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Figure 1. We introduce LASA, a Large-scale Aligned Shape Annotation Dataset containing 10,412 unique object CAD models aligned with
920 real-world scene scans. Supported by LASA, we achieve state-of-the-art in real-world object reconstruction and 3D object detection.

Abstract

Instance shape reconstruction from a 3D scene involves
recovering the full geometries of multiple objects at the se-
mantic instance level. Many methods leverage data-driven
learning due to the intricacies of scene complexity and sig-
nificant indoor occlusions. Training these methods often
requires a large-scale, high-quality dataset with aligned
and paired shape annotations with real-world scans. Exist-
ing datasets are either synthetic or misaligned, restricting
the performance of data-driven methods on real data. To
this end, we introduce LASA, a Large-scale Aligned Shape
Annotation Dataset comprising 10,412 high-quality CAD
annotations aligned with 920 real-world scene scans from
ArkitScenes, created manually by professional artists. On
this top, we propose a novel Diffusion-based Cross-Modal
Shape Reconstruction (DisCo) method. It is empowered by
a hybrid feature aggregation design to fuse multi-modal in-
puts and recover high-fidelity object geometries (see Fig. 1).
Besides, we present an Occupancy-Guided 3D Object De-
tection (OccGOD) method and demonstrate that our shape

annotations provide scene occupancy clues that can further
improve 3D object detection. Supported by LASA, extensive
experiments show that our methods achieve state-of-the-
art performance in both instance-level scene reconstruction
and 3D object detection tasks.

1. Introduction
The widespread use of hand-held RGB-D sensors has facil-
itated the effortless acquisition of indoor scene scans. How-
ever, these scans often suffer from noises and incomplete-
ness due to limitations in sensor accuracy, the complexity
of indoor environments, and occlusion among objects. This
further limits its applications in scenarios such as VR/AR
and 3D industry where a complete and high-quality recon-
struction is desired. This shortage absorbs great attention in
3D vision and graphics community, particularly in the realm
of indoor instance-level scene reconstruction. In this task,
the objective is to reconstruct the shapes of observed objects
based on 3D scans or images captured by sensors. Many
advances [8, 36, 56, 58, 61] have been seen by leverag-
ing the power of deep learning methods for this task. They
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are data-driven and demand a substantial number of paired
scene scans and objects’ CAD ground truths.

Existing data-driven methods rely on two types of
datasets. [1, 7–9, 19, 27, 39, 50, 52, 55–58] utilized syn-
thetic datasets [5, 10, 15] by synthesizing images and scans
that mimic real-world distributions. Synthetic data pro-
vides CAD models perfectly aligned with input observa-
tions (images or scans) though. Models trained on it are
vulnerable to domain gaps from the real world [53] that
could impair the generalizability. Scan2CAD[2] attempts
to bridge this gap by annotating objects’ CAD in real-world
scene scans. However, their CADs are retrieved from a syn-
thetic database [5] and their poses are manually adjusted to
roughly align the object scans. However, retrieved shapes
are often unlike the real observed objects, introducing shape
misalignment issues. Many works [13, 18, 28, 32, 47, 48]
using it as instance shape supervision are potentially biased
with inferior alignment. In summary, The absence of a well-
aligned real-world dataset barriers the further advancement
of the community.

To surmount this challenge, we present a new dataset
LASA, a Large-scale Aligned Shape Annotation dataset
that contains 10,412 high-quality instance CAD annota-
tions meticulously crafted by skilled artists. Each CAD
shape is designed and placed to precisely align with objects’
scans from 920 real-world scene scans in ArkitScene [3].
We deliberately annotate objects in ArkitScene instead of
ScanNet[11] because it provides scans obtained from both
accurate Laser sensors and hand-held RGB-D sensors. The
accurate Laser scan benefits high-quality and aligned man-
ual annotations. Meanwhile, the less accurate scans from
hand-held devices support research on reconstruction and
completion using consumer-level devices.

A large-scale scan dataset with high-quality instance
CAD annotations empowers many downstream applica-
tions. We first investigate how LASA benefits indoor
instance-level scene reconstruction. Given an indoor scene,
images and scene scans can be obtained through scanning.
Typically, the initial step involves 3D object detection, af-
ter which the partial point clouds and multi-view images
of each detected instance are acquired, serving as visual
cues for subsequent shape reconstruction. Point cloud pro-
vides natural 3D information though, they are often noisy
and incomplete. On the other hand, images present rich
appearance clues but lack 3D constraints. Inspired by the
complementary nature of these two modalities in describ-
ing object surfaces, we advocate utilizing both modalities
as inputs to fuse their advantages. Recently, diffusion mod-
els have shown appealing performance in shape genera-
tion [7, 19, 44, 61, 64]. We advance it further for instance
reconstruction and propose Diffusion-based Cross-modal
Shape Reconstruction, namely DisCo. DisCo is a triplane
diffusion model tailored to accommodate multi-modal in-

puts, towards robust real-world object reconstruction, where
a hybrid feature aggregation layer is proposed to aggregate
and align two input modalities effectively. Supported by the
LASA dataset, extensive experiments show that our method
achieves state-of-the-art reconstruction performance with
real-world inputs.

Moreover, the LASA dataset has full annotations cover-
ing every instance within each of the 920 real-world scenes.
This extensive coverage enables LASA to provide scene-
level occupancy labels. We further explore how they can
affect indoor scene 3D object detection. 3D Object detec-
tion [37, 42, 49] usually comprises a backbone and a detec-
tion head. We propose to integrate an occupancy prediction
head for occupancy-guided 3D object detection, namely
OccGOD. Our experiments demonstrate that incorporating
occupancy prediction leads to substantial improvements in
detection performance. In summary, our key contributions
are four-fold:
• We introduce a large-scale dataset, LASA. It contains

10,412 manually crafted, high-quality instance CAD
annotations geometrically aligned with 920 real-world
scene scans.

• We propose DisCo, a novel diffusion-based method that
leverages hybrid representation, effectively interacting
with both input partial point cloud and multi-view images,
achieving state-of-the-art reconstruction.

• With LASA’s scene-level annotation, we introduce
occupancy-guided 3D object detection (OccGOD) with
decent improvements.

• We strongly believe the large-scale dataset of well-
aligned shape annotations can break the bottleneck of cur-
rent research on 3D indoor scene understanding and re-
construction.

2. Related Works
2.1. Indoor Instance Shape Dataset

Recently, many advances have been seen in learning-based
3D object and scene reconstruction from images and videos.
However, numerous challenges persist due to the limitations
of existing datasets.

These learning-based approaches are usually trained ei-
ther on existing synthetic datasets or real-world datasets.
While synthetic datasets are demonstrated valuable for
training models, they lack realism. Large synthetic ob-
ject collections like ShapeNet[5] and ABO[10] provide
diverse 3D models but lack environment context. Syn-
thetic scene datasets such as 3D-Front[14], Replica[45], and
Structured3D[63] possess complete synthetic environments
with CAD annotations for objects. However, models trained
on these datasets often struggle to generalize with real in-
puts due to substantial domain gaps[53].

Some works [2, 29, 34, 46, 53, 54] annotate CAD
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Dataset Aligned #Scenes #CADs Sensor Type Annotation Method
Scan2CAD [2] - 1,506 3,049 RGB-D Retrieval
CAD-Estate [29] - 19,512 12,024 RGB Retrieval
IKEA [16] ✓ null 90 RGB Retrieval
Pix3D [46] ✓ null 219 RGB Retrieval
ScanSalon [53] ✓ 413 800 RGB-D Artist
Aria’s Digital Twin [34] ✓ 2 370 RGB-D Artist
LASA (Ours) ✓ 920 10,412 RGB-D Artist

Table 1. Comparisons with existing 3D indoor datasets with instance shape annotations

models on real-world data to bridge the domain gaps.
Scan2CAD [2] and CAD-estate [29] have provided scanned
object-CAD pairs by retrieving them from ShapeNet [5]
and are further manually aligned to the real-world scenes.
However, these retrieved CAD models lack alignment with
real objects, potentially biasing data-driven reconstruction
methods towards inferior reconstruction. This motivates us
to build a real-world dataset with well-aligned CAD an-
notations. Aria’s Digital Twin [34] and ScanSalon [53]
provide such CADs though, the limited quantities restrict
their application for data-hungry tasks. Datasets such as
Pix3d [46] and PASCAL3D+ [54] supply single-view im-
ages with aligned shapes but are limited in scene modalities
lacking point cloud and multi-view images.

2.2. 3D Shape Reconstruction

Object-level Reconstruction Existing approaches leverage
images or partial point clouds as input. Images based recon-
struction methods accept either single-view [6, 17, 19, 20,
25, 27, 30, 31, 33, 35, 50, 55, 57, 62, 64] or sparse multi-
view images [4, 9, 39, 56, 59] as inputs for shape recon-
struction. They extract 2D image features and utilize them
for shape reconstruction. Some [27, 43] leverage 2D pixel-
aligned local features for reconstruction, demonstrating ap-
pealing performance for high-quality reconstruction. Other
works [1, 8, 12, 26, 40, 52, 58, 61] conduct shape recon-
struction from noisy, incomplete partial point clouds. Both
paradigms have their advantages, with image-based meth-
ods perceiving rich 2D appearance features, while point-
based methods process native 3D signals. [21] proposed
to combine both inputs to fuse their advantages. Our pro-
posed approach also accepts both inputs, focusing on ef-
fectively aggregating and aligning local features from both
input sources. Since diffusion model [7, 19, 44, 51, 61, 64]
have demonstrated strong capabilities in both shape gener-
ation and reconstruction, we opt for a diffusion model for
robust and high-quality reconstruction.

Instance-level Scene Reconstruction Recent instance
scene reconstruction methods [13, 18, 21–23, 28, 32, 47, 48]
follow a detect-then-reconstruct pipeline from a single scan.
First, these methods use a 3D object detector to localize
objects in either scene scans or videos. Subsequently, the
detected 3D objects are fed into a 3D shape reconstruction

Figure 2. Visual comparison between aligned and unaligned CAD
annotations

module individually to obtain object shapes. Finally, the
reconstructed 3D object shapes are placed back at their
original locations to obtain a reconstruction of the full
scene. These methods commonly utilize the Scan2CAD
[2] dataset for training, where the inferior alignment limits
their reconstruction quality. In contrast, the CAD models
in our LASA dataset are manually crafted by artists to
guarantee alignment, which we hope can lay a foundation
for future research in this area.

3. LASA Dataset
LASA is a large-scale dataset that contains 10,412 unique
CAD models covering 920 scenes across 17 categories.
Rather than relying on a pre-existing CAD database to an-
notate scenes, LASA engages professional artists to manu-
ally create aligned CAD models with 3D scans. Our anno-
tations provide precise and consistent (as shown in Fig. 2)
training data for data-driven reconstruction algorithms.

3.1. Data Annotation

LASA is built upon the 3D laser scans from ArkitScenes
since it is accurate with high resolution, which is critical for
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high-fidelity CAD annotations.
Data Preprocessing. Each laser scan from ArkitScenes
is exceptionally dense with 1GB+ data storage. To im-
prove annotation efficiency, we downsample the scans to
a 4mm density. Since ArkitScenes does not publicly pro-
vide alignment transformations between the laser scans and
the RGB-D scans, we utilize a coarse-to-fine registration
method to calculate the transformation matrix (see our sup-
plemental for details). With the transformation matrix, we
align the laser data with the RGB-D sequence coordinates
from ArkitScenes. We then use ArkitScenes’ 3D bounding
box annotations to partition the aligned laser point clouds
for each single object. These segmented point clouds are
transformed into the canonical space. Furthermore, for each
object, we select 2-5 frames from RGB-D scans that maxi-
mize the 2D projection area of its 3D bounding box. These
selected frames serve as references for annotation.
Shape Annotation. The CAD annotation process involves
a team of 35 artists working over 4 months. With prepro-
cessed point clouds and reference images, each artist spent
approximately 69 minutes designing a single model. Each
model is annotated with Autodesk Maya or Cinema 4D.
Shape Verification. We involve a shape verification proce-
dure for annotation quality control. This procedure has both
algorithmic validation and manual reviews to thoroughly
evaluate CAD model’s accuracy against ground truth scans
and images. Our multi-step verification process includes

• Senior Review: After initial annotations, 6 senior design-
ers reviewed every CAD model to verify quality, accu-
racy, and reliability by manually cross-checking against
the 3D scans. Any models that failed to meet the stan-
dards were flagged for rework.

• Geometry Alignment: We matched the CAD models
to aligned laser scans and calculated the unidirectional
Chamfer distance between them. This quantified the raw
geometric alignment error for the CAD surface compared
to the ground truth scan.

• View Alignment: We also verified alignment in the
pixel level, where we rendered 112,639 images across
all scenes by positioning the CAD models in the view
frustum of RGB-D sensors. Crowd workers performed
a manual inspection to check if the rendered views over-
lay on the real images. They checked for inconsistencies
along object edges and intricate details which would in-
dicate misalignment. This pixel-level evaluation ensured
precise alignment. Any rendering mismatches were fixed
by re-annotating the CAD model.

3.2. Dataset Statistics

Tab. 1 shows the statistics of LASA compared to the ex-
isting datasets. LASA contains a comparable number of
unique CAD models to CAD-Estate [29], which was previ-
ously the largest scene CAD dataset. However, LASA pro-

vides better CAD annotation quality against their retrieved
CAD models. Additionally, LASA demonstrates greater
shape diversity than Scan2CAD [2], with over 3 times as
many unique CAD models.
Among all aligned datasets, LASA stands out with a total of
10,412 CADs. This is 13 times more than ScanSalon [53]
and 28 times more than Aria’s Digital Twin dataset[34].
Unlike IKEA [16] and Pix3D [46] which are annotated on
single-view RGB images, LASA captures full RGB-D se-
quences. This enables a wider range of downstream appli-
cations compared to static image datasets.
Furthermore, we compare LASA with Scan2CAD in terms
of alignment quality by measuring the Chamfer distance be-
tween CAD annotation and the scene scans, which are 0.161
vs 0.269. LASA provides much better aligned data.

4. Instance-level Scene reconstruction
We propose a Diffusion-based Cross-modal Shape Recon-
struction method (DisCo). DisCo is a diffusion-based
model to pursue high-fidelity 3D shape reconstruction from
partial point clouds and multi-view images. Various repre-
sentation including latent sets [61], volumetric grids [7, 64],
and triplanes [19, 39, 51] are popular choice for diffu-
sion model. We opt for the triplane since its efficiency
enables higher output resolution compared to volumetric
grids; while reserving 3D structure compared to latent sets.
We employ latent triplane diffusion, where a triplane varia-
tional auto-encoder (VAE) first encodes shape into triplane
latent space (in Sec. 4.1). Subsequently, a triplane diffusion
model operates on this latent space for 3D shape reconstruc-
tion conditioned on both partial points and multi-view im-
ages (in Sec. 4.2). The overall pipeline of DisCo is shown
in the upper part of Fig. 3.

It has been demonstrated that using multiple input
modalities (images and scans) presents complementary ben-
efits for semantic scene completion [21]. In DisCo, we also
fuse image and point features and introduce Hybrid Fea-
ture Aggregation Layer (in Sec. 4.3). In this layer, we
utilize a hybrid representation combining a triplane and a
volumetric grid. This combination facilitates efficient local
feature aggregation and feature alignment from both partial
point clouds and multi-view images.

4.1. Triplane Variational Auto-Encoder

To conduct a latent triplane diffusion, the first step is to learn
an encoder capable of encoding shapes in a triplane latent
space. The Triplane VAE [19] comprises an encoder ψenc

and a decoder ψdec. The encoder processes inputs and en-
codes them into latent space, while the decoder recovers
shape from the latent representation. Surface point cloud
P ∈ RK×3 sampled from a ground truth shape, serves as in-
puts to ψenc. K = 20, 000 in our experiment. These points
are projected onto a triplane and subsequently processed by

20457



Figure 3. Pipeline of our DisCo. Firstly, a triplane VAE model is trained to encode shape into triplane latent space (top-left). Subsequently, a
triplane diffusion model is trained in this latent space for conditional shape reconstruction (top-right). A novel Hybrid Feature Aggregation
Layer is proposed to effectively aggregate and align local features in both partial points cloud and multi-view images (bottom).

a PointNet to form a triplane feature map. Followed by a
UNet [41], the encoder ψenc outputs a normal distribution
N (µ, σ2), where µ, σ ∈ RH×W×3×C . A latent triplane
T0 ∈ RH×W×3×C can be sampled from this distribution.
The above process can be summarized as:

T0 ∼ N (µ, σ2) µ, σ = ψenc(P) (1)

The occupancy field is chosen as the shape representation.
The decoder ψdec takes a point p in space and the triplane
latent T0 as inputs, yielding the occupancy of this point.
Specifically, A UNet model first refines T0 and outputs a
triplane feature map. Then, point p is projected onto this
triplane feature map, where features are sampled using bi-
linear interpolation. These sampled features are fed into
MLPs which outputs the occupancy prediction õ. The train-
ing of the VAE model is supervised by reconstruction loss
and KL divergence loss as Lvae = ∥õ− ogt∥22 + λklLkl. In
our experiment, λkl = 0.025. As in [51], the network lay-
ers in both ψenc and ψdec adopt 3d aware convolution for
triplane processing.

The reconstruction is conducted in canonical object
space. During training, augmentation such as random shift-
ing, rotating and scaling are applied, so that it will be more
robust to inaccurate objects’ pose during inference.

4.2. Triplane Diffusion for reconstruction

Our approach employs latent triplane diffusion to recon-
struct shapes based on partial point clouds and multi-view
images as conditions. Specifically, a 2D UNet model serves
as a denoise function D(·). This model comprises cascades
of residual convolutional block and Hybrid Feature Aggre-
gation Layer with 3d aware convolution. we introduce a
novel Hybrid Feature Aggregation Layer, designed to fos-

ter effective interaction between local features derived from
partial point clouds and multi-view images. We use con-
tinuous diffusion steps as in [24]. The forward diffusion
process during training is defined as Tσ = T0 + n, where
n ∼ N (0, σ2I), σ indicates the diffusion steps, and also
the deviation of the noise added. The denoise UNet takes a
noisy triplane latent Tσ as input, and outputs a denoised tri-
plane latent Tdenoise. We follow the diffusion formulation
in EDM [24], the objective function during training is:

Eσ,n,T0
λσ∥D(T0 + n, σ, c)− T0∥22 n ∼ N (0, σ2I) (2)

Here c denotes the conditional inputs. In our case, they are
partial point clouds and multi-view images. λσ denotes
a loss normalization factor. Inference can be conducted
through sampling from noise triplane as in EDM [24].

During training our diffusion model, we implement a
strategy to first pretrain on synthetic datasets, then fine-tune
on LASA dataset. We leverage ShapeNet [5], ABO [10],
and 3D-Future [15] dataset to synthesize partial point cloud
and render images by embedding CAD models in HM3D
scene[38, 60]. This strategy enhances both the robustness
and the performance of our method, enabling more effec-
tive real-world object reconstruction.

4.3. Hybrid Feature Aggregation Layer

The objective of the Hybrid Feature Aggregation Layer is
to aggregate and align local features from two input modal-
ities to the triplane space. Points-triplane interaction is im-
plemented by projecting points onto the triplane. However,
such interaction becomes challenging when fusing images
and triplanes. An alternative way is to expand the triplane
into a volumetric grid and project the grids to images. This
motivates us to propose this Hybrid Feature Aggregation
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Table 2. Quantitative comparison on shape reconstruction. Evaluation metrics are mIoU / Chamfer L2 / F-score respectively. Higher mIoU
and F-score are better while lower Chamfer L2 is better. Chamfer L2 is scaled by 1,000. LAS doesn’t have mIoU value since it uses a
surface occupancy representation.

Method Chair Sofa Table Cabinet Bed Shelf

IFNet 28.9 / 19.8 / 25.2 66.1 / 3.61 / 31.1 28.3 / 21.4 / 27.4 73.8 / 3.20 / 36.6 64.0 / 2.95 / 28.8 17.2 / 5.24 / 29.6
LAS-pts - / 13.2 / 22.6 - / 4.47 / 22.9 - / 19.5 / 23.9 - / 4.81 / 22.1 - / 4.77 / 25.8 - / 4.70 / 26.8

LAS-pts+imgs - / 10.7 / 24.1 - / 3.76 / 24.1 - / 15.7 / 24.6 - / 4.56 / 24.4 - / 4.58 / 26.5 - / 4.35 / 27.2
3DShape2VecSec 32.5 / 6.43 / 25.6 66.7 / 3.39 / 27.6 30.9 / 12.9 / 25.3 68.1 / 4.09 / 23.7 62.3 / 3.69 / 30.5 22.3 / 3.79 / 32.0

Ours-pts 33.4 / 5.68 / 26.6 68.8 / 3.21 / 29.0 38.0 / 10.5 / 32.2 72.3 / 3.63 / 36.5 54.0 / 2.97 / 34.1 23.2 / 3.68 / 36.5
Ours-pts+imgs 38.6 / 3.57/ 31.0 70.7/ 2.88/ 31.6 41.5 / 6.52 / 36.1 75.1 / 3.10 / 37.0 62.5 / 2.62 / 35.4 24.5 / 3.45 / 37.5

Layer, introducing a hybrid representation that facilitates
both points-triplane and images-triplane interactions.
As in the bottom part of Fig. 3, inputs of this layer are par-
tial point cloud P̃ , k posed images Ii, i ∈ 1, 2...k, and tri-
plane feature T̃l from the l-th convolutional layer. It begins
with the aggregation of local features from partial points,
achieved by projecting them onto the triplane and incorpo-
rating a PointNet layer. Image features map is first extracted
using pretrained Vision Transformer. Then, the triplane ex-
pands into a volumetric grids Gl ∈ RH× W×L×C . The
volumetric grids are then projected to k images using their
camera poses, and image local features are sampled using
bi-linear interpolation.

To fuse features from multiple images, we employ a
transformer. Specifically, the voxel feature serves as the
query, while the sampled image feature serves as the key
and value. The transformer outputs a volumetric grid at-
tended with local image features from multi-view images.
Finally, the volumetric grid is flattened back to a triplane
by pooling, producing an output triplane feature map. This
process ensures the effective aggregation and alignment of
local features from diverse input modalities.

5. Occupancy-guided 3D Object Detection
3D object detection takes scene scans as input and parses
the scene objects into 3D bounding boxes. In real-world
scenarios, object scans are often incomplete and sparse due
to occlusion, inaccurate sensors, and limited views during
capture, making objects hard to recognize. To address it, we
propose an Occupancy-Guided 3D Object Detection (Occ-
GOD) approach that utilizes shape completeness prior for
better scene understanding. We generate scene-level oc-
cupancy ground truth from LASA’s fully-covered annota-
tions. Specifically, scenes are partitioned into numerous
384x384x96 voxel grids, with a resolution of 4cm. All CAD
models are then placed back into the scene, on which the
surface points are densely sampled at 2cm intervals. Subse-
quently, we iterate through each point, marking their corre-
sponding voxel to be occupied.
Our methodology follows a simple ‘plug-and-play’ manner.
It is compatible with any detection method based on a 3D

structured representation like volumetric grids [42, 49]. For
ease of use, we built our OccGOD upon Cagroup3D [49].
In addition to the original backbone and bounding box pre-
diction head, we introduce an occupancy head and augment
the bounding box prediction head with another two out-
put parameters for orientation regression. The occupancy
heads takes backbone features as inputs, and output the oc-
cupancy of each voxel. More details of network design are
in the supplemental. To further explore occupancy repre-
sentations, we concatenate the features from the occupancy
head with the backbone’s features during ROI pooling for
second-stage bounding box prediction. The occupancy head
is supervised with a binary cross-entropy loss function with
scene-level occupancy labels from LASA.

Our proposed OccGOD predicts a complete foreground
structure to guide the bounding box detection. By leverag-
ing the complete scene context, it achieves significant gains
in detecting occluded and sparse objects compared to base-
line methods.

6. Experiment
6.1. Experiment Setup

For indoor object reconstruction, we employ mean Inter-
section over Union (mIoU), L2 chamfer distance, and 1%
F-score. We first normalize both results and ground-truth
CAD into the interval from -0.5 to 0.5, and compute the
above metrics between them. The experiment is conducted
over 6 categories merged from 17 categories in LASA
dataset.

For 3D object detection, we assess mean average preci-
sion (mAP) and mean average recall (mAR) with an IoU
threshold at 0.5. Evaluations for both object reconstruction
and 3D object detection are performed on LASA’s test set.

6.2. Evaluation on Indoor Object Reconstruction

In this session, we compare our methods with exist-
ing baselines. We choose IFNet [8] and two state-of-
the-art diffusion-based methods, LAS Diffusion [64] and
3DShape2VecSet [61], for comparison. We first pretrain all
methods on synthetic dataset [5, 10, 15], then finetune them
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Figure 4. Qualitative comparison between our method and IFNet, 3DShape2Vecset, and LAS.

on LASA. IFNet and 3DShape2VecSet receive point clouds
as inputs. For LAS Diffusion, we extend it into two ver-
sions: with point clouds as input (LAS-pts), and with both
point clouds and images as input (LAS-pts+imgs). We com-
pare them with our DisCo with two variants: 1) with partial
point clouds only (Ours-pts); 2) with both modalities (Ours-
pts+imgs). The quantitative and qualitative comparisons are
shown in Tab. 2 and Fig. 4. Our method achieves state-of-
the-art performance both quantitatively and qualitatively.

6.3. Ablation Study

Real-world Performance Boost using LASA We inves-
tigate the impact of our LASA dataset on real-world ob-
ject reconstruction through three training setups: training
from scratch on LASA (w/o pretrain), training on synthetic
datasets only (w/o finetune), and pretraining on synthetic

datasets followed by finetuning on LASA (full). The quanti-
tative comparison is in Tab. 4. The table shows that finetun-
ing on LASA significantly improves real-world reconstruc-
tion, with pretraining on synthetic data followed by finetun-
ing on real strategy achieving the best performance.

Effectiveness of Hybrid Feature Aggregation Layer
We verify the effectiveness of the Hybrid Feature Aggrega-
tion (HFA) layer in aggregating and aligning local features
from both partial points and multi-view images. We com-
pare it against not using the expanded grids to project onto
the images. Specifically, the latter directly projects the tri-
plane’s pixels to the images. The quantitative comparison is
shown in Tab. 5. The decent improvement of the HFA layer
verifies its powerfulness in fusing multi-modal features.

Robustness to inaccurate detection We further inves-
tigate how inaccurate detection results could affect the re-
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Table 3. Quantitative comparison between the state-of-the-art (CAGroup3D) and our OccGOD. Oriented bounding boxes are predicted.
Evaluation metrics are mAP / mAR. Higher mAP / mAR indicates better performance.

@IoU > 0.50 Chair Table Cabinet Refrigerator Shelf Bed Sink Washer Bathtub
CaGroup3D 92.05 / 93.09 46.68 / 66.37 33.93 / 54.64 90.56 / 91.22 35.12 / 57.54 67.31 / 73.89 64.03 / 74.15 87.77 / 89.39 27.99 / 45.97

Our OccGOD 92.57 / 93.25 49.17 / 66.76 35.05 / 55.90 90.45 / 91.89 38.15 / 58.19 70.78 / 78.33 70.30 / 78.74 86.27 / 88.64 26.56 / 46.77
@IoU > 0.50 Toilet Oven Dishwasher Fireplace Stool TV Monitor Sofa Stove Overall
CAGroup3D 50.94 / 68.99 78.93 / 81.28 92.19 / 92.86 28.21 / 45.19 70.69 / 80.78 1.16 / 6.63 46.32 / 65.51 33.32 / 41.73 55.72 / 66.43
Our OccGOD 59.41 / 74.68 79.54 / 82.19 90.96 / 92.75 30.22 / 46.15 71.61 / 80.78 0.73 / 5.19 47.65 / 64.98 35.64 / 41.73 57.36 / 67.47

Table 4. Quantitative comparison on different training setups. The
evaluation metrics are mIoU / chamfer L2 / F-score respectively.

Strategy Chair Sofa Table

w/o pretrain 35.6 / 4.35 / 27.4 66.7 / 3.80 / 26.0 36.7 / 8.20 / 30.4
w/o finetune 25.0 / 10.8 / 23.5 66.7 / 5.11 / 26.8 30.9 / 12.5 / 26.1

full 38.6 / 3.57/ 31.0 70.7/ 2.88/ 31.6 41.5 / 6.52 / 36.1

Cabinet Bed Shelf

w/o pretrain 72.6 / 3.49 / 34.2 66.0 / 2.21 / 30.6 14.8 / 4.76 / 30.5
w/o finetune 67.2 / 5.22 / 29.1 55.3 / 3.38 / 29.0 23.9 / 4.18 / 30.8

full 75.1 / 3.10 / 37.0 62.5 / 2.62 / 35.4 24.5 / 3.45 / 37.5

Table 5. Quantitative comparison between HFA layer and direct
triplane projection. The evaluation metrics are mIoU / chamfer L2
/ F-score respectively.

Method Chair Sofa

Triplane project 38.1 / 3.95 / 30.6 70.0 / 3.03 / 30.8
HFA layer 38.6 / 3.57 / 31.0 70.7 / 2.88 / 31.6

Table 6. Quantitative comparison between reconstruction using
GT 3D bounding boxes and noisy bounding boxes. Evaluation
metrics are mIoU / chamfer L2 / F-score respectively.

Detection type Chair Sofa Table

noisy bbox 38.7 / 3.77 / 31.3 70.2 / 2.90 / 31.8 40.6 / 7.42 / 34.4
GT bbox 38.6 / 3.57 / 31.0 70.7/ 2.88/ 31.6 41.5 / 6.52 / 36.1

Cabinet Bed Shelf

noisy bbox 73.1 / 3.70 / 34.4 65.5 / 2.64 / 36.2 24.1 / 3.85 / 36.0
GT bbox 75.1 / 3.10 / 37.0 62.5 / 2.62 / 35.4 24.5 / 3.45 / 37.5

construction. An experiment is conducted by randomly ro-
tating between -10 and 10 degrees, scaling between 0.8 and
1.1, and shifting the center between -10% and 10% for each
object. The quantitative results are shown in Tab. 6. We ob-
serve that, with considerable disturbances on object poses,
our method achieves robust accuracy.

Effectiveness of scene-level occupancy to OccGOD
Tab. 3 compares the baseline (Cagrounp3D) and our pro-
posed OccGOD. Cagrounp3D achieves an mAP of 55.72
and an mAR of 66.43 with an IOU threshold of 0.5. Our
OccGOD enhances the baseline, improving mAP by 1.64
and mAR by 1.04. Notable increases occurred for larger

furniture like tables (+2.42 in AP), toilets (+8.47 in AP and
+5.69 in AR), shelves (+3.03 in AP), beds (+3.47 in AP and
4.44 in AR), and sinks (+6.27 in AP and 4.59 in AR).

7. Conclusion
We have introduced a new dataset LASA, a Large-scale
Aligned Shape Annotation Dataset. In this work, we have
illustrated the substantial benefits LASA brings to the com-
munity, particularly in the realms of indoor instance-level
scene reconstruction and 3D object detection. Empow-
ered by LASA, we propose a novel Diffusion-based Cross-
Modal Shape Reconstruction approach, namely DisCo, and
an Occupancy-guided 3D Object Detection method, namely
OccGOD. In DisCo, we design a novel Hybrid Feature Ag-
gregation Layer to effectively fuse and align local features
from two input modalities - partial point clouds and multi-
view images. In OccGOD, we leverage the scene-level oc-
cupancy labels provided by LASA, to enhance 3D object
detection by learning object completeness priors. Extensive
experiments demonstrated that, with the support of LASA,
both methods achieve state-of-the-art performance in real-
world scenarios.

We firmly believe that the large-scale and well-aligned
features of LASA present better annotation quality and
quantity, laying a foundation for many 3D downstream ap-
plications, including 3D understanding and reconstruction.
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