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ABSTRACT

We study macro motion analysis, where macro motion refers to the collection of
all visually observable motions in a dynamic scene. Traditional filtering-based
methods on motion analysis typically focus only on local and tiny motions, yet
fail to represent large motions or 3D scenes. Recent dynamic neural representa-
tions can faithfully represent motions using correspondences, but they cannot be
directly used for motion analysis. In this work, we propose Phase-based neural
polynomial Gabor fields (Phase-PGF), which learns to represent scene dynamics
with low-dimensional time-varying phases. We theoretically show that Phase-
PGF has several properties suitable for macro motion analysis. In our experi-
ments, we collect diverse 2D and 3D dynamic scenes and show that Phase-PGF
enables dynamic scene analysis and editing tasks including motion loop detection,
motion factorization, motion smoothing, and motion magnification. Project page:
https://chen-geng.com/phasepgf

1 INTRODUCTION

The physical world is dynamic and full of different motions: from waving trees to walking peo-
ple, motions are present in different spatial regions, have diverse magnitudes, and manifest various
frequency characteristics. We refer to the collection of all visually observable motions in a scene
as the macro motion. Factorizing and analyzing macro motions is essential in understanding and
interpreting the dynamic world. We argue that analyzing macro motions requires a dynamic scene
representation that bear three key properties: It should be able to represent macro motions faithfully;
it should enable decomposing macro motions in both spatial domain and frequency domain; and it
should allow representing 3D scenes.

While modeling motions have been a constant topic of interest in computer vision, graphics, and
machine learning, existing methods do not meet the three properties simultaneously. Traditional mo-
tion processing and magnification methods allow analyzing motions by filtering input videos in fre-
quency domain and editing the frequency components’ magnitudes (Wu et al., 2012) or phases (Wad-
hwa et al., 2013). However, they only focus on micro motions (i.e., local and tiny motions) and they
do not handle 3D scenes. Recent methods (Li et al., 2021; 2022a; Fridovich-Keil et al., 2023) exploit
neural radiance fields (Mildenhall et al., 2021) to represent dynamic 3D scenes using deformation
fields (Pumarola et al., 2021) or flow fields (Du et al., 2021). For example, D-NeRF (Pumarola
et al., 2021) defines a template neural radiance field in the canonical space and builds correspon-
dences between the observation space and the canonical space using a displacement field. Although
3D correspondences explicitly represent scene motions, they cannot be directly used for the motion
analysis due to the lack of modeling underlying motion components.

In this work, we propose the Phase-based neural polynomial Gabor fields (Phase-PGF) that simulta-
neously meets all the three key properties for macro motion analysis. In particular, Phase-PGF rep-
resents a dynamic scene as a composition of wavelet-based neural fields, and the wavelet basis are
modulated by a set of temporally-varying phases. Therefore, macro motions in dynamic scenes
are captured by the phases. We show that under appropriate assumptions, Phase-PGF has theoret-
ical properties that allow various macro motion analysis tasks, such as motion separation, motion
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smoothing, and motion intensity adjustment. We then instantiate Phase-PGF with a novel neural
architecture and a training scheme for higher-quality dynamic scene representation and editing.

In our experiments, we collect examples of both 2D videos and 3D dynamic scenes (represented
by multi-view videos). We show that Phase-PGF allows macro motion analysis on both 2D and
3D dynamic scenes, allowing several macro motion analysis applications including motion loop
detection, motion separation, motion smoothing, and motion magni�cation.

In summary, our contributions are threefold: Firstly, we propose and formulate the problem of macro
motion analysis. Secondly, we introduce Phase-based neural polynomial Gabor �elds (Phase-PGF)
for macro motion analysis. Lastly, our experiments show that Phase-PGF allows a series of dynamic
scene editing tasks on both 2D and 3D scenes.

2 RELATED WORK

Dynamic neural representations. Using neural representations (Mildenhall et al., 2021; Sitz-
mann et al., 2020) to represent dynamic signals has emerged as a popular research topic in re-
cent years. It has been widely used in representing 4D (3D space and 1D time) dynamic volumet-
ric videos with advantages including high-�delity rendering and low storage requirements. Some
methods build explicit correspondences between frames by extracting dense �ow or deformation
(Pumarola et al., 2021; Du et al., 2021; Li et al., 2021; 2023b; Park et al., 2021a;b). However, such
representation for motion is dense and is hard to analyze. Other approaches use inductive bias on
scenes to assist the reconstruction of dynamic scenes(Peng et al., 2021; 2023; Weng et al., 2022),
yet cannot be applied to general dynamic scenes. Recently some approaches propose to use hybrid
representations (Fridovich-Keil et al., 2023; Shao et al., 2023) to implicitly represent dynamic 3D
scenes, lacking interpretability on motion information. Beyond 3D dynamic scenes, there are also
works focusing on using neural representations for 2D videos(Li et al., 2022b; Chen et al., 2021;
Zhang et al., 2021b; Rho et al., 2022). However, most of them use implicit motion representation
which cannot be easily analyzed or edited.

Motion analysis and editing. Motion analysis and editing in dynamic content is an important task
in computer vision. Phase information is widely used in the �eld of motion analysis (Gautama &
Van Hulle, 2002; Meyer et al., 2018; Mai & Liu, 2022). For motion editing, early work solves this
problem with a Lagrangian perspective(Liu et al., 2005), yet renders artifacts with large motions. Wu
et al. (2012) proposes to understand this task with an Eulerian perspective and Wadhwa et al. (2013)
further proposes a phase-based method to perform motion magni�cation. Some other works (Davis
et al., 2015b;a; Davis, 2016) use physical modal analysis to manipulate local motions. Despite being
successful for tiny motions, they cannot make good editing on large and macro motions studied in
this paper.

Interpretable and editable neural scene representations. With the development of neural rep-
resentations (Mildenhall et al., 2021; Sitzmann et al., 2020), the interpretability of such methods has
become an important research area. Several works on this topic focus on the frequency domain or the
coarse-to-�ne decomposition of the input signal (Lindell et al., 2022; Yang et al., 2022; Martel et al.,
2021). Other works target at spatial decomposition of the input content (Shuai et al., 2022; Zhang
et al., 2021a; Lu et al., 2020), allowing modifying the scene contents at an instance level. These prior
works primarily solve static scenes, yet our work focuses on dynamic content. Moreover, our work
focuses on the interpretability from the macro motion perspective of the representation, differing
from prior works.

Concurrent works. Recently there have been some concurrent works on tiny motion analysis and
editing. Feng et al. (2023) proposes a method to magnify local and tiny 3D motion, yet their method
has challenges in manipulatingmacro motiondiscussed in this work. Li et al. (2023a) gives an
approach to manipulate local motion, but their focus is also tiny motions.

3 APPROACH

In this section, we �rst formulate the problem of macro motion analysis. Then, we show an ab-
stract formulation and theoretical properties of the proposed Phase-based neural polynomial Gabor
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�elds (Phase-PGF). Next, we introduce how we instantiate the formulation with neural networks to
represent 2-D and 3-D dynamic signals. Finally, we present a training scheme for our approach.

3.1 MACRO MOTION ANALYSIS

We de�ne the macro motion as follows:

De�nition 3.1 (Macro Motion). We assume a dynamic scene can be decomposed intok components
f s1; s2; � � � ; sk g, each with rigid motiony i (t). The dynamic scene is represented using the following
implicit function:

s(x; t) =
kX

i

si (x + y i (t)) = s1(x + y1(t)) + s2(x + y2(t)) + � � � + sk (x + y k (t)) ; (1)

where we assumesi (x) is differentiable and non-constant over its domain. The macro motion is
de�ned asY = f y1(t); y2(t); � � � ; y k (t)g.

Note that this de�nition does not imply that acognitive objectis only represented using onlyone
componentsi . Rather, an object can be represented using several components with several rigid
motions, making it possible to model complex scenes without loss of generality.

We are interested in analyzing macro motion. Speci�cally, we aim to �nd a low-dimensional repre-
sentation that representsY and can be factorized in both the spatial domain and frequency domain.

3.2 PHASE-PGF: PHASE-BASED NEURAL POLYNOMIAL GABOR FIELDS

We propose Phase-based neural polynomial Gabor �elds (Phase-PGF). In particular, to inherently
allow factorization of the represented signals in both spatial and frequency domains, we adopt poly-
nomial neural �elds (Yang et al., 2022) with Gabor basis functions (Feichtinger & Strohmer, 2012)
as the basic building block. To represent motions in a low-dimensional space, we leverage the phases
of the Gabor basis functions. The formal de�nition is given by:

De�nition 3.2 (Phase-PGF). LetB = f g1; g2; � � � ; gm g to be a shift-orthogonal1 set of Gabor func-
tionsgi (x ; 
 i ; � i ; ! i ; � i ) = exp( � 
 i

2 jj x � � i jj2) sin(! i x + � i ). LetH = f h1(t); h2(t); � � � ; hm (t)g
be a set of phase functions wherehi (t) : R1 ! R1. A Phase-based neural polynomial Gabor �elds
(Phase-PGF) is a neural networkf (x ; t) = pL � pL � 1 � � � � � p1 � 	( x ; t), where8i , pi are �nite de-
gree multivariate polynomials, and	( x ; t) = f g1(x + h1(t)) ; g2(x + h2(t)) ; � � � ; gm (x + hm (t))g
is m-dimensional feature encoding using basisB and phase functionsH.

Intuitively, the time-varying phase information allows our model to represent the macro motions
using a low-dimensional vector. Therefore, the macro motions can be analyzed and manipulated by
controlling the phase information.

We then theoretically discover the properties of the proposed representation. First, we show that the
phases can be used to analyze the periodic components of the macro motion in the scene.

Theorem 3.1(Periodicity Correlation). For a Phase-PGF with phase functionsH already trained
to represent a dynamic scenes(x; t), if there existsT > 0 such that some motiony i (t + T) = y i (t),
then9hj 2 H ; hj (t + T) = hj (t).

We include the proofs of all theorems in appendix A. This theorem indicates that periodic motion
components can correspond to components of the phase information.

If a scene has complicated composed motions, e.g., a scene with multiple dynamic objects, Phase-
PGF allows unsupervisedly factorizing different motion components into different components in
the phases. Speci�cally, we have the following property:

Theorem 3.2(Motion Separation). Assume that a scene has several objects with motiony i (t) as-
sociated with each objecti . For each component, the implicit functions representing objecti lies in

1hgi (x + � ); gj (x + � )i = � ij , where� is the Kronecker delta function.
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Figure 1:Overview of Phase-PGF.A phase generator yields time-varying phases to modulate the
Gabor basis in Phase-PGF, which produces a latent feature �eld for volume rendering. Please refer
to the text in Sec. 3.3 for more descriptions.

the span ofBi . Then, a Phase-PGFf (x; t) can be decomposed into several Phase-PGFs:

f (x ; t) =
NX

i

f i (x ; t); (2)

wheref i (x ; t) is a Phase-PGF with basisBi .

This theorem indicates that it is possible to disentangle the scene macro motion based on the
phases. For example, if the macro motion can be separated into high-frequency components and
low-frequency components, or if the macro motion contains motion components present at different
spatial regions, then by �ltering out the desired phase components, we can manipulate the scene
motion in a factorized manner.

We have now shown that the extracted phase information from the Phase-PGF can be used to observe
the properties of the macro motion. We then show that this representation can be edited to manipulate
the scene motion.

Theorem 3.3(Motion Smoothing). Assume that the a dynamic scene is represented by a trained
Phase-PGF with phasesH. If we apply a low-pass �lter on somehj that corresponds to some
motiony i , then the motion would be smoother, i.e.,j d

dt y i (t)j is attenuated.

Intuitively, motion smoothing corresponds to attenuating high-frequency motion components. Be-
sides motion �ltering, it is also possible to perform the manipulation in the dimension of motion
intensity/magnitude:

Theorem 3.4 (Motion Intensity Adjustment). Assume that a scene component motion takes the
form y i (t) = eit and the scene is represented using a Phase-PGF with a phasehj (t) corresponds
to y i (t). If we multiply the phase by a coef�cientA, then the scene motion would be manipulated to
y i (t) = Aeit .

We include the proofs of all the theorems in appendix A.

3.3 INSTANTIATION OF PHASE-PGF

In the previous section, we have introduced the abstract de�nition of Phase-PGF and its properties.
In this section, we further illustrate how we empirically instantiate Phase-PGF to represent 2D and
3D dynamic scenes. We show an overview in Figure 1, where we have a phase generator (on
the left of Figure 5) that generates them time-varying phasesH = f h1(t); h2(t); � � � ; hm (t)g for
modulating the Gabor basisB = f g1; g2; � � � ; gm g. The Phase-PGFf (x; t) = pL � pL � 1 � � � � � p1 �
	( x ; t) generates a latent feature map and a neural latent decoder (detailed below) renders an image
from the feature map.
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