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Abstract

This paper focuses on a succesdul attempt to
eliminate the fitness bottlened in GenJam, an
interadive genetic dgorithm that performs jazz
improvisation, by e€iminating the need for
fitness This was acomplished by sealing an
initial popdation of melodic ideas with phrases
seleded from a database of pubished jazzlicks,
and employing an intelligent crossover operator
to breal child licks that tend to preserve the
musicdity of their parents. After a brief
overview of the danges made to GenJam’'s
architecture, the paper describes the mapping of
licks to measure and phase individuas in
GenJam Normal Form. The intelligent crossover
operator on phrasesis then described, along with
a discusson d measure mutations performed
during a solo to insure that repeaed measures are
atered in interesting ways. The paper concludes
with adiscussion d the implications of removing
fitnessfrom a genetic dgorithm and whether the
result still qualifies as a genetic dgorithm.

1 BACKGROUND

Fitness in most genetic-algorithm-based music and art
systems derives from aesthetic judgements. Since
aesthetic judgements are not often amenable to
algorithmic implementation, these systems usually end up
asinteradive genetic dgorithms (IGAs), which depend on
the feedbadk of a human mentor [Bentley 1999. The
mentor must experiencedl theindividualsin apopulation
of competing works or pieces and somehow indicate eat
one's artistic or musical merit. In cther words, the
objedive function in these domains is typicdly a
subjective function.

IGAs siffer from a bottlenedk caused hy the need for the
mentor to experience and provide feedbadk for eadh
individual. This fitness bottleneck is particularly narrow
in temporal domains like music, where individual
population members must be experienced one-at-a-time
andinred time[??199]. Thiscan set pradica limitson

population size axd number of generations, which in turn
often leads to the design d unusua genetic operators, al
in an attempt to evolve aceptable individuals before the
mentor gives up.

1.1 GenJam REVISITED

This is certainly the cae with GenJam [Biles 2001], an
IGA that performs jazzimprovisations in two modes. In
the first mode, GenJam leans to improvise full-chorus
solos by evolving hierarchicdly interrelated pgoulations
of measures and phrases under the interactive guidance of
a human mentor. Individuals in the measure population
map to sequences of eighth-note-length events that make
up a measure of melodic content. Threetypes of events
can berepresented. Rest eventsturn off the note aurrently
being played, if thereisone. Hold events hold the aurrent
note, if thereis one. New-note events turn off the arrent
note and begin a new note, using the event number as an
index into an array of pitches derived from the current
chord in the tune. In this way, GenJam never plays a
theoreticdly wrong note.  Individuas in the phrase
population map to sequences of four measures from the
measure population. Melodic material that has been
encoded as measure and phrase individuals is referred to
as beingin GenJam Normal Form (GINF).

To crede a GenJam soloist, the mentor starts with a
random measure and phrase popul ation, li stens to GenJam
improvise on some tune to the acompaniment of a
synthesized rhythm section, and suppies feadbadk by
indicaing “good’ or “bad” whenever so moved duingthe
improvisation. New measure and plrase individuals are
bred in both popdations using tournament seledion,
single-point crossover, musicdly meaningful mutation,
and replacament with a 50% generation gap. The mentor
usually evolves sveral soloists in various musicd styles
prior to performing, and a typicd GenJam gig with the
author’s Virtual Quintet will feaure adozen o so pre-
trained soloists.

In its ssoondimprovisational mode, GenJam trades fours
with a human in red time during a performance by using
its genetic representations and mutation operators to
evolve the human’s last four measures into what it then
plays in the next four measures. GenJam listens to the



human performer play a four-measure phrase, maps what
it head to a phrase and four measure dromosomes,
mutates those chromosomes, and immediately plays the
result in the next four measures as its response. The
mutation ogerators, then, ad to develop the human’'s
phrase in musicdly stimulating ways. The details of
GenJam’'s architedure, chromosome structures and
genetic operators have been documented elsewhere [Biles
2000 & 2001].

1.2 IMPROVING GenJam SOLOS

While GenJam improvises quite succesully in both
improvisational modes, its performance when trading
fours is superior to its performance taking full-chorus
solos. Thisis partly due to the spontaneous interadivity
inherent in trading fours-a musicd conversation is
usualy more stimulating than a musicd mondogue.
However, another difference between GenJam's full-
chorus los and the materia it plays when trading fours
stems from the origin of that material. Individuas that
make up the measure and phrase populations of an
evolved soloist began their evolution as random strings.
After evolving for several generations, these musical
idess reath a level that is competent and often pleasing
but seldom compelling. However, the phrase and four
measure diromosomes that are mutated when trading
fours are afairly close gproximation to a four-measure
phrase played by a presumably accomplished human jazz
musician.

The “presumably acaomplished” part isimportant because
it makes it possble for GenJam to evolve resporses
without the use of afitness functionin the 15 milliseconds
or so alotted to it when trading fours. If the four-measure
phrase played by the human is good and the mutation
operators are safe, then the mutated phrase will be good,
and there is no nead to asdgn fitness If the human
performer is bad, however, then al bets are off, and
GenJam's responses will likely sound kad as well.
Garbage in, garbage out, as the saying goes.

GenJam's auccess trading fours prompted the author to
make ancther attempt to ease GenJam’ s fithesshbottlenedk
for this paper. Previous attempts have included trying to
develop reura-network-based fitness functions [Biles et
a 1996], which did na work, and seeding the initial
measure popuation with individuas generated by a
fradal generator, which produced individuals that
statisticdly resembled measure individuals from amature,
trained soloist [Biles 1999. The frada generator
cetainly helped by making the initial population more
musicd, which made training easier. However, when
soloists were evolved in the absence of feedbadk, they
ended up markedly less pleasing than mentor-trained
soloists, so fitness was dill deemed necessary [Biles
1999].

This paper describes a succesdul attempt to crede a
fitnessfree or autonomous GenJam. By sedling the

initial popdation with licks derived from human
performance, brealing new licks with an intelligent
crosover operator, and mutating repeged measures
during performance, autonomous GenJam (AutoGenJam)
is ableto play full-chorus los that are generaly superior
to those played by soldists trained by a mentor. We begin
with a description d AutoGenJam’s revised architedure,
then discussthe mapping of licks to GINF, our intelligent
crosover operator, and the role of mutation in keeping a
soloist fresh. We mnclude with a discusgon of whether
AutoGenJam is gill agenetic dgorithm, oncefitnessisno
longer necessary.

2 AUTONOMOUS GenJam

Figure 1 shows AutoGenJam’'s system architedure. As
described elsewhere [Biles 2001], the Rhythm and Head
Sequence files are MIDI files that provide rhythm
acompaniment and arranged harmony parts for the tune
being payed, and the Chord Progresson and Choruses
files describe the structure of the tune. The MIDI Params
file provides parameters to configure the tone generator
GenJam and the rhythm sedion will use. The human
Performer trades fours with GenJam, as described above.
Missgng from previous versions of GenJam are the human
Mentor and the two Population files, one for measures
and the other for phrases. The Mentor is unreessary
becaise there is no neeal for fithess and the stored
population files have been replaced by a Licks Database,
which suppies four-measure licks from which
AutoGenJam creates a measure popuation o 64
individuals and a phrase population of 48 individuals.
These populations use the same diromosome structures as
previous versions of GenJam, but they are generated fresh
for each tune and are nat stored.
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Figure 1: Autonomous GenJam System Architedure

2.1 POPULATIONSFROM LICKS

The aedion d the measure and phrase populations from
the Licks Database is simmarized in Figure 2. The
database itself is made up o four-measure licks encoded
from a recently published vocebulary of 1001 Jazz Licks



[Shneidman 2004, heredter referred to as 1001 Licks.
Multiple licks databases can be aeaed to refled different
jazz styles. Shneidman includes a generous portion o
“eseential” licks, along with swing, bebop, hard bop, post
bop, non-harmonic, and fusion/funk stylistic licks. All
the licks are four measures long (how convenient!) and
are presented in the ontext of spedfic dhord
progressons, including licks for the first four measures of
20 standard tunes.

Randamly seled 16 licks from ali cks database
Real those 16 licks to get 64 measure individuals
Initializefirst 16 ptrase individualsto represent licks

Creae 32 child phrases via aossover on aiginal licks

Figure 2: Algorithm for Creating a Soloist

Licksthat are seleded for inclusionin alicks database ae
mapped to GINF by hand. Since GINF represents
measures and phrases independent of any chord
progresdon, the items in a licks database ae adualy
more general than the licks in 10QL Licks and can be
played against any chord sequence

Table 1: Chord/Scale Mappings Using C as Chord Root
with Restored Avoid Notesin Italics

Chord Scale

CMgj7, C6, C CDEFGAB
C7,C9, C13 CDEFGABDb
Cm7,Cm9,Cml11 | CDEbFGBb
Cm7b5 CDbEbFGbAbBb
Cdim CDEbFGbAbAB
C#5 CDEF#GH#HAB
C7#5 CDEF#GHA#
C7#11 CDEF#tGABDb
Cralt C Db D#E Gb G#Bb
C7#9 CEbEGABDb
C7b9 CDbEFGAbBDb
CmMagj7 CDEbFGAB
Cmé CDEbFGA
Cm7b9 CDbEbFGA Bb
CMagj7#11 CDEF#GAB
C7sus CDEFGABDb
CMaj7sus CDEFGAB

The cord-scde mappings used to convert new-note
events to adual pitches were atered somewhat for
AutoGenJam by restoring some “avoid notes’ to
acommodate the more standard seven-note scdes
implied by the licks in 1001 Licks. The modified chord
scde mappings are illustrated in Table 1, with italic
entries representing rotes restored for AutoGenJam.

The two criteria for including a lick in a licks database
represent a modest fitnessfunction. Licks areincluded if
they have & least one new-nate event in eat measure and
if the rhythm can be mapped to eighth-note multiples
without losing the eseence of the rhythmic structure of the
lick.

The first criterion eliminates long silences and asaures
that notes won't be held through too many chord changes.
Specificdly, a few licks in 1001 Licks end with a long
note that begins at the end d the third measure and ties
into the last measure. In many four-measure phrases, the
chord in the third measure aeaes disonance which is
then resolved by the chord in the fourth measure. When
GenJam performs notes that are tied aaoss chord
boundaries, the scale used for seleding the pitch for that
note comes from the measure in which the note began,
which in this case often results in a dissonant note being
held through a cmnsonant measure. By insuring that ead
measure has at least one new-note event, any disonance
has a better chance of resolving. 121 o the 1001 Licks
were diminated by this criterion.

The rhythmic criterion for inclusion in the licks database
eliminates licks whose rhythmic structure canot be
mapped to the eghth-note multiples that GenJam can
represent in its chromosome structure. Most of the licks
in 1001 Licks contain only eighth-note multiples and map
easily. Some licks contain sixteenth-note or eighth-note-
triplet ornaments that can be simplified to eighth notes
without losing the essnce of the melodic oontour.
However, some phrases are built on sixteenth or triplet
structures that cannot be simplified without losing the
esence of the phrase, so those licks were diminated.
This criterion eliminated virtualy all the fusion/funk
licks, nearly half of the hard-bop licks and occasiona
licks in ather styles. The fusion/funk licks were no great
lossto the aiuthor because he prefers not to play in that

style anyway...

Figure 3 shows two licks from 1001 Licks to illustrate
their mapping to GINF. These licks will also be used to
illustrate the intelligent crossover operator described in
the next sedion. The licks sleded were humbers 563
and 5@, both of which came from Swing Progresson # 1
The numbers beneah ead lick are the GenJam event
numbers encoded from the nates in the licks. O represents
a rest event; 15 represents a hold event; and 1-14
represent new note esents, where 1 maps roughly to D
above middle C, 7 maps roughly to C an octave &ove
middle C, and 14maps roughly to C an octave adove that.
The spedfic pitches for eat scae degree were given in
Table 1. Thefirst lick is gructurally interesting in that it
is made up of a two-measure motif that is repeaed with
minor variations. Thislick isaso datonic, meaning that
all the notes are in scdes siggested by the dhords in the
acmmpanying progression.
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Figure 3: Sample Licks with Event Mappings

The second lick in Figure 3 is chromatic, which means
that there are notes that do rot come from the scales
suggested by the dhords. Spedficdly, there ae chromatic
runsin thefirst half of the secondmeasure and the second
half of the third measure. Since GenJam maps repeaed
new-note events to chromatic passng tones when a
measure is performed, chromatic runs can be represented
in GINF by repeaed new-note events, hence the repeaed
10's and 9sin the seoond measure and the repeated 10's
and 11's in the third measure. However, the C# in the
third measure, which is a dromatic goproach tone not
fourd in the scde suggested by a Dm7 chord, cannot be
represented in GINF, so it was coded as a diatonic
approach tone. In this case the C# was encoded as a 7,
which will be performed asa C, anote that isin the scde
suggested by a Dm7 chord.
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Figure 4: Final GINF for the Licksin Figure 3

While mapping a lick to GINF, a transposition often
needs to be performed to namalize the lick to a suitable
range for GenJam. Thefourteen possble new-ncte events
map to just under two full octaves, which is lessthan the
nealy threeoctave range used for the licksin 1001 Licks.

In our example, the second lick is already in a suitable
range, but the first lick is a bit low. To corred that, the
first lick was transpaosed up a third by adding 2 to ead
new-note event while leaving the hold and rest events
unchanged. The resulting phrase and measure individuals
for these two licks are shown in Figure 4, which assumes
that these two licks are the first two processed in creaing
the measure and phrase populations, hence the indices
beginning at 0.

2.2 INTELLIGENT CROSSOVER

One third of the 48 phrases that represent a soloist are
GJINF approximations of licks from alicks database, like
our two examples. These 16 aiginal licks are made up of
64 measure individuals, which comprise the atire
measure population for the soloist. The remaining two
thirds of the phrases are cildren of pairs of the origina
16 phrase individuals, where pairs of children are aeaed
viaan intelligent crossover operator. Crossover pointsin
phrase individuals can occur only at interior measure-
pointer boundaries, which means there ae only three
potential crossover points in a phrase individual, as
illustrated in Figure 5.

4 5. 6.7

Figure 5: ThreePotential Crossover Pointsin Phrase 1

The aossover operator performs either single or double-
point crossover at one or two of the potential crossover
points. The six possble aosovers, then, are threesingle
point crossovers at points 1, 2 and 3 and three dowble-
point crosovers at points 1 and 2 1 and 3, and 2 and 3.
The doice of which of these posshilities will be
performed is determined by the dgorithm in Figure 6.

At ead pdentia crossover point
Compute horizontal intervalsin both parents
Compute horizontal intervalsin bah children
Compute interval differences both ways
Return smaller difference & “fitness' for that point
Seled crosover point with small est difference
If aseandcrossover point has same difference
Seled it too
Perform crossover(s) at seleded point(s)

Figure 6: Algorithm for Intelligent Crossover

The dgorithm determines which crossover point(s)
produce dildren that most closely preserve the horizontal
intervals at the cossover point(s) in the two perents. A
horizontal interval is the interval between two adjacent
notes and is defined here to mean the difference between
the first new-note event of the measure following the



crosover point and the last new-note event of the
measure precading the aoswver paint. Since there ae
two parents and two children, there ae two posshle
comparisons between parents and children.  Both
comparisons are @mputed, and the one that yields the
smaller total differenceis seleded as the difference for
that crossover point.

The diff erences for the threepotentia crossover points are
then used to seled the adua crossover point(s). If one
difference is less than the other two, it is sleded as the
only crossover point, and a single-point crossover is
performed at that point. If two crosover pointstiefor the
smallest difference, they are both seleded, and a double-
point crosover is performed. If al threedifferences are
identical, a doubde-point crossover is performed at points
land 3

Figure 7: Child Phrases Showing Crossover Point

In our example, which can be worked out by the reader
with na enough to dg, the differences are O for crossover
point 1, 6 for paint 2, and 6for point 3, so a single point
crosover was performed at crosover point 1. The
resulting phrase individuals are shown in Figure 7, and
the final child licks, as played over the original chords are
shown in Figure 8. Notice that the dromatic runs
mentioned ealier have been atered slightly in the second
phrase due to GenJam’'s ©mewhat idiosyncratic handling
of repeaed new-note events as chromatic passng tones.
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Figure 8: Child Phrases Played Over Original Chords

2.3 MUTATIONSTO INSURE FRESHNESS

Since agiven measure occursin threedifferent phrasesin
asoloist, it may be repeaed during the @urse of asolo on
aspedfic tune. Furthermore, sincebuilding b ocks of two
or three measures tend to survive in child phrases,
sequences of two or threemeasures could be repeaed in a

solo. This is more likely to occur in tunes with longer
forms or tunes where GenJam is playing doule time, but
it often occurs even in standard 32bar forms, which ony
consume daght of the 48 available phrases per chorus.
Even though the diords, and thus the scdes used to
determine actual pitches, will likely be different the
seoond or third time ameasure individual is played, the
listener may deted the repetition and conclude that the
soloist has run ou of new ideas and is smply reusing old
ones.

To combat this, AutoGenJam mutates measures that have
already been played as part of an ealier phrase in the
tune. The mutations used are the subset of GenJam's
musicaly meaningful measure mutations that are used
when trading fours with a human [Biles 1998]. The
spedfic operators used are arandam transpaosition up @
down ore to three steps, a range-correded inversion that
esentially plays the measure upside down, a retrograde
that reverses the events in the measure, and a retrograde
inversion that performs both the inversion and reverse.

These mutations are some of the same cmpasitiona
devices used by human composers and arrangers to
develop melodic material. As siuch, they tend to develop
measures in musicdly pleasing ways, which is important
in an environment with nofitnessavailableto identify and
weed ou poar mutations. These mutation operators are
considered safe, then, becaise they reliably develop good
measures into good measures, thereby preserving the
musicdity of the original measures.

Actually, these mutations are the last in a series of steps
that insures a fresh soloist for every tune. The 16 licks
chosen for asoloist are seleded randamly from a database
of two to several times that number, so a different subset
is chosen for ead tune. Once aset of 16 licks is chasen
to be 1/3 of the phrases, the other 2/3 o the phrases are
creged by randomly breeding pairs of the original 16
phrases. This would result in dfferent children plrases
even if the same 16 original li cks were dhosen over again.
Finally, measures that are repeaed in a solo are mutated
the second and third time they are used so that they will
be less recognizable but still accetable when repeaed.

2.4 AutoGenJam VS. GenJam

Anedotal evaluations by listeners indicae that the solos
played by AutoGenJam are generaly superior to those
played by GenJam wusing well-trained soloists.
AutoGenJam solos were charaderized as more
interesting, more wherent, more human, lessrandom, and
less mechanicd. The aithor aso finds AutoGenJam's
solos to be more engaging, and definitely lessrepetitive.
The atthor plays svera gigs per month and pradices
with GenJam frequently, so he knows his trained soloists
al too well. This indwes in the aithor a sense of
boredom with GenJam solos that, fortunately, is not
usually shared by audience members who haven't head
GenJam before. However, in most gigs a cetain song



style will be played more frequently than the others,
which results in the soloist trained on that style being
head more often. This can lead to a sense of déa vu,
even in audience members who have not head GenJam
before. While the author does train new GenJam soloists
occasionadly to suppgement or replace soloists that have
gotten too familiar, doing so takes time, which the author
typicdly doesn’t have when agig isimminent.

AutoGenJam provides a vastly expanded pod of superior
melodic ideas withou having to evolve them from
scratch. Since anew soloist is generated for ead tune
from this much larger pool, the solos are fresher from one
tune to the next, even if the same licks database is used
over and over. In addition, the licks used to generate eab
soloist are more mherent and musicd than the evolved
licks of a mature trained GenJam soloist, so the solos are
not only fresher but better.

One nagging isaue, at least to the author, isthe use of non
original licks to seed AutoGenJam’s populations. While
the standard pedagogicd pradice for apprentice jazz
musicians is to listen to, transcribe, and memorize dassc
jazzsolos, the author has always eschewed this tradition
in an effort to avoid soundng like someone dse. Since
GenJam starts with random strings, any licks that it
evolves areitsown, or at least the mentor’s own, sincethe
mentor must have liked the survivors enough to not breed
them out. AutoGenJam is more reminiscent of some jazz
musicians the author has encountered at jam sessons who
sean to have memorized every solo by their personal
favorite and play solos that are essentialy strings of
guotes from their hero. These musicians often get a good
resporse from the audience usualy because they are
quoting grea music, but their abilities as an improviser
are susped. AutoGenJam at least developsits memorized
licks, both harmonicdly, with its chord-scde mappings,
and meodicdly, with its intelligent crosswover and
mutation operators.

An dternate way of seeding the initial population is
currently being developed by the aithor to address this
originality issue. When the human performer takes afull-
chorus 2lo, AutoGenJam will listen to the human’s lo
and huild measures and phrases in the same way it does
when trading fours. It then can mate these with eat
other or with licks from 100l Licks and generate
populations that integrate ideas from the human's lo
into the mix. AutoGenJam would still be memorizing the
licks of others, but at least it wouldn't be doing it strictly
by the book.

The biggest problem being worked on now is, yes, a
fitnessfunction to determineif ahuman’sfourinasolois
worth keeuing and breeding. This is not an issue when
trading fours because the occasiona bad four is gone &
soon as it is played, but a bad lick breading in a fithess-
free eavironment could ruin a soloist. Hopefully, future
papers will document the successof this approach.

3 CONCLUSIONS

One question remains. Is AutoGenJam still a genetic
algorithm? Most authorities list fitness evaluation as a
requisite step in a genetic agorithm. Bentley [1999, for
example, lists “initialisation, mapping, evaluation,
seledion, fertility, reproduction and termination” as
stages used by a simple genetic agorithm. GenJam
clealy has al these stages, but AutoGenJam has no
evaluation stage, and the seledion and fertility stages are
uniform and random rather than preferential .

Goldberg [1999] lists encoding to chromosomes,
determining “fitnessto purpose,” using a “population o
encoded solutions,” employing “seledion, recombination
and mutation,” and preferring “better solutions to worse
ones.” Again, GenJam clealy does al this, but
AutoGenJam does nat determine fitness other than the
elimination o licks that do not mee the two criteria for
inclusion in alicks database. AutoGenJam also does not
prefer better solutions to worse ones because al solutions
are deemed good oncethey makeit into alicks database.

If genetic dgorithms are viewed from the perspedive of a
generate-and-test strategy, however, AutoGenJam begins
to look more like a GA. Genetic dgorithms use
initialization, recmbination, and mutation to generate
new solutions that are then tested by fithess In classc
GA'’s, these operations are random or at least “dumb,”
and any knowledge of the problem domain resides
primarily, if not entirely, in the fitnessfunction. Thisis
what makes GA's attradive for problems that are not well
understood, because dl that is usualy necessary for the
GA madinery to work is the ility to tell whether one
individual is better than another. However, many GA
developers ®dl their initia populations with promising
individuals, and knowledge-based crossovers and
mutations are cetainly nothing new. These techniques
effedively decentralize domain knowledge and dstribute
it aaoss initiaizaion, recombination and/or mutation.
AutoGenJam simply takes this to the logicd extreme by
removing all domain knowledge from fitness and pladng
it in the initialization, crossover, and mutation operators.
Fitness then, serves no wseful purpose and can simply be
eliminated.

The ladk of a fitness function and the resulting ladk of
seledion presaure in AutoGenJam also serves a useful
purposein that it eliminates the mnvergence problem that
has plagued GenJam [Biles 1998]. Since the seach in
both systemsis for agood soloist, not for agoodsolo, and
certainly not for a super phrase or measure, convergence
on a small number of highly fit phrases and measures is
disastrous. Without seledion presaure, convergenceis no
longer a problem.

Our conclusion, then is that AutoGenJam is gill a genetic
algorithm, albeit an unusual one. It usesthe evolutionary
paradigm to explore amelodic spaceof jazzlicks in such



a way that it never takes a truly wrong turn. If only it
were so easy for aspiring human jazzmusicians...
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