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NeRF [3]                                                 (b) Point-based Neural Rendering [1]

Figure 1: (a) Neural Radiance Fields – NeRF [3] achieve impressive results in neural rendering,
but suffer from artifacts such as blurring in vegetation (top) or background (bottom). (b)
Point-based solutions [1] can resolve blurry artifacts in vegetation (top) and background.

Context and goal
Recently, neural rendering [4] has seen an explosion in novel research results [5,6,8,9]. All
recent methods share the same central property: the scene representation is differentiable,
allowing optimization from input images to reconstruct the neural representation of the scene.
Three interesting cases are Neural Radiance Fields (NeRF) [3], Signed Distance Functions
(SDFs) [10] and Point-Based Representations [2] (including our recent work [1]). Each has
relative advantages and disadvantages, and the choice of the best fitting representation often
depends on the capture conditions and the use case. For example, the continuous nature of the
NeRF representation has many advantages, but often results in blurry results (Fig. 1, left), while
point-based representations are a discrete sampling, but can provide sharper renderings (Fig. 1,
right, using our point-based solution [1]). Ideally, we would like to have a unified representation
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that allows efficient rendering of captured scenes combining the advantages of all previous
piecemeal representations. In this Ph.D. we will investigate the qualities of the different
representations in the context of efficient rendering, and develop such a new, unified
representation that will be powerful and general enough to achieve this goal.

Approach
We will start by developing a unified model for NeRF and point-based representation, by
building on the observation that they share similarities in terms of the actual “alpha-blended”
rendering. This will involve an in-depth theoretical analysis of the properties of each
representation, and proposing a new model that is theoretically equivalent for both. The
development of efficient rendering algorithms will follow, by exploiting the capabilities of modern
GPUs that have both deep learning and ray-tracing support. We will continue with the harder
case of SDFs, which have the advantage of defining an actual surface which can be particularly
efficient in many cases for rendering. We first need to determine a new scene representation
model that will allow the incorporation of SDF into a unified model so that the positive aspects of
all three representations can be exploited while avoiding the pitfalls. Efficient rendering
algorithms will then be developed, again exploiting hardware advances.

Work environment and requirement
Candidates should have a Masters in Computer Graphics and/or Computer Vision, but with
knowledge in both. Strong programming and mathematical skills are required as well as
knowledge in computer graphics, geometry processing and machine learning, with experience
in C++, OpenGL and GLSL on the graphics side, and pytorch for deep learning.
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