CONSTRAINED EXAMPLE-BASED AUDIO SYNTHESIS

Stephan Wenger and Marcus Magnor

Institut fiir Computergraphik
TU Braunschweig
Braunschweig, Germany

ABSTRACT

Music and sound play an important role for the emotional in-
volvement of the spectator in visual media such as movies,
video games or artistic shows. However, the generation of
suitable background music and atmospheric sound matching
the visual context is a tedious and typically completely man-
ual task. For content creators, it would be desirable to be
able to specify a sound example and a few key points at
which certain parts are to be played, and to then automati-
cally generate a soundtrack subject to these constraints. For
interactive media such as video games, on the other hand,
example-based background sound could automatically adapt
to the game events. We propose a new example-based audio
synthesis method for both applications which works for mu-
sical and texture-like sound examples alike. Our algorithm is
evaluated on a variety of musical styles, from classical music
to punk rock, and on several texture-like atmospheric sounds.

Index Terms— audio synthesis, example-based synthe-
sis, sound textures

1. INTRODUCTION

A significant part of human cognition is based on the per-
ception of sound. Sound conveys information about what is
happening in our environment, even outside the field of vi-
sion. Sound, and especially music, also strongly affect the
emotional state of the listener. Even early silent films were
accompanied by — often live — music, and many motion pic-
tures have become famous for their soundtracks. Since the
generation of an appropriate soundtrack plays an important
role whenever visual content is created, it receives an increas-
ing amount of attention also in the computer graphics commu-
nity [1-4]. This is especially true in the context of computer
animation, where no on-scene sound recording is possible;
but also interactive content like games as well as live perfor-
mances and art installations demand an appropriate sound-
track.

One important function of the soundtrack is to emphasize
the central message or mood of the content. Since these typi-
cally change over time, the soundtrack should be able to adapt
to or be synchronized with important events in the scene. In

feature film productions, this is often achieved by manually
cutting and blending sounds and music — or even by having a
composer write a piece of music — to match the content. Ob-
viously, this is a tedious and time-consuming task which may
not be reasonable for smaller productions.

As a simple example, consider a home video recording of
given duration that is to be accompanied by a piece of music
of different length. If the user wants the beginning and end
points of the video and audio to coincide, one of the signals
would have to be scaled or cropped. This can be avoided if a
synthesis or retargeting method like the one proposed in this
paper is used to piece together a new soundtrack, matching
the beginning and end points, from sections of the example
piece of music or sound. This description easily generalizes
to the case where multiple key events in the video are to be
accompanied by specific parts of the example.

Another common task is the real-time generation of
soundtracks that adapt to live events, for example in computer
games where the mood of the background music may adapt
to the twists of fate of the main character.

The aforementioned applications require the synthesis of
a novel soundtrack from an audio example subject to differ-
ent kinds of constraints. We propose an algorithm that ap-
proaches this problem in two separate steps. First, a user-
specified audio example — e.g., in form of a simple MP3 file
— is searched for self-similarities, that is, pairs of positions in
the example where a jump from one position to the other will
likely go unnoticed. Then, the list of possible jumps is used to
find a succession of sections from the audio example that min-
imizes the transition errors between sections while complying
with user-specified constraints, such as the length of the syn-
thesized audio clip or the changing mood of the music. The
approach is inspired by similar cut-and-stitch methods used
in computer graphics, for example to generate textures of ar-
bitrary extent in one dimension [5].

The structure of our paper is as follows: In Sect. 2, we
discuss related approaches to audio analysis and synthesis.
Sect. 3 covers the search for suitable cutting points, while
Sect. 4 explains how an appropriate succession of example
sections is found subject to constraints, and Sect. 5 deals with
non-constrained synthesis. Results are provided in the accom-
panying video and audio files and discussed in Sect. 6. The



(a) First key frame.

(b) Second key frame.

(c) Third key frame.

Fig. 1. Key frames in a video sequence from Charlie Chaplin’s “Police” (1916). The displayed frames are set to specific samples
in the audio example. The first key frame (a) marks the beginning of the video sequence and is set to the first sample of the audio
example, so that the synthesized sequence starts with the intro of the song. The second key frame (b) is located in the middle
of the movie when the actor has just thrown the book to the floor. This key frame is set to the start of an intense instrumental
sequence in the audio example. Finally, the last frame of the video (c) is set to the last sample of the audio example, so that

both video and audio end simultaneously.

paper ends with concluding remarks in Sect. 7.

2. RELATED WORK

Example-based synthesis of audio textures by cutting and
stitching has been studied for several years [6—8]. The meth-
ods rely on a segmentation of the example clip into suitable
“sub-clips”. Based on the transition probability between one
sub-clip and another, a texture of arbitrary length is then gen-
erated. However, because the transition probability does not
capture the large-scale structure of the example, these ap-
proaches typically do not perform well on complex pieces of
music.

Audio and user directed sound synthesis [9] is based on
frame-wise similarity analysis and works for stochastic and
periodic sound textures but has not been tested on musical
examples. Sound-by-numbers [1] analyzes the example and
constructs the synthesized sound in wavelet space, thereby
capturing more large-scale structure of the example, which
also makes it applicable to some musical genres like ambient
music. A survey of similar sound texture modeling methods
has been published by Strobl et al. [10].

Audio-based music structure analysis [11], in turn, at-
tempts to analyze the large-scale structure of a piece of music
based on the self-similarity of the piece. The resulting high-
level description can theoretically be used to rearrange the
parts of the example, but a more fine-grained analysis is re-
quired to create variations within one part, and the approach
is not able to handle sounds without musical structure or with
a kind of structure that is not anticipated in the underlying
music theory.

Concatenative sound synthesis [12—15], on the other hand,
allows to synthesize sounds subject to fine-grained constraints
(pitch, loudness, timbre etc.) from a database of examples.

Most often used in composing electronic music, the approach
can, in principle, also be used to synthesize sound textures
from examples, but is likely to fail for musical examples.

In summary, while controlled synthesis of texture-like
sounds is well studied, existing methods typically fail for
structured musical examples. Our algorithm, in contrast,
uses a multi-resolution scheme for the detection of self-
similarities, which not only allows for synthesis of music, but
also speeds up the algorithm so that long sound examples can
be analyzed quickly. Because the multi-resolution scheme
covers the example from the large-scale structure down to
single samples, the approach handles music with complex
large-scale structure as well as near-random sound textures,
and allows for sample-perfect alignment of cuts, so that no
blending is necessary. The direct search for cutting points
also obviates the need for a separate segmentation step or for
fixed-size search windows that have to be adjusted to the du-
ration of features to be matched, so that the necessary amount
of user interaction is reduced to specifying an audio example,
e.g. as an MP3 file, and a list of constraints, e.g. the desired
length of the synthesis result.

3. CUT POINT SEARCH

The most critical step in our algorithm is finding a good set
of cut points at which a jump from one point in the example
to another can occur without being noticed. The most obvi-
ous algorithm for finding such points consists in computing
the self-similarity matrix of the example in some appropriate
transform domain (e.g. by splitting the example into frames
of a few thousand samples and comparing the frequency spec-
tra or the more perceptually motivated mel-frequency cepstral
coefficients of these frames) and locating regions of maximal
self-similarity. However, this approach suffers from three im-



portant drawbacks.

Firstly, if only entire frames can be compared, all cut
points will lie apart by an integer multiple of the frame size
unless both the start and end point of the jump within the
frame are subsequently optimized with another algorithm.
This is an important limitation whenever the example exhibits
temporal regularities, such as the beat in pieces of music,
where all cut points should lie apart by an integer multiple
of the beat length. While this could be achieved by using
a beat-detection algorithm (e.g. [16]) in order to determine a
reasonable frame size, this approach would fail for music with
tempo variations and for non-musical examples.

Secondly, the maxima in the self-similarity matrix tend to
cluster because frames that are temporally close to each other
are likely to have similar frequency signatures, and because
similarity between one pair of frames usually implies simi-
larity of their successors. The subsequent path search would
then quickly become overly complex, as every possible cut
from a cluster of very similar cuts multiplies the number of
possible paths.

Finally, the number of elements in the self-similarity ma-
trix grows quadratically with the length of the input. While
computation of the matrix may be feasible for short sound
texture examples, it quickly becomes impractical for longer
pieces of music.

We attempt to solve these three issues at once with a
multi-resolution approach. The self-similarity matrix is first
computed on very long frames (typically about 10 seconds,
or about 500000 frames), such that the matrix stays reason-
ably small. From this low-resolution matrix, which captures
the large-scale structure of the example, the best few entries
are selected, and the algorithm is run again on these blocks
with a smaller frame size and a lower number of entries to
keep. If the initial frame size is large enough, this will guaran-
tee a rather even distribution of cuts across the entire matrix.
Also, when the frame size approaches single audio samples,
sample-perfect alignment of the example sections before and
after the jump emerges automatically so that no blending is
necessary.

Let e be the example waveform represented as a vector of
samples, n = 5 the number of resolution levels, s = 16 the
scaling factor between levels of the resolution pyramid, and
k = 256 the number of samples to keep on the first resolu-
tion level. Then, a tree of possible cuts is found by calling
search(e, e, s™, k), where search(ey,es, !, k) is defined
as

split e; and e into frames of length [
N1 = number of blocks in e
N5 = number of blocks in es
if this is not the innermost level
apply Fourier transform to blocks
for all blocks by in ey
for all blocks b5 in es
(b1 — by)?
(b1 + b2)?
if b; and b5 are from the same example location

C(bl, bg) =

c(b1,bs) := 00 (disallow very short jumps)
if this is not the innermost level
for all block pairs (b1, b2) in the best k entries of ¢
child =

k
)
112
add (child, ¢(by, by)) to list of children
return list of children

search(by, be, max(l/s, 1), max(

else

return coordinates and values of best k entries of c.

Every path from the root of this tree to a leaf is a possi-
ble cut. The error induced by each cut can be defined as a
weighted sum over the respective errors on all resolution lev-
els. A uniform weighting usually works well. Optionally, all
but the best few (e.g., 40) cuts can be discarded in the end in
order to speed up the subsequent path search algorithm.

4. PATH SEARCH

As soon as a sufficiently large number of possible cuts has
been determined, we may use these cuts to piece together sec-
tions of the example such that the synthesized target sound
satisfies user-specified constraints. Most constraints — such
as the desired overall length of the sample — can be formal-
ized by prescribing the temporal position of a certain piece
of the example — such as the first or last sample — in the syn-
thesized output. The remaining task is now to find a path
through the example, playing segments or jumping between
the end points of a cut, that starts and ends at a given position
in the example and produces a synthesis result of the speci-
fied duration. Multiple constraints can then be enforced by
synthesizing the parts between each pair of successive con-
straints separately.

The search for an optimal succession of example se-
quences between two given end points can be formulated as
the search for a shortest path in a graph. However, the size of
this graph grows exponentially with the number of possible
cuts, such that finding an exact solution quickly becomes im-
practical. Instead, we propose a heuristic best-first search that
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Fig. 2. Cut plot — akin to a self-similarity matrix — for the
example song used for synchronizing the soundtrack for the
Charlie Chaplin video. The dots indicate positions in the ex-
ample where jumps from the time marked on the abscissa to
the time marked on the ordinate are perceptually smooth. The
grid lines indicate ten times the block size used in the lowest
analysis resolution level.

finds the path with minimal error metric among all synthe-
sized target sounds consisting of less than a specified amount
of example segments.

The error metric to minimize has to enforce three possibly
contradictory goals: The error e., of the used cuts ¢; shall
be small, the sum of the durations lsj of the used example
segments s; has to be close to the desired duration /gegired, and
unnecessary repetition of the same example segment has to be
avoided. We achieve this by formulating a simple weighted
sum of three error terms: the accumulated cut cost ). e,
the squared difference between the current and the desired
duration (3 ils; — lgesired )%, and the product of the number
of occurences of each possible cut ¢, [[, max(}, dc,c,, 1),
where d. ., is one when ¢ = ¢; and zero otherwise. The error
function for a given set of cuts ¢; and the enclosed example
segments s; can thus be written as

error (¢;,85) = Acu ;€
+ )\duration(zj‘ ls.7 - ldf:sired)2 (1)
+ )\repetition Hc maX(Zi 5(:,0,;3 1) )

for user-specified weighting factors Acut, Aduration and Arepeition-
If necessary, this metric can easily be extended to incorporate
further constraints, for example to enforce a change of mood
in a piece of music.

The best-first search can be implemented efficiently by us-
ing a sorted heap of incomplete paths which initially contains
only the path from the first sample of the example to the first
possible cut. Successively, the respective best path is taken
from the heap, and for each possible continuation of the path
(playing until the next cut or jumping to another cut and play-
ing from there), a new path is created by extending the old
one, and is put onto the heap. As soon as a path is complete
(that is, it reaches the end of the example), it is put onto a heap
of complete paths. This is iterated until a certain number of
complete paths has been found, and the best complete path is
returned.

It is possible that some paths grow longer than the desired
length of the target. Because the error metric of these paths
can only become worse by appending new segments, they will
most probably not be part of the final solution. Therefore, for
increased efficiency, paths exceeding the desired target length
are immediately discarded.

The final path contains a list of segments from the ex-
ample. These segments can now simply be concatenated to
produce the desired synthesized target. Because the position
of the cuts is determinated with sample-perfect precision, no
blending is necessary. When creating a target of exactly the
desired length is impossible without using a very bad cut (for
example, if the desired length differs from the example length
by a non-multiple of the beat length), pitch-invariant scaling
of the target by a small factor can be applied in order to attain
the exact length with minimal distortion.

5. INFINITE AND ON-THE-FLY SYNTHESIS

For some applications, such as video games or live art in-
stallations, it might be desirable to generate an endless audio
stream from an audio example. This can easily be achieved
by concatenating a Markov chain of example segments based
on the list of cuts and their respective errors. For example, if
at one point of the chain a number of cuts ¢; with errors e,
is available, the transition probability along the cut might be
given as
ec
p(cl) - 1 + Zl eCi

while the probabilty for continuing to play to the next cut

would be
1

L+ e

In order to avoid reaching the end of the example, a penalty
for jumping or playing too close to the end may be included
in the error metric, and cuts leading into the last part of the
example may be deleted.

If the example is annotated with meta-information such
as the perceived mood of different parts of a piece of music,
the error metric can easily be adapted to enforce appropriate
music to be played when, for example, dramatic game events
occur.
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Fig. 3. Path plot for the synchronized soundtrack for the Char-
lie Chaplin video. The blue diagonal lines indicate which
sample in the synthesized target (ordinate) is copied from
which sample in the example (abscissa), while the green hor-
izontal lines indicate jumps in the example during playback.
The red crosses mark the key frame constraints that have been
approximated by the path. The dashed line represents unmod-
ified reproduction of the example for comparison. The grid
lines indicate ten times the block size used in the lowest anal-
ysis resolution level.

6. RESULTS

In order to evaluate the applicability of our method in a
practical context, we begin by generating a novel punk-rock
soundtrack for a video sequence from a classic Charlie Chap-
lin movie (provided as supplementary material). Three key
frames of the sequence are synchronized with corresponding
samples from the audio example (Fig. 1). The beginning and
end of the video sequence are set to the beginning and end of
the song, respectively. A third key frame (Fig. 1(b)) marks the
beginning of a fight between the two characters; it is set to the
start of an intense instrumental sequence in the background
music.

Fig. 2 shows the possible cuts that have been found in the
punk rock sound example. Every dot in the diagram corre-
sponds to a pair of positions in the sound example between
which we are able to jump during playback with minimal
perceptual error. The multi-scale algorithm has managed to
distribute the cut positions quite evenly. However, diagonal
clusters of cuts have not been entirely avoided. They rep-
resent cuts of the same length from similar positions in the

example. Since the effects of these cuts on the synthesized
soundtrack is very similar, they might as well be collapsed
into a single cut in order to speed up the subsequent path
search. From looking at diagonal clusters, it also becomes
obvious that even though many good cuts have been found,
the set of different cut lengths is quite small. This is mostly
due to the structure of the song: the length of a good cut is
likely a multiple of the length of one beat, one measure, or
even an entire verse or chorus. This effect becomes impor-
tant during the path search step, because it implies that some
constrains may not be satisfiable when the key points are too
close together. For the “punk rock” example, our experiments
indicate that the minimal distance between two key frames
lies somewhere between 10 and 30 seconds, depending on the
position of the constraints within the example. The attainable
precision of the key point constraints depends on the struc-
ture of the example and the number of detected cut points,
which may become prohibitively large when high accuracy is
desired.

On a 3 GHz AMD Athlon 64, finding 256 cuts in the 2:58
long “punk rock” example took about twelve seconds.

In Fig. 3, the optimal path through the example subject to
the three key frame constraints is displayed. On the horizon-
tal axis, the position in the example sequence is shown, while
the vertical axis represents the position in the synthesis re-
sult. The blue diagonal lines represent example sections that
have been copied verbatim into the result, while the horizontal
green lines show jumps within the example during playback.
The red markers indicate the key frame constraint positions
which require the synthesized samples at these key frames to
be taken from specified places in the example. It becomes ap-
parent that the path sometimes jumps back and forth between
two parallel diagonals, e.g. two verses in the song. This is
probably due to a very low penalty for cuts in the error func-
tion, Eq. (1). However, when listening to the song, these cuts
are only noticeable because of obvious inconsistencies in the
vocal part.

The time for finding valid paths varies strongly with the
desired duration of the output, and with the number and posi-
tion of the cuts in the vicinity of the desired start and end point
in the example. For example, finding 32 complete paths of
30.5 s duration between positions 0:00 and 0:56 in the “punk
rock” example took only 0.25 seconds, while for 32 paths of
19.5's duration between 0:56 and the end of the example, it
took about 68 seconds.

Synthesis results for different musical styles and for
texture-like sounds are provided as supplementary material.
For the latter, we also provide the results by Parker et al. [8]
for comparison. In both cases, the length of the synthesized
segment was prescribed as a constraint.

The fact that semantic content, like the text in the vocal
part of the song or complex musical structures, is not detected
by the cut point search algorithm is one of the biggest limi-
tations of our method, while simple, reoccuring large-scale



structures, such as the verse and chorus of a pop song, are of-
ten matched surprisingly well, which can lead to interesting
and often funny results when a jump occurs from the middle
of one verse into another, for example in the “folk” example
around 1:34 and 3:15. In general, however, semantic anal-
ysis (e.g. [11]) would be necessary in order to reliably pro-
duce convincing results for music with vocals. Other seman-
tic breaks can be noticed, for example, in the “punk rock”
example around 1:00, 3:14 and 3:55. More severe rythmic
inaccuracies occur in the “folk” example, which lacks a well-
defined regular beat, at positions 2:53 and 3:28. Near the end
of the video example, the tight constraints have forced a not-
icably bad cut to be followed, which becomes obvious when
the singer’s voice suddenly disappears.

7. CONCLUSION

We have presented an example-driven algorithm for con-
strained audio synthesis that works efficiently and with a min-
imum amount of user interaction for both musical and texture-
like examples. Content-aware soundtracks for films and other
pre-generated media can be created from a single audio exam-
ple, such as an MP3 file, and a list of key point — audio sample
mappings. For interactive media such as video games or art
installations, live audio streams that adapt to the scene con-
tents, which are currently typically created from hand-crafted
audio loops or MIDI files, can be generated from arbitrary
audio examples.

In contrast to existing approaches, the proposed method
produces appealing results not only for texture-like sounds,
but also for structured examples like music and has been
tested on a variety of musical styles.

A possible extension of the proposed algorithm would be
to incorporate semantic analysis, such as beat and pitch de-
tection. In addition to possibly improved synthesis quality for
difficult examples, this would increase the flexibility of the al-
gorithm by allowing to automatically match the pitch and beat
of different songs, so that medleys of otherwise incompatible
songs could be generated automatically.
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