPT and 583

SFT enhanced by feature augmentation. Subse- 584

quently, we employ GRPO to solve the physical 585

conflict. Experiments on floorplan and scene gen- 586

eration tasks demonstrate the effectiveness of our 587

method in generating valid and high-quality de- 588

signs. Empirical results on our proposed bench- 589

mark UniFPDesign-2K for strictly constrained 590

floorplan design, demonstrate that our approach 591

establishes a strong baseline. 592

Limitations and Future Work. UniFPDesign cur- 593

rently relies exclusively on symbolic “Geometry- 594

as-Code” representations, lacking the capability to 595

directly process raw visual inputs such as reference 596

images or pixel-level sketches. This absence re- 597

stricts the model from leveraging intuitive visual 598
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cues that are intrinsic to architectural design. Fu-599

ture work will address this by integrating special-600

ized, geometry-aware visual backbones to enable601

true multi-modal spatial reasoning. Furthermore,602

our reliance on predefined sociological personas,603

while effective for resolving ambiguity, may inher-604

ently oversimplify complex human behaviors into605

fixed archetypes. Future iterations aim to mitigate606

this risk by exploring data-driven persona discov-607

ery from large-scale user logs, thereby capturing608

more granular and long-tail lifestyle distributions.609

Furthermore, while our persona-guided de-610

mand synthesis effectively resolves ambiguity, it611

presents intrinsic limitations. First, the reliance612

on predefined sociological personas may oversim-613

plify complex, fluid human behaviors into fixed614

archetypes. For instance, in one failure case involv-615

ing an elderly couple (aging-friendly design), the616

model misinterpreted a “bunk bed” in the living617

room—likely intended for a caregiver or visiting618

grandchildren—as definitive evidence of a “Family619

with Two Children” persona. This illustrates the620

difficulty of mapping non-standard furniture usage621

to correct user identities without finer-grained, data-622

driven archetypes. Second, employing general-623

purpose LLMs for reasoning introduces a risk of624

hallucination, where synthesized demands might625

occasionally diverge from strict geometric logic de-626

spite our constraint verification mechanisms. Third,627

our evaluation relies primarily on intrinsic similar-628

ity metrics as proxies, which cannot fully capture629

the subjective nuances of dwelling satisfaction in630

real-world scenarios. Future iterations aim to miti-631

gate these risks by exploring data-driven persona632

discovery from large-scale user logs, thereby cap-633

turing more granular and long-tail lifestyle distri-634

butions.635

Safety and Responsibility. UniFPDesign is in-636

tended as a decision-support system rather than an637

automated design authority. All generated floor-638

plans should be reviewed by licensed architects or639

structural engineers before any real-world deploy-640

ment. In particular, recommendations involving641

load-bearing structures, plumbing shafts, or fire-642

safety designs require expert validation. We view643

this work as a step toward assistive design tools,644

not a replacement for professional judgment.645

Ethical Considerations and Data Consent. The646

data used in the evaluation part primarily stems647

from the RPLAN dataset, which is a publicly648

available benchmark for academic research. We649

strictly adhere to its licensing terms. Regarding650

the “Persona-Guided Specification Inversion”, all 651

user personas and design requirements were syn- 652

thetically generated by LLMs based on predefined 653

architectural templates. No real personal data was 654

scraped or collected from human subjects. 655
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A Persona hub Details 876

Each persona specifies a compact set of demo- 877

graphic variables (e.g., occupants, children, elders, 878

potential caregivers) and induces different demand 879

priorities when combined with extracted layout 880

facts Cfact. 881

Representative personas include: 882

(i) couple without children/elders (DINK); 883

(ii) couple planning for children (future nursery 884

reserved); 885

(iii) couple + 1 child; 886

(iv) couple + 2 children; 887

(v) solo female; 888

(vi) solo male; 889

(vii) two-generation co-residence (adult child + 890

parent); 891

(viii) couple co-residing with parents (three- 892

generation pressure); 893

(ix) elders staying temporarily for childcare, and 894

(x) with caregiver (nanny/aid). 895

These personas are used to condition wishlist in- 896

jection and demand prioritization during synthesis. 897

898

B Structure-consistent wall masking 899

details 900

We construct self-supervised training pairs by cor- 901

rupting a complete floorplan while enforcing that 902

the corrupted input remains structure-consistent 903

with our representation (e.g., valid wall endpoints, 904

consistent wall–room incidence, and closed room 905

loops when present). Following the main text, we 906

represent a floorplan as X = S ∪ F , where S de- 907

notes immutable structural elements and F denotes 908

designable functional units. 909

For implementation, we further decompose a 910

plan into geometric entities 911

x = {W out,W in, A,O, S, F}, (5) 912

where W out and W in denote outer/inner walls, A 913

rooms (each room stores a wall-loop outline), O 914

openings (doors/windows attached to walls), S 915

structural fixtures (e.g., shafts, columns), and F 916

11



Figure 9: Visualization of failure cases

designable furniture. We sample a corruption con-917

figuration ω ∼ π(ω) and generate918

x̃ = C(x;ω), (6)919

training the model to reconstruct the original plan920

from x̃ in a denoising fashion.(Vincent et al., 2008;921

Devlin et al., 2019; He et al., 2022; Pathak et al.,922

2016) We implement C with two masking modes,923

both followed by a deterministic repair step.924

Deletable vs. protected walls. We only delete a925

subset of inner walls to avoid violating practical926

constraints. Specifically, we define927

Wdel(x) = W in \Wprotected(x), (7)928

where Wprotected(x) includes walls associated929

with protected functional/structural regions (e.g.,930

columns, shafts, flues, and stairs), as well as walls931

filtered by conservative geometric heuristics (e.g.,932

unusually large thickness/length or wide window933

openings).934

Mode I: Random region wall masking. This935

mode removes inner walls inside a randomly sam-936

pled missing region while optionally clipping walls937

that intersect the region boundary.938

• Region sampling. Let P be the polygon in-939

duced by the outer outline W out. We sample940

a ratio r ∼ U(0, 1) and then sample an axis-941

aligned rectangle R such that942

area(P ∩R) ≈ r · area(P ). (8)943

• Wall deletion and clipping. For each candi-944

date wall w ∈ Wdel(x), we compute the frac-945

tion of its length inside R, denoted ρ(w,R).946

We categorize walls as:947

– fully masked if ρ(w,R) ≥ τin (e.g.,948

0.9), deleting the whole wall;949

– boundary-intersecting if τint ≤ 950

ρ(w,R) < τin (e.g., τint = 0.1), clipping 951

the wall segment at the rectangle 952

boundary to keep only the outside 953

portion. 954

Clipping is computed by a standard 955

line–rectangle intersection (e.g., Liang– 956

Barsky(Liang and Barsky, 1984)), producing 957

a new boundary endpoint p∗ which replaces 958

the endpoint that lies inside R. This partial 959

deletion yields realistic missing segments 960

and encourages the model to learn wall 961

continuation from surrounding structure. 962

Mode II: Rule-guided non-loadbearing wall 963

deletion. To better match practical demolition 964

patterns, we optionally apply a rule-guided dele- 965

tion based on Wprotected(x) above. We then delete 966

from Wdel(x) by sampling an integer deletion 967

level k ∼ U{0, 1, . . . , 10} and removing k ran- 968

domly selected wall-chains (collinear and endpoint- 969

connected segments within the same room) to avoid 970

implausible fragmented removals. 971

Structure-consistency repair. After dele- 972

tion/clipping, we apply a deterministic repair R 973

to maintain consistency of the floorplan represen- 974

tation: (i) update wall endpoints and incident re- 975

lations after deletion/clipping to avoid dangling 976

references; (ii) merge collinear walls across re- 977

moved junctions to reduce fragmentation; (iii) re- 978

move rooms whose wall-loop outlines are broken 979

(i.e., cannot form a closed cycle); (iv) drop open- 980

ings attached to deleted walls; (v) canonicalize wall 981

identifiers to stabilize serialization. Overall, 982

x̃ = R
(
D(x;ω)

)
, (9) 983

where D instantiates either Mode I (region deletion 984

with optional clipping) or Mode II (rule-guided 985

wall-chain deletion), and C = R ◦ D. 986
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Finally, we keep only structural fixtures in the987

input while predicting designable furniture in the988

output.989

C Data Distribution990

Data Source and Usage Constraints. The CPT991

and SFT data used in this work are derived from992

real-world residential floorplans. The dataset was993

collected under strict non-disclosure agreements994

and anonymized to remove all personally identi-995

fiable information and location-related metadata.996

Due to legal and copyright constraints, the training997

data cannot be released. Nevertheless, we provide998

a benchmark for evaluation.999

The cornerstone of our dataset is the serialization1000

of floorplan vectors into executable Python code.1001

Unlike static formats (e.g., JSON), this approach1002

leverages the pre-trained model’s proficiency in1003

modeling variable dependencies. By representing1004

spatial layouts as structured code, the model is1005

forced to internalize geometric constraints, such as1006

room adjacency and wall closure. During the CPT1007

stage, we use approximately 40B tokens of training1008

data. To ensure the model’s understanding of both1009

general textual knowledge and user demand, the1010

corpus is partitioned into several subsets. Table 51011

summarizes the components of the mixed training1012

data and their respective roles in the training pro-1013

cess.1014

To maintain the model’s foundational reasoning1015

while specializing in architectural geometry, we1016

adopt a specific serialization format and data mix-1017

ture strategy.1018

Data Mixing Strategy To mitigate catastrophic1019

forgetting (Roziere et al., 2023), we mix some1020

general-purpose data. This mixture serves three1021

distinct cognitive functions:1022

D Metrics1023

Table 6 presents a comprehensive overview of our1024

evaluation framework. These metrics impose hard1025

constraints to ensure the Geometry Habitability of1026

the floorplans. Key metrics include Generation Suc-1027

cess (Pass@k) and Vector Validity (Pvec), which1028

verify the syntactic correctness of the vector rep-1029

resentations. Furthermore, we assess spatial fea-1030

sibility through Furniture Overlap (Pfurn), which1031

penalizes physical collisions, and topological met-1032

rics such as Connectivity (Ptopo) and Reachability1033

(Preach), which guarantee that all functional areas1034

and furniture items are reachable via valid circula- 1035

tion. 1036

E Failure Case Analysis 1037

We visualize typical failure cases in Figure 9. The 1038

primary errors occur when dealing with complex 1039

boundaries. As seen in Case 1 and Case 4, when 1040

the input outline is highly irregular, the model strug- 1041

gles to partition the space effectively, leading to 1042

disconnected rooms or invalid overlaps. Another 1043

common failure arises in extremely tight spaces. 1044

In Case 2 and Case 3, the limited area forces the 1045

model to generate layouts where furniture obstructs 1046

doors or hallways become too narrow. These exam- 1047

ples indicate that while our method performs well 1048

on standard layouts, it still faces challenges when 1049

handling extreme geometric irregularities or severe 1050

spatial constraints. 1051

F AI Assistant Usage Disclosure 1052

Research and Data Generation: We utilized Large 1053

Language Models (specifically Doubao, GPT, and 1054

Gemini) to facilitate the “Persona-Guided Speci- 1055

fication Inversion” process. These models were 1056

used to synthesize diverse user personas and corre- 1057

sponding architectural requirements based on seed 1058

data from the RPLAN dataset. The AI-generated 1059

prompts were manually reviewed by the authors to 1060

ensure logical consistency. 1061

Coding: AI coding assistants (e.g., GitHub Copi- 1062

lot) were used to assist in writing the infrastructure 1063

code for the evaluation pipeline. All AI-suggested 1064

code was thoroughly tested and verified by the re- 1065

search team. 1066

Writing and Polishing: We used Chat- 1067

GPT/Gemini for grammar correction, stylistic pol- 1068

ishing, and rephrasing to improve the clarity and 1069

flow of the manuscript. The core arguments, tech- 1070

nical descriptions, and data interpretations were 1071

entirely conceived and written by the human au- 1072

thors. 1073
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Component Ratio Rationale
Vector Code 90% Core Geometry-as-Code generation tasks for spatial generation and interpretation.
General Python (Fujii
et al., 2025)

5% Prevents syntax degradation and maintains code-structure fluency.

Mathematical Data (Fujii
et al., 2025)

4% Enhances logical reasoning and numerical precision for coordinate arithmetic.

Domain NL (from the in-
ternet)

1% Ensures robust alignment between user instructions and geometric execution.

Table 5: Composition of the Training Corpus.

Dimension Metric Name Symbol Description & Key Indicators

Physical Plausibility

Generation Success Pass@1 Evaluate the success rate of generating
valid floorplans.

Furniture Non-overlap Pfurn Quantifies the ratio of physically non-
overlapping furniture areas (Physical Fail-
ure).

Connectivity Ptopo Evaluates the graph topological connec-
tivity of the generated room layout.

Object Reachability Preach Measures the reachability of furniture
within the floorplan.

Vector Validity Pvec Checks for geometric validity (e.g., syn-
tactic correctness).

Table 6: Overview of the Evaluation Framework: Geometry Habitability.
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