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ABSTRACT

Neural Radiance Field (NeRF) based rendering has attracted growing
attention thanks to its state-of-the-art (SOTA) rendering quality and
wide applications in Augmented and Virtual Reality (AR/VR). How-
ever, immersive real-time (> 30 FPS) NeRF based rendering enabled
interactions are still limited due to the low achievable throughput on
AR/VR devices. To this end, we first profile SOTA efficient NeRF al-
gorithms on commercial devices and identify two primary causes of
the aforementioned inefficiency: (1) the uniform point sampling and
(2) the dense accesses and computations of the required embeddings
in NeRF. Furthermore, we propose RT-NeRF, which to the best of
our knowledge is the first algorithm-hardware co-design acceleration
of NeRF. Specifically, on the algorithm level, RT-NeRF integrates
an efficient rendering pipeline for largely alleviating the inefficiency
due to the commonly adopted uniform point sampling method in
NeRF by directly computing the geometry of pre-existing points.
Additionally, RT-NeRF leverages a coarse-grained view-dependent
computing ordering scheme for eliminating the (unnecessary) pro-
cessing of invisible points. On the hardware level, our proposed
RT-NeRF accelerator (1) adopts a hybrid encoding scheme to adap-
tively switch between a bitmap- or coordinate-based sparsity en-
coding format for NeRF’s sparse embeddings, aiming to maximize
the storage savings and thus reduce the required DRAM accesses
while supporting efficient NeRF decoding; and (2) integrates both
a high-density sparse search unit and a dual-purpose bi-direction
adder & search tree to coordinate the two aforementioned encod-
ing formats. Extensive experiments on eight datasets consistently
validate the effectiveness of RT-NeRF, achieving a large throughput
improvement (e.g., 9.7x~3,201x) while maintaining the rendering
quality as compared with SOTA efficient NeRF solutions.
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Figure 1: An illustration of novel view synthesis, which is the
rendering task that NeRF [17] targets to resolve.

1 INTRODUCTION

Novel view synthesis (see Fig. 1), which renders photorealistic novel
views given a set of sparsely sampled views, has become a fundamen-
tal task in various AR/VR applications [2, 6, 8, 9, 25], such as virtual
meetings [15]. As such, significant efforts have been made to push
forward the achievable rendering quality, among which NeRF [17]
based rendering has recently attracted a much growing attention
thanks to its state-of-the-art (SOTA) rendering quality. However,
while immersive real-time (> 30 FPS) NeRF based rendering en-
abled interactions are highly desired, they are not yet possible due to
the low rendering throughput that is currently achievable on AR/VR
devices, e.g., < 0.04 FPS for rendering 800x800 images on a SOTA
GPU such as NVIDIA V100 GPUs [17].

To close the aforementioned gap, we first perform in-depth profil-
ing of SOTA efficient NeRF algorithms on commercial devices by
characterizing the runtime of each step in the algorithm pipeline to
identify the bottlenecks causing the rendering inefficiency. In partic-
ular, we locate two efficiency-bottleneck steps within the pipeline of
SOTA efficient NeRF algorithms: (1) locating pre-existing points,
which is to filter out the points representing an empty space and (2)
computing pre-existing points’ features, which is to generate the
features (i.e., densities and colors) of pre-existing points based on the
embeddings corresponding to a specific grid. Furthermore, we iden-
tify that these two steps’ bottleneck inefficiencies are respectively
due to (1) the commonly adopted uniform point sampling method
despite the sparsities of the existed points and (2) the required dense
accesses and computations of the embeddings corresponding to a
specific grid, despite the sparsities of those embeddings.

To tackle the identified bottlenecks above, we advocate algorithm-
hardware co-design to achieve real-time on-device NeRF processing
towards immersive AR/VR rendering and make these contributions:

e We comprehensively profile and analyze the throughput bot-
tlenecks in SOTA efficient NeRF-based methods on multiple
commercial devices. We identify that (1) the commonly used
uniform point sampling method and (2) the required dense ac-
cesses and computations for the embeddings are the primary
causes of existing methods’ inefficiencies.
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Figure 2: NeRF [17] based rendering includes Step 9] Map pixels
to rays r = 0 + (d by marching camera rays through the scene,
Step = Query the features (i.e., the RGB color and the density T)
of points along the rays by inputting their locations and distance
to an MLP model, and Step , Render pixels’ colors.

o We propose RT-NeRF, which to the best of our knowledge
is the first algorithm-hardware co-design framework for ac-
celerating NeRF. Specifically, our RT-NeRF aims to resolve
the aforementioned bottleneck inefficiencies by developing
tailored algorithm and hardware innovations that leverage
the sparsities of both pre-existing points and specific grids’
embeddings. Thus, our RT-NeRF has opened up an exciting
perspective towards real-time NeRF solutions.

e On the algorithm level, by leveraging the sparsities of pre-
existing points, RT-NeRF integrates an efficient rendering
pipeline to alleviate the inefficiency due to commonly adopted
uniform point sampling by directly computing the geometry
of pre-existing points based on the corresponding non-zero
cubes of the occupancy grid. Additionally, in our proposed
rendering pipeline, to skip the invisible points from the pre-
existing ones for further boosted efficiency, RT-NeRF lever-
ages a coarse-grained view-dependent rendering ordering
scheme to avoid processing invisible points.

e On the hardware level, our RT-NeRF accelerator adopts a hy-
brid encoding scheme to adaptively switch between a bitmap-
or coordinate-based sparsity encoding format for NeRF em-
beddings with low (<80%) and high (=80%) sparsity-ratios,
respectively. Such a hybrid scheme is to maximize the storage
savings and thus reduce the required DRAM accesses while
supporting efficient decoding, despite the diverse sparsity ra-
tio of NeRF embeddings (e.g., 4% ~ 92%). Furthermore, to
avoid the potential computation idleness due to sparse decod-
ing, our RT-NeRF accelerator integrates both a high-density
sparse search unit and a dual-purpose bi-direction adder &
search tree to coordinate the two aforementioned encoding
formats for ensuring efficient sparse decoding.

e Benchmarking experiments and ablation studies on eight
datasets of Synthetic-NeRF [17] consistently validate the
effectiveness of RT-NeRF, e.g., achieving 9.7x ~ 3,201x
throughput improvement while maintaining a similar render-
ing quality as compared to SOTA efficient NeRF solutions.

2 BACKGROUND AND MOTIVATION
2.1 Preliminaries of NeRF

NeRF for Novel View Synthesis. To render photorealistic novel
views as shown in Fig. 1, NeRF [17] encodes a continuous vol-
umetric field of points, which block and emit light rays, within
the parameters of a multilayer perceptron (MLP). Fig. 2 illustrates
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NeRF’s rendering process, which involves three steps. Step ] Map
pixels to rays: For each pixel to be rendered in the target novel view,
aray r = 0 +(d is emitted from the origin (e.g., the camera’s center)
of the target novel view 0 along the direction d to pass through this
particular pixel, where C represents the distance between the sampled
points along this ray and the origin is denoted as 0; Step = Query the
features of points along the rays: For each point that has a distance
(- from 0, both its location 0 + (. d and direction d are sent as inputs
to the MLP model (0 +(-d d) — (F. c.), which outputs the corre-
sponding density . and an RGB color . as the extracted feature of
this particular point; and Step , Render pixels’ colors: Following
the principles of classical volume rendering [14], the color C(r) of
the pixel corresponding to the ray r can be computed by integrating

the features of the points along the ray, which can be represented as:
#

Cin= ). (L-exp(-F. (C.11-C)))c:
=1 .

Fy(Co41—09)) ey
9=1
where # represents the number of sampled points along the ray r
and ). denotes the accumulated transmittance along the ray r to the
point 0 +C. d, which represents the probability of the ray traveling to
the point without hitting any other points. To render an image with
an resolution of X , , the above steps 9] ~ , will be repeated for

X , times, corresponding to X , X# number of queries to the
MLP model. As such, if using (1) an MLP of 1 million FLOPs for
each query to render an image of 800 x 800 resolution and (2) 192
sampled points along each ray [17] during the rendering process, the
required total FLOPs would become as large as 800x800x192 x1
million FLOPs = 117 trillion FLOPs, resulting in < 0.04 FPS on an
NVIDIA V100 GPU [17].

To alleviate the prohibitive rendering FLOPs mentioned above,
various techniques have been proposed to accelerate NeRF. One
popular type of approaches [4, 22, 23] is to add a 3D grid, which
represents the embeddings of the specific pre-set points, to be op-
timized together with the MLP model or even replacing the MLP
model. Among them, TensoRF [4] has achieved the SOTA efficiency
in terms of accuracy vs. the-number-of-parameters trade-offs, which
makes it possible to be further compressed for being deployed on

where ). =exp(—
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Figure 3: TensoRF [4] achieving SOTA NeRF efficiency replaces
Step = (i.e., query the features of points along the rays using
a MLP) in NeRF [17] with both Step =-<, which locates pre-
existing points using an occupancy grid, and Step =->, which
computes pre-existing points’ features based on a decomposed

embedding grid in terms of matrix-vector pairs.
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resource-constrained AR/VR devices, e.g., the popular Oculus Questthe view-dependent color for the next steps. Note that TensdRF [

2 VR headset has only 6GB RAM andY 14 watt-hour battery also adopts early-ray-terminatiobd to Iter out invisible points

capacity [L6]. It is worth noting that another type of approaches from pre-existing points when computing colors. Speci cally, pre-

accelerates NeRF by caching a large amount of intermediate resultsexisting points with an accumulated transmittapcehat is smaller

e.g.,i 54 GB in FastNeRFI0], and thus can only be used in high- than a pre-set threshold nearly do not contribute to the nal rendered

end GPUs with suf cient resources instead of resource-constrained color C1r° as suggested in Eqg. 1, and thus can be regarded as invisi-

AR/VR devices that our proposed RT-NeRF mainly targets. ble and the corresponding computations for generating their colors
TensoRF with SOTA Ef ciency. As visualized in Fig. 3, Ten-  can be skipped.

soRF H], which currently represents SOTA NeRF ef ciency, re-

places Step (i.e., query the features of points along the rays using 2.2 Pro le SOTA Ef cient NeRF Solutions

a MLP) in NeRF [L7] with the following two stepsStep- - Locate To better understand the throughput bottleneck of SOTA ef cient
pre-existing points: For each point with a distai¢o the target  NeRF solutions, we analyze the runtime breakdown of each step
novel viewo, its indices!G «~ «1. © 2 N3 of a 3D binary occupancy  within TensoRF 4]'s rendering pipeline on three representative
grid can be computed by quantizing its coordinatesGd 2 R3. If commercial devices, including RTX 2080Tig] (a GPU for cloud

the corresponding value in the occupancy grid is zero, i.e., this point computing), AMD Threadripper 3970] (a CPU for cloud comput-

is in an empty space and thus does not exist, TensoRF returns Zerq’ng)' and Jetson Nand @] (an embedded GPU for edge computing).
as the corresponding features and skips computing the following As shown in Fig. 4, the pro ling results on the eight commonly
steps.Step- -- Compute pre-existing points’ features: For each ysed datasets of Synthetic-NeRE][ show that Step -- (i.e.,
pre-existing point identi ed in the previous step, its embeddings |ocate the pre-existing points) and Step- (i.e., compute those
are queried from a 3D grid of the speci ¢ pre-set points’ embed- pre-existing points' features) dominate the overall rendering latency

dings, i.e., the embedding grid, based on the aforementioned indicesof TensoRF 4] on all these commercial devices that target both
G+~ 1. °. To save the cost of storing and accessing such an em-cjoud and edge computing.

bedding grid, TensoRH] further decomposes the embedding grid

into multiple matrix-vector pairs. Thus, the corresponding density 2-2-1 Analyze Step - = o
f. can be computed by: Identi ed Causes of Inef ciency. As shown in Fig. 3, to locate

pre-existing points, all the candidate points are uniformly sampled

f. = Wag M- M / M Oe along rays and then the existence of pre-existing points are identi ed

Ad~ o 0 VA~ AIG ol © > Vael A.JG . O
A=l Y o o via a query process based on the occupancy grid. From this process,
we identify two sources of redundant costs: (1) the sparsity of the
occupancy grid is not leveraged, and thus the number of queries to
the occupancy gridis xedas ,  # regardless of the values in

the occupancy grid, where and, represent the height and width

of the image to be rendered, respectively, &éndenotes the number

of sampled points along each ray; and (2) the DRAM accesses to the
occupancy grid are irregular because the emitted rays can come from
any direction, and thus the order of their accesses to the occupancy
grid can not be predicted in advance.

Vsl » MA.L. oo MXiG 4.0 @ndMy5 -, can be interpreted in Proposed Solution.To eliminate the above redundant computa-
the same way. Meanwhile, the corresponding colofsee Eq. 1) tions and memory accesses, we propose an ef cient NeRF pipeline,
can be accessed in the same aforementioned way from another sethich directly computes the coordinates of pre-existing points by
of matrix-vector pairs. Additionally, a small MLP takes both (1) the looping over the non-zero cubes of the occupancy grid instead of
concatenated results of the scalar multiplication among different all the sampled candidate points. The detailed description of our

matrix-vector pairs and (2) the directidras its inputs to generate  proposed pipeline is provided in Sec. 3.1.

where' represents the number of matrix-vector pairs in th(rze)e de-
composition modes, i.e., the 3D embedding grid is decomposed into
the outer product of the (1) matrices in thé plane (i.e.M-* )

and vectors along the axis (i.e.,v" ), (2) matrices in thee/

plane (i.e.,M“/ ) and vectors along the axis (i.e.,v- ), and (3)
matrices in thee. plane (i.e.M™* ) and vectors along the axis
(i.e.,V ). Thus,va.g denotes th& -th element of the vector along
the- axis in theAth matrix-vector pair, the subscripts wef.. ,

Figure 4: Runtime breakdown across eight datasets on three representative commercial devices, which shows that among $tepe.,
map pixels to rays), Step -- (i.e., locate the pre-existing points), Step -- (i.e., compute pre-existing points' features), and Step

(i.e., render pixels' colors), the SOTA ef cient NeRF solution {] is bottlenecked by Step -- and Step- -- , the latter of which includes
Step- -- -Embedding-Grid and Step- -- -MLP that correspond to the operations in Eq. 2 and for the MLP inference, respectively).
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