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introduction

given an input melody, 
generate harmonic accompaniment 

data-driven approaches

finite state machines are a natural fit for 
solving this problem, and have been used 
extensively in natural language processing
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outline

introduction to finite state machines

general approach to generating musical 
accompaniment

application of this approach 
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finite state machines

used in natural language processing, 
bioinformatics, computer vision

directed graphs (nodes, edges)

edges labelled with symbols

edges and nodes can have weights (e.g. 
probabilities)
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finite state machines

make it relatively easy to break down a 
complex problem into simpler sub-
problems

allow use of a purely data-driven approach

can also incorporate higher-level 
knowledge into system

require relatively little training data
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finite state automaton 

FSA defined by the 5-tuple:  

(sometimes referred to as an “acceptor”)
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finite state transducer 

FST defined by the 6-tuple:  
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finite state operations

composition

determinization

minimization

shortest path
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approach to accompaniment generation 
borrowed from speech recognition

speech recognition problem: 

find the most likely sequence of words 
given a sequence of phonemes

generating accompaniment
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generating accompaniment

general framework:

Figure 2: An FST that translates the English sentence “You walk and I talk” into French.

as bold circles (states 0 and 3), and its final states are de-
picted as double circles (states 2 and 5). The alphabet for
this FSA is Σ = {You, walk, and, I, talk}. Strings that would
be accepted this FSA are: “You walk and I talk” (with the
associated path passing through states 0, 1, 2, 3, 4, 5), “You
walk and talk” (states 0, 1, 2, 4, 5), “You and I talk” (states
0, 1, 3, 4, 5), “You walk” (states 0, 1, 2), and “I talk” (states
3, 4, 5).

Note that the string “You and I” (states 0, 1, 3, 4) would not
be accepted, because state 4 is not final. Similarly, given the
string “You and you talk,” the FSA would successfully parse
the substring “You and” (states 0, 1, 3), but, because there is
no transition from state 3 labelled “you,” the string would not
be accepted.

Finite state transducers (FSTs) are similar to FSAs, except
that their edges are labeled with an input/output pair. They are
defined by finite input and output alphabets, a set of initial and
final states, and a set of transitions between states. Like FSAs,
FSTs can be weighted. For a given input string (sequence
of symbols from the input alphabet), an FST will produce a
set of possible output strings (sequence of symbols from the
output alphabet).

An illustrative example of a weighted FST is given in Fig-
ure 2, which “translates” simple English sentences into French
sentences. As with the FSA example, the initial states 0 and
4 are shown in bold and the final states 3 and 6 are shown as
double circles. The input alphabet for this FST is {You, walk,
and, I, talk}, and the output alphabet is {Vous, Tu, marchez,
marches, et, je, parle}. Transition labels are of the form “in-
put:output/weight”. When the weights are probabilities, the
weight of a complete path can be computed as the product
of the probabilities of the transitions. Given the input string
“You walk”, this FST would return the two strings “Vous
marchez” with weight 0.6, and “Tu marches” with weight
0.4. Given the input string “I talk”, this FST would return
“je parle” with weight 1.0. However, given the input string
“walk and”, the FST would return nothing; there is no com-
plete path for the input string “walk and”, since valid paths
must start at an initial state and end at a final state.

There are a number of operations that can be applied to
FSAs, FSTs, and combinations thereof [17]. The most im-
portant of these operations for the purposes of this paper is
composition, which combines two machines into a single ma-
chine. The composition of the FSTs T1 and T2 into the FST

T is denoted T = T1 ◦ T2, and requires that the output alpha-
bet of T1 is equal to the input alphabet of T2 (note that, in the
case of FSAs, the input and output alphabets are identical).
For example, the FSA in Figure 1 could be composed with
the FST in Figure 2. Through the use of composition, sepa-
rate machines representing components of a complex system
can be combined to model the system as a whole.

4. AUTOMATIC HARMONIC ACCOMPANIMENT
GENERATION

In this section, we describe an approach to generating har-
monic accompaniment using an improved FST topology. In
addition, we detail a new approach to generating rhythmic
accompaniment based on our methods for harmonic accom-
paniment generation. We also discuss the process of adapting
these accompaniment techniques for a real-time context.

The implementations of the systems described in the follow-
ing sections make extensive use of the excellent OpenFst [18]
and OpenGrm [19] software libraries.

4.1 General Framework

Our approach to harmonic accompaniment models harmony
as the output of an input melody sequence. For an input
melody sequence m = [m1,m2, . . .mn], the goal is to find
the most likely sequence of chords ĉ = [c1, c2, . . . cm]. We
can describe the problem of finding ĉ as:

ĉ = argmax
c∈Σ∗

Pr [c | m] = argmax
c∈Σ∗

Pr [m | c] · Pr[c] (1)

where Σ∗ is the set of possible chord sequences. The formula-
tion in Equation (1) allows us to develop separate models for
Pr[m | c] and Pr[c]. The melody to chord model, Pr[m|c],
can be estimated by learning the distribution of melody-chord
pairs from a dataset, while Pr[c] can be estimated by learn-
ing an n-gram [20] model trained on a dataset of chord se-
quences. We can model Pr[m|c] using an FST, L, and Pr[c]
using an n-gram, G. L and G can then be composed into a
single machine, T = L ◦ G. Our proposed framework is sim-
ilar in structure to the framework used in speech recognition,
with melody notes representing “phonemes” and chords rep-
resenting “words”.

Given a trained model T and an input melody sequence m,
the most likely chords are found by first converting m into

  : input melodic sequence
  : most likely sequence of accompaniment chords

Figure 2: An FST that translates the English sentence “You walk and I talk” into French.
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that their edges are labeled with an input/output pair. They are
defined by finite input and output alphabets, a set of initial and
final states, and a set of transitions between states. Like FSAs,
FSTs can be weighted. For a given input string (sequence
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“je parle” with weight 1.0. However, given the input string
“walk and”, the FST would return nothing; there is no com-
plete path for the input string “walk and”, since valid paths
must start at an initial state and end at a final state.

There are a number of operations that can be applied to
FSAs, FSTs, and combinations thereof [17]. The most im-
portant of these operations for the purposes of this paper is
composition, which combines two machines into a single ma-
chine. The composition of the FSTs T1 and T2 into the FST

T is denoted T = T1 ◦ T2, and requires that the output alpha-
bet of T1 is equal to the input alphabet of T2 (note that, in the
case of FSAs, the input and output alphabets are identical).
For example, the FSA in Figure 1 could be composed with
the FST in Figure 2. Through the use of composition, sepa-
rate machines representing components of a complex system
can be combined to model the system as a whole.

4. AUTOMATIC HARMONIC ACCOMPANIMENT
GENERATION

In this section, we describe an approach to generating har-
monic accompaniment using an improved FST topology. In
addition, we detail a new approach to generating rhythmic
accompaniment based on our methods for harmonic accom-
paniment generation. We also discuss the process of adapting
these accompaniment techniques for a real-time context.

The implementations of the systems described in the follow-
ing sections make extensive use of the excellent OpenFst [18]
and OpenGrm [19] software libraries.

4.1 General Framework

Our approach to harmonic accompaniment models harmony
as the output of an input melody sequence. For an input
melody sequence m = [m1,m2, . . .mn], the goal is to find
the most likely sequence of chords ĉ = [c1, c2, . . . cm]. We
can describe the problem of finding ĉ as:

ĉ = argmax
c∈Σ∗

Pr [c | m] = argmax
c∈Σ∗

Pr [m | c] · Pr[c] (1)

where Σ∗ is the set of possible chord sequences. The formula-
tion in Equation (1) allows us to develop separate models for
Pr[m | c] and Pr[c]. The melody to chord model, Pr[m|c],
can be estimated by learning the distribution of melody-chord
pairs from a dataset, while Pr[c] can be estimated by learn-
ing an n-gram [20] model trained on a dataset of chord se-
quences. We can model Pr[m|c] using an FST, L, and Pr[c]
using an n-gram, G. L and G can then be composed into a
single machine, T = L ◦ G. Our proposed framework is sim-
ilar in structure to the framework used in speech recognition,
with melody notes representing “phonemes” and chords rep-
resenting “words”.

Given a trained model T and an input melody sequence m,
the most likely chords are found by first converting m into
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generating accompaniment

 

Figure 2: An FST that translates the English sentence “You walk and I talk” into French.

as bold circles (states 0 and 3), and its final states are de-
picted as double circles (states 2 and 5). The alphabet for
this FSA is Σ = {You, walk, and, I, talk}. Strings that would
be accepted this FSA are: “You walk and I talk” (with the
associated path passing through states 0, 1, 2, 3, 4, 5), “You
walk and talk” (states 0, 1, 2, 4, 5), “You and I talk” (states
0, 1, 3, 4, 5), “You walk” (states 0, 1, 2), and “I talk” (states
3, 4, 5).

Note that the string “You and I” (states 0, 1, 3, 4) would not
be accepted, because state 4 is not final. Similarly, given the
string “You and you talk,” the FSA would successfully parse
the substring “You and” (states 0, 1, 3), but, because there is
no transition from state 3 labelled “you,” the string would not
be accepted.

Finite state transducers (FSTs) are similar to FSAs, except
that their edges are labeled with an input/output pair. They are
defined by finite input and output alphabets, a set of initial and
final states, and a set of transitions between states. Like FSAs,
FSTs can be weighted. For a given input string (sequence
of symbols from the input alphabet), an FST will produce a
set of possible output strings (sequence of symbols from the
output alphabet).

An illustrative example of a weighted FST is given in Fig-
ure 2, which “translates” simple English sentences into French
sentences. As with the FSA example, the initial states 0 and
4 are shown in bold and the final states 3 and 6 are shown as
double circles. The input alphabet for this FST is {You, walk,
and, I, talk}, and the output alphabet is {Vous, Tu, marchez,
marches, et, je, parle}. Transition labels are of the form “in-
put:output/weight”. When the weights are probabilities, the
weight of a complete path can be computed as the product
of the probabilities of the transitions. Given the input string
“You walk”, this FST would return the two strings “Vous
marchez” with weight 0.6, and “Tu marches” with weight
0.4. Given the input string “I talk”, this FST would return
“je parle” with weight 1.0. However, given the input string
“walk and”, the FST would return nothing; there is no com-
plete path for the input string “walk and”, since valid paths
must start at an initial state and end at a final state.

There are a number of operations that can be applied to
FSAs, FSTs, and combinations thereof [17]. The most im-
portant of these operations for the purposes of this paper is
composition, which combines two machines into a single ma-
chine. The composition of the FSTs T1 and T2 into the FST

T is denoted T = T1 ◦ T2, and requires that the output alpha-
bet of T1 is equal to the input alphabet of T2 (note that, in the
case of FSAs, the input and output alphabets are identical).
For example, the FSA in Figure 1 could be composed with
the FST in Figure 2. Through the use of composition, sepa-
rate machines representing components of a complex system
can be combined to model the system as a whole.

4. AUTOMATIC HARMONIC ACCOMPANIMENT
GENERATION

In this section, we describe an approach to generating har-
monic accompaniment using an improved FST topology. In
addition, we detail a new approach to generating rhythmic
accompaniment based on our methods for harmonic accom-
paniment generation. We also discuss the process of adapting
these accompaniment techniques for a real-time context.

The implementations of the systems described in the follow-
ing sections make extensive use of the excellent OpenFst [18]
and OpenGrm [19] software libraries.

4.1 General Framework

Our approach to harmonic accompaniment models harmony
as the output of an input melody sequence. For an input
melody sequence m = [m1,m2, . . .mn], the goal is to find
the most likely sequence of chords ĉ = [c1, c2, . . . cm]. We
can describe the problem of finding ĉ as:

ĉ = argmax
c∈Σ∗

Pr [c | m] = argmax
c∈Σ∗

Pr [m | c] · Pr[c] (1)

where Σ∗ is the set of possible chord sequences. The formula-
tion in Equation (1) allows us to develop separate models for
Pr[m | c] and Pr[c]. The melody to chord model, Pr[m|c],
can be estimated by learning the distribution of melody-chord
pairs from a dataset, while Pr[c] can be estimated by learn-
ing an n-gram [20] model trained on a dataset of chord se-
quences. We can model Pr[m|c] using an FST, L, and Pr[c]
using an n-gram, G. L and G can then be composed into a
single machine, T = L ◦ G. Our proposed framework is sim-
ilar in structure to the framework used in speech recognition,
with melody notes representing “phonemes” and chords rep-
resenting “words”.

Given a trained model T and an input melody sequence m,
the most likely chords are found by first converting m into

model  components separately:
 FST (L) to model Pr[m | c] 
 FSA (G) to model Pr[c]
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generating accompaniment

input alphabet (Σi):  pitch classes

output alphabet (Σo):  chord symbols or 
quantized chroma vectors[1]

training data:  pairs of sequences of 
melodic symbols and sequences of 
harmonic symbols 

[1] Forsyth, J. P., & Bello, J. P. (2013). Generating Musical Accompaniment Using Finite State Transducers. 
In Proceedings of the16th International Conference on Digital Audio Effects (DAFx-13).
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training L FST

 

example training sequence
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training L FST

generates the training sequences:

g,g,d,d      G
e,e      C
d      G
c,c      C
b,b      G
a,a      D7
g      G
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training L FST
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training L FST
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training L FST
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training L FST

same melodic sequence may map to 
different chords 

(e.g. [c,e,g] may map to C or Amin7)
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training L FST

same melodic sequence may map to 
different chords 

(e.g. [c,e,g] may map to C or Amin7)

analogous problem in speech recognition:

same set of phonemes map to “red” and 
“read”
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training L FST

an FST with conflicting mappings cannot 
be determinized, which is required for 
minimization
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training L FST

solution:

append different disambiguation symbol 
(typically, ‘#0’, ‘#1’, etc.) to each 
sequence that maps to more than one 
chord
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training L FST

e.g., our training data contains pairs 
[c,e,g : C] and [c,e,g : Amin7] 

add disambiguation symbols to get the 
pairs

[c,e,g,#0 : C] and [c,e,g,#1 : Amin7]
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training L FST

after training full model, replace 
disambiguation symbols with ε
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training G FSA
use an n-gram trained on all length-n 
chord sequences in training data

n-grams model sequential data with 
context of n-1 symbols

n-gram represented as an FSA (G)

Monday, February 15, 2016



full model

combine the individual models:

tion 4) without performing any transpositions on the data,
the resulting model will be unable to produce proper har-
monizations for melodies in keys not present in the training
data. Solutions to this problem include key-normalizing the
dataset (i.e., transposing all training examples to the key of C
major), or transposing the training data to all 12 keys. The
former approach requires estimation of the key of a melody.
Given the errors inherent in any key estimation algorithm, a
model trained using the latter approach would likely gener-
ate more accurate harmonizations. However, the model pro-
duced using the latter approach will be significantly larger
than a model trained on key-normalized data. Therefore, for
the purposes of the installation, the improved efficiency of
the key-normalization approach makes up for any errors in-
troduced in the key estimation process.

In addition, we use an n-gram order of 3 to limit the size
of the chord sequence model G, although this decision likely
has less of an impact on the aesthetic quality of the results,
as there is currently no accepted optimal value for the n-gram
order in this context. These strategies reduce the size of the
full harmonic accompaniment model L ◦ G.

Another concern arises from the latency incurred by the
length of the sequences used as input to the accompaniment
generation module. Recall that in order to generate the har-
monic accompaniment to a melody sequence, we construct a
linear FSA, M, from the melody sequence, and compose this
FSA with the accompaniment model as C = M ◦ (L ◦ G),
as described in Section 4. Just as reducing the size of L ◦ G
improves the efficiency of the system, so does reducing the
size of M. In other words, using shorter melody sequences
results in improved efficiency with regards to computing C.
Reducing the length of melody sequences also increases the
responsiveness of the system merely from the fact that send-
ing shorter melody sequences to the harmonic generation sub-
module implies a shorter time interval between the comple-
tion of a melody and the generation of the accompaniment.

However, longer melodic contexts will in general produce
higher quality harmonizations, and thus there is a clear trade-
off between latency and harmonic accompaniment quality.
Because the aesthetic goals of The Harmonically Ecosystemic

Machine installation did not require the system to immedi-
ately respond to musical input, we were able to err on the side
of providing a relatively long melodic context (eight beats).

6. CONCLUSIONS AND FUTURE DIRECTIONS

We have presented a flexible, data-driven, FST-based sys-
tem for automatically generating musical accompaniment to a
given melody. The FST topology is an extension of earlier ap-
proaches, and is inspired by techniques used widely in speech
recognition. We have also shown how this approach can be
modified to generate rhythmic accompaniment. Additionally,
we have presented an application that uses this algorithm in
a real-time setting, and have discussed how the system was
adapted to work in real-time. The presented accompaniment-
generation framework can be used for virtually any musical
style, is extendable to other musical applications, and is easily

incorporated into a real-time system.
There are a number of aspects of the system that we are cur-

rently working to improve. One known weakness of the cur-
rent system is its lack of explicit rhythmic encoding, which
is crucial for music. We are currently exploring adjusting
the weights on the transitions of the melody-to-chord L ma-
chine to account for the metrical position and duration of each
melody note.

Another weakness of the current design occurs when an
input melody is very different from combinations of those
present in the training data. In this case, there will be very few
options available for the harmonic accompaniment. Thus,
as a second improvement, we plan to incorporate the use of
an edit transducer, which may allow the machine to better
account for partial matches between training set and input
melody sequences.

The original approach described is built for generating har-
monic accompaniment for a given melody, but, as we have
shown, the same framework can be applied to the problem of
generating rhythmic accompaniment patterns. This approach
can easily be applied to many other settings. In particular, our
formulation can be used to generate a symbolic musical se-
quence given any other symbolic music sequence, as long as
sufficient training data is available. For example, the inverse
problem - to generate melodies for a given musical accompa-
niment - is an obvious extension of the framework. Similarly,
it can also be used to generate a bass line for a given chord
sequence, or for a given melody. Our future work includes
exploring some of these possibilities.

Encouraged by the success of The Harmonically Ecosys-

temic Machine; Sonic Space No. 7 project, we are inter-
ested in applying our accompaniment generation framework
to other real-time systems. We have a particular interest in
applying our accompaniment generation framework to more
“traditional” interactive music systems.

The flexible nature of the FST-based approach allows us to
explore, to address problems, and to continue to extend the
system in a variety of directions with relative ease.

T = π�(min(det(L̃ ◦ G)))
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full model

combine the individual models:
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dataset (i.e., transposing all training examples to the key of C
major), or transposing the training data to all 12 keys. The
former approach requires estimation of the key of a melody.
Given the errors inherent in any key estimation algorithm, a
model trained using the latter approach would likely gener-
ate more accurate harmonizations. However, the model pro-
duced using the latter approach will be significantly larger
than a model trained on key-normalized data. Therefore, for
the purposes of the installation, the improved efficiency of
the key-normalization approach makes up for any errors in-
troduced in the key estimation process.

In addition, we use an n-gram order of 3 to limit the size
of the chord sequence model G, although this decision likely
has less of an impact on the aesthetic quality of the results,
as there is currently no accepted optimal value for the n-gram
order in this context. These strategies reduce the size of the
full harmonic accompaniment model L ◦ G.

Another concern arises from the latency incurred by the
length of the sequences used as input to the accompaniment
generation module. Recall that in order to generate the har-
monic accompaniment to a melody sequence, we construct a
linear FSA, M, from the melody sequence, and compose this
FSA with the accompaniment model as C = M ◦ (L ◦ G),
as described in Section 4. Just as reducing the size of L ◦ G
improves the efficiency of the system, so does reducing the
size of M. In other words, using shorter melody sequences
results in improved efficiency with regards to computing C.
Reducing the length of melody sequences also increases the
responsiveness of the system merely from the fact that send-
ing shorter melody sequences to the harmonic generation sub-
module implies a shorter time interval between the comple-
tion of a melody and the generation of the accompaniment.

However, longer melodic contexts will in general produce
higher quality harmonizations, and thus there is a clear trade-
off between latency and harmonic accompaniment quality.
Because the aesthetic goals of The Harmonically Ecosystemic

Machine installation did not require the system to immedi-
ately respond to musical input, we were able to err on the side
of providing a relatively long melodic context (eight beats).

6. CONCLUSIONS AND FUTURE DIRECTIONS

We have presented a flexible, data-driven, FST-based sys-
tem for automatically generating musical accompaniment to a
given melody. The FST topology is an extension of earlier ap-
proaches, and is inspired by techniques used widely in speech
recognition. We have also shown how this approach can be
modified to generate rhythmic accompaniment. Additionally,
we have presented an application that uses this algorithm in
a real-time setting, and have discussed how the system was
adapted to work in real-time. The presented accompaniment-
generation framework can be used for virtually any musical
style, is extendable to other musical applications, and is easily

incorporated into a real-time system.
There are a number of aspects of the system that we are cur-

rently working to improve. One known weakness of the cur-
rent system is its lack of explicit rhythmic encoding, which
is crucial for music. We are currently exploring adjusting
the weights on the transitions of the melody-to-chord L ma-
chine to account for the metrical position and duration of each
melody note.

Another weakness of the current design occurs when an
input melody is very different from combinations of those
present in the training data. In this case, there will be very few
options available for the harmonic accompaniment. Thus,
as a second improvement, we plan to incorporate the use of
an edit transducer, which may allow the machine to better
account for partial matches between training set and input
melody sequences.

The original approach described is built for generating har-
monic accompaniment for a given melody, but, as we have
shown, the same framework can be applied to the problem of
generating rhythmic accompaniment patterns. This approach
can easily be applied to many other settings. In particular, our
formulation can be used to generate a symbolic musical se-
quence given any other symbolic music sequence, as long as
sufficient training data is available. For example, the inverse
problem - to generate melodies for a given musical accompa-
niment - is an obvious extension of the framework. Similarly,
it can also be used to generate a bass line for a given chord
sequence, or for a given melody. Our future work includes
exploring some of these possibilities.

Encouraged by the success of The Harmonically Ecosys-

temic Machine; Sonic Space No. 7 project, we are inter-
ested in applying our accompaniment generation framework
to other real-time systems. We have a particular interest in
applying our accompaniment generation framework to more
“traditional” interactive music systems.

The flexible nature of the FST-based approach allows us to
explore, to address problems, and to continue to extend the
system in a variety of directions with relative ease.
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chine to account for the metrical position and duration of each
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Another weakness of the current design occurs when an
input melody is very different from combinations of those
present in the training data. In this case, there will be very few
options available for the harmonic accompaniment. Thus,
as a second improvement, we plan to incorporate the use of
an edit transducer, which may allow the machine to better
account for partial matches between training set and input
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The original approach described is built for generating har-
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shown, the same framework can be applied to the problem of
generating rhythmic accompaniment patterns. This approach
can easily be applied to many other settings. In particular, our
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temic Machine; Sonic Space No. 7 project, we are inter-
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to other real-time systems. We have a particular interest in
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as described in Section 4. Just as reducing the size of L ◦ G
improves the efficiency of the system, so does reducing the
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a real-time setting, and have discussed how the system was
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melody note.

Another weakness of the current design occurs when an
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temic Machine; Sonic Space No. 7 project, we are inter-
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to other real-time systems. We have a particular interest in
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than a model trained on key-normalized data. Therefore, for
the purposes of the installation, the improved efficiency of
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troduced in the key estimation process.
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of the chord sequence model G, although this decision likely
has less of an impact on the aesthetic quality of the results,
as there is currently no accepted optimal value for the n-gram
order in this context. These strategies reduce the size of the
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Another concern arises from the latency incurred by the
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linear FSA, M, from the melody sequence, and compose this
FSA with the accompaniment model as C = M ◦ (L ◦ G),
as described in Section 4. Just as reducing the size of L ◦ G
improves the efficiency of the system, so does reducing the
size of M. In other words, using shorter melody sequences
results in improved efficiency with regards to computing C.
Reducing the length of melody sequences also increases the
responsiveness of the system merely from the fact that send-
ing shorter melody sequences to the harmonic generation sub-
module implies a shorter time interval between the comple-
tion of a melody and the generation of the accompaniment.

However, longer melodic contexts will in general produce
higher quality harmonizations, and thus there is a clear trade-
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recognition. We have also shown how this approach can be
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we have presented an application that uses this algorithm in
a real-time setting, and have discussed how the system was
adapted to work in real-time. The presented accompaniment-
generation framework can be used for virtually any musical
style, is extendable to other musical applications, and is easily
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is crucial for music. We are currently exploring adjusting
the weights on the transitions of the melody-to-chord L ma-
chine to account for the metrical position and duration of each
melody note.
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input melody is very different from combinations of those
present in the training data. In this case, there will be very few
options available for the harmonic accompaniment. Thus,
as a second improvement, we plan to incorporate the use of
an edit transducer, which may allow the machine to better
account for partial matches between training set and input
melody sequences.

The original approach described is built for generating har-
monic accompaniment for a given melody, but, as we have
shown, the same framework can be applied to the problem of
generating rhythmic accompaniment patterns. This approach
can easily be applied to many other settings. In particular, our
formulation can be used to generate a symbolic musical se-
quence given any other symbolic music sequence, as long as
sufficient training data is available. For example, the inverse
problem - to generate melodies for a given musical accompa-
niment - is an obvious extension of the framework. Similarly,
it can also be used to generate a bass line for a given chord
sequence, or for a given melody. Our future work includes
exploring some of these possibilities.

Encouraged by the success of The Harmonically Ecosys-

temic Machine; Sonic Space No. 7 project, we are inter-
ested in applying our accompaniment generation framework
to other real-time systems. We have a particular interest in
applying our accompaniment generation framework to more
“traditional” interactive music systems.

The flexible nature of the FST-based approach allows us to
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of the chord sequence model G, although this decision likely
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order in this context. These strategies reduce the size of the
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linear FSA, M, from the melody sequence, and compose this
FSA with the accompaniment model as C = M ◦ (L ◦ G),
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Reducing the length of melody sequences also increases the
responsiveness of the system merely from the fact that send-
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we have presented an application that uses this algorithm in
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adapted to work in real-time. The presented accompaniment-
generation framework can be used for virtually any musical
style, is extendable to other musical applications, and is easily
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chine to account for the metrical position and duration of each
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account for partial matches between training set and input
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shown, the same framework can be applied to the problem of
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sufficient training data is available. For example, the inverse
problem - to generate melodies for a given musical accompa-
niment - is an obvious extension of the framework. Similarly,
it can also be used to generate a bass line for a given chord
sequence, or for a given melody. Our future work includes
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temic Machine; Sonic Space No. 7 project, we are inter-
ested in applying our accompaniment generation framework
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“traditional” interactive music systems.

The flexible nature of the FST-based approach allows us to
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major), or transposing the training data to all 12 keys. The
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duced using the latter approach will be significantly larger
than a model trained on key-normalized data. Therefore, for
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the key-normalization approach makes up for any errors in-
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of the chord sequence model G, although this decision likely
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as there is currently no accepted optimal value for the n-gram
order in this context. These strategies reduce the size of the
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linear FSA, M, from the melody sequence, and compose this
FSA with the accompaniment model as C = M ◦ (L ◦ G),
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improves the efficiency of the system, so does reducing the
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responsiveness of the system merely from the fact that send-
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recognition. We have also shown how this approach can be
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we have presented an application that uses this algorithm in
a real-time setting, and have discussed how the system was
adapted to work in real-time. The presented accompaniment-
generation framework can be used for virtually any musical
style, is extendable to other musical applications, and is easily

incorporated into a real-time system.
There are a number of aspects of the system that we are cur-

rently working to improve. One known weakness of the cur-
rent system is its lack of explicit rhythmic encoding, which
is crucial for music. We are currently exploring adjusting
the weights on the transitions of the melody-to-chord L ma-
chine to account for the metrical position and duration of each
melody note.
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input melody is very different from combinations of those
present in the training data. In this case, there will be very few
options available for the harmonic accompaniment. Thus,
as a second improvement, we plan to incorporate the use of
an edit transducer, which may allow the machine to better
account for partial matches between training set and input
melody sequences.

The original approach described is built for generating har-
monic accompaniment for a given melody, but, as we have
shown, the same framework can be applied to the problem of
generating rhythmic accompaniment patterns. This approach
can easily be applied to many other settings. In particular, our
formulation can be used to generate a symbolic musical se-
quence given any other symbolic music sequence, as long as
sufficient training data is available. For example, the inverse
problem - to generate melodies for a given musical accompa-
niment - is an obvious extension of the framework. Similarly,
it can also be used to generate a bass line for a given chord
sequence, or for a given melody. Our future work includes
exploring some of these possibilities.

Encouraged by the success of The Harmonically Ecosys-

temic Machine; Sonic Space No. 7 project, we are inter-
ested in applying our accompaniment generation framework
to other real-time systems. We have a particular interest in
applying our accompaniment generation framework to more
“traditional” interactive music systems.

The flexible nature of the FST-based approach allows us to
explore, to address problems, and to continue to extend the
system in a variety of directions with relative ease.

T = π�(min(det(L̃ ◦ G)))
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chord generation example

melody->chord FST (L):
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chord generation example

chord model FSA (G):
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chord generation example

input melody sequence m = [e,d,c]

construct “linear chain” FST, M, from 
melody: 
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chord generation example

compute C = M ∘ T 
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chord generation example

compute C = M ∘ T 
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chord generation example

compute C = M ∘ T 
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chord generation example

compute C = M ∘ T 
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chord generation example

finding the accompaniment sequence 
from C: 

shortest path (most likely chords)

randomly generate (uniform sampling 
or weights as negative log 
probabilities)
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extension to rhythm

harmonic accompaniment model doesn’t 
incorporate rhythm, so we add an 
separate rhythmic model
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extension to rhythm

use the same basic approach as in the 
case of generating harmonic 
accompaniment : 

alphabet consists of quantized inter-onset 
times 

(a) Input melody sequence M.

(b) Melody to chord FST L.

(c) N-gram G.

(d) Output chord FST C.

Figure 4: A simple example illustrating the accompaniment
generation system.

Figure 5: Music notation version of the FSA in Figure 4a, and
the two possible accompaniments given by the FST in Fig-
ure 4d

4.4 Disambiguation of Conflicting Mappings

Using this FST topology introduces a problem often encoun-
tered in speech recognition. The problem manifests itself
when we have in our dataset two identical phoneme sequences
that map to different words. For example, “there” and “their”
have the same pronunciation, and thus are represented by
the same sequences of phonemes, but clearly map to differ-
ent words. If we construct an FST without accounting for
these cases, the transducer cannot be determinized, and con-
sequently, cannot be minimized. Determinization and mini-
mization are necessary steps in the construction of compact

and efficient machines.
The same problem exists at a much larger scale in the con-

text of melody sequences. For any given melody sequence,
there are usually many possible chords that can correspond
to it. In order to resolve this problem, we again borrow from
a technique used in speech recognition and introduce disam-
biguation symbols (typically #0,#1,#2, . . . ). If we have a
melody sequence that maps to a number of different chords,
we generate a unique melody sequence for each chord by ap-
pending a unique disambiguation symbol to the end of the
melody sequence.

For example, the melody sequence [c, e, g] may map to a
C major chord. However, this sequence may also map to an
Amin7 chord. In order to resolve this problem, we disam-
biguate the two melodies by mapping the sequence [c, e, g,#0]
to Cmaj and the sequence [c, e, g,#1] to Amin7. If we
properly disambiguate all melodies using this method, the re-
sulting FST can be determinized and minimized. Note that
after these steps, we replace all the disambiguation symbols
in the FST with the null symbol (�).

4.5 Extension to Rhythm

We can apply the general approach described above to the
problem of generating rhythmic accompaniment. In this case,
given a particular rhythmic pattern the goal is to automati-
cally generate another rhythmic pattern that can serve as an
acceptable accompaniment to the input pattern.

We formulate the problem as follows. Given an input rhythm
sequence s = [s1, s2, . . . sn], we wish to find the optimal se-
quence of accompanying rhythms r̂ = [r1, r2, . . . rm]. As
above, we estimate r̂ as:

r̂ = argmax
r∈Σ∗

Pr [r | s] = argmax
r∈Σ∗

Pr [s | r] · Pr[r] (2)

where Σ is the alphabet of quantized rhythm values. For ex-
ample, we can represent the rhythms using quantized inter-
onset beat values.

In similar fashion to our harmonic generation method, we
model Pr[s|r] with an FST, L, and Pr[r] with an n-gram, G.
We train both L and G on a database of pairs of quantized
rhythm sequences using a process nearly identical to the one
described in Section 4.2; we use the method described in Sec-
tion 4.1 to compute the accompaniment pattern. Note that
here we are creating a separate model for rhythmic accompa-
niment that could be used in conjunction with the harmonic
accompaniment model discussed above or any other genera-
tive model.

5. ACCOMPANIMENT GENERATION IN

REAL-TIME

Both the harmonic and rhythmic accompaniment generation
systems described in the previous sections were incorporated
into an installation project, The Harmonically Ecosystemic

Machine; Sonic Space No. 7. In this section, we provide
a brief description of this installation and the challenges in-
volved in adapting our systems to a real-time context. A more
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The Harmonically 
Ecosystemic Machine

collaboration with Michael Musick

interactive installation that incorporates 
FST-based harmony and rhythm 
generation[2]

[2] Musick, M., Forsyth, J.P. , & Bittner, R. (2015) Building a Harmonically Ecosystemic Machine: 
Combining Sonic Ecosystems with Models of Contemporary Harmonic Language. In Proc. of the 
41th International Computer Music Conference (ICMC), Denton, TX.
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The Harmonically 
Ecosystemic Machine
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The Harmonically 
Ecosystemic Machine

Listener and Responder modules 
implemented in SuperCollider

Reflector/Decision Maker module 
implemented in Python

uses OpenFst and OpenGrm libraries

communication via OSC
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The Harmonically 
Ecosystemic Machine
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The Harmonically 
Ecosystemic Machine

training data:

harmony: Rock Corpus dataset

rhythm: works by Mozart 
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The Harmonically 
Ecosystemic Machine

why?

aesthetics: create familiar harmony and 
rhythms for participants 

practicality: limited number of useful 
datasets
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The Harmonically 
Ecosystemic Machine

installation is located in the UNT Music 
Building room 2009
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adapting to real-time

computational efficiency more important in 
real-time than offline system

improving efficiency involves tradeoffs

Monday, February 15, 2016



adapting to real-time

reduce size of L FST to improve efficiency:

key normalize melody/harmony

... but this requires key estimation, 
which is error-prone
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adapting to real-time

reduce size of G FST to improve 
efficiency:

limit n-gram order

... but longer context may be 
preferable
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adapting to real-time

length of melodic input also impacts 
efficiency

longer input melody is more 
computationally expensive

... but longer context generally 
provides better harmonizations

also impacts system latency
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adapting to real-time

for our implementation:

key-normalized L FST

key independent chord representation

n-gram order = 3

input melody length of 8 beats 
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conclusions

harmonic generation system was only 
offline 

project was an opportunity to explore 
system in a real-time setting 

practical and aesthetic benefits
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Thanks!

Music Building room 2009

http://steinhardt.nyu.edu/marl/research/
sonic_spaces

jpf211@nyu.edu
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