Diorama: Unleashing Zero-shot Single-view 3D Indoor Scene Modeling
Supplemental Materials

In this supplement, we provide additional details of our
method (Appendix A) and experiments (Appendix B). In
Appendix C, we present more qualitative results of Diorama
on SSDB images (Fig. 5), as well as on real-world inter-
net images (Fig. 6) and text-conditioned generated images
(Fig. 7). Particularly, we demonstrate the potential applica-
tion of Diorama in flexible scene editing in Fig. 2.

A. Method details

For all experiments involving LMM-based visual reasoning,
we use the checkpoint “gpt-40-2024-08-06" of GPT-40. It
costs approximately $0.12 on average per SSDB image for
344 examples.

A.1. Holistic scene parsing

Holistic scene parsing consists of several tasks to compre-
hensively understanding the semantics and geometry of a
scene image that serve as inputs to downstream compo-
nents, including object recognition and localization, and
depth and normal estimation.

For open-world object recognition, given an image, we
aim to identify the objects in the scene by prompting GPT-
40 and run open-vocabulary detectors and segmentation
models to obtain the bounding boxes and masks. Below,
we provide prompts and additional details.

Prompt for identifying objects in an image:

To obtain object bounding boxes and masks for local-
ization, we first run the detector OWLv2 [10] by providing
text inputs of a template prompt “a photo of CLASS” and
obtain detection results after non-maximal suppression. To
ensure each object instance is only captured by one detec-
tion box to avoid repeated 3D shape retrieval for the same
instance, we apply class-aware multiple-instance suppres-
sion where the bounding box of the same category with the
largest intersection-over-self (IoS) is discarded. We then
prompt SAM [8] with each detected bounding box to pre-
dict the segmentation mask for each object by assigning the
one with the highest score.

A.2. LMM-powered scene graph generation

After obtaining the set of objects in the scene, we then use
an LMM (e.g. GPT-40) to obtain the scene-graph. The orig-
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Figure 1. Illustration of scene graph generation using GPT-4o.

inal input image is augmented by partitioning into seman-
tically meaningful regions and overlaying a set of visual
marks on it. Specifically, we use predicted object masks
M to represent image regions of interest and each region
is marked by its corresponding (object id) that can be rec-
ognized and referred by GPT-40 using its OCR and visual
reasoning capabilities. The generated scene-graph provide
information about relationships between objects, including
support relations.

We specify to the LMM the desired output response in
JSON format so it can be successfully executed by the pro-
gram afterward. We also limit object supporting relations
to be selected from [“placed on”, “mounted on”]. To en-
courage the LMM to obey the provided numeric object
marks and reduce hallucination errors, we use interleaved
text prompt by incorporating the object marks and template
response format into the scene graph generation prompt di-
rectly for symbolic reference.

Prompt for extracting a scene graph for objects in a im-
age. Note the objects were already identified and provided
as input.

A.3. Architecture reconstruction

To obtain a planar reconstruction of the architecture, we ap-
ply a three-step process: 1) segmenting out objects and in-
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Figure 2. We show the potential of Diorama in flexible scene editing in terms of different editing types, including object rearrangement,

insertion, removal and replacement.

painting to obtain empty rooms, 2) using depth estimation
to obtain 3D points, and 3) clustering points by normals and
plane fitting to obtain planar architecture surfaces.
Segmentation and inpainting to obtain empty room.
We begin by obtaining object masks that are used to in-
paint the images, leaving us with unfurnished scenes. For
SSDB, we use dichotomous segmentation methods such as
BiRefNet [22] and MVANet [20]. To maximize the recall
of predicted masks, we apply each method separately twice
by filling the mask predicted in the first iteration with white
color then re-running the models on such images and merg-
ing the masks from both iterations.

We find that BiRefNet excels at producing sharp and
complete masks for large objects and dense object arrange-
ments, while MVANet has higher recall for scenes with-
out a single cluster of objects. Therefore, we opt to merge
the masks produced by these two methods. Additionally,
we use SEEM [24] for all other experiments as we find
that scenes featuring objects heavily dispersed around the
scene are challenging for dichotomous segmentation net-
works. We note that the benefit of using dichotomous seg-
mentation compared to other segmentation networks is in
completeness of the masks (e.g., they cover the full area of
the object with higher probability). Ensuring that the masks
are as complete as possible is crucial for the further steps of
PlainRecon.

After obtaining a segmentation of the objects, we ‘erase’
the objects by applying inpainting to defurnish the room.
We use LaMa [17] to inpaint the background (similar to Yu
et al. [21]). While recent advances in generative models
are producing higher-quality inpainting, we find that even
specialized inpainting for removal methods such as CLIP-
Away [1] still suffer from hallucinating rather than inpaint-
ing empty background. This step should ideally produce
perfectly defurnished and sharp image. In practice, the re-
sulting image is not fully defurnished and the inpainted re-
gion is blurry. While the former remains a bottleneck of the
pipeline, we notice that the latter is frequently alleviated by
robustness of monocular depth estimation models which is
the next step of the pipeline.

Depth estimation to obtain point cloud. After we have
a defurnished room, we apply depth estimation to obtain a
3D point cloud of the scene. We compare two depth estima-

tion models applied on the inpainted images - DepthAny-
thingV2 (DAv2) [19] and Metric3D (M3D) [7]. As we
require normals for clustering points into planes, we lever-
age M3D normal estimation capabilities. We note that the
predicted normals are more robust to the blurriness of the
inpainting step compared to depth. We project the pixels to
point clouds using the predicted metric depth. At the end of
this process, we have point clouds with normals of unfur-
nished scenes, where the variation in normals should now
be exclusively explained by presence of different planes in
scene architecture.

Plane identification and fitting. The next step is normals-
based clustering of the points into planar segments. We be-
gin by pre-processing point clouds by applying voxel down-
sampling and removing statistical outliers with both using
implementations from Open3D [23]. Since voxel down-
sampling bins the points in each voxel into one, the result-
ing point cloud has an approximately even distance between
pairs of neighboring points. This ensures stability of hyper-
parameters in the subsequent steps and filters some noise
introduced by depth estimation models. Next we run K-
means clustering (Ky, = 12 to account for noise) on normals
to determine seed normals. We iteratively select the seed
with the largest number of corresponding points, and clus-
ter all the points that have normals within the angle thresh-
old (= 10 in our experiments). We further apply DBScan
[2] to separate the initial cluster as it is possible to have
multiple walls with identical normals in the scene. The al-
gorithm terminates when we either run out of seed normals
or have less than the threshold number of unclustered points
left (Nmin = 200). Finally, we propagate the instance la-
bels to full point clouds using KNN (k, = 1). We assign
the Floor label to the largest cluster with a normal pointing
sufficiently upwards. Similarly, we filter out ceiling clusters
as those points with a downward facing normal.

Once we have obtained the point clusters, we fit bounded
planar segments to the points to obtain the final architecture.
We start by fitting a plane using RANSAC [3] to obtain a
plane equation, and then estimate the bounding boxes of
architecture elements. To obtain tight boxes, we compute
convex hulls of point cloud segments, project the convex
hull vertices onto 2D plane and apply the rotating calipers
algorithm [14] to obtain the bounding box with the small-
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Method Collision |  Relation 1
rAcc tAcc sAcc Acc
BM baseline 034 0.84 044 0.15 12.29 0.58
ZSP [5] 0.32 0.88 0.50 0.18 8.87 0.59
ZSP w/ DinoV2 0.33 0.81 048 0.20 9.80 0.57
ZSP w/ ft DinoV2 0.34 0.83 0.50 0.21 9.97 0.59
GigaPose [11] 036 0.89 0.67 0.24 7.43 0.61
Ours 041 091 0.61 0.28 6.93 0.61

Table 1. Additional comparison of zero-shot pose estimation
methods for the 9-DoF CAD alignment task on SSDB images us-
ing estimated depth by Metric3DV2.

Groups #Cats / #Insts rAccT tAccT sAcctT Acct
Household 466 /5577 0.46 0.87 0.71 0.32
Furniture 24 /1137 0.54 0.86 0.71 0.39
Occluded 369/3175 0.44 0.84 0.62 0.28
Complete 401 /3539 0.50 0.89 0.78 0.38
Supported 468 /5715 0.48 0.87 0.71 0.34
Supporting 7911634 0.46 0.84 0.69 0.31

Table 2. Averaged alignment results across different SSDB ob-
ject groups. For each group, we count the number of fine-grained
categories and object instances. Occluded objects are those with
occlusion ratio above a threshold 5% of pixels.

. Ground Truth Depth Estimated Depth
# retrievals
rAcc tAcc sAcc Acc rAcc tAcc sAcc  Acc
1 022 092 052 0.11 021 0.88 047 0.10
4 032 096 068 020 032 093 0.63 0.18
8 037 097 072 023 037 094 0.68 0.21

Table 3. 9D CAD alignment results given a different number of
retrieved 3D shapes using either ground-truth or estimated depth.

est area. Finally, we convert vertices back into 3D. While
such initialization provides good plane bounds, we need to
refine the plane further to account for imperfections of pre-
vious steps. We begin by making sure that all the walls are
orthogonal to the floor, this is simply done by solving a sys-
tem of linear equations that finds a vector orthogonal to the
intersection line of floor and wall and lies on the floor plane.
We proceed to use this vector as a new normal for our wall
equation. Then we proceed to refine the plane bounds by
finding the intersections of each architecture element, pro-
jecting two closest vertices of one plane onto the intersec-
tion line and adjusting the vertices of the plane we projected
onto to the projected vertices of the other plane, effectively
connecting them. Finally, we duplicate the vertices with a
small offset along the direction opposite to normal and ex-
port the meshes of architectural components.

Scene Structure

Ablation Collision |

orientation placement overall
all-in-one 12.80 0.19 0.92 0.16
stage-wise 3.78 0.98 0.95 0.93

Table 4. Comparison between all-in-one and stage-wise optimiza-
tion.

RGB DiffCAD ROCA Ours
Figure 3. Qualitative comparison between different ground-truth
evaluation sets used in DiffCAD, ROCA and ours.

A.4. Multimodal 3D shape retrieval

For each observed object in the image, we use a two-
step process for retrieving matching shapes from our shape
database. We first use a text query to retrieve objects match-
ing the semantic category, and then an image query to re-
rank the retrieved candidates. We find this two-stage ap-
proach helps ensure that retrieved objects are of the correct
semantic class, as it is possible for semantically different
objects to be geometrically similar (e.g. books vs cardboard
box).

We construct the text query from the template “a photo
of CLASS” (similar to in detection phase). For the image
query, we use object crop extracted from the original im-
age and mask out background and occluders using bound-
ing box bj and mask m;. We also carefully separate re-
trieval of supporting and non-supporting objects according
to the supporting hierarchy in the scene graph since sup-
porting objects need to be pre-processed to represent only
one object entity (not containing smaller sub-objects).

A.S5. Zero-shot object pose estimation.

We pre-compute T multiview renderings and depth maps
for each retrieved CAD model S;. Each query object crop
19" and set of multiview images {15% } is encoded into nor-
malized patch features F (1) using DinoV2. For each patch
embedding from the query image, we construct a seman-
tic correspondence to a patch embedding from each render-
ing view with the minimal cyclical distance [5, 11]. We
compute correspondence score as cosine similarity between
patch embeddings. Specifically, given a pair of query image
I4 and reference rendering image |, we construct a “cycli-
cal distance” map and define a similarity score using their
corresponding DINOV?2 patch features, g and fr, and fea-
ture masks Mg and my. For each query feature f(: at the
patch location i, we compute its cyclical patch i’ in I4 as



Method supervision #hypo bed bkshlf cabinet chair sofa table bin  bathtub display others cls.avg ist. avg

ROCA 33 - 7.02  3.62 756 20.03 526 916 1319 8.11 13.21 8.72 12.87
DiffCAD 3 1 7.02  0.00 3.36 9.38 6.58 1.58 2.79 4.59
DiffCAD 3 5 12.28 0.72 6.72 142 7.89 158 4.34 6.84
DiffCAD 3 10 7.02 1.45 421 1141 526 1.26 3.06 5.41
Ours 7 - 0.00 0.74 4.24 9.72 3.95 427 0.00 0.00 10.36 5.56 3.33 6.66

Table 5. Object-focus alignment accuracy on the Scan2CAD benchmark. ROCA is fully-supervised using in-domain data. DiffCAD is
weakly-supervised using synthetic data.

Figure 4. More comparison examples on SSDB.
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