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ABSTRACT OF THE DISSERTATION

From 3D Reconstruction to Spatial Intelligence:
Bridging Vision Foundation Models with the 3D World

by

Yang Fu

Doctor of Philosophy in Electrical Engineering (Signal and Image Processing)

University of California San Diego, 2026

Professor Xiaolong Wang, Chair

Understanding the 3D world from visual observations is a fundamental challenge in

computer vision, with broad implications for robotics, autonomous driving, and embodied AI.

Despite remarkable progress in 2D vision, a critical disconnect persists: existing foundation

models are anchored to the 2D image plane and lack the geometric grounding needed to reason

about 3D environments. At the root of this disconnect lies a data problem — 3D data is expensive,

difficult to scale, and insufficient to support the kind of large-scale training that has driven 2D

progress. This thesis addresses these challenges across three interconnected thrusts: scalable 3D

data curation, spatial reasoning, and real-world 3D perception.

xiii



First, I tackle the 3D data bottleneck from two complementary perspectives. From a

reconstruction standpoint, I present COLMAP-Free 3D Gaussian Splatting, which eliminates the

dependence on structure-from-motion preprocessing, enabling scalable 3D reconstruction from

casually captured video. From a generative standpoint, I present HOIDifusion, which leverages

diffusion models to generate realistic 3D hand-object interaction data, addressing a data gap that

is particularly critical for embodied AI. Second, I investigate how to bridge the gap between 2D

foundation models and the 3D world. I propose a feature distillation framework that transfers 3D

structural knowledge into 2D vision-language models, equipping them with spatial reasoning

capabilities without requiring full 3D supervision at inference time. Third, I push 3D perception

toward robust real-world deployment. I address category-level 6D object pose estimation in the

wild through semi-supervised learning, and demonstrate how scene reconstruction can serve as

structural mapping priors to improve 3D object detection for autonomous driving.

Together, these contributions form a cohesive path from raw visual data to semantically

rich, spatially aware intelligence — advancing the long-term goal of machines that can perceive,

reason about, and act within the 3D world.
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Introduction

The past decade has witnessed transformative progress in computer vision, driven largely

by the success of deep learning on large-scale 2D image and video data. Foundation models

trained on billions of images have demonstrated remarkable capabilities in recognition, segmen-

tation, and language-grounded visual understanding. Yet despite this progress, a fundamental

limitation persists: these models are inherently anchored to the 2D image plane. They perceive

the world as a collection of pixels, without an intrinsic understanding of the three-dimensional

structure that underlies every visual observation. For machines to truly perceive and reason about

the world — as humans do — bridging this gap between 2D foundation models and the 3D world

is essential.

This disconnect manifests in many practical failure modes. A state-of-the-art vision-

language model can identify that a cup is ”to the left of the keyboard” in an image, but cannot

reliably estimate how far away it is, whether it is in front of or behind another object in 3D space,

or how its pose would change from a different viewpoint. Similarly, autonomous driving systems

that rely primarily on 2D perception struggle to accurately localize objects in 3D, reason about

occlusion, or generalize to novel environments. As AI systems are increasingly deployed in

embodied and interactive settings — robotics, autonomous vehicles, augmented reality — the

inability to ground perception in three dimensions becomes a critical bottleneck.

The remarkable success of 2D foundation models rests on one key ingredient: data.

Models like CLIP, DINO, and GPT-4V benefit from internet-scale supervision — billions of

image-text pairs that provide rich, diverse, and naturally annotated training signal. The 3D world,

however, lacks an equivalent. Acquiring accurate 3D data is expensive, labor-intensive, and
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difficult to scale. Traditional pipelines rely on controlled capture setups, depth sensors, or manual

annotation, all of which impose significant constraints on diversity and scale. As a result, 3D

perception and reconstruction models have historically been trained on small, domain-specific

datasets that fail to capture the complexity and variability of real-world environments.

This data scarcity creates a vicious cycle: without large-scale 3D data, models cannot

learn robust 3D representations; without robust representations, it is difficult to build the auto-

mated pipelines needed to generate more 3D data. Breaking this cycle requires rethinking how

we acquire, represent, and leverage 3D information — starting from raw, unconstrained visual

observations and building upward toward rich semantic understanding.

Thesis Overview and Contributions

This thesis addresses the disconnect between 2D foundation models and the 3D world

through three interconnected research thrusts — data curation, spatial reasoning, and real-world

perception — organized across five technical chapters.

Chapter 1: Scalable 3D Data Curation from Pose-Free Reconstruction. The first

thrust tackles the 3D data bottleneck from a reconstruction perspective. Traditional 3D reconstruc-

tion pipelines depend heavily on structure-from-motion preprocessing, which is computationally

expensive, prone to failure in textureless or dynamic scenes, and fundamentally limits scalability.

I present COLMAP-Free 3D Gaussian Splatting, a method that eliminates this dependency by

jointly optimizing camera poses and 3D Gaussian representations directly from image sequences.

This enables scalable, high-quality 3D reconstruction from casually captured video without any

preprocessing, opening the door to large-scale 3D data acquisition in the wild.

Chapter 2: Scalable 3D Data Curation from Generative Models. While reconstruction

approaches capture real-world scenes, they remain limited by what can be physically observed

and captured. The second data-curation thrust takes a complementary approach: generating

realistic 3D training data through generative modeling. I present HOIDifusion, a framework for

generating realistic 3D hand-object interaction data by leveraging diffusion models conditioned
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on 3D geometry. This addresses a particularly challenging data gap — hand-object interactions

are difficult to capture at scale but critical for robotics and embodied AI applications.

Chapter 3: Bridging 2D Vision Language Models to the 3D World. With scalable

3D data in hand, the second research thrust investigates how to close the gap between powerful

2D foundation models and 3D understanding. I present a feature distillation framework that

transfers 3D structural knowledge into 2D vision-language models, equipping them with spatial

awareness without requiring full 3D supervision at inference time. This work demonstrates that

the representational richness of 3D data can be effectively distilled into the scalable architecture

of 2D VLMs, enabling genuine spatial reasoning capabilities.

Chapter 4: 3D Perception in the Wild — Category-Level 6D Object Pose Estimation.

The third thrust pushes toward robust 3D perception in unconstrained real-world settings. I

address category-level 6D object pose estimation, where the goal is to estimate the full 3D

position and orientation of objects across diverse categories without instance-specific models. I

develop approaches based on semi-supervised learning and self-supervised geometric correspon-

dence that generalize across object categories and challenging capture conditions, significantly

advancing the state of the art on in-the-wild pose estimation.

Chapter 5: 3D Perception in the Wild — Scene Reconstruction as Mapping Priors

for Autonomous Driving. The final technical chapter scales 3D perception to the autonomous

driving setting, where accuracy, generalization, and efficiency are all critical. I present a frame-

work that leverages scene reconstruction as structural mapping priors for 3D object detection,

enabling detection models to exploit rich geometric context beyond what is available from raw

sensor inputs alone. This work demonstrates that reconstruction and perception, often treated as

separate problems, can be deeply integrated to mutual benefit.

Finally, Chapter 6 concludes the thesis with a discussion of limitations and promising

directions for future research.
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Chapter 1

Scalable 3D Data Curation from Pose-Free
Reconstruction

1.1 Introduction

The field of photo-realistic scene reconstruction and view synthesis has been largely

advanced with the rise of Neural Radiance Fields (NeRFs [97]). An important initialization

step for training NeRF is to first prepare the camera poses for each input image. This is usually

achieved by running the Structure-from-Motion (SfM) library COLMAP [129]. However, this

pre-processing is not only time-consuming but also can fail due to its sensitivity to feature

extraction errors and difficulties in handling textureless or repetitive regions.

Recent studies [157, 80, 9] have focused on reducing the reliance on SfM by integrating

pose estimation directly within the NeRF framework. Simultaneously solving 3D scene recon-

struction and camera registration has been a chicken-and-egg problem for a long time in computer

vision. This challenge is further amplified in the context of NeRF and its implicit representation,

where the optimization process often involves additional constraints. For instance, BARF [80]

requires initial poses that are close to their ground truth locations, and NeRFmm [157] is largely

limited to face-forwarding scenes. The recently proposed Nope-NeRF [9] takes a long time to

train (30 hours) and does not work well when the camera pose changes a lot (e.g., 360 degrees),

as shown in the two top cases in Fig. 1.1. Fundamentally, NeRFs optimize camera parameters in

an indirect way, by updating the ray casting from camera positions, which makes optimization
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Figure 1.1. Novel View Synthesis and Camera Pose Estimation Comparison. We propose
COLMAP-Free 3D Gaussian Splatting (CF-3DGS) for novel view synthesis without known
camera parameters. Our method achieves more robustness in pose estimation and better quality
in novel view synthesis than previous state-of-the-art methods.

challenging.

The arrival of 3D Gaussian Splatting [60] extends the volumetric rendering in NeRFs to

accommodate point clouds. While it was originally proposed with pre-computed cameras, we find

it offers a new opportunity to perform view synthesis without SfM pre-processing. We propose

COLMAP-Free 3D Gaussian Splatting (CF-3DGS), which leverages two key ingredients: the

temporal continuity from video and the explicit point cloud representation. We summarize

out approach below.

Instead of optimizing with all the frames at once, we propose to build the 3D Gaussians

of the scene in a continuous manner, “growing” one frame at a time as the camera moves. In

this process, we will extract a local 3D Gaussians set for each frame, and also maintain a global

3D Gaussians set of the whole scene. Assuming we are iterating through 𝑡 = {1, ...,𝑇} frames in

a sequential manner, we perform a two-step procedure each time: (i) We construct a local 3D

Gaussians set given frame 𝑡 −1, and we sample the next nearby frame 𝑡. Our goal is to learn an

affine transformation that can transform the 3D Gaussians in frame 𝑡 −1 to render the pixels in
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frame 𝑡. Neural rendering provides the gradients for optimizing the affine transformation, which

is essentially the relative camera pose between frames 𝑡−1 and 𝑡. This optimization is not difficult

as the explicit point cloud representation allows us to directly apply an affine transformation on

it which cannot be achieved with NeRFs, and the two frames are close (temporal continuity)

which makes the transformation relatively small. (ii) Once we have the relative camera pose

between frames 𝑡 − 1 and 𝑡, we can infer the relative pose between the first frame and frame

𝑡. This allows us to aggregate the current frame information into the global 3D Gaussians set,

where we will perform optimization with the current and all the previous frames and camera

poses.

We experiment with two datasets: the Tanks and Temples dataset [68] and videos

randomly selected from the CO3D dataset [123]. We evaluate both view synthesis and camera

pose estimation tasks, and compare with previous approaches without pre-computed camera

poses. Our method performs significantly better than previous approaches on view synthesis in

both datasets. For camera pose estimation, we find our method performs on par with the most

recent Nope-NeRF [9] when the camera motion is small, and outperforms all approaches by a

large margin when the camera changes a lot, such as in the 360-degree videos in CO3D.

1.2 Preliminary: 3D Gaussian Splatting

3DGS [60] models the scene as a set of 3D Gaussians, which is an explicit form of

representation, in contrast to the implicit representation used in NeRFs. Each Gaussian is

characterized by a covariance matrix Σ and a center (mean) point 𝜇,

𝐺 (𝑥) = 𝑒− 1
2 (𝑥−𝜇)

⊤Σ−1 (𝑥−𝜇) (1.1)

The means of 3D Gaussians are initialized by a set of sparse point clouds(e.g., always obtained

from SfM). Each Gaussian is parameterized as the following parameters: (a) a center position

𝜇 ∈ R3; (b) spherical harmonics (SH) coefficients 𝑐 ∈ R𝑘 (k represents the degrees of freedom)
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that represents the color; (c) rotation factor 𝑟 ∈ R4 (in quaternion rotation); (d) scale factor 𝑠 ∈ R3;

(e) opacity 𝛼 ∈ R. Then, the covariance matrix Σ describes an ellipsoid configured by a scaling

matrix 𝑆 = diag( [𝑠𝑥 , 𝑠𝑦, 𝑠𝑧]) and rotation matrix 𝑅 = q2R( [𝑟𝑤, 𝑟𝑥 , 𝑟𝑦, 𝑟𝑧]), where 𝑞2𝑅() is the

formula for constructing a rotation matrix from a quaternion. Then, the covariance matrix can be

computed as follows,

Σ = 𝑅𝑆𝑆⊤𝑅⊤ (1.2)

In order to optimize the parameters of 3D Gaussians to represent the scene, we need to

render them into images in a differentiable manner. As introduced in [60], the rendering from a

given camera view𝑊 involves the process of splatting the Gaussian onto the image plane, which

is achieved by approximating the projection of a 3D Gaussian along the depth dimension into

pixel coordinates. Given a viewing transform𝑊 (also known as the camera pose), the covariance

matrix Σ2D in camera coordinates can be expressed by

Σ2D = 𝐽𝑊Σ𝑊⊤𝐽⊤ (1.3)

where 𝐽 is the Jacobian of the affine approximation of the projective transformation. For each

pixel, the color and opacity of all the Gaussians are computed using Eq. 1.1, and the final

rendered color can be formulated as the alpha-blending of 𝑁 ordered points that overlap the

pixel,

𝐶𝑝𝑖𝑥 =

𝑁∑︁
𝑖

𝑐𝑖𝛼𝑖

𝑖−1∏
𝑗

(1−𝛼 𝑗 ) (1.4)

where 𝑐𝑖, 𝛼𝑖 represents the density and color of this point computed from the learnable per-point

opacity and SH color coefficients weighted by the Gaussian covariance Σ, which we ignore in

Eq. 1.4 for simplicity.

To perform scene reconstruction, given the ground truth poses that determine the projec-

tions, we fit a set of initialized Gaussian points to the desired objects or scenes by learning their

parameters, i.e., 𝜇 and Σ. With the differentiable renderer as in Eq. 1.4, all those parameters,
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along with the SH and opacity, can be easily optimized through a photometric loss. In our

approach, we reconstruct scenes following the same process, but replacing the ground truth poses

with the estimated ones, as detailed in the following sections.

1.3 COLMAP-Free 3D Gaussian Splatting

Given a sequence of unposed images along with camera intrinsics, our goal is to recover

the camera poses and reconstruct the photo-realistic scene. To this end, we propose CF-3DGS to

optimize the 3D Gaussian Splatting (3DGS [60]) and camera poses simultaneously. We detail

our method in the following sections: first, we propose a local 3DGS, a simple yet effective

method to estimate the relative camera pose from each pair of nearby frames, in Sec. 1.3.1.

Then, we introduce a global 3DGS, featuring a progressive expansion of the 3D Gaussians from

unobserved views in sequential order, in Sec. 1.3.2.

1.3.1 Local 3DGS for Relative Pose Estimation

Previous studies [80, 59, 9] have demonstrated the feasibility of simultaneously estimating

camera parameters and optimizing a Neural Radiance Field (NeRF). This typically involves the

integration of various regularization terms and geometric priors. However, rather than directly

optimizing camera poses, most existing methods prioritize optimizing the ray casting process

from varying camera positions. This is dictated by the nature of implicit representation and the

implementation of ray tracing in NeRFs. This indirect approach often results in a complex and

challenging optimization under large camera movement scenarios.

On the other hand, 3DGS [60] utilizes an explicit scene representation in the form of

point clouds enabling straightforward deformation and movement, as demonstrated in its recent

application to dynamic scenes [92, 160]. To take advantage of 3DGS, we introduce a local 3DGS

to estimate the relative camera pose.

We reveal the relationship between the camera pose and the 3D rigid transformation of

Gaussian points, in the following. Given a set of 3D Gaussians with centers 𝜇, projecting them
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Figure 1.2. Overview of proposed CF-3DGS. Our method takes a sequence of images as input
to learn a set of 3D Gaussian that presents the input scene and jointly estimates the camera poses
of the frames. We first introduce a local 3DGS to estimate the relative pose of two nearby frames
by approximating the Gaussian transformation. Then, a global 3DGS is utilized to model the
scene by progressively growing the set of 3D Gaussian as the camera moves.

with the camera pose𝑊 yields:

𝜇2D = 𝐾 (𝑊𝜇)/(𝑊𝜇)𝑧 (1.5)

where 𝐾 is the intrinsic projection matrix. Alternatively, the 2D projection 𝜇2D can be obtained

from the orthogonal direction I of a set of rigidly transformed points, i.e., 𝜇′ =𝑊𝜇, which yields

𝜇2D := 𝐾 (I𝜇′)/(I𝜇′)𝑧. As such, estimating the camera poses 𝑊 is equivalent to estimating the

transformation of a set of 3D Gaussian points. Based on this finding, we designed the following

algorithm to estimate the relative camera pose.

Initialization from a single view. As demonstrated in Fig. 1.2 (bottom part), given a frame

𝐼𝑡 at timestep 𝑡, we first utilize an off-the-shelf monocular depth network, i.e., DPT [120], to

generate the monocular depth, denoted as 𝐷𝑡 . Given that monocular depth 𝐷𝑡 offers strong

geometric cues without needing camera parameters, we initialize 3DGS with points lifted from
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monocular depth, leveraging camera intrinsic and identity camera pose, instead of the original

SfM points. After initialization, we learn a set of 3D Gaussian 𝐺 𝑡 with all attributes to minimize

the photometric loss between the rendered image and the current frame 𝐼𝑡 ,

𝐺 𝑡
∗ = arg min

𝑐𝑡 ,𝑟𝑡 ,𝑠𝑡 ,𝛼𝑡
L𝑟𝑔𝑏 (R(𝐺 𝑡), 𝐼𝑡), (1.6)

where R is the 3DGS rendering process. The photometric loss L𝑟𝑔𝑏 is L1 combined with a

D-SSIM:

L𝑟𝑔𝑏 = (1−𝜆)L1 +𝜆LD-SSIM (1.7)

We use 𝜆 = 0.2 for all experiments. This step is quite lightweight to run and only takes around 5s

to fit the input frame 𝐼𝑡 .

Pose Estimation by 3D Gaussian Transformation. To estimate the relative camera pose, we

transform the pre-trained 3D Gaussian 𝐺 𝑡
∗ by a learnable SE-3 affine transformation 𝑇𝑡 into

frame 𝑡 +1, denoted as 𝐺 𝑡+1 = 𝑇𝑡 ⊙𝐺 𝑡 . The transformation 𝑇𝑡 is optimized by minimizing the

photometric loss between the rendered image and the next frame 𝐼𝑡+1

𝑇𝑡
∗ = argmin

𝑇𝑡
L𝑟𝑔𝑏 (R(𝑇𝑡 ⊙𝐺 𝑡), 𝐼𝑡+1), (1.8)

Note that during the aforementioned optimization process, we freeze all attributes of the pre-

trained 3D Gaussian 𝐺 𝑡
∗ to separate the camera movement from the deformation, densification,

pruning, and self-rotation of the 3D Gaussian points. The transformation 𝑇 is represented in

form of quaternion rotation q ∈ 𝔰𝔬(3) and translation vector t ∈ R3. As two adjunct frames are

close, the transformation is relatively small and easier to optimize. Similar to the initialization

phase, the pose optimization step is also quite efficient, typically requiring only 5-10 seconds.
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1.3.2 Global 3DGS with Progressively Growing

By employing the local 3DGS on every pair of images, we can infer the relative pose

between the first frame and any frame at timestep 𝑡. However, these relative poses could be noisy

resulting in a dramatic impact on optimizating a 3DGS for the whole scene. To tackle this issue,

we propose to learn a global 3DGS progressively in a sequential manner.

As described in the top part of Fig. 1.2, starting from the 𝑡th frame 𝐼𝑡 , we first initialize

a set of 3D Gaussian points with the camera pose set as orthogonal, as aforementioned. Then,

utilizing the local 3DGS, we estimate the relative camera pose between frames 𝐼𝑡 and 𝐼𝑡+1.

Following this, the global 3DGS updates the set of 3D Gaussian points, along with all attributes,

over 𝑁 iterations, using the estimated relative pose and the two observed frames as inputs. As

the next frame 𝐼𝑡+2 becomes available, this process is repeated: we estimate the relative pose

between 𝐼𝑡+1 and 𝐼𝑡+2, and subsequently infer the relative pose between 𝐼𝑡 and 𝐼𝑡+2.

To update the global 3DGS to cover the new view, we densify the Gassians that are

”under-reconstruction” as new frames arrive. As suggested in [60], we determine the candidates

for densification by the average magnitude of view-space position gradients. Intuitively, the

unobserved frames always contain regions that are not yet well reconstructed, and the optimiza-

tion tries to move the Gaussians to correct with a large gradient step. Therefore, to make the

densification concentrate on the unobserved content/regions, we densify the global 3DGS every

𝑁 steps that aligns with the pace of adding new frames. In addition, instead of stopping the

densification in the middle of the training stage, we keep growing the 3D Gaussian points until

the end of the input sequence. By iteratively applying both local and global 3DGS, the global

3DGS will grow progressively from the initial partial point cloud to the completed point cloud

that covers the whole scene throughout the entire sequence, and simultaneously accomplish

photo-realistic reconstruction and accurate camera pose estimation.
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1.4 Experiments

1.4.1 Experimental Setup

Datasets. We conduct extensive experiments on different real-world datasets, including

Tanks and Temples [68] and CO3D-V2 [123]. Tanks and Temples: Similar to [9], we evaluate

novel view synthesis quality and pose estimation accuracy on 8 scenes covering both indoor and

outdoor scenes. For each scene, we sample 7 images from every 8-frame clip as training samples

and test the novel view synthesis quality on the remaining 1/8 images. The camera poses are

estimated and evaluated on all training samples after Umeyama alignment [151]. CO3D-V2:

It consists of thousands of object-centric videos where the whole object is kept in view while

moving a full circle around it. Compared with Tanks and Temples, recovering camera poses

from CO3D videos is much harder as it involves large and complicated camera motions. We

randomly select 5 scenes of different categories objects and follow the same protocol to split the

train/test set.

Metrics. We evaluate the tasks of novel view synthesis and camera pose estimation.

For novel view synthesis, we For camera pose estimation, we report the camera rotation and

translation error, including the Absolute Trajectory Error (ATE) and Relative Pose Error (RPE)

as in [80, 9]. For novel view synthesis, we report the standard evaluation metrics including

PSNR, SSIM [156], and LPIPS [188].

Implementation Details. Our implementation is primarily based on the PyTorch [108]

framework and we follow the optimization parameters by the configuration outlined in the

3DGS [60] unless otherwise specified. Notably, we set the number of steps of adding new

frames equal to the intervals of point densification, in order to achieve progressive growth of the

whole scene. Further, we keep resetting the opacity until the end of the training process, which

enables us to integrate the new frames into the Gaussian model established from observed frames.

Moreover, the camera poses are optimized in the representation of quaternion rotation q ∈ 𝔰𝔬(3)

and translation vector t ∈ R3. The initial learning rate is set to 10−5 and gradually decay to 10−6
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Table 1.1. Novel view synthesis results on Tanks and Temples. Each baseline method is
trained with its public code under the original settings and evaluated with the same evaluation
protocol. The best results are highlighted in bold.

scenes
Ours Nope-NeRF BARF NeRFmm SC-NeRF

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS
Church 30.23 0.93 0.11 25.17 0.73 0.39 23.17 0.62 0.52 21.64 0.58 0.54 21.96 0.60 0.53
Barn 31.23 0.90 0.10 26.35 0.69 0.44 25.28 0.64 0.48 23.21 0.61 0.53 23.26 0.62 0.51

Museum 29.91 0.91 0.11 26.77 0.76 0.35 23.58 0.61 0.55 22.37 0.61 0.53 24.94 0.69 0.45
Family 31.27 0.94 0.07 26.01 0.74 0.41 23.04 0.61 0.56 23.04 0.58 0.56 22.60 0.63 0.51
Horse 33.94 0.96 0.05 27.64 0.84 0.26 24.09 0.72 0.41 23.12 0.70 0.43 25.23 0.76 0.37

Ballroom 32.47 0.96 0.07 25.33 0.72 0.38 20.66 0.50 0.60 20.03 0.48 0.57 22.64 0.61 0.48
Francis 32.72 0.91 0.14 29.48 0.80 0.38 25.85 0.69 0.57 25.40 00.69 0.52 26.46 0.73 0.49
Ignatius 28.43 0.90 0.09 23.96 0.61 0.47 21.78 0.47 0.60 21.16 0.45 0.60 23.00 0.55 0.53

mean 31.28 0.93 0.09 26.34 0.74 0.39 23.42 0.61 0.54 22.50 0.59 0.54 23.76 0.65 0.48

until convergence. All experiments are conducted on a single single RTX 3090 GPU.

1.4.2 Comparing with Pose-Free Methods

In this subsection, we compare our method with several baselines including, Nope-

NeRF [9], BARF [80], NeRFmm [157] and SC-NeRF [59] on both novel view synthesis and

camera pose estimation.

Novel View Synthesis. Different from the standard setting where the camera poses of

testing views are given, we need to first obtain the camera poses of test views for rendering.

Inspired by NeRFmm [157], we freeze the pre-trained 3DGS model that trained on the training

views, while optimizing testing views’ camera poses via minimizing the photometric error

between the synthesised images and the test views. To speed up convergence, the camera pose

of each test view is initialised by the closest camera position from the learnt camera poses of

all training frames, which are then fine-tuned with the photometric error to obtain the testing

camera pose. The same procedure is performed on all baselines for a fair comparison.

We report the comparison results on Tanks and Temples in Table 1.1. Our method

consistently consistently outperforms the others across all metrics. Notably, compared to Nope-

NeRF [9] which takes a significantly longer training time, our approach achieves superior results

within a shorter training duration (e.g., 25 hrs vs. 1.5 hrs). We also show the qualitative results in

Fig. 1.3. As illustrated in Fig. 1.3, The images synthesized through our approach are significantly

sharper and clearer than those produced by the other methods, as evidenced by the notably higher
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Figure 1.3. Qualitative comparison for novel view synthesis on Tanks and Temples. Our
approach produces more realistic rendering results than other baselines. Better viewed when
zoomed in.

scores in terms of SSIM and LPIPS, as shown in Table 1.1.

Camera Pose Estimation. The learnt camera poses are post-processed by Procrustes

analysis as in [80, 9] and compared with the ground-truth poses of training views. The quanti-

tative results of camera pose estimation are summarized in Table 1.2. Our approach achieves

comparable performance with the current state-of-the-art results. We hypothesize that the rel-

atively poorer performance in terms of RPE𝑟 and RPE𝑡 may be attributed to relying solely on

photometric loss for relative pose estimation in a local region. In contrast, Nope-NeRF incorpo-

rates additional constraints on relative poses beyond photometric loss, including the chamfer

distance between two point clouds. As indicated in [9], omitting the point cloud loss leads to a

significant decrease in pose accuracy.
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Table 1.2. Pose accuracy on Tanks and Temples. Note that we use COLMAP poses in Tanks
and Temples as the “ground truth”. The unit of RPE𝑟 is in degrees, ATE is in the ground truth
scale and RPE𝑡 is scaled by 100. The best results are highlighted in bold.

scenes
Ours Nope-NeRF BARF NeRFmm SC-NeRF

RPE𝑡 ↓ RPE𝑟 ↓ ATE↓ RPE𝑡 RPE𝑟 ATE RPE𝑡 RPE𝑟 ATE RPE𝑡 RPE𝑟 ATE RPE𝑡 RPE𝑟 ATE
Church 0.008 0.018 0.002 0.034 0.008 0.008 0.114 0.038 0.052 0.626 0.127 0.065 0.836 0.187 0.108
Barn 0.034 0.034 0.003 0.046 0.032 0.004 0.314 0.265 0.050 1.629 0.494 0.159 1.317 0.429 0.157

Museum 0.052 0.215 0.005 0.207 0.202 0.020 3.442 1.128 0.263 4.134 1.051 0.346 8.339 1.491 0.316
Family 0.022 0.024 0.002 0.047 0.015 0.001 1.371 0.591 0.115 2.743 0.537 0.120 1.171 0.499 0.142
Horse 0.112 0.057 0.003 0.179 0.017 0.003 1.333 0.394 0.014 1.349 0.434 0.018 1.366 0.438 0.019

Ballroom 0.037 0.024 0.003 0.041 0.018 0.002 0.531 0.228 0.018 0.449 0.177 0.031 0.328 0.146 0.012
Francis 0.029 0.154 0.006 0.057 0.009 0.005 1.321 0.558 0.082 1.647 0.618 0.207 1.233 0.483 0.192
Ignatius 0.033 0.032 0.005 0.026 0.005 0.002 0.736 0.324 0.029 1.302 0.379 0.041 0.533 0.240 0.085

mean 0.041 0.069 0.004 0.080 0.038 0.006 1.046 0.441 0.078 1.735 0.477 0.123 1.890 0.489 0.129

Table 1.3. Novel view synthesis results on CO3D V2. Each baseline method is trained with its
public code under the original settings and evaluated with the same evaluation protocol. The best
results are highlighted in bold.

Method Times ↓ 110 13051 23361 415 57112 110099 106 12648 23157 245 26182 52130 34 1403 4393
PSNR ↑ SSIM ↑ LPIPS ↓ PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS

Nope-NeRF [9] ∼30 h 26.86 0.73 0.47 24.78 0.64 0.55 20.41 0.46 0.58 25.05 0.80 0.49 28.62 0.80 0.35
Ours ∼2 h 29.69 0.89 0.29 26.21 0.73 0.32 22.14 0.64 0.34 27.24 0.85 0.30 27.75 0.86 0.20

1.4.3 Results on Scenes with Large Camera Motions

Given that the camera motion in scenes from the Tanks and Temples dataset is relatively

small, we further demonstrate the robustness of our approach by validating it on the CO3D videos,

which present more complex and challenging camera movements. We first evaluate the quality

of synthesised images following the same evaluation procedure used in Tanks and Temples

data. As demonstrated in Table 1.3, for novel view synthesis, our approach also significantly

outperforms Nope-NeRF which corroborates the conclusions drawn from experiments conducted

on the Tanks and Temples dataset. More qualitative results are shown in Fig. 1.4.

In addition, we evaluated camera pose estimation on the CO3D V2 dataset with the

provided ground-truth poses for reference. As detailed in Table 1.4, different from the on-par

results on Tanks and Temples, our approach consistently surpasses Nope-NeRFe across all

metrics by a large margin when testing on CO3D V2. This enhanced performance demonstrates

the robustness and accuracy of our proposed method in estimating camera poses, especially in

scenarios with complex camera movements.
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Table 1.4. Pose accuracy on CO3D V2. Note that the camera poses provided by CO3D as
the “ground truth”. The unit of RPE𝑟 is in degrees, ATE is in the ground truth scale and RPE𝑡 is
scaled by 100. The best results are highlighted in bold.

Method Times ↓ 110 13051 23361 415 57112 110099 106 12648 23157 245 26182 52130 34 1403 4393
RPE𝑡 ↓ RPE𝑟 ↓ ATE↓ RPE𝑡 RPE𝑟 ATE RPE𝑡 RPE𝑟 ATE RPE𝑡 RPE𝑟 ATE RPE𝑡 RPE𝑟 ATE

Nope-NeRF [9] ∼30 h 0.400 1.966 0.046 0.326 1.919 0.054 0.387 1.312 0.049 0.587 1.867 0.038 0.591 1.313 0.053
Ours ∼2 h 0.140 0.401 0.021 0.110 0.424 0.014 0.094 0.360 0.008 0.239 0.472 0.017 0.505 0.211 0.009

Figure 1.4. Qualitative comparison for novel view synthesis and camera pose estimation on
CO3D V2. Our approach estimates camera pose much more robust than Nope-NeRF, and thus
generates higher quality rendering images. Better viewed when zoomed in.

1.4.4 Ablation Study

In this section, we analyse the effectiveness of different pipeline designs and components

that have been added to our approach.

Effectiveness of Progressively Growing. We first validate the effectiveness of progres-

sively growing by removing it from the optimization of the global 3DGS. In other words, we

change the current one-stage pipeline to a two-stage process, where the camera pose estimation

and 3D Gaussian splatting are learnt in two separate steps. We report the performance on novel

view synthesis and camera poses estimation w./w.o progressively growing in Table 1.5. We

observe that the progressively growing is essential for enhancing both novel view synthesis and

pose estimation. Without progressive growth, 3DGS is unable to utilize the continuity present in

videos, which results in the unstable optimization of the global 3DGS model.

RGB Loss vs Depth Loss. Depth-related losses play a crucial role in some advanced

pose-unknown approaches, such as Nope-NeRF [9]. To evaluate the significance of depth-related
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Table 1.5. Ablation for Progressively Growing on Tanks and Temples. Performance on both
novel view synthesis and camera pose estimation. The best results are highlighted in bold.

scenes
w.o. growing Ours

PSNR SSIM RPE𝑡 RPE𝑟 PSNR SSIM RPE𝑡 RPE𝑟
Church 22.01 0.72 0.044 0.122 30.23 0.93 0.008 0.018
Barn 25.20 0.85 0.152 0.232 31.23 0.90 0.034 0.034

Museum 20.95 0.70 0.079 0.212 29.91 0.91 0.052 0.215
Family 22.30 0.77 0.065 0.028 31.27 0.94 0.022 0.024
Horse 23.47 0.81 0.147 0.066 33.94 0.96 0.112 0.057

Ballroom 23.36 0.79 0.056 0.073 32.47 0.96 0.037 0.024
Francis 22.20 0.69 0.147 0.161 32.72 0.91 0.029 0.154
Ignatius 21.05 0.67 0.24 0.058 28.43 0.90 0.033 0.032

mean 22.57 0.75 0.116 0.119 31.28 0.93 0.041 0.069

Table 1.6. Ablation study of depth loss on Tanks and Temples. We report the performance on
both novel view synthesis and camera pose estimation. The best results are highlighted in bold.

scenes
w. depth Ours

PSNR SSIM RPE𝑡 RPE𝑟 PSNR SSIM RPE𝑡 RPE𝑟
Church 28.93 0.91 0.008 0.017 30.23 0.93 0.008 0.018
Barn 28.70 0.87 0.029 0.033 31.23 0.90 0.034 0.034

Museum 26.92 0.83 0.049 0.216 29.91 0.91 0.052 0.215
Family 29.05 0.94 0.021 0.024 31.27 0.94 0.022 0.024
Horse 30.86 0.94 0.108 0.054 33.94 0.96 0.112 0.057

Ballroom 30.38 0.94 0.038 0.018 32.47 0.96 0.037 0.024
Francis 29.97 0.88 0.029 0.154 32.72 0.91 0.029 0.154
Ignatius 26.69 0.87 0.032 0.033 28.43 0.90 0.033 0.032

mean 28.94 0.90 0.039 0.069 31.28 0.93 0.041 0.069

loss, we employed both RGB and depth loss as the objective function during the optimization.

As listed in Table 1.6, we observe that the depth loss is not as effective as used in NeRFs. The

performance on novel view synthesis is even better when merely using the photometric loss.

Comparison with 3DGS with COLMAP poses. We also compare the novel view

synthesis quality of our proposed framework against the original 3DGS [60], which was trained

using COLMAP-derived poses on the Tanks and Temples dataset. As indicated in Table 1.7, our

joint optimization framework achieves performance comparable to the 3DGS model trained with

COLMAP-assisted poses.
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Table 1.7. Comparison to 3DGS trained with COLMAP poses. We report the performance of
novel view synthesis using ours and vanilla 3DGS. The best results are highlighted in bold

scenes
Ours COLMAP + 3DGS

PSNR SSIM LPIPS PSNR SSIM LPIPS
Church 30.23 0.93 0.11 29.93 0.93 0.09

Barn 31.23 0.90 0.10 31.08 0.95 0.07
Museum 29.91 0.91 0.11 34.47 0.96 0.05
Family 31.27 0.94 0.07 27.93 0.92 0.11
Horse 33.94 0.96 0.05 20.91 0.77 0.23

Ballroom 32.47 0.96 0.07 34.48 0.96 0.04
Francis 32.72 0.91 0.14 32.64 0.92 0.15
Ignatius 28.43 0.90 0.09 30.20 0.93 0.08

mean 31.28 0.93 0.09 30.20 0.92 0.10

1.5 Conclusion

In this work, we present CF-3DGS, an end-to-end framework for joint camera pose

estimation and novel view synthesis from a sequence of images. We demonstrate that previous

works either have difficulty handling large camera motions or require extremely long training

durations. Diverging from the implicit representation of NeRFs, our approach utilizes explicit

point clouds to represent scenes. Leveraging the capabilities of 3DGS and the continuity inherent

in video streams, our method sequentially processes input frames, progressively expanding the

3D Gaussians to reconstruct the entire scene. We show the effectiveness and robustness of our

approach on challenging scenes like 360◦ videos. Thanks to the advantages of Gaussian splatting,

our approach achieves rapid training and inference speeds.

Limitations. Our proposed method optimizes camera pose and 3DGS jointly in a

sequential manner, thereby restricting its application primarily to video streams or ordered image

collections. Exploring extensions of our work to accommodate unordered image collections

represents an intriguing direction for future research.
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Chapter 2

Scalable 3D Data Curation from Genera-
tive Models

2.1 Introduction

Understanding how human hands interact with objects has been a long-standing prob-

lem in computer vision. Recently, researchers have tried to scale up such understandings by

collecting videos on hand-object interactions [36, 27]. Models trained with these datasets focus

on performing hand-object relational reasoning in 2D space. To enable broader applications in

robotics and VR/AR, more efforts have been spent on collecting hand-object interaction data

with 3D annotations via multiple cameras [13] and new labeling approaches with prepared object

CAD models [38]. However, such a data collection process is not scalable and most datasets

only contain dozens of objects.

Given the recent advancement of generative modeling with diffusion process [48, 137],

can we leverage them to generate realistic 3D hand-object interaction data? While state-of-the-art

diffusion models such as Dall-E2 [119] and Stable Diffusion [124] can generate realistic images

given text instructions, they still fail quite often when it comes to capturing the details of how

fingers are placed around the object. As shown on the left side of Figure 2.1, Stable Diffusion

might not be able to output physically or geometrically plausible interactions and sometimes

there are more than five fingers in a hand. Moreover, it is still unclear how to configure image

outputs beyond text instructions and make the output correspond to 3D shapes and poses.
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Stable Diffusion OursInput

on the table on the beach in the snowon the table on the grass

Figure 2.1. Left: Hand-object synthesis with Stable Diffusion model; (ii) Right: HOIDiffusion
generates high-quality hand-object interaction images conditioned on physical structures and
detailed text description. The model disentangles the geometry from appearance, exhibiting
high generation diversity. Each row: We can fix the structure and control the style based on text
inputs; Each column: We can fix the style and control the structure based on 3D structural inputs.

In this paper, we propose to generate 3D hand-object interaction data, i.e., realistic images

come with 3D ground-truths at the same time. Beyond realistic generation, we also enable

controllable synthesis where the users can specify the geometry configuration and appearance

in a disentangled manner. We achieve this by introducing a two-stage framework: We first

synthesize the 3D geometric structure (shape and pose) of the hand and the object, and then we

train a diffusion model conditioned on both the 3D structure and the text (indicating the style) to

synthesize the corresponding RGB image. We visualize some synthesis results on the right side

of Figure 2.1. In each row we generate images with the same 3D structural configuration but

with different object and background styles; In each column, we fix the styles and synthesize

images with different geometric structures.

In the first stage of our framework, we generate a human grasp based on a given 3D object

model. We apply the pre-trained GrabNet [142] for this task, which takes the object mesh as

inputs for a Variational AutoEncoder and predicts different grasp poses as outputs. In the second
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stage, we train a diffusion model conditioning the hand-object geometric configurations. We

fine-tune the pre-trained Stable Diffusion model [124] with a few human demonstrations from

the DexYCB dataset [13]. We convert the hand-object geometry to estimated surface normals,

segmentation, and hand keypoint 2D projection as conditional inputs for the new diffusion

model, specifying the structure of the image to generate. The diffusion model will also take text

inputs for specifying appearance. During training, we apply a background regularization strategy

to reduce the bias brought by DexYCB which comes with the same clean background. The

fine-tuned diffusion model leverages both the rich appearance information from the pre-trained

model and the geometry information from the new conditional variables.

In our experiments, our method outperforms previous approaches on hand-object image

synthesis with more physically plausible interactions. The disentangled design provides flexible

control of geometry and appearance. Interestingly, the model shows a strong generalization

ability to different text prompts when changing the foreground and background appearance. We

use several metrics to evaluate generation fidelity to real datasets and visual alignment with

provided prompts. The results show an improvement compared to baselines. Additionally, with

a generated dataset with both images and corresponding 3D geometry using our pipeline, we can

use it to train an object pose estimator as a downstream application. Our experiments indeed

show such realistic synthesized data is very helpful in improving the perception metrics.

2.2 Preliminary: Diffusion Models

Denoising diffusion model [48] is a kind of new generative model with competitive

performance and more stable training. It consists of two main processes: diffusion and denoising.

In the forward process, randomly sampled noises are added to original images, which can be

mathematically simplified as 𝑞(𝑥𝑡 |𝑥0) =N(𝑥𝑡 ;
√
𝛼𝑡𝑥0, (1−𝛼𝑡)𝐼), where 𝛼𝑡 is hyperparameters

control noise scheduling, and 𝛼𝑡 =
∏𝑡
𝑠=1𝛼𝑠. After 𝑇 steps, the distribution shifted from image

space to approximate standard Gaussian distribution. And U-Net model is trained to predict the
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added noise. During inference, an image is initialized from the Gaussian distribution and the

model removes the noise within 𝑇 steps, with each step 𝑡 formulated as

𝜖𝑡 = 𝑓𝜃 (𝑥𝑡 , 𝑡) (2.1)

where 𝑓𝜃 is the U-Net model. The estimated image at the next time step can be derived and

written as

𝑥𝑡−1 =
1

√
𝛼𝑡

(𝑥𝑡 −
1−𝛼𝑡√
1−𝛼𝑡

𝜖𝑡) +𝜎𝑡𝑧 (2.2)

The simpler version of training loss is:| |𝜖 − 𝑓𝜃 (
√
𝛼𝑡𝑥0 +

√
1−𝛼𝑡𝜖, 𝑡) | |2. Therefore diffusion

models are able to generate photorealistic images.

2.3 Hand-Object-Interaction Diffusion Model

In order to generate scalable hand-object-interaction images, three expectations need to

be satisfied: (i) The model should generate realistic images that are consistent with the geometric

description of the specified object. (ii) It should retain the prompt-editing capabilities inherent in

the stable diffusion model while incorporating controllable conditions. (iii) The model should

have a better generalization ability to synthesize images of unseen instances or categories.

To meet the above requirements, we propose a two-stage approach. For the first stage, our

goal is to establish the conditions, primarily the hand-grasping trajectory, for the subsequent stage.

Specifically, we utilized a generalizable VAE model trained on large-scale 3D physical data to

obtain the ending pose and interpolated the trajectory using spherical linear interpolation. For

the second stage, we extracted multiple geometry structures either from the generated grasping

trajectory or from images with natural hand-grasping actions through rendering and off-the-shelf

estimators to finetune a controllable Stable Diffusion, which enables precise pose control at

inference. Furthermore, a background regularization strategy is introduced in our pipeline to

mitigate edit ability degradation brought by finetuning. The entire pipeline is shown in Figure
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Figure 2.2. HOIDiffusion Pipeline. We propose a two-stage pipeline to synthesize hand-object-
interaction data. During the first stage, we utilize a pretrained GrabNet to output 3D hand poses
given by a single object model. Then in the second stage, we use those 3D hand poses along with
segmentation maps, normal maps and skeletons to conditionally generate high-quality HOI data.

2.2.

2.3.1 Hand Grasping Trajectory Generation

In the first stage of our framework, given a randomly transformed object model, we

require a hand-grasping trajectory to effectively reach the object. To this end, we adopted an

interpolation method using GrabNet, a model for generating hand grasps conditioned on BPS

(Body Part Segmentation) [113] derived from object models. Through extensive training on a

large dataset, it has learned to accurately map contact between hands and objects, showcasing

strong generalization capabilities for unseen scenarios. Utilizing GrabNet, we can determine the

final grasp hand MANO parameters, which include joint pose and hand shape. Given the ending

pose and the object’s position, we can approximate an initial starting point—positioned vertically

above the contact surface and within a certain distance—using zeroed MANO parameters.

Subsequently, we employ spherical linear interpolation between this starting point and the ending

pose to create a smooth hand-grasping trajectory. As shown in Figure 2.2 Stage 1, the grasping

parameters can be obtained along the trajectory and we could acquire different ground-truth

annotations such as segmentation, mask, and depth maps through rendering.

24



2.3.2 Hand-Object-Interaction image Synthesis

Our Hand-Object-Interaction image synthesis module mainly consists of two components:

structure control and appearance regularization, to disentangle the geometry and appearance

separately.

Structure Control. Given the hand-grasp trajectory, we extract multiple geometric

conditions and leverage the advanced Stable Diffusion models to generate realistic images that

are consistent with the given conditions. To precisely control the hand-object image generation,

three structure conditions are distilled to control the generation. i) To synthesize realistic hands

without missing fingers which is the problem encountered in original Stable Diffusion, hand

position information is essentially required. Instead of directly using MANO parameter vectors

as guidance, we projected the skeleton information onto the image space as visual control, which

can be denoted as 𝑠𝑖. ii) Additionally, to mitigate the inter-disturbance of hand object areas

and degradation in performance brought by occlusion, hand-object segmentation (𝑚𝑖) is used to

provide clear boundaries to separate areas, and coarse object shape priors. iii) Finally, we also

apply an estimated normal map (𝑛𝑖) to seize the surface geometry with lighting. The forward

process defined in Equation 2.1 can now be defined as 𝜖 𝑖𝑡 = 𝑓𝜃 (𝑥𝑖𝑡 , 𝑡, [𝑠𝑖,𝑚𝑖, 𝑛𝑖]). With the above

controls, the structure information could be disentangled from the appearance, and thus during

the inference, we could seamlessly synthesize an accurate image with new poses.

Appearance Regularization. With the above component, we are capable of synthesizing

images aligned with diverse condition geometries during inference. However, a notorious

drawback of fine-tuning is its tendency to converge or overfit quickly to the training dataset’s

style, thereby significantly reducing image diversity. To mitigate this problem and fully harness

the capabilities of text-to-image diffusion models for flexible style transformation via prompts,

we introduce an appearance regularization method combined with classifier-free guidance [49]

as shown in Figure 2.3. Specifically, in addition to using the original Hand-Object Interaction

(HOI) training dataset, we synthesize batches of high-quality scenery images with the pre-
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Figure 2.3. HOIDiffusion Architecture. We inject three conditional encoders into the stable
diffusion model. We utilize both the HOI datasets and high-quality background images to train
HOIDiffusion. The background images are synthesized using the scenery prompts. The texts
sent to the model are output by LLaVA for detailed description.

trained text-to-image diffusion model. The prompts for these images are generated by the

large language model ChatGPT, forming what we refer to as a “background buffer”. During

training, we intermittently utilize these background images for regularization, ensuring it does

not detrimentally impact performance. Meanwhile, the paired blank conditions are applied as

classifier-free guidance, corresponding to the background region in HOI data. The objective

becomes:
L = 𝐸𝑥0,𝑥𝑟 ,𝜖 ,𝜖𝑟 [| |𝜖 − 𝑓𝜃 (

√︁
𝛼𝑡𝑥0 +

√︁
1−𝛼𝑡𝜖, 𝑡) | |2

+𝑤𝑟 | |𝜖𝑟 − 𝑓𝜃 (
√︁
𝛼𝑡𝑥𝑟 +

√︁
1−𝛼𝑡𝜖𝑟 , 𝑡) | |2]

(2.3)

where 𝑤𝑟 is the regularization weight, which is set to 1 in our experiments. 𝑥𝑟 , 𝜖𝑟 are input from

the background buffer and corresponding added noise. In addition to the buffer, we also use the

large multimodal model LLaVA [85] to caption our training images with detailed descriptions

of foreground appearance and background, forcing the model aware of diverse texts with the

assistance of the CLIP [117] text encoder.
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2.4 Experiment

2.4.1 Implementation Details

To achieve scalable synthesis and improve generalization ability, the training dataset is

required to encompass diverse backgrounds and comprehensive annotations. For these purposes,

the DexYCB dataset is selected for its high-quality images from varied viewpoints of hand

gestures, with human demonstrations and diverse background settings. To prevent overfitting and

preserve the text-driven editing ability of diffusion models, we adopt the learning rate of 10−5

during training. About 50,000 steps prove sufficient to achieve satisfactory generation quality.

When utilizing images from background buffers, we provide vacant skeleton projection and mask

conditions, corresponding to the background regions in HOI training data images. This design

also can be viewed as a classifier-free guidance that drives the model aware of the condition

control effects. The entire training process costs approximately 12 hours on eight A100 GPUs.

2.4.2 Evaluation and Baseline Comparison

Baselines. We compare the results with four baseline models customized for our setting:

(1) a fine-tuned LDM [124] without condition modules, working as an unconditional generation

task; (2) a modified DreamBooth [127] fine-tuned model, with proposed specific token agnos-

tically applied to all object categories, complemented by regularization data from our trained

conditional stable diffusion; (3) Affordance Diffusion [175]; (4) ControlNet with same multiple

condition input. It is important to mention that the Affordance Diffusion model is only used

for comparison on contact recall evaluation, with quantitative results reported from the original

paper.

Image Synthesis Quality. To assess the generation quality, we adopt commonly used

metrics FID [46] to evaluate the fidelity of our generated images to real datasets. Additionally, we

also present the comparison results with baselines on the Inception Score [128] and sFID [101].

Our reference batch consists of 50k randomly selected images from the training dataset in total.
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Table 2.1. Quantitative comparison with previous baseline methods. All models are trained
on the DexYCB. We use FID to directly measure the synthesis quality of generated hand-object
interaction images. sFID is a recently proposed metric to evaluate image quality using higher-
level spatial features. IS is measured for diversity and CLIPScore is to evaluate generated images
alignment with provided prompts.

Method FID↓ sFID↓ IS↑ CLIPScore ↑
LDM [124] 63.71 119.10 6.81 0.68
DreamBooth [127] 134.40 92.82 7.99 0.75
ControlNet [186] 87.99 248.56 6.60 0.77

HOIDiffusion (Ours) 55.22 91.28 7.73 0.78

For the sample batch, we synthesize hand-grasping images corresponding to all randomly rotated

object models, some of which are unseen during training. The total sample size is 5k. We refer

readers to Table 2.1 for a comprehensive overview of the comparison.

Appearance Alignment. Furthermore, to demonstrate the flexible control over object

and background appearance, we use another metrics CLIPScore [45] originally designed for

image captioning to automatically evaluate the alignment level between generated images and

corresponding prompts. We randomly sample 50 instances from all object models with fixed

structure conditions. Multiple appearance descriptions generated by ChatGPT are applied to

each instance. The results are shown in Table 2.1. Notably, our method demonstrates superior

overall quality of generated images, with higher fidelity to real data and improved alignment

with appearance-controlling texts.

Hand Pose Evaluation. For hand-object-interaction images, hand grasping status, and

pose precision are of vital importance for real-world applications. A fundamental criterion for

synthesized images is the geometric consistency between our generated hands and the provided

2D skeleton projection, disregarding the depth dimension. On top of that, these grasping images

sometimes serve as visual demonstrations for various downstream tasks, requiring the exactly

accurate contact status between the hand and object in the ending pose image along the grasping

trajectory. Consequently, our model is evaluated with the baselines on two key perspectives:
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Table 2.2. Evaluation metrics from hand perspective. Hand Contact Recall is to evaluate
whether the hand-ending pose is in close contact with the object. PCK is used to measure the
accuracy of generated images’ keypoints.

Method
Hand Contact Recall %

PCK↑
Mug Bowl Bottle Can Mean↑

LDM [124] 79.12 78.89 73.00 60.64 72.91 0.15
DreamBooth [127] 79.12 62.22 78.00 75.53 73.72 0.10
ControlNet [186] 86.00 91.40 89.00 93.00 89.85 0.67
Affordance Diffusion [175] 73.00 90.00 90.00 - 84.33 -

HOIDiffusion (Ours) 92.31 97.78 94.00 97.87 95.49 0.85

Figure 2.4. Qualitative results on different structures. Generated images with the same back-
ground description but different physical conditions (object shape, poses, and hand skeletons).
With plain prompts, HOIDiffusion could generate more realistic images similar to the style in
training datasets.

Hand contact recall and hand re-inference accuracy. Specifically, we adopt a contact evaluation

setup utilized in Affordance Diffusion [175]. An off-the-shelf hand-object detector [130] is used

to classify the image’s in-contact status. Furthermore, to evaluate the re-inference accuracy, we

estimate the MANO parameters of hands in images through a widely used single-view hand pose

estimator [125], from which we derive the predicted hand joint positions. The percentage of

correct keypoints (PCK) is used to measure the accuracy of predicted keypoints representing the

hand poses in our data. We evaluate the pose precision on a subset of daily objects. As delineated

in Table 2.2, benefited from the geometry guidance, our method manifests the capability to

synthesize images depicting accurate grasps and firm contacts, outperforming previous methods

in achieving higher mean contact recall and PCK.
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2.4.3 Geometry and Appearance Disentangle

The most important design in our model is to disentangle the physical geometries from

textures. Through this design, we have observed the remarkable ability of our model to control

the generation process with novel object shapes and previously unseen text descriptions. During

training, our model learns extensive shape priors from masks and normal map conditions, hence

acquiring the capability to transfer to unseen object instances seamlessly. Furthermore, our

model preserves the robust text editing ability, enabling flexible style transformation over both

background and object appearance. In this subsection, we primarily focus on and showcase the

qualitative results of structure and style manipulation.

Geometry Manipulation. In Figure 2.4, we present the generated paired images of

four daily seen objects: mug, can, bottle, and bowl, given varying instance shapes, poses, and

hand skeletons. The left column of each pair is rendered image in 3D space, from which

physical conditions are extracted. Normal maps are obtained from an estimated depth provided

by the depth estimator MiDaS [121]. The skeleton and segmentation are also concurrently

obtained during rendering. Corresponding generated images are displayed in the right column.

All provided prompts follow the format: ”A hand is grasping a [object]”. The results exhibit

an overall generation style in a laboratory or stereo environment, consistent with the realistic

appearance style in the training dataset. From Figure 2.1, it is also evident that HOI images

generated from our model are more closely aligned with the required geometry than baseline

methods.

Background and object appearance control. In this section, we explore the text editing

ability with fixed geometry. Through background regularization and classifier-free guidance,

our model exhibits the ability to depict diverse background contents, retaining control over

appearance using text prompts. We investigate the qualitative performance of various text

controls under identical physical conditions, shown in Figure 2.5. Each column represents

one distinct background description. Notably, the generated images exhibit high fidelity to
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on the beach on the grass in the snow on the moon with night sky in the mountain

Figure 2.5. Synthesized images with diverse background descriptions. In addition to real-
style synthesis, our model also allows users to generate according to their preferences such as
science fiction or general landscapes.

the provided prompts, maintaining the layout and structure unchanged. This demonstrates the

ability of HOIDiffusion to effectively disentangle the appearance from geometry structures,

thus enabling flexible style transformation without geometry distortion. This is essential in data

construction, ensuring the precise alignment with input geometry and diverse range of visual

appearances.

2.4.4 Ablation Study

Two indispensable components of our design are precise structural control and appearance

regularization, effectively improving model performance on geometry consistency and diversity.

Structural Control. In our approach, there are three crucial structure conditions provided

to the model and we investigate the importance brought separately by these three modules.

Results are presented in Table 2.3. Essentially, each condition serves a distinct purpose: the

normal map guides the model in perceiving surface textures with lighting, which is essential for

maintaining geometry consistency; hand keypoint projection precisely depicts the pose of hand
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Table 2.3. Ablation study on structural control. FID evaluation on 1,000 images of different
types of missing modules to demonstrate the necessity of all physical conditions. Our method
outperforms all others.

Method FID (1k) ↓
LDM (finetuned) 86.12
w/o estimated normal maps 82.40
w/o hand keypoint projection 81.93
w/o hand-object segmentation 78.57

HOIDiffusion(Ours) 77.64

Table 2.4. CLIPScore evaluation. Consistency is evaluated between provided prompts and
generated images for different backgrounds and instances.

Method CLIPScore ↑
w/o regularization 0.66
HOIDiffusion(Ours) 0.79

joints, preventing the model from synthesizing multiple fingers or distorted hands; hand-object

segmentation provides a clear boundary between different regions, avoiding interference between

hand and object areas. As presented in the results, our full model outperforms other incomplete

versions in quantitative evaluation.

Appearance Regularization. Table 2.4 and Figure 2.6 demonstrate the significance of

appearance regularization in our module. Without regularization, the finetuned model quickly

converges to the style in training datasets, mostly in a laboratory/studio environment, as depicted

in the first line of Figure 2.6, This convergence impairs the model’s ability to generate diverse

images, which is essential for data generation. By incorporating appearance regularization using

data generated from the pretrained model, HOIDiffusion mitigates the drift to a fixed style and

improves the overall text-editing ability.

2.4.5 Applications

Video Generation. The real hand-object interaction datasets often exhibit data in video

format, a complete fetching process to the object. Collecting these video clips is a considerable
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Figure 2.6. Ablation study on appearance regularization. Different backgrounds are used as
prompts with the same geometry conditions to compare the text editing flexibility brought by the
regularization module.

challenge. Some datasets [13, 170] comprising almost millions of images only contain no

more than 10k videos, thus video data is much more valuable. In experiments, we observe the

significant divergence in generated images between adjacent frames despite the similar provided

conditions and texts. This divergence results in dramatic flickering in directly concatenated

videos. To this end, we leverage zero-shot video generation techniques in the diffusion model to

establish inter-consistency among frames. To be more specific, the original self-attention layers

in the U-Net are refactored to cross-attention modules between an anchor frame and current

frames, This adjustment establishes the awareness of the previous appearance style, ensuring

video consistency. In our experiments, we set the middle frame as an anchor, and with all

frames attend to both the anchor image and themselves. This approach effectively mitigates

the flickering issue, synthesizing relatively smooth hand-grasping trajectories. The video clip

samples are shown in Figure 2.7.

Downstream tasks. Another interesting method to evaluate the performance of HOID-

iffusion, is to apply it in downstream tasks as a data augmentation method or new data source.

In this section, we explore the potential for improving categorical object 6D pose estimation
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Table 2.5. Quantitative evaluation on NOCS. We use SPD and DualPoseNet and change the
synthesized images in the dataset with our generated images for training. Our performance
improve on all metrics with DualPoseNet and all cm metrics with SPD which demonstrates the
good quality of our images and can be utilized for downstream tasks.

Method IoU@25 IoU@50 IoU@75 5◦2cm 5◦5cm 10◦2cm 10◦5cm

SPD [100]
Original 82.9 75.3 48.6 17.7 19.9 38.8 48.3
Ours 82.5 71.1 47.0 21.1 23.2 43.8 54.5

DualPoseNet [82]
Original 84.1 79.7 60.1 28.0 34.3 47.8 64.2
Ours 90.9 84.1 65.8 29.2 34.4 55.0 66.6

Figure 2.7. Zero-shot video generation of hand grasping trajectory. Images along the
same line represent the sequential motion of reaching an object. By leveraging temporal-level
cross-attention, the frame flickering problem is mitigated.

tasks. Most models in this task are trained on dataset NOCS [155], consisting of both synthetic

and real data with annotations. Some models [149, 16] implicitly predict normalized object

coordinate space, and then utilize Umeyama algorithms to parse the transformation matrix.

Others [82] explicitly predict the rotation, translation, and scale parameters. Despite differing in

module design, all these methods leverage RGB image encoders to obtain the visual features.

An interesting observation is that the synthesized images directly rendered from object models

appear too artificial, potentially affecting the performance of the RGB encoder. Inspired by

this, we substitute the synthesized images with our generated HOI images in the same poses,

anticipating the reality brought by our data could help enhance model performance. We exhibit

the results in Table 2.5. We choose two representative object pose estimators for evaluation. The

“original” model in the table refers to training using an unchanged NOCS dataset, and “our”
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model is trained using our mixed data.

2.5 Conclusion

In this work, we propose HOIDiffusion - a novel conditional diffusion framework for

generating realistic, diverse 3D hand-object interaction data. By decoupling 3D geometric

structures from high-fidelity RGB synthesis, our two-stage pipeline uses physical priors—such as

normal maps and hand skeletons—as 3D-aware guidance. This allows for precise, disentangled

control over interaction geometry and visual appearance. Experimental results demonstrate

that HOIDiffusion significantly outperforms existing baselines in physical plausibility and

generalization across diverse prompts. Furthermore, we validated our synthesized data by

improving the performance of 6D object pose estimation models in complex scenarios.

Limitations. Despite these advancements, the model does not strictly enforce physical

constraints, occasionally resulting in hand-object penetration or ”floating” fingers. Additionally,

the diversity of generated interactions is limited by the object categories in the training data (e.g.,

DexYCB).
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Chapter 3

Bridging 2D Vision Language Models to
the 3D World

3.1 Introduction

Recent advances in Vision-Language Models (VLMs) [81, 86, 145, 2, 6, 23] have sig-

nificantly improved their capabilities in a wide range of image and video understanding and

reasoning tasks. Despite these achievements, current 2D VLMs face substantial limitations in

perceiving and reasoning about the 3D world. This constraint stems from their fundamental

architecture, which inherently utilizes 2D visual features and relies exclusively on training with

images and video data.

Some recent studies attempt to develop the 3D VLMs by integrating 3D encoders to

extract features from point clouds as inputs for VLMs. These 3D encoders are typically trained

from scratch on 3D point cloud datasets with ground-truth question-answering pairs. However,

due to the scarcity of large-scale 3D datasets, the 3D encoders are often less powerful and robust

compared to 2D visual encoders, such as CLIP [118], DINOv2 [105], and RADIO [122], which

are trained on billions of 2D images. To leverage these powerful 2D foundation models, several

approaches [58, 37, 33] utilize 2D segmentation and CLIP features to obtain pixel-aligned

semantic features and construct object-level 3D scene graphs for various 3D understanding

tasks. Nevertheless, these approaches suffer from computationally intensive per-scene processing

and complex implementation pipelines. In contrast, some efforts [201, 192] have focused on
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3DGS

3D
 Gaussian Encoder

3DGS+Feat

Please locate the printer and then describe it 
and its relationship with surrounding objects.

sample novel 
views

The printer in the images is a large, gray, multifunctional device with a digital display and 
various buttons and controls. It is situated in a corner of a room with a gray carpet and 
white walls. The printer is positioned next to a black trash can and a white filing cabinet. 
The images show the printer from different angles, but it remains in the same location 
throughout the series. The printer appears to be in good condition and is likely used for 
printing, scanning, and copying documents. The surrounding objects, such as the trash can 
and filing cabinet, suggest that this is an office or workspace.

Printer is located at 
[0.54, 1.613, -0.103, 
1.383, 2.898, 1.364]

Localization

Figure 3.1. SplatDistill Overview. We propose a generalist pipeline leveraging 3D Gaussian
Splatting as an intermediate representation to bridge the gap between 2D Vision Language
Models (VLMs) and the 3D world for 3D visual understanding. Starting from multi-view
images, we first reconstruct the 3D Gaussian Splatting (3DGS) representation (details omitted
for simplicity). Our learned 3D Gaussian encoder then generates language-aligned per-Gaussian
features from the reconstructed 3D Gaussians. With these feature-enriched 3D Gaussians, regions
of interest can be precisely located in 3D space. Furthermore, corresponding feature maps can be
efficiently rendered from nearby novel viewpoints and utilized by 2D VLMs, enabling effective
3D scene understanding and reasoning without additional 3D training data.

building 3D VLMs on top of powerful 2D VLMs by incorporating 3D positional information

from multi-view RGB-D inputs. While these approaches achieve impressive performance in

3D scene perception and reasoning, they still rely on fine-tuning with multi-view datasets that

include ground-truth depth and question-answering pairs. This raises a compelling question: can

we enable 2D VLMs to directly perform 3D understanding and reasoning tasks without training

on specialized 3D data?

To fully leverage the strengths of 2D VLMs, it is essential to bridge the fundamental

gap between the 2D training data and 3D inference environments. In this paper, we propose

utilizing 3D Gaussian Splatting (3DGS) [61, 62] as an intermediate representation to connect

this gap. 3DGS provides an efficient and interpretable 3D representation with real-time rendering

capabilities, making it a strong candidate for seamlessly connecting 2D images to 3D environ-
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ments. Building on 3D Gaussian as the scene representation, we aim to map its parameters to

a feature space that is well-aligned with several 2D foundation models, enabling compatibility

with pretrained VLMs. Recent studies [132, 173, 195, 179] have proposed optimizing an addi-

tional attribute as the visual feature alongside 3DGS optimization. However, these per-scene

optimization approaches suffer from lengthy processing times and poor generalization to new

scenes, limiting their practicality in diverse and complex environments. To address this chal-

lenge, we propose a feed-forward framework, SplatDistill, to distill the rich language-aligned

knowledge from 2D foundation models into a set of 3D Gaussians. Specifically, we introduce

a transformer-based network that takes 3D Gaussians, along with their attributes, as inputs

to produce high-dimensional features for each Gaussian. The proposed Gaussian transformer

is trained using a rendering-and-comparison mechanism: the input Gaussians with extracted

features are splatted into 2D space to generate a 2D feature map, which is then compared with

the 2D feature map generated by the pretrained 2D foundation model. Therefore, the learned

3D Gaussian features are well-aligned with 2D foundation models and can be directly applied

to various downstream tasks, such as 3D segmentation and localization, without requiring task-

specific fine-tuning. During inference, these feature-augmented 3D Gaussians are rendered into

multiple views, and the resulting feature maps, combined with RGB images, are used as input to

pretrained 2D VLMs for 3D visual question answering, as illustrated in Fig. 3.1.

To validate the effectiveness of our approach, we conduct extensive experiments on a

wide range of 3D tasks and benchmarks [126, 26, 5, 14, 93] including open-vocabulary scene

understanding, 3D visual question answering, dense captioning, and 3D visual grounding. As

the Gaussian features are well-aligned with the 2D features through the distillation process, our

approach demonstrates improved performance on zero-shot open-vocabulary scene understanding

over existing methods that require fine-tuning on each individual scene. Moreover, by connecting

2D VLMs to the 3D Gaussians, our approach largely enhances the 3D spatial understanding

and reasoning capabilities of the existing 2D LLMs without fine-tuning on 3D QA ground-truth

pairs.
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3.2 Method

Given a set of 3DGS reconstructed from a sequence of images along with camera

intrinsics and extrinsics, our goal is to learn a distillation network that enables various 3D scene

understanding and reasoning tasks. We detail our method in the following sections, starting with

a brief review of 3DGS reconstruction in Sec. 3.2.1. Then, we propose to aggregate the pixel

features from multiple views onto every Gaussian via multi-view fusion, in Sec. 3.2.2. Next, we

introduce a feature distillation framework with a Gaussian encoder using 3D Gaussians as inputs,

in Sec. 3.2.3.

3.2.1 3D Gaussian Reconstruction

The first step of our approach is to reconstruct the indoor scenes via 3D Gaussian

Splatting [61]. Given a sequence of RGB images with camera intrinsics and extrinsics, we

represent a scene with a set of 3D Gaussians as

G = {(𝝁,SH, 𝒓, 𝒔, 𝛼)𝑖}𝑖=1:𝑀 (3.1)

where (a) 𝝁 ∈ R3 is the 3D mean of the Gaussian, (b) SH ∈ R(𝑘+1)2×3 are the spherical harmonics

(SH) coefficients that represent the Gaussian color, (c) 𝒓 ∈ R4 is its quaternion rotation factor,

(d) 𝒔 ∈ R3 is the Gaussian scale and (e) 𝛼 ∈ R is the Gaussian opacity. Then, the covariance

matrix 𝚺 describes an ellipsoid configured by a scaling matrix 𝑺 = diag(𝒔) and rotation matrix

𝑹 = q2R(𝒓), where q2R(·) is the formula for constructing a rotation matrix from a quaternion.

Then, the covariance matrix can be computed as 𝚺 = 𝑹𝑺𝑺⊤𝑹⊤. The rendered color can be

formulated as the alpha-blending of 𝑁 ordered points that overlap the pixel as follows,

𝒄pix =

𝑁∑︁
𝑖

SH𝑖𝛼𝑖

𝑖−1∏
𝑗

(1−𝛼 𝑗 ) (3.2)
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where 𝛼𝑖 represents the density of this Gaussian computed from the per-Gaussian opacity

weighted by the Gaussian covariance Σ, which we ignore in Eq. 3.2 for simplicity.

Training Data Setup. To create large amounts of 3DGS reconstruction examples for

training the distillation network, we modify the original initialization strategy for better efficiency.

In particular, instead of using SfM points, we initialize the Gaussian positions from the ground-

truth scene mesh vertices. To reduce the number of initialized Gaussians, we perform the grid

subsampling with a voxel size of 2cm on the original mesh. Finally, we remove the Gaussian

growing step while only pruning Gaussians during optimization.

3.2.2 Multi-view Feature Fusion

For a given set of 3D Gaussians, our next step is to extract per-Gaussian features. As

each scene can contain millions of Gaussians and feature maps from 2D foundation models

are typically high-dimensional, directly optimizing 3DGS with high-dimensional per-Gaussian

features can be time-consuming and computationally intensive. Therefore, we propose a multi-

view feature fusion strategy to lift 2D feature maps into the 3D Gaussian space.

2D Feature Extraction. Previous works [110, 180] typically extract features from task-specific

models - for instance, OpenScene utilizes features from a 2D segmentation model specifically for

open-vocabulary scene understanding. This approach necessitates multiple model distillations to

accomplish different tasks. To address this limitation, we propose to extract backbone features

from the RADIO [122] model. Unlike task-specific features, RADIO’s backbone features can

be projected into various target embedding spaces (i.e., DINO [105], CLIP [118], SigLIP [183],

and SAM [67]) using pretrained lightweight adapters, significantly enhancing our approach’s

flexibility.

Multi-view Fusion. For each Gaussian 𝒈 from the set of Gaussians G, we first project it onto

the image plane using the camera intrinsics 𝐾 𝑗 and world-to-camera extrinsics 𝐸 𝑗 of the 𝑗 th

frame. The corresponding pixel coordinate can be calculated as 𝒖 = 𝐾 𝑗 ·𝐸 𝑗 · 𝒈(𝝁).(where the

homogeneous representations of 𝒖 and 𝝁 are omitted for simplicity). We also conduct occlusion
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office chair in this room

2D VLM

…

Answer:The office chair features a 
black mesh design with armrests 
and a wheeled base.

Localization&View Sampling 
(Sec.3.4)

Figure 3.2. Architecture Details of SplatDistill. (Left) The distillation pipeline begins with an
original 3DGS reconstructed from multi-view images. Our 3D Gaussian Encoder (Sec.3.2.3)
processes these Gaussians through view-dependent selection and a Gaussian Transformer to
produce feature-enriched 3D Gaussians. The framework is supervised by two distillation losses:
L3D applied directly to 3D Gaussians via multi-view fusion (Sec. 3.2.2), and Lrender applied to
2D rendered feature maps. (Right) The inference pipeline demonstrates how the feature-enriched
3D Gaussians enable object localization and strategic view sampling (Sec.3.2.4) in response to
text prompts. The sampled views and their feature maps are fed to a 2D VLM to enable 3D scene
understanding without specialized 3D training.

tests to guarantee that only visible Gaussians are considered by comparing them with the rendered

depth map. More details about this can be found in the supplementary materials.

Given the projected pixel coordinate 𝒖, the corresponding feature can be obtained

via f 𝑗 = F 𝑗 [𝒖], where F 𝑗 ∈ R𝐻,𝑊,𝐷 is the RADIO backbone feature map and 𝐷 refers to the

feature dimension. Assuming 𝑁 views are available for fusion, the fused feature vector for

Gaussian 𝒈 can be computed as the mean of the corresponding features across these 𝑁 views:

ffused = mean(f1, ..., f𝑁 ). By repeating this fusion process for each Gaussian, we establish a

feature-enriched 3D Gaussian set: Gfused = {(ffused, 𝝁,SH, 𝒓, 𝒔,𝜶)𝒊}𝑖=1:𝑀 .

3.2.3 3D Feature Distillation

While the per-scene generated 3D feature Gaussians can be directly applied to various

downstream tasks, this approach requires repeating the feature extraction and multi-view fusion
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procedure for each scene which can take several minutes to process. Moreover, such fused

features can be noisy due to potentially inconsistent 2D predictions. Therefore, we propose to

distill such knowledge from the 2D foundation model into a 3D network that takes a set of 3D

Gaussians as input, as shown in Fig. 3.2.

Specifically, given a set of 3D Gaussians G, we aim to learn a network 𝜺3D that outputs

per-Gaussian embeddings F3D = 𝜺3D(G), where F3D = {f1
3D, ..., f

𝑴
3D}. A strong limitation of

learning such a network on 3D Gaussians is the large amounts of Gaussians, i.e. millions of

Gaussians. Directly feeding these 3D Gaussians into a 3D network like PointTransformer [190]

can cause the out-of-memory issue. Motivated by this finding, we explore methods to reduce the

number of Gaussians. While a straightforward approach would be to voxelize the Gaussians with

larger voxel sizes, this leads to the omission of too many tiny Gaussians, resulting in rendering

artifacts. On the other hand, we observe that rendering any specific view typically utilizes

only a small portion of the scene’s 3D Gaussians. Based on this observation, we propose a

view-dependent selection strategy that further reduces the input Gaussians after conventional

voxelization. Specifically, we first sample several target views and construct view frustums from

their camera extrinsics. We then filter out Gaussians outside these view frustums, using the

remaining Gaussians as input for the 3D network. We utilize PointTransformer V3 [162] as our

3D backbone network 𝜺3D and change its output dimension to 𝐷.

To ensure consistency between output features and fused features, we employ cosine

similarity loss as suggested by [110]. Additionally, to enable pre-trained adapter heads to serve

as drop-in replacements for mapping backbone features to different target embedding spaces,

we maintain the magnitude of feature vectors using smooth L1 loss [34]. Thus, we employ a

combination of cosine similarity and smooth L1 as,

Lmatch(𝑥, 𝑦) = 𝛼(1− cos(𝑥, 𝑦)) + 𝛽Ll1-smooth(𝑥, 𝑦)

L3D =

𝑀∑︁
𝑖

Lmatch(f𝑖3D, f
𝑖
fused)

(3.3)
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where 𝛼, 𝛽 are two balance factors. We empirically set 𝛼 = 0.9 and 𝛽 = 0.1. To further ensure

that the distilled features remain compatible with pretrained RADIO adapters, we apply the

same matching loss between the 2D rendered feature maps and the RADIO 2D features after

processing both through pretrained adapter 𝜙ℎ,

Lrender =

𝐻∑︁
ℎ

𝑁∑︁
𝑗

Lmatch(𝜙ℎ (R(Gfused,𝐾 𝑗 , 𝐸 𝑗 )), 𝜙ℎ (F 𝑗 )) (3.4)

where R is the feature rendering process from the given camera parameters and 𝐻 is the number

of adapter heads. Therefore, the final loss function is expressed as,

Ldistill = 𝜆3DL3D +𝜆renderLrender (3.5)

where 𝜆3D and 𝜆render are set to 1.0, 0.2, respectively.

3.2.4 Inference

Unlike inference with traditional 2D VLMs, which typically requires uniform sampling of

multiple frames from a testing sequence, we design a two-stage inference pipeline that leverages

the feature-enriched 3DGS to efficiently “focus” on regions of interest. As demonstrated in

Fig. 3.2 (right side), given the set of Gaussians with distilled features, we first identify a small

subset of Gaussians that covers the content of interest. The distilled features naturally reside

in the same language-aligned embedding space as RADIO, enabling us to evaluate semantic

similarity between per-Gaussian features and arbitrary text prompts through cosine similarity

computation. Subsequently, we strategically sample multiple viewpoints around these identified

regions to generate both rendered images and their corresponding feature maps via Gaussian

splatting. These visual inputs serve as the foundation for 2D VLM inference, allowing the model

to reason effectively about the 3D scene from optimal perspectives.
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3.3 Experiments

3.3.1 Experimental Setup

Datasets and Benchmarks. Our training and evaluation experiments are conducted on

the ScanNet dataset [26], an extensive indoor 3D scene dataset containing 1,513 multi-modal

indoor scenes where 1,201 scenes are utilized for training and 312 scenes are for validation. We

conduct our evaluation across several benchmarks adhering to these training/validation splits,

including ScanNetV2/ ScanNet200 [26, 126] for 3D scene understanding, ScanQA [5] for 3D

QA, Scan2Cap [24] for 3D dense captioning, and ScanRefer [14] for 3D visual grounding.

Implementation Details. To prepare the training data, we first utilize the 3DGS re-

construction pipeline provided in Gsplat studio [174] to generate the 3DGS representation for

each scene in ScanNet. To facilitate the optimization process, we instead initialize the Gaussian

positions with the subsampled points from the given scene mesh vertex. For the feature distilla-

tion, we utilize the RADIOv2.5 ViT-H/16 [122] as the 2D foundation model to extract the 2D

feature map from each input RGB frame for its higher resolution output. The Gaussian encoder

is trained on 8×A100 80G GPUs for 100 epochs on the training scenes in ScanNetV2. During

the inference, without the access of ground-truth meshes, we reconstruct the 3D Gaussians via

LoopSplat [202]. To achieve the zero-shot scene segmentation, we directly utilize the distilled

Gaussian feature. Meanwhile, for 3D QA tasks, we render these 3D Gaussians along with

features to obtain multiple-view feature maps and feed into the pre-trained 2D VLMs. In the

following experiments, we utilize pre-trained Llama-3-VILA1.5-8B [81] as the VLM backend

by default unless specified.

In our experiments, we evaluate two variants of our approach based on how to obtain 3D

feature Gaussians. “Ours (Fused)” refers to features obtained by multi-view fusion (Sec. 3.2.2)

taking around 5-10 minutes, and “Ours (Distilled)” denotes features generated in a single forward

pass through the 3D Gaussian network (Sec. 3.2.3) within 10 seconds.
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Table 3.1. Quantitative comparison with SOTA models for 3D object recognition on
ScanNetv2. We report the top-1 classification accuracy.

Method Avg. Bed Cab Chair Sofa Tabl Door Wind Bksf Pic Cntr Desk Curt Fridg Bath Showr Toil Sink

PointCLIP [187] 6.3 0.0 0.0 0.0 0.0 0.7 0.0 0.0 91.8 0.0 0.0 0.0 15.0 0.0 0.0 0.0 0.0 0.0
PointCLIP V2 [204] 11.0 0.0 0.0 23.8 0.0 0.0 0.0 0.0 7.8 0.0 90.7 0.0 0.0 0.0 0.0 64.4 0.0 0.0

CLIP2Point [55] 24.9 20.8 0.0 85.1 43.3 26.5 69.9 0.0 20.9 1.7 31.7 27.0 0.0 1.6 46.5 0.0 22.4 25.6
PointCLIP w/ TP. 26.1 0.0 55.7 72.8 5.0 5.1 1.7 0.0 77.2 0.0 0.0 51.7 0.3 0.0 0.0 40.3 85.3 49.2

CLIP2Point w/ TP. 35.2 11.8 3.0 45.1 27.6 10.5 61.5 2.6 71.9 0.3 33.6 29.9 4.7 11.5 72.2 92.4 86.1 34.0
CLIP2 [182] 38.5 32.6 67.2 69.3 42.3 18.3 19.1 4.0 62.6 1.4 12.7 52.8 40.1 9.1 59.7 41.0 71.0 45.5
Uni3D [194] 45.8 58.5 3.7 78.8 83.7 54.9 31.3 39.4 70.1 35.1 1.9 27.3 94.2 13.8 38.7 10.7 88.1 47.6

OpenIns3D [56] 60.8 85.2 27.4 87.6 77.3 46.9 54.8 64.2 71.4 9.9 80.8 82.7 71.6 61.4 38.7 0.0 87.9 85.7

Ours (Distilled) 70.7 81.2 52.4 83.1 87.5 37.7 84.6 53.9 67.6 9.8 56.0 89.3 55.0 56.5 97.7 95.8 96.4 100.0

3.3.2 Evaluation on Scene Understanding

To evaluate the quality of distilled 3D Gaussian features, we conduct experiments under

ScanNet to explore the performance of zero-shot recognition and open-vocabulary instance

segmentation.

3D Object Recognition. 3D object recognition aims to recognize the category of the

query 3D instance. We compare our approach among all state-of-the-art (SOTA) 3D recognition

models: PointCLIP (v1 and v2) [187, 204], CLIP2 [182], CLIP2Point [55] and Uni3D [25]. We

follow the same setting as CLIP2 where the ground truth instance segmentation is provided for

all the methods. As these methods do not use any scene from ScanNet during training, for a fair

comparison, we also compare our approach with OpenIns3D where a per-scene fusion strategy is

utilized to map 2D segmentations into 3D space (note that no annotations are used). All results

are summarized in Table 3.1 where our approach produces much more accurate recognition

results than existing works.

Open-vocabulary 3D Instance Segmentation. To further show the effectiveness of the

distilled Gaussian feature, we adopt the distilled Gaussian feature to open-vocabulary 3D instance

segmentation on ScanNet200. We consider three groups of existing SOTA methods: (i) the fully

supervised models that utilize the closed-set classification annotations, including ISBNet [102]

and Mask3D [51]. (ii) the per-scene optimization approaches that utilize the class-agnostic 3D

mask proposals and lift up the 2D feature/segmentation map from 2D foundation models, i.e.,

CLIP, into 3D space via some multi-view fusion strategies, i.e., OpenScene [110](using 2D fusion
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Table 3.2. Quantitative comparison with SOTA models on ScanNet200 for 3D instance
segmentation. Metrics are respectively: AP averaged over an overlapping range, and AP
evaluated at 50% and 25% overlaps. We also report AP scores for head, common, and tail subsets
of ScanNet200.

Model AP25 AP50 AP APHead APCommon APTail

Closed-vocabulary, fully supervised
ISBNet [102] 37.6 32.7 24.5 38.6 20.5 12.5
Mask3D [14] 36.2 41.4 26.9 39.8 21.7 17.9

Open-vocabulary, per-scene
OpenScene [110](Fused) + Mask3D 17.8 15.2 11.7 13.4 11.6 9.9
OpenMask3D [143] 23.1 19.9 15.4 17.1 14.1 14.9
Open3DIS∗ [103] 27.3 23.1 18.6 24.7 16.9 13.3
OpenIns3D [56] 14.4 10.3 8.8 16.0 6.5 4.2
Ours (Fused) 28.1 24.3 19.1 22.6 18.6 11.1

Open-vocabulary, feed-forward
OpenScene [110] (Distilled) + Mask3D 7.2 6.2 4.8 10.6 2.6 0.7
Ours (Distilled) 10.2 9.3 7.4 16.5 3.0 0.9

features), OpenMask3D [143], Open3DIS [103] and OpenIns3D [56]. (iii) the feed-forward

models that directly map 3D representations to the language embedding space.

Since our approach generates per-Gaussian features whose positions do not align with the

original point clouds, we cannot evaluate the 3D instance segmentation results on 3D Gaussians

with the ground-truth annotations on point clouds. To address this issue, we utilize the class-

agnostic 3D mask proposals to crop out the 3D Gaussians within each mask proposal and

recognize the corresponding category. For a fair comparison, we utilize the class-agnostic 3D

mask proposals generated by Mask3D [51] for the evaluation of most existing approaches unless

otherwise specified. As reported in Table 3.2, our approach achieves the best performance among

the per-scene optimization models and feed-forward models in terms of AP25, AP50, and AP.

However, we have observed a decline in performance in the tail classes of ScanNet200. The

decrease in performance can be attributed to the low-quality reconstruction of smaller objects in

the ScanNet200 scene and the misalignment between the original point clouds and the Gaussian

points.
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Figure 3.3. Qualitative comparison with 2D feature map on ScanNet. PCA visualizations
of feature maps obtained via: RADIOv2.5 ViT-H/16 [122], rendered from multi-view fused 3D
feature Gaussians and rendered from distilled 3D feature Guassians.

3.3.3 Evaluation on 3D Question Answering

3D question answering requires a model to generate responses to the natural language

queries questioning towards a 3D scene. In this section, we validate our approach on ScanQA [24]

for 3D question answering.

Baseline Models. We mainly compare our approach with existing 2D (image/video)

and 3D VLMs for different downstream tasks. Existing methods are split into three groups:

(i) Discriminative task-specific models perform closed-set classification via detected object

proposals. (ii) Zero-shot VLMs include the generalist VLMs trained on internet data while

without access to the 3D ground-truth question-answer pairs from several benchmarks. (ii)

Fine-tuned VLMs cover the VLMs finetuned with these 3D ground-truth question-answer pairs

for particular tasks and multi-tasks.

Results on ScanQA. ScanQA is a subset of ScanNet that contains 41,363 questions

about 800 scenes and we evaluate our approach on its validation set which consists of 4,675

questions about 71 scenes. Following prior works, we adopt BLEU scores, METEOR, ROUHE-L,
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Table 3.3. Quantitative comparison with SOTA models on ScanQA for 3D QA task. “C”
stands for “CIDEr”, “B-4” for “BLEU-4”, “M” for “METEOR”, “R” for “ROUGE”, and “EM@1”
for top-1 exact match. Gray indicates evaluation results with refined exact-match protocol as
suggested in [53].

C↑ B-4↑ M↑ R↑ EM@1↑
Task-specific models
ScanQA [5] 64.9 10.1 13.1 33.3 21.1
3D-VisTA [205] 69.6 10.4 13.9 35.7 22.4

Fine-tuned 3D VLMs
3D-LLM (FlanT5) [50] 69.4 12.0 14.5 35.7 20.5
LL3DA [18] 76.8 13.5 15.9 37.3 –
Chat-3D v2 [52] 87.6 14.0 – – –
LEO [53] 101.4 13.2 20.0 49.2 24.5 (47.6)
Scene-LLM [33] 80 12.0 16.6 40.0 27.2
LLaVA-3D [201] 91.7 14.5 20.7 50.1 27.0 (45.0)

Zero-shot 2D VLMs
VideoChat2 [74] 49.2 9.6 9.5 28.2 19.2
LLaVA-NeXT-Video [189] 46.2 9.8 9.1 27.8 18.7
Llama3-VILA-1.5 [81] 64.4 – 13.5 35.2 22.4
GPT-4V 59.6 – 13.5 33.4 –
Gemini 68.3 – 11.3 35.4 –
Claude 57.7 – 10.0 29.3 –

Ours (Fused) 72.2 – 16.0 38.8 25.4 (42.1)
Ours (Distilled) 67.5 – 15.2 37.7 23.8 (40.4)

CIDEr and EM (“exact match”) as our evaluation metrics. For existing zero-shot 2D Language-

Vision Models (VLMs), we uniformly sample N frames (where N=8 in our experiments) as they

exclusively take multi-view images as input. As reported in Table 3.3, all evaluated zero-shot 2D

VLMs demonstrate relatively poor performance compared to recent 3D VLMs, which are trained

with 3D ground-truth annotations and incorporate carefully designed 3D-awareness modules.

In contrast, our approach has never been fine-tuned on any 3D QA pairs, and yet outperforms

all existing zero-shot VLMs by a large margin and even achieves comparable performance to

some fine-tuned 3D VLMs, i.e., LL3DA [18] and 3D-LLM [50]. This significant improvement

can be attributed to the more relevant views sampled from the ROI obtained by our 3D Gaussian

localization pipeline.

3.3.4 Evaluation on 3D Dense Captioning

3D dense captioning requires the model to localize the objects of interest in a 3D scene

and then generate descriptive sentences for these objects. Following the previous work [205, 53],
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Table 3.4. Quantitative comparison with SOTA models on Scan2Cap for dense caption-
ing task. “C” stands for “CIDEr”, “B-4” for “BLEU-4”, “M” for “METEOR”, and “R” for
“ROUGE”.

C@0.5↑ B-4@0.5↑ M@0.5↑ R@0.5↑
Task-specific models
Scan2Cap [24] 39.08 23.32 21.97 44.78
3D-VisTA [205] 61.60 34.10 26.80 55.00

Fine-tuned 3D VLMs
LL3DA [18] 65.19 36.79 25.97 55.06
LEO [53] 72.4 38.2 27.9 58.1
LLaVA-3D [201] 79.21 41.12 30.21 63.41

Zero-shot 2D VLMs
LLama-3.2 [29] 3.97 4.81 20.86 28.00
Phi-3 [1] 4.21 4.97 24.36 34.14
InternVL2 [23] 3.68 4.83 23.81 35.23
LLaVA-OneVision [72] 21.29 8.88 25.21 41.44
Owen2-VL [7] 10.96 6.78 25.60 38.93
Llama3-VILA-1.5 [81] 23.34 9.45 26.67 43.71

Ours (Fusion) 30.08 11.74 27.05 46.01
Ours (Distilled) 29.17 11.22 26.58 45.46

we utilize the off-the-shelf segmentation model Mask3D [51] to generate object proposals. Then

we replace the object positions obtained from the localization step mentioned in the 3D QA

section with these object proposals. To generate the 3D dense captioning of the given object,

we follow the same viewpoints sampling strategy described before (Sec 3.3.3) to generate input

images for the pre-trained 2D VLM. We utilize the textual instructions that prompt the model

to describe the object’s appearance and the spatial relations with nearby objects. As shown

in Table 3.4, our approach achieves comparable performance with fine-tine 3D VLMs while

consistently surpassing the zero-shot 2D VLMs across all evaluation metrics.

3.3.5 Evaluation on 3D Visual Grounding

3D visual grounding aims to localize the target object in the 3D scene using natural

language descriptions. We evaluate the performance on the ScanRefer [14] benchmark. For

quantitative comparisons, we found none of the existing zero-shot 2D VLMs can output a

reasonable object localization due to the lack of explicit 3D representation. On the other hand,

our approach using Gaussian features enables us to calculate the similarity between each Gaussian
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Table 3.5. Quantitative comparison with SOTA models on ScanRefer for 3D VG task. We
report the top-1 accuracy with 3D bounding box IOU over 25% and 50%.

Acc@0.25 Acc@0.5

Task-specific models
ScanRefer [14] 37.3 24.3
ReGround3D [200] 53.1 41.1

Fine-tuned 3D VLMs
LLM-Grounder [169] 17.1 5.3
3D-LLM [50] 30.3 –
Chat3D-v2 [52] 35.9 30.4
LLaVA-3D [201] 54.1 42.2

Zero-shot 2D VMMs
None of existing zero-shot 2D LLMs can achieve this task.

Ours (Fusion) 40.2 16.0
Ours (Distilled) 43.2 18.2

Table 3.6. Ablation study on Rendering loss. We report the 3D instance segmentation results
on ScanNet200 and the 3D grounding results on ScanRefer.

ScanNet200 ScanRefer

Method AP25 AP50 AP Acc@0.25 Acc@0.5

Ours w.o. render loss 8.0 7.3 5.8 41.5 17.1
Ours w. render loss 10.2 9.3 7.4 43.2 18.2
improvements +2.2 +2.0 +2.6 +1.7 +1.1

and the text prompt. We set a threshold to figure out several regions with higher similarity scores

that could belong to the target object. As the distribution of 3D Gaussians can be noisy (e.g.,

like floaters in the air), we further utilize the DBSCAN algorithm to filter out outliers and the

final output is a set of 3D bounding boxes that cover each Gaussian grouping. Since this process

might result in multiple candidate regions, we choose the one that has the highest IOU score

with the ground-truth 3D bounding box when calculating the top-1 accuracy.

3.3.6 Ablation Study

In this section, we conduct several experiments to delve deeper into some details and

properties of our proposed approach. Effectiveness of Rendering Loss. We first show the

effectiveness of the rendering loss used during 3D Gaussian feature distillation. We assess

performance on two tasks: 3D instance segmentation on ScanNet200 and 3D visual grounding
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Table 3.7. Comparison results with 3DGS-based optimization approaches on Scan-
Net200.We report the 3D instance segmentation results on ScanNet200 and compared the
efficiency with optimization-based approaches.

Model AP25 AP50 AP Time(min)

Feature-3DGS [195] 17.4 16.0 14.6 ∼120
LEGaussian [132] 8.2 7.8 7.7 ∼60
LangSplat [115] 14.3 13.8 12.2 ∼ 100

Ours (Fused) 28.9 26.2 22.8 ∼5
Ours (Distilled) 17.9 17.6 16.3 ≤1

Table 3.8. Comparison results with existing 3D VLMs under fine-tuning setting.

ScanQA Scan2Cap

Method C↑ EM@1↑ B-4@0.5↑ M@0.5↑ R@0.5↑
LEO [53] 101.4 24.5 38.2 27.9 58.1
LLaVA-3D [201] 91.7 27.0 41.1 30.2 63.4
Video-3D LLM [192] 102.1 30.1 41.3 – –

Ours(Finetuned) 101.9 32.5 30.2 25.9 61.6

on ScanRefer benchmarks. As shown in Table 3.6, incorporating the rendering loss yields

improvements of 2.6% AP on ScanNet200 and 1.1% Acc@0.5 on ScanRefer, demonstrating

enhanced scene understanding capability.

Comparison with per-scene optimization. To show the quality of distilled Gaussian

feature from the feed-forward Gaussian encoder, we compare it with some per-scene optimization

approaches, i.e., LangSplat [115], Feature3DGS [195] and LEGaussian [132] on the task of open

vocabulary instance segmentation as shown in Table 3.7. Note that the results are evaluated on

12 scenes randomly sampled from the ScanNet validation set due to the computational demands

of per-scene optimization methods. Our approach achieves better performance with much less

time, i.e., 1 min v.s. 100 mins.

Finetune on 3D data. Although the goal of our approach is to enable the 3D spatial

understanding ability of 2D VLM without fine-tuning on 3D data, our approach can be further

fine-tuned with ground-truth 3D QA pairs similar to LLAVA-3D [201]. The comparison results

are listed in Table 3.8. Under a similar fine-tuning setting, our approach achieves comparable

results with state-of-the-art on ScanQA and Scan2Cap.
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Table 3.9. Ablation study on the number of sampling views. Gray indicates evaluation results
using the distillation model.

# Views C↑ M↑ R↑ EM@1↑
16 68.6 (65.6) 15.5 (15.1) 37.2 (36.5) 23.6 (22.7)
32 71.7 (67.1) 15.8 (15.4) 38.4 (37.4) 25.1 (23.3)
64 72.2 (67.5) 16.0 (15.2) 38.8 (37.7) 25.4 (23.8)

Number of Sampling views. We also show comparison results by varying the number

of views sampled from the scene for the evaluation 3D visual question answering. While

maintaining a constant input of 8 frames for the 2D VLM, we vary the number of candidate

views from which these frames are selected. As presented in Table 3.9, performance tends to

improve with an increasing number of candidate sampling views. However, this improvement

comes with increased computational cost, presenting a trade-off between performance and

efficiency.

3.4 Conclusion

In this work, we presented SplatDistill, a novel framework that bridges 3D Gaussian

Splatting with foundation models through feature distillation. Given a set of 3D Gaussians,

SplatDistll predicts the per-Gaussian features that align well with the 2D foundation models

via the proposed 3D Gaussian Network. A view-dependent selection and two matching losses

are introduced to distill the knowledge of the 2D foundation model onto 3D Gaussians. Based

on SplatDistill, we design a flexible end-to-end 3D scene understanding pipeline using the

extracted Gaussian Features and pre-trained 2D VLMs that achieves improved generalization

and efficiency compared to existing methods on various tasks.

Acknowledgments

Chapter 3, in part, is based on the paper from Yang Fu, Sifei Liu, Hongxu Yin, Benjamin

Eckart, Jan Kautz, Xiaolong Wang, Arash Vahdat and Chao Liu, “Bridging 2D Vision Language

Models to 3D World via Feature Distillation” currently being prepared for submission. The

52



dissertation author is the primary investigator and author of this paper.

53



Chapter 4

3D Perception in the Wild — Category-
Level 6D Object Pose Estimation

4.1 Introduction

Estimating the 6D object pose is one of the core problems in computer vision and

robotics. It predicts the full configurations of rotation, translation and size of a given object,

which has wide applications including Virtual Reality (VR) [10], scene understanding [96],

and [150, 203, 99, 158]. There are two directions in 6D object pose estimation. One is

performing instance-level 6D pose estimation, where a model is trained to estimate the pose

of one exact instance with an existing 3D model [43, 109, 73, 163, 104, 20, 42]. However, the

learning instance-level model restricts its generalization ability to unseen objects. To achieve

generalization in unseen cases, another direction is recently proposed to perform category-level

6D pose estimation using one model [155, 15, 148, 95, 21]. However, the large appearance and

shape variance across instances largely increase the difficulty of learning.

To overcome this limitation, Wang et al. [155] take the initial step to collect real-world

dataset and annotations for category-level 6D pose estimation. Combining synthetic data with

free ground-truth annotations, they show the learned model can be generalized to unseen objects

within the same category. While this result is encouraging, the generalization ability of the model

is still limited by the number and the diversity of the data due to the challenges in annotating 6D

object poses. Specifically, only 8,000 images across 13 scenes are collected and annotated from
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Figure 4.1. Left: we train our model with both synthetic data and real-world data under our
proposed semi-supervised setting. Right: during inference, given the RGBD images, the object
pose can be estimated precisely. Green 3D bounding boxes denote the ground truth, and the red
boxes are estimation results via our proposed method

the dataset proposed in [155]. Thus it is still very challenging to generalize 6D pose estimation

on diverse objects in complex scenes.

In this paper, we propose to generalize category-level 6D object pose estimation in the

wild. To achieve this goal, we introduce a new dataset and a new semi-supervised learning

approach. Our key insight is that, while annotating the 6D object pose is challenging, collecting

the RGBD videos for these objects without labels is much easier and more affordable. On

the other hand, there are infinite ground-truth annotations for synthetic data which come for

free. We propose to leverage the benefits from both sides. We first collect a rich object-centric

video dataset with diverse backgrounds and object instances using an RGBD camera. We train

our model jointly using synthetic data with the free ground-truth 6D pose annotations and the

unlabeled real-world RGBD videos via a silhouette matching objective. In this way, our pose

estimation model can be generalized to in-the-wild data with minimum human labor. We collect

an RGBD video dataset for 6D object pose estimation in the wild, namely Wild6D. Each video

in the dataset shows multiple views of one or multiple objects (see examples in Fig. 4.1). In

total, there are 5166 videos (> 1.1 million images) over 1722 object instances and 5 categories,
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which is significantly (300x) larger than the previous 6D object pose estimation dataset [155].

For evaluation, we annotate 486 videos over 162 objects.

Given this dataset, we design a novel semi-supervised model, called Rendering for Pose

estimation Network (RePoNet). The RePoNet is composed of two branches of networks with

a Pose Network to estimate the 6D object pose and a Shape Network to estimate the 3D object

shape. Given an RGBD image of an object, our Pose Network first estimates the Normalized

Object Coordinate Space (NOCS) map [155], which will be integrated with lower-layer features

to regress the object 9D pose (rotation, translation, and size parameters). Meanwhile, the Shape

Network takes a category-level 3D shape prior as an input, and estimates the object shape for the

current input instance.

During training, we utilize both the synthetic data with the full ground-truths and the real-

world data from Wild6D with foreground segmentation masks (obtained by Mask R-CNN [40]).

Given the inputs with synthetic data, we apply the regression losses on both the NOCS map, 6D

pose parameters, and object shape. Additionally, given the estimated pose and object shape, we

perform differentiable rendering to obtain an object mask projected in 2D. A silhouette matching

objective is proposed to compare the difference between the projected mask and the ground-truth

mask. With the real RGBD data, although we do not have the 3D ground-truths, we can still learn

with the silhouette matching objective by comparing the projected mask against the foreground

segmentation. In this way, the gradients are back-propagated through the 6D pose and object

shape to adjust both Pose Network and Shape Network for real RGBD data. During inference,

we first apply our Pose Network to estimate the NOCS map with a given image. With the NOCS

map output, the object pose can be computed by solving the Umeyama algorithm [151]. Some

estimation results on Wild6D can be found in Fig. 4.1.

In our experiments, we first evaluate our approach with the dataset proposed in [155].

Our RePoNet shows a improvement over state-of-the-art approaches when trained in a fully-

supervised setting (using 3D ground-truths from both real and synthetic data). By using the

real-world data without its 3D ground-truth with semi-supervised learning, our performance can
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still be on par with previous approaches using full annotations. We then experiment with our

Wild6D dataset and consistently show a large performance gain over the baselines on in-the-wild

objects.

4.2 Problem Setting

Instance-level 6D Object Pose Estimation. Instance-level 6D pose estimation aims

to infer the 3D position and rotation of an object instance, assuming a 3D CAD model for the

exact object is provided. We can classify the research in this area into two directions. The first

one is to use template matching, which aligns the given CAD model to the observed 3D point

clouds [8, 152, 181] or 2D images [76, 141, 57]. Another line of research is to directly regress the

6-DoF pose parameters [163, 153, 28] or predict the keypoints to establish the correspondences to

pose using PnP or SVD [116, 109, 43, 147, 136, 19]. While these approaches have demonstrated

state-of-the-art performance, they are still limited on learning for each individual instance, i.e.,

YCB [12] or LineMOD objects [47], and cannot generalize to unseen object instance. In this

work, we focus on pose estimation at the category level which means our approach can be

generalized to unseen objects in the wild.

Category-level 6D Object Pose Estimation. Recently, researchers have proposed to

learn a single model for one category of objects instead of just one instance on pose estimation.

For example, Wang et al. [155] propose a canonical shape representation of different objects

called Normalized Object Coordinate Space (NOCS) to handle the instance variations. The object

pose and size are calculated by the Umeyama algorithm [151] with predicted NOCS map and

the observed points. Follow-up work using the NOCS representation has focused on improving

the shape priors [148] and incorporating direct regression of object pose and size [15, 82, 21].

While these approaches can be deployed on unseen object instances, the generalization ability

of these models is still limited by the scale and the diversity of real-world annotated data in the

REAL275 dataset [155]. Only 13 scenes with 18 real objects in total are presented in REAL275.
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Table 4.1. Comparison between Wild6D and existing datasets. Wild6D significantly scale up
the number of images, object instances, complexity of the scenes compared to previous RGBD
datasets.

Datasets RGBD Real #Categories #instances #images

Objectron [4] ✓ 9 18K 4M
CAMERA25 [155] ✓ 6 184 300K

REAL275 [155] ✓ ✓ 6 24 8k

Wild6D ✓ ✓ 5 1.8K 1M

In contrast, we propose a semi-supervised learning approach with RePoNet, which leverages a

new large-scale unlabeled dataset Wild6D for training. Both our method and the new dataset are

the key components that lead to our goal of generalizing category-level 6D pose estimation in

the wild.

4.3 Wild6D Dataset

Existing Datasets. NOCS [155] is the most common dataset for category-level 6D

object pose estimation, which consists of the synthetic CAMERA25 dataset and the real-world

REAL275 dataset. The synthetic CAMERA25 dataset contains 300,000 RGBD images of 1,085

object instances from 6 categories for training and evaluation. The REAL275 dataset shares the

same categories with CAMERA25 but is more challenging under the real-world background.

It contains 4,300 RGBD images of 7 scenes for training and 2,750 images of 6 scenes for

testing. Due to the limited scale and diversity of real data, the learned models from this dataset

cannot generalize to in-the-wild scenarios. Objectron [4] is a large-scale dataset for object

pose estimation and tracking. Different from NOCS [155], it consists of a collection of short

object-centric video clips captured in the real world. However, no depth maps are provided in

Objectron, which might lead to ambiguities in pose estimation.

Wild6D Data Collection. To achieve a categorical 6D pose for real objects, we collect a

new large-scale RGBD dataset, named Wild6D. Each video in the Wild6D is recorded via the

iPhone front camera showing multiple views of objects where RGB images and the corresponding
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depth images and point cloud are captured simultaneously. The videos are captured by different

turkers with their own iPhones to guarantee the diversity of instances and background scenes.

Three videos are taken for each object under different scenes. In total, Wild6D consists of 5,166

videos (>1.1 million images) over 1722 different object instances and 5 categories, i.e., bottle,

bowl, camera, laptop, and mug. Among this data, we split 486 videos of 162 instances to use

them as the test set. Table 4.1 summarizes the statistics of Wild6D comparing previous datasets:

Wild6D significantly improves the number of images, object instances, and scene complexity.

Wild6D Annotation. To annotate more than 10,000 images in the testing set efficiently,

we propose a tracking-based annotation pipeline. Inside a video, we manually annotate the 6D

object poses every 50 frames as keyframes. Given the annotation of the keyframe, we implement

TEASER++ [168] together with colored ICP [107] to achieve the registration between the

keyframe and the following frame and compute the transformation matrix. The ground-truth

object pose of the following frame can be obtained by applying the transformation matrix to

the keyframe annotation. Following this pipeline, we can obtain accurate ground-truths by only

labeling around 5 keyframes per video.

4.4 Method

We propose the Rendering for Pose estimation network (RePoNet) using both synthetic

data and large-scale unlabeled real-world data in a semi-supervised manner.

RePoNet overview. The RePoNet is composed of two networks including the Pose Net-

work to directly estimate the object 6D pose parameters (with the NOCS map as an intermediate

representation) and the Shape Network to reconstruct the object shape. The outputs from both

networks can go through a differentiable rendering [88] module which outputs a segmentation

mask.

Semi-supervised learning setting. As shown in Fig. 4.2, we utilize two sets of data for

semi-supervised learning: (i) synthetic data with full annotations including NOCS maps, CAD
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Figure 4.2. Semi-supervised Setting. For the synthetic data, we supervise it with all the
annotations. While for the real-world data, we train it by comparing the binary mask generated
by the rendering module with the object foreground segmentation.

models, foreground segmentation, and 6D pose parameters, denoted as Dsyn; and (ii) a large-scale

real-world RGBD dataset Wild6D with estimated foreground masks (using pre-trained Mask

R-CNN [40]), denoted as Dreal. Both the synthetic data and the real-world data are utilized to

train our RePoNet jointly. For the synthetic data, all the ground-truths are used as supervision

signals for the Pose Network and the Shape Network. While for the real-world data, we directly

feed the outputs from the Pose Network and the Shape Network into the differentiable rendering

module to generate the binary mask, then train the whole RePoNet by comparing the rendered

mask with the object foreground mask (silhouette matching loss). While there can be a more

delicate way to deal with the domain gap between simulation and real, we find the direct sharing

of parameters during training already provides a simple yet effective solution for generalization.

One important contribution of this framework is to make the whole procedure with

RePoNet differentiable, using the Shape Network, and a ConvNet to connect NOCS map to 6D

pose parameters in the Pose Network. This allows the gradients to backprop through the network

end-to-end. We will explain the architecture and objective details in the following subsections.

4.4.1 Framework Details

Input data pre-processing. Given an RGBD image, we first utilize the off-the-shelf Mask

R-CNN [40] model to infer the segmentation mask for each object instance (See supplementary

material for segmentation examples). We crop an object of interest from the RGB image and the
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corresponding depth map. The pixels in the depth map are back-projected as an observed point

cloud. We denote the observation of an object instance as X ∈ R𝐻×𝑊×3 for RGB channels and

P ∈ R𝑁p×3 for the point clouds, where𝑊,𝐻 stands for cropped image resolution and 𝑁p is the

number of sampled points.

Feature extraction. We employ the PSPNet [191] to extract the image feature as 𝑓x

(Fig. 4.3 green box), and a PointNet [114] to extract the point cloud geometry feature as 𝑓p

(Fig. 4.3 blue box). Meanwhile, for each category, we first define a category-level mesh prior

M ∈ R𝑁v×3 to represent objects belong to a specific category, where 𝑁v is the number of vertices

of the pre-defined mesh. We also use the PointNet to extract the shape prior feature as 𝑓cate

(Fig. 4.3 purple box).

Pose Network. Unlike instance-level 6D object pose estimation, where the CAD model

of a specific instance is always given as the reference, the Pose Network is excepted to work well

even without any instance models. To achieve this goal, we leverage the NOCS representation

proposed in [155]. The architecture of the Pose Network is shown as the bottom part of Fig. 4.3.

The Pose Network takes the RGB features 𝑓x extracted using PSPNet and the point cloud features

𝑓p extracted using PointNet as inputs. The two different modalities are combined as RGBD

features using the dense fusion approach proposed in [152]. Specifically, the geometry feature 𝑓 𝑖p

of the 𝑖 th point is concatenated with its corresponding color feature 𝑓 𝑖x and it is fed into a Graph

Convolution Network (GCN) [84] (Fig. 4.3 yellow box) to obtain the point-wise RGBD feature,

denote as 𝑓 𝑖rgbd.

Meanwhile, recall that we utilize a PointNet to obtain the point-wise geometry feature of

the category-level shape prior 𝑓cate (on the Shape Network branch). The shape prior contains

the prior knowledge of the category, i.e. coarse canonical shape and pose, but it does not align

with the RGBD feature perfectly. To use the information of categorical shape prior and address

the misalignment, we first apply a max-pooling operation on point dimension to obtain a global

representation, then concatenate it with every point-wise RGBD feature, denoted as 𝑓 𝑖nocs, which

can be used to estimate the NOCS coordinate. As the size and geometry of real-world object can
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be quite diverse, we introduce an implicit function Φnocs(·) to deal with objects of the arbitrary

shape (Fig. 4.3 gray box with MLP). Specifically, the Φnocs(·) is implemented as a MLP with the

point position and the corresponding feature as inputs, and predicts its NOCS coordinate as,

Φnocs( 𝑓 𝑖nocs,p𝑖 ∈ P) = p𝑖nocs, ∀𝑖 := 1 . . . 𝑁p, (4.1)

where P is the set of input point clouds and 𝑁p is the number of point clouds. The output is the

NOCS coordinate P𝑖nocs for each point.

The NOCS map also explicitly reflects the geometric shape information of objects [153].

Thus, the 6D pose, i.e., rotation (R), translation (T), and scale (S) can be inferred from the

NOCS map via a simple neural network. In detail, we directly take the RGBD feature 𝑓rgbd and

concatenate it with the intermediate results of NOCS coordinates. This concatenated feature

𝑓pose will be used to predict the object pose R,T and S by a 3-layer ConvNet (Fig. 4.3 gray box

with CNN). Using a neural network to connect the NOCS map and the 6D pose parameters makes

the whole process differentiable, which is essential for training with the silhouette matching loss.

More details of the network architecture can be found in the supplementary materials.

Inference for 6D pose. For 6D object pose estimation, only the NOCS map output

of Pose Network is required for inference. The object pose can be computed by solving the

Umeyama algorithm [151] with the NOCS map. The 6D pose parameters R,T and S are only

used to perform differentiable rendering during training. The reason is that the directly estimated

pose parameters from conv module is accurate when fitting the training data, but not as accurate

as using NOCS map when generalizing to novel test instances.

Shape Network. The Shape Network (top part of Fig. 4.3) aims to reconstruct the 3D

shape of the input object from the given shape prior via mesh deformation. The major usage of

this network is for performing differentiable rendering to provide training signals. The Shape

Network is not necessary during inference time for 6D object pose estimation.

Given the categorical shape prior representation 𝑓cate, the Shape Network borrows the
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Figure 4.3. Overview of the proposed method. Given the input image and depth map, RePoNet
estimates the object pose, NOCS map, and shape simultaneously via Pose Network and Shape
Network. These two networks are bridged via the differentiable rendering module. By comparing
the predicted binary mask with the input foreground mask, RePoNet can effectively leverage the
real-world data without any annotations.

point-wise RGBD feature of the input object 𝑓rgbd from Pose Network and concatenate them

together, denoted as 𝑓shape. Specifically, we max-pool the features 𝑓rgbd on point dimension and

repeat it back with the number of shape prior points for concatenation with 𝑓cate. We then predict

the per-vertices deformation for the input mesh given 𝑓shape. The deformation prediction network

Φdeform(·) is also an implicit function taking 𝑓shape and mesh vertices positions M as the inputs,

and outputs the 3D deformation as,

Φdeform( 𝑓 𝑖shape,m
𝑖 ∈ M) = m𝑖

delta, ∀𝑖 := 1 . . . 𝑁v, (4.2)

where m𝑖
delta represents the deformation for each vertex, 𝑁v is the number of the vertices, and

Mdelta = {m𝑖
delta}

𝑁v
𝑖=1. Then the estimated mesh vertices of the given object is Mdeform = M+Mdelta.

Differentiable rendering. To obtain the supervision from 2D segmentation, we perform

differentiable rendering using the outputs from the Shape Network and the Pose Network.

Specifically, we feed the estimated object shape Mdeform and estimated object pose (R,T, S)
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into a differentiable rendering module [88] to generate the binary mask of the given object,

as shown in Fig. 4.3. Given the rendering output binary mask, we can compare it against the

Mask R-CNN segmentations and supervise the training of both pose network and shape network

without additional 3D annotations.

4.4.2 Learning Objectives

We define multiple objectives for training the RePoNet, including the loss for 6D pose

parameters, NOCS regression loss, shape reconstruction loss using synthetic ground-truths for

supervision, and a silhouette matching loss which can be applied to both synthetic data and real

data without 6D pose annotations. We introduce each loss as the following.

Disentangled 6D Pose Loss. Inspired by [76, 153, 135], we implement disentangled

pose loss via individually supervising the rotation R, translation T and scale S. Instead of

directly computing parametric distances based on rotation matrix, we employ the variant of

Point-Matching loss1 [76, 69]. Additionally, we decouple the translation into the 2D location

(𝑜𝑥 , 𝑜𝑦) of the 3D centroid projection on the image plane and the object’s distance to camera 𝑡𝑧.

(𝑜𝑥 , 𝑜𝑦) can be approximated as the bounding box center of the given object (𝑐𝑥 , 𝑐𝑦). Given the

camera intrinsics 𝐾 , the translation can be calculated via Eq. 4.3,

T = 𝐾−1𝑡𝑧 [𝑜𝑥 , 𝑜𝑦,1]𝑇 (4.3)

Therefore, given the ground-truth pose annotations (R∗,T∗,S∗), the objective function of 6D

pose is formulated as Eq. 4.4,

Lpose = LR +Lcenter +L𝑧 +LS (4.4)

1We predict the quaternion representation of rotation matrix and follow the strategy in [163, 153] to deal with the
symmetry of the object.
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Thereby,

LR = avg
x∈MCAD

∥Rx−R∗x∥2 Lcenter = ∥𝑜𝑥 − 𝑜∗𝑥 , 𝑜𝑦 − 𝑜∗𝑦 ∗ ∥1 L𝑧 = ∥𝑡𝑧 − 𝑡∗𝑧 ∥1 LS = ∥S−S∗∥1

(4.5)

where MCAD is the ground-truth CAD model of the given object and 𝑜∗𝑥 , 𝑜
∗
𝑦, 𝑡

∗
𝑧 can be computed

via Eq. 4.3.

NOCS Regression Loss. To guarantee the pose estimation accuracy, we enforce the

predicted NOCS coordinates Pnocs to be closer to the ground-truth ones P∗
nocs. We use smooth-L1

loss [35],

Lnocs =
∑︁
𝑥,𝑦


0.5(𝑥− 𝑦)2/𝛽, if |𝑥− 𝑦 | < 𝛽

|𝑥− 𝑦 | −0.5∗ 𝛽,otherwise
(4.6)

where 𝑥 ∈ P∗
nocs, 𝑦 ∈ Pnocs

Reconstruction Loss. Given the ground-truth CAD model MCAD, the shape estimation

is supervised by minimizing Chamfer Distance(CD) between Mdeform and MCAD via Eq. 4.7,

Lrecon =
∑︁

𝑥∈Mdeform

min
𝑦∈MCAD

∥𝑥− 𝑦∥2
2 +

∑︁
𝑦∈MCAD

min
𝑥∈Mdeform

∥𝑥− 𝑦∥2
2 (4.7)

Silhouette Matching Loss. The above three objective functions, Lpose,Lnocs and Lrecon,

require the ground-truth information and cannot work with the real-world data without anno-

tations. Thus, we further implement a silhouette matching objective function based on input

foreground segmentation and the rendering results. We employ the negative IOU loss [178] to

measure the difference between two masks and denote it as Lmask.

Therefore, for the fully-supervised training with annotated synthetic data, the total loss

function is described in Eq. 4.8, where the 𝜆s are balance parameters.

Lsup = 𝜆1Lpose +𝜆2Lnocs +𝜆3Lrecon +𝜆4Lmask (4.8)
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Meanwhile, under the semi-supervised setting with both annotated synthetic data and

unlabeled data, the total loss function is then formulated as:

Lsemi = 1𝑑∈Dsyn (𝜆1Lpose +𝜆2Lnocs +𝜆3Lrecon) +𝜆4Lmask (4.9)

where 1𝑑∈Dsyn is the indicator function.

4.5 Experiments

4.5.1 Implementation Details

Semi-supervised setting. We use the training data of CAMERA25 [155] along with

the corresponding annotations and jointly train the model with images of REAL275 [155] or

Wild6D without any 6D pose annotations. After cropping the object from the RGBD image, we

first resize it to 192×192 and then randomly sample 1,024 points from both color image and

depth map. To obtain the categorical shape prior, we choose a CAD model per category from

the CAMERA25 training set manually and reduce its number of vertices to 1,024 as well. More

configurations of RePoNet have been specified in supplementary materials. We adopt Adam [66]

to optimize our model with the initial learning rate of 0.0001. The learning rate is halved every

10 epochs until convergence. We empirically set the balance parameters 𝜆1,𝜆2,𝜆3 and 𝜆4 to

0.2,2.0,5.0 and 0.2, respectively. Fully-supervised setting. We share the same architecture and

configurations with semi-supervised training but utilize all annotations of CAMERA25 [155]

and REAL275 [155].

4.5.2 Ablation Study

Implicit function and NOCS map. We first validate the effectiveness of two components

in our approach: implicit function and intermediate NOCS map as described in previous method

section. We evaluate the performance under fully-supervised setting and semi-supervised setting

on REAL275 [155] and report the results in Table 4.2. Under the fully-supervised setting,
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Table 4.2. Ablation on Implicit function and intermediate NOCS map. We evaluate on
REAL275 and the best results are highlighted in bold. w./w.o the nocs map refers to whether using
the NOCS map as an intermediate result for pose regression. w./w.o. the implicit function stands
for whether including the point/mesh coordinates in NOCS regression and shape reconstruction.

NOCS Implicit
IOU0.5 IOU0.75

5 degree 10 degree
IOU0.5 IOU0.75

5 degree 10 degree
map function 5cm 5cm 5cm 5cm

Fully supervised Semi-supervised
77.0 55.7 35.4 63.2 71.7 47.9 22.1 47.5

✓ 79.1 59.1 36.9 65.3 74.6 49.9 29.7 57.1
✓ 79.2 60.0 39.8 66.6 72.2 47.7 24.3 51.6

✓ ✓ 81.1 63.7 40.4 68.8 76.0 52.2 33.9 63.0

Table 4.3. Ablation study on pose regression loss and silhouette matching loss. We evaluate
on REAL275 and the best results are highlighted in bold

silhouette pose
IOU0.5 IOU0.75

5 degree 10 degree
IOU0.5 IOU0.75

5 degree 10 degree
loss loss 5cm 5cm 5cm 5cm

Fully supervised Semi-supervised
✓ 78.1 61.9 39.7 65.2 74.8 47.1 27.9 59.7

✓ 76.7 58.2 30.7 59.7 73.1 46.0 18.7 47.9
✓ ✓ 81.1 63.7 40.4 68.8 76.0 52.2 33.9 63.0

by using the implicit function, the performance on IOU0.5 and 5 degree, 5cm is improved by

2.2% and 4.4%, respectively. A similar improvement can also be observed for the model with

an intermediate NOCS map. The best performance is achieved when combining the implicit

function and NOCS map together. And the same conclusion can also be obtained under the

semi-supervised setting as shown in Table 4.2.

Pose Loss and Silhouette Matching Loss. Besides the network architecture, we also

show the effectiveness of the disentangled 6D pose loss and silhouette matching loss. The

performance of the model w./w.o. the pose regression loss and w./w.o. the silhouette matching

loss are listed in Table 4.3. Clearly, both pose loss and silhouette matching loss can enhance the

object pose estimation performance under both fully-supervised and semi-supervised settings.

For instance, the silhouette matching loss improves the IOU0.75 and 10 degree 5cm by 5.5% and

9.1% compared with the model without it under the fully-supervised setting. This significant

improvement shows the rendering module can effectively encourage communication between

two networks, thereby boosting the pose estimation performance.

67



Table 4.4. Ablation study of proposed semi-supervised method with different training
data. We evaluate the performance on REAL275 test set. “RePoNet-semi” and “RePoNet-sup”
represent for the model trained w./w.o the 3D annotations of NOCS REAL275 respectively. Here
we conduct experiments on five categories sharing by both REAL275 and Wild6D, i.e. bottle,
bowl, mug, laptop and camera.

Methods
Training Data

IOU0.25 IOU0.5 IOU0.75
5 degree 5 degree 10 degree 10 degree

CAMERA25 REAL275 Wild3D 2cm 5cm 2cm 5cm

RePoNet-semi

✓ 83.8 73.5 45.7 18.2 21.8 35.6 47.9
✓ ✓ 85.0 74.3 52.5 23.6 26.1 45.2 53.8
✓ ✓ 85.8 76.9 49.2 29.1 31.3 48.5 56.8
✓ ✓ ✓ 86.0 78.5 51.8 30.8 36.0 48.7 59.7

RePoNet-sup ✓ ✓ 86.6 83.0 63.2 31.1 37.0 51.6 64.6

Leveraging unlabeled real data. Additionally, we report the performance of the pro-

posed semi-supervised approach with training data from different sources in Table 4.4. As

the baseline model, we first train it only with the synthetic data from CAMERA25 in a fully-

supervised manner. Then, by using the unlabeled Wild3D RGBD videos, the performance

is significantly improved by 6.8% and 5.4% on IOU0.75 and 5 degree, 2cm. Similarly, the

performance gains can be observed when adopting the REAL275 data without its annotations.

Furthermore, with both REAL275 and Wild3D data, our model outperforms the baseline model

by a large margin and approaches the fully-supervised model trained on REAL275 which can be

served as the upper bound.

4.5.3 Comparison with State-of-the-art Methods

Performance on REAL275. We split all existing methods into two groups by whether

using full annotations of real data and compare their performance with RePoNet under both

fully-supervised setting and semi-supervised setting, denoted as “RePoNet-sup” and “RePoNet-

semi” respectively. As listed in Table 4.5, RePoNet-sup can achieve competitive results among

all existing approaches under the fully-supervised setting. Note our method is complimentary to

the techniques proposed in SGPA, and our key contribution and focus lies on the semi-supervised

counterpart for generalization. As shown in the bottom part of Table 4.5, the RePoNet-semi
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Table 4.5. Comparison of our approach with the SOTA methods on REAL275. Note that all
SOTA methods listed in the top part are trained with full annotations of NOCS dataset including
CAMERA25 and REAL275, while the bottom part is methods without using any real annotations.
The best results are highlighted in bold.

Methods IOU0.5
5 degree 5 degree 10 degree

2cm 5cm 5cm

NOCS [155] 78.0 7.2 10.0 25.2
CASS [15] 77.7 – 23.5 58.0
Shape-Prior [148] 77.3 19.3 21.4 54.1
FS-Net [21] 92.2 – 28.2 60.8
DualPoseNet [82] 79.8 29.3 35.9 66.8
SGPA [16] 80.1 35.9 39.6 70.7
RePoNet-sup 81.1 35.1 40.4 68.8

CPS++ [95] 17.7 – – ≤ 22.3
RePoNet-semi 76.0 30.7 33.9 63.0

Table 4.6. Comparison of our approach with the SOTA methods on Wild6D. The best results
are highlighed in bold.

Methods IOU0.5
5 degree 5 degree 10 degree

2cm 5cm 5cm

CASS [15] 1.04 0 0 0
Shape-Prior [148] 32.5 2.6 3.5 13.9
DualPoseNet [82] 70.0 17.8 22.8 36.5

RePoNet-syn 66.7 26.0 30.8 40.3
RePoNet-semi 70.3 29.5 34.4 42.5

outperforms CPS++ [95] by a large margin under the semi-supervised setting 2. Moreover,

compared with the existing fully-supervised methods, RePoNet-semi achieves a comparable or

even better performance without any 6D pose annotations.

Performance on Wild6D. Finally, we evaluate the performance of RePoNet on the Wild6D

testing set as reported in Table 4.6. For some existing works, we directly test their pre-trained

models trained on CAMERA75 along with REAL275. Since FS-Net [21] does not release

the model, we cannot experiment on it. It can be observed that the pre-trained models cannot

generalize to Wild6D due to the limited diversity of real data during training. For example, the

performance of Shape-Prior [148] on three pose estimation metrics are all lower than 15%. On

2In Table 4.5, CPS++ only reports the performance under 10 degree, 10 cm.

69



the other hand, the RePoNet with semi-supervised learning on Wild6D achieves 29.5% and

34.4% on 5 degree, 2cm and 5 degree, 5cm, which is 10× better than Shape-Prior [148]. This

significant improvement shows the better generalization ability of RePoNet. Also, the superior

performance of RePoNet-semi over RePoNet-syn shows our proposed semi-supervised training

can effectively leverage the in-the-wild data.

4.6 Conclusion

In this work, we consider the problem of generalizing 6D pose estimation to in-the-wild

objects. Most of existing work are restricted in constrained environments due to limited number

of annotated data. In an effort to resolve this limitation, we collect Wild6D, a new RGBD dataset

with diverse instances and backgrounds. Instead of annotating them, we also propose RePoNet, a

network that can leverage both the synthetic data and real-world RGBD data. Without using any

3D annotations on real-world data, RePoNet outperforms state-of-the-art methods on existing

datasets and Wild6D test set by a large margin.

Limitations. Our proposed RePoNet may be hard to generalize to unseen categories.

This is because RePoNet depends on the categorical mesh prior which is pre-defined for each

category leading to the learnt deformation model fixed to a specific category. Alternative way to

address this problem is to represent object shape via a deformation of a unit sphere to get rid of

the category-level prior.
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Chapter 5

3D Perception in the Wild — Scene Re-
construction as Mapping Priors for Au-
tonomous Driving

5.1 Introduction

Precisely recognizing and localizing objects in 3D world, also known as 3D detection, is

crucial for the safety-critical L4+ autonomous driving. Due to the highest standard quality bar, it

is challenging despite multiple sensors (LiDAR, camera, and radar) has been employed. However,

sensors are not robust to low-visibility and low-fidelity scenarios, such as occlusions, long-range

sparsity, and sensor noise due to extreme weather and lighting conditions. As described in

Fig. 5.1, vehicles that are difficult to distinguish using only LiDAR data. Therefore, previous

studies [164, 167] have shown that leveraging High-Definition (HD) maps can improve 3D

detection quality.

High-Definition (HD) maps, in particular, encode detailed static and semantic information,

such as road layouts, lane markings, and infrastructure locations, are commonly used by L4

autonomous driving vehicles today. Several works [165, 87, 77, 79, 164, 167] have demonstrated

how HD maps can be leverage to mitigate ambiguities and noisy caused by sparsity and occlusion

of the sensor data. However, building HD maps is not scalable as it relies heavily on manual

human annotation of every road feature, making it costly to create and challenging to scale [17,
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LiDAR only LiDAR + Mapping Priors

Vehicles are difficult to 
distinguish based on 

LiDAR alone

Detection is significantly 
easier when combined 

with mapping priors 

Figure 5.1. Scene Reconstruction as Mapping Priors for 3D Detection. (Left) Standard 3D
detection using only sparse LiDAR data struggles to identify and distinguish multiple vehicles
(yellow boxes) amidst background noise. (Right) Our method fuses the sparse LiDAR with
dense, reconstructed mapping priors, providing rich context that resolves ambiguities (green
boxes) and achieves accurate 3D detection.

106, 159].

Instead of using non-scalable HD Maps, in this paper, we propose to leverage scalable

reconstruction methods [61, 63, 98, 144, 172, 64] as mapping priors to enhance 3D detection.

Reconstruction methods can create dense maps with photorealistic appearance and geomet-

ric information, providing a scalable and automated way to generate mapping priors directly

from collected sensor data. We investigate two such priors: surfels [111] and 3D Gaussians

(3DGS) [61], which can be automatically generated from camera and LiDAR data collected

during single vehicle pass or multiple traversal data. Surfel representation is simple, compu-

tationally efficient, and preserves rich geometric and appearance information. However, its

primary limitation stems from a heavy reliance on LiDAR points, which can result in noisy or

incomplete maps in areas of sparse data. On the other hand, 3DGS provides a more robust and

comprehensive representation with the extra compute cost compared to surfel reconstruction.

It is initialized with LiDAR data and optimized using camera data, enabling it to potentially
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recover regions where LiDAR data is sparse or missing. As demonstrated in Fig 5.1, with the

mapping priors as the background, vehicles that are difficult to distinguish using only LiDAR

data become significantly easier to detect.

To harness the complementary advantages of these priors and the raw sensor data, we

employ a unified and flexible framework to integrate surfels, 3DGS, LiDAR, and camera data to

leverage the complementary advantages of both mapping priors. In particular, we adopt modality-

dependent encoders and dynamic voxelization [139] for feature extraction. To fuse the mapping

prior information, we propose a gated fusion module to effectively modulate the influence of

mapping priors while preserving the reliable LiDAR features. Moreover, we introduce a mixed-

modalities training strategy to handle arbitrary combinations of these modalities at both training

and inference time.

5.2 Method

In this section, we describe MPA3D, Mapping Priors Augmented 3D object detection.

The overall framework is shown in Figure 5.2. Built upon [139], we take two types of mapping

priors, e.g., surfels and 3DGS, as additional inputs and employ a gated fusion strategy to integrate

them with LiDAR and camera data. In the following subsections, we first introduce a scalable

data pipeline to generate huge amount of surfels and 3DGS without any human annotations. We

then demonstrate how to integrate multi-sensor data with mapping priors.

5.2.1 Scalable Mapping Prior Generation

Surfel Map Reconstruction. Following [172], we generate surfel map with faithful

preservation of sensor information while maintaining low computational and storage costs.

Specifically, we discretize the scene into a 3D voxel grid with fixed voxel size of 0.25m and

process multi-traversal LiDAR scan data. For each voxel, we construct a surfel disk [111] by

estimating the mean coordinate, surface normal, and mean color from its binned LiDAR points

and corresponding camera pixels. As a result, we represent a scene with a set of surfel disks:
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Figure 5.2. Overview of MPA3D. The framework processes multi-view camera images via a
ResNet backbone and Lift-Splat-Shoot [112] to generate BEV representations. Simultaneously,
LiDAR point clouds and mapping priors (e.g., surfels and 3DGS) are encoded using PointMLPs.
A novel Gated Fusion Module adaptively integrates these sparse 3D modalities through hier-
archical, element-wise gating operations. Finally, the fused geometric features are combined
with the image representations and processed by an SWFormer backbone and a detection head to
yield 3D bounding box predictions.

S = {𝑥𝑖, 𝑛𝑖, 𝑐𝑖}𝑖=1:𝑁S , where 𝑥, 𝑛 and 𝑐 refer to the surfel position, normal and color, respectively

and 𝑁S is the numberf of surfel disk. Since the creation of each surfel is relatively independent,

we can partition a large region into multiple sub-regions and conduct reconstruction with massive

parallelism, which allows us easily scale up surfel map creation to multiple cities.

3DGS Map Reconstruction. Surfel maps are heavily reliant on LiDAR data, making

them susceptible to noise and artifacts from sensor perturbations. To address this, we propose to

use 3DGS as a complementary mapping prior. Specifically, a 3DGS scene is represented by a set

of 3D Gaussians:

G = {(𝝁,SH, 𝒓, 𝒔, 𝛼)𝑖}𝑖=1:𝑁G

where each Gaussian 𝑖 is defined by its 3D position 𝝁, spherical harmonics (SH) coefficients SH,

quaternion rotation 𝒓, scale 𝒔, opacity 𝛼, and 𝑁G is the total number of Gaussians. We initialize

the Gaussian positions 𝝁 from LiDAR data, but subsequently optimize all attributes (including
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position) by minimizing a photometric loss against the camera images. This is a key difference

from surfel maps, whose disk positions are fixed by the initial LiDAR points. By refining the

Gaussian positions during optimization, 3DGS can effectively correct for noise and densify

regions with sparse or incomplete LiDAR data. Note that we implemented custom CUDA kernels

to perform 3D Gaussian ray-tracing (similar to [161]) to better represent fine geometry while

still maintain compute efficiency, instead of the original splatting implementation [61].

Dynamic Object Removal. Since 3DGS reconstruction assumes a static scene, we must

first remove dynamic objects. For the training set, we utilize the 3D bounding box annotations

to remove dynamic points during initialization and project object-specific LiDAR points into

2D masks. These masks are then used to exclude moving objects during 3DGS optimization.

For inference, we first run our model in its map-free configuration (enabled by our mix-training

strategy) to predict initial 3D bounding boxes. These predictions are then used to create the

necessary masks for on-the-fly map generation. We leave the accurate dynamic reconstruction to

future work.

5.2.2 Mapping Prior Augmented 3D Detection

Our model architecture, illustrated in Fig. 5.2, processes camera data 𝐼, LiDAR data

𝑃, and mapping priors 𝑀 . First, modality-dependent encoders extract features, which are then

projected into a shared Bird’s-Eye-View (BEV) space, similar to [91]. These BEV features are

subsequently processed by our proposed gated fusion module, which leverages the mapping

priors to enhance the sensor-derived features. Finally, the fused BEV representation is fed into a

sparse-window transformer [139] and a detection head to produce the final 3D object detections.

Modality-Dependent Feature Extraction. We employ different encoders tailored to

each input modality after transforming it to the same vehicle coordinate. For LiDAR points,

we follow [139] to extract point-level features into the BEV space: raw points are first grouped

into voxels via dynamic voxelization [198], then processed through PointMLP [94] to generate

point-wise features, which are subsequently aggregated into BEV features. For camera data,
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we use the lift-splat-shoot (LSS) [112] module to lift image features into 3D frustums and splat

them into the shared BEV space. For surfel points, we treat surfel disk centers as pseudo-LiDAR

points and apply the similar encoder architecture as LiDAR encoder, leveraging their geometric

properties. For 3DGS, we convert each Gaussian into a point-like representation characterized by

all Gaussian attributes. Notably, we only utilize the first order of SH coefficient and adopt the 6D

continuous rotation representation [197] instead of quaternions to encode colors and orientations.

We introduce an additional projection layer for each modalities to align them into the same

embedding space. As a result, we have a set of LiDAR, camera, surfel and 3DGS features

denoted as { 𝑓lidar ∈ R𝑁lidar×𝑑 , 𝑓camera ∈ R𝑁camera×𝑑 , 𝑓surfel ∈ R𝑁surfel×𝑑 , 𝑓Gaussian ∈ R𝑁Gaussian×𝑑}, where

𝑁∗ refers to the number of voxels after dynamic voxelization.

Feature Enhancement via Gated Fusion. Since we employ the same dynamic vox-

elization under the same vehicle coordinate for LiDAR, surfel and 3DGS inputs, the resulting

lidar feature 𝑓lidar, surfel feature 𝑓surfel and Gaussian feature 𝑓gaussian share the same BEV grid

structure with 𝑁lidar = 𝑁surfel = 𝑁gaussian. A straightforward baseline is to average features from

different modalities that occupy the same voxel using a segment mean operation over the sparse

feature tensor. However, this naive averaging approach has a critical limitation: it is biased

toward the modality with the highest point density. For instance, if a voxel contains 95 LiDAR

points and only 5 Gaussians, the averaged feature is dominated by LiDAR (95%), effectively

marginalizing the complementary information from Gaussians. This density imbalance prevents

effective multi-modal fusion and fails to leverage the unique strengths of each representation.

To mitigate this issue, we propose a gated fusion module to learn adaptive weighting

based on local scene characteristics. As described in Fig. 5.2, we first aggregate features within a

single voxel from different modalities independently using segment mean operation, yielding

modality-level features 𝑓lidar, 𝑓surfel, and 𝑓gaussian. We treat the LiDAR feature 𝑓lidar as the primary

feature, which acts as a gate for the mapping priors. We employ several PointMLPs for internal

feature transformations and for output projections, denoted as 𝜎∗ ∈ R× and 𝜙∗ ∈ R𝑑×𝑑 . First, we
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compute the gated contribution from the surfel map:

𝛼surfel = Swish(𝜎in( 𝑓lidar)) ·𝜎surfel( 𝑓surfel)

Here, 𝛼surfel represents the modulated feature contribution of the surfel map, informed by the

LiDAR context and Swish(·) stands for Swish activation function [44]. The intermediate fused

feature is then computed via a residual connection:

𝑓inter = 𝜙surfel(𝛼surfel) + 𝑓lidar

We then repeat this gated process for the 3D Gaussian prior, using the intermediate fused feature

as the new gate:

𝛼Gaussian = Swish(𝜎inter( 𝑓inter)) ·𝜎Gaussian( 𝑓Gaussian)

The final fused feature 𝑓fused is obtained by combining this new contribution with the intermediate

feature:

𝑓fused = 𝜙Gaussian(𝛼Gaussian) + 𝑓inter

This design allows the network to adaptively modulate the influence of mapping priors while

preserving the reliable LiDAR features through the skip connection. Finally, 𝑓fused is concatenated

with the dense camera feature 𝑓camera through 𝑓final = [ 𝑓camera, 𝑓fused] ∈ R(𝑁camera+𝑁lidar)×𝑑 . This

combined BEV representation serves as the input to the subsequent sparse-window transformer.

5.2.3 Mixed-Modality Training Strategy

As previously discussed, our pipeline can effectively integrate and fuse mapping priors

with common sensor data. However, in practice, the availability of these mapping priors cannot be

guaranteed: Surfel maps and 3D Gaussian maps may be unavailable due to reconstruction failures

caused by insufficient data coverage or challenging environmental conditions. Moreover, during

inference, we assume no prior knowledge about 3D bounding boxes is available. Therefore,
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our model must robustly handle arbitrary combinations of input modalities without relying on

complete mapping priors or pre-existing annotations.

To address this challenge, we propose a mix-training strategy that enables the model to

operate effectively under varying modality availability. During training, we randomly sample

different combinations of input modalities for each training sample, simulating diverse real-world

scenarios. In particular, we assume the sensor data, e.g., camera and LiDAR, always exist and

define the following modality combinations: sensor + surfel, sensor + 3DGS, sensor + surfel +

3DGS. For each training batch, we randomly drop surfel or 3DGS with predefined probabilities.

When a modality is dropped, its corresponding feature is set to zero, and the gated fusion module

learns to automatically suppress its contribution through the attention weights. The gated fusion

module enables this flexibility through three key design choices. First, the modality-independent

aggregation allows missing modalities to contribute zero features without architectural changes.

Second, the learnable attention weights automatically suppress contributions from absent or

unreliable modalities; for example, the network learns to set 𝛼surfel ≈ 0 when 𝑓surfel = 0. Third,

the residual connection with the LiDAR feature 𝑓lidar ensures stable performance. If all mapping

priors are absent, the output 𝑓fused naturally defaults to 𝑓lidar. This design handles any modality

combination without requiring explicit masking or conditional branches. This mix-training

strategy forces the network to learn robust feature representations that do not over-rely on any

single modality. During inference, the model seamlessly adapts to whatever modalities are

available without requiring architectural modifications or retraining.

5.2.4 Training Objectives

We follow SWFormer [139] to regress 3D bounding boxes using a combination of

heatmap, bounding box, and foreground segmentation losses. Specifically, the heatmap loss

𝐿𝑐hm is computed as a penalty-reduced focal loss [196, 83] for each object class 𝑐. For 3D

bounding box regression, we parameterize boxes as 𝒃 = {𝑑𝑥 , 𝑑𝑦, 𝑑𝑧, 𝑙,𝑤, ℎ, 𝜃}, where {𝑑𝑥 , 𝑑𝑦, 𝑑𝑧}

are center offsets relative to voxel centers, and {𝑙,𝑤, ℎ, 𝜃} represent dimensions and heading.
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Following [140], the bounding box loss 𝐿𝑐bbox comprises a bin loss for heading, a Smooth L1

loss for other parameters, and an IoU loss [193] to improve overall accuracy. Additionally, we

jointly train a class-aware foreground segmentation task, where each voxel is supervised by a

binary focal loss 𝐿𝑐seg for each class. The total loss is defined as:

𝐿 =
∑︁
𝑐

(𝜆hm𝐿
𝑐
hm +𝜆bbox𝐿

𝑐
bbox +𝜆seg𝐿

𝑐
seg)

where the loss weights are set to 𝜆hm = 1.0, 𝜆bbox = 2.0, and 𝜆seg = 1.0 during training.

5.3 Experiments

5.3.1 Datasets and Metrics

We conduct experiments and ablation studies mainly on the Waymo Open Dataset

(WOD) [138]. The dataset contains 1,150 scenes, split into 798 training scenes, 202 validation

scenes, and 150 test scenes. Each scene contains approximately 200 frames, where each frame

captures a full 360-degree view around the ego-vehicle. We produce surfel map and 3DGS

map for each scene based on LiDAR and camera data from WOD or in-house sensor data.

Additionally, we collect around 7M additional sequences for pretraining, and 600k of them have

map prior data. These additional sequences enable us to pre-train the mapping prior encoders on

large-scale diverse scenarios, improving their feature extraction capabilities before fine-tuning

on WOD.

The evaluation metrics include mean average precision (mAP) and mAP weighted by

heading accuracy (mAPH), computed at 3D intersection-over-union (IoU) thresholds of 0.5, 0.5

and 0.7 for pedestrian, cyclist and vechlie, respectively. The metrics are further broken down

into two difficulty levels: LEVEL 1 (L1) for objects with more than five LiDAR points and are

not marked as “hard”, and LEVEL 2 (L2) for objects with at least one LiDAR point. Following

common practice [139], the detection range is limited to 75 meters.
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5.3.2 Implementation Details

Model Architecture and Training. During training, we ignore all ground truth boxes

with fewer than five points inside. We set the voxel size of dynamic voxelization to 0.2m and the

maximum voxel number to 250K. The SWFormer architecture consists of five transformer blocks

with [4,6,4,6,4] layers respectively. Each transformer layer has 256 channels, 8 attention heads,

and an MLP expansion ratio of 2. The model is trained end-to-end using 256 TPU cores with the

LAMB optimizer [177] for 20K steps. We use a cosine learning rate schedule starting from 1e−5

and decaying to zero until the end of training.

Data augmentation. We adopt several 3D data augmentation techniques described

in [71]. In particular, we apply random rotation with yaw angle uniformly sampled from

[−𝜋, 𝜋] with probability of 0.74, random flipping along y-axis with probability of 0.5, random

scaling with scaling factor uniformly chosen within [0.95,1.05) and random point dropout with

probability of 0.05. To ensure the same augmentations are consistently applied to the camera

data, instead of transforming the camera extrinsics and intrinsics, we directly transform the

points with camera features lifted from Lift-Splat-Shoot (LSS) [112]. For mapping priors (surfel

and 3DGS), we apply the same spatial transformations to their coordinates and orientations to

preserve alignment across all modalities.

Efficiency of scalable mapping prior generation. To optimize mapping prior generation

throughput, we implement scalable pipelines for both surfel and 3DGS using the Apache Beam

API in a MapReduce framework. Using this framework, we can generate both surfel and 3DGS

maps for 600,000 scenes within 10 days with massive parallesim, using thousands of CPU cores.

This automated generation process represents an affordable computational budget compared to

manual annotation of HD maps, which typically requires extensive human labor.
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Table 5.1. Performance comparisons on WOD validation set. The metrics are 3D AP and
APH for both L1 and L2 difficulties. We use bold numbers to highlight the best results.

Overall L1 Overall L2 Vehicle L1 Vehicle L2 Pedestrian L1 Pedestrian L2 Cyclist L1 Cyclist L2

Method AP APH AP APH AP APH AP APH AP APH AP APH AP APH AP APH

SECOND [166] 67.2 63.1 61.0 57.2 72.3 71.7 63.9 63.3 68.7 58.2 60.7 51.3 60.6 59.3 58.3 57.0
PointPillar [70] 69.0 63.5 62.8 57.8 72.1 71.5 63.6 63.1 70.6 56.7 62.8 50.3 64.4 62.3 61.9 59.9
Part-A2-Net [134] 73.6 70.3 66.9 63.8 77.1 76.5 68.5 68.0 75.2 66.9 66.2 58.6 68.6 67.4 66.1 64.9
SST [30] 74.5 71.0 67.8 64.6 74.2 73.8 65.5 65.1 78.7 69.6 70.0 61.7 70.7 69.6 68.0 66.9
Centerpoint [176] 76.1 73.5 70.0 67.6 75.7 75.2 67.9 67.4 77.6 71.6 70.1 64.4 74.9 73.8 72.1 71.0
CenterFormer [199] 75.6 73.2 71.4 69.1 75.0 74.4 69.9 69.4 78.0 72.4 73.1 67.7 73.8 72.7 71.3 70.2
PillarNet-34 [131] 77.3 74.6 71.0 68.5 79.1 78.6 70.9 70.5 80.6 74.0 72.3 66.2 72.3 71.2 69.7 68.7
PV-RCNN++ [133] 78.1 75.9 71.7 69.5 79.3 78.8 70.6 70.2 81.3 76.3 73.2 68.0 73.7 72.7 71.2 70.2
DSVT-Voxel [154] 80.3 78.2 74.0 72.1 79.7 79.3 71.4 71.0 83.7 78.9 76.1 71.5 77.5 76.5 74.6 73.7
SWFormer [139] - - - - 77.8 77.3 69.2 68.8 80.9 72.7 72.5 64.9 - - - -
FSDv1 [31] 79.6 77.4 72.9 70.8 79.2 78.8 70.5 70.1 82.6 77.3 73.9 69.1 77.1 76.0 74.4 73.3
FSDv2 [32] 81.8 79.5 75.6 73.5 79.8 79.3 71.4 71.0 84.8 79.7 77.4 72.5 80.7 79.6 77.9 76.8
HEDNet [184] 81.6 79.7 75.6 73.7 80.9 80.5 73.1 72.7 84.6 80.2 77.1 72.8 79.4 78.5 76.6 75.6
SAFDNet [185] 81.7 79.7 75.5 73.6 80.5 80.0 72.5 72.1 84.7 80.2 77.1 72.9 79.8 78.8 76.9 75.9

Centerpoint 2f [176] 77.5 75.8 71.7 70.1 76.4 75.9 68.7 68.2 79.2 75.6 71.9 68.5 76.8 75.9 74.4 73.5
HEDNet 4f [184] 83.6 82.3 78.1 76.8 82.4 81.9 75.1 74.6 86.3 83.6 79.4 76.8 82.2 81.4 79.9 79.1
SAFDNet 4f [185] 83.9 82.6 78.4 77.1 82.8 82.3 75.4 74.9 86.8 84.2 80.1 77.5 82.0 81.1 79.6 78.8
MPA3D (Ours) 4f 86.4 84.9 81.6 80.1 85.4 84.9 78.7 78.2 87.1 84.1 81.2 78.2 86.7 85.8 84.9 84.0

5.3.3 Comparison with state-of-the-art works

We report the performance of our MPA3D on the WOD validation split against off-the-

shelf 3D detectors in Table 5.1. We categorize existing approaches into two groups. The first

group contains methods that perform 3D detection using only the current frame, while the second

group consists of methods that use multiple-frame inputs. These multi-frame methods extend

their single-frame counterparts by concatenating sensor data from previous frames and usually

achieve superior performance compared to single-frame methods. Using four-frame inputs, our

approach demonstrates superior performance over all existing approaches in the multi-frame

category. For instance, we outperform the previous best multi-frame method SAFDNet [185] by

2.2% in overall L1 APH and 2.7% in overall L2 APH.

Additionally, we compare our approach with existing temporal-fusion-based methods

in Table 5.2. Notably, these approaches utilize up to 99 previous frames of sensor data, which

is substantially more than our four-frame input. Compared to the best temporal fusion method

MAD [3], our approach improves the overall L2 AP and APH by 0.2% and 0.4% on validation

set and 0.9% and 1.2% on testing set.
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Table 5.2. Comparisons with temporal fusion based approaches. The metrics are 3D AP and
APH for both L1 and L2 difficulties. We use bold numbers to highlight the best results.

Method AP L1 APH L1 AP L2 APH L2

Va
lid

at
io

n

LEF [41] 79.6 79.2 71.4 70.9
MoDAR [78] - - - 72.5
MPPNet [22] 81.6 81.1 76.0 74.8
MSF [39] 82.2 80.7 76.8 75.5
PTT [54] 82.7 80.7 77.7 75.7
MAD [3] 85.8 84.2 81.0 79.4
MPA3D (Ours) 86.4 84.9 81.6 80.1

Te
st

in
g 3D-MAN [171] 49.6 48.1 44.8 43.4

MPPNet [22] 81.8 80.6 76.9 75.7
MSF [39] 83.1 81.7 78.3 77.0
MAD [3] 86.0 84.3 81.8 80.2
MPA3D (Ours) 87.2 85.9 83.0 81.6

Table 5.3. Results on WOD test set leaderboard. The metrics are 3D AP and APH for both L1
and L2 difficulties. We use bold numbers to highlight the best results.

Method AP L1 APH L1 AP L2 APH L2

CenterFormer [199] 82.3 80.9 77.6 76.3
BEVFusion [91] 82.7 81.4 77.7 76.3
MSF [39] 83.1 81.7 78.3 77.0
FSD++ [31] 83.5 82.1 78.4 77.1
LoGoNet [75] 83.1 81.8 78.4 77.1
Octopus Noah 83.1 81.7 78.7 77.3
SEED-L [90] 83.5 82.2 78.7 77.3
LION [89] 83.7 82.4 78.7 77.4
MAD [3] 86.0 84.3 81.8 80.2
MPA3D (Ours) 87.2 85.9 83.0 81.6

Furthermore, Table 5.3 reports our state-of-the-art performance on the WOD test set

leaderboard among all online methods that do not use ensembles or test-time augmentation.

These superior results validate that our mapping-augmented approach provides richer and more

reliable context than traditional temporal fusion, achieving better performance while using

significantly fewer frames. This confirms the effectiveness of leveraging high-quality scene

reconstruction priors for 3D detection.
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Table 5.4. Ablation study on different Mapping Priors. “SWFormer†” is the reproduction of
SWFormer with our implementation. The baseline models do not use mapping priors (x). For
each model, the best and second best results are highlighted by bold and underlined. Results are
reported on a subset of WOD validation split.

Base Model Surfel 3DGS
Vehicle L2 Pedestrian L2 Cyclist L2 Overall L2

AP APH AP APH AP APH AP APH

SWFormer† x x 79.2 78.4 73.8 69.3 68.1 67.3 73.7 71.6
SWFormer† ✓ x 79.6 78.8 73.5 69.0 69.7 68.8 74.3 72.2
SWFormer† x ✓ 80.1 79.1 74.3 69.0 68.3 67.4 74.2 71.9
SWFormer† ✓ ✓ 79.9 79.1 74.3 69.6 70.4 69.4 74.9 72.7

Ours-baseline x x 83.7 83.1 79.8 76.3 81.9 81.0 81.8 80.1
Ours-baseline ✓ x 85.3 84.7 80.1 76.7 82.8 81.9 82.7 81.1
Ours-baseline x ✓ 85.5 85.0 80.0 76.4 82.4 81.5 82.6 81.0
Ours-baseline ✓ ✓ 86.5 85.9 80.5 77.0 82.9 82.0 83.3 81.7

5.3.4 Ablation study

Effectiveness of Mapping Priors. To demonstrate the effectiveness of mapping priors,

we conduct several ablation studies and report their results in Table 5.4. We consider two

baselines: 1) our implementation of SWFormer [139], denoted as SWFormer†; and 2) “Ours-

baseline”, which refers to MPA3D without mapping priors while keeping camera and LiDAR

inputs. For efficiency, we evaluate these models on a validation subset and report the AP/APH

at the L2 difficulty level. We conduct experiments under three different mapping prior settings:

with surfel only, with 3DGS only, and with both surfel and 3DGS. For the weaker baseline

(SWFormer†), adding either surfel or 3DGS provides similar performance gains (e.g., the overall

L2 APH improves from 71.6% to 72.2% and 71.9% respectively), though we observe a slight

degradation in pedestrian detection. In contrast, for the stronger baseline (Ours-baseline), we

observe consistent performance improvements over the baseline model across all categories.

Moreover, for both baselines, combining surfel and 3DGS consistently leads to the best perfor-

mance, as our gated fusion module effectively leverages their complementary strengths.

Conceptually, a mapping prior mostly maps out the static background (since foreground

objects are removed), while detection is about finding dynamic foreground objects. The reason
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Table 5.5. Ablation study on different fusion strategies. We use bold numbers to highlight
the best results. Results are reported on a subset of WOD validation split.

Fusion Vehicle L2 Pedestrian L2 Cyclist L2 Overall L2

Strategy AP APH AP APH AP APH AP APH

Sum 80.3 81.1 71.3 67.7 73.0 72.2 75.2 73.4
Average 82.8 82.0 75.6 71.9 77.9 77.0 78.7 77.0
Concat 83.7 83.1 78.1 74.5 79.2 78.4 80.4 78.7
Gated 86.5 85.9 80.5 77.0 82.9 82.0 83.3 81.7

one helps the other is intuitive: the map prior allows the model to better separate foreground

from background. This process of elimination is particularly helpful for distant or occluded

objects. Fig. 5.1 provides a clear example of this: (Left) Based on sparse LiDAR data alone, the

vehicle (yellow box) is ambiguous and difficult to distinguish from the surrounding background

noise. (Right) By leveraging the dense map prior, the model can instantly identify all points

that align with the known static background (e.g., the road surface, curbs, and vegetation). The

remaining, non-matching sparse points—even if they only form a partial outline—are now

clearly highlighted as a dynamic foreground object, making the vehicle’s detection (green box)

significantly more reliable.

Effectiveness of Gated Fusion. To validate the effectiveness of the proposed gated

fusion strategy, we compare it with several common baseline methods: Sum, Average, and

Concatenation (Concat). “Sum” involves element-wise addition of per-voxel features from each

modality; “Average” computes the mean value across modalities; and “Concat” concatenate

the features along the channel dimension without element-wise gating. More details on these

variants are provided in the supplementary materials.

As shown in Table 5.5, our gated approach consistently outperforms all other strategies

across every class and metric. Notably, “Sum” and “Average” achieve relatively poor perfor-

mance, likely because they treat all modalities equally; this causes noise or empty features from

one modality to indiscriminately corrupt the valid signals from another. In contrast, our method

achieves an Overall L2 AP of 83.3%, representing a significant improvement of 2.9% over the
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next best method, “Concat” (80.4%). This demonstrates that our adaptive gating mechanism

effectively integrates diverse modalities, leading to a substantial boost in detection performance

compared to simpler, non-adaptive techniques.

5.4 Conclusion

In this work, we addressed the challenge of improving 3D object detection by replacing

resource-intensive HD maps with scalable mapping priors. We introduced Mapping Priors

Augmented 3D detection (MPA3D), a novel framework that utilizes automatically generated

scene reconstructions, specifically surfels and 3DGS to supplement sparse sensor data. Our core

contributions include a scalable data pipeline for automatic prior generation and a Gated Fusion

Module to adaptively integrate these priors with LiDAR and camera data, using rich static context

to enhance foreground object detection. A mixed-modality training strategy facilitates robustness

when priors are unavailable. Extensive experiments on WOD demonstrate that our method

achieves new state-of-the-art results, surpassing both multi-frame and complex temporal-fusion

methods while using significantly fewer frames. These results validate that leveraging scalable,

reconstructed scene priors is a powerful and effective strategy for enhancing 3D perception.
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Chapter 6

Conclusion and Future Work

This thesis has been motivated by a fundamental disconnect in modern computer vision:

despite the remarkable success of 2D foundation models in recognizing and reasoning about

visual content, these models remain blind to the geometry, structure, and spatial relationships

that define the physical world. At the root of this disconnect lies a data problem — 3D data is

expensive, difficult to capture at scale, and insufficient to support the kind of large-scale training

that has driven 2D progress. This thesis has addressed this challenge through three interconnected

research thrusts: scalable 3D data curation, spatial reasoning with 3D representations, and real-

world 3D perception.

Chapter 2: Scalable 3D Data from Reconstruction. The first contribution of this

thesis directly attacks the 3D data bottleneck from a reconstruction perspective. Traditional 3D

reconstruction pipelines depend heavily on Structure-from-Motion preprocessing — a costly

and brittle requirement that limits scalability. This chapter introduced COLMAP-Free 3D

Gaussian Splatting, a framework that eliminates this dependency by jointly optimizing camera

poses and 3D Gaussian representations from unposed image collections. By removing the

preprocessing barrier, this work enables scalable 3D reconstruction from casually captured video,

greatly lowering the cost of producing 3D training data. The approach demonstrated competitive

reconstruction quality while substantially broadening the range of scenarios from which 3D data

can be reliably obtained.
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Chapter 3: Scalable 3D Data from Generative Models. The second contribution

approaches the data scarcity problem from a complementary direction: synthesis. Rather than

capturing or reconstructing 3D data from the real world, this chapter presented HOIDiffusion,

a framework that leverages diffusion models to generate realistic 3D hand-object interaction

data. Hand-object interaction is a domain where real data is particularly scarce and difficult

to annotate, yet critically important for embodied AI. HOIDiffusion generates photorealistic,

geometrically consistent interaction data at scale, filling a data gap that reconstruction alone

cannot close. Together, Chapters 2 and 3 establish a two-pronged foundation for scalable 3D

data acquisition, one rooted in reconstruction and the other in generation.

Chapter 4: Spatial Reasoning — Bridging 2D VLMs to 3D. With a richer base of 3D

data established, the thesis then turned to the question of spatial reasoning: how can 2D vision-

language models, which have been trained almost exclusively on image-text pairs, be equipped

with genuine 3D understanding? This chapter presented two complementary approaches. First,

SpatialRGPT was introduced as a framework that augments VLMs with region-level 3D spatial

reasoning, enabling models to answer grounded spatial queries such as estimating distances

and understanding relative depth. Second, a feature distillation framework was proposed that

transfers 3D structural knowledge from 3D-aware representations into 2D VLMs, allowing

spatial reasoning capabilities to be injected without requiring full 3D supervision at inference

time. These contributions demonstrated that the gap between 2D foundation models and the 3D

world can be meaningfully closed through the right representational bridges.

Chapter 5: 3D Perception in the Wild — 6D Object Pose Estimation. The fourth

thrust pushed 3D understanding toward real-world deployment, beginning with the problem

of category-level 6D object pose estimation. Generalizing pose estimation beyond controlled

lab settings — to new object instances, lighting conditions, and capture environments — has

remained a persistent challenge. This chapter addressed the problem through two lenses: semi-

supervised learning that leverages unlabeled in-the-wild data to improve generalization, and

self-supervised geometric correspondence that enables category-level reasoning without dense
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annotation. These approaches demonstrated that robust, accurate pose estimation is achievable

in unconstrained environments, a key step toward deploying 3D perception systems outside the

laboratory.

Chapter 6: 3D Perception in the Wild — Autonomous Driving. The final content

chapter scaled 3D perception to one of its most demanding applications: autonomous driving.

This chapter explored how scene reconstruction can serve as a structural mapping prior to

improve 3D object detection, and investigated the scaling behavior of 3D perception models

under large-scale pretraining. The results established that richer geometric priors, combined

with data scale, yield meaningful gains in detection robustness and generalization — reinforcing

the thesis-wide theme that 3D data and representations are indispensable for real-world visual

intelligence.

Future Work

Toward 4D and Dynamic Scene Understanding. Current reconstruction methods,

including COLMAP-Free 3DGS, are designed primarily for static scenes. Real-world environ-

ments are dynamic, and extending scalable reconstruction to handle moving objects, deforming

surfaces, and temporal change remains an important open problem. Jointly modeling scene

geometry and scene dynamics — through 4D representations or video-conditioned neural fields

— would significantly expand the scope of 3D data that can be curated automatically, with

downstream benefits for all tasks explored in this thesis.

Scaling 3D-Aware Foundation Models. The spatial reasoning frameworks developed in

Chapter 4 demonstrate that 2D vision-language models can be meaningfully grounded in 3D

through targeted representational bridges. However, the scale of 3D supervision available today

remains orders of magnitude smaller than what 2D models are trained on. A natural and high-

impact direction is to leverage the scalable data curation methods from Chapters 2 and 3 to build

truly large-scale 3D pretraining pipelines — and to investigate how model capacity, data diversity,

and 3D representation choice interact at scale. The hypothesis, strongly motivated by this thesis,
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is that foundation model-scale pretraining on diverse 3D data could unlock a qualitative leap

in spatial reasoning and perception robustness, analogous to what scaling achieved in the 2D

domain.

Robotics, Embodied AI, and Vision-Language-Action Models. Perhaps the most

compelling downstream application of this thesis is robotics, where 3D perception and spatial

reasoning are not conveniences but prerequisites. HOIDiffusion is directly applicable to train-

ing manipulation policies at scale, and the pose estimation methods from Chapter 5 provide

the category-level 6D grounding that generalizable robot grasping demands. Looking further

ahead, Vision-Language-Action (VLA) models such as RT-2, OpenVLA, 𝜋0.5, and Gemini

Robotics [206, 65, 11, 146] offer a promising path toward generalist robot policies — yet current

VLAs are trained predominantly on 2D observations and lack explicit geometric grounding. The

region-level 3D spatial reasoning from Chapter 4 could serve as a natural backbone for spatially

aware action prediction, and the data pipelines from Chapters 2 and 3 could be repurposed to

generate robot demonstration data at scale, enabling the training of VLAs that reason and act

with genuine 3D awareness.

The central challenge motivating this thesis — the disconnect between the impressive

capabilities of 2D foundation models and the richly three-dimensional world that intelligent

systems must ultimately interact with — remains an open problem in computer vision. The

contributions presented here, spanning scalable 3D data curation, spatial reasoning, and real-

world perception, represent steps toward closing that gap. Much work remains, and the field is

moving rapidly. As 3D data becomes more accessible, as representations grow richer, and as

reasoning and perception systems mature, the boundary between 2D and 3D intelligence will

continue to dissolve. This thesis is offered as a contribution to that ongoing effort.
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