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Figure 1: Object-X learns object-centric embeddings from an input object segmentation of a 3D scene
reconstruction. The embeddings learned from multi-modal data (e.g., mesh, images, text descriptions)
enable fast 3D Gaussian Splat reconstruction via a specifically trained decoder, and other downstream
tasks operating directly in the latent space, such as localization and scene alignment. Object-X
allows for representing the scene as a set of object descriptors without having to store storage-heavy
representations like point clouds and image databases, while providing similar functionalities.

Abstract
Learning effective multi-modal 3D representations of objects is essential for nu-
merous applications, such as augmented reality and robotics. Existing methods
often rely on task-specific embeddings that are tailored either for semantic un-
derstanding or geometric reconstruction. As a result, these embeddings typically
cannot be decoded into explicit geometry and simultaneously reused across tasks.
In this paper, we propose Object-X, a versatile multi-modal object representa-
tion framework capable of encoding rich object embeddings (e.g., images, point
cloud, text) and decoding them back into detailed geometric and visual reconstruc-
tions. Object-X operates by geometrically grounding the captured modalities in
a 3D voxel grid and learning an unstructured embedding fusing the information
from the voxels with the object attributes. The learned embedding enables 3D
Gaussian Splatting-based object reconstruction, while also supporting a range
of downstream tasks, including scene alignment, single-image 3D object recon-
struction, and localization. Evaluations on two challenging real-world datasets
demonstrate that Object-X achieves high-fidelity novel-view synthesis compara-
ble to standard 3D Gaussian Splatting, while significantly improving geometric
accuracy. Moreover, Object-X achieves competitive performance with specialized
methods in scene alignment and localization. Critically, our object-centric descrip-
tors require 3-4 orders of magnitude less storage compared to traditional image-
or point cloud-based approaches, establishing Object-X as a scalable and highly
practical solution for multi-modal 3D scene representation. The code is available
at https://github.com/gaiadilorenzo/object-x.
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1 Introduction

Robust 3D scene understanding, incorporating geometric, visual, and semantic information, forms a
cornerstone for advances in robotics, augmented reality (AR), and autonomous systems (17; 12; 2).
A key goal is to develop 3D representations that are not only accurate but also compact, efficient, and
flexible enough to integrate multiple sensor modalities and support diverse downstream tasks.

Traditional 3D representations, often relying on explicit geometry such as dense point clouds (4; 20)
or meshes (18), alongside collections of images, tend to incur prohibitive storage and computational
costs. More recently, implicit neural and Gaussian representations, notably Neural Radiance Fields
(NeRF) (16) and 3D Gaussian Splatting (3DGS) (11), have achieved state-of-the-art results in
synthesising novel views from images, jointly encoding geometry and appearance. However, these
methods typically generate a monolithic, scene-level representation, primarily driven by visual input.
As a consequence, they inherently lack object-level modularity, making it difficult to reason about
individual objects, efficiently incorporate other modalities (e.g., text, semantics), or easily use the
representation for object-level tasks beyond rendering or 3D reconstruction.

To address the need for modularity, object-centric approaches, such as 3D scene graphs (1), have
gained traction. Such methods decompose a scene into a collection of objects and their relationships,
often associating a learned embedding with each object. Such embeddings have proven effective
for abstract, object-level tasks, including cross-modal localization (15), scene retrieval (24), and 3D
scene alignment (23). However, a critical limitation persists: existing object embeddings are generally
learned for specific tasks and cannot be decoded to reconstruct the explicit, high-fidelity appearance
and geometry of the object they represent. This forces systems to retain the original, high-bandwidth
source data (images, point clouds, meshes) alongside the learned embeddings, undermining the goals
of creating a compact, self-contained, and truly versatile object representation.

In this work, we bridge this crucial gap by introducing Object-X, a framework for learning rich,
multi-modal, object-centric embeddings that are simultaneously suitable for downstream tasks and
decodable into explicit, high-quality 3D representations. Object-X geometrically grounds multiple
input modalities pertaining to an object within a 3D voxel structure, fusing this with semantic
attributes (like class labels or object descriptions) to learn a compact, latent embedding. Crucially,
we design a decoder that uses this embedding to predict the parameters of a set of 3D Gaussians,
enabling high-fidelity, object-level rendering and geometry extraction via 3D Gaussian Splatting. The
same learned embedding can be directly leveraged for diverse downstream tasks.

Our experiments on challenging, real-world datasets demonstrate that Object-X supports high-fidelity
novel-view synthesis comparable to, and geometric reconstructions superior to, standard 3DGS,
while also achieving competitive performance on scene alignment and localization tasks. Critically,
Object-X reduces storage requirements by 3-4 orders of magnitude compared to storing the underlying
point clouds or images, while offering similar functionalities. Our main contributions are:

1. A novel framework for learning compact, multi-modal, object-centric embeddings that can
be decoded into high-fidelity geometry and appearance, parameterized by 3D Gaussians.

2. The demonstration that a single, unified embedding supports both high-quality 3D reconstruc-
tion (encompassing novel view synthesis and detailed geometry) and performs competitively
on diverse downstream tasks, such as scene alignment and visual localization.

3. Significant storage reduction (3-4 orders of magnitude) compared to explicit representations
as the decodability of our embeddings obviates the need to store raw images or point clouds.

2 Related Works

Understanding 3D scenes is a fundamental problem in computer vision, with applications spanning
robotics, augmented reality, and 3D content creation. Numerous representations have been proposed
to capture the complexities of 3D environments, each offering different trade-offs between accuracy,
efficiency, storage, and ease of use. Our work, Object-X, builds on and connects several key areas by
proposing a novel object-centric embedding strategy.

3D Representations. Traditional methods for representing environments include point clouds (4),
meshes (20), and voxel grids (18; 38; 34). Point clouds offer a direct representation of geometry
but lack structure and demand significant storage for detailed scenes. Meshes provide structure by
connecting points with polygons, facilitating efficient rendering and geometric operations, though
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