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Abstract

This thesis investigates differentiable rendering for dense visual Simultaneous Localization and

Mapping (SLAM), specifically examining how novel rendering algorithms and 3D scene repres-

entations enhance reconstruction and spatial understanding. The choice of scene representation is

fundamental to the efficiency of 3D modeling. Traditional approaches, which rely on direct 3D

measurements from sensors or predictions from pre-trained networks, often struggle with limited

operational ranges or training data biases. This necessitates 3D representations that can be flexibly

optimized using real-time 2D observations.

With advancements in computing hardware, 3D representations optimized through differentiable

rendering have gained prominence. These methods achieve high-fidelity inverse rendering and

novel view synthesis. While early techniques required lengthy optimization, the introduction of

explicit data structures has shifted performance toward real-time, enabling integration into SLAM.

Unlike offline reconstruction, online SLAM requires continuous estimation and updating of un-

known environments from sequential data, posing unique challenges for optimization stability and

memory management.

This thesis examines the use of 3D scene representations in combination with differentiable ren-

dering pipelines to enable real-time SLAM systems. The work begins by developing classical

depth map based SLAM methods to establish a foundation in existing standard pipelines. Build-

ing on this baseline, the thesis explores advanced scene representations — specifically NeRF and

the latest 3D Gaussian Splatting techniques — as novel approaches to SLAM. Through detailed

experiments and analysis, the thesis demonstrates how to effectively address the open-world chal-

lenges inherent in SLAM tasks using these modern representations. It also highlights the unique

advantages that differentiable rendering offers, such as improved accuracy and flexibility, posi-

tioning it as a promising direction for the future of visual SLAM.
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CHAPTER 1

Introduction

Contents

1.1 Spatial Perception for Embodied Agents . . . . . . . . . . . . . . . . . . . 1

1.2 Simultaneous Localization and Mapping . . . . . . . . . . . . . . . . . . . 2

1.3 3D Scene Representations for SLAM . . . . . . . . . . . . . . . . . . . . . 3

1.4 Differentiable Rendering and Neural Graphic Primitives . . . . . . . . . . . 4

1.5 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.6 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

In this chapter, we establish the foundations and motivations for this thesis. We begin by defin-

ing the task and providing a historical background of visual SLAM (section 1.1 and 1.2). Next,

we explore the classical 3D scene representations and their applications, which have traditionally

been used in visual SLAM systems (section 1.3). We then address the limitations of these clas-

sical representations and introduce an overview of modern 3D representation and differentiable

rendering(section 1.4). Finally, we outline our research contributions and present the roadmap for

this thesis (section 1.5 and 1.6).

1.1 Spatial Perception for Embodied Agents

Achieving human-level intelligence in embodied agents is one of the ultimate goals of robotics

research. Agents that can autonomously navigate their environment, manipulate objects, interact

with the world, and collaborate with others have the potential to significantly improve human life.

A precise spatial understanding of their surroundings — knowing their own location, the locations

of other objects or agents, and identifying what those objects or agents are — dramatically en-

hances the ability of these autonomous agents to perform intelligent tasks. Geometric perception

1



1. Introduction

is particularly essential for enabling physical interactions with the environment, including tasks

such as robot navigation, manipulation, and AR/VR device tracking and content rendering. This

perception must be processed in real-time based on sensor data to ensure the agent can respond

quickly and effectively to changing environments. Achieving this requires a compact yet detailed

scene representation and an efficient method to construct it from real-time sensor observations.

(a) Dyson Robot Vacuum Cleaner [Dyson., ] (b) Apple Vision Pro [Apple., ]

1.2 Simultaneous Localization and Mapping

Vision-based Simultaneous Localization and Mapping (Visual SLAM) has been a fundamental

tool for real-time spatial perception in autonomous agents using low-cost vision sensors. From a

real-time camera image stream, visual SLAM simultaneously estimates the device’s ego-motion

and maps the surrounding geometry, playing a critical role in commercial applications such as ro-

bot vacuum cleaner and AR glass. Visual SLAM has a long history of research and has continually

advanced with the development of computing hardware and sensors. Early SLAM methods in the

2000s are based on probabilistic filtering framework such as Kalman Filters, to estimate both cam-

era pose and the surrounding map represented by sparse set of landmarks in real-time [Davison

et al., 2007]. However, these filtering-based approaches, which updated all landmark positions and

camera poses at every time step, became computationally prohibitive for large-scale environments.

A major breakthrough came in 2007 with the introduction of PTAM [Klein and Murray, 2007], a

keyframe-based SLAM method that separated tracking and mapping into parallel processes. This

separation allowed for real-time, locally consistent tracking while global mapping could be pro-

cessed more slowly but accurately. Most of the modern SLAM algorithms have since adopted

this approach [Engel et al., 2014, Engel et al., 2017, Mur-Artal and Tardós, 2017a, Bloesch et al.,

2018, Sucar et al., 2021], leveraging keyframes and multi-threading to maintain a balance between

real-time tracking and globally consistent mapping.

2



1.3. 3D Scene Representations for SLAM

(a) MonoSLAM [Davison et al., 2007] (b) PTAM [Klein and Murray, 2007]

1.3 3D Scene Representations for SLAM

Another fundamental aspect of SLAM is the choice of scene representation. A 3D representation

refers to the parameterization or data structure used to store the spatial contents of a scene. The

choice of this representation directly affects the performance of SLAM systems, as it determines

how effectively the environment is modeled and understood.

Early Visual SLAM systems primarily relied on sparse point clouds as their core representa-

tion [Davison et al., 2007, Engel et al., 2017, Mur-Artal and Tardós, 2017a] While these were

efficient for real-time localization, they discarded much of the scene detail, limiting their useful-

ness for more advanced robotic vision tasks. With improvements in computing hardware, SLAM

systems have started incorporating richer map representations capable of capturing denser and

more detailed information, which led to the emergence of the Dense SLAM research field.

For example, volumetric Signed Distance Functions (SDF) provide dense and watertight scene

geometry, making them highly valuable for downstream robotics tasks such as manipulation and

navigation [Newcombe et al., 2011b, Vespa et al., 2018]. Surfels, which represent the scene using

point clouds with surface disks, offer a flexible approach to representing dense scene geometry

and are especially effective in warping or deformation [Whelan et al., 2015b, Schöps et al., 2019].

The ongoing research in SLAM focuses on optimizing 3D scene representations to strike a balance

between accuracy, efficiency, and practical applicability in diverse environments (Fig. 1.3).

The uniqueness of the Visual SLAM problem lies in its need for real-time, online state estimation

based on ego-centric observations. This introduces several key requirements for effective map

representations. First, the representation must efficiently encode dense scene information, as the

richness of these data directly impacts downstream tasks. Second, the map should be constructed

incrementally in real-time from sensor data, as instant inference and interaction are critical for

embodied agents. Third, the representation must remain consistent with the history of 2D obser-

3



1. Introduction

vations. Finally, the map must be flexible enough to dynamically update based on real-time sensor

input, as SLAM involves online exploration where the agent frequently updates the estimation.

Traditionally, dense SLAM methods struggled to fully meet these requirements. Most existing

approaches relied on casting 2D observation/estimation results into 3D through a separate hand-

designed fusion process [Newcombe et al., 2011b, Koestler et al., 2021], which hindered con-

sistent map construction. First, dense 2D depth maps or point clouds were directly observed by

sensors or estimated from multiple views, then fused into a 3D representation via weighted av-

eraging, rather than directly optimizing the 3D map. This approach resulted in representations

that were less consistent in real-time applications, as they did not fully leverage the 3D map’s

properties, such as occlusion handling. The inability to propagate gradients from pixels to the

3D map model further limited the map’s adaptability, preventing it from meeting the full range of

conditions.

(a) Direct Sparse Odometry [Engel
et al., 2017] (b) KinectFusion [Newcombe et al., 2011a]

Figure 1.3: Examples of dense/semi-dense visual SLAM methods

1.4 Differentiable Rendering and Neural Graphic Primitives

Recent advances in graphics hardware and automatic differentiation frameworks for machine

learning have led to significant progress in differentiable rendering. Initially, differentiable render-

ing was developed to optimize classical explicit 3D data structures, such as meshes or occupancy

grids, using only 2D image supervision [Kato et al., 2018a, Liu et al., 2019]. However, new

representations better suited to the differentiable rendering framework, known as Neural Graphic

Primitives, have since emerged. Two of the most notable examples are NeRF [Mildenhall et al.,

2020] and 3D Gaussian Splatting [Kerbl et al., 2023], which represent a scene with a radiance

field that maps location to color and density, and are rendered through a differentiable volumetric

rendering pipeline. These representations capture dense and highly detailed scene information

through their volumetric parameterization and can be directly optimized via differentiable render-

ing, eliminating the need for potentially inconsistent hand-designed fusion modules. While these
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