Lifting Unlabeled Internet-level Data for 3D Scene Understanding
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Figure 1. Overview of SceneVerse++. From unlabeled internet videos, we build automated data engines to create training data for
comprehensive 3D scene understanding, realizing strong zero-shot performance on existing benchmarks, with further improvement after
finetuning. This pinpoints future direction towards 3D spatial intelligence through improved automation on unlabeled, web-scale data.

Abstract

Annotated 3D scene data is scarce and expensive to ac-
quire, while abundant unlabeled videos are readily avail-
able on the internet. In this paper, we demonstrate that
carefully designed data engines can leverage web-curated,
unlabeled videos to automatically generate training data,
to facilitate end-to-end models in 3D scene understand-
ing alongside human-annotated datasets. We identify and
analyze bottlenecks in automated data generation, reveal-
ing critical factors that determine the efficiency and ef-
fectiveness of learning from unlabeled data. To validate
our approach across different perception granularities, we
evaluate on three tasks spanning low-level perception, i.e.,
3D object detection and instance segmentation, to high-

level reasoning, i.e., 3D spatial Visual Question Answer-
ing (VQA) and Vision-Lanugage Navigation (VLN). Models
trained on our generated data demonstrate strong zero-shot
performance and show further improvement after finetun-
ing. This demonstrates the viability of leveraging readily
available web data as a path toward more capable scene
understanding systems.

1. Introduction

With the crucial role of 3D scene understanding in human
and embodied intelligence, the field has made remarkable
strides in recent years, spanning tasks from geometric per-
ception (e.g., depth estimation [25, 28, 32, 33, 36], camera
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pose estimation [41, 91, 105, 106, 108]), semantic under- tial reasoning performance of Vision-Language Models
standing (e.g., 3D object detection [29, 58, 78] and segmen- (VLMs), achieving zero-shot performance comparable to
tation [51, 93, 100]) to high-level reasoning (e.g., 3D visual models trained on ground-truth 3D scenes.

grounding [1, 17, 124] and spatial reasoning [3, 6, 73, 114]). « 3D Vision-Lanugage Navigation (VLN): We examine the
The success of deep learning in this domain is fundamen- zero-shot transfer from real-world videos to navigation in
tally tied to the availability of large-scale, annotated, real- simulation, and demonstrate SceneVerse++ brings an ex-
world 3D datasets [8, 27, 74, 115]. tra 14% navigation success rate after netuning.

While methods [75, 106, 107] in 3D scene understanding
continue to improve, progress in 3D scene data with high- 2. Related Work
guality annotations, on the contrary, has largely stagnated. .
Unlike 2D images [15, 92], which can be easily scraped and 2.1. 3D Scene Understanding and Datasets
annotated from the web, capturing and labeling 3D data isEarly work in 3D scene understanding primarily focuses
far more challenging. The common procedure for 3D sceneon tasks such as semantic segmentation [84, 109, 119], in-
data curation involves recording thousands of frames with stance segmentation [51, 93, 100, 125], and object detection
specialized hardware, e.g., RGB-D sensors or LiDAR, re- from images [11, 20, 29] or point clouds [5, 58, 75, 78].
constructing 3D meshes, and manually labeling 3D struc- Beyond geometry-centric perception, there has been grow-
tures for dense semantic annotations. In fact, academia hathg interest in vision-language tasks within 3D scenes, in-
not seen a quantitative leap in 3D data scaling since thecluding object referral [1, 17, 120], captioning [18, 19, 22,
pioneering ScanNet [27]; instead, efforts have focused on118], spatial reasoning [6, 21, 46, 73, 114], and naviga-
simplifying the procedure to get more scenes, e.g., ARK- tion [3, 45, 59, 86]. The shift is driven by the popularity of
itScenes [8] with 2x real-world sites at the cost of coarser E2E VLMs [7, 23, 82, 101], offering advantages in multi-
scans and labeling, or improving data quality on a manage-tasking [57] and scaling [50, 52, 98] in both model archi-
able number of scans, e.g., ScanNet++ [115]. tecture and training data.

In this paper, we show that leveraging carefully designed  The success of these E2E models relies critically on 3D
data engines to generate training data from unlabeled, webdatasets [55, 74, 88, 102, 116, 122] with detailed annotation,
scale videos is a promising approach to address the scarcitguch as pioneering ScanNet [27], later ARKitScenes [8]
of annotated 3D scenes. These data engines, often modulacaptured with portable devices, and ScanNet++ [115] with
ized, draw upon prior knowledge from existing foundation higher-quality scans. However, unlike their 2D counter-
models [7, 62, 87] or scene-speci ¢ optimization methods parts, the scaling of the 3D datasets faces signi cant bot-
that target particular aspects of general scene understanddenecks in capture and labeling costs that hinder further ex-
ing, e.g., reconstruction [53, 77, 79, 81], instance segmen-pansion. In the meantime, the internet contains orders of
tation [37, 60, 112], and open-set semantics [54, 66, 83]. magnitude more unlabeled data that captures our 3D world.
Since these submodular methods vary in representation, In this paper, we advocate for advancing comprehensive
methodology, and technical focus, design choices for au-3D scene understanding by leveraging these unlabeled in-
tomatic data generation are non-trivial. The effectivenessternet videos. We build upon methods that address interme-
of scaling generated data is task-dependent and strongly indiate problems in scene understanding, achieved by leverag-
uenced by both quality and ef ciency considerations. ing pre-trained models in a training-free [26, 71, 107, 112]

To this end, we systematically analyze the bottlenecks inor weakly-supervised manner [37, 68, 94, 96] to inject
creating automated data engines for 3D scene understandknowledge into 3D, e.g., open-vocabulary 3D segmentation
ing, provide guidelines on how to scale end-to-end (E2E) by lifting 2D results [100]. We build automated data en-
models, and pinpoint what submodular models should pri- gines on top of these submodules, leveraging their comple-
oritize in future development. From Internet videos, we cu- mentary strengths while mitigating limitations, achieving an
rate SceneVerse++ of 6,687 real-world scenes with images€f ciency-ef cacy balance in internet-level data scaling.
camera poses, dense reconstructions, instance segmenta- ) i
tions and high-level reasoning annotations. We demonstrate?-2- Leveraging Internet-level Videos

the effectiveness of internet-scale data by empowering threerRecognizing the scarcity of 3D datasets, an emerging di-

exemplar tasks in 3D scene understanding: rection is to harness video data to lift 2D content into 3D

« 3D detection and segmentation. The models trained onannotations for training. For instance, Miao et al. [76]
SceneVerse++ realize strong zero-shot performance orproposes using existing 2D single-view datasets with esti-
ScanNet and ARKitscenes, and further signi cantly im- mated depth to generate 3D annotations. However, their
prove after netuning (+20.6 for F1@.25). data generation is bound to existing datasets [65, 95] with

¢ 3D spatial Visual Question Answering (VQA): Train- 2D segmentation annotations and operates at the single-
ing on SceneVerse++ signi cantly improves the spa- image level, presenting a signi cant gap towards whole-



scene understanding. The abundant internet videos present
an attractive, untapped resource, and recent work has be-
gun to explore this direction, but mostly on training gen-
erative video [2, 44, 69, 72, 104] or novel-view synthe-
sis (NVS) [30, 67, 70, 90] models. In pursuit of scalable
3D scene understanding [64, 97, 113], RoomTour3D [40]
generates video instructions for navigation through summa-
rization and candidate view selection, while NaVILA [24]
incorporates real video trajectories into training to im-
prove instruction-following in Vision-Lanugage Navigation
(VLN). However, they remain con ned to the navigation
domain, without addressing broader spatial reasoning or
scene understanding. Moreover, they often treat the multi-
module data generation pipeline as given, offering little
analysis of which components are most critical or where er-
rors propagate. In contrast, our work addresses comprehen
sive 3D scene understanding tasks, from low-level percep-
tion to high-level reasoning, and provides systematic anal-
yses, examining both the ef ciency and ef cacy of trans-
forming internet-scale data for task-speci c training.

Figure 2. Statistics comparison. SceneVerse++ encompasses
more scenes, larger areas, and greater object diversity compared
with existing real-world datasets.

Statistics The dataset statistics are shown in Fig. 2, with
comparison with ScanNet [27], MultiScan [74] and ARK-
3. Data Curation for SceneVerse++ itScenes [8]. Starting from 8,217 videos from the open in-
ternet platforms, we obtain 6,687 scenes, exceeding ARK-
Our work focuses on 3D scene understanding for static in-itScenes captured with portable devices. SceneVerse++
door scenes. The rst step for task-speci ¢ 3D scene un- contains multi- oor, multi-room scans from long-range
derstanding is to curate internet videos and convert themvideos, producing scenes signi cantly largénan existing
to a basic 3D representation consisting of camera poses antoom-scale or lab-based datasets. More details about data
sparse 3D geometry. Inspired by prior work on internet data curation, SfM methods, and examples with camera trajecto-
processing [2, 40, 64], our data pipeline combines video ries and sparse geometry are presented in supplementary.
curation with Structure-from-Maotion (SfM) [41], encom-
passing shot splitting, ltering, key frame extraction, pixel 4. SceneVerse++ for 3D Scene Understanding
matching, global bundle adjustment, and quality check.
We use TransNetV2 [99] to detect shots in long-form
videos and discard very short clips. The ltering pro-
cess removes low-quality or unsuitable content, including
pure black screen, visual noise,. humans [42], gnd.outdoor4_1_ 3D Object Detection and Segmentation
scenes [123]. To handle potentially long-duration internet
videos, we select keyframes based on parallax rather thanfask and Benchmark The 3D object detection and seg-
uniform sampling [40], ensuring well-constrained triangu- mentation task aims to localize distinct objects within a 3D
lation with redundancy control. For sparse reconstruction SCe€ne, assigning each a precise geometric boundary and a
and camera pose estimation, we adopt a dense pixel matchsemantic label. This task serves as a bridge between low-
ing and bundle adjustment approach, which provides morelevel 3D reconstruction and high-level scene understanding.
robust camera poses and sparse point clouds than existing? the following, we rstintroduce the data engine that gen-
feed-forward methods [106, 107]. The overall pipeline re- €rates 3D instance annotations, and then evaluate its effec-
sembles Mast3R-SFM [31], and we introduce optimized tiveness on real-world benchmarks.
pseudo-track pixels to improve memory ef ciency for long- pata Generation To obtain the complete reconstructed
term videos (e.g., >300 frames) and incorporate relative meshes and instance-level annotations from the sparse out-
image S|m|Iar|ty_ to address the fal§e—posmve bias in exist- puts of SfM, we design a reconstruction and segmentation
ing pixel matching models [61]. Finally, we lter out the pineline, as illustrated in Fig. 3. It transforms internet im-

scenes with small spatial coverage, relatively empty SPaceqges into 3D scenes, considering both ef ciency and effec-
or wrong SfM results. This can be achieved by existing tiveness in large-scale data generation.

VLMs [7, 82, 101], but we resort to human annotation (<10
seconds/scene) to ensure data quality for downstream tasks. !Scene area is approximated by the product of extents along x-y plane.

In this section, we present how to leverage SceneVerse++ to
generate training data and improve on three representative
tasks in 3D scene understanding.




Figure 3. Overview of data generation. The pipeline leverages a modular design for automatic 3D reconstruction and segmentation.

Dense Reconstruction. Recent advances in 3D recon-
struction introduce various approaches with different trade-
offs between quality and ef ciency. Neural rendering meth-
ods [16, 39, 48, 79-81, 117] produce photo-realistic ren-
dering and recover detailed geometry, but they require
dense computation for per-scene optimization, especially
for large and complex environments. End-to-end recon-
struction frameworks [106, 107] enable dense point cloud
reconstruction directly from images, providing convenience
and speed; however, they struggle with long videos due to
memory constraints and often exhibit obvious artifacts in
multi-view consistency and geometry distortion.

To balance ef ciency and reconstruction quality, we de-
sign a reconstruction pipeline based on metric depth esti-
mation that effectively leverages SfM outputs from Sec. 3. Figyre 4. Reconstruction and segmentation comparison, where

Speci cally, we project the reconstructed sparse 3D points SceneVerse++ features a balance in quality and ef ciency.
onto the image plane to obtain sparse depth maps, which

serve as priors for PriorDA [110] to predict dense metric
depth maps. The predicted depths are then fused using @luce duplicated instances due to incorrect cross-view asso-
Truncated Signed Distance Function (TSDF) representationgciations. In contrast, feature-lifting methods [9, 37, 96] ex-
to produce watertight 3D meshes. During fusion, unreliable ploit spatial correspondences across multiple views through
large depth values are truncated, and radius- and statisticalrendering [53, 77], but their performance is affected by the
based lters further remove oating noisy points. This de- rendering quality and typically requires substantial compu-
sign achieves stable, high-quality reconstructions with re- tational resources and processing time for long videos.
duced computational cost, enabling ef cient processing of  To overcome these challenges, we choose to lift 2D
large-scale internet videos while maintaining suf cient ac- masks to 3D using the dense reconstruction results. Specif-
curacy for downstream tasks. Qualitative results and com-jcally, we rst apply CropFormer [85] to obtain per-frame
putation time comparison are shown in Fig. 4. segmentation masks, which are then aggregated in 3D space
Instance Segmentation. Recent advances in per-scenbased on neighboring-frame view consensus [112] and spa-
3D segmentation have also explored different paradigms.tial agreement. Finally, we employ Describe Anything [63]
For example, image-based approaches, such as the SAMind Qwen2-VL [7] to automatically generate textual de-
series [56, 89], effectively identify 2D object masks across scriptions for each 3D instance and align their semantic la-
frames, but do not explicitly leverage 3D spatial informa- bels to the ScanNet category set. The segmentation com-
tion. When applied to long video sequences, they often pro-parison is shown in Fig. 4.
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