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Abstract

We present a novel diffusion-based approach for coherent 3D scene reconstruction
from a single RGB image. Our method utilizes an image-conditioned 3D scene
diffusion model to simultaneously denoise the 3D poses and geometries of all
objects within the scene. Motivated by the ill-posed nature of the task and to
obtain consistent scene reconstruction results, we learn a generative scene prior by
conditioning on all scene objects simultaneously to capture the scene context and
by allowing the model to learn inter-object relationships throughout the diffusion
process. We further propose an efficient surface alignment loss to facilitate training
even in the absence of full ground-truth annotation, which is common in publicly
available datasets. This loss leverages an expressive shape representation, which
enables direct point sampling from intermediate shape predictions. By framing
the task of single RGB image 3D scene reconstruction as a conditional diffusion
process, our approach surpasses current state-of-the-art methods, achieving a
12.04% improvement in AP3p on SUN RGB-D and a 13.43% increase in F-Score
on Pix3D.
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Figure 1: Given a single RGB image of an indoor scene, our model reconstructs the 3D scene
by jointly estimating object arrangements and shapes in a globally consistent manner. Our novel
diffusion-based 3D scene reconstruction approach achieves highly accurate predictions by utilizing
a novel generative scene prior that captures scene context and inter-object relationships, and by
employing an efficient surface alignment loss formulation for joint pose- and shape-synthesis.

Holistic 3D scene understanding is crucial for various fields and lays the foundation for many
downstream tasks in robotics, 3D content creation, and mixed reality. It bridges the gap between
2D perception and 3D understanding. Despite impressive advancements in 2D perception and 3D
reconstruction of individual objects [56, 15} [12} 38], 3D scene reconstruction from a single RGB
observation remains a challenging problem due to its ill-posed nature, heavy occlusions, and the
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complex multi-object arrangements found in real-world environments. While previous ildiks [
32,133] have shown promising results, they often recover 3D shapes independently and thus do not
leverage the scene context nor inter-object relationships. This leads to unrealistic and intersecting
object arrangements. Additionally, common feed-forward reconstruction metd8dg7, 137

struggle with heavy occlusions and weak shape priors, resulting in noisy or incomplete 3D shapes,
which hinders immersion and hence limits the applicability in downstream tasks. To address these
challenges and to advance 3D scene understanding, we propose a novel generative approach for
coherent 3D scene reconstruction from a single RGB image. Speci cally, we introduce a new
diffusion model that learns a generative scene prior capturing the relationships between objects in
terms of arrangement and shapes. When conditioned on a single image, this model simultaneously
reconstructs poses and 3D geometries of all scene objects. By framing the reconstruction task as
a conditional synthesis process, we achieve signi cantly more accurate object poses and sharper
geometries. Publicly available 3D datasét3, [62] typically only provide partial ground-truth
annotations, which complicates joint training of shape and pose. To overcome this, we propose
a novel and ef cient surface alignment loss formulatlogign that enables joint training of shape

and pose even under the lack of full ground-truth supervision. Unlike previous med®)Fs]

that involve costly shape decoding and point sampling on the reconstructed surface, our approach
employs an expressive intermediate shape representation that enables direct point sampling from the
conditional shape prior. This provides additional supervision and results in more globally consistent
3D scene reconstructions. Our method not only outperforms current state-of-the-art methods by
12.04% inAP33 on SUN RGB-DE2] and by 13.43% in F-Score on Pix3B4] but also generalizes

to other indoor datasets without further ne-tuning.

In summary, our contributions include:

» A novel diffusion-based 3D scene reconstruction approach that jointly predicts poses and
shapes of all visible objects within a scene.

* A novel way for modeling a generative scene prior by conditioning on all scene objects
simultaneously to capture scene context and inter-object relationships.

* An ef cient surface alignment loss formulatidryg, that leverages an expressive intermedi-
ate shape representation for additional supervision, even in the absence of full ground-truth
annotation.

2 Related Works

The task of 3D scene reconstruction from a single view combines the fundamental domains of
2D perception and 3D modeling into a uni ed challenge of holistic 3D understanding. Given the
multi-faceted nature of the task, we are providing a comprehensive overview of the relevant research
directions and contextualizing our contributions.

2.1 Single-View 3D Reconstruction

Object Reconstruction. Since the foundational work by Roberig], numerous methods have

been developed to learn cues for deriving 3D object structures, thereby bridging the gap between
2D perception and the 3D world. These methods typically involve an image encoder network that
processes the input image of a single object, capturing its features. The extracted features are either
correlated with an encoded shape database to retrieve a suitable[3A&8:(17], or used by a 3D
decoder to reconstruct the object in a speci ¢ 3D representation, such as voxelBjifds point

clouds L4, 143], meshedTQ,[66], or neural elds [73,127]. [19] uses a message-passing graph network
between geometric primitves to reason about the structure of the shape.

Scene Reconstruction.  Early works formulated single-view scene reconstruction as 3D scene
completion from given or estimated depth informatiéf, [10, [78,19] in a volumetric grid. While

these methods have produced promising results, their representational power to model ne details is
limited by the spatial resolution of the 3D grid. Multi-object reconstruction and scene parsing methods
represented objects using primitivds[[23], voxel grids |68,135,/52], or CAD models P6, 24], while

also considering the relation between the obje81% [The approach presented by Nieal. [48] is
particularly relevant, proposing a holistic method for joint pose and shape estimation from a single
image. Zhanget al. [77] extended this idea by incorporating an implicit shape representation and



an additional pose re nement using a graph neural network. Although these methods provided
signi cant advances in holistic scene understanding, they struggled with accurate pose estimation
and produced noisy scene objects, leading to intersecting or incomplete objects. In contrast to these
previous works, we are proposing a generative method to obtain a strong scene prior and formulate
the reconstruction task as a conditional synthesis task. This allows for more robust reconstruction
that is less prone to object insections or implausible object geometries.

2.2 3D Diffusion Models

In recent years, denoising diffusion probabilistic models (DDPMs) have emerged as a versatile class
of generative models, demonstrating impressive results in image and video generation. Unlike other
classes of generative models such as auto-regressive médfers[59], Generative Adversarial
Networks (GANSs) 71, 79 and Variational Autoencoders (VAES), diffusion models iteratively reverse

a Markovian noising process. This method ensures stable training and has the ability to capture
diverse modes while producing detailed outputs. Several approaches have utilized diffusion models to
learn the distribution of individual 3D shapes using various 3D representations, including volumetric
grids [6, 7, 25], point clouds 12, 74], meshesZ?], implicit functions [30], neural elds [45, 58, 29|

or hybrid representation8(, 76]. [53] propose a hierarchical voxel diffusion model, which is
capable of modelling large-scale and ne-detailed geometry. While these methods can synthesize
high-quality 3D shapes, they typically focus on single objects in canonical space. In contrast, we are
proposing a diffusion-based approach that addresses the more challenging problem of multi-object
scene reconstruction, encompassing accurate pose estimations and an understanding of inter-object
relationships.

Conditional Diffusion for 3D Reconstruction. Recent works also use diffusion models for
single-view object reconstructioB,[7, 44]. For instance,§5] learns the shape distribution of a single
category by denoising a set of 2D images for each object, widedrojects image features onto

noisy point clouds during the diffusion process to ensure geometric plausibility. Recently, several
works proposed to leverage multi-view consistency within pre-trained text-conditional 2D image
diffusion models to reconstruct individual 3D objec88[51, 57]. Similar to our work, Tanget

al. [67] use a diffusion model to learn scene priors from synthetic data, showing unconditional scene
synthesis of a single room type and text-conditional generation. However, their approach does not
support image-based scene reconstruction. Furthermore, it depends on clean synthetic data, which
provides full 3D ground truth supervision and CAD model retrieval, thereby limiting shape diversity.
While these existing methods have shown promising results on single objects or synthetic scenes, our
approach targets real-world scenes. By framing the reconstruction task as a conditional generation
process, our scene prior accurately delivers poses and shapes of multiple objects, even in the presence
of strong occlusions, signi cant clutter, and challenging lighting conditions.

3 Method

3.1 Overview

Our method takes a single RGB image of an indoor scene as input and generates a globally consistent
3D scene reconstruction that matches the input image. To this end, we are framing the reconstruc-
tion task as a conditional generation problem using a diffusion model conditioned on the input
view (Sec. 3.2), which simultaneously predicts the poses (Sec. 3.3) and shapes (Sec. 3.4) of all objects
in the scene. Given the ill-posed nature of single-view reconstruction, such a probabilistic formulation

is particularly well-suited for this task. To ensure accurate reconstructions and to learn a strong scene
prior, we model inter-object relationships within the scene using an intra-scene attention module
(Sec. 3.5). Additionally, recognizing the incomplete ground truth in many 3D indoor scene datasets,
we introduce a loss formulation for joint shape and pose training, which enables training under only
partially available supervision (Sec. 3.6). An overview of our approach is illustrated in Fig. 1. In the
following sections, we describe each individual contribution in more detail.

3.2 Conditional 3D Scene Diffusion

We frame the scene reconstruction task as a conditional generation process via a diffusion formula-
tion [22]. Given an instance-segmented RGB imagmntaining a variable number of 2D objetts



Figure 2:Scene Prior and Surface Alignment Loss Overview(Left) We propose a novel way to

model scene priors (Sec. 3.5) by modeling the scene context and the relationships between all objects
during the denoising process. (Right) For additional supervision and joint training, we use a surface
alignment loss (Sec. 3.6) between a given ground truth depth map and point samples directly drawn
from the intermediate shape representafipand transformed to camera space with the predicted
object pose? .
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During theforward processwe gradually add Gaussian noise to a data pajrtb x1 over a series of
discrete time step§. For a given data poirko, e.g, shapes; and poses;, the noisy versiox; at
time stept is given by a Markovian proces2%, 60] q(x¢jx; 1) and its joint distributiorg(x 1.1 jXo)
can be expressed as:

. p_—
a(Xejxt 1) = N(x¢; 1 Xt 15 tl); )

Y
a(X1:7jXo) = a(Xejxt¢ 1) 3
i=1

witht 2 [1; T]and ; a pre-de ned linear variance schedule.

During thereverse processhe denoising network tries to remove the noise and recoxgrfrom
Xt asp (Xt 1jXt;y)

P (Xt 1X;¥) = N(X¢ 1, (X;ty)s (X ty)); (4)

v
p (XoTjy)=p (X1) P (Xt 1jXt;y) )

t=1

with y being the conditional information from the input imalge

Conditioning. To effectively guide the diffusion procegs (Xo:1jy), it is crucial to accurately
model the conditional informatiop. First, we encode the input imageising a 2D backbone, and
apply 2D instance segmentation to gedetected 2D objects, comprising of its 2D bounding box,
image feature patch, and semantic ckads). Each element is encoded using a speci ¢ embedding
function . The per-instancg; and scene conditionis then formed as:

yi = concal pox(b0X); realfeat); as(cls)); (6)
Yy =(y1:::5Yn): (7)

To learn a scene prior over all objects in the scene, we condition the denoising network on the scene
conditiony. This not only enables learning the individual object representatiobst also facilitates
learning to capture the scene context and inter-object relationships (Sec. 3.5). Furthermore, we adopt
classi er-free guidanceZ1] for our model by dropping the conditionwith probabilityp = 0:8, i.e.,

using a special 0-conditioh. This allows our model to function as a conditional maggle{xojy) and
unconditional modep (Xxo) at the same time, thus enabling unconditional synthesis (Appendix B).



Loss Formulation. Unlike related works likeZ3, 48, 77] that regress object posesand shape
parameters; using a multitude of highly-tuned losses, we train our mod& minimize simple
diffusion and alignment losses:

Ljoint(l) = Lpos&') + Lshape(l) + I—align; (8)

Lposél) =EnN @O KN (Ht);t;15b) K; ()]
Lshapdl) = E N 11K (=(1);t;1;b)  k; (10)
p P—

wherewedenez(t) = = z+ 1  forz2f ; gwith pre-de ned noise coef cients,
while ®, denotes the predicted noise. We use 0:01to balances the effect &faign.

Due to the lack of full ground truth supervision in publically available 3D datasets, we introduce an
additional alignment losk 4jign for joint training of pose and shape (Sec. 3.6). Depending on the
availability of ground-truth data (see Sec. 4.2, we mask out individual losses.

3.3 Object Pose Parameterization

We adopt the object pose parameterizatior?@},[de ning the pose ; = (¢;s;; i) of an object by

its 3D centerc; 2 R3, the spatial size; 2 R®, and orientation; 2 [ ; )in. The 3D centeg; is
further represented by the 2D offset2 R? between the 2D bounding box center coordinate and the
projected coordinate of the 3D center on the image plane, along with the diskade from the
object center to the projected center. Our model learns to denoisédiis. pose representation.

3.4 Shape Encoding

We represent object shapes using the disentangled shape representatioRCfrok $hape is
represented as a shape cog@ R2°® which is factorized into a set @f oriented, anisotropic 3D
Gaussian&j;j 2 f 1;:::;9g and an associatésll2-dim. latent feature vector per Gaussian. Each
Gaussian consist of 16 main parameters2 R? (center), factorized covariance mattix 2 R® 3
(rotation), j 2 R3 (scale) and; 2 R! (“mixing” weight). We useg = 16 Gaussians to form a
scaffolding of the shape's geometry. Together with their latent features, these Gaussians are decoded
into high- delity occupancy elds, and the nal mesh is extracted by applying marching cufds [

While similar to B0], our model learns to denoise this shape parameterizatioour additional
surface alignment lodsaign (Sec. 3.6) provides relational signal between predicted shapes and poses.
This enables additional guidance in the face of missing joint pose and shape annotations as in SUN
RGB-D dataset [62].

3.5 Scene Prior Modeling

Given the ill-posed nature of single-view reconstruction, a robust scene prior is essential for achieving
good performance. Effectively capturing the scene context and modeling the relationships between
objects within the scene is crucial for learning this strong scene @ioi7[7]. Previous methods either
reconstruct each object individuall¥%] or re ne their features using graph network&]. In contrast,

our approach considers the entire scene by conditioning on all scene objects simultapefxisly)

the entire process. We model the inter-object relationships using an attention formu&fiomtich

has proven to be powerful for aggregating contextual information.

We denote this formulation as Intra-Scene Attention (ISA), which allows all objects within the scene
to attend to each other, effectively modeling their relationships. Please refer to Appendix E for more
details and to Tab. 2 for the corresponding ablation study, which demonstrates the effectiveness of
our learned scene prior.

3.6 Surface Alignment Loss

Publically available 3D scene datasets often only provide partial ground-truth annotdfip6g] |
To facilitate joint training of our model on pose and shape estimation, even in the absence of complete
ground-truth annotations, we propose to leverage our expressive intermediate shape representation



to provide additional supervision and to align shapes ef ciently with the available partial depth
informationD. An illustration of the surface alignment loss formulation is provided in Fig. 2.
During training, for each objed;, we use the expected shape cégestimation by our model to
obtain the predicted Gaussiéﬂj distribution. Given this scaffolding representation, we directly

samplem = 1000 pointspg,y N ( j; ) per Gaussialéi;,- resulting in a shape point cloud

camera frame by the predicted object pdseUsing the instance segmentations and ground-truth
depth maps, we obtaid; surface pointsj, for objecto; and de ne the surface alignment loss for all
visible objects as 1-sided Chamfer Distance [16, 48]

L align = 1 ixi minkg,  pka: (11)
align = n - K. - o G PK3:

Unlike previous works such ad§] that perform costly sampling of points on the decoded shape
surface, our approach enables direct point sampling from the conditional shapéiprio'fhis loss
formulation facilitates joint training of pose and shape for all objects simultaneously and its ef cancy
is demonstrated through ablation studies in Tab. 2.

3.7 Architecture

Our architecture consists of a pre-trained image backbone, a novel image-conditional scene prior
diffusion model, and a conditional shape decoder diffusion module. We utilize an off-the-shelf
2D instance segmentation model, Mask2Forndgryhich is pre-trained on COCCB| using a

Swin Transformer39] backbone, to obtain instance segmentation and image features. Please refer
to Appendix E for details about the condition embedding functions.

To denoise object poseg, we use a 1-dim. UNeBp] architecture with 8 encoding and decoding
blocks with skip connections. Each block consists of a time-conditional Re&Bldajer, multi-head
attention between the per-object conditigrand the pose representation, and our intra-scene attention
module (Sec. 3.5) to enable relational information exchange and effectively train a scene prior. We
use 8 attention heads, with 64 features per head.

To estimate object shapesfrom the input view , we denoise the unordered set of Gaus§ign

using a TransformeBP] model with 2 encoder layers, 6 decoder layers, and multi-head attention
with 4 heads to the object condition information, similar30][ The per-Gaussian latent features are
denoise with a shape decoder diffusion model, realized as another Transformer model with 6 encoder
and decoder layers, which is conditioned on the shape Gaussians.

3.8 Training and Implementation Details

For all diffusion training processes, we uniformly sample time step4 ;:::T; T = 1000, and use a
linear variance schedule withh = 0:0001and 1 = 0:02. We implement our model in Py Torch{)

and use the AdamWA{l] optimizer with a learning rate df 10 “and 1 =0:9; , =0:999 We

train our models on a single RTX3090 with 24GB VRAM for 1000 epochs on Pix3D, for 500 epochs
on SUN RGB-D and for 50 epochs of additional joint training udinggn,.

During inference, we employ DDIMAL] with 100 steps to accelerate sampling speed. For classi er-
free guidance [21], we drop the conditigrwith probabilityp = 0:8.

4 Experiments

In the following sections, we will demonstrate the advantages of our method and contributions by
evaluating it against common 3D scene reconstruction benchmarks.

4.1 Baseline Methods

We compare our method against current state-of-the-art methods for holistic scene understanding:
Total3D [48], Im3D [77], and InstPIFu 37]. Total3D [48] directly regresses 3D object poses from
image features and uses a mesh deformation and edge-removal apg@achig¢construct a shape.

Im3D [77] utilizes an implicit shape representation and a graph neural network to re ne the pose



predictions. InstPIFud7] focuses on single-object reconstruction and proposes to query instance-
aligned features from the input image in their implicit shape decoder to handle occlusion. For
scene reconstruction, they rely on the predicted 3D poses of Im3D. We use the of cial code and
checkpoints provided by the authors of these baseline methods and evaluate with ground truth 2D
instance segmentation and camera parameters to ensure a fair comparison. We further compare
against a retrieval-based method, ROCA [17] in Appendix D.

4.2 Datasets

Following [23, 48, 77], we train and evaluate the performance of our 3D pose estimation on the
SUN RGB-D [62] dataset with the of cial splits. This dataset consists of 10,335 images of indoor
scenes (of ces, hotel rooms, lobbies, furniture stores, etc.) captured with four different RGB-D
cameras. Each image is annotated with 2D and 3D bounding boxes of objects in the scene. During
joint training, we use the provided depth maps together with instance masks to cdraguie

We train and evaluate the performance of our 3D shape reconstruction on the B#j3iathset,

which contains images of common furniture objects with pixel-aligned 3D shapes from 9 object
classes, comprising 10,046 images. We use the train and test splits de r&4, iar{suring that 3D
models between the respective splits do not overlap.

4.3 Evaluation Protocol

For quantitative comparison against baseline methods, we follow the evaluation prototgjl &fdr

pose estimation, we report the intersection over union of the 3D boundinddddxo] and average
precision with arloUsp threshold of 15%AP33) on the SUN RGB-D datase6g]. In line with
previous works48, 77], we evaluate with oracle 2D detections but also provide camera parameters
to all methods during evaluation. To further assess the alignment of the 3D shapes in the scene, we
calculatel 4ign between reconstructed shapes and the instance-segmented ground-truth depth map.
For single-view 3D shape reconstruction, we follow evaluate on the Pig3Ddataset. We fol-

low [37] and sample 10,000 points on the predicted shape surface, extracted with MarchingdDiibes [

at a resolution ol.28*, and on the ground truth shapes and evaluate Chamfer distance 16

and F-score after mesh alignment.

4.4 Comparison to State of the Art

3D Scene Reconstruction.  In Fig. 3, we present qualitative comparisons of our approach against
state-of-the-art methods for single-view 3D scene reconstruction. The results from Total3D often
exhibit intersecting objects and lack global structure. Additionally, their deformation and edge-
removal approach results in 3D shapes with visible artifacts and limited details. While the implicit
shape representation of Im3D is more exible, it often produces incomplete and oating surfaces. In
contrast, our diffusion-based reconstruction method, as shown in Tab. 1, learns strong scene priors,
resulting in a +0.2 improvement in,jig, and more coherent 3D arrangements of the objects in the

scene (+12.04% AR), as well as high-quality and clean shapes (+13.43% F-Score).

Furthermore, we demonstrate the generalizability of our model to other indoor datasets. We evaluate
our approach on individual frames from the ScanNdj flataset using 2D instance predictions from
Mask2Former without additional ne-tuning. As shown in Fig. 4, our method accurately reconstructs
the given input view with matching poses and high-quality 3D geometries.

In Appendix D, we additionally train on ScanNet and compare against RQ@ADue to its retrieval
approach, the shapes are complete. However, the resulting quality can limited by the diversity of the
shape database, which can lead to suboptimal results, see Fig. 11.

3D Pose Estimation & Scene Arrangement.  As shown in Tabs. 1 and 6, our method outperforms

all baseline methods by a signi cant margin in termdalfisp andAP%2, i.e., improvingmAP5

by 12.04% over Im3D77]. Detailed per-class results are provided in Tabs. 6 and 8. Figs. 3 and 7
demonstrate that our approach effectively learns common object arrangements, such as multiple
chairs surrounding a table, while ensuring that furniture pieces do not intersect or oat in the air.
We attribute these improvements to our model's robust scene understanding, which is derived from
learning a strong scene prior that accounts for inter-object relationships.



Table 1:Quantitative evaluation of 3D scene reconstruction on SUN RGB-DG2] (left) and 3D
shape reconstruction on Pix3D §4] (right). Our 3D scene diffusion approach outperforms all
baseline methods on both tasks on common 3D scene reconstruction metrics.

SUN RGB-D [62] Pix3D [64]
loUsp AP " L align # CD# F-Score"
Total3D [48] | 20:52 (1558 3056 (27620 1:35 (036) | 4432 (2027) 3620 (22.51)
Im3D [77] 2831 (779 4614 (1204) 1:24 (025 | BL31 (36.26) 2145 (37.26)
InstPIFu [37]| 26:14 (996 4502 (1316) 1.19 (020) | 24:65 (9.6) 4528  (-13.43)
Ours | 36.10 58.18 0.99 | 15.05 58.71

Table 2: Ablations. We ablate the effect of our contributions and design decisions. We observe
signi cant gains by introducing our proposed scene prior and intra-scene attention module, using
denoising diffusion compared to regression, and jointly training shape and pose together.

Diffusion ISA  Joint |  loUsp" AP " L aiign #
7 3 7 28.98 (7120 47.10 (11.08) 1.18 (019
3 7 7 28.82 (728 48.88 (930 1.12  (0.13)
3 3 7 35.16 (094 56.07 (211 1.06 (007
3 3 3 | 36.10 58.18 0.99

3D Object Reconstruction. In Tab. 1, we quantitatively compare the single-view shape
reconstruction performance of our approach against baseline methods on the Pix3D dataset. The
results demonstrate that modeling single-view reconstruction as conditional generation over a robust
shape prior leads to signi cant improvements in Chamfer Distance (+9.6%) and F-Score (+13.43%).
Detailed per-class results can be found in Tabs. 7 and 9. Fig. 9 illustrates that InstPiFU often
reconstructs noisy and incomplete shapes. In contrast, our approach produces clean 3D geometries
with ne details, such as thin chair legs and the crease between pillows of a sofa.

In Fig. 5, we show unconditional results by injectifdgas a condition (Sec. 3.2), showcasing that our
shape prior models detailed and diverse shape modes across several semantic classes. In Fig. 10, we
additionally visualize the shape decomposition capabilities resulting from our shape encoding and
the scaffolding Gaussian representation.

4.5 Ablations Studies

We conduct a series of detailed ablation studies to verify the effectiveness of our design decisions and
contributions. The quantitative results are provided in Tab. 2.

What is the effect of the denoising formulation?  To assess the bene ts of the denoising
diffusion formulation, we construct a 1-step feed-forward regression model that uses the same
conditional information as input features and model architecture but regresses the object outputs
directly in a single timestep. As shown in Tab. 2, modeling 3D scene reconstruction as a conditional
diffusion process, rather than using a feed-forward regression formulation, results in signi cant
improvements o#11:08% AP5 and+0:19 L 4jgn.

What is the effect of our scene prior modeling?  We evaluate the impact of learning a scene
prior by modeling the distribution of all objects and their relationships compared to learning the
marginal per-object distributiome., predicting each object individually. As shown in Tab. 2, our
joint-object scene prior yields a signi cant improvement&:30% AP%% over per-object prediction.

This improvement underscores the importance of learning a robust scene prior that effectively captures
inter-object relationships.

What is the effect of joint training? We investigate the bene t of joint training for pose and
shape usind- aign compared to individual training of pose estimation and shape reconstruction.
Although our model already learns strong scene and shape priors, Tab. 2 shows that joint training
provides additional bene ts, resulting in an improvemen#a£11% in AP%% and+0:07in L aign.
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Figure 3:Qualitative comparison of 3D scene reconstruction on SUN RGB-D6P]. While the
baselines often produce noisy or incomplete shape reconstruction of intersecting or misplaced objects,
our method produces plausible object arrangements as well as high-quality shape reconstructions.

Figure 4: Inference results on ScanNet1]. We use our model trained on SUN RGB-B2]
and perform inference on individual frames of ScanNet without ne-tuning. We observe strong
generalization capabilities with respect to different camera parameters and scene arrangements.

4.6 Limitations

While our conditional scene diffusion approach for single-view 3D scene reconstruction demonstrates
signi cant improvements, there are some limitations. First, our method relies on accurate 2D object
detection, making it dependent on the performance of 2D perception models. Upcoming state-of-the-
art 2D detection modeld] can be seamlessly integrated to enhance the performance of our approach.
Second, our shape prior, trained on a diverse set of semantic classes using 3D shape supervision, does
not generalize to unseen object categories. This can be mitigated by combining our model for known
categories with single-object diffusion models that leverage pre-trained text-image generation models
for 3D shape synthesi8§] of uncommon shape categories. While accurate 3D scene reconstruction



Figure 5:Unconditional results. Injecting? as a condition to our conditional diffusion model, i.e.,
effectively disabling the conditioning mechanism, results in high-quality and diverse results.

forms the foundation for subsequent downstream tasks like mixed reality applications, our current
model assumes a static scene geometry. Future work could integrate object affordance and articulation
into our shape prior [34] to enable more immersive human-scene interactions.

Broader Impact We do not anticipate any societal consequences or negative ethical implications
arising from our work. Our approach advances the holistic understanding of 2D perception and 3D
modeling, bene ting various research areas.

5 Conclusion

In this paper, we present a novel diffusion-based approach for coherent 3D scene reconstructions
from a single RGB image. Our method combines a simple yet powerful denoising formulation
with a robust generative scene prior that learns inter-object relationships by exchanging relational
information among all scene objects. To address the issue of missing ground-truth annotations in
publicly available 3D datasets, we introduce a surface alignmentiggsto jointly train shape

and pose, effectively leveraging our shape representation. Our approach signi cantly enhances 3D
scene understanding, outperforming current state-of-the-art methods across various benchmarks, with
+12.04%AP23 on SUN RGB-D and +13.43% F-Score on Pix3D. Extensive experiments demonstrate
that our contributions — 3D scene reconstruction as a conditional diffusion process, scene prior
modeling, and joint shape-pose training enabled. Ry, — collectively contribute to the overall
performance gain. Additionally, we show that our model supports unconditional synthesis and
generalizes well to other indoor datasets without further ne-tuning. We believe these advancements
lay a solid foundation for future progress in holistic 3D scene understanding and open up exciting
applications in mixed reality, content creation, and robotics.
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A Appendix

In the following, we show more qualitative results for scene reconstruction on SUN RG2}D [
(Appendix B) and object reconstruction on Pix381]. We provide detailed quantitative per-class
comparisons supplementing the tables in the main paper (Appendix C). We additionally compare
against a retrieval baseline on the ScanNdj flataset in Appendix D. Finally, we provide additional
details on the architecture of our diffusion model in (Appendix E).

For a comprehensive overview of our approach and results, we encourage the reader to watch the
supplemental video.

B Additional Qualitative Results

Scene Reconstruction  In Fig. 6, we show additional qualitative results of our method on test
frames from SUN RGB-D. Despite strong occlusions and challenging viewing angles, our model
predicts accurate scene reconstructions. Our generative scene prior learns common scene patterns,
such as parallel object placements between the table and sofa or a bed and neighboring nightstands.
In Fig. 8, we also demonstrate that our robust conditional scene prior can recover clean and matching
shape reconstruction even for heavily occluded objects,a chair for which only the back seat is

barely visible.

Figure 6:Additional qualitative scene reconstruction results on SUN RGB§2]. Our diffusion-
based scene layout and shape prediction approach achieves accurate results even for strongly occluded
objects.

Object Reconstruction & Unconditional Synthesis In Fig. 9, we show a qualitative comparison

of single-view 3D object reconstruction on the Pix3D dataset. Unlike InstPIFu, which often produces
noisy and incomplete surfaces, our image-condition diffusion model reconstructs clean and high-
delity objects. Such a visual quality allows these reconstructions to be integrated.gmtmixed

reality applications.

To probe the learned shape prior and investigate its shape synthesis capabilities, we input the 0-
condition? instead of extracted image features to our model. As shown in Fig. 5, our model learns a
high-quality shape prior with ne details across various semantic classes.
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Figure 7:Qualitative comparison of 3D pose estimation on the SUN RGB-D62]. The inputimage

is displayed on the left, and the predicted and ground-truth 3D arrangements are visualized as top-
down orthographic views of the scene. We observe that Total3D frequently lacks a globally consistent
structure, while Im3D predicts globally structured results but occasionally produces intersecting or
oating objects. In contrast, our approach successfully recovers a coherent arrangement of objects
within the scene by learning a robust scene prior.

C Additional Quantitative Results

Scene Reconstruction  In Tab. 4, we show detailed comparisons of our approach against baseline
methods, Total3D48] and Im3D [77], on the 10 most common classes of SUN RGB-D. Our approach
consistently outperforms all baseline methods on all classes except the “bed” class. We attribute this
exception to the fact that beds are often only partially visible in the input view due to their spatial
extent, which introduces higher variability. In contrast, Im3D employs a series of geometric losses
and regularization terms, which seems to help in extreme amodal cases at the cost of additional loss
balancing. Nevertheless, our method achieves a signi cant overall improvement of 12.@¥242jin

on these 10 classes, with particularly notable gains for “dress€2§:03%), “chairs” (+21:91%)

and “cabinets” £19:37%), showcasing the effect of our robust scene prior.

Tabs. 6 and 8 show the per-class comparisons and ablation studies on all 37 NYU classes in terms

of loUsp and mAP33. Our approach improves compared to Im3D by7a57% increase in rAP33
and+4:56% increase in class-medolUsp across all 37 classes. The ablation results highlight the

importance of our diffusion formulatior-7 :67% mAP33), scene prior modelingH7 :11% mAPZ2),
and joint training using the surface alignment lassgn (+0:72 MAPS3).

Object Reconstruction For single-view object reconstruction, we evaluate Chamfer Distance
and F-Score on Pix3D and show per-class comparisons in Tabs. 7 and 9. Our image-conditional
shape prior leads to signi cant improvements, +9.6% in Chamfer Distance and +13.43 in F-Score,
while outperforming InstPIFu in most categories, except sofas and wardrobes in F-Score.

Room Layout [48, 77] also predict the room bounding box with a separate network head. We
study, how our model can also predict the room layout. For that we include the room bounding
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box pose as part of the object poses during the diffusion process. We follow the room layout
parameterization o#8, 77] and model the 3D room center directly instead of decomposing it as 2D
offset & distance, which is done for the objects. In Tab. 3, we demonstrate that by denoising the pose
of room layout, we outperform the regression-based methods.

Table 3:Additional 3D room layout estimation on SUN RGB-D [62]. We evaluate the 3D loU of
the orientied room bounding box. Our diffusion-based pose estimation lead to an improvement of
+1:7%in Room Layout loU.

| Layout loU
Total3D [48] 59.2
Im3D [77] 64.4
Ours \ 66.1

Table 4:Additional per-class comparisons of 3D layout estimation on SUN RGB-Dg2]. Our
method outperforms the baselines in most categories with overall strong improvemetB ip
evaluated at an loU-threshold of %5

bed chair sofa table desk dresser n.stand sink cabinet lamp mAP3]

Total3D [48] 72.47 22.74 53.56 41.49 32.74 17.45 20.06 24.67 16.83 3.632.54
Im3D [77] 88.73 36.77 72.81 58.64 49.80 29.73 4410 34.71 32.72 13.346.14

Ours 86.58 58.68 74.13 71.36 62.81 55.76 48.14 50.44 52.09 21.8%58.18

Table 5:Quantitative comparison with ROCA [17] on the ScanNet dataset]1]. While ROCA esti-
mated each object's pose individually, our generative scene prior can reason about object relationships,
leading to a+3:1%improvement in class-wise alignment accuracy.

bathtub bed bin b.shelf cabinet chair display sofa table| cls. inst.
ROCA [17] 225 10.0 29.3 14.2 158 41.0 309 16.8 145|217 274
Ours 28.7 183 19.1 17.6 36.9 39.7 19.2 245 19.2| 248 295

D Comparison to shape retrieval baseline on ScanNet

We compare with a shape retrieval baseline, namely ROCA [17]. Since ROCA requires full ground-
truth supervision during training, we adopt their setup and train our model on the same 25,000 frames
from the ScanNet][1] dataset with pose annotations derived from Scan2C3|Pds well as the

same CAD pool from ShapeNet][ We additionally adopt their full 9-DoF pose parameterization by
predicting all 3 rotation angles. Following ROCA, we guantitatively evaluate the Alignment Accuracy

in Tab. 5. Please refer t@,[17] for the details of the evaluation. In Fig. 11, we can see that ROCA
retrieves clean and complete shapes by de nition. However, due to its limited shape database, it
cannot capture all shape modes accurately, leading to shape mismatches. Our reconstruction-based
approach instead can recover faithful shape results while simultaneously predicting a coherent object
arrangement.

E Architecture Details

Object Pose Parameterization: Normalization  To ensure a reasonable signal-noise ratio [28]
among the object pose parameters, we normalize the paramefers 1d by dividing them by its
max value and shift the range using a parameter-specvalue. For this, we calculate the min-max
ranges of all pose parameteirs,, rotation , 3D scales, and projected distanak within the train
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Table 6: 3D pose estimation resultfor all NYU-37 classes on SUN RGB-6P]. We report

the Average Precision (AP) 46% 3D-loU threshold of the baseline and different variants of our
approach: Our approach outperforms Total3D and Im3D on most semantic categories, especially on
frequent classes likes chairs(#9%) or tables (£2:7%).

Total3D Im3D Ours
no M2F no diff. no ISA no joint ‘ full
cabinet 16.83 32.72| 35.43 37.32 40.48 48.4852.09
bed 72.47 88.73| 76.23 84.58 86.50 90.71| 86.58
chair 22.74 36.77| 46.97 49.38 48.82 55.8058.68
sofa 5356 72.81| 64.83 66.44 66.27 72.4374.13
table 41.49 58.64| 62.31 59.34 58.47 69.7071.36
door 1.18 5.85| 6.25 358 558 7.73| 5.44
window 2.72 0.57| 051 3.08 257 262 272
bookshelf 495 18.02| 19.56 25.07 20.99 30.81| 30.81
picture 1.21 1.66| 099 204 131 1.80 3.95
counter 41.29 62.48| 62.58 62.30 56.47 69.7872.44
blinds 0.00 2.79| 1.67 2.27 3.64 427 5.20
desk 32.74 49.80| 52.31 48.78 48.93 60.2062.81
shelves 9.72 18.16| 1458 16.31 14.51 25.3128.01
curtain 1.30 769 9.19 394 6.76 11.93| 10.43
dresser 17.45 29.73| 36.07 41.86 50.91 53.0655.76
pillow 9.41 19.48| 19.37 23.10 20.54 33.45| 28.99
mirror 0.50 0.84| 4.22 1.11 2.04 8.1% 9.98
clothes 0.00 0.00 0.0 000 0.00 0.0 0.0
books 4.23 7.16| 5.42 11.26 10.73 17.18| 12.76
fridge 25.00 40.47| 27.13 42.66 37.59 45.9046.17
television 10.88 14.49 13.89 11.95 10.71 19.8123.55
paper 3.47 1.14| 197 496 4.75 497 5.75
towel 435 1480| 268 811 819 11.0212.99
s.curtain 0.00 0.00, 0.00 0.00 0.00 0.00 0.00
box 7.40 11.52| 15.86 17.43 17.72 29.02| 24.42
whiteboard 1.40 259| 268 166 3.17 4.18 544
person 2212 19.22| 38.32 31.48 28.45 55.1056.39
nightstand 20.06 44.10| 28.76 38.41 36.32 45.5048.14
toilet 64.36 73.14| 65.11 6156 71.57 71.1966.30
sink 24.67 34.71| 30.49 32.01 39.60 42.9450.44
lamp 3.63 13.34| 1290 12.88 12.48 21.84| 21.82
bathtub 46.86 66.54| 30.51 36.47 40.87 50.4652.77
bag 13.67 8.45| 8.66 13.78 16.52 18.8921.69
mAP§5D (all) 17.63 26.01 24.17 25.91 26.47 32.8633.58
MAPS2 aosa7) 30.56 46.14| 44.63 47.10 48.88 56.0758.18

set of SUN RGB-D. The 2D offsets to the 2D bounding box center are normalized by the image
dimensions.

d: =2:7;max=2:5; (12)
s: =3:5max=7:0; (13)
=0:0;max = 3:14: (14)

During training, the loss is computed on the un-normalized parameter ranges. After inference and for
evaluation, we un-normalize each parameter according to its original range.

Surface Alignment Loss: Point Sample Transformation  During training, for each objed,

we use the predicted shapgeto estimate its scaffolding Gaussiaﬂé\ﬁ. From each 3D Gaussian
distribution, we directly draw 3D point sampleg;y N ( j; ;). This shape point clou@,
approximates the shape. With the predicted and un-normalized objectipesede ne a 3D rigid
transformatiorR* “ and transform the shape point cloBdto the camera coordinate system. We
use this transformed shape pointcld®™ and the instance-segmented ground-truth depth map from

18
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