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Abstract

Obtaining high quality, realistic motions of articulated characters is both time-
consuming and expensive, necessitating the development of effective and easy-to-
use tools for motion editing and reuse. We propose a new simple technique for
generating constrained variations of different lengths from an existing captured or
otherwise animated motion. Our technique is applicable to textural motions, such
as walking or dancing, where the motion sequence can be decomposed into shorter
motion segments without an obvious temporal ordering among them. Inspired by
previous work on texture synthesis and video textures, our method essentially
produces a re-ordering of these shorter segments. Discontinuities are eliminated
by carefully choosing the transition points and applying local adaptive smoothing
in their vicinity, if necessary. The user is able to control the synthesis process by
specifying a small number of simple constraints.
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Chapter 1

| ntroduction

High quality motion control of articulated figures is one of the most challenging
tasks in computer animation. Such motion may be specified manually by skilled
animators with the aid of sophisticated software tools, generated using simulation,
or captured using optical or magnetic tracking. All of these creation processes can
be tedious, time-consuming, and expensive. Therefore, there is a real need in a
variety of easy-to-use and effective tools for motion editing and adaptation in
order to facilitate motion reuse.

In this work we describe a new tool for generating constrained variations of differ-
ent lengths from an existing captured or otherwise animated textural motion. By
this term we refer to motion which can be regarded as a stationary signal at some
scale. Informally, textural motion is decomposable into segments whose duration
is typically small with respect to that of the entire motion, such that by looking at
any given segment it is impossible to say which part of the motion it came from?.

Many human motions are either entirely textural, or have large textural parts. One
example is walking, since it can be decomposed into single step cycles, which
can typically be re-ordered without making a noticeable difference to an observer.
Dancing is another, more interesting example. A dance sequence can often be
decomposed into short choreographic elements which may be re-ordered to yield
a different sequence that would still look like a natural dance sequence to an ob-
server. A pole vaulting sequence, however, is non-textural since it does not consist
of elements that could be re-ordered.

10ur definition of textural motion resembles that of a quasi-periodic signal, but it is slightly
more general, since we do not require the motion elements to be similar to each other.



Our tool has many possible applications. Using an existing library or relatively
short motion sequences, an animator can use our technique to generate a much
larger variety of motions, subject to animator-specified constraints. An existing
motion can be made longer, or transformed into a loop by placing an identical
constraint at the beginning and at the end of the synthesized motion sequence. A
group of characters may be easily animated by assigning each character a variation
of the same single captured motion. A motion may be fine-tuned to a new script
or adapted to a new soundtrack by appropriate placement of a small number of
constraints. In all of these tasks we do not attempt to modify the motion’s style or
alter any other high-level characteristics; quite the contrary, we attempt to remain
as close as possible to the input motion sequence.

Our approach is inspired by previous work on texture synthesis [3, 9, 27] and video
textures [25]. Given a motion sequence and a small set of simple constraints, we
essentially produce a re-ordering of short segments present in the input sequence
that satisfies the specified constraints. Such a reordering inevitably introduces
discontinuities into the synthesized motion. To eliminate these discontinuities we
find transition points at which the magnitudes of the discontinuities are minimized
and apply an adaptive smoothing scheme in their vicinity.



Chapter 2

Previous Wor k

2.1 Signal processing techniques

In the past few years the problem of editing and reusing existing motion has at-
tracted considerable attention. Several researchers explored ways of modifying
motion by means of signal processing techniques. This approach may be used to
generate entire families of realistic motions from a single input sequence with a
small amount of input from the animator.

Bruderlin and Williams [6] build a Laplacian pyramid of all degrees of freedom
(DOF’s). In this representation each frequency band can be manipulated sepa-
rately to change the motion in an interesting way. They have also experimented
with blending and displacing a motion sequences.

Witkin and Popovi¢ [29] introduced “motion warping”, a technique which takes
motion-captured (mo-cap) data and a few key-frame constraints to create a new
motion that passes through a motion warp of these key-frames and blending of
given motion clips from the mo-cap data.

Unuma et al. [26] used a Fourier series expansions of the data. They smoothed,
interpolated, extrapolated, and found transitions between motions. They also ex-
tracted the “mood” or characteristic behavior of the character, such as tiredness,
etc.

All of these methods require a great deal of manual work from the animator. The
results do not always looks realistic and these methods do not support hard con-
straints. Our approach is complementary to these techniques: we also provide a



tool for easily generating variations from a given motion, but we operate by es-
sentially “reshuffling” the input sequence, rather then applying signal processing
operations on it.

2.2 Constraint-based motion editing

Another relevant and powerful paradigm is constraint-based motion editing. A
survey and comparison of such methods, which may be used to alter existing
motions so as to satisfy a set of spatial or geometric constraints, is provided by
Gleicher [12]. In particular, much work has been done by Gleicher and co-workers
on retargeting motion to new characters [11], motion adaptation [14], and motion
path editing [13], as well as by Lee and Shin [19] on interactive motion editing.
Other notable representatives of this paradigm are spacetime constraints methods
[7, 10, 28], which satisfy constraints by optimizing over an entire motion.

All constraint-based motion editing methods employ inverse kinematics solvers
and often involve constrained non-linear optimization. Such methods also require
the animator to specify a large set of constraints, such as constraints for the foot
to touch the ground at each time slot. Our approach employs neither of the above,
operating in a fundamentally different manner. It is not intended to be as general
or as powerful as these methods; rather, it is a simple-to-use and fast alternative
for editing textural motions. Again, we see it as a complementary tool, rather than
as a replacement for any of these methods.

2.3 Style machines and video textures

Brand and Hertzmann [5] introduced style machines, probabilistic finite-state ma-
chines augmented by a multi-dimensional style variable. A style machine is con-
structed using unsupervised machine learning from a training set of several mo-
tion capture sequences. The learning process automatically separates between the
structure of a motion (its choreography) and its style. Once a style machine has
been learned, it is possible to change a style of a given new motion, assuming it
consists from the same set of structural elements. It is also possible to generate
an entirely new motion from a style machine by specifying the choreography as
a reordering of the machine’s state sequences and choosing values for the style
variables. The reordering can be performed by an animator, or generated using
a random walk. A similar, although somewhat less sophisticated approach was
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independently developed by Bowden [4].

Style machines are an excellent high-level tool for motion editing and reuse. How-
ever, they do not provide an animator with low-level, fine-scale control, such as
the ability to specify hard constraints: *“I want the character to reach the highest
point of its jump exactly at time t”. In practice, both high-level and fine-scale con-
trols are necessary for effective motion editing. For example, an animator could
take a dance sequence and change its style using a style machine, and then fine-
tune the timing of the choreography by feeding the restyled motion to our method,
along with a few constraints.

Our approach resembles the one described by Schodl et al. [25] for generation of
video textures. In particular, they discuss video-based animation, where a user is
provided with high-level controls for guiding video texture synthesis. However,
to our knowledge, their approach has not been applied to 3D articulated figure
motion synthesis, and it does not directly support hard constraints, such as the
ones used in our approach. We also borrow many ideas from recent work on
texture synthesis [3, 9, 27].

2.4 Texture synthesis techniques for motion synthesis

Several other researchers applied texture synthesis techniques to the problem of
motion synthesis. Probably the first step in that direction was taken by Perlin and
Goldberg in their Improv system [22], which uses procedural noise to add realistic
looking variability to motions.

Pullen and Bregler [23] describe a motion synthesis method inspired by De Bonet’s
texture synthesis algorithm [8]. Their approach decomposes the training data into
frequency bands and synthesizes a new sequence, one frequency band at a time.
The approach was applied to generate a realistic repetitive motion of a 2D charac-
ter with three degrees of freedom (a hopping wallaby). Our approach is different
since it is closer to more recent texture synthesis techniques [9, 27], which gen-
erally outperform De Bonet’s algorithm in terms of the quality of the synthesized
textures. In this paper we demonstrate our approach using a variety of complex
motions performed by a 3D articulated character with 23 joints and end effectors.

Pullen and Bregler [24] extended their work by adding an input of a partial key-
framed data, for example: an animation of the legs of some character. Then they
match 1-2 DOF’s low pass band of the mo-cap to the key-framed band, split the
data and find a sequence in the mo-cap band that best matches the key-framed
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band. They use this sequence to add high-pass bands and/or other DOF’s to the
key-framed data. With our technique, we do not need the extra key-framed data
to create a new full animation sequence.

Molina Tanco and Hilton [21] construct a two-level statistical model from motion
capture training data. The motion capture data is clustered, and the clusters define
the states of a Markov chain which encodes the high-level temporal behavior of the
character. The second level relates the states of the Markov chain with segments of
the original motion. Dynamic programming is used to generate the state sequence
of a synthesized motion. The actual motion is then generated by copying segments
from the second level and blending in the areas where these segments join. Li
Wang and Shum [20] also described a two level statistical model. They divide
the motion into segments, such that each segment is associated to one texton. A
texton is modeled by a linear dynamic system (LDS), while the texton distribution
is represented by a transition matrix indicating how likely each texton is switched
to another. Synthesis of motion is done by first generating a texton path (the user
may edit the texton path), and then for each texton, synthesize a texton sequence
that begins with two key poses (that are associated to each texton) and constraint
to end with two frames that are the key poses of the next texton in the path. Our
approach is different in that it does not construct an explicit statistical model of the
input data. In order to satisfy the animator’s constraints, our approach efficiently
identifies good transitions directly in the original motion capture data. Thus, our
approach should reduce both the number of transitions blends and the magnitudes
of the discontinuities that must be blended.

2.5 Motion graphs

Some work, concurrent to ours, was recently done using the motion graphs frame-
work. In this framework, a huge matrix of all transitions from one frame to another
is first created. A cost is associated with each transition and the matrix is pruned
by eliminating expensive transitions. Next, a graph of transitions is created. Fi-
nally, new motion sequences are generated by finding paths in the graph, which
meet some constraints or minimize some cost function.

Kovar et al. [16] use this framework to create motion that follows some 2D path.
They use a metric similar to ours to find the distance between every two frames
to create a distance matrix which is then pruned by taking only local minima in
the matrix and then use some threshold. Pruning is essential since the data that
they are using has many similar frames. They then create a graph of all possible

10



transitions and prune it again to get the largest strongly connected component to
avoid dead ends. Finally they find a path that minimizes some user-defined cost
function. They suggest a cost function for a motion that follows a given 2D path.
This approach handles new 2D path synthesis very nicely, it does not allow the
user to specify hard constraints as we do, and their input data must contain many
good transitions between frames.

Lee et al. [18] use a low-level Markov process to create a probability matrix for
transitions between each two frames. Then they prune the matrix much like Ko-
var et al. [16], with the addition of pruning frames based on contact. They also
create a higher level statistical model which clusters the frames in a transitions
graph, such that a motion can be thought of as a path between clusters. They
describe three ways to create a motion: the user may choose the next cluster to
follow, sketch a 2D path (as in [16]), or act in front of a camera set. This method
requires a large database to work well, and does not handle hard constraints.

The motion graphs framework was also used by Arikan and Forsyth [2]. Their
database contains a large number of short motions. They construct a transition
matrix between each pair of motions. After pruning they get clusters of elliptical
shape in the matrix. Each ellipse is clustered with k-mean clustering, which is
actually a summarized graph. Then they split each cluster again and again to get
a hierarchical representation of the graph. A motion is actually a path of clusters
from different levels in the hierarchy. They allow only paths that meet user defined
hard constrains, and choose a path that best fits some soft constrains. It seems
that in order to meet the hard constrains and to get the ellipses, the data should
have many similar frames and for every two similar frames, the preceding and
succeeding frames are also similar. In contrast, our approach can work even on
short but complex motions in which there is not enough data to generate a good
clustering.

All of these three methods use large motion databases, and therefore require very
long pre-processing time (several minutes to several hours). With our method,
the computation time for the entire process is about the same as the generated
animation length.

Finally, there is also some related work in the area of computer vision concerned
with learning 3D human motion for tracking and gesture recognition (e.g., [30]).
In these works, motion synthesis is typically a secondary goal, and therefore little
attention is paid to animator control (constraints) and the quality (smoothness) of
the synthesized motions.
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Chapter 3

Textural Motion Synthesis

3.1 Overview

Our method takes as input a textural motion sequence, a set of synthesis con-
straints, and the desired length of the synthesized output sequence. The input mo-
tion sequence is given in a BVH format which consists of the character’s skeleton
hierarchy description followed by a sequence of frames. Each frame specifies the
absolute pose of the articulated figure by means of six degrees of freedom for the
root of the hierarchy (three rotation angles and a 3D translation) and three rotation
angles for each joint. All rotations are internally represented using quaternions.
The constraints are simply a set of pairs; pair (i, j) means that the i-th frame in
the input sequence is constrained to become the j-th frame in synthesized output
sequence. Optionally, a new path is also specified for the synthesized motion.

The output of our method is a new motion sequence of the desired length. For
the most part, it consists of sub-sequences of frames from the original sequence
reordered in such a manner that all of the constraints are satisfied. The exceptions
are the frames in the neighborhood of the transitions between the sub-sequences;
such frames might be slightly modified by our local smoothing scheme for elimi-
nating discontinuities, as described in section 3.8.

By using sub-sequences of frames from the original motion to the synthesized
sequence, we restrict ourselves to reusing frames. This mean that we can not cre-
ate frames that did not exist in the original data (such as extrapolating frames).
We do this in order to ensure that each frame in the synthesized motion is valid.
We would otherwise have to ensure validity, which would be difficult to do with-
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out a higher level understanding of the articulated figure, such as that used by
constraint-based motion editing methods (described in section 2.2).

In our current implementation, the output length must be an integer multiple of the
input length, but this is not a real limitation, since in order to generate an arbitrary
length sequence we can generate one of length rounded up to the nearest integer
multiple, and then trim a few frames from the ends.

input tree output tree

— e e @ &

Py Py Py Py

T

Figure 3.1: Input and output trees.

The horizontal lines represent levels in the trees. The bottom level in each tree
contains the frames at the original temporal resolution. The next level up contains
frames after low-pass filtering and subsampling, and so forth. Arrows indicate
constraints: in the initialization stage each constrained frame and each of its an-
cestors in the input tree (shown as black circles) is copied to its designated location
in the output tree, along with a small neighborhood of siblings (shown in grey).
It is now up to the synthesis procedure to fill in the remaining gaps, proceeding
from the top level down.

The synthesis procedure employed by our method is similar to the multiresolution
constrained texture synthesis procedure described by Wei and Levoy [27]. The
main steps of our method are:

1. Construct a Gaussian multi-resolution tree (input tree) above the sequence
of the root translation and the joints rotations by iteratively low-pass filter-
ing and subsampling. See section 3.2 for details.

2. Apply forward kinematics to compute a vector of 3D joint and end-effector
locations, as described in section 3.3. This vector gives the absolute 3D
pose of the articulated figure at that frame.

3. Create an empty synthesis tree with the same number of levels. The finest
resolution level of this tree will eventually contain the output sequence.
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4. Copy the constrained frames (and their ancestors) to their target locations in
the synthesis tree. Each constrained frame (ancestor) is copied along with a
small surrounding neighborhood (Figure 3.1).

5. Starting from the coarsest level, fill in all the gaps left between the con-
straints by searching for best-matching neighborhoods at the corresponding
level of the input tree, as described in sections 3.4, 3.5 and 3.7.

6. Apply adaptive local smoothing in the vicinity of transitions between origi-
nal motion sub-sequences to eliminate discontinuities, if necessary (section
3.8).

7. Repeat for the next level until the finest level has been filled and smoothed.

8. Construct a new root rotation and translation trajectory, as described in sec-
tion 3.10.

In the remainder of this chapter we describe in more detail the steps of our method.
We begin by describing the multi-resolution tree and the forward kinematics method
that we use (steps 1 and 2). Then we define the neighborhood and the distance
metric used when searching for matches in the input tree and follow with a de-
tailed description of the synthesis process and gap filling algorithm (steps 5 and
7). We then describe the smoothing algorithm that we use (step 6). We describe
how to choose the set of constraints, and we finish this chapter with a description
of our method for the reconstruction of the root trajectory (step 8).

3.2 Multi-resolution tree

Constructing a multi-resolution tree is required for the acceleration of the gap
filling algorithm (described in sections 3.7.1 and 3.7.2)

We have tried several different filters for the construction of the tree: a Gaussian
filter, a Laplacian filter and wavelets. Finally we decided to use the Gaussian filter
since it gave us the best results. It is possible that the Gaussian tree is the best
choice here because each level of the tree actually corresponds to a valid low-
passed version of the original motion: each coarser level frame is obtained by
smoothing several frames at the next finer level by applying a Gaussian filter (see
figure 3.2). In contrast, the Laplacian and wavelet trees do not contain a valid
motion at each tree level.
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Figure 3.2: Construction of Gaussian multi-resolution tree
This image shows the creation of one frame (the gray frame in the image) at one
of the middle levels by applying a Gussian filter on the frames at the finer level.
The numbers indicates the filter’s weights for a filter of size 4, which we typically
used.

The size of the filter should depend on the nature of the motion. A motion with
sharp or fast movements will need a shorter filter, because a long filter might
use some very different frames to create a certain frame at a courser level, which
means that the “essence” of the frame might get lost. For our data we typically
used a filter of size four.

The number of levels is also important: more levels lead to faster synthesis. But
if we use too many levels, the motion at the coarsest level might be just a series
of frames with no connection between them, since we subsample each level. In a
walking motion, for example, we would need that each walking step will corre-
spond to at least a few frames at the coarsest level; intuitively, the coarsest level
motion should still be recognizable as walking. We experimented with several
numbers of levels, starting with one level and adding one more level each time.
For the results shown in this work, we ended up using between three and five
levels (four levels were used in most cases).

3.3 Forward kinematics

As mentioned earlier, the input motion is given as a description of the skeleton’s
hierarchy and a sequence of frames. Each frame is represented by its joint angle
representation, which means that for each frame we hold the derivative of the
translation for the root of the skeleton, and a 3D rotation for each joint. This
representation has the advantage that whenever we want to change some values
(translation of the root or rotation of a joint) it does not change the structure of the
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skeleton. So, when we apply a filter on a frame (as we do while constructing the
multi-resolution tree in section 3.2 and while smoothing frames — section 3.8),
we do this on the joint angle representation.

However, the joint angle representation has some major drawbacks when it comes
to comparing between frames: changing the rotation of a joint has an effect on
the character pose that depends on the joint length. Furthermore, a rotation of one
joint affects all joints that are below it in the skeleton hierarchy; as a result, some
joints (such as the hip joints) might have a huge effect on the skeleton, while other
joints (such as a hand joint) might have insignificant effect on the overall character
pose. Also the same rotation of a joint might have a different effect depending on
the position of the joints that are below it in the hierarchy. Therefore defining a
distance metric for the joint angle configuration is a very difficult task (the weight
of each joint will have to change depending on the orientations of other joints).

Therefore, we construct another representation for each frame: the 3D pose rep-
resentation, which is the set of 3D positions of all joints and end-effectors. With
this representation, as expected, changing the values will alter the shape of the
skeleton. As such, we can not use it while applying a filter on a frame, but when
comparing between frames, this representation is exactly what we need: the dis-
tances between the positions of joints and end-effectors in two frames can describe
the distance between those frames (see more on the metric we used in section 3.5).

Calculating the 3D pose representation of a frame out of its joint angle representa-
tion is done with forward kinematics methods. We do it by first applying the root
translation on all the joints and end-effectors. Then each joint and end-effector is
being rotated by the rotations of all its ancestors in the hierarchy.

3.4 Neighborhoods

Gaps in the synthesis tree are regarded as sequences of empty “frame slots”. In
order to fill in an empty slot we examine its neighborhood in the synthesis tree and
look for similar neighborhoods around slots at the same level of the input tree. As
explained in section 3.3, the frames we refer to are in 3D pose representation.
The neighborhood we use is shown in Figure 3.3. It is similar, in principle, to
the neighborhoods used by Wei and Levoy [27], though there are some important
differences.

The neighborhood is constructed over three levels with the frame that is being
synthesized in the middle level (see Figure 3.3). The upper (coarser) level gets
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Figure 3.3: The three-level neighborhood used in our implementation.
The empty cell whose value is to be determined is marked by an x. The neighbor-
hood consists of x, its ancestor and its children in the tree, and three more slots
to the left and to the right on each level. The numbers in the cells are the relative
weights used by our distance metric.

a higher weight because we want to keep the general path that was found in the
coarser level (see section 3.7) the other two finer levels get the same weight.

We give different weights to different slots in the neighborhood (decreasing with
distance from the center slot). The relative weights of the slots are shown in
Figure 3.3.

Slots from the next finer level are included — although this level has not been
processed yet, some of its slots may have been filled by constrained frames dur-
ing the initialization of the output tree. The synthesis algorithm must take these
frames into account when searching for the best frame for the current slot.

The difference between two neighborhoods is defined simply as a weighted sum
of the distances between corresponding pairs of slots. Pairs in which the out-
put neighborhood slot is still empty are assigned a weight of zero, and all of the
remaining non-zero weights are renormalized to sum to one.

3.5 Metrics

As mentioned in the previous (3.4) section, when we compare between two neigh-
borhoods, we actually have to compare between frames. We use the 3D pose
representation to compare between frames, as explained earlier (section 3.3).

The definition of distance between corresponding slots is not as trivial as one
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might think. Consider two slots containing frames numbered i and j. Simply
computing the distance (in some vector metric) between the corresponding po-
sition vectors v; and vj will not do: such a metric would fail to recognize the
similarity between identical poses differing only by translation. Also, it does not
take into account the velocities of the joints. This could lead to unnatural direc-
tion reversals. Therefore, we compute the distance between the velocity (temporal
derivative) vectors v; and v; instead, thus ensuring translational invariance in the
synthesis process. Although in principle it is possible for two totally different
character poses to have similar velocity vectors, in practice such a situation is
extremely unlikely, and we have never encountered it in our experiments.

After experimenting with various standard vector metrics we concluded that a sum
of || - ||oo @nd || - ||o.5 Yields the best results. In other words, we take into account
both the maximum difference among the velocity components and the sum of the
square roots of the differences of all components. This metric was found to give
slightly better results than the more familiar || - ||2 norm.

There is no substantial mathematical reason for using this metric. We base our
decision for using this metric on empirical experiments. Having said that, there is
some intuition that we used while searching for the best metric: The || - ||o.5 part
is actually depressing all pairs of frames that are very similar but has a very small
difference in many joints simultaneously. While the || - ||« part is depressing all
pairs that have at least one joint with a big difference.

3.6 The synthesis process

A level in the synthesis tree is a sequence of slots (frames), some of which are
empty and some are full. We synthesize a frame only if some of the frames in
its neighborhood are full. The synthesis process is simply finding a frame in the
input tree that will be copied to the empty slot. The candidates for the frame to
be copied are all or some of the frames in the same level as the empty slot: In
the coarsest level the candidates are all the frames in that level, but in the finer
levels the candidates might be a subset of them (see the notes on acceleration in
section 3.7.1).

We compare the neighborhood of the empty slot with each of the candidates using
the metric shown in section 3.5 and choose the frame with the neighborhood that
is the best match (or is nearly the best match — see the notes on randomization in
section 3.7.1) to the neighborhood of the empty slot.
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When copying a frame we copy both the 3D pose representation and the joint
angle representation. As mentioned in section 3.3, the joint angle representation
contains the joints rotation and the derivative of translation for the root of the
skeleton. At the end of the synthesis we need to compute the 3D translation of
the root out of its derivative for all frames: For the first frame in the synthesized
sequence, we copy the 3D translation of the frame that was chosen as the first
frame. For all other frames we integrate to get the 3D translation.

3.7 Gap filling

We now describe in more detail how to fill in the gaps at a particular level of the
tree. Each gap is a sequence of empty slots bounded by the constrained frames,
either from one side or from both sides. We will focus on the latter case, which is
the more interesting (and complicated) among the two.

3.7.1 Finding a meeting point

: I

Figure 3.4: Finding a meeting point.
Frames ‘A’ and ‘B’ are the constrained frames. The black frame is a candidate for
a meeting point. We synthesize the frames alternating sides towards the candidate.

One possible approach towards filling such a gap is to start filling the empty slots
working our way from both ends towards the middle. However, choosing the mid-
dle of a gap as the meeting point is an arbitrary decision, and it will not necessarily
result in the most continuous transition. Therefore, our strategy is to first find the
best meeting point inside the gap, and then work our way towards it from both
ends (see figure 3.4).

We start at the coarsest level of the tree. For each gap, we search for a meeting
point by employing an exhaustive search. We consider all the interior slots of a
gap as potential meeting points and perform the synthesis towards each such point
from both ends. We synthesize one frame from the left side and then one frame
from the right side and so on. We do this due to the fact that when the synthesis
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of both sides is getting too close to one another, the neighborhoods might overlap
and influence each other. For each of the potential meeting points we record a
sequence cost. The sequence cost is defined as the sum of distances between the
neighborhood of each synthesized slot and its best matching neighborhood in the
input tree. The meeting point with the lowest sequence cost is then chosen.

When we finish filling all the gaps in a level, we perform a local smoothing (see
section 3.8) at each point of the sequence where two frames are not consecutive.
We then continue to the next (finer) level. Again, we search for a meeting point
and fill in the gaps. This time our neighborhoods contain much more information
since the coarser level is full. When we finish the synthesis of the finest level, we
have a smooth synthesized motion that satisfies all of the input constraints.

Acceleration

The exhaustive search is expensive, since for a gap of k slots we consider k differ-
ent ways of filling it, each time searching for the best matching neighborhood for
each slot. Thus, if we have n different neighborhoods at that level we end up eval-
uating the neighborhood distance metric k?n times. However, at the coarsest level
of the tree, both k and n are typically small. In the following (higher resolution)
levels we do not search all possible meeting points. Instead we use the meeting
point that we found in the previous level, as an initial guess, and examine only a
small neighborhood of slots around this initial guess to find the new meeting point
(instead of looking at all the slots in the gap).

We tried an additional optimization to speed up the synthesis of a frame. We used
clustering to divide the frames at each level into several groups. When synthesiz-
ing a frame we compare the neighborhood of the empty slot to all the frames in
the group that is closest to the neighborhood of the synthesized frame. We used
K-means as a clustering algorithm (see [15] for a review on clustering algorithms)
with a modification: each frame is being assigned to two clusters. This is because
a cluster is typically containing short, very similar sequences, so all frames at the
beginning / end of these sequences don’t have consecutive frames to their left /
right respectively. As we tried this acceleration method on our data, we found that
creating more than five to ten clusters degrades the quality of the animation. With
consideration of the overhead caused by creating the clusters, this optimization
accelerated the algorithm by a factor of 2 to 3.

This optimization was satisfactory but not good enough. Our algorithm was now
running for approximately seven to ten minutes to create a 40 seconds synthesized
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Figure 3.5: Acceleration of the synthesis process.
The black frame is the current slot to be synthesized. The dark-gray frame is
the black frame’s father. The white frames are the best three candidates for the
dark-gray frame, and the light-gray frames are the white frames sons and their
neighbors. The light-gray frames are the only candidates for the black frame.

animation. So we tried a different optimization instead of the clustering method.
When filling an empty slot, instead of searching for a match among all the neigh-
borhoods at the corresponding level of the input tree, we only examine a constant
number of neighborhoods: first we look at the parent of the slot that we are going
to fill. This is the chosen frame at the previous level. Actually, we are looking at
a few (usually three) frames that had the best match for that slot, so we have the
three best candidates for the parent. For each of those parent frames we take their
children on the next level and a small number (usually four) of frames around
them. So we have twelve frames, which are the candidates for the current slot
(see Figure 3.5) . This optimization accelerates the synthesis by at least one order
of magnitude, which means that for the synthesis of 40 seconds of animation, the
total running time is about 40 seconds (see Table 4.1). The same idea was used to
speed up texture synthesis by Bar-Joseph et al. [3].

Adding randomization

So far, the approach we have described is entirely deterministic. In order to pro-
duce some variations between different runs of the algorithm (even with the same
set of constraints), we are using a slightly randomized version of the approach:
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After determining the meeting point for a gap, we synthesize the sequence again,
but this time instead of filling slots based on the best-matching neighborhood, we
consider a small set of neighborhoods (typically 2-3) that had the best matches,
and choose one of them at random. This randomization takes place at all levels of
the synthesis tree except the last, finest level.

3.7.2 Finding apathin agraph

In the spirit of [2, 16, 18] we experimented graph path finding between constraints
as an alternative to the gap filling method, described in section 3.7.1. The graph
path finding method enables us to create sequences with more than one meeting
point inside a gap.

For the coarsest level, we create a matrix M where M j is the distance between
frame i and frame j. M; j is calculated using the same metric as before, except that
in this case both frames are taken from the original data. Now we build a graph
where each frame is a node, and for each M; j smaller then some threshold there
is an arc in the graph from node i to node j, with the weight M; ;.

For each gap in the coarsest level, we search for a path that will start with the
frame that is just before the gap and end with the frame just after the gap. We use
DFS search to find the path with the lowest cost (sum of weights). We accelerate
the DFS search by stopping the search at branches when some maximum cost has
reached, or if we already found a path with a lower cost then the current path cost.
The path we found is the sequence of frames for the gap. After copying the frames
we have a synthesized animation in the coarsest level.

Now we fill the finer levels. We want the next levels to follow the general path
that we have found in the coarser level, so all we need to do is use the sons of the
chosen frames in the previous level as the frames in the current levels. For each
frame we have to decide whether to use left son or the right son. It seems quite
simple: the animation should be continuous, so once we determine one frame
we actually have the whole animation. But, at each meeting point, there can be
several choices for the order of the frames. So we search the neighborhood around
each meeting point of the previous level, for the best path among all possibilities
of their sons, in a way that will minimize the cost.

Note that this time the cost is calculated as the distances in the synthesized data,
which means that we get a more accurate result, since we consider the actual
neighborhood that was synthesized and not the input data. This influences mainly
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the areas around meeting point — exactly where we need it.

3.8 Local smoothing

Some input sequences do not contain a sufficient number of repeating character
poses, making it difficult for our algorithm to find visually continuous transitions.
Thus, discontinuities may occur at transition points between sub-sequences of
the original motion. The same problem was encountered in video textures by
Schaodl et al. [25].

Since we know in which precisely at which frames of the synthesized sequence
such transitions take place, we adaptively apply local smoothing in a small neigh-
borhood around such transitions. More specifically, let i and i +1 be two suc-
cessive frames in the synthesized sequence that were not successive frames in the
original sequence. The smoothing is performed as follows:

1. Numerically approximate the acceleration (second derivative) of each joint
and end-effector 3D location at frames i and i + 1.

2. Compute the average acceleration of each joint and end-effector 3D location
over frames i — 3 through i — 1 and i + 2 through i + 4.

3. If the accelerations at frames i and i + 1 are less than or equal to the average
acceleration computed in the previous step there is no need to perform any
smoothing.

4. Otherwise, the trajectories of the joints are smoothed out by applying a
Gaussian filter of width 5 at the transition frames i and i + 1. The filter is
applied to the quaternions representing the joint rotations, after which the
corresponding 3D location vectors are recomputed by forward kinematics.

5. The above four steps are repeated as many times as necessary, until a dis-
continuity is no longer detected in step 3. At each iteration we increase the
neighborhood over which smoothing is performed in step 4. Specifically,
in the k-th iteration we convolve frames i — k through i + k+ 1 with the
Gaussian filter.

Usually, the smoothing algorithm did not exceed three iterations, that is: k < 3.
This means that the smoothing filter was applied over six frames or less.
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Whenever smoothing a data there is always a chance that the smoothing will result
in a non-realistic outcome. But with our algorithm, we always smooth frames that
are already very similar to one another. So there is no real danger of getting an
unnatural motion. Also, all frames in all levels are valid motion poses. There-
fore, smoothing between similar frames will give us valid frames. Had we used
a Laplacian or a wavelet tree, we might have ended up with poses that are not
possible for the character. But we are using a Gaussian tree, so there is no such
problem.

As can be seen in our results, this adaptive local smoothing scheme successfully
eliminates visual discontinuities in the motion without introducing conspicuous
smoothing.

3.9 Choosing the constraints

In this section we will describe the limitations for choosing a set of constraints.
The animator must choose a set of constraints as input for our method. A poor or
random choice of constraints will usually result in a poor output.

First, at least one constraint is required. Any synthesis must have at least one
frame to start the synthesis from. This frame might be anywhere in the synthe-
sis sequence. As we mentioned, we synthesize a frame only if at least part of its
neighbors already have values, so there will be something to compare when syn-
thesizing other frames in its vicinity. Of course, one can choose a random frame
if he wishes to have only one constraint.

In general, it is not a good idea to choose constraints from the very beginning/end
of the input sequence. This is because when synthesizing frames before/after
those constraints respectively, the algorithm will be forced to find a meeting point
at the frames between the first/last frame and that constraint. Since there are very
few frames to choose from, the chosen meeting point might not be a good one.

When setting constraints, the user must make sure that they will not be too close
to each other in the synthesis sequence. If for example, the trees have four levels,
then setting two constraints that have less then seven frames between them, will
cause the constraints to be at the same frame in the coarsest level. Actually the user
might want a much bigger distance between constraints at the synthesis sequence,
since we copy a few of the neighbors along with the constraint frame.

As we mentioned, setting random constraints might not result with a good anima-
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tion sequence. Suppose the input motion is of a walking character, where each
walk cycle is of forty frames. That is, every forty frames the feet are at the same
position. Now suppose that we constrain frame number one of the input motion to
appear as frame number one of the synthesis sequence, and also to appear at frame
number sixty of the synthesis sequence. So in the input motion, sixty frames are
one and a half walk cycles but now we forced it to be one or two cycles. With the
graph path finding method (section 3.7.2), that might not be so bad, because the
algorithm will probably find a few meeting points in that gap and spread the error
between those meeting points. Smoothing will make the motion quite good. But
with the meeting point search algorithm (section 3.7.1), that will not result with a
good motion since there will be only one meeting point, so it will have to smooth
between frames that could be very different from each other. Of course, if the
data is more diverse, that is if it contains both shorter walk cycles and longer walk
cycles, this problem will be much easier even for the meeting point algorithm.

To conclude, hard constraints are very powerful tool, however they must be se-
lected carefully.

3.10 Root trajectory reconstruction

In our current implementation the user is able to specify a new animation path
(root trajectory) for the cases where the input motion advances roughly along a
straight line. For each synthesized frame, we take the root trajectory derivative
(velocity) from the original motion and use this velocity to compute the new root
translation in the synthesized sequence, taking into account changes in the local
reference frame along the new path. This procedure ensures that the character
advances along the new path in a similar fashion to the original motion.

If a new animation path has not been specified by the user we reconstruct one
by taking the root trajectory derivatives from the original motion, as before, and
simply integrating them to obtain a new root trajectory.
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Chapter 4

Results

Name Orig. length | New length | Num. constraints | Synth. time
Drunk walk (A) 512 1024 7(3) 37 (23)
Drunk walk (B) 512 1024 8(3) 43 (21)
High-wire 512 1024 6 32
Ballet walk 512 2048 9 81
Cool walk 512 1024 8 (3) 30 (13)

Table 4.1: Statistics for the synthesis examples.
Times were measured in seconds on a 866 MHz Pentium 111 PC. The numbers in
brackets refer to the gap filling with path finding as described in section 3.7.2.

We implemented our algorithm in C++ as a plug-in for the Maya animation system
[1], and have been able to generate a variety of motions from different motion
capture sequences.

Finding a good animation sequence, whether it is a mo-cap or an artist animation,
is very difficult. The sequence should be long enough, in a good quality (no
jerks etc.) and should fulfil our definition for textural motion as mentioned in the
introduction section. This is why the number of data sequences that we worked
with is relatively small. Acquiring good data requires a mo-cap studio and/or a
good animator, neither of which were available to us.

In all the examples we used a character with 23 joints (i.e. 72 degrees of freedom:
3 translations and 69 rotations). All examples were synthesized using the meeting
point search algorithm described in section 3.7.1. Some of them were also syn-
thesized using the graph path search algorithm described in section 3.7.2. In some
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examples we bound the skeleton to a mesh. In other cases we used a stick figure
to create the movies, so all joints could be seen on the character.

Various statistics regarding the examples in this section are summarized in Ta-
ble 4.1. All of the corresponding movies can be found at
http://www.cs.huji.ac.il/labs/cglab/research/Itca.

Figure 4.1: Drunk walk.
Four frames from an animation we have generated (drunk.mpg and drunk-
path.mpg). The original sequence is performed by the middle character; the other
two were synthesized by our method.

Figure 4.1 and the accompanying movie (drunk.mpg) demonstrate an application
of our method to modify and double the length of a drunk person walking se-
guence. Figure 4.1 shows a few frames from the resulting animation, where we
have placed the original motion in the middle and the synthesized motions on the
right and left. The plots in figure 4.2 show the trajectories of two joint angles in
the shorter original sequence (top plot) and in the longer synthesized ones (bot-
tom plots). The constraints specified by the user for this case are indicated by
the letters ‘A’ through “H’. The letters in each plot indicate the locations of the
constrained frames in the corresponding sequence.

This is a rather challenging test case, since the input sequence contains only 14
step cycles, almost none of which is very similar to another because of the waving
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Figure 4.2: Drunk walk plot.
The three plots illustrate the results of the synthesis by means of the angular tra-
jectories of two joint angles. The top plot corresponds to the original sequence.
The letters ‘A’ through “H’ indicate the positions of the constrained frames in the
original sequence and in each of the two synthesized ones.
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arms and the stumbling nature of the walk and the pose of the character hardly ever
repeats itself. Therefore, we believe it would be difficult to construct a good high-
level motion model [4, 5, 21] from such a training set. Our method, however, is
still able to generate visually continuous and naturally looking motions by locally
smoothing over discontinuous transitions. The local and adaptive nature of the
smoothing succeeds in preserving the characteristics of the original motion.

With this example we also used the graph path finding algorithm described in
section 3.7.2. The resulting movie is at drunk-path.mpg. We simply removed
some of the constraints to get more than one meeting point inside a gap. The
synthesized animation that we got had two meeting points in one of the gaps
(there were only two gaps in this example since there was only three constraints).
The reason for not getting more meeting points is that a meeting point yields a
higher cost for that sequence. There is a trade-off between having fewer meeting
points and having good meeting points. By good meeting points we refer to a
meeting point with a low cost, which means a smooth transition between frames.
If one would like to get more meeting points, he could simply increase the cost of
a sequence with fewer meeting points.

Figure 4.3: High-wire
Four frames from the animation movie (highwire.mpg). The original motion is
performed by the character in the back.



Our next example uses a high-wire walking input sequence (Figure 4.3, and the
movie highwire.mpg). Again, the basic cycle of this motion is quite complex and
does not repeat itself too much, but our method succeeds in generating a longer
sequence without noticeable discontinuities?.

l_.l 'l_J--. -

Figure 4.4: Cool walk
Four frames from the animation movie. The original motion is performed by the
left character. This example was synthesized using the ‘finding a meeting point’
algorithm described in section 3.7.1 and the associated movie is cool.mpg. It
was also synthesized using the *Finding a path in a graph’ algorithm described in
section 3.7.2 and the movie is cool-path.mpg.

Another example is a “cool walk” sequence (Figure 4.3, and the movie cool.mpg).
In this case the synthesized sequence was constrained to begin identically to the
original sequence, and then to continuously diverge from it. Here we also experi-
mented with the graph path finding algorithm (cool-path.mpg). Note that with this
method, the synthesis time is much shorter. This is because there are not so many
good transitions between frames, so when we search the graph for a path, many
branches will be excluded early in the search.

LA jerk in the right leg of the synthesized character can be noticed around seconds 8, 18, and
27. This flaw is present in the original motion, as can be seen by observing the original motion
around second 6.
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Finally, we apply our method to a “ballet walk’” sequence. In the original sequence
the character is walking in a roughly straight line (Figure 4.5, and the movie ballet-
original.mpg). We constrained the synthesized sequence to begin and end with
the same character pose and specified a new 8-shaped path instead of the original
straight one. The result is an animation loop of a person walking along the new
path (see Figure 4.6, and the movie ballet-eight.mpg).

Figure 4.5: Ballet walk data.
Four frames from the original straight line walk as shown at the movie ballet-
original.mpg.

The original sequence in this example was too short for our purposes. It was 350
frames long, and we needed a number of frames that were a power of two. So we
scaled the sequence to be 512 frames long and shrank it back after the synthesis.

As mentioned in section 3.10, a new path is specified by manipulating only the
root trajectories. Of course this is not the ideal way to change a path. A step ina
circular walk is different from a step while walking in a straight line, the feet must
pass longer distance in a circular motion. With our method we do not change the
feet trajectories and as a result we get foot-skate artifacts, which can be noticed
at seconds 19 through 22 of the movie ballet-eight.mpg. The best way to avoid
these artifacts is to use a path editing algorithm, such as [13]. One can also use
the foot-skate cleanup algorithm [17] after using our algorithm.
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Figure 4.6: Ballet walk synthesized.
Four frames from the synthesized motion. We used a user specified animation path
for the root trajectories. The path is a loop along an 8-shape (ballet-eight.mpg).
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Limitations

As expected, our method appears to work best for motions containing many small
segments similar to each other. For more complex motions with fewer repetitions
it is more difficult with our method to find natural looking transitions between
pairs of constraints. Thus, the animator must sometimes choose the constraints
carefully For example, if two frames far apart from each other in the original
sequence are forced to appear too close to each other in the new sequence, our
method might not be able to find a natural looking transition between them (see
section 3.9 for more details).

Another limitation of our method is that it can be difficult to get interesting results
from short input sequences.

Our method does not currently ensure various typically desirable properties, such
as that the feet of a character do not penetrate the ground while walking. Such
properties are best ensured using some of the previous constraint-based methods
described in chapter 2. Thus, we believe that in practice our method should be
used in conjunction with these other techniques. For example, an animator might
generate a new walking sequence using our technique and then apply spacetime
constraints to ensure that the lowest point reached by the character’s feet in each
step cycle lies exactly on the ground, or he might use Kovar and Gleicher’s [17]
work for footskate cleanup.
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Chapter 5

Conclusions and futurework

We have described a new tool for generating constrained variations from exist-
ing captured or otherwise animated textural motion sequences. Our technique is
not intended as a replacement for previously developed tools for motion editing;
rather it is meant to complement them, adding a new useful component into the
animator’s toolbox.

The graph path finding algorithm for gap filling seems to work faster and it is eas-
ier for the animator, since he/she needs to set fewer constrains. But with this al-
gorithm, the animator has less control over the outcome of the animation. Though
we might get more than one meeting point inside a gap with this method, it is en-
couraging paths with lower total cost. So only when it is absolutely impossible to
get a reasonable path with one meeting point - we might get more meeting points.

The graph path finding algorithm seems to work better on big databases, as ex-
plained in section 2.5. As we have seen in the results 4, the meeting point search
algorithm can work very well even if the input sequence is short and has only few
good transitions between frames.

In future work, one might try to extend our method to mix together elements
from several different input motion sequences, perhaps in a manner similar to the
texture mixing algorithm of Bar-Joseph et al. [3]. We also plan to consider other,
more sophisticated, types of constraints, such as the soft constrains described by
Arikan and Forsyth [2].
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