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ABSTRACT

CONSTRUCTING GOOD QUALITY MOTION GRAPHS FOR REALISTIC
HUMAN ANIMATION

Liming Zhao

Supervisors: Alla Safonova and Norman |. Badler

Human animation has become an integral part of a diverse raagpf media, such
as computer games, movie special e ects and virtual trainghapplications. Motion

graphs built from motion capture data have emerged as a verygmising technique
for automatic synthesis of natural human motion. They use araple graph structure

to embed multiple behaviors and are well-suited for both imtractive control and o -

line motion synthesis. In this thesis, we address two fundamntal problems with

motion graphs to make them more accessible to a wide range ofimation users.

This thesis work especially bene ts novice animation usemsho desire simple and
fully automatic motion synthesis tools, such as motion grdpbased techniques.

First, achieving both good connectivity and smooth transibns in motion graphs
is a di cult task. Good connectivity requires transitions between less similar poses,
while good motion quality results only from transitions betveen very similar poses.
Our Well-Connected Motion Graph addresses this problem bytroducing interpo-
lation between the user-provided motion data and minimizig the number of inter-
polated poses present in the graph while preserving the glaguality.

Second, manually selecting a subset of motions from a largeotion capture
database to create a good quality motion graph is an arduous@ often imperfect
process. On one hand, we want this subset to be of the smallpsissible size for fast
motion search, and on the other hand, the subset needs to caim enough motion
data to satisfy user requirements and to generate good quglimotions. We cast

the motion selection problem as a search for a minimum sizebsgraph from a large
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motion graph built from the large motion capture database. Wile this problem is
NP-hard, our e cient Iterative Sub-graph Algorithm provid es a good approximation

to the optimal solution and scales to large motion capture dabases.
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Chapter 1

Introduction

Realistic human animation has been an integral part of a divee range of media
such as feature Ims, movie special e ects, computer gamesc virtual training
and simulation systems. However, developing intuitive tde for both professional
animators and novice animation users such as children, schdeachers and small
companies to easily and quickly create realistic human anations remains a di cult

task.

On one hand, the realism of human animation is di cult to acheve. The human
body is a complicated structure (on average 206 bones) andshthe capability of
performing motions ranging from subtle actions like a sighotdynamic actions like
a kick. In addition, humans are experts in detecting any unrtaralness in human
motion because they have been observers of human motionsaihghout their lives.
On the other hand, the animation tools must be easy to use andlly automatic in

generating human animations according to some easy-to-sgg user requirements.

Motion capture systems can accurately record the motion dails from a live
performer. Nowadays, more and more motion capture data is ¢@ming freely
available to the public, for example, the CMU MoCap databasand the HDMO05

database [1, 37]. These motion capture databases have theégntial to enable novice
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Figure 1.1: A standard motion graph from two motion capture lips. Vertices are

poses from the motion capture data and edges are transitiohstween similar poses.
Black edges are from the original motion capture and gray edg are additional edges
found between similar poses.

animation users to quickly synthesize realistic human main for their animation ap-
plications. In particular, motion graphs have emerged as ar@mising technique for
the automatic synthesis of natural human motion [6, 24, 29,3}. In brief, a motion
graph is constructed by representing each pose from the mmti capture data as
a unique vertex and adding edges between \similar" poses (tiees) (Figure 1.1).
These additional edges bring in transitions which are new tthe motion capture
data. Once the graph is constructed, the desired motion is igerated by searching
the graph for a path - an ordered sequence of poses connectgdhe edges in the

graph - that satis es the high-level description of the motn provided by a user.

In industry, move trees use pre-planned graph structures tprovide accurate
control over motion quality and transition time for game degners. However, the
extensive amount of manpower and resource that are requiréa put together move
trees are not easily accessible to the general public. Matigraphs provides an simple
and automatic approach to motion synthesis using motion céyre data, and appeals
to a wide range of animation users, in particular, the novicesers. However, two
fundamental problems prevent motion graphs from being astly used in practice.
First, the quality of the motion generated by a motion graph épends largely on
the connectivity of the motion graph and the quality of transtions allowed by the

motion graph. Achieving both criteria simultaneously is dcult. Good connectivity

2



requires transitions between less similar poses from diemnt behaviors, while good
motion quality results only from transitions between very gnilar poses from similar
behaviors. Second, it is extremely dicult to manually selet a good subset of
motions from a large motion capture database in order to cotmgct a good quality
motion graph. On one hand, we want this subset to be of the snheét possible size to
allow for small graph size and fast search for desired mot®nOn the other hand, the
subset needs to contain large enough motion data to have goqugality transitions
and to satisfy user requirements. In this thesis we propose&d approaches to address
the two fundamental problems with motion graphs. In the nextthree sections we

outline our approaches and discuss the connection betwedrem.

1.1 Well-Connected Motion Graphs

A number of papers [15, 44, 47] that use motion graphs for newotion synthesis
note that the results depend largely on the quality of the gnah. To synthesize good
motions, motion graphs require both smooth transitions angood connectivity. A
transition is smooth if it does not introduce visual disconhuity to the motion.
Visual discontinuity often comes from transitions betweeframes with very di erent
postures or very di erent motion dynamics. Connectivity isa measure of how quickly
one can transition from a pose in one behavior to a pose in ahet behavior. Good
connectivity is important for both interactive control applications where the quick
transitions allow real-time user control, and for o -line notion synthesis where quick
transitions allow the solution animation to accurately ande ciently follow a user
sketch without su ering from long intermediate motion segrents.

Unfortunately, achieving both good connectivity and smodt transitions at the
same time is very dicult. Good connectivity relies on quick transitions between
less similar poses from di erent behaviors. On the other hah smooth transitions

only occur between very similar poses. Reitsma and Pollard4] did an extensive
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Walk Run Jump Walk Duck

Figure 1.2: Using the Well-Connected Motion Graph to synthgze a smooth motion
consisting of 4 di erent behaviors (walking, running, jumpng and ducking behav-
iors). Poses shown in blue belong to the original data set. &es in red are in-
terpolated poses introduced during the construction of th&Vell-Connected Motion
Graph.

evaluation of motion graphs for character animation and deanstrated that motion
graphs have poor responsiveness to user control. Their syucbn rms that achieving
both good connectivity and smooth transitions is a dicult task. For example,
changing from a running motion to an ducking motion in their notion graph took an
average of 3.6 seconds. In industry, hand-constructed mavees are often used [13].
They have better connectivity, but require an extensive ammt of manpower and

specially trained talents.

In this thesis, we present an algorithm that automatically onstructs an unstruc-
tured motion graph with very smooth transitions and much beer connectivity than
o ered by standard motion graphs (Figure 1.2). We call this gaph a Well-Connected
Motion Graph. To illustrate the main idea, consider two walking motions vth di er-
ent step lengths,M 1 and M 2 (Figure 1.3). They consist of poses which are similar,
but not similar enough to create smooth transitions. If we awstruct a motion graph

from M; and M, directly, there will be no transitions between them. On the ther
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Large
Steps

Small
Steps

Figure 1.3: Poses from a walk with a large step length (abovend poses from a
walk with a small step length (below). There exists similar pses, but they are not
similar enough to create smooth transitions.

hand, a set of motions computed by interpolatindy; and M, with di erent interpo-
lation weights contain many more similar poses. These posafow for smooth and
quick transitions betweenM; and M, (Figure 1.4).

Our algorithm rst computes a set ofinterpolated poses that are interpolations of
the original poses from the motion data. In particular, the &gorithm computes a set
of plausible new motions via a time-warped, center-of-masdigned interpolation of
motion segments that share the same contact con guration. liese new motions can
then be used as the basis for creating a motion graph, the Weélbonnected Motion
Graph, that achieves both good connectivity and smooth tragitions. In creating the
Well-Connected Motion Graph, the algorithm uses only a sules of the newly created
interpolated poses. The choice of this subset a ects the gligt and the size of the
motion graph. Our algorithm selects this subset in such a wags to: (a) guarantee
the physical correctness of the transitions in the motion @iph; (b) grow the overall
graph size as little as possible while maintaining the besbonectivity among the

original poses. Moreover, the user can pick an upper boundon the amount by
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Figure 1.4: Using the Well-Connected Motion Graph to synthgze smooth transi-
tions from a walk with small step length to a walk with large seép length. Poses
shown in blue belong to the original data set. Poses in red angterpolated poses
introduced during the construction of the Well-Connected Mtion Graph.

which the connectivity is sacri ced to trade for further decease in graph size. The
resulting Well-Connected Motion Graph uses exactly the saenrepresentation as a
standard motion graph, a well studied data-structure with avariety of applicable
motion synthesis algorithms.

Experimental results show that the Well-Connected Motion Gaph achieves much
better connectivity and generates much smoother motions #im standard motion
graphs. These results are based on visual analysis as welltlas comparison of
several metrics, some of which were previously proposed er researchers. In
addition, the motions generated from the Well-Connected Mmmn Graph require
no post-processing, a tedious and often imperfect task ofrmeving visual artifacts
such as foot sliding. Finally, the evaluation of the Well-Conected Motion Graph in
an interactive character control scenario demonstrates tier responsiveness to user

control and better visual quality of generated motions tharstandard motion graphs.

1.2 Automatic Motion Selection

Nowadays, large databases of human motion are becoming fyesvailable and their
sizes are growing at a fast rate. We believe that as motion dape data accumulates,

it will provide dense coverage over the behavior space andlveie able to satisfy user
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Figure 1.5: A virtual SWAT training scenario [SWAT4 Sierra] The character needs
to be able to navigate through rooms inside a building quickland naturally using
behaviors such as walking, running, jumping, ducking and sm.

requirements for a variety of applications. Therefore, thee databases have a high
potential to enable novice animation users such as childreschool teachers, and
small companies to easily and quickly create realistic humamotions. To explore
this potential, there needs to be fully automatic methods fcthuman motion synthesis.
Motion graphs which embed multiple behaviors into a simplergph structure have
emerged as a popular data structure that can be used for autatic natural human
motion synthesis. However, the performance of a motion grags limited by the

motions that the graph is built from.

Current practice for nding the motions to build a motion graph is through
manual selection from a large motion capture database. Foxample, in order to
create a good quality motion graph for a virtual SWAT training scenario (Figure 1.5),
a user selects a set of walking, running, jumping and duckingiotions that are
required by the application. These selected motions need b® well-connected to
provide quick and smooth transitions. However, it is highlynon-trivial to manually
select a subset of motions from a large motion capture datatm to achieve this

goal. On one hand, the subset needs to be thfe smallest possible sizen order to
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) User Selection Automatic
Motion Capture Databas > & > Sub-graph
Requirements Construction

Figure 1.6: High level algorithm overview for the IterativeSub-graph Algorithm.

produce a small motion graph for e cient motion synthesis. @ the other hand, the
subset needs t@ontain enough motion datao preserve good quality transitions and
to satisfy user requirements. As a result, the subset selext requires the user to
carefully consider every relevant motion in the database, hich is a highly tedious
process. Even more importantly, in this process, it is negrlimpossible to estimate
the e ect of including a particular motion on the well-connetedness of the motion
graph before the graph is constructed. Motivated by reducmthis burden on novice
users, we develop an automatic method for selecting a goodtamall subset of
motions from a large motion capture database that can be usdd build a good

guality motion graph.

Our method treats the entire motion capture database as a gife large motion
graph and casts the motion selection problem as a search fom@nimum size sub-
graph from a large graph. Figure 1.6 gives a high level oveew of the algorithm.
We require the user to rst select a small set of key motions #t are required by
his/her application domain. These motions alone usually fiato generate a good
motion graph that satis es all the user requirements, becae they lack quick and
smooth transitions between them. Our method then automatally nds additional
motions in the motion database that result in good connectity between user selected

motions, but at the same time keeps the size of the motion gras small as possible.
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This step corresponds to a well-de ned theoretical problemf nding a minimum
size sub-graph from a very large graph. While this problem NP-hard, we propose
an e cient algorithm, called the Iterative Sub-graph Algorithm that provides a good
approximation to the optimal solution.

Experimental results show that the Iterative Sub-graph Algrithm scales well
to large motion capture databases and generates small matigraphs that satisfy
user requirements. The results of our user study demonstest that in addition to
being fully automatic, the Iterative Sub-graph algorithm atperforms manually con-
structed motion graphs across all the metrics we have measdr construction time,
the size of the generated motion graphs, average transitidimes in the graphs, and
measures of connectivity and user requirements satisfamti. Finally, we demon-
strate the performance of our automatically generated sugraphs in the context of
two common applications: the interactive control applicabn and o -line motion

synthesis application.

1.3 Connection Between the Two Approaches

For novice and experienced users who do not have access tosgigive motion capture
systems and lack of time or trained skills to use animation ¢hniques employed by
the industry, readily available motion capture databasesral standard motion graph

technique are e ective tools for synthesizing realistic man motions for a variety of
applications. Each of our methods addresses a fundamentabplem with standard

motion graphs. These problems prevent standard motion grap from being actively
used in practice by a wide range of animation users. The rst athod focuses on
exploring the interpolated space between a set of user prded motion capture clips
for generating a motion graph with both good connectivity ad smooth transitions.

It assumes that the motions for building the motion graphs & given as an input. The

second method focuses on searching the entire motion cagutatabase for a minimal
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subset of motions that will build a motion graph that satisfyuser requirements. It
assumes that the motion capture database contains a varietf motions and smooth
transitions to contain a solution to the user requirementsni the rst place.

For some experienced users who possess a decent collectianations for their
applications, the rst method helps them to improve the conectivity and motion
quality of their motions. They could also use this method to gjckly test their motion
set and decide if more motion capture is needed for their apgation. The second
method may be used by some novice users to help them selecttao$enotions needed
by their application. It could also be used by experience useto quickly test if their
existing databases contain motions that would complete theask or if more motion
capture is necessary.

The second method relies on the assumption that a large maticapture database
with good connectivity and smooth transitions is readily aailable. However, if such
a database is not available, we could use our rst method to gment the present
motion capture database with a minimal set of necessary im@olated poses. The
augmented database would o er both good connectivity and sooth transitions, and

could then be used as an input to our second method.

1.4 Organization

This thesis document is structured as follows. Chapter 2 gi¢ an overview of the
related research work. Chapter 3 outlines the steps for cdangcting motion graphs
and elaborate the two fundamental problems that prevent madn graphs from be-
ing actively used in practice. Chapter 4 describes the detsifor constructing the
Well-Connected Motion Graph Chapter 5 describes the details of outerative Sub-
graph Algorithm Chapter 6 discusses the connection between the two methcaisd

summarizes the contribution of this thesis.
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Chapter 2

Related Work

This chapter gives an overview of the related research workection 2.1 gives a high
level overview of various approaches to motion synthesis.e@ion 2.2 focuses on a
particular motion synthesize technique - motion graph, andeviews methods that
incorporate interpolation techniques to motion graphs. #ion 2.3 describes a few
systems that are related to the problem of automatic motionedection from motion
capture databases. Section 2.4 (reinforcement learninghd Section 2.5 (o -line
search) describe two common motion synthesis technigues.eWse both techniques

from Section 2.4 and Section 2.5 for our experimental analys

2.1 Dynamic and Kinematic Approaches

In computer animation, a human body is usually treated as a gid skeleton that
drives a deformable skin (Figure 2.1). A motion is speci edsathe translation values
of the root joint of the skeleton and the rotation values of &lother joints over time.
Research work in human animation is generally divided intorto categories: dynamic
approaches that build an internal physical model to represé the human skeleton
and simulate it under the laws of motion, and kinematic appraches that directly

manipulate joint translation and rotation values to generée human motions with

11



Figure 2.1: A human model. The deformable skin (left) and thekeleton hierarchy
(right) of the human model [3].

desired physical e ects.

Dynamic approaches integrate torques and forces to compuj@nt angles and
velocities to animate a character. Physical realism is guanteed, but nding the
torques and forces that generate a desired animation is didt. Controller-based
dynamic approaches use controllers such as proportiona+d/ative servos to control
the joints during a simulation. A number of approaches haveden proposed to allow
easy design of the controller and exible control to the chacter, and to improve the
visual quality of the generated motion. For example, Hodgmet al. [17] use nite
state machines, Laszlo et al. [26] apply limited cycle comtt to joint controllers, and
Yin et al. [61] introduce balance control strategy to the camoller design. These sys-
tems generate real-time physically correct human motionsif a variety of behaviors
such as walking, running and jumping behaviors. The charaat can react to envi-
ronment changes while maintaining balance. However, therggrated motion appear
robotic, because no real human motion data such motion captidata is used to aid
the design of these controllers. At the same time, physicglborrect motions are not

necessarily natural. Sok et al. [53] solve this problem by st rectifying the motion

12



capture data using optimization so that a controller can trak the recti ed motion
capture motion robustly. Then they use these controllers tduild more complex
system to simulate a variety of new motions. Their approachchieves much better

motion naturalness.

Controller-based approaches often require a user to spgcd large number of
control parameters, many of which are unintuitive to the use As an alternative,
the space-time constrained optimization approaches aredar due to their optimal
energy solution and intuitive user control in generating pysically correct human mo-
tions. Given some start and end poses and a physically-basaujective function, the
optimizer minimizes the objective function and computes th detail of the motion
while satisfying posture and physics constraints acrossl #dlames. However, for hu-
man characters, the system is high dimensional and highly niinear, preventing the
optimization from converging to a solution quickly. A numbe of methods have been
developed to reduce the optimization space while presergitthe importance aspects
of the human motion. For example, Popovc and Witkin simplfy the human body
to a reduced set of DOFs that are essential for a given motiomgk [42]. Safonova
and her colleagues compute a low dimensional space of a sesiaifilar behaviors
using PCA and optimize new motions in the low dimensional m@n space [49]. In
addition, Fang et al. [14] proposed a way to enhance the optimation e ciency by
considering only constraints and objective functions thatead to linear time rst

derivatives.

In contrast to dynamic methods, kinematic approaches anint& the character
through the directly manipulation of joint angles. Keyframing is a traditional ani-
mation method, where key moments of the motion are manuallypeci ed and the
in-between motions are generated by interpolating the keydmes. Keyframing gives
artists the ultimate control over every detail of the motion However, producing a
sequence of key frames that yield convincing physics and asfre desired e ects con-

sumes a long time and requires special artistic talents. Monh capture systems use
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calibrated cameras to triangulate marker positions on a réaerformer in 3D space.
They generate accurate and natural human motions. However-mapping the ani-
mation to a character of di erent size or con guration, modfying the animation to
satisfy di erent constraints are di cult. Nevertheless, motion capture data provides
an e ective basis for synthesizing new motions. A number ofpproaches have been
developed to synthesize new motions from motion capture daand they are general-
ized as data-driven approaches. Bruderlin and Williams [1@pply signal processing
to each DOF of an example motion. Witkin and Popovt [59] usealisplacement
mapping to modify an example motion. While these methods pvales intuitive and
interactive interface for editing motion capture data, thg do not adjust the whole
body in coordination. Further more, they only focus on kineratic properties. Some
other approaches edit motion capture data while preservinghysical properties. Abe
and his colleagues [4] present a system for rapid editing afyhly dynamic motion
capture data using optimization. Instead of editing only adw motion capture data,
motion graph takes advantage of a relatively larger set of nion capture data to syn-
thesize new motions. It embeds motion capture data into a sjte graph structure
to allow e cient search for a new motion that satis es user sgci cations. Motion
graph has emerged as a very promising technique for naturalirhan motion syn-
thesis [6, 24, 29, 43]. We defer the discussion of motion gharelated work to next

section.

In general, dynamic approaches automatically generate péigally correct mo-
tions, relaxing the user from worrying about the interactio details between the
character and environment. However, physical correctnesi®es not guarantee mo-
tion naturalness, because certain aspects of human motioreanot governed by the
physical laws, such styles, emotions and intensions. Attgts have been made to
handle these subtleties [18, 32], but no general solutionigts. In addition, most
physically-based motion synthesis algorithms are computanal expensive. Gener-

ating a few seconds long motions usually take several minateKeyframing provides
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the ultimate control over all the motion details. Visual redism and physical correct-
ness are achieved through time consuming manual adjustmesnhd usually requires
specially trained talents. Most kinematic approaches levage the high delity mo-

tion capture data and are capable of generating life like amiations. However, it
is often a di cult task to adapt the generated motion to new ervironments or new

skeleton models.

2.2 Motion Graphs

Inspired by the technique of Schodl and his colleagues [58ht allowed a long video
to be synthesized from a short clip, motion graphs were dewgled simultaneously
by several research groups in 2002 and were extended in sgbsat years. In gen-
eral, a standard motion graph embeds multiple motion capter data into a simple
graph structure, where graph vertices are the motion capterframes and graph
edges are possible transitions between the motion capturarhes. A motion graph
is often constructed by rst collecting a set of motion captue clips required by
the application and then nding transitions between all theframes and a traver-
sal in the graph represents a new motion. Motion graphs havenerged as a very
promising technique for automatic synthesis of human motiofor both interactive

control applications [22, 25, 29, 39, 40] and for o -line skeh-based motion synthesis
[6, 7, 14, 20, 24, 29, 33, 47, 49, 60]. This thesis work presenbvel algorithms to
generate a standard motion graph with both good connectiyitand smooth transi-
tions from user provided motion set, and to search a large moh database for a
minimum set of motions that be used to construct a standard nimn graph that

satis es user requirements.

The Interpolated Motion Graph introduced by Safonova and Hdgins [47] is cre-
ated by combining two identical standard motion graphs. Thejuality of the Inter-

polated Motion Graph depends highly on the quality of the stadard motion graph.
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If the standard motion graph does not contain quick and smobttransitions between
di erent behaviors, nor will the Interpolated Motion Graph. Our method adds quick
and smooth transitions to a standard motion graph (resultig in the Well-Connected
Motion Graph). We can improve the quality of the Interpolated Motion Graph by
constructing it from the Well-Connected Motion Graph insted of a standard motion
graph. Therefore, our method is complementary to the methodf the Interpolated

Motion Graph [47].

A number of other approaches have been developed over the tpéewv years
that combine motion graphs and interpolation techniques B, 25, 39, 40, 51, 55].
These techniques pre-process motions into similar behasdgdfor example, walk cy-
cles that all start from the same leg or martial art motion segents with similar
rest poses [51]). Similar segments are then grouped togethe create interpolation
spaces and smooth transitions are created insides thesecgsa In such structured,
behavior-based graphs, behaviors can only connect at thedeaf the motion clips.
Moreover, transition blending requires a large amount of ntion capture data with
good variations for accurate user control [55]. In this thés work, we also try to
nd transitions in the interpolated space, however, we do ifor standard and un-
structured motion graphs. Therefore, our graph can transin from di erent places
inside behaviors. In addition, we construct our motion graps from a small set of

representative motions with a mixture of behaviors.

Ikemoto and her colleagues [20] presented another relevamrk for creating quick
(1 second long) transitions between all frames in the motiodatabase. They split
the motions into short segments (1 second long) and separdteem via clustering
by similarity. To synthesize a transition from framei to frame j, they nd motion
segments that are similar to the motion segments right afteirame i and right be-
fore framej. They then search over all possible interpolations of thesegments to

nd the most natural transition from frame i to framej. To nd natural motion
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segments, they de ne discriminative classiers to distingish natural and unnatu-
ral motions. In this thesis work, we also construct a graph #t allows for quick
transitions between frames, but our construction process simple, automatic, and
very similar to the standard motion graph construction proess. We do not require
a classi er to distinguish natural motions, just a similarty measure commonly used
in standard motion graphs. In addition, the transition lenghs are not xed. They

evolve naturally from the dynamics of the motion data.

An additional di erence between the Well-Connected MotionGraph and other
variants of motion graphs that were introduced in recent yea [16, 20, 25, 39, 51],
is that the Well-Connected Motion Graph uses exactly the saenrepresentation as
a standard motion graph. A standard motion graph is a well stied data-structure

with a widespread support from many existing motion syntheés algorithms.

Motion blending techniques [39, 40, 45, 59] are often used pooduce smooth
transitions between two di erent behaviors, for example t@nsitions from walking to
running. However, it is often chosen empirically which matins to blend, how to align
the motions in time, how long the blending window should be ahhow the blending
weights should be set in order to produce natural transitiam Our Well-Connected
Motion Graph frees the user from worrying about these settgs. First, only motion
segments which result in physically correct motion [46] aiaterpolated, and they are
interpolated with many di erent weights. This creates a lage pool of interpolated
poses. Second, during the graph construction, transitiorege created only between
poses with similar motion dynamics, even if they are of di ent behaviors. The

entire process is therefore simple and automatic.

Structured motion graphs, which are often callednove trees[27, 34, 36] are a
variant of the standard motion graph. They are commonly useth game studios.
Move trees also use graph structure and motion capture data tgenerate new mo-
tions, but they dier from motion graphs in the following ways. To construct a

move tree, game designers often rst design a nite state mhme to represent all
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the behaviors required by the game and all logically allowettansitions between
the behaviors. Then, they capture the motions according tohe pre-planned -
nite state machine so that initial motions have similar star and end postures for
looping. Next, they hand edit the motion capture clips and ahose the exact place
in the motions for good transitions to appear according to # nite state machine.
Sometime, these transitions are motion captured, but mosften, they are generated
online by blending the two transition motion clips. Finally the captured motions
and the nite state machine are packaged together for a game@ne that will play
the desired motion and transitions according to user conttinputs. With the careful
design of the nite state machine to allow for all possible @nsitions needed for the
game, and the extensive amount of manual work required to aptize the captured
motion clips, move trees are capable of producing motionsttvicontrolled motion
quality and transition time, making them well-suited for real-time games. However,
the manpower and the resources for such intensive manual @gsand editing are
not available to the majority of animation users. Our main gal is to allow users
who do not have access to these resources to create contrelieasily by utilizing the

large amount of motion capture data that are freely availal@ today.

2.3 Automatic Motion Selection

To our knowledge, little work has been done so far to develom automatic method
for selecting a minimum subset of motions from a large motiocapture database to
construct a good quality motion graph that satis es user regirements.

Manual selection of motions for a speci c task is di cult. Cooper and his col-
leagues solve this problem using an active learning metho@heir system automat-
ically identi es speci c tasks that a motion controller performs poorly and advises
a user to capture more motions to improve the performance dfé controller [12] or

automatically synthesizes new motion segments. As mentied in their paper, the
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system does not make formal guarantees on being able to pemiocevery task from
every start state. Unlike their approach, our approach is t@eted towards construct-
ing a motion graph that guarantees to satisfy user requiremes on the transitions in
the graph. Also, once the user selects a few short motion semnts that are required
by the application, our approach minimizes the number of adtional motions that

are required to construct a good quality motion graph in a fly automatic manner

without requiring any user intervention.

A large motion database contains a rich variety of behaviorsIt presents an
e ective basis for synthesizing new motions. However, witut appropriate tools it
is di cult to fully exploit this fact. Kovar and Gleicher [23 ] propose a method to
automatically extract logically similar motion segmentsn a large database and use
them to construct parameterized interpolation space. Late high-quality motions
are created for new parameter values inside the interpolanh space. While this
method works well for generating motions of a particular bedvior, it does not scale
to multiple distinct behaviors. Beaudoin and his colleague[8] use a string-based
clustering method to automatically organize a large motiorcapture database into
a compact and understandable graph structure. However, theompact graph is
not structured in a way that ts best to a specic user task. In addition, neither
of the two approaches produces a set of motions that guaraete to satisfy user

requirements.

Our algorithm automatically selects motions from a large m@n capture database
to construct small-sizedstandard motion graphs. We deliberately design the algo-
rithm to generate standard motion graphs because standardation graphs have a
simple graph structure and multiple algorithms have alreaglbeen developed to use
these graphs for both interactive control [22, 29] and o -ie motion synthesis ap-
plications [6, 7, 14, 29, 33, 47]. An interesting next step wi be to generalize our
automatic motion selection idea to other variations of motin graphs that have been

proposed over the past few years [16, 25, 39, 40, 51, 55].
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Figure 2.2: The Directed Steiner Tree Problem.

Our goal is to create a small-sized motion graph that satisfyser requirements.
A typical requirement is quick transitions between di eretn behaviors. Zhao and
Safonova [64] propose a method to construct a small standanabtion graph from
a set of given motions to achieve both good connectivity andmn®oth transitions.
Ikemoto and her colleagues [20] propose another relevantriwdor creating quick
transitions between all frames using clustering and clagsation techniques. Both
algorithms start from a given set of motions and therefore daot solve the automatic
motion selection problem.

Our sub-graph construction algorithm is closely related t@ well-de ned graph
problem called the Constrained Directed Steiner Tree prod&. The Directed Steiner
Tree problem is de ned as follows (Figure 2.2): given a dirted graph, a root vertex
and a set of terminal vertices from the graph, the goal is to d a minimum cost
tree in the graph that connects the root vertex to all of the teminal vertices. The
cost of the tree is de ned as the sum of the costs of the edgestive tree. Note that
the tree may include vertices other than the terminal verties, known as the Steiner
vertices. The constrained version of the Directed Steinerrde problem places an
upper bound on the path length from the root vertex to all the eérminal vertices.

This problem is NP-hard and several heuristic algorithms h& been developed to
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solve it sub-optimally [5, 11, 52, 56]. Unfortunately, mosknown approaches are
computationally expensive with time complexity ranging fom O(kV?) to O(V3),
where k is the terminal size andV is the vertex size. They work su ciently fast
in their application domains such as multi-cast routing prblems, whereV is from
50 to 100 andk is about 50. However, given the large scale of our problem, erk
the number of frames V) in a motion capture database is larger than 80,000 and
is going to grow even bigger, and the number of user selectednfies k) is about
500, these existing algorithms fail to nd a solution in a resonable time. However,
two heuristics commonly used by these algorithms are impamt to improve the
optimality of the sub-graph solution. First, it is important to connect the root
vertex to the terminal vertices in an order that early connettons bene t many later
connections. In other words, the algorithm should avoid geeliness. Second it is
important to identify good branch vertices. These branch wgices connect to multiple
terminal vertices. Paths between the branch vertices are &ély shared by multiple
root-terminal vertex pairs. Therefore, the branch vertice are the key to minimizing
the total tree cost. Inspired by these heuristics, we preselan e cient iterative
algorithm that scales to large graphs with complexity o©D(k? E), where E is the

edge size of the graph.

2.4 Reinforcement Learning

A number of on-line methods that use variants of motion graphtogether with rein-
forcement learning [9, 38] have been recently proposed. laawl Lee [30] pre-compute
policies that indicate how the avatar should move for each gsible control input and
avatar state. Their approach allows interactive control wh minimal run-time cost
for a restricted set of control input. McCann and Pollard [3bachieve better im-
mediate control of the character by integrating a model of @& behavior into the

reinforcement learning. Treuille and his colleagues [55kel reinforcement learning
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to learn from the continuous control signals. They use basfanctions to represent
value functions over continuous control signals and show dh very few basis func-
tions are required to create high- delity character contrders. This permits complex
user navigation and obstacle-avoidance tasks. We use thanfercement learning
techniques presented in the above papers to evaluate the fi@mance of the motion

graphs for on-line interactive control applications.

2.5 O -line Motion Search

In contrast to the on-line motion synthesis, where user infs are provided at real-
time, an o -line motion synthesis takes a set of prede ned & requirements and
searches a motion graph for a motion that satis es the requements using global
search techniques. A number of sub-optimal search algonitits have been developed
to generate motions at interactive frame rate. Kovar and hisolleagues [24] employ
a branch and bound algorithm to drive a character to follow aketched path. Arikan
and his colleagues [7] user dynamic programming to search atan based on user-
speci ed annotations of the motion. To nd an optimal solution at interactive frame
rates, Lau and Ku ner [27] manually created a small structued motion graph that
represents the required behaviors and transitions betwe#imem. Optimal search can
be performed e ciently on this small graph. We use A* searchand in particular its
anytime extension ARA* [31] to search for a desired motion. *Ais a well-known and
well-studied search algorithm for nding an optimal soluton e ciently, especially
when given a good heuristic function [41]. Safonova and Hadg use this technique to
search for an optimal motion both in a standard motion graphtad in an Interpolated
Motion Graph [47, 48]. The resulting motions navigate virtal characters in complex

environments using desired behaviors without colliding to obstacles.
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Chapter 3

Standard Motion Graphs

Motion capture systems accurately record human motion frora live performer. A
motion clip consists of a sequence of postures sampled at aedkframe rate. By
itself, a motion clip only contains a limited number of behawrs captured for a nite

duration. However, a collection of motion clips together @sents an opportunity to
produce a longer motion with a mixture of behaviors by connéng similar postures
from di erent motion clips. This longer motion was never inentionally captured.

Motion graphs automate the process of generating new seques of motions of
arbitrary length from a nite set of example motions. In this chapter, we review
the construction process of motion graphs and point out twauhdamental problems

with motion graphs that prevent them from being actively usd in practice.

A standard motion graph is constructed from a set of user seted motion capture
clips. These motion clips cover all the behaviors needed bl application. For
example, in order to construct a motion graph for a navigatio application, a user
may select a few walking and running motions with di erent tuning directions,
some jumping, stepping over and ducking motions for avoidinobstacles. Each
pose in these motion clips represents a unique graph verterda\similar" poses
(vertices) are connected by a directed edge to represent a@oth transition. Once

the graph is constructed, the desired motion is generated Isgarching the graph for
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a path - an ordered sequence of poses connected by the edgethengraph - that
satis es the high-level description of the motion providedy the user, for example
navigating the character without colliding into any obstades in the environment.
Section 3.1 explains how to identify \similar" poses. Seaih 3.2 describes the motion
graph construction process. Section 3.3 discusses the twodamental problems with

motion graphs that prevent them from being actively used in gactice.

3.1 Similarity Metric

First, one needs to de ne a metric for identifying \similar" poses. We represent the
similarity metric by a distance function D (P;; P;), whereP; and P; are two poses and
the smaller the value is, the more similar they are. A good dence function should
take into account both the static posture di erence and the rotion dynamics dif-
ference. A number of implementations of the distance functh have been proposed.

For example, Lee and his colleagues [29] compute the distarfanction as
D(P;;P;) = d(pi;p)+  d(vi;v) (3.1)

where d(p;i; p) measures the weighted di erences of the joint angles & and P;,
and d(v;;v;) measures the weighted di erences of the joint velocitiesf &; and P;.
We adopt the point cloud metric proposed by Kovar and his calhgues [24]. For
every posture, they rst extract a neighborhood of 2 + 1 frames centered at that
frame. They then compute the global positions of a set of magk positions for each
of the 2. + 1 frames. These marker positions capture the position andrientation
of the body posture as well as the motion dynamics around theopture. Figure 3.1
illustrates the point clouds from two postures. Finally, tke distance functions is
de ned as the sum of squared Euclidean distances between responding marker

positions, minimized over all translations in the ground @ne and rotations about
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Figure 3.1: The point clouds from a normal walking posture €fft) and a fast walking
posture (right). The point cloud is a set of marker positiondrom neighborhood of
frames around a given posture. A good similarity distance figtion should take into
account both the static posture di erence and the motion dyamics di erence. For
example, these two walking postures are very similar, but #ir motion dynamics
(represented by the gray trajectories of each joint) are verdi erent.

the vertical axis:

X0
D(Pi;P;) = min Wickpt T o gz DK (3.2)
X 0:20
k=1
wherepk and p denote thek™™ marker position for the point cloud associated wittP;

and P; respectively, andT . ,.,, is a rigid transformation composed of a translation
of (Xo; Zo) on the ground plane and a rotation around the vertical axisfo degrees.
We use a Gaussian function to weight the frames around the ¢enframe and we
use weights from Wang and Bodenheimer's work [58] for weigihg the markers in

each frame.

3.2 Graph Construction

In order to construct a motion graph, a user rst selects a sebf motions needed
by his/her application. Each frame is represented by a uniguvertex in the motion
graph and a directed edge exists between two vertices (fras)ef one can transition

to the other smoothly. Naturally, we have the edges betweereguential vertices
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Figure 3.2: Motion Graph construction. (a): A transition marix between two walk-
ing motions. The entry at (i,j) contains the transition value from vertex i to vertex
J. Bright values indicate good transitions with transition cost closer to 0 and dark
values indicate poor transitions with transition cost closr to 1. (b): A simple
motion graph. Black edges are from the motion clips and graydges are created
through the similarity measurement. The largest strongly ennected component is
f1,2,3,4,7,8,9.

(frames) from the same motion capture clip. In order to nd moe transitions,
we compute the similarity between any two vertices using thpoint cloud method
mentioned above. The user needs to pick a similarity threshlibvalue to decide the
naturalness of a transition. If the similarity value betwea vertex i and and vertex
J is smaller than this threshold value, we consider them to besimilar" enough to
create smooth transitions. As a result, we create two edgesne from vertexi to
vertex j +1 and the other from vertexj to vertex i+1, where vertexi +1 and vertex
] +1 are the successors of vertek and vertex j respectively in their own motion

clips. The cost for both edges is called the transition costand is computed as:
t=1 ¢ ) (3.3)

wheres is the similarity value between framéa and framej . This particular mapping
function is an arbitrary choice. One may pick his/her favotie function to re ect the
similarity di erence. The range oft is [0, 1], with O being the smoothest transition

and 1 being the most discontinuous transition. This edge @#on process can be
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viewed as lling the entries at rowi and columnj +1 and at row j and columni +1
of a transition matrix with the transition cost we just computed. After computing
the similarity between all pairs of vertices, we obtained apsrse transition matrix
(Figure 3.2(a)), which shows that in addition to the capturel transitions between
sequential frames from the same motion clip, a motion graptortains loops inside
the same motion clips and transitions between di erent motin clips. A standard
process is then to leave only transitions that represent latminima in the transition
matrix and compute the largest strongly connected compone(SCC) of the graph

to remove dead ends (Figure 3.2(b)).

The standard motion graph construction process is time-ceuming. Given a
motion database containingN frames in total, the process compares the similarity
between all pairs of vertices, which requireld 2 comparison. However, many vertices
and their associated postures and point clouds are too di ent to produce smooth
transitions. In addition, it is highly unlikely that postur es with di erent contact
con gurations can produce smooth transitions. Therefordp speed up the construc-
tion process, we rst categorize vertices based on the coutacon guration of their
corresponding postures. Then, we cluster the vertices frothe same contact cate-
gory based on their associated point clouds. A point cloud ssciated with a vertex
is a collection of 3D positions for a set of joints from a neiglorhood frames around
the center frame associated with that vertex. We normalizehese 3D positions by
applying a rigid transformation to all the 3D positions, to bring the global root trans-
lation and vertical orientation of the center posture (frane) to 0. Then the distance
between any two point clouds is the sum of Euclidean distandeetween the corre-
sponding 3D positions. Using an e cient algorithm for K-Means clustering [21], we
producek clusters of vertices for each contact con guration. Finaj, the similarity
comparison is only performed between vertices inside thensa clusters instead of all
pairs of vertices. This clustering method improves the cotraction time by 3 to 6

times depending on the database size and the type of motionscontains.
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Figure 3.3: Poses from a walk with a large step length (abovend poses from a
walk with a small step length (below). There exists similar pses, but they are not
similar enough to create smooth transitions.

3.3 Fundamental Problems with Motion Graphs

Motion graphs are popular among animation researchers andvice users because of
their simple graph structure, ability to generate long mowns, and fully automatic
solution to motion synthesis problems. However, two fundaemtal problems prevent

motion graphs from being actively used in practice.

First, the quality of the motion generated by motion graphs dpends largely on
the connectivity of the graph and the quality of its transitions. One major challenge
in creating a good motion graph is picking a threshold valuehtit would result in
both smooth transitions and good connectivity between di eent behaviors. Usually
a low threshold results in very few transitions, most of whit occur within the same
behavior, but not across behaviors. A high threshold, on thether hand, produces
better graph connectivity as it allows transitions betweerdi erent behaviors, but
often introduces poor quality transitions. Therefore useroften face the dilemma of

choosing an appropriate similarity threshold value for thie motion graphs. In the
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Figure 3.4: A virtual SWAT training scenario [SWAT4 Sierra] The character needs
to be able to navigate through rooms inside a building quickland naturally using
behaviors such as walking, running, jumping and ducking batiiors.

example of two walking motiondvl 1 andM 2 with di erent step lengths (Figure 3.3),
a motion graph generated from a low similarity threshold cdains few smooth tran-
sitions insideM 1 and M 2, but not across two motions. On the other hand, given a
high similarity threshold, the motion graph contains many nore transition between
the two motions, but they often introduces motion discontinity, as frames with
very di erent motion dynamics are allowed to connect to eactother. It becomes
even more di cult, to choose one xed similarity threshold, to produce both smooth
and quick transitions, between a large variety of behaviorsvith very di erent mo-
tion dynamics, for example from a motion database with walkig, turning, running,

jumping and ducking motions.

Second, it is extremely di cult to manually select a good subet of motions for
constructing a good quality motion graph from a motion captte database. Current
practice for choosing this subset is through manual seleati, which is often tedious
and imperfect. On one hand, the subset needs to be thie smallest possible size

in order to produce a small motion graph for e cient motion synthesis. On the
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other hand, the subset needs toontain enough motion datao preserve good qual-
ity transitions and to satisfy user requirements. For examip, in a virtual SWAT
training scenario, a motion graph generated from this subseeeds to contain mo-
tions that allow the character to quickly navigate through noms inside a building
(Figure 3.4). This means that the motion graph needs to contia a large variety of
behaviors including walking, running, jumping and duckingoehaviors. In addition,
these behaviors need to be well-connected in order for theachcter to transition
from one behavior to another quickly. These conditions coradict the requirement
that the subset is small. Given a large motion database, it isighly tedious to go
through every motion in a large motion database and manuallgecide whether to
select it. In addition, it is nearly impossible to estimate he benet of including a
particular motion on the well-connectedness of the graph fiwe the graph is con-
structed, because the nal performance of the motion graphegphends on a complex

process of graph search algorithms.
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Chapter 4

Well-Connected Motion Graphs

The quality of a motion graph determines the quality of the mbons it synthesizes.
To synthesize good quality motions, motion graphs requiredbh smooth transitions
and good connectivity A transition is smoothif it does not introduce visual discon-
tinuity to the motion. Connectivity is a measure of how quickly one can transition
from a pose in one behavior to a pose in another behavior. Goodnnectivity is
important for both interactive control applications wherethe quick transitions pro-
vide real-time user control, and for o -line motion synthes where the generated
motion can follow a user sketch without su ering from long itermediate motion
segments. Unfortunately, it is often di cult to achieve both good connectivity and
smooth transitions at the same time. Good connectivity re#is on quick transitions
between di erent behaviors. Therefore, it requires transions between less similar
poses. Smooth transitions only occur between very similaopes. Reitsma and Pol-
lard [44] did an extensive evaluation of motion graphs for emnacter animation and
demonstrated that motion graphs have poor responsiveness tiser control. Their
study con rms that it is di cult to achieve both good connect ivity and smooth tran-
sitions. For example, changing from a running motion to an diking motion in their
motion graph took an average of 3.6 seconds. In industry, hdwtonstructed move

trees are often used [13]. They have better connectivity, buequire an extensive
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amount of manpower and specially trained talents.

In this chapter, we present an algorithm that automaticallyconstructs an un-
structured motion graph with very smooth transitions and meh better connectivity
than o ered by standard motion graphs. We call the resultinggraph a well-connect
motion graph, graph wcMG for short. To illustrate the main icea, consider two
motions M; and M,, with di erent step lengths. They consist of poses which are
similar, but not similar enough to create smooth transitios. If we construct a mo-
tion graph from M; and M, there will be no transitions between them. On the
other hand, a set of motions computed by interpolatingM; and M, with di erent
weights contain many more similar poses. These poses allaw $mooth transitions

betweenM; and M.

In general, our algorithm rst computes a set ofinterpolated poses that are
interpolations of the original poses from the motion data. tlthen creates graph
wcMG from all original poses and a subset of the interpolatedoses. The choice
of this subset a ects the quality and the size of the motion giph. Our algorithm
constructs this subset in such a way as to: (a) guarantee thdwysical correctness of
the transitions in the motion graph; (b) grow the overall grgh size as little as possible
while maintaining the best connectivity among the originaposes. Moreover, the user
can pick an upper bound on the amount by which the connectivity is sacri ced to
trade for further decrease in graph size. The resulting grapncMG uses exactly the
same representation as a standard motion graph, a well stedi data-structure with

a variety of applicable motion synthesis algorithms.

Our experimental results show that graph wcMG achieves mudbetter connec-
tivity and generates much smoother motions than standard ntion graphs. These
results are based on visual perceptions as well as computsgyeral metrics, some of
which were previously proposed by other researchers. In atiloh, the motions gen-
erated from graph wcMG require no post-processing, a ted®and often imperfect

task of removing visual artifacts such as foot sliding. Finly, the evaluation of graph
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wcMG in an interactive character control scenario demonsites better responsive-
ness to user control and better visual quality of generated ations than standard
motion graphs.

This chapter is organized as follows: In Section 4.1, we rstescribe the construc-
tion process for our well-connected motion graph. Then in 8&#on 4.1.4, we extend
our algorithm to allow for trade-o s between degree of conmgivity and graph size.
In section 4.2, we compare our graph wcMG against a standardotion graph across
a number of measures, some of which were previously propobgdther researchers.
Our graph wcMG outperforms a standard motion graph in termsfdoth graph con-
nectivity and transition smoothness. In Section 4.3, we shothe applicability of our
graph wcMG to interactive control applications. Finally, n Section 4.4, we discuss

the contribution and limitation of our wcMG.

4.1 Construction Process

The construction of graph wcMG is divided into three steps: e interpolation step,
the transition creation step, and the node reduction step. fe remainder of this

section explains each of these steps.

4.1.1 Interpolation Step

Given a motion data set, we rst separate the motions into mabn segments with
the same contact with the environment (for example, doubleupport, or single right
leg support or hand contact during picking and so on). We usédé technique from
Lee and his colleagues [29] to identify the contacts and theerify them by a visual
inspection (only a very small percentage of the contacts retdo be adjusted by
hand for locomotion and other simple behaviors). Contact formation could also be
computed using one of the other published techniques [19,]28

The interpolation technigue described by Safonova and Homhg [46] is then used
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Interpolation Transition Creation Node Reduction

Original g-»g->g->e—>e -219¢ Original Large Original Large
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Original by p.y-po»o Small Original Small Original Small
Nodes Steps Nodes Steps Nodes Steps
(@) (b) ()

Figure 4.1: A simple example illustrating the constructiorsteps: (a) Interpolation
Step, (b) Transition Creation Step and (c) Node Reduction Sp. All original nodes
are kept. Interpolated nodes and edges outside tihestpaths set are removed. Here
we only show three discretizations of the interpolation wght as illustration. In our
implementation, we used nine, from 0.1 to 0.9 with a 0.1 inangent.

to interpolate all pairs of motion segments with the same coact. For every pair
of motion segments with the same contact, we interpolate the using interpolation
weights from 0.1 to 0.9 with a 0.1 increment. During ight phae, we interpolate
the center of mass positions and then compute the root postis based on the
interpolated posture. During ground contact phase, we intpolate the positions of
the feet, the center of mass positions and all non-redundadegrees of freedom to

prevent the feet from sliding on the ground. The timing of edtphase is computed

p . , .
asT = T2w+ T3 w), whereT; and T, are the timing of the two input motion
segments. Details are explained in their paper [46]. Thisterpolation technique

produces close to physically correct motions.

We denote the frames in the motion segments from the originatotion capture
clips asoriginal nodes and those from the interpolated segments amterpolated
nodes The original nodes, the interpolated nodes, and the trart®ns between
consecutive nodes (frames) in the original and the interpatied motions are all added

to graph wcMG(Figure 4.1a).
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4.1.2 Transition Creation Step

At this stage, graph wcMG contains only transitions betweerconsecutive nodes
(frames) in the original and the interpolated motions (Figue 4.1a). We now add
new edges to the graph using the same process used for cortsing standard motion
graphs (Figure 4.1b). The only di erence is that graph wcMG ow contains both
the original and the interpolated nodes and transitions in etween.

Our experimental analysis shows that a large number of smdotransitions can
be added to graph wcMG with the help of the interpolated nodesThe interpolated
nodes provide connections between poses that are similayt mot similar enough
to create smooth transitions, such as poses from walks with erent step lengths.
The interpolated nodes also provide transitions between drent behaviors even if
such transitions are not explicitly captured. For examplea transition from jumping
to ducking is possible, because the landing steps from jumpgi and the steps that
lead to ducking can be interpolated, even when no such moti@apture data exists.
Therefore, it is possible to choose a very low threshold fonariety of behaviors to
create a graph with very good connectivity. Section 4.2 gigea detailed analysis of

the connectivity and threshold choices for graph wcMG.

4.1.3 Node Reduction Step

Theoretically, the number of nodes in graph wcMG equalstd = n n d, where
n is the number of frames in the motion database and is the number of discretized
interpolation weights used. The number of nodes and edgesuthgrow quadratically
with the size of the original data set. Howeverassuming that the choice of the initial
data set re ects the user's application needsve can remove all nodes and edges from
the graph that are not necessary for connecting the originalodes.

Therefore, in this step we compute a subset of nodes and edgésand E respec-
tively, that connect the original nodesbest The measure obestconnectivity can be

application based. For example, if quick responsivenesstie goal, we look for the
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shortest transitions; if motion quality is the goal, we lookor the smoothest transi-
tions. In our implementation, we used a weighted average @frigth and smoothness
of the transitions.

The algorithm proceeds as follows: for each of the originabdes, we compute the
best transitions from this node to all other original nodes. Thigs done by setting
the edge cost according to the metric described above and ning a Dijkstra's single
source shortest paths algorithm from this node. The shortepath search returns a
shortest path tree rooted at the selected original node thatontains all the shortest
paths to all other original nodes. We repeat the computatiomf the shortest path
tree for every original node. We then take a union of all the gerated shortest path
trees to produce a reduced grapiwvcM G (Figure 4.1c). The union can also be taken
incrementally - after each computation of a shortest path &e. This allows us to keep
memory requirements limited by discarding all the generatetrees and maintaining
only a single union tree. The reduced grapWwcMG, therefore, contains the same
connectivity between the original nodes as the originalcM G because it contains all
the nodes and edges from the original grapkcM G that are necessary to preserve
the best transitions between the original nodes. At the samiéme, the number of
nodes and edges in the reduced grapitM G is much smaller than in graphwcM G
before the node reduction step. In Section 4.2.6 we show thtite reduced graph
wcMG shows a much more tractable graph size increase with respézthe data set

Size increase.

4.1.4 Trade-o between Size and Graph Quality

Certain applications (such as games) may require graphs thare even smaller in

size than the reduced graplwcMG we computed in the previous section. In this
section, we extend our algorithm to allow a user to further dwease the size of graph
wcMG at the expense of the transition quality between the oginal nodes.

We denote the motion graph generated in the previous sectias the optimal
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graphwcM G, because it includes nodes and edges that belong to the opginpaths
between the original nodes. We now introduce a sub-optimgliscalar ( 1)
that allows us to compute suboptimal graphs with signi canly fewer nodes and edge
at the expense of the optimality of paths between the originanodes.

We construct the sub-optimal graphwcMGg(V; E) in an iterative way. Intu-
itively, each iteration adds nodes and vertices to the grapthat connect several of
the original nodes. In doing so, it connects these nodes viget\best" paths possible
while also trying to reuse as many as possible the nodes andtiees that are already
in the graph.

The algorithm proceeds as follows: rst,V is initialized to include only the
original nodes andE contains the edges between the original nodes. Then, we
iterate through every original node and compute the Dijsk@&'s shortest path tree
rooted at this original node. The tree contains the shortegbaths from this original
node to all other original nodes. To facilitate the reuse ofades that are already
in the graph V, before each shortest path computation, the cost of each edgee is

updated based on the elements iN as follows:
8
<t if target(e) 2 V

c= .
t otherwise

where target(e) is the target node of an edgee and t is the base cost of the edge
as described before. This penalizes any edge whose targaelens outside of the set
V by a factor of . At the end of each iteration, the nodes along the shortest ga
from current original nodes to all other original nodes aredaled to the setV and
the edges along the paths are added .

This sub-optimality scalar allows usto nd a compromise between graph quality
and graph size. Asiillustrated in Figure 4.2 through a contvied example, when =1,
we simply nd the shortest paths from node 1 to all other nodegiving us the optimal

graph wcMG (Figure 4.2a). As increases, it forces the search to reuse the nodes

that are already inV, even though paths that pass through these nodes have worse
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Figure 4.2: A portion of a contrived graph is shown here to deonstrate the e ect
of on suboptimal graphs. The values along the edges indicateetitransition costs.
The bestpaths from node 1 to all other nodes are highlighted in blue. dlice that as

increases, suboptimal transitions are used even though thare of longer length
or poorer quality. As a result, the node size decreases (nuembof blue nodes from
the interpolated nodes). (a) shows all the edges. (b) and (only show the edges
along the best paths in the sub-optimal graphs.

guality than the paths that go outside ofV. As a result, the size of sub-optimal graph
wWcMGg decreases as increases (Figure 4.2b and c). This process does not a ect
the reachability between the original nodes, but will redue the quality of transitions
(smoothness and responsiveness) since paths outsid® adre penalized by times,
even if they are of smaller transition cost or shorter lengthNote, that even longer
transitions are still natural-looking with no visible disontinuities because the graph
is always constructed at the same low similarity thresholdndependently of its sub-
optimality. Section 4.2.7 gives a detailed analysis on theuls-optimality trade-o

and shows that the size of the graph decreases drastically asncreases.

4.2 Experimental Analysis

In this section, we analyze the performance of graph wcMG. b 4.1 shows the mo-

tion data sets we used in our analysis. All data is re-sampléd 30 frames per second.
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Datasetl contains walking motions from one person with di erent stepengths, rang-
ing from small steps to exaggerated large stride®ataset2 contains walking motions
from four di erent people with approximately the same stepéngth. We chose these
two data sets, because generating well connected motion gha between di erent
styles and for di erent people is known to be dicult. Dataset3 contains a large
set of motions commonly used to construct motion graphs fonteractive control
applications and for o -line motion synthesis applicatiols. Each motion in the data
set contains a series of di erent behaviors and natural tresitions between the be-
haviors. For example, in a single capture, the actor walksumps, walks again,
ducks and so on. Even though each motion contains natural tnaitions between
behaviors, the standard motion graph computed from this dabase has poor con-
nectivity. Our graph wcMG on the other hand, achieves much lier connectivity.
Dataset4 consists of a single long motion sequence in which the sultjesed the right
hand to sequentially reach 15 evenly distributed locationwith varying heights and
orientations. This data set demonstrates the capability obur system in handling
non-locomotion behaviors. As we discuss in Section 4.4, arurrent interpolation
scheme can only handle non-locomotion behaviors with cleaontact separations.
Dataset5 contains three martial art motions including punching and icking. These
three behaviors are a mixture of locomotion and non-locomonh behaviors. Creating
standard motion graph for non-locomotion behaviors (suchsebehaviors in Dataset4
and Datasetb) is especially hard because they contain a largariety of poses and do
not contain many similar poses. It is hard to capture all posisle transitions between
non-locomotion behaviors. As our experiments will show, ograph wcMG provides

good connectivity and smooth transitions for both data sets

The rest of the experimental analysis section is organized dollows. In Sec-
tion 4.2.1 we give statistics on the time required to computgraph wcMG. In the
experiments shown in Section 4.2.2, we synthesize a numbemmtions consisting of a

mixture of behaviors using graph wcMG. We show that even witho post-processing
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Name | Frames Content
Datasetl 194 | Walks with different step lengths
Dataset2 264 | Walks from four different people
2721 | A mixture of behaviors: walking, idling, jumping, running, turning,

DEIEEEE ducking and picking up objects, and captured transitions between t
Datasetd 753 A si_ngle motion_of a person r(_eachi_ng With_ the right hand to _15 ever

distributed locations around him with varying heights and orientatio|
Dataset5 901 | Three martial art motions including punching and kicking behaviors

Table 4.1: Data Set Description

the motions computed using graph wcMG are very smooth and natal-looking. In
Sections 4.2.3, 4.2.4, 4.2.5 we analyze the connectivity gfaph wcMG and com-
pare it with the standard motion graph (MG). As most motion graph construction
algorithms go through the process of computing the largestrengly connected com-
ponent (SCC), in Sections 4.2.3, we compare the size of thegast SCC for both
graphs, MG and wcMG, at varying threshold values. In Sectian4.2.4 and 4.2.5, we
analyze and compare the responsiveness of graph MG and gramMG to interac-
tive user input by computing the local maneuverability measre. This measure is
proposed by Reitsma and Pollard [44] to measure the averagansition time be-
tween di erent behaviors in the motion graph. In Section 4.8, we analyze the size
of graph wcMG and in Section 4.2.7 we show that one can decredke size of graph

wcMG at the cost of its responsiveness.

4.2.1 Computation Time

For Dataset3, which contains 25 motions and 2721 frames, themputation time for
each construction step of graph wcMG in Section 4.1 is as folls: 7 seconds for the
Interpolation Step, 4.5 hours for the Transition Creation $p and between 0.5 to 1
hour for the Node Reduction Step, depending on the suboptihparameter value.

The time is sampled from an Xeon 3GHz computer with 4GB memary-or the rest
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Walk Run Jump Walk Duck

Figure 4.3: Using the Well-Connected Motion Graph to synths&ze a smooth motion
consisting of 4 di erent behaviors (walking, running, jumpng and ducking behav-
iors). Poses shown in blue belong to the original data set. &es in red are in-
terpolated poses introduced during the construction of thevell-connected motion

graph.

Figure 4.4: Using the Well-Connected Motion Graph to synthgze smooth transi-
tions from a walk with small step length to a walk with large sep length. Poses
shown in blue belong to the original data set. Poses in red anmgterpolated poses
introduced during the construction of the well-connected wtion graph.

of the data sets, we only constructed the optimal graphs. Theomputation time
ranges from 3 seconds to 18 minutes. As for comparison, alktlstandard motion

graphs took less than 1 second to construct.
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Figure 4.5: A motion involving multiple behaviors generate using the Well-
Connected Motion Graph. To generate this motion, the user sgi es desired key
poses which included walking, jumping, picking, running ah ducking behaviors.
The left image shows poses from the motion in color-codedcsti gures. Notice the
frequent use of interpolated frames (red) to provide quickral smooth transitions
between di erent behaviors. The right image shows the motiorendered in Maya on
a more realistic human character. This animation [63] illusates the good motion
quality achieved using our algorithm. The resulting motions natural-looking.

4.2.2 Motion Smoothness

We generated a variety of motions using graph wcMG to visugllevaluate its motion
quality. We generated these motions by computing theest paths between user se-
lected poses in a speci ed order. Thbestmetric is de ned as in Section 4.1.3. The
resulting animations are natural-looking [63]. Figure 4.3hows smooth transitions
between poses from four di erent behaviors (walking, runng, jumping and duck-
ing). Figure 4.4 shows smooth transitions between a poserfia walk with a small
step length and a pose from a walk with a large step length. Rige 4.5 shows a long
motion generated by connecting user selected poses from tiplé behaviors. With

no postprocessing at all, the synthesized motions look naal.

This experiment was done solely to show the visual quality ¢fie motion. We do
not claim this to be a key application. In Section 4.3 we demairate the applicability
of graph wcMG to interactive control applications by generting natural motions in

real-time according to user input.
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Datal Data2 Data3 Data4 Datab
Thre| weMG | MG | weMG | MG | weMG | MG | weMG | MG | weMG | MG
0.2 42% | 1% | 84% |21%]| 96% | 7% | 99% | 0% | 90% | 12%
0.4] 70% | 19%]| 91% | 21%| 98% | 10%| 99% | 26%| 99% | 44%
0.6] 77% | 24%]| 94% | 21%| 99% | 64%| 99% |57%| 100% | 46%
0.8| 81% |40%]| 95% |21%]| 99% | 86%| 99% | 70%| 100% | 50%
1| 84% |59%]| 96% |21%]| 99% | 92%]| 99% | 99%| 100% | 50%

2| 91% | 64%| 96% | 81% 99% | 99%| 100% | 53%
5[ 92% | 80%| 97% | 92% 99% | 99%]| 100% | 100%
6] 96% |92%]| 98% | 92% 99% | 99%]| 100% | 100%

Table 4.2: Connectivity vs. Similarity Threshold. Connedwity is measured by the
percentage of the largest SCC

4.2.3 Size of the Largest Strongly Connected Component

In this section, we analyze the size of the largest stronglyrenected component
(SCC) as a percentage of the original data set size for bothaghs MG and wcMG
at varying threshold values. This shows how well the nodes ithe data set are
connected to each other and how well the motion graphs are litging the motion

data set.

Table 4.2 shows the percentage of largest SCC size for botagins weMG and MG
at di erent similarity thresholds. The rst column shows the similarity threshold.
Experiments show that, the best paths computed according t8ection 4.2.2 almost
always produce smooth motions with no visual discontinuitywhen the threshold
is equal to or below 0.6 (colored in green), and often contawisually noticeable
discontinuity when the threshold is above 0.6 (colored in . We experimented
with di erent values of the similarity threshold. Most experiments in this paper are
given at a similarity threshold value equals to either 0.2 00.4 because they both
result in a good motion quality. The results are shown for alve data sets. Graph
MG requires 3 to 25 times higher threshold values than graphoMG does in order

to achieve over 90% data set utilization. These entries areghlighted in blue in the
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Figure 4.6: Transitive Closure Matrix. Ideally, we would lke to have a plain white
image which indicates that every frame can transition to evg other frame. The
coverage of white area gives an estimate of tlwennectivity.

table.

Figure 4.6 shows the transitive closure matrix for both graps wcMG and MG for
all ve data sets at a 0.4 threshold. The transitive closure matrix is a square matxi
in which element ;) is 1 (shown in white) if there is a path between poseand pose
J and 0 otherwise (shown in black). As shown in the gure, graplwcMG has paths
between the majority of nodes for all databases at a low siraiity threshold that
always results in smooth transitions. Graph MG, on the othehand, has very poor
connectivity at the same threshold for all ve databases. Té results for Datasetl
and Dataset2 show that it is hard to connect motions of di erat styles in graph
MG. For Dataset2, graph MG only contains transitions betwee the frames from the
same person, but not across frames from di erent people. Asrasult, Figure 4.6g
shows no white area outside the diagonal blocks. Graph wcM@ ¢the other hand,
can transition between styles from di erent people, as Fige 4.6b is almost fully
covered by white dots. Dataset3 contains a mixture of behawis. Graph wcMG
is able to create transitions between them, as Figure 4.6c amost all white. At
the same threshold value, graph MG is only able to explore tnaitions within the

motions from similar behaviors such as walks and turns. Thesimilar behaviors are
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indicated by the clustered o diagonal white areas in Figure.6h. Dataset4 contains
only one clip, therefore, every frame is able to transitionatits sequential frames. As
a result, the transitive closure matrix of graph MG is fully vhite in the upper right
corner in Figure 4.6i. However, graph MG is not able to nd enagh transitions to
make every frame reachable to all other frames. As a resultyd transitive closure
matrix is almost fully black in the lower left corner in Figure 4.6i. Graph wcGM
on the other hand, easily achieves full connectivity betwaeall frames. As a result,
the transitive closure matrix is all white in Figure 4.6d. Daaset5 contains three
martial art motions including punching and kicking. These rotions are a mixture
of locomotion and non-locomotion behaviors. Graph MG fail® explore transitions
between di erent behaviors as Figure 4.6j only contains bidked white areas within
the same motion. Graph wcMG on the other hand is able to creatgansitions
between all the behaviors as Figure 4.6e is almost all whitén conclusion, graph
wcMG o ers better data set utilization at low similarity thr esholds and is capable

of handling di erent types of behaviors.

42.4 Time Between Frames

In this section, we compute the average transition time bew®en all pairs of the
original nodes This measure provides insight into how quickly it is posslb to
transition between di erent poses in the data set. Quick avage transition time is
important for both interactive user control and o -line motion synthesis.

We present results at di erent similarity thresholds for Ddaset3, and similar re-
sults are achieved for all other four data sets. For graph waBl we vary the threshold
from 0.2 to 0.8. For graph MG, we vary the threshold from 0.8 td.4, because be-
low the 0.8 threshold, not every behavior present in the dataet is connected to
every other behavior. Table 4.3 shows the comparison betwegraph wcMG and
graph MG. The Thre column shows di erent threshold values, thé=FTime column

shows the average frame to frame transition time in secondBigure 4.7 shows the
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wcMG MG
Thre | FFTime Thre | FFTime
0.2 1.71 0.8 2.68
0.4 1.27 1.0 2.05
0.6 1.12 1.2 1.79
0.8 1.04 1.4 1.66

Table 4.3: Average Frame to Frame Transition Time in Seconds

transition time histogram for each graph wcMG and graph MG. Tansition time
decreases monotonically as the similarity threshold inaises, because lower quality
transitions become possible to connect di erent behaviorsGraph wcMG consis-
tently o ers quicker average transition time and better transition time distribution
than graph MG. For example, graph wcMG obtains a better avege transition time
and a narrower spread of its distribution at the 0.2 threshal than graph MG at the
1.2 threshold (a 6 times increase in threshold value). Figerr4.7 also allows us to
compare distributions for graph MG and wcMG at the same thrdwld - 0.8. Graph
wcMG shows considerably better distribution - much narrowespread and much

higher peak at a smaller transition time.

Table 4.4 shows the behavior to behavior average transitiaime for both graphs
wcMG and MG at the 0.8 similarity threshold. We used threshal of 0.8 for the com-
parison because at the lower threshold graph MG does not hageod connectivity -
not every behavior present in the data set is connected to eyeother behavior. Each
entry is the average transition time in seconds from all ther@inal frames belonging
to the behavior in row to all the original frames belonging tahe behavior in col-
umn. The table is not symmetric, because the motion captureatih does not contain
transitions in symmetric directions. Graph wcMG introducs interpolated poses and
transitions to help nd extra connections, and therefore, otperforms graph MG in

all cases.
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wcMG 10 10 10 10
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Figure 4.7: Frame to frame transition time (FFTime) histogam for graphs wcMG
and graphs MG listed in Table 4.3. The X-axis is the transitio time in seconds and
Y-axis is the number of transitions of a particular transiton time in the graph. The

peak of histogram roughly represents the average transitidcime. Usually a graph
with good responsiveness shows a histogram with its peak agmaller transition time

value and a narrower spread. Note, graphs MG and wcMG have tlsame overall
number of transitions because only transitions between glhirs of the original nodes
are considered.

4.2.5 Local Maneuverability Measurement(LM)

An alternative way to measure the graph connectivity is thedcal maneuverability
measurement (LM) proposed by Reitsma and Pollard [44]. Insad of computing the
transition time between any two frames, Reitsma and Pollar¢ompute the average

minimum time needed to transition to a particular behavior:

1 X
LMk:_

(0:5 D+ MDMPC .4)
kCk o

C

(4.1)

where C is the set of all the motion segments in the motion grappfyDMP C . is
the minimum time to transition from the end of motion segmentc to any instance
of behaviork, and D. is the motion segment length. In our experiment, we compute

an average of local maneuverability measurement over allheviors:

(4.2)



wcMG
idle walk turn jump run duck pick

idle [0.00] 0.70] 0.67 1.38 1.0 1.23 1.
walk [0.70| 0.000 0.67 1.43 1.07 1.20 1.
turn [0.70] 0.67] 0.00 1.48 1.03 1.17 1.
jump [1.63] 1.33 1.37 000 1.43 1.63 1.
run [2.17] 1.900 1.97 2.70 0.00 2.23 2.
duck [1.30] 1.10 1.10 2.00 1.17 0.00 1.
pick [1.57] 1.23 1.17 190 143 157 O.

MG
idle walk turn jump run duck pick

idle | 0.00| 2.67] 2.70 3.68 270 2.13 3.
walk | 2.67| 0.000 2.17 2.78 2.27 2.90 2.
turn | 2.70| 2.00 0.00 2.683 2.7 2.3 2.
jump | 3.67| 3.27) 3.30 0.00 3.47 4.03 3.

run {480, 3.93 3.93 390 0.00 4.93 4.
duck | 2.77| 3.23 3.27 4.1y 3.27 0.00 3.
pick | 3.57| 2.73] 237 330 2.83 3.60 O.

Table 4.4: Behavior to Behavior Average Transition Time in 8conds

whereK is all the behaviors in the motion graph.

Table 4.5 shows the LM measure change with respect to the slarity threshold
change for both graphs MG and wcMG on Dataset3. Th&hre column shows dif-
ferent threshold values, theLM column shows the local maneuverability measure in

seconds according to the above equations.

For both graphs MG and wcMG, as the threshold increases, theM.measure
decreases (Reitsma and Pollard [44] obtained similar rem)l Even at a very low
similarity threshold (0.2), graph wcMG is able to produce amM value as low as 1.21
seconds. We could not compute the LM value for graph MG at theame threshold,
because the behaviors are not fully connected to each othekt the 0.8 similarity
threshold, graph wcMG has an LM value of 0.73 seconds which2stimes smaller

than the LM value (1.55 seconds) for graph MG at the same thresld. To achieve
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wcMG MG
Thre | LM Thre | LM
0.2 1.21 0.8| 1.55
0.4| 091 1.0| 1.18
0.6| 0.80 1.2| 1.00
0.8| 0.73 1.4| 0.90

Table 4.5: Local Maneuverability

14 Thre =0.2 14 Thre =0.4 14 Thre = 0.614 Thre = 0.
10 10 10 10
wcMG
6 6 6 6
2 2 2 2
2 3 2 1 2 3 2 3
14 Thre =0.8 14
10 10
MG
6 6
2 2
1 2 3 1

Figure 4.8: The LM measure histogram for graphs wcMG and grap MG listed in
Table 4.5. The X-axis is the LM measure in seconds and Y-axis the number of
behavior pairs with a particular LM value. The peak of histogam roughly represents
the average LM value. Usually a graph with good responsivesgeshows a histogram
with its peak at a smaller LM value and a narrower spread.

the same LM value (1.21 seconds) that graph wcMG obtains at ¢h0.2 similarity
threshold, graph MG requires a 5 times higher similarity theshold value (1.0), which
usually introduces motion discontinuity. The LM value distibution of graph wcMG
is consistently better than that of graph MG (Figure 4.8). Ths analysis shows that
graph wcMG provides very responsive transitions between éient behaviors while
preserving good motion quality. Therefore, it is much bettesuited for interactive
applications than graph MG. We present results for Dataset#h this section, but

similar results are achieved for all ve data sets.
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The LM measure we compute in this section is a theoretical ma&aement. Some
of the minimum-duration transitions may become impossiblezhen the motion graph
is unrolled into the environment. In addition to theoreticd LM measure, Reitsma and
Pollard compute practical LM measure which takes the enviroment into account.
As Reitsma and Pollard show in their work, practical LM measte is usually higher
than the theoretical measure. However, they also note thatqor theoretical LM

values typically indicate poor practical LM values.

4.2.6 Graph Size

Node Size Edge Size

x10 x10

250 1200
200 / 1000 /
800
150 / =6=Theoretical Nodes
/ 600 —-=—Theoretical Edges
100 400 / —— Actual Nodes
50 / _» 200 ﬁ/ Actual Edges
0 W 0 +u-EE :

0 1000 2000 3000 0 1000 2000 3000

Figure 4.9: Graph Size vs. Motion Data Size. The horizontakas is the total number
of frames in the database and the vertical axis is the numbef nodes and edges. The
blue empty diamonds show the nodes size increase before tluelen reduction step
and the lled red diamonds show the nodes size increase aftiwe node reduction
step. The green empty squares show the edge size increaseredhe node reduction
step and the orange lled squares show the edge size increafier the node reduction
step.

In this section, we analyze the number of nodes and edges iragih wcMG with
respect to the size of the data set used to compute the graphorRRhis experiment,
we use Dataset3 and vary the amount of motion data used. Figad.9 shows that
before the node reduction step, the number of nodes (greenmgndiamonds) and the
number of edges (blue empty squares) grow quickly as the mmtidata size increases.

In contrast, after the node reduction step which fully preswes the connectivity
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among the original nodes, the number of nodes (red lled dianmds) and the number
of edges (orange lled squares) shows a much more tractabierease with respect
to the data set size increase. However, the resulting graph still quite large, which
could be unacceptable for some applications such as gamehe hext section shows
experimentally how the graph size can be decreased furthesing the sub-optimality

scalar .

4.2.7 Parameter

The sub-optimality scalar allows one to decrease the size of the graph further
at the expense of the transition quality and the connectivit of the graph. In this
experiment, we used Dataset3 to construct a series of graplieMG by varying the
parameter from 1.0 to 100.0. We repeated this experiment at di erent silarity
threshold values (0.2, 0.4 and 0.6). Figure 4.10 gives thesudt at the 0.4 similarity
threshold, but the similar relationship between and the transition quality held for
other similarity threshold values as well. The sub-optimatly table (Figure 4.10a)
shows the analysis in terms of number of nodes (NodeSize)apjn size (SizeFactor),
average transition time (FFTime) and memory requirement (Mm). For comparison,
graph MG at the 1.0 similarity threshold starts to contain oer 90% of the frames in
Dataset3 and it contains 2474 nodes and requires 4 MB memory.

The rst row shows the values for the optimal graph. As increases, the graph
size and the memory requirement decrease exponentially gbre 4.10b), producing
graphs with size from 36.7 to 1.1 the data set size. At the same time, the graph
guality (smoothness and connectivity) gets worse, showiraylogarithmic increase in
responsiveness (Figure 4.10c). On the positive side, subiofal graphs still contain
smooth transitions because the similarity threshold is belv 0.4 for all graphs. The
connectivity of the graph does become worse but at a logaritiic scale. Figure 4.11
shows the transition time increase for suboptimal graphs. ¥/generate these transi-

tions by searching for thebest paths between a xed set of user selected poses.
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Suboptimality Table
. NodeSize SizeFactor FFTime Mem

Opt. 99803 36.7 1.2f 245
1.1 83690 30.8 1.2 145
1.3 63557 23.4 1.28 132
1.5 52415 19.3 1.20 130
1.7 45833 6.8 1.30 92
2.0 39074 14.4 1.3p N7
3.0 28312 10.4 1.3 56
5.0 17182 6.3 1.47 32
10.0 6492 2.4 1.84 m
20.0 3683 1.4 2.31 §
50.0 3122 1.1 2.92 §
100.0 3017 1.1 3.38 b
(a)
Graph Size S FFTime
40 1 35
25
20
2.0 //
10 s
0 10 L] L] L] L] L] 1
0 20 40 60 80 100 ¢ 0O 20 40 60 80 100 ®

(b) ()

Figure 4.10: The e ects of the sub-optimality parameter . (a) The sub-optimality
table. The column is the sub-optimality scalar. The rst row is the optimal graph.
The columnNodeSizeshows the graph size in terms of number of nodes. The column
SizeFactor compares the graph node size to the data set size. The colufRRTime
shows the average frame to frame transition time between ttegiginal frames. The
column Mem shows the memory requirement in terms of mega-byte for stag the
graphs . (b) Graph Size plot showing the exponential decrema@ graph size as sub-
optimality increases. The X axis is the sub-optimality vale and the Y axis is the
SizeFactor value. (c) FFTime plot showing the logarithmic ncrease in transition
time as sub-optimality increases. The X axis is the sub-optiality value and the Y
axis is the FFTime in seconds. The row for the 5.0 sub-optimif is highlighted, as
it provides the best compromise between size and respongiess.
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Suboptimal Grapfransition Comparison
Walk to Dudk Walk to Pick

Optimal :  , 7 B
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Figure 4.11: Transition comparison between suboptimal gphs. Given a pair of
poses (for example the walking to ducking poses on the leftndh the walking to
picking poses on the right), we search for thbestpath in the optimal graph, in the

= 5 suboptimal graph and in the =50 suboptimal graph and generate the above
six transitions. Note thatas increases, the transitions take longer to complete. This
is because the suboptimal graphs trade transition optimaji for graph size. Note
that even longer transitions are still natural-looking wih no visible discontinuities
because the graph is always constructed at the same low semity threshold (0.4),
independently of its sub-optimality. The rst column showsthe graph sizes. The
actual transition lengths are shown under each image, but bna few representative
frames are displayed in each image.

In conclusion, the user can choose an appropriate value foto balance between
memory requirements and transition quality. = 5:0 was used in our interactive
control experiments in Section 4.3, as it provides the besbmpromise between size

and responsiveness.
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Figure 4.12: Interactive Control. The user controls the oentation of the arrow and
the character walks to follow the speci ed orientation. Theuser can also change the
behavior of the character among walking, jumping and stoppg.

4.3 Application to Interactive Control

In this section, we show the applicability of graph wcMG to iteractive control
applications. We use value iteration methods to learn gooantrol policies following
the reinforcement learning techniques proposed by [30, 3g]. The main advantage
of the value iteration approach is that the online operatiorreduces to a simple fast

control policy table lookup for an action.

4.3.1 Overview of Value Iteration Algorithm

We brie y summarize the value iteration algorithm here. Moe details about value
iteration can be found in Barto's book [54] and in recent paps [30, 35, 55]. Value
iteration algorithm starts by computing a reward table R(f;c). All values in the

table are initialized to 0 and updated until convergence usg the following expected

reward update rule:

R(f;c) = max (Q(f ! fY0+ R(f%0) (4.3)

f 02 successors(f)
whereR(f; ¢) is the reward for using framef from the motion given control input c.

Q(f ! f9c) measures the quality of the transition from framef to frame f © given
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control input ¢ and it is a product of two values:

Q(f ! f(iC) = Qtransition (f,f O) Qcontrol (f (]C) (4.4)

where Quansiion (f; f 9 measures the transition smoothness from franfeto framef °
Qcontrol (f §©) measures how well the framé © is following the user controlc. Both
values are in the range of [0, 1], with O being the worst quajitand 1 being the best
quality.

Once the reward tableR(f;c) has converged, the optimal control policy table

can be computed as follows:
P(f;c) = arg mfaox(Q(f I 199+ R(f%0) (4.5)

where tableP (f; ¢) stores the optimal framef °to transition into given current frame
f and control input c. Once the reward tableP (f; c) is computed, the online oper-

ation reduces to a simple and fast table lookup iR (f; c) for an action.

4.3.2 Comparing the Performance of graphs wcMG and MG

for Interactive Control Applications

We compare the performance of graphs wcMG and MG for interaeé control ap-
plications. Both graphs are constructed from a motion datadse that contains walks
with di erent turns, jumps, and a stopping motion. Figure 412 illustrates the in-
teractive control system. The user controls the target origation of the character
and the character walks to follow the orientation. The userantrols the character
to switch between walking, jumping and stopping behaviorsybpressing the corre-
sponding keys from a keyboard. In our applicationQyansiion (f;f 9 is the inverse of
the transition costt in the motion graph, which measures the transition smoothss.
The range of the value is [0, 1], where 0O indicates the most dtinuous transitions
and 1 indicates the smoothest transitions.Qcontrol (f §©) is 0 if the behavior tag of

frame f is di erent from the user control ¢, otherwise, it measures the orientation
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di erence between framef °in world coordinates with the user controlc. For exam-
ple the frames in Figure 4.12 are all performing the correcicdon with the correct
orientation, so Q(f ! fYc) for these frames are close to 1. The resulting anima-
tions are shown in the accompanying movie [63]. Graph wcMG rtstantly generates

responsive and smooth motions.

To evaluate the performance of graphs wcMG and MG, we use anppach
similar to the one described in McCann and Pollard's work [35 We train control
policies for both graphs wcMG and MG. When computing graph WG, we use
a very low threshold (0.2), because it already provides goamnnectivity between
the nodes and also because we want to show the performance wf algorithm at
the very low similarity threshold. When computing graph MG, we have to use
some high threshold values to allow low quality transitionsn order to get better
connectivity. Table 4.6 shows that as the similarity threshld value increase, the
SCC captures more original nodes (the SCC column) because lguality transitions
become available. Our wcMG achieves a much better connediyveven at a very
low similarity threshold value. McCann and Pollard also oleyved that low quality
transitions are required for better interactive user conwl [35]. They show that if all
low quality transitions are removed from the graph, the ovell performance of the
interactive control decreases. We then train control polies using the value iteration

technique for both graph weMG and graph MG.

Similar to McCann and Pollard’'s work, we rst collect desirel user traces (i.e.,
a sequence of keyboard commands) and then evaluate the perfance of the policy
trained for both graph wecMG and graph MG on these traces. Tabl4.6 shows the re-
sult. When evaluating a given trace from the user, we computsoth Qyansiion (f;f 9
(The Transition column in Table 4.6) and Qconwol (f €) (The Control column in
Table 4.6). The Total column showsQ(f ! f9c), which is a multiplication of

Quansiion (f; T 9 and Qconwrol (f §C). As can be seen from the table, even with a much
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wcMG

Thre | Control | Transition | Total | SCC Size
0.2 0.74 0.9 0.70 56
MG

Thre | Control | Transition | Total | SCC Size
0.2 0.22 0.99 0.22 3
1.0 0.24 0.92 0.22 24
5.0 0.50 0.84 0.42 52
10.0 0.51 0.87 0.44 55

Table 4.6: Interactive Control Evaluation

lower threshold (5 to 50 times lower than that for graph MG), gaph wcMG out-
performs graph MG in terms of both transition quality and reponsiveness to user

control.

4.4 Discussion

Motion graph has been a popular technique for natural human otion synthesis.
However, it is di cult to achieve both good connectivity and smoothness transitions
in a standard motion graph. This limits the performance of may motion synthesis
algorithms that are based on standard motion graphs. In thishapter, we presented
an algorithm for constructing an unstructured motion graphwith both good con-
nectivity and smooth transitions. Our method rst computesa set of plausible new
motions via a time-warped, center-of-mass-aligned integpation of motion segments
that share the same contact con guration. These new motionsan then be used as
the basis for creating a well-connected motion graph (grapihcMG) that achieves
both good connectivity and smooth transitions. Our algoritm reduces the graph
size by minimizing the number of interpolated poses presei the graph, while
preserving the optimal transition quality. In addition, our algorithm trades graph

quality for even smaller graph size according to a user de desub-optimality scalar
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value. The outcome of the algorithm is a standard motion grdp which can be used
for all the standard motion synthesis techniques for motiographs and improve their

performance. Our experimental results show that well-cometed motion graphs out-
perform standard motion graphs across a number of measuressult in very good

motion quality, allow for high responsiveness in interacte controls, and even require
no post-processing to the synthesized motions.

Now we discuss a few limitations of our system. First, the ctent method for
trading o size for graph quality (Section 4.1.4) is greedybecause the order in
which the original nodes are processed to compute the besttips to other nodes
a ects the size of the nal graph. In the future, we would liketo develop a more
optimal algorithm. Second, the current construction step ges through a phase
where we interpolate all pairs of motion segments with the s@& contact. This
generates a large amount of interpolated nodes which nevestgised by the optimal
and suboptimal graphs. We would like to develop a better algthm and data
structure to only interpolate motion segment pairs that arelikely to contribute to
the nal graph construction. This will further extend the scalability of our well-
connected motion graphs to even larger databases. Third,dlcurrent interpolation
scheme can only handle locomotion behaviors and non-locdian behaviors with
clear contact separations, such as reaching and karate nmwtis. We would like to
investigate into new techniques that automatically produe plausible interpolations
between more complicated non-locomotion behaviors.

In this chapter we analyzed the performance of our graph fonteractive control
applications. We believe that our graph will also perform wefor o -line search-
based methods and plan to evaluate it for o -line search-bad motion synthesis
applications. In addition, it is part of the future work to analyze the performance
of our graph when it is unrolled into the environment (as wasahe by Reitsma and
Pollard [44]).
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Chapter 5

Automatic Motion Selection

Nowadays, large databases of human motion are becoming fyeavailable and their
sizes are growing at a fast rate. We believe that as motion dape data accumulates,
it will provide dense coverage over the behavior space andlvaie able to satisfy user
requirements for a variety of applications. Therefore, thee databases have a high
potential to enable novice animation users such as childreschool teachers, and
small companies to easily and quickly create realistic humamotions. To explore
this potential, there needs to be fully automatic methods fcthuman motion synthesis.
Motion graphs which embed multiple behaviors into a simplergph structure have
emerged as a popular data structure that can be used for autatic natural human
motion synthesis. However, the performance of a motion grags limited by the

motions that the graph is built from.

Current practice for nding the motions to build a motion graph is through
manual selection from a motion capture database. For exangplin order to create
a good quality motion graph for a virtual SWAT training scenaio, a user selects
a set of walking, running, jumping and ducking motions that ee required by the
application. These selected motions need to be well-context to provide quick and
smooth transitions. However, it is highly non-trivial to manually select a subset of

motions from a large motion capture database to achieve thgoal. On one hand,
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Figure 5.1: High level overview of our automatic motion setdon approach.

the subset needs to be ofhe smallest possible sizen order to produce a small
motion graph for e cient motion synthesis. On the other hand the subset needs to
contain enough motion datato preserve good quality transitions and to satisfy user
requirements. As a result, the subset selection requiresetluser to carefully consider
every relevant motion in the database, which is a highly tedus process. Even more
importantly, in this process, it is nearly impossible to estate the e ect of including
a particular motion on the well-connectedness of the motiograph before the graph
is constructed. Motivated by reducing this burden on noviceisers, we develop an
automatic method for selecting a good but small subset of mohs from a large

motion capture database that can be used to build a good quiglimotion graph.

Our method treats the entire motion capture database as a gife large motion
graph and casts the motion selection problem as a search fom@nimum size sub-
graph from a large graph. We require the user to rst select aall set of key motions
that are required by his/her application domain. These motins alone often fail to
generate a good motion graph that satis es all the user req@iments, because they
lack quick and smooth transitions between them. Our methodhen automatically
nds additional motions in the motion database that result h good connectivity be-
tween user selected motions, but at the same time keeps theesbf the motion graph

as small as possible. This step corresponds to a well-de néukoretical problem
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of nding a minimum size sub-graph from a very large graph. Wike this problem
is NP-hard, we propose an e cient algorithm, called thelterative Sub-graph Algo-
rithm, that provides a good approximation to the optimal solution Figure 5.1 gives
a high level overview of the algorithm. We rst build a motiongraph from a large
motion capture database (Section 5.1). The user then spees a set of key motions
and a set of requirements that re ect the user's applicatiomeeds (Section 5.2). We
then invoke our Iterative Sub-graph Algorithmto automatically construct a mini-
mum size sub-graph connecting all the user speci ed motior{Section 5.3). The
algorithm ensures that the resulting motion graph can genate motions that satisfy
user requirements. Our experimental results and user studjemonstrate a drastic
reduction in the complexity of the constructing a good quatly motion graph, making

the process much friendlier to novice users.

5.1 Database Motion Graph Construction

Given a large motion capture database which contains a vatyeof behaviors, we
rst build a large motion graph using the methods describedni Chapter 3. In
brief, we represent each frame in the motion capture databasvith a unique vertex
and create edges between \similar" vertices (frames) acclimg to the similarity
comparison based on their associated point clouds. The réswg motion graph
contains transitions along the sequential vertices from thsame motion capture clip
as well as transitions between di erent motion capture clip and loops inside the same
motion captures clips. We call this large motion graph cread from the motion
capture database theDatabase Motion Graph or graph DMG for short. Given
the large size of the motion capture database, comparing tlsmilarity between all
pairs of vertices (postures) is time-consuming. The clusiag methods mentioned
in Chapter 3 allows us to only compare vertices from the saméuster, where their

similarities are closer and are more likely to create smoothansitions. As a result,
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the construction time of graph DMG is improved by 3 to 6 times dpending on the

size of the motion capture database and the type of behavioirsside the database.

5.2 User Input

The user input to our system is a set of key motions and a set oéquirements.
First, given a large motion capture database, a user seleassmall set of motion
segments that are required by the application. For exampleghe user may select
a set of walking, turning, and jumping motion segments for amteractive control

application. In this step, the user only needs to concentraton the important aspects
of the motions. For example, in order to select a jumping main, the user only needs
to select the motion segment that starts with the knees benag and ends with the
feet landing on the ground. The user does not need to worry aliidhe motions that

transition into and out of this jumping segment.

In practice, it is very easy to manually select these key math segments for an
application, because the user knows exactly what they aredking for and the motion
segments are continuous motion capture blocks. On the coaty, manually select-
ing good transition motions to connect multiple behaviors gjckly and smoothly is
extremely di cult. First, it is di cult to predict which mot  ion segments could best
connect two motion clips, not only end to end, but also betweearbitrary frames
in the middle of the two motion clips. Second, it is almost impssible to manually
locate the best set of frames which quickly and smoothly coeat all the frames
from two motion clips, because the best set of frames for caution often spans
several motion capture clips instead of being a continuousation block. Our algo-
rithm automatically nds the best possible additional motions from a large motion
capture database to connect the frames from user selected kaotions quickly and
smoothly. As a result, users only need to concentrate on theportant aspects of

the motions required by their applications, without worryng about the connectivity
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and transition smoothness between these key motions.

Instead of specifying the speci ¢ key motions, the user mayst specify the types
of the required behaviors, such as straight walk, long jumgtc. Since the database
is annotated, our system would automatically nd motion sements that match the
behavior description according to their annotations. Altenatively, the user may
provide some example motion segments and we could extracgilally similar but
numerically di erent motion segments for the user to chooskom, using the method
introduced by Kovar and Gleicher [23]. The user selected keyotions correspond to

a set of vertices in graph DMG, which we call theiser selected vertices

Next, the user speci es requirements for his/her applicatin. Here we present a
list of user requirements that constrain transition time au transition quality between

the user selected vertices.

Requirement 1 : Some real-time applications, such as computer games, regu
motion graphs with quick transition to guarantee real-timeresponse to user input.
Therefore, we constrain the minimum transition time betwee all the frames from the
user selected motions to be smaller than or equal to a givenpgr bound frames.
Sometimes, even the shortest transition from the database&eeeds frames. In that

case, we use the actual minimum length as the constraint iresid of .

Requirement 2 : An extension to Requirement 1 is that instead of a constantpper
bound, a user may be interested in a minimum size motion graghat preserves the

minimum transition time between all the user selected vertes in graph DMG.

Requirement 3 : Reitsma and Pollard[44] proposed the local maneuveralyiimea-
surement, which computes the average minimum time to trartgdn between clips
and behaviors. Unlike the constraints on transition time b&veen a pair of vertices
used in Requirement 1 and Requirement 2, the local maneuvbiity requirement
places constraints between a set of frames. As long as som& pévertices satisfy
the constraint, the requirement is satis ed. Therefore, irRequirement 3, a user may

specify an upper bound to the local maneuverability measw between the user
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selected motions. This requirement is often useful for appations that emphasize
motion realism over immediate transitions. These applicans often require the key
motions to be fully played before transitions to other behawrs.
Requirement 4 : We assume that as motion capture data accumulates over ysar
it provides a denser coverage over the behavior space. THere, graph DMG can
be constructed at a low similarity threshold to contain onlysmooth transitions. As
a result, all transitions are treated as having equal motioguality. In reality, such
dense coverage is often not feasible and graph DMG needs todmmstructed at a
higher similarity threshold to connect multiple behaviors Therefore, graph DMG
will contain di erent quality transitions. In Requirement 4, a user may specify
constraints on transition quality, which is de ned as the sm of the edge costs along
that transitions. By encoding both transition length and transition smoothness
into edge costs, Requirement 4 can be tailored toward a rangé applications with
emphasis on both quick response to user control and good dtyamotion for realism.
For simplicity, we use Requirement 1 to describe all the deta of our algorithm.

In Section 5.3.5, we extend our algorithm to handle the restf the requirements.

5.3 Iterative Sub-graph Algorithm

Figure 5.2 gives an overview of our Iterative Sub-graph Algithm (ISA). ISA com-
putes aSubgraphthat satis es user requirements using outterativeCSP algorithm
(Section 5.3.4). At each iteration, thelterative CSP connects the user selected vertex
pairs with constrained shortest paths from graph DMG. The ojmality of the solu-
tion depends on the order in whichterativeCSP processes these vertex pairs. We
use a predetermined processing order (thgestOrder block) to achieve good solution
optimality and computational e ciency. Section 5.3.2 disaisses the order we choose.
The optimality of the solution also depends on the grapliterativeCSP starts with

(StartGraph), which is improved at each iteration. Initially, the StartGraph is set to
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Figure 5.2: Flow chart of the Iterative Sub-graph Algorithm

the the RequiredSubgraphwhich contains all the vertices that must be included in
the solution in order to satisfy all the user constraints. Sgion 5.3.1 describes the
computation of the RequiredSubgraph The RequiredSubgraphtself does not satisfy
all the user constraints because many of the user selectedtiees are either discon-
nected or connected by a path longer than framesliterativeCSP starts from this
graph and computes &ubgraphthat satis es user requirements. At the end of each
iteration, we evaluate the resultingSubgraphto identify vertices with high branch-
ing factors, calledBranchVertices (the BranchVertices block). Section 5.3.3 explains
the identi cation of BranchVertices. The BranchVertices and the StartGraph from
current iteration comprise a betterStartGraph for minimizing the Subgraphsize in
the next iteration (the Union operation). ISA terminates when theSubgraphsize

converges to a minimum number. Figure 5.4 shows a graph sio&gergence example.

5.3.1 Computing RequiredSubgraph

Some vertices and edgesust appear in the solution sub-graph, such as the user

selected vertices and edges between them. In addition, soafeéhe vertices in graph

65



DMG, if absent, will cause graph DMG to violate at least one ahe user constraints.
Because these vertices are guaranteed to be part of the saut and in order to
achieve more optimal solution these vertices should be add® StartGraph from the
beginning. To nd these vertices, we remove a candidate vext from graph DMG and
compute the shortest paths between all user selected veds: If any path is longer
than frames, this candidate vertex is declared to be part othe RequiredSubgraph.
In practice, to save computation time, we don't test every wex in graph DMG.
Instead, we rst compute a sub-graph using one iteration ofSA with StartGraph
initialized just with the user selected vertices and edgesetween them. Only these
vertices that belong to this sub-graph could be part of the RpiiredSubgraph and

therefore need to be tested.

5.3.2 Computing BestOrder

According to the Steiner problem heuristics, a good order toonnect user selected
vertex pairs ensures that earlier connections bene t lateconnections. A number
of metrics have been developed for choosing the best order 13, 52, 56] at run
time. However, these metrics requires time-consuming ewations and selections at
run time for every candidate vertex pairs. In their applicaton domains, where the
graph size and the terminal size is much smaller, such comptibn is still feasible.
However, given the large scale of our graph siz€ (> 80;000) and user selection size
(k > 500), we instead choose a predetermined order to approxireahis heuristic.
We base our order on the length of the shortest paths betweehet user selected
vertices in the original motion database. We have experimesd with descending
order, ascending order, random order and sequential ordeccarding to the vertex
index. Experiments show that the descending order (pairs thi the longer length
to be processed rst) consistently performs the best. Inttively, by nding a long
constrained shortest path connecting the user selected t&x pairs that are far apart,

the search automatically nds shorter length paths betweeruser selected vertices
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that lie on the longer path, avoiding the necessity for comping these shorter paths
later. Figure 5.3 illustrates the intuition. A longer path, such as the path from
vertex (frame) O to vertex (frame) 9 goes through some framés the same motion
segment, uses some additional frames to transition to a frarin another motion
segment, and continues to the last frame of that segment. Bynding a constrained
shortest path (shown by the dark edges) from vertex 0 to verte9, many paths
between the intermediate user selected vertex pairs autotially satis es the user
requirements, such as the paths from vertex set ¢0, 1, 2, 3, 4 to vertex set of
f5, 6, 7, 8, @ with shorter lengths. Therefore, the descending procesgirorder
approximates the processing order heuristic and improvese performance of our

sub-graph computation.

5.3.3 Computing BranchVertices

BranchVertices are vertices that contribute to multiple slortest paths between user
selected vertices. Because paths between them are heaviared by user selected
vertex pairs, they are the key to minimizing the sub-graph ge. To identify good
BranchVertices from a given sub-graph, we run Dijkstra's sirtest path search be-

tween all the user selected vertices. For every vertex alomgch shortest path, we
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Figure 5.4: Convergence Plot of the Iterative Sub-graph Atgithm.

increase its counter by 1 if the vertex is not in the Requiredfgraph. Therefore, the
count re ects how many shortest paths contain that vertex. kally, the vertices with
higher counts are declared as good BranchVertices. FigurelSllustrates the e ect
of BranchVertices on minimizing the sub-graph size as thegarithm iterates. The

exact database and user input used for this illustration arexplained in Section 5.4.

5.3.4 lterative Constrained Shortest Path Search

Data : DMG : the Database Motion Graph, : the transition time upper
bound.
Input : StartGraph: the starting graph, BestOrder: the predetermined
processing order
Output : Subgraph the solution sub-graph
Subgraph StartGraph;
UpdateGraph(Subgraph DMG);
f(vi, vd), ..., (VK,vf)g BestOrder;
fori=1to K do
p ShortestPath(vi, vi, SubGraph);
if length(p)> then
p CSPW\, v, DMG, )
Subgraph Subgraph p;
UpdateGraph(Subgraph DMG);
end
end
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The Iterative Constrained Shortest Path Search (Iterativ€ SP) algorithm (Algo-
rithm 1) takes as input a StartGraph and the BestOrder to proess the user selected
vertex pairs. First, it initializes a Subgraph to be the StatGraph. Second, it calls
the UpdateGraph(Subgraph, DMG) function to update the cosof all edges in graph
DMG such that the cost is set to O if the edge is incident to anyertex in the current
Subgraph, otherwise it is set to 1. This way, the total cost c& path in graph DMG
is the number of vertices outside the current Subgraph, whids what our algorithm
tries to minimize. Assuming we havek user selected vertices, the number of user se-
lected vertex pairs areK = k2. IterativeCSP arranges them (¢2, vi), ... , (VK, vK))
according to the BestOrder and iterates through each of themif the current Sub-
graph contains a shortest path that satis es the transitiortime constraint , it moves
on to the next vertex pair. Otherwise, it invokes a Constraiad Shortest Path Search
(CSP) to connect the two vertices. This path is added to the auent Subgraph and
graph DMG is updated accordingly by calling the UpdateGrap{Subgraph, DMG)
function. The output of the IterativeCSP is a sub-graph thatsatis es all the user

requirements with a small graph size.

Constrained Shortest Path Search (CSP)

The Constrained Shortest Path Search (CSP) nds a minimum i path that satisfy
some given constraints. Since we set the edge cost of graph GNb be O if it is
incident to any vertex in the current Subgraph, otherwise iis set to 1, Constrained
Shortest Path Search nds a path that introduces minimum nurber of new vertices
to the current Subgraph with length no larger than . This particular CSP problem
can be solved e ciently using a standard Dynamic Programmig algorithm with the

following cost-to-go functions:

8
< (vl Vv if (vs;v) 2 E
J(v;1) = ( ) ( ) (5.1a)
-1 otherwise
J(v;l) = minf(r_n)igE J(u;l 1)+ c(u;v); J(v;I 1)g (5.1b)
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Data : SP[v][u]: the pre-computed shortest length table
Input : vs: source vertex,v;: target vertex, DMG = (V; E): the Database
Motion Graph, : path length constraint
Output : p: a path from vs to v;, with a minimum path cost and a path
length
1 Initialization: C[vs][0] =0, C[u][l] = 1 for all other u and |, S = fvsg.
2for=1to do
for eachv 2 S do
Cvl] = Cvlll -+ 1J;
end
for eachv 2 S do
for u 2Successon) do
if SP[u][w] < | then
¢ = CVI[l 1] + c(v;u);

10 if ¢, < C[u][l] then
1 Clulll] G
12 S=S fug;
13 end
14 end
15 end
16 end
17 end
18 p = Back trace from C[v][] to C|[vs][O];

© 00 N o o b~ W

Algorithm 2 : Constrained Shortest Path Search using Dynamic Program-
ming: CSP(s, v;, DMG, )

wherevs is the source vertexgc(u; v) is the edge cost in graptibMG = (V; E), J(v;])
is the minimum cost to get tov from vs within | length, andv2 V,1=1;2; ;.
To speed up the search computation, we adopt a heuristic toggt expanding a
vertex if the length of current minimum cost path to this vertex plus the shortest path
length from this vertex to the target vertex exceeds the trasition length constraint
. Algorithm 2 shows the pseudo-ode of our dynamic programmiyg implementation
with this heuristic. First, we pre-compute the shortest legth path from every vertex
v in graph DMG to every vertexu in the user selection and store the length value in
table SP[v][u]. The input to the algorithm is a source vertexvs, a target vertex v,

the length constraint and a weighted graphDMG whose edge weights are updated
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based onSubGraph Table C[u][l] stores the best path cost to reach verten from vg
within | steps andC|vs][0] is initialized to 0. Vertex setS keeps track of the vertices
reachable fromvs within | steps and is initialized tofvsg. The algorithm iterates
length | from 1 to to compute the best path cost to reach a particular ertex u
within | steps. During each iteration, for each vertex in the vertex setS, we rst
initialize C[v][I] to be C[v][I 1], because one may stay at the same vertex without
making any transition. Then, we update the best path cost foeach successan of
every vertexv from S. The path costc, is the best path cost to reachs within | 1
steps plus the edge weight fronv to u. Only the minimum value betweenc, and
Clu][l] is stored to C[u][l], which is the best path cost to reachu within | steps. At
any I iteration the algorithm only consider a vertexu if the shortest path length
from u to v; (SP[u][v]) is smaller than |. Table C[u][l] is updated accordingly
and vertex u is included to the vertex setS. At the end of each iteration, vertex
set S contains all vertices reachable fromyg within | steps. These vertices are to be
expanded for the next iteration. The algorithm terminates vaen| = and it back

traces the table to nd the constrained shortest pathp.

Algorithm Complexity

In this section, we analyze the complexity of our algorithm. The complexity of
the Constrained Shortest Path Search (CSP) i©( E), where E is edge size of
graph DMG. Given that is often a small constant, the complexty of CSP can
be considered a®(E). Therefore, the complexity of IterativeCSP isO(k?> E) in
the worst case, wherek is the number of user selected vertices. To identify good
BranchVertices, we runk Dijkstra's shortest path search. Note that we identify good
BranchVertices from the solution sub-graph, whose vertexze V and edge siz& are
usually much smaller than graph DMG. Nevertheless, the cortgxity of identifying
good BranchVertices isO(k(E + V logV)) in the worst case. Since edge sizZé
dominates in graph DMG, the complexity of the Iterative Subgraph Algorithm is
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O(k? E) per iteration. Usually, the computation converges withirb0 to 60 iterations.

5.3.5 Improvements and Extensions

Now, we discuss improvements to scale our algorithm to largeotion capture databases

and extend our algorithm to handle other user requirementssted in Section 5.2.

Scaling to large motion capture databases

Motion capture databases accumulate a variety of motions drprovide an e ective
basis for new motion synthesis. However, given that a partitar application only
needs a small set of behaviors such as walking behaviorssituestionable whether we
need to compute the sub-graph from the full database that imaedes jumping, ducking
and dancing behaviors. Therefore, we propose restrictingirolterative Sub-graph
Algorithm to only consider vertices and edges from a much sitter representative
graph, called graphCORE. Graph CORE is a union of shortest paths between all the
user selected vertices in graph DMG. Our numerous experintsrshow that graph
CORE consistently contains over 98% of the vertices that cqmise the sub-graph
computed by our algorithm starting from graph DMG. Therefoe, graph CORE
provides almost as good a starting point as graph DMG.

To understand why graph CORE is a good starting graph, we nedd understand
how constrained shortest paths between user selected vees are discovered. The
path discovery can be classi ed into three cases (see path 12 in Figure 5.5, blue
vertices are the user selection, white ones are verticesnfrgraph CORE): (a) Path
1! 2 does not share vertices with other paths. It is the shortegtath between two
user selected vertices and is included by graph CORE by detion. (b) Path 1! 2
shares vertices with path ! 3 up to vertex 5. Then the shortest path 5 2 is
discovered between a vertex from graph CORE to a user selatteertex. (c) Path
1! 2 utilizes two or more existing paths. The shortest paths beken these paths

such as, 5 6, are discovered between two vertices from graph CORE. To ayze
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Length (b) (c)

1 100% | 100%
©) 2 | 99.01% | 90.200
S 3 | 96.42% | 91.110

4 95.28% | 91.129
@ |Overall | 93.30% | 89.439

(a) (b) (©) (e)
Figure 5.5: Graph CORE and Shortest Paths Analysis

these cases qualitatively, we sample shortest paths in glapMG between pairs
of vertices from graph CORE and count how many of these pathseacaptured by
graph CORE. Figure 5.5e shows result. The rst column is theehgth of the shortest
paths (we only show 4 lengths here). The second column is fase (b) and the third
column is for case (c). The last row shows the overall percage. In conclusion,
graph CORE captures most of the shortest paths that contribie to the constrained

shortest paths search in the sub-graph construction.

Extention to other user requirements

We have been describing our algorithm based on the frame t@fne transition time
constraint from Requirement 1 . Now we extend our algorithm to handle other
requirements.

Requirement 2 : A direct extension to Requirement 1 is to require that the dor
graph preserve the minimum transition time between all thermes in the database.
To satisfy this Requirement, we change the constant to a fuction that returns
the minimum transition time between user selected vertex . The rest of the
algorithm stays the same.

Requirement 3 : A user speci es an upper bound to local maneuverability ma-
sure between the user selected motions. The local maneulslity measure between
two clips is the minimum time to transition from the end of oneclip to some frames

in the other clip. In IterativeCSP, instead of processing @ry vertex pair, we run a
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single-source multiple-target Constrained Shortest PatBearch for every clip pair to
nd a constrained least cost path from the last frame of one i@ to a set of frames
at the beginning of another clip. Among the returned constiaed shortest paths,
we pick the one that introduces the minimum number of new veites to the current
sub-graph and add it to the current sub-graph. The rest of thalgorithm stays the

same.

Requirement 4 : A user speci es an upper bound to the transition quality beteen
the user selected frames. The transition quality is de nedsathe sum of the edge costs
along the transition. Instead of encoding the edges in gragpMG with constant

cost 1 to constrain transition length, we now set the edge doss follows:

c=1 + (5.2)

wherec is the edge costt 2 [0; 1] is the transition cost computed from the similarity
metric (Equation 3.3), with O being the best and 1 being the wst, is a small
constant representing the cost of 1 frame of transition timeand balances between
transition quality and transition time. This way, the best path is a short and smooth
motion. Changes to the current algorithm include the folloimg. The BestOrder
will be computed based on the transition quality instead ofhe transition length.
UpdateGraph(Subgraph, DMG) sets the edge cost of graph DM®tt if it is in-
cident to a vertex in the current Subgraph; otherwise it is get0 t + . This way,
the minimum cost path is a smooth motion with a small number oframes (vertices)
outside the current Subgraph. The Constrained Shortest PhtSearch algorithm uses
transition quality as the constraint instead of transition length. We discretize the
transition quality to t into the Dynamic Programming frame work. The rest of the

algorithm stays the same.
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5.4 Experimental Analysis

In this section, we analyze the performance of our Iterativ€ub-graph Algorithm.
For most of the experiments presented in this section, the eis selection contains
504 frames from 13 motion segments. These motion segments Hre key portions
of some behaviors that are typically targeted towards intexctive control applica-
tions. These behaviors include walking, standing, turningjumping, ducking and
stepping over behaviors. Requirement 1 with = 40 frames is sed for most of the
experiments to analyze the size and the connectivity of theegerated motion graph.
Smaller motion graphs with quick transitions are especiglluseful for interactive

control applications, as observed by a number of researchdR0, 35, 55, 64].

5.4.1 Scalability

The motion capture database we used contains 89 motions withtotal of 86,987
frames sampled at 30Hz. The database contains a variety ofHaiors as well as
natural transitions between them that occurred during the rtion capture sessions.
The corresponding database motion graph (graph DMG) contas 86,674 vertices
and 613,838 edges, which covers over 99% of the entire datdha

We use the boost graph library [2] to e ciently represent eale vertex with a
unique integer and each edge with a real value indicating theeansition cost. We
store postures and their relative root transformations ontte hard disk and only use
them for similarity comparison during the motion graph consuction and for the nal
motion generation. The run time memory cost is about 80MB. Té construction time
for this database motion graph is 25 minutes using k-meansustering. Our O(k? E)
Iterative Sub-graph Algorithm is computationally e cient with computation time
ranging from 10 to 15 minutes depending on di erent user regrements.

To scale to even larger databases, we can resort to externaémmory for storage

and external memory algorithms for graph search [57] to rstompute graph CORE.
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Vertex | Edge Time

Graph DMG 86,647| 613,838 25 minute
Graph CORE 12,040 36,583 54 secon
Subgraph (DMG) 1,961 2,932 13 minute
Subgraph (CORE) | 2,037 2,975 7 minute
RequiredSubgraph| 1,531 491 N/A

Table 5.1: Graph Size

Vertex | Edge
No ReqSub| 2,249| 3,378
ReqgSub 1,961| 2,932

Table 5.2: E ect of RequiredSubgraph and BranchVertices

Then, as discussed in Section 5.3.5, the sub-graph compudat can be perform from

graph CORE with little compromise to the optimality of the sdution.

5.4.2 Graph size

We analyze the performance of our algorithm through graphz comparison. We
compare the size of the sub-graph computed by our IterativeuS-graph Algorithm
starting from graph DMG and starting from graph CORE, to the sze of graph
DMG, graph CORE and the RequiredSubgraph. Table 5.1 shows ghvertex size
(the \Vertex" column) and the edge size (the \Edge" column) aad computation
time (the \Time" column) comparison. Our sub-graph computd starting from graph
DMG satis es Requirement 1 with a very small graph size, 2% dhe database size
and 16% of graph CORE size (graph CORE presents a trivial selon to satisfy
Requirement 1 but with a large graph size). It only increasethe RequiredSubgraph
by 28%. At the same time, the sub-graph computed from graph GRE is only 4%
larger than the sub-graph computed from graph DMG using onlgbout half of the

computation time. In conclusion, our Iterative Sub-graph Agorithm achieves a good
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Vertex | Edge Time

Descendingl 2,007| 2,977 17 secon(
Ascending | 2,049| 3,182 5 minute
Random 2,011 3,057 3 minute
Sequential | 2,038| 3,140 4 minute

Table 5.3: E ect of Processing Order

approximation to the optimal solution and graph CORE allowsus to scale to larger
databases with little compromise to the solution optimaly.

Second, we analyze the e ect the RequiredSubgraph. Table25shows the result.
The rst row (No ReqSub) is a sub-graph computed without staing from the Re-
quiredSubgraph. The second row (ReqSub) is a sub-graph camgd starting from
the RequiredSubgraph. Following the heuristics of the Steer tree problem, our
Iterative Sub-graph Algorithm achieves the best performare among all.

Third, we analyze the e ect of dierent processing orders gXdained in Sec-
tion 5.3.2. Table 5.3 shows one example of the graph size armmputation time
per iteration for each processing order. The descending erdconsistently produces
smaller sub-graph and consumes less computation time besaumany user selected
vertex pairs at later phase of construction are already satied, thus requiring much

fewer number of constrained shortest path searches.

5.4.3 Graph quality

We analyze the graph quality by comparing the histograms ohe minimum transi-
tion time between the user selected vertices for graph COREye sub-graph com-
puted from graph DMG (Subgraph(DMG)) and the sub-graph compted from graph
CORE (Subgraph(CORE)). Table 5.1 shows their graph sizes.igure 5.6 shows the
transition time histogram. Graph CORE contains the best pasible paths and its

average minimum transition time (Avg. Time) is 36.49 frames Subgraph(DMG)
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Graph CORE Subgaph(DMG) Subgaph(CORE
Avg. Time = 36.49 Avg. Time = 37.27 Avg. Tme = 37.43

Figure 5.6: Transition Time Histogram Comparison. The X a is the transition
length. The Y axis is how many transitions are of a particulaiength.

lengthens some shorter (length 40) transitions to share paths in order to achieve
a smaller graph size. In conclusion, Subgraph(DMG) and Sutagph(CORE) have
very similar length distributions to the distribution for graph CORE (which is the
best). Therefore, Subgraph(DMG) and Subgraph(CORE) madadttle compromise
in transition time distribution (only about 1 frame increase to the average transition
time comparing to graph CORE) to achieve a much smaller graptize, making them

well suited for interactive control applications.

5.4.4 Constructing sub-graphs for other requirements

Table 5.4 shows the sub-graphs constructed for all the regements listed in Sec-
tion 5.3.5. The rst three rows show the graph size of graph DK, graph CORE
and the sub-graph for Requirement 1. The fourth row shows theub-graph size for
Requirement 2, computing a sub-graph that preserves the hdsansition lengths.
This is a more di cult constraint. It results in a larger sub-graph size, but the sub-
graph size is still signi cantly smaller than graph DMG and gaph CORE. The fth
row shows the sub-graph size for Requirement 3 with local mauverability measure
constrained to 15 frames. The local maneuverability measairs a relative loose con-

straint between frame sets and results in a much smaller sgpaph size. The sixth
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Vertex Edge

Graph DMG 86,647 613,83¢
Graph CORE 12,040, 36,583
Requirement 1 1,961 2,932
Requirement 2 4,200 10,35¢
Requirement 3 861 996
Requirement 4 2,217 2,81(Q

Table 5.4: Sub-graphs for All Requirements.

row shows the sub-graph size for Requirement 4 on transitiquality with the upper

bound =60, =10:0and =1:0in Equation 5.2. =60 roughly corresponds
to a 50-frame smooth transition constraint, de nitely not exceeding 60 frames. In
all cases, our lterative Sub-graph Algorithm generates swuiraphs that satisfy user

requirements with very small graph sizes.

We have also tested on some other databases of di erent sizedawith di erent
user selections. Our algorithm consistently produces sgvaphs that satisfy user
requirements with very small graph sizes, usually less th&8%o of the database size
and less than 20% of the graph CORE size.

5.4.5 Experiments on Alternative Sub-graph Algorithms

In addition to the Iterative Sub-graph Algorithm we proposein this thesis, we have
also experimented with some other algorithms to compute stdraphs that satisfy
user requirements. They did not perform as well as the Iterase Sub-graph algorithm
and they have drawbacks on computation e ciency. For compkeness, we give a brief
description of these algorithms in Appendix A. We also dises what we have learned

from these experiments and compare to our nal algorithm.

79



Figure 5.7: The interface for manually constructing a motio graph. The left side is
a 3D viewer. The middle is a motion capture database explorand the right side is
the manual motion selection panel.

5.5 User Study

Our user study simulates how novice users and animation resehers usually create
motion graphs by manually picking motions from large motiorcapture databases
(such as CMU MoCap database). The study conrms the diculty to manually
select a set of motions from a large motion capture databaskeat would result in a

good quality motion graph and satisfy some given requiremisn

We performed a user study with 8 subjects. Among the 8 subjext3 were
experienced motion graph users while the other 5 were noviaeimation users. All
subjects were presented with the motion capture database é&a set of key motions
described in Section 5.4. Through a motion graph construct interface shown
in Figure 5.7, they browsed the motion capture database to d additional motion
segments for constructing a motion graph with good connewtily and fast transitions.

We set an upper bound of 50 frames on the minimum transitionrtie between all
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T.(m) | Vertex | Edge & S Ave. T|
1 Novice 28 876| 1,122 42% 24% N/
Exp. 50| 5,156| 13,559 84% 58% N
> Novice 69| 7,948 24,090 59% 30% N
Exp. 82| 16,104f 58,699 100% 66P0
Our Alg. 11| 2,217 2,810 100% 100% 4

Table 5.5: User Study

the frames from the key motions as the goal during our user sty The subjects
performed the manual motion graph construction task twiceln the rst task, they
were asked to select candidate motion segments and make desas they like. After
they think the selection is adequate, the interface createmotion graphs from their
selections and evaluate graph connectivity and constraisatisfaction for comparison.
The graph connectivity is measured in terms of how many key rtions are connected
to each other and the constraint satisfaction is measured iterms of how many
transitions between the frames of the connected key motiorege of length 50
frames. This task simulates a normal manual motion graph cstruction process,
where a user rst selection the motions and then build a motio graph. In the
second task, they were given constant feedback on conneityivand satisfaction of
the motion graphs built from their currently selected motims to help them improve
the selection. The interface also gave suggestions on theshpoorly connected or
satis ed key motion pairs to the subjects. The subjects angted these feedbacks and
modify their motion selections. At a certain point, it becane extremely di cult for
the subjects to modify their selections to improve the conéivity and satisfaction
scores any further and they stopped the test. The last userlsetions were considered

their nal selections and motion graphs were created from #se selected motions for

evaluation and comparison.

Table 5.5 shows the average performance of novice users vepegienced users

for the two tasks. We also compare the results to a sub-graplorestructed under
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the same problem setting using our Iterative Sub-graph Algithm. The rst column
gives the time spent on constructing the motion graph manuigland the time to com-
pute the sub-graph automatically with our method (last row) measured in minutes.
The second and third column show the corresponding graph e The fourth and
fth column show the graph connectivity and the constraint stisfaction respectively.
The last column shows the average transition time between ¢hlframes from the key
motions measured in frames. Only experienced users wereeahb create a fully
connected graph in task 2. They mentioned that the key stratgy was to select more
and longer motion segments - the redundancy helped. Howeyéne best average
satisfaction rate is only 66%. All of the subjects reportedhat it is very di cult to
predict which motion segment would connect two motion clipsmoothly and quickly.
In addition, it is impossible to locate such a segment in a lge database. Our fully
automatic sub-graph algorithm outperforms manual motion @aph construction in

all measures.

5.6 Application to Motion Synthesis

In this section, we analyze the performance of the automatlty generated motion
graph using our lIterative Sub-graph Algorithm in two commommotion synthesis ap-
plications. First, we demonstrate it in an interactive contol application. Our test
application takes in real time user inputs using either key dard, mouse or game
pad and immediately generates motions so that the charactés facing the desired
orientation and performing the desired behaviors. Such asgm is commonly used
in computer games and virtual interactive training. They rguire quick transitions
between all the behaviors. Second, we demonstrate our matigraph in an o -line
motion synthesis application. Our test application takesrn a complex environment

and searches the motion graph for a physically correct and tomal looking motion
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Figure 5.8: Interactive Control. The user controls the orietation of the arrow and
the character walks to follow the specied orientation. Theuser can also change
the behavior of the character among walking, jumping, steppg over, ducking and

stopping.

that e ciently navigates the character from a start location to a goal location with-
out colliding into the environment. Such a system is commoylused for virtual

simulations.

5.6.1 Application to interactive control

In this section, we demonstrate the applicability of our autmatically computed mo-
tion graph (sub-graph) to interactive control applications. We use value iteraibn
methods to learn good control policies following the reinfoement learning tech-
niques commonly used by several other researchers [30, 3, Section 4.3.1 gave
an overview of the exact value iteration method we used. Ugjrthe learned control
policy table, a user uses a keyboard to control the orientatn of the character during
walking and switch between walking, jumping, stepping oveducking and stopping
behaviors in real-time (Figure 5.8). The accompanying videdemonstrates both

good motion quality and quick responsiveness to the reahtie user control [62]. We
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compare the control policies learned for our sub-graph to tise learned for the best
motion graph created manually by an expert during our user gtly. Our sub-graph
is much smaller in size, but achieves comparable motion gitgland motion respon-
siveness. The motion graph created manually contains 1040ertices and 33,849
edges and requires a 146MB run-time policy table from 3 houdd training. Our
sub-graph contains 2,217 vertices and 2,810 edges and regpiia 31MB run-time
policy table from 16 minutes of training. We also performedie same comparison to
the best motion graph created manually by a novice user. Theceompanied video
shows the lack of responsiveness and inability to transiticto the ducking behavior

by the control policy learned from this graph.

5.6.2 Application to o -line search

Our sub-graphs are also well-suited for o -line motion syiitesis. We use a publicly-
available SBPL graph search library, which implements an ecient anytime version
of A* search called ARA* [31]. The search nds motions that neigate a charac-
ter from point A to point B in the environment while avoiding di erent obstacles,
such as walls, holes and bars (Figure 5.9). In order to saysposition constraints
to e cient navigation and collision avoidence, we unroll tre motion graph to the
environment. A state in the unrolled search space contains\ertex index v in the
original motion graph and three additional entries for the oot joint of the associated
posture: positionTy, T, on the ground plane and orientationR, around the global
Y axis. Therefore, each states; in the unrolled graph is de ned by the following 4
variables: S = (V'; T;; T;;R}). A state § = (V/;T};TJ;R)) is a successor of state
Si in the unrolled graph if and only if vl is the successor of', and (T};T};Rl)
is the result of a the aggregated translation and rotation &m (T;; T};R}) by the
relative transformation from v' to vi. Theoretically, the search space is huge, con-

taining V. T2 R states, whereV is the vertex size of the motion graphr is the

number of discretizations of the translation value along th ground plane axis anR
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Figure 5.9: O -line Motion Search. Given a complex environent, the o -line search
nds an e cient natural motion to navigate the character from a start location to a
goal location without colliding into the environment.

is the number of discretizations of the rotation value arouh the vertical axis. With

appropriate heuristics, the search only expand states thatan improve the solution
optimality, but the total vertex size is still an important f actor to the search times.
As a result of the small size of our sub-graph, the search forl@-second long motion
took only a few seconds. The guarantees on the small transeiti times allow the
search to nd motions with e cient movements. The accompanyng video shows the
generated motions [62]. The same search algorithm on the besotion graph con-

structed manually by an expert did not converge to a feasiblsolution because the
large graph size causes the search to run out of memory. Thergasearch could not
nd a feasible solution from the best motion graph construad manually by a novice
user, because the graph does not contain smooth and quickrsitions between the

required behaviors.
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5.7 Discussion

Large motion capture databases and motion graph techniqgue&nable both novice
users and animation researchers to easily create good qtyatontrollers for their
animation applications. However, as shown in our user studynding a good set
of motions that results in a good quality motion graph is di cult. We present an
algorithm for automatically selecting motions from a largelatabase that would result
in a good quality motion graph. Users control the content andhe quality of the
resulting motion graph by selecting key motion segments argppecifying requirements
that t their application needs. While the automatic motion selection problem is
NP-hard, our e cient Iterative Sub-graph Algorithm provid es a good approximation
to the optimal solution and scales to large motion capture dabases. Automating
the processing of selecting a good subset of motions from agka motion capture
database to build a good quality motion graph makes motion gph-based motion
synthesis techniqgue more accessible to a wide range of arimrausers, in particular,
the novice users such as children, school teachers and sroalnpanies.

The quality of the sub-graph computed by our algorithm depetts on the quality
of the motion capture database. Even after years of accumtilan, the database still
lacks good motion quality and connectivity between certaitbehaviors. Low quality
transitions are allowed to include these behaviors, and tiiedecrease the motion
guality of the generated sub-graphs. We address the motiomagjity issue by setting
the constraints on transition quality (Requirement 4). Hovever, transition quality is
a combination of both transition smoothness and transitiodength. The constraint
on transition quality is not as intuitive to specify as the length constraints for
other requirements.

We deliberately targeted our algorithm towardsstandard motion graphs because
of their simple graph structure and widespread support by nmy existing motion
synthesis algorithms. However, automatic motion selectioidea will be just as ben-

e cial to other variations of motion graphs. In the future, we plan to generalize

86



our automatic motion selection idea to other variations of mtion graphs (such as
structured motion graphs with interpolations) that have ben proposed over the past
few years [16, 25, 39, 40, 51, 55].
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Chapter 6

Summary of Contributions

The main contribution of this thesis work is the two approachs we developed to
address two fundamental problems with motion graphs in an ert to make motion

graphs more accessible to a wide range of animation users.

Motion capture data accurately records human motions fromve performers and
has become an e ective basis for synthesizing new human nwts. Large motion
capture databases are becoming freely available nowadayslidheir sizes are growing
at a fast rate. We believe these databases can be used for aietyr of computer
animation applications, and by a range of audience, such asldren, school teachers,
and small companies from computer animation industry. Thesnovice animation
users do not have easy access to expensive motion capturéesys to acquire speci ¢
motions, neither do they have the extensive amount of time antraining to use the
animation technigues employed by the industry. They rely oan automatic technique
that can quickly and easily create realistic human animatios from existing motion
capture databases for their animation applications. Motio graphs embed a set of
user selected motion capture clips into a graph structure angenerate new motions
that are similar to the user selection. They have become a pnising technique to
both animation researchers and novice animation users bese of their simple graph

structure, ability to generate long motions and a fully autonatic approach to motion
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synthesis problems.

However, two fundamental problems with motion graphs prewveé them from be-
ing used actively in practice. First, it is di cult to generate a motion graph with
both good connectivity and smooth transitions from a set ofser provided motions.
Second, it is extremely di cult to manually select a good subet of motions from a
large motion capture database to construct good quality main graphs. The two
approaches we developed in this thesis work address these fwoblems. Both of our
approaches produce motion graphs of much better quality timagraphs produced by
previous methods. We show that our graphs are well suited fameractive control
applications and for o -line motion synthesis applicatios. Many existing motion
synthesis methods can benet from this thesis work, becauslee output graph uses
a standard motion graph structure, a well studied structurén computer animation

with a widespread support of motion synthesis applications

The rst approach focuses on exploring the interpolation sgce computed from
a set of user provided motion capture clips to generate a moti graph with both
good connectivity and smooth transitions. While the user mvided motions alone
do not generate a good quality motion graph, we rst compute aet of plausible new
motions via a time-warped, center-of-mass-aligned inteppation of the user provided
motions that share the same contact con guration. These nemotions can then be
used as the basis for creating our Well-Connected Motion Quh that achieves both
good connectivity and smooth transitions. We reduce the gph size by minimizing
the number of interpolated poses present in the graph, whijgeserving the optimal
transition quality. In addition, we trade graph quality for even smaller graph size
according to a user de ned sub-optimality scalar value to tto di erent application
needs. This work was published at the ACM SIGGRAPH/Eurograhics Symposium
on Computer Animation 2008 conference where it received thest paper award [64].
In addition, an extended version on this approach was pubhed at the Graphical
Models Journal 2009 [65].
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The second approach focuses on searching the entire moti@apttire database
for a minimum subset of motions that best satisfy the user regrements. We cast
the motion selection problem as a search for a minimum sizebsgraph from a large
graph which is built from the large motion capture databaseTo our knowledge, our
approach is the rst research attempt that addresses the pldem of automatically
selecting motions from a large database that would result ia good quality motion
graph. Users control the content and the quality of the restihg motion graph by se-
lecting key motion segments and by specifying requiremerttsat t their application
needs. While this problem is NP-hard, our e cient Iterative Sub-graph Algorithm
provides a good approximation to the optimal solution and sdes to large motion
capture databases. We believe that our approach is a necaygsstep towards mak-
ing motion graphs a practical tool for a larger spectrum of amation users. This
work was accepted to ACM SIGGRAPH/Eurographics Symposium ro Computer

Animation 2009 conference.

Since this thesis work addresses two fundamental problem&lwmotion graphs
that prevent them from being actively used in practice, a wid range of animation
systems that use motion graphs may bene t from our work. In th application sec-
tions of Chapter 4 and Chapter 5, we have shown the applicaticof this thesis work
to interactive control applications using value iteration The character quickly re-
sponds to real-time user inputs and smoothly transitions tahe desired behavior.
Though most game studios use hand-crafted move trees for tegact and detailed
control over the motions shipped with the games, this work edd be extended to
benet game industry. Using the Iterative Sub-graph Algorihm, game designers
could rst explore the existing motion capture database to ee if they have accumu-
lated enough motions from previous games to support the behears of the new game.
Using the Well-Connected Motion Graph approach, they coulgenerate quick and
smooth transitions between existing behaviors by explomnthe interpolation space

automatically. These generated motions are close to phyally correct and could be
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used for further editing to create a better quality move tree We also showed that
our approaches perform well in an o -line motion synthesisgplication, proving that
our approaches are well-suited for virtual training and siniation applications. The
small graph size and smooth transitions in our graphs ensufast search speed and
good quality of the result motion. In conclusion, we believéhis thesis work will
benet a larger spectrum of animation users in a wide range @fpplications.

Now we list some future work for this thesis. The Well-Connéed Motion Graph
approach and the Iterative Sub-graph Algorithm could be megred together to com-
plement each other. In our Iterative Sub-graph Algorithm, & assume that a large
motion capture database provides dense coverage over théddor space of human
motion and a large motion graph could be built from this datahse to contain only
smooth motions. However, in reality, it is not always the cas Even after years of
accumulation, the database still lacks good motion qualitgnd connectivity between
certain behaviors, because we could not capture all possititansitions between all
the behaviors during the motion capture. Low quality trandions are allowed in
order to connect these behaviors, and they decrease the nootiquality of the gen-
erated sub-graphs. We could use the Well-Connected Motionr&ph to generate a
minimum number of interpolations to Il the gaps between these behaviors. The
interpolated motions and the original motion capture data ould be treated as the
starting database for the Iterative Sub-graph Algorithm. Aparallel approach to
improve the quality of the motion capture database is to devep new algorithms to
populate motion space between behaviors that are not welbcnected with motion
data from physical simulations or with e cient and intuitiv e instructions for new

motion capture, such as the work proposed by Cooper and hislleagues [12].
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Appendix A

Alternative Sub-graph Algorithms

We brie y describe some other sub-graph algorithms we havemerimented with and

compare them to the lterative Sub-graph Algorithm proposedh this thesis.

A.1 The Directed Steiner Graph Approach

Since our sub-graph problem is closely related to the Direszl Steiner Tree problem
described in Section 2.3, an intuitive approach to our probm is to compute a Di-
rected Steiner Graph which satis es all the user requiremén First, we introduce an
approximation algorithm (Algorithm 3) proposed by Charika et al [11]. Algorithm 3
is a recursive algorithm.DST,(k;r; X ) simply nds the k terminals which are closest
to r and connects them tor using shortest paths.DST;(k; r; x) iterates through each
vertex v 2 V and each valuek® 1 k° k, to nd a tree with minimum density.
The tree density is computed byd(T), which returns the sum of all the edge weights
in the tree divided by the total number of terminal vertices ncluded in the tree. The
DST algorithm provides ani(i  1)k'= approximation in time O(V'k?), wherei is
the level of the recursion and is the size of the terminal nodes an¥ is the vertex

size.

Given the user selected vertices, we randomly pick one as thaot vertex and
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Input : k: number of terminals to reachr: root vertex, and X : terminal
vertices
Output : Atree T rooted atr that satis es at least k terminals in X
1 if there do not existk terminals in X reachable fromr, then

2 return

3 end

4T X

5 while k> 0do

6 TeesT ;

7 for each vertexv 2 V, andeachk® 1  k° k do
8 T® DST; 1(k%v;X) — f(rv)g;

9 if d(Teest > d(T9) then

10 TeesT TG

11 end

12 end S

13 T T TB|EST

14 k kjX V(TgesT )]
15 X X V(Tgest)

16 end

17 return T;

Algorithm 3 : Directed Steiner Tree Algorithm: DST;(k;r; X))

compute two Directed Steiner Trees using Algorithm 3. We dexnte these two Directed
Steiner Trees asT and T!, whereT is computed to connect the root vertex to all
other user selected vertices in graph DMG and@' is computed to connect all other
user selected vertices to the root vertex in a graph that is thtranspose of graph
DMG. The union of T and T! is a Directed Steiner GraphGs that connects the
user selected vertices with a small graph size. However, mapaths between the
user selected vertices are longer than the path length limitin Requirement 1, for
example, the paths between some terminal vertices, becatisey have to travel from
one terminal vertex, go up the tree to some place close to theat vertex, and then go
down the tree to reach another terminal vertex. We x this prdolem by short-cutting
these paths using our IterativeCSP algorithm with the Direted Steiner Graph G
as the StartGraph. The resulting graph is a small sub-graphhtt satis es all the

user requirements.
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Data : DMG : the Database Motion Graph,RequiredSubgraph the required
sub-graph, : the transition time upper bound.
Input : R: number of randomization
Output : Subgraph the solution sub-graph
Startgraph ~ RequiredSubgraph
for i=1to R do
GJi] Iterative CSP(Startgraph; RandomOrder);
end T
Startgraph i G[i];
Subgraph IterativeCSP (Startgraph; RandomOrder)

Algorithm 4 : RandomizedCSP Algorithm.

o g b~ W N P

A.2 The Randomized lterativeCSP Approach

The Startgraph a ects the optimality of the sub-graph algoithm. Instead of using
the iterative method to identify good BranchVertices and ad them into the Re-
quiredSubgraph to become the Stargraph, we experimentedtiwinding good Start-
graph using randomization. Algorithm 4 gives the pseudo-de of our Randomized
Iterative CSP algorithm. A user speci es the number of randmization needed as
R. The algorithm initializes the Startgraph with the RequiréSubgraph. It runsR
times IterativeCSP algorithm from the Startgraph and each itne with a random-
ized order of user selected vertex pairs. ThR solution sub-graphs are saved to
G[1] to G[R]. Then a new Startgraph is computed from the intersection ahe R
solution sub-graphs. Finally, the algorithm evokes anotheround of IterativeCSP
with the new Startgraph from the intersection operation anda randomized order
of user selected vertex pairs. The intuition behind this rashomized approach is as
follows. The processing order and the Startgraph a ect themimality of the sub-
graph algorithm. Therefore, we use randomized processingler to generate a set of
sub-graphs to avoid the greediness of a particular procasgiorder. The intersection
of these sub-graphs is a set of vertices and edges that aresljkto appear in the
solution sub-graph for another round of randomized computian. Therefore, we use

these vertices and edges as the Startgraph for the computati and obtain our nal
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Vertex | Edge | Time
CORE | 9,396| 41,559 25.]
DSG 1,597 2,368 26.¢
RCSP | 1,439 2,087 26.¢
ISA 1,403| 2,138 26.]

Table A.1: Comparison between di erent sub-graph algoritms

solution.

A.3 Comparison to the Iterative Sub-graph Algo-

rithm

Finally, we compare these two algorithms to our Iterative Sorgraph Algorithm on
a database motion graph we were using when developing thedgoathms. The
test database motion graph contains 26,501 vertices and 1874 edges. The user
selection contains 427 frames from 9 motion segments. We exmented under
Requirement 1 with = 40 frames. Table A.1 shows the comparign in terms of
vertex size (the \Vertex" column), edge size (the \Edge" calmn) and the average
transition time between all the user selected frames (the iime" column). The rst
row is graph CORE, the second row is the sub-graph computeding the Directed
Steiner Graph approach (DSG), the third row is the sub-grapltomputed using the
Randomized IterativeCSP approach (RCSP) and the last row ihe sub-graph from
our ISA algorithm. Our ISA algorithm returns the smallest vetex size and a good
average transition time. The Directed Steiner Graph apprazn is time consuming. Its
optimality is limited by the time complexity of the DST algorithm. In order to obtain
a solution in a reasonable time, we can only set the recursitaveli to 2. As a result,
the Directed Steiner GraphGg is not an optimal Startgraph for the later Iterative CSP

algorithm. The Randomized IteratitveCSP approach achiegemuch better result,
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but the computation time of the IterativeCSP using randomied order is much longer
than the descending order (Table 5.3). Therefore, our Iteti@e Sub-graph Algorithm
e ciently computes a good approximation solution to our aubmatic motion selection

problem.
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