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HouseCrafter: Lifting Floorplans to 3D Scenes with 2D Diffusion Models

Supplementary Material
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Figure 1. Camera location sampling. From the floorplan, we first obtain a binary free space map (black means occupied) and then iterate
over the free space to sample camera locations. In each iteration, we select a free space component (highlighted in white) then sample
grid points within the component’s bounding box. The invalid points (occupied, marked with red) are discarded and the rest valid points
(unoccupied, marked with green) are stored as possible camera locations. The loop terminates when the all the free space is processed or the
remaining area is smaller than a threshold.

This supplementary document is structured as fol-001

lows:002

• Camera Location Sampling and Graph Construction003

• Autoregressive RGB-D Image Generation via Graph004

Traversal005

• Details of Floorplan Conditioning006

• Details of Evaluation007

– RGB-D Image Consistency Evaluation008

– Floorplan Consistency Evaluation009

– User Study010

• Baseline for Floorplan Encoding011

• Implementation Details012

• Running Time Comparison with Other Methods013

• Ablation on simultaneous RGB and Depth Image Genera-014

tion015

• Ablation on Floorplan Encoding016

• Limitations and Future Directions017

• Additional Visual Comparisons018

1. Camera Location Sampling and Graph Con- 019

struction 020

The camera location sampling procedure is illustrated in 021

Fig. 1, where we first obtain a binary free space map from 022

the input floorplan. An iterative procedure is then applied 023

over the free unoccupied space to sample camera locations 024

until all the free space is processed. Based on the sampled 025

camera locations, the graph construction is illustrated in 026

Fig. 2, where we first construct subgraphs within each room 027

separately. They are finally connected to form a complete 028

graph of the entire scene. 029

2. Autoregressive RGB-D Image Generation via 030

Graph Traversal 031

Given the location graph, the reference and novel views are 032

selected by traversing the graph. The procedure is described 033

in Alg. 1. To control the number of views in each generation 034
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Figure 2. Location graph construction. From left to right: (1) Given the sampled locations, we first group the locations by room types (e.g.,
kitchen, living room). Next, we construct a subgraph in each room in two steps: (2) adding edges between two nodes if their distances are
smaller than a threshold and (3) connecting the rest isolated locations to its neighboring nodes in a partial subgraph. (4) In the last step, we
use the door locations to connect the room subgraphs to form a complete graph for the entire scene. Specifically, for each door, we add an
edge between the nearest locations across two adjacent rooms. By creating graphs at the room scale then connecting them using the door
location, we avoid making undesirable edges where two locations are close but do not have overlap due to the wall. New edges of each step
(2,3,4) are highlighted in white.

step, we use two hyper parameters �r and �n, which are the035

hop distance thresholds with respect to the current nodes for036

the reference and novel views, respectively. When visiting037

a location v whose images have not been generated, we038

choose locations that are within �r hops from v and have039

images already generated as reference views. The novel040

views include v and those that have not been generated and041

within �n hops from v.042

3. Details of Floorplan Conditioning043

For a novel view with the latent feature zn
j
2 RC⇥H⇥W

044

(where C is the feature dimension and H ⇥ W the spa-045

tial dimensions), we obtain the floorplan information lj 2046

RM⇥C⇥H⇥W at the (latent) pixel-level by casting rays047

through the pixels and encoding semantic and geometric048

information at every intersection point between the projected049

ray and floorplan components.050

Subsequently, we use cross-attention at the ray-level051

where each pixel feature the in zn
j

is the query and the floor-052

plan features along the ray are the keys and values, meaning053

the attention for each ray is performed independently. To054

illustrate the operation, we add the batch dimension B and055

use einops [8] notation: 056

zn
j
 rearrange(zn

j
, B C H W ! (B H W) 1 C) 057

lj  rearrange(lj ,B N C H W! (B H W) N C) 058

zn
j
 MHA(q = zn

j
, k = lj , v = lj) 059

zn
j
 rearrange(zn

j
, (B H W) 1 C! B C H W ), 060

where MHA() is the multihead attention. The floorplan 061

information is incorporated in the first block of each feature 062

level in the UNet blocks of the image diffusion model. Since 063

each level operates at a different resolution, this process 064

effectively injects the encoded floorplan at multiple scales. 065

4. Details of Evaluation 066

4.1. RGB-D Image Consistency Evaluation 067

In this section, we describe the overlap region estimation for 068

a pair of posed RGB-D images. Then we provide the details 069

of the evaluation metrics. 070

Overlap Region Estimation. Given a pair of RGB-D 071

images, (I1, D1) and (I2, D2), we warp images I1, D1 of 072

the first view to the second view according to the relative 073

camera pose between them, obtaining I1!2, D1!2. The 074
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Algorithm 1 Autoregressive RGB-D image generation via graph traversal
Input:
G(V,E): location graph
�n: Hop distance threshold for novel views
�r: Hop distance threshold for reference views
L: Floorplan

X  ; . Initialize the set of visited locations.
for v in BFS(G) do . traverse graph via breadth-first search.

if v /2 X then
Xr  X \N(v,G, �r) . Get reference locations. N(v,G, d): nodes within d hop from v

Xn  {v} [N(v,G, �n)\X . Get novel locations.
if Xn 6= ; then

Generate RGBD Images(Xr, Xn, L) . Generate views at locations. For the first loop, Xr can be empty.
X  X [Xn

end if
end if

end for

overlap/correspondence region M is defined as follows such075

that the warped depth D1!2 match perfectly with D2,076

M := (D1!2 = D2), (1)077

where () is the indicator function. To account for the po-078

tential inconsistency of the generated images, we introduce079

a tolerance threshold ⌧ to estimate the overlap region,080

M̂ := (|D1!2 �D2| < ⌧). (2)081

Given the estimated overlap region M̂, the consistency met-082

rics are computed for depth image pair (D1!2, D2) and the083

RGB image pair (I1!2, I2).084

RGB Consistency Metrics. Given the RGB image pair085

(I1!2, I2) and the overlap region M̂, we compute the peak086

signal-to-noise ratio PSNR for color consistency,087

PSNR := 20 · log10(255)� 10 · log10(MSE), (3)088

where089

MSE :=
1

P
k
M̂(k)

X

k

M̂(k) · [I1!2(k)� I2(k)]
2
. (4)090

Here k is pixel index. Note that we omit averaging over the091

color channel to simplify the notation.092

Depth Consistency Metrics. Given the depth image093

pair (D1!2, D2) and the overlap region M̂, we compute094

Absolute Mean Relative Error (AbsRel) and percentage of095

pixel inliers �i for depth consistency. AbsRel is calculated096

as:097

AbsRel :=
1

P
k
M̂(k)

X

k

M̂(k)
|D1!2(k)�D2(k)|

D2(k)
.

(5)098

The percentage of pixel inliers �i is calculated as: 099

�i :=
1

P
k
M̂(k)

X

k

M̂(k)· (6) 100

✓
max

✓
D1!2(k)

D2(k)
,

D2(k)

D1!2(k)

◆
< 1.25i

◆
. (7) 101

We choose i = 0.5 to have a tight threshold. 102

4.2. Floorplan Consistency Evaluation 103

The floorplan evaluation protocol is the “inverse” of House- 104

Crater where we predict the top-down 2D bounding boxes of 105

objects in the generated scene and compare their consistency 106

with the provided floorplan. Specifically, the detected 2D 107

bounding boxes are compared with 2D boxes from the given 108

floorplan using mean Average Precision at the intersection- 109

over-union threshold of 0.25 (mAP@25). Here, we use 110

ODIN [4], a 3D instance segmentation method that takes 111

multi-view posed RGB-D images as input and predicts in- 112

stance segmentation of the point cloud accumulated from 113

input images. Then, top-down 2D boxes are extracted from 114

the segmented instances. As a scene may have up to 2000 115

images based on its size, we cannot pass all the images to 116

ODIN at once. Instead, these images are grouped by room 117

types and we do segmentation per room. This strategy does 118

not affect the evaluation results since an object in the scene 119

do not span in more than one room. We finetune ODIN 120

on 3D-Front dataset to make the segmentation results more 121

reliable since both HouseCrafter and CC3D [1] are trained 122

on this dataset. 123

4.3. User Study 124

We conduct a user study to evaluate the results produced by 125

Text2Room, CC3D, BlockFusion, and our method. In the 126
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Figure 3. User Study Interface. We show users 2 meshes at a
time, one is produced by our model and the other is produced by
a baseline method. We then ask users to choose one mesh that
appears ”better looking in general”, and one mesh that appears
”align better” with the given floorplan.

study, we ask 12 participants to rate the results in a pair-wise127

manner. Specifically, we present the participants with two128

meshes at a time and ask them to choose: i) the one that129

appears more visually appealing; and ii) the one that is more130

coherent with the provided floorplan. The interface is shown131

in Fig. 3. We compare the entire house we generated to132

the results by BlockFusion. For text2room, since it does133

not take floorplan as a form of guidance, we do not report134

participants’ answers to the second question if one of the135

meshes is produced by it.136

However, we still ask the question to prevent unconscious137

bias. Given that CC3D generates results at the room level138

rather than for entire houses, we clip our results and floor-139

plan to the specific room CC3D produces when making140

comparisons.141

5. Implementation Details142

We initialize our novel view RGB-D image generation model143

from StableDiffusion v1.5 [9]. For the first layer144

of the UNet, we duplicate the pre-trained weights and divide145

the weights by two to accommodate the depth’s latent and to146

reduce the change of the output scale. For the last layer of147

the UNet, we only duplicate the pre-trained weights for the148

Table 1. Effectiveness of fine-tuning the novel view RGB-D
generation model on noisy data for autoregressive inference.

Variant Autoreg. FT RGB Metrics Depth Metrics

w/ noise FID# IS" PSNR" AbsRel# �0.5"

∞ 7 7 16.70 4.74 25.0 7.06 92.43
∞ 3 7 34.98 4.24 19.64 12.74 86.35
± 3 3 22.30 4.37 21.76 11.09 88.13

RGB and depth output, respctively. The model is trained for 149

15, 000 iterations in 2 days with an effective batch size of 150

256 (4 samples per GPU ⇥8 GPUs ⇥8 gradient accumula- 151

tion steps). Each data sample contains 3 reference views and 152

3 novel views with the resolution of 256. We use Adam opti- 153

mizer with a learning rate of 10�4. All training is conducted 154

on a machine with 8 A6000 48GB GPUs. 155

However, during inference, instead of using ground-truth 156

reference images, we condition the model on its previously 157

generated outputs in an autoregressive manner. Since novel 158

view images are inherently imperfect, small discrepancies 159

in generated images can compound over multiple iterations, 160

leading to error accumulation and progressive degradation 161

in image quality. 162

To mitigate this issue, we introduce a noisy reference fine- 163

tuning strategy to bridge the domain gap between training 164

and inference. To this end, we construct a noisy dataset by 165

recording the model’s generated outputs from the previous 166

epoch. During finetuning, a subset of reference images is 167

sampled from this noisy dataset instead of the ground-truth 168

images. Note the model is still trained to produce outputs 169

that match the ground-truth novel view RGB-D images. This 170

approach improves robustness to accumulated errors and 171

enhances the model’s performance in long-horizon autore- 172

gressive generation. 173

Table 1 demonstrates that, compared to single-batch infer- 174

ence, images generated in an autoregressive manner exhibit 175

decreased consistency and visual quality due to accumulated 176

errors over iterations . Finetuning the model on noisy ref- 177

erence inputs enhances its robustness, leading to improved 178

stability and coherence in long-horizon generation. 179

6. Running Time Comparison with Other Meth- 180

ods 181

We measure the total time to generate a scene on an A6000 182

GPU. We also provide the average number of images/blocks 183

per scene. Note that while Text2Room, BlockFusion, and 184

HouseCrafter produce meshes as final output, CC3D gener- 185

ates volumetric latent as scene representation, and requires 186

neural rendering to get any view. Hence we follow their 187

codebase to generate a room then render 40 images and re- 188

port the total time of generation and rendering. As shown in 189
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Table 2. Running time comparison. * denotes the number of
blocks

Method #Images/Blocks Total time (min)

Text2Room 217±5 50±1

CC3D 40 < 1
BlockFusion *23±10 30±12

HouseCrafter (Ours) 1000±400 24±10

Table 3. Ablation study of generating RGB and depth images
at the same time. The results are obtained over rendered images
from the generated scenes.

Method Floorplan Consistency

mAP@25"
Monocular metric depth 30.13
Generated depth (proposed) 45.77
GT, 3D-FRONT 54.51

Table 2, CC3D is the fastest method. Among the rest, which190

are diffusion-based methods, our model has the smallest191

running time.192

7. Ablation on Simultaneous RGB and Depth193

Generation194

To further show the effectiveness of the RGB-D generation195

over RGB-only generation in the reconstructed scene, we do196

an ablation by replacing the generated depth with the esti-197

mated depth from an off-the-shelf metric monocular depth198

estimation model [7]. Specifically, in each generation batch,199

we use the monocular estimated depth of the reference RGB200

images as the reference depths to generate the novel view201

RGB then estimate the depth for the novel views. As the esti-202

mated monocular depth may have an incorrect scale, we use203

visual cues such as wall or floor to calibrate the scale when204

possible. The quantitative evaluation in terms of floorplan205

consistency of the reconstructed scene shows that generating206

RGB-D images together achieves better results (Table 3).207

Visualization of the reconstructed scenes shown in Fig. 4 fur-208

ther confirms the design choice of simultaneous generation209

of RGB and depth images.210

8. Ablation Study on Floorplan Encoding211

We discuss and ablate an alternative design for floorplan212

encoding, which does not explicitly use the geometry infor-213

mation. Here, each object in the scene is represented by214

a vector (encoded with object category and 2D bounding215

box). Each image token/feature at a novel view will then216

cross-attend to features of all the objects that are within the217

camera’s frustum. Compared with this alternative design218

choice, which models all the candidate objects within each 219

view, the design presented in the main paper directly consid- 220

ers objects on optical rays only and is able to model the 221

occlusion (e.g., because of walls) better, and thus reduces 222

the number of objects to consider and simplifies the model 223

training. 224

As shown in Table 4, compared to this baseline, the pro- 225

posed method in the main paper has higher floorplan consis- 226

tency (in terms of mAP@25) w.r.t. the input floorplan and 227

higher quality in terms of generated RGB images, validating 228

the effectiveness of our proposed method. This baseline 229

design achieves better consistency for depth images. We 230

hypothesize that this is due to extra information provided in 231

each object’s bounding box instead of the coordinate infor- 232

mation of the intersection point. Nevertheless, considering 233

the overall quality, we choose the design choice reported in 234

the main paper. 235

9. Limitations and Future Directions 236

We show promising results on a challenging task to convert 237

a 2D floorplan into a complete textured 3D scene. Here we 238

briefly discuss the limitations of our approach and dicuss 239

future directions. 240

First, we seperate the RGB-D image generation and scene 241

reconstruction using TSDF fusion without considering their 242

synergies. In the future, we aim to explore combining them 243

together, where a single model is sufficient, unifying the 244

generation and reconstruction tasks. 245

Second, we adopt the TSDF fusion to produce reason- 246

ably good results in fusing generated RGB-D images as 247

explicit scene representations are desired to support interac- 248

tions with the scene. However, the fused scene mesh does 249

not always produce high-quality rendering results. We also 250

experimented with other methods, such as SuGaR [3], which 251

however did not yield better results. An appealing future di- 252

rection would be to investigate high-quality mesh generation 253

based on NeRF [6] and 3D Gaussian Splatting [5]. 254

Finally, in our proposed method of injecting the floorplan 255

guidance to the generation process, only the geometry and 256

semantics of the object are leveraged, while the informa- 257

tion about the object instance is omitted. We believe that 258

instance-awareness can give better scene understanding thus 259

generating more faithful 3D scenes to the floorplans. 260

10. Additional Visual Comparisons 261

We show additional visual comparisons with other baseline 262

methods in Fig. 7 and Fig. 8. We can see our model produces 263

better scene generation results. We also refer readers to the 264

supplmentary video for more visual results. 265
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Table 4. Ablation studies for layout encoding. The better results are highlighted with bold.

Variant
RGB Metrics Depth Metrics Floor. Const.

FID # IS " PSNR " AbsRel # �0.5" mAP@25 "
R-N N-N R-N N-N R-N N-N

baseline 27.15 4.20 25.01 25.27 4.59 6.89 96.62 93.23 38.16
proposed 16.70 4.74 25.31 24.69 6.79 7.37 92.20 92.65 52.26

GT - - - - - - - - 54.51

Table 5. Quantitative measurement of our result on ArkitScenes
data Similar to the main paper, the scene quality is measured in
Inception Score(IS), Floorplan Consistency, and 3D quality

Method Visual Quality Floorplan Consistency 3D quality

IS " mAP@25" artifacts#

Text2Room 5.35 - 302.5
HouseCrafter(realworld) 5.57 49.76 224.0

11. Generalization to Real-World Data266

Our primary experiments are conducted on the synthetic 3D-267

FRONT dataset, which allows us to generate high-quality268

multi-view training data and to define generation trajectories269

with full control. However, extending to real-world data270

poses additional challenges due to noisy depth measurements271

and constrained, predefined camera trajectories.272

To evaluate the model’s generalization capabilities in real-273

world scenarios, we adopt the recently released Stable Vir-274

tual Camera (SEVA) framework [10] as the backbone and275

integrate it with our proposed depth and layout conditioning276

modules.277

For RGBD generation, we follow the same channel expan-278

sion strategy applied in our Stable Diffusion 1.5 experiments,279

modifying SEVA’s input and output layers accordingly. Ad-280

ditionally, we revise the Plücker ray encoding scheme to281

incorporate both depth-projected 3D positions and ray direc-282

tions more effectively.283

For layout conditioning, we insert our layout attention284

modules at the end of each ResNet block within the UNet285

architecture, enabling the model to incorporate high-level286

spatial priors during generation.287

We fine-tune the resulting model on the ARKitScenes [2]288

dataset and present qualitative results in Fig.9 to demonstrate289

its performance and generalization potential in real-world290

settings.291

12. Ablation on the number of reference and292

target views.293

In average, we select 30 reference and 10 target views, re-294

spectively, at each location for a single house generation.295

Here, we analyze how the performance varies with different 296

numbers of reference and target views. In this experiment, 297

we re-grouped the location and views, so that as the refer- 298

ence and target views in each location grow, the locations 299

we need to traverse decrease. As can be seen in the Fig.10 300

above, the generation quality improves when more reference 301

and target views are involved in a location (thus fewer loca- 302

tions) and starts saturating at a certain threshold. Due to the 303

GPU memory constraints, we can not use significantly large 304

number of reference and target views. 305
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HouseCrafter Monocular depth BaselineFloorplan

Figure 4. Comparison of generated depth with monocular estimated depth.
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Figure 5. Additional visual results of novel view RGB-D image generation.

Figure 6. Additional visual results of novel view RGB-D image generation.
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Figure 7. Additional comparisons with baseline methods.
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Figure 8. Additional comparisons with baseline methods.
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Figure 9. Generation results of our model on ArkitScenes.

Figure 10. Influence of selected reference view and target view numbers, respectively.
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