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Fig. 1. A selection of different animation tasks that can be realistically synthesized by learning their motion phase manifolds visualized in the center.

Learning the spatial-temporal structure of body movements is a fundamental
problem for character motion synthesis. In this work, we propose a novel
neural network architecture called the Periodic Autoencoder that can learn
periodic features from large unstructured motion datasets in an unsuper-
vised manner. The character movements are decomposed into multiple latent
channels that capture the non-linear periodicity of different body segments
while progressing forward in time. Our method extracts a multi-dimensional
phase space from full-body motion data, which effectively clusters anima-
tions and produces a manifold in which computed feature distances provide a
better similarity measure than in the original motion space to achieve better
temporal and spatial alignment. We demonstrate that the learned periodic
embedding can significantly help to improve neural motion synthesis in
a number of tasks, including diverse locomotion skills, style-based move-
ments, dance motion synthesis from music, synthesis of dribbling motions
in football, and motion query for matching poses within large animation
databases.

CCS Concepts: « Computing methodologies — Motion capture; Neural
networks.

Additional Key Words and Phrases: neural networks, human motion, char-
acter animation, character control, character interactions, deep learning

ACM Reference Format:

Sebastian Starke, Ian Mason, and Taku Komura. 2022. DeepPhase: Periodic
Autoencoders for Learning Motion Phase Manifolds. ACM Trans. Graph. 41,
4, Article 1 (July 2022), 13 pages. https://doi.org/10.1145/3528223.XXXXXXX

Authors’ addresses: Sebastian Starke, Electronic Arts, sstarke@ea.com, The University
of Edinburgh, sebastian.starke@ed.ac.uk; Ian Mason, The University of Edinburgh,
51639786@sms.ed.ac.uk; Taku Komura, taku@cs.hku.hk, The University of Hong Kong.

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).

© 2020 Copyright held by the owner/author(s).

0730-0301/2022/7-ART1

https://doi.org/10.1145/3528223. XXXXXXX

1 INTRODUCTION

Learning the spatial-temporal structure of the motion space allows
for the interpolation of motion data and the production of realistic
transitions within and between different types of motions. A signif-
icant amount of work has been introduced in the area of computer
animation and machine learning for modeling the motion space for
various tasks in motion prediction, synthesis and control. The mo-
tion space is a field where each sample in the space is collected from
motion capture data. Methods to learn continuous spaces have been
proposed, though they often suffer from smoothed-out motions and
poor responsiveness.

The difficulty of learning the structure of the motion space lies
in the sparsity of the data and the highly nonlinear structure of
the space. Indeed, motion capture data are fundamentally sparse.
Although parts of the data, where the subject is conducting a single
type of locomotion such as walking or running, are dense, tran-
sitions between different types of motions are very limited. This
makes modelling the interpolations or transitions between different
motion types difficult. When updating the state of the character, by
interpolating the samples in the neighborhood, the system tends
to sample states forwards and backwards in time causing the char-
acter to stagnate. Alternatively, transitioning to states that are far
away can cause the updates to diverge to spaces where there are no
samples. This means that data-driven models that generate motions
for character control tasks may produce over-smoothed or erratic
movements as the similarity in the motion space does not generally
represent their similarity in time.

To cope with this issue, we focus on the local periodicity of char-
acter motion both in time and in space. This is one of the key char-
acteristics required for producing a smooth and continuous motion
space. As a result, it is beneficial to consider such periodicity for
modelling the motion space for motion synthesis, prediction and
analysis. More specifically, cyclic motions such as walking or run-
ning are periodic, but motions such as grasping, punching, sitting
and jumping or transitions between walking and running can also
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be considered (temporally) locally periodic, assuming that they are
temporal slices of periodic motions or transitions between peri-
odic motions. Beyond that, full-body movements can happen as a
composition of multiple (spatially) local periodic movements. For
human/quadruped motion, it is often the case that the motion is not
driven by a single phase signal but by a combination of multiple
local phase signals, such as when waving the hand or manipulating
objects while walking, wagging the tail while running, or dancing a
complex choreography where arms, legs or even hips and head may
be moving at different timing and frequency. Such local periodic-
ity allows us to build a general motion manifold structure whose
parameters are composed of phase, frequency, offset and amplitude.

In this work, we propose a novel neural network architecture
called the Periodic Autoencoder that can learn periodic features from
large unstructured motion datasets in an unsupervised manner. Neu-
rologists and neuroscientists believe that the interaction between
the musculoskeletal system, environmental stimuli and central pat-
tern generator neural circuitry (that produces periodic pulse signals)
together generate signals for locally periodic locomotion [Dimitri-
jevic et al. 1998; Yuste et al. 2005]. Inspired by this, the character
movements are decomposed into multiple latent channels that cap-
ture the non-linear periodicity of different body segments during
synchronous, asynchronous and transition movements while pro-
gressing forward in time. Our method extracts a multi-dimensional
phase space from full-body motion data, which effectively clusters
animations and produces a manifold in which computed feature
distances provide a better similarity measure than in the original
motion space which helps achieve better temporal and spatial align-
ment. This feature space is more compact than the original motion
data and a future pose can be sampled from the past pose by time-
frequency increments. During training, each latent phase channel
becomes tuned for different local movements and essentially acts
as a band-pass filter for different ranges of learned frequency and
amplitude values.

We demonstrate that the learned periodic embedding can sig-
nificantly enhance data-driven character animation for a number
of tasks, including diverse locomotion skills, stylized movements,
dance motion synthesis from music, synthesis of dribbling motion
in football (see Fig. 1). We show benefits of using our learned phase
manifold when generating such motions with neural character con-
trollers, as well as when applied to motion query tasks for matching
poses within large animation databases in order to scale with the
growing amounts of motion data available.

The key contributions of this paper can be summarized as follows:

A novel neural network architecture, called the Periodic Au-
toencoder, that transforms unstructured character movements
into a periodic manifold that effectively represents the align-
ment of full-body motion in space and time.

A demonstration of applying the learned feature space for
various tasks in character animation, including real-time syn-
thesis of biped/quadruped locomotion, stylistic movements,
dance motion from music, football dribbling, as well as effec-
tive motion query in motion matching.

An evaluation of the learned phase space in comparison with
existing state-of-the-art animation systems.
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2 RELATED WORK

We first review classic works on learning from motion capture data
for animation purposes. We then review works that use neural
networks and large motion capture datasets to learn how to model
motion and relate these approaches with the one herein. Finally
we review works that focus on learning motions in the frequency
domain.

Learning from Motion Capture Data. Classic methods to learn
from motion capture data align the motions along the timeline and
interpolate them with linear interpolation [Wiley and Hahn 1997],
radial basis functions [Rose et al. 1998; Rose III et al. 2001] and
Gaussian processes [Mukai and Kuriyama 2005]. As interpolating
all motions could be computationally expensive, samples found by
nearest neighbor search [Kovar and Gleicher 2004] are often used.
When interpolating motions, aligning the movements along the
timeline is needed to produce a motion that follows the constraints
given by the user.

Another type of motion that may be learned from motion capture
data is the transition from one class of motion to another, such as
from idle to walk/run, walk to sit, etc. For this purpose, similarities
between poses are computed by comparing the state vectors either
based on joint angles/angular velocities or joint positions/velocities.
Motion graph approaches [Arikan and Forsyth 2002; Kovar et al.
2008; Lee et al. 2002] construct a graph structure of movements
based on such distance metrics. In these methods, the synthesized
motions are only a series of play-backs of the original motion cap-
ture data and no novel motions are synthesized. For achieving both
good interpolation and good transitions, methods to enhance motion
graph methods by interpolating motions of the same class/transition
have been proposed [Heck and Gleicher 2007; Min and Chai 2012;
Safonova and Hodgins 2007; Shin and Oh 2006]. These approaches
require a significant amount of data preprocessing, where the mo-
tions of the same type need to be aligned along the timeline, and in
most cases they require manual adjustments.

The discrete nature of graphs introduces disadvantages such as
slow responses to quick changes in user instructions or unexpected
disturbances, or difficulty starting from arbitrary states. Continuous
representations have been introduced to cope with such issues. Mo-
tion fields [Lee et al. 2010] searches for nearest neighbors after sam-
pling a pose in the high-dimensional vector field of human motion
and interpolates them to update the state. Reinforcement learning
is applied for constructing a controller that outputs the action that
follows the user control signal. Levine et al. [2012] construct a la-
tent space from the motion data, which reduces the dimensionality
for reinforcement learning. Cho et al. [2021] apply VQ-VAE [Oord
et al. 2017] to cluster the actions and states to reduce the cost of
reinforcement learning. Motion matching [Clavet 2016] follows the
idea of motion fields [Lee et al. 2010] but simply picks the nearest
neighbor clip that matches the current state and follows the user
instruction. This allows for more flexible transitions and improves
the responsiveness of the character. Lee et al. [2021b] train a student
policy using a dataset produced by motion matching to generate a
time-critical policy. The low dimensional features computed by our
method can be applied for motion matching and also potentially for
reinforcement learning.
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Fig. 2. Network architecture of the Periodic Autoencoder for extracting multi-dimensional phase manifolds from unstructured motion data.

Motion Synthesis by Neural NetworRsiecent branch of machine computing the phase labels. Mason et al [2022] use a PCA heuristic
learning methods for motion synthesis are those that make use of to compute the local phase of cyclic arm movements during locomo-
neural networks. Compared to classic machine learning techniques tion, although a di erent heuristic would be needed for arbitrary
these methods are better able to scale with increasing data quantities. movements. Instead, in this research, we propose an architecture to
Techniques based on temporal convolution [Holden e24116, 2015], learn multi-dimensional phase variables from arbitrary unstructured
recurrent models [Harvey et aR020; Lee et a018], feedforward motion capture data.
networks [Holden et al2017; Starke et 22019, 2020], generative Another topic that is actively being researched is physically-based
models [Henter et al2020; Li et al2021; Ling et aR020; Valle-Pérez motion tracking [Bergamin et al2019; Fussell et £2021; Lee et al
etal 2021] and deep reinforcement learning [Cho et2021; Lee et al 2021a; Luo et aR020; Merel et aR020; Park et aR019; Peng et al
2021a; Peng et.&018, 2016, 2017] have all been developed. However, 2018, 2016, 2017; Won et 2020]. These methods provide solu-
in general the di culty of neural motion synthesis remains in the tions for tracking kinematic motion capture data by computing the
ambiguity of the future and the alignment of the motion along  torques that produce motions similar to the kinematic reference mo-
the timeline. Without overcoming these problems, the synthesized tion. A small set of kinematic motions can produce a wide variation
motion tends to appear smoothed out and blurry. For reducing of movements due to physics constraints, such as when maintaining
the ambiguity in future, methods to provide descriptive control  balance whilst being perturbed by external forces. It is known that
signals [Harvey et al2020; Holden et aRP016; Lee et aR018] or phase inputs are also e ective for such a setup [Peng eéall8].

generative models have been e ective [Henter et2020; Li et al GAN models to synthesize motions in the physical domain are also
2021; Valle-Pérez et.&021]. Our paper focuses on the problem of proposed [Ho and Ermon 2016; Peng et2021], though they may
alignment of the motion along the timeline. su er from domain collapse, which inhibits them from being applied

One of the streams of methods designed to improve the alignment for a wide range of movements. Our objective is to cover a wide
of movements along the timeline involves providing phase variables range of the motion space using the motion model itself rather than
that describe the progression of the motion. Phase-functioned Neu- relying on physics. The techniques developed in this research can
ral Networks (PFNN) [Holden et a2017] condition the network also be applied for synthesizing reference motions for physics-based
weights on a phase variable de ned based on foot-ground contacts tracking.
in bipedal locomotion. This factorization aligns every frame of the
motion in the dataset and allows smooth transitioning between
arbitrary frames in di erent types of locomotion. Starke et al. [2019]
extend this concept to other classes of motions such as carrying
objects, sitting on chairs and opening a door. As providing a global
phase label for complex motions that involve multiple contacts,
such as dribbling a ball, is di cult, Starke et al. [2020] propose to
provide the local phase for each limb. On the other hand, such an
approach is only applicable for movements that involve contacts,
many motions such as dancing or walking in di erent styles do not

Motion Synthesis in the Frequency DomEinally, we review
methods that represent motions in the frequency domain, as we
also predict spectral parameters of the motion. Frequency domain
approaches have been proposed for motion synthesis [Liu et al
1994], editing [Bruderlin and Williams 1995], stylization [Unuma
et al 1995; Yumer and Mitra 2016] and compression [Beaudoin
et al 2007]. These methods mostly apply edits to each degree of
freedom, and do not compute features that represent the correlation
of di erent parts of the body. Our idea in this research is to construct

contain contacts for the hands, and how to de ne phases for such 4 latent space using an encoder and then applying a irequency

movements has been an issue. Another challenge with phases baseddoma'n conversion as an inductive bias. By applying our approach,
. ; ) we can extract periodic latent parameters that represent the full-
on contacts is that they require careful tuning of thresholds for

body motion.
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3 PERIODIC AUTOENCODER

In this section, we describe the structure of the Periodic Autoencoder
that computes periodic latent vectors from the original motion data,
which form the phase manifold. We rst describe the structure of
the network, then the phase manifold formed by the network and
nally the training process of the network.

3.1 Network Structure

To transform the motion space into a learned phase manifold, we
utilize a temporal convolutional autoencoder architecture structure
similar to Holden et al[2015]. However, as well as training the
model to reconstruct input, we additionally enforce each channel
of the latent space to be in the form of a periodic function, which
allows us to learn a phase variable for each latent channel from a
small set of parameters. Our network architecture is shown in Fig. 2.
The temporal data is divided into overlapping windows of length
with corresponding centered time window . 1

Given the input motion curves 2 R # where isthe degrees
of freedom of the body ané is the number of frames oK, we
train an encoderg, that usesl convolutions to learn a lower-
dimensional embedding of the motion,

L = 61X 1)

L2R" #, where" isthe number of latent channels, that is, the
number of desired phase channels to be extracted from the motion.
We enforce periodicity by parameterizing each latent curvelin

as a sinusoidal function, de ned by amplitud@), frequency ),

o set (B) and phase shift$) parameters. To computésFB 2 R’

we use a di erentiable real Fast Fourier Transform (FFT) layer. We
apply the FFT to each channel &fand create the zero-indexed
matrix of Fourier coe cientsc 2 C' -1, = b¥c, and then
apply element-wise operations to compute the per channel power
spectrump2R" -1

c= ) L @

where8is the channel index an®is the index for the frequency
bands. The corresponding parameters are then given by
p——— i
o 9 ps.§
o1
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wheref = 101s) 2¢)« """ o) © js a vector of frequencies. These
operations provide the shape parameters to construct thepe-
riodic functions within the time window, but do not yet include
the timing, that is, the phase shifts of the functions. To obtain this
timing parameter, we learn a separate fully-connected (FC) layer for
each latent curve that predicts only the signed phase sBit R" at

the central frame ofT via an intermediate two-dimensional vector:

IBeBO= Il = atan2B.eRO (4)

where8is the channel index.
From learned parametef§ A, B and S along with the known
time window T, it is possible to reconstruct a parameterized latent

1HNe collect# evenly spaced samples of data withij a centered time windbw=
2t % nmn
90, 90 99 90 TYUnBD whereG C G
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spacel® in form of multiple periodic functions that has the same
shape dimensionality as the original latent embedding using the
parameterization functiorb:

L=51T;AFBSP=A sintzc IFT . B (5

Finally, the network decodes the parameterized latent space using
1 deconvolutions in decoder,, to map back to the original input
motion curves:

y= 1for (6)

The network is trained using the reconstruction loss between the
original and predicted motion curves:

L = "( 1XeYO" (7)

This induces the network to learn the time alignment of poses across
di erent motion clips and assigns a changing phase to each new
frame of motion in a one-directional manner. To see why, consider
a window of motion centred at framé& extracted from some longer
motion clip and encoded to creafe The parameters\, F and B
constrain the shape of the periodic signals and the network has
to learn to position the curves correctly usin§ For a window of
motion centred at framéC, 1, extracted from the same motion clip,
we expect that any changes A, F and B will be very small (see
Fig. 3), sq needs to progress to keep the latent space aligned with
the motion since the same convolutional decoder is used. That is,
the model e ectively has to learn to predict 2D vectors rotating in a
clockwise direction to change the values of the periodic embedding
from which it needs to reconstruct the input curves.

Another possibility to construct the phase manifold is to learn the
periodic parameters directly by the network instead of using an FFT
layer: we experimented this but not only the phase parameters but
also the amplitude and frequency oscillate a lot along time, resulting
in a very noisy phase manifold. Learning the conversion of signals
into the frequency domain seems not easy, and using the FFT layer
signi cantly stabilizes the learning process.

Fig. 3. Learned parameters for phase, amplitude, frequency and o set for
a fixed window of motion during network training to reconstruct the input
motion, and from which the phase manifold can be constructed.
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