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Abstract

This report explores advanced techniques for 3D object reconstruction and generation us-
ing 3D Gaussian Splatting (3DGS) representations and feed-forward models, with applica-
tions in augmented reality, virtual reality, game development, robotics, and vision-based
navigation. We focus on three interconnected topics in object-centric 3D reconstruction
and decomposition.
First, we address the reconstruction of occluded objects in 3D. Using 3DGS, we infer
the complete forms of partially visible objects from single images while addressing the
challenges of occlusion and geometric coherence. Second, we investigate efficient 3D ob-
ject generation by reimplementing and modifying recent generative adversarial network
(GAN) architectures. These architectures incorporate geometric priors or hierarchical
regularization to align Gaussian representations with accurate object geometry. Finally,
we investigate scene decomposition from sparse views. A multi-view transformer and a
2D U-Net predict depth maps and Gaussian parameters, enabling efficient scene recon-
struction and detailed object segmentation based on semantic properties.
This work demonstrates the versatility and potential of 3DGS and feed-forward models
in 3D computer vision, with possible applications ranging from robotics to entertainment
and virtual design.
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1 INTRODUCTION 1

1 Introduction

3D object reconstruction, generation, and decomposition have broad applications in em-
bodied artificial intelligence, in which agents learn through interaction and exploration to
solve challenging tasks in their environments. The study of embodied agents both chal-
lenges us to build intelligent systems and helps us understand how intelligence emerges
through interaction with an environment. In this project, we explore several directions
in the field, including occluded-object reconstruction, 3D object generation, and scene
decomposition. These are interconnected and complementary research areas. Recon-
structing occluded objects is an important step toward understanding and enhancing
constrained environments. Fast feed-forward frameworks for 3D object generation could
support both virtual-environment creation and data generation for related 3D tasks, in-
cluding occluded-object reconstruction. Moreover, a better understanding of the environ-
ment through scene decomposition enables downstream applications such as navigation
in unknown environments and manipulation of surrounding objects. We hope that our
research will contribute to efficient, high-quality solutions for embodied tasks.

2 Background

A neural radiance field (NeRF) [27] samples points along each ray and queries a multilayer
perceptron (MLP) to obtain the corresponding colors and opacities of a 3D scene; this
process can be viewed as backward mapping (ray tracing). In contrast, 3D Gaussian
Splatting (3DGS) [22] projects all 3D Gaussians into image space and rasterizes them in
parallel, which can be viewed as forward mapping (splatting and rasterization). A scene
is typically represented by millions of 3D Gaussians. Each Gaussian is parameterized by
its mean (the 3D position), an anisotropic covariance, opacity α, and spherical harmonics
(SH) coefficients.

Ray

𝑥, 𝑦, 𝑧, 𝜃, 𝜙 MLP 𝑐&𝛼

(a) NeRF (b) 3D Gaussian Splatting

Ray

Splatting

Figure 1: Comparison of NeRF and 3DGS.

In the original setup, a reconstruction objective over 2D views optimizes Gaussians ini-
tialized from a structure-from-motion (SfM) point cloud. Their initial scales are derived
from the mean distance to the three nearest neighbors. An efficient differentiable tile
rasterizer facilitates optimization from a set of images. In addition, an adaptive density-
control module prunes, clones, and splits Gaussians, progressively increasing their number
to capture finer scene details.
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3 Reconstructing Occluded Objects in 3D

Chapter author: Filip Skubacz

Humans can understand their physical environment beyond what is directly visible; by
leveraging prior knowledge, they can infer the 3D structure of a scene containing partially
visible objects. In contrast, state-of-the-art machine learning models excel at superficial
scene interpretation but struggle with implicit details that require a deeper understand-
ing [1]. Our objective is to train a computer to recognize partially visible objects from a
single image and reconstruct their complete three-dimensional forms. Such a model could
subsequently be applied to downstream vision tasks and, by extension, to robotics, where
it could significantly improve planning and navigation [48, 26]. We aim to build a simple,
fast feed-forward model.

This task is challenging because it combines two difficult problems. First, by definition,
the image does not directly provide the missing information, resulting in ambiguity. Con-
sequently, the model has to take an educated guess to infer the missing details. This
raises important questions about inference under insufficient information and about gen-
eralization.

First, we summarize the relevant concepts and review related research. Next, we introduce
the methodology and experiments, followed by a brief discussion.

3.1 Background

In this section, we provide background for our method and review related work.
3DGS, introduced in Section 2, is an explicit 3D volume-rendering representation known
for its speed. Traditionally, a Gaussian representation is reconstructed from multi-view
inputs to model a 3D scene. Occlusions can be problematic in this setting, and methods
such as [24] seek to address them.

Sparse/Single-View 3D Reconstruction Various 3D representations are utilized in
computer vision, each suited to different use cases. For single-view 3D reconstruction,
most approaches learn to predict Gaussian parameters or a NeRF by rendering from a
new camera position and comparing the result with ground truth, a process known as
novel view synthesis (NVS). Recent influential work in this domain includes Zero-1-to-
3 [25], the Large Reconstruction Model (LRM) [16] and extensions such as Real-3D [18],
Stable Video 3D (SV3D) [41], and the simple, fast Splatter Image method [38].
Sparse-view and single-view reconstruction methods must inherently hallucinate plausible
details in regions where data is missing, such as the rear of an object. In this regard,
reconstruction under occlusion is conceptually similar: a model capable of handling one
type of missing information could potentially learn to manage the other. However, in the
case of occlusions, the input data is even sparser, and uncertainty is greater. We use this
as motivation for the näıve approach discussed later in Section 3.3.
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Existing Occlusion Reconstruction Models Works such as [30] and [26] focus on
so-called amodal completion. Amodal perception is the task of understanding more than
what is fully visible in an image, such as inferring the hidden parts of partially occluded
objects, a capability that humans possess [1]. The aforementioned models build towards
this goal by fully completing an object in 2D, not just its shape. [30] employs an off-the-
shelf diffusion model conditioned on partial objects, whereas [26] divides the task into
two stages: a diffusion model conditioned on partial objects maps the input to a latent-
space representation, which a separately trained decoder translates into image space.
Both approaches rely on computationally expensive diffusion-based inference rather than
feed-forward prediction [30, 26]. Moreover, the objects are completed in 2D, while 3D
reconstruction is treated as a downstream task. Our experiments attempt to bypass this
intermediate step and develop a straightforward model capable of understanding complete
3D objects.

3.2 Method

In the following section, we introduce various independent modifications and additions
aimed at altering the model to deal with occlusions. We build on the Splatter Image
framework, a simple U-Net architecture that predicts a Gaussian for every pixel of the
input image [38]. For brevity, we denote the original Splatter Image model as SP0.
We hypothesize that occlusions might result in (a) localized issues in the occluded regions
of the object or (b) degradation of the entire reconstruction. To address (a), we propose
symptom-focused strategies that guide the learning process in a manner we believe to be
beneficial. In contrast, fundamental changes to the architecture or learning process can
address both (a) and (b) simultaneously. Theoretically, these approaches could be applied
to other single-view reconstruction methods.

Modifications All experiments use an extension of multi-category ShapeNet [6] with
64 × 64 renderings; the low resolution reduces training costs while remaining faithful
to the problem statement. Most objects lack rich textures. Combined with the low
resolution, this could hinder generalization to in-the-wild images.
Because our task differs from the original task, we modify the dataset. We randomly
obstruct dataset objects with other dataset objects using randomized transformations,
keeping occlusion within specified minimum and maximum bounds, as illustrated in Fig-
ure 2. The ground truth consists of the fully visible object x, the occluding object y, and
their composition z, in which the object to be reconstructed may be only partially visible.
Each is a red–green–blue–alpha (RGBA) image normalized to [0, 1]. The composition z
includes the occlusion mask in its alpha channel; for real-world images, this mask would
first need to be predicted.
The following loss function combines an L2 reconstruction term, Learned Perceptual Image
Patch Similarity (LPIPS), and a generative adversarial network (GAN) objective to train
both the generator G, which predicts the Gaussians, and the discriminator D:

Reconstruction loss︷ ︸︸ ︷
λ1 E

[
wx,y||x−G(z)||2

]
+ λ2 E

[
LPIPS(x,G(z))

]
+E

[
logD(x)

]
+ E

[
log(1−D(G(z)))

]︸ ︷︷ ︸
GAN loss

,
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Figure 2: Dataset generation for the input view. The ground truth used in the loss
computation remains unchanged.

(1)

where x is a fully visible object, z is an occluded object, and wx,y is a loss-weight vector
that depends on x and y. The discriminator maximizes Equation 1 with λ1 = λ2 = 0 and
learns to distinguish ground-truth RGB images from reconstructed ones. An additional,
equally weighted discriminator evaluates the shape, represented by the mask. This concept
is adapted from [13]. SP0 was trained solely with the reconstruction loss.
Optionally, the different regions can be weighted differently (wx,y ̸= 1), assigning greater
or lower importance to specific areas. To address localized issues (a), we emphasize the
object outline for general shape reconstruction and the hidden region in the conditioned
input view for occlusion reconstruction:

woutline = Gkern ∗ x︸ ︷︷ ︸
Blur

−x and woccluded area =

{
xalpha ⊙ yalpha if x is an input view

1 otherwise

(2)

The models introduced in Section 3.1 show that injecting knowledge from a large pre-
trained model can be beneficial. We draw inspiration from the U-Net architecture pro-
posed in [48]. 5× 5 feature patches are extracted from DINOv2 [29], reduced from 768 to
128 channels by a convolution, and resized for concatenation with the U-Net bottleneck;
cf. Figure 3. [48] also proposes a second, more powerful U-Net architecture that concate-
nates multi-scale features from Stable Diffusion [32] with each decoder layer. However,
this has not yet been implemented in our work.

Training and Evaluation Training and evaluation are both straightforward. For each
object, one rendered image is selected as the input view, while a subset of the others
provides novel views from different camera angles. Splatter Image predicts 3D Gaussians,
which are rendered and compared with the ground-truth renderings.
Most state-of-the-art 3D reconstruction models require substantial resources for inference
and even more for training. Although Splatter Image has significantly lower resource re-
quirements [38], its computational cost remains substantial for extensive experimentation.
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The original training pipeline has two stages: initial training with only an L2 loss and
a subsequent fine-tuning stage that also uses the LPIPS loss [49]. Because of computa-
tional constraints and to ensure a fair comparison between methods, we limit training to
25k iterations for most experiments, equivalent to approximately 12–24 hours on a recent
single GPU. We omit the second training stage because our selected experiments show
that it does not address the issues on its own.

Figure 3: Simplified architecture for
feature patch injection into the bot-
tleneck of the U-Net

We use three 2D metrics—LPIPS, peak signal-to-
noise ratio (PSNR), and structural similarity in-
dex measure (SSIM)—for both the input (condition)
view and the novel views; the latter are more im-
portant. Unfortunately, these metrics do not fully
capture differences in reconstruction. For instance,
a plausibly reconstructed occluded region that dif-
fers from the ground truth could receive worse scores
than a blurry reconstruction.

3.3 Experiments

In this section, we present our findings and empiri-
cal results. Training is accelerated using pretrained
checkpoints from the official implementation, with
weights extended to accommodate possible changes
in shape. In hindsight, zero initialization would
have been preferable in this context.
The core experiments and their final validation per-
formance are presented in Table 1. Additionally, we provide example outputs in Figure 4.

Näıve Approach We can confirm our earlier hypothesis that the original architecture
of SP0 is capable of producing rough reconstructions. Interestingly, the occlusion mask
contributes only minor improvements. The model performs comparably to the SP0 base-
line on the same validation data without occlusions, particularly in terms of LPIPS and
SSIM. However, the disparity is greater for PSNR, for which SP0 significantly outperforms
the model on both the conditioned and novel views; its advantage on the conditioned view
is not particularly surprising.
It appears to excel at reconstructing simple geometric shapes. At the same time, we ob-
serve that the reconstructions are often blurry or lack definition and texture, particularly
in regions that were occluded in the conditioned input view. This issue is common across
our other models as well.

Frozen Decoder Motivated by [26], we hypothesize that a powerful model trained on
standard 3D reconstruction should be adaptable to handle occlusions. Specifically, it
should be sufficient for our task to learn a latent-space representation, which can then be
reconstructed using the original decoder. It is important to note that U-Net [33] and its
derivatives are not pure autoencoders; they include feature skip connections that directly
link the encoder and decoder.
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Model PSNR↑ SSIM↑ LPIPS↓
cond. novel cond. novel cond. novel

SP0 without occl. 42.440,29.408 0.997,0.954 0.005,0.047
SP0 with occlusions* 15.938,15.038 0.820,0.696 0.222,0.295
Näıve 32.786,26.674 0.969,0.926 0.050,0.092
Frozen decoder 30.819,25.849 0.957,0.916 0.070,0.102
GAN 1:2 32.837,26.712 0.969,0.927 0.050,0.091
GAN 1:10 32.880,26.750 0.970,0.927 0.049,0.091
GAN 1:100 31.264,26.092 0.966,0.924 0.059,0.096
DINOv2 29.196,23.028 0.950,0.869 0.094,0.187
DINOv2 @ 50k iters. 30.533,24.063 0.960,0.890 0.077,0.156
DINOv2 @ 75k iters. 31.281,24.619 0.964,0.899 0.068,0.142
Occlusion weight 2x 33.342,26.626 0.972,0.928 0.048,0.093
Occlusion weight 5x 33.423,26.659 0.972,0.928 0.048,0.092
Outline weight 2x 32.765,26.597 0.970,0.927 0.052,0.094
Outline weight 5x 32.815,26.608 0.970,0.928 0.051,0.093
All; fine-tune from SP0 30.146,22.968 0.957,0.869 0.083,0.187
All; fine-tune DINOv2 @ 50k iters. 31.868,24.579 0.966,0.898 0.063,0.141

Table 1: Evaluation on the validation subset. SP0 without occlusions is a baseline showing
how the original model performs on unoccluded data. Baseline or reference experiments
are shown in blue, and core experiments are shown in red. PSNR denotes peak signal-to-
noise ratio, SSIM denotes structural similarity index measure, and LPIPS denotes Learned
Perceptual Image Patch Similarity. “cond.” denotes the conditioned input view, “occl.”
denotes occlusion, and “iters.” denotes training iterations. *The model was not trained
for this task.

(a) Ground
Truth

(b) Input View

(c) Näıve
(d) Frozen De-
coder

(e) GAN 1 : 2
(f) DINOv2
@25k iters.

(g) DINOv2
@75k iters.

(h) All; Fine-
tune DINOv2
@50k iters.

Figure 4: Comparison of various models
on the same conditioned input view. Re-
sults for the novel views are identical for
the occlusion- and outline-weighted mod-
els.

Qualitative analysis of decoder freezing shows
that the approach can yield comparable re-
sults, while exacerbating blurry regions and
producing (colorful) artifacts. On average, the
reconstructed shape appears worse than that
produced by the näıve approach. This raises
the question of whether relaxing the freezing
strategy—for example, by continuing to train
the skip-connection layers—could resolve the
issue.

Loss Weighting The idea of giving greater
importance to the reconstruction of occluded
areas via loss weighting requires us to include
the input view in the training loss, which [38]
does not do. We test occlusion and outline
weighting with coefficients of 2 and 5, respec-
tively, each applied independently of the other.
All four models perform similarly, with only
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minor differences in their scores. On their own,
the current version of loss weighting is insuffi-
cient to make a significant impact. The mod-
els perform comparably to the näıve model
and are therefore among the best in this se-
ries of experiments based on PSNR, SSIM, and
LPIPS.

DINOv2 Features Empirically, it seems most effective to pass the full input view,
including occlusions, to DINOv2 and to use feature patches as described in Section 3.2,
i.e., intermediate outputs, rather than using a single feature vector per image. In terms of
metrics, the model is noticeably worse than both the näıve and loss-weighted models. We
extend training to a total of 50k and 75k iterations and observe a gradual but consistent
improvement in metric performance. Despite this extended training, SPDINOv2 appears to
struggle more with basic object geometry, although texture reconstruction is somewhat
satisfactory. This model requires substantially more training, and it is possible that the
pretrained weights cannot be utilized as effectively due to larger discrepancies in archi-
tecture. Qualitatively, the 75k-iteration DINOv2 model begins to approach the quality
of the näıve model.

GAN Loss An important component is the ratio of reconstruction to GAN loss, as
detailed in Equation 1 for training the generator. The GAN loss cannot train the Splatter
Image model on its own because it only encourages the output distribution to match the
ground-truth distribution; it does not enforce accurate reconstruction of a specific input.
We test three GAN-to-reconstruction loss-weight ratios: 1:2 (0.5), 1:10 (10%), and 1:100
(1%).
Initially, training progresses similarly across the models, but at approximately the halfway
point, the SPGAN1:100 loss begins to increase and the metrics worsen. SPGAN1:2 achieves
slightly better PSNR and SSIM scores than the näıve model, but it is not qualitatively
better; it still exhibits large, blurry regions. Inspection of the discriminator loss reveals
that it quickly plateaus at a low value, indicating that the GAN loss does not contribute
productively.

Combined Experiment Finally, we test the simultaneous application of all previous
methods: the weighted loss function (outline and occlusion weighting), GAN loss, and DI-
NOv2 features. We use the best values from the previous individual experiments. Neither
variant—initialized from SP0 or from SPDINOv2@50kiters.—yields satisfactory performance.
Although additional training might improve the results, the computational cost of 25k
iterations is twice that of the näıve approach.

3.4 Discussion

The experiments clearly demonstrate that the method requires substantial further devel-
opment. At the same time, we observe early indications of improved object and spatial
understanding.
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Because the eventual goal is to process in-the-wild images, an appropriate evaluation
dataset and methodology are necessary. Unlike [30] and [26], we cannot synthetically
layer 2D images for quantitative evaluation because corresponding novel views do not
exist. Toward this goal, we began developing a Kubric-based [14] dataset of randomly
placed 3D objects. For in-the-wild images, we may also need suitable amodal completion
or segmentation models.

Evidently, a näıve approach, even with additional training guidance, is insufficient to learn
the complex relationship between occluded objects and their full-view 3D reconstruction.
Thus far, none of the more complex modifications have been tested sufficiently to rule
them out as viable solutions. We must also acknowledge potential shortcomings in our
DINOv2 and GAN approaches. GANs are notoriously difficult to train [34], and the
GAN experiments should have been conducted more systematically, focusing on individ-
ual components. Specifically, the simultaneous inclusion of both an RGB discriminator
and a mask discriminator has proven problematic. Regarding DINOv2, [29] reports poor
performance on low-resolution images, suggesting that it might be beneficial to upscale
from 64× 64 (technically 70× 70) to improve results.

By analogy with the core principle of the alternative approaches introduced in Section 3.1,
there is reason to believe that priors from powerful 2D models, such as Stable Diffusion,
could be incorporated into Splatter Image to achieve satisfactory, generalizable recon-
struction performance. Future efforts should focus on injecting prior knowledge, similar
to the DINOv2 experiments, and on further experimentation with GANs. Additionally,
higher-quality and more diverse datasets could prove fruitful.

4 Fast 3D Object Generation

Chapter authors: Michael Neumayr and Nina Kirakosyan

4.1 Introduction

In this chapter, we focus on efficient feed-forward 3D object generation. We present two
3D generator architectures that leverage and modify components from StyleGAN2 [20],
the Gaussian Decoder [2], and the Hierarchical Gaussian GAN [17]. One architecture
explicitly regularizes Gaussian positions using generated depth maps as geometric priors;
the other uses position anchors in a hierarchy to regularize the smaller Gaussians at
the next level. Our contribution is an exploration of different GAN architectures for
generating centered objects.

Background In the GAN literature, the term 3D GAN is often used synonymously with
3D-aware generation, which primarily focuses on frontal views of human or animal faces.
These methods learn sufficient depth and geometry to generate multi-view-consistent
images of the same face from a set of look-at camera poses [4, 35, 5, 17]. Because the
poses are concentrated in similar directions, these methods often employ a dedicated
learnable background generator to improve the rendered images.
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As discussed in Section 2, 3DGS provides a new paradigm for 3D scene generation.
Optimization-based approaches conditioned on single- or multi-view scene images and/or
text prompts have achieved state-of-the-art rendering quality [39, 47]. Feed-forward mod-
els for 3D object and scene generation with 3DGS are an active topic of research. Re-
cently, several non-optimization-based approaches to 3D Gaussian scene generation have
been proposed [15, 17, 43].

Project Goal. In contrast to conventional 3D-aware generation, our task considers the
more challenging setting of unconditional generation of a 3D object centered in empty
space. Ideally, the generated object should be renderable from all sides along a 360◦

trajectory.

4.2 Method

The Gaussians representing an object must conform to its geometry from all viewpoints.
We first test the geometric-prior setting described in Section 4.2.1. We then develop the
geometry-prior-free method in Section 4.2.2, which uses hierarchical regularization to keep
the Gaussians within the bounds of the object geometry.

4.2.1 Depth-Generation-Based Approaches

Poor or excessively sparse initialization of Gaussian means can impede gradient flow and
lead to local minima. This is particularly problematic in feed-forward architectures, which
cannot rely on the non-differentiable heuristic pruning, splitting, and spawning operations
used to control the number and scale of Gaussians over thousands of steps in per-scene
optimization [17, 7].

Feasibility Check: Can StyleGAN2 Generate Depth? First, we validate whether
a StyleGAN2 architecture can generate reasonable depth maps. Before investing resources
in training a complete depth generator from scratch, we follow [3] and test whether offsets
added to the style code w are sufficient. The modified code w′ = w + δ, where w lies in
the W+ space and w = f(z), is injected into the synthesis network g(w, n) to produce
a depth map. Here, f and g are pretrained, frozen StyleGAN2 mapping and synthesis
networks, respectively. Instead of synthesizing a natural image x = g(w, n), we obtain a
three-channel image x′ = g(w′, n) and convert it into a single-channel depth map xd by
averaging its channels. We do not consider the other modalities explored in [3].
We reimplement the method from [3] and optimize the offsets on the Animal Faces-HQ
(AFHQ) Dogs dataset [10]. The optimization objective uses the Huber loss, and gradient
descent solves for the offsets: δ∗ = argminδ LHuber (P (x),xd). In our case, a Marigold [21]
depth-prediction pipeline P (x) provides pseudo-ground-truth depth estimates.
Figure 5b confirms that StyleGAN2 can learn depth-related structure. On closer inspec-
tion, however, the generated depth maps are less coherent than the pseudo-ground truth
and contain features that resemble edge predictions rather than depth. We therefore train
a depth-specific StyleGAN2 from scratch using proper depth ground truth.
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(a) Back-projection of a generated depth map. The
resulting points initialize the Gaussian means be-
fore the offsets and remaining parameters are pre-
dicted sequentially.

(b) The modified code w′ = w + δ∗, with
optimized δ∗, is passed to the pretrained
StyleGAN2.

(a) Combination of reconstruction losses. (b) Adversarial loss.

Figure 6: Gaussians initialized from a back-projected depth map. Each sample shows an
example pose (left) and its corresponding rendering (right).
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Initializing Gaussians from a Generated Depth Map Second, we train a dedicated
single-channel depth-map generator based on the StyleGAN2 architecture. A Gaussian
generator then uses this depth generator to initialize the Gaussian means. This architec-
ture is motivated by two observations. First, in the feed-forward setting, positions cannot
be corrected over thousands of optimization iterations through non-differentiable pruning
and spawning heuristics; consequently, good point initialization is crucial for maintaining
gradient flow and avoiding local minima [17, 7]. Second, following the Gaussian Decoder
[2], features can be attached to 3D points and subsequently decoded into per-point Gaus-
sian parameters.
The depth generator is a minimally modified StyleGAN2 architecture [20] with a single-
channel output, trained on depth renderings from the ShapeNet v2 car category [6]. In
the 3D Gaussian generator, the depth generator is frozen and produces depth maps that
are back-projected into the scene to initialize the 3D Gaussian point cloud. During back-
projection, the point cloud is filtered to separate the object from the background. Because
the generator should produce a single centered object, the depth-map background is dis-
carded. The feature-map generator applies the same mask and attaches features only to
foreground points. A sequential Gaussian-parameter decoder based on [2] then converts
the per-point features into Gaussian parameters. Only diffuse color is used; that is, the
maximum SH degree is 0.
Figure 6 demonstrates that, when overfitting a single scene with reconstruction losses,
the generated 3D Gaussians remain within the car’s shape. The pipeline with adversarial
loss, however, struggles to recover the correct geometry even in the single-scene experi-
ment. The colors are inaccurate in both cases, although the reconstruction pipeline places
no Gaussians in white regions of the car, allowing the fixed white background to remain
visible.

4.2.2 Hierarchical Gaussians Pipeline

Given the shortcomings of the methods discussed above, we reimplemented and adapted a
recently proposed method for feed-forward Gaussian scene generation: Adversarial Gen-
eration of Hierarchical Gaussians [17].
The hierarchical generation pipeline introduces a hierarchy of Gaussian parameters, ex-
panding the set of Gaussians from one level to the next. This approach was reported to be
fast and capable of generating adequate 3D-aware face reconstructions. Instead of naively
initializing a latent code z and producing a fixed number of Gaussians, the hierarchical
setup defines interdependent levels that represent the Gaussians from coarse to fine. At
each level, it estimates a set of Gaussians by applying learned parameter offsets to fixed
transformations of the preceding level’s Gaussians.

Architecture. Figure 7 illustrates the modified generator architecture based on [17].
The generator consists of generator blocks (see Figure 8). As in the original pipeline,
the generator takes a latent code z ∼ N (0, I) and learnable initial Gaussian parameters
const ∈ RN×3 as input. In addition, we supply pose information so that the model can
learn pose-conditioned representations. Each layerk takes the preceding layer’s features
xk−1 and its level-specific input and produces features xk. The toGaus module transforms
these features into Gaussian parameters, which densify combines with the parameters
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Figure 7: Hierarchical Gaussian generator architecture. Here N denotes the number of
Gaussians, B denotes the batch size, L denotes the dimensionality of the latent codes z
and w, Lk denotes the number of channels at level k, xk denotes the high-dimensional
features output at level k, G denotes the Gaussian parameters, Ĝ denotes the Gaussian
residuals, and A denotes the Gaussian anchors.

Figure 8: Block architecture. Figure 9: Custom dataset of ShapeNet v2 cars with ren-
dered multi-view images and depth maps.

from layerk−1. At every hierarchical level except the first, the number of Gaussians is
increased by the upsampling ratio r. The final image is rendered from the combined
Gaussians at all levels: N + rN + . . .+ rL−1, where L is the number of hierarchical levels.
Further architectural details are as follows.

• We use the StyleGAN2 mapping network [20] to transform the latent code z into a
style code w, which is used in the generator blocks.

• The initial Gaussians const are processed by a stack of non-upsampling blocks at
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the first level level0.

• Each generator block consists of attention, upsampling, and MLP layers with nor-
malization and scaling. At coarser levels, we apply global self-attention across all
Gaussians. At finer levels, where the number of Gaussians is larger, we use k-nearest-
neighbor (k-NN) clustered local-neighborhood attention, as proposed by Zhao et al.
[50].

• AdaIN and adaptive layer scaling are conditioned on the style code w [31].

• The upsampling operation is adapted from the sub-pixel operation in [36], using
dense layers instead of the original convolutions on 2D data.

Hierarchical Gaussian Parameters. To transform the high-dimensional features xk

into Gaussian parameters, the features are passed through the toGaus module, which
consists of five linear layers and Gaussian-parameter activations following the 3DGS setup
[22]. This module outputs two sets of {µ̂, ŝ, α̂, q̂, ĉ}, representing position, scale, opacity,
rotation, and color estimates for the Gaussian-parameter residuals and anchors at the
given level. In densify, the residuals are combined with the preceding level’s anchor
parameters to obtain the final Gaussian parameters for each level. The operations that
combine parameters from adjacent hierarchical levels for level l are defined as follows.

• Position: µl = µl−1 +Rl−1Sl−1µ̂l, where Rl−1, Sl−1 are rotation and scale matrices,

• Scale: sl = sl−1 + ŝl +∆s, where ŝl,∆s < 0,

• Opacity, rotation, color: αl = αl−1 + α̂l, ql = ql−1 + q̂l, cl = cl−1 + ĉl

We refer interested readers to the original paper [17] for further implementation details.

(a) Training objectives for the original Ad-
versarial Generation of Hierarchical Gaussians
model.

(b) Our modified pipeline with an additional
depth-discriminator objective.

Figure 10: End-to-end hierarchical Gaussian generation pipelines and their training ob-
jectives.
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Training Objectives The training loss follows [17]. The adversarial loss is a non-
saturating loss with R1 regularization of strength λ:

Ladv = Ez∼Pz ,θ∼Pθ
[f(d(g(z, θ)))] + EIr∼PIr

[
f(−d(Ir)) + λ∥∇d(Ir)∥2

]
, (3)

where f(t) is the softplus function. As in [17], we add Lcenter to regularize Gaussian
positions and Lknn to keep distances between neighboring Gaussians small. We also
experiment with an optional pose branch in the discriminator and its corresponding loss
from [17], λposeLpose. The final weighted loss is L = Ladv + λcenterLcenter + λknnLknn.

Depth Discriminator. As a modification of the original pipeline, we condition the
hierarchical Gaussian pipeline on ground-truth depth maps. We introduce a separate
depth discriminator with the same architecture and adversarial-loss objective described
above.
Figure 10 illustrates both the original end-to-end pipeline in Figure 10a and our custom
setup with a depth discriminator in Figure 10b. The discriminator architectures are the
same as in StyleGAN2 [20].

4.3 Experiments

4.3.1 Custom Dataset

Depth-based generation approaches require a dataset of images of single-object scenes,
camera poses, and ground-truth depth values. To experiment with and troubleshoot
different pipeline configurations, we needed multi-view images of objects from a simple
category rendered from different viewpoints.
We used objects from the “car” category of the ShapeNet v2 dataset [6]. Although many
methods based on ShapeNet cars provide data and rendering implementations [37, 5],
their datasets do not include corresponding depth renderings. We therefore rendered a
custom car dataset using the setup proposed for Scene Representation Networks (SRNs)
[37].
The “car” category contains 2.5k instances. We rendered 250 views of each car using the
PyTorch3D library, with the car centered at the origin and the camera poses distributed
on a sphere along an Archimedean spiral. The images have a resolution of 64×64. Figure 9
shows examples of RGB images and depth maps from the dataset.

4.3.2 Results

We trained our hierarchical Gaussian model, with and without a depth discriminator, on
both a single scene and multiple scenes to evaluate our approach. Figure 11 illustrates
selected results. Figures 11a and 11b show results obtained with different hyperparameters
while overfitting the hierarchical generator to a single scene. Figure 11a uses the basic
setup from the paper, whereas Figure 11b shows results from the pipeline with a depth
discriminator (see Figure 10b). Figure 11c shows results from training on 30 car scenes,
each with 250 poses. We generate a single asset containing the Gaussians and render it
in 150–250 ms.
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Across the tested hyperparameter settings, the model produced either highly anisotropic
Gaussians scattered without a coherent form or a large cluster of Gaussians rendered as
colored Gaussian noise. We hypothesize that the architecture may not yet be capable of
generating dense assets with accurate geometry. Future work should investigate higher
resolutions, more data, and longer training. The project timeframe did not permit the
longer experimental cycles required.

(a) Adversarial loss with basic setup. (b) Adversarial loss with depth discriminator.

(c) Adversarial loss with depth discriminator
(generator trained on 30 scenes).

(d) The Gaussians generated for the object
shown in Figure 11c, viewed from a different
position in 3D space.

Figure 11: Overfitting to a single scene (top) and training on 30 scenes (bottom). Each
sample shows example poses (left) and the corresponding renderings (right). Best viewed
at high magnification.

4.4 Discussion

As illustrated, our feed-forward approaches can generate single-object scenes of cars. The
models learn pose-conditioned car representations. For depth back-projection, pose con-
ditioning is required because the 2D depth map must represent depth from the specified
viewpoint, as described in Section 4.2.1. For hierarchical Gaussians, the pose-conditioned
generator (see Figure 11) produces 3D Gaussians that resemble the target car when ras-
terized from the conditioned viewpoint, particularly when overfitting a single scene. The
resemblance is weaker after training on multiple scenes. When the Gaussians are inspected
from a different viewpoint, as shown in Figure 11d, their disorganized structure becomes
apparent. Thus, the underlying 3D asset does not faithfully represent the car’s geometry.
Ideally, the feed-forward generator would produce a dense, pose-independent set of Gaus-
sians that matches the car’s geometry. This remains difficult without a geometric prior,
even with a depth discriminator, and is therefore left for future work.
We also attempted a quantitative evaluation using unconditional-generation metrics. How-
ever, the Fréchet Inception Distance (FID) scores ranged from 500 to 600. We attribute
this to several factors. As the examples show, the generated 3D assets have limited diver-
sity and distinctness compared with the evaluation set, which contains dozens of distinct
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cars rendered from 250 viewpoints each. This creates a substantial distribution mismatch.
The limited number of generated samples and the low resolution may also affect the met-
ric.
Unconditional object generation remains an active research frontier; reference pipelines
for feed-forward generation, such as [17, 15], were first released in June 2024. Our exper-
iments explore these recent developments.



5 Object-Centric Sparse-View 3DGS 17

5 Object-Centric Sparse-View 3D Gaussian Recon-

struction and Decomposition

Chapter author: Wenbo Ji

5.1 Introduction

5.1.1 Motivation and Research Context

Reconstructing a scene from only a few calibrated images requires more than reproducing
visible colors. A useful representation must recover geometry, appearance, and object
structure. With sparse-view observations, all three are uncertain: occluded surfaces lack
evidence, repeated textures weaken correspondence, and an image can look plausible
despite inconsistent 3D geometry. The central problem is therefore to infer not only a
renderable scene, but also a representation whose elements can be interpreted and selected.
NeRFs [27] synthesize high-quality novel views but conventionally optimize a separate
representation for each scene and repeatedly sample camera rays. Sparse-view and gen-
eralizable variants reduce ambiguity through regularization, learned priors, or transferred
multi-view features [28, 40, 8, 19, 42]. 3DGS [22], illustrated in Figure 1, instead repre-
sents a scene with explicit anisotropic Gaussians and renders them by rasterization. Its
accessible position, opacity, covariance, and appearance parameters make it attractive for
structured scene modeling, although the original method assumes dense observations and
per-scene optimization.
Feed-forward methods predict Gaussians directly from sparse images. Splatter Image [38]
regresses pixel-aligned Gaussians from one object-centered image, but monocular depth
is ambiguous. pixelSplat [7] reconstructs general scenes from two views using epipolar
features and a learned depth distribution. MVSplat [9] makes geometry more explicit
through plane-sweep cost volumes. These methods emphasize appearance and geometry,
whereas semantic 3DGS methods such as Gaussian Grouping [46] attach identity features
for object selection but rely on dense views and scene-specific optimization. A gap remains
between fast sparse-view reconstruction and object-centric understanding.
We study that gap with a feed-forward model that reconstructs and decomposes an indoor
scene from two calibrated RGB images. Our hypothesis has two parts: a multi-view depth
prior anchors Gaussian centers to correspondence evidence, and joint semantic prediction
makes the same Gaussians directly decomposable. The geometry branch determines where
evidence enters 3D space; the semantic branch determines how those primitives can be
grouped. Both are supervised through rendered target views, so reconstruction and de-
composition share one spatial representation.

5.1.2 Problem Definition

Given two calibrated views, we seek a mapping from the input images to a set of Gaussians
that encode a center, opacity, covariance, color, and semantic feature. Rasterizing the
complete set should reproduce target RGB and semantic images; selecting Gaussians
by class should yield a meaningful subscene without fitting another model. Novel-view
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synthesis tests appearance, depth-conditioned placement tests cross-view geometry, and
semantic selection tests whether the representation contains usable object structure.

5.1.3 Contributions

The work makes four contributions:

• We construct a synthetic indoor pipeline from 3D-FRONT and 3D-FUTURE with
aligned RGB, depth, semantic, instance, and camera supervision.

• We implement a two-view architecture combining transformer feature exchange,
cost-volume depth estimation, and pixel-aligned Gaussian prediction.

• We jointly predict semantic Gaussian features for class-conditioned subscene selec-
tion.

• We analyze qualitative reconstruction, semantics, decomposition, and characteristic
representation failures.

5.1.4 Chapter Organization

Figure 12 summarizes the chapter. Section 5.2 presents the data pipeline, Section 5.3
presents the model, and Section 5.4 presents the three evaluation questions. Section 5.5
interprets the observed limitations and future directions.

Data Generation

1. Costume Dataset Rendering

2. Data Preprocessing

Proposed Pipeline

1. Multi-View Depth Estimation

2. Gaussian Parameters Prediction

3. Training Loss Functions

Experiments & Results

Figure 12: Overview of the project pipeline and chapter structure.

5.2 Data Generation

5.2.1 Why Synthetic Indoor Supervision

Joint geometry, appearance, and semantic learning requires pixel-aligned images, la-
bels, depth, and cameras. Real indoor datasets often contain missing depth, annotation
noise, or registration errors. Synthetic rendering provides exact calibration and consistent
modalities, allowing observed errors to be attributed more directly to the representation.
We use 3D-FRONT [11] for professionally designed indoor layouts and 3D-FUTURE [12]
for their textured furniture models. Together they provide controlled variation in layout,
viewpoint, object placement, and appearance.

5.2.2 Rendering Pipeline

The source collection contains approximately 6k scenes with 2–3 rooms each. We process
it room by room in Blender.
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Scene and label selection We retain living rooms, dining rooms, and bedrooms, which
contain recurring furniture under varied arrangements and occlusions. Source categories
are mapped to six labels: void, chair, table, bed, stand, and sofa. Void includes back-
ground surfaces and categories outside this vocabulary.

Camera and modality generation We sample valid camera poses inside each room
and orient them toward the interior. The views must share enough content for correspon-
dence while retaining sufficient parallax for depth estimation. For each room, we render 60
calibrated keyframes. At every pose, we render aligned RGB, depth, semantic-label, and
instance-label images (Figure 13). RGB supervises appearance, semantic labels supervise
Gaussian classes, and depth and instances provide geometric and object-level information
for inspection.

Figure 13: Aligned synthetic supervision: RGB, semantics, depth, and instances.

Filtering and tensor organization We remove scenes with strongly occluded views,
low average image brightness, or fewer objects than the specified threshold. These filters
reject blocked cameras, poorly illuminated interiors, and trivial decomposition cases. Ap-
proximately 2k scenes remain. Each scene tensor stores its identifier, calibrated cameras,
RGB images, depth maps, and semantic labels with synchronized view indices. During
training, two source views and a target view are selected from the same room.

5.2.3 Dataset Limitations

The six-class vocabulary is coarse: it merges unmodeled content into void and cannot dis-
tinguish instances of the same class. Synthetic textures, lighting, and exact cameras also
omit sensor noise, exposure variation, calibration error, and material complexity. More-
over, the camera generator and scene layouts induce a narrower occlusion distribution
than unconstrained real observations. Restricting the data to three room types and fil-
tering difficult views further reduces diversity. The dataset therefore supports controlled
representation learning, but not a claim of real-world generalization; richer semantics,
difficult occlusions, and synthetic-to-real transfer remain open problems.
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5.3 Method

5.3.1 Architecture Overview

We begin with K sparse-view images I = {I i}Ki=1, where I i ∈ RH×W×3, and camera
matrices P = {P i}Ki=1. Each P i = Ki[Ri | ti] contains intrinsics, rotation, and translation.
The formulation supports multiple views; our experiments use two. We learn

fθ : {(I i, P i)}Ki=1 7→ {(µj, αj,Σj, cj, sj)}H×W×K
j=1 , (4)

where each input pixel predicts one Gaussian center µj, opacity αj, covariance Σj, color
cj, and semantic feature sj.
Figure 14 summarizes the tensor flow. A shared encoder and transformer exchange infor-
mation across views. Plane sweeping converts these features into depth costs, and a 2D
U-Net [33] predicts per-view depth maps. Unprojection determines the Gaussian centers;
a parallel head predicts all remaining attributes. The same Gaussians are rasterized into
target RGB and semantic outputs. Geometry is thus anchored to correspondence, while
appearance and semantics remain attached to the resulting spatial primitives.

Multi-view

Transformer

(w/cross-view 

attention)

2D UNet
Cost volume
refinement

GT Semantic

2D UNet
Depth

refinement

Predict
Head

Predict
Head

𝜇!, 𝛼!, ∑!, 𝑐!, 𝑠!

𝜇" , 𝛼" , ∑" , 𝑐" , 𝑠"

𝛼!, ∑!, 𝑐!, 𝑠!

𝛼" , ∑" , 𝑐" , 𝑠"

Differential 
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Cost 
Volume

Gaussian 
Initialization

Figure 14: The proposed model predicts a depth-conditioned Gaussian representation
with jointly rendered appearance and semantics.

5.3.2 Multi-View Feature Extraction

Each image is encoded as F i ∈ RH/4×W/4×C . Self-attention adds within-view context,
while cross-attention exchanges evidence between views. The resulting features remain
pixel-aligned with the camera rays but can disambiguate a local patch using the second im-
age. These features are used both for geometric matching and by the Gaussian-parameter
head, allowing semantic prediction to benefit from multi-view context.

5.3.3 Cost-Volume Depth Estimation

Following MVSplat [9], we explicitly test correspondence with a plane-sweep cost volume
[44, 45]. Given near and far bounds, D depths {dm}Dm=1 are sampled uniformly in inverse
depth. For reference view i, features from view j are warped at every hypothesis:

F j→i
dm

= W(F j, P i, P j, dm) ∈ R
H
4
×W

4
×C , m = 1, 2, . . . , D. (5)
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Their normalized dot product with the reference features produces

Ci
dm =

F i · F j→i
dm√
C

∈ R
H
4
×W

4 , m = 1, 2, . . . , D. (6)

Stacking the correlations yields

Ci = [Ci
d1
, Ci

d2
, . . . , Ci

dD
] ∈ R

H
4
×W

4
×D. (7)

A 2D U-Net refines Ci together with the transformer features. The expected depth under
the softmax distribution is

V i = softmax(Ĉi)[d1, d2, . . . , dD]
T ∈ RH×W . (8)

A second 2D U-Net module refines V i at image resolution. This reduces unconstrained 3D
placement to a depth decision along a calibrated ray, although weak texture and occlusion
can still make the cost distribution ambiguous.

5.3.4 Gaussian Parameter Prediction

Centers µ We unproject each refined depth map into a common world coordinate sys-
tem. The deterministic union of the per-view point clouds defines the centers. It retains
both views but does not merge duplicate observations of the same surface.

Opacity α The maximum of softmax(Ĉi) provides matching confidence. Two convolu-
tional layers convert it into opacity, allowing uncertain correspondence to contribute less
strongly.

Covariance Σ and color c Two convolutional layers process the image features, refined
cost volume, and RGB input. Following feed-forward 3DGS methods [7, 38], covariance
is parameterized by scaling and quaternion rotation. Color is evaluated from predicted
spherical-harmonic coefficients.

5.3.5 Semantic Decomposition

The same head predicts a six-class feature sj for every Gaussian. Because sj shares the
center, covariance, opacity, and rasterization path of cj, target-view semantic supervision
constrains the reconstructed primitives rather than a separate 2D decoder. Let ŷj denote
the assigned class. A requested class q defines

Gq = {(µj, αj,Σj, cj, sj) | ŷj = q}. (9)

Rasterizing Gq yields a class-conditioned subscene without retraining. The current vocab-
ulary selects a class rather than a specific instance.
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5.3.6 Training Objectives

We supervise rendered RGB with an L2 term and LPIPS [49], and rendered semantics
with a cross-entropy loss:

L = L2 + 0.05LLPIPS + Lsem. (10)

All losses act through the same differentiable rasterizer. Consequently, incorrect place-
ment can affect both color and class prediction, which couples reconstruction quality to
decomposition quality.

5.4 Experiment

5.4.1 Experimental Protocol

Dataset and implementation We use approximately 2k filtered scenes from Sec-
tion 5.2.2 with an 80:20 training–test split. The model is implemented in PyTorch with
a custom CUDA Gaussian rasterizer. The transformer architecture and depth-sampling
strategy follow MVSplat [9]. We train for 250,000 iterations on a GPU with 48 GB of
memory using Adam [23].

Evaluation scope Because the current evidence is qualitative, we do not claim numer-
ical superiority or generalization beyond the synthetic test setting. We ask three research
questions (RQs):

• RQ1: Can two input views support coherent novel-view reconstruction?

• RQ2: Are the rendered semantic predictions spatially consistent?

• RQ3: Do semantic Gaussian features support useful decomposition?

5.4.2 RQ1: Reconstruction Quality

Figure 15 shows that the model preserves the dominant room layout, central table, and left
cabinet across nearby target viewpoints. Large wall, floor, and tabletop regions remain
coherent, indicating that the cost volume establishes useful correspondence from two
inputs.
The central table nevertheless has softened or doubled contours, and the cabinet boundary
shows blur against the wall. The likely cause is a small disagreement between per-view
depths: direct point-cloud union places redundant Gaussians near, rather than on, the
same surface. The depth maps recover the broad near-to-far layout and a distinct fore-
ground table, but their silhouettes are less stable than large planar interiors. Occlusion
and weak texture reduce matching evidence, and RGB blending can conceal geometric
inconsistency that remains visible in depth.
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Input Views Target Views Rendered Views GT Semantic Pred. Semantic Pred. Depths

Figure 15: Input views, target views, rendered RGB, ground-truth and predicted seman-
tics, and predicted depths.

5.4.3 RQ2: Semantic Prediction Quality

Semantic predictions are stable over dominant region interiors: the background and cen-
tral table retain consistent class colors across target views, and the left furniture is rec-
ognized at a coarse scale. Since these labels are rendered from Gaussian features, the
agreement suggests that semantics are carried by the 3D primitives rather than indepen-
dently decoded per target image.
Errors concentrate at contours and small regions. Thin incorrect strips appear near the
left furniture, and the table silhouette deviates from the target. These failures combine
classification ambiguity with geometry: a misplaced or oversized Gaussian renders its
semantic feature into the wrong region. Stable decomposition therefore requires both
accurate features and boundary-aware placement.

5.4.4 RQ3: Object-Centric Decomposition

Figure 16 renders semantic subsets separately. Dominant furniture remains recognizable
after other classes are removed, and the subsets retain appearance, showing that geometry,
color, and semantics share the same primitives. Thin, distant, or occluded objects are
more fragmented; neighboring residuals remain near some boundaries. Moreover, class
selection cannot distinguish two instances with the same label. The result demonstrates
object-level accessibility, but not yet instance-consistent decomposition.
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Figure 16: Class-conditioned Gaussian subsets rendered as separate subscenes.

5.4.5 Experimental Finding

The three questions expose a shared failure chain: uncertain depth creates redundant
or misplaced Gaussians; these blur RGB boundaries and carry semantic features into
neighboring regions; selection then reveals the inconsistency. The appropriate target for
improvement is therefore the representation and its fusion mechanism, not only the final
image decoder.

5.5 Discussion

5.5.1 Findings and Limitations

The project shows that a feed-forward model can turn two calibrated images into a repre-
sentation that supports novel-view rendering, semantic prediction, and class-conditioned
selection. Cost-volume depth recovers the dominant layout, and semantic features remain
stable over major furniture regions. More importantly, the failures identify four coupled
limitations.

Sparse-view depth uncertainty Plane sweeping constrains geometry along camera
rays, but textureless areas, repeated patterns, narrow baselines, and occlusions can pro-
duce an ambiguous depth distribution. An incorrect center then affects every attached
attribute, appearing as RGB blur, a semantic error, and an incomplete selected object.
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Cross-view redundancy Deterministically uniting dense per-view point clouds does
not determine whether two pixels observe the same surface. Small depth discrepancies
create duplicate Gaussians with different color, opacity, or semantics. Blending may hide
this redundancy in RGB while leaving the representation inconsistent.

Semantic boundaries Large interiors are more stable than contours and thin struc-
tures. A Gaussian near a depth discontinuity can cover both sides of a boundary, and the
six-class vocabulary cannot distinguish instances of one category.

Synthetic-to-real gap Synthetic images provide exact cameras and labels but omit real
sensor noise, calibration error, exposure changes, complex materials, and unconstrained
clutter. The filtered three-room dataset also narrows viewpoint and scene diversity. The
current evidence therefore concerns a controlled setting rather than real-world robustness.

5.5.2 Future Research Directions

These limitations motivate a progression of representation questions.

Correspondence-guided fusion Cross-view matching could determine which per-
view Gaussians describe the same surface. A learned fusion stage could combine compat-
ible position, appearance, and semantics while using cost-volume confidence to preserve
genuinely separate or occluded observations.

Compact and consistent Gaussians A feed-forward model should predict the prim-
itives required by a scene rather than retain one per input pixel. Visibility-aware con-
solidation, pruning, or consistency objectives could reduce duplication and make each
Gaussian a more stable unit for editing and reasoning.

Open-vocabulary semantics Language-aligned features could replace the fixed six-
class output, while instance cues could distinguish multiple objects of one category. The
challenge is to preserve rich semantics across views without transferring noisy 2D bound-
aries into 3D.

Dynamic scenes and temporal consistency Extending the representation from
static 3D to 4D requires separating camera motion, object motion, and changing vis-
ibility while preserving identity. The present depth and semantic branches provide a
starting point, but temporal correspondence must keep an object addressable as it moves
or becomes occluded.

Embodied perception and interaction For robots, reconstruction is useful when ob-
jects can be localized, tracked, selected, and related to free space or actions. Object-centric
Gaussians could become a structured world representation connecting visual evidence to
spatial reasoning and interaction. This shifts evaluation from photorealism alone toward
whether geometry and semantics remain reliable for decisions.
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The sequence is deliberate: sparse-view reconstruction supplies geometry, decomposition
exposes components, temporal modeling tests their persistence, and embodied interaction
tests their utility. More broadly, the experiments show that plausible rendered images
can conceal structural inconsistency. This observation shifts the research focus from
implementing an image-generation pipeline to diagnosing the correspondence, fusion, and
semantic bottlenecks of the underlying representation.
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