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Figure 1: IGGT: building upon our curated large-scale dataset InsScene-15K, we propose a novel
end-to-end framework that enables geometric reconstruction and contextual understanding in a uni-
fied representation. This paradigm facilitates a wide range of applications, including multi-view
instance matching, 2D / 3D open-vocabulary segmentation, and scene grounding.

ABSTRACT

Humans naturally perceive the geometric structure and semantic content of a 3D
world as intertwined dimensions, enabling coherent and accurate understanding
of complex scenes. However, most prior approaches prioritize training large ge-
ometry models for low-level 3D reconstruction and treat high-level spatial un-
derstanding in isolation, overlooking the crucial interplay between these two
fundamental aspects of 3D-scene analysis, thereby limiting generalization and
leading to poor performance in downstream 3D understanding tasks. Recent
attempts have mitigated this issue by simply aligning 3D models with specific
language models, thus restricting perception to the aligned model’s capacity and
limiting adaptability to downstream tasks. In this paper, we propose Instance-
Grounded Geometry Transformer (IGGT), an end-to-end large unified trans-
former to unify the knowledge for both spatial reconstruction and instance-level
contextual understanding. Specifically, we design a 3D-Consistent Contrastive
Learning strategy that guides IGGT to encode a unified representation with ge-
ometric structures and instance-grounded clustering through only 2D visual in-
puts. This representation supports consistent lifting of 2D visual inputs into
a coherent 3D scene with explicitly distinct object instances. To facilitate this
task, we further construct InsScene-15K, a large-scale dataset with high-quality
RGB images, poses, depth maps, and 3D-consistent instance-level mask annota-
tions with a novel data curation pipeline. Unlike previous methods that bound
with a specific language model, we introduce an Instance-Grounded Scene Un-
derstanding paradigm, where instance masks serve as the bridge connecting our
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uni�ed representation with diverse Visual Language Models (VLMs) in a plug-
and-play manner, substantially expanding downstream understanding capabilities.
Extensive experiments on multi-view instance matching, open-vocabulary seg-
mentation, and QA scene grounding demonstrate that IGGT outperforms state-of-
the-art methods in both quality and consistency for semantic 3D reconstruction.
https://github.com/lifuguan/IGGT_official .

1 INTRODUCTION

A foundational goal in the pursuit of spatial intelligence (Yang et al., 2025) is to build representations
that mirror human understanding—capturing both the precise geometric structure and rich semantic
content of a scene from visual sensory inputs such as RGB images. Such representations are vital
for enabling downstream tasks like robotic manipulation (Qu et al., 2025), AR / VR (Jiang et al.,
2025), and planning (Zhang et al., 2024).

Previous methods (Zust et al., 2025; Fan et al., 2024; Sun et al., 2025) tackle this challenge through a
fragmented paradigm, decoupling 3D geometric reconstruction and high-level semantic understand-
ing into isolated tasks. Typically, they �rst leverage geometry-focused techniques (e.g.,Multi-View
Stereo (MVS) methods (Schönberger et al., 2016; Schönberger & Frahm, 2016) or off-the-shelf
large Image-to-3D models (Wang et al., 2024; 2025)) to predict low-level 3D structures, followed by
vision-language models (VLMs) (Bai et al., 2023; 2025) or 2D segmentation models (Cheng et al.,
2022) to perform high-level semantic segmentation tasks. However, these disjointed approaches are
inherently �awed, as they propagate errors between stages and fail to leverage the mutual context
between shape and identity, preventing them from enhancing each other's capabilities and hindering
their ability to support model reconstruction.

Recently emerged methods (Fan et al., 2024; Sun et al., 2025) attempt to bridge this gap by align-
ing spatial models with speci�c VLM (Li et al., 2022). However, these approaches suffer from
three critical limitations. First, since 3D geometry contains low-level, �ne-grained structural sig-
nals, forcing a strict alignment with high-level textual concepts can over-smooth the representation,
degrading high-frequency geometric details and undermining multi-view consistency. Second, this
tight coupling to a speci�c VLM architecture inherently restricts the performance to the base model
(e.g., LSeg (Li et al., 2022)) and prevents the integration of newer, more powerful foundation models
(e.g., CLIP (Radford et al., 2021), SigLIP (Tschannen et al., 2025)). Third, since these VLMs (Li
et al., 2022; Ghiasi et al., 2022) are mainly trained on 2D image–text pairs, their aligned features
often fail to distinguish objects within the same semantic category, which signi�cantly limits more
downstream applications (e.g.,, 3D instance-consistent tracking under large viewpoint changes and
spatial QA when interfaced with VLMs).

To address this, we proposeInstance-GroundedGeometryTransformer (IGGT ), a novel end-to-end
framework that uni�es the representation for spatial reconstruction and contextual understanding.
Instead of simply aligning geometry with language features, our key idea is tocouple both factors by
joint training and encourage the model to autonomously learn the relationship between 3D instance-
level semantics and their geometric structures, yieldingmutual improvementsin contextual under-
standing and geometry reconstruction. Speci�cally, 1) we employ a large Uni�ed Transformer to
encode multi-view images into uni�ed token representations of the 3D scene, which are decoded by
a Geometry Head and an Instance Head into geometric point maps and an instance clustering �elds,
respectively.2) we employ a cross-modal fusion block with a window-shifted attention mechanism,
enabling the Instance Head to leverage �ne-grained geometric features at pixel level to enhance its
spatial awareness.3) To further improve multi-view consistency of the instance �elds, we design a
3D-consistent contrastive learning strategy that guides IGGT to learn both geometric structures and
instance-grounded clustering features. As instance-level geometry-semantics aligned annotations
remain scarce in the community, we facilitate this task by presenting a large-scale dataset coined
InsScene-15K, a meticulously constructed dataset comprising high-quality RGB images, poses,
depth maps, and 3D-consistent instance masks.

One more thing, after training the full model (i.e., IGGT), we design anInstance-Grounded Scene
Understandingstrategy, where instance masks serve as the bridge connecting IGGT with diverse
VLMs. Such a paradigm not only enables the seamless, plug-and-play integration of various vision-
language models (VLMs) such as CLIP and SigLIP to lift downstream task performance, but also
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Figure 2:Data Curation Pipeline. Our data is collected from various sources and then annotated
by a novel data engine driven by SAM2 (Ravi et al., 2024). (a) For video captured scenes (i.e.,
RE10k (Zhou et al., 2018)), we annotate them through a customized SAM2 video dense prediction
pipeline. (b) For RGBD-scan scenes (e.g., ScanNet++ (Yeshwanth et al., 2023)), we regenerate
dense mask annotations for each image and align them with the projected coarse GT masks.

extends to Large Multimodal Models (LMMs) (Bai et al., 2023; 2025), unlocking more sophisticated
scene understanding and a broader spectrum of applications like scene grounding.

We validate our framework through extensive experiments on diverse downstream tasks (e.g.,multi-
view instance matching, open-vocabulary segmentation, and scene grounding), demonstrating its
superiority over state-of-the-art methods in both task performance and 3D scene coherence.

2 INSSCENE-15K DATASET

We construct the InsScene-15K dataset (in Sec. 2), where each scene includes corresponding RGB
images, depth maps, poses, and 3D-consistent instance segmentation masks. To maintain consis-
tency, we ensure that each instance retains a unique ID across all views.

Our data curation pipeline systematically integrates three distinct categories of data to ensure com-
prehensiveness and diversity, as illustrated in Fig. 2: 1) synthesis (Aria (Pan et al., 2023), In�ni-
gen (Raistrick et al., 2024)); 2) Video captured (RE10K (Zhou et al., 2018)); 3) RGBD captured
(ScanNet++ (Yeshwanth et al., 2023)). For synthetic datasets (e.g., Aria and In�nigen), we simul-
taneously generate the RGB image, depth map, camera pose, and object-level segmentation masks
for each rendered view. Since the simulation environment provides perfectly accurate 2D ground-
truth masks (in Fig. 3 (a)), we use them directly without any post-processing. Moreover, regarding
real-world scenarios, we propose a novel data curation pipeline that includes multi-view mask an-

Figure 3: Visualization of mask annotations from three different sources. For the RGBD-scan scene,
we additionally compare the vanilla ground-truth masks from ScanNet++ (Yeshwanth et al., 2023)
with our re�ned annotations, along with their corresponding matched IDs and mIoU scores.
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