Published as a conference paper at ICLR 2022

COORDX: ACCELERATING IMPLICIT NEURAL REPRE-
SENTATION WITH A SPLIT MLP ARCHITECTURE

Ruofan Liang'?, Hongyi Sun', Nandita Vijaykumar'?

'Department of Computer Science, University of Toronto

2Vector Institute, Canada

{ruofan,nandita}@cs.toronto.edu, hongyi.sun@mail.utoronto.ca

ABSTRACT

Implicit neural representations with multi-layer perceptrons (MLPs) have recently
gained prominence for a wide variety of tasks such as novel view synthesis and
3D object representation and rendering. However, a significant challenge with
these representations is that both training and inference with an MLP over a large
number of input coordinates to learn and represent an image, video, or 3D object,
require large amounts of computation and incur long processing times. In this
work, we aim to accelerate inference and training of coordinate-based MLPs for
implicit neural representations by proposing a new split MLP architecture, Co-
ordX. With CoordX, the initial layers are splif to learn each dimension of the input
coordinates separately. The intermediate features are then fused by the last layers
to generate the learned signal at the corresponding coordinate point. This signif-
icantly reduces the amount of computation required and leads to large speedups
in training and inference, while achieving similar accuracy as the baseline MLP.
This approach thus aims at first learning functions that are a decomposition of the
original signal and then fusing them to generate the learned signal. Our proposed
architecture can be generally used for many implicit neural representation tasks
with no additional memory overheads. We demonstrate a speedup of up to 2.92x
compared to the baseline model for image, video, and 3D shape representation
and rendering tasks.

1 INTRODUCTION

Traditional discrete representations, including volumes or point clouds, have long been used for
tasks such as 3D object representation and novel view synthesis. Until recently, implicit neural
representations have emerged as a popular alternative approach to those tasks. These implicit neural
representations leverage multilayer perceptrons (MLPs) to represent images, videos, 3D objects,
etc (Mildenhall et al., 2020; Sitzmann et al., 2020; Tancik et al., 2020). These MLPs (coordinate-
based MLPs, coordMLP for short) take low dimensional coordinates (e.g., coordinate position or
time index) as input and predict the value of a learned signal (e.g., color, depth, shape, etc.) of
each coordinate point. The coordinate-based MLP learns an implicit, continuous, and differentiable
function that maps input coordinates to various signals.

There are several benefits to using an implicit neural representation instead of a traditional discrete
representation. First, it is potentially more memory efficient. Unlike the discrete representation
where the granularity of the represented object is limited by the grid resolution, the granularity of
an implicit neural representation can be freely adjusted by choosing different resolutions of input
coordinates while not exceeding the representation capacity of the learned MLP. Second, the fully
differentiable learning process allows the MLP to learn complex signals from sparsely available data
points to reconstruct high-quality images or objects. Recent research has demonstrated the effective-
ness of coordMLPs for a wide range of signal fitting or learning tasks such as image super-resolution
(Chen et al., 2021), 3D shape representation (Park et al., 2019; Mescheder et al., 2019; Gropp et al.,
2020), novel view synthesis (Mildenhall et al., 2020; Martin-Brualla et al., 2021; Schwarz et al.,
2020) and photo-realistic 3D scene editing (Niemeyer & Geiger, 2021). The search for more accu-
rate and generalizable implicit neural network architectures and methodologies is an active area of
research.
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However, a key challenge of implicit neural representation is the significant computation demand
for both inference and training. For inference, the MLP has to be queried with each positional point
to generate the learned signal at the corresponding position. Using one GTX1080 GPU, rendering a
1024 x 1024 sized image on 5-layer coordMLP takes 0.2 seconds, and rendering an image of size
400 x 400 from a novel view with the NeRF model takes 18 seconds. Both tasks perform millions of
MLP queries. Similarly, training an MLP for neural representation is a very computation-intensive
task as each MLP requires full training passes over a large number of sample points from the original
signal. On a high-end RTX GPU, it takes more than 10 minutes to learn a 512 x 512 image using a
5-layer coordMLP and more than 4 hours to reconstruct a low-resolution scene with NeRF.

Several recent works aim to improve the speed of inference and/or training for coordinate-based
MLPs for novel view synthesis tasks (Liu et al., 2020; Neff et al., 2021; Garbin et al., 2021; Yu
et al., 2021) or object representation (Takikawa et al., 2021). These works leverage spatial sparsity
inherent in images, videos, and objects to reduce the amount of computation required for inference
or training. For example, NSVF (Liu et al., 2020) constructs a sparse discrete representation using a
voxel octree. An implicit neural representation is then learned over the discrete set of voxels instead
of the infinite set of coordinates. However, there are several drawbacks to these approaches. First,
some of the mentioned approaches are only applicable to specific tasks, e.g., novel view synthesis
(Neff et al., 2021). Second, the additional data structures that are used to explicitly save represen-
tations to avoid computation may lead to high memory overheads, e.g., Garbin et al. (2021). Third,
the effectiveness of these approaches is limited by the sparsity of the signal being learned and they
may be less effective for highly dense and feature-rich images/objects.

Our goal, in this work, is to accelerate both training and inference for a wide range of coordMLP-
based representation tasks. To this end, we leverage the following observation. The inputs to these
MLPs are typically multi-dimensional coordinate points, i.e., an (X;Yy) coordinate for an image,
(x;y;t) for a video, etc., and in existing MLPs, each coordinate is processed independently, as
depicted in Fig. 1(d). However, this misses the implicit locality among points in an image that have
similar coordinate values, for example, the neighboring points along the same axis. In this work, we
propose a new architecture where the initial layers are split to independently process each dimension
of the input. Thus, each dimension is treated independently rather than each coordinate point itself.
The outputs of these initial layers are then fused to generate a final prediction based on all input
dimensions, as depicted in Fig. 1(e). We refer to this split architecture as CoordX.

The major benefits of our approach are: First, it enables significant speedups in both training and
inference by essentially reducing the dimensions of the input. For example, the overall inputs of an
H x W image fed into the MLP is reduced from H x W to H +W . At the same time, by leveraging
the locality between points with similar coordinate values, we are able to achieve accuracy close to
the baseline architecture. Second, this technique can be applied orthogonally to previously-proposed
optimization techniques that leverage sparsity without incurring much additional memory overheads.
Third, the dimension-based splitting approach can be applied to a wide range of tasks that use
coordinate-based MLPs as we demonstrate in this work.

The key challenges in developing a split architecture are: (i) ensuring that the overall size of the
model does not increase even when processing each dimension of the input with a separate layer;
and (ii) effectively fusing features from the split layers to retain the original model accuracy. In
this work, we handle these challenges by (i) splitting only the first FC layer and then sharing the
remaining FC layers across all input branches; and (ii) fusing features from split branches using
an outer product operation. We demonstrate that CoordX can significantly accelerate training and
inference for various signal fitting tasks' including image, video, and 3D shape fitting. Our analysis
shows a speedup of ~2.5x using a 5-layer CoordX model for various tasks. We demonstrate a 2.35x
speedup in inference time for a 1k resolution image and a 2.78x speedup for a 1k resolution video
clip in our experiments.

To summarize, in this work, we make the following contributions:

* We develop a new architecture for coordinate-based MLPs that leverages locality between
input coordinate points to reduce the amount of computation required and significantly
speed up inference and training.

!CoordX however, does not improve the performance when fitting unidimensional signals (e.g., audio).
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» We design the split MLP architecture that achieves faster training and inference and re-
tains the same level of accuracy as the baseline models with comparable or slightly larger
parameter counts.

* We demonstrate CoordX's effectiveness in speeding up inference and training on various
signal tting tasks, including image, video and 3D shape rendering, and other advanced
applications such as image super-resolution.

2 REeLATED WORK

Coordinate-based MLPs for implicit neural representation. Recent works have demonstrated

the potential of MLPs in implicitly representing signals such as images (Stanley, 2007), volume
occupancy (Peng et al., 2020; Mescheder et al., 2019), signed distance (SDF) (Park et al., 2019; Xu
etal., 2019), texture (Saito et al., 2019; Henzler et al., 2020), and radiance elds (NeRF) (Mildenhall
et al., 2020). Unlike MLPs used for other tasks, an MLP used for implicit representation needs to
be able to capture the high frequency variations in the color or geometry of images and objects.
To address this, Mildenhall et al. (2020) proposegmsitional encodingPE) method that maps the
original input coordinates into a high dimensional space using a series of high frequency functions to
better capture high frequency variations. Sitzmann et al. (20203inaeoidal activatiorfunctions
(SIREN) to replace the ReLU activations in the MLP, and Tancik et al. (2020) use simple Fourier
feature mappings of input coordinates to learn high frequency variations. Many recent works also
aim to make the signals represented by coordinate-based MLPs editable or generalizable. Acommon
way to enrich the representation power of these models is to add latent codes/features as additional
inputs to the coordMLPs (Schwarz et al., 2020; Park et al., 2021; Chen et al., 2021; Mehta et al.,
2021). These additional inputs are combined with positional coordinates and are essentially treated
as additional dimensions in the input coordinates. CoordX is directly applicable to these works.

Accelerating MLPs for implicit neural representation. Several recent works aim to accelerate
inference and/or training for implicit neural representation using MLPs. There are broadly two
directions among existing works: (i) reducing the number of points to be queried; (ii) reducing the
time spent in processing each point. Reducing the number of query points is a common optimization
method for ray-casting-based 3D neural representations. Due to spatial sparsity in a 3D scene, a
signi cant number of sampled points along cast rays are empty, without useful density or color
information. The inference/training speed can be greatly improved by skipping the processing of
these points. Neff et al. (2021) use an additional depth network to estimate object depth along
each ray, hence only points around the object surface are sampled. Similarly, traditional explicit
3D representation methods can be leveraged to guide point sampling. Garbin et al. (2021) and
Kellnhofer et al. (2021) explicitly extract the mesh of a rendered object after training to reduce the
number of points that need to be processed by the MLP. Liu et al. (2020); Yu et al. (2021); Takikawa
et al. (2021) construct an octree structure to represent the 3D object during training that enables
skipping empty spaces. To reduce the computation done for each point during inference, Reiser
et al. (2021) replace the larger MLP for the whole scene with many tiny MLPs that have fewer
layers and parameters, each of which only represents a small region of the whole scene. Garbin
et al. (2021) and Yu et al. (2021) also pre-compute points and store results in memory. Therefore,
only lightweight interpolation rather than intensive MLP computation is performed for each query
point during rendering. To alleviate the signi cant memory requirements and processing time to
pre-compute the original NeRF MLP's 5D input grid (3D position + 2D direction), these works
leverage spherical harmonics (Ramamoorthi & Hanrahan, 2001) to generate a more ef cient 3D
representation.

Concurrent work ACORN (Martel et al., 2021) uses a multi-scale block-coordinate decomposition

to ef ciently represent large-scale images or 3D shapes in a hierarchical way. Unlike our coor-
dinate decomposition, ACORN uses a quadtree or octree to decompose the input coordinate grid
into small patches. ACORN rst gets patch-level features via a large coordinate-based MLP, and
then uses these features to get predicted signals for each coordinate via feature interpolation and
a lightweight MLP. Thus the number of queries to the large coordMLP in ACORN is signi cantly
reduced. Though both ACORN and CoordX reduce the number of queries to some parts of the
coordinate-based model, they use very different approaches and these two approaches are orthogo-
nal. CoordX can be combined with ACORN to generate additional speedups by replacing ACORN's
coordinate encoder with the CoordX model.
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(a) Coordinate inputX (b) Decomposition (c) Decomposed coordinates

(d) coordMLP (e) coordX

Figure 1:(a)-(c) The process of decomposing coordinate inpufer 2D image of siz2H W into 2 split
partsX @ andX @ . (d) Baseline coordMLP architecturd. = HW coordinate inputsX ) are independently
fed into the MLP. (e) Our CoordX architecture. The initial layer is split up into separate branches for each

decomposed coordinatés™ andX @ . After shared FC layers, the split features are fused and the fused
features are then fed into a few FC layers to generate the nal signal vaMess the size of the hidden
features.

3 METHOD

3.1 NEURAL NETWORK ARCHITECTURE

In our proposed architecture, the initial layer of the MLP is split ac@ssput branches. The
following Dy 1 FC layers are shared among the input branches. The fusion operation then fuses
the intermediate features from the different feature branches and feeds fused featurd3tdd@st
layers to generate the nal signal values (see Fig. 1(e)).

Input decomposition along coordinate dimensions.In typical coordMLP models, a set i
coordinate points are individually queried as inputs, whiére HW for an image of sizéd W

in Fig. 1(d). We refer to this set of input coordinate pointXag RN X, whereK is the dimension

of each point (e.gK = 2 for (x;y) points on a pixel plane). With CoordX, instead of querying the
rst layer of the MLP withN coordinate points of dimensidf, we split the rst layer of the MLP
into C separate branches, whee K. If K = C, each dimensionof theK -D input coordinate

is separately fed to the correspondi@g input branch as shown in Fig 1(e). @ < K , in this
case, 1 or more coordinate dimensions are not split and retained their original form. For example,
coordinate points in a videfx;y;t) (K = 3) can be decomposed along 2 dimensio@s< 2):
branch 1 is fed by 2D coordinate points along the X and Y dimensiofs, §3 and branch 2 is fed
by the temporal dimensioft).

Thus the input gricX 2 RN X s transformed into a set of decomposed input gfids’) 2

RBi Kiji=1;2:::;Cg, wherei is the input branchB; is the number of coordinate points fed
into branchbandKi is the dirBension of the each decomposed coordinate point fed into branch
Thus,N = *C, BjandK =, K.

First layer. The rst layer of CoordX contain& parallel branches converting( to the corre-

sponding hidden featuréek(li). Each branch has a weight matrixV (1” 2 RXi M ‘whereM is
output feature size. With activation functiof ), the rst layer is?:

fHO = wihx®yji=1:2::::Cqg (1)

Layers before fusion. To avoid adding additional parameters to our model, we use the shared
weight matrices (FC layers) to process hidden features from all parallel branches after the rst layer
(Fig. 1(e)). Suppose there dbr layers before fusion, we can formulate these layers as:

fH]-(i) = (WjHj(i)l)ji:1;2;:::;Cg;forj =2;:::;Dg (2)

2\We omit the bias terrb in the following equations for readability.
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This design has the following bene ts: (i) no extra parameters are added because the rst layer
is split among the branches and the remaining layers are shared; (ii) higher computational ef -
ciency/parallelism as features from different branches can be concatenated and processed in one
batch; (iii) sharing parameters between input branches enables capturing correlations between the
different input dimensions.

Feature Fusion.The intermediate featuréﬂ;g)s 2 RB M from theC branches are then combined
to generate a fused featurg, 2 R®:  Bc M,

We use an outer product as the fusion operation (discussed in more detail in 3.3). The fusion opera-
tion is formulated as follows:

Hp, = FusdHY; HE)=HY HE) 3)

Where denotes the outer product operation. The RstFC layers from the baseline model are
retained to transform the fused features into nal predictions.

Speedup Analysis.We assume each FC layer of the coordinate-based MLP has the same amount
of computation. In @ -layer baseline coordMLP, there axe coordinate inputs processed by each
layer of the MLP. The resulting computation is of the or@4DN ). In aD-layer CoordX model

with C-split branches, we assuni®y (the number points processed by bramfkequalsB, thus

N = iC:l B; = BC. Each of theC branches from the rsDs layers before fusion needs to
processB decomposed inputs and the remainibg layers Ds + D = D) process the fused
features of the original sizd . The two parts in CoordX together result in computation of the order
O(CD¢B + D; N). The ratio of the computational complexity between the two methods is

B DN _ (Ds+ D¢)BC +1 _ Ds
" CDsB+D;N CDB+D¢{BC CB1C+1’ " Dy

(4)

WhenB is large enough, the terrf©B ! © becomes negligibly small. Thus, the theoretical upper
bound of the speedup that can be achievedlis + 1. A 5-layer CoordX MLP withDs = 3 and
D¢ =2 can thus achieve a 2.5x speedup over a 5-layer baseline MLP based on our assumptions.

3.2 ACCELERATING TRAINING WITH COORDX

When input coordinates are split along each coordinate dimension, during fusion, the original coor-
dinates are reconstructed by generating all combinations of the input values along each dimension.
Thus, to perform this splitting for training, the original signal values must be available for all combi-
nations of the split inputs. For example, if the pixel poiftis 1); (2; 2); (3; 3); (4; 4)] are sampled,

they cannot be split into two input vectors for each coordinate dimension, because some combina-
tions of the input vectors are missing (e.d.; 3); (1;4);:::). If points[(1;1); (1;2); (2;1); (2; 2)]

are sampled, we can then split them into §{b); (2)] vectors along each dimension. In a typical
training process, points are randomly sampled and all combinations will not be available.

To address this, we rst sample positions along each decomposed dimension, then use these sam-
pled positions to generate all combinations of coordinate points (see Fig. 4). The number of sampled
positions along each dimension is approximately proportional to the dimension length so that each
separate branch has a suf cient number of decomposed coordinates to learn while the uniform dis-
tribution of the sampled points is still guaranteed. We discuss how this is done in more detail in
Appendix A.

3.3 THE SIGNAL DECOMPOSITION OFCOORDX.

Signals such as images can be decomposed into multiple matrices using mathematical methods. For
example, a gray-scale image (represented as a 2D matrix) can be decomposed into two matrices
using an SVD or QR decomposition. Similarly, our proposed split architecture can essentially be
thought of as learning multiple matrices that are then used to reconstruct the original signal, as
depicted in Fig. 2. By moving the fusion operation (outer product) to the end of the nibded 0),

we get a fully split CoordX model. This fully split CoordX model is also able to represent the image
with high PSNR (Fig. 2(b)), indicating the ability of the model to learn decomposed signals.
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(a) Fully split CoordX (b) Decomposed image matrices

Figure 2:CoordX learns the image decomposition. (a) The fully split coordX architecture. The fusion operator
directly generates the predicted sign@lis the dimension reduced by the summation after the outer product.
(b) The image can be represented as a matrix multiplication between two learned feature tensors (Hatrices)
andHy. R =256,H = W =512 in this example.

A key difference between the previously-presented CoordX model (e.g., Fig. 1(e)) and the fully
split CoordX model (e.g., Fig. 2(a)) is the location of the fusion operation. Our fusion operation
de ned in Eqn. 13 is a series of outer products, while the fully split CoordX in Fig. 2 requires an
outer product to generate the nal prediction without an additional FC layer. In order to include
these two cases in one fusion equation, we extend the dimension of the split features to be fused.
Let the hidden features aft®s layers are of feature sizZd . TheM hidden feature values then

can be reshaped intoR S matrix (whereM = RS). R is the size of the dimension reduced

by the summation after outer product, &depresents the feature/signal size after the fusion. For
exampleR = 1;S = M for fusion in the partially-split CoordX. The fully split CoordX in Fig.

2 hasR = 256 andS = 1 (single channel image). Following our de nition in 3.1, each branch's

hidden featureH () 2 RBi M pefore the fusion can be reshaped iftd” 2 RBi R S, The
fusion then can be formulated as

x ¥ o)
HP1P2 pc = ( H pj ;i) (5)
i=1 j=1
pi is positional index for feature tensors,is the index for dimensiorR of HID H 2

RB: Bc S, The fusion operation de ned in Eqn. 13 is a special case of Eqn. 5 Whenl.

While R =1 is suf cient to learn an accurate representation for most signals, if we setl (e.g.,

R is 2 or 3) for the hidden feature fusion and enlarge the corresponding FC layers by a scalg factor
to keepS unchanged, the representation accuracy of the CoordX model can be improved (evaluated
in Sec.4:4).

4 EXPERIMENTAL EVALUATION

In this section, we evaluate the performance and ef ciency of CoordX for several signal tting tasks,
including images, videos and 3D shapes. We also evaluate CoordX for latent code coordMLPs.

Setup. We choose several existing coordMLP models as baseline models for different tasks (details
are in the following subsections). All models are implemented on PyTorch (Paszke et al., 2019) and
evaluated using an NVIDIA RTX3090 GPU. We use SIREN to denote models with periodic activa-
tion functions (Sitzmann et al., 2020), and we use PE to denote models using positional encoding
with ReLU activation (Mildenhall et al., 2020; Tancik et al., 2020). Unless otherwise speci ed, our
experiments use 5-layer MLPs. The CoordX models have two FC layers after the fusion operation
(D: =2). Model hyperparameters such as learning rate, batch size, number of epochs, etc., are the
same as those used in the corresponding baseline coordMLPs. The output image/object visualiza-
tions and qualitative comparisons are in Appendix B.

4.1 S9GNAL FITTING wWITH COORDX

Image Representation.n this experiment, 5-layer coordMLPs with 256 hidden units are used to t
RGB images of siz612 512 We randomly select 12 center-cropped images from DIV2K dataset
(Agustsson & Timofte, 2017) to report the average PSNR. Both SIREN and PE models are tested.
Table 1 shows the PSNR and the required training time for 20,000 epochs. Fig. 3(a) compares the
inference speed between the baseline SIREN model and CoordX for different image sizes.
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(a) Image inference (b) Video inference (c) Shape inference

Figure 3:Comparing inference speed. (a) average inference time for the SIREN model for a synthetic image
on different resolutions; (b) millisecond per frame to represent a synthetic video with 100 frames on different
resolutions with PE models; (c) inference time of a grid of coordinate points for marching cubes to display 3D
shapes; SIREN models are used.

Method MLP-S | CoordX-S | CoordX-S-A | MLP-P | CoordX-P | CoordX-P-A
PSNR 40.25 37.08 37.02 37.30 33.89 33.84
Tuaining (Min) | 12.07 22.33 5.73 14.80 27.08 5.06

Table 1: Accuracy and speed comparison. MLP indicates the baseline coordMLP. S and P refer to
SIREN and PE respectivelp refers to accelerated training with our sampling method (Sec. 3.2).

We make the following observations. First, CoordX can achieve high PSNR values similar to those
achieved by the corresponding baseline coordMLPs, witlBaB drop in PSNR (we discuss ways

to alleviate this in 4.4). Second, training the CoordX model is almost twice as fast as training the
baseline coordMLP. Third, CoordX achieves signi cantly faster inference times compared to the
baseline (up to 2.83x for a 2K image). The observed speedups are higher for bigger images.

Video Representation. In this task, we use 5-layer coordMLPs with 1024 hidden units to learn
10-second video clips. We evaluate 2 video clips. The baseline MLPs are described in Appendix B.

For the CoordX model, we consider two splitting strategies. The rst one is to split the input coordi-
nates into 3 vectors along the height, width, and time axes, resulting in 3 network branches (referred
to as X+Y+T). The second strategy splits the input coordinates along the spatial and temporal di-
mensions (2 branches). The height and width dimensions are attened into one input branch and the
time dimension is the second branch. We refer to this strategy as XY+T. We use the PE method in
this experiment as it performs better than SIREN for videos. Table 2 shows the average PSNR and
the required training time for 100,000 epochs. Fig. 3(b) compares the inference speed between the
baseline model and CoordX for different frame resolutions.

We make the following observations. First, while both X+Y+T and XY+T splitting strategies
achieve high PSNR, XY+T performs slightly better than X+Y+T and even outperforms the base-
line model. Second, training CoordX with our sampling strategy (XY+T-A) is 2.02X faster than
training the baseline model while retaining high representation quality in the model. Third, CoordX
achieves a 2.78x speedup over the baseline MLP for inference, and the speedups are higher for
higher video resolutions.

3D shape representation.We choose occupancy networks (Mescheder et al., 2019) to represent
3D shapes. The output probabilities indicate whether query points are inside or outside the shape.
We use 5-layer coordMLPs with 256 hidden units for this experiment and the SIREN method as it
performs better than PE.

We use loU as the quality metric (see details in Appendix B) and report the average loU obtained
for 4 3D objects. Table 2 shows the average IoU values and the required training time for 10,000
epochs. To display shapes and compare inference speeds after training, we use the marching cube
(Lorensen & Cline, 1987) process in which a 3D voxel grid needs to be queried. Fig. 3(c) compares
the inference speed for different grid resolutions.

We make the following observations. First, we achieve similar loU scores with CoordX compared to
the baseline coordMLPs. Second, CoordX is up to 1.7x faster for training speedup compared to the
baseline model. Third, CoordX achieve a speedup of up to 2.81x over the baseline for a resolution
of 256° and on average 2.55x.

3Volume rendering, as another way to display 3D shapes, will be discussed in Appendix C.
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Task Video 3D shape
Method | MLP X+Y+T | XY+T | XY+T-A MLP CoordX CoordX-A
Metric | 33.315| 31.69 33.63 33.35 0.991/0.970| 0.991/0.970| 0.989/0.964
Tiaining | 4.30h | 6.63h | 5.22h 2.13h 5.72 min 16.14 min 3.28 min

Table 2: Accuracy and speed comparison for MLP training. MLP indicates the baseline coordMLP.
A refers to training CoordX with our sampling strategy. Video task uses PSNR as the metric, and
3D shape task uses easy / hard IoU (higher is better) as metrics.

In summary, we demonstrate that the CoordX models are able to provide signi cant speedups in
both training and inference over baseline models for different sets of tasks. We also demonstrate
that the CoordX models are able to retain the representation quality of the baseline models.

Novel View Synthesis CoordX can also be used to accelerate NeRF-like volume rendering (Milden-

hall et al., 2020). However, NeRF has an irregular input coordinate grid (see Fig. 8), and thus
CoordX cannot be directly applied here. We instead use a simple mechanism in C.4 to accelerate
grid-interpolation-based NeRF rendering with CoordX. This mechanism involves the precomputa-
tion of densely sampled coordinate points and grid interpolation over the MLP predictions. Our
proposed method can achieve a 1.81x training speedup and a 4.41x rendering speedup over baseline
NeRF with a quality drop of less than 0.5 dB on low-resolution blender scenes.

4.2 COORDX WITH LATENT CODES

In this part, we test our method on more complex coordinate-based MLPs, which include high-
dimensional latent codes as a part of the model input for better generalizability. The model we
accelerate is LIIF (Local Implicit Image Function) (Chen et al., 2021) for image super-resolution. It
takes a 2D pixel position and a high-dimensional LIIF latent code from a CNN encoder as inputs and
then predicts the RGB value at the corresponding pixel coordinate. The coordMLP (decoder) here
is a 5-layer MLP with 256 hidden units. We use a CoordX model with 4 branches (code,x,y,cell)
to replace the baseline coordMLP for this task, where a cell is an additional 2D input introduced in
Chen et al. (2021) for better accuracy. We use a pre-trained EDSR (Lim et al., 2017) decoder and
train our CoordX decoder from scratch for 1,000 epochs. We use the DIV2K dataset (Agustsson &
Timofte, 2017) for quantitative comparisons. Table 3 compares the baseline LIIF and our modi ed
CoordX LIIF on different up-sampling scales, including scales used in training and not used in
training.

We observe that the CoordX LIIF model achieves almost the same PSNR compared to the original
baseline model. At the same time, CoordX achieves signi cant speedups (up to 2.88x) for inference
for a target 2K image super-resolution. Since the MLP only forms a part of the overall training
pipeline, CoordX does not generate signi cant speedups for training. We conclude that CoordX is
more generally applicable to variations and enhancements of coordinate-based MLPs.

Method In-distribution Out-of-distribution Speed
Up-sampling scales 2 3 4 6 12 18 24 30 (2
EDSR-baseline-LIIF| 34.67 30.96 29.00 26.75 23.71 22.17 21.18 20.48131.03ms
EDSR-CoordX-LIIF | 34.65 30.95 28.99 26.67 23.60 22.08 21.10 20.42 45.53ms

Table 3: Accuracy and speed comparison for MLP inference. PSNR is used as the quantitative
metric. (Scores for EDSR-baseline-LIIF are from the original paper.) The speed here is the average
time to nish processing all images in the DIV2K valid set witt? scale.

4.3 THE DEGREE OFSPLITTING FORMLP

CoordX models can be partly split or fully split (Sec. 3.3) and in this section, we evaluate the
impact of different degrees of splitting for 3D shape tting. We treat the number of layers after
fusion as a hyperparametdd{() to be swept. We var; from 0 to 5 for the 5-layer CoordX
models evaluated. Note that whBr =5 the coordX model is essentially a baseline coordMLP. To
demonstrate that similar representation accuracies as CoordX cannot be obtained by simply using
MLPs with fewer layers, we also evaluate baseline coordMLPs with different model d2pta X

All CoordX models use our sampling strategy (Sec. 3.2) during training. We a8&%agrid of
coordinate points to test the inference speed. The test results are listed in Table 4.
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; D¢ Dwp
Model setting B 7 3 5 1 0 7 3 5
loU 0.976 0.980 0.974 0.963 0.941 0.8800.959 0.876 0.516

Tiraining (MiN) 5.72 5.40 4.24 3.28 2.27 2.38 4.44 3.11 1.67
Tinference(mMs) | 105.22 9543 69.37 46.25 19.73 22.182.12 55.21 30.77

Table 4:Accuracy and speed comparison. WH2n = 5, CoordX becomes the baseline coordMLP.

We make the following observations. First, as we have more split laerss(lower), the loU score
decreases slightly. This indicates a tradeoff between representation accuracy and training/inference
speed. Second, from our comparison with smaller baseline MLP models, we observe that similar
representation accuracies cannot be obtained by simply using fewer layers (which may be faster).

4.4 IMPROVING REPRESENTATIONQUALITY

As observed in Section 4.1, CoordX leads to signi cant speedups but causes a drop in accuracy
( 3dB PNSR) speci cally for image representation. Compared to other types of signals, image
signals typically have more high frequency variations. The decomposition of inputs in CoordX may
lead to loss of information in capturing these high frequency signal variations.

To improve the representation quality of CoordX as discussed in Section 3.3, we increase fhe size
of the reduction dimensiorR(= 1 for models evaluated previously) and keep the fused feature size

S unchanged§ = 256 for image models). We increaseto 2 and 3 in this evaluation and extra
parameters are thus added to the splitting FC layers. This can be done in two ways. First, we can
increase the number of hidden units in the layer just before fusion by a facR(iafferred to as

+). Alternatively, we can increase the feature size of each splitting layer before fusion by a factor of
R (referred to ag-+). This approach requires the use of more parameters.

We use SIREN models for this experiment and the experimental settings are the same as in 4.1.
Table 5 compares the different model con gurations.

Model MLP CoordX| R2+ R2++ R3+ R3++
PSNR 40.25 | 37.08 | 39.70 | 41.32 | 41.60 | 4355
Training time (min) 12.60 5.87 7.67 7.87 9.00 9.33
Inference speed (ms) 52.45 | 22.34 | 29.24 | 3492 | 30.05 | 37.73
Model size (MB) 0.77 0.77 1.02 2.27 1.27 4.78

Table 5: Image tting with larger CoordX models. The inference speed is the average time to
inference a synthetic 1024x1024 image 100 times.

From Table 5, we make the following observations. First, increaRimgn effectively improve the
representation quality. The augmented CoordX models are also able to achieve higher PSNR than
the baseline coordMLPs. Second, even though more parameters are added to the augmented CoordX
models, the training and inference speeds are still faster than the baseline coordMLP. Third, for the
sameR, the R++ strategy which requires more parameters is more effective. However, increasing
theR value is more bene cial compared to using more parameters with thesRategy.

5 CONCLUSION AND FUTURE WORK

In this work, we propose CoordX, a new architecture accelerating the inference and training of
coordinate-based MLPs for implicit neural representations. CoordX decomposes input positional(-
temporal) coordinates along each input dimension and splits the baseline MLP into a multi-branch
MLP. Decomposed inputs separately feed into each branch leading to signi cant speedups in in-
ference and training while retaining similar representation accuracy as the slower baseline models.
We also demonstrate approaches to increase the representation capacity of a split coordinate-based
MLP, leading to new design space for trading off speed, quality and size.

CoordX also has wider applicability beyond the tasks evaluated. For example, the splitting strategy
introduced in this work can also be applied to accelerate view synthesis for dynamic scenes (Peng
et al., 2021; Li et al., 2021), and deformable scenes (Park et al., 2020; 2021). CoordX can also
help neural implicit representation based compression (Dupont et al., 2021) achieve higher com-
pression/decompression speed. Lastly, the split MLPs proposed in this work can potentially be used
for multi-dimensional signal decomposition or multivariate function decompaosition, which may be
useful for other tasks such as multi-relational data modeling (Rabanser et al., 2017). We leave these
explorations to future work.
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A INPUT POINT SAMPLING FOR COORDX TRAINING

Randomly sampling points for MLP training will not lead to any speedups with CoordX. This is be-
cause randomly chosen coordinates cannot be decomposed into input vectors along each dimension,
as discussed in 3.2.

Thus, we need a new sampling strategy that ensures that the chosen points can be split along each
coordinate dimension. To ensure this, we need to select all input points that are combinations of the
split input vectors. To this end, we formulate a simple sampling strategy that we describe below.

Suppose we need to samplepoints to learn the signal bounded il€aD coordinate space, where

each dimension is of lengthS;. We assume that the number of sampled positions along each
coordinate dimension is approximately proportional to the dimension I&hg8o we can represent

the number of sampled positions along each dimensio8 aswhere is a scale factor. Because

we require original sampling and our new sampling should have approximately the same number of
sampled points in the same setting, we have:

'
Si N (6)
i=1
By solving this equation, we can get
r
N Y
= ° v; V= Si (7)

i=1
Though we limit the exibility of the sampling process, the probability of choosing a particular
point/region is the same for two sampling methods. To introduce more randomness to our sampling
method, we also add random noise to ed&h. Note that the sampled coordinate space can be
continuous or discrete, but this split sampling method works in the same way.

As a result, this strategy ensures that the points selected can be fully decomposed along any dimen-
sion. All input points that are formed when the coordinates are fused are thus selected for training.
This is depicted in Fig. 4.

Figure 4: An illustration of our point sampling strategy in 2-D space. The data sc8ie$ on
the rst and second dimensions, our new sampling strategy ensures that the proportions of samples
along each coordinate dimension are exactly the same and can be split along each dimension.

B ADDITIONAL TASK DETAILS
In this section, we provide additional details and results regarding various tting tasks evaluated

in Section 4. All experiments on signal tting tasks are implemented using PyTorch and use an
NVIDIA RTX3090 GPU. We use the Adam optimizer (Kingma & Ba, 2014) during training.

B.1 IMAGE FITTING

This task involves training the model to t 2D images. Given a 2D pixel coordinate, the model
predicts the color of the pixel at that coordinate. One of the biggest advantages of using implicit

13
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representations is that it can represent images with an arbitrary resolution, since it learns a contin-
uous representation of the image, therefore it can represent an image at high resolution but with a
size smaller than the image itself. We formulate this task as:

R2 71 RO (8)

WhereO is the dimension of the pixel color value of the image, for exan@ple 3 if image is
represented in RGB value, 6r=1 if it is a greyscale image.

In this experiment, we try to t RGB images of siZ&2 512 We randomly select 12 center-
cropped images from DIV2K dataset (Agustsson & Timofte, 2017) for this experiment, and train for
20,000 epochs.

In the image tting tasks using PE, positional encoding maps input pothRX that is normalized
to the rangd 1; 1] to R?4 * K ysing a set of sinusoidal functions:

(p) = (sin(2° p);cos(? p);:;sin® T p);cos(@ p)) (9)
WhereK is the dimension of each input poiqtis an individual coordinate in input poirt andd
is the encoding frequency. We then concatenate this encoding with the originaki@p&®® , to

get an input of dimensioBKd + K . We follow the settings and the encoding frequency used in the
image tting task introduced in (Tancik et al., 2020).

We separately sample 2D pixel coordinates on each axis. We sample 512 points from both axes for
each training batch. Since the image sizBi2 512 we can t all sampled points into one batch
on an RTX3090 GPU.

In Fig 5, we choose 4 images of various complexities from the DIV2K dataset to show the qualitative
results for the image tting task.

B.2 VIDEO FITTING

We also train our model to learn video representations. Compared to images, videos have an extra
dimension which is the temporal dimension or the frame number. Therefore this tting task has an
input of 3D coordinates$x;y;t) where(x;y) is the pixel spatial location, and) is the temporal
location of that pixel, or the frame number it is at. Similar to the image regression task, we formulate
this task as:

R® 71 RO (10)
WhereO is the dimension of the pixel color value of the video at the given pixel location at the given
frame. We also supervise the model using MSE loss between the predicted color and ground truth
color. There are two splitting strategies. In the rst strategy, we split all three dimensions of the input
coordinates, for a set of coordinates in the forfway; t), we split it into(x), (y) and(t) and sample
values in each separated channel. We denote this strategy as X+Y+T. In the second strategy, we only
separate the pixel/spatial dimension with the frame/temporal dimension, for a set of coordinates in
the format(x; y;t), we split it into(x;y) and(t) and sample values in each separated channel. We
denote this strategy as XY+T.

In this experiment, we use 5-layer coordMLPs with 1024 hidden units to t 2 10-second videt clips
and we train for 100,000 epochs.

While performing our sampling strategy for CoordX with XY+T splitting mentioned in Sec. 4.1,
for each training batch, we rst randomly permute frame values and choose thievadties to be

the frames to sample. We sam@@8% of the total points each batch, therefore for each frame,
we sampley = 0:038N=t points (the number is rounded to the nearest integer), wkedenotes

the total number of points in the 3D space for the video. The coordinate values along the spatial
(XY) dimension and the chosen frame values along the temporal (T) dimension for each sampled
point are fed to CoordX. The sampling method for the X+Y+T strategy is very much similar, except
each chosen point is further split along the XY dimension. Like the image tting task, the model is
supervised using an MSE loss of predicted color and ground truth color for each pixel.

We provide the qualitative results for the video tting task in Fig 6 and 7, where we capture and
show several frames of the two videos for comparison.

“A bike video from http://www.scikit-video.org/stable/datasets.html , and a cat
video fromhttps://www.pexels.com
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(a) X+Y, SIREN (b) SIREN (c) X+Y, PE (d) PE (e) Ground Truth

Figure 5: Qualitative results for the image tting task. The 4 images shown are from the DIV2K
dataset, center-cropped and down-sampled to a 512x512 resolution.

B.3 3D MODEL FITTING

We represent 3D shapes using a 1D occupancy grid (Mescheder et al., 2019), inspired by similar
works in (Tancik et al., 2020). An occupancy grid represents the shape as a 1D occupancy probability
for a given 3D coordinate and indicate whether the query points are inside or outside the 3D shape:

R®7I R (11)

For this task, we split the input coordinates along all three dimensions. We sample values along
each of the three coordinate channels of the input 3D coordinates. We use 5-layer coordMLPs with
256 hidden units to t 4 3D objects (Bunny, Armadillo, Dragon and Buddha) from The Stanford
3D Scanning Repositotyand train each for 10,000 epochs. We follow the settings in Tancik et al.
(2020), and use cross-entropy loss for the model to learn the classi cation of occupancy labels.

We rst recenter points loaded from mesh points[tal; 1] for SIREN test. For each batch, we
randomly choose a number of points to sample per axis. We store those sampled points and their
corresponding ground truth occupancy value in a le, to skip the time-consuming data sampling
step, which acts as a major performance bottleneck in the training process, in order to present a
more accurate results of our split acceleration.

Shttp://graphics.stanford.edu/data/3Dscanrep/
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