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Abstract

Realistic and directable humanlike characters are a continuing goal
in animation. Motion graph data structures hold much promise for
achieving this goal. However, the quality of the results obtained
from a motion graph depends on properties of the graph that may
be difficult for a user to control. This paper presents an approach to
evaluating and tuning a motion graph data structure for a user’s par-
ticular application. One key to evaluating a motion graph isto first
embed it into the task domain. The goal of embedding the graph
into the task domain is to capture all possible paths that might re-
sult from “playing back” the motion graph within the given envi-
ronment. This paper describes an algorithm for accomplishing this
embedding that is computationally efficient and also has theadvan-
tage of preserving the flexibility of the original motion graph. We
then define an evaluation criterion on this embedding and describe a
technique for tuning the motion graph based on this criterion. These
techniques can assist the user in selecting an appropriate set of mo-
tion clips, adapting them for a given task, and answering theques-
tion of when sufficient motion is available for an application.

CR Categories: I.3.7 [Computer Graphics]: Three-Dimensional
Graphics and Realism—Animation

Keywords: animation, motion capture, motion graphs, evaluation

1 Introduction

One of our goals is to make realistic animation of human motion ac-
cessible to a broad range of users. Motion graphs have a particular
appeal—the ideal vision is that a user can load a set of motionclips,
automatically generate a graph structure, and instantly begin to di-
rect the character using intuitive interfaces such as mousegestures,
full body demonstration, or specification of a set of constraints that
should be satisfied.

However, the reality is often very different, and results obtained
using such a system depend on many parameters. For example,
consider the question of how much motion data to include in a mo-
tion graph. Including an excessively large amount of data can result
in long computation times to construct the graph and to search for
paths that meet user objectives. Insufficient data results in a char-
acter with limited capabilities; if the motion is inadequate, there
may be important parts of the task domain that the character cannot
reach. Another potential flaw is lack of variability in the charac-
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Figure 1: (Left) One of our test environments. (Right) Embed-
ding our motion graph into this environment tells us what areas the
character can and cannot reach. Here, areas that the character can
reach are marked in various shades of grey. Black areas cannot be
reached by the character given this motion graph. The green line
traces a random walk through the embedded graph.

ter’s behavior. For example, there may be only a single clip that
allows the character to jump a large stream; if the characterper-
forms this same motion many times, its behavior will begin toseem
overly scripted or robotic. A variety of tools have been developed to
help the user annotate and edit a motion database to improve results
(e.g., [Arikan et al. 2003] [Gleicher et al. 2003]). However, eval-
uating and tuning character capabilities is still substantially a trial
and error procedure, especially for users who are less experienced
with motion graph data structures.

This paper describes a set of techniques that complement exist-
ing editing tools by providing a means to evaluate and tune char-
acter performance within a specific task domain. Evaluationand
tuning are greatly simplified by embedding the motion graph into
the task domain, because this embedding places the motion graph
in a global reference frame and can reveal the extent to whichthe
character will be capable of interacting with objects, avoiding ob-
stacles, and achieving task goals within its environment. Section 3
describes aresolution complete technique for accomplishing this
embedding. In other words, given infinitely fine resolution,all pos-
sible paths would be represented. As a result, our algorithmhas
the advantage that it preserves the flexibility inherent in the orig-
inal motion graph. Section 4 then describes how weak points of
the graph can be identified based on a local measurement of motion
variability. It also describes how the embedded graph can bepruned
in a way that maintains variability in the motion.

For example, Figure 1 shows some results for a motion graph
constructed from motion clips that include walking and stepping
over an obstacle. For our motion graph and environment, the fig-
ure on the right displays all of the regions that can be reached by
the character. The lighter regions contain greater variability in the
motion, where variability captures the number of ways in which the
character can enter and depart from a given region.

2 Background

This work draws on research combining the use of human motion
capture data with path planning. One approach that has been used
to combine motion data with planning is to plan a trajectory in the
low dimensional task space and then add motion detail to thattra-
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Figure 2: A motion graph may be constructed using a reference
frame local to the character to preserve flexibility in the character’s
motion. However, driving the character through this motiongraph
in an environment with obstacles can result in dead ends thatmight
be encountered by a local planner.

jectory (e.g., [Shiller et al. 2001], [Pettré et al. 2003]). Kuffner
and his colleagues [Koga et al. 1994], [Kuffner et al. 2002] and
Kalisiak and van de Panne [Kalisiak and van de Panne 2001] have
also applied probabilistic planning techniques directly in the high
degree of freedom configuration space of humanlike characters and
humanoid robots by identifying a set of contact conditions or poses
that help to constrain the search space. These algorithms are most
applicable when the character or robot is free to move withinits
workspace. We assume that our characters are not completelyfree
to move within their workspace, but are instead constrainedto fol-
low prerecorded motion segments that are connected to form amo-
tion graph.

Motion graphs have been a topic of intense investigation in
the past few years (e.g., [Molina-Tanco and Hilton 2000][Lee
et al. 2002][Kovar et al. 2002a][Arikan and Forsyth 2002][Li et al.
2002][Kim et al. 2003][Arikan et al. 2003]). Motion graphs are of-
ten used in situations where the user has high-level controlover the
character’s motion, and it can be convenient to construct them with-
out reference to a particular environment. Expressing position and
orientation of the character in a local reference frame thatwill be
later mapped into the environment provides the flexibility needed
to use a small collection of motion drawn from a confined capture
area to direct the character through a large task space.

If character motion is driven by a local planner, however, the
position of the character with respect to any obstacles in the envi-
ronment becomes important. In particular, obstacles can cause local
planning techniques to encounter dead ends when the motion graph
is constructed in a local reference frame, even when the motion
graph forms a single strongly connected component (SCC) (Fig-
ure 2).

An alternative approach to using a local reference frame forthe
character root is to embed the motion graph into the task domain.
Finding an SCC within this embedding completely eliminatesdead
ends due to static obstacles. Work in this area has been pioneered
by Lee and his colleagues in two different approaches [Lee etal.
2002][Choi et al. 2003]. In the first approach, the authors build the
original motion graph using a coordinate frame fixed to the environ-
ment, which allows them to capture interaction with a stepstool and
playground within a constrained area of motion [Lee et al. 2002].
Using a fixed coordinate frame has the advantage that motionswill
always be correctly oriented toward the objects in the environment
and physical interactions with those objects will appear plausible.
However, this approach greatly reduces flexibility in reusing the
motion capture data, because even a motion that does not involve
interaction with the environment is tied to the location at which it
was originally captured.

In the second approach, Choi, Lee, and Shin [Choi et al. 2003]
show how a motion graph can be embedded into the task domain
by essentially “unrolling” the motion graph onto a “roadmap” con-
structed in the task domain. (See Kavraki and Latombe [1998]for
an excellent description of path planning using roadmaps.)This
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Figure 3: Example of forming links for an embedding. The task
domain is horizontal position (x,z), and three motion segments are
shown (A, B, and C). Links from element[7,1,A] are formed by
looping over all segments that follow from A and finding the foot-
print of destinations that can result from small modifications of the
original motion.

approach has the advantage of producing even coverage of thetask
domain and can lead to very fast planning at runtime. However, it
again reduces flexibility in how the original captured motion can be
used, because the roadmap contains an embedding of only a small
subset of the original motion graph; a single motion clip is associ-
ated with each edge of the roadmap.

Our first contribution over this previous work is to show how
anentire motion graph can be embedded into a task domain. Em-
bedding the entire graph into the task domain allows us to preserve
both types of flexibility mentioned above: (1) the ability toreuse
the same motion clip in different parts of the task space and (2) the
ability to choose among different sequences of motion clipsto tra-
verse the same part of the task space. To make this process tractable,
we use a grid-based approach (Section 3). Grid-based approaches
have been employed in robot path planning (e.g., [Lozano-P´erez
and O’Donnell 1991] [Latombe 1991] [Donald et al. 1993]), but
these algorithms are designed to achieve a different objective: find
a single good path for the robot to move from start to goal.

The second contribution of this paper is to describe some ways
in which the embedded graph can be used to evaluate a charac-
ter’s capabilities and to tune the graph for improved runtime per-
formance (Section 4). The primary evaluation criterion used in this
paper is variability, a local measure of the number of alternative
paths that can be taken through a region of the task domain. A
number of researchers have developed models of variabilityin mo-
tion (e.g., [Pullen and Bregler 2002][Rose et al. 1998][Brand and
Hertzmann 2000]). These models either separate style from motion
content ([Rose et al. 1998][Brand and Hertzmann 2000]) or pro-
vide a statistical model of motion detail that can be appliedto an
initial sketch of the motion ([Pullen and Bregler 2002]). However,
variability models in these papers are developed with the goal of
creating appealing motion, not to evaluate an existing motion set as
in the current paper.

Finally, we mention the work of Gleicher and his colleagues to
develop tools for editing motion graphs [Gleicher et al. 2003]. Our
work shares their goal of improving graph utility, for example to
create poses that are “hubs,” having a large branching factor. Our
algorithms could assist the user in evaluating the utility of adding
new motions to increase character capabilities or the utility of rear-
ranging the graph by making different hub choices, for example.

3 Embedding into the Task Domain

One insight of this paper is that a motion graph data structure can
be more easily evaluated once the entire motion graph has been em-
bedded into a task domain. We assume the task domain to be the
static portion of the character’s environment. For a simplenaviga-
tion task, for example, the task domain is three dimensional. The



character can move about on the ground plane and can be oriented
in different directions about the vertical axis.

We also assume that the motion graph has been captured without
reference to a particular environment, although it may contain mo-
tions, such as jumping, stepping, or climbing over an obstacle, that
can be transferred to different situations. Embedding, then, cap-
tures the interaction of the character with a particular environment.
Embedding the motion graph into the task domain for a naviga-
tion task, for example, captures the character’s location relative to
obstacles in the environment and maps motions into specific task
situations. For example, stepping motions in the motion graph used
in Figure 1 become associated with crossing the blue obstacle in
Figure 1.

The high level idea is to capture all of the ways in which the
motion graph could be “unrolled” into the environment. In other
words, starting from anywhere in the task domain and following
paths in the motion graph, where could the character travel,and
what is the character be capable of doing? The task domain is a
continuous space, and so expressing all paths is not in general pos-
sible. However, this effect can be approximated using a gridbased
approach. Section 3.1 describes an efficient way to unroll a motion
graph into a grid that has been placed over the task domain.

Simply unrolling the motion graph into the task domain is not
sufficient, however. Our goal is to obtain a connected graph of fi-
nite size within the task domain through which the charactercould
wander indefinitely. To achieve this goal, we need to identify situa-
tions where the unrolled graph connects back onto itself—inother
words, situations where the character returns to exactly the same
state. For this to happen, the character must return to the same node
in the motion graph at the same location in the environment. In a
continuous task domain, this situation would generally never arise.
To force this situation to arise, we force the motion segmentend-
points onto grid centers; each motion segment must originate and
terminate at the center of a grid point.

Forcing motions to originate or terminate at grid centers requires
some editing of the motion capture data. If sufficient editing is al-
lowed, then a single segment may reach more than one grid center.
In other words, each motion segment would connect to a “foot-
print” of destinations. To compute this footprint, we must model
the amount that a given motion segment can be edited. How to
model this allowable error is not yet well understood. Ideally, this
model would capture editing operations that would have little ef-
fect on the user’s perception of the motion (e.g., see [Reitsma and
Pollard 2003]). In practice, we use a very simple model, where this
footprint size is a linear function of the distance that the character
travels.

3.1 One-step Unrolling into a Finite Space

Given the assumptions described above, embedding an entiremo-
tion graph into a task domain can be accomplished by (1) perform-
ing a one-step unrolling process at each grid element, (2) locally
forming links between incoming and outgoing nodes, and (3) iden-
tifying the largest strongly connected component (SCC) within the
resulting collection of links.

The one-step unrolling process forms all possible links outof
each grid element. Figure 3 illustrates this process. The figure
shows a simple task domain that is represented by two position co-
ordinates,x andz. Grid elements are indexed by their(x,z) position
and by incoming motion clip. The figure shows portions of the task
domain for three incoming clips:A, B, andC. The highlighted ele-
ment, for example, is located at an(x,z) position of(7,1), and only
motion clipA can enter this element.

To form all possible links out of a grid element, we first identify
outgoing motion segments by examining the original motion graph.
If we assume the motion graph in Figure 2, then incoming motion

segmentA can link to outgoing motion segmentsB andC. One-
step unrolling from grid element[7,1,A], then, will involve forming
links from that grid element to grid elements within the footprints
formed by playing motion clipsB andC from the starting point
(7,1). The resulting links are shown in Figure 3.

Note that repeating this process just once for each grid element
results in forming all possible links in the graph. All starting co-
ordinates, all motion clips, and all of the editing variations that we
model are considered. We also mention that although the charac-
ter is only able to enter the highlighted grid element in Figure 3
along motion segment A, this grid element may have many incom-
ing links at the end of the one-step unrolling process. The character
may be able to enter grid element[7,1,A] by playing motion seg-
ment A from several different locations, especially if the footprint
of A is large.

After the one-step unrolling process has been performed forall
grid elements, we find the largest SCC in the directed graph [Cor-
men et al. 2001]. This SCC is the desired embedded graph.

3.2 Constraint Checking

Many links will not be possible due to collisions with obstacles in
the environment or other constraint violations (e.g., attempting to
walk across a chasm). Constraint checking is done at the timethe
links are formed. We do not process grid elements where the char-
acter would collide with obstacles, because these locations cannot
be part of the embedded graph. Similarly, links that terminate at
grid elements that result in collisions are culled immediately. For
links that pass this initial test, the entire path represented by each
link is checked for collsions and other constraint violations. In Fig-
ure 3, if there is a wall blocking all of the outgoing links (asshown
in Figure 2), these links will be removed from the graph at this time.
Finally, an SCC is computed from links that remain.

We have implemented just two types of constraints in our ex-
amples. The first is to force the character to avoid obstacles. The
second is an annotation constraint, where the environment is anno-
tated to indicate regions where a specific type of motion should or
should not be performed. This is the constraint type that wasused
to map stepping motion to the blue obstacle. This same procedure
could also be used for more freeform annotations, such as placing
a particular dance move only in front of the judges.

3.3 One-step Unrolling into Tiled Spaces

Figure 1 shows a confined space. However, the algorithm is also
applicable in open spaces, or any other space that can be regularly
tiled. Whenever a space can be tiled, the embedding algorithm is
run on a single tile, and edges are allowed to wrap around and back
onto that tile. For example, open space can be treated by selecting
a reasonably sized rectangle and treating this rectangle astopologi-
cally equivalent to a torus.

The implementation for tiled spaces is straightforward. When
the one-step unrolling process shown in Figure 3 is run, eachlink is
checked to see whether it crosses a tile boundary. If so, destination
grid indices are recomputed modulo the tile size. We store both the
original destination and the “wrapped” destination to makeit easy
to properly align the motion clips as the character travels through
the tiled environment.

3.4 Correctness of the Embedding Algorithm

Our embedding algorithm is resolution complete in the sensethat a
sufficiently fine grid will capture all significant variations in char-
acter paths that are possible given our motion graph, task domain,
and footprint model. However, at practical grid resolution, some
possible paths will be lost. Figure 4 shows an example. Consider
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Figure 4: In our grid-based algorithm, the origin and destination
of each motion segment is snapped to the centers of grid elements
based on the footprint of acceptable edits to the motion segment.
This figure compares how growth in the theoretical footprintof ed-
its compares to the footprints actually used in the grid-based algo-
rithm.

a straight walking motion that can repeat. Figure 4 comparestwo
steps of computing a grid based footprint to the theoreticalfootprint
after two steps. Some of the acceptable paths within this area are
dropped when forcing the one-step path to the grid center. Asthe
grid becomes finer, the amount of animation time that must elapse
before the algorithm eliminates theoretically possible paths through
the gridded task domain will increase.

The embedding algorithm can be made conservative by making
connections only to grid centers within the footprint. If the algo-
rithm is implemented in this way, no paths can be generated that
are not possible given the motion graph, task domain, and footprint
model.

We chose to use a slightly different approach, however, and al-
ways snap the end of a motion segment to the nearest grid center, re-
gardless of whether that center is in the interior of the footprint. Our
approach preserves the connectivity of the original motiongraph.
However, if footprint size is small compared to grid size, itcan
introduce paths that are not possible given our model. To avoid
introducing such paths, grid resolution should be kept sufficiently
small that all footprints will contain at least one grid point.

4 Evaluating/Tuning the Embedded Graph

We would like to use the embedded graph to identify weak points in
the set of character capabilities. If weak points are found,additional
motion or more forgiving criteria for selecting allowable transitions
are needed.

One way in which an embedded graph can show weak points is
that it may contain areas that the character cannot reach at all or can
reach in very few ways. To capture this notion, we propose a local
measure of variability that expresses the number of paths through a
grid element as follows.

For task coordinatesp and motion segmentc, let incoming(p,c)
count the number of links that play back motion segmentc and
terminate at task coordinatesp. Similarly, letoutgoing(p,c j) count
the number of links that play back motion segmentc j and leave
from task coordinatesp. Then variability can be expressed as

clipVar(p,c) = incoming(p,c)∗

(

∑
c j∈c.children

outgoing(p,c j)

)

(1)
variability(p) = ∑

c∈C
clipVar(p,c) (2)

whereC is the complete set of motion segments andc.children con-
tains clips that follow fromc in the original motion graph. The ex-

pression for clip variability is the product of the number oflinks
entering the grid element indexed byp andc with the number of
links leaving that same grid element. The expression for variabil-
ity is the sum of clip variability measures over all motion segments
and captures the number of different ways in which the character
can pass through task coordinatesp.

We use the termcoverage(p) to indicate whether the character
can reach a locationp in the task domain at all. In other words,

coverage(p) = variability(p) > 0 (3)

A motion graph will have good coverage ifcoverage(p) is true for
a large percentage of pointsp within the task domain.

Coverage and variability can easily be visualized for low dimen-
sional spaces. In higher dimensional spaces, a brushfire algorithm
such as that used by Lengyel and his colleagues [1990] for fast path
planning can be run on the grid that has been placed over the task
domain in order to identify large areas that the character cannot
reach at all or that have unacceptably low variability.

In many situations, sufficient motion is available, and a more
pressing problem is to prune the embedded graph to a managable
size for efficient planning. We propose a greedy local technique
for pruning the graph that is simple, fast, and effective in practice.
This local approach considers each set of task coordinatesp inde-
pendently and selects only thek best grid elements to preserve at
p. The goal is to prune nodes that contribute least to the variability
at p. By pruning nodes with the smallest number of connections,
we hope to create a graph where all of the nodes can be reached in
many ways.

For example, if we wanted to keep only the single best node at
coordinatesp, we would keep the grid element indexed byp and
motion clipcm(p), with

cm(p) = argmax{clipVar(p,c) : c ∈C} (4)

All other nodes associated with pointp, along with their corre-
sponding incoming and outgoing links, would be pruned from the
graph. The strongly connected component algorithm would then be
rerun to extract a new SCC from the pruned graph.

5 Results

Our primary test scene is a cluttered environment through which the
character must navigate. Figure 1 shows a three-dimensional view
of the environment and an overhead view of a random walk through
the embedded graph. In this example, we consider the task domain
to be three-dimensional, including the position of the character on
the ground plane and its orientation about the vertical axis. The size
of the room was 7m by 8m. The room was divided into grid ele-
ments with a resolution of 12.5cm, and a grid spacing of 15 degrees
was used for the character’s orientation about the verticalaxis.

We began by forming a motion graph in the character’s lo-
cal reference frame. The motion set for this graph was 23 mo-
tions downloaded from the CMU motion capture database (mo-
cap.cs.cmu.edu). These motions included walking, walkingwhile
turning, and stepping over an obstacle. These motions were rela-
tively short clips and the total amount of motion was approximately
77 seconds. Costs for transitions between motion segments were
computed using the technique of Lee et al. [2002]. The map of tran-
sition costs was then processed to identify local maxima andto en-
force a user-specified minimum clip length. When identifying tran-
sition locations that were local maxima, we used an objective func-
tion that attempted to preseve the largest possible number of con-
nections to other motion segments, with each connection weighted
by goodness of the transition; our goal was to preserve as much flex-
ibility in the character’s motion as possible. Enforcing a minimum



Figure 5: (Left) Variability of the graph after local pruning from 55
clips to 16 clips. (Right) Local pruning to 4 clips.

Figure 6: Global pruning by keeping motion segments having max-
imum variability when integrated over the entire task spaceis much
less effective than local pruning. (Left) Variability when36 clips
remain. (Right) Variability when 8 clips remain.

clip length reduced some flexibility, but was important for keeping
the number of links in the resulting motion graph small. Keeping
the motion graph small reduced both memory use and computa-
tion time for the subsequent embedding process. Forming a motion
graph in the character’s local reference frame on our motionset
resulted in an SCC with 55 nodes and 147 links. When playing
back the motion, transitions between motion clips were smoothed
by using quaternion splines to gradually close the gap formed at the
transition point. No other cleanup was done in our examples.Most
notably, we did not fix footskate artifacts, although that could easily
be done as a postprocessing step (e.g., [Kovar et al. 2002b]).

The motion graph in the character’s local reference frame was
then embedded into the task domain as described in Section 3.The
code was written in Java, and run on a 2.2GHz Xeon computer with
1.8GB of memory allocated to the Java executable at runtime.Sim-
ple collision checking was done by giving the character a uniform
radius in the horizontal directions. The embedded graph had198K
nodes and 1.47M links, and required approximately 30 minutes to
compute.

Local pruning as described in Section 4 can be used to reduce
the size of the embedded graph to reduce storage or to speed plan-
ning. Figure 5 shows results after links with lowest variability were
removed. The left figure shows variability for the embedded graph
after each task coordinatep has been pruned from 55 incoming mo-
tion segments to 16 motion segments. The right figure shows results
after pruning to 4 incoming motion segments. Nodes were pruned
from 198K to 150K and 53K respectively, and links were pruned
from 1.47M to 1.15M and 404K respectively. Compare these fig-
ures to that on the right of Figure 1, where all 55 incoming motion
segments were retained.

We note that variability could also be used to do global pruning.
In other words, we can identify the motion segment that has the
lowest variability when integrated over the entire task domain and
remove that motion segment completely from the database. Doing
global pruning in this manner, however, does not produce good re-
sults, because motion segments that are important for connecting

Figure 7: Variability for two separate character orientations. (Left)
The character is facing the left side of the figure. (Right) The char-
acter is facing the right side of the figure. Areas where the shading
is brighter in the left figure than the right figure, for example, are
areas where the character has more motion choices when facing left
than when facing right.

Figure 8: Areas from which the character can reach the area be-
yond the step in a given amount of time. (Top, left) 2 seconds.
(Top, right) 3 seconds. (Bottom, left) 5 seconds. (Bottom, right) 7
seconds.

parts of the space but are only used in selected regions of thespace
will be pruned too early. Figure 6 shows that when there are still
36 incoming motion segments remaining, the stepping motionhas
been lost; the character cannot cross the blue obstacle. With 8 seg-
ments remaining, the SCC is reduced to a very small area around the
pillars. Compare these results to the good coverage resulting from
local pruning when only 4 incoming motion segments are main-
tained per grid point (Figure 5 right).

Although a two-dimensional display is used in our figures, the
task domain is three-dimensional and includes character orienta-
tion. Specifically, Figures 1, 5, and 6 are projections onto the(x,z)
plane of 24 slices at separate character orientations. The projection
is done as a sum; variability for all orientation slices is added to
produce the grey levels shown in the figures. Individual orientation
slices can be examined for more information, however. Figure 7
shows two orientation directions, where the character is facing to
the left and right sides of the figure. Examining these figureshigh-
lights some asymmetries in the motion. From these figures we can
expect that there will be more motion choices for the character to
walk clockwise through the lower left hand corner of the environ-
ment than for it to walk counterclockwise.

The embedded graph is a useful data structure for making spe-
cific queries about a character’s capabilities. To evaluatea motion



Figure 9: (Left) The character is following a random path through
a motion graph that has been embedded into an environment tiled
with a repeating pattern. (Right) Variablity for a single tile. The
random path wraps around from left to right, bottom to top, then
right to left.

Figure 10: Additional examples. (Top) The character is following
a random path through an s-shaped environment. (Bottom) The
character must step over the blue obstacles to reach different parts
of the space.

graph for game play in a basketball game, for example, it may be
interesting to see from where the character can make a layup within
three seconds. As a simple illustration of this idea, Figure8 shows
areas from which the character can enter the top region of thetest
environment within 2, 3, 5, and 7 seconds. Within 7 seconds the
character is able to cross from the upper region into the lower re-
gion, turn around, and return to the upper region.

Large open spaces or spaces that repeat with a relatively com-
pact pattern can easily be accommodated. Figure 9 shows coverage
over a rectangle that can be tiled to cover as much space as neces-
sary. The rectangle has the topology of a torus. Motion that sends
the character off the top side of this rectangle, for example, wraps
around to enter the bottom side of the rectangle. In this example,
the tile size was set to 6m by 6m and grid resolution was 15cm by
15cm by 15 degrees.

Figure 10 shows variability for some additional examples. The
first is a walk through an s-shaped hallway, and the second contains
two obstacles over which the character must step. Note the asym-
metries in the second example. The bright areas on the left hand
side correspond to motions where the character is facing toward the
top of the figure. The bright areas on the right hand side corre-
spond to motions where the character is facing toward the bottom
of the figure, suggesting as in Figure 7 that there may be a tendency

toward clockwise motion.

6 Discussion

This is to our knowledge the first attempt to quantify the effective-
ness of a motion graph data structure for a particular application.
Embedding a motion graph into the task space allows us to identify
weak points that arise when applying the motion graph to the given
task. We showed how a local estimate of variability can be used to
tune a motion graph so that its content and size are more appropri-
ate for a given task. The embedded and tuned motion graph could
be used for efficient planning of character motion at runtime.

In terms of limitations, the algorithm is best suited for tasks
of low dimension, environments that can be tiled, or highly con-
strained environments. Low task dimension is important because
the number of possible grid elements scales exponentially with
task dimension. Fortunately many tasks—locomotion tasks in
particular—do have this property of low dimensionality. Environ-
ments that can be tiled fairly compactly, such as open space or the
environment in Figure 9, have relatively low overhead, as the graph
need only be embedded into a single tile. Highly constrainedenvi-
ronments are useful because they allow many potential linksto be
pruned early in the embedding process. For example, adding the
step obstacle in the example shown in Figure 1 resulted in an em-
bedded graph with 33% of the nodes and 18% of the links of the
graph embedded into the same environment but without the step
obstacle.

The algorithm scales linearly with the number of links in the
original motion graph, due to the time required to complete the one-
step unrolling process shown in Figure 3 and to find the resulting
SCC. (Unrolling is the most time consuming part of the algorithm,
although it would be very easy to parallelize.) Right now, wecan
handle motion graphs having a few hundred links for environments
of the size and complexity shown in this paper before we hit mem-
ory limitations. Motion graphs of this small size may be sufficient
to obtain good performance for characters engaged in game play,
navigation, or other focused activity. To capture a broaderspec-
trum of motion or many subtle variations on motion, variations to
this approach will be needed. A strategy of creating separate em-
bedded SCC’s for each distinct class of behavior and then forming
connections between those SCC’s as in the work of Kovar and his
colleagues [2002a] may be helpful to reduce the size of the mo-
tion graph that must be considered at any one time. A hierarchical
approach based on clustering motion clips and operating on repre-
sentative clips within each cluster similar to that of Arikan and his
colleagues [Arikan et al. 2003] would also be interesting toexplore
for better scalability with respect to motion graph size.

The algorithms presented in this paper are appropriate for the
portion of the task domain that is static. However, we note that
good coverage and variability within the static portion of the en-
vironment are a necessary condition for good performance when
dynamic objects are added.

Evaluation and tuning of the embedded graph is a rich domain
for further investigation. Coverage and variability are convenient
estimates of the character’s performance because they are local;
they are fast to compute and scale well with complexity of the
graph. In addition, they directly provide useful information about
serious problems with a data set, such as inability to achieve cer-
tain goals within a task domain. However, there are many desirable
aspects of a well-tuned motion graph that local metrics cannot cap-
ture. Even if variability is good, for example, the embeddedgraph
may contain awkwardly long paths where the character appears to
take “the long way around.” It also might have poor “balance”in
the sense of having more left turns than right turns, for example.
One area of future work is to explore better ways to estimate link



utility and to perform evaluation and tuning based on more global
metrics.

We would also like to consider more complex questions and task
domains. Tasks such as climbing, which require dealing withmore
complex landscapes, should be straightforward to handle. For mo-
tions such as dance, consideration of the different motion types will
be important. For example, if ballet motions are captured individ-
ually or in short sequences, will the resulting motion graphallow a
full range of dance behavior on a small virtual stage?

The primary competition to our approach may be evaluation
based on a controllability argument. In robotics, controllability is
the ability to get from any state to any other state in a finite num-
ber of steps [Luenberger 1979]. Controllability is often evaluated
based on local reasoning (e.g., the ability to move in any direction
at any time). Kovar and his colleagues [2002a] illustrate something
of this concept by having the character trace out complex paths on
the ground plane. If this concept could be formalized, it could allow
an alternative evaluation of character capability for a given motion
graph data structure. An approach that relies on local analysis has
the potential to provide more general results, and we are interested
in exploring this option further.

One of our longer term visions is to use tools such as these to
direct a motion capture session. In some motion capture scenarios,
the talent is only available for a short period of time. It is impor-
tant to collect all of the motion that will later be necessary. Imagine
monitoring the motion database as it is being collected, evaluating
the intermediate results for an intended task, and suggesting new
motions that should be obtained to fill in any gaps (e.g., by extrap-
olating from existing motions).

Finally, we note that the evaluation and tuning algorithms de-
scribed in this paper could even be applied to alternative techniques
for generating motion. For example, a character controlledby a
procedural algorithm could be run through its repertoire ofactions,
either systematically or by hand (i.e., under interactive user con-
trol). The resulting motion could be treated as motion capture data,
embedded into a task domain, evaluated, and tuned to consider how
the character might operate in that domain.

In summary, the techniques shown here provide a way to eval-
uate a character’s capabilities that is more sound than the trial and
error approach commonly used, and also provide additional benefits
such as the ability to fine tune a data structure for desired coverage,
variability, and graph size to improve runtime performance.
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