LiteReality: Graphics-Ready 3D Scene
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Figure 1: From RGB-D Scan to Graphics-Ready 3D Scene. LiteReality reconstructs compact,
realistic 3D environments from real-world RGB-D scans, featuring near-photorealistic appearance,
articulated geometry, and physically based rendering (PBR) materials—providing assets that can be
easily integrated into simulation or rendering pipeline.

Abstract

We propose LiteReality, a novel pipeline that converts RGB-D scans of indoor
environments into compact, realistic, and interactive 3D virtual replicas. LiteReality
not only reconstructs scenes that visually resemble reality but also supports key
features essential for graphics pipelines—such as object individuality, articulation,
high-quality physically based rendering materials. At its core, LiteReality first
performs scene understanding and parses the results into a coherent 3D layout
and objects, with the help of a structured scene graph. It then reconstructs the
scene by retrieving the most visually similar 3D artist-crafted models from a
curated asset database. Later, the Material Painting module enhances the realism
of retrieved objects by recovering high-quality, spatially varying materials. Finally,
the reconstructed scene is integrated into a simulation engine with basic physical
properties applied to enable interactive behavior. The resulting scenes are compact,
editable, and fully compatible with standard graphics pipelines, making them
suitable for applications in AR/VR, gaming, robotics, and digital twins. In addition,
LiteReality introduces a training-free object retrieval module that achieves state-of-
the-art similarity performance, as benchmarked on the Scan2CAD dataset, along
with a robust Material Painting module capable of transferring appearances from
images of any style to 3D assets—even in the presence of severe misalignment,
occlusion, and poor lighting. We demonstrate the effectiveness of LiteReality on
both real-life scans and public datasets.
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1 Introduction

Creating digital replicas of real-world environments remains a central challenge in machine perception,
computer vision, and graphics. Although differentiable rendering techniques have achieved remark-
able photorealism in 3D reconstruction [41, 22], their outputs often resemble “3D photographs”:
they capture geometry and texture but lack true interactivity and structure. A truly effective digital
replica must go beyond visual fidelity to offer semantically rich, simulation-ready, interactive envi-
ronments. Such representations empower users to interact with, manipulate, and simulate complex
scenes—capabilities essential for robotics, virtual and augmented reality, and embodied Al.

Compared to traditional 3D reconstruction techniques—such as Structure-from-Motion (SfM) [49,
56], Gaussian Splatting [22], and Neural Radiance Fields (NeRF) [41, 7]—we introduce the concept
of graphics-ready reconstruction. This form of reconstruction goes beyond visual fidelity by
incorporating additional structural and functional information to ensure compatibility with graphics
pipelines and support downstream tasks such as interactive simulation. To achieve this, several
key criteria must be satisfied. First, the scene should be object-centric, treating each object as
an individual entity to enable physically plausible placement and manipulation. Second, object
functionality must be modeled, allowing for interactive behaviors such as opening doors, drawers,
or appliances. Third, the scene should use PBR materials to ensure photorealistic appearance under
varying lighting conditions. Lastly, the integration of physical properties—including mass, gravity,
and collision dynamics—is essential to support realistic interactions grounded in real-world physics.
By meeting these requirements, we move beyond passive, geometry-focused reconstructions toward
truly graphics-ready environments that combine visual realism with functional structure.

Several research efforts have addressed different aspects of this broader challenge. First, in the
simulation domain, recent work study how to create interactive virtual environments from text
descriptions [61], room layouts [11], large-scale procedural generation pipelines [12], and even
from single images [9]. However, these approaches often prioritize diversity over realism, aiming
to generate training data for embodied Al rather than faithfully reconstructing digital replicas of
real-world scenes. Other methods pursue realism through compact, abstract representations—for
instance, using CAD retrieval and alignment to represent scenes [21, 17, 20, 26, 25] or estimating
object textures and materials from images [63, 59, 36]. While promising, these approaches often
overlook the importance of integrating components into a coherent, functioning system and tend to
neglect the difficulties posed by real-world indoor scans—such as clutter, severe occlusions, and poor
lighting. As a result, existing systems frequently struggle to produce faithful reconstructions from
in-the-wild scans, limiting their applicability beyond curated or controlled environments.

To this end, we introduce LiteReality, a method that automatically transforms RGB-D scans into
realistic, interactive indoor environments (see Figure 1). LiteReality is designed to handle the
diverse challenges of real-life scans. At its core, LiteReality consists of four main stages: 1. Scene
Perception and Parsing: Objects and room layouts are extracted from RGB-D scans using off-the-shelf
methods [53, 28] and represented in a compact scene graph. This graph enforces spatial constraints
and refines noisy input into a structured, physically plausible layout. 2. Object Reconstruction:
Artist-designed 3D models that best match real-world objects are retrieved from a curated asset
database. Though not perfectly aligned geometrically, these models provide high-fidelity geometry
and support interactive functionality, including articulated components. 3. Material Painting: A
robust material estimation and optimization framework assigns high-quality PBR materials to the
retrieved 3D models, based on multi-view RGB images. 4. Procedural Reconstruction: The final
scene is assembled by constructing room structures, assembling doors and chairs, placing objects, and
assigning basic physical properties and interaction logic—resulting in a lightweight, graphics-ready
environment. We evaluate LiteReality on the ScanNet dataset [8] and on real-world indoor scans
captured with an iPhone. Across diverse environments, our method consistently converts noisy,
incomplete scans into compact, and realistic digital replicas. Our main contributions are as follows:

* LiteReality framework: To the best of our knowledge, LiteReality is the first system capable
of reconstructing room-level RGB-D scans into compact and realistic CAD representations that
feature high-quality PBR materials, providing a strong foundation for downstream applications
such as rendering, simulation, and virtual interaction. The system generalizes well across a wide
range of real-world scenes.

 Training-free retrieval pipeline: LiteReality includes a training-free object retrieval system that
achieves state-of-the-art (SOTA) similarity performance on the Scan2CAD benchmark.



Figure 2:Pipeline of LiteReality. Given input RGB-D scans, the process begins with scene percep-
tion and parsing, where room layouts and 3D object bounding boxes are detected and organized into
a structured, physically plausible arrangement using a scene graph. In the object reconstruction stage,
identical clustering rst identi es repeated objects, followed by a hierarchical retrieval procedure
that matches 3D models from the LiteReality database. The material painting stage retrieves and
optimizes PBR materials by referencing the observed images. Finally, the procedural reconstruction
stage assembles all components into a graphics-ready environment featuring realistic appearance and
seamless integration with standard graphics pipelines.

» Robust material painting: We introduce a novel material-painting approach that reliably transfers
high- delity PBR materials onto 3D models—even in the presence of shape misalignment,
challenging lighting, and diverse image styles. Quantitative evaluation shows SOTA performance.

2 Related Work

Graphics-Ready Environments. While industries such as gaming, AR/VR, Im production, and
physical simulation rely heavily on traditional computer graphics pipelines to create 3D environments,
most state-of-the-art 3D reconstruction methadss 49, 22] are not readily compatible with these
pipelines. This incompatibility poses a barrier to their practical adoption in real-world applications.
In the research domain, simulation environments designed for embodied Al training are the closest
counterparts to graphics-ready environments, as they emphasize both interactivity and realism. Sig-
ni cant efforts have been made to develop such simulation platforms. Al2-TH@RRoboTHOR

[10], OmniGibson B0], Habitat 3.0 {i8], ThreeDWorld [L5], and VirtualHome §7] are notable
examples. Despite their capabilities, these platforms often rely on manually crafted scenes, which
limits scalability. Several works have proposed scalable scene generation methods. ProdPHOR |
extends Al2-THOR with procedurally generated environments; Holod&ljlcfeates scenes from
natural language inputs; Phone2Prb][ generates room layouts by placing semantically similar
objects; and Digital Cousir?] produces diverse simulated environments from single images. More
recent contributions in this area include Scenethesis PAT3D [33] and VIGA [64]. While these
approaches improve scalability and diversity, they primarily focus on synthesizing virtual scenes for
robotic training rather than faithfully reconstructing real-world environments. This highlights a key
gap: building graphics-ready scenes that combine realistic appearance with physical interactivity. A
concurrent work, Metascene®q], is also working in a similar direction by proposing a large-scale
dataset that contains a large number of simulatable scenes constructed from richly annotated ScanNet
scans for embodied Al benchmarks. LiteReality, by contrast, is presented as a general-purpose tool
for converting real-life scans to graphics-ready scenes.

Object-Centric Reconstructions. Joint 3D scene understanding and reconstructd@nl9, 37, 32

is essential for building object-centric scene representations. Recent advances in 3D scene under-
standing—particularly in oriented bounding box detectiaf, [(2] and room layout estimation

[5, 34—have made this direction increasingly promising. An emerging line of work focuses on
reconstructing object-centric 3D scenes from a single RGB im@g&p, 9]. To model individual

objects, some methods perform mesh reconstruction from multi-view RGB imé&gex’], while

others leverage 3D generative modelg][ Despite rapid and ongoing progress in these domains,



current approaches often suffer from instability or produce low-quality results, limiting their applica-
bility in high- delity, simulation-ready applications. An alternative is to retrieve artist-created CAD
models, enabling clean, lightweight, and visually coherent scene reconstruction—commonly used in
simulation environments. Also, these models often include articulated variants, making them valuable
for interactive and setups, though sometimes at the expense of realism. A key direction in this area is
CAD model retrieval and alignment for scene reconstruction, as demonstrated by ScanZ@AD |

many follow-up works P1, 17, 20, 26, 25, 31, 39, 54, 38, 27, 5, 42, 4, 18, 1]. Note that these methods
primarily emphasize alignment accuracy post-retrieval, often assuming that retrieving any object from
the correct category is suf cient. While some works aim to improve retrieval similatjtg,[55], they
typically require accurate instance segmentation—a challenging prerequisite in real-world scan data.
In contrast, our retrieval method is explicitly designed to address the challenges posed by real-world
scans.

Materiel Estimation. Physically-based rendering (PBR) materials are crucial for achieving photo-
realism in advanced applications. Estimating PBR materials typically requires recovering spatially
varying bidirectional re ectance distribution function (SVBRDF) parameters from RGB images—an
inherently ill-posed problem due to the complex interaction of lighting, geometry, and re ectance. A
common approach involves retrieval followed by optimization, where materials are initially retrieved
based on visual similarity and then re ned via differentiable renderiiy29]. For instance, PSDR-
Room [p9] and PhotoScene&p] optimize procedural PBR parameters from image observations
using differentiable rendering. Similarly, MAPA] carries out part-level segmentation and style
transfer, while Material Palett&f] uses a learning-based framework to estimate plausible materials
from segmented object views. Although effective in clearly visible and well-cropped scenarios,
these methods struggle in cluttered, room-scale environments. Estimation quality often degrades
due to occlusion, inaccurate segmentation, low-resolution inputs, and complex lighting conditions.
Additionally, per-object differentiable rendering makes these pipelines computationally expensive,
limiting their scalability to scenes with many objects. In LiteReality, we introduce a self-contained
and robust method tailored for room-level material estimation in messy, real-world scans. Our method
generalizes well under occlusion and partial visibility, and remains reliable across diverse lighting
conditions.

3 Methodology

LiteReality is a framework that automatically converts indoor RGB-D scans into Graphics-ready
scenes. It begins by performing scene perception to extract the key information of layout and objects.
The scene is then procedurally constructed in a physics engine to enable interactivity and simulation
capabilities. At its core, the pipeline consists of four key stagesne perception and parsingpject
reconstructionmaterial painting andprocedural reconstructigras shown in Figure 2. These stages
work together to automatically assemble a complete, graphics-ready environment. We highlight the
key features and design of each stage in the following sections.

3.1 Scene Perception and Parsing

Scene Understanding. LiteReality takes RGB-D images of a room as input. In the scene perception
and parsing stage, it extracts key spatial information necessary for producing graphics-ready recon-
structions. Among various 3D scene understanding approaches, we identi ed two key tasks—room
layout estimation and oriented bounding box detection—as particularly effective due to their ro-
bustness and scalability for generating structured 3D environments. Speci cally, for real-life scans,
we used Apple's RoomPlarb§] with an iPhone to capture layouts and oriented bounding boxes
(O-Bbhox) interactively. There are also many open-source alternatives for layout and O-Bbox detec-
tion [40, 6, 52] that can be used. Raw detection results often exhibit noise, such as collisions and
misalignments, which can result in issues like overlapping objects, oating items, and discontinuous
walls when constructing a 3D world. These problems break physical plausibility and break realism.
To address this, we proposeseene graph representatidhat organizes the scene by explicitly
representing spatial and appearance relationships between objects and their surroundings. This
structured representation is essential for guiding later constrained collision resolution and ensuring
consistency in later stages of the pipeline.



Scene Graph Representation and Parsing. In the scene graph, nodes represent key elements

in the scene, such as walls, windows, doors, and detected objects. Each node is associated with
several attributes: 19patial properties, including center locatio@ 2 R3 (whereC = (x;y;z)),
dimensiond 2 R® (whereD = (w;h;l)), and orientation 2 R (three rotation angles around

thex, y, andz axes); and 2appearance properties represented by the tdpmost visible cropped

material estimation, model selection, and layout optimization. Edges between nodes de ne key
spatial relationships and, once constructed, can impose constraints during the spatial arrangement
process, ensuring a physically plausible scene. We de ne four key spatial relationshagisiched

to walls, for objects physically connected to walls (e.g., shelves, cabinets)y 8)p of, for objects

placed on top of others (e.g., a vase on a tablefal3e-chair pair, grouping tables and chairs in
typical arrangements; and dpnnecting tq where objects are next to each other and touched. These
relationships provide essential constraints for maintaining consistent object placement, preventing
collisions, and improving overall scene realism. To compute the edges of the scene graph, the
construction process begins by parsing walls into connected components, forming closed polygonal
regions that delineate individual rooms. Noisy wall detections are aligned by snapping them to a
grid, ensuring well-de ned room boundaries. Spatial relationships between objects are inferred based
on theircenter locationandorientation, with prede ned rules governing each type of relationship.

We resolve object collisions iteratively usingCanstraint-Based Collision Resolutionapproach.

For each intersecting pair, virtual forces are applied along collision vectors to separate them, while
adhering to spatial constraints from the scene graph. For example, wall-attached objects are restricted
to wall-aligned movement, and table-chair pairs retain their relative positions. This process continues
until collisions are resolved or a maximum iteration count is reached, ensuring a realistic, physically
plausible layout. More details can be found in the supplementary materials.

3.2 Object Reconstruction Stage

In the age of ever-expanding 3D asset datasets, it is crucial to develop a robust and scalable retrieval
mechanism. Previous approachgs, [, 3] often rely on pair-wise pre-trained models for retrieval,

but these are limited to speci ¢ datasets. We believe it is important to adoginéng-freeapproach,

as it would be more adaptable and scalable when the dataset expands. We adopt a hierarchical
retrieval approach that leverages multiple information modalities—semantic labels, visual features,
and camera pose—to progressively re ne the search space and improve accuracy. The retrieval begins
with a semantic Itering stage, where objects are categorized by subcategories (e.g., two-seat sofas,
bar chairs) to exclude irrelevant candidates. This is followed by an image-based retrieval stage, where
cropped 2D views of the input object are compared against pre-rendered images of candidate objects
using a pretrained feature encoder (DINO4A]J. The top 10 visually similar matches are selected.

In the subsequent pose-aware rendering and comparison step, these candidates are placed into the
scene according to the detected pose and rendered from the same camera angles. The resulting views
are then cropped and re-encoded for visual feature extraction, further narrowing the selection to
the top four candidates. Finally, a contextual selection step employs a language model to assess
high-level attributes such as style, proportion, and visual coherence, yielding the best-matched object.
This structured, multi-stage pipeline ensures scalable and context-aware retrieval across large datasets.
To group identical or highly similar objects, we cluster items within each subcategory using DINOv2
features extracted from cropped images. These features, which capture shape and structure, are
averaged per object and clustered via KMeans, with the number of clusters selected by maximizing
the silhouette score. Since DINOV?2 is color-invariant, we further subdivide clusters by their dominant
color to form ne-grained, visually and stylistically consistent groups for joint retrieval.

3.3 Material Painting Stage

One of the primary challenges in the pipeline lies in effective and accurate material recovery. While
prior approachesp, 63, 36] have made notable progress using differentiable rendering or prediction-
based techniques, they struggle to scale effectively to real-world, noisy environments. This limitation
arises from three key factors. First, these methods rely on precise alignment between material
segments and cropped image regions. In practice, due to geometric misalignment of objects, their
approaches to obtaining reliable crop mappings often fail, resulting in noisy or inconsistent references.
Second, poor lighting conditions frequently lead to dark or visually ambiguous crops which, even if
correctly mapped to material segments, still result in degraded material initialization. Finally, proce-
dural, graph-based differentiable material rendering introduces signi cant computational overhead,



Figure 3:Procedural Reconstruction StageThis stage progressively rebuilds rooms by reconstruct-
ing layouts, assembling dooors and windows, placing objects, and enabling interactive attributes.

limiting the ability to process large-scale scenes ef ciently. In kheterial Painting Stage, we
address prior limitations with a compact pipeline that includes automatic crop mapping, multi-step
material selection, and lightweight albedo-only optimization. For each retrieved 3D asset, prede ned
material groups are assigned materials inferred from captured images.

Auto-crop Mapping. The input to this stage includes multiple cropped image patches and corre-
sponding 3D models. We begin by applying SARB]-guided segmentation to extract meaningful
patches from the images. Speci cally, we compute the largest rectangular region within each mask
and lter out invalid segments using Grounding DINO detection. Priority is given to smooth, clean
regions and larger areas, from which we select thektognked patches. To associate 3D material seg-
ments with these image patches, we generate informative visual prompts and employ a Multi-Modal
Large Language Model (MLLM) [44] for semantic mapping.

Semantic and Visual Guided Material Search. To initialize high-quality materials, we combine
language-guided and vision-based retrieval from a material database. First, inspired by Make-It-
Real [L3], we use multi-step prompting to re ne material category predictions and select the top
10 candidates. Then, we extract CLIP embeddings from cropped multi-view patches and compare
them with embeddings of the selected materials. Finally, GPT-4 evaluates the visual compatibility
of albedo maps with reference patches, ensuring semantic and visual alignment. This multi-stage
process produces reliable PBR material initialization for each 3D segment.

Albedo-Only Optimization. With initial mate-
rial assignments in place, further re nement is
possible using procedural graph-based methods
like MaTCH [50] or PSDR-Room %9, but these
incur high computational costs. Instead, we ap-
ply a lightweight, albedo-only adjustment in the
CIE LAB color space. Rather than re-optimizing
full PBR parameters, we shift the global color dis-
tribution of the albedo to better match cropped
image patches—preserving high-frequency details
while correcting hue and brightness. Formally, let
S(p) 2 R® be the LAB vector of the source albedo
at pixelp, T 2 R3 the target LAB vector, ang

the set of pixels in the albedo map. The adjusted
color is: 0 1

X
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This shift aligns the mean color of the albedo with

the target while preserving texture details. To infe; . ; - -

. gure 4: Materials Painting Stage Pipeline
T, we query an MLLM for part-speci ¢ RGB Giyen a 3D model and reference images, this
values across views, convert the consensusto L age recovers realistic PBR materials that en-

and apply the shift. This ef cient post-processingance visual realism for the 3D object.
balances visual delity and scalability.
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