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Abstract
Advances in neural rendering techniques have led to significant progress towards

photo-realistic novel view synthesis. When combined with increases in data pro-
cessing and compute capability, this promises to unlock numerous VR applications,
including virtual telepresence, search and rescue, and autonomous driving. Large-
scale virtual reality, long the domain of science fiction [31, 62], feels markedly more
tangible.

This thesis explores the frontier of large-scale neural rendering by building upon
Neural Radiance Fields (NeRFs) [118], a family of methods attracting attention due
to their state-of-the-art rendering quality and conceptual simplicity. Since its incep-
tion, at least 3,000 papers have been proposed in less than three years by research
groups across the world across numerous use cases [135]. However, many short-
comings remain. The first is scale itself. Only a handful of existing methods capture
scenes larger than a single object or room. Those that do only handle static recon-
struction, which limits their applicability. Another is speed, as rendering falls below
interactive thresholds. Current acceleration methods remain too slow or degrade
quality at high resolution. Quality is a third issue, as NeRF assumes ideal viewpoint
conditions that are unrealistic in practice and degrades when they are violated.

We first explore scaling within the context of static reconstruction. We design a
sparse network structure that specializes parameters to different regions of the scene
that can be trained in parallel, allowing us to scale linearly as we increase model ca-
pacity (vs quadratically in the original NeRF), and reconstruct urban-scale environ-
ments orders of magnitude larger than prior work. We then address dynamic recon-
struction of entire cities, and build the largest dynamic NeRF representation to date.
To accelerate rendering, we improve sampling efficiency through a hybrid surface-
volume representation that encourages the model to represent as much of the world
as possible through surfaces (which require few samples per ray) while maintaining
the freedom to render transparency and finer details (which pure surface representa-
tions struggle to capture). We finally propose a fast anti-aliasing method that greatly
improves rendering quality when training with data collected from freeform camera
trajectories. Importantly, our method incurs a minimal performance overhead and is
compatible with the scale and speed improvements previously mentioned.
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Chapter 1

Introduction

1.1 Background

Recent technological advancements have brought the promise of virtual reality and creation of
large-scale virtual worlds, long the domain of science �ction [31, 62], closer than ever into our
everyday lives. Although many challenges remain ahead of world-scale VR, current develop-
ments are already making a notable near-term impact across numerous industries. As skilled
trade workers depart the workforce in unprecedented numbers, virtual training is becoming an
increasingly attractive solution to reskilling the workforce relative to on-the-job training that is
often ineffective due to time and resource constraints [3, 7, 10]. The imminent introduction of
photo-realistic virtual avatars, such as those developed by Meta [4], promises to revolutionize our
social interactions and the future of remote work. As autonomous vehicles expand their com-
mercial footprint [11], closed-loop simulators that mimic complex environmental interactions in
high �delity are increasingly essential to training adequately robust agents [9, 207].

Amongst the many research efforts needed to advance the frontier of virtual reality, includ-
ing the hardware design of ergonomic headsets, accurate tracking systems, and realistic haptic
feedback, the task of ef�ciently rendering photo-realistic virtual worlds is a long-standing prob-
lem. Classical rendering pipelines achieve photo-realism either via painstakingly hand-crafted
scene assets, which introduces expensive and tedious manual work from artists as a bottleneck,
or through the estimation of various model parameters (camera, geometry, material and light
properties) from real-world data, also known asinverse rendering[38, 39, 69, 97, 112]. The pre-
de�ned physical models used in classical inverse rendering often struggle to accurately reproduce
the full complexity of real-world physical interactions due to mathematical and computational
constraints.

As an alternative to classical rendering, which projects 3D content onto 2D images, image-
based rendering methods generate novel views by transforming a reference set of images, typi-
cally by warping input pixels into a novel view based on projected geometry and camera poses [34,
158]. Although these approaches can generate high-quality renderings, they often require closely
sampled input images, which severely limits their applicability to large-scale environments [133].

More recently, the advent of neural rendering [172], an emerging �eld that uses neural net-
works to generate controllable, high-quality scene representations from input images and videos,
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Figure 1.1:Applications. Current virtual world applications include walkthrough VR and virtual
telepresence [200](left), closed-loop simulations for autonomous driving across different scene
decompositions and modalities [179](top right) , and virtual training of maintenance work�ows
in the energy industry [5](bottom right) .

has seen considerable research activity. Numerous neural rendering approach address the prob-
lem of novel view synthesis [43, 122, 159], of which Neural Radiance Fields (NeRFs) [118] has
emerged as the new state-of-the-art method due to their state-of-the-art rendering quality, ease
of training, and conceptual simplicity. Since their introduction in 2020, over 3,000 follow-up
works has been proposed [135] from research groups around the world targeting various ap-
plications including robotics [84, 211, 212], astronomy [93], tomography [147], and content
creation [101, 132]. A natural question thus emerges - can NeRFs help facilitate the construction
of large-scale virtual worlds?

1.2 Challenges

Although NeRFs can generate photo-realistic renderings under ideal conditions, several chal-
lenges limit their suitability when rendering virtual worlds, which we group along three principal
axes:

Scale. The original NeRF [118] concerns itself with single-object or forward-facing scenes,
and the vast majority of follow-up works limit their scope to object-scale or room-scale captures.
The few larger-scale variants currently proposed [141, 167, 197] handle only static captures,
which limits their applicability to real-world use cases.

Speed. Conventional NeRF rendering is very slow to render, taking minutes to generate a
single 1080p image. This is far too slow for interactivity - conventional virtual-reality head-
sets such as the Meta Quest 2 require rendering at 2K� 2K resolution at over 36 FPS to achieve
acceptable user latency. Accelerated NeRF variants such as Instant-NGP [120], TensoRF [26],
K-Planes [50], and Nerfacto [168] signi�cantly improve rendering speed, but still reach< 5 FPS
at 2K� 2K resolution. Other methods achieve higher frame-rates by precomputing model out-
puts [28, 58, 68, 216] or via fewer model queries per pixel [65, 91, 121, 131], but noticeably
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degrade rendering quality.

Quality . NeRF methods often assume constraints that are unrealistic for real-world captures,
such as entirely static scenes (with static lighting), and only observing objects from a roughly
constant camera distance [16]. Furthermore, as NeRF methods are usually optimized on a per-
scene basis, they are unable to hallucinate accurate geometry in under-observed regions. This
is especially problematic within large-scale dynamic worlds where it is impossible to densely
sample every location at every time step.

1.3 Contributions

Static Reconstruction of City Blocks
(Chapter 2)

Dynamic City-Scale Reconstruction
(Chapter 3)

Real-Time Rendering at VR Resolution
(Chapter 4)

Fast Anti-Aliasing for Neural Radiance Fields
(Chapter 5)

Figure 1.2:Thesis contributions. We build upon NeRF and design methods suitable for city-
scale neural rendering. We explore how to scale neural representations, �rst to build static re-
constructions of city blocks (Chapter 2), and then to generate dynamic represntations of entire
cities (Chapter 3). We then enable real-time rendering at VR resolution in Chapter 4. We �nally
improve rendering quality via a fast anti-aliasing method in Chapter 5.

This thesis aims to develop methods that address NeRF's shortcomings along scale, speed,
and quality, thus facilitating their suitability towards city-scale neural rendering.
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Training: Data Partitioning

Inference: View Synthesis

Figure 1.3: Data parallelism for scalable training. Mega-NeRF [178] decomposes a scene
into a set of spatial cells (left), learning a separate NeRF submodule for each in parallel. It
trains each submodule via a geometric clustering algorithm that only makes use of pixels whose
rays intersect that spatial cell (top right ). For example, pixels from image 2 are added to the
trainset of cells A, B, and F, reducing the size of each training set by 10� . To render new views,
Mega-NeRF makes use of standard raycasting and point sampling, but queries the encompassing
submodule for each sampled point (bottom right ). It also makes use of temporal coherence by
caching occupancy and color values from nearby previous views to accelerate rendering by 40�
relative to the original NeRF.

1.3.1 Static Reconstruction of City Blocks

We begin by extending NeRFs from single-object or room-scale settings to modeling buildings or
entire city blocks, which requires increasing model capacity as the scene footprint increases. The
original NeRF encodes the scene representation into a monolithic MLP, which causes training
and rendering time to increase quadratically as model capacity increases.

Mega-NeRF [178] instead proposes using spatial partitioning to enabledata parallelism for
scalable training(Fig. 1.3). It introduces a sparse network structure that scaleslinearly with
model capacity, where parameters are specialized to different regions of the scene, and a simple
geometric clustering algorithm that partitions training pixels into different NeRF submodules
that can be trained in parallel. Mega-NeRF further exploits spatial locality at render time to
implement a just-in-time visualization technique that renders 40� faster than conventional NeRF
raycasting, facilitating interactive �y-throughs of captured environments. We evaluate Mega-
NeRF on existing datasets [32, 103] along with our publicly released Mill 19 dataset (now used
across the research community [83, 98, 102, 116, 202, 226]) and measure a 3� speedup in
training time and a 12% PSNR improvement on average.
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1.3.2 Dynamic City-Scale Reconstruction

Figure 1.4:Open-world reconstructions of dynamic cities.SUDS [179] scales neural recon-
structions to city scale by dividing the area into multiple cells and training hash table represen-
tations for each. We show the full city-scale reconstruction (left) and the derived representations
(right ). Unlike prior methods, SUDS handles dynamism across multiple videos, disentangling
dynamic objects from static background and modeling shadow effects. SUDS uses unlabeled
inputs to learn scene �ow and semantic predictions, enabling category- and object-level scene
manipulation.

We then extend neural radiance �elds to dynamic large-scale urban scenes, and expand our
geospatial footprint from city blocks to entire cities. Prior large-scale NeRF works [116, 141,
167, 197, 202], including Mega-NeRF [178], target purely static captures. Existing dynamic
NeRF methods [41, 55, 90, 96, 126, 196] only operate on short video sequences (< 1 minute)
and have memory requirements that scale on a per-frame and/or per-object basis, which quickly
becomes prohibitive. They also often require supervision via 3D bounding boxes and panoptic
labels, obtained manually or via category-speci�c models, which are expensive to reliably obtain
at scale in the wild.

SUDS [179] introduces two key innovations as a step towards truly open-world reconstruc-
tions of dynamic cities: (a) it factorizes the scene into three separate hash table data struc-
tures [120] (which are quicker to train and render than MLPs used by previous NeRF methods)
to ef�ciently encode static, dynamic, and far-�eld radiance �elds, and (b) it makes use of unla-
beled target signals consisting of RGB images, sparse LiDAR, off-the-shelf self-supervised 2D
descriptors, and 2D optical �ow. These unlabeled annotations are far easier to reliably at scale
relative to accurate 3D bounding boxes and/or panoptic segmentations, and enable SUDS to de-
compose dynamic scenes into the static background, individual objects, and their motions via
photometric, geometric, and feature-metric reconstruction losses (Fig. 1.4).

We evaluate SUDS against autonomous driving logs collected across the city of Pittsburgh.
Both the scale and the nature of this data is far more challenging than drone-collected datasets [103,
178] that are commonly used to evaluate other large-scale NeRF methods, which are largely
static and captured over the course of several hours. In contrast, this street-level footage spans
months/years, contains numerous moving vehicles and pedestrians, and is inconsistent in ar-
eas covered by overlapping logs due to transient parked cars and differing seasons and weather
conditions. We show that SUDS can be scaled to tens of thousands of objects across 1.2 mil-
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lion frames from 1700 videos spanning geospatial footprints of hundreds of kilometers, (to our
knowledge) the largest dynamic NeRF built to date.

1.3.3 Real-Time Rendering at VR Resolution

RGB Surfaceness
NeRF

(� 40 samples / ray)
HybridNeRF

(� 8 samples / ray)

Figure 1.5:Adaptive volumetric surfaces. HybridNeRF [181] trains a hybrid surface–volume
representation viasurfacenessparameters that allow it to render most of the scene with few
samples. Eikonal loss is tracked during training as surfaceness increases to avoid degrading
quality near �ne and translucent structures (such as wires). In the two right-most panels, we
visualize the number of samples per ray (brighter is higher).

After constructing methods that allow us to ef�ciently train neural scene representations at
scale, we explore how to ef�ciently render our trained representations. We speci�cally target
real-time rendering at virtual-reality resolutions, which we de�ne to be above 36 FPS at 2K� 2K
resolution.

Although both Mega-NeRF [178] and SUDS [179] render faster than the original NeRF, they
remain below the required threshold for virtual reality, as do other popular accelerated NeRF
variants such as Instant-NGP [120], TensoRF [26], K-Planes [50], and Nerfacto [168]. Other
methods do achieve acceptable speed by precomputing model outputs into a �nite-resolution
caching structure such as an octree [28, 58, 68, 216], by improving NeRF's sample ef�ciency [65,
91, 121, 131], or via rasterization-based techniques [81, 209], but signi�cantly degrade rendering
quality.

HybridNeRF [181] builds upon NeRF's raycasting paradigm and achieves real-time frame-
rates without degrading quality. We start from the observation that NeRF's volume render-
ing method, which represents everything as volumes that can require many model queries per
ray/pixel, is computationally expensive and often unnecessary since most of the world can in-
stead be ef�ciently de�ned via surfaces (requiring as little as one sample per ray at the limit).
Signed distance functions (SDFs), which were originally proposed to improve the geometry qual-
ity of NeRFs via regularization [125, 185, 208], can thereforealso be used to dramatically in-
crease ef�ciency by requiring fewer samples per ray. However, they often struggle to reconstruct
scenes with thin structures or view-dependent effects, such as re�ections and translucency. Hy-
bridNeRF's key innovation is to de�ne a locally varyingsurfacenessparameter that allows it
to model most (> 95%) of the scene as thin surfaces (needing few samples) while using with
more samples near �ne and semi-opaque structures (and therefore maintain a high level of visual
�delity) (Fig. 1.5).
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We evaluate HybridNeRF against the challenging Eyeful Tower dataset [200], designed for
walkthrough virtual reality, along with other commonly used view synthesis datasets. When
comparing to state-of-the-art baselines, including recent rasterization-based approaches [81], we
improve error rates by 15–30% while rendering over 36 FPS at 2K� 2K resolution.

1.3.4 Fast Anti-Aliasing for Neural Radiance Fields

Figure 1.6:Comparison of rendering methods. (a)NeRF [118] traces a ray from the camera's
center of projection through each pixel and samples pointsx along each ray. Sample locations
are then encoded with a positional encoding to produce a feature
 (x) that is fed into an MLP.
(b) Mip-NeRF [16] instead reasons aboutvolumesby de�ning a 3D conical frustum per camera
pixel. It splits the frustum into sampled volumes, approximates them as multivariate Gaussians,
and computes the integral of the positional encodings of the coordinates contained within the
Gaussians. Similar to NeRF, these features are then fed into an MLP.(c) Accelerated NeRF
methods, such as iNGP [120], sample points as in NeRF, but do not use positional encoding and
instead featurize each point by interpolating between vertices in a feature grid. These features
are then passed into a much smaller MLP, which greatly accelerates training and rendering.(d)
PyNeRF [180] also uses feature grids, but reasons about volumes by training separate models at
different scales (similar to a mipmap). It calculates the area covered by each sample in world
coordinates, queries the models at the closest corresponding resolutions, and interpolates their
outputs.

We �nally investigate how to improve the rendering quality of our representations. As our
goal is to ef�ciently render large-scale virtual worlds, we explore solutions that are compatible
with the scaling and speed improvements described in previous chapters.
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We adress aliasing that occurs when training and rendering with freeform camera trajectories.
Most NeRF methods assume that training and test-time cameras capture scene content from a
roughly constant distance. They degrade and render blurry views and aliasing artifacts in less
constrained settings. This is because NeRF raycasting is scale-unaware - it samples points along
an in�nitesimally thin ray and does not consider the area viewed by each pixel.

As a solution, Mip-NeRF [16] proposes to reason about the volume of the conical frustum
de�ned by a camera pixel. It leverages this insight to derive the approximate integral of all
NeRF-encoded coordinates contained within the conical frustum. However, this integral is only
valid for methods that apply positional encoding [118] to model inputs as in the original NeRF;
most accelerated NeRF methods (including SUDS [179] and HybridNeRF [181]) do not. Zip-
NeRF [18] also reasons about the volume of the conical frustum, but instead uses a multisampling
strategy within the volume. This strategy is compatible with accelerated NeRF methods, but
training and rendering speed decreases with the number of additional samples.

PyNeRF [180] takes inspiration from mipmaps [192] used in classical image processing and
proposes a simple modi�cation by training a pyramid of NeRFs that divide the scene at different
spatial resolutions. Similar to Mip-NeRF, PyNeRF samples volumes within conical frustums - it
then simply maps larger volumes to coarser NeRFs and �ner volumes to �ner NeRFs (Fig. 1.6).

This strategy can be easily applied to most existing accelerated NeRF methods and signif-
icantly improves rendering quality (reducing error rates by 20–90% across synthetic and un-
bounded real-world scenes) while incurring minimal performance overhead (as each individual
NeRF in the pyramid is quick to evaluate). Compared to Mip-NeRF, it reduces error rates by
20% while training over 60� faster.

1.3.5 Excluded Research

Some of the research works that I have contributed to during my PhD are excluded from this
thesis, which include other contributions within the neural rendering space and the broader design
of scalable, ef�cient machine learning systems:

1. SplatGym: Reconstruction of Dynamic Urban Scenes using 3D Gaussians and Simu-
lation of Actors
Arun Balajee Vasudevan, Neehar Peri,Haithem Turki , Johan Vertens, Shubham Tulsiani,
Deva Ramanan
In submission

2. SpecNeRF: Gaussian Directional Encoding for Specular Re�ections[111]
Li Ma, Vasu Agrawal,Haithem Turki , Changil Kim, Chen Gao, Pedro V. Sander, Michael
Zollhöfer, Christian Richardt
Conference on Computer Vision and Pattern Recognition (CVPR), 2024

3. Low-Bandwidth Self-Improving Transmission of Rare Training Data [61]
Shilpa George,Haithem Turki , Ziqiang Feng, Deva Ramanan, Padmanabhan Pillai, Ma-
hadev Satyanarayanan
Conference on Mobile Computing and Networking (MobiCom), 2023

4. Accelerating Silent Witness Storage[153]
Mahadev Satyanarayanan, Ziqiang Feng, Shilpa George, Jan Harkes, Roger Iyengar,Haithem
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Turki , Padmanabhan Pillai
IEEE Micro, 2022

5. OpenRTiST: End-to-End Benchmarking for Edge Computing [60]
Shilpa George, Thomas Eiszler, Roger Iyengar,Haithem Turki , Ziqiang Feng, Junjue
Wang, Padmanabhan Pillai, Mahadev Satyanarayanan
IEEE Pervasive Computing, 2020

6. Edge Computing for Legacy Applications[152]
Mahadev Satyanarayanan, Thomas Eiszler, Jan Harkes,Haithem Turki , Ziqiang Feng
IEEE Pervasive Computing, 2020
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Chapter 2

Static Reconstruction of City Blocks
The contents of this chapter were published as “Mega-NeRF: Scalable Construction of Large-Scale
NeRFs for Virtual Fly-Throughs” in CVPR 2022

Training: Data Partitioning

Inference: View Synthesis

Figure 2.1: We scale neural reconstructions to massive urban scenes 1000� larger than prior
work. To do so, Mega-NeRF [178] decomposes a scene into a set of spatial cells (left), learning
a separate NeRF submodule for each. We train each submodule with geometry-aware pixel-data
partitioning, making use ofonly those pixels whose rays intersect that spatial cell (top right ).
For example, pixels from image 2 are added to the trainset of cells A, B, and F, reducing the
size of each trainset by 10� . To generate new views for virtual �y-throughs, we make use of
standard raycasting and point sampling, but query the encompassing submodule for each sampled
point (bottom right ). To ensure view generation is near-interactive, we make use of temporal
coherence by caching occupancy and color values from nearby previous views (Fig. 2.4).
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2.1 Introduction

We �rst explore the scalability of NeRFs in static settings. The vast majority of existing methods
explore single-object scenes, often captured indoors or from synthetic data. To our knowledge,
Tanks and Temples [88] is the largest dataset used in NeRF evaluation, spanning 463m2 on
average. In this work, we scale NeRFs to capture and interactively visualize urban-scale envi-
ronments from drone footage that is orders of magnitude larger than any dataset to date, from
150,000 to over 1,300,000m2 per scene.

Search and Rescue.As a motivating use case, consider search-and-rescue, where drones
provide an inexpensive means of quickly surveying an area and prioritizing limited �rst responder
resources (e.g., for ground team deployment). Because battery life and bandwidth limits the
ability to capture suf�ciently detailed footage in real-time [44], collected footage is typically
reconstructed into 2D “birds-eye-view” maps that support post-hoc analysis [191]. We imagine
a future in which neural rendering lifts this analysis into 3D, enabling response teams to inspect
the �eld as if they were �ying a drone in real-time at a level of detail far beyond the achievable
with classic Structure-from-Motion (SfM).

Challenges. Within this setting, we encounter multiple challenges. Firstly, applications
such as search-and-rescue are time-sensitive. According to the National Search and Rescue
Plan [2], “the life expectancy of an injured survivor decreases as much as 80 percent during the
�rst 24 hours, while the chances of survival of uninjured survivors rapidly diminishes after the
�rst 3 days.” The ability to train a usable model within a few hours would therefore be highly
valuable. Secondly, as our datasets are orders of magnitude larger than previously evaluated
datasets (Table 2.1), model capacity must be signi�cantly increased in order to ensure high visual
�delity, further increasing training time. Finally, although interactive rendering is important for
�y-through and exploration at the scale we capture, existing real-time NeRF renderers either rely
on pretabulating outputs into a �nite-resolution structure, which scales poorly and signi�cantly
degrades rendering performance, or require excessive preprocessing time.

Mega-NeRF. In order to address these issues, we propose Mega-NeRF, a framework for
training large-scale 3D scenes that support interactive human-in-the-loop �y-throughs. We begin
by analyzing visibility statistics for large-scale scenes, as shown in Table 2.1. Because only a
small fraction of the training images are visible from any particular scene point, we introduce
a sparse network structure where parameters are specialized to different regions of the scene.
We introduce a simple geometric clustering algorithm that partitions training images (or rather
pixels) into different NeRF submodules that can be trained in parallel. We further exploit spa-
tial locality at render time to implement a just-in-time visualization technique that allows for
interactive �y-throughs of the captured environment.

Prior art. Our approach of using “multiple” NeRF submodules is closely inspired by the re-
cent work of DeRF [137] and KiloNeRF [139], which use similar insights to accelerateinference
(or rendering) of an existing, pre-trained NeRF. However, even obtaining a pre-trained NeRF
for our scene scales is essentially impossible with current training pipelines. We demonstrate
that modularity is vital fortraining, particularly when combined with an intelligent strategy for
“sharding” training data into the appropriate modules via geometric clustering.

Contributions. We propose a reformulation of the NeRF architecture that sparsi�es layer
connections in a spatially-aware manner, facilitating ef�ciency improvements at training and
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Scene Captured
Resolution # Images # Pixels/Rays / Image

Synthetic NeRF - Chair 400 x 400 400 256,000,000 0.271
Synthetic NeRF - Drums 400 x 400 400 256,000,000 0.302
Synthetic NeRF - Ficus 400 x 400 400 256,000,000 0.582
Synthetic NeRF - Hotdog 400 x 400 400 256,000,000 0.375
Synthetic NeRF - Lego 400 x 400 400 256,000,000 0.205
Synthetic NeRF - Materials 400 x 400 400 256,000,000 0.379
Synthetic NeRF - Mic 400 x 400 400 256,000,000 0.518
Synthetic NeRF - Ship 400 x 400 400 256,000,000 0.483
T&T - Barn 1920 x 1080 384 796,262,400 0.135
T&T - Caterpillar 1920 x 1080 368 763,084,800 0.216
T&T - Family 1920 x 1080 152 315,187,200 0.284
T&T - Ignatius 1920 x 1080 263 545,356,800 0.476
T&T - Truck 1920 x 1080 250 518,400,000 0.225

Mill 19 - Building 4608 x 3456 1940 30,894,981,120 0.062
Mill 19 - Rubble 4608 x 3456 1678 26,722,566,144 0.050
Quad 6k 1708 x 1329 5147 11,574,265,679 0.010
UrbanScene3D - Residence 5472 x 3648 2582 51,541,512,192 0.059
UrbanScene3D - Sci-Art 4864 x 3648 3019 53,568,749,568 0.088
UrbanScene3D - Campus 5472 x 3648 5871 117,196,056,576 0.028

Table 2.1: Scene properties from the commonly used Synthetic NeRF and Tanks and Tem-
ples datasets (T&T) compared to our target datasets (below). Our targets contain an order-of-
magnitude more pixels (and hence rays) than prior work. Moreoever, each image captures signif-
icantly less of the scene, motivating a modular approach where spatially-localized submodules
are trained with a fraction of relevant image data.
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Resolution # Images # Pixels/Rays
Synthetic NeRF [118] 400 x 400 400 256,000,000
LLFF [117] 4032 x 3024 41 496,419,840
Light Field [220] 1280 x 720 214 195,910,200
Tanks and Temples [88] 1920 x 1080 283 587,658,240
Phototourism [78] 919 x 794 1708 1,149,113,846

Mill 19 4608 x 3456 1809 28,808,773,632
Quad 6k [32] 1708 x 1329 5147 11,574,265,679
UrbanScene3D [103] 5232 x 3648 3824 74,102,106,112

Table 2.2: Comparison of datasets commonly used in view synthesis (above) relative to those
evaluated in our work (below). We average the resolution, number of images, and total number
of pixels across each captured scene. We report statistics for Light Field and Tanks and Temples
using the splits in [223] and [216] respectively. For Phototourism we average across the scenes
used in [113].

rendering time. We then adapt the training process to exploit spatial locality and train the model
subweights in a fully parallelizable manner, leading to a 3� improvement in training speed while
exceeding the reconstruction quality of existing approaches. In conjunction, we evaluate existing
fast rendering approaches against our trained Mega-NeRF model and present a novel method
that exploits temporal coherence. Our technique requires minimal preprocessing, avoids the
�nite resolution shortfalls of other renderers, and maintains a high level of visual �delity. We
also present a new large-scale dataset containing thousands of HD images gathered from drone
footage over 100,000m2 of terrain near an industrial complex.

2.2 Related Work

Fast rendering. Conventional NeRF rendering falls well below interactive thresholds. Plenoc-
tree [216], SNeRG [68], and FastNeRF [58] speed up the process by storing precomputed non-
view dependent model outputs into a separate data structure such as a sparse voxel octree. These
renderers then bypass the original model entirely at render time by computing the �nal view-
dependent radiance through a separate smaller multi-layer perceptron (MLP) or through spheri-
cal basis computation. Although they achieve interactivity, they suffer from the �nite capacity of
the caching structure and poorly capture low-level details at scale.

DeRF [137] decomposes the scene into multiple cells via spatial Voronoi partitioning. Each
cell is independently rendered using a smaller MLP, accelerating rendering by 3� over NeRF.
KiloNeRF [139] divides the scene into thousands of even smaller networks. Although similar in
spirit to Mega-NeRF, these methods use spatial partitioning to speed upinferencewhile we use
it to enabledata parallelismfor scalable training. Both DeRF and KiloNERF are initialized with
a single large network trained on all data which is then distilled into smaller networks for fast
inference, increasing processing time by over 2� for KiloNeRF. Training on all available data is
prohibitive at our scale. Instead, our crucial insight is to geometrically partition training pixels
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Figure 2.2: Visualization of Mill 19 by Mega-NeRF. The top panel shows a high-level 3D ren-
dering of Mill 19 within our interactive visualizer. The bottom-left panel contains a ground truth
image captured by our drone. The following two panels illustrate the model reconstruction along
with the associated depth map.
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into small data shards relevant for each submodule, which is essential for ef�cient training and
high accuracy.

DONeRF [121] accelerates rendering by signi�cantly reducing the number of samples queried
per ray. To maintain quality, these samples are placed more closely around the �rst surface the
ray intersects, similar to our guided sampling approach described in Sec. 2.3.3. In contrast to our
method, DONeRF uses a separate depth oracle network trained against ground truth depth data.

Unbounded scenes.Although most NeRF-related work targets indoor areas, NeRF++ [223]
handles unbounded environments by partitioning the space into a unit sphere foreground region
that encloses all camera poses and a background region that covers the inverted sphere com-
plement. A separate MLP model represents each area and performs ray casting independently
before a �nal composition. Mega-NeRF employs a similar foreground/background partitioning
although we further constrain our foreground and sampling bounds as described in Sec. 2.3.1.

NeRF in the Wild [113] augments NeRF's model with an additional transient head and
learned per-image embeddings to better explain lighting differences and transient occlusions
across images. Although it does not explicitly target unbounded scenes, it achieves impressive
results against outdoor sequences in the Phototourism [78] dataset. We adopt similar appearance
embeddings for Mega-NeRF and quantify its impact in Sec. 2.4.2.

Concurrent to us, Urban Radiance Fields [141] (URF), BungeeNeRF [197], and BlockN-
eRF [167] target urban-scale environments. URF makes use of lidar inputs, while CityNeRF
makes use of multi-scale data modeling. Both methods can be seen as complementary to our
approach, implying combining them with Mega-NeRF is promising. Most related to us is Block-
NeRF [167], which decomposes a scene into spatial cells of �xed city blocks. Mega-NeRF makes
use of geometry visibility reasoning to decompose the set of training pixels, allowing for pixels
captured from far-away cameras to still in�uence a spatial cell (Fig. 4.1).

Training speed.Several works speed up model training by incorporating priors learned from
similar datasets. PixelNeRF [215], IBRNet [186], and GRF [174] condition NeRF on predicted
image features while Tancik et al. [166] use meta-learning to �nd good initial weight parameters
that converge quickly. We view these efforts as complementary to ours.

Graphics. We note longstanding efforts within the graphics community covering interactive
walkthroughs. Similar to our spatial partioning, Teller and Séquin [171] subdivide a scene into
cells to �lter out irrelevant geometry and speed up rendering. Funkhouser and Séquin [52] sep-
arately describe an adaptive display algorithm that iteratively adjusts image quality to achieve
interactive frame rates within complex virtual environments. Our renderer takes inspiration from
this gradual re�nement approach.

Large-scale SfM.We take inspiration from previous large-scale reconstruction efforts based
on classical Structure-from-Motion (SfM), in particular Agarwal et al's seminal “Building Rome
in a Day,” [13] which describes city-scale 3D reconstruction from internet-gathered data.

2.3 Approach

We �rst describe our model architecture in Sec. 2.3.1, then our training process in 2.3.2, and
�nally propose a novel renderer that exploits temporal coherence in 2.3.3.
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2.3.1 Model Architecture

Background. We begin with a brief description of Neural Radiance Fields (NeRFs) [118].
NeRFs represent a scene within a continuous volumetric radiance �eld that captures both ge-
ometry and view-dependent appearance. NeRF encodes the scenes within the weights of a mul-
tilayer perceptron (MLP). At render time, NeRF projects a camera rayr for each image pixel
and samples along the ray. For a given point samplepi , NeRF queries the MLP at position
xi = ( x; y; z) and ray viewing directiond = ( d1; d2; d3) to obtain opacity and color values� i

andci = ( r; g; b). It then composites a color prediction̂C(r ) for the ray using numerical quadra-
ture

P N � 1
i =0 Ti (1 � exp(� � i � i )) ci , whereTi = exp( �

P i � 1
j =0 � j � j ) and� i is the distance between

samplespi andpi +1 . The training process optimizes the model by sampling batchesR of im-
age pixels and minimizing the loss function

P
r2R




 C(r ) � Ĉ(r )




 2

. NeRF samples camera rays
through a two-stage hierarchical sampling process and uses positional encoding to better capture
high-frequency details. We refer the reader to the NeRF paper [118] for additional information.

Spatial partitioning. Mega-NeRF decomposes a scene into cells with centroidsn2N =
(nx ; ny; nz) and initializes a corresponding set of model weightsf n. Each weight submodule is
a sequence of fully connected layers similar to the NeRF architecture. Similar to NeRF in the
Wild [113], we associate an additional appearance embedding vectorl (a) for each input imagea
used to compute radiance. This allows Mega-NeRF additional �exibility in explaining lighting
differences across images which we found to be signi�cant at the scale of the scenes that we
cover. At query time, Mega-NeRF produces an opacity� and colorc = ( r; g; b) for a given
positionx, directiond, and appearance embeddingl (a) using the model weightsf n closest to the
query point:

f n(x) = � (2.1)

f n(x; d; l (a)) = c (2.2)

wheren = n2N




 n � x




 2

(2.3)

Centroid selection. Although we explored several methods, including k-means clustering
and uncertainty-based partitioning as in [205], we ultimately found that tessellating the scene
into a top-down 2D grid worked well in practice. This method is simple to implement, requires
minimal preprocessing, and enables ef�cient assignment of point queries to centroids at inference
time. As the variance in altitude between camera poses in our scenes is small relative to the
differences in latitude and longitude, we �x the height of the centroids to the same value.

Foreground and background decomposition.Similar to NeRF++ [223], we further subdi-
vide the scene into a foreground volume enclosing all camera poses and a background covering
the complementary area. Both volumes are modeled with separate Mega-NeRFs. We use the
same 4D outer volume parameterization and raycasting formulation as NeRF++ but improve
upon its unit sphere partitioning by instead using an ellipsoid that more tightly encloses the cam-
era poses and relevant foreground detail. We also take advantage of camera altitude measure-
ments to further re�ne the sampling bounds of the scene by terminating rays near ground level.
Mega-NeRF thus avoids needlessly querying underground regions and samples more ef�ciently.
Fig. 2.3 illustrates the differences between both approaches.
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Figure 2.3: Ray Bounds. NeRF++ (left) samples within a unit sphere centered within and
enclosing all camera poses to render its foreground component and uses a different methodology
for the outer volume complement to ef�ciently render the background. Mega-NeRF (right )
uses a similar background parameterization but models the foreground as an ellipsoid to achieve
tighter bounds on the region of interest. It also uses camera altitude measurements to constrain
ray sampling and not query underground regions.

2.3.2 Training

Spatial Data Parallelism.As each Mega-NeRF submodule is a self-contained MLP, we can train
each in parallel with no inter-module communication. Crucially, as each image captures only a
small part of the scene (Table 2.1), we limit the size of each submodule's trainset to only those
potentially relevant pixels. Speci�cally, we sample points along the camera ray corresponding
to each pixel for each training image, and add that pixel to the trainset for only those spatial
cells it intersects (Fig. 4.1). In our experiments, this visibility partitioning reduces the size of
each submodule's trainset by 10� compared to the initial aggregate trainset. This data reduction
should be even more extreme for larger-scale scenes; when training a NeRF for North Pittsburgh,
one need not add pixels of South Pittsburgh. We include a small overlap factor between cells
(15% in our experiments) to further minimize visual artifacts near boundaries.

Spatial Data Pruning. Note that the initial assignment of pixels to spatial cells is based on
camera positions, irrespective of scene geometry (because that is not known at initialization).
Once NeRF gains a coarse understanding of the scene, one could further prune away irrelevant
pixels/rays that don't contribute to a particular NeRF due to an intervening occluder. For exam-
ple, in Fig. 4.1, early NeRF optimization might infer a wall in cell F, implying that pixels from
image 2 can then be pruned from cell A and B. Our initial exploration found that this additional
visibility pruning further reduced trainset sizes by 2� . We provide details in Sec. 5.4.6.

2.3.3 Interactive Rendering

We propose a novel interactive rendering method in addition to an empirical evaluation of exist-
ing fast renderers on top of Mega-NeRF in Sec. 2.4.3. In order to satisfy our search-and-rescue
usecase, we attempt to: (a) preserve visual �delity, (b) minimize any additional processing time
beyond training the base model, and (c) accelerate rendering, which takes over 2 minutes for a
720p frame with normal ray sampling, to something more manageable.

Caching. Most existing fast NeRF renderers make use of cached precomputation to speed
up rendering, which may not be effective at our scene scale. For example, Plenoctree [216]
precomputes a cache of opacity and spherical harmonic coef�cients into a sparse voxel octree.
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Figure 2.4:Mega-NeRF-Dynamic.Current renderers (such as Plenoctree [216]) cache precom-
puted model outputs into a �xed octree, limiting the resolution of rendered images (a). Mega-
NeRF-Dynamicdynamicallyexpands the octree based on the current position of the �y-through
(b). Because of the temporal coherence of camera views, the next-frame rendering (c) can reuse
of much of expanded octree.

Generating the entire 8-level octree for our scenes took an hour of computation and anywhere
from 1 to 12 GB of memory depending on the radiance format. Adding a single additional level
increased the processing time to 10 hours and the octree size to 55GB, beyond the capacity of all
but the largest GPUs.

Temporal coherence.We explore an orthogonal direction that exploits the temporal coher-
ence of interactive �y-throughs; once the information needed to render a given view is computed,
we reuse much of it for thenextview. Similar to Plenoctree, we begin by precomputing a coarse
cache of opacity and color. In contrast to Plenoctree, wedynamicallysubdivide the tree through-
out the interactive visualization. Fig. 2.4 illustrates our approach. As the camera traverses the
scene, our renderer uses the cached outputs to quickly produce an initial view and then performs
additional rounds of model sampling to further re�ne the image, storing these new values into the
cache. As each subsequent frame has signi�cant overlap with its predecessor, it bene�ts from the
previous re�nement and needs to only perform a small amount of incremental work to maintain
quality.

Guided sampling.We perform a �nal round of guided ray sampling after re�ning the octree
to further improve rendering quality. We render rays in a single pass in contrast to NeRF's
traditional two-stage hierachical sampling by using the weights stored in the octree structure. As
our re�ned octree gives us a high-quality estimate of the scene geometry, we need to place only a
small number of samples near surfaces of interest. Fig. 2.5 illustrates the difference between both
approaches. Similar to other fast renderers, we further accelerate the process by accumulating
transmittance along the ray and ending sampling after a certain threshold.

2.4 Experiments

Our evaluation of Mega-NeRF is motivated by the following two questions. First, given a �nite
training budget, how accurately can Mega-NeRF capture a scene? Furthermore, after training, is
it possible to render accurately at scale while minimizing latency?
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Figure 2.5:Guided Sampling. Standard NeRF(left) �rst samples coarsely at uniform intervals
along the ray and subsequently performs another round of sampling guided by the coarse weights.
Mega-NeRF-Dynamic(right) uses its caching structure to skip empty spaces and take a small
number of samples near surfaces.

Qualitative results. We present two sets of qualitative results. Fig. 2.6 compares Mega-
NeRF's reconstruction quality to existing view synthesis methods. In all cases Mega-NeRF cap-
tures a high level of detail while avoiding the numerous artifacts present in the other approaches.
Fig. 2.7 then illustrates the quality of existing fast renderers and our method on top of the same
base Mega-NeRF model. Our approach generates the highest quality reconstructions in almost
all cases, avoiding the pixelization of voxel-based renderers and the blurriness of KiloNeRF.

2.4.1 Evaluation protocols

Datasets.We evaluate Mega-NeRF against multiple varied datasets. Our Mill 19 dataset consists
of two scenes we recorded �rsthand near a former industrial complex. Mill 19 - Building con-
sists of footage captured in a grid pattern across a large500� 250m2 area around an industrial
building. Mill 19 - Rubble covers a nearby construction area full of debris in which we placed
human mannequins masquerading as survivors. We also measure Mega-NeRF against two pub-
licly available collections - the Quad 6k dataset [32], a large-scale Structure-from-Motion dataset
collected within the Cornell Universty Arts Quad, and several scenes from UrbanScene3D [103]
which contain high-resolution drone imagery of large-scale urban environments. We re�ne the
initial GPS-derived camera poses in the Mill 19 and UrbanScene3D datasets and the estimates
provided in the Quad 6k dataset using PixSFM [104]. We use a pretrained semantic segmenta-
tion model [47] to produce masks of common movable objects in the Quad 6k dataset and ignore
masked pixels during training.

Training. We evaluate Mega-NeRF with 8 submodules each consisting of 8 layers of 256
hidden units and a �nal fully connected ReLU layer of 128 channels. We use hierarchical sam-
pling during training with 256 coarse and 512 �ne samples per ray in the foreground regions and
128/256 samples per ray in the background. In contrast to NeRF, we use the same MLP to query
both coarse and �ne samples which reduces our model size and allows us to reuse the coarse
network outputs during the second rendering stage, saving 25% model queries per ray. We adopt
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