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ABSTRACT

Neural fields, a category of neural networks trained to represent high-frequency
signals, have gained significant attention in recent years due to their impressive
performance in modeling complex 3D data, such as signed distance (SDFs) or
radiance fields (NeRFs), via a single multi-layer perceptron (MLP). However, de-
spite the power and simplicity of representing signals with an MLP, these methods
still face challenges when modeling large and complex temporal signals due to the
limited capacity of MLPs. In this paper, we propose an effective approach to ad-
dress this limitation by incorporating temporal residual layers into neural fields,
dubbed ResFields. It is a novel class of networks specifically designed to effec-
tively represent complex temporal signals. We conduct a comprehensive analysis
of the properties of ResFields and propose a matrix factorization technique to re-
duce the number of trainable parameters and enhance generalization capabilities.
Importantly, our formulation seamlessly integrates with existing MLP-based neu-
ral fields and consistently improves results across various challenging tasks: 2D
video approximation, dynamic shape modeling via temporal SDFs, and dynamic
NeRF reconstruction. Lastly, we demonstrate the practical utility of ResFields by
showcasing its effectiveness in capturing dynamic 3D scenes from sparse RGBD
cameras of a lightweight capture system.

1 INTRODUCTION

Multi-layer Perceptron (MLP) is a common neural network architecture used for representing con-
tinuous spatiotemporal signals, known as neural fields. Its popularity stems from its capacity to
encode continuous signals across arbitrary dimensions (Kim & Adali, 2003). Additionally, inher-
ent implicit regularization (Goodfellow et al., [2016; Neyshabur et al., 2014) and spectral bias (Ra-
haman et al [2019) equip MLPs with excellent interpolation capabilities. Due to these remarkable
properties, MLPs have achieved widespread success in many applications such as image synthesis,
animation, texture generation, and novel view synthesis (Tewari et al., 2022} Xie et al., 2022).

However, the spectral bias of MLPs (Rahaman et al., 2019)), which refers to the tendency of neural
networks to learn functions with low frequencies, presents a challenge when it comes to accurately
representing complex real-world signals and capturing fine-grained details. Previous efforts have
aimed to address the spectral bias by utilizing techniques like positional encoding (Vaswani et al.,
2017; Mildenhall et al., 2020; Zhong et al., 2019; Miiller et al.,|2022) or special activation functions
(Sitzmann et al.|, 2020b; [Fathony et al., 2020). However, even with these methods, representing fine-
grained details remains a challenge, particularly when dealing with large spatiotemporal signals such
as long videos or dynamic 3D scenes.

A straightforward way of increasing the capacity of MLPs is to increase the network complexity
in terms of the total number of neurons. However, such an approach would make the inference
and optimization slower and more GPU memory expensive, as time and memory complexity scales
with respect to the total number of parameters. Another possibility is to meta-learn MLP weights
(Sitzmann et al., [2020a) and maintain specialized independent parameters, but this imposes slow
training that does not scale to photo-realistic reconstructions (Tancik et al.,|2021). By far the most
popular approach for increasing modeling capacity is to partition the spatiotemporal field and fit
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Figure 1: ResFieldextends an MLP architecture to effectively represent complex temporal signals
by replacing the conventional linear layers with Residual Field Layers. As such, ResField is versatile
and straightforwardly compatible with most existing temporal neural elds. Here we demonstrate its
applicability on three challenging tasks by extending Siren (Sitzmann gt al.,[2020b) and TNeRF (Li
et al|,[2022):(a) learning temporal signed distance elds afij neural radiance elds from four

RGB views andc) from three time-synchronized RGBD views captured by our lightweight rig. The
gure is best viewed in electronic format on a color screen, please zoom-in to observe details.

separate/local neural elds (Reiser et al., 20213IMr et al., 2022; Chen et al., 2022). However,
these approaches hinder global reasoning and generalization due to local gradient updates of grid
structures (Peng et al., 2023).

The challenge that we aim to address is how

to increase the model capacity in a way that

is agnostic to the design choices of MLP neu-

ral elds. This includes architecture, input en-

coding, and activation functions. At the same

time, we must maintain the implicit regular-

ization property of neural networks and retain

compatibility with existing techniques devel-  Figure 2:ResField MLP Architecture.

oped for reducing the spectral bias (Mildenhall

et al., 2020; Sitzmann et al., 2020b). Our key idea is to substitute MLP layers with time-dependent
layers (see Fig. 2) whose weights are modeled as trainable residual paraMettysadded to the
existing layer weight®V ;. We dub neural elds implemented in this way ResFields.

Increasing the model capacity in this way offers three key advantages. First, the underlying MLP
does not increase in width and hence, maintains the inference and training speed. This property
is crucial for most practical downstream applications of neural elds, including NeRF (Mildenhall

et al., 2020) which aims to solve inverse volume rendering (Drebin et al., 1988) by querying neural
elds billions of times. Second, this modeling retains the implicit regularization and generalization
properties of MLPs, unlike other strategies focused on spatial partitioning (Reiser et al., 20&t; M

et al., 2022; Peng et al., 2023; Is k et al., 2023). Finally, ResFields are versatile, easily extendable,
and compatible with most MLP-based methods for spatiotemporal signals.

However, the straightforward implementation of ResFields could lead to reduced interpolation prop-
erties due to a large number of unconstrained trainable parameters. To this end, inspired by well-
explored low-rank factorized layers (Denil et al., 2013; loannou et al., 2015; Khodak et al., 2021),
we propose to implement the residual parameters as a global low-rank spanning set and a set of
time-dependent coef cients. As we show in the following sections, this modeling enhances the gen-
eralization properties and further reduces the memory footprint caused by maintaining additional
network parameters.
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In summary, our key contributions are:

» We propose an architecture-agnostic building block for modeling spatiotemporal elds that we
dub ResFields.

» We systematically demonstrate that our method bene ts a number of existing methods: Sitzmann
et al. (2020b); Pumarola et al. (2021); Park et al. (2021a;b); Li et al. (2022); Cai et al. (2022); Cao
& Johnson (2023); Fridovich-Keil et al. (2023).

» We validate ResFields on four challenging tasks and demonstrate state-of-the-art (Fig. 1): 2D
video approximation, temporal 3D shape modeling via signed distance functions, radiance eld
reconstruction of dynamic scenes from sparse RGB(D) images, and learning 3D scene ow.

2 RELATED WORK

Neural eld is a eld — a physical quantity that has a value for every point in time and space —
that is parameterized fully or in part by a neural network (Xie et al., 2022), typically an MLP as
the universal approximator (Kim & Adal, 2003). However, straightforward tting of signals to
regular MLPs yields poor reconstruction quality due to the spectral bias of learning low frequencies
(Rahaman et al., 2019). Even though this issue has been alleviated through special input encodings
(Mildenhall et al., 2020; Barron et al., 2021; 2022) or activation functions (Sitzmann et al., 2020b;
Tancik et al., 2020; Fathony et al., 2020; Lindell et al., 2022; Shekarforoush et al., 2022), neural
elds still cannot scale to long and complex temporal signals due to the limited capacity. A natural
way of increasing the modeling capacity is to increase the network’s size in terms of the number of
parameters. However, this trivial solution does not scale with GPU and training time requirements.

Hybrid neural elds leverage explicit grid-based data structures with learnable feature vectors to
improve the modeling capacity via spatial (Takikawa et al., 202{llé et al., 2022; Chen et al.,

2022; Chan et al., 2022) and temporal (Shao et al., 2023; Fridovich-Keil et al., 2023; Cao & Johnson,
2023; Peng et al., 2023) partitioning technigues. However, these approaches sacri ce the desired
global reasoning and implicit regularization (Neyshabur et al., 2014; Goodfellow et al., 2016) that
is needed for generalization, especially for solving ill-posed problems like inverse rendering. In
contrast, our solution, ResFields, focuses on improving pure neural network-based approaches that
still hold state-of-the-art results across several important applications, as we will demonstrate later.

Input-dependent MLP weightsis another common strategy for increasing the capacity of MLPs by
directly regressing MLP weights, e.g. via a hypernetwork (Mehta et al., 2021; Wang et al., 2021c)
or a convolutional (Peng et al., 2023) neural network. However, these approaches introduce an ad-
ditional, much larger network that imposes a signi cant computational burden for optimizing neural
elds. KiloNeRF (Reiser et al., 2021) proposes to speed up the inference of static neural radiance
elds by distilling the learned radiance eld into a grid of small independent MLPs. However, since

a bigger MLP is still used during the rst stage of the training, this model has the same scaling limi-
tations as the original NeRF. Closest in spirit to our approach, the level-of-experts (LoE) model (Hao
et al., 2022) introduces an input-dependent hierarchical composition of shared MLP weights at the
expense of reduced representational capacity. Compared to LoE, ResFields demonstrate stronger
generalization and higher representational power for modeling complex spatiotemporal signals.

Temporal elds are typically modeled by feeding the time-space coordinate pairs to neural elds.
SIREN (Sitzmann et al., 2020b) was one of the rst neural methods to faithfully reconstruct a 2D
video signal. However, scaling this approach to 4D is infeasible and does not produce desired
results as demonstrated in dynamic extensions of NeRF models (Pumarola et al., 2021; Li et al.,
2022). Therefore, most of the existing NeRF solutions (Pumarola et al., 2021; Park et al., 2021a)
decouple the learning problem into learning a static canonical neural eld and a deformation neural
network that transforms a query point from the observation to the canonical space where the eld
is queried. However, these methods tend to fail for more complex signals due to the dif culty of
learning complex deformations via a neural network, as observed by Gao et al. (2022). To alleviate
the problem, HyperNeRF (Park et al., 2021b) introduced an additional small MLP and per-frame
learnable ambient codes to better capture topological variations, increase the modeling capacity, and
simplify the learning of complex deformation. The recent NDR (Cai et al., 2022), a follow-up work
of HyperNeRF, further improves the deformation eld by leveraging invertible neural networks and
more constrained SDF-based density formulation (Yariv et al., 2021). All of these methods are fully
compatible with the introduced ResFields paradigm which consistently improves baseline results.



Published as a conference paper at ICLR 2024

Scene owis commonly used to model the dynamics of neural elds. Most works use MLPs to
model scene ow by predicting offset vectors (Pumarola et al., 2021; Li et al., 2021b; Prokudin et al.,
2023; Wang et al., 2023b), SE(3) transformation (Park et al., 2021a; Wang et al., 2023a), coef cients
of pre-de ned bases (Wang et al., 2021a; Li et al., 2023), or directly using invertible architectures
(Cai et al., 2022; Wang et al., 2023c). These representations are compatible with ResFields which
further enhance their learning capabilities.

Residual connectionshave a long history in machine learning. They rst appeared in Rosenblatt
(1961) in the context of coupled perceptron networks. Rosenblatt's insight was that the residual
connections increase the ef ciency of responding to input signals. Since then, residual connections
have been extensively studied and found a major practical utility as a solution to training deep
neural networks by overcoming the vanishing gradient problem (Hochreiter, 1998; Srivastava et al.,
2015; He et al., 2016) and became a de facto standard for modeling neural networks. Unlike these
residual connections that are added to the output of MLP layers, our ResField layers model the
residuals of the MLP weights, which in turn yields higher representation power of neural elds,
making them more suitable for modeling complex real-world spatiotemporal signals. To the best of
our knowledge, directly optimizing residual or multiplicative correctives of model parameters has
been explored in the context of ne-tuning large language models (Karimi Mahabadi et al., 2021;
Hu et al., 2021; Dettmers et al., 2023) or predicting model weights (Wang et al., 2021c), and has not
been explored for directly training spatiotemporal neural elds.

3 RESFIELDS: RESIDUAL NEURAL FIELDS FOR SPATIOTEMPORAL SIGNALS

Formulation. Temporal neural elds encode continuous sigrals R R 7! RC via a neural
network , where the input is a time-space coordinate a2 R, x 2 RY) and the output is a
eld quantity y 2 R¢. More formally, the temporal neural eld is de ned as:

(tx)= n Wn(n 1 n 2 (6t x)+ bn 1)
i(Gxi)= i(Wixi+ bi); (2)
where ; : RN 7! RM is theith layer of the MLP, which consists of the linear transformation by
the weight matridVv; 2 RN Mi and the biad; 2 RV applied to the inpuk; 2 RMi, followed
by a non-linear activation function;. The network parametersare optimized by minimizing a

loss termL directly w.r.t a ground truth signal or indirectly by relating a eld quantity to the sensory
input, e.g. via volume rendering equation for radiance eld reconstruction.

Limitations of MLPs. To model complex and long signals, it is crucial for the underlying MLP to
have a suf cient modeling capacity, which scales with the total number of parameters. However, as
the MLP size increases, the training time of neural elds becomes slower while increasing the GPU
memory requirements, ultimately leading to the bottleneck being the MLP's size. This is especially
highlighted for dynamic radiance eld reconstruction which requires solving an inverse rendering
problem through billions of MLP queries. In the following, we introduce ResFields, an approach
for alleviating the capacity bottleneck for modeling and reconstructing spatiotemporal signals.

ResFields modelWe introduce residual eld layers (Fig. 2) to effectively capture large and complex
spatiotemporal signals. ResFields, an MLP that uses at least one residual eld layer, alleviates the
aforementioned capacity bottleneck without increasing the size of MLPs in terms of the number
of layers and neurons. In particular, we replace a linear layer of an MLRith our temporal
time-conditioned residual layer de ned as:

itxi)= i(Wi+ W;it)xi+ bi); ©))

whereW;(t) : R 7! RN Mi js time-dependent and models residuals of the network weights.
This simple formulation increases the model capacity via additional trainable parameters without
modifying the overall network architecture.

ResFields factorization. However, naively imple-
mentingW ;(t) 2 RNi Mi as a dictionary of train-
able weights would yield a vast amount of indepen-
dent and unconstrained parameters. This would result

in a partitioning of spatiotemporal signal, akin to the Figure 3:Factorization of W |
: i-
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Figure 4: 2D video approximation. Comparison of different neural elds on tting RGB videos.

The training and test PSNR curves (left and right respectively) indicate the trade-off between the
model's capacity and generalization properties. Instant NGP offers good over tting capabilities,
however, it struggles to generalize to unseen pixels. A Siren MLP with 1024 neurons (Siren-1024),
shows good generalization properties, however, it lacks representation power (low training and low
test PSNR). A smaller Siren with 512 neurons implemented with ResFields (Siren-512+ResFields)
demonstrates good generalization while offering higher model capacity. Besides the higher accu-
racy, our approach offers approximately 2.5 times faster convergence and 30% lower GPU memory
requirements due to using a smaller MLP (Tab. 1). Results on the right provide a visual comparison
of Siren with 256 neurons and Siren with 128 neurons implemented with ResField layers.

space partitioning methods (Reiser et al., 2021ijIbt et al., 2022; Shao et al., 2023), and hinder a
global reasoning and implicit bias of MLPs, essential properties for solving under constrained prob-
lems such as a novel view synthesis from sparse setups. To this end, inspired by well-established
low-rank factorized layers (Denil et al., 2013; loannou et al., 2015; Khodak et al., 2021), we directly
optimize time-dependent coef cients aRj-dimensional spanning set of residual network weights
that are shared across the entire spatiotemporal signal (see Fig. 3). In particular, the residual of
network weights are de ned as

X R;
Wi = Vil Milrl; @

where the coef cienty (t) 2 RR' and the spanning sét 2 RRi Ni Mi gre trainable parameters;

square brackets denote element selection. To model continuous coef cients over the time dimension,

we implementy 2 RT' Ri as a matrix and linearly interpolate its rows. Such formulation reduces

the total number of trainable parameters and further prevents potential undesired over tting that is
common for eld partition methods as we will demonstrate later (Sec. 4.5).

Key idea. The goal of our parametrization is to achieve high learning capacity while retaining good
generalization properties. To achieve this for a limited budget in terms of the number of parameters,
we allocate as few independent parameters per time step({()i and as many globally shared
parameterd . Allocating more capacity towards the shared weights will enabléhe increased
capacity of the model due to its ability to discover small patterns that could be effectively compressed
in shared weights ar?) stronger generalization as the model is aware of the whole sequence through
the shared weights. Given these two objectives, we desity) to have very few parameterRy()

andM to have most parameteRi( N; M;); see the Sup. Mat. for further implementation details.

4 EXPERIMENTS

To highlight the versatility of ResFields, we analyze our method on four challenging tasks: 2D video
approximation via neural elds, learning of temporal signed distance functions, radiance reconstruc-
tion of dynamic scenes from calibrated RGB(D) cameras, and learning 3D scene ow.

4.1 2D VIDEO APPROXIMATION

Learning a mapping of pixel coordinates to the corresponding RGB colors is a popular benchmark
for evaluating the model capacity of tting complex signalsiMr et al., 2022; Sitzmann et al.,
2020b). For comparison, we use two videbtskésand cat from Sitzmann et al. (2020b)) that
consist respectively of 250 and 300 frames (with resolutiorisldat 512and272 640 and t

neural representations by minimizing the mean squared error w.r.t ground truth RGB values.
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Unlike the proposed setup in Sitzmann et al. (2020b) where the focus is pure over tting to the image
values, our goal is to also evaluate the interpolation aspects of the models. For this, we leave out
10% of randomly sampled pixels for validation and t the video signal on the remaining ones. We
compare our approach against Instant NGP, a popular grid-based approach to neural eld modeling,
with the best hyperparameter con guration for the task (see supplementary). We also compare
against a ve-layer Siren network with 1024 neurons (denoted as Siren-1024), as a pure MLP-based
approach. For our model, we choose a ve-layer Siren network with 512 neurons, whose hidden
layers are implemented as residual eld layers with the renk= 10 for all hidden layers (Siren-
512+ResFields). We refer to the supplementary for more details and ablation studies on the number
of factors, ranks, and layers for the experiment. Table 1:Video approximation.

Insights. We report training and test PSNR values averaged test PSNR t[it/s]" GPU#

over the two videos in Fig. 4 and Tab. 1. Here, Instant-NGP a@fep 3452 131 1.6G
fers extremely fast and good over tting abilities as storing thgen-1024 36.37 93%5 695766

data in the hash grid structure effectively resolves the probl&fif"512+ResFields 39.21

of limited MLP capacity, alleviating the need for residual weights. This, however, comes at the ex-
pense of the decreased generalization capability. Siren-1024 has good generalization properties, but
clearly under ts the signal and suffers from blur artifacts. Unlike Siren-1024, Siren-512 with Res-
Fields offers signi cantly higher reconstruction and generalization quality (36.37 vs 39.21 PSNR)
while requiring 30% less GPU memory and being alatimes faster to train.

This simple experiment serves as a proof of concept and highlights our ability to t complex tem-
poral signals with smaller MLP architectures, which has a signi cant impact on the practical down-
stream applications as we discuss in the following sections.

4.2 TEMPORAL SIGNED DISTANCE FUNCTIONS (SDF)

Signed-distance functions model the orthogonal distance of a given spatial coosdinatee sur-

face of a shape, where the sign indicates whether the point is inside the shape. We model a temporal
sequence of signed distance functions via a neural eld network that maps a time-space coordinate
pair t 2 R, x 2 R®) to a signed distance valug 2 R).

We sample ve sequences of different levels of dif culty (four__Table 2:Temporal SDF.

from Deforming Things (Li et al., 2021a) and one from ReSynth Rl_fhkegf;ources CD#MSZSQ
(Ma et al., 2021) and convert the ground-truth meshes to SDE ! tmsk#
values. We supervise all methods by the MAPE loss followirijen-128_ . 246G ,&%9%9%;-‘23
Muller et al. (2022). To benchmark the methods, we extract a 10 8.79 16.61
esFields 25G 20.25 ’
sequence of meshes from the learned neural elds via maré&Re 20 8.43 15.48
ing cubes (Lorensen & Cline, 1987) and report L1 Chamfer dig- %0 18101419
tance (CB¥) and normal consistency (Ngw.r.t the ground-truth === ="-5 - == —=" 7790 13.00
meshes (scaled H0® and10? respectively). As a main baseline, gocricids 10 386 agad 771 12.24
we use the current state-of-the-art Siren network (ve layers) and 2 TeoH

compare it against Siren implemented with our ResField layers;
where residual eld layers are applied to three middle layers. We empirically observe that using
ResField on the rst and last layers has a marginal impact on the performance since weight matrices
are small and do not impose a bottleneck for modeling capacity.

Insights. Quantitative and qualitative results (Tab. 2, Fig. 1) demonstrate that ResFields consistently
improve the reconstruction quality, with the higher rank increasingly improving results. Importantly,
we observe that Siren with 128 neurons and ResFields (rank 40), performs better compared to the
vanilla Siren with 256 neurons, making our method over two times faster while requiring less GPU
memory due to using a much smaller MLP architecture. Alleviating this bottleneck is of utmost
importance for the reconstruction tasks that require solving inverse rendering by querying the neural
eld billions of times as we demonstrate in the next experiment.

4.3 TEMPORAL NEURAL RADIANCE FIELDS (NERF)

Temporal or Dynamic NeRF represents geometry and texture as a neural eld that models a function
of color and density. The model is trained by minimizing the pixel-wise error metric between the
images captured from known camera poses and ones rendered via the differentiable ray marcher
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