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Abstract. Converting multi-view RGB observations into simulation-
ready 3D environments remains challenging because current reconstruc-
tion pipelines produce monolithic scene representations without explicit
physical structure. They are typically defined up to an arbitrary global
rotation and entangle rigid foreground objects with background geom-
etry, which hinders stable physical interaction. Existing solutions often
recover interactivity by replacing reconstructed objects with retrieved
CAD assets, but this introduces a slow retrieval-and-replacement stage
and weakens scene-specific geometric fidelity. We propose GARDEN,
an RGB-only framework that reformulates reconstruction as physically-
grounded scene factorization and outputs a structured hybrid scene rep-
resentation. The key idea is to use gravity as a universal physical prior: we
first align the reconstruction to a unified Gravity-View frame to resolve
gauge ambiguity, then recover object-centric rigid meshes with accurate
6-DoF placement, and finally remove duplicate object geometry from
the background through conditional 3D point classification. The result-
ing representation combines explicit rigid bodies with a decoupled back-
ground, enabling direct physics simulation while preserving visual real-
ism. Experiments on both simulated and real multi-view scenes show that
GARDEN improves object placement reliability, disentanglement qual-
ity, and rendering-simulation efficiency compared with retrieval-based
baselines. Project page: https://sunjiahaovo.github.io/garden/
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1 Introduction

While recent RGB-only reconstruction systems |20} 27, (29} 30, [41},45] achieve
impressive visual quality, they typically produce weakly structured “3D pho-
tographs” that struggle to support physically grounded downstream applica-
tions. These outputs are largely monolithic, coupling foreground rigid objects
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Fig.1: GARDEN factorizes unstructured RGB images into a structured, gravity-
aligned representation. By decoupling scene-specific rigid objects from the background
as meshes, the proposed method achieves high-fidelity reconstruction that enables in-
teractive downstream simulation without the requirement of external CAD models.

and background geometry into a single representation that hinders independent
object-level manipulation. Furthermore, they are defined only up to an arbitrary
global rotation without an explicit gravity direction. Without this physically
grounded global frame, rigid-body anchoring and physics-aware interactions in
environments like Embodied Al and simulations become fundamen-
tally unstable.

To inject the necessary structure for interaction, existing pipelines often
resort to CAD retrieval [16}[18][22}[23], which unfortunately introduces a se-
vere trade-off between semantic structure and scene-specific realism. These sys-
tems typically extract layout bounding boxes and replace real objects with re-
trieved artist-designed 3D assets. However, this CAD substitution compromises
instance-level geometric fidelity, as pre-modeled assets rarely match the exact
shape and fine-grained details of in-the-wild objects. Moreover, these pipelines
are complex and brittle, accumulating errors across layout estimation, retrieval,
and alignment stages. Finally, scaling this approach to diverse, long-tailed real-
world objects is difficult, often requiring manual refinement.

In this work, our goal is to eliminate this compromise between structure
and fidelity by proposing a structured hybrid representation. We seek a
representation that is both structurally disentangled for independent object ma-
nipulation and strictly faithful to the scene-specific geometry captured in the
real world. As visualized in Fig. [T} our approach decouples foreground rigid ob-
jects—represented as explicit standalone meshes with accurate 6-DoF poses—from
a clean background environment, represented as high-fidelity point clouds or
3DGS. This combination of physical independence and geometric authenticity
directly facilitates stable downstream simulation.
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To construct this representation without CAD retrieval, our core insight is
that gravity provides a universal physical prior to resolve gauge ambiguity and
anchor objects consistently. We introduce GARDEN, an RGB-only pipeline that
factorizes unstructured multi-view images into our structured hybrid represen-
tation. First, we resolve gauge ambiguity by extracting global camera tokens
from a multi-view foundation model to regress the gravity direction, establish-
ing a unified Gravity-View [38| frame where object placement is naturally con-
strained to maintain upright orientations. Next, guided by a lightweight target
box that can be supplied by a user or generated by a vision-language model,
we reconstruct scene-specific objects using 3D foundation models |7] and refine
their 6-DoF poses [46] within this gravity-aligned space. Finally, to eliminate
object-background entanglement, we design a conditional 3D point classifica-
tion network that identifies and removes redundant object geometry from the
background, yielding a clean environment for hybrid rendering.

We evaluate GARDEN against state-of-the-art scene generation and retrieval
pipelines. By replacing heavy CAD retrieval and layout estimation with physi-
cally grounded factorization, our method substantially reduces processing time
(e.g., from 4330s in LiteReality [16] to 560s), while improving geometric accuracy
and rendering fidelity. In summary, our main contributions are:

— We propose a novel paradigm of physically-grounded scene factorization for
RGB-only reconstruction, utilizing gravity as a physical prior to resolve
gauge ambiguity and enable consistent rigid-body anchoring.

— We design a complete, CAD-free pipeline that extracts scene-specific ex-
plicit object meshes and accurately refines their 6-DoF poses within a unified
Gravity-View coordinate frame.

— We introduce a conditional 3D point classification network to remove object
redundancy from the background, enabling a structured hybrid representa-
tion with strong rendering fidelity and computational efficiency.

2 Related Work

Non Factorizable Scene Reconstruction. The task of 3D surface recon-
struction has been comprehensively investigated via both optimization-driven
and learning-based paradigms [17,{1931]. While recent advancements, including
NeRF |29, 3DGS |20], and subsequent models [2}/4}30,/51], produce exceptional
quality in novel view synthesis, the primary focus of these techniques remains on
visual rendering rather than the extraction of precise underlying geometry. To
address the limitations in geometric accuracy, implicit representations based on
SDF [26/,42/50] have been developed to ensure geometric fidelity without compro-
mising the quality of novel views. Furthermore, to bypass the extensive computa-
tional costs of per-scene optimization, feed-forward architectures [24,27141)43//45|
have been proposed to deduce the global geometry of scenes directly from un-
posed input images. Despite the efficiency of these approaches, the standard
practices model entire scenes as holistic continuous surfaces. Consequently, in-
dividual object representations often suffer from severe incompleteness under
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occlusions. Moreover, these frameworks leave a fundamental ambiguity in global
orientation unresolved. Lacking an explicitly defined gravity direction or physi-
cal vertical axis, this gauge freedom entangles rigid objects with the background
environment. Such monolithic structures present significant challenges for con-
sistently anchoring, independently manipulating, or physically simulating indi-
vidual entities within the reconstructed scene.

Factorizable Scene Reconstruction. The creation of factorizable environ-
ments is a fundamental problem for advanced visual synthesis and physically-
consistent scene composition. Early systems tackle the factorization of scenes
through joint detection and completion [8}|14}35], procedural generation |11}
21,251 [33], or the retrieval of CAD models [18}22}/23]. Recent pipelines, such
as LiteReality [16] and other language-guided frameworks [9,/10,48], facilitate
the construction of interactive environments derived from real-world observa-
tions. HoloScene [47] also targets simulation-ready interactive worlds from a
single video with a scene-graph representation. However, many practical sys-
tems rely on proxy asset replacement. While this strategy supports basic scene
arrangement, it frequently causes the reconstructed environments to drift from
the exact geometry of the original objects. To better preserve object specificity,
recent progress reframes reconstruction as conditional generation. Compositional
pipelines |1}7,|15/49] utilize diffusion priors and generative models to assemble
coherent scenes from single images. Despite offering open-vocabulary flexibil-
ity, these generative techniques struggle to integrate stably with multi-view re-
constructed environments. More fundamentally, isolating entities from standard
neural representations often inherits the aforementioned global orientation am-
biguity. Lacking an explicitly defined gravity direction, extracted objects lack
physically consistent global anchoring, hindering reliable 3D manipulation or
rearrangement. To address these critical limitations, the proposed method re-
constructs independent 3D shapes that are explicitly grounded within a physical
coordinate system. Compared to prior techniques that may degrade across di-
verse scenes, our approach remains robust to casual capture conditions and suc-
cessfully resolves the inherent gauge freedom. Consequently, this ensures that
individual objects can be consistently anchored and independently manipulated
for realistic scene simulation.

3 Method

GARDEN targets multi-view scene reconstruction for applications that require
both physical interaction and high-fidelity rendering. Conventional multi-view
reconstruction |27,|36||41] produces a single monolithic geometry without ex-
plicit object-level separation, and the reconstructed scene is defined up to an
arbitrary rotation, and is therefore not physically grounded. These properties
limit structured scene decomposition and object-level physical interaction.

We formulate the problem as physically-grounded scene factorization driven
by gravity. As illustrated in Fig. [2| we first establish a unified Gravity-View [38|
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Fig. 2: Overview of GARDEN. Given multi-view RGB images, we first perform
(1) multi-view reconstruction with gravity alignment to establish a physically grounded
coordinate system. Next, we conduct (2) target-driven object generation and layout es-
timation to reconstruct standalone rigid objects from user- or VLM-provided boxes.
This is followed by (3) point-conditional background disentanglement to remove dupli-
cate object geometry from the static scene. Finally, these decoupled components enable
(4) unified physics simulation with high-fidelity rendering.

(GV) coordinate frame to resolve global orientation ambiguity, and then decom-
pose the scene into independent rigid bodies and a static background. Specifi-
cally, user-specified interactive objects are represented as standalone rigid meshes
with accurate 6-DoF poses to enable simulation, while the background is rep-
resented by colored point clouds or 3D Gaussian Splatting (3DGS) to preserve
visual fidelity. This hybrid representation supports both physical simulation (e.g.,
MuJoCo ) and photorealistic rendering.

3.1 Multi-View Reconstruction with Gravity-View Alignment

Unlike methods that rely on depth or IMU sensors, our approach generates
scene reconstructions solely from multi-view RGB images. This is facilitated by
recent advancements in multi-view foundation models (e.g., VGGT , Pi3 ,
and DepthAnything-3 ), which enable the recovery of camera poses and scene
structures from pure visual input. However, a significant challenge remains: the
global coordinate systems of these models are implicitly determined by their
training priors. For instance, VGGT and DepthAnything-3 typically anchor the
scene to a reference camera frame, while Pi3 employs a permutation-equivariant
approach that yields an indeterminate global orientation. Consequently, perform-
ing direct scene factorization on such reconstructions is hindered by global orien-
tation ambiguities, and the recovered entities lack the gravity alignment required
for downstream physical simulations. To address this, inspired by GVHMR ,
we propose the Gravity-View Align Module to align the reconstructed coordinate
system with the physical direction of gravity.
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Fig.3: Motivation for Gravity-View (GV) alignment. Point clouds recon-
structed in the camera frame are globally tilted, whereas GV alignment restores an
upright geometry consistent with physical gravity. This correction improves structural
separability, as evidenced by the histogram in this figure: floor and object points,
heavily entangled in the camera frame, become more distinguishable in GV space and
therefore easier to factorize. In downstream physics simulation, GV-aligned scenes re-
main stable under gravity, while camera-frame reconstructions are gravity-inconsistent
and tend to produce unstable object poses (e.g., tilting or falling).

We first construct the GV coordinate system by aligning the reference frame
with the gravity direction. Taking the standard OpenCV camera convention as
a reference: (1) within the camera coordinate system, we define the gravity di-
rection as g; (2) the y-axis of the GV frame is aligned with the gravity direction,
such that y = g; (3) given the view direction in the camera frame v = [0,0,1]T,
we derive the x-axis of the GV frame as x = y x v; (4) finally, the z-axis is
determined via the right-hand rule as z = x x y. Through this construction, the
GV coordinate system is established, allowing for the direct derivation of the ro-
tation matrix Reog, that transforms the original camera coordinates to the GV
frame. As illustrated in Fig. [3] this alignment is not merely a coordinate nor-
malization step: it improves geometric separability between support structures
and objects, and is critical for stable downstream physical simulation.

To predict the transformation to the GV frame, we leverage the multi-view
foundation model Depth-Anything-3 for its robust scene representation ca-
pabilities. Specifically, we extract the global camera tokens F € RV*¢ from the
backbone across the N input images. The base model dynamically identifies a
reference view ¢y, from which we select its corresponding token f,..; € R1xC
to serve as the query. To effectively aggregate the global multi-view context, we
employ a Context Transformer Decoder that takes f,..; as the query and the
complete token sequence F as keys and values. This cross-attention mechanism
allows the network to gather gravity-aware geometric clues from all views. The
output feature is then processed by an MLP head to regress a continuous 6D
rotation representation, ensuring stable optimization. This 6D representation is
finally mapped into a 3 x 3 rotation matrix, denoting the rotation from the
reference view to the GV frame, Rcw Frgu-
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For supervision, we derive the ground-truth alignment matrix Rgt_mv by
leveraging artist-designed simulation datasets, where the global coordinate sys-
tems are inherently gravity-aligned. Assuming the gravity direction in the world
coordinate system is defined as g, = [0,0, —1]T, given the ground-truth camera
extrinsics R, _.., we first project the world gravity vector into the camera coor-
dinate system to obtain the Gravity-View y-axis: y = R 8. Following the
aforementioned GV formulation, given the camera view direction v = [0,0,1]T,

the x-axis is computed as x = |§ i:’/H. To ensure robustness against collinear

singularities (i.e., when the camera looks directly along the gravity axis), we
fall back to the camera’s original x-axis if the cross-product norm approaches
zero. The z-axis is subsequently derived via z = x X y. Finally, the ground-truth
rotation matrix is formulated as Rg*, = [x,y,z]".

During training, the module is optimized by applying an L loss directly
between the predicted rotation matrix of the reference view and its corresponding
ground truth:

Lot = HRcmf%gv - Rgfefﬁgvnl (1>
Once f{cm s—gv 18 accurately predicted, the entire reconstructed scene can be ro-
bustly transformed into the gravity-aligned coordinate system, facilitating sub-
sequent physical simulations.

3.2 Target-Driven Object Generation and Layout Estimation

We decouple task-relevant objects through a lightweight target-selection inter-
face. In the simplest mode, the target is specified by a single 2D box on a reference
view; alternatively, the same box can be generated by a vision-language model
or open-vocabulary grounding module without changing any downstream stage.

Given the bounding box, we first employ SAM-3 [6] to extract a precise 2D
mask. This mask is then processed by SAM-3D [7] to lift 2D semantics into 3D
space. We choose SAM-3D specifically for its amodal reconstruction capability,
which recovers complete geometry even under partial occlusion. While SAM-3D
inherently predicts an initial spatial layout alongside the generated mesh, our
empirical evaluations reveal that this native pose estimation is often insufficiently
accurate for strict physical simulations.

To refine the spatial layout, we integrate FoundationPose |46] as a dedicated
module to compute the 6-DoF pose of the reconstructed mesh (Fig. a)). By
leveraging the gravity direction through our GV Alignment Module, we trans-
form the placement into a physically grounded problem. Since SAM-3D meshes
are inherently axis-aligned, a deterministic rotation first aligns their vertical axis
with gravity. FoundationPose then only needs to estimate the translation and
yaw angle, effectively reducing the rotational search space. Finally, the locally
aligned mesh is transformed into the global Gravity-View space via Re, ;g0
for downstream simulation.
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Fig. 4: Layout Estimation and background disentanglement in GARDEN.
(a) Layout Estimation: Given a generated object mesh and the Gravity-View (GV)
aligned global reconstruction, we first use FoundationPose |46 to estimate 6-DoF pose
parameters and physically align with gravity direction. The w/o0 Gravity Align inset
illustrates that omitting this alignment causes physically inconsistent placement. We
then build a relaxed 3D region by gravity-aligned box expansion. (b) Conditional
Point Classification: Cropped scene points within the box and mesh-derived condi-
tion points are fed into our conditional point classifier. The network predicts point-level
labels to separate target-object from static scene points, removing duplicated geometry
while preserving high-fidelity background.

3.3 Point-Conditional Background Disentanglement

To complete the physically-grounded factorization motivated in Sec. [T} plac-
ing an explicit object mesh is not sufficient by itself: we must also remove the
duplicated object geometry that still remains in the original monolithic scene
representation. Otherwise, the same object is represented twice, re-introducing
foreground-background entanglement and causing visual and physical inconsis-
tencies in downstream simulation. A naive 3D box crop is too coarse, because it
often removes nearby background structures (e.g., supporting floors or occluding
walls). Cross-view consistent 3D segmentation remains brittle, particularly in in-
door scenes with repeated instances (e.g., similar chairs). Long-range association
errors often cause incomplete or incorrect object removal.

To maintain scene-specific fidelity while achieving structural disentangle-
ment, we formulate this task as a conditional 3D point classification problem, as
illustrated in Fig. b). We developed a Transformer-based point classification
network that processes two distinct inputs: scene points cropped via a relaxed
bounding box and condition points sampled from the generated object mesh.
Both point sets are mapped into a shared feature space using coordinate and
type-specific embeddings. A multi-layer Transformer architecture, utilizing self-
and cross-attention mechanisms, then models fine-grained correspondences be-
tween the scene and the object. The network predicts a binary probability for
each scene point to determine its membership to either the target object or
the static background, guided by a standard Binary Cross-Entropy (BCE) loss
during training.

To avoid manual point-level annotations on real scans, we leverage Intern-
Scenes [52], a large-scale simulation dataset providing paired scene and ob-
ject meshes for precise label construction. We bridge the domain gap between
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clean simulations and artifact-prone real reconstructions by introducing artifact-
oriented 3D augmentations during training. These techniques, including multi-
layer ghosting, thin-part deformation, virtual multi-view scanning, and jittering
of mesh pose and scale, simulate systematic reconstruction errors. Training with
these realistic perturbations enables robust simulation-to-reality transfer, ensur-
ing reliable point-level disentanglement and cleaner object removal in real scenes
while preserving background geometry. Detailed augmentation specifications are
provided in the Supplementary Material.

3.4 Unified Physics Simulation

The final stage of our pipeline bridges the gap between static 3D reconstruction
and interactive physical simulation. By leveraging the decoupled scene repre-
sentation and the established Gravity-View coordinate system, we seamlessly
construct a unified environment within a physics engine (e.g., MuJoCo [39)]).

To physically ground the interactions, we first establish the static environ-
ment. Thanks to the gravity-aligned multi-view consistency, we identify the sup-
porting floor plane by extracting the Top-K coordinate peaks along the gravity
vector. This floor mesh is instantiated within the simulator as a static collision
body. Concurrently, the user-specified objects—which have been reconstructed
as complete local meshes and accurately localized via our layout estimation mod-
ule—are imported as independent, dynamic rigid bodies.

A key advantage of our pipeline is the inherent physical consistency provided
by the Gravity-View frame. Since all scene components (points, local meshes,
and layout poses) share this unified coordinate system, we can directly align the
simulator’s gravity vector with the canonical vertical axis (e.g., the +y-axis).

Furthermore, we adopt a dual-representation strategy for the final environ-
ment: while the extracted floor and object meshes govern the rigid-body collision
dynamics, the remaining cleaned background representation (such as the colored
point cloud or 3DGS) is rendered as a high-fidelity visual backdrop. This design
ensures that the generated environment not only strictly obeys physical laws
for downstream embodied Al interactions but also preserves the photorealistic
visual context of the original scene.

4 Experiments

Following the LiteReality [16] protocol, we evaluate GARDEN from three com-
plementary perspectives: object-centric perceptual quality, holistic scene quality,
and end-to-end computational efficiency. We further conduct two additional diag-
nostic experiments on gravity estimation accuracy and NVS-based factorization
ablation.

4.1 Experimental Setup

Benchmarks and Evaluation Protocols We use three LiteReality evaluation
settings: object-centric assessment, holistic scene assessment, and computational
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efficiency. In addition, we evaluate gravity estimation accuracy and conduct an
NVS-based ablation to isolate the effectiveness of our factorization design.

Object-Centric Assessment: We adopt the object-centric material recovery
benchmark from LiteReality [16]. In the standard baseline protocol, methods
are evaluated in a static setting using accurate cropped object bounding boxes.
In contrast, we evaluate our method under a simulation-ready protocol: recon-
structed assets are imported into MuJoCo [39], simulated for 10 seconds under
gravity, and then rendered for metric computation using the user-provided query
bounding box as ROI. This setting explicitly penalizes both appearance errors
and physically induced pose/layout errors.

Holistic Scene Assessment: We adopt the graphics-ready reconstruction bench-
mark |16], which measures similarity between input RGB frames and rendered
reconstructed scenes. Different from static evaluation, our scene-level results are
also measured after the same 10-second MuJoCo [39] simulation. Therefore, float-
ing, intersection, or gravity-inconsistent placement errors directly reduce the final
perceptual scores.

Gravity Estimation Assessment: We evaluate the predicted gravity direc-
tion by angular error against ground truth on held-out Hypersim [34] and Tar-
tanAir [44] scenes. We report mean error, 90th percentile error, and the failure
rate above 10°.

NVS Ablation Assessment: To validate our design choices, we perform NVS-
based ablation on 5 Hypersim [34] scenes. We skip full-scene evaluation for
point-cloud geometry. Given that NVS benchmarks provide limited viewpoints,
under-observed regions degrade metrics and reduce method discriminability. We
instead compute distances within an object-centric local region (including imme-
diate support) where methods are comparably observable. This ablation jointly
evaluates rendering quality and local reconstruction, revealing factorization ef-
fects beyond direct 6-DoF placement.

Computational Efficiency: We compare inference latency with LiteReal-
ity [16] on a workstation with an Intel Xeon w7-3445 CPU and an NVIDIA
RTX A6000 GPU. We exclude evaluation-specific rendering overhead.

Baselines and Variants Baselines: For object-centric assessment, we compare
against PhotoShape [32] and MIR [13], together with LiteReality [16]-related
combinations and variants, including Visual+Language Search (Sem&Vis), MIR,
+ Albedo-Ounly Optimization (AO), and the full LiteReality system. For holistic
scene assessment, we compare against Phone2Proc [10] and ACDC [9], as well
as ACDC + MIR, ACDC + Semé&Vis, and LiteReality. For gravity estimation,
we compare against Plane-RANSAC, normal clustering, COLMAP’s Manhattan
alignment [36], GeoCalib [40], and GeoCalib+RANSAC. Variants: For NVS
ablation, we compare Ours with representative variants: DA3, which directly
uses the reconstruction backbone—DepthAnything3 [27] output; w/ GV, full
FP pose w/o sim, which places generated objects via FoundationPose [46]
without the complete physically-grounded integration; and two w/o GV, full
FP pose variants that remove the learned Gravity-View alignment.
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Table 1: Object-centric material recovery comparison. We follow LiteReal-
ity’s [16] object benchmark and report RMSE/SSIM/LPIPS. Baselines are evaluated
with the standard static cropped-bbox protocol. Our main results use the stricter post-
MuJoCo [39] stabilization protocol, and static GARDEN results are included for pro-

tocol comparison. Best results are highlighted as first , second , third .

Methods ‘RMSE } SSIM 1 LPIPS |
MIR [13] 0.2377 0.3981 0.6111
PhotoShape [32] 0.3225 0.2371  0.6558
MIR {13] + AO [16] 0.2156 0.4203  0.5899
Sem&Vis 16| 0.2835 0.3758 0.6362
LiteReality [16] 0.2163 0.4353 0.5854
Ours (3DGS, post-sim) 0.1880 0.4181 0.5035
Ours (point cloud, post-sim)| 0.1887 0.4240 0.4444
Ours (3DGS, static) 0.1796 0.4494 0.4182
Ours (point cloud, static) 0.1736 0.4656 0.3680

Implementation Details Our pipeline is implemented in PyTorch, and all
trainable modules are optimized using AdamW. Training is conducted on 32
NVIDIA H20 GPUs. Gravity-View Align Module: We freeze the pre-trained
DepthAnything3 |27] backbone and train the alignment module for 10k steps on
TartanAir [44], Hypersim [34], and vKitti |5]. The peak learning rate is 5 x 1076
with a lk-step linear warm-up. The batch size is dynamically adjusted to keep
an approximately constant token count per step. Conditional Background Point
Classification Module: We train the classification network for 2k steps on pre-
processed InternScenes [52| with a 5 x 10=* base learning rate and batch size
48. Inference: Input multi-view images are resized to a maximum side length
of 504 (following DepthAnything3 [27]) to recover camera poses, global point
clouds, and 3DGS. For object generation, we cascade SAM-3 [6] (2D mask ex-
traction) and SAM-3D [7] (amodal mesh reconstruction). FoundationPose [46]
refines the layout with 5 iterations. In background disentanglement, we remove
object-associated points using a 0.5 probability threshold. For simulation-backed
evaluations, we use MuJoCo [39] with 0.001s timestep, 50-iteration Newton solver
per step, and a pyramidal friction cone. The gravity vector gg;,, = [0,9.81,0]"
is set to align with our Gravity-View coordinate system.

4.2 Results

Object-Centric Assessment.. Tab. [I|shows that our method consistently im-
proves over LiteReality [16] in RMSE and LPIPS, while keeping SSIM close.
Specifically, under the stricter post-simulation protocol, Ours (3DGS) reduces
RMSE from 0.2163 to 0.1880, and Ours (point cloud) reduces LPIPS from 0.5854
to 0.4444. The static GARDEN rows further improve these scores, confirming
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Table 2: Holistic graphics-ready scene comparison. We report full-scene
RMSE/SSIM/LPIPS between rendered reconstructions and input frames. Our main
rendering is measured after physical simulation, directly testing gravity-consistent
placement and global scene stability; static GARDEN results are included for pro-
tocol comparison. Best results are highlighted as first , second , third .

Methods ‘RMSE } SSIM 1 LPIPS |
Phone2Proc [10] 0.3604 0.5512 0.7338
ACDC |9 0.3653 0.5531 0.7364
ACDC [9] + Sem&Vis [16] 0.3226  0.5425 0.6717
ACDC [9] + MIR [13] 0.3046  0.5492  0.6648
LiteReality [16] 0.2664 0.5818 0.6522
Ours (3DGS, post-sim) 0.1670  0.5573  0.4709
Ours (point cloud, post-sim)| 0.1616 0.5735 0.4081
Ours (3DGS, static) 0.1593 0.5718 0.4379
Ours (point cloud, static) 0.1511 0.5916 0.3770

that the gains are not an artifact of post-simulation evaluation. Although LiteRe-
ality reports strong SSIM under its static protocol, the gap is small. We attribute
this primarily to two factors: (1) unlike LiteReality, our pipeline does not include
a dedicated surface-texture prediction stage; and (2) our post-simulation evalu-
ation introduces minor physically induced pose perturbations, to which SSIM is
sensitive. Overall, the stronger RMSE /LPIPS results indicate better geometry-
aware and perceptual fidelity under a stricter simulation-ready protocol.

Holistic Scene Assessment.. Tab.[2 demonstrates consistent scene-level gains
over prior methods. Compared with LiteReality |16], Ours (point cloud, post-
sim) improves RMSE from 0.2664 to 0.1616 and LPIPS from 0.6522 to 0.4081,
while maintaining comparable SSIM (0.5735 vs. 0.5818). The static rows again
show stronger scores than the post-simulation rows, indicating that the post-
simulation protocol is a conservative stress test rather than a source of artificial
gains. This trend is consistent with the object-level findings: even without a ded-
icated texture prediction stage, our physically-grounded factorization provides
stronger global scene fidelity and perceptual quality.

Gravity Estimation Accuracy Tab. [3| evaluates GV prediction accuracy
against classical and learned gravity-estimation baselines. The proposed GV
predictor achieves the lowest mean and P90 angular errors on both datasets,
with 0.0% Fail@10. Plane-RANSAC and normal clustering can work when clean
dominant planes are visible, but they are brittle under noisy or incomplete re-
constructed geometry. GeoCalib [40] and COLMAP’s Manhattan alignment [36]
are stronger alternatives, yet they remain less accurate than our multi-view GV
predictor.
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Table 3: Gravity estimation accuracy. Angular error (degrees) on held-out Hy-
persim [34] and TartanAir [44] scenes.

Hypersim TartanAir
Method Mean | P90 | Fail@10 | |Mean | P90 | Fail@10 |
Plane-RANSAC 24.87  89.68 26.7 19.26 83.22 34.4
Normal clustering 30.98 89.77 33.3 21.33 88.70 37.5
COLMAP’s Manhattan | 2.62 6.38 0.0 8.37 1591 12.5
GeoCalib [40] 7.59 4.79 6.7 3.01 6.50 9.4
GeoCalib+RANSAC 1.71  3.79 0.0 2.69 591 9.4
Ours GV 1.40 1.90 0.0 1.56 3.48 0.0

Table 4: NVS ablation on Hypersim [34]. We compare full GARDEN
with DA3 and full-FP-pose variants with or without GV using rendering metrics
(RMSE/SSIM/LPIPS) and point-cloud geometry metrics (Acc./Comp./N.C.). Point-
cloud metrics are computed in an object-centric local region.

Methods |[RMSE | SSIM 1 LPIPS ||Comp. | Acc. | N.C. 1
3DGS Background
DA3 0.3068 0.3141 0.6623 - - -

w/o GV, full FP pose w/o sim| 0.3134 0.3000 0.6617 - - -
w/o GV, full FP pose w/ sim | 0.3171 0.2885 0.6725 - - -
w/ GV, full FP pose w/o sim | 0.3077 0.3154 0.6460 - - -

Ours 0.2840 0.3809 0.5575 - - -
Point Cloud Background
DA3 0.2788 0.3482 0.5311 | 0.0516 0.0082 0.9129

w/o GV, full FP pose w/o sim| 0.2961 0.3211 0.5917 | 0.0447 0.0726 0.7320
w/o GV, full FP pose w/ sim | 0.3002 0.3096 0.5929 | 0.0743 0.3132 0.7078
w/ GV, full FP pose w/o sim | 0.2753 0.3562 0.5351 | 0.0470 0.0674 0.7275
Ours 0.2751 0.3565 0.5338 | 0.0387 0.0658 0.7497

Ablation on Factorization and Placement Tab.[d validates the effectiveness
of our factorization design. Compared with DA3(point cloud), Ours(point cloud)
achieves better completeness (Comp., 0.0387 vs. 0.0516), while improving RMSE
and SSIM in rendering. Although DA3 obtains lower Acc. and higher N.C., its
weaker completeness suggests that it tends to recover a more limited subset
of target-object-region geometry. Our method reconstructs more complete local
object-centric geometry while preserving competitive rendering quality. Com-
pared with w/ GV, full FP pose w/o sim(point cloud), Ours(point cloud) is
better across all reported metrics. Removing GV from the same full-FP-pose
setting causes substantial degradation both without simulation and after sim-
ulation, confirming that GV improves pose initialization, background disentan-
glement, and downstream physical stability rather than serving as a cosmetic
coordinate transform.
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LiteReality

Fig. 5: Qualitative comparison with LiteReality . Compared with LiteRe-
ality, GARDEN preserves scene-faithful background geometry and better maintains
original object structure and placement.

Y

lr\*(, <
4
ey
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Fig.6: Cross-dataset qualitative comparison against SAM3D |[7] and
DepthAnything3 . Across Hypersim , Mip-NeRF360 , LiteReality ,
ETH3D , and our own tabletop captures, GARDEN produces more complete geom-
etry, higher-quality object reconstruction, and more consistent object layout while pre-
serving high-fidelity background context. Our results are from post-simulation states.

The 3DGS background directly uses DA3’s GS head; its lower NVS quality
in this ablation is mainly caused by low-opacity Gaussian primitives, while the
fixed background still isolates the relative effect of our factorization components.

Qualitative Results We provide qualitative results under the same physically
grounded protocol used throughout this paper: all visualizations are captured
after a 10-second MuJoCo simulation. This setting evaluates not only ap-
pearance quality but also gravity-consistent placement and structural stability.

Fig. |5| compares GARDEN with LiteReality using the input view, Lite-
Reality, and our two rendering variants (Ours (3DGS background) and Ours
(point cloud background)). LiteReality tends to replace scene content with re-
trieved assets and does not preserve the original background context, which
can also alter the native object structure. In contrast, our physically-grounded
factorization keeps a pristine scene-faithful background while preserving scene-
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Table 5: End-to-end inference latency. Runtime comparison between LiteReal-
ity |16] and GARDEN on a unified hardware platform. We exclude evaluation-time
rendering overhead.

Scenes |LiteReality [16] Ours
BoardRoom-CUED 7686s 1244s
Darwin-BedRoom 2781s 321s
Girton-Common-Room 4507s 512s
Girton-large-study-room 2308s 318s
Girton-Study-Room 4382s 406s
Mean 4332.8s 560.2s

specific objects and their layout, yielding more coherent and interaction-ready
reconstructions in both background representations.

Fig. [6] further compares our method with DepthAnything3 [27] and SAM-
3D |7] across diverse domains, including Hypersim [34], Mip-NeRF360 [3], Lite-
Reality [16], ETH3D [37], and our own tabletop-object captures. DepthAny-
thing3 fails to fully reconstruct key objects, whereas SAM-3D—constrained by
single-view perspectives—struggles with occluded structures, generates incorrect
object geometries, and produces unreliable layout estimates with poor back-
ground fidelity. Our method consistently recovers more complete geometry and
higher-quality objects, while simultaneously preserving background fidelity and
restoring physically plausible object layouts.

Computational Efficiency Tab. [5| shows that GARDEN achieves substan-
tially lower inference latency than LiteReality [16] across all five scenes. The
average runtime drops from 4332.8s to 560.2s (approximately 7.7x speedup),
demonstrating practical efficiency gains for simulation-ready scene generation.

5 Conclusion

This paper introduced GARDEN, an RGB reconstruction framework that rec-
onciles structural interactability with geometric fidelity via physically-grounded
factorization. By leveraging gravity to resolve orientation ambiguity, our pipeline
enables efficient user-prompted 6-DoF object anchoring and background disen-
tanglement within a structured hybrid representation. GARDEN enhances both
object and scene-level fidelity while achieving a 7.7x latency reduction com-
pared to retrieval-based baselines. This formulation offers a practical, scalable
framework for generating interactive digital twins in embodied Al.
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