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As virtual and augmented reality devices evolve with new applications, the ability to create

and transmit immersive content becomes ever more critical. In particular, mobile, standalone

devices have power, computing, and bandwidth limitations which require careful thought on

how to deliver content to users. In this dissertation, we examine techniques to enable adaptive

streaming of two types of content: 360◦ panoramic videos and light fields.

With the rapidly increasing resolutions of 360◦ cameras, head-mounted displays, and live-

streaming services, streaming high-resolution panoramic videos over limited-bandwidth net-

works is becoming a critical challenge. Foveated video streaming can address this rising chal-

lenge in the context of eye-tracking-equipped virtual reality head-mounted displays. We intro-

duce a new log-rectilinear transformation incorporating summed-area table filtering and off-the-

shelf video codecs to enable foveated streaming of 360◦ videos suitable for VR headsets with

built-in eye-tracking. Our technique results in a 31% decrease in flickering and a 10% decrease

in bit rate with H.264 streaming while maintaining similar or better quality.



Neural representations have shown great promise in compactly representing radiance and

light fields. However, existing neural representations are not suited for streaming as decoding can

only be done at a single level of detail and requires downloading the entire neural network model.

To resolve these challenges, we present a progressive multi-scale light field network that encodes

light fields with multiple levels of detail across various subsets of the network weights. With our

approach, light field networks can render starting with less than 7% of the model weights and

progressively depict greater levels of detail as more model weights are streamed.

Existing methods for levels of detail in neural representations focus on a few discrete levels

of detail. While a few discrete LODs are enough to enable progressive streaming and reduce

artifacts, transitioning between LODs becomes a challenge as an instant transition can result

in a popping artifact, blending requires two render passes at adjacent LODs, and dithering can

briefly appear as flickering. Additionally, models with a few LODs create large model deltas and

can only coarsely adapt to bandwidth and compute resources. To address these limitations, we

present continuous levels of detail for light field networks to address flickering artifacts during

transitions across levels of detail and enable more granular adaptation to available resources.

With our approach, we reduce flickering between successive model updates by approximately

40−80% and go from 4 performance levels to 385 performance levels from which the model can

be executed. By rendering levels of detail at each possible network width, we additionally reduce

the model size deltas from over a hundred rows and columns per layer down to a single row and

column per layer, for smoother streaming potential.
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Chapter 1: Introduction

Over the past several years, numerous 3D applications on desktop, virtual reality (VR), and

augmented reality (AR) devices have quickly been discovered and developed. AR and VR de-

vices with increasing resolutions and better features are being unveiled as well. In line with this,

the requirements for 3D content have continued increasing with expectations of applications now

having high-resolution photo-realistic graphics and visualizations. However, existing methods

for representing immersive content such as 360◦ videos which allow for three degrees of free-

dom motion, or 3D content with six degrees of freedom, are not always ideal for representing

high-fidelity content. In particular, as mobile VR and AR devices are being introduced, content

must be represented in a way that efficiently uses available bandwidth, power, and computing

resources. In this dissertation, we present our research results on foveated 360◦ video stream-

ing [3], progressive multi-scale light field networks [4], and continuous levels of detail for light

field networks [5].

1.1 Foveated 360◦ Video Streaming

In the past, photorealistic content has primarily been limited to captured photographs and

videos. With both of these forms of content, there is limited interaction and freedom for the

viewer. The viewport is limited to what the original camera captures based on the decisions
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of the photographer or filmmaker. Hence with standard photos and videos, the entire content

must be transmitted to the viewer. 360◦ videos offer a panoramic view of the scene, giving the

user three degrees of freedom to look around, either from a standard display or ideally a VR

headset. However, in streaming scenarios, only a fraction of the viewport is within the user and

headset’s field of view. Furthermore, only a small portion of the field of view is in the foveal

region where the user is directly focusing on. Hence, most of the content in a 360◦ video does not

need to be streamed and a large portion can be streamed at a lower quality to conserve bandwidth,

power, and compute. To address non-visible regions, many existing works in viewport-dependant

streaming [6, 7, 8] examine how to stream only the regions of a 360◦ view that are in view.

Typically, these employ a tiling strategy to stream regions in the viewport at a higher quality and

regions near the viewport at a lower quality.

The goal of foveated streaming is to reduce the bandwidth consumption when streaming

video over the internet by streaming the peripheral regions at a lower quality or sample rate. This

is possible since the human visual system is less sensitive to details in the peripheral regions.

Hence, a system that responds to the real-time gaze position by streaming the foveal regions

only at a high quality could achieve a lower bandwidth than one that streams the entire viewport

at full quality. For conventional videos with a limited field of regard, foveated streaming has

been explored through tiling methods in Ryoo et al. [9]. These tiling methods are similar to

those applied for viewport-dependant streaming for 360◦ panoramic videos. To achieve foveated

streaming of 360◦ panoramic videos, a potential system would require multiple levels of detail

not only in the entire 360◦ field of regard but also inside the viewport that the user is watching.

This could potentially require dozens or hundreds of simultaneous streams, each of which would

2



require synchronized video decoding and would have worse compression due to being segmented

into tiny regions.

a)

a)

a) Log-Polar Transformation b) Log-Rectilinear Transformation

Figure 1.1: An illustration of the sampling positions of the log-polar transformation and our log-
rectilinear transformation for foveation.

Instead of pursuing additional finer tiling, we explore an alternative method for foveated

streaming which is based on techniques in foveated rendering. In foveated rendering, a log-polar

transformation can be tuned [10] to allocate rendering computation more smoothly toward the

foveal regions. However, a naive application of the log-polar transformation with single-pixel

subsampling as shown in Figure 1.1 leads to foveation artifacts such as aliasing and flickering.

Furthermore, the log-polar transformation inefficiently samples captured videos by oversampling

the central regions. To address both issues, we propose the log-rectilinear transformation. This

transformation allows us to use summed-area tables to quickly compute filtered samples of cap-

tured 360◦ video, stream a compact buffer over the network, and display a foveated 360◦ video

frame.

To evaluate our log-rectilinear transformation, we implement a foveated 360◦ streaming

pipeline that decodes a 360◦ video in real-time on a server, compresses it into a lower resolution

log-polar or log-rectilinear buffer, streams it over the internet, and displays it on a client. We

3



measure the resulting flicker, bandwidth usage, full-frame video quality, as well as processing

overhead. In our experiments, we observe on average over 31% reduced flicker (Figure 1.2a),

10% reduced bandwidth usage (Figure 1.2b), and 3% better full-frame WS-PSNR metrics (Fig-

ure 1.2c) with only a 2 ms increase in the server compute latency compared to foveation using

a log-polar transformation. Complete details of our method and experiments are described in

Chapter 2.
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Figure 1.2: Results of our experiments with our log-rectilinear transformation.

1.2 Progressive Multi-Scale Light Field Networks

For 3D content, traditionally meshes and textures are used to represent scenes and ob-

jects. However, creating photorealistic meshes and textures, even with captured images, is very

challenging. Light fields can be used to represent photorealistic objects and scenes with view-
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dependant appearance through hundreds of images. However, hundreds of images are hard to

transmit, requiring lots of bandwidth to stream and computation to decode. With neural repre-

sentations, images from a light field can be encoded into a relatively compact neural network,

either as a neural radiance field [11] or a light field network [12].

While neural representations, and especially neural radiance fields (NeRFs), achieve high-

quality photo-realistic view synthesis results, they suffer from many drawbacks compared to tra-

ditional representations which make them not yet suitable for real-time 3D graphics applications.

One of the first major drawbacks is real-time rendering. NeRFs use volume rendering which

requires dozens or hundreds of samples per pixel, each involving a full inference through a neu-

ral network with thousands to millions of parameters. Hence the original NeRF implementation

takes roughly half a minute to render an image. Many methods have been proposed to address

this including light field networks (LFNs) which use only one sample per pixel.

RGBA

Ray

LOD 1 LOD 2 LOD 3 LOD 4

RGBA

Ray

RGBA

Ray

RGBA

Ray

Figure 1.3: Using subsets of neurons to encode different levels of detail within a single model.

Two other challenges that make neural representations, and LFNs in particular, unsuitable

for streaming are (1) the entire neural network must be downloaded before rendering can begin,

and (2) rendering at a smaller scale can create aliasing and flickering artifacts. Flickering can

be addressed by using light fields stored at different scales but doing so would require training,
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storing, and streaming multiple light field networks. To address both of these challenges simul-

taneously, we have designed a novel technique to train a single light field network that can be

progressively streamed and that can render a light field at different scales without significant

aliasing artifacts.

With a progressive architecture, weights of the neural network can be streamed with render-

ing starting at a low level of detail and progressing to a higher level of detail once the full weights

become available. At the lowest level of detail, we target 1/8 scale renders using only 0.5 MB or

less than 7% of the full model weights. To transition across levels of detail, dither can be used by

gradually rendering pixels at the new level of detail. Furthermore, with a per-pixel level of detail,

foveated rendering can be performed to further optimize the rendering performance.

Table 1.1: Average Rendering Quality Over All Datasets.

Model LOD 1 LOD 2 LOD 3 LOD 4

Single-scale LFN 26.95 28.05 28.21 27.75
Multiple LFNs 29.13 29.88 29.27 27.75
Our Multi-scale LFN 29.37 29.88 29.01 28.12

(a) PSNR (dB) at 1/8, 1/4, 1/2, and 1/1 scale.

Model LOD 1 LOD 2 LOD 3 LOD 4

Single-scale LFN 0.8584 0.8662 0.8527 0.8480
Multiple LFNs 0.8133 0.8572 0.8532 0.8480
Our Multi-scale LFN 0.8834 0.8819 0.8626 0.8570

(b) SSIM at 1/8, 1/4, 1/2, and 1/1 scale.

To determine the effectiveness of our method, we conduct experiments evaluating the ren-

dering quality, training time, and rendering performance with our multi-scale light field networks.

We evaluate our method using several light field scenes. For each scene, we have 240 views which

are split into training, validation, and test views. From Table 3.3, we see that we observe better
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PSNR and SSIM metrics at lower resolutions due to reduced aliasing artifacts. In addition, we

observe that rendering at the appropriate level of detail can improve rendering performance with

1/8 scale rendering taking around 3.7 ms at the lowest LOD from 5.9 ms. Finally, we find that

training a progressive multi-scale LFN takes only 18 hours on average compared to training four

separate single-scale LFNs which takes 25 hours.

1.3 Continuous Levels of Detail for Light Field Networks

Many neural representations supporting levels of detail have emerged over the past few

years. For instance, in our previous work, Progressive Multi-Scale Light Field Networks [4],

we introduce light field networks that support four levels of detail which can be progressively

streamed based on available network resources. Meanwhile, Progressive Implicit Networks

(PINs) [13] support band-limited levels of detail for images and 3D SDFs. However, existing

work generally focuses only on a few discrete levels of detail (e.g. 4-10) which have three main

drawbacks for streaming scenarios. First, transitions across levels of detail can result in artifacts

such as flickering or popping depending on the method. Second, streaming in additional LODs

requires large model details which take longer to load and create spikes in network activity. Third,

rendering between levels of detail requires rendering two separate LODs which would create a

significant performance impact.

Building upon our prior work, we next introduce Continuous Levels of Detail for Light

Field Networks. Continuous levels of detail address all three of these challenges simultaneously.

Continuous levels of detail allow smooth transitions across LODs or model sizes without flicker-

ing or popping artifacts. Rendering in between LODs merely involves selecting an intermediate
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LOD. In streaming scenarios, model deltas can be arranged such that only one additional row and

column of weights are required for each layer.
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(a) Variable-size layers. By assigning a level of
detail to every network width, we can achieve
hundreds of performance levels.
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(b) Neuron masking. To render at continuous
LOD ℓ, we use weights corresponding to LOD
⌈ℓ⌉ and apply alpha-blending to continuously
fade-in features produced by the new neuron
with α = ℓ− ⌊ℓ⌋ at each layer.

Figure 1.4: Illustrations of our method to represent continuous levels of detail.

To represent continuous levels of detail, we propose to use variable-sized layers, emitting

a level of detail for every available network width as shown in Figure 1.4a. Next, we interpolate

across network widths by blending in new neurons from the next network width as shown in

Figure 1.4b using a continuous-valued variable α.
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Full-resolution Pixels
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(b) Saliency-based Importance Sampling

Figure 1.5: Illustrations of our method to train continuous levels of detail.
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To train our network at continuous levels of detail, we use summed-area tables for arbitrary-

size and arbitrary-position sampling of pixels from training images. In addition, we propose

to apply saliency-based importance sampling during training to align details are lower LODs

towards regions viewers are more likely to focus on.
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Figure 1.6: Plots showing the effects of transitioning across LODs. Transitioning with discrete
LODs leads to larger network traffic spikes and more flickering.

2 4 6 8
Streamed Data (MB)

0.78

0.80

0.82

0.84

Ac
hi

ev
ab

le
 S

SI
M

Achievable SSIM as Data is Streamed

Discrete-scale LFN
Ours

(a) Average SSIM quality at the full reso-
lution.

128 256 384 512
Model Width

10

15

20

Re
nd

er
 T

im
e 

(m
s)

Render Time Across Levels of Detail
Discrete-scale LFN
Ours

(b) Average render times at 1/4 scale.

Figure 1.7: Plots showing our quantitative evaluation results. With continuous LODs, the LOD
can be dynamically adjusted to maximize the quality based on available resources.

We evaluate our method by training continuous LOD models and discrete LOD models,

comparing their quality and sizes during transitions and at fixed LODs. By assigning a usable

level of detail at each model width, we reduce the maximum model delta size from 3.5 MB to 32

KB as shown in Figure 1.6a. During transitions across LODs at adjacent model sizes, we reduce

the flickering from 100 down to 20. as shown in Figure 1.6b. At the same model sizes, there is
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some overhead in quality compared to the discrete LOD model, requiring additional weights to

achieve the quality. However, as seen in Figure 1.7a, as data is streamed in, the continuous model

results in better quality for most available model sizes. Finally, we see in Figure 1.7b that render

time scale mores smoothly across LODs with additional model sizes.
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Chapter 2: A Log-Rectilinear Transformation for Foveated 360◦ Video Stream-

ing

input 360° video frame

log-polar transformation log-polar buffer

log-rectilinear buffer

foveated frames
stream
to client

Video Streaming Server

fovea periphery

log-rectilinear transformation

Figure 2.1: An overview of our foveated 360◦ video streaming pipeline. The upper and lower
rows present the workflows with the prior log-polar transformation and our proposed log-
rectilinear transformation, respectively. Both foveated methods convert the equirectangular video
frames into down-sampled buffers, which are encoded and streamed to the client. After reprojec-
tion, our log-rectilinear transformation greatly reduces the flickering and aliasing artifacts while
maintaining high-quality rendering in the foveal region and reducing overall bandwidth.

2.1 Introduction

360◦ videos, also referred to as omnidirectional or panoramic videos, offer superior im-

mersive experiences by encompassing the viewers’ entire field of view and allowing them to

freely look around the scene with a full 360◦ field of regard. However, streaming solutions for

360◦ videos that transmit the entire 360◦ video frame result in much worse perceived quality

compared to streaming conventional videos [7, 14]. As most of the pixels in 360◦ videos are out-

of-sight or in the peripheral region, streaming 360◦ video requires a much higher resolution and
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bandwidth to achieve the same perceived quality [6, 14]. Previous research in viewport-adaptive

360◦ video streaming [6, 8, 15, 16] has achieved significant bandwidth reductions and quality

improvements by culling out-of-sight regions for streaming videos to mobile devices. However,

with increasing resolutions from 360◦ cameras such as the 11K Insta360 Titan1 and VR headsets

such as the 3000 pixels-per-inch (PPI) Varjo VR-12, additional bandwidth optimizations will be

needed for interactive, low-latency streaming of high-resolution 360◦ videos.

Several existing video processing and transmission pipelines address limitations in trans-

mission speed by varying the resolution to match the human visual system. These foveated video

techniques maintain high-fidelity video in regions the viewer is currently focusing on while re-

ducing resolution in the peripheral areas to lower the bit rate necessary to transmit or store the

video. Many existing approaches to foveated video coding and streaming [9, 17, 18, 19, 20, 21]

use either multiple resolution techniques or image transformation techniques.

Multiple resolution techniques divide a video into multiple video tiles and encode each tile

at several resolutions. These tiles are usually independently streamed and then combined into a

single video on either the server or the client. Alternatively, image transformation techniques map

the peripheral areas to a lower resolution by applying a transformation that models the spatially-

varying resolution of the human visual system. While both types of techniques are effective at

reducing the bit rate, they often lead to spatial and temporal artifacts due to subsampling in the

peripheral region [22].

In this chapter, we present a new log-rectilinear transformation that preserves full-resolution

fidelity around the gaze position and a soft blur in the peripheral region. By bringing together

1Insta360 Titan: https://insta360.com
2Varjo VR-1: https://varjo.com
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summed-area tables, foveation, and off-the-shelf video codecs, our log-rectilinear transformation

enables foveated-video streaming for eye-tracking virtual reality headsets. When incorporating

our log-rectilinear transformation with summed-area-table-based filtering, image artifacts from

the conventional log-polar transformation are significantly reduced.

Our main contributions in this chapter are:

• Introduction of a log-rectilinear transformation which leverages summed-area tables, foveation,

and standard video codecs for foveated 360◦ video streaming in VR headsets with eye-

tracking.

• Design and implementation of a foveated 360◦ video streaming system with full capability

of video decoding, generating summed-area tables, sampling, and encoding.

• Quantitative evaluation of the log-rectilinear transformation on a public 360◦ video dataset

[1] with an ablation study demonstrating the effects of summed-area table filtering.

The remainder of this chapter is structured as follows: In Section 2, we discuss previous

approaches to foveated and 360◦ video coding, streaming, and rendering. In Sections 3 and 4,

we discuss the details of our log-rectilinear transformation and how to integrate it into a 360◦

video streaming pipeline. In Section 5, we quantitatively evaluate the video quality, bit rate,

and performance of our log-rectilinear augmentation. Finally, in Sections 6 and 7, we discuss

the limitations of our approach and potential future directions in 360◦ video streaming for VR

headsets. Supplementary material is available at https://augmentariumlab.github.

io/foveated-360-video/.
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2.2 Related Works

Our work builds upon previous approaches to 360◦ video streaming. We leverage tech-

niques from foveated rendering and summed-area tables in our video streaming pipeline.

2.2.1 Foveated and 360◦ Video Streaming

As video streaming continues to grow in popularity, various approaches have been pro-

posed to reduce the bandwidth requirements of streaming high-resolution video. Most exist-

ing approaches can be classified as multiple resolution techniques [18, 19, 20, 21] or quan-

tization parameter adjustments [23, 24]. For 360◦ videos and VR applications, tiling tech-

niques [7, 8, 16, 25, 26, 27, 28] stream only visible portions of the video at a high quality and

stream out-of-sight portions at a significantly lower quality or even leave them out entirely.

Qian et al. developed Flare [6], a 360◦ video-streaming solution for mobile devices, which

builds upon existing tiling approaches. The Flare system applies the tiling technique to viewport

adaptive streaming, which aims to stream the entire viewport of a 360◦ video at the full-resolution

on a mobile network. They develop a viewport-prediction network, a tile scheduler, and employ

rate-adaptation in their system to strategically stream the entire viewport while minimizing the

bandwidth overhead of streaming out-of-sight regions. While their system successfully culls

out-of-sight regions for the 360◦ video, it can only stream videos at certain predetermined quality

levels. Viewing 360◦ video in high-resolution VR headsets will require a finer foveated streaming

approach along with out-of-sight culling to achieve the same quality over a larger viewport.

While tile-based approaches work well for viewport adaptive 360◦ video streaming, they

would not be practical for foveated 360◦ video streaming where the quality levels differ not
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Tearing

Color Mismatch

Figure 2.2: Foveated streaming of 360◦ videos requires too many tiles due to the large field of
view and high variability of detail. Using too few tiles leads to tearing artifacts (blue box) and
color mismatch artifacts (orange box) as shown above. The gaze position is marked with a cyan
circle at the center of the frame.

only between visible and out-of-sight areas but also between different areas within the viewport.

For instance, Ryoo et al. [9] design a foveated streaming system for 2D videos which requires

144 tiles with 6 resolutions for each tile for a total of 864 files. Applying the same approach

for foveated 360◦ video streaming would require an order of magnitude more files due to the

panoramic nature. Using too few tiles would lead to tearing and color mismatch artifacts as shown

in Figure 2.2. Splitting up videos this way creates challenges for client devices that would need to

stream, decode, and render hundreds of streams simultaneously in sync while also blending them

to hide edge artifacts. Furthermore, creating and storing hundreds of files per video is impractical

for services such as YouTube and Facebook where videos accumulate over time as users upload

more content each day.
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a)
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a) Log-Polar Transformation b) Log-Rectilinear Transformation

Figure 2.3: An illustration of the sampling positions of the log-polar transformation and our log-
rectilinear transformation for foveation. Each square corresponds to a single pixel. Larger blocks
correspond to collections of pixels. In an ideal scenario, each sampled pixel should correspond
to an average of every pixel in their region. With the log-polar transformation, typically only one
pixel is sampled in each region leading to foveation artifacts. With our log-rectilinear transfor-
mation, we can get the average for each region with just four samples from a summed-area table.
The position of the sampling is offset by the gaze position.

2.2.2 Foveated and 360◦ Video Rendering

The critical need for higher performance is motivating research in foveated rendering which

aims to improve graphics performance in real-time applications.

Guenther et al. [29] developed the first foveated rendering pipeline for 3D graphics that

renders at three different resolutions based on perceptual detectability thresholds [30] and com-

posites the result to yield the final foveated image. They conducted a user-study to determine

an acceptable foveation threshold and evaluated their system by measuring the performance

speedup. Their rendering technique achieves an effective speedup of 5 − 6× on the prevalent

displays and they predicted higher speedups on higher-resolution, wider field-of-view displays.

Other foveated rendering techniques such as shading at multiple resolutions [31], and rendering

to a log-polar buffer [10] have also been found to yield significant performance boost.
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Although foveated rendering has the potential to dramatically increase performance for

high-resolution VR rendering, many current approaches still yield undesirable visual artifacts.

Turner et al. [32] present a technique called phase-aligned foveated rendering to reduce motion-

induced flickering and aliasing artifacts in foveated rendering. By aligning the pixel sampling to

the virtual scene rather than the rotation of the user’s head, they can remove flickering caused by

rotational movement with only 0.1 ms overhead rendering to a 2560 × 1440 VR headset. While

their technique yields very impressive results, it only works for 3D graphics rendering but not for

displaying 360◦ videos. Recent advances in neural rendering present the potential to reconstruct

the foveated frame with generative adversarial neural networks [33]. Nevertheless, such methods

are limited by training data and may produce flicker and ghosting artifacts for unexpected content.

2.2.3 Summed-Area Tables

Summed-area tables, also known as integral images, are a 2D extension of prefix-sum

arrays. First proposed by Frank Crow [34] as an alternative to mipmaps for texturing, summed-

area tables have found a wide range of uses within computer graphics and computer vision. Given

a 2D array A = {aij}, the summed-area table S = {sij} for array A has elements:

sij =
i∑

x=0

j∑
y=0

axy.

The element at position i, j of S is the sum of all the elements in the rectangle sub-array of A

with diagonal corners (0, 0) and (i, j).

Summed-area tables can be efficiently calculated on the GPU using a variety of parallel

algorithms [35, 36, 37, 38, 39]. The simplest parallel algorithm for generating a summed-area
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table [39] calculates prefix sums across each row in parallel on the GPU followed by each col-

umn in parallel. Since a prefix scan can be computed in O(log(n)) time and O(n) work using

Blelloch’s scan algorithm [40], a summed-area table can be computed in O(log(m) + log(n))

time and O(mn) work for an m ∗ n image given m ∗ n processors or threads. Recent algo-

rithms [35, 36] leverage memory locality, kernel synchronization, and look-back techniques to

compute summed-area tables with less than 10% overhead over a GPU memory copy. Using the

1R1W-SKSS-LB algorithm by Emoto et al. [35], an 8K × 8K summed-area table of 32-bit floats

can be calculated in less than 1 ms.

In computer graphics, summed-area tables have been used for various effects such as am-

bient occlusion [41], depth of field [39, 42], glossy environmental reflections [39], and feature

correspondence [43, 44, 45]. Summed-area tables have also been extended to cube-maps [46] for

shadow mapping and translucent environment mapping. To the best of our knowledge, we are

the first to use summed-area tables for streaming foveated 360◦ videos.

2.3 Method

Our log-rectilinear transformation combines resolution-reduction techniques in foveated

rendering and the constant-time filtering effects of summed-area tables to enable foveated video

streaming.

2.3.1 Log-Rectilinear Transformation

The conventional geometric transformation used to emulate the resolution falloff with ec-

centricity for the human eye is the log-polar transformation [10, 47]. The log-polar transforma-
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Log-Polar Transformation Log-Rectilinear Transformation

equirectangular video frame

log-polar transformed buffer log-rectilinear transformed buffer

equirectangular video frame

projected log-polar foveated video frame projected log-rectilinear foveated video frame

Figure 2.4: A comparison between the conventional log-polar transformation and our novel log-
rectilinear transformation. The left and right columns show the same video frame being foveated
using the log-polar and log-rectilinear transformations, respectively. The lowermost image in
each column shows the final gnomonic projected video frame with foveation. The gaze position
is marked with a purple circle. For both log-polar and log-rectilinear, we use a buffer resolution
of 1072× 608.

tion emulates the spatially-varying resolution of the human visual system but leads to an ineffi-

cient mapping from conventional, rectangular-packed video sources. Around the gaze position,

multiple pixels of the log-polar buffer could be sampled from the same pixel in the original

image. In the peripheral regions, subsampling from the log-polar buffer causes flickering and

aliasing artifacts.
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Figure 2.5: The system workflow for our integrated foveated video streaming prototype. Our
server consists of four stages which include decoding the video, building a summed-area table,
sampling the summed-area table into a log-rectilinear buffer, and streaming the log-rectilinear
video buffers. The client first sends a video streaming request to the server, then continuously
updates the gaze position to the streaming server. For video processing, the client has two stages:
decoding the log-rectilinear video and interpolating it into a full-resolution video frame.

To address the drawbacks of the log-polar transformation, we propose a log-rectilinear

transformation. Our log-rectilinear transformation, shown in Figure 2.3 and Figure 2.4, preserves

full-resolution detail near the gaze position while emulating the spatially-varying resolution of the

human visual system similar to the existing log-polar transformation. To achieve this, our log-

rectilinear transformation satisfies several properties. First, regions of our log-rectilinear trans-

formation are rectangular, allowing constant-time filtering using summed-area tables. Second,

our log-rectilinear transformation expresses a one-to-one mapping from the full-resolution video

frame to the reduced-resolution buffer near the gaze position. This is represented as ∆x = ∆u

where ∆x is the distance from the gaze position in the full-resolution W×H video frame and ∆u

is the distance from the center of the reduced-resolution w × h buffer. Third, our log-rectilinear

transformation uses an exponential resolution decay based on the properties of the human visual

system. We accomplish this by using an exponential decay ∆x = exp(A ·K(u)) with a kernel

function K(u) = u4 from Meng et al. [10]. Here u represents an axis on the reduced-resolution
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log-polar buffer and A is a variable set to represent the scaling between the full-resolution frame

and the reduced-resolution log-polar buffer.

To adapt kernel foveated rendering expression (Equation 8 from Meng et al. [10]) for the

log-polar formulation to our log-rectilinear transformation we make the following changes. First,

we replace u with |∆u|
w/2

∈ [0, 1], the normalized distance from the center of the reduced-resolution

buffer. Second, we subtract 1 from the exponential so that |∆x| = 0 when |∆u| = 0. Third, we

move the variable A out of the exponential and set it to a constant λx. We set λx = W
e−1

so that

|∆x| = |W | when |∆u|
w/2

= 1, allowing the entire frame to be in view when the user is looking

at a corner. Our final exponential decay is λx

(
exp

((
|∆u|
w/2

)4)
− 1

)
. To ensure a one-to-one

mapping near the gaze position, we take the maximum between |∆u| and our exponential decay,

giving us our final equation:

∆x = max

(
|∆u|, λx

(
exp

((
|∆u|
w/2

)4
)

− 1

))
∗ sign (∆u) .

Inverting our log-rectilinear transformation is accomplished with the following equation:

∆u = min

(
|∆x|, w

2
· ln1/4

(
|∆x|
λx

+ 1

))
· sign (∆x) .

We detail how the log-rectilinear transformation and its inverse are applied to foveated

streaming in section 2.4.
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2.3.2 Summed-Area Table Images

Although our log-rectilinear transformation maintains the high-quality in the fovea region

using a one-to-one mapping, it alone can not address aliasing artifacts in the peripheral region.

We propose sampling from a summed-area table rather than directly from the image to reduce

the artifacts from foveated sampling.

Using summed-area tables allows us to quickly find the sum of any axis-aligned rectangular

block of the original array A:

i1∑
x=i0

j1∑
y=j0

axy = si1j1 − s(i0−1)j1 − si1(j0−1) + s(i0−1)(j0−1).

Dividing the sum by the size of the rectangle yields the average of all values in the block. Using

the average RGB values for peripheral regions significantly improves the quality compared to

sampling the original image, eliminating aliasing artifacts as well as reducing temporal flickering.

When sampling from the summed-area table, we are able to retrieve the average color values with

only four memory reads per pixel. For a m ∗ n frame, traditional filtering for foveation requires

O(mn) work after the gaze position is available. However, on the highly-parallel GPUs one could

use the summed-area tables to carry out filtering much faster. Building the summed-area table

on a GPU using parallel-prefix sums takes only O(log(m) + log(n)) time over m ∗ n processors

and does not require knowing the latest gaze position. As soon as the gaze position is available,

sampling the summed-area table only takes O(1) time, reducing the latency in the sampling stage.

By reducing the overhead in sampling, we minimize the latency between receiving the latest gaze

position of the viewer and sending out the next frame on the server.
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2.4 System

We demonstrate the applicability of our transformation by designing and implementing

a foveated video streaming pipeline for eye-tracking VR headsets. Our pipeline consists of a

real-time video transcoding pipeline with two additional steps on the server: a summed-area-

table encoding step and a log-rectilinear sampling step. Our full pipeline, shown in Figure 2.5,

consists of four processing stages for the server and two processing stages for the client.

2.4.1 Server Pipeline

Our workflow on the server consists of four stages: video decoding, summed-area table

generation, log-rectilinear buffer sampling, and log-rectilinear buffer encoding. Every frame of

the video must be processed through the pipeline, but decoding and summed-area table generation

are buffered on the server.

2.4.1.1 Stage 1: Video Decoding

Our first stage for the server is video decoding. In this stage, the full-resolution video is

decoded on the server and converted from YCbCr color-space into a 24 bits-per-pixel RGB image.

In our research prototype, we use FFmpeg, a multimedia library (https://FFmpeg.org), for

both video decoding and encoding. The decoding process can be hardware accelerated on Intel,

NVIDIA, and AMD platforms using FFmpeg.
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2.4.1.2 Stage 2: Summed-Area Table Generation

In the second stage, our server computes the summed-area table representation for the full-

resolution image. We use the RGB color-space and compute the summed-area tables for each

channel independently, though our method can also be applied to other color-spaces such as

YCbCr or HSV. Our research prototype leverages the GPU by using the OpenCL API for parallel

computation.

2.4.1.3 Stage 3: Log-Rectilinear Sampling

In the third stage, we compute a reduced-resolution log-rectilinear buffer. For a full-

resolution 1920× 1080 (W ×H) video, we sample to a reduced-resolution buffer of size 1072×

608 (w× h) so that the ratio of full-resolution to reduced-resolution (W/w) is at least 1.8, a ratio

found to yield virtually indistinguishable results for users with log-polar-based foveation in VR

headsets [10]. During this stage, we use the viewer’s last updated gaze position when creating

the reduced-resolution buffer. We use OpenCL for computing the log-rectilinear buffer.

2.4.1.4 Stage 4: Log-Rectilinear Encoding

The final stage of our pipeline consists of encoding the reduced-resolution log-rectilinear

buffer into an H.264 video packet and muxing into a fragmented MP4 (fMP4) packet. Once again,

we use FFmpeg for the encoding stage which supports hardware-accelerated encoding through

NVIDIA NVENC. After encoding, the packet gets sent to the client over the network through a

socket.
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2.4.2 Client Pipeline

Our pipeline for the client augments video decoding with a post-processing step to convert

the log-rectilinear transformed buffer into a standard video frame.

2.4.2.1 Stage 1: Video Decoding

Upon receiving the encoded packet from the server, the client decodes the packet yielding

the reduced-resolution log-rectilinear buffer. Although the end-user never sees the log-rectilinear

buffer, the buffer is cached on the GPU for post-processing.

2.4.2.2 Stage 2: Inverse Log-Rectilinear Transformation

In the second stage, the client performs a post-processing step to expand the reduced-

resolution log-rectilinear buffer into a full-resolution foveated video frame. We employ bilinear

interpolation on the GPU to restore the full-resolution video frame.

2.5 Evaluation

We evaluate the potential benefits and drawbacks of our approach by conducting a quan-

titative evaluation of our visual quality, bandwidth savings, streaming latency, and computa-

tional overhead. We compare our log-rectilinear transformation with summed-area table sam-

pling against the log-polar transformation commonly used in foveated rendering. Throughout

our evaluation, we also include an ablation study of the summed-area table on public datasets.
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We present a side-by-side visual comparison between foveation using the log-polar transforma-

tion and our approach in the supplementary video.

2.5.1 Datasets and Configuration

To validate our approach and ensure replicability, we quantitatively evaluate our video

streaming system with the benchmark 360◦ video dataset of Agtzidis et al. [1]. The dataset

consists of 14 diverse 360◦ videos with gaze and head paths of 13 participants using a FOVE3

eye-tracking VR headset. We conduct quality, bandwidth, and performance overhead compar-

isons on all the available 172 (participant, video) pairs and report the aggregate averaged metrics.

Detailed results for each video are available in the supplementary material. For visual quality, we

present a side-by-side comparison with the drone video in our supplementary video and quantita-

tively evaluate the corresponding visual quality for log-polar foveation, log-rectilinear foveation,

and log-rectilinear foveation with SAT. For a break-down analysis of performance, we measure

latency and processing time also with the drone video in the dataset. Performance measurements

are similar for other videos in the dataset.

We conduct all the following experiments on a server with an Intel Core i7-8700K CPU and

NVIDIA RTX 2080 Ti GPU and a client with an Intel Core i5-5300H CPU and NVIDIA GTX

1050 GPU. For our benchmarks, decoding is accomplished on the CPU by x2644 and encoding

is performed on the GPU by NVIDIA NVENC using FFmpeg API. Our overall experiments and

measurements are performed on the 1080p (1920×1080) equirectangular projected frame of each

360◦ video and using a 1072 × 608 reduced-resolution buffer. As videos in the original dataset

3FOVE VR Headset: https://www.getfove.com
4x264: https://www.videolan.org/developers/x264.html
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Figure 2.6: Overview of the Flicker metric by Winkler et al. [2] which captures the change in
visual artifacts using a linear combination of Fourier coefficients.

have varying resolutions up to 3840 × 2160, we pre-process the videos to 1920 × 1080 for our

experiments. For the log-polar method, we apply a 3 × 3 Gaussian blur to the right-half of the

log-polar encoded buffer following Meng et al. [10] during the sampling stage. No blur is applied

for our log-rectilinear method.

2.5.2 Quality

To evaluate the visual quality of our approach, we compare the differences between our

foveated video and the original video when encoding the reduced-resolution representations in

a constant quality mode. We compute the weighted spherical peak signal-to-noise ratio (WS-

PSNR)[48] of the luminance channel (Y) because the eye is more sensitive to changes in lumi-

nance as opposed to changes in chrominance [49]. We also compute the Structural Similarity

Index (SSIM) between the original videos and the foveated videos.
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We adapt the metric by Winkler et al. [2] to measure flickering. We first compute the dif-

ference in luminance between foveated frames {xi} and reference frames {yi} to yield deltas

{di = xi − yi}. Then we compute the difference between consecutive deltas {ci = di − di−1}.

For each difference ci, we compute the discrete Fourier transform which gives a vector of Fourier

coefficients ri. Next, we compute a sum sL over low frequencies and a sum sH over high frequen-

cies to get a per-frame flicker sL + sH . Finally, we average the flickering across all consecutive

frames in the video to get a per-video flicker value. As each video in the dataset is of a single

scene, we evenly weigh every frame when computing the total per-video Flicker metric.

Our final Flicker metric is as follows:

di = xi − yi

r(i) = DFT(di − di−1)

sL(i) =
1

fM − fL

fM∑
k=fL

rk(i),

sH(i) =
1

fH − fM

fH∑
k=fM

rk(i),

Flicker =
1

N − 1

N∑
i=2

(sL(i) + sH(i))

where N is the total number of frames, {xi}Ni=1 are frames of the foveated video, {yi}Ni=1 are

frames of the reference video, DFT represents computing Fourier coefficients, and fL, fM , fH

are predefined frequency limits. As in Winkler et al. [2], we use frequency limits of fL = 1%,

fM = 16%, and fH = 80% relative to the maximum frequency. An illustration of this Flicker

metric is shown in Figure 2.6.
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We show the averaged results of our quality comparison across all (participant, video) com-

binations with intermediate encoding of transformed buffers in Table 2.1 and without intermedi-

ate encoding in Table 2.2. Per-video averaged results with intermediate encoding are shown in

Figure 2.8, Figure 2.9, Figure 2.10, Figure 2.11, and available in the Table 2.6. We also show how

the WS-PSNR scales with available bandwidth in Figure 2.7 using the gaze of the first available

participant (P3).
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Figure 2.7: Comparison of visual quality (WS-PSNR) across bitrates ranging from 100 Kbits/s
to 6 Mbits/s. Foveation with SAT Log-Rectilinear yields better quality across the entire range of
bitrates.

Table 2.1: Quality comparison of various foveation methods based on the aggregate average
values of WS-PSNR, SSIM, and Flicker metrics. Our SAT Log-Rectilinear method yields signif-
icantly less flickering with comparable visual fidelity.

Sampling Method WS-PSNR (db) ↑ SSIM ↑ Flicker ↓

Log-Polar 25.18 0.864 160.8
Log-Rectilinear 27.23 0.906 192.8
SAT Log-Rectilinear 28.00 0.908 110.0

Table 2.2: Quality comparison of various foveation methods without encoding intermediate log-
polar and log-rectilinear buffers to H.264.

Sampling Method WS-PSNR (db) ↑ SSIM ↑ Flicker ↓

Log-Polar 25.47 0.877 161.4
Log-Rectilinear 27.48 0.918 196.4
SAT Log-Rectilinear 28.50 0.921 98.4
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Table 2.3: Bandwidth evaluation of different video streaming methods based on the average
packet size and bit rate. Our SAT log-rectilinear method yields significant bandwidth savings
compared to other methods when encoding with H.264 in constant quality mode.

Sampling Method Average Packet Size ↓ Bit rate ↓

Full Resolution 24.50 KB 5.88 Mbps
Log-Polar 13.91 KB 3.34 Mbps
Log-Rectilinear 15.50 KB 3.72 Mbps
SAT Log-Rectilinear 12.44 KB 2.99 Mbps
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Figure 2.8: Quantitative evaluation of the average weighted spherical peak-signal-to-noise-ratio
(WS-PSNR) in streaming each foveated video. Our SAT Log-Rectilinear method yields the high-
est WS-PSNR for all videos.
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Figure 2.9: Quantitative evaluation of the average Structural similarity index (SSIM) in streaming
each foveated video. Our SAT Log-Rectilinear method yields the highest SSIM for most videos.
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Figure 2.11: Measurements of the bitrate for streaming each video when encoding using a con-
stant quality mode to H.264. On average, our SAT Log-Rectilinear method results in a 23%
reduction in bandwidth consumption compared to Log-Polar foveation.

33



Table 2.4: Performance comparison of video streaming based on various foveation methods.
Our Summed-Area Table (SAT) Log-Rectilinear pipeline requires an additional 1 to 2 ms

compared to other pipelines which sample directly from the raw video frames.

Sampling Method Decoding Processing Sampling Encoding Total (ms)

Log-Polar 6.14 1.91 0.55 2.86 11.46
Log-Rectilinear 6.13 1.91 0.53 2.85 11.43
SAT Log-Rectilinear 6.14 3.00 0.46 2.84 12.44

Table 2.5: Break-down analysis of the client latency. Our profiling results show that foveation
only adds 7 milliseconds to the overall latency when responding to user interactions.

Stage Non-foveated Client Foveated Client
Runtime (ms) Runtime (ms)

Server Response 82 ms 76 ms
Decoding 27 ms 27 ms
Unwarping 0 ms 13 ms
Total 109 ms 116 ms
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Table 2.6: Complete Results of our Visual Quality and Bandwidth Evaluation: We include full
evaluation results of WS-PSNR, SSIM and bitrate for streaming each of the 14 videos in the
benchmark dataset by Agtzidis et al. [1]. Each metric is averaged over the available participants
for the corresponding video.

Video # Participants Foveation WS-PSNR (db) SSIM Bitrate (Mb/s) Packet Size Flicker

01 park 13
Log-Polar 25.34 0.873 2.34 9.76 70.12
Log-Rectilinear 26.59 0.910 2.76 11.50 116.81
SAT Log-Rectlinear 27.60 0.915 2.02 8.42 38.97

02 festival 13
Log-Polar 22.84 0.833 3.66 15.25 162.32
Log-Rectilinear 24.94 0.890 3.90 16.27 206.09
SAT Log-Rectlinear 25.61 0.889 3.34 13.92 117.27

03 drone 13
Log-Polar 25.96 0.884 3.41 14.22 109.29
Log-Rectilinear 28.01 0.927 3.62 15.09 149.81
SAT Log-Rectlinear 28.94 0.929 2.99 12.48 66.88

04 turtle rescue 13
Log-Polar 29.41 0.884 2.96 12.31 85.47
Log-Rectilinear 31.56 0.913 2.92 12.17 104.94
SAT Log-Rectlinear 32.13 0.915 2.35 9.78 57.81

05 cycling 13
Log-Polar 26.32 0.898 3.77 15.72 281.49
Log-Rectilinear 28.52 0.930 3.83 15.95 293.00
SAT Log-Rectlinear 29.10 0.929 3.42 14.26 205.21

06 forest 12
Log-Polar 21.41 0.763 3.78 15.74 373.50
Log-Rectilinear 22.80 0.826 5.76 24.00 417.51
SAT Log-Rectlinear 23.36 0.821 4.24 17.66 288.02

07 football 12
Log-Polar 25.82 0.847 3.10 12.91 93.11
Log-Rectilinear 27.88 0.889 3.37 14.05 117.98
SAT Log-Rectlinear 28.76 0.896 2.58 10.74 52.52

08 courtyard 12
Log-Polar 26.23 0.886 2.77 11.53 76.02
Log-Rectilinear 28.72 0.919 2.56 10.65 95.46
SAT Log-Rectlinear 29.55 0.922 1.88 7.81 36.80

09 expo 12
Log-Polar 24.14 0.897 2.83 11.78 101.21
Log-Rectilinear 26.36 0.932 2.88 12.01 157.25
SAT Log-Rectlinear 27.07 0.931 2.47 10.28 68.93

10 eiffel tower 12
Log-Polar 26.63 0.895 3.18 13.26 87.74
Log-Rectilinear 28.73 0.926 3.20 13.34 131.27
SAT Log-Rectlinear 29.54 0.928 2.61 10.86 52.23

11 chicago 12
Log-Polar 24.86 0.873 3.60 15.00 175.60
Log-Rectilinear 27.13 0.915 3.77 15.69 206.80
SAT Log-Rectlinear 27.89 0.917 3.18 13.25 126.44

12 driving 11
Log-Polar 22.73 0.848 4.18 17.41 338.50
Log-Rectilinear 24.76 0.897 5.88 24.48 325.10
SAT Log-Rectlinear 25.52 0.896 4.63 19.28 230.83

13 drone low 12
Log-Polar 25.37 0.845 4.07 16.94 229.20
Log-Rectilinear 27.47 0.888 4.33 18.06 268.07
SAT Log-Rectlinear 28.34 0.891 3.53 14.72 166.71

14 cats 12
Log-Polar 24.91 0.868 3.19 13.31 91.06
Log-Rectilinear 27.24 0.923 3.61 15.04 128.21
SAT Log-Rectlinear 28.13 0.927 2.77 11.54 46.90
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2.5.3 Bandwidth

We measure the average bitrate of the H.264 stream produced by FFmpeg to determine the

compression ratio achieved by our foveation technique. All pipelines encode their representations

into the main profile of H.264 with the constant quality parameter (cq) set to 25. Bitrates and the

corresponding per-frame packet sizes for each pipeline are shown in Table 2.3.

In our implementation, the server reads and decodes a single full-resolution 1080p H.264

MP4 file. No lower-resolution copies of the video are stored on disk or used during the decoding

process. Our server calculates the summed-area table in real-time and buffers it in GPU memory.

For a 1080p frame, this requires only 24 MB of GPU memory when storing the summed-area

table using 32-bit integers.

2.5.4 Computational Overhead

To evaluate the streaming overhead of our log-rectilinear foveation, we compare the overall

response time of a non-foveated client and a foveated video client to user input. As shown in

Table 2.4, our log-rectilinear transformation yields similar runtime for sampling and encoding

foveated video, adding only an additional 2 ms overhead when building the summed-area table.

According to Table 2.5, our foveated pipeline adds only about 7 ms of overall latency responding

to user input compared with a non-foveated pipeline. Foveation reduces the total server response

time from 82 ms to 76 ms (7.3%) due to the reduced resolution the server needs to encode and

the smaller packet sizes.

We implement three foveation pipelines mainly in C++ and measure the average time at

each stage of the pipelines to quantify the performance impact of our sampling method compared
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with other foveation sampling methods. During streaming, we observe that GPU utilization on

the server is around 11%. Thus, the server supports streaming to multiple connections at 1080p

on a single GPU. However, our current implementation is limited to 1080p due to bottlenecks in

CPU video decoding.

2.6 Discussion

Our experiments show that sampling with our log-rectilinear transformation using a summed-

area table yields reduced flickering and reduced bit rate compared with using a log-polar approach

sampling from the video frames directly. For most videos with still or slow camera movements,

our log-rectilinear transformation paired with a summed-area table dramatically reduces flicker.

In videos with abnormally large camera movements, such as the cycling video and the driving

video, our flickering metric yields very high values for all three foveation approaches due to the

large luminance changes between frames.

In our performance comparison, we see that our pipeline consumes only 1 to 2 milliseconds

of additional processing time compared with other foveation approaches. Although our summed-

area approach reads four pixels from the summed-area table buffer during the sampling stage,

sampling still takes less than 0.6 ms in our experiments as shown in Table 2.4. This can be

explained by caching between threads within the same work-group. While each thread reads four

pixels from the full-resolution summed-area table buffer, the same values are read by neighboring

threads allowing the GPU to efficiently cache values from the summed-area table. To produce

a w × h size log-rectilinear buffer, only (w + 1) × (h + 1) values are read in total from the
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summed-area table. For all sampling methods, the server processing time is within 10 − 15 ms,

similar to other cloud-driven AR and VR systems [50, 51].

Comparing the encoded packet sizes between all the approaches, we see that all foveation

methods yield significantly reduced packet sizes compared with encoding at the full resolution,

often with over 50% bandwidth savings. With significantly reduced bit rates, we envision that

our technique may be useful in Content Delivery Network (CDN) and edge computing devices

to reduce the bandwidth needed for Internet streaming of high-resolution 360◦ videos for eye-

tracking VR headsets.

Limitations

Despite yielding better metrics compared with other approaches, our technique requires

real-time server-side video processing for each viewing session. With this limitation in mind, we

expect our technique to be well suited for high-performance but low-bandwidth situations. For

instance, popular movies and videos can be cached in a nearby CDN edge server and foveated for

mobile VR video streaming to a wireless HMD. Recently, Google Stadia5 and Microsoft Project

xCloud6 empower users to play video games on the cloud at a resolution up to 4K at 60 FPS.

As more virtual reality games debut on the market, we expect foveated video streaming will

become necessary for virtual reality games to be played on these cloud services over existing and

upcoming network infrastructures.

While we have designed a full 360◦ video streaming pipeline to demonstrate the applica-

bility of our transformation, this implementation is not the primary contribution of this chapter.

5Google Stadia: https://stadia.google.com
6Project xCloud: https://xbox.com/xbox-game-streaming/project-xcloud
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Our pipeline lacks features such as gaze prediction, rate adaptation, frame buffering, and other

system-level optimizations that would be required for a fully-featured streaming service. As such,

our evaluation focuses on comparing our log-rectilinear transformation to the conventional log-

polar transformation for video streaming rather than an extensive Quality of Experience (QoE)

evaluation against existing systems such as Flare [6]. Standardizing evaluations of 360◦ video

streaming systems is an ongoing challenge for multimedia systems researchers [52]. We leave

the development of a fully-featured production-grade video pipeline and the QoE evaluation of

the proposed pipeline for future work.

2.7 Conclusion

In this chapter, we have presented a log-rectilinear transformation that combines foveation,

summed-area tables, and off-the-shelf video encoding to enable 360◦ foveated video stream-

ing for eye-tracking VR headsets. To evaluate our novel transformation, we have designed and

implemented a 360◦ foveated video streaming pipeline for the log-polar and our log-rectilinear

transformation. Our evaluation measuring the quality, performance, and storage aspects shows

that our log-rectilinear transformation reduces flickering when paired with summed-area table

filtering.

In the future, we plan to extend our pipeline to further reduce artifacts and improve qual-

ity for foveated video streaming. Incorporating gaze prediction and viewport prediction [53, 54]

would allow short-term buffering on the client. Combining our transcoding technique with previ-

ous work on pre-processed multi-resolution blocks [6] could lead to reduced server load for 360◦
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applications. Eye-dominance-guided foveation [55] may be adapted for streaming stereo 360◦

video.

With the ever-increasing resolutions of VR headsets and 360◦ cameras and the growing

popularity of cloud-based gaming platforms as well as extended-reality applications [56, 57, 58],

we believe our novel log-rectilinear transformation will make 360◦ VR content more immersive

and accessible for everyone.
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Chapter 3: Progressive Multi-scale Light Field Networks

3.1 Introduction

Volumetric images and video allow users to view 3D scenes from novel viewpoints with

a full 6 degrees of freedom (6DOF). Compared to conventional 2D and 360 images and videos,

volumetric content enables additional immersion with motion parallax and binocular stereo while

also allowing users to freely explore the full scene.

Traditionally, scenes generated with 3D modeling have been commonly represented as

meshes and materials. These classical representations are suitable for real-time rendering as well

as streaming for 3D games and AR effects. However, real captured scenes are challenging to rep-

resent using the mesh and material representation, requiring complex reconstruction and texture

fusion techniques [59, 60]. To produce better photo-realistic renders, existing view-synthesis

techniques have attempted to adapt these representations with multi-plane images (MPI) [61],

layered-depth images (LDI) [62], and multi-sphere images (MSI) [63]. These representations

allow captured scenes to be accurately represented with 6DOF but only within a limited area.

Radiance fields and light fields realistically represent captured scenes from an arbitrarily

large set of viewpoints. Recently, neural representations such as neural radiance fields (NeRFs) [11]

and light field networks (LFNs) [12] have been found to compactly represent 3D scenes and per-

form view-synthesis allowing re-rendering from arbitrary viewpoints. Given a dozen or more
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Figure 3.1: Our progressive multi-scale light field network is suited for streaming, reduces alias-
ing and flicking, and renders more efficiently at lower resolutions.
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photographs capturing a scene from different viewpoints from a conventional camera, a NeRF or

LFN can be optimized to accurately reproduce the original images and stored in less than 10 MB.

Once trained, NeRFs will also produce images from different viewpoints with photo-realistic

quality.

While NeRFs are able to encode and reproduce real-life 3D scenes from arbitrary view-

points with photorealistic accuracy, they suffer from several drawbacks which limit their use in a

full on-demand video streaming pipeline. Some notable drawbacks include slow rendering, alias-

ing at smaller scales, and a lack of progressive decoding. While some of these drawbacks have

been independently addressed in follow-up work [64, 65], approaches to resolving them cannot

always be easily combined and may also introduce additional limitations.

In this chapter, we extend light field networks with multiple levels of detail and anti-aliasing

at lower scales making them more suitable for on-demand streaming. This is achieved by encod-

ing multiple reduced-resolution representations into a single network. With multiple levels of

details, light field networks can be progressively streamed and rendered based on the desired

scale or resource limitations. For free-viewpoint rendering and dynamic content, anti-aliasing is

essential to reducing flickering when rendering at smaller scales. In summary, the contributions

of our progressive multi-scale light field network are:

1. Composing multiple levels of detail within a single network takes up less space than storing

all the levels independently.

2. The progressive nature of our model requires us to only download the parameters necessary

up to the desired level of detail.
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Figure 3.2: A high-resolution image resized using nearest and area downsampling. Rendering
a low-resolution image from a high-resolution light field is similar to performing nearest down-
sampling, i.e. subsampling a single value. Area downsampling, subsampling with a box filter,
generates an anti-aliased image but cannot be done efficiently on an LFN.

3. Our model allows rendering among multiple levels of detail simultaneously. This makes for

a smooth transition between multiple levels of detail as well as spatially adaptive rendering

(including foveated rendering) without requiring independent models at multiple levels of

detail on the GPU.

4. Our model allows for faster inference of lower levels of detail by using fewer parameters.

5. We are able to encode light fields at multiple scales to reduce aliasing when rendering at

lower resolutions.

3.2 Background and Related Works

Our work builds upon existing work in neural 3D representations, adaptive neural network

inference, and levels of detail. In this section, we provide some background on neural representa-

tions and focus on prior work most related to ours. For a more comprehensive overview of neural

rendering, we refer interested readers to a recent survey [66].
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Table 3.1: Neural 3D Representations Comparison

Model Real-time Model Size Multi-scale Progressive

NeRF ≤ 10 MB
mip-NeRF ≤ 10 MB
Plenoctree ≥ 30 MB
LFN ≤ 10 MB
Ours ≤ 10 MB

3.2.1 Neural 3D Representations

Traditionally, 3D content has been encoded in a wide variety of formats such as meshes,

point clouds, voxels, multi-plane images, and even side-by-side video. To represent the full range

of visual effects from arbitrary viewpoints, researchers have considered using radiance fields and

light fields which can be encoded using neural networks. With neural networks, 3D data such as

signed distance fields, radiance fields, and light fields can be efficiently encoded as coordinate

functions without explicit limitations on the resolution.

3.2.1.1 Neural Radiance Field (NeRF)

Early neural representations focused on signed distance functions and radiance fields. Neu-

ral Radiance Fields (NeRF) [11] use differentiable volume rendering to encode multiple images of

a scene into a radiance field encoded as a neural network. With a sufficiently dense set of images,

NeRF is able to synthesize new views by using the neural network to interpolate radiance val-

ues across different positions and viewing directions. Since the introduction of NeRF, followup

works have added support for deformable scenes [67, 68, 69], real-time inference [70, 71, 72, 73],

improved quality [74], generalization across scenes [75, 76], generative modelling [77, 78, 79],
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videos [80, 81, 82], sparse views [83, 84, 85], fast training [73, 86], and even large-scale scenes

[87, 88, 89].

Among NeRF research, Mip-NeRF [64, 90] and BACON [91] share a similar goal to our

work in offering a multi-scale representation to reduce aliasing. Mip-NeRF approximates the

radiance across conical regions along the ray, cone-tracing, using integrated positional encoding

(IPE). With cone-tracing, Mip-NeRF reduces aliasing while also slightly reducing training time.

BACON [91] provide a multi-scale scene representation through band-limited networks using

Multiplicative Filter Networks [92] and multiple exit points. Each scale in BACON has band-

limited outputs in Fourier space.

3.2.1.2 Light Field Network (LFN)

Our work builds upon Light Field Networks (LFNs) [12, 93, 94, 95]. Light field networks

encode light fields [96] using a coordinate-wise representation, where for each ray r, a neural net-

work f is used to directly encode the color c = f(r). To represent rays, Feng and Varshney [93]

pair the traditional two-plane parameterization with Gegenbauer polynomials while Sitzmann

et al. [12] use Plücker coordinates which combine the ray direction rd and ray origin ro into a

6-dimensional vector (rd, ro × rd). Light fields can also be combined with explicit representa-

tions [97]. In our work, we adopt the Plücker coordinate parameterization which can represent

rays in all directions.

Compared to NeRF, LFNs are faster to render as they only require a single forward pass per

ray, enabling real-time rendering. However, LFNs are worse at view synthesis as they lack the

self-supervision that volume rendering provides with explicit 3D coordinates. As a result, LFNs
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are best trained from very dense camera arrays or from a NeRF teacher model such as in [98].

Similar to NeRFs, LFNs are encoded as multi-layer perceptrons, hence they remain compact

compared to voxel and octree NeRF representations [65, 70, 73, 99] which use upwards of 50

MB. Therefore LFNs strike a balance between fast rendering times and storage compactness

which could make them suitable for streaming 3D scenes over the internet.

3.2.2 Levels of Detail

Level of detail methods are commonly used in computer graphics to improve performance

and quality. For 2D textures, one of the most common techniques is mipmapping [100] which

both reduces aliasing and improves performance with cache coherency by encoding textures at

multiple resolutions. For neural representations, techniques for multiple levels of detail have also

been proposed for signed distance functions as well as neural radiance fields.

For signed distance fields, Takikawa et al.[101] propose storing learned features within

nodes of an octree to represent a signed distance function with multiple levels of detail. Building

upon octree features, Chen et al.[102] develop Multiresolution Deep Implicit Functions (MDIF)

to represent 3D shapes which combines a global SDF representation with local residuals. For

radiance fields, Yang et al. [103] develop Recursive-NeRF which grows a neural representation

with multi-stage training which is able to reduce NeRF rendering time. BACON [91] offers levels

of detail for various scene representations including 2D images and radiance fields with different

scales encoding different bandwidths in Fourier space. PINs [13] uses a progressive fourier en-

coding to improve reconstruction for scenes with a wide frequency spectrum. For more explicit

representations, Variable Bitrate Neural Fields [104] use a vector-quantized auto-decoder to com-
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press feature grids into lookup indices and a learned codebook. Levels of detail are obtained by

learning compressed feature grids at multiple resolutions in a sparse octree. In parallel, Stream-

able Neural Fields [105] propose using progressive neural networks [106] to represent spectrally,

spatially, or temporally growing neural representations.

3.2.3 Adaptive Inference

Current methods use adaptive neural network inference based on available computational

resources or the difficulty of each input example. Bolukbasi et al. [107] propose two schemes

for adaptive inference. Early exiting allows intermediate layers to route outputs directly to an

exit head while network selection dynamically routes features to different networks. Both meth-

ods allow easy examples to be classified by a subset of neural network layers. Yeo et al.[108]

apply early exiting to upscale streamed video. By routing intermediate CNN features to exit

layers, a single super-resolution network can be partially downloaded and applied on a client

device based on available compute. Similar ideas have also been used to adapt NLP to input

complexity [109, 110]. Yang et al. [111] develop Resolution Adaptive Network (RANet) which

extracts features and performs classification of an image progressively from low-resolution to

high-resolution. Doing so sequentially allows efficient early exiting as many images can be clas-

sified with only coarse features. Slimmable neural networks [112] train a model at different

widths with a switchable batch normalization and observe better performance than individual

models at detection and segmentation tasks.
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3.3 Method

Our method consists of a multi-scale light field encoded using a progressive neural network

to reduce aliasing and enable adaptive streaming and rendering.

3.3.1 Multi-scale Light Field

We propose encoding multiple representations of the light field which produce anti-aliased

representations of a light field, similar to mipmaps for conventional images. For this, we generate

an image pyramid for each image view with area downsampling and encode each resolution

as a separate light field representation. In contrast to bilinear or nearest pixel downsampling,

area downsampling creates an anti-aliased view as shown in Figure 3.2 where each pixel in the

downsampled image is an average over a corresponding area in the full-resolution image.

⅛ ⅛ ⅛

Single-scale Light Field Network

⅛⅛⅛

Multi-scale Light Field Network

Figure 3.3: Rendering a single full-scale LFN at a lower (1/8) resolution results in aliasing, unlike
the multi-scale LFN at the same (1/8) resolution. When changing viewpoints (3 shown above),
the aliasing results in flickering.
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As with mipmaps, lower-resolution representations trade-off sharpness for less aliasing. In

this case, where a light field is rendered into an image, sharpness may be preferable over some

aliasing. However, in the case of videos where the light field is viewed from different poses or

the light field is dynamic, sampling from a high-resolution light field leads to flickering. With

a multi-scale representation, rendering light fields at smaller resolutions can be done at a lower

scale to reduce flickering.

3.3.2 Progressive Model

RGBA

Ray

LOD 1 LOD 2 LOD 3 LOD 4

RGBA

Ray

RGBA

Ray

RGBA

Ray

Figure 3.4: Using subsets of neurons to encode different levels of detail within a single model.

For light field streaming, we wish to have a compact representation that can simultaneously

encode multiple levels of detail into a single progressive model. Specifically, we seek a model

with the following properties: Given specific subsets of network weights, we should be able to

render a complete image with reduced details. Progressive levels of details should share weights

with lower levels to eliminate encoding redundancy.

50



With the above properties, our model offers several benefits over a standard full-scale net-

work or encoding multi-scale light fields using multiple networks. First, our model composes

all scales within a single network hence requiring less storage space than storing four separate

models. Second, our model is progressive, thus only parameters necessary for the desired level

of detail are needed in a streaming scenario. Third, our model allows rendering different levels

of detail across pixels for dithered transitions and foveation. Fourth, our model allows for faster

inference of lower levels of detail by utilizing fewer parameters. Model sizes and training times

appear in Table 3.4.

x +

LayerNorm + ReLU

Figure 3.5: Illustration of a single layer where a subset of the weight matrix and bias vector are
used, evaluating half of the neurons and reducing the operations down to approximately a quarter.

3.3.2.1 Subset of neurons

To encode multiple levels of detail within a unified representation, we propose using subsets

of neurons as shown in Figure 3.4. For each level of detail, we assign a fixed number of neurons

to evaluate, with increasing levels of detail using an increasing proportion of the neurons in the

neural network. An illustration of the matrix subset operation applied to each layer is shown in

Figure 3.5. For example, a single linear layer with 512 neurons will have a 512 × 512 weight

matrix and a bias vector of size 512. For a low level of detail, we can assign a neuron subset size
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of 25% or 128 neurons. Then each linear layer would use the top-left 128×128 submatrix for the

weights and the top 128 subvector for the bias. To keep the input and output dimensions the same,

the first hidden layer uses every column of the weight matrix and the final output layer uses every

row of the weight matrix. Unlike using a subset of layers, as is done with early exiting [107, 108],

using a subset of neurons preserves the number of sequential non-linear activations between all

levels of details. Since layer widths are typically larger than model depths, using subsets of

neurons also allows more granular control over the quantity and quality of levels.

3.3.2.2 Training

With multiple levels of detail at varying resolutions, a modified training scheme is required

to efficiently encode all levels of detail together. On one hand, generating all levels of detail at

each iteration heavily slows down training as each iteration requires an independent forward pass

through the network. On the other hand, selecting a single level of detail at each iteration or

applying progressive training compromises the highest level of detail whose full weights would

only get updated a fraction of the time.

We adopt an intermediate approach that focuses on training the highest level of detail.

During training, each batch does a full forward pass through the entire network, producing pixels

at the highest level of detail along with a forward pass at a randomly selected lower level of detail.

The squared L2 losses for both the full detail and reduced detail are added together for a combined

backward pass. By training at the highest level of detail, we ensure that every weight gets updated

at each batch and that the highest level of detail is trained to the same number of iterations as a

standard model. Specifically, given a batch of rays {ri}bi=1, corresponding ground truth colors
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{{yc
i}bi=1}4c=1 for four levels of details, and a random lower level of detail k ∈ {1, 2, 3}, our loss

function is:

L =
1

b

b∑
i=1

[∥∥f4(ri)− y4
i

∥∥2
2
+
∥∥fk(ri)− yk

i

∥∥2
2

]
As rays are sampled from the highest-resolution representation, each ray will not correspond to

a unique pixel in the lower-resolution images in the image pyramid. Thus for lower levels of

detail, corresponding colors are sampled using bilinear interpolation from the area downsampled

training images.

3.3.3 Adaptive Rendering

Our proposed model allows dynamic levels of detail on a per-ray/per-pixel level or on a per-

object level. As aliasing appears primarily at smaller scales, selecting the level of detail based on

the distance to the viewer reduces aliasing and flickering for distant objects.

3.3.3.1 Distance-based Level of Detail

When rendering light fields from different distances, the space between rays in object space

is proportional to the distance between the object and the camera. Due to this, aliasing and

flickering artifacts can occur at large distances when the object appears small. By selecting

the level of detail based on the distance of the object from the camera or viewer, aliasing and

flickering can be reduced. With fewer pixels to render, rendering smaller objects involves fewer

forward passes through the light field network. Hence, the amount of operations is typically

proportional to the number of pixels. By rendering smaller representations at lower LODs, we
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further improve the performance as pixels from lower LODs only perform a forward pass using

a subset of weights.

LOD 1 LOD 2————— Dithered Transition—————

Figure 3.6: With per-pixel level of detail, dithering can be applied to transition between levels of
detail.

3.3.3.2 Dithered Transitions

With per-pixel LOD, transitioning between levels can be achieved with dithered rendering.

By increasing the fraction of pixels rendered at the new level of detail in each frame, dithering

creates the appearance of a fading transition between levels as shown in Figure 3.6.

Not Foveated Foveated

Figure 3.7: An example of foveated rendering from our progressive multi-scale LFN. Foveated
rendering generates peripheral pixels at lower levels of detail to further improve performance in
eye-tracked environments. In this example, foveation is centered over the left eye of the subject.
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3.3.3.3 Foveated Rendering

In virtual and augmented reality applications where real-time gaze information is available

through an eye-tracker, foveated rendering [3, 10, 113] can be applied to better focus rendering

compute. As each pixel can be rendered at a separate level of detail, peripheral pixels can be

rendered at a lower level of detail to improve the performance. Figure 3.7 shows an example of

foveation from our progressive multi-scale LFN.

Progressive
Multi-scale LFN

Single-scale LFN

(a) Dataset C at 1/8 scale

Progressive
Multi-scale LFN

Single-scale LFN

(b) Dataset C at 1/4 scale

Progressive
Multi-scale LFN

Single-scale LFN

(c) Dataset C at 1/2 scale

Progressive
Multi-scale LFN

Single-scale LFN

(d) Dataset C at full scale

Figure 3.8: Qualitative results of one of our datasets at four scales. Single-scale LFNs (left)
trained at the full-resolution exhibit aliasing and flickering at lower scales. Our progressive multi-
scale LFNs (right) encode all four scales into a single model and have reduced aliasing and
flickering at lower scales.

(a) Dataset A (b) Dataset B (c) Dataset C (d) Dataset D (e) Dataset E

Figure 3.9: Scaled qualitative results from our progressive multi-scale LFNs at four levels of
detail.
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3.4 Experiments

To evaluate our progressive multi-scale LFN, we conduct experiments with four levels of

detail. We first compare the quality when rendering at different scales from a standard single-

scale LFN and our multi-scale LFN. We then perform an ablation comparing multiple LFNs

trained at separate scales to our progressive network. Finally, we benchmark our multi-scale

LFN to evaluate the speedup gained by utilizing fewer neurons when rendering at lower levels of

detail. Additional details are in the supplementary material.

3.4.1 Experimental Setup

For our evaluation, we use datasets of real people consisting of 240 synchronized images

from our capture studio. Images are captured at 4032 × 3040 resolution. Our datasets are pro-

cessed with COLMAP [114, 115] to extract camera parameters and background matting [116]

to focus on the foreground subject. In each dataset, images are split into groups of 216 training

poses, 12 validation poses, and 12 test poses.

We quantitatively evaluate the encoding quality by computing the PSNR and SSIM met-

rics. Both metrics are computed on cropped images that tightly bound the subject to reduce the

contribution of empty background pixels. We also measure the render time to determine the rel-

ative speedup at different levels of detail. Metrics are averaged across all images in the test split

of each dataset.

When training LFNs, we use a batch size of 8192 rays with 67% of rays sampled from the

foreground and 33% sampled from the background. For each epoch, we iterate through training

images in batches of two images. In each image batch, we train on 50% of all foreground rays
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sampling rays across the two viewpoints. For our multi-scale progressive model and single-scale

model, we train using 100 epochs. For our ablation LFNs at lower resolutions, we train until the

validation PSNR matches that of our progressive multi-scale LFN with a limit of 1000 epochs.

Each LFN is trained using a single NVIDIA RTX 2080 TI GPU.

Table 3.2: Model Parameters at Different Levels of Detail.

Level of Detail 1 2 3 4

Model Layers 10 10 10 10
Layer Width 128 256 384 512
Parameters 136,812 533,764 1,193,860 2,116,100
Full Size (MB) 0.518 2.036 4.554 8.072
Target Scale 1/8 1/4 1/2 1
Train Width 504 1008 2016 4032
Train Height 380 760 1520 3040

3.4.2 Rendering Quality

We first evaluate the rendering quality by comparing a standard single-scale LFN trained at

the highest resolution with our multi-scale progressive LFN. For the single-scale LFN, we train a

model with 10 layers and 512 neurons per hidden layer on each of our datasets and render them

at multiple scales: 1/8, 1/4, 1/2, and full scale. For our multi-scale progressive LFN, we train an

equivalently sized model with four LODs corresponding to each of the target scales. The lowest

LOD targets the 1/8 scale and utilizes 128 neurons from each hidden layer. Each increasing

LOD uses an additional 128 neurons. Model parameters for each LOD are laid out in Table 3.2.

Note that our qualitative results are cropped to the subject and hence have a smaller resolution.

Qualitative results are shown in Figure 3.8 with renders from both models placed side-by-side.

Quantitative results are shown in Table 3.3.
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At the full scale, both single-scale and multi-scale models are trained to produce full-

resolution images. As a result, the quality of the renders from both models is visually similar

as shown in Figure 3.8. At 1/2 scale, the resolution is still sufficiently high so little to no alias-

ing can be seen in renders from either model. At 1/4 scale, we begin to see significant aliasing

around figure outlines and shape borders in the single-scale model. This is especially evident in

Figure 3.8b where the outlines in the cartoon graphic have an inconsistent thickness. Our multi-

scale model has much less aliasing with the trade-off of having more blurriness. At the lowest

level of detail, we see severe aliasing along the fine textures as well as along the borders of the

object in the single-scale model. With a moving camera, the aliasing seen at the two lowest scales

appears as flickering artifacts.

Table 3.3: Average Rendering Quality Over All Datasets.

Model LOD 1 LOD 2 LOD 3 LOD 4

Single-scale LFN 26.95 28.05 28.21 27.75
Multiple LFNs 29.13 29.88 29.27 27.75
Multi-scale LFN 29.37 29.88 29.01 28.12

(a) PSNR (dB) at 1/8, 1/4, 1/2, and 1/1 scale.

Model LOD 1 LOD 2 LOD 3 LOD 4

Single-scale LFN 0.8584 0.8662 0.8527 0.8480
Multiple LFNs 0.8133 0.8572 0.8532 0.8480
Multi-scale LFN 0.8834 0.8819 0.8626 0.8570

(b) SSIM at 1/8, 1/4, 1/2, and 1/1 scale.

3.4.3 Progressive Model Ablation

We next perform an ablation experiment to determine the benefits and drawbacks of our

progressive representation. For a non-progressive comparison, we represent each scale of a multi-
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scale light field using a separate LFN. Each LFN is trained using images downscaled to the

appropriate resolution. This ablation helps determine the training overhead our progressive LFNs

encounter by compressing four resolutions into a single model and how the rendering quality

compares to having separate models.

Table 3.4: Multiple LFNs vs Progressive Multi-scale LFN.

Model LOD 1 LOD 2 LOD 3 LOD 4 Total

Multiple LFNs 0.518 2.036 4.554 8.072 15.180
Multi-scale LFN 8.072 8.072

(a) Model Size (MB).

Model LOD 1 LOD 2 LOD 3 LOD 4 Total

Multiple LFNs 3.51 6.36 4.09 11.35 25.31
Multi-scale LFN 17.78 17.78

(b) Average Training Time Over All Datasets (hours).

Progressive and non-progressive model sizes and training times are shown in Table 3.4.

In terms of model size, using multiple LFNs adds up to 15 MB compared to 8 MB for our

progressive model. This 47% savings could allow storing or streaming of more light fields where

model size is a concern. For the training time, we observe that training a multi-scale network takes

on average 17.78 hours. Additional offline training time for our multi-scale network compared

to training a single standard LFN is expected since each training iteration involves two forward

passes. Encoding a multi-scale light field using multiple independent LFNs requires training

each network separately, totaling 25.31 hours. Despite the higher compression achieved by our

progressive multi-scale LFN, we observe little to no training overhead. On average, training our

multi-scale progressive LFN saves 30% of training time compared to naively training multiple

light field networks at different resolutions.
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Quantitative PSNR and SSIM quality metrics are shown in Table 3.3. We observe that

utilizing multiple LFNs to encode each scale of each light field yields better PSNR results com-

pared to rendering from a single-scale LFN. However, utilizing multiple LFNs increases the total

model size. Our multi-scale LFN achieves the superior PSNR and SSIM results between these

two setups without increasing the total model size. In an on-demand streaming scenario, us-

ing only a single-scale model would incur visual artifacts and unnecessary computation at lower

scales. Streaming separate models resolves these issues but requires more bandwidth. Neither

option is ideal for battery life in mobile devices. Our multi-scale model alleviates the aliasing and

flickering artifacts without incurring the drawbacks of storing and transmitting multiple models.

Table 3.5: Training Ablation Average Rendering Quality Results.

Ablation LOD 1 LOD 2 LOD 3 LOD 4

Progressive Training 26.30 30.33 29.08 28.10
108 Training Views 29.04 29.63 28.93 27.98
Ours 29.37 29.88 29.01 28.12

(a) PSNR (dB) at 1/8, 1/4, 1/2, and 1/1 scale.

Model LOD 1 LOD 2 LOD 3 LOD 4

Progressive Training 0.7947 0.8719 0.8447 0.8390
108 Training Views 0.8765 0.8771 0.8604 0.8566
Ours 0.8834 0.8819 0.8626 0.8570

(b) SSIM at 1/8, 1/4, 1/2, and 1/1 scale.

3.4.4 Training Ablation

To evaluate our training strategy, we perform two ablation experiments. First, we com-

pare our strategy to a coarse-to-fine progressive training strategy where lower levels of detail are

trained and then frozen as higher levels are trained. Progressive training takes on average 24.20
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hours to train. Second, we use half the number of training views to evaluate how the quality

degrades with fewer training views. Both experiments use our progressive multi-scale model

architecture. Our results are shown in Table 3.5 with additional details in the supplementary

material.
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Figure 3.10: Overview of our rendering pipeline which utilizes an auxiliary network to skip
evaluation of empty rays.

Table 3.6: Average Model Rendering Performance for our Multi-scale LFN (milliseconds per
frame).

LOD 1 LOD 2 LOD 3 LOD 4

3.7 3.9 4.7 5.9
(a) Rendering each LOD at 1/8 scale.

LOD 1 LOD 2 LOD 3 LOD 4

4 11 58 305
(b) Rendering at 1/8, 1/4, 1/2, and 1/1 scale.

3.4.5 Level of Detail Rendering Speedup

We evaluate the rendering speed of our progressive model at different levels of detail to

determine the observable speedup from rendering with the appropriate level of detail. For optimal

rendering performance, we render using half-precision floating-point values and skip empty rays

using an auxiliary neural network encoding only the ray occupancy as shown in Figure 3.10.

61



Our auxiliary network is made up of three layers with a width of 16 neurons per hidden layer.

Evaluation is performed by rendering rays from all training poses with intrinsics scaled to the

corresponding resolution as shown in Table 3.2. Average rendering time results are shown in

Table 3.6. Rendering times for lower LODs (1/8 scale) from our multi-scale network are reduced

from ∼ 5.9 to ∼ 3.7 msec.

3.5 Discussion

The primary contribution of this chapter is the identification of a representation more suit-

able for on-demand streaming. This is achieved by enhancing light field networks, which support

real-time rendering, to progressively support multiple levels of detail at different resolutions. Our

representation inherits some of the limitations of LFNs such as long training times and worse

view-synthesis quality compared to NeRF-based models. Since our method does not support

continuous LODs, we require the user to decide the LODs ahead of time. For intermediate reso-

lutions, rendering to the nearest LOD is sufficient to avoid aliasing and flickering. While our light

field datasets could also be rendered with classical techniques [96, 117, 118], doing so over the

internet would not be as bandwidth-efficient. Future work may combine our multi-scale light field

networks with PRIF [119] to encode color and geometry simultaneously or with VIINTER [120]

for dynamic light fields.

3.6 Conclusion

In this chapter, we propose a method to encode multi-scale light field networks targeted for

streaming. Multi-scale LFNs encode multiple levels of details at different scales to reduce alias-
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ing and flickering at lower resolutions. Our multi-scale LFN features a progressive representation

that encodes all levels of details into a single network using subsets of network weights. With our

method, light field networks can be progressively downloaded and rendered based on the desired

level of detail for real-time streaming of 6DOF content. We hope progressive multi-scale LFNs

will help improve the real-time streaming of photorealistic characters and objects to real-time 3D

desktop, AR, and VR applications [56, 58].
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Chapter 4: Continuous Levels of Detail for Light Field Networks

4.1 Introduction

Light Field Network
with Continuous Levels of Detail
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Figure 4.1: Our light field network features continuous levels of detail, enabled by training with
summed-area table filtering and saliency-based importance sampling. Continuous levels of detail
enable the interactive streaming of light fields with smooth transitions and finely tuned adaptivity.

In the past few years, implicit neural representations [11, 121] have become a popular

technique in computer graphics and vision for representing high-dimensional data such as 3D

shapes with signed distance fields and 3D scenes captured from multi-view cameras. Light Field

Networks (LFN) [12] are able to represent 3D scenes with support for real-time rendering as each

pixel of a rendered image only requires a single evaluation through the neural network.

In computer graphics, levels of detail (LODs) are commonly used to optimize the rendering

process by reducing resource utilization for smaller distant objects in a scene. LODs prioritize

resources to improve the overall rendering performance. In streaming scenarios, LODs can pri-
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oritize and reduce network bandwidth usage. While LODs for implicit neural representations are

beginning to be explored [4, 13, 91, 102, 105], most existing work focuses on offering a few dis-

crete LODs which have three drawbacks for streaming scenarios. First, with only a few LODs,

switching between them can result in flicker or popping effects as there are significant jumps

from one LOD to the next. Second, discrete LODs require streaming in larger model deltas

which take longer and create spikes in network activity. Third, transitioning across successive

LODs can require rendering multiple levels and impact the rendering performance. Continuous

LODs resolve these challenges by allowing smoother transitions with finer quality adaptation and

size differences across LODs. Additionally, they allow rendering engines to dynamically adjust

the rendering quality based on real-time bandwidth and compute resource availability without

needing the viewer to select the LOD.

In this chapter, we develop a method to achieve continuous levels of detail for neural repre-

sentations, focusing on light field networks. In summary, our light field networks with continuous

LODs have the following benefits:

• Continuous LODs allow us to smoothly transition across LODs without popping artifacts,

• In streaming scenarios, the LOD can be increased or decreased by downloading only one

additional row and column of weights per layer, allowing lower latency transitions with

smoother network patterns, and

• Importance sampling allows LFNs to focus their capacity on the most salient regions of the

light field, allowing details to resolve at lower LODs.
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4.2 Background and Related Works

In this section, we provide some background on general neural fields and more specifically

light field networks. We then overview recent methods for achieving multiple levels of detail with

neural fields. For a general overview of neural rendering, we refer readers to Tewari et al. [66].

4.2.1 Implicit Neural Representations

Coordinate-based neural networks have been used to encode various signals such as im-

ages [122], signed distance functions [121], radiance fields [11, 64, 123], and light fields [12, 93].

These neural network-based models are often referred to as implicit neural representations or neu-

ral fields. Among these representations, neural radiance fields (NeRFs) and light field networks

(LFNs) are both able to represent colored 3D scenes with view-dependant appearance effects.

Neural radiance fields (NeRFs) [11] employ differentiable volume rendering to encode a

3D scene into a multi-layer perceptron (MLP) neural network. By learning the density and color

of the scene and using a positional encoding, NeRF can perform high-quality view synthesis,

rendering the scene from arbitrary camera positions, while maintaining a very compact represen-

tation. However, the original NeRF implementation has many drawbacks, such as slow rendering

times, which has limited its practicality. With an incredible amount of interest in neural render-

ing, many follow-up works have been proposed to improve NeRFs with better rendering perfor-

mance [71, 73, 124], better quality [64], generalizability [125], and deformations [67, 68, 69].

Additionally, feature grid methods [73, 86] enable learning scenes in seconds and rendering in

real-time. Importance sampling [126] can achieve faster learning with fewer training rays.
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Figure 4.2: LFNs directly predict the RGB color for each ray in a single inference using Plücker
coordinates, avoiding the dozens to hundreds of inferences required by NeRFs.

Light Field Networks Light Field Networks (LFNs) [12, 93, 94, 95, 127] encode light fields [96,

128] by directly learning the 4D variant of the plenoptic function for a scene. Specifically, LFNs

directly predict the emitted color for a ray which eliminates the need for volume rendering, mak-

ing light fields much faster to render compared to other neural fields. Earlier work in light field

networks focus on forward-facing scenes using the common two-plane parameterization for light

fields. SIGNET [93, 129] uses Gegenbauer polynomials to encode light field images and videos.

NeuLF [94] proposes adding a depth branch to encode light fields from a sparser set of images.

Plücker coordinates have been used [12, 119] to represent 360-degree light fields.
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4.2.2 Levels of Detail

Several methods have been proposed for neural representations with multiple levels of de-

tail. NGLOD [101] encode signed distance functions into a multi-resolution octree of feature

vectors. VQAD [104] adds vector quantization with a feature codebook and presents results on

NeRFs. BACON [91] encodes LODs with different Fourier spectrums for images and radiance

fields. PINs [13] develop a progressive Fourier feature encoding to improve reconstruction and

provide progressive LODs. MINER [130] trains neural networks to learn regions within each

scale of a Laplacian pyramid representation. Streamable Neural Fields [105] propose growing

neural networks to represent increasing spectral, spatial, or temporal sizes. Progressive Multi-

Scale Light Field Networks [4] train a light field network to encode light fields at multiple reso-

lutions.

To generate arbitrary intermediate LODs, existing methods blend outputs across discrete

LODs. With only a few LODs, the performance does not scale smoothly since the next dis-

crete LOD must be computed entirely. Our method offers continuous LODs with hundreds of

performance levels allowing for finer adaptation to resource limitations.

4.3 Method

Our method primarily builds upon Light Field Networks (LFNs) [12]. Specifically, we

represent rays r in Plücker coordinates (rd, ro × rd) which are input to a multi-layer perceptron

(MLP) neural network without any positional encoding. The MLP directly predicts RGBA color

values without any volume rendering or other accumulation. Each light field network is trained

to overfit a single static scene.
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4.3.1 Arbitrary-scale Arbitrary-position Sampling with Summed Area Tables

½ Scale ½ Scale ½ Scale

Bilinear 
Sample

Bilinear 
Sample

Full-resolution Pixels

(a) Discrete Scale Sampling

Sample Sample

Full-resolution Pixels

Summed Area Table

(b) Summed Area Table Sampling

Figure 4.3: An illustration of discrete and summed-area table sampling. (a) Sampling from a
discrete resolution requires linear interpolation from a downsampled image to the target scale
and position. (b) Summed area tables allow us to sample at both arbitrary scales and positions
without significant additional memory or compute.

In order to reduce aliasing and flickering artifacts when rendering at smaller resolutions,

e.g. when an object is far away from the user, lower levels of details need to be processed
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with filtering to the appropriate resolution. In prior work, multi-scale LFNs [4] are trained on

images resized to 1/2, 1/4, and 1/8 scale using area downsampling. During training, rays are

sampled from the full-resolution image while colors are sampled from lower-resolution images

using bilinear sampling. While training on lower-resolution light fields yields multi-scale light

field networks, the bilinear subsampling of the light field may not provide accurate filtered colors

for intermediate positions. As shown in Figure 4.3, colors for higher-resolution rays get averaged

over a larger area when performing bilinear subsampling in between low-resolution pixels.

Another method for generating multi-scale light fields is to apply to filter at full resolution

to get a spatially accurate anti-aliased sample for each pixel location. Naively precomputing and

caching full-resolution copies of each light field image at each scale would significantly increase

memory usage. Computing the average pixel color for each sampled ray at training time would

require additional computation. Summed area tables [3, 34] can be used to efficiently sample

pixels at arbitrary scales and positions, allowing us to sample from filtered versions of the training

image without caching multiple copies. Sampling from a summed area table is a constant time

operation, giving us an average over any axis-aligned rectangular region with only four samples.

With additional samples, summed-area tables can also be used to apply higher-order polynomial

(e.g. cubic) filters [39, 131] or Gaussian filters [132] for even better anti-aliasing, though we only

use box filtering in our implementation.

4.3.2 Continuous Levels of Detail

While previous neural field methods offer static levels of detail corresponding to fixed

scales [4, 102, 104] or fixed spectral frequency bands [91, 105], our goal is to generate a finer
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(b) Neuron masking. To render at continuous LOD ℓ, we use weights corresponding to LOD ⌈ℓ⌉ and apply
alpha-blending to continuously fade-in features produced by the new neuron with α = ℓ − ⌊ℓ⌋ at each
layer.

Figure 4.4: Illustrations of our method to achieve continuous levels of detail.
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progression with continuous levels of detail. Continuous levels of detail enable smoother transi-

tions and more precise adaptation to resolution and resource requirements.

Following existing work [4, 105, 133], we encode levels of detail using different widths of a

single multi-layer perception neural network. Unlike Mip-NeRF [64, 90], this enables optimized

performance with smaller neural networks at lower levels of detail. However, for continuous lev-

els of detail, we propose two changes. First, we map the desired level of detail to every available

width to extend a few levels of detail to hundreds of levels of detail as shown in Figure 4.4a. Sec-

ond, we propose neuron masking which fades in new neurons to enable true continuous quality

adjustments.

LOD to Scale Mapping Li et al. [4] train multi-scale LFNs which use width factors 1/4, 2/4,

3/4, and 4/4 (128, 256, 384, 512 widths) to encode 1/8, 1/4, 1/2, and 1/1 scale light fields

respectively. To extend this to arbitrary widths, we formulate the following equations which

describe the correspondence between network width w and light field scale s:

s = 2ˆ(4w − 4) (4.1)

w = (1/4) ∗ (log2(s) + 4) (4.2)

By using the above equations, we can assign a unique scale to each width sub-network in our

multi-scale light field network. Since this is a one-to-one invertible mapping, we can also com-

pute the ideal level of detail to use for rendering at any arbitrary resolution. In our experiments,

we use a minimum width of 25% of nodes corresponding to a scale of 1/8 to ensure a reasonable

minimum quality and training image size. As an example, for a network with 512-width hidden
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layers, the lowest level of detail uses only 128 neurons of each hidden layer while the highest

uses 512.

Neuron Masking Since neural networks have discrete widths, it is necessary to map continuous

levels of detail to discrete widths. Hence, we propose to use neuron masking to provide true

continuous levels of detail with discrete-sized neural networks. As weights corresponding to each

new width become available, we propose to apply alpha-blending on neurons corresponding to

the width. This alpha-blending enables features from existing neurons to continuously transition,

representing any intermediate level of detail between the discrete widths. Given feature f and

fractional LOD α = l−⌊l⌋, the new feature f ′ with neuron masking is the element-wise product:

f ′ = (1, ..., 1, α)⊤ ⊙ f (4.3)

4.3.3 Saliency-based Importance Sampling

With continuous LODs representing light fields at various scales, the capacity of the LFN

is constrained at lower LODs. Hence, details such as facial features may only resolve at higher

levels of detail. To maximize the apparent fidelity, the capacity of the network should be dis-

tributed towards the most salient regions, i.e. the areas where viewers are most likely to focus.

We propose to use saliency-based importance sampling which focuses training on salient regions

of the light field. For all foreground pixels, we assign a base sampling weight λf and add a weight

of λs ∗ s based on the pixel saliency s. Specifically, for a given foreground pixel x in a training
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image with saliency s, we sample from the probability density:

p(x) = λf + λs ∗ s (4.4)

In our experiments, we use (λf , λs) = (0.4, 0.6) which yields reasonable results. At each

iteration, we sample 67% of rays in each batch from foreground pixels using the above density.

The remaining 33% of rays are uniformly sampled from background pixels.

4.4 Experiments

We conduct several experiments to evaluate whether our light field networks with continu-

ous LODs overcome the problems with discrete LODs. We also conduct quality and performance

evaluations to determine the compute and bandwidth overhead associated with continuous LODs.

4.4.1 Experimental Setup

We conduct our experiments using five light field datasets. Scenes are captured using 240

cameras with 40 × 6 layout around the scene and a 4032 × 3040 resolution per camera. Each

dataset includes camera parameters extracted using COLMAP [114, 115] and is processed with

background matting. Of the 240 images, we use 216 for training, 12 for validation, and 12 for

testing. We generate saliency maps using the mit1003 pretrained network1 of Kroner et al. [134].

For our model, we use an MLP with nine hidden layers and one output layer. Each

hidden layer uses LayerNorm and ReLU. We use a minimum width of 128 and a maximum

width of 512 for variable-size layers. Our models are trained using a squared L2 loss for the

1From https://github.com/alexanderkroner/saliency
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RGBA color with 8192 rays per batch. In all of our experiments, we train using the Adam op-

timizer with the learning rate set to 0.001 and exponentially decayed by γ = 0.98 after each

epoch. We train for 100 epochs. Each of our models is trained using a single NVIDIA RTX

2080 Ti GPU. Our PyTorch implementation and processed datasets are available at https:

//augmentariumlab.github.io/continuous-lfn/.

4.4.2 Ablation Experiments

Our ablation experiments evaluate how each aspect of our method affects the final rendered

quality. First, we replace the discrete resolution sampling in discrete-scale light field networks [4]

with our summed area table sampling. Next, we add continuous LODs training which is enabled

by arbitrary-scale filtering with summed-area tables. Finally, we compare the prior two setups

with our full method which also includes saliency-based importance sampling.

4.4.3 Transitions across LODs

With continuous LODs, our method allows smooth transitions across LODs as additional

bytes are streamed over the network or as the viewer approaches the subject. To quantitatively

evaluate the smoothness of the transitions, we use the reference-based temporal flicker metric

of Winkler et al. [2]. This flicker metric first computes the difference d between the processed

images and reference images for two consecutive frames. Next, a difference image c = dn−dn−1

is computed across consecutive frames. The 2D discrete Fourier transform of the image c is

computed and values are summed based on the radial frequency spectrum into low and high-
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Without Saliency With Saliency Without Saliency With Saliency

Figure 4.5: Lower LOD ablation results show the effects of our saliency-based importance sam-
pling. With importance sampling, features such as eyes and mouths in the salient regions resolve
at earlier, lower LODs.

Figure 4.6: Neuron masking enables generating continuous levels of detail from discrete model
widths. In the figure above, we see that one leg of the cart expands as the fractional level of detail
α fades in new neurons. This effect is better seen in the accompanying supplementary video.76
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Figure 4.7: Plots showing the effects of transitioning across LODs. Transitioning with discrete
LODs leads to larger network traffic spikes and more flickering.
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frequency sums: sL and sH . Finally, the flicker metric is computed by adding these together:

Flicker = sL + sH .

We compare against three discrete-scale baselines with 4, 8, and 16 levels of detail, with

8 and 16 LODs trained using summed-area table sampling. In our continuous LOD case, we

render views at the highest LOD corresponding to each discrete width (i.e. LOD 1.0, 2.0, ...,

385.0), using the static ground truth view as the reference frames. Flicker values are computed

for each LOD using the transition from the next lower LOD and then averaged across all test

views. Our flicker results are shown in Figure 4.7b. With only four LODs, the discrete-scale LFN

method has three transitions, each with large model deltas (up to 3.5 MB) and high flicker values.

Additional levels of detail reduce the model delta sizes and the flicker values with our continuous

LOD method minimizing the model delta sizes and the flicker values. With our method, the LOD

can be transitioned in small (≤ 32 KB) gradual steps.

4.4.4 Rendering Quality

Quantitative PSNR and SSIM results are shown in Table 4.1. First, we see that adding

summed-area table filtering to discrete-scale light field networks with four scales results in slightly

improved PSNR and SSIM results while enabling arbitrary-scale sampling. Training a continu-

ous LOD network impacts the performance at the original four LODs but allows us to have

continuous LODs. Adding importance sampling allows us to focus on salient regions without

significantly impacting the quantitative results.

Qualitative results of our saliency-based importance sampling ablation are shown in Fig-

ure 4.5. We see that details along faces appear at earlier LODs when using saliency for importance
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Figure 4.8: Plots showing our quantitative evaluation results. With continuous LODs, the LOD
can be dynamically adjusted to maximize the quality based on available resources.
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Model 1/8 1/4 1/2 1/1

Discrete-scale LFN 29.34 29.68 28.39 27.41
+ SAT filtering 29.77 29.99 28.54 27.46
+ Continuous LOD 27.87 29.77 28.38 27.38
+ Importance Sampling 28.06 29.79 28.44 27.40

(a) PSNR (dB)

Model 1/8 1/4 1/2 1/1

Discrete-scale LFN 0.8809 0.8763 0.8503 0.8465
+ SAT filtering 0.8898 0.8806 0.8513 0.8466
+ Continuous LOD 0.8370 0.8743 0.8484 0.8460
+ Importance Sampling 0.8380 0.8751 0.8487 0.8455

(b) SSIM

Table 4.1: Quantitative Training Ablation Results at 1/8, 1/4, 1/2, and 1/1 scales. Each scale is
evaluated at its corresponding LOD.

sampling. All of these details resolve at the highest LODs with and without using importance

sampling.

4.4.5 Rendering Performance

We evaluate the rendering performance by rendering training views across each LOD. For

our rendering benchmarks, we use half-precision inference and skip empty rays with the auxiliary

network which evaluates ray occupancy. Rendering performance results across the LODs are

shown in Figure 4.8b. We observe that as the LOD increases according to the width of the

neural network, rendering times increase as well. When rendering from a discrete-scale light

field network with only four LODs, the user or application would need to select either the next

higher or lower LOD, compromising on either the performance or the quality. With continuous

LODs, software incorporating our light field networks would be able to gradually increase or

decrease the LOD to maintain a better balance between performance and quality. In cases where
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the ideal model size is not known, continuous LODs allow dynamic adjusting of the LOD to

satisfy a target frame rate. In our PyTorch implementation, we observe that LODs with odd

model widths have a slower render time than LODs with even model widths. LODs with model

widths that are a multiple of eight perform slightly faster than other even model widths.

4.5 Discussion

By requiring light field networks to output reasonable results at each possible hidden layer

width and incorporating neuron masking, we can achieve continuous of LODs. However, this

applies additional constraints on the network as it needs to produce additional outputs. In our

experiments, we observe slightly worse PSNR and SSIM results at the specific LODs corre-

sponding to the 1/8 and 1/4 scales compared to the discrete-scale LFN which is trained with

only four LODs. This is expected due to the additional constraints and less supervision at those

specific LODs. The goal of our importance sampling procedure is to improve the quality of the

salient regions of the light field rather than to maximize quantitative results.

Light field networks require additional cameras compared to neural radiance fields due to

the lack of multi-view consistency prior provided by volume rendering. Hence, training light field

networks requires additional cameras or regularization [120] compared to NeRF methods. Fur-

thermore, light field networks do not use positional encoding [135] and represent high-frequency

details as faithfully as NeRF methods. As the primary goal of our work is to enable highly gran-

ular rendering trade-offs with more levels of detail, we leave these limitations to future work.
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4.6 Conclusion

In this chapter, we introduce continuous levels of details for light field networks using

three techniques. First, we introduce summed area table sampling to sample colors from arbi-

trary scales of an image without generating multiple versions of each training image in a light

field. Second, we achieve continuous LODs by combining arbitrary-width networks with neuron

masking. Third, we train using saliency-based importance sampling to help details in the salient

regions of the light field resolve at earlier LODs. With our method for continuous LODs, we

hope to make light field networks more practical for 6DoF desktop and virtual reality applica-

tions [56, 57, 58].
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Chapter 5: Conclusion

As virtual and augmented reality applications continue to develop and gradually become

more widespread, the ability to stream photorealistic immersive content becomes ever more im-

portant. In this dissertation, we have explored methods for adaptive streaming of 360◦ videos

and light fields. We first present a log-rectilinear transformation to stream foveated 360◦ videos.

With our method, 360◦ videos can be streamed with foveation to significantly reduce bandwidth

usage over streaming the entire 360◦ video at a fixed quality while also reducing the flickering

artifacts of foveation from subsampling. Next, we present a progressive multi-scale light field

network. With our method, light fields can be progressively streamed and rendered at multiple

scales without significant aliasing and flickering artifacts. Finally, we present continuous levels

of details for light field networks. To further reduce artifacts during transitions between levels of

detail and enable more granular adaptivity to available resources, our method presents light field

networks that can continuously interpolate between hundreds of network widths.

We envision 360◦ video suitable for seated VR experiences where users are immersed

across their entire field of view and can rotate around the scene. Meanwhile, the full 6DoF ex-

perience of light fields allows the creation of fully interactive applications where users can move

around and view different light fields across an entire 3D scene. With 3D applications becom-

ing more interactive, photorealistic 6-DoF will become necessary for high-quality experiences.
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Neural representations such as NeRFs and LFNs are currently able to synthesize photorealis-

tic renders but still have remaining limitations compared to traditional representations such as

meshes. We hope that the work presented in this dissertation provides a few steps toward making

neural representations more suitable for practical streaming scenarios.
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