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{

"intrinsics": [
[786, 0, 328 ],
[0, 926, 209],
[0, 0, 1]

],
"rotation": [

[0.99, 0.05, -0.07],
[0.09, -0.63, 0.76],
[0.00, 0.76, 0.63]

],
"translation": [0, 0, 0]

}

"sceneId": "000000000034.ply",
"segGroups": [

{
"objectId": 589229,
"categoryId": 24,
"label": "zebra",
"segments": [...],
"centroid": [

-0.98, -3.09, -2.30
]

}
]

Image Depth
Spatial Perception

3D Instance Segmentation
Spatial Understanding

Prompt: A woman sits next to two women who
are talking on the phone.

Q: Please describe object in (0.12, 0.34, -1.14).
A: The man wearing a white T-shirt is playing 
tennis.

(0.12, 0.34, -1.14)

Figure 1. Scaling up spatial intelligence via 2D-to-3D data lifting. Our pipeline mitigates the scarcity of spatial data by generating scale-
and metric-authentic 3D data (point clouds, depth maps, camera poses, etc.) with rich annotations. Our generated data can support a wide
range of tasks, including spatial perception and MLLM-based captioning, spatial reasoning, and grounding.

Abstract

Spatial intelligence is emerging as a transformative frontier
in AI, yet it remains constrained by the scarcity of large-
scale 3D datasets. Unlike the abundant 2D imagery, ac-
quiring 3D data typically requires specialized sensors and
laborious annotation. In this work, we present a scalable
pipeline that converts single-view images into comprehen-
sive, scale- and appearance-realistic 3D representations
— including point clouds, camera poses, depth maps, and
pseudo-RGBD — via integrated depth estimation, camera
calibration, and scale calibration. Our method bridges
the gap between the vast repository of imagery and the
increasing demand for spatial scene understanding. By
automatically generating authentic, scale-aware 3D data
from images, we significantly reduce data collection costs
and open new avenues for advancing spatial intelligence.
We release two generated spatial datasets, i.e., COCO-3D
and Objects365-v2-3D, and demonstrate through extensive
experiments that our generated data can benefit various
3D tasks, ranging from fundamental perception to MLLM-
based reasoning. These results validate our pipeline as an
effective solution for developing AI systems capable of per-
ceiving, understanding, and interacting with physical envi-
ronments.

1. Introduction

Spatial intelligence — the ability to perceive, reason about,
and interact with 3D environments — is poised to drive
the next wave of AI breakthroughs, with promising appli-
cations ranging from autonomous robotics [34] to immer-
sive AR/VR [32, 77]. Much like the success of multi-modal
large language models (MLLMs), advancing spatial intel-
ligence relies on the availability of massive, diverse, and
annotated data. However, unlike the abundant text, im-
ages, or videos from the internet, acquiring spatial data
demands specialized hardware (e.g., LiDAR) and labor-
intensive, costly collection and labeling processes. This
critical bottleneck has significantly limited the development
of spatial intelligence, and the field’s long-awaited “Ima-
geNet moment” remains out of reach.

Existing attempts to pursue scalable spatial data largely
fall into three categories, yet each faces distinct drawbacks:
• Simulation-based approaches: Although simulation-

based methods using game-engine simulators (e.g.,
NVIDIA Isaac Gym [75]) enable fast and cost-effective
data generation under controlled conditions, they often
encounter a substantial sim-to-real gap [3, 80, 81, 94].
This gap stems from the fact that the simplified geometric
and physical models in simulation engines do not capture
the full complexity and variability of real-world scenes.
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Thus, models trained entirely with simulation can strug-
gle to generalize when exposed to the intricate and het-
erogeneous nature of real environments.

• AI-generated 3D assets: Although recent AI-based 3D
generation can scale easily, current methods generally
produce 3D assets limited to single objects [16, 26, 41–
43, 58, 67, 83]. Scene-level generation remains chal-
lenging [12, 25, 60, 124, 127]. Generated scenes often
exhibit disproportionate elements and unrealistic appear-
ances. Texture and lighting renderings can hardly repli-
cate natural conditions accurately, while complex scenes
typically feature illogical object arrangements that de-
viate from real-world layouts. Moreover, most existing
methods tend to produce cartoon-like 3D assets, limiting
their applicability in realistic scenarios.

• Sensor-captured data: While offering high-fidelity au-
thentic 3D data, data acquired via specialized hardwares
(e.g., LiDAR and RGB-D camera) [5] incur high costs in
both collection and annotation. These datasets are usu-
ally domain-specific (often indoors) and relatively small
in scale, such as ScanNet [29] (1,503 scenes) and Struc-
tured3D [121] (3,500 scenes).

On the other hand, 2D imagery datasets (e.g., COCO [68],
Objects365-v2 [90], OpenImages [56], etc.) encompass
web-scale, richly annotated imagery across diverse scenes,
objects, and tasks — thus fueling the success of MLLMs.
However, their potential to advance spatial intelligence re-
mains largely untapped.

To address the limitations of existing spatial datasets, we
present a novel data-generation pipeline that lifts large-scale
2D image datasets into high-quality, richly annotated, 3D
representations covering diverse scenes and tasks (as shown
in Fig. 1). Rather than relying on simulation, purely gen-
erative methods, or specialized hardware-captured scenes,
our approach leverages the rich visual content of 2D im-
ages to construct metric-scale 3D scenes. This “2D-to-3D”
pipeline effectively bridges the data gap in spatial intelli-
gence by producing realistic, diverse environments at a frac-
tion of the cost and complexity. Unlike simulation-based
or AI-generated 3D data, our method preserves real-world
textures and appearances; unlike sensor-captured data, it is
not restricted by domain or hardware constraints and can be
easily scaled up. By applying our pipeline to richly anno-
tated 2D datasets such as COCO [68] and Objects365-v2
[90], we create COCO-3D and Objects365-v2-3D, marking
the first large-scale expansion of spatial data to ∼2M dis-
tinct scenes spanning over 300 categories across diverse in-
the-wild conditions, including indoor, outdoor, and mixed
scenarios. These extensive 3D resources provide a robust
foundation for training and evaluating spatial intelligence
and embodied AI models across a wide range of tasks.

Extensive experiments show that our synthesized spa-
tial data significantly enhance performance in various 3D

perception tasks, including instance segmentation, seman-
tic segmentation, and referring instance segmentation. Our
results further indicate that tasks involving 3D LLMs—such
as 3D dense captioning and 3D QA—also benefit from our
data. Our results demonstrate that scalable 2D-to-3D lifting
is a cost-effective and powerful strategy for advancing spa-
tial intelligence and developing AI systems that truly under-
stand and interact with the physical world. Enhanced qual-
ity and diversity in our 3D data directly translate to more
accurate spatial perception, confirming the effectiveness of
our data generation approach.

In summary, our contributions are threefold. First, we
propose a spatial data generation pipeline that constructs
diverse and large-scale metric-scale 3D scenes from 2D
images. Second, we release large-scale spatial datasets
— COCO-3D and Objects365-v2-3D — comprising ∼2M
scenes and more than 300 categories across diverse environ-
ments. Third, extensive experiments demonstrate that our
generated data improve the performance of various spatial
tasks including instance segmentation, semantic segmenta-
tion, referring instance segmentation, question answering,
and dense captioning, validating that the proposed “2D-to-
3D” can serve as a foundational paradigm for scalable spa-
tial intelligence.

2. Related Work

Spatial Intelligence. In recent years, spatial intelligence
has emerged as a critical frontier in computer vision and
robotics. Early research focused on lightweight models
for perception tasks [31, 46, 51, 57, 71–74, 89, 109, 114–
117], emphasizing efficient feature extraction and local de-
tail capture. Building on these foundations, recent works
has advanced toward object-level 3D MLLMs [4, 39, 70,
84, 85, 92, 95, 99] and scene-level models that integrate
visual and linguistic cues [18, 21, 24, 38, 44, 48, 49, 69,
76, 86, 102, 103, 106, 113, 120, 125, 128]. These inte-
grated approaches enable advanced spatial understanding
and reasoning by leveraging natural language to interpret
complex scenes. Moreover, vision-language-action (VLA)
models—such as OpenVLA [54], π0 [13], RT-2 [14], and
Octo [93]—demonstrate effective end-to-end mapping from
perception to action via large-scale pre-training and fine-
tuning, empowering robots to navigate complex scenes and
perform sophisticated tasks.

3D Datasets. The scarcity of large-scale, diverse, and an-
notated 3D datasets remains a major bottleneck for advanc-
ing spatial intelligence. Existing approaches to obtaining
3D data generally fall into three categories. First, datasets
generated by 3D simulator engines [37, 40, 66, 75, 78, 91]
have been widely used. However, these methods often
struggle when models trained in simulation are applied to
real-world tasks. The simple geometric and physical mod-
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Figure 2. Our proposed “2D-to-3D data lifting” pipeline. First, we generate a scale-calibrated depth map by integrating scale-invariant
and scale-aware depth estimation. Next, predicted camera parameters are used to project images into 3D space and remove invalid points.
Finally, original 2D image annotations are also lifted to 3D, resulting in a fully annotated 3D representation for various downstream tasks.

els in simulation do not capture the detailed variability of
actual environments, such as natural lighting changes, com-
plex textures, and dynamic interactions. As a result, mod-
els trained entirely with simulated data tend to collapse
when applied to real-world scenarios. Bridging the gap
between simulation and reality remains an open question.
Second, recent AI-based 3D asset generation methods [9,
22, 26, 64, 87, 98, 100, 110, 123, 126] have shown notable
progress, but they still tend to produce cartoon-like out-
puts that lack the realism required for practical applications.
Third, sensor-captured datasets using specialized hardware
(e.g., LiDAR and RGB-D cameras) [1, 7, 19, 23, 88, 119]
offer high-fidelity 3D representations of real-world scenes.
However, their collection and annotation are costly, lead-
ing to relatively small-scale datasets that are predominantly
confined to specific domains (e.g., indoor scenes) and of-
ten exclude dynamic or moving objects. Differently, our
method fills the data gap in spatial intelligence by generat-
ing realistic and diverse environments at low cost. Unlike
AI-generated or simulated data, our approach employs real
appearances, ensuring high fidelity. We can lift any well-
annotated 2D dataset, like COCO and Objects365-v2, to of-
fer a solid basis for training and evaluating spatial intelli-
gence across a wide range of tasks.

Two recent works have attempted to generate 3D data
directly from 2D inputs for spatial tasks. SpatialRGPT
[24] constructs 3D scene graphs for region-level question
answering, focusing on basic spatial measurements (e.g.,
left-right, front-back, up-down) QA tasks. However, the
3D data it generates lack fine-grained details, limiting their
applicability. SpatialBot [15] fuses depth from ZoeDepth
[11] with image features but omits camera intrinsics and
extrinsics—leading to inconsistent results in small indoor
spaces versus large outdoor environments. Consequently,
both methods produce coarse or incomplete 3D data tailored

primarily to specific tasks, often missing crucial fine-scale
geometry. In contrast, our work systematically integrates
both scale-invariant and scale-aware depth estimation along
with camera parameters. This approach captures real-world
scale and preserves fine-grained details, resulting in signif-
icantly higher-quality 3D data. Our novel pipeline supports
a broader range of real-world spatial tasks and is validated
by comprehensive experiments demonstrating its effective-
ness.

3. Data Generation and Statistics
In this section, we first describe our data processing proce-
dure for generating metric-scale 3D data. Then, we briefly
discuss the statistics of the generated datasets.

3.1. Data Processing and Generation Pipeline
Our data pipeline automatically produces 3D, region-aware
annotations from 2D images by building scale-calibrated
3D representations for each image, as shown in Fig. 2.
This is accomplished through four steps: i) relative depth
estimation, ii) metric depth estimation, iii) scale calibra-
tion, and iv) camera parameter prediction for projecting 2D
objects into 3D space. Relative depth estimation captures
fine-grained geometry but lacks scale information, whereas
metric depth estimation provides a precise global scale yet
may trade off local geometry. By integrating these two ap-
proaches and calibrating the resulting depth, our method
achieves 3D representations that capture both refined de-
tails and consistent real-world scale (See Fig. 3). Specif-
ically, for each image we estimate both the relative-depth
and metric-depth maps, compute a scaling factor over valid
regions, and then apply it to the relative-depth map. We
subsequently use predicted camera intrinsics and extrin-
sics to transform the scale-calibrated depth into a unified
3D coordinate system. To generate 3D annotations, we
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Figure 3. Comparison of 3D representations produced by dif-
ferent depth estimation methods. Our method generates 3D as-
sets with correct scale, refined structure, and realistic appearance
from RGB images.

either project existing 2D pixel-level annotations into 3D
using scale-calibrated depths and camera parameters, or
first generate 2D annotations with an open-vocabulary de-
tection/segmentation model and then lift them into the 3D
space. Finally, we remove invalid points from the synthe-
sized dataset and manually verify the resulting 3D point
clouds along with their annotations.

Relative Depth Estimation. Monocular depth estimation
is widely regarded as an ill-posed problem, often yielding
only relative depth predictions. Many approaches address
this challenge by modeling depth in an affine-invariant man-
ner, leveraging more diverse data sources [53, 104, 105].
However, such methods may struggle with capturing fine
geometric details. To obtain relatively accurate relative
depth maps with robust 3D geometry, we employ MoGe
[96] as our relative depth predictor. We observe that MoGe
[96] is robust for images captured in real-world conditions.
Given a single-view image, MoGe [96] first estimates a
3D point cloud—providing a richer geometric representa-
tion—before deriving the relative depth map. Additionally,
by using a multi-scale local geometric loss that penalizes
local differences in the 3D point cloud under independent
affine alignments, MoGe [96] achieves relatively accurate
local geometric accuracy. However, while relative depth es-
timation performs well in geometric shape recovery, purely
relative depth estimation lacks scale information, limiting
precise distance interpretation in real environments.

Metric Depth Estimation. To address this issue, we also
need to determine the scale of the scene. Numerous works
have explored methods for recovering metric depth from a
single image [10, 11, 33, 45, 65, 82, 108], but resolving
scale ambiguity remains a key challenge. A straightforward
approach is to first generate a relative depth map, then fine-
tune a metric depth head on datasets containing ground-
truth depth. While this method may not capture fine-grained
geometry perfectly, it generally provides the correct global
scale. However, these methods often rely heavily on data
from specific sensors, such as RGB-D cameras, LiDAR, or
calibrated stereo cameras (e.g., KITTI [36] or NYU [79]).
This dependency limits their applicability to particular sce-
narios and can lead to overfitting to the depth scales of the
dataset and the camera, resulting in poor robustness when

applied to wild images. Metric3D v2 [45] includes focal
length as input and employs end-to-end training to predict
both metric depth and surface normals. The model is trained
jointly across a variety of indoor and outdoor scenes, which
reduces the tendency to overfit the depth distributions of in-
dividual datasets. We find that Metric3D v2 [45] exhibits
strong robustness on images captured in real-world envi-
ronments. In most cases, combining Metric3D v2 [45] with
camera intrinsics results in a reasonable scale. Hence, we
use Metric3D v2 [45] as our metric depth estimation model.
Despite jointly optimizing depth and normals, it still strug-
gles to recover detailed 3D geometry in outdoor scenes, es-
pecially those involving people.

Scale-calibrated Depth Map. Through the above relative
depth estimation and metric depth estimation components,
we can obtain the relative depth dr from MoGe [96] and
metric depth dm from Metric3D v2 [45]. First, we combine
the relative depth dr and the metric depth dm to determine
a scaling factor. Subsequently, we scale the relative depth
to obtain the scale-calibrated depth. To be more concrete,
given an image, we generate relative depth and metric depth
maps of identical dimensions. We begin by identifying and
excluding invalid points, denoted by the set I. Let V rep-
resent the set of valid points after exclusion, and |V| denote
the number of valid points. The scaling factor s is computed
based on the average values of the valid relative and metric
depths:

s =

1
|V|

∑
i∈V dm,i

1
|V|

∑
i∈V dr,i

(1)

Using the scaling factor s, the scale-calibrated depth dsc,i
for each valid point i is obtained by scaling the relative
depth dr,i:

dsc,i = s · dr,i, ∀i ∈ V (2)

Camera Parameter Prediction. When projecting 2D im-
ages into 3D space, precise camera parameters are cru-
cial. These parameters include intrinsic parameters (focal
length and principal point) and extrinsic parameters (the
camera’s position and orientation), which together define
how the image aligns with real-world 3D structures. Since
many in-the-wild images lack ground-truth camera param-
eters, we estimate them in two steps. First, we adopt Wild-
Camera [129] to predict the intrinsic parameters, leveraging
its scale-awareness and cropping detection to accurately re-
cover the 2D principal point and focal length. Next, we rely
on PerspectiveFields to infer the extrinsic parameters (i.e.,
the camera’s pose relative to a typical 3D coordinate sys-
tem). Specifically, PerspectiveFields provides per-pixel up-
ward vectors and latitude values, allowing us to construct a
rotation matrix that aligns the resulting point cloud with the
standard 3D dataset orientation (z-axis upward), just like
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Figure 4. Height distributions for four common categories in
COCO-3D. The height distribution of each category is reasonable
and close to real-world measurements. Note that many objects
appear shorter in the dataset due to truncation in images.

ScanNet canNet [29] and Structured3D [121], thereby en-
suring the reconstructed scene matches the real-world per-
spective.

Constructing Scale-calibrated 3D Representations and
3D Annotations. We can further obtain the scale-
calibrated depth dsc,i, the camera intrinsic matrix K from
WildCamera [129], and camera extrinsic parameters [R|T ]
from PerspectiveFields [52]. Utilizing K and [R|T ], we
project each image into 3D space to generate a metric 3D
point cloud. For each valid pixel with coordinates (ui, vi),
the projection is performed as follows:

Pcam
i = dsc,i ·K−1

ui

vi
1

 (3)

Pworld
i = R ·Pcam

i + T (4)

Here, Pcam
i represents the 3D point in the camera coordinate

system, and Pworld
i denotes the corresponding point in the

world coordinate system. For segmentation annotations, we
align the projection with the RGB images to directly gener-
ate 3D annotations. For bounding box annotations, we first
determine the maximum and minimum depth values within
the region to construct a 3D bounding box, which is then
converted into standardized 3D annotations. Notably, for
COCO we directly use the provided segmentation masks,
whereas for Objects365-v2 —which only provides bound-
ing box annotations — we utilize SAM [55] to generate the
masks. Finally, we manually select some scenes to verify
that the generated 3D annotations correctly align with the
3D point clouds.

3.2. Dataset Statistics
Based on the COCO dataset, we generate the COCO-3D
dataset and use it as an example to demonstrate the statistics
of our synthesized 3D data. Although COCO-3D is derived
from COCO, we exclude regions with undefined geometry
and remove invalid points, which leads to slight differences

from the original COCO annotations. After filtering and
validation, we end up with 117,183 generated 3D scenes in
the training set and 4,951 3D scenes in the validation set.
Notably, the scale of COCO-3D surpasses that of existing
scene-level 3D datasets. (compared with 1,503 scenes in
ScanNet [29], 3,500 scenes in Structured3D [121], and 90
scenes in Matterport3D [17].) We ensure that every sample
in both sets contains at least one valid object. The 3D scene
data and their annotations will be made publicly available.

To further assess whether our synthesis process preserves
real-world scaling, we analyze the height distributions of
several categories with abundant instances (person, cup,
bottle, and chair). Since many objects in COCO are par-
tially captured or viewed from varying angles, direct mea-
surements of object length and width are less straightfor-
ward. Therefore, we align each 3D scene with a world
coordinate system and compute object heights. As shown
in Fig. 4, these height distributions closely align with real-
world expectations. For instance, the “person” category
ranges from about 0.5 m to 2.0 m to accommodate images
that capture half-body views, seated or squatting individu-
als, and children. Note that many “person” instances appear
shorter because only part of the body is visible. Other cat-
egories also fall within plausible ranges, further confirming
the reliability of our synthetic dataset.

4. Experiments
We demonstrate the utility of our synthesized 3D data
across a range of 3D tasks, such as instance segmenta-
tion, semantic segmentation, referring instance segmenta-
tion, dense captioning, and question answering.

4.1. Experimental Settings
Data Setup. In this work, based on the COCO-3D data split
described in Sec. 3.2, we conduct model training and per-
formance evaluation on its training and test sets. For the
ScanNet dataset, we adopt the commonly used split, select-
ing 1,201 scenes for training and 312 scenes for testing. For
zero-shot perception evaluation, we test on the 312 ScanNet
scenes, the “Area 5” scene of the S3DIS dataset, the test set
of the Matterport3D dataset, and the test set of the Struc-
tured3D dataset. Note that, for Matterport3D, following the
method in OpenRooms [63], we map the original categories
to the 20 semantic classes corresponding to ScanNet and
retain all other superset classes; for Structured3D, follow-
ing Swin3D [107], we select 25 categories from the original
40—those whose frequency is greater than 0.001—for test-
ing. For the referring instance segmentation task, we first
filter the scenes to remove samples with excessively large
ranges. Ultimately, we selected 36,619 references from the
training set of RefCOCOg (Google) [111] and 2,591 refer-
ences from the evaluation set for testing. In addition, for the
3D LLM tasks, we first use LLaVA-ReCap (COCO-118K)
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Setting Pretrain Train Val mAP(%) mAP@0.25 mAP@0.5

- - COCO-3D COCO-3D 22.95 42.82 33.96
- - ScanNet ScanNet 24.30 67.28 49.55

Pre-training COCO-3D ScanNet ScanNet 28.64 (+4.34) 67.33 (+0.05) 51.56 (+2.01)

Table 1. Point cloud instance segmentation results. Uni3D
[125]+Mask3D [89] is used as the baseline method. Pretraining
on COCO-3D improves model performance.

Method Val Data Category mAP(%) mAP@0.25 mAP@0.5

Uni3D [125]

ScanNet

Bed 17.25 77.29 47.65
Chair 38.39 82.99 64.24
Sofa 29.29 78.59 55.20
Table 16.49 37.78 48.30

Refrigerator 15.21 37.96 44.03
Toilet 60.27 91.49 87.07
Sink 12.04 66.05 32.28
Avg. 26.99 69.82 51.74

S3DIS

Table 8.57 29.99 12.53
Chair 60.74 91.49 84.72
Sofa 23.25 33.33 33.33
Avg. 30.85 51.60 43.53

Table 2. Point cloud instance segmentation zero-shot evalua-
tion. A model pre-trained on COCO-3D can directly generalize
to sensor-captured 3D perception datasets such as ScanNet and
S3DIS. Only overlapping categories are evaluated.

from LLava-Next [59] for pretraining. We then train on the
training sets of both ScanRefer [19] and Nr3D [2] for the
3D dense captioning task and evaluate on their respective
test sets. For the 3D question answering task, we train on
the ScanQA [7] training set and evaluate on its test set.

One Unified Hyperparameter Setting Across All Models
and Datasets. Hyperparameters and tricks such as vox-
elization grid size, number of points, learning rates, and
point sampling strategies strongly influence performance
in 3D perception tasks; however, their optimal values can
vary substantially across datasets due to differences in scene
structure and object distributions. For instance, hyperpa-
rameters fine-tuned for S3DIS may yield suboptimal re-
sults on ScanNet, and vice versa. Our synthetic COCO-3D
dataset further magnifies these discrepancies as it includes
both indoor and outdoor scenes with scales ranging from
1 meter to several hundred meters—well beyond the 10-
meter range common in ScanNet. Consequently, individ-
ually optimized hyperparameters for each dataset can in-
troduce bias and fail to capture the diversity of real-world
challenges. Our ultimate goal is to develop scalable and
generalizable spatial intelligence — an objective that con-
flicts with the prevailing practice of tailoring hyperparame-
ters meticulously for each dataset. To ensure fairness and to
highlight the utility of our synthesized 3D data rather than
hyperparameter tuning, we adopt a single, unified hyper-
parameter setting for all models and datasets, without any
meticulously designed tricks. This approach not only en-
hances reproducibility but also offers a clear and consistent

Method Pretrain Train Val mIoU(%) mAcc allAcc

SpUNet [28]
- COCO-3D COCO-3D 20.02 26.70 77.59
- ScanNet ScanNet 31.09 36.54 68.63

COCO-3D ScanNet ScanNet 62.48 (+31.39) 70.38 (+33.84) 84.89 (+16.26)

PTv2 [97]
- COCO-3D COCO-3D 26.88 38.21 80.84
- ScanNet ScanNet 51.04 58.73 78.17

COCO-3D ScanNet ScanNet 55.81 (+4.77) 63.19 (+4.46) 80.62 (+2.45)

Uni3D [125]
- COCO-3D COCO-3D 38.16 50.14 84.00
- ScanNet ScanNet 52.14 59.06 79.05

COCO-3D ScanNet ScanNet 55.83 (+3.69) 66.10 (+7.04) 81.31 (+2.26)

Table 3. Point cloud semantic segmentation results. Pre-
training on COCO-3D improves performance on ScanNet across
multiple baseline methods.

Category
ScanNet [29] S3DIS [6] Matterport3D [17] Structured3D [121]

IoU (%) Acc (%) IoU (%) Acc (%) IoU (%) Acc (%) IoU (%) Acc (%)

Wall 35.19 98.57 30.89 99.68 37.78 99.24 37.23 99.68
Bed 43.96 45.05 - - 66.26 77.82 66.29 70.76

Chair 64.75 72.12 59.08 70.17 46.31 56.51 21.58 57.27
Sofa 51.77 59.85 5.29 5.36 41.78 47.32 45.09 49.34
Table 31.38 32.37 17.93 18.30 6.97 7.06 23.03 24.86

Refrigerator 20.25 36.46 - - 9.81 27.05 36.20 45.09
Toilet 43.63 71.02 - - 43.63 71.02 - -
Sink 39.67 48.13 - - 39.67 48.13 9.50 48.98

Bookcase - - 18.23 19.73 - - - -
Television - - - - - - 31.47 39.09

Avg. 41.33 57.95 26.28 42.65 45.91 66.67 33.80 54.38

Table 4. Point cloud semantic segmentation zero-shot evalu-
ation. Models pre-trained on COCO-3D can directly generalize
to sensor-captured 3D datasets including ScanNet, S3DIS, Matter-
port3D, and Structured3D. Only overlapping classes are evaluated.

baseline for assessing how our synthetic data can benefit
real-world tasks.

Implementation Details. For 3D perception tasks, all ex-
periments are carried out using Pointcept [27]. For 3D in-
stance segmentation, we employ Uni3D [125] as the back-
bone to extract per-point features and use the Mask3D [89]
instance head. For 3D semantic segmentation, we use
SpUNet [28], PTv2 [97], and Uni3D [125] as the backbone
for feature extraction and apply a two-layer MLP as the se-
mantic head. For referring instance segmentation, experi-
ments are performed with the official TGNN implementa-
tion [50]. For 3D question answering and dense captioning
tasks, we use the official LL3DA implementation [20].

4.2. 3D Instance Segmentation
We evaluate the effectiveness of 3D synthetic data for im-
proving 3D instance segmentation and design experiments
to investigate whether combining the synthetic dataset
COCO-3D with the real-world dataset ScanNet can enhance
model training. The same training hyperparameters are ap-
plied to both datasets. As shown in Tab. 1, pre-training
on COCO-3D followed by fine-tuning on ScanNet yields
an improvement of approximately 4% compared to training
solely on ScanNet. From this comparison, we observe that
synthetic data, despite differing from real-world distribu-
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Pretrain data Training Data
ScanRefer Nr3D ScanQA

C@0.5↑ B-4@0.5↑ M@0.5↑ R@0.5↑ C@0.5↑ B-4@0.5↑ M@0.5↑ R@0.5↑ C↑ B-4↑ M↑ R↑

- ScanRefer, Nr3D, ScanQA 62.98 35.97 25.66 54.65 23.94 13.37 22.31 45.78 75.67 13.33 15.37 37.02

COCO-3D ScanRefer, Nr3D, ScanQA 67.04 36.74 26.18 54.82 25.20 15.28 23.13 47.01 79.11 14.14 15.99 38.31

(+4.06) (+0.77) (+0.52) (+0.17) (+1.26) (+1.91) (+0.82) (+1.23) (+3.44) (+0.81) (+0.62) (+1.29)

Table 5. Performance of the LL3DA “3D generalist model” with or without pretraining on COCO-3D. Pretraining on COCO-3D
consistently boosts performance across all tasks. Note that the model is not specifically fine-tuned for each individual dataset.

Figure 5. Visualization of zero-shot point cloud instance seg-
mentation results. Despite significant differences between syn-
thetic and real data, models trained on COCO-3D can directly gen-
eralize to ScanNet.

Setting Pretrain Train Val mIoU (%) Acc@0.25 Acc@0.5

- - COCO-3D COCO-3D 19.33 27.34 17.32
Zero Shot - COCO-3D ScanNet 10.10 13.26 10.92

- - ScanNet ScanNet 26.10 35.0 29.00
Pre-training COCO-3D ScanNet ScanNet 32.47 (+6.37) 43.24 (+8.24%) 37.12 (+8.12%)

Table 6. Referring point cloud instance segmentation results.
TGNN [50] pre-trained on COCO-3D can directly generalize to
ScanNet in a zero-shot manner, and fine-tuning on ScanNet further
boosts performance.

tions, can effectively compensate for the limitations of real
data and thus provide an extra performance increase.

Surprisingly, even though our synthetic 3D data only
captures partial view point clouds, it can still generalize
effectively to complete view datasets like ScanNet [29].
For instance, in zero-shot evaluations, the ”Toilet” category
reaches an mAP over 60%, as presented in Tab. 2 and Fig. 5.
However, due to discrepancies in class definitions, we only
report the categories that overlap between COCO and Scan-
Net in Tab. 2 for zero-shot generalization evaluation.

4.3. 3D Semantic Segmentation
We investigate the impact of our 3D synthetic data on
3D semantic segmentation. Tab. 3 presents results from
three methods—SpUNet [28], PTv2 [97], and Uni3D
[125]—trained under varying strategies. We note that for
SpUNet on ScanNet, direct training produces only mod-
erate results, whereas pre-training on COCO-3D increases
the overall accuracy by over 30%, with commensurate in-
creases in mIoU and mAcc. PTv2 and Uni3D likewise ben-

Figure 6. Visualization of zero-shot point cloud semantic seg-
mentation results. Despite significant differences between syn-
thetic and real data, models trained on COCO-3D can directly gen-
eralize to ScanNet.

efit significantly from synthetic-data pre-training, validating
that COCO-3D imparts valuable prior knowledge. By com-
paring these outcomes, we find that leveraging synthetic
data fosters stronger generalization to real scenes, allowing
the model to learn more robust representations that improve
segmentation quality across various categories.

We also investigate zero-shot performance. In Tab. 4,
the models are trained solely on COCO-3D and then evalu-
ated directly on ScanNet, S3DIS, Matterport3D, and Struc-
tured3D. The results demonstrate that synthetic data gener-
alizes well to real-world datasets, enabling the model to seg-
ment multiple object categories with viable accuracy even
without exposure to real data during training. This un-
derscores the capability of COCO-3D to provide domain-
relevant features for 3D semantic segmentation. Further-
more, visualization results in Fig. 6 (for Uni3D) show that
the model can reliably distinguish object classes under zero-
shot conditions, reinforcing the insight that synthetic pre-
training effectively supports semantic segmentation in real
indoor environments.

4.4. 3D Referring Instance Segmentation
We evaluate the effectiveness of 3D synthetic data in en-
hancing the performance of existing baseline methods for
the referring 3D instance segmentation task, which aims to
accurately segment target instances within 3D scenes based
on given referring expressions. To investigate whether
the synthetic dataset COCO-3D can improve model train-
ing performance in tandem with the real dataset ScanNet,
we design multiple experiments. We employ TGNN [50]
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Base LLM
ScanQA (val)

C↑ B-4↑ M↑ R↑

Task-specific models
ScanRefer+MCAN [112] - 55.4 7.9 11.5 -

ScanQA [8] BERT [30] 64.9 10.1 13.1 33.3

3D-VisTA [130] - 69.6 10.4 13.9 35.7

Zero-shot 2D LMMs
VideoChat2 [62] - 49.2 9.6 9.5 28.2

LLaVA-NeXT-Video [59] Qwen2-7B [101] 46.2 9.8 9.1 27.8

GPT-4V - 59.6 - 13.5 33.4

Gemini - 68.3 - 11.3 35.4

Claude - 57.7 - 10.0 29.3

Task-specific fine-tuned 3D LMMs
Scene-LLM [35] - 80.0 12.0 16.6 40.0

3D-LLM [44] BLIP2-flan-t5 [61] 69.4 12.0 14.5 35.7

Chat-3D v2 [47] Vicuna-7B [122] 87.6 14.0 - -

LEO [49] Vicuna-7B [122] 101.4 13.2 20.0 49.2

LLaVA-3D [128] Vicuna-7B [122] 91.7 14.5 20.7 50.1

LL3DA [20] OPT-1.3B [118] 76.8 13.5 15.9 37.3

LL3DA∗ [20] OPT-1.3B [118] 85.2 15.8 16.9 40.5

(+8.4) (+2.3) (+1.0) (+3.2)

Table 7. 3D QA task results on ScanQA. “*” denotes using
COCO-3D for pretraining, which further boosts the 1.3B baseline
performance and can match or even surpass 7B-parameter models
fine-tuned specifically on this task.

trained on ScanNet as the baseline. However, in zero-
shot testing—where the model is trained on COCO-3D
and directly tested on ScanNet—performance drops no-
ticeably, which indicates the difficulty of transferring syn-
thetic data without fine-tuning. This decline primarily stems
from substantial differences between COCO-3D and Scan-
Net: i) COCO-3D includes both indoor and outdoor scenes,
whereas ScanNet focuses solely on indoor environments,
which limits generalization; ii) COCO-3D contains a larger
proportion of persons, while ScanNet primarily labels in-
door objects (e.g., furniture), and the RefCOCO annotations
mainly describe humans, thereby intensifying category dis-
tribution mismatches; iii) there exist significant scale differ-
ences, with ScanNet scenes typically around 5 meters and
COCO-3D scenes ranging from 1 meter to several hundred
meters; even after filtering out scenes larger than 50 meters,
these scale discrepancies continue to affect transfer perfor-
mance.

Nevertheless, once both COCO-3D and ScanNet are
jointly used during training and the model is subsequently
tested on ScanNet, the resulting performance exceeds the
baseline by a notable margin (exceeding 6%). This demon-
strates that, despite marked differences in environment
types, class distributions, and scales, synthetic data can ef-
fectively improve model generalization and overall perfor-
mance by enriching the diversity of training data. Addi-
tionally, training and testing on COCO-3D alone still yield

a discernible level of referring segmentation capability, al-
though this level is below that obtained on real data. A rea-
sonable explanation is that RefCOCO annotations are origi-
nally designed for 2D images, and directly applying them to
3D descriptions introduces certain inconsistencies that in-
evitably affect performance.

4.5. 3D LLM Tasks
LLM development has advanced rapidly due to the abun-
dance of 2D images, resulting in effective applications. Ex-
tending these models to 3D tasks is a natural next step, al-
though current 3D datasets remain limited in scale and di-
versity. We evaluate the effect of our synthetic data on 3D
tasks by pre-training the generalist model of LL3DA [20]
on COCO-3D and fine-tuning it on ScanRefer, Nr3D, and
ScanQA for 3D question answering and dense captioning.
As shown in Tab. 5, pre-training on COCO-3D leads to
consistent improvements in multiple metrics compared with
training solely on real-world data. In the ScanRefer task,
metrics such as C@0.5 and B-4@0.5 increase, indicating
improved captioning quality. A similar trend is observed for
Nr3D, suggesting that the diverse scene and semantic distri-
butions in COCO-3D enhance the model’s generalization.
Additionally, Tab. 7 compares the performance of different
3D LLM models on the 3D question answering task when
fine-tuned only on ScanQA. The results indicate that, com-
pared with using a 7B-parameter model (e.g., Vicuna-7B
[122]), fine-tuning the 1.3B-parameter LL3DA [20] model
can yield similar or even better results, with the BLEU-4
score reaching 15.8%.

5. Conclusion
In this work, we present a novel approach to bridging the
data gap for spatial intelligence by generating high-quality
spatial data from large-scale annotated 2D image datasets.
Our method leverages existing 2D annotations to construct
diverse, realistic, in-the-wild 3D scenes, enabling the cre-
ation of new, large-scale spatial datasets such as COCO-3D
and Objects365-v2-3D. These datasets significantly expand
the coverage of 3D scene data, offering a robust founda-
tion for spatial intelligence and embodied AI. Our results
demonstrate the potential of scalable 2D-to-3D lifting as a
cost-effective solution for advancing spatial perception and
reasoning tasks.
Limitations: While our generated spatial datasets are
poised to advance spatial intelligence, our current focus has
remained on spatial perception and reasoning. We have not
explored interactive 3D environments, which are crucial for
embodied AI and vision-language-action (VLA) models,
because such tasks often require specialized robotics hard-
ware. Nevertheless, we believe our datasets offer a solid
starting point for future research on spatial interaction and
VLA systems.
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