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Abstract. In this paper we present an extension of an existing system, calledSaxEx, capable of generating
expressive musical performances based on Case-Based Reasoning (CBR) techniques. The previous version of
SaxExused pre-fixed criteria within the different CBR steps and, therefore, there was no room for user inter-
action. This paper discusses the necessity of user interaction during the CBR process and how this decision
enhances the capabilities and the usability of the system. The set of evaluation experiments conducted show
the advantages ofSaxEx’s new interactive functionality, particularly for future educational applications of the
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1. Introduction

The work described in this paper addresses the gen-
eration of expressive music, endowing the resulting
piece with the expressivity that characterizes human
performances. Following musical rules, independently
of how sophisticated and complete they are, is not
enough to achieve this expressivity, and indeed mu-
sic generated in this way usually sounds monotonous
and mechanical. The main problem here is to grasp the
performer’s “personal touch”, the knowledge brought
about when performing a score and that is absent from
it. This knowledge concerns not only “technical” fea-
tures (use of musical resources) but also the affective
aspects implicit in music. A large part of this knowl-
edge is tacit and therefore very difficult to generalize
and verbalize, although it is not inaccessible. Humans
acquire it through a long process of observation, imi-
tation, and experimentation [1].

For this reason, AI approaches based on declarative
knowledge representations have serious limitations. An
alternative approach, much closer to the observation-
imitation-experimentation process observed in hu-

mans, is that of directly using the knowledge implicit
in examples from recordings of human performances.

To achieve this we developedSaxEx[2], a case-based
reasoning (CBR) system for generating expressive per-
formances of melodies based on examples of human
performances (for the momentSaxExis limited to jazz
ballads). CBR [3] is appropriate for problems where (a)
many examples of solved problems can be obtained—
like in our case where multiple examples can be easily
obtained from recordings of human performances; and
(b) a large part of the knowledge involved in the so-
lution of problems is tacit, difficult to verbalize and
generalize.

Previous versions ofSaxExused pre-fixed criteria
within the different CBR steps and, therefore, there
was no room for user interaction. In this version we
have improved the CBR component by allowing the
user to interact with and to influence the CBR process.

User interaction is necessary because on the one
hand, generating expressive performances is a creative
process and as such it can certainly be enhanced by
human intervention, especially in its aesthetic evalua-
tion [4]. On the other hand, since we focus on its use
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as an educational tool for music students, it was neces-
sary to provide the tool with flexible experimentation
capabilities.

This paper is organized as follows: The next sec-
tion describes the elements from which the system has
been built; Section 3 describes how the system works;
Section 4 focuses on the interaction capabilities of the
system; Section 5 presents the results obtained during
the evaluation of the system; Section 6 comments on
some related work; and, finally, in Section 7 we give
some conclusions and point to future work.

2. SaxEx Elements

In this section, we briefly present some of the elements
underlyingSaxExthat are necessary to understand the
system (see Fig. 1).

2.1. SMS

Sound analysis and synthesis techniques based on spec-
trum models like Spectral Modeling and Synthesis
(SMS) are useful for the extraction of high level pa-
rameters from real sound files, their transformation,
and the synthesis of a modified version of these sound
files. SaxExuses SMS in order to extract basic infor-
mation related to several expressive parameters such as

Figure 1. General view ofSaxExblocks.

dynamics, rubato, vibrato, and articulation. The SMS
synthesis procedure allows the generation of expres-
sive reinterpretations by appropriately transforming an
inexpressive sound file.

The SMS approach to spectral analysis is based on
decomposing a sound into sinusoids plus a spectral
residual. From the sinusoidal plus the residual repre-
sentation we can extract high level attributes such as at-
tack and release times, formant structure, vibrato, and
average pitch and amplitude, when the sound is a note
or a monophonic phrase of an instrument. These at-
tributes can be modified and added back to the spectral
representation without loss of sound quality.

This sound analysis and synthesis system is ideal as
a preprocessor, giving toSaxExhigh level musical pa-
rameters, and as a post-processor, adding the transfor-
mations specified by the case-based reasoning system
to the inexpressive original sound.

2.2. Noos

SaxExis implemented inNoos[5, 6], a reflective object-
centered representation language designed to support
knowledge modeling of problem solving and learn-
ing. Modeling a problem in Noos requires the speci-
fication of three different types of knowledge: domain
knowledge, problem solving knowledge, and metalevel
knowledge.

Domain knowledge specifies a set of concepts, a set
of relations among concepts, and problem data that
are relevant for an application. Concepts and relations
define the domain ontology of an application. For in-
stance, the domain ontology ofSaxExis composed of
concepts such as notes, chords, analysis structures, and
expressive parameters. Problem data, described using
the domain ontology, define specific situations (specific
problems) that have to be solved. For instance, specific
inexpressive musical phrases to be transformed into
expressive ones.

Problem solving knowledge specifies the set of tasks
to be solved in an application. For instance, the main
task ofSaxExis to infer a sequence of expressive trans-
formations for a given musical phrase. Methods model
different ways of solving tasks. Methods can be ele-
mentary or can be decomposed into subtasks. These
new (sub)tasks may be achieved by other methods. A
method defines an execution order over subtasks and
a specific combination of the results of the subtasks in
order to solve the task it performs. For a given task,
there can be multiple alternative methods that may
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solve the task in different situations. This recursive
decomposition of a task into subtasks by means of a
method is called task/method decomposition.

The metalevel of Noos incorporates, among other
types of (meta-)knowledge,Perspectives, used in the
retrieval task, andPreferences, used bySaxExto rank
cases.

2.2.1. Perspectives.These [7] constitute a mecha-
nism for describing declarative biases for case retrieval
for structured and complex case representations. They
provide a flexible and dynamic retrieval mechanism
and are used bySaxExto make decisions about the
relevant aspects of a problem.SaxExincorporates two
types of declarative biases in the perspectives. On the
one hand, metalevel knowledge to assess similarities
among scores using the analysis structures built upon
musical models (described below in Section 2.3). On
the other hand, (metalevel) knowledge to detect affec-
tive intention in performances and to assess similarities
among them.

2.2.2. Preferences. Model decision making criteria
about sets of alternatives present in domain knowl-
edge and problem solving knowledge. In theSaxEx
context, preferences are used as a symbolic representa-
tion of relevance (or “similitude”) in comparing a given
current problem with problems previously solved by
the system. For instance, preference knowledge can be
used to model criteria for ranking some precedent cases
over other precedent cases for a task in a specific situa-
tion. Preferences are modeled by partially ordered sets
(also calledposets) and are built by means ofpreference
methods. There are two kinds of preference methods:
preference construction methods and preference com-
bination methods.

A preference construction method takes a set of
source elements and an ordering criterion and builds
a partially ordered set.Noos provides several built-
in preference constructors based on numerical and
non-numerical criteria. Examples of preference con-
struction methods areincreasing-preference and
decreasing-preference that take a set of elements
with a common numeric feature and build a preference
where the preferred elements are those with a greater
value or lesser value, respectively, in the specified fea-
ture. Some examples are shown in Section 4.2.

There are several ways to combine different prefer-
ence criteria—or, in other words, build new preferences
from existing preferences. TheNoosoperations dealing

with preference combination are methods that create
new partially ordered sets from (a combination of) par-
tially ordered sets—created either by preference con-
struction methods or by other preference combination
methods. Examples of preference combinations are
operations such asinversion, preference-union,
preference-intersection, and hierarchical-
preference-union.

For instance,preference-union takes two prefer-
ence criteria and constructs a new preference perform-
ing a union of the elements of the sets and a transitive
closure of the union of order relations. As we will show
in Section 4.2,preference-union is used to com-
bine precedents obtained from equally preferred per-
spectives such as melodic direction and note duration.
Another example of a preference combination used by
SaxEx is hierarchical-preference-union that,
given a more preferred poset calledhigher-poset
and a less preferred poset calledlower-poset, con-
structs a preference order preserving the order fixed
in higher-poset and adding fromlower-poset the
order relations that are not in conflict withhigher-
poset. hierarchical-preference-union is used
by SaxExto combine precedents obtained from per-
spectives with different preference.

2.2.3. Episodic Memory. This is the (accessible and
retrievable) collection of problems that the system has
solved. Once a problem is solved,Noos provides a
collection of special methods to dynamically indicate
which problems must be stored and which problems
can be forgotten. Using these methods,Noosapplica-
tions can automatically incorporate (store and index)
some problems into the episodic memory.

Noos provides a set of basic retrieval methods
that can retrieve previous relevant episodes from the
episodic memory using relevance criteria. Relevance
criteria are determined by specific domain knowledge
about the importance of different features or by require-
ments of problem solving methods. Usually, the notion
of similitude in case-based reasoning introduces a way
to assess the relevance of precedent cases in solving a
new case. Similarity measures estimate a relevance or-
der between precedent cases. Our approach is to work
directly over relevance orders.

Retrieval methods are based on the notion of feature
terms as partial descriptions and the notion of subsump-
tion among feature terms [8]. The intuitive meaning of
subsumption is that a termt1 subsumes another termt2
(t1 v t2) whent1 is more general thant2. Notice that
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we treat subsumption orderingv as an informational
ordering i.e., (t1 v t2 means thatt1 has less or equal
information content thant2). Our approach is that a
knowledge modeling analysis can determine the rele-
vant aspects of problems; then, partial descriptions of
the current problem can be built embodying the as-
pects considered as relevant. These partial descriptions
are used as retrieval patterns for searching similar cases
in the episodic memory using subsumption. Thus, re-
trieval methods can be viewed as methods that search
into the episodic memory for the set of feature terms
subsumed by a feature term, a pattern, embodying the
relevant aspects of a problem data. Retrieval methods
are the basic building block for integrating learning,
and specifically CBR, into Noos. Retrieval methods,
as we will show in Section 3.2, are used bySaxExin
thesearchsubtask.

2.3. Background Musical Knowledge

SaxEx incorporates two general theories of musi-
cal perception and musical understanding: Narmour’s
implication/realization (IR) model [9] and Lerdahl
and Jackendoff’s generative theory of tonal music
(GTTM) [10]. Moreover,SaxExincorporates specific
knowledge about Jazz theory. These three musical
models constitute the background musical knowledge
of the system.

2.3.1. Narmour’s Implication/Realization Model.
This proposes a theory of cognition of melodies based
on eight basic structures. These structures character-
ize patterns of melodic implications that constitute the
basic units of the listener perception. Other parame-
ters such as metric, duration, and rhythmic patterns
emphasize or inhibit the perception of these melodic
implications. The use of the IR model provides a mu-
sical analysis based on the structure of the melodic
surface.

Examples of IR basic structures are theP process (a
melodic pattern describing a sequence of at least three
notes with similar intervals and the same ascending or
descending registral direction) and theID process (a
sequence of at least three notes with the same intervals
and different registral directions), among others.

2.3.2. Lerdahl and Jackendoff’s Generative Theory
of Tonal Music. GTTM, on the other hand, offers
a complementary approach to understanding melodies

Figure 2. Example of a time-span tree for the beginning of the ‘All
of me’ ballad.

based on a hierarchical structure of musical cognition.
GTTM proposes four types of hierarchical structures
associated with a piece: thegrouping structure, themet-
rical structure, thetime-span reduction structure, and
theprolongational reduction structure.

The grouping structuredescribes the segmenta-
tion units that listeners can establish when hearing
a musical surface: motives, phrases, and sections.
The metrical structuredescribes the rhythm hierar-
chy of the piece. Thetime-span reduction structure
is a hierarchical structure describing the relative struc-
tural importance of notes within the audible rhythmic
units of a phrase (see Fig. 2). Theprolongational re-
duction structureis a hierarchical structure describ-
ing tension-relaxation relationships among groups of
notes.

The grouping structure can help to determine the
phrase level. The metrical structure is represented in
SaxExassociating a metrical-strength to each note. The
time-span reduction structure and the prolongational-
reduction structure are tree structures that are directly
represented inNoosbecause of the tree-data represen-
tation capabilities of the language.

The goal of using both IR and GTTM models is
to take advantage of combining the IR analysis of
melodic surface with the GTTM structural analysis
of the melody. These are two complementary views of
melodies that influence the execution of a performance.

2.3.3. Jazz Theory. This is introduced inSaxExfor
the specific treatment of harmony in jazz. In jazz the
notion of tonality is secondary and other aspects such as
chord progressions, the tonal functionality of chords, or
the use of dominants are more important. Since we are
using SaxExfor generating expressive performances
of jazz ballads, jazz theory is useful to determine har-
monic stability of notes and the role of the notes with
respect to the underlying harmony.
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3. The SaxEx System

An input forSaxEx(see Fig. 1) is a musical phrase de-
scribed by means of its musical score (a MIDI file), a
sound, and specific qualitative values along three affec-
tive dimensions (tender-aggressive, sad-joyful, calm-
restless) expressing the user preferences regarding the
desired expressive output performance [11]. Affective
information can be partially specified, that is the user
does not have to provide values for every dimension.
The score contains the melodic and the harmonic in-
formation of the musical phrase. The sound contains
the recording of an inexpressive interpretation of the
musical phrase played by a musician. Values for affec-
tive dimensions will guide the search in the memory of
cases.

The output of the system is a set of new sound files,
obtained via transformations of the original sound,
where each contains a different expressive performance
of the same phrase according to the affective labels
given as input.

Solving a problem inSaxExinvolves three phases:
the analysis phase, the reasoning phase, and the syn-
thesis phase. The Analysis and synthesis phases are
implemented using SMS sound analysis and synthesis
techniques. The reasoning phase is performed using
CBR techniques, implemented in Noos, and is the main
focus of this paper.

The development ofSaxExinvolved the elabora-
tion of two main models: the domain model and the
problem-solving model. The domain model contains
the concepts and structures relevant for representing
musical knowledge. The problem-solving model con-
sists mainly of a CBR method for inferring a se-
quence of expressive transformations for a given mu-
sical phrase.

3.1. Modeling Musical Knowledge

Problems solved bySaxEx, and stored in its memory,
are represented as complex structured cases embody-
ing three different kinds of musical knowledge (see
Fig. 3): (1) concepts related to the score of the phrase
such as notes and chords, (2) concepts related to back-
ground musical theories such as implication/realization
structures and GTTM’s time-span reduction nodes, and
(3) concepts related to the performance of musical
phrases.

A score is represented by a melody, embodying a se-
quence of notes, and a harmony, embodying a sequence

Figure 3. Overall structure of the beginning of an ‘All of me’ case.

of chords. Each note holds in turn a set of features such
as its pitch (C5, G4, etc), its position with respect to
the beginning of the phrase, its duration, a reference
to its underlying harmony, and a reference to the next
note of the phrase. Chords hold also a set of features
such as name (Cmaj7, E7, etc), position, duration, and
a reference to the next chord.

The musical analysis representation embodies struc-
tures of the phrase automatically inferred bySaxEx
from the score using IR and GTTM background mu-
sical knowledge. The analysis structure of a melody
is represented by a process-structure (embodying a se-
quence of IR basic structures), a time-span-reduction
structure (embodying a tree describing metrical rela-
tions), and a prolongational-reduction structure (em-
bodying a tree describing tensing and relaxing relations
among notes). Moreover, a note holds the metrical-
strength feature, inferred using GTTM theory, ex-
pressing the note’s relative metrical importance into
the phrase. Section 3.3 describes in more detail these
structures.

The information about the expressive performances
contained in the examples of the case memory is repre-
sented by a sequence ofaffective regionsand a sequence
of events, one for each note (extracted using the SMS
sound analysis capabilities), as explained below.

Affective regionsgroup (sub)-sequences of notes
with common affective expressivity. Specifically, an
affective region holds knowledge describing the fol-
lowing affective dimensions:tender-aggressive, sad-
joyful, andcalm-restless. These affective dimensions
are described using five ordered qualitative values ex-
pressed by linguistic labels as follows: the middle la-
bel represents no predominance (for instance, neither
tender nor aggressive), lower and upper labels repre-
sent, respectively predominance in one direction (for
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example, absolutely calm is described with the lowest
label). For instance, a jazz ballad can start very tender
and calm and continue very tender but more restless.
Such different nuances are represented inSaxExby
means of different affective regions.

There is aneventfor each note within the phrase
embodying information about expressive parameters
applied to that note. Specifically, an event holds infor-
mation about dynamics, rubato, vibrato, articulation,
and attack. These expressive parameters are described
using qualitative labels as follows:

• Changes in dynamics are described relative to the
average loudness of the phrase by means of a set
of five ordered labels. The middle label represents
average loudness and lower and upper labels repre-
sent respectively increasing or decreasing degrees of
loudness.
• Changes in rubato are described relative to the av-

erage tempo also by means of a set of five or-
dered labels. Analogously to dynamics, qualitative
labels about rubato cover the range from a strong
accelerando to a strong ritardando.
• The vibrato level is described using two parameters:

frequency and amplitude. Both parameters are de-
scribed using five qualitative labels from no-vibrato
to highest-vibrato.
• The articulation between notes is described using

again a set of five ordered labels covering the range
from legato to staccato.
• Finally, SaxExconsiders two possibilities regarding

note attack: (1) reaching the pitch of a note starting
from a lower pitch, and (2) increasing the noise com-
ponent of the sound. These two possibilities were
chosen because they are characteristic of saxophone
playing but additional possibilities could be intro-
duced without altering the system.

3.2. The SaxEx CBR Task

The task ofSaxEx is to infer a set of expressive
transformations to be applied to every note of an
inexpressive phrase given as input. To achieve this,
SaxExuses a CBR problem solver, a case memory
of expressive performances, and background musi-
cal knowledge. Transformations concern the dynam-
ics, rubato, vibrato, articulation, and attack of each
note in the inexpressive phrase. The cases stored in
the episodic memory ofSaxExcontain knowledge
about the expressive transformations performed by

Figure 4. Task decomposition of theSaxExCBR method.

a human player given specific labels for affective
dimensions.

For each note in the phrase, the following subtask de-
composition (Fig. 4) is performed by the CBR problem
solving method implemented in Noos:

• Retrieve: The goal of the retrieve task is to choose,
from the memory of cases (pieces played expres-
sively), the set of precedent notes—the cases—most
similar for every note of the problem phrase. Specifi-
cally, the following subtask decomposition is applied
to each note of the problem phrase:

– Identify: its goal is to build retrieval perspectives
using the affective values specified by the user and
the musical background knowledge integrated in
the system (retrieval perspectives are described in
Subsection 3.3). These perspectives guide the re-
trieval process by focusing it on the most relevant
aspects of the current problem, and will be used
either in thesearchor in theselectsubtasks.

– Search: its goal is to search cases in the case mem-
ory using Noos retrieval methods and some previ-
ously constructed perspective(s).

– Select: its goal is to rank the retrieved cases using
Noos preference methods. The collection ofSaxEx
default preference methods use criteria such as
similarity in duration of notes, harmonic stability,
or melodic directions.

• Reuse: its goal is to choose, from the set of most
similar notes previously retrieved, a set of expressive
transformations to be applied to the current note. The
default strategy ofSaxExis the following: the first
criterion used is to adapt the transformations of the
most similar note. When several notes are considered
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equally similar, the transformations are selected ac-
cording to the majority rule. Finally, in case of a tie,
one of them is selected randomly (reuse criteria are
described in Subsection 3.4). When the retrieval task
is not able to retrieve similar precedent cases for a
given note, no expressive transformations are applied
to that note and the situation is notified in the revi-
sion task. Nevertheless, using the currentSaxExcase
base, the retrieval perspectives allways retrieved at
least one precedent in the experiments performed.
• Revise: its goal is to present to the user a set of al-

ternative expressive performances for the problem
phrase. As we will describe in the next section, users
can tune the expressive transformations applied to
each note and can indicate which performances they
prefer.
• Retain: the incorporation of the new solved problem

to the memory of cases is performed automatically
in Noosfrom the selection performed by the user in
therevisetask. These solved problems will be avail-
able for the reasoning process when solving future
problems. Only positive feedback is given. That is,
only those examples that the user judges as good
expressive interpretations are actually retained.

In previous versions ofSaxExthe CBR task was
fixed. That is, the collection of retrieval perspectives,
their combination, the collection of reuse criteria, and
the storage of solved cases were pre-designed and the
user didn’t participate in the reasoning process. More-
over, theretain subtask was not present because it is
mainly a subtask that requires an interaction with the
user.

Now, in the current version ofSaxExwe have im-
proved the CBR method by incorporating the user in
the reasoning process. This new capability allows users
to influence the solutions proposed bySaxExin order
to satisfy their interests or personal style. The user can
interact withSaxExin the four main CBR subtasks.
This new functionality requires that the use and com-
bination of the two basic mechanisms—perspectives
and preferences—in the Retrieve and Reuse subtasks
must be parameterizable and dynamically modifiable.
That is, pre-fixed criteria cannot be implemented in this
version ofSaxEx.

Below we will present the collection of retrieval and
reuse criteria provided bySaxEx. Then, in the next sec-
tion we will present how the user can interact with the
system in order to tailor the behavior ofSaxExby either
activating/deactivating criteria or combining them in a
specific way.

3.3. Retrieval Perspectives

Retrieval perspectives are built by theidentifysubtask
and can be used either by thesearchor theselectsub-
task. Perspectives used by thesearchsubtask will act as
filters. Perspectives used by theselectsubtask will act
only as a preference. Retrieval perspectives are built
based on user requirements and background musical
knowledge. Retrieval perspectives provide partial in-
formation about the relevance of a given musical aspect.
After these perspectives are established, they have to be
combined in a specific way according to the importance
(preference) that they have.

Retrieval perspectives are of two different types:
based on the affective intention that the user wants
to obtain in the output expressive sound or based on
musical knowledge.

(1) Affective labelsare used to determine the fol-
lowing declarative bias: we are interested in notes with
affective labels similar to the affective labels required
in the current problem by the user.

As an example, let us assume that we declare we are
interested in forcingSaxExto generate a calm and very
tender performance of the problem phrase. Based on
this bias,SaxExwill build a perspective specifying as
relevant to the current problem the notes from cases
that belong first to “calm and very tender” affective
regions (most preferred), or “calm and tender” affec-
tive regions, or “very calm and very tender” affective
regions (both less preferred).

When this perspective is used in theSearchsubtask,
SaxExwill search in the memory of cases for notes
that satisfy this criterion. When this perspective is used
in the Selectsubtask,SaxExwill rank the previously
retrieved cases using this criterion.

(2) Musical knowledgegives three sets of declara-
tive retrieval biases: first, biases based on Narmour’s
implication/realization model; second, biases based
on Lerdahl and Jackendoff’s generative theory; and
third, biases based on Jazz theory and general music
knowledge.

RegardingNarmour’s implication/realizationmodel,
SaxExincorporates the following three perspectives:

• The “role in IR structure” criterion determines as
relevant the role that a given note plays in an im-
plication/realization structure. That is, the kind of
IR structure it belongs to (e.g., theP process de-
scribed in Section 2.3.1) and its position (first-
note, inner-note, or last-note). For instance,
this retrieval perspective can specify biases such as
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“look for notes that are thefirst-note of a P
process”.
• The “Melodic Direction” criterion determines as rel-

evant the kind of melodic direction in an impli-
cation/realization structure:ascendant, descen-
dant, or duplication. This criterion is used for
adding a preference among notes with the same IR
role and different melodic direction.
• The “Durational Cumulation” criterion determines

as relevant the presence—in an IR structure—of
a note in the last position with a duration signifi-
cally higher than the others. This characteristic em-
phasizes the end of an IR structure. This criterion
is used—as the previous—for adding a preference
among notes with the same IR role and different
melodic direction.

Regarding Lerdahl and Jackendoff’s GTTM theory,
SaxExincorporates the following three perspectives:

• The “Metrical Strength” criterion determines as rel-
evant the importance of a note with respect to the
metrical structure of the piece. The metrical struc-
ture assigns a weight to each note according to the
beat in which it is played. That is, the metrical weight
of notes played in strong beats are higher than the
metrical weight of notes played in weak beats. For in-
stance, the metrical strength bias determines as sim-
ilar the notes played at the beginning of subphrases
since the metrical weight is the same.
• The “role in the Time-Span Reduction Tree” criterion

determines as relevant the structural importance of a
given note according to the role that the note plays
in the analysis Time-Span Reduction Tree.

Time-Span Reduction Trees are built bottom-up
and hold two components: a segmentation into hier-
archically organized rhythmic units and a binary tree
that represents the relative structural importance of
the notes within those units. There are two kinds of
nodes in the tree: left-elaboration nodes and right-
elaboration nodes.

Since the Time-Span Reduction Tree is a tree with
high depth, we are only taking into account the two
last levels. That is, given a note this perspective fo-
cuses on the kind of leaf the note belongs (left or
right leaf) and on the kind of node the leaf belongs
(left-elaboration or right-elaboration node).
For instance, in the ‘All of me’ ballad (see Fig. 2)
the first quarter note of the second bar (C) belongs
to a left leaf in a right-elaboration node because the
following two notes (D andC) elaborate the first note.

In turn, these two notes belong to a left-elaboration
(sub)node because the second note (D) elaborates the
third (C).
• The “role in the Prolongational Reduction Tree” cri-

terion determines as relevant the structural impor-
tance of a given note according to the role that the
note plays in the Prolongational Reduction Tree. Pro-
longational Reduction Trees are binary trees built
top-down and represent the hierarchical patterns of
tension and relaxation among groups of notes. There
are two basic kinds of nodes in the tree (tensing nodes
and relaxing nodes) with three modes of branch
chaining:strong prolongationin which events re-
peat maintaining sonority (e.g., notes of the same
chord);weak prolongationin which events repeat in
an altered form (e.g., fromI chord toI6 chord); and
jump in which two completely different events are
connected (e.g., fromI chord toV chord).

As in the previous perspective we are only taking
into account the two last levels of the tree. That is,
given a note this perspective focuses on the kind of
leaf the note belongs (left or right leaf), on the kind
of node the leaf belongs (tensing or relaxing node),
and the kind of connection of the node (strong, weak,
or jump).

Finally, regarding perspectives based on jazz theory
and general music knowledge,SaxExincorporates the
following two:

• The “Harmonic Stability” criterion determines as
relevant the role of a given note according to the
underlying harmony. SinceSaxExis focused on gen-
erating expressive music in the context of jazz bal-
lads, the general harmonic theory has been special-
ized taking harmonic concepts from jazz theory. The
Harmonic Stability criterion takes into account in the
following two aspects: the position of the note within
its underlying chord (e.g., first, third, seventh,. . .);
and the role of the note in the chord progression it
belongs.
• The “Note Duration” criterion determines as rele-

vant the duration of a note. That is, given a specific
situation, the set of expressive transformations ap-
plied to a note will differ depending on whether the
note has a long or a short duration.

3.4. Reuse Criteria

As we have described in Section 3.2, thereusetask
takes the ordered set (possibly partially ordered) of
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note precedents selected by theretrieve task and de-
cides the expressive transformations to be performed
to each note. That is, for every note in the problem
phrase, we have to determine a value for each of
the five expressive parameters. For instance, average
loudness, strong accelerando, low vibrato frequency,
etc.

Given a note and an expressive parameter, the first
decision is to choose how many precedent notes have
to be considered for reuse. Since retrieval perspec-
tives model the similarity between problem notes and
precedent notes, thereusetask selects the most similar
precedent notes. Given this set of precedents the easi-
est situation is when all precedents have performed the
same transformation in an expressive parameter. In that
case, there is no conflict about the transformation to be
applied to the problem note.

But this ideal situation is not usual. Usually the trans-
formation applied in each precedent is not the same.
Then,SaxExdecides which transformation to apply us-
ing some of the following reuse criteria where the first
four are mutually exclusive as well as the fifth and sixth:

• The “Majority Rule” criterion chooses the values that
were applied in the majority of precedents.
• The “Strict Majority Rule” criterion chooses the val-

ues that were applied in at least half of the precedents.
• The “Minority Rule” criterion chooses the values that

were applied in the minority of precedents.
• The “Strict Minority Rule” criterion chooses the val-

ues that were applied in at most one of the precedents.
• The “Continuity” criterion gives priority to precedent

notes belonging to the same musical subphrase in the
case base.
• The “Non-Continuity” criterion is the inverse of the

previous one. That is, it gives priority to precedent
notes not belonging to the same musical subphrase
in the case base.
• The “Random” criterion chooses randomly one value

among precedent values. This criterion is used as the
last criterion when after applying previous criteria
more than one alternative remains.

The default strategy ofSaxExuses first the majority
rule and if necessary the random criterion. Neverthe-
less, since the generation of expressive performances
is a creative process mainly influenced by the user’s
personal preferences, the other reuse criteria can be
used to taylor the system according to those personal
preferences. For instance, the “Strict Minority Rule”
and the “Non-Continuity” criteria will force SaxExto

produce expressive performances containing less usual
combinations of expressive effects. As we will show in
Section 4.2, other the criteria can be selected and com-
bined by users.

4. Interacting with SaxEx

In the previous section we have described the CBR
process performed bySaxEx(Section 3.2) and the
collection of basic criteria used by taking decisions
(Sections 3.3 and 3.4). Now we will describe how a
user interacts with the system and influences the CBR
process. A typical interaction scenario between an ap-
prentice user andSaxExcould be the following: The
user launchesSaxExand an initial panel appears re-
questing several pieces of information (see Fig. 5). The
user then chooses the musical phrase to be generated
and some affective values, clicks the start button, and
a second panel (see Fig. 7) shows the proposed solu-
tions, allowing the user to listen to them. Probably some
proposed solutions satisfy better than others the user’s
expectations and, therefore, the user wishes to under-
stand or improve (according to her personal style) the
solutions provided by the system. At that point, the user
is actually ready to participate in the CBR reasoning
process.

Users can interact withSaxExin all the four main
CBR tasks: by deciding which criteria to use in the
case retrieval (see Fig. 6), by deciding how the solu-
tions from precedents should be used in the current
problem (see Fig. 6), revising the solutions provided
by the system (see Fig. 7), and deciding which prob-
lems must be retained in the memory of cases—that is,
which problems will influence the resolution of future
problems (see Fig. 7).

The interaction withSaxExis therefore organized in
three panels: a panel for specifying the problem to be
solved (the musical phrase and the affective values); a
panel for manipulating the criteria used in the retrieval
and the reuse tasks; and a panel that shows the proposed
solutions, allows the user to revise them, and allows
the user to select which one to retain. We now describe
these interactions in more detail.

4.1. Specifying a New Problem

First of all, users have to select a musical problem
phrase (see Fig. 5). Users can choose from a set of
pre-existing ballads or can provide a new one. In the
case of a new ballad, the user has to provide a MIDI file
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Figure 5. SaxExpanel for specifying a new problem.

Figure 6. SaxExpanel for customizing the reuse and retain tasks.

containing the score (the melody and the harmony) and
a sound file containing a recording of an inexpressive
interpretation of the musical phrase played by a mu-
sician. After this selection, the musical phrase can be
played and its score can be also displayed.

Next, some values along the three affective dimen-
sions can be specified. Affective labels can be partially
specified, i.e., the user does not have to provide labels
for every dimension. In order to really specify a value
(using the slider shown in Fig. 5) for an affective di-
mension, the dimension has to be activated (using the
checkbox button).

Since we can choose any ballad from the existing
SaxExcollection, we have to determine which of the
remaining ballads will be used as cases.

Finally, the user can either click on the retrieval or
reuse tasks to manipulate the default strategy of the
system, or click on the start button and proceed to the
Interactive Revision panel to customize the CBR cycle.

4.2. Customizing Retrieve and Reuse

The customization panel (Fig. 6) is divided into
two subpanels: retrieval and reuse. The goal in both
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Figure 7. SaxExpanel for interactive revision and retention.

subpanels is to determine the criteria to be used and
their combination for each task, respectively.

4.2.1. The Retrieval Panel. In this panel users can
choose which perspectives have to be built by the
identifysubtask and which subtask will use them (the
searchor theselectsubtask). Moreover a combination
partial order has to be specified.

Perspectives used by thesearchsubtask will act as
filters. Perspectives used by theselectsubtask will act
only as a preference. Retrieval perspectives (described
in Section 3.3) are grouped according to the musical
model they come from (see Fig. 6): Affective knowl-
edge, IR model, GTTM model, or Jazz and general
music models.

User preferences for ranking the precedents found
by the searchsubtask in the memory of cases is in-
dicated by numbers. Perspectives with lower num-
bers have a higher preference. Perspectives with equal
numbers represent no preference among them. Specif-
ically, perspectives with equal numbers are com-
bined using thepreference-union Noos method
and perspective with lower numbers are combined
using thehierarchical-preference-union Noos
method (see Section 2.2.2).

The default strategy ofSaxExis shown in Fig. 6
where only affective labels, IR role, and metrical
strength are used by thesearchsubtask—the remain-
ing ones are used by the select subtask. The most pre-
ferred perspective is affective labels; the second is the
IR role; then, metrical strength and harmonic stabil-

ity are equally preferred; next, melodic duration, dura-
tional cumulation, and note duration are equally pre-
ferred; and finally, least preferred are time-span and
prolongational-reduction.

4.2.2. The Reuse Panel.In this panel (see Fig. 6)
users can choose which criteria to use for adapting so-
lutions from cases to the current problem. Since some
criteria are mutually exclusive, they cannot be activated
at the same time. The order of preference among reuse
criteria has to be a total order. That is, no number can
be duplicated. Moreover, the random criterion is al-
ways active and discriminates among the last remaining
alternatives.

In this panel users can also specify the number of
solutions that will be provided bySaxExjust by typing
a number from one to three (the default value).

4.3. Interactive Revision and Retention

The goal of the revision panel (see Fig. 7) is to allow
the user to listen to proposed solutions, to inspect ex-
pressive transformations applied to each note, to revise
them by means of proposing new values, to change
retrieval and reuse criteria to obtain new expressive so-
lutions, and to select solutions to be retained. The revi-
sion panel is organized into three subpanels: a subpanel
on the top showing the score and for selecting a note
to inspect and transform; a subpanel on the bottom left
for listening to proposed solutions and selecting them
for memorization; and a subpanel on the bottom right
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for revising the expressive transformations applied to
each note.

First of all, the user can activate one of the proposed
solutions by clicking in the radio buttons in the bottom
left subpanel. Then, the user can listen to the selected
solution and inspect the expressive transformations ap-
plied to each note by entering the note number in the
score subpanel. When the note number changes, the
expressive transformations subpanel shows the current
values for the expressive transformations applied to that
note. Then, the user can modify these values and listen
to the modified expressive version.

From the revision panel, the user can go back to
the customization panel (see Section 4.2 and Fig. 7)
and perform experiments by changing the retrieval and
reuse criteria. After the customization, the system goes
back to the revision panel showing the set of new pro-
posed solutions.

Finally, the user can select (see the bottom left sub-
panel in Fig. 7) which expressive solutions must be
incorporated in the episodic memory ofSaxEx. That
is, the interactive retain subtask will influence the ex-
pressive solutions thatSaxExwill propose according to
the user’s preferences.

5. System Evaluation

The set of experiments conducted with the interactive
version ofSaxExfocused on evaluating how the interac-
tive capabilities ofSaxExallow the users to influence
the results of the system according to their personal
musical preferences and how these different results are
perceived by them. The hypothesis being that the cre-
ative process involved in the generation of expressive
music is influenced by these personal musical prefer-
ences. The strategy followed in evaluating the system
was the following:

1. We selected two musical phrases belonging to the
‘All of me’ ballad and two musical phrases belong-
ing to the ‘Autumn leaves’ ballad as input problems
(four inexpressive phrases of about twenty notes),
and ten different expressive performances of the
‘How high the moon’ ballad (having about twenty
notes each).

2. We askedSaxExto generate two versions of each
musical phrase according to two different affective
requests: Tender and Sad (T-S); Joyful and Restless
(J-R). We obtained eight initial expressive interpre-
tations.

3. We interactively changed parameters in the re-
trieve/reuseSaxExpanel (see Fig. 6). Specifically,
we decreased the weight of harmonic stability, in-
creased the weight of melodic duration, and used
the minority rule in the ‘Autumn leaves’ phrases
and the continuity and random rules in the ‘All of
me’ phrases. We obtained another eight expressive
interpretations.

4. Finally, using the interactive revision panel (see
Fig. 7) we manually modified the way some of the
notes were expressively transformed (for example
increasing or decreasing the dynamics or the ru-
bato). We obtained another eight expressive inter-
pretations.

After SaxExgenerated the twenty four expressive
interpretations, we presented them—with the four in-
expressive initial performances—to musical experts to
evaluate the results. First of all, we requested two ex-
ternal experts (mentioned in the acknowledgements)
to evaluate the differences in expressivity among each
inexpressive version and its corresponding T-S version
and J-R version (generated in step 2). Specifically, they
assessed the degree for each affective dimension. Next,
they evaluated the performances generated in step 3 and
compare with those generated in step 2. Finally, they
evaluated the differences perceived in performances
from step 4.

Regarding the results of comparing the inexpressive
initial phrases with their corresponding T-S and J-R
versions generated in step 2, two main conclusions can
be extracted: first, all the experts distinguished clearly
the T-S and J-R expressive interpretations generated by
SaxEx. The difference among them was that some ex-
perts assessed affective dimensions with higher values
than others. This second result supported our hypothe-
sis that the generation of expressive music is a creative
process influenced by the personal preferences of each
musician and, then, the interactive capabilities of the
new version ofSaxExare strongly needed in order to
generate expressive performances with a higher quality
according to those personal preferences.

This hypothesis, which motivated the development
of interactive tools for involving the user in the CBR
process, was strengthened by the results of the evalu-
ation of experts in comparing the expressive solutions
generated in step 2 with those generated in step 3. All
of them agreed in classifying the interpretations in the
T-S and J-R affective space only introducing small vari-
ations and remarking not exactly the same influence
of the expressive parameters (for instance one assessed
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the importance of vibrato while another emphasized
the changes on dynamics). Since all those variations
can be performed using the current interactive capabil-
ities, the necessity of the interactive capabilities was
enforced by the experts.

In the last evaluation step, comparing the differences
perceived in the manual modifications performed using
the interactive revision panel, all of them identified the
differences. Moreover, and according to the personal
perception expressed in the previous evaluation phase,
they suggested to use the interactive revision panel for
tuning the results proposed bySaxExin different ways.
Again, those tuning processes for improving the results
produced bySaxExare now possible because of the
interactive capabilities ofSaxEx.

6. Related Work

Previous work on interactive CBR has been addressed
by [12] within the so called user-driven Conversational
CBR systems. These systems iteratively interact with
a user in a conversation to solve a query. The work
in [12] focuses on the problem of revising case libraries
according to case design guidelines in order to improve
the conversational CBR performance.

In [13], the authors combine human and automated
planners to interactively construct a plan in realistic and
complex situations. This approach is similar to ours in
the sense that the user can intervene basically in all
the basic decision steps. That is, the interface provides
mechanisms to save cases created generatively or ana-
logically, to retrieve old cases (either manually or au-
tomatically) matching current situations and to choose
various cases interleaving strategies for adaptation and
replay.

Previous work on the analysis and synthesis of mu-
sical expression has addressed the study of at most
two parameters such as rubato and vibrato [14, 15, 16],
or rubato and articulation by means of an expert sys-
tem [17]. Other work, such as in [18], is focused on the
study of how a musician’s expressive intentions influ-
ence the performances.

To the best of our knowledge, the only previous
work addressing the issue of learning to generate ex-
pressive performances based on examples is that of
Widmer [19], who uses explanation-based techniques
to learn rules for dynamics and rubato in the context
of a MIDI electronic piano. In our approach we deal
with additional expressive parameters in the context of
an expressively richer instrument because MIDI instru-

ments have serious limitations regarding expressivity.
Furthermore, this is the first attempt to deal with this
problem using case-based techniques as well as the first
attempt to cover the full cycle from an input sound file
to an output sound file going in the middle through a
symbolic reasoning and learning phase.

7. Conclusions and Future Work

In this paper we presented a new version ofSaxEx
where the case-based reasoner has been improved to
allow the user to interact with the system during the
CBR process. This capability was required because
of two main reasons: we want to provide a tool for
educational purposes—that is, with flexible experi-
mentation capabilities; and the automatic generation
of expressive music involves a creative process where
user personal preferences cannot be fixed in advance.
Specifically, regarding the educational use of the sys-
tem, during the system evaluation the interactive capa-
bilities introduced inSaxExhave been shown to be
an important tool for learning how the five expres-
sive parameters present in the system affect the result-
ing expressive solutions and also see the reasons why
some expressive values, like for example a variation
in dynamics (crescendo or diminiendo), that are well
suited in some notes and not in others (like for exam-
ple in notes of an ascending or descending melodic
progression).

The new capabilities added toSaxExhave improved
its usability, and we are planning several other capabil-
ities. Concerning the retrieval subtask, we are thinking
about howSaxExcan show the precedents selected for
each note and the preference order among them. More-
over, it could be useful if the user was allowed to change
that order interactively.

Concerning the reuse subtask, we are considering
two different alternatives. The first one is to allow dif-
ferent reuse criteria for each expressive parameter. In
the current version the reuse criteria is the same for
all parameters but the user could take some risk on
some expressive parameters (e.g., using minority rules)
and be more conservative (e.g., using majority rules)
in others.

The second alternative we are considering is to
model the degree of the different expressive param-
eters by means of fuzzy sets, since they are closer than
discrete labels to the continuous character of the SMS
analysis. This change in the expressive model offers
new interactive possibilities: on the one hand, the user
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will be able to manipulate fuzzy membership functions;
on the other hand, more reuse criteria can arise. For
instance,SaxExwill able to combine solutions pro-
vided by several cases using fuzzy combination opera-
tors such as those used in the defuzzyfication stage of
fuzzy controllers [20].

Finally, concerning the retain subtask, we are plan-
ning to offer the user the possibility to select subphrases
of solutions. At this moment the user is required to
choose the entire solution but the user may prefer the
first passage from one proposed solution and the second
passage from another one. Moreover, in the current ver-
sion the user can only provide positive feedback—i.e.,
selects only solutions that she likes. Another possibility
is to provide negative feedback to the system in order
to improve its future reasoning.
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