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Taking a good photograph can be a time-consuming process, and it usually takes several

attempts to capture a moment correctly. This di�culty stems from the many factors that

make up a photo, such as framing, perspective, exposure, focus, or subject pose. Getting

even one of these factors wrong can spoil a picture, even if the rest are perfect. To make

matters worse, many of these factors are often out of our control; for example, a wind gust

may displace the subject’s hair, or a bird may fly by and occlude the shot. What if we

could go back and fix some of these aspects? In my thesis, I explore techniques for “scene

rerendering” which enable rich modification of media after capture.

First, I propose Nerfies, the first method capable of photo-realistically reconstructing a

non-rigidly deforming scene using photos and videos captured casually from mobiles phones.

Nerfies augments neural radiance fields (NeRF) by optimizing an additional continuous vol-

umetric deformation field that warps each observed point into a canonical 5D NeRF. I show

that these NeRF-like deformation fields are prone to local minima and propose a coarse-to-

fine optimization method that allows for more robust optimization. By adopting principles

from geometry processing and physical simulation to NeRF-like models, I also propose an

elastic regularization of the deformation field that further improves robustness. I demon-

strate how Nerfies can turn casually captured selfie photos/videos into deformable NeRF

models that allow for photorealistic renderings of the subject from arbitrary viewpoints.



Deformation-based approaches such as Nerfies struggle to model changes in topology (e.g.,

slicing a lemon), as topological changes require a discontinuity in the deformation field, but

these deformation fields are necessarily continuous. I address this limitation in HyperNeRF,

in which I propose lifting NeRFs into a higher-dimensional space and by representing the 5D

radiance field corresponding to each input image as a slice through this ”hyperspace.” This

approach is inspired by level set methods, which model the evolution of surfaces as slices

through a higher dimensional surface.

Next, I present PhotoShape, an approach that creates photorealistic, relightable 3D mod-

els automatically. PhotoShape automatically assigns high-quality, realistic appearance mod-

els to large-scale 3D shape collections. By generating many synthetic renderings, I train a

convolutional neural network to classify materials in real photos and employ 3D-2D align-

ment techniques to transfer materials to di↵erent parts of each shape model. The key idea

is to jointly leverage three types of online data – shape collections, material collections,

and photo collections, using the photos as reference to guide the assignment of materials to

shapes.

Finally, I show how we can exploit methods for scene rerendering to solve inverse prob-

lems. I propose LatentFusion, a framework for performing 3D reconstruction and rendering

using a neural network. This neural network takes posed images of an object as input and

can render it from any novel viewpoint. I show how LatentFusion can be used for 6D ob-

ject pose estimation by optimizing the input pose as a free parameter using gradient descent.

Also, since this method incorporates objects at inference time, it can perform pose estimation

on unseen objects without additional training— an immense benefit over existing methods

which require training a separate network for every new object.
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Chapter 1

INTRODUCTION

(a) captured photos (b) fixing framing (c) fixing exposure

Figure 1.1: Photographers often use software to edit their photographs after capture. For example, a
photographer may (b) crop a photo or (c) change the exposure of a photo.

As we scurry through the bustling streets of New York or as our friends jump into a lake,

we often have our cameras out, taking photos of the fleeting moment. We juggle countless

camera settings as we take a picture in the heat of the moment. It is common to miss

opportunities to capture a moment or end up with a bad photo due to incorrect settings.

When taking a photo, we must consider many di↵erent elements, such as framing, per-

spective, or subject pose. A central challenge of photography is quickly finding the right

combination of these variables. Many modern tools seek to ease this challenge by enabling

users to edit elements of a photograph after capture. For instance, you can change the crop

of a photo (Figure 1.1b) or adjust the exposure (Figure 1.1c). Just as modern word proces-

sors have fundamentally changed how we write documents, the ability the edit images has

greatly influenced how many people approach photography.

Image editors are increasingly powerful, but they are limited because they operate on

images that are mere 2D arrays of colors and cannot edit elements that are tied to the

underlying 3D geometry of the scene. For example, perspective is critical in portrait pho-
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(a) Telephoto (f = 58mm, d = 2.0m) (b) Standard (f = 26mm, d = 0.4m) (c) Ultrawide (f = 13mm, d = 0.2m)

Figure 1.2: Three photos taken with di↵erent focal lengths (f) from di↵erent distances (d). Perspective is
a crucial element in portrait photography that can determine whether a subject look flattering or goofy.
Perspective cannot be easily changed after capture as it is determined by the actual position of the camera
relative to the subject.

tography. Figure 1.2 shows three di↵erent photos taken from di↵erent distances but with

the lens zoomed such that the apparent size of the subject remains constant. Note how the

photo from the closest distance (Figure 1.2c) shows overly exaggerated facial features such

as a large nose. What if you want to edit the perspective of a picture? This would require

changing the physical, 3D position of the camera at capture.

In this thesis, I explore the methods for scene rerendering in order to lift images from

their 2D confines to enable more fundamental changes to their structure and appearance.

In particular, my contributions include: 1○ a photo-realistic 3D reconstruction method that

turns short videos or photo collections into a 3D scene that can be rendered from any camera

perspective; 2○ a method to automatically create relightable 3D textured models, which can

produce photo-realistic renderings with arbitrary lighting; and 3○ a di↵erentiable rendering

pipeline that exploits scene rerendering to solve inverse problems such as pose estimation,

supporting applications in robotics.
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(a) selfie capture (b) input photos (c) novel views with longer focal length (d) novel view depth

Figure 1.2: We reconstruct photo-realistic nerfies from a user casually waving a mobile phone (a). Our
system uses selfie photos/videos (b) to produce a free-viewpoint representation with accurate renders (c)
and geometry (d). Nerfies can produce portraits free of perspective distortions usually present in selfie
portraits by simply rendering the scene from a distant camera.

1.1 Casual 3D Capture

Changing elements like perspective or subject pose requires a 3D representation of the under-

lying scene which we can rerender as needed. 3D reconstruction is the problem of acquiring

such a representation. While 3D reconstruction is a well-established topic of study, its tech-

nologies have been mostly out of reach for casual users. Current methods often require the

use of complicated and expensive capture setups such as multiple synchronized cameras and

lights [43, 53, 72, 127].

The desire for simpler capturing regimes has spurred interest in casual 3D capture meth-

ods [74–76, 107, 132, 142, 245]. Relevant methods attempt to relax assumptions, enable

simpler workflows (e.g., waving a phone around), and eliminate the need for complicated

and expensive hardware. Many works have made significant progress in casual 3D cap-

ture [75, 76, 142], but high-quality reconstruction of complex geometry and lighting appear-

ances have remained elusive until the recent advent of Neural Radiance Fields (NeRF) [143].

1.1.1 Dynamic Scenes

In Chapter 3, I introduce Nerfies [159], a system for capturing photo-realistic 3D represen-

tations from casually captured videos or image collections. Nerfies extends NeRF to address
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Figure 1.3: Nerfies [159] can capture non-static subjects, but often struggle in the presence of topological
variation, as evidenced in (b). By modeling a family of shapes in a high dimensional space shown in (d), our
HyperNeRF model is able to handle topological variation and thereby produce more realistic renderings as
can be seen in (c).

a critical limitation: the assumption of a static scene. Our world is rarely static, and en-

coding movement within a scene is crucial especially for dynamic subjects such as people.

In addition, we wish to be able to alter the subject’s pose. Therefore, Nerfies provides a

mechanism to encode movement within the scene and allows interpolation between di↵erent

subject poses. Nerfies can render a scene from any camera and can therefore control ele-

ments such as perspective. Portraits taken using a selfie camera are often unflattering due to

the perspective distortion of photos taken from up close (Figure 1.3b). Nerfies can produce

visually pleasing portraits as if the photo was taken from afar (Figure 1.3c).

1.1.2 Topologically Varying Scenes

Many real-world motions involve changes in topology. Examples include cutting a lemon,

or tearing a piece of paper. While not strictly a genus change, motions like closing your

mouth cause changes in surface connectivity that can also be considered “topological” (e.g.,

Figure 1.3a). Such changes in topology often cause problems for algorithms that seek to

reconstruct moving three dimensional scenes, as they cause motion discontinuities or singu-

larities. Nerfies is an example of a method that cannot model such motion due to its use of

a continuous deformation field.

In Chapter 4, I propose HyperNeRF [160], an extension of Nerfies to handle topologically
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geometry only ours

Figure 1.4: PhotoShape is a fully automated pipeline which creates relightable 3D models.

varying scenes. HyperNeRF takes inspiration from the classic approach of level-set methods.

Pioneered in the late 1980s [153], level set methods model moving scenes as static objects in

a higher dimensional ambient space (illustrated in Figure 1.3d), and topological changes as

smooth (rather than discontinuous) transformations. HyperNeRF adapts the level set frame-

work for Nerfies to generate photo-realistic, free-viewpoint renderings of objects undergoing

changes in topology.

1.2 Relightable Models

§1.1 addresses scene-level capture, but for many applications such as augmented and virtual

reality, we desire object-level 3D content which can blend into any virtual environment.

In order for a 3D model to be realistically inserted into a virtual environment, it must be

relightable, meaning each part of the 3D model must be associated with a material model

which models how it reflects light. While there are many online repositories containing vast

numbers of 3D models, the majority of these them do not include such material information.

In Chapter 5, I introduce PhotoShape [157], a fully-automatic pipeline capable for cre-

ating thousands of photo-realistic, relightable 3D models. PhotoShape matches images to
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(a) Initial Depth (b) Initial RGB (c) Optimized Depth (d) Optimized RGB (e) Target RGB

Figure 1.6: The HyperNeRF model is invertible in the sense that input parameters such as the conditioning
latent code can be optimized given an objective function. In this example, we initialize the model to an intial
pose (b) and optimize the latent code to photometrically match the target RGB image (e). The resulting
optimized rendering is shown in (d).

3D models of the same object, and then uses a neural network to classify image parts to

materials models, represented as spatially varying BRDFs (SV-BRDFs). Since the system

has correspondence between 3D object parts and image segments, it can then assign the

materials to the 3D model, resulting in a model which can be re-lit using arbitrary lighting.

Figure 1.4 shows examples of 3D models generated using this method.

1.3 Inverse Problems

Nerfies and HyperNeRF, introduced in §1.1, are examples of di↵erentiable rendering pipelines.

Namely, the entire image formation process from the 3D scene representation to the final

rendered image is fully di↵erentiable. Di↵erentiable processes are useful as they can be used

to solve challenging inverse problems such as state estimation. Di↵erentiable processes can

be inverted by performing gradient descent on any of the inputs with respect to some objec-

tive function. For example, Figure 1.6 shows an example where we invert the HyperNeRF

pipeline by optimizing the conditioning latent code to fit the target RGB image best.

Chapter 6 describes LatentFusion [158], a framework specifically designed to exploit this
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Figure 1.7: LatentFusion is an end-to-end di↵erentiable reconstruction and rendering pipeline. This pipeline
can be used to perform pose estimation on unseen objects using simple gradient updates in a render-and-
compare fashion.

property of di↵erentiable pipelines. LatentFusion performs both 3D reconstruction and ren-

dering using a di↵erentiable neural network (shown in Figure 1.7). This neural network takes

posed images of an object as input, and can render it from any novel viewpoint. Latent-

Fusion only needs to be trained once on synthetic data, and results in a category-agnostic

model that can incorporate new, unseen objects at inference time.

A key application of LatentFusion is 6D object pose estimation. Since we can compute

gradients through the rendering process, we can optimize the input pose as a free parameter

using gradient descent. Also, since LatentFusion incorporates objects at inference time, it

can perform pose estimation on unseen objects without additional training—a large benefit

over existing methods which require training a separate network for every new object.
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Chapter 2

RELATED WORK

In order to rerender a scene, there must be a representation of the scene that can be

rendered from novel viewpoints. The most obvious and tedious method for creating such

representations is by manually authoring them with 3D modeling software such as Blender or

CAD. This is the method often used when creating assets for movies or video games. Manual

authoring is a labor intensive process that must be performed by a highly skilled artist. In

addition, it is incredibly di�cult to accurately model all of the subtleties of real world scenes

due to complex geometry and lighting e↵ects. 3D reconstruction methods capture objects

and scenes using automated techniques. Not only are these methods much more accurate

than hand-created models, but they are also much more labor e�cient as the algorithms can

do most of the heavy lifting and humans only has to follow simple capture protocols.

In this chapter, I conduct a survey of methods necessary for creating 3D representations

that are the basis for rerenderable media. I introduce methods for 1) geometry reconstruction,

di↵erent types of scene representations, and 3) methods for casual 3D capture.

2.1 Geometry Reconstruction

Authoring 3D content is a very labor intensive and di�cult task. This fact has lead to the

popularity of 3D reconstruction as a research topic. The goal is to simplify the process of

modeling the geometry of an object or scene in the real world into something we can render

on a computer, such as a 3D mesh.

Photogrammetry, in the context of computer vision, is the problem of creating a 3D

representation of the real world through a collection of observations such as 2D images or

other signals. In simpler terms, photogrammetry can be summarized as the task of turning
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2D images into a 3D model. The problem can be split into two core sub-problems: (a)

finding the location and parameters of the camera which took each image (localization), and

(b) finding the 3D geometry which best explains the image (mapping).

2.1.1 Sparse Reconstruction and Camera Estimation

While there is no well established consensus on an exact taxonomy, o✏ine methods which

assume all input images are available simultaneously are called Structure-from-Motion (SfM),

while online methods that update camera position and scene geometry as new image become

available are usually called Simultaneous Localization and Mapping (SLAM).

Specific methods for SfM and SLAM are beyond the scope of this chapter, but there exist

several robust open-source packages which implement robust systems based on the state of

the art, such as Theia [201], Bundler [193], and COLMAP [178]. These methods provide the

foundation for many 3D reconstruction techniques, and are used extensively in many of the

works that are described below.

2.1.2 Dense Reconstruction

Given known camera positions and parameters, multi-view stereo (MVS) algorithms create

a 3D representation of the scene [59, 67, 94]. While SfM and SLAM methods must recover

both the camera parameters and the structure of the scene, MVS methods focus on the

problem of recovering the accurate geometry of the scene. Since the objective of MVS is to

recover the geometry of the scene, the resulting geometry is usually denser and more useful

than those recovered by SfM and SLAM methods. For example, methods such as Jancosek

and Padla et al . [94] and Labatut et al . [111] use Delaunay tetrahedralization to create 3D

mesh representations of scenes from image collections. While MVS methods can result in

impressive 3D reconstructions, they usually su↵er from artifacts such as staircasing ([83, 83])

and lack of detail due to the use of discrete representations such as voxel grids.
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2.1.3 Non-Rigid Reconstruction

Non-rigid reconstruction is the problem of reconstructing the geometry of a moving scene,

e.g. of a person. A common approach in non-rigid reconstruction techniques is to decom-

pose a scene into a canonical model of scene geometry (which is fixed across frames) and

a deformation model that warps the canonical scene geometry to reproduce each input im-

age. The di�culty of this task depends heavily on the inherent ambiguity of the problem

formulation. Using only a monocular video stream is convenient and inexpensive, but also

introduces significant ambiguity which must be ameliorated through the use of factorization

[24] or regularization [207]. On the opposite end of the spectrum, complicated and expensive

capture setups using multiple cameras and depth sensors can be used to overconstrain the

problem, thereby allowing 3D scans to be registered and fused to produce high quality results

[43, 53]. Machine learning techniques have been used e↵ectively for non-rigid reconstruction,

when applied to direct depth sensors [21, 177].

Several works have used learning techniques to solve for deformation based models of

shape geometry [96, 152], though because these works model only geometry and not radiance,

they cannot be applied to RGB image inputs and do not directly enable view synthesis.

Yoon et al . [237] use a combination of multi-view cues as well as learned semantic priors

in the form of monocular depth estimation to recover dynamic scenes from moving camera

trajectories. In contrast, most NeRF-like models require no training data other than the

input sequence being used as input. Neural Volumes [127] represents deformable scenes using

a volumetric 3D voxel grid and a warp field, which are directly predicted by a convolutional

neural network. As we will demonstrate, Neural Volumes’s high fidelity output relies on the

use of dozens of synchronized cameras, and does not generalize well to monocular image

sequences. The Deformable NeRF technique we will introduce in Chapter 3 uses NeRF-like

learned distortion fields alongside the radiance fields of [143] to recover “nerfies” of human

subjects, and is capable of generating photorealistic synthesized views of a wide range of

non-stationary subjects.
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2.1.4 3D Scene Representations

Points and Surfaces Point-based and surface-based geometric representations are the

dominant representation in computer vision and graphics. When we think of 3D geometry

we usually think of it being encoded in something like a mesh, point cloud. While these repre-

sentations are straightforward to reason about and are easy to render, they are unfortunately

not very well suited when used in conjunction with optimization algorithms and struggle to

handle complex phenomena such as thin structures, particle e↵ects, and translucency.

Volumes Volumetric methods are popular when estimating the geometry of a scene, as

they can be more easily updated incrementally by checking for photometric consistency.

Volumetric methods such as voxel coloring [166, 181] and space carving [110] store occupancy

and color information in a discrete voxel grid. While e↵ective, these methods do not address

the issue caused by thin structures or semi-transparent materials. Rather than just store

occupancy information, more recent methods therefore store “softer” information such as

probabilities [162, 176, 211, 212] or density [97, 127, 143].

Implicit Surfaces Another family of methods encode surfaces, but implicitly along the

level-set of a function. For example, signed distance functions (SDF) store at each point

in space the distance to the closest surface, where the sign determines whether the point is

inside or outside the surface. Implicit surfaces are nice as they exhibit the nice optimization

properties of volumetric methods, but encode a surface. They have therefore been popular

in methods that merge range images into a canonical geometry, such as Curless et al . [44]

and KinectFusion [148].

Density fields and implicit surfaces are more di�cult to use than meshes, but it is pos-

sible to process them into more traditional representations using methods such as marching

cubes [129].
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Neural 3D Representations Volume rendering techniques, when combined with deep

learning, have shown much promise in solving many of the problems encountered by tradi-

tional MVS methods. Tulsiani et al . [211] uses ray consistency to train a neural network

to predict occupancy probabilities. Neural Volumes [127] uses a 3D convolutional neural

network to merge multiple video streams into a single, coherent 3D representation that can

be rendered from novel views. Neural Volumes can capture di�cult cases such as fur or

smoke that have long eluded traditional MVS methods. Recently the field has progressed

rapidly with the introduction of methods that encode the geometry within the weights of

a multi-layer perceptron. These methods, called coordinate-based models, take as input a

spatial coordinate and output a single value. DeepSDF [156] stores truncated signed dis-

tance functions (tSDF) while Neural Radiance Fields (NeRF) [143] store volume density.

Coordinate based models such as these are continuous and therefore avoid many issues that

arise from discretization. These methods are incredibly robust during optimization and can

handle complex phenomena such as semi-transparent materials and thin structures that have

long eluded other approaches.

2.2 Image-based Rendering

An ideal 3D reconstruction method would be able to accurately model the complete geometry

of a scene in addition to any material properties (albedo, specularity, etc.), and lighting.

Creating an analytic model for all materials in the world and capturing subtle lighting

e↵ects is incredibly di�cult. An increasingly large body of research therefore avoids explicitly

modeling the 3D geometry or appearance of a scene, and instead uses clever techniques to

directly compose input images into novel renderings. Such methods are often called image-

based rendering (IBR) techniques.

Environment Maps Environment map based methods such as Quicktime VR [36] can

be seen as an early precursor to modern image-based rendering techniques. Quicktime VR

allowed users to move around a space by rotating projections of cylindrical panoramas and
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formed a virtual environment by composing multiple panoramas. These panoramas were

created by stitching together individual images taken with a camera mounted on a rotating

tripod mount. These panoramas were expensive to create at the time, using many compute

cycles on a Cray supercomputer. The biggest reason for this is likely the limited power of

computers at the time, but it can also be attributed to the use of correlation-based image

registration techniques that are more expensive than more modern techniques that use cheap

features such as SIFT [130] or SURF [10]. Nowadays creating panoramas is incredibly easy

— anyone can make a panorama from their mobile phone and it takes less than a second.

Panoramas are a great example of how simply increasing the availability of an already existing

technology have a significant impact on our everyday lives.

Nearest-Neighbors and Blending Quicktime VR also supported rendering objects in

3D by first capturing them on a turntable and then fetching the closest image to the desired

target view. Showing the closest image means any intermediate viewpoints not captured

could not be rendered, resulting a rough, jagged viewing experience. Works such as Chen

et al . [37] and Werner et al . [224] therefore used estimated optical flow to interpolate input

images into intermediate viewpoints. These methods only support rotation along a single

axis since other changes in viewpoint would result in parallax which cannot be handled

without depth information.

Light fields A light field describes the amount of light flowing in very direction in space,

at every point in space. A light field is defined by the 5D plenoptic function [1] P :

(x, y, z, ✓,�) ! L which maps every point (x, y, z) and direction (✓,�) to a radiance val-

ues (L). In a sense, the light field is a complete generalization of all 3D scene representations

that can theoretically explain all optical phenomena. It is obviously impossible to know

the amount of light flowing in all directions in all points in space so algorithms must make

assumptions to turn light field rendering into a tractable problem.
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Lumigraphs Gortler et al . [70] and Levoy et al . [112] both observed that the radiance of

a scene does not change along a ray unless the ray is blocked. This means the dimensionality

of the light field can be reduced from 5D to 4D, making the problem much more tractable.

However, these methods still require a very dense sampling of input viewpoints captured

using complicated capture setups, and only support images that are captured from cameras

whose centers lie on a regularly sampled image plane.

View-dependent Texture Mapping (VDTM) Rather than assume a dense, regular

sampling of input images, Debevec et al . [47] assumes that there is a good geometric model

of the scene. The input images can then be projected onto the 3D model and rendered as

texture maps. Since the geometry is known, this requires much less input images compared

to lumigraph style methods.

Unstructured Lumigraphs [26] combines the lumigraph and VDTM approaches, using a

globally consistent geometric proxy but also blends input images together to render novel

viewpoints.

Learning-based Methods When rendering unseen views, it is inevitable that some in-

formation is missing from the input images that cannot be recovered with simple blending

or interpolation. Deep learning is en e↵ective tool for many tasks in computer vision, and

novel-view synthesis is no exception. DeepStereo [57] predicted volumetric representations

on a large dataset of posed images of streets. Kalantari et al . [98] used light field photos

from a Lytro light field camera [64] to train a neural network to predict images from novel

viewpoints. Stereo Magnification [245] introduced the multi-plane image (MPI) representa-

tion and learns only using stereo image pairs. The commonality between these methods is

that they all train a neural network that provides a strong prior that can fill in the gaps in

the presence of missing data. Some other methods, such as Deep Blending [76] learn how

to blend between the input images with per-view geometry and a geometric proxy represen-

tation using deep learning as well. These methods can also be considered neural rendering
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methods described in §2.3.

2.3 Neural Rendering

The nascent field of “neural rendering” aims, broadly, to use neural networks to render

images of things. This is an emerging area of study that is changing rapidly, but progress in

the field up through 2020 is well-documented in the survey report of [204].

2.3.1 Image-to-Image Translation

The dominant paradigm in this field has, until recently, been framing the task of synthesizing

an image as a sort of “image to image translation” task, in which a neural network is trained

to map some representation of a scene into an image of that scene [89]. This idea has been

extended to incorporate tools and principles from the graphics literature, by incorporating

reflectance or illumination models into the “translation” process [139, 198], or by using proxy

geometries [5, 206] or conventional renderings [58, 102, 135, 141] as a harness with which

neural rendering can then be guided. Though these techniques are capable of producing

impressive results, they are often hampered by a lack of consistency across output renderings

— when rendering is performed independently by a “black box” neural network, there is no

guarantee that all renderings of scene will correspond to a single geometrically-consistent 3D

world.

2.3.2 Neural Scene Representations

Research within neural rendering has recently begun to shift away from this “image to im-

age translation” paradigm and towards a “neural scene representation” paradigm. Instead

of “rendering” images using a black box neural network that directly predicts pixel intensi-

ties, scene-representation approaches use the weights of a neural network to directly model

some aspect of the physical scene itself, such occupancy [140], distance [156], or a latent

representation of appearance [189, 191].
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Neural Radiance Fields The most e↵ective approach within this paradigm has been

constructing a neural radiance field (NeRF) of a scene, and using a conventional multilayer

perceptron (MLP) to parameterize volumetric density and color as a function of spatial

scene coordinates [143]. NeRF’s usage of classical volumetric rendering techniques has many

benefits in addition to enabling photorealistic view synthesis: renderings from NeRF must

correspond to a single coherent model of geometry, and the gradients of volumetric rendering

are well-suited to gradient-based optimization. Note that, in NeRF, a neural network is not

used to render an image — instead, an analytical physics-based volumetric rendering engine

is used to render a scene whose geometry and radiance happen to be parameterized by a

neural network.

2.3.3 Neural Radiance Fields for Dynamic Scenes

Though NeRF produces compelling results on scenes in which all content is static, it fails

catastrophically in the presence of moving objects. As such, a great deal of recent work has

attempted to extend NeRF to support dynamic scenes. These NeRF variants can be divided

into two distinct categories: deformation-based approaches apply a spatially-varying defor-

mation to some canonical radiance field [159, 167, 209], and modulation-based approaches

directly condition the radiance field of the scene on some property of the input image and

modify it accordingly [114, 119, 229].

Deformation-Based NeRFs Deformation-based NeRF variants follow the tradition es-

tablished by the significant body of research on non-rigid reconstruction [149], and map

observations of the subject onto a template of that subject. Nerfies [? ], D-NeRF [168], and

NR-NeRF [209] all define a continuous deformation field which maps observation coordi-

nates to canonical coordinates which are used to query a template NeRF. Because multiple

observations of the subject are used to reconstruct a single canonical template, and only

the deformation field is able to vary across images, this approach yields a well-constrained

optimization problem similar to basic NeRF. Similar to how NeRF parameterized radiance
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and density using a coordinate-based MLP, these deformation-based NeRF variants use an

MLP to parameterize the deformation field of the scene, and are thereby able to recover

detailed and complicated deformation fields. However, this use of a continuous deforma-

tion field means that these techniques are unable to model any topological variations (e.g.,

mouth openings) or transient e↵ects (e.g, fire). Topological openings or closings require a

discontinuity in the deformation field at the seam of the closing, which MLPs cannot model

easily. This is a consequence of the fact that coordinate-based MLPs with positional en-

coding perform interpolation with a band-limited kernel, when viewed through the lens of

neural tangent kernels [202].

Modulation-based NeRFs Modulation-based (or latent-conditioned) NeRF variants adopt

a substantially di↵erent approach for handling dynamic scenes. Instead of modeling the

scene as a single NeRF that is warped to explain individual images, these techniques provide

additional information (e.g., the image’s timestamp or index) as input to the MLP, param-

eterizing the radiance field of the scene. As such, these techniques are capable of modeling

any deformation, topological change, or even complex phenomena such as fire. However,

because these modulated NeRFs may have completely di↵erent radiance and density across

input images, these techniques result in a severely under-constrained problem and allows for

trivial, non-plausible solutions. This issue can be addressed by providing additional super-

vision such as depth and optical flow (as in Video-NeRF [229] and NSFF [119]) or by using

a multi-view input captured from 7 synchronized cameras (as in DyNeRF [114]). NeRF in

the Wild also uses a similar modulated approach (albeit for a di↵erent task) in which latent

codes are optimized and provided as input to an MLP, which also introduces ambiguities

that are addressed by allowing those codes to only modify radiance but not density [136].

2.4 Casual 3D Capture

In this section I provide an overview of how methods address casual 3D capture as an

application. Broadly speaking, casual 3D capture strives to make 3D reconstruction easy
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for the average user. This involves relaxing assumptions to allow for more casual capturing

regimes (e.g. just waving your phone around) and eliminating barriers to entry such as the

need for complicated and expensive hardware.

Single-shot Capture There is a topic of research that takes the term “casual” to the

extreme. Instant 3D photography [74] and Stereo Magnification [245] focus on the problem

of creating 3D experiences using a single capture. Both of these works attempt to use the

rise of dual-lens mobile phone cameras to compute depth maps and lift a photo into 3D.

Instant 3D constructs a mesh and does simple hole filling to make the resulting renderings

look compelling while Stereo Magnification trains a neural network that can fill in the holes.

As simple as the input is, these methods cannot be used to render viewpoints that are far

from the capture, and must be able to hallucinate details not captured in the single photo

making it a very under-constrained problem.

Dense Capture The line of research that is closest to my work is those that instruct the

user to capture the scene as completely as possible. The di↵erence between this and early

light field based methods is that we do not want to require a special capture setup and

allow the user to follow rough guidelines. Casual 3D Photography [75] creates a textured,

normal-mapped mesh representation that can be rendered using standard 3D rasterization

pipelines from images captured casually using either a mobile phone or DSLR. It creates

partial panoramas using traditional SfM and MVS methods and then stitches them into a

single panorama depth depth and color. These can then be fused to create a 3D photo that

can be rendered from novel views near the center of the scene. Because it uses existing

SfM and MVS methods, it inherits their limitations such as the inability to handle reflective

of transculent surfaces, thin structures, and dynamic scenes. Unlike Deep Blending [76],

Casual 3D Photography does not perform any blending and thus can show visible color

discontinuities at the seams of the stitched partial panoramas. LLFF [142] observed that

existing methods have no guidelines on how densely users should capture a given scene,
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and devise a scheme to compute and prescribe a sample rate that can be communicated to

the user. LLFF uses local MPI representation and blends between the resulting light fields

(hence the name). Most recently, Neural Radiance Fields (NeRF) [143] have emerged as

the front-runner of dense capture methods. It supports the same kinds of casual captures

as Casual 3D Photography and LLFF but is much more robust in low-data regimes. In

addition, it can handle reflective and translucent surface as well and thin structures with

unprecedented quality. The two works presented in this works both build on NeRF.

Performance Capture The methods introduced in the previous paragraph all focus on

capturing a static scene. The world is of course not static, and the most interesting subjects

— people — cannot stand still even when they try. The task of performance capture can

be thought of as equivalent to dense capture, except we are also interested in the temporal

domain. Moving scenes are di�cult to capture with a monocular camera since the scene is

evolving as the camera moves. Therefore methods that attempt to reconstruct moving scenes

such as High Quality Streamable Video [43], LookinGood [135], and Neural Volumes [127]

require multiple, synchronized cameras in a studio setting to capture the scene simultane-

ously. Our goal in casual 3D capture is to avoid the use of specialized equipment. The next

chapter describes my work on reconstructing moving scenes with a monocular camera.
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Chapter 3

CASUAL CAPTURE OF DEFORMABLE SCENES

(a) casual capture (b) input images (c) nerfie novel views (d) novel view depth

Figure 3.1: We reconstruct photo-realistic nerfies from users casually waving a mobile phone (a). Our system
uses selfies (b) to produce a free-viewpoint representation with accurate renders (c) and geometry (d).

Modeling real-world objects such as people with hand-held cameras is often challenging

due to 1) nonrigidity – the tendency for things to move, and 2) challenging materials like

hair, glasses, and earrings that violate assumptions used in most reconstruction methods. In

this chapter, we introduce an approach to address both of these challenges, by generalizing

Neural Radiance Fields (NeRF) [143] to model shape deformations. Our technique recovers

high fidelity 3D reconstructions from short videos, providing free-viewpoint visualizations

while accurately capturing hair, glasses, and other complex, view-dependent materials, as

shown in Figure 4.1. A special case of particular interest is capturing a 3D self-portrait – we

call such casual 3D selfie reconstructions nerfies.

Rather than represent shape explicitly, NeRF [143] uses a neural network to encode

color and density as a function of location and viewing angle, and generates novel views

using volume rendering. Their approach produces 3D visualizations of unprecedented qual-

ity, faithfully representing thin structures, semi-transparent materials, and view-dependent

e↵ects. To model non-rigidly deforming scenes, we generalize NeRF by introducing an ad-
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ditional component: A canonical NeRF model serves as a template for all the observations,

supplemented by a deformation field for each observation that warps 3D points in the frame

of reference of an observation into the frame of reference of the canonical model. We repre-

sent this deformation field as a multi-layer perceptron (MLP), similar to the radiance field

in NeRF. This deformation field is conditioned on a per-image learned latent code, allowing

it to vary between observations.

Without constraints, the deformation fields are prone to distortions and over-fitting.

We employ a similar approach to the elastic energy formulations that have seen success for

mesh fitting [20, 32, 194, 196]. However, our volumetric deformation field formulation greatly

simplifies such regularization, because we can easily compute the Jacobian of the deformation

field through automatic di↵erentiation, and directly regularize its singular values.

To robustly optimize the deformation field, we propose a novel coarse-to-fine optimization

scheme that modulates the components of the input positional encoding of the deformation

field network by frequency. By zeroing out the high frequencies at the start of optimiza-

tion, the network is limited to learn smooth deformations, which are later refined as higher

frequencies are introduced into the optimization.

For evaluation, we capture image sequences from a rig of two synchronized, rigidly at-

tached, calibrated cameras, and use the reconstruction from one camera to predict views

from the other. We plan to release the code and data.

In summary, our contributions are: 1○ an extension to NeRF to handle non-rigidly de-

forming objects that optimizes a deformation field per observation; 2○ rigidity priors suit-

able for deformation fields defined by neural networks; 3○ a coarse-to-fine regularization

approach that modulates the capacity of the deformation field to model high frequencies

during optimization; 4○ a system to reconstruct free-viewpoint selfies from casual mobile

phone captures.
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3.1 Related Work

Non-Rigid Reconstruction: Non-rigid reconstruction decomposes a scene into a geomet-

ric model and a deformation model that deforms the geometric model for each observation.

Earlier works focused on sparse representations such as keypoints projected onto 2D im-

ages [24, 207], making the problem highly ambiguous. Multi-view captures [43, 53] simplify

the problem to one of registering and fusing 3D scans [113]. DynamicFusion [149] uses a

single RGBD camera moving in space, solving jointly for a canonical model, a deformation,

and camera pose. More recently, learning-based methods have been used to find correspon-

dences useful for non-rigid reconstruction [21, 177]. Unlike prior work, our method does

not require depth nor multi-view capture systems and works on monocular RGB inputs.

Most similar to our work, Neural Volumes [127] learns a 3D representation of a deformable

scene using a voxel grid and warp field regressed from a 3D CNN. However, their method

requires dozens of synchronized cameras and our evaluation shows that it does not extend

to sequences captured from a single camera. Yoon et al . [237] reconstruct dynamic scenes

from moving camera trajectories, but their method relies on strong semantic priors, in the

form of monocular depth estimation, which are combined with multi-view cues. OFlow [152]

solves for temporal flow-fields using ODEs, and thus requires temporal information. Shape-

Flow [96] learns 3D shapes a divergence-free deformations of a learned template. Instead,

we propose an elastic energy regularization.

Domain-Specific Modeling: Many reconstruction methods use domain-specific knowl-

edge to model the shape and appearance of categories with limited topological variation,

such as faces [15, 18, 19], human bodies [128, 233], and animals [28, 249]. Although some

methods show impressive results in monocular face reconstruction from color and RGBD

cameras [248], such models often lack detail (e.g., hair), or do not model certain aspects

of a category (e.g., eyewear or garments). Recently, image translation networks have been

applied to improve the realism of composited facial edits [58, 102]. In contrast, our work

does not rely on domain-specific knowledge, enabling us to model the whole scene, including
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Figure 3.2: We associate a latent deformation code (!) and an appearance code ( ) to each image. We
trace the camera rays in the observation frame and transform samples along the ray to the canonical frame
using a deformation field encoded as an MLP that is conditioned on the deformation code !. We query the
template NeRF [143] using the transformed sample (x0, y0, z0), viewing direction (✓,�) and appearance code
 as inputs to the MLP and integrate samples along the ray following NeRF.

eyeglasses and hair for human subjects.

Coordinate-based Models: Our method builds on the recent success of coordinate-based

models, which encode a spatial field in the weights of a multilayer perceptron (MLP) and

require significantly less memory compared to discrete representations. These methods have

been used to represent shapes [38, 140, 156] and scenes [143, 191]. Of particular interest are

NeRFs [143], that use periodic positional encoding layers [192, 202] to increase resolution,

and whose formulation has be extended to handle di↵erent lighting conditions [14, 136],

transient objects [136], large scenes [123, 241] and to model object categories [180]. Our

work extends NeRFs to handle non-rigid scenes.

Similar Work: Two works [168, 209] also propose to represent deformable scenes using a

translation field in conjunction with a template. This is similar to our framework with the

following di↵erences: 1○ we condition the deformation with a per-example latent [17] instead

of time [168]; 2○ propose an as-rigid-as-possible regularization of the deformation field while

NR-NeRF [209] penalizes the divergence of the translation field; 3○ propose a coarse-to-fine

regularization to prevent getting stuck in local minima; and 4○ propose an improved SE(3)

parameterization of the deformation field. Other concurrent works [118, 228] reconstruct

space-time videos by recovering time-varying NeRFs while leveraging external supervision

such as monocular depth estimation and flow-estimation to resolve ambiguities.
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3.2 Deformable Neural Radiance Fields

Here we describe our method for modeling non-rigidly deforming scenes given a set of casually

captured images of the scene. We decompose a non-rigidly deforming scene into a template

volume represented as a neural radiance field (NeRF) [143] (§4.3.1) and a per-observation

deformation field (§3.2.2) that associates a point in observation coordinates to a point on

the template (overview in Figure 4.4). The deformation field is our key extension to NeRF

and allows us to represent moving subjects. Jointly optimizing a NeRF together with a de-

formation field leads to an under-constrained optimization problem. We therefore introduce

an elastic regularization on the deformation (§3.2.3), a background regularization (§3.2.4),

and a continuous, coarse-to-fine annealing technique that avoids bad local minima (§3.2.5).

3.2.1 Neural Radiance Fields

A neural radiance field (NeRF) is a continuous, volumetric representation. It is a func-

tion F : (x,d, 
i
) ! (c, �) which maps a 3D position x = (x, y, z) and viewing direc-

tion d = (�, ✓) to a color c = (r, g, b) and density �. In practice, NeRF maps the in-

puts x and d using a sinusoidal positional encoding � : R3 ! R3+6m defined as �(x) =
�
x, · · · , sin (2k⇡x), cos (2k⇡x), · · ·

�
, where m is a hyper-parameter that controls the total

number of frequency bands

and k 2 {0, . . . ,m � 1}. This function projects a coordinate vector x 2 R3 to a high

dimensional space using a set of sine and cosine functions of increasing frequencies. This

allows the MLP to model high-frequency signals in low-frequency domains as shown in [202].

Coupled with volume rendering techniques, NeRFs can represent scenes with photo-realistic

quality. We build upon NeRF to tackle the problem of capturing deformable scenes.

Similar to NeRF-W [136], we also provide an appearance latent code  
i
for each ob-

served frame i 2 {1, . . . , n} that modulates the color output to handle appearance variations

between input frames, e.g., exposure and white balance.

The NeRF training procedure relies on the fact that given a 3D scene, two intersecting
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rays from two di↵erent cameras should yield the same color. Disregarding specular reflection

and transmission, this assumption is true for all static scenes. Unfortunately, many scenes

are not completely static; e.g., it is hard for people to stay completely still when posing for

a photo, or worse, when waving a phone when capturing themselves in a selfie video.

3.2.2 Neural Deformation Fields

With the understanding of this limitation, we extend NeRF to allow the reconstruction of

non-rigidly deforming scenes. Instead of directly casting rays through a NeRF, we use it

as a canonical template of the scene. This template contains the relative structure and

appearance of the scene while a rendering will use a non-rigidly deformed version of the

template (see Figure 3.4 for an example). DynamicFusion [149] and Neural Volumes [127]

also model a template and a per-frame deformation, but the deformation is defined on mesh

points and on a voxel grid respectively, whereas we model it as a continuous function using

an MLP.

We employ an observation-to-canonical deformation for every frame i 2 {1, . . . , n}, where

n is the number of observed frames. This defines a mapping Ti : x ! x0 that maps all

observation-space coordinates x to a canonical-space coordinate x0. We model the defor-

mation fields for all time steps using a mapping T : (x,!i) ! x0, which is conditioned on

a per-frame learned latent deformation code !i. Each latent code encodes the state of the

scene in frame i. Given a canonical-space radiance field F and a observation-to-canonical

mapping T , the observation-space radiance field can be evaluated as:

G(x,d, 
i
,!i) = F

�
T (x,!i),d, i

�
. (3.1)

When rendering, we simply cast rays and sample points in the observation frame and then

use the deformation field to map the sampled points to the template, see Figure 4.4.

A simple model of deformation is a displacement field V : (x,!i) ! t, defining the

transformation as T (x,!i) = x + V (x,!i). This formulation is su�cient for all continuous

deformations; however, rotating a group of points with a translation field requires a di↵erent
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translation for each point, making it di�cult to rotate regions of the scene simultaneously.

We therefore formulate the deformation using a dense SE(3) field W : (x,!i) ! SE(3). An

SE(3) transform encodes rigid motion, allowing us to rotate a set of distant points with the

same parameters.

We encode a rigid transform as a screw axis [133] S = (r;v) 2 R6. Note that r 2 so(3)

encodes a rotation where r̂ = r/krk is the axis of rotation and ✓ = krk is the angle of

rotation. The exponential of r (also known as Rodrigues’ formula [173]) yields a rotation

matrix e
r 2 SO(3):

e
r ⌘ e

[r]⇥ = I +
sin ✓

✓
[r]⇥ +

1� cos ✓

✓2
[r]2⇥ , (3.2)

where [x]⇥ denotes the cross-product matrix of a vector x which is a skew-symmetric matrix

also known as the cross-product matrix of a vector x since given two 3-vectors a and b, [a]⇥b

gives the cross product a ⇥ b.

[x]⇥ =

0

BBBB@

0 �x3 x2

x3 0 �x1

�x2 x1 0

1

CCCCA
. (3.3)

Similarly, the translation encoded by the screw motion S can be recovered as p = Gv where

G = I +
1� cos ✓

✓2
[r]⇥ +

✓ � sin ✓

✓3
[r]2⇥ . (3.4)

Combining these formulas and using the exponential map, we get the transformed point as

x0 = e
Sx = e

rx + p.

As mentioned before, we encode the transformation field in an MLP W : (x,!i) !

(r,v) using a NeRF-like architecture, and represent the transformation of every frame i

by conditioning on a latent code !i. We optimize the latent code through an embedding

layer [17]. Like with the template, we map the input x using positional encoding �↵ (see

§3.2.5). An important property of the se(3) representation is that e
S is the identity when

S = 0. We therefore initialize the weights of the last layer of the MLP from U(�10�5
, 10�5)

to initialize the deformation near the identity.
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observation frame canonical frame

Figure 3.4: Visualizations of the recovered 3D model
in the observation and canonical frames of reference,
with insets showing orthographic views in the forward
and left directions. Note the right-to-left and front-
to-back displacements between the observation and
canonical model, which are modeled by the deforma-
tion field for this observation.

inputs ground truth elastic o↵ elastic on

Figure 3.5: Our elastic regularization helps when the
scene is under-constrained. This capture only con-
tains 20 input images with the cameras biased to-
wards one side of the face resulting in an under con-
strained problem. Elastic regularization helps resolve
the ambiguity and leads to less distortion.

ƣɊ
�Ɋ

�ɋƣɋ

Figure 3.3: Here we illustrate why a rigid transforma-
tion field works better than a translation field with a
simple toy example where a star is rotated counter-
clockwise around its center. A translation field re-
quires di↵erent parameters for every point to encode
the rotation (e.g.,kt1k �kt2k) whereas a rotation field
only needs a single parameter to encode the rotation
(e.g., ✓1 = ✓2).

Why does an SE(3) field work better?

Consider the example in Figure 3.3 where

a star has been rotated counter-clockwise

along its center. Now consider what trans-

formation would be required at every point

on the star to encode this rotation. With a

translation field, points towards the center

(e.g., t2) need translations of small magni-

tude while points towards the outside (e.g.,

t1) need translations of larger magnitude.

Every point on the star requires a di↵erent

parameter to encode a simple rotation. On

the otherhand, with a rotation, every point

on the star can be parameterized by a single angle which is the angle of rotation ✓ = ✓1 = ✓2.

This makes optimization much easier since the deformation field MLP only needs to predict

a single parameter across space.
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3.2.3 Elastic Regularization

The deformation field adds ambiguities that make optimization more challenging. For ex-

ample, an object moving backwards is visually equivalent to it shrinking in size, with many

solutions in between. These ambiguities lead to under-constrained optimization problems

which yield implausible results and artifacts (see Figure 3.7). It is therefore crucial to intro-

duce priors that lead to a more plausible solution.

It is common in geometry processing and physics simulation to model non-rigid defor-

mations using elastic energies measuring the deviation of local deformations from a rigid

motion [20, 32, 194, 196]. In the vision community, these energies have been extensively

used for the reconstruction and tracking of non-rigid scenes and objects [53, 149, 247] mak-

ing them good candidates for our approach. While they have been most commonly used

for discretized surfaces, e.g., meshes, we can apply a similar concept in the context of our

continuous deformation field.

Elastic Energy: For a fixed latent code !i, our deformation field T is a non-linear mapping

from observation-coordinates in R3 to canonical coordinates in R3. The Jacobian JT (x) of

this mapping at a point x 2 R3 describes the best linear approximation of the transforma-

tion at that point. We can therefore control the local behavior of the deformation through

JT [186]. Note that unlike other approaches using discretized surfaces, our continuous for-

mulation allows us to directly compute JT through automatic di↵erentiation of the MLP.

There are several ways to penalize the deviation of the Jacobian JT from a rigid transforma-

tion. Considering the singular-value decomposition of the Jacobian JT = U⌃VT , multiple

approaches [20, 32] penalize the deviation from the closest rotation as kJT � Rk2

F
, where

R = VUT andk·k
F
is the Frobenius norm. We opt to directly work with the singular values

of JT and measure its deviation from the identity. The log of the singular values gives equal

weight to a contraction and expansion of the same factor, and we found it to perform better.

We therefore penalize the deviation of the log singular values from zero:

Lelastic(x) =klog⌃� log Ik2

F
=klog⌃k2

F
, (3.5)



29

where log here is the matrix logarithm.

Equivalency to closest rotation Elastic energies are often implemented as the deviation

of the Jacobian J from the closest rotation R: kJ � Rk
F
[p45]. Let J = UDVT be the SVD

of J, then R = UMVT where M = diag(
⌘
(1, . . . , 1, det(UVT )

⌘
. It follows that:

kJ�Rk
F
=
���UDVT �UMVT

���
F

(3.6)

=
���U(D�M)VT

���
F

(3.7)

=

r
tr
⇣
U(D�M)VTV(D�M)UT

⌘
(3.8)

=

r
tr
⇣
U(D�M)2UT

⌘
(3.9)

=
q

tr
�
(D�M)2

�
(3.10)

=

sX

j

(�j �mj)2 , (3.11)

where mj is the jth diagonal of M and �j is the jth singular value of J. This is equivalent to

penalizing the deviation of the singular values of J from 1. The M matrix factors in reflections

as negative singular values rather a reflection in U or V. Because this formulation penalizes

expansions more than contractions of the same factor, we penalize the log of the singular

values directly.

Robustness: Although humans are mostly rigid, there are some movements which can break

our assumption of local rigidity, e.g., facial expressions which locally stretch and compress

our skin. We therefore remap the elastic energy defined above using a robust loss:

Lelastic-r(x) = ⇢
�
klog⌃k

F
, c
�
, (3.12)

⇢(x, c) =
2(x/c)2

(x/c)2 + 4
. (3.13)

where ⇢(·) is the Geman-McClure robust error function [63] parameterized with hyperparam-

eter c = 0.03 as per Barron [8]. This robust error function causes the gradients of the loss

to fall o↵ to zero for large values of the argument, thereby reducing the influence of outliers

during training.
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head turn
gt m = 4 m = 8 c2f

smile
gt m = 4 m = 8 c2f

Figure 3.6: In this capture, the subject rotates their head (top) and smiles (bottom). With m = 4 positional
encoding frequencies, the deformation model does not capture the smile, while it fails to rotate the head
with m = 8 frequencies. With coarse-to-fine regularization (c2f) the model captures both.

Weighting: We allow the deformation field to behave freely in empty space, since the subject

moving relative to the background requires a non-rigid deformation somewhere in space. We

therefore weight the elastic penalty at each sample along the ray by its contribution to the

rendered view, i.e. wi in Eqn. 5 of NeRF [143].

3.2.4 Background Regularization

The deformation field is unconstrained and therefore everything is free to move around. We

optionally add a regularization term which prevents the background from moving. Given a set

of 3D points in the scene which we know should be static, we can penalize any deformations

at these points. For example, camera registration using structure from motion produces a

set of 3D feature points that behave rigidly across at least some set of observations. Given

these static 3D points {x1 . . . ,xK}, we penalize movement as:

Lbg =
1

K

KX

k=1

��T (xk)� xk

��
2
. (3.14)

In addition to keeping the background points from moving, this regularization also has the

benefit of aligning the observation coordinate frame to the canonical coordinate frame.

3.2.5 Coarse-to-Fine Deformation Regularization

A common trade-o↵ that arises during registration and flow estimation is the choice between

modeling minute versus large motions, that can lead to overly smooth results or incorrect

registration (local minima). Coarse-to-fine strategies circumvent the issue by first solving
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start interpolated frames from a novel view end

Figure 3.7: Novel views synthesized by linearly interpolating the deformation latent codes of two frames of
the Badminton (left and right) show a smooth racquet motion.

the problem in low-resolution, where motion is small, and iteratively upscaling the solution

and refining it [131]. We observe that our deformation model su↵ers from similar issues, and

propose a coarse-to-fine regularization to mitigate them.

Recall the positional encoding parameter m introduced in §4.3.1 that controls the number

of frequency bands used in the encoding. Tancik et al . [202] show that controls it the

smoothness of the network: a low value of m results in a low-frequency bias (low resolution)

while a higher value of m results in a higher-frequency bias (high resolution).

Consider a motion like in Figure 3.6, where a subject rotates their head and smiles. With

a small m, the model cannot capture the minute motion of the smile; conversely, with a

larger m, the model fails to correctly rotate the head because the template overfits to an

underoptimized deformation field. To overcome this, we propose a coarse-to-fine approach

that starts with a low-frequency bias and ends with a high-frequency bias.

Tancik et al . [202] show that positional encoding can be interpreted in terms of the

Neural Tangent Kernel (NTK) [92] of NeRF’s MLP: a stationary interpolating kernel where

m controls a tunable “bandwidth” of that kernel. A small number of frequencies induces

a wide kernel which causes under-fitting of the data, while a large number of frequencies

induces a narrow kernel causing over-fitting. With this in mind, we propose a method to

smoothly anneal the bandwidth of the NTK by introducing a parameter ↵ that windows the

frequency bands of the positional encoding, akin to how coarse-to-fine optimization schemes

solve for coarse solutions that are subsequently refined at higher resolutions. We define the
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Figure 3.8: Visualizations of the neural-tangent ker-
nel (NTK) [92] of our annealed positional encoding
for di↵erent values of ↵. Our coarse-to-fine optimiza-
tion scheme works by easing in the influence of each
positional encoding frequency through a parameter
↵. This has the e↵ect of shrinking the bandwidth of
the NTK corresponding to the deformation MLP as
↵ is increased, thereby allowing higher frequency de-
formations.

Figure 3.9: A visualization of the window function
wj(↵) for the annealed positional encoding. We show
an example with a maximum number of frequency
bands of m = 4 where j 2 {0, . . . ,m� 1}. ↵ = 0 sets
the weight of all frequency bands to zero leaving only
the identity mapping, while an ↵ = 4 sets the weight
of all frequency bands to one. Increasing the value
of ↵ is equivalent to sliding the window to the right
across the frequency bands.

weight for each frequency band j as:

wj(↵) =
(1� cos(⇡ clamp(↵� j, 0, 1))

2
, (3.15)

where linearly annealing the parameter ↵ 2 [0,m] can be interpreted as sliding a trun-

cated Hann window (where the left side is clamped to 1 and the right side is clamped

to 0) across the frequency bands. The positional encoding is then defined as �↵(x) =
�
x, · · · , wk(↵) sin (2k⇡x), wk(↵) cos (2k⇡x), · · ·

�
. During training, we set ↵(t) = mt

N
where

t is the current training iteration, and N is a hyper-parameter for when ↵ should reach the

maximum number of frequencies m.

We visualize our windowing function for di↵erent values of ↵ in Figure 3.9.

NTK: We also show a visualization of the neural tangent kernel (NTK) induced by our

annealed positional encoding in Figure 3.8. This figure shows the normalized NTK for an 8

layer MLP of width 256. Note how the bandwidth of the interpolation kernel gets narrower

as the value of ↵ increases.
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ground truth rendered color render w/o bg

Figure 3.10: Our method recovers thin hair strands.
By adjusting the camera’s far plane, we can render
the subject against a flat white background.

example inputs rendered rgb rendered depth

Figure 3.11: Our method reconstructs full body
scenes captured by a second user with high quality
details.

3.2.6 Nerfies: Casual Free-Viewpoint Selfies

So far we have presented a generic method of reconstructing non-rigidly deforming scenes.

We now present a key application of our system – reconstructing high quality models of

human subjects from casually captured selfies, which we dub “nerfies”. Our system takes as

input a sequence of selfie photos or a selfie video in which the user is standing mostly still.

Users are instructed to wave the camera around their face, covering viewpoints within a 45�

cone. We observe that 20 second captures are su�cient. In our method, we assume that

the subject stands against a static background to enable a consistent geometric registration

of the cameras. We filter blurry frames using the variance of the Laplacian [163], keeping

about 600 frames per capture.

Camera Registration: We seek a registration of the cameras with respect to the static

background. We use COLMAP [178] to compute pose for each image and camera intrin-

sics. This step assumes that enough features are present in the background to register the

sequence.

Foreground Segmentation: In some cases, SfM will match features on the moving subject,

causing significant misalignment in the background. This is problematic in video captures

with correlated frames. In those cases, we found it helpful to discard image features on the
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Figure 3.12: A diagram of the canonical NeRF net-
work. Our network is identical to the original NeRF
MLP, except we provide an appearance latent code
 along with the view direction to allow modulating
the appearance as in the NeRF-A model of [136].
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˄
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˄
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˄
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˄
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Figure 3.13: A diagram of our deformation network.
The deformation network takes a position encoded
position �↵(x) using our coarse-to-fine annealing pa-
rameterized by ↵, along with a deformation code !
and outputs a deformed position x0. The architecture
is identical for all of our experiments.

subject, which can be detected using a foreground segmentation network.

3.3 Experiments

3.3.1 Implementation Details

Our NeRF template implementation closely follows the original [143], except we use a Soft-

plus activation ln(1+e
x) for the density. We use a deformation network with depth 6, hidden

size 128, and a skip connection at the 4th layer. We show diagrams of our architecture in

Figure 3.12 and Figure 3.13. We use 256 coarse and fine ray samples for full HD (1920⇥1080)

models and half that for the half resolution models. We use 8 dimensions for the latent de-

formation and appearance codes. For coarse-to-fine optimization we use 6 frequency bands

and linearly anneal ↵ from 0 to 6 over 80K iterations. We use the same MSE photometric

loss as in NeRF [143] and weight the losses as Ltotal = Lrgb + �Lelastic-r + µLbg where we

use � = µ = 10�3 for all experiments except when mentioned. We train on 8 V100 GPUs

for a week for full HD models, and for 16 hours for the half resolution models used for the

comparisons in Tab. 3.1, Figure 3.15, and Figure 3.16.

3.3.2 Evaluation Dataset

In order to evaluate the quality of our reconstruction, we must be able to measure how

faithfully we can recreate the scene from a viewpoint unseen during training. Since we are

reconstructing non-rigidly deforming scenes, we cannot simply hold out views from an input
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Table 3.1: Quantitative evaluation on validation captures against baselines and ablations of our system, we
color code each row as best, second best, and third best. †denotes use of temporal information. Please
see Sec. 4.4.2 for more details.

Quasi-Static Dynamic

Glasses

(78 images)

Beanie

(74 images)

Curls

(57 images)

Kitchen

(40 images)

Lamp

(55 images)

Toby Sit

(308 images)
Mean

Drinking

(193 images)

Tail

(238 images)

Badminton

(356 images)

Broom

(197 images)
Mean

PSNR" LPIPS# PSNR" LPIPS# PSNR" LPIPS# PSNR" LPIPS# PSNR" LPIPS# PSNR" LPIPS# PSNR" LPIPS# PSNR" LPIPS# PSNR" LPIPS# PSNR" LPIPS# PSNR" LPIPS# PSNR" LPIPS#

NeRF [143] 18.1 .474 16.8 .583 14.4 .616 19.1 .434 17.4 .444 22.8 .463 18.1 .502 18.6 .397 23.0 .571 18.8 .392 21.0 .667 20.3 .506

NeRF + latent 19.5 .463 19.5 .535 17.3 .539 20.1 .403 18.9 .386 19.4 .385 19.1 .452 21.9 .233 24.9 .404 20.0 .308 21.9 .576 22.2 .380

Neural Volumes [127] 15.4 .616 15.7 .595 15.2 .588 16.2 .569 13.8 .533 13.7 .473 15.0 .562 16.2 .198 18.5 .559 13.1 .516 16.1 .544 16.0 .454

NSFF† 19.6 .407 21.5 .402 18.0 .432 21.4 .317 20.5 .239 26.9 .208 21.3 .334 27.7 .0803 30.6 .245 21.7 .205 28.2 .202 27.1 .183

�(t) + Trans† [118] 22.2 .354 20.8 .471 20.7 .426 22.5 .344 21.9 .283 25.3 .420 22.2 .383 23.7 .151 27.2 .391 22.9 .221 23.4 .627 24.3 .347

Ours (� = 0.01) 23.4 .305 22.2 .391 24.6 .319 23.9 .280 23.6 .232 22.9 .159 23.4 .281 22.4 .0872 23.9 .161 22.4 .130 21.5 .245 22.5 .156

Ours (� = 0.001) 24.2 .307 23.2 .391 24.9 .312 23.5 .279 23.7 .230 22.8 .174 23.7 .282 21.8 .0962 23.6 .175 22.1 .132 21.0 .270 22.1 .168

No elastic 23.1 .317 24.2 .382 24.1 .322 22.9 .290 23.7 .230 23.0 .257 23.5 .300 22.2 .0863 23.7 .174 22.0 .132 20.9 .287 22.2 .170

No coarse-to-fine 23.8 .312 21.9 .408 24.5 .321 24.0 .277 22.8 .242 22.7 .244 23.3 .301 22.3 .0960 24.3 .257 21.8 .151 21.9 .406 22.6 .228

No SE3 23.5 .314 21.9 .401 24.5 .317 23.7 .282 22.7 .235 22.9 .206 23.2 .293 22.4 .0867 23.5 .191 21.2 .156 20.9 .276 22.0 .177

Ours (base) 24.0 .319 20.9 .456 23.5 .345 22.4 .323 22.1 .254 22.7 .184 22.6 .314 22.6 .127 24.3 .298 21.1 .173 22.1 .503 22.5 .275

No BG Loss 22.3 .317 21.5 .395 20.1 .371 22.5 .290 20.3 .260 22.3 .145 21.5 .296 22.3 .0856 23.5 .210 20.4 .161 20.9 .330 21.8 .196

capture, as the structure of the scene will be slightly di↵erent in every image. We therefore

build a simple multi-view data capture rig for the sole purpose of evaluation. We found the

multi-view dataset of Yoon et al . [237] not representative of many capture scenarios, as it

contains too few viewpoints (12) and exaggerated frame-to-frame motions due to temporal

subsampling.

Figure 3.14: Validation rig used only for evaluation.

Our rig (Figure 3.14) is a pole with two

Pixel 3’s rigidly attached. We have two

methods for data capture: (a) for selfies

we use the front-facing camera and capture

time-synchronized photos using the method

of Ansari et al . [6], which achieves sub mil-

lisecond synchronization; or (b) we use the

back-facing camera and record two videos which we manually synchronize based on the au-

dio; we then subsample to 5 fps. We register the images using COLMAP [178] with rigid

relative camera pose constraints. Sequences captured with (a) contain fewer frames (40˜78)

but the focus, exposure, and time are precisely synchronized. Sequences captured with (b)
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have denser samples in time (between 193 and 356 frames) but the synchronization is less

precise and exposure and focus may vary between the cameras. We split each capture into

a training set and a validation set. We alternate assigning the left view to the training set,

and right to the validation, and vice versa. This avoids having regions of the scene that one

camera has not seen.

Quasi-static scenes: We capture 5 human subjects using method (a), that attempt to stay

as still as possible during capture, and a mostly still dog using method (b).

Dynamic scenes: We capture 4 dynamic scenes containing deliberate motions of a human

subject, a dog wagging its tail, and two moving objects using method (b).

3.3.3 Evaluation

Here we provide quantitative and qualitative evaluations of our model. However, to best

appreciate the quality of the reconstructed nerfies, we encourage the reader to watch the

supplementary video that contains many example results.

Quantitative Evaluation: We compare against NeRF and a NeRF + latent baseline,

where NeRF is conditioned on a per-image learned latent code [17] to modulate density

and color. We also compare with a variant of our system similar to the concurrent work of

D-NeRF [168], which conditions a translational deformation field with a position encoded

time variable �(t) instead of a latent code (�(t)+trans in Tab. 3.1). We also compare with

the high quality model of Neural Volumes (NV) [127] using a single view as input to the

encoder, and Neural Scene Flow Fields (NSFF) [118]. We do not evaluate the method of

Yoon et al. [237] due to the lack of available code (note that NSFF outperforms it). NSFF

and the �(t) + trans baseline use temporal information while other baselines and our method

do not. NSFF also uses auxilliary supervision such as estimated flow and relative depth

maps; we do not. Photometric di↵erences between the two rig cameras may exist due to

di↵erent exposure/white balance settings and camera response curves. We therefore swap

the per-frame appearance code  i for a per-camera { L, R} 2 R2 instead for validation rig

captures.
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Tab. 3.1 reports LPIPS [242] and PSNR metrics for the unseen validation views. PSNR

favors blurry images and is therefore not an ideal metric for dynamic scene reconstruction;

we find that LPIPS is more representative of visual quality. See Figure 3.15 and Figure 3.16

for side-by-side images with associated PSNR/LPIPS metrics. Our method struggles with

PSNR due to slight misalignments resulting from factors such as gauge ambiguity [138] while

we outperform all baselines in terms of LPIPS for all sequences.

Ablation Study: We evaluate each of our contributions: SE(3) deformations, elastic regu-

larization, background regularization, and coarse-to-fine optimization. We ablate them one

at a time, and all at once (Ours (bare) in Tab. 3.1). As expected, a stronger elastic regular-

ization (� = 0.01) improves results for dynamic scenes compared to the baseline (� = 0.001)

while minimally impacting quasi-static scenes. Removing the elastic loss hurts performance

for quasi-static scenes while having minimal e↵ect on the dynamic scene; this may be due

to the larger influence of other losses in the presence of larger motion. Elastic regularization

fixes distortion artifacts when the scene is under-constrained (e.g., Figure 3.5). Disabling

coarse-to-fine regularization mildly drops performance for quasi-static scenes while causing a

significant drop for dynamic scenes. This is expected since large motions are a main source

of local minima (e.g., Figure 3.6). Our SE(3) deformations also quantitatively outperform

translational deformations. Background regularization helps PSNR by reducing shifts in

static regions and removing it performs worse. Finally, removing all of our contributions

performs the worst in terms of LPIPS.

Qualitative Results: We show results for the captures used in the quantitative evaluation

in Figure 3.15 and Figure 3.16. Our method can reconstruct fine details such as strands of

hair (e.g., in Curls of Tab. 3.1 and Figure 3.10), shirt wrinkles, and glasses (Figure 3.11).

Our method works on general scenes beyond human subjects as shown in Figure 3.15 and

Figure 3.16. In addition, we can create smooth animations by interpolating the deformation

latent codes of any input state as shown in Figure 3.7.

Elastic Regularization: Figure 3.5 shows an example where the user only captured 20

images mostly from one side of their face, while their head tracked the camera. This results in
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Figure 3.15: Comparisons of baselines and our method on quasi-static scenes. PSNR / LPIPS metrics on
bottom right with best colored red.
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Figure 3.16: Comparisons of baselines and our method on dynamic scenes. PSNR / LPIPS metrics on
bottom right with best colored red.

ambiguous geometry. Elastic regularization helps in such under-constrained cases, reducing

distortion significantly.

Depth Visualizations: We visualize the quality of our reconstruction using depth renders

of the density field. Unlike NeRF[143] that visualizes the expected ray termination distance,

we use the median depth termination distance, which we found to be less biased by residual

density in free space (see Fig. 3.10). We define it as the depth of the first sample with

accumulated transmittance Ti � 0.5 (Eqn. 3 of NeRF [143]).
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Figure 3.17: Our 2D toy dataset comprised of an image with a random translation, a random rotation, and
a random non-linear distortion near the center. Astronaut photo by Robert Gibson (1984, Public Domain).

3.3.4 2D Deformation Experiments
R
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ground truth SE(2) field translation field

Figure 3.19: A comparison of our SE(2) field and a
translation field. The translation parameterization has
di�culty rotating groups of distant pixels whereas the
rigid transformation successfully finds the correct ori-
entation.

Here we analyze the behavior of a defor-

mation field in a 2D toy setting. In this

2D setting, a ”scene” is comprised of a sin-

gle image which is randomly translated, ro-

tated, and non-linearly distorted near the

center. We show the full dataset in Fig-

ure 3.17. Akin to our deformable NeRF set-

ting, the task is to reconstruct each image

by using a 2D deformation field which ref-

erences a single template. The template is

an MLP F : (x, y) ! (r, g, b) which maps

normalized image coordinates x, y 2 [�1, 1]

to color values. The deformation field (i.e.,

2D flow) is represented as an MLP T :

(x, y) ! (tx, ty) for a translation field or

T : (x, y) ! (✓, px, py, tx, ty) for a rigid SE(2) transformation field. These are 2D analogs to

the 3D translation field and SE(3) field described in Sec. 3.2.
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(↵ 2 [0, 6])
m = 1 m = 2 m = 4 m = 6

Figure 3.18: We show how the optimization changes depending on the number of frequency bands in the
positional encoding of the deformation field. With 1 frequency, the model find the correct orientation of all
images but is unable to model the high frequency distortion near the center. If we increase the frequencies
then the templates overfits early and gets stuck in bad local minima. With our coarse-to-fine technique we
are less prone to local minima while also modeling high frequency details.

Deformation Formulation: Figure 3.19 shows how an SE(2) rigid transformation field

outperforms a translation field. An SE(2) field is able to faithfully reconstruct each image

with a reasonable template and smooth deformation field. On the other hand, a translation

field is not able to recover a reasonable template, and as a result the reconstruction has many

artifacts and the flow field is messy.

Positional Encoding Frequencies: We show how changing the number of frequency

bands changes the convergence behavior in Figure 3.18. With a small number of frequencies

(m = 1) we are able to converge to the correct orientation in the template, but cannot fully
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model the non-linear ‘swirl’ towards the center of the image. If we increase the number

of frequencies (m = 2 . . . 6) then while we can reconstruct the high swirl better, we start

introducing artifacts due to early overfitting of the template and deformation field. With

our coarse-to-fine approach we are able to both get the correct orientation without artifacts

and also model the swirl.

3.4 Limitations

example inputs rendered color rendered depth

Figure 3.20: Topological changes break our method.
The recovered geometry can be incorrect despite look-
ing good from some viewpoints.

Topological Variation: Our method strug-

gles when the scene has motion which varies

the topology of the scene. For example,

when a person opens their mouth (as in Fig.

11 of the main text), the e↵ective topology

of their head changes. This is problematic

for our method since we use a continuous de-

formation field parameterized by an MLP. In

order to understand this, consider the mouth

example and suppose that the template contains the person with their mouth open. Sup-

pose that xU and xL are two adjacent points near the seam of the lips, and the xU is on

the upper lip and xL is on the lower lip. It is then evident that a sharp discontinuity in the

deformation is required to map both points to their appropriate positions on the template.

Such a discontinuity is di�cult for our continuous MLP to predict. We find that instead

the optimization will often yield an incorrect but valid solution e.g., it will explain a closing

mouth by protruding the lip and pulling it down as in Figure 11 of the paper.

Rapid Motion: NeRF relies on seeing multiple observations to constrain where density

lies in the volumes. In the presence of rapid motion, such as in Figure 3.21, certain states of

the scene may only be visible for a short period of time making it harder to reconstruct.
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(a) input rgb (b) rendered rgb

(c) rendered depth

Figure 3.21: This example shows Toby the dog moving around freely, showcasing two limitations of our
method. (1) Rapid motion: Because Toby moves quite fast, the camera only sees him in certain poses for a
short amount of time, resulting in a sparse set of observations for certain poses. This can make those poses
under-constrained. (2) Orientation flips: Toby wanders back and forth, showing di↵erent sides of his body.
Depending on which orientation Toby is modeled as in the template, it is di�cult for the deformation field
to predict a flipped orientation.

Orientation flips: Optimizations solving for any parameterization of rotations are known

to be non-convex due to both Gauge ambiguity and the inherent “twistedness” of the space

of SO(3) [226]. As a simple example to illustrate this, imagine trying to align two coins in

3D. If the coin is initialized in a flipped orientation where heads faces the tail side of the

other coin, then the ‘fit’ of the two coins must get worse before getting better when rotating

towards the global minimum.

We encounter the same issue when optimizing for our deformation fields. If the template

of a scene is in a certain orientation, but the deformation field for an observation is initialized

in the wrong orientation the method will get stuck in a local minima and result in sub-optimal

alignment. We show an example of this in Figure 3.21 where frames with Toby’s left side

visible are reconstructed better than when Toby’s right side is visible.

Hollow Face Illusion: The hollow-face illusion is an optical illusion where a concave

(pushed in) imprint of an object appears to be convex (pushed out) instead.

A feature of this illusion is that the convex illusion appears to follow the viewer’s eye.
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example inputs
novel views for same deformation code

Figure 3.22: If the user’s gaze consistently follows
the camera, the reconstructed nerfie represents the
user’s gaze as geometry, akin to the Hollow-Face il-
lusion [71]. This is apparent in the depth map and
makes the reconstructed model appear as if they are
looking at the camera even when the geometry is
fixed.

Figure 3.23: This concave mask of the Swedish ten-
nis player Bjorn Borg appears to be convex due to
the hollow-face illusion. By Skagedal, 2004 (Public
Domain).

This illusion has been purposefully used in the Disneyland haunted mansion to create face

busts which appear to follow you and in the popular T-Rex illusion [25]. We show an example

of this illusion in Figure 3.23.

We observe that the ambiguity which causes this illusion can also be a failure more for our

method. In Figure 3.22, we show an example where a user fixes their gaze in the direction of

the camera while capturing themselves. Instead of modeling the eye motion as a deformation,

our method models the eyes concavities as can be seen in the geometry.

3.5 Conclusion

Deformable Neural Radiance Fields extend NeRF by modeling non-rigidly deforming scenes.

We show that our as-rigid-as-possible deformation prior, and coarse-to-fine deformation regu-

larization are the key to obtaining high-quality results. We showcase the application of casual

selfie captures (nerfies), and enable high-fidelity reconstructions of human subjects using a

cellphone capture. Future work may tackle larger/faster motion, topological variations, and

enhance the speed of training/inference.

In the next chapter we will show how to model scenes with topological variations.
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Chapter 4

CASUAL CAPTURE OF
TOPOLOGICALLY VARYING SCENES

zŎøôĔîřøô�%øŋřđ zŎøôĔîřøô��ĲĦĲŎ zŎøôĔîřøô�%øŋřđ zŎøôĔîřøô��ĲĦĲŎ

Figure 4.1: Nerfies can capture deformable scenes, but often struggles in the presence of significant defor-
mation or topological variation, as evidenced in (a). By modeling a family of shapes in a high dimensional
space, we can handle topological variation and produce more realistic renderings and more accurate geometric
reconstructions, as can be seen in (b).

Many real-world motions involve changes in topology. Examples include cutting a lemon,

or tearing a piece of paper. While not strictly a genus change, motions like closing your

mouth cause changes in surface connectivity that can also be considered “topological”. Such

changes in topology often cause problems for algorithms that seek to reconstruct moving

three dimensional scenes, as they cause motion discontinuities or singularities.

A clever approach for addressing topology changes is to represent the 3D scene as a level

set in a 4D volume. Pioneered in the late 1980s [153], level set methods model moving scenes

as static objects in a higher dimensional ambient space, and topological changes as smooth

(rather than discontinuous) transformations.

In this paper, we adapt the level set framework for deformable neural radiance fields
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[159], to generate photorealistic, free-viewpoint renderings of objects undergoing changes

in topology. In doing so, we use modern tools like MLPs to significantly generalize the

classical level set framework in key ways. First, whereas classical level sets add a single

ambient dimension, we can add any number of ambient dimensions to provide more degrees

of freedom. Second, rather than restrict level sets to hyper-planes, as is traditional, we allow

general, curved slicing manifolds, represented through MLPs.

Our approach models each observation frame as a nonplanar slice through a hyperdimen-

sional NeRF — a HyperNeRF. Previous methods using higher dimensional inputs require

either substantial regularization or additional supervision. In contrast, our method retains

a deformation field, which has previously demonstrated strong ability to fuse information

across observations, and instead of regularizers, we use an optimization strategy that en-

courages smooth behavior in the higher dimensions. This enables our method to reconstruct

high-quality geometry even when some poses are observed from only a small range of angles.

Our method enables users to capture photorealistic free-viewpoint reconstructions of a

wide range of challenging deforming scenes from monocular video, e.g., waving a mobile

phone in front of a moving scene. We demonstrate the quality of our method on two tasks:

(i) interpolating smoothly between “moments” while maintaining visual plausibility, and (ii)

novel-view synthesis with fixed moments. Our method, HyperNeRF, outperforms existing

methods on both tasks by significant margins.

4.1 Related Work

4.1.1 Non-Rigid Reconstruction

A common approach in non-rigid reconstruction techniques is to decompose a scene into a

canonical model of scene geometry (which is fixed across frames) and a deformation model

that warps the canonical scene geometry to reproduce each input image. The di�culty of

this task depends heavily on the inherent ambiguity of the problem formulation. Using

only a monocular video stream is convenient and inexpensive, but also introduces significant
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ambiguity which must be ameliorated through the use of factorization [24] or regularization

[207]. On the opposite end of the spectrum, complicated and expensive capture setups

using multiple cameras and depth sensors can be used to overconstrain the problem, thereby

allowing 3D scans to be registered and fused to produce high quality results [43, 53]. Machine

learning techniques have been used e↵ectively for non-rigid reconstruction, when applied to

direct depth sensors [21, 177]. Our method requires only monocular RGB images from a

conventional smartphone camera as input — no depth sensors or multi-view capture systems

are required.

Several works have used learning techniques to solve for deformation based models of

shape geometry [96, 152], though because these works model only geometry and not radi-

ance, they cannot be applied to RGB image inputs and do not directly enable view synthesis.

Yoon et al . [237] use a combination of multi-view cues as well as learned semantic priors in

the form of monocular depth estimation to recover dynamic scenes from moving camera tra-

jectories. In contrast, our approach requires no training data other than the input sequence

being used as input, as is typical in NeRF-like models. Neural Volumes [127] represents

deformable scenes using a volumetric 3D voxel grid and a warp field, which are directly pre-

dicted by a convolutional neural network. As we will demonstrate, Neural Volumes’s high

fidelity output relies on the use of dozens of synchronized cameras, and does not generalize

well to monocular image sequences. The Deformable NeRF technique of Park et al. [159] uses

NeRF-like learned distortion fields alongside the radiance fields of Mildenhall et al. [143] to

recover “nerfies” of human subjects, and is capable of generating photorealistic synthesized

views of a wide range of non-stationary subjects. We build directly upon this technique,

and extend it to better support subjects that not only move and deform, but that also vary

topologically.

4.1.2 Neural Rendering

The nascent field of “neural rendering” aims, broadly, to use neural networks to render

images of things. This is an emerging area of study that is changing rapidly, but progress in
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the field up through 2020 is well-documented in the survey report of Tewari et al. [204]. The

dominant paradigm in this field has, until recently, been framing the task of synthesizing an

image as a sort of “image to image translation” task, in which a neural network is trained

to map some representation of a scene into an image of that scene [89]. This idea has been

extended to incorporate tools and principles from the graphics literature, by incorporating

reflectance or illumination models into the “translation” process [139, 198], or by using proxy

geometries [5, 206] or conventional renderings [58, 102, 135, 141] as a harness with which

neural rendering can then be guided. Though these techniques are capable of producing

impressive results, they are often hampered by a lack of consistency across output renderings

— when rendering is performed independently by a “black box” neural network, there is no

guarantee that all renderings of scene will correspond to a single geometrically-consistent 3D

world.

Research within neural rendering has recently begun to shift away from this “image to

image translation” paradigm and towards a “neural scene representation” paradigm. Instead

of “rendering” images using a black box neural network that directly predicts pixel intensi-

ties, scene-representation approaches use the weights of a neural network to directly model

some aspect of the physical scene itself, such occupancy [140], distance [156], surface light

field [236], or a latent representation of appearance [189, 191]. The most e↵ective approach

within this paradigm has been constructing a neural radiance field (NeRF) of a scene, and

using a conventional multilayer perceptron (MLP) to parameterize volumetric density and

color as a function of spatial scene coordinates [143]. NeRF’s usage of classical volumetric

rendering techniques has many benefits in addition to enabling photorealistic view synthesis:

renderings from NeRF must correspond to a single coherent model of geometry, and the

gradients of volumetric rendering are well-suited to gradient-based optimization. Note that,

in NeRF, a neural network is not used to render an image — instead, an analytical physics-

based volumetric rendering engine is used to render a scene whose geometry and radiance

happen to be parameterized by a neural network.

Though NeRF produces compelling results on scenes in which all content is static, it
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fails catastrophically in the presence of moving objects. As such, a great deal of recent

work has attempted to extend NeRF to support dynamic scenes. We will separate these

NeRF variants into two distinct categories: deformation-based approaches apply a spatially-

varying deformation to some canonical radiance field [159, 168, 209], and modulation-based

approaches directly condition the radiance field of the scene on some property of the input

image and modify it accordingly [60, 114, 119, 229].

Deformation-based NeRF variants follow the tradition established by the significant body

of research on non-rigid reconstruction [149], and map observations of the subject onto a

template of that subject. Nerfies [159], D-NeRF [168], and NR-NeRF [209] all define a

continuous deformation field which maps observation coordinates to canonical coordinates

which are used to query a template NeRF. Because multiple observations of the subject are

used to reconstruct a single canonical template, and only the deformation field is able to vary

across images, this approach yields a well-constrained optimization problem similar to basic

NeRF. Similar to how NeRF parameterizes radiance and density using a coordinate-based

MLP, these deformation-based NeRF variants use an MLP to parameterize the deformation

field of the scene, and are thereby able to recover detailed and complicated deformation

fields. However, this use of a continuous deformation field means that these techniques are

unable to model any topological variations (e.g., mouth openings) or transient e↵ects (e.g,

fire). Topological openings or closings require a discontinuity in the deformation field at the

seam of the closing, which MLPs cannot model easily. This is a consequence of the fact that

coordinate-based MLPs with positional encoding perform interpolation with a band-limited

kernel, when viewed through the lens of neural tangent kernels [202].

Modulation-based or latent-conditioned NeRF variants adopt the well established tech-

nique of conditioning a neural network with a latent code to modulate its output. 2D

generative models such as GANs [69] or VAEs [105] input latent code to a 2D CNN which

then outputs a corresponding image. This technique is also used to encode a space of 3D

shapes; for example, DeepSDF [156] and IM-NET [39] modulate a signed distance field (SDF)

based on input latent codes, while Occupancy Networks [140] modulate an occupancy field.
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Similarly, SRNs [191] modulate a latent representation which is decoded by an LSTM.

Following these footsteps, instead of modeling the scene as a single NeRF that is warped

to explain individual images, modulation-based NeRF techniques provide additional infor-

mation (e.g., the image’s timestamp or a latent code) as input to the MLP, directly changing

the radiance field of the scene. As such, these techniques are capable of modeling any de-

formation, topological change, or even complex phenomena such as fire. However, because

these modulated NeRFs may have completely di↵erent radiance and density across input

images, these techniques result in a severely under-constrained problem and allows for triv-

ial, non-plausible solutions. This issue can be addressed by providing additional supervision

such as depth and optical flow (as in Video-NeRF [229] and NSFF [119]) or by using a

multi-view input captured from 7 synchronized cameras (as in DyNeRF [114]). For facial

avatars, Gafni et al. [60] avoids this issue by using a face-centric coordinate frame from a

3D morphable face model [205]. NeRF in the Wild also uses a similar modulated approach

(albeit for a di↵erent task) in which latent codes are optimized and provided as input to an

MLP, which also introduces ambiguities that are addressed by allowing those codes to only

modify radiance but not density [136].

Our method can be thought of as a combination of deformation-based and modulation-

based approaches: we use deformations to model motion in the scene, resulting in a well-

behaved optimization, but we also extend NeRF’s 3D input coordinate space to take addi-

tional higher-dimension coordinates as input, and allow for deformations along the higher

dimensions as well as the spatial dimensions. As we will show, this approach is able to use the

higher dimensions to capture changes in object topology, which a strictly deformation-based

approach would be unable to model.

4.2 Modeling Time-Varying Shapes

Our method represents changes in scene topology by providing a NeRF with a higher-

dimensional input. To provide an intuition and a justification for our formulation in higher

dimensions, this section introduces level set methods which our method draws inspiration
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from. Note that our method is not a level set method, though we will apply intuitions gained

from these examples to our NeRF setting.

There are two common approaches for mathematically representing the surface of an

object: a surface can be defined explicitly, perhaps with a polygonal mesh, or implicitly1,

perhaps as the level set of a continuous function. Explicit representations of shape, though

e↵ective and ubiquitous, are often poorly suited to topological variation of a surface: slicing a

polygonal mesh into two halves, for example, likely requires creating new vertices and redefin-

ing the edge topology of the mesh. This sort of variation is particularly di�cult to express in

the context of gradient-based optimization methods such as NeRF, as this transformation is

discontinuous and therefore not easily di↵erentiated. In contrast, implicit surfaces provide a

natural way to model the evolution of a surface in the presence of topological changes, such

as when the surface develops a hole or splits into multiple pieces.

4.2.1 Level Set Methods

(a) Aux. Function (b) 2D Sliced Shapes

Figure 4.2: Level-set methods provide a means to
model a family of topologically-varying shapes (b) as
slices of a higher dimensional auxiliary function (a).

Level set methods model a surface implic-

itly as the zero-level set of an auxiliary func-

tion [153]. For example, a 2D surface can be

defined as � = {(x, y)|S(x, y) = 0}, where

S : (x, y) ! s is a signed-distance func-

tion with s > 0 for points inside the surface,

and s < 0 for points outside the surface.

To model a surface that varies topologically

with respect to some additional dimension

(such as “time”), one can add an additional dimension w, and thereby define a 3D surface

� = {(x, y, w)|S(x, y, w) = 0}. We will refer to the space by these additional dimensions as

1Confusingly, NeRF-like models, or coordinate-based approaches in general, are sometimes referred to in
the literature as “implicit” models, in reference to the idea that they encode scenes “implicitly” using the
weights of a neural network. This new use of “implicit” is distinct from its common use in the literature,
so to avoid confusion we will only use “implicit” according to its meaning in the level set literature.
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the “ambient” space. The 2D surface at some wi ambient coordinate can then be expressed

as the 2D cross-section of the 3D surface � obtained by slicing it with the plane passing

through w = wi. See Figure 4.2 for an illustration.

This idea can be extended to learn a collection of shapes. Given a set of implicitly-defined

2D shapes, one can learn an SDF � which contains all such 2D shapes as individual slices

of a canonical 3D surface. Following DeepSDF [156], let us define S : (x, y, w) ! s as an

MLP, where the per-shape ambient coordinates {wi} are learned as an embedding layer [17].

The weights of the MLP and the hyper coordinates can then be optimized using gradient

descent. Figure 4.6a shows an example of four di↵erent shapes being encoded in a single

3D SDF in this way. As with time-varying shapes, this approach gives us a natural way

to interpolate between the shapes by interpolating between the learned slicing planes. As

shown by DeepSDF, this formulation can be extended to an arbitrary number of spatial

and ambient dimensions. For example, by formulating this same problem with 3 spatial

dimensions and 256 ambient dimensions, we can learn 3D shapes as 3-dimensional cross

sections of a 259-dimensional hyper-surface.

4.2.2 Deformable Slicing Surfaces

Shape 1 Shape 2 Shape 3 Shape 4

Input Shapes

Axis-aligned Slicing Plane Deformable Slicing Surface

Figure 4.3: Level-set methods model shapes as slices
of a higher-dimensional surface. Axis-aligned planes
(AP) slice the surface perpendicular to the higher-
dimensional axis; deformable surfaces (DS) can ref-
erence varying parts of hyper-space.

Level set methods work by “slicing” through

a function, usually with an axis-aligned

plane. The plane of this slice spans the spa-

tial axes (the x and y axes in our 2D/3D

example), and occupies a single ambient co-

ordinate (the w axis in our example) at all

points. A consequence of using an axis-

aligned slice is that every desired output

shape must exist as a cross section cut by the

slicing plane. In certain circumstances, this

can lead to an ine�cient use of space. For
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Figure 4.4: An overview of our model architecture. We associate a latent deformation code !i and a
latent appearance code  i with each image i. Rays are cast from the camera in the space, and samples x
along those rays are then concatenated with the image’s latent deformation code !i and provided as input
to MLPs parameterizing a deformation field, which yields a warped coordinate x0 and a slicing surface in
hyperspace, which yields a coordinate in our ambient space w. both outputs are concatenated to yield a
mapped point (x0,w) = (x, y, z, w1, w2, . . .). The concatenation of (x0,w), the viewing direction d = (✓,�),
and the appearance code  i are then used as inputs to the MLP parameterizing the template NeRF. The
densities and colors produced by that MLP are then integrated along the ray as per the physics of volumetric
rendering, as in Mildenhall et al. [143].

example, consider the set of shapes shown

in Figure 4.3a, which are di↵erent permu-

tations of the same two shapes. If axis-aligned slices are used, the ambient surface must

contain a copy of each of the four permutations as shown in Figure 4.6a. This is ine�cient

considering there are only two possible sub-shapes–a circle and a cross.

To address this, we allow the slicing surface to deform, such that the output shape is

the cross-section sliced by a non-planar deformable slicing surface. This allows di↵erent

spatial locations to reference di↵erent parts of the ambient coordinate space, resulting in

a more compact representation in hyperspace. We define the deformable slicing surface as

H : (x,!i) ! w, where x is a spatial position, w is a position along the ambient axes,

and !i is a per-input latent embedding (whose dimensionality and meaning need not match

that of the ambient coordinate). The SDF is then queried at the coordinate obtained by

concatenating x and H(x,!i). As shown in Figure 4.6b, this parameterization is able to

slice through the ambient dimensions to model arbitrary mixtures of shapes.
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4.3 Method

Here we describe our method for modeling non-rigidly deforming scenes given a casually

captured monocular image sequence. The focus of our method is to be able to accurately

model the appearance and geometry of topologically varying scenes. Before we introduce

HyperNeRF, we first review its foundations: neural radiance fields (NeRF) [143] as well as

unconstrained and deformable extensions of it [136, 159], all of which we will build upon.

4.3.1 Review of NeRF, NeRF-W, and Deformable NeRF

NeRF represents a scene as a continuous, volumetric field of density and radiance, defined as

F : (x,d, 
i
) ! (c, �). The function F is parameterized by a multilayer perception (MLP)

and maps a 3D position x = (x, y, z) and viewing direction d = (�, ✓) to a color c = (r, g, b)

and density �. Instead of directly providing input coordinates to the MLP directly, NeRF

first maps each input x (and d) using a sinusoidal positional encoding:

�(x) =
⇥
sin(x), cos(x), sin(2x), cos(2x), . . . , sin(2m�1x), cos(2m�1x)

⇤T
, (4.1)

where m is a hyper-parameter that controls the number of sinusoids used by the encoding.

As shown in Tancik et al. [202], this encoding allows the MLP to model high-frequency

signals in low frequency domains, where the parameter m serves to control smoothness of

the learned representation by modifying the e↵ective bandwidth of an interpolating kernel.

Appearance Variation To handle unconstrained “in the wild” images, the MLP in NeRF

can be additionally conditioned on an appearance embedding  
i
for each observed frame i 2

{1, . . . , n}, as shown in Martin-Brualla et al. [136]. This allows NeRF to handle appearance

variations between input frames, such as those caused by illumination variation or changes

in exposure and white balance.

Deformations Because a NeRF is only able to represent a static scene, we use the SE(3)

formulation of a deformation field proposed in Nerfies [159] to model non-rigid motion.
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Nerfies defines a mapping T : (x,!i) ! x0 that maps all observation-space coordinates x

to canonical-space coordinates x0, conditioned on a per-observation latent deformation code

!i. The deformation field T is parameterized by an MLP W : (x,!i) ! (r,v), where

(r,v) 2 se(3) encode the rotation and translation. To encourage deformations to be as-rigid-

as-possible, Nerfies proposes an elastic regularization loss which penalizes non-unit singular

values of the Jacobian of the deformation field. We did not find the elastic loss well suited

when modeling topological variations, as they directly violate the rigidity prior. Please see

Park et al. [159] for details.

Windowed Positional Encoding Tancik et al. [202] showed that the number of frequen-

cies m in the positional encoding � controls the bandwidth of an MLP’s Neural Tangent

Kernel (NTK) [92]. A small value for m results in a smooth estimator that may under-fit

the data, while a large value of m may result in over-fitting. Park et al. [159] and Hertz

et al. [79] use this property to implement a coarse-to-fine strategy when optimizing an MLP,

by slowly narrowing the bandwidth of the NTK by weighting the frequency bands of the

positional encoding with a window function such as the one used by Park et al. [159]:

wj(↵) =
1� cos(⇡ clamp(↵� j, 0, 1))

2
, (4.2)

where j 2 {0, . . . ,m � 1} is the index of the frequency band of the positional encoding.

Linearly increasing ↵ 2 [0,m] is equivalent to sliding a truncated Hann window down the

frequency bands of positional encoded features. The windowed positional encoding is then

computed as:

�↵(x) =
⇥
w0(↵) sin(x), . . . , wm�1(↵) cos(2

m�1x)
⇤T

. (4.3)

Nerfies uses this to optimize the deformation field in a coarse-to-fine manner which prevents

getting stuck in sub-optimal local minima while being retaining the ability to represent

high-frequency deformations [159]. We do the same for our spatial deformation field.
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Hyper-Space Template Ambient Coords Rendered RGB

… …

…
…

(a) Axis-Aligned Slicing Plane (AP)

Target State

(b)

Hyper-Space TemplateAmbient CoordsRendered RGB

… …

…
…

(c) Deformable Slicing Surface (DS)

Figure 4.5: We render the target state (b) from a novel view using axis-aligned slicing planes (AP, a) and
deformable surfaces (DS, c). We show the hyper-space template rendered at ambient coordinates, sampled
on a regular grid. We plot the ambient coordinate of each pixel — the color of the coordinates correspond to
the outlined color of each template sample. AP must wholly model each scene state and results in artifacts
in the eyes, mouth, and chin. DS can more e�ciently use the template since each part of the scene can refer
to di↵erent parts of the template, resulting in sharper details.

4.3.2 Hyper-Space Neural Radiance Fields

Motion in a scene can be divided into two categories: (a) motions that preserve the topology

of the scene; and (b) motions which change the apparent topology of the scene. Here we use

the term “topology” in the sense we defined in the beginning of the chapter.

Template

GLVFRQWLQXLW\
QHHGHG

Observation

Figure 4.6: An example topological change where the
ring opens at the marked seam. A deformation refer-
encing the template for each point in the observation
frame requires a discontinuity at the seam, where an
infinitesimal step from the orange position towards the
blue position results in a big change. If the template
were the closed ring, the contents of the ring would be
inaccessible using a deformation.

Deformation fields can e↵ectively model

topology-preserving motion with one smooth

deformation field. On the other hand, a

continuous deformation field cannot easily

model changes in topology. This is because

a change in topology necessarily involves a

discontinuity in the deformation field. Our

deformation fields are continuous, by virtue

of being encoded within the weights of an

MLP that behaves as a smooth interpolator,

and therefore cannot represent such discontinuities. See Figure 4.6 for a visual explanation.

Here we present our method, HyperNeRF, which extends neural radiance fields into higher
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dimension to allow topological variations. In §4.2.1 we introduced the level set method, which

can naturally model topologically changing shapes as cross-sections of a higher-dimensional

ambient surface. We use the same idea in the context of neural radiance fields. Our archi-

tecture is visualized in Figure 4.4.

Hyper-space Template Deformable NeRFs [159] represent the scene in a canonical-space

template NeRF which is indexed by a spatial deformation field to render observation frames.

Our idea is to embed the template NeRF in higher dimensions, where a slice taken by an

intersecting high-dimensional slicing surface yields a full 3D NeRF. Note that we are still

rendering 3-dimensional scenes, and thus ray casting and volume rendering occur in the same

manner as a normal NeRF.

We extend the domain of the template NeRF to a higher dimensional space: (x,w) 2

R3+W , where W is the number of higher dimensions. The formulation of the template NeRF

is otherwise identical, with it being represented as an MLP

F : (x,w,d, 
i
) ! (c, �) . (4.4)

Axis-Aligned Slicing Plane (AP)

start end
Deformable Slicing Surface (DS)

Figure 4.7: Novel views synthesized by linearly in-
terpolating the embedding !i of two frames from
“Expressions 1”. With (AP), all spatial points
are rendered at the same ambient coordinate resultin
in blurry-cross-fading artifacts during interpolation.
With (DS), di↵erent spatial positions to reference
varying parts of the ambient space, resulting in bet-
ter interpolations.

Slicing Surfaces In §4.2.2 and Figure 4.3

we showed how an ambient surface could be

cut with a slicing surface to obtain an output

shape. In the same way, we can take cross-

sections of a hyper-space NeRF. The 2D ex-

ample only had a single ambient dimension,

and thus the cross-section was obtained us-

ing a single slicing surface intersecting the

higher dimensional axis at a point. To ob-

tain a cross-section in the presence of more

than one higher dimension, we instead have

a slicing surface for each higher dimension.
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This is the geometric interpretation of sim-

ply fixing the values of w, which leaves the span of the spatial axes as the cross-section along

the ambient dimension.

The most basic implementation of this idea would be to learn a per-observation slicing

planes, where we learn a set of coordinates {wi} for each input observation as an embedding

layer. This representation fixes all ray samples for an observation i to live in the same 3D

subspace, analogous to the axis-aligned slicing plane introduced in §4.2.2. We found that this

led to an ine�cient use of the representation capacity of the template NeRF since topological

variations happening in spatially distance parts of the scene must be copied across multiple

sub-spaces to represent di↵erent combinations of poses. This can decrease reconstruction

quality, and causes cross-fading artifacts when interpolating between moments. We therefore

use deformable slicing surfaces, introduced in §4.2.2, which allow the slicing surface to deform,

allowing di↵erent spatial positions to be mapped to di↵erent coordinates along the ambient

dimensions. This results in a more e�cient use of the ambient dimensions, and smoother

interpolations between moments. See Figure 4.7 for a comparison between both methods,

and Figure 4.6b for a 2D toy example illustrating the same concept in the context of level

sets.

(a) Input Color (b) Ours (c) [159]

Figure 4.8: Although not technically a change in topol-
ogy, the bed of the 3D printer moving relative to its
base requires a sharp change in the deformation field,
resulting in artifacts. HyperNeRF alleviates these ar-
tifacts.

Similarly to the spatial deformation field,

we define a deformable slicing surface field

using an MLP. Each observation-space sam-

ple point x is mapped through the map-

ping H : (x,!i) ! w, where !i is the la-

tent deformation code (shared with the spa-

tial deformation field), and w is a point in

the ambient coordinate space which defines

the cross-sectional subspace for the sample.

Given the template NeRF F , spatial defor-

mation field T , and the slicing surface field H, the observation-space radiance field can be
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evaluated as:

x0 = T (x,!i) , (4.5)

w = H(x,!i) , (4.6)

(c, �) = F (x0
,w,d, 

i
) . (4.7)

where in practice, we apply separate positional encodings to each input x, d, and w. We use

the windowed positional encoding �↵ for the deformation field T and slicing surface field H.

We do not use the identity concatenation of the positional encoding for the ambient

coordinates. Barron et al. [9] showed that the identity encoding does not meaningfully a↵ect

performance or speed, and omitting it confers a specific advantage: we can collapse ambient

dimensions during the initial phases of the optimization by setting ↵ = 0, as described in

the previous section.

Delayed use of Ambient Dimensions Motion can be encoded by deforming points us-

ing the spatial deformation field T , or by moving along the ambient dimensions using the

slicing surface H. If a motion does not involve a change in topology, we prefer using a spatial

deformation over moving through the ambient dimensions. This is because spatial deforma-

tions result in a more constrained optimization, since several observations get mapped to the

same point on the template. In addition, spatial deformations result in better interpolations

and they only involve movement and cannot directly change the density of the template. We

therefore delay the use of the ambient dimensions by using the windowed positional encoding

(§4.3.1) on the ambient coordinates w. We disable the identity concatenation for the posi-

tional encoding so that the input can be completely turned o↵ when ↵ = 0. We fix ↵ = 0 for

a number of iterations and then linearly ease in the rest of the frequencies. This windowing

is only applied to the ambient dimensions. The spatial coordinate x is not windowed, and

the spatial deformation field uses its own windowing schedule from Park et al. [159].
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Figure 4.9: Here we show qualitative comparisons of Nerfies [159] (top rows) with HyperNeRF (ours)
(bottom rows) on four di↵erent image sequences. For each sequence we visualize two di↵erent moments, each
with a di↵erent apparent topology. Nerfies is unable to model the topological variation with its deformation
field and therefore distorts the geometry in implausible ways in order to explain the training data, while
HyperNeRF produces more plausible geometry estimates and more accurate renderings on novel views not
seen during training.
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4.4 Experiments
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Figure 4.10: A diagram of our hyper-space template network, which is identical to the original NeRF MLP,
except it takes an additional ambient coordinate and an appearance latent code  as in Martin-Brualla et al.
[136]
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Figure 4.11: A diagram of our deformation network. It is identical to the deformation MLP of Nerfies [? ].
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Figure 4.12: A diagram of our ambient slicing surface network. It shares the input deformation code !i with
the deformation network. The ambient slicing surface network uses a di↵erent windowed positional encoding
parameter �, and directly outputs an ambient coordinate w.
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4.4.1 Implementation Details

Our implementation of NeRF and the deformation field closely follows Nerfies [159]. As

in NeRF [143], we only use an L2 photometric loss. We use 8 dimensions for the latent

appearance and deformations codes. We exponentially decay our learning rate from 10�3 to

10�4. For the windowed positional encoding parameter ↵ of the deformation field, we follow

the same easing schedule as in Park et al. [159]. We implement the deformable slicing surface

as an MLP with depth 6 and width 64 with a skip connection at the 5th layer. The last layer

is initialized with weights sampled from N (0, 10�5). We use m = 1 for the hyper-coordinate

input w to the template T , fixing � = 0 for 1000 iterations and then linearly increase it to

1 over 10k iterations. We use m = 6 for the spatial position input x to the slicing surface

field H. We use 2 ambient dimensions (W = 2) for all experiments, as increasing W did not

improve performance for our sequences.

We implement our method on top of JaxNeRF [48], a JAX [22] implementation of NeRF.

For our evaluation metrics, we train at half of 1080p resolution (960x540) for 250k iterations,

using 128 samples per ray with a batch size of 6,144, which takes roughly 8 hours on 4 TPU

v4s. For qualitative results, we train at full-HD (roughly 1920x1080) with 256 samples per

ray for 1M iterations, which takes roughly 64 hours.

4.4.2 Evaluation

Here we analyze the performance of our method both quantitatively and qualitatively. To

best judge quality, we urge the reader to view the supplementary video which contains many

visual results.

Quantitative Evaluation

We evaluate our method on two tasks: (i) how well it interpolates between di↵erent moments

seen during training while maintaining visual plausibility; and (ii) its ability to perform

novel-view synthesis. We collected our own sequences for these tasks, as existing datasets
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do not focus on topologically varying scenes. While the dataset of Yoon et al. [237] contains

two sequences exhibiting topological changes, these sequences have short capture baselines

(⇠1.1m) and exaggerated frame-to-frame motion due to aggressive temporal sub-sampling.

We measure visual quality with LPIPS [242], MS-SSIM [222], and PSNR. Note that

because we are reconstructing dynamic scenes with a single moving camera, there can be

ambiguities which cause slight di↵erences from the true geometry or appearance of the scene.

Because of this, we find that quantitative metrics often do not reflect perceptual quality, as

we show in Figure 4.13. In particular, PSNR is incredibly sensitive to small shifts, and will

penalize sharp images over blurry results, while MS-SSIM may not pick up artifacts which

are obvious to humans. Out of the three metrics, we find that LPIPS best reflects perceptual

quality.

Table 4.1: Metrics on the interpolation task, aver-
aged across all sequences. We report PSNR, MS-SSIM,
LPIPS, and the “average” metric of Barron et al.
[9]. We color each row as best, second best, and
third best. See Sec. 4.4.2 for details, and the supple-
ment for metrics for each sequence.

PSNR" MS-SSIM" LPIPS# Avg#

NeRF [143] 21.3 .745 .490 .126

NV [127] 25.3 .880 .214 .0630

NSFF [119] 25.5 .863 .242 .0663

Nerfies [159] 27.7 .908 .193 .0487

Nerfies (w/o elastic) 28.0 .909 .193 .0476

Hyper-NeRF (DS) 28.3 .914 .185 .0456

Hyper-NeRF (DS, w/ elastic) 28.1 .912 .195 .0471

Hyper-NeRF (AP) 28.3 .912 .208 .0476

Hyper-NeRF (w/o deform) 27.4 .895 .253 .0557

Ablations We also compare with a couple

variants of HyperNeRF: “HyperNeRF (DS)”

uses the deformable slicing surface (§4.2.2),

“HyperNeRF (DS, w/ elastic)” uses the elas-

tic regularization loss from Park et al. [159],

“HyperNeRF (AP)” uses the axis-aligned

slicing plane, and “HyperNeRF (w/o de-

form)” removes the deformation field and

only uses the hyper-space formulation.

Interpolation Like Nerfies [159], our

method can interpolate between moments in

an input video by interpolating the input

embeddings !i and  i
. Here, we evaluate quality by leaving out intermediate frames from

the input video and comparing them with corresponding interpolated frames. Specifically,

we collect a set of videos, each 30-60s long, sub-sampled to 15fps and register the frames
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Table 4.2: Quantitative evaluation on validation rig captures. We compare with baselines and ablations of
our method. We color each row as best, second best, and third best. Note that traditional metrics like
PSNR and SSIM are sensitive to small shifts, penalizing sharp images over blurry results (see Figure 4.13
below). See §4.4.2 for more details on these experiments.

Broom

(197 images)

3D printer

(207 images)

Chicken

(164 images)

Expressions

(259 images)

Peel Banana

(513 images)
Mean

PSNR" MS-SSIM" LPIPS# PSNR" MS-SSIM" LPIPS# PSNR" MS-SSIM" LPIPS# PSNR" MS-SSIM" LPIPS# PSNR" MS-SSIM" LPIPS# PSNR" MS-SSIM" LPIPS#

NeRF [143] 19.9 .653 .692 20.7 .780 .357 19.9 .777 .325 20.1 .697 .394 20.0 .769 .352 20.1 .735 .424

NV [127] 17.7 .623 .360 16.2 .665 .330 17.6 .615 .336 14.6 .672 .276 15.9 .380 .413 16.4 .591 .343

NSFF [119]† 26.1 .871 .284 27.7 .947 .125 26.9 .944 .106 26.7 .922 .157 24.6 .902 .198 26.4 .917 .174

Nerfies [159] 19.2 .567 .325 20.6 .830 .108 26.7 .943 .0777 21.8 .802 .150 22.4 .872 .147 22.1 .803 .162

Nerfies (w/o elastic) 19.4 .581 .323 20.2 .820 .115 26.0 .935 .0837 21.8 .800 .149 21.7 .852 .157 21.8 .798 .165

Hyper-NeRF (DS) 19.3 .591 .296 20.0 .821 .111 26.9 .948 .0787 21.6 .800 .148 23.3 .896 .133 22.2 .811 .153

Hyper-NeRF (DS, w/ elastic) 19.5 .605 .277 20.2 .823 .109 27.5 .954 .0756 21.9 .806 .144 22.7 .882 .133 22.3 .814 .148

Hyper-NeRF (AP) 19.6 .596 .319 20.0 .814 .131 27.2 .950 .0941 22.2 .817 .149 22.4 .874 .142 22.2 .810 .167

Hyper-NeRF (w/o deform) 20.6 .714 .613 21.4 .846 .212 27.6 .950 .108 22.0 .793 .196 24.3 .914 .170 23.2 .843 .260

using COLMAP [178].

We build our dataset by using every 4th frame as a training frame, and taking the middle

frame between each pair of training frames as a validation frame. Since certain frames

may have been dropped due failed registration in COLMAP, we use the timestamp of the

validation frame to compute its relative position between its corresponding training frames.

We compare our method with Nerfies [159], Neural Volumes [127], and NSFF [119]. For

Neural Volumes, we render the interpolated frame by encoding the two reference frames with

the encoder and linearly interpolating the latent codes. For NSFF, we linearly interpolate

the input time variable between the two reference frames. Tab. 4.1 shows that our method

outperforms all three baselines in most cases. Please see Figure 4.14 and Figure 4.15 for

qualitative examples from each interpolation sequence.

Novel-view Synthesis We evaluate the novel-view synthesis quality of our method on

topologically varying scenes. We render the scene at fixed moments from unseen viewpoints

and compare how well the predicted images match the corresponding ground truth image.

To allow for a fair comparison with prior work, we closely follow the evaluation protocol of

Park et al. [159]. We create a capture rig comprised of a pole with two Pixel 3 phones rigidly
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Figure 4.13: Comparisons of baselines and our method on validation rig scenes. PSNR / LPIPS metrics on
bottom right with best colored red. Baselines shown are: Nerfies [159], HyperNeRF without deformations,
Neural Volumes [127], NSFF [119], and NeRF [143]. Note how PSNR often prefers blurry results.

attached roughly 16cm apart. Please see Park et al. [159] for the details on dataset processing.

We evaluate on the Broom sequence from [159] which exhibits a topological change when the

broom contacts the ground, and augment the sequences of Park et al. [159] with 4 additional

sequences exhibiting topological changes: 3D Printer, Chicken, Expressions, and Peel

Banana. Tab. 4.2 reports the metrics computed on unseen validation views.
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Baselines For view-synthesis, we compare with NeRF [143], Neural Volumes [127] and

two recent dynamic NeRF methods: NSFF [119] and Nerfies [159]. For interpolation, we

compare with NeRF, Nerfies, and Neural Volumes. To evaluate Neural Volumes on the

interpolation task, we compute the latent codes of the two training images corresponding to

each validation image with the image encoder, and linearly interpolate the encoding vector

using the identical procedure mentioned in §4.4.2. We do not compare with Yoon et al. [237]

as their code was not available. Instead, we use NSFF [119] which achieves higher quality

on the dataset of Yoon et al. [237].

Qualitative Results

Figure 4.9 shows qualitative results, comparing our method with Park et al. [159]. We also

show visual results from the validation rig dataset in Figure 4.13. Note how some of the

image quality metrics sometimes prefer blurry results (e.g. Expressions).

Like our method, Nerfies [159] is able to produce sharp results with few artifacts. How-

ever, our method better reconstructs the poses of objects in scenes such as Peel Banana

and Expressions in Figure 4.13. This is also shown by the warped faces in Figure 4.9,

where Nerfies often does not model geometry for the chin.

4.4.3 2D Level Set Experiments

Here we describe our method for learning a family of topologically varying 2D signed distance

functions (SDF). This method was used to generate Fig. 3.

We used truncated signed distance functions, truncated to range between -0.05 and 0.05.

We learn a template MLP

F : (x, y, w) ! s , (4.8)

which takes as input a normalized 2D coordinate (x, y) 2 [�1, 1]2 an ambient coordinate

w 2 R, and outputs a signed distance s. This function defines a 3D surface which is sliced

by a slicing surface. This be an axis-aligned plane, defined by a value of w defining a plane
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that spans the x and y axes, or a deformable slicing surface defined by an ambient slicing

surface MLP

H : (x, y,!i) ! w , (4.9)

where (x, y) are again the spatial coordinates, !i is a per-shape latent code, and w is the

output ambient coordinate. We show a detailed diagram of the 2D template in Figure 4.16

and deformable slicing surface in Figure 4.17.

Training Training batches are generated by randomly sampling points from the continu-

ous, truncated SDFs of each shape i, resulting in data of the form
�
((x, y,!i), s)

 
. We use

a Pseudo-Huber loss [33] function:

L�(s� s
⇤) = �

2

0

@
s

1 +

✓
s� s⇤

�

◆2

� 1

1

A , (4.10)

where s is the predicted SDF value, s⇤ is the ground truth SDF value, and � is a hyper-

parameter that controls the steepness which we set to � = 0.005.

Implementation Details We use a positional encoding with a minimum degree as well

as a maximum degree:

�(x) =
⇥
sin(2m�x), cos(2m�x), . . . , sin(2m+�1x), cos(2m+�1x)

⇤T
, (4.11)

where m� is the minimum degree and m+ is the maximum degree of the positional encoding.

For the template MLP we m� = �2 and m+ = 3, for the ambient slicing surface MLP we

use m� = �2 and m+ = 2. We train using the Adam optimizer with a fixed learning rate of

10�3 for 2000 iterations with a batch size of 512 which takes around a minute on a Google

Colab TPU.

Interpolating Shapes We generate interpolated shaped by linearly interpolating the

shape code !i between instances.
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Figure 4.16: A diagram of architecture for the 2D template MLP used in the 2D level set experiments.
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Figure 4.17: A diagram of architecture for the ambient slicing surface MLP used in the 2D level set experi-
ments.

4.5 Limitations

As with all NeRF-like methods, camera registration a↵ects the quality of the reconstruction.

And, since our model uses only color images as input, imposing no domain-specific priors,

we can only reconstruct what is observed. So, moments which are not captured well in the

training data – such as when there is rapid motion – cannot be reconstructed by our method.

We consider these limitations as fruitful avenues for future work.
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Chapter 5

PHOTOREALISTIC RELIGHTABLE MODELS

geometry only ours

Figure 5.1: Fully automatic texturing of 3D shapes with rich SV-BRDF reflectance models.

So far, we have discussed methods for scene-level capture. But for many applications (e.g.,

augmented reality), we desire object-level 3D content which can be inserted and blended into

virtual environments. Textured 3D models are often used for this purpose, such as in video

games or movies. For a 3D model to realistically blend in, it must be relightable, meaning

each part of the 3D model must be associated with a material model which models how

it reflects light. While there are many online repositories containing vast numbers of 3D

models, the majority of these do not include this critical material information.

Creating realistic 3D content is quite di�cult, and the vast majority of existing models

are manually authored. Even more di�cult than producing the geometry, which an artist

can author using CAD tools, is creating realistic relightable textures, as spatially varying

reflectance models (SVBRDFs) are 6-dimensional. And while computer vision-based 3D re-
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construction research has advanced considerably over the last few years, existing commercial

tools produce raw geometry but lack relightable textures and hierarchical part segmentation.

As a result, relatively few photorealistic relightable 3D shapes (PhotoShapes) exist, and even

fewer are freely available online.

Our goal is to produce thousands of freely available PhotoShapes. To this end, we

observe that the problem of creating PhotoShapes can be factored into three more tractable

subproblems:

1. we need thousands of good shape models.

2. we need databases of high-quality spatially-varying material models.

3. we need an assignment of materials to shape parts.

The first problem (shape models) is addressed in part by the existence of large model

databases like ShapeNet [31] which captures thousands of chairs (and many other categories)

spanning myriad shapes and styles. The second problem (appearance models) is addressed

in part by existing BRDF/SVBRDF databases and other online material libraries, although

many of these are not free (e.g., [2]), and these collections are not as extensive as we would

like; we therefore contributed a number of high quality SVBRDFs to round out the collection.

The third problem – assignment of shape to materials – is the focus of this chapter.

Given a 3D shape of a chair with a set of parts (e.g., legs, seat, back) and a set of materials

(e.g., di↵erent types of wood, plastic, leather, fabric, metal) how should we decide which

materials to apply to each part? Whereas an artist would choose this assignment manually,

we propose to automate this process by leveraging photos of chairs on the Internet. I.e., the

goal is to use photos of real objects as reference to automate the assignment of materials to

3D shapes.

Note that this problem is di↵erent than transferring the texture of a reference photo to

a 3D shape, e.g., [220], as the latter requires generating missing texture for the > 50% of

object surfaces not visible in the photo, and does not enable specular relighting (required for
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many applications). In addition to solving both of these problems, our approach produces

“super-resolution” textures (based on the high-res appearance database) where you can zoom

in far beyond the resolution a↵orded by the reference photo, to see fine wood-grain or stitch

patterns up close. The caveat is that these textures are “hallucinated” i.e., they are best

matches from the database of textures rather than exact reproductions of the reference object.

This means for example, that while the overall look and appearance of the material is often

matched well (e.g., “oak”, “black leather”) and the level of realism is high, the particular

knot placement of the wood grain or the texture of the leather may di↵er significantly from

the object in the photo.

Conceptually, we could solve this problem by comparing every reference photo with every

3D shape, textured with every material in the database, and rendered to every viewpoint

and with di↵erent illuminations. The good matches (for each shape part) would yield our

desired assignment of materials to shapes. Aside from the obvious scale and combinatorial

complexity problems with such an approach, a key challenge is how to robustly compare two

images where features di↵er in both shape (e.g., arm height in an o�ce chair) and appearance

(e.g., di↵erent wood grain). We leverage deep networks, trained on thousands of synthetic

renderings of BRDFs applied to 3D shapes to produce robust classifiers that map patches

of reference photos to material database instances. We then use fine-scale image alignment

techniques and spatial aggregation (CRFs) to assign materials to parts of the shape.

Our fully automatic system is able to produce 2,000 PhotoShapes that very accurately

reflect their exemplars, and 9,000 PhotoShapes which deviate slightly but are good represen-

tations of their exemplars. In total, our system produces 11,000 photorealistic, relightable

3D shapes.
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5.1 Related Work

Material Capture and Representation

A widely used representation for opaque materials is the Bidirectional Reflectance Distri-

bution Function (BRDF) and its spatially varying form (SVBRDF). Estimating BRDF pa-

rameters from images is a well studied problem, either in a lab setup [137] or directly from

images. The work of [125, 154] optimize for the BRDF parameters given the shape or the

illumination respectively. Chadraker etal [29] study how motion cues can assist the estima-

tion. More recent approaches use deep learning to estimate the material parameters [65] from

reflectance maps [170], from the image directly [122, 223] or from a RGB-D sequence [103].

For SVBRDFs, [3] introduces a system for easy capture of SVBRDF parameters. [52] infers

the di↵use and specular albedo from a moving object. [246] proposes a method for capturing

SVBRDFs from a small number of views. The work of [4] uses two photos of the same texture

on a flat surface, one taken with a flash and one without. [116] is able to estimate the di↵use

albedo, the specularity, and the illumination of a flat texture using a self-augmented neural

network.

Di↵use Textures Di↵use textures maps is another technique for material representation.

These textures can be directly applied to their corresponding 3D models [46]. The work

of [101] uses projective texturing followed by texture synthesis in 3D, after the manual

alignment of a 3D object to a 2D image. [86] proposes an approach for detailed geometry and

reflectance extraction from single photos using rough 3D proxies. [51] proposes an exemplar

based synthesis approach that incorporates 3D cues such as normals and light direction. In a

di↵erent manner, [106] synthesizes solid textures that were optimized to match the statistics

of a 2D image. Apart from their 3D applications, textures have been studied extensively in

the image domain. Non-Parametric texture synthesis methods [54, 55] are able to generate

plausible textures from small patches. [80] introduced a framework that transfers the texture

e↵ects that relate two images to new one. Recently, deep learning approaches have boosted
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the quality of the produced textures, synthesizing either from exemplars [62, 182] or semantic

labels [35, 90].

Material Recognition

In many computer vision applications it is important to recognize the materials that appear in

an image. The method of [183] uses features based on human perception for material classifi-

cation. [179] proposes a method for discovering attributes suitable for material classification,

while [240] identifies materials based on their reflectance. Similarly, [66] classifies materials

based on reflectance maps. [13] introduces a large dataset and a deep learning framework for

material recognition in the wild (e.g. the Flickr Material Database [184] contains 100 images

per class, with the images not beeing representative of everyday scenes). Another dataset

for surface material recognition is presented in [234], together with a classification network

based on di↵erentiable angular imaging. Moreover, [218] introduces a light-field dataset for

material recognition. [41, 42] introduces a texture dataset and a deep learning approach

for texture recognition and segmentation, but the texture classes are based on high level

attributes.

Image and Shape Dataset Analysis

Wang et al. [221] proposes a method to transfer image segmentation labels to 3D models

by aligning the projections of the 3D shapes with annotated images. [87] performs single-

view reconstruction by jointly analyzing image and shape collections. Starting from a 3D

dataset with material annotations, [93] introduces a method for material suggestions based

on material relation of object parts. Similarly, [34] proposes a framework for automatic

assignment of materials and textures for indoor scenes based on a set of rules learnt from an

annotated database. The work of [91] proposes a framework to infer the geometry of a room

from a single image, but the appearance of the 3D models are estimated as the mean di↵use

color of the image pixels. [171] aligns 3D models with images to estimate reflectance maps

(orientation dependent appearance), and then uses them for shading. Closer to our work
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is the method of [220], which transfers textures from images to aligned shapes. However,

the transferred textures consist of only a di↵use albedo and need to contain strong patterns.

Our work attempts to alleviate this limitation by using rich multi-component representations

that capture a large variety of materials.

5.2 Dataset

In this section we describe the three types of datasets that we used in our paper: shape,

photo, and texture collections. For this work we have focused on chairs (including a variety

of sofas, o�ce chairs, stools etc.). Chairs have a diverse set of appearances and material

combinations that make them appealing for our experiments.

5.2.1 3D Shape Collections

The 3D models to be textured come from two free online CAD sources: ShapeNet [31] and

Herman Miller [78]. In particular, we used 5,740 3D models from ShapeNet and 90 models

from Herman Miller. ShapeNet is a large database of 3D models, containing thousands of

3D models across di↵erent categories. The furniture classes that are investigated in this

paper are among the most populous, providing a good sampling of the “furniture” geometry.

The Herman Miller database contains a small number of 3D models, but with higher quality

meshes.

Our 3D models are in OBJ format and are segmented into parts. These parts do not

always correspond to semantic groups like “chair leg” but are a byproduct of the 3D shape

design process. Some shapes do include material information either as simple Blinn-Phong

parameters or as textures, but such materials are usually low quality and inadequate for

photorealistic rendering.

Filtering The initial 3D shapes vary in terms of geometric detail and quality, etc. To

ensure that the shape collection contains su�cient geometric quality we pre-process the

database with the following steps. Firstly, we manually remove the 3D models that they do
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not belong to the aforementioned categories. Moreover, we remove unrealistic shapes and

shapes with poor quality. Next, we delete vertex doubles and we enable smooth shading.

Finally, all the models are resized to fit in a unit bounding cube.

UV Map Generation Most models lack UV mappings which are required for texturing.

To estimate the UV maps we use Blender’s “Smart UV projection” algorithm [213] for each

material segment.

5.2.2 Exemplars: Photographic References for PhotoShapes

Fabric Leather Metal Plastic Wood

Figure 5.2: Examples of materials from each class.
Rendered with Blender.

We pair 3D shapes with photographic ref-

erences which we call exemplars to guide

the appearance of PhotoShapes. Our collec-

tion of exemplar consists of of 40,927 prod-

uct photos that were collected from a) the

Herman Miller website, and b) image search

engines (Google and Bing), similar to [87].

Specifically, we used 1820 images from Her-

man Miller and 39107 from the search en-

gines. Product images are suitable for our

task because objects of interest are unclut-

tered and easily segmented from the back-

ground (which is usually white). To ensure

that images are unique, we remove duplicates by computing dense HOG features [56] on each

image and removing images with an L2 distance lower than 0.1. Moreover, a foreground mask

is computed for each image using a simple pixel value threshold. The object is then tightly

cropped with a square bounding box and resized to 1000x1000.
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Shape Collection

Photo Exemplars
Align Image-Shape Pairs & Pose

Part Segmentations

…

…

Material Collection

Our Synthetic Training Data

Multitask CNN…

Material

Substance

Train 

… Assign 

(d) PhotoShapes

Material
Prediction

Input Shape

Classifier Input

(c) Material Classifier(b) Shape-Image Alignment(a) Datasets

Render

Figure 5.3: An overview of our system. (a) The input to our system is a collection of images, shapes, and
materials. (§5.2), (b) we take the shape and image collections and correlate them in an alignment step (§5.3),
(c) we take each shape-image pair along with the finely aligned segmentation mask and predict the material
of each part (§5.4.2), (d) the output of our system is a large collection of richly textured 3D shapes (novel
viewpoints are shown in the figure).

5.2.3 Material Collection

Our goal is to provide realistic, physically based textures to a 3D model collection. Textures

are represented as SVBRDFs with spatially varying di↵use, specular and roughness maps.

They also contain geometric information via normal and height maps. This representa-

tion enables realistic reproduction of materials and seamless incorporation into any modern

physically based renderer.

We collected SVBRDFs by scanning real surfaces using [4] and by collecting synthetic

textures from online repositories. Specifically, we manually scanned 33 materials in addition

to the 34 materials provided in [4]. We downloaded 68 materials from [165], 57 materials

from VRay Materials [214] and 238 materials from [2]. We also manually created 15 metals

and plastics.

Materials scanned using [4] were converted from their model (similar to BRDF Model

A from [23]) to an anisotropic Beckmann model in order to render using Blender. All the

other BRDFs were rendered using their designed BRDFs. Poliigon and V-Ray Materials

are rendered using the GGX [215] model and Adobe Stock materials are rendered using the
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Figure 5.4: The top-5 shape and pose retrievals given
an image (outlined).

Figure 5.5: The top-5 image retrievals (outlined)
given a shape. Computed using a reverse-index.

Disney Principled BRDF [27]. In total, our database consist of 48 leathers, 154 fabrics, 105

woods, 86 metals, and 60 plastics. Examples of the materials are shown in Figure 5.2.

Normalizing Scale Materials are scanned or created with an arbitrary and unknown scale.

In order to use materials consistently, we manually assign a scale value si for each material

mi 2 M. This value is used as a scaling factor for the UV mappings which are scaled by a

factor of log si during rendering.

Environment Maps We also have a small set of 30 HDR environment maps from [46],

[239], and [2]. We select environment maps that simulate studio-like lighting conditions as

use them for all of our renderings.

5.3 Shape-Image Alignment

Given a collection of uncorrelated 3D shapes and images of the same category, we wish to

synthesize realistic textured versions of each 3D shape. To achieve this, we propose a system

to extract appearance information from the images and transfer that information onto the

shape collection. We pose the problem as a classification problem in which the goal is to

assign a material model from our texture dataset to each 3D shape part. Our system is

comprised of two parts:

1. Coarse step: assigns to each shape a list of exemplars and associated camera poses

2. Fine step: creates a pixel-wise alignment between shapes and exemplars
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3D Shape Silhouette

Image Silhouette
(a) (b) (c)

pcrfpflowpcoarse

SIFT Flow

Warp Dense CRF

Figure 5.6: We refine a coarsely aligned mesh segment ID map to better align with the image. The shape
segmentation map projected onto the image (a) after coarse alignment; (b) after applying the flow field
computed using SIFT Flow; (c) after applying our dense CRF.

We use the following terminology throughout the paper: a shape is a 3D model obtained

from an online shape collection. Each shape is by construction divided into object parts

defining structural divisions (seat, arm, leg, etc.) and material parts (P) defining which

objects should share the same material.

In order to texture a 3D shape, we refer to a set of associated image exemplars and use

them as a proxy for reasoning about plausible textures for the shape. For this to be possible

we must first compute an association between the collection of 3D shapes and exemplar

images. We call this task alignment and break it down into two steps: 1) a coarse step, and

2) a fine step.

5.3.1 Coarse Step: Shape to exemplar matching.

We seek a list of exemplars for each 3D shape, as well as the camera pose for every such

shape-exemplar pair. We pose coarse alignment as an image retrieval problem, solving shape

retrieval and pose estimation simultaneously. Similar approaches are taken in [87] and [220].

For e�ciency, we solve this by creating a reverse-index from exemplars to the top k shape

renderings. Inverting this index gives us our desired output.

We render each shape from various viewpoints sampled from a sphere around the object.
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The camera is parameterized in spherical coordinates. 50 elevation values are uniformly

sampled in � 2 [⇡
4
,

9

16
⇡] and (50 sin�) azimuth values sampled uniformly over ✓ 2 [0, 2⇡).

This results in 456 distinct viewpoints.

Distance Metric We require a distance metric in order to compare the compatibility of

a rendering and an image. The alignment problem is then

M(I) = argmin
�2�,✓2⇥,s2|S|

kF (R(s;�, ✓))� F (I)k (5.1)

where M is a function that returns the top match, I is the image query, R is the renderer,

S is the set of all shapes, � is the set of all elevations, ⇥ is the set of all azimuths, and F is

a feature descriptor.

We use the HOG descriptor from [56] as F . This feature descriptor has the benefit of

low dimensionality making computation and comparisons extremely e�cient. We compute

descriptors of size 100x100 with a bin size of 8 yielding 1352 dimensional features. The input

image is blurred with a Gaussian filter with � = 0.1 in order to reduce texture e↵ects.

During comparison, the rendering R(s;�, ✓) and the image I are both cropped with a

square bounding box around their foreground masks. This allows us to perform the coarse

alignment with a simple spherical coordinate camera model forgoing focal length or transla-

tion parameters.

5.3.2 Fine Step: Segmentation Refinement

3D shapes are segmented into object and material parts by their authors upon construction.

We assume that any parts of the shape which have the same material label share the same

apperance. One may also use the object parts as supervision for this purpose; however, we

find that these tend to be over segmented and lack the symmetry found in material segments

(e.g. each leg of a chair may be assigned a di↵erent material). Given the coarse alignment we

can compute a 2D material part labeling pcoarse 2 PN for an image of size N by projecting
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the shape parts P = {p1, p2, . . . , p|P|} with the estimated camera pose. The e↵ect of this is

shown in Figure 5.6(a).

A naive projecting of the coarsely aligned part mask is insu�cient for associating the two

modalities. The mask does not perfectly align with the exemplar and thin structures such as

chair legs may have zero overlap. We use the coarse alignment as initialization and perform

an additional refinement step in order to get a cleaner pixel-wise alignment of the projected

part mask.

SIFT Flow We use the approach from [220] in which we compute a flow which warps the

projected shape segment map onto the exemplar. The flow is computed by using the SIFT

Flow algorithm [121] on the silhouettes of each map. We encode the vertical and horizontal

pixel coordinates into the blue and green pixels of the silhouette image (as in Figure 5.3).

This prevents the SIFT Flow step from overly distorting the mask. The resulting warped

mask pflow 2 PN is shown in Figure 5.6(b).

Dense CRF The SIFT Flow refinement results in an overlapping but noisy segmentation.

We further clean the segmentation mask by using a dense CRF [108] in the same manner

as [13] (Please see supplemental materials for details). The resulting part mask pcrf 2 PN

which we use for the rest of the system is shown in Figure 5.6(c). The aligned part mask

enabled us to share information between shapes and corresponding image exemplars.

5.3.3 Substance Segmentation

We first use the aligned image exemplar to infer types of materials, a.k.a. “substances”

for each part of the aligned object. In the next section, we will convert these substances

into fine-grained SVBRDFs. We segment the image and label each pixel with a substance

category using [13]. For our experiments we use the substances ’leather’, ’fabric’, ’metal’,

’wood’, and ’plastic’. Similar categories are mapped to a canonical category (e.g. ’carpet’

to ’fabric’). All other category probabilities are set to zero and the remainder are re-scaled
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to sum to 1.0. This process results in a substance mask q 2 QN where Q = {q1, q2, . . . , q|Q|}

is the set of substance labels. We compute a substance labeling of the shape qshape 2 Q|P|

by choosing the substance label that has the most overlap. Let si be the substance label

of part i. This process may also yield a cleaner substance segmentation of the image. See

supplementary material for an example.

This process assigns a substance label to each aligned 3D shape part computed from

§5.3.2.

5.4 Image Segment to SVBRDF

Our objective is to assign a plausible SVBRDF to each part of a 3D shape. One approach

is to extract planar patches and optimize a texture as in [220] with an SVBRDF regression

method such as [116]. However, we find that extracting patches from images yields low

resolution, distorted textures which are di�cult to analyze. Extracting local planar patches

also loses global context which is useful for inferring glossiness.

We instead tackle this problem as a classification problem. The input is an image and

a corresponding binary mask representing a single material. The output is a material label

m 2 M chosen from our collection of SVBRDFs. Ideally we would have a collection of real

images with ground truth SVBRDF labelings. In practice, it is di�cult to define such a task.

We also found human judgment of reflectance (as in [12]) to be noisy and low quality. We

therefore generate synthetic data where we know ground truth.

5.4.1 Synthesizing Training Data

Synthetic data has shown to be e↵ective for training or augmenting models that generalize

to real world applications [172, 195]. We therefore sidestep the di�culty of collecting ground

truth by creating our own. Given our 3D shape and material databases, we can create a

large amount of training data by applying di↵erent materials to shapes and rendering to a

range of camera viewpoints under di↵erent illuminations.
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Camera Pose Prior We find that there is a strong bias in camera poses in real images

(e.g., chairs are rarely photographed from below). We thus uniformly sample from the

distribution of camera poses obtained in the coarse alignment step.

Substance Prior Substances do not occur randomly in objects. Legs of chairs are usually

not made of leather and a sofa is usually not upholstered with metal. We leverage the

shape substance labelings qpi 2 qshape in §5.3.3 to enforce a substance prior. Instead of

selecting a completely random material, we condition on the substance category and sample

mpi ⇠ U({m|m 2 M, qm = qpi}).

Texture Scale Normalization Di↵erent tessellation and UV mappings can arbitrarily

change the rendered scale of our textures. We normalize the UV scale for each mesh segment

Si by computing a density Di = A
uv

i
/A

world

i
where A

uv

i
is the local UV-space surface area

of the mesh and A
world

i
is the local world-space surface area. The UV coordinates for the

segment is then scaled by 1

Di
. This method assumes little or no distortion in the UV mapping.

Randomized Rendering To generate a single random rendering, we uniformly sample a

shape-exemplar pair computed in §5.3.1. Given a pair, we 1) sample a camera pose from the

distribution computed above, 2) assign a random material (SVBRDF) to each shape part

conditioned on the substance label computed in §5.3.3, and 3) select a random environment

map.

To improve classifier robustness, we further augment our data as follows: 1) Randomly

jitter azimuth and elevation by �✓ ⇠ U([� ⇡

12
,

⇡

12
]) and �� ⇠ U([� ⇡

24
,

⇡

24
]), 2) randomly select

a field of view fovx ⇠ U([50, 60]), 3) randomly select a camera distance r ⇠ U([1.3, 1.75]),

4) randomly scale the radiance of the environment map by senv ⇠ U([0.9, 1.2]), 5) ran-

domly scale, rotate, and translate UV mappings by (�suv 2 [�1, 0.5], �✓s 2 [0, 2⇡], and

�x,�y 2 [0, 1]2) respectively. We use Blender to generate 156,262 renderings (examples in

supplementary material).
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5.4.2 Material Classification

Our synthetic dataset is generated by conditioning on substances. We would like to be

able to generate PhotoShapes with more accurate fine grained materials (e.g., a specific

’oak’, ’cherry’, ’maple’, instead of just ’wood’). Although material assignments were only

conditioned on substance categories, the renderings of our synthetic dataset from §5.4.1

contain ground truth labels for which specific material is rendered at each pixel.

We directly use the renderings and their ground truth materials to train a classifier

which predicts which materials are present in a specified image. We experimented with

other methods such as color histogram matching but found that such brute-force matching

approaches are not practical when comparing a large number of materials. Our classifier is

a feed-forward neural network which is e�cient even for a large number of materials.

The input to our classifier is an image exemplar concatenated with a binary segmentation

mask. The input mask represents the portion of the image that is to be classified. For exam-

ple, if the mask had non-zero- values only within the fabric upholstery (as in Figure 5.3(c))

the desired output would be a blue fabric. The output of our classifier is an |M| dimensional

vector xm which when applied a soft-max operator becomes a discrete probability mass. We

optimize this class labeling using a cross entropy loss

Lmat(x
m
, y

m

i
) = � log

 
exp xm

iP
j
exp xm

j

!

where y
m

i
is the ground truth label.

Multitask Learning

We find that naively training a network only on material class information generalizes poorly

to real images. Intuitively this makes sense since we have given the system no information

about the relative a�nity between di↵erent materials e.g., it is less wrong to classify beech

wood as cherry wood than it is to classify it as a black leather. We introduce an auxiliary

task to our network in order to regularize our feature space and to teach the network the

relative a�nity between materials.
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Substance Classification Mis-classifying a wood material as leather is more detrimental

than classifying it as a di↵erent wood. As such, we add an additional fully connected layer

to our network which predicts the substance category q 2 Q of the input (wood, leather,

plastic, etc.) The ground truth labels come directly from annotations of our material dataset.

The substance is also a classification and is optimized using a cross entropy loss in a similar

fashion to the material loss:

Lsub(x
s
, y

s

i
) = � log

 
exp xs

iP
j
exp xs

j

!

where y
s

i
the ground truth label.

Combining Losses The most straightforward way to optimize our objective is to compute

a weighted sum of our loss functions:

L(x,y;�) = Lmat(x
m
,ym) + �Lsub(x

s
,ys)

for some weighting term �. However, we found it more e�cient to use the uncertainty

weighted multitask loss from [100] which defines a weighting based on learned homoscedastic

(task-dependent and not data-dependent) uncertainties �̂2

m
, �̂

2

s
. Concretely, our loss function

is formulated as:

L(x,y; �̂) = Lmat(x
m
,ym)�̂�2

m
+ log �̂2

m
(5.2)

+ Lsub(x
s
,ys)�̂�2

s
+ log �̂2

s
(5.3)

In practice, we optimize for the log variance ŝ := log �̂2 as it avoids a possible divide by

zero and is more numerically stable:

L(x,y; ŝ) = Lmat(x
m
,ym) exp(�ŝm) + ŝm (5.4)

+ Lsub(x
s
,ys) exp(�ŝs) + ŝs (5.5)

We initialize ŝm = 0.0, ŝm = �1.0.
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Model Architecture and Training

We use Resnet-34 [73] with weights initialized to those pre-trained on ImageNet. We add

a 4th alpha channel to the input layer of the network which represents the segment of the

image we wish to classify. The associated filters of the alpha channel are initialized with

a random Gaussian. The output of the network is a score for each of the C + 1 categories

mapping to a material and a background class.

We train the network with stochastic gradient descent (SGD) with a fixed learning rate

of 0.0001 until convergence (about 100 epochs). We perform standard data augmentations:

random rotations, random crops, random aspect ratio changes, random horizontal flips, and

random chromatic/brightness/contrast shifts.

Pretraining on Real Images

Although our network trained only on synthetic renderings generalizes fairly well to real

images, we found that having natural image supervision helps the network learn a more

robust model. We pre-train our network on the dataset of [13] using their ground truth

region polygons to generate input masks. Our data mostly has white backgrounds and we

therefore interleave whole image inputs with cropped inputs with white backgrounds.

We randomly split the OpenSurfaces dataset into training and validation sets at a ratio

of 9:1. We fine-tune the network initialized to weights pretrained on ImageNet [49] and train

using only the substance task with a learning rate of 0.0001 until convergence. The network

reaches 86.77% top-1 validation precision on the our pretraining validation set.

Inference

Given an image we take the segmentation mask computed in §5.3.2 and infer a material

for each segment. We find that we are able to improve material prediction performance by

weighting the material prediction by the confidence of the corresponding substance category

prediction.
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(a)

(b)

(a)

(b)

Figure 5.7: The top-3 material predictions of our material classification network for the input shown on the
left. (a) shows predictions when trained without substance supervision, (b) shows predictions when trained
with substance supervision.

5.4.3 Generating PhotoShapes

The final objective is to create a collection of photorealistic, relightable 3D shapes. Con-

sider the collection of all aligned shape-exemplar pairs computed in §5.3 as PhotoShapes

candidates. These candidates become PhotoShapes when each of their material parts are

assigned a relightable texture. The latter step is done simply by applying §5.4.2 to each

photo-aligned material part (using the mask from §5.3.2). For our experiments, we took the

top 12 matching exemplars for each shape (ordered by HOG distance) and discarded any

pairs with a HOG distance < 8. We then applied our material classifier to the remaining

candidates. This process yields 29,133 PhotoShapes. Examples are in Figure ??.
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5.5 Experiments

In this section, we describe implementation details, evaluations, comparisons to prior work,

limitations, and applications.

5.5.1 Baselines

Built-in Textures The simplest baseline is to compare with the materials that come

by default from each shape model. Most of the shapes in our dataset lack any meaningful

material properties. Besides the very few with high quality textures, most shapes have either

arbitrary colors or low resolution textures.

No Material Classification We evaluate a version of our method without the material

classification step. We assign random materials given the substance computed in §5.3.3.

This is akin to our training data generation process.

(a) Exemplar (b) Median Color (c) Ours

Figure 5.8: Matching by median color fails to account
for specular reflections and fetches a di↵use, lighter
material. We include the color histogram of each image
on the upper left with the median color (dotted lines).

Color Matching A naive method of

matching materials is to render a shape with

all possible materials and compare the re-

sulting color distribution with the exem-

plar image. Our experiments show that

such brute-force approaches were too slow

for large-scale applications (rendering thou-

sands of object with hundreds of materials

takes a long time). Such comparisons also have di�culty accounting for complicated textures

and non-uniform lighting e↵ects such as shadows and specularities. We show a comparison

in Figure 5.8.

Projective Texturing Another approach for appearance modeling is projective texturing.

If the alignment between the 3D model and the image is good [46, 101], the image can be



90

Figure 5.9: Our method is able to produce di↵erent plausible materials (bottom) of the same Shape (left)
given di↵erent exemplar images (top outlined).

used as a texture for the 3D model. However, good alignment is a very di�cult task, even

with manual intervention. An additional approach that models the appearance of an object

as “baked” material and illumination properties is reflectance maps [171]. Figure 5.13 shows

the results of projective texturing and reflectance map shading compared to our approach.

5.5.2 Results

We show a sample of our results in Figure 5.15, comparing to the built-in materials, our

results with no classifier, and our full results. We also show the benefit of using high-

resolution relightable textures in Figure 5.12.

We also show results for categories other than chairs in Figure 5.10. Note that these re-

sults are produced without additional training. Results may be improved by adding relevant

materials (e.g., rubber for tires) and further training the classifier.

5.5.3 User Study

Table 5.1: User Study. The ratio of users who thought
our results were real photographs.

ShapeNet Herman Miller

Real Fake Real Fake

Built-in 32% 68% 37% 63%

Ours (No Classifier) 41% 59% 43% 57%

Ours 47% 53% 51% 49%

Photographs 81% 19% 83% 17%

We conducted a user study on Amazon Me-

chanical Turk to evaluate the performance

of our method. We showed users an im-

age and asked them to specify whether they

thought the image was a ”real photograph”

or ”generated by a computer”. We tested

our method with three di↵erent baselines:
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Exemplar ExemplarResult Result

Figure 5.10: Without any additional training, our pipeline produces plausible results for motorcycles (top
left), pillows (top right), co↵ee tables (bottom left) and cabinets (bottom right). A green outline indicates
the exemplar followed by our result to the right. The motorcycle tires are assigned metallic and leather
materials as we lack a rubber material in our dataset. The knobs of the cabinet were missed by the fine
alignment step due to the small size and sharp color variation of the chrome.

built-in textures, our pipeline but without

the material classifier, our full method, and real images. We performed the study on the

ShapeNet and Herman Miller datasets separately. For ShapeNet results, we sampled 1000

result renderings uniformly at random. For Herman Miller results we sampled 500. Results

are shown in Tab. 5.1.

5.5.4 Shape to PhotoShapes Conversion Rate

We also manually evaluated our results. We categorize resulting PhotoShapes from our

pipeline into the following categories: good, acceptable, and failure. Good results represent

their exemplar image almost exactly. Acceptable results have slight di↵erences from the exem-

plar but are good representations.
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(d) Failure(a) Good (a) Acceptable

(i)

(ii)

(iii) (vi)

(v)

(iv)

Figure 5.11: Representative examples of our categorization of results. (a) Good models are good represen-
tations of the original exemplar. (b) Acceptable models have slight di↵erences but are overall plausible.
(c) Failures, for which we identify the following modes: (i) material mis-classification, (ii) material mis-
classification caused by ambiguous appearance (plastic sometimes looks like leather etc.), (iii) color mismatch,
(iv) over-segmented mesh causing material discontinuity, (v) under-segmented mesh making it impossible to
assign correct materials, and (vi) mis-alignment of the exemplar and shape (includes retrieving the wrong
object)

Table 5.2: Our generated PhotoShapes divided into
good, acceptable, and failure categories. We also show
the sum of the good and acceptable classes. See
Tab. 5.3 for a more detailed division of failures.

Good Acceptable Failure Good+Acc

ShapeNet 6.08% 32.76% 61.15% 38.85%

Herman Miller 37.45% 30.45% 32.10% 67.90%

We ignore shapes with low mesh quality

(very low polygon count, holes, incorrect

normals) and bad exemplars (watermarks,

transparent materials, etc.). Everything else

are considered failures. We identify four

main failure modes: (1) material mis-classification e.g., metal instead of wood, (2) color

or pattern mismatch, (3) failures due to the under- or over-segmentation of meshes, and

(4) incorrect shape retrievals or mis-alignments. Representative examples of each of each

category are shown in Figure 5.11.

We evaluate our two input shapes collections (ShapeNet and Herman Miller) separately.

We generate 28,432 PhotoShapes for ShapeNet and 701 PhotoShapes for Herman Miller

shapes. Since manually sorting all results is not feasible, we evaluate quality on a random

sampling. We uniformly randomly sample 1,322 PhotoShapes from ShapeNet and 243 Pho-
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toShapes from Herman Miller and categorize them into the aforementioned classes. We found

most failure cases were due to mis-alignments and under-segmentations of the mesh. Tab. 5.2

shows the division between each category, and Tab. 5.3 shows a finer division between di↵er-

ent failure modes. Our shapes from Herman Miller have considerably higher mesh quality,

resulting in a higher success rate due to a lower number of mis-alignments.

Extrapolating from our categorization, our system was able to produce around 2,100

’good’ PhotoShapes for ShapeNet and 262 ’good’ PhotoShapes for Herman Miller. Including

’acceptable’ results, we generated 11,000 PhotoShapes for ShapeNet and 475 PhotoShapes

for Herman Miller.

Table 5.3: Di↵erent modes of failure. ’align’ refers to
mis-alignment errors, ’subst’ refers to substance mis-
classification errors, ’color’ refers to incorrect color
or pattern predictions, ’und-seg’ refers to errors due
to the under-segmentation of the shape, and ’ov-seg’
refers to awkward results due to models being over-
segmented. See Figure 5.11 for examples.

align subst color und-seg ov-seg

ShapeNet 40.18% 27.93% 11.86% 17.98% 2.04%

Herman Miller 14.10% 38.46% 32.05% 14.10% 1.28%

We also report input shape coverage

(projected numbers shown in parentheses).

Our annotations show that 14.93% (856) of

ShapeNet shapes and 68.42% (69) of Her-

man Miller shapes had least one ’good’ Pho-

toShapes. When we include ’acceptable’ re-

sults, ShapeNet had a success rate of 64.25%

(3,687) and 91.23% (92) for Herman Miller.

While a success rate like 64% may not sound impressive, it is very significant in the

context of the problem that we’re trying to solve, i.e., generating a large dataset of high

quality PhotoShapes. I.e., we have generated over 3,500 photorealistic, relightable,

3D shapes of chairs. It’s not critical that we texture every shape, as many of these

(particularly with ShapeNet) were artist-created and may not correspond to real furniture

for which photo exemplars exist.

5.5.5 Material Classifier Evaluation

Data Split We split our synthetic rendering dataset into a training set and a validation

set. Since our materials are our prediction categories, we perform the split on the set of

shapes and environment maps that are used to generate our renderings. We set aside 10% of
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our shapes and environment maps as validation and use the rest for training. This process

yields 156,511 renderings for training and 15,872 renderings for validation.

Ablation Study We evaluate our network with the following metrics: a) the top-1 material

class precision, b) top-5 material class precision, c) top-1 substance class precision of the

substance output layer, and d) the top-1 substance class precision of the substance predicted

by aggregating the confidence of each material class by substance category.

Table 5.4: Ablation Study. We compare di↵erent ver-
sions of our model on our synthetic validation set. We
try the permutations of whether or not we pretrain on
OpenSurfaces and the presence of an additional sub-
stance task. (a) mtl@1 is the top-1 validation preci-
sion, (b) mtl@5 is the top-5 precision, (c) sub@1 is the
top-1 substance precision of the substance task layer
prediction, and (d) sub-mtl@1 is the top-1 precision of
the substance prediction implied by the material pre-
diction.

pretrain sub mtl@1 mtl@5 sub@1 sub-mtl@1

N N 33.87% 61.95% - 71.38%

N Y 37.17% 64.31% 75.50% 76.58%

Y N 37.59% 64.69% - 72.37%

Y Y 37.34% 65.45% 75.51% 76.60%

We compare four di↵erent versions of

our network: 1) trained only with mate-

rial class supervision, 2) trained with mate-

rial and substance class supervision, 3) pre-

trained on OpenSurfaces and then trained

only with material class supervision, and

4) pretrained on OpenSurfaces and then

trained with material and substance class su-

pervision. The results for these metrics are

shown in Tab. 5.4.

Our additional substance categorization

task significantly boosts the validation ac-

curacy of our classifier. We also find that

material predictions are qualitatively more robust when trained with substance supervision

as shown in Figure 5.7.

5.5.6 Image-Based SVBRDF Retrieval

Finding or designing a suitable material for a 3D scene may be time consuming. An appli-

cation of our work is retrieving a BRDF based on an image. A user-specified region of an

image may be used as input to our classifier in order to produce a ranking of BRDFs.

Despite being provided very little natural image supervision (only pretraining on Open-
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Surfaces), our material classifier is able to generalize surprisingly well to general photographs

that do not have white backgrounds. Examples of predictions on such images are shown in

Figure 5.14.

5.6 Discussion

5.6.1 Limitations and Future Work

Our results are limited in part by the variety of materials available – we cannot reconstruct

the wheels of the motorcycle in Figure 5.10 because we do not have a rubber tire material.

Our results could be improved by expanding the material database or by exploring methods

to augment the current materials. This may be done by synthetically varying color and

glossiness, or by synthesis of novel SVBRDFs.

Our work relies heavily on reliable matching of photos and shapes. Most of our failures

come from mis-alignments or under-segmentations of the input shape. Adding more exem-

plar images and filtering low-quality shapes would yield better results. Incorporating more

sophisticated alignment and segmentation methods are interesting topics for future work.

5.6.2 Conclusion

We have presented a framework that assigns high quality relightable textures to a collection

of 3D models with limited material information. The textures come from a large database

and the material-to-3D assignment is performed with the guidance of real images to ensure

plausible material configurations, and yields thousands of high quality PhotoShapes.
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Figure 5.12: Here we show some of our results and close-ups. By using SVBRDFs to model we are able to
infer appearance at great detail, even if the exemplar image has low resolution.



97

Exemplar Projective Texturing Re!ectance Map Ours

Figure 5.13: Comparisons of producing a novel view of an exemplar image using projective texturing, re-
flectance maps, and then our method.

Figure 5.14: Without any additional training, our network is able to make reasonable predictions on natural
images. The input image and colored outline for the segmentation mask is shown on the left. The top BRDF
retrieval for each segment are shown on the right.
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(a) Shape (b) Exemplar (c) Default (d) No ClassiƓer (e) Ours

(a) Shape (b) Exemplar (c) Default (d) No Classi!er (e) Ours

Figure 5.15: Selected Results. (a) shows the input shape, (b) the exemplar image, (c) a rendering with the
default materials that come with the shape, (d) rendering with materials sampled conditioned on substance
category, (e) renderings of our final PhotoShapes. Please see supplementary materials for more results.
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Chapter 6

NEURAL RENDERING FOR
ZERO-SHOT POSE ESTIMATION

1. Reconstruction and Rendering

Reference

Modeler

Latent Object

……

2. Pose Estimation

… …

Pose

Image
Based

Renderer
…

RGB

Query
(RGB + Mask + Depth)

!
PoseRenderer

Predicted Depth

Query Depth

Gradients

Novel Pose
Renderer

Depth + Mask

Figure 6.1: We present an end-to-end di↵erentiable reconstruction and rendering pipeline. We use this
pipeline to perform pose estimation on unseen objects using simple gradient updates in a render-and-compare
fashion.

Nerfies, presented in Chapter 3, and HyperNeRF, presented in Chapter 4 are examples

of neural rendering methods. Neural rendering methods are usually di↵erentiable, meaning

that they can be “inverted” by performing gradient descent on input parameters with respect

to their outputs. In this chapter, I introduce LatentFusion [158], a framework for performing

both 3D reconstruction and rendering using a neural network. This neural network takes

posed images of an object as input and can render it from any novel viewpoint. I show how

we can exploit this di↵erentiable pipeline to solve zero-shot pose estimation.

LatentFusion addresses 6D object pose estimation. An object pose is typically defined by

a 3D orientation (rotation) and translation comprising six degrees of freedom (6D). Knowing

the pose of an object is crucial for any application that involves interacting with real world

objects. For example, in order for a robot to manipulate objects it must be able to reason

about the pose of the object. In augmented reality, 6D pose estimation enables virtual

interaction and re-rendering of real world objects.

In order to estimate the 6D pose of objects, current state-of-the-art methods [50, 216, 231]
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require a 3D model for each object. Methods based on renderings [208] usually need high

quality 3D models typically obtained using 3D scanning devices. Although modern 3D

reconstruction and scanning techniques such as [148] can generate 3D models of objects,

they typically require significant e↵ort. It is easy to see how building a 3D model for every

object is an infeasible task.

Furthermore, existing pose estimation methods require extensive training under di↵erent

lighting conditions and occlusions. For methods that train a single network for multiple

objects [231], the pose estimation accuracy drops significantly with the increase in the number

of objects. This is due to large variation of object appearances depending on the pose. To

remedy this mode of degradation, some approaches train a separate network for each object

[50, 199, 208]. This approach is not scalable to a large number of objects. Regardless of

using a single or multiple networks, all model-based methods require extensive training for

unseen test objects that are not in the training set.

We investigate the problem of constructing a 3D object representations for 6D object

pose estimation without 3D models and without extra training for unseen objects during

test time. The core of our method is a novel neural network that takes a set of reference

RGB images of a target object with known poses, and internally builds a 3D representation

of the object. Using the 3D representation, the network is able to render arbitrary views of

the object. To estimate object pose, the network compares the input image with its rendered

images in a gradient descent fashion to search for the best pose where the rendered image

matches the input image. Applying the network to an unseen object only requires collecting

views with registered poses using traditional techniques [148] and feeding a small subset of

those views with the associated poses to the network, instead of training for the new object

which takes time and computational resources.

Our network design is inspired by space carving [110]. We build a 3D voxel representation

of an object by computing 2D latent features and projecting them to a canonical 3D voxel

space using a deprojection unit inspired by [150]. This operation can be interpreted as

space carving in latent space. Rendering a novel view is conducted by rotating the latent
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voxel representation to the new view and projecting it into the 2D image space. Using the

projected latent features, a decoder generates a new view image by first predicting the depth

map of the object at the query view and then assigning color for each pixel by combining

corresponding pixel values at di↵erent reference views.

To reconstruct and render unseen objects, we train the network on the ShapeNet dataset [30]

randomly textured with images from the MS-COCO dataset [120] under random lighting con-

ditions. Our experiments show that the network generalizes to novel object categories and

instances. For pose estimation, we assume that the object of interest is segmented with a

generic object instance segmentation method such as [232]. The pose of the object is es-

timated by finding a 6D pose that minimizes the di↵erence between a predicted rendering

and the input image. Since our network is a di↵erentiable renderer, we optimize by directly

computing the gradients of the loss with respect to the object pose. Fig. 6.1 illustrates our

reconstruction and pose estimation pipeline.

Some key benefits of our method are:

1. Ease of Capture – we perform pose estimation given just a few reference images rather

than 3D scans;

2. Robustness to Appearance – we create a latent representation from images rather than

relying on a 3D model with baked appearance; and

3. Practicality – our zero-shot formulation requires only one neural network model for all

objects and requires no training for novel objects.

In addition, we introduce the Model-free Object Pose Estimation Dataset (MOPED)

for evaluating pose estimation in a zero-shot setting. Existing pose estimation benchmarks

provide 3D models and rendered training images sequences, but typically do not provide

casual real-world reference images. MOPED provides registered reference and test images

for evaluating pose estimation in a zero-shot setting.
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Figure 6.2: A high level overview of our architecture. 1) Our modeling network takes an image and mask
and predicts a feature volume for each input view. The predicted feature volumes are then fused into a single
canonical latent object by the fusion module. 2) Given the latent object, our rendering network produces a
depth map and a mask for any camera pose.

6.1 Related Work

Pose Estimation Pose estimation methods fall into three major categories. The first

category tackles the problem of pose estimation by designing network architectures that

facilitate pose estimation [99, 109, 145]. The second category formulates the pose estimation

by predicting a set of 2D image features, such as the projection of 3D box corners [85, 164,

208, 216] and direction of the center of the object [231], then recovering the pose of the

object using the predictions. The third category estimates the pose of objects by aligning

the rendering of the 3D model to the image. DeepIM [117] trains a neural network to

align the 3D model of the object to the image. Another approach is to learn a model

that can reconstruct the object with di↵erent poses [50, 199]. These methods then use the

latent representation of the object to estimate the pose. A limitation of this line of work is

that they need to train separate auto-encoders for each object category and there is a lack

of knowledge transfer between object categories. In addition, these methods require high-

fidelity textured 3D models for each object which are not trivial to build in practice since

it involves specialized hardware [187]. Our method addresses these limitations: our method

works with a set of reference views with registered poses instead of a 3D model. Without

additional training, our system builds a latent representation from the reference views which
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can be rendered to color and depth for arbitrary viewpoints. Similar to [50, 199], we seek to

find a pose that minimizes the di↵erence in latent space between the query object and the

test image. Di↵erentiable mesh renderers have been explored for pose estimation [39, 155]

but still require 3D models leaving the acquisition problem unsolved.

3D shape learning and novel view synthesis Inferring shapes of objects at the cat-

egory level has recently gained a lot of attention. Shape geometry has been represented as

voxels [40], Signed Distance Functions (SDFs) [156], point clouds [235], and as implicit func-

tions encoded by a neural network [190]. These methods are trained at the category level

and can only represent di↵erent instances within the categories they were trained on. In

addition, these models only capture the shape of the object and do not model the appearance

of the object. To overcome this limitation, recent works [150, 151, 190] decode appearance

from neural 3D latent representations that respect projective geometry, generalizing well to

novel viewpoints. Novel views are generated by transforming the latent representation in 3D

and projecting it to 2D. A decoder then generates a novel view from the projected features.

Some methods find a nearest neighbor shape proxy and infer high quality appearances but

cannot handle novel categories [157, 219]. Di↵erentiable rendering [115, 124, 150] systems

seek to implement the rendering process (rasterization and shading) in a di↵erentiable man-

ner so that gradients can be propagated to and from neural networks. Such methods can

be used to directly optimize parameters such as pose or appearance. Current di↵erentiable

rendering methods are limited by the di�culty of implemented complex appearance models

and require a 3D mesh. We seek to combine the best of these methods by creating a di↵er-

entiable rendering pipeline that does not require a 3D mesh by instead building voxelized

latent representations from a small number of reference images.

Multi-View Reconstruction Our method takes inspiration from multi-view reconstruc-

tion methods. It is most similar to space carving [110] and can be seen as a latent-space

extension of it. Dense fusion methods such as [148, 225] generate dense point clouds of
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the objects from RGB-D sequences. Recent works [210, 211] have explored ways to learn

object representations from unaligned views. These methods recover coarse geometry and

pose given an image, but require large amounts of training data for a single object cate-

gory. Our method builds on both approaches: we train a network to reconstruct an object;

however, instead of training per-object or per-category, we provide multiple reference images

at inference time to create a 3D latent representation which can be rendered from novel

viewpoints.

6.2 Overview

We present an end-to-end system for novel view reconstruction and pose estimation. We

present our system in two parts. Sec. 6.3 describes our reconstruction pipeline which takes

a small collection of reference images as input and produces a flexible representation which

can be rendered from novel viewpoints. We leverage multi-view consistency to construct a

latent representation and do not rely on category specific shape priors. This key architecture

decision enables generalization beyond the distribution of training objects. We show that our

reconstruction pipeline can accurately reconstruct unseen object categories from real images.

In Sec. 6.4, we formulate the 6D pose estimation problem using our neural renderer. Since

our rendering process is fully di↵erentiable, we directly optimize for the camera parameters

without the need for additional training or code-book generation for new objects.

Camera Model Throughout this paper we use a perspective pinhole camera model with

an intrinsic matrix

K =

0

BBBB@

fu 0 u0

0 fv v0

0 0 1

1

CCCCA
, (6.1)

and a homogeneous extrinsic matrix E = [R|t], where fu and fv are the focal lengths,

u0 and v0 are the coordinates of the camera principal point, and R and t are rotation
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and translation of the camera, respectively. We also define a viewport cropping parameter

c = (u�, v�, u+, v+) which represents a bounding box around the object in pixel coordinates.

For brevity, we refer to the collection of these camera parameters as ✓ = {R, t, c}.

6.3 Neural Reconstruction and Rendering

Given a set of N reference images with associated object poses and object segmentation

masks, we seek to construct a representation of the object which can be rendered with arbi-

trary camera parameters. Building on the success of recent methods [151, 190], we represent

the object as a latent 3D voxel grid. This representation can be directly manipulated using

standard 3D transformations–naturally accommodating our requirement of novel view ren-

dering. The overview of our method is shown in Fig. 6.2. There are two main components

in our reconstruction pipeline: 1) Modeling the object by predicting per-view feature vol-

umes and fusing them into a single canonical latent representation; 2) Rendering the latent

representation to depth and color images.

6.3.1 Modeling

Our modeling step is inspired by space carving [110] in that our network takes observations

from multiple views and leverages multi-view consistency to build a canonical representation.

However, instead of using photometric consistency, we use latent features to represent each

view which allows our network to learn features useful for this task.

Per-View Features We begin by generating a feature volume for each input view I i 2

{I1, . . . ,IN}. Each feature volume corresponds to the camera frustum of the input camera,

bounded by the viewport parameter c = (u�, v�, u+, v+) and depth-wise by z 2 [zc�r, zc+r]

where zc is the distance to the object center and r is the radius of the object. Figure 6.3

illustrates the generation of the per-view features. Similar to [188], we use U-Nets [174]

for their property of preserving spatial structure. We first compute 2D features gpix(xi) 2

RC⇥H⇥W by passing the input xi (an RGB image I i, a binary mask Mi, and optionally
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depthDi) through a 2D U-Net. The deprojection unit (p") then lifts the 2D image features in

RC⇥H⇥W to 3D volumetric features in R(C/D)⇥D⇥H⇥W by factoring the 2D channel dimension

into the 3D channel dimension C
0 = C/D and depth dimension D. This deprojection

operation is the exact opposite of the projection unit presented in [150]. The lifted features

are then passed through a 3D U-Net gcam to produce the volumetric features for the camera:

�i = gcam � p" � gpix(xi) 2 RC
0⇥M⇥M⇥M

. (6.2)
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Figure 6.3: The M ⇥ M ⇥ M per-view feature vol-
umes computed in the modeling network corresponds
a depth bounded camera frustum. The blue box on the
image plane is determined by the camera crop param-
eter c = (u�, v�, u+, v+) and together with the depth
determines the bounds of the frustum.

Camera to Object Coordinates Each

voxel in our feature volume represents a

point in 3D space. Following recent works

[150, 151, 188], we transform our feature

volumes directly using rigid transformations.

Consider a continuous function �(x) 2 RC
0

defining our camera-space latent represen-

tation, where x 2 R3 is a point in cam-

era coordinates. The feature volume � is

a discrete sample of this function. This

representation in object space is given by

 (x0) = �(W�1x0) where x0 is a point in object coordinates and W = [R|t] is an object-to-

camera extrinsic matrix. We compute the object-space volume  ̂ by sampling �(W�1x0
ijk
)

for each object-space voxel coordinate x0
ijk
. In practice, this is done by trilinear sampling the

voxel grid and edge-padding values that fall outside. Given this transformation operation

Tc!o, the object-space feature volume is given by  ̂i = Tc!o(�i).

View Fusion We now have a collection of feature volumes  ̂i 2 { ̂i, . . . ,  ̂N}, each

associated with an input view. Our fusion module f fuses all views into a single canonical

feature volume:  = f( ̂1, . . . ,  ̂N).

Simple channel-wise average pooling yields good results but we found that sequentially
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integrating each volume using a Recurrent Neural Network (RNN) similarly to [188] slightly

improved reconstruction accuracy (see §6.5.5). Using a recurrent unit allows the network

to keep and ignore features from views in contrast to average pooling. This facilitates

comparisons between di↵erent views allowing the network to perform operations similar to

the photometric consistency criterion used in space carving [110]. We use a Convolutional

Gated Recurrent Unit (ConvGRU) [7] so that the network can leverage spatial information.

6.3.2 Rendering

Per-View

…

GRU

GRU

GRU

…

Canonical

2. Recurrent Fusion1. Pooling Fusion
Per-View

…

Channel
Mean

Canonical

Figure 6.4: We illustrate two methods of fusion per-
view feature volumes. (1) Simple channel-wise average
pooling and (2) a recurrent fusion module similar to
that of [188]

Our rendering module takes the fused ob-

ject volume  and renders it given arbitrary

camera parameters ✓. Ideally, the rendering

module would directly regress a color image.

However, it is challenging to preserve high

frequency details through a neural network.

U-Nets [174] introduce skip connections be-

tween equivalent-scale layers allowing high

frequency spatial structure to propagate to

the end of the network, but it is unclear how

to add skip connections in the presence of

3D transformations. Existing works such as

[126, 188] train a single network for each scene allowing the decoder to memorize high fre-

quency information while the latent representation encodes state information. Trying to

predict color without skip connections results in blurry outputs. We side-step this di�culty

by first rendering depth and then using an image-based rendering approach to produce a

color image.

Decoding Depth Depth is a 3D representation, making it easier for the network to exploit

the geometric structure we provide. In addition, depth tends to be locally smoother compared
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to color allowing more information to be compactly represented in a single voxel.

Our rendering network is a simple inversion of the reconstruction network and bears

many similarities to RenderNet [150]. First, we pass the canonical object-space volume  

through a small 3D U-Net (hobj) before transforming it to camera coordinates using the

method described in Sec. 6.3.1. We perform the transformation with an object-to-camera

extrinsic matrix E instead of the inverse E�1. A second 3D U-Net (hcam) then decodes the

resulting volume to produce a feature volume:

 0 = hcam � To!c � hobj( ) , (6.3)

which is then flattened to a 2D feature grid �0 = p#( 0) using the projection unit (p#)

from [150] by first collapsing the depth dimension into the channel dimension and applying

a 1x1 convolution. The resulting features are decoded by a 2D U-Net (hpix) with two output

branches for depth (hdepth) and for a segmentation mask (hmask). The outputs of the rendering

network are given by

ydepth(�
0) = hdepth � hpix(�

0) , (6.4)

ymask(�
0) = hmask � hpix(�

0) . (6.5)

Image Based Rendering (IBR) We use image-based rendering [185] to leverage the

reference images to predict output color. Given the camera intrinsics K and depth map for

an output view, we can recover the 3D object-space position of each output pixel (u, v) as

X = E�1

✓
u� u0

fu
z,

v � v0

fv
z, z, 1

◆T

, (6.6)

which can be transformed to the input image frame as x0
i = KiWiX for each input camera

✓i = {Ki,Wi}. The output pixel can then copy the color of the corresponding input pixel

to produce a reprojected color image.

The resulting reprojected image will contain invalid pixels due occlusions. There are

multiple strategies to weighting each pixel including 1) weighting by reprojected depth error,

2) weighting by similarity between input and query cameras, 3) using a neural network. The



109

first choice su↵ers from artifacts in the presence of depth errors or thin surfaces. The second

approach yields reasonable results but produces blurry images for intermediate views. We

opt for the third option. Following deep blending [76], we train a network that predicts blend

weights W i for each reprojected input I 0
i
: Io =

P
i
W i � I 0

i
, where � is an element-wise

product. The blend weights are predicted by a 2D U-Net. The inputs to this network are 1)

the depth predicted by our reconstruction pipeline, 2) each reprojected input image I 0
i
, and

3) a view similarity score s based on the angle between the input and query poses.

6.3.3 Implementation Details

Training Data We train our reconstruction network on shapes from ShapeNet [30] which

contains around 51,300 shapes. We exclude large models for e�cient data loading resulting

in around 30,000 models. We generate UV maps using Blender’s smart UV projection [16] to

facilitate texturing. We normalize all models to unit diameter. When rendering, we sample

a random image from MS-COCO [120] for each component of the model. We render with

the Beckmann model [11] with randomized parameters and also render uniformly colored

objects with a probability of 0.5.

Network Input We generate our training data at a resolution of 640⇥ 480. However, the

input to our network is a fixed size 128⇥128. To keep our inputs consistent and our network

scale-invariant, we ‘zoom’ into the object such that all images appear to be from the same

distance. This is done by computing a bounding box size

(wb, hb) =

✓
d
0
w

0

fudw
,
d
0
h
0

fvdh

◆
, (6.7)

where (w, h) is the current image width and height, d is the distance to the centroid co

(See Fig. 6.3), (w0
, h

0) is the desired output size, and d
0 is the desired ‘zoom’ distance and

cropping around object centroid projected to image coordinates (cu, cv). This defines the

viewport parameter

c = (cu � wb/2, cv � hb/2, cu + wb/2, cv + hb/2) . (6.8)
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The cropped image is scaled to 128⇥ 128.

Training In each iteration of training, we sample a 3D model and then sample 16 random

reference poses and 16 random target poses. Each pose is sampled by uniformly sampling

a unit quaternion and translation such that the object stays within frame. We train our

network using the Adam optimizer [104] with a fixed learning rate of 0.001 for 1.5M iterations.

Each batch consists of 20 objects with 16 input views and 16 target views. We use an L1

reconstruction loss for depth and binary cross-entropy for the mask. We apply the losses to

both the input and output views. We randomly orient our canonical coordinate frame in each

iteration by uniformly sampling a random unit quaternion. This prevents our network from

overfitting to the implementation of our latent voxel transformations. We also add motion

blur, color jitter, and pixel noise to the color inputs and add noise to the input masks using

the same procedure as [134].

6.4 Object Pose Estimation

Given an image I , and a depth mapD, a pose estimation system provides a rotation R and a

translation t which together define an object-to-camera coordinate transformation E = [R|t]

referred to as the object pose. In this section, we describe how we use our reconstruction

pipeline described in Sec. 6.3 to directly optimize for the pose. We first find a coarse pose

using only forward inference and then refine it using gradient optimization.

Formulation Pose is defined by a rotation R and a translation t. Our formulation also

includes the viewport parameter c defined in §6.2. Defining a viewport allows us to e�ciently

pass the input to the reconstruction network while also providing scale invariance. We encode

the rotation as a quaternion q and translation as t. We assume we are given an RGB image

I , an object segmentation mask M, and depth D comprising the input x = {I ,M,D}.
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6.4.1 Losses

In order to estimate pose, we must provide a criterion which quantifies the quality of the

pose. We use four loss functions. One is a standard L1 depth reconstruction loss

Ldepth(D⇤
,D) = kD⇤ �Dk

1
, (6.9)

which disambiguates the object scale and measures how well the predicted depth D matches

the input depth D⇤. We also use a pixel-wise binary cross entropy loss Lmask on the predicted

mask as well as intersection over union (IoU) loss

Liou(M⇤
,M) = logU � log I , (6.10)

where U is the sum of the pixels in the union and I is the sum of the pixels in the intersection

of the masks M⇤ and M. Finally, we introduce a novel latent loss which leverages our

reconstruction network F . Given the input x = {I ,M,D}, a latent object  , and a pose

✓, the latent loss is defined as

Llatent(x,✓; ) =
��H✓(G✓(x))�H✓( )

��
1
, (6.11)

where H✓ is the rendering network up to the projection layer and G✓ is the modeling network

as described in Sec. 6.3. This loss di↵ers from auto-encoder based approaches such as [50, 199]

in that 1) our network is not trained on the object, and 2) the loss is computed directly given

the image and camera pose. Our pose estimation problem is given by:

argmin
✓

Ldepth + �Llatent + �Lmask + ⌘Liou, (6.12)

where �, �, ⌘ are the weights of the lossees. The parameters of the losses are omitted for

clarity.

Parameterization We parameterize the rotation in the log quaternion form! = (0,!1,!2,!3)

which ensures that all updates to the parameters result in a valid unit quaternion:

q = exp (!) =

0

B@
cosk!k

!
k!k sin k!k

1

CA . (6.13)
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1. Target Image 2. GT Depth 3. Our Depth 4. Depth Error

5.37° Error

1.74° Error

a.

b.

Figure 6.5: Two examples from the ModelNet exper-
iment. (1) target image, (2) ground truth depth, (3)
optimized predicted depth, and (4) L1 error between
the ground truth and our prediction. (a) illustrates
how a pose with low depth error can still result in a
relatively high angular error.

Target
Image

Predicted
Color

Target
Depth

Predicted
Depth

Depth
Error

a.

b.

c.

Figure 6.6: Qualitative results on the MOPED
dataset.

Coarse Initialization Although we have a di↵erentiable renderer, the space of poses is

non-convex which can lead to bad local minima when using gradient based optimization. We

therefore bootstrap the pose by computing a coarse estimate. This also has the benefit of

speeding up inference since it only requires forward evaluation.

We begin by estimating the translation of the object t = (x, y, z) as the centroid of

the bounding cube defined by the mask bounding box c and corresponding depth values.

We initialize k poses using the estimated translation. To get good coverage of possible

orientations, we evenly sample azimuth and elevation angles using a Fibonacci lattice [68]

then uniformly sample a random yaw angle. We use the cross entropy method [45] to optimize

the translation and log quaternion parameters, and use a Gaussian Mixture Model as the

probability distribution.

Pose Optimization Our entire pipeline is di↵erentiable end-to-end. We can therefore

optimize Eq. (6.12) using gradient optimization. Given a latent object  and a coarse pose

estimate ✓, we compute the loss and propagate the gradients back to the camera pose. This

step only requires the rendering network and does not use the modeling network. The image-

based rendering network is also not used in this step. We jointly optimize the rotation q,

translation t, and viewport c using Adam [104].
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Table 6.1: Evaluation on LINEMOD. We report the ADD recall metric [82], comparing against DeepIM and
pix2pose. Symmetric objects are indicated by ⇤ and the pose is considered correct if it is flipped along the
z axis.

Method Input ape benchvice camera can cat driller duck eggbox⇤ glue⇤ holepunch iron lamp phone mean

Ours RGB-D 88.0 92.4 74.4 88.8 94.5 91.7 68.1 96.3 94.9 82.1 74.6 94.7 91.5 87.1

DeepIM [117] RGB 77.0 97.5 93.5 96.5 82.1 95.0 77.7 97.1 99.4 52.8 98.3 97.5 87.7 88.6

pix2pose [161] RGB 58.1 91.0 60.9 84.4 65.0 76.3 43.8 96.8 79.4 74.8 83.4 82.0 45.0 72.4

6.5 Experiments

We evaluate our method on LINEMOD [81], ModelNet [227] and our new dataset MOPED.

We aim to evaluate pose estimation accuracy on unseen objects.

6.5.1 Evaluation Metrics

We use four main evaluation metrics. 1) (k�
, kcm): a pose is considered correct if it is within

k
� and kcm of the ground truth target pose where the angular metric is the angle between

the orientations. 2) ADD [82]: the average distance between points after being transformed

by the ground truth and predicted poses. 3) ADD-S: A modification to ADD that computes

the average distance to the closest point rather than the ground truth point to account for

symmetric objects. 4) Proj.2D: the pixel distance between the projected points of the ground

truth and predicted pose.

6.5.2 Experiments on the LINEMOD Dataset

We evaluate our method on the LINEMOD dataset. We compare our results with DeepIM [117]

and pix2pose [161]. Both of these methods are trained on the LINEMOD dataset. DeepIM

uses the 3D models in an online fashion to refine the pose. We do not train on the dataset.

Instead, our network is given 16 reference views of each object during inference time. We use

the provided segmentation masks during inference. We follow the train/test split of [84] and

sample our reference views from the training set. We follow the same evaluation methodol-
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ogy of [82], reporting the percentage of poses with ADD metric less than 10% of the object

diameter. Table. 6.1 shows the results. Our experiments show that our method performs

on-par with state of the art supervised methods despite having never seen the objects.

6.5.3 Experiments on the ModelNet Dataset

We conduct experiments on ModelNet [227] to evaluate the generalization of our method

toward unseen object categories. To this end, we train our network on all the meshes in

ShapeNetCore [30] excluding the categories we are going to evaluate on. We closely follow

the evaluation protocol of [117] here. The model is evaluated on 7 unseen categories: bathtub,

bookshelf, guitar, range hood, sofa, wardrobe, and TV stand. For each category, 50 pairs of

initial and target object pose are sampled. We compared with [117] and [200] where all

the methods initialized with the initial pose and evaluated on how successful they are on

estimating the target pose. We report three metrics: (5�, 5cm), ADD within 10% of the

object diameter, and Proj.2D within 5 pixels.

Table 6.2 shows the quantitative results on the ModelNet dataset. On average, our

method achieves state-of-the-art results on all the metrics thanks to our ability to perform

continuous optimization on pose. However, for the (5�, 5cm) metric, there are object cat-

egories that our method performs worse despite performing well on all other metrics. One

reason is the image and spatial resolution. The input and output images to our network

have resolution 128 ⇥ 128. The resolution of our voxel representation is 16 ⇥ 16 ⇥ 16. The

limited resolution can hinder the performance for small objects or objects that are distant

from the camera. Small changes in the depth of each pixel may disproportionately a↵ect the

rotation of the object compared to our losses. Fig. 6.5 shows examples from the ModelNet

experiment illustrating this limitation.

6.5.4 Experiments on the MOPED Dataset
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Table 6.2: ModelNet pose refinement experiments compared to DeepIM (DI) [117] and Multi-Path Learning

(MP) [200].

(5°, 5cm) ADD (0.1d) Proj2D (5px)

DI MP Ours DI MP Ours DI MP Ours

bathtub 71.6 85.5 85.0 88.6 91.5 92.7 73.4 80.6 94.9

bookshelf 39.2 81.9 80.2 76.4 85.1 91.5 51.3 76.3 91.8

guitar 50.4 69.2 73.5 69.6 80.5 83.9 77.1 80.1 96.9

range hood 69.8 91.0 82.9 89.6 95.0 97.9 70.6 83.9 91.7

sofa 82.7 91.3 89.9 89.5 95.8 99.7 94.2 86.5 97.6

tv stand 73.6 85.9 88.6 92.1 90.9 97.4 76.6 82.5 96.0

wardrobe 62.7 88.7 91.7 79.4 92.1 97.0 70.0 81.1 94.2

Mean 64.3 84.8 85.5 83.6 90.1 94.3 73.3 81.6 94.7

Table 6.3: AUC metrics on MOPED by reference view count.

# Views 1 2 4 8 16 32

ADD 23.9 34.2 49.8 63.1 62.7 61.1

ADD-S 78.7 82.8 89.2 91.1 90.8 90.8

Proj.2D 9.5 15.9 30.4 44.7 46.8 42.6

Table 6.4: AUC metrics for di↵erent view fusion strategies

ADD ADD-S Proj.2D

Avg Pool 57.5 90.1 40.1

ConvGRU 63.1 91.1 44.7
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a.

b.

c. e.d.

f.

g.

h.

i.

j.

k.

Figure 6.7: Objects in MOPED–a new dataset for
model-free pose estimation. The objects shown are:
(a) toy plane, (b) duplo dude, (c) cheezit, (d) duster,
(e) black drill, (f) orange drill, (g) graphics card, (h)
remote, (i) rinse aid, (j) vim mug, and (k) pouch.

We introduce the Model-free Object Pose

Estimation Dataset (MOPED). MOPED

consists of 11 objects, shown in Fig. 6.7. For

each object, we take multiple RGB-D videos

cover all views the object. We first use

KinectFusion [148] to register frames from

a single capture and then use a combina-

tion of manual annotation and automatic

registration [175, 243, 244] to align separate

captures. We generate object segmentation

maps using [232]. For each object, we select reference frames with farthest point sampling

to ensure good coverage of the object. For test sequences, we capture each object in 5

di↵erent environments. We sample every other frame for evaluation videos. This results

in approximately 300 test images per object. We evaluate our method and baselines using

three metrics for which we provide the Area Under Curve (AUC): 1) ADD with threshold be-

tween 0�10cm, 2) ADD-S with threshold between 0�10cm, and 3) Proj.2D with threshold

between 0� 40px. We compute all metrics for all sampled frames.

We compare our method with PoseRBPF [50], a state-of-the-art model-based pose es-

timation method. Since PoseRBPF requires textured 3D models, we reconstruct a mesh

for each object by aggregating point clouds from reference captures and building a TSDF

volume. The point clouds are integrated into the volume using KinectFusion [148]. The

meshes have artifacts such as washed out high frequency details and shadow vertices due

to slight misalignment (see supplementary materials). Table 6.5 shows quantitative com-

parisons on the MOPED dataset. Note that our method is not trained on the test objects

while PoseRBPF has a separate encoder for each object. Our method achieves superior

performance on both ADD and ADD-S. We evaluate di↵erent version of our method with

di↵erent combinations of loss functions. Compared to our combined loss, optimizing only

Ldepth performs better for geometrically asymmetric objects but worse on textured objects
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such as the cheezit box. Optimizing both losses achieves better results on textured objects.

Fig. 6.6 shows estimated poses for di↵erent test images. Please see supplementary materials

for qualitative examples.

6.5.5 Ablation Studies

In this section, we analyze the e↵ect of di↵erent design choices and how they a↵ect the

robustness of our method.

Number of reference views We first evaluate the sensitivity of our method to the number

of input reference views. Novel view synthesis is easier with more reference views because

there is a higher chance that a query view will be close to a reference view. Table 6.3 shows

that the accuracy increases with the number of reference views. In addition, having more

than 8 reference views only yields marginal performance gains shows that our method does

not require many views to achieve good pose estimation results.

View Fusion We compare multiple strategies for aggregating the latent representations

from each reference view. The naive way is to use a simple pooling function such as av-

erage/max pooling. Alternatively, we can integrate the volumes using an RNN such as a

ConvGRU so that the network can reason across views. Table 6.4 shows the quantitative

evaluation of these two variations. Although the average performance of the objects are

very similar, the ConvGRU variation performs better than the average pooling variation.

This indicates the importance of spatial relationship in the voxel representation for pose

estimation.

6.6 Conclusion

We have presented a novel framework for building 3D object representations at inference

time using a small number of reference images, as well as an accompanying neural renderer

to render the 3D representation from arbitrary 6D viewpoints. Our networks are trained
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on thousands of shapes with random textures rendered under various lighting conditions

allowing it to robustly generalize to unseen objects without additional training.

We leverage our reconstruction and rendering pipeline for zero-shot pose estimation. We

perform pose estimation given just a small number of reference views and without needing

to train any network. This greatly simplifies the process for performing pose estimation on

novel objects as a detailed 3D model is not required. In addition, we have a single universal

network which works for all objects including unseen ones. For future work, we plan to

investigate unseen object pose estimation in cluttered scenes with occlusions. We also plan

to speed up the pose estimation process by applying network optimization techniques.
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Table 6.5: Quantitative Results on MOPED Dataset. We report the Area Under Curve (AUC) for each

metric. † shows the average with the symmetric objects rinse aid and cheezit excluded. Ours (D) is our

method with the depth loss only and Ours (D+L) is our method with both the depth and latent losses. In

some cases, the latent loss helps resolve pose ambiguities not possible with only depth.

PoseRBPF Ours (D) Ours (D+L)

Input Textured 3D Mesh Image + Camera Pose

Training Yes No

# Networks Per-Object Single Universal

Object ADD ADD-S Proj.2D ADD ADD-S Proj.2D ADD ADD-S Proj.2D

black drill 75.3 91.7 54.2 90.3 95.4 78.1 89.4 95.1 76.2

duplo dude 84.1 93.5 61.5 89.4 94.9 77.4 88.9 94.7 76.2

duster 72.2 90.6 51.5 40.0 88.3 17.8 47.2 87.9 15.5

graphics card 71.8 81.3 51.2 73.1 79.3 62.2 73.0 79.2 62.5

orange drill 70.3 87.5 43.9 78.4 93.7 62.3 78.3 93.5 61.7

pouch 26.5 80.7 14.1 61.9 91.8 44.2 54.8 91.7 31.4

remote 49.6 82.1 25.1 58.2 92.0 19.0 60.0 91.9 26.3

toy plane 48.6 88.6 29.5 55.5 89.7 46.5 82.9 92.2 70.5

vim mug 59.0 92.9 39.4 51.5 91.8 22.7 40.0 91.7 8.0

rinse aid 87.2 94.7 68.7 71.3 93.2 41.7 67.4 93.3 34.7

cheezit 64.3 93.8 55.6 24.8 92.4 20.5 24.6 92.2 20.2

Mean 64.4 88.9 45.0 63.1 91.1 44.7 64.2 91.2 43.9

Mean w/o sym 61.9 87.7 41.2 66.5 90.8 47.8 68.3 90.9 47.6
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Chapter 7

CONCLUSION

In this thesis, I proposed several methods and applications for scene rerendering which

allow scenes to be photorealistically rendered from novel viewpoints and with novel appear-

ances. I investigated scene level methods useful in applications such as photography, as well

as object level methods which can aid in content creation or augmented and virtual reality.

Below I summarize each of my contributions:

• Casual Capture of Deformable Scenes: In Chapter 3, I introduced Nerfies, a

method that enables the capture of deformable scenes by casually waving a camera. I

showed that an as-rigid-as-possible deformation prior and a coarse-to-fine deformation

regularization were keys to obtaining high-quality results. I then showcased the ap-

plication of casual selfie captures which enables high-fidelity reconstructions of human

subjects using a cellphone capture.

• Casual Capture of Topologically Varying Scenes: One of the limitations of Ner-

fies is that it cannot handle scenes which exhibit topological variations such as the

opening and closing of a person’s mouth. In Chapter 4, I presented a solution to

this limitation called HyperNeRF. HyperNeRF models topological variations as slices

through a higher-dimensional space. To keep the space compact and avoid overfitting,

HyperNeRF delays the use of these ambient dimensions, and uses deformable hyper-

planes to extract these slices. HyperNeRF combines insights from level-set methods

and deformation-based dynamic NeRF models to reconstruct both large motions and

topological variations.

• Photorealistic Relightable Models: There is an abundance of 3D models available
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through various online repositories. However, these 3D shapes often lack relightable

textures which are required to render them realistically. Relightable models are crucial

for use in video games, e-commerce, and augmented/virtual reality. It is notoriously

di�cult to create relightable textures, and the process usually involves many manual,

time-consuming steps. In Chapter 5, I introduced PhotoShape, a technique to automat-

ically assign high-quality relightable textures to a collection of 3D models with limited

material information. The textures come from an extensive database of materials, and

the material-to-3D assignments are performed with the guidance of real images to en-

sure plausible material configurations. This approach yields thousands of high-quality,

photorealistic 3D models.

• Neural Rendering for Zero-Shot Pose Estimation: Nerfies (introduced in Chap-

ter 3) and HyperNeRF (introduced in Chapter 4) are examples of neural rendering.

Neural rendering pipelines are usually di↵erentiable, meaning that we can optimize

their input parameters with respect to their outputs. In Chapter 6, I presented La-

tentFusion, a method that exploits this property of a similar neural rendering pipeline

to optimize the pose of an object. LatentFusion uses neural networks for both recon-

struction and rendering, and thus we can directly optimize the pose of an input image.

We use this fact to perform pose estimation on unseen objects. While existing meth-

ods require training separate neural networks for each novel object, LatentFusion can

achieve the same results without training and with a single universal network.

7.1 Future Work

The ultimate goal of scene rerendering is to create representations that allow users to modify

and render any aspect of a scene. Methods such as Nerfies and HyperNeRF enable us to

change some elements, such as perspective, framing, and subject pose. However, there are

still many elements that we have not covered, such as exposure and focus. We must also

work to improve the speed and robustness of these methods to better facilitate their use in
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practice.

7.1.1 Exposure and HDR

Current NeRF models, including Nerfies and HyperNeRF, predict radiance directly in sRGB

space, assuming that the exposure of all photographs in the input collection are identical.

This design also provides no mechanism to modify the exposure of the output. We can relax

this assumption by explicitly predicting linear color values and modeling exposure duration.

Each input image i may be assigned an exposure duration parameter ti, which can then be

optimized as a free parameter like the deformation latent codes of Nerfies. We can then

convert the output to sRGB space to evaluate the loss. This approach confers multiple

advantages. First, we now have direct control over the exposure duration and can modify

the exposure during rendering. Second, the resulting model predicts linear, high-dynamic-

range (HDR) values that can be rendered with any tone-mapping function or displayed on

an HDR display. Some of these ideas have started being explored, such as in Mildenhall

et al. [144] and Huang et al. [88].

7.1.2 Focus

Current NeRF models assume a pinhole camera model, meaning rays emanate from the focal

point in straight lines through each pixel. A pinhole camera model cannot model defocus

blur because it is caused by multiple light rays from di↵erent points of the scene arriving at

the same pixel. To model focus, we must do two things: (1) introduce a camera lens model

that transforms ray directions according to the properties of the lens; (2) each pixel must

consider multiple sampled rays to account for light coming from multiple directions.

Jeong et al. [95] models and optimizes non-linear distortions caused by optical aberrations.

Such an approach could be expanded to model the behavior of a camera lens more completely.

The main challenge likely comes from the second requirement, as sampling multiple rays per

pixel increases the computation cost linearly in the number of samples required. Solutions
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to the sampling problem may come from using importance sampling techniques or clever use

of the representation akin to mip-NeRF [9].

7.1.3 Robustness

Nerfies and HyperNeRF require multiple views to constrain the 3D structure of a scene.

This may cause issues in captures that do not cover enough viewpoints. Some extensions to

NeRF, such as NSFF [114] and Video-NeRF [230], leverage supervision in the form of depth

or optical flow fields to regularize the training of the model. This significantly improves

the robustness of the model when the capture baseline is small or in the presence of large

movements. Insights from these approaches may be combined with Nerfies and HyperNeRF

to create a more robust model.

7.1.4 Speed and Practicality

Fast inference for NeRF has already been addressed by numerous recent works [61, 77, 169,

238], some of which enable real-time rendering on a laptop computer. A more di�cult

task is improving the training time of NeRF-based methods. Many recent methods have

achieved faster training by using more traditional data structures either exclusively [197] or

in conjunction with a coordinate-based MLP [146]. Significant gains in training time will

likely also come from a more e�cient sampling of the underlying scene. Currently, most

samples along a ray correspond to empty space. DONeRF [147] predicts a 2D depth map

to inform sampling during inference; it may be possible to leverage a similar approach to

avoid empty spacing during training as well. In addition, the integrated positional encoding

of Mip-NeRF could be leveraged to perform optimization in a coarse-to-fine fashion to speed

up convergence. Better initializing the model can also speed up convergence significantly,

such as through meta-learning [203]. Perhaps we may seek to avoid training altogether by

learning generic models that do not require per-scene optimization [217].

Beyond thinking about how we can train NeRF faster, it is also essential to consider

domain-specific solutions. For example, if our task is to make minor adjustments to photos,
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it may be possible to simplify the problem and save on data collection and computation.

In addition, we may leverage additional data that we have access to for free: most modern

mobile phones have multiple lenses, and some have dedicated depth sensors such as LiDAR.

We could leverage extra information from these sensors to speed up training and make the

system more robust.
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