Neural Animation Layering for Synthesizing Martial Arts Movements

SEBASTIAN STARKE, Electronic Arts and The University of Edinburgh

YIWEI ZHAO, Electronic Arts
FABIO ZINNO, Electronic Arts

TAKU KOMURA, The University of Hong Kong and The University of Edinburgh

>
R

Fig. 1. A selection of results using our system to synthesize different character fighting movements and behaviors.

Interactively synthesizing novel combinations and variations of character
movements from different motion skills is a key problem in computer anima-
tion. In this paper, we propose a deep learning framework to produce a large
variety of martial arts movements in a controllable manner from raw motion
capture data. Our method imitates animation layering using neural networks
with the aim to overcome typical challenges when mixing, blending and
editing movements from unaligned motion sources. The framework can
synthesize novel movements from given reference motions and simple user
controls, and generate unseen sequences of locomotion, punching, kicking,
avoiding and combinations thereof, but also reconstruct signature motions
of different fighters, as well as close-character interactions such as clinching
and carrying by learning the spatial joint relationships. To achieve this goal,
we adopt a modular framework which is composed of the motion generator
and a set of different control modules. The motion generator functions as
a motion manifold that projects novel mixed/edited trajectories to natural
full-body motions, and synthesizes realistic transitions between different
motions. The control modules are task dependent and can be developed and
trained separately by engineers to include novel motion tasks, which greatly
reduces network iteration time when working with large-scale datasets. Our
modular framework provides a transparent control interface for animators
that allows modifying or combining movements after network training, and
enables iterative adding of control modules for different motion tasks and
behaviors. Our system can be used for offline and online motion generation
alike, and is relevant for real-time applications such as computer games.
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1 INTRODUCTION

Interactive applications rendering virtual characters in motion, like
video games, virtual reality and various kind of simulations, desire
an increasing volume of high quality and controllable animations.
Regardless of the source of these animations, motion captured or
keyframed, it is time-consuming and technically challenging to
explicitly cover the entirety of required movements in a scalable
and controllable fashion that is easy to use. Ideally, we would like to
synthesize new motion generalizing from examples using a compact
and efficient model that can adapt to unseen situations and novel
user inputs.

Recently, data-driven approaches [Holden et al. 2017; Starke et al.
2019, 2020; Zhang et al. 2018] have proven capable of learning such
models, but they come with some key challenges: First, end-to-
end systems concatenate control signals as features on top of the
animations in order to guide the character movements by the user.
However, since those features are often abstract, such as style labels
or simplified goal variables to cause an action, the prediction can
lead to averaging artifacts due to the inherent ambiguity in the
input signal. Particularly for martial arts movements, defining such
features to accurately cover all possible motion variations can be
very challenging. Second, selecting the right features to control the
movements is often task-specific, forcing retraining of the entire
system not only whenever the application space changes, but also
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until the appearance of learned movements becomes as desired.

This leads to increasingly long iteration times and can become
infeasible for very large datasets. Lastly, these methods typically do
not provide a transparent interface for animators which allows them
to intuitively control the motion generation process, which makes

it di cult to combine or modify such high-level control signals to
produce subtle variations in the generated character movements.
A more understandable mapping between control input and pose
output, both during training and inference, is desired.

atransparent control interface that allows editing movements
after network training, as well as adding further motion tasks
with less iteration time,

a collection of control modules to synthesize single-character
movements as well as multi-character close interactions, and
an evaluation of the framework for di erent applications in
producing martial arts movements in games.

2 RELATED WORK

In this paper, we aim to address such issues using a modular deep |, s section, we rst review classic motion editing methods as

learning framework capable of synthesizing ghting animations
from given reference motions into novel and unseen animation
sequences, combinations or variations thereof in a controllable man-
ner. As reference motion, we denote a set of body trajectories as
future control variables that the character shall follow during the
motion generation process.

First we train the motion generator, which is a neural network
that predicts the full body pose from a dense signal of key joint tra-
jectories. The motion generator can learn from unstructured motion
capture data within a compact network, and is able to successfully
reconstruct the large variety of attacking, defending or interaction
behaviors typical of martial arts in a task-agnostic fashion and with
high delity, even including stylistic signature movements of di er-
ent ghters. It also functions as a projector to the implicitly learned
motion manifold where the input trajectories are moderated to be
natural in case they are o the motion manifold.

We then utilize a set of independent control modules for di erent

well as motion synthesis approaches based on motion blending. We
next review methods to control the character using built models
and continue to deep learning approaches that can learn from large
motion capture datasets. Finally, we brie y review recent physics-
based approaches.

Editing Motion Capture Datddere we review motion editing
technigues based on layering, splicing and optimization. Motion
Layering is an approach to add o sets to the body parameters such
as the joint angles to edit the motion. Layering can be applied to
change the style of the motion [Dontcheva et. &003; Ikemoto
et al 2009; Seol et a2013; Witkin and Popovic 1995] and edit the
kinematics to avoid obstacles [Witkin and Popovic 1995]. Learned,
dynamic o sets can produce richer styles that cover a wider range
of motion [Ikemoto et al 2009; Seol et 22013]. Another method
to edit motion capture data is splicing, where the trajectories of
di erent parts of the body are transplanted between di erent motion

actions or behaviors from selected subsets of the motion data: Each data to synthesize novel motion [Heck et.&1006; Ikemoto et al

controller can be in the form of another neural network, an existing
motion sequence or any other suitable computational framework.
Furthermore, each of them allows for a unique and task-speci ¢
input, but always producing the future motion trajectories going
into a shared control interface. Those trajectories can then be edited,
mixed and layered intuitively by animators, with the e ect that once
these modi ed controls are given as reference motion to the motion
generator, a plausible novel animation will be generated.

With this research, we demonstrate our deep learning framework
helps overcoming the issues of traditional blending and layering
techniques common in games, which su er from artifacts that vio-
late physics and often break the character pose in unnatural con gu-
rations, without requiring changes in the work ows that animators
are used to. We further demonstrate that often careful control signal

design is not necessary to generate a large range of character move-

ments that can generalize to novel and unseen motions, but that
similar results can be achieved by directly utilizing existing motion

2009]. Optimization is another powerful approach for editing human
motion. Techniques to impose kinematic [Gleicher 1997, 1998] and
dynamic constraints [Liu et al2005; Liu and Popovi¢ 2002] have
been developed to synthesize plausible motions that follow the
instructions of the animator.

Although layering and splicing can be e ective techniques to
enrich the dataset, how much a simple rule of edits can extrapolate to
awide variation of motions is unknown: an approach to examine and
moderate the synthesized motion is needed. Similarly, optimization
can impose kinematic and physical plausibility, but the naturalness
of human motion cannot be evaluated only by simple joint angle
limits or physical laws. Our motion generator can project the invalid
motion to the natural motion manifold to convert motions generated
by layering, splicing and optimization.

Motion Synthesis by Interpolatioi.simple and widely used me-
thod to generate novel motion from examples is motion blend-

trajectories and a set of simple operators to combine or edit those ing [Rose et al1998; Wiley and Hahn 1997], a family of techniques
inside such frameworks. We show our system being able to synthe- aimed at interpolating multiple animations clips to synthesize new
size a large variety of character movements and actions, including motion [Huang and Kallmann 2010; Kovar and Gleicher 2003; Wiley

locomotion, punching, kicking, avoiding and character-interactions
in high quality while avoiding intensive manual labour when work-
ing with unstructured large-scale datasets. The contributions of this
paper can be summarized as follows:

a modular learning framework for animation layering that

enables synthesizing a large set of motion skills, combinations
as well as variations thereof from a motion generator,
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and Hahn 1997]. After aligning the motion along the timeline [Kovar
and Gleicher 2003], novel motions can be synthesized by comput-
ing the blending weights to satisfy spatial constraints [Huang and
Kallmann 2010; Rose Il et al. 2001].

Motion blending leads to data-driven motion synthesis approaches
thatlearn from a large set of motion capture data. Classic data-driven

approaches are mostly based on Gaussian processes (GP). Grochow

et al. [2004] learn a latent space by GPLVM and allow to control
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characters in the latent space to satisfy constraints given by the user.
Mukai and Kuriyama [2005] apply GP to learn locomotion and mo-
tion to carry objects. Min and Chai [2012] learn a generative model
for motion synthesis: functional PCA is used to learn within each
motion class and GP is used to learn transitions between motion
classes. GP su ers from scalability issues as its memory requirement
increases in the square order and its computation increases in the
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For online motion synthesis, time-series models that predict the
next pose from the previous pose have been developed. Fragkiadaki
et al. [2015] propose a generative LSTM model that avoids converg-
ing to an average pose by sampling from a distribution represented
by GMM in each frame. Li et al. [2017] apply teacher forcing to
avoid the LSTM converge to an average pose. Lee et al. [2018] apply
a four layer LSTM to learn locomotion and basketball motion.

cube order. Methods based on deep learning are developed to cope When animating human motion with time-series models, the sys-

with such a limitation. We review such approaches later in this
section.

Character ControlCharacter control is another fundamental prob-
lem in motion synthesis, for which a series of motion shall be pro-
duced that interactively follows the user-given instructions. One of
the classic ideas to achieve this task is to construct a graph structure
that represents the transitions between di erent motion clips and
plan motion based on graph search. Such graphs are either manually
crafted [Mizuguchi et al2001; Rose et.al998] or created automat-
ically [Kovar et al 2002]. These ideas are combined with motion
blending to synthesize a novel series of motions [Heck and Gleicher

2007; Min and Chai 2012; Safonova and Hodgins 2007; Shin and

Oh 2006]. Once the graph is constructed, the motion to follow the
instruction of the user is computed by short horizon optimization,
such as A* [Safonova and Hodgins 2007], MAP [Min and Chai 2012]
or Reinforcement Learning (RL) [Lee and Lee 2006].

The responsiveness of graph-based approaches is hindered by

the inherent coarse discreteness of the underlying data structure,
which allows transitions only at the end of a motion segment. Lee
et al. [2010b] propose instead to blend and concatenate individual
frames, by compiling the unstructured motion data into a high-
dimensional eld of character poses. To cope with the scalability
problem posed by the high-dimensionality, Levine et al. [2012] learn
a policy in a low dimensional latent space constructed by Gaussian
Process Latent Variable Model (GPLVMJotion matchindClavet
2016] takes inspiration from [Lee et.&2010b], but bypasses the
need to train an RL policy, by embedding the locomotion task (in
the form of past and future root trajectory) in the feature vector
used in a -NN query that nds what the most appropriate pose for
the next frame is. Embedding the task in the feature vector makes
it di cult to apply this framework to non-locomotion tasks.

Our controller is in the same direction aglotion matchingto
overcome the issue of control signal, we propose a hierarchical
setup, where the high-level controller can be designed according to
the task, while the low-level controller uses a general feature vector
that can be trained with the entire motion database.

Deep Learning Human MotioApproaches using deep supervised
learning are advantageous in terms of their scalability: methods for
o ine and online motion synthesis have been developed.

For o ine motion synthesis, Holden et al. [2016; 2015] learn a
motion manifold by temporal convolution: the learned manifold can
be applied for motion denoising, motion synthesis and stylization.
Aberman et al. [2020] propose an approach for motion style transfer
based on temporal convolution: the system learns from an unpaired
collection of motions with style labels, and enables transferring mo-
tion styles not observed during training. Harvey et al. [2020] propose
an LSTM-based model that learns how to interpolate keyframes.

tem must cope with the ambiguity problem: a simple inference by a
deep network can resultin an over-smoothed motion or convergence
to an averaged pose. A system which imposes more conditions, or a
generative framework is needed to resolve the ambiguity. Holden
et al. [2017] propose Phase-Functioned Neural Network (PFNN)
that conditions the outputs to the locomotion phase: the phase is
fed to a gating network that outputs the weights of the main net-
work. Zhang et al. [2018] use a similar structure but inputs the feet
velocity of quadrupeds to the gating network. Starke et al. [2019]
expand the task to interaction with objects and environment. Starke
et al. [2020] automatically extract local motion phase signals from
the main joints of the skeleton, enabling to cover asynchronous
motion, where a global phase signal would typically fail. Henter et
al. [2020] propose to solve the ambiguity issue by using a stochas-
tic generative model based on normalizing ow, called MoGlow:
while deterministic models naturally average outputs that map to
the same under-speci ed input, stochastic systems will present a
di erent, sharper response with every inference.

One drawback common to deep learning-based approaches is
the long training time necessary to train such models: this severely
hinders the acceptance into a development cycle of games that relies
on constant fast iterations. Holden et al. [2020] aims at removing this
point of friction, proposing a framework that can compile a tuned,
mature motion matching system into a compact, deep learning
based model. One drawback of this design choice is naturally the
incapacity to generalize to motion outside the training data. Ling
et al. [2020] also decouple control and motion synthesis, modelling
the motion manifold with a conditional VAE, and deferring control
to Reinforcement Learning, where the action space is the Gaussian
noise in input to the VAE. Inspired by such approaches, we also
propose a modularized framework that allows separate training of
the control modules and allows for generalization.

Physics-based Motion Syntheaisli erent approach to character
motion synthesis is to explicitly model the dynamics of motion with
physics, shifting the action space to that of joint torques [Coros et al
2010; De Lasa et.&1010; Hodgins et al995; Lee et aP010a; Yin
et al. 2007] or muscles [Geijtenbeek et aD13]. Recent work has
been tackling the problem of learning control policies for physically
based motion using Deep Reinforcement Learning, purely proce-
durally [Brockman et al2016; Heess et.&017; Jiang et a2019;
Lee et al2019; Yu et aR018], or with the aid of existing motion
data through imitation tasks [Bergamin et #2019; Park et aR019;
Peng et al2018, 2017; Won and Lee 2019], and many others. While
our model is fully kinematic, it can potentially be applied as target
movements of imitation-based methods.
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Fig. 2. Our deep learning framework imitates animation layering: It first learns the entire motion manifold from unstructured data from the character
motion trajectories in the motion generator, which is in the form of a mixture-of-experts network. Several control modules then generate the future motion
trajectories for di erent active behaviors. Those trajectories are then layered by additive, override or blending operations in the control interface, before given

to the motion generator to generate a novel full-pose pose. Given the current character state, the motion is predicted from one frame into the next.

3 SYSTEM OVERVIEW

Our deep learning framework is a time-series system that predicts
the character pose from one frame into the next in an autoregressive
fashion, where layering and motion progression is done at one step,
and aims to decouple the motion generation process from the control
process.

First, using a large motion capture data set of a human body
model that is composed of 24 body segments, we implicitly learn
the distribution of all unstructured motion capture data with the
motion generator network (see Fig. 2, 4th column), which is both
able to accurately reproduce the original animation and general-
ize to novel, unseen states. This network is trained to produce a
character pose that follows a subset of motion trajectories, with
the e ect of encoding the entire data into a compact network in a
task-agnostic manner. First, it projects unnatural trajectories to the
motion manifold, which has the e ect of Itering out unrealistic
poses, allowing for sketched user inputs. Second, it enables motion
interpolation for novel control inputs, such as when providing a
mixed or edited set of motion trajectories from layering operations.

After the motion generator is trained, di erent control modules
(see Fig. 2, 2nd column) can be independently created from di erent
subsets of the data to purposely drive the motion synthesis. These
can be in the form of neural networks, heuristic-based controllers,
existing reference motion clips, or user-driven editors, with one
shared property: each of them producing the future trajectories of
the key joints.

The future trajectories of the key joints are fed to a common con-
trol interface (see Fig. 2, 3rd column). This intermediate interface
provides a control scheme for artists to layer, blend and edit the
character movement as desired. Afterwards, when the new trajec-
tories are given to the motion generator network, a novel unseen
animation can be generated from the entire motion manifold. Since
the motion generator does not have to be retrained when adding
or changing the controllers, our framework reduces iteration times
during development and allows shifting the process of tuning the
motion generation from before-to-after network training.
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In the following, we will rst describe the motion generator net-
work in Section 4, next discuss a list of control modules that we
use to produce di erent motion behaviors in Section 5, and then
explain the control interface that connects those components to
interactively synthesize martial arts movements in Section 6.

4 MOTION GENERATOR

The motion generator uses a mixture-of-experts scheme similar
to [Starke et al2020; Zhang et aR018], and consists of a gating
network and a pose predictor network. The pose predictor net-
work is constructed by blending the weights of a xed number of
structurally identical networks, called experts, according to a set
of learned blending weights (see Section 7 for the details of the
architecture). It takes the trajectories of the key joints, which we
denote here asontrol seriego guide the motion, plus the pose data
of the current frame as the inputs, and outputs the character pose
for the next frame. The control serigSg is sampled within a time
window T 11'33 =13 and is de ned as follows:

Ce = fCga*""€gug = fTe-Mgas ""Mgusgr &
whereTgis the root joint trajectory in 2D space anbllg.g 1. .4 IS

a set of# = 11key joint trajectories in 3D space among the 24
body segments of the character, each covering a window of one
second in both past and future around frareThus, in our setup
the control series has = # , 1 channels in total to be mixed
or modi ed by layering operators. The key joints include the hip,
left/right upper/lower leg, left/right upper/lower arm, spine, and
head (see Fig. 2). The root trajectdfyde nes the horizontal path of
trajectory positionsTf3 1 2 R?T  trajectory directionsTg ; 2 R?T,
trajectory veIocitiesT8E 1 2 R?T, integrated lengthdy 2RT and
integrated angle§'g 1’ 2 RT. The motion trajectoriés are a series
of 3D transformations ang velocity for each &f = 11key joints,
represented by positiom/lg 109 2 R3T, forward and up direction

M5 1.2 R8T and velocityME 1.2 R®T.



Neural Animation Layering for Synthesizing Martial Arts Movements’

The gating network takes in inputg 2 RT# , which are the
velocity magnitudes of the future joint trajectories in the window
TOéB = 7, and outputs the blending weights that dictate the in-
uence of each expert. The motivation to choose the gating input
like this is with the aim to segment the motion based on the low
and high-frequency joint movements, such that the network can
cover a wide range of motion data well. See Section 9.9 on how the
gating structure helps segmenting the movements via blending the
network weights.

Structurally, the motion generatoM maps the current pose at
frame8and control series of fram8, 1to the body pose and nger
transformations, and contact states between the end e ectors and
the ground at frame3, 1:

Mt Cg 1°P !t Pg1°Fg 1°Cg 1° R (2
wherePg = fpgergevagis the pose at fram&composed of the joint
positionspg de ned in the root of the body, joint rotationgg rep-
resented in the form of two co-orthogonal axes of each body seg-
ments [Zhang et al2018], and the joint velocitiegg also de ned in
the root coordinates of the bodyg are additionally reconstructed

nger transformations, similarly consisting of position, rotation and
velocity pairs,cg are binary contact switches for the end e ectors
of feet and hands, andRg s the root update containing a 2D o set
vector in the horizontal XZ-plane and a 1D rotation angle around
the Y-axis. Predicting the nger transformations can be used for
producing tight sts when punching, open hands during locomo-
tion, or for grasping poses when holding the opponent. The contact
switches are later used to correct the end e ector positions when
they are supporting the body.

In e ect, the motion generator can be trained on very large-scale
datasets covering di erent motion skills and behaviors, without re-
quiring manual supervision. The joint trajectories practically show
to mitigate ambiguity in the input, e ectively compressing several
gigabytes of motion captured data into a model that can both repro-
duce very speci ¢ motion and synthesize animations that are not
present in the training data (see Section 9.7 and 9.8). After training
the network, editing, blending as well as layering joint trajectories
as control to the motion generator, instead of carrying similar op-
eration directly on the animation data, demonstrates signi cant
advantages: since the motion generator essentially learns the mani-
fold of plausible motion from the training data, it acts as a projection
operator on said manifold, avoiding unrealistic poses and jerkiness
in the motion, and generalizes to novel movements and transitions
between them by following the given reference trajectories.

5 CONTROL MODULES

The purpose of the control modules in the proposed framework is
to represent a speci ¢ behavidB that outputs future control tra-
jectories to be followed by the character. As mentioned in previous
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Fig. 3. The redirected control learns the motion of one character in the
redirected root space of the other to align movements in runtime of di erent
configuration than during training.

interface of returning a set of future motion trajectories as reference
to be followed by the motion generator. Structurally, the function
for the control modules can be formulated as

B.1ol G5y 1217 ®3)

where each controlleB. 1 ° for behavior: maps its input to a
future control serief8 , of the next frame. Their combination by

di erent layering techniques is performed by the control interface

as discussed in Section 6. We now describe the purpose of each
behavior controller, whereas the detailed speci cations about their
inputs and outputs can be found in the appendix Section A.

Idling. In order to produce idling animations when the character
is standing still, we take a small set of reference motions extracted
from existing animation clips that are characteristic for each ghter,
and extract their key joint trajectories and use them as the con-
trol series. Furthermore, such idle motions can be modi ed into
variations via additive layering using an o set vector (see Fig. 10,
middle row). We nd this simple setup easy to use; we can also ran-
domly switch between di erent reference clips and obtain smooth
transitions between them.

LocomotionLocomotion is generated by training another neural
network similar to the work in [Starke et al2020] by using local
phase variables (one for each foot). However, instead of directly
producing the output pose, we predict the future control series of
the locomotion that will be combined with other behaviors in the
control interface. With that we can synthesize unseen combinations
of locomotion with actions like blocking and punching movements.

Attacking and Targetingror attacking, there are two aspects that
we need to consider: one is to edit the motion with layering and the
other is to enable the attacker to face the opponent and land the
attacks on the opponent's body even when the opponent is dynami-
cally moving. Layering the attacking motion is done in a fashion
similar to the idle behavior, by selecting a short reference sequence
from the data: this way, we provide animators with intuitive control

sections, any scheme that adheres to this common interface can be over the initial appearance of a ghting skill. Afterwards, we can

used: control modules can be in form of neural networks, physics-
based simulations, motion matching, animation clips or user-driven
tools that enable editing the trajectories themselves directly. Our
framework makes it easy to swap or even combine higher-level con-
trol modules to focus on di erent tasks, where each control module

can de ne its very own inputs if necessary, but adheres to the same

combine and modify di erent attacking behaviors using our control
interface to synthesize double-punches and natural kick-and-punch
sequences of di erent timings which are notincluded in the original
training data.

For targeting an opponent, we use a dataset of two ghters facing
and ghting with each other to train aRedirected Controbntrol
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