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In this study we examine the tonal organization of a series of record-
ings of liturgical chants, sung in 1966 by the Georgian master singer 
Artem Erkomaishvili. This dataset is the oldest corpus of Georgian 
chants from which the time synchronous F0-trajectories for all three 
voices have been reliably determined (Müller et al. 2017). It is there-
fore of outstanding importance for the understanding of the tuning 
principles of traditional Georgian vocal music.

The aim of the present study is to use various computational meth-
ods to analyze what these recordings can contribute to the ongoing 
scientific dispute about traditional Georgian tuning systems. The 
starting point for the present analysis is the re-release of the origi-
nal audio data together with estimated fundamental frequency (F0) 
trajectories for each of the three voices, beat annotations, and digital 
scores (Rosenzweig et al. 2020). We present synoptic models for the 
pitch and the harmonic interval distributions, which are the first of 
such models for which the complete Erkomaishvili dataset was used. 
We show that these distributions can be very compactly expressed as 
Gaussian mixture models, anchored on discrete sets of pitch or inter-
val values for the pitch and interval distributions, respectively. As part 
of our study we demonstrate that these pitch values, which we refer to 
as scale pitches, and which are determined as the mean values of the 
Gaussian mixture elements, define the scale degrees of the melodic 
sound scales which build the skeleton of Artem Erkomaishvili’s intona-
tion. The observation of consistent pitch bending of notes in melodic 
phrases, which appear in identical form in a group of chants, as well as 
the observation of harmonically driven intonation adjustments, which 
are clearly documented for all pure harmonic intervals, demonstrate 
that Artem Erkomaishvili intentionally deviates from the scale pitch 
skeleton quite freely. As a central result of our study, we prove that this 
melodic freedom is always constrained by the attracting influence of 
the scale pitches. Deviations of the F0-values of individual note events 
from the scale pitches at one instance of time are compensated for 
in the subsequent melodic steps. This suggests a deviation-compen-
sation mechanism at the core of Artem Erkomaishvili’s melody gen-
eration, which clearly honors the scales but still allows for a large 
degree of melodic flexibility. This model, which summarizes all partial 
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aspects of our analysis, is consistent with the melodic scale models 
derived from the observed pitch distributions, as well as with the me-
lodic and harmonic interval distributions. In addition to the tangible 
results of our work, we believe that our work has general implications 
for the determination of tuning models from audio data, in particular 
for non-tempered music.

1	 Introduction

The rich musical heritage of the country of Georgia has long attract-
ed the attention of musicians, music lovers, and musicologists. After 
the recognition of its traditional polyphonic singing as an intangible 
cultural heritage by UNESCO in 2001 and the establishment of the 
bi-annual International Symposia on Traditional Polyphony in 2002 at 
the State Conservatory in Tbilisi, the research on Georgian traditional 
music has taken on a new momentum. One of the most controversial 
issues of discussion in this context continues to be the (authentic) 
structure of the tonal organization of traditional Georgian vocal music. 
Some scholars, e.g. (Erkvanidze 2016), have argued that the key to un-
derstanding this issue lies in the analysis of old audio recordings from 
professional singers of the last century. Although the first recordings 
of traditional Georgian singing with phonographs date back as far as 
the beginning of the last century, the poor audio quality, caused by 
an extremely high noise level and strong signal distortions due to the 
recording process, makes analysis with automated methods practically 
impossible. To our knowledge, the oldest set of recordings of reason-
able quality and of sufficient size for drawing general conclusions are 
the recordings by Artem Erkomaishvili from the year 1966 (recorded 
at the Tbilisi State Conservatory). This dataset, which is the object of 
the present study, is believed to be an essential source for any theory 
on tuning principles of traditional Georgian vocal music (see Graham 
2015). Artem Erkomaishvili (1887 – ​1967) was one of the last profes-
sional master chanters in Georgia and a giant of traditional Georgian 
vocal music of the 20th century. Until today, his family name stands for 
a long list of famous singers and choir leaders from the region of Guria 
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in Western Georgia, a list which reaches back far into the 19th century 
(Erkomaishvili 2017). With the Tbilisi State Conservatory recordings 
of 1966, of which a remastered selection has recently been released 
under the name Pearls of Georgian Chant (Jgharkava 2016), Artem 
Erkomaishvili has left a legacy which is invaluable in a number of ways. 
Since chanting was prohibited during the Soviet period, without these 
recordings the tradition of the Shemokmedi chanting school might ac-
tually not have survived the last century (Shugliashvili 2014).

The objective of the present study is to investigate the tonal organi-
zation of the Erkomaishvili dataset from several different perspectives. 
What we consider first in the context of our analysis are the statistical 
distributions of the F0-values (i.e. the values determined by the pitch 
tracking algorithms used by us) in those parts of the F0-trajectories 
that are assumed to be perceived as note objects with well-defined 
pitches. We will refer to them as pitch1 distributions and all F0-values 
within note events as pitches or pitch samples. Hence, the term pitch in 
the present paper should be understood as an acoustic quantity, which 
at best can be interpreted as a proxy for the psychoacoustic quantity, 
which can not be measured directly. Modeling the pitch distributions 
by so-called Gaussian mixture distributions, which will formally be 
introduced in Section 4.2, will lead to a very efficient numerical repre-
sentation as well as to melodic sound scale models. Subsequently, we 
investigate the tonal organization through what we refer to as melodic 
step size distributions, which are the distributions of F0-differences 

1	 In the field of psychoacoustics, the term ‘pitch’ is usually defined as a 
quantity that can not be measured directly, but which is perceptually 
more closely related to an autocorrelation process than to the measure-
ment of a physical frequency component (Heller 2012). In contrast, in 
the field of acoustic sound analysis the term ‘pitch’ is usually understood 
as a numerical quantity which can be determined by means of so-called 
pitch tracking algorithms and which is also called ‘F0’ or ‘fundamental 
frequency’. The latter term has to be taken with a grain of salt, since it is 
commonly also used for algorithms in which F0 is determined purely in 
the time domain. Those algorithms will return F0-values even for signals 
without spectral energy at F0, or for periodic non-harmonic signals, for 
which fundamental frequencies in the strict sense are not defined.
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between consecutive note events in a melody. The third perspective is 
via the distribution of harmonic intervals in those parts of F0-trajecto-
ries from different voices which belong to note events and for which 
concomitant F0-values are available. Finally, we analyze the microton-
al structure of the Erkomaishvili dataset (at sub-semitone resolution) 
and investigate the phenomenon of dynamic intonation adjustments for 
individual note events and different interval types. The general goal of 
our study is to develop an evidence-based model for Artem Erkomaish-
vili’s melody generation process which incorporates all these aspects 
of tonal organization (pitches, scales, melodies, and harmonies) in a 
consistent manner. The paper is structured as follows. After this in-
troduction, we review in Section 2 the publicly available literature on 
tonal organization of traditional Georgian music, thus introducing the 
context of the current work. Section 3 presents the main aspects of 
the Erkomaishvili dataset as far as they are relevant for the present 
study. Section 4 explains our overall analysis strategy and introduces 
the methodologies used in the subsequent analysis. We then turn to 
the actual processing of the recordings. We first analyze the top voice 
recordings (which are not affected by the physical presence of other 
voices) in Section 5 and then, in Section 6, their combination with the 
middle and bass voices (which were sung against pre-recorded voices). 
Section 6 closes with the discussion of the harmonic interval distribu-
tions. The microtonal structure of the dataset and the phenomenon of 
harmonic intonation adjustments are discussed in Section 7, followed 
by a discussion and conclusions in Section 8.

2	 Discourse on the Tonal Organization 
of Traditional Georgian Music

In this section, we present an overview of previous related studies on 
the tonal organization of traditional Georgian music. For some of these 
studies, the lack of documentation makes it difficult to judge their in-
formative value according to modern scientific standards. However, 
in order to achieve as complete a picture as possible, we include all 
accessible publications in the following review. A collection of works 
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by Georgian authors has been translated and published for an inter-
national audience by Tsurtsumia and Jordania (2010). These studies 
go well beyond tuning and scale issues, also covering geographical, 
historical and cultural aspects, which are beyond the focus of our 
present study. This notwithstanding, these publications to some de-
gree also discuss aspects related to the tonal organization of the mu-
sic. Gogotishvili (2004a), for example, describes the structure of the 
typical scale systems in traditional Georgian polyphony as non-octave 
scales being either fourth-based, fifth-based or based on a mixture of 
both. One of the key features of the fifth-based system is the augment-
ed octave and augmented fourth (tritone). In contrast, fourth-based 
scales would be tritone free. Other authors such as Aslanishvili (2010), 
Araqishvili (2010), Chkhikvadze (2010), Jordania (2010) emphasize the 
strong role of the (parallel) fifth and the 1-4-5 chord as being a char-
acteristic feature of Georgian traditional music. Another aspect, which 
by some musicologists has been considered characteristic for Geor-
gian singing, is the influence of harmonic constraints on the fine-tun-
ing of the voices (see Nadel 1933; Chokhonelidze 2010).

While it can be considered consensus amongst researchers that his-
torically, traditional Georgian vocal music was not tuned to the 12-tone 
equal-temperament scale, the particular nature of the Georgian sound 
scale(s) is still an ongoing topic of intense discussion. Erkvanidze 
(2002, 2016), for example, claims that the historical Georgian sound 
scale is related to the ancient Greek modal system. Based on this as-
sumption and acoustic measurements, which in his first paper he de-
scribes as having being done “by ear” (Erkvanidze 2002), he proposed 
tuning models based on two different combinations of two tetrachords 
in which the interval sizes for the second can take on three differ-
ent values, namely 172, 154, and 204 cents. In contrast, based on the 
spectral analysis of selected melodic fragments from historical audio 
recordings, Tsereteli and Veshapidze (2014) propose a sound scale 
model in which all the melodic intervals are assumed to be of equal 
size which is assumed to be 1200/7 = 171.4 cents. They emphasize, 
however, that this value should not be taken as a rigid quantity. Tra-
ditional Georgian singers, similar to the use of Blue Notes in Blues or 
Jazz, would commonly deviate from this value by some amount as part 
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of their personal interpretation. This pitch bending, as it is commonly 
called for other musical styles, is referred to as using shinpardis2 (see 
Tsereteli and Veshapidze 2014; Erkvanidze 2016).

Another equal-interval-size model, though with an interval size of 
700/4 = 175 cents, was suggested by Gelzer (2002). His model was 
derived by iteratively minimizing the mismatch of computer-generated 
synthetic sound scales with the pitches he heard in recordings. Con-
ceptually, his model, as well as the model by Gogotishvili (2004b), are 
built on fifths, rather than on octaves, which leads to a scale in which 
notes separated by one or more octaves are musically not equivalent 
(missing octave equivalence).

In contrast to the equal-interval-size models, Kawai et al. (2010) an-
alyze a single Megrelian song from a teaching CD and vaguely describe 
the sound structure of this example as being based on “unequal but 
variable interval sizes”. Westman (2002) takes a completely different 
perspective on the problem of tonality. He questions the usefulness of 
the scale concept to describe tonality (in particular to identify a tonic) 
in Georgian music altogether and suggests a tonality model in which 
interval, pitch, and timbre interact. He suggests that microtonal varia-
tions could be either the product of a scale, or an interval for melodic 
purposes, or the product of pitch expression. However, he acknowl-
edges that how these parameters might interact needs further study.

One of the major challenges in the context of the Georgian sound 
scale discourse, at least as it is reflected in the internationally acces-
sible literature discussed above, is the fact that previously only very 
small datasets have been considered as observational evidence for the 

2	 The term shinpardi originally stems from Ione Batonishvili’s “Kalmasoba” 
(http://buki.ge/library-5527.html, last accessed on: August 24, 2020) 
where it says “In every country … Greece, Europe, Arabia … (and in our 
country, too) the chants are divided into eight voices (echoi). You can’t 
divide them anymore, because the frets on the instruments are also 
eight, which when playing make different sounds. And the K’ank’ledi 
(კანკლედი), which is called Shinpardi (შინფარდი), makes some slight 
changes within the (frets). And it is used in church singing in the same 
way as in instruments. And it also comes from eight voices (echoi).” Trans-
lated by Nana Mzhavanadze.
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suggested models. Furthermore, the technical details of the earlier 
studies are only sparsely documented. It often remains unclear if the 
reasons for the differences between these models are due to the usage 
of different methods and/or different datasets or by incompatibility of 
(undocumented) underlying assumptions. With the exception of the 
study of Tsereteli and Veshapidze (2014), for which technical details 
of the analysis are provided in the video of a conference presentation 
(Tsereteli and Veshapidze 2015), none of the earlier studies seemed to 
have put a lot of emphasis on trying to make their study transparent 
or reproducible.

3	 The Erkomaishvili Dataset

In 1966, one year before his death, the aging Artem Erkomaishvili was 
recorded by ethnomusicologist Kakhi Rosebashvili performing three-
voice chants at the Tbilisi State Conservatory. Due to the lack of fellow 
singers, he had to sing all three voices by himself. This was made pos-
sible by sequentially recording the three voices using an overdubbing 
technique, leading to three subsequently recorded temporal segments, 
as illustrated in Figure 1 (a). The top voice, which in Georgian chant is 
also the leading voice, was recorded first (as solo voice), then played 
back to him while he was singing the middle voice. Finally, he sang 
the bass voice against the playback of the superposition of the top and 
middle voice.

In general, the determination of pitches from polyphonic audio re-
cordings is currently still unsolved, in particular from old recordings 
with low dynamic range and bandwidth. In the case of the Erkomaish-
vili recordings, however, the sequential recording technique allowed 
the reconstruction of the F0-trajectories for all three voices as well as 
some preliminary analyses (Müller et al. 2017; Scherbaum, Müller, and 
Rosenzweig 2017a, 2017b; Rosenzweig, Scherbaum, and Müller 2019).

As of today, the Erkomaishvili dataset is the oldest set of recordings 
of Georgian chants from which the time synchronous F0-trajectories 
(sequences of F0-values sampled every 5.8 msec (Müller et al. 2017)) 
for all three voices have been reliably determined. Although original-
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Figure 1: The Erkomaishvili dataset. (a) Three-segment recordings with 
F0-annotations. (b) Digital transcription of the song with GCH-ID 002. GCH-
ID 002 refers to the chant ID system of (Rosenzweig et al. 2020) which is also 
used throughout this paper. The chants are temporally subdivided into different 
sections (mukhli). QNR indicates the quarter note references. The time axis 
in Figure 1(a) starts from the beginning of the top voice segment and ends at 
the end of the bass voice segment.
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ly caused by the absence of fellow singers, the sequential recording 
of the individual voices of Artem Erkomaishvili against the playback 
of his own voice(s) turns out to be a significant advantage for the anal-
ysis. First, it enables the analysis of melodic aspects for the top voice 
using the monophonic audio signals from the first recording segment 
as well as from the corresponding F0-trajectory.

Furthermore, the second segment with two superimposed voices 
and the third segment with three superimposed voices allow for study-
ing harmonic intervals, and harmonic aspects such as the influence of 
harmonic interval perception, from the F0-trajectories.

The dataset was recently re-released in a newly organized and 
manually annotated form, together with an interactive web-based in-
terface. Using score-following audio players that make use of the an-
notated data, the interface provides direct and convenient access to 
the corpus (Rosenzweig et al. 2020). The recorded chants were tran-
scribed in a manual process by (Shugliashvili 2014). Through the web-
sites provided by Rosenzweig et al. (2020), the publicly available audio 
material along with all fundamental frequency annotations, recording 
structure annotations, XML versions of the transcriptions, and note on-
set annotations were made available.3 As a result, the source material 
for the analysis discussed in the present paper is publicly accessible.

In the present study, we make particular use of the manually gen-
erated onset annotations based on the quarter note reference (QNR) 
system introduced by Rosenzweig et al. (2020), see Figure 1 (b). The 
QNR system aligns the audio recordings with the digitized score infor-
mation. This makes it possible to computationally compare the tran-
scribed musical scores with acoustical properties of Erkomaishvili’s 
recorded performances. This, in turn, enables the quantitative inves-
tigation of the tonal organization of the whole corpus in an unprece-
dented form, e.g. the investigation of harmonic tuning adjustments for 
individual notes (cf. Section 7.2).

3	 https://www.audiolabs-erlangen.de/resources/MIR/2019-GeorgianMusic-​
Erkomaishvili.

https://www.audiolabs-erlangen.de/resources/MIR/2019-GeorgianMusic-Erkomaishvili
https://www.audiolabs-erlangen.de/resources/MIR/2019-GeorgianMusic-Erkomaishvili
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For the analysis in the following sections, some peculiarities of the 
corpus need to be mentioned. First, the temporal structure of chants 
is non-metrical in the sense that the concept of measures does not 
apply. Instead, chants are usually subdivided in temporal units called 
mukhli in Georgian. We will refer to them by their Georgian name or 
as sections (to distinguish them from the segments of the recording 
process). An example is shown in Figure 1 (b). Second, some groups 
of chants are similar in their melodic and harmonic structures. For 
example, the group of chants with GCH-IDs 008, 009, 010, and 011, 
which we will refer to as CG 008-011, contains identical melodic 
phrases consisting of up to 10 quarter notes. In order to understand 
which factors influence Artem Erkomaishvili’s voice production, we 
will study this group of chants in great detail. To this end, we will 
examine in Section 5.1.2 to what extent the individual realizations of 
these phrases differ from each other and to what extent Artem Er-
komaishvili seems to intentionally deviate from an underlying fixed 
scale (pitch bending). In addition, the analysis of pitch fluctuations 
across section boundaries will be examined to quantitatively assess 
the amount of unintended pitch fluctuations in his vocal production (cf. 
Section 4.2).

4	 Analysis Strategy

Before we turn to the actual analysis of the recordings in Section 5, we 
first explain our overall analysis strategy and discuss some method-
ological aspects. In the context of music perception, it has been sug-
gested to distinguish between the sequential (horizontal, melodic) and 
the concomitant (vertical, harmonic) structure (Nikolsky 2015). For 
instruments with fixed pitches, the sequential intervals in a melody 
(melodic intervals) and the concomitant intervals in a chord (harmonic 
intervals) are elements of the same interval set. For a-cappella vocal 
music, however, this is not necessarily the case and pitch distributions 
as well as melodic and harmonic interval distributions can become 
rather different. Therefore, in the subsequent analysis, we treat them 
as separate entities.
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In Section 4.1, we describe how we approach the determination 
of pitch distributions from both audio tracks and F0-trajectories, and 
briefly touch upon their interpretation against the background of 
known phenomena of pitch perception. We then discuss in Section 4.2 
the determination and interpretation of melodic sound scales from 
pitch distributions and how one can test if these have a normative or 
only a descriptive value for Artem Erkomaishvili’s voice production. 
Finally, in Section 4.3, we address the analysis of harmonic intervals 
and introduce a novel approach to estimate the effect of harmonic in-
tonation adjustments for individual notes.

4.1	 Determination of Pitch Distributions

As an initial step of the melodic analysis, we determine what we re-
fer to as pitch distributions. These were defined in Section 1 as the 
distributions of all F0-values from those parts of the F0-trajectories 
which can be associated with note events with well-defined pitches. 
Depending on the available material, the computation of pitch distri-
butions can be done in different ways. For the top voices, for which 
we have the monophonic audio recordings, see Figure 1 (a), we can 
make use of highly sophisticated and well-tested software tools such 
as Tony (Mauch et al. 2015), which allows to visually and acoustically 
control precisely which parts of an audio signal are used for the de-
termination of note events. This process is very time consuming and 
will therefore only be used for the analysis of the chant group CG 008-
011 in Section 5.1, where we want to achieve the highest possible 
control over which parts of a signal are used for pitch determination. 
As still reliable, but timewise less demanding alternatives, there exist 
two approaches for note event detection in F0-trajectories that have 
recently been proposed (Rosenzweig, Scherbaum, and Müller 2019). 
These approaches aim at finding approximately stable horizontal parts 
in a F0-trajectory. The first algorithm uses morphological operations 
inspired by image processing (Vavra et al. 2004), while the second is 
based on suitably generated binary time-frequency masks. To avoid 
undesired distortions in subsequent analysis steps, both approaches 
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keep the original F0-values unmodified, while only removing F0-values 
in unstable trajectory regions. In our study, we use the morphological 
approach with a filter range of 10 points (corresponding to 58 msec) 
and a dynamic threshold value which is calculated for each trajectory 
based on the assumption made after visual inspection of a number of 
chants that 70 percent of the F0-trajectories belong to note segments 
(see Rosenzweig, Scherbaum, and Müller 2019 for details).

4.1.1	Influence of Pitch Perception

After computing pitch distributions in which all pitch samples belong 
to note objects with perceptionally well-defined pitches, we still face 
a whole collection of challenges regarding the interpretation of these 
pitches in terms of an underlying tuning system or a sound scale. The 
situation is complicated because singers and listeners are exposed to 
a whole series of psychological phenomena that influence both the per-
ception and production of a vocal sound. These include the phenome-
non of categorical perception (CP), which leads to the observation that 
listeners (especially musicians) seem to have a higher sensitivity in 
distinguishing pitches at the border of different pitch categories, but 
sometimes a lower sensitivity within a category (perceptual magnet 
effect). For an excellent discussion of the most important aspects of 
these phenomena related to vocal music we refer to Ganguli and Rao 
(2019).

4.1.2	Determination and Interpretation of Melodic Sound 
Scale Models

In general, the pitches in the pitch distribution appear to be strongly 
clustered, with each of the pitch clusters, which we will also refer to 
as pitch groups or simply as degrees, showing a roughly symmetrical 
shape (cf. histogram in Figure 2(b)). This justifies modeling them as 
Gaussian Mixture Models (GMMs), which are simply weighted mix-
tures of individual Gaussian distributions 𝒩(µ, σ2) each of which is 
defined by a mean value µ and a standard deviation σ. For the case 
of K pitch groups, this results in a representation as ∑K

k=1 wk 𝒩(µk, σ2
k). 
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The mean values of the individual Gaussians (the µk) which correspond 
to the center values of the individual pitch groups, are assumed to de-
fine the pitches of the associated melodic sound scale degrees, while 
the standard deviations of the Gaussians (the σk) define the pitch vari-
ability within the associated scale degree.

The reason for this variability can be a combination of the effects of 
categorical perception, the perceptual magnet effect, random fluctua-
tions, but also of intended changes of individual pitches as a matter of 
the singer’s personal style of expression. How can these phenomena 
be distinguished? How can one tell from the recordings when a sing-
er uses shinpardis (in terms of Tsereteli and Veshapidze (2014)) and 
when a singer is tired or reaches the precision limits of his voice con-
trol? And how can one distinguish the effects of pitch fluctuations from 
the effects of categorical perception and perceptual magnet effects? 
Fortunately, for this purpose, we can benefit from peculiarities of the 
Erkomaishvili dataset described in Section 3, at least to determine 
the order of magnitude of these effects.

Figure 2: Determination of a pitch distribution and melodic sound scale for 
the top voice of chant GCH-ID 008. (a) Note objects (short black horizontal 
lines) and corresponding pitch track (yellow) were determined using the Tony 
software (Mauch et al. 2015). (b) Pitch histogram. (c) Corresponding Gaussian 
mixture distribution.
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Specifically, we can make use of the fact that the chants are struc-
tured in sections (mukhli) and second, of the existence of groups of 
similar chants which contain identical melodic phrases. The melodic 
progression in chants usually occurs in small melodic steps (usually 
second intervals) except at the boundaries of sections. Here, some-
times larger melodic intervals, such as fifths or even octaves occur. 
These melodic jumps are usually associated with small differences of 
the pitch distributions before and after the section boundary. We inter-
pret these shifts, which are usually very small and which we assume to 
be unintended, as a random (noise) contribution to the pitch distribu-
tion of a chant and as a measure of the maximum achievable pitch res-
olution, see Section 5.1.1. Second, the effect of intended pitch bending 
will be studied through the detailed investigation of the chant group 
CG 008-011 in Section 5.1.2. The analysis of the identical phrases in 
the different chants allows us to determine to which degree pitches 
deviate from the underlying melodic scale model for individual notes 
and for all chants of the group.

4.2	 Harmonic Analysis and Intonation Adjustments

In the second part of the analysis, we will concentrate on the harmonic 
aspects of the tonal organization. This adds another level of complexity 
to the interpretation of pitch shifts since harmonic interval perception 
is known to influence the fine-tuning of voices, which in turn can lead 
to unintended pitch shifts of a whole ensemble (see e.g. Howard 2007). 
In addition, intentional intonation adjustments have been suggested to 
be characteristic for traditional Georgian singing (Nadel 1933; Cho
khonelidze 2010) and an expression of what sometimes is referred to 
as “vertical musical thinking”.

Our strategy to estimate the effect of harmonic intonation adjust-
ments is as follows: From the onset times and the durations of the note 
events estimated from the F0-trajectories of the individual voices, we 
first calculate those time windows where we have concomitant pitch 
information on the combination of voices of interest. In other words, 
the onset times and durations of either harmonic intervals or, more 
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general, chord objects. Subsequently, we determine the pitch trajecto-
ries for each voice of interest in these time windows. The average val-
ues of the differences of these short pitch trajectories (in cents) define 
the values of the harmonic intervals for the voice combination under 
consideration. By collecting all harmonic intervals present in a chant, 
we obtain what we refer to as harmonic interval inventory or harmon-
ic interval distribution. Similar to the melodic pitch histograms, the 
harmonic interval histograms appear to be strongly grouped and can 
also be modelled by Gaussian Mixture Models (GMMs) (see Section 
6.4), which will reflect the harmonic aspects of the tonal organization. 
Finally, the amount of correlation of the pitch fluctuations between the 
individual voices within the time windows of an interval or a chord ob-
ject can be used to derive a quantitative measure for the degree of har-
monic intonation adjustment. Simply speaking, intonation adjustment 
will force the pitch trajectories of two voices to become dependent on 
each other, which can be mathematically quantified. The theoretical 
derivation of this measure is given in Section 7.2.

Since beat annotations have become available for all the chants 
(Rosenzweig et al. 2020), harmonic intonation adjustments can now 
be studied on a note level time scale. This makes it possible to inves-
tigate this phenomenon for any phrase of interest in the whole corpus. 
In this article, however, we will limit ourselves to investigate if the 
average amount of harmonic adjustment differs for different intervals 
and leave the more detailed time-dependent analysis to future studies.

5	 Top Voice Analysis

In this section, we turn to the actual pitch analysis of the recordings of 
the Erkomaishvili dataset and discuss the results of our data process-
ing. For the first part, we restrict ourselves to the processing of the top 
voice recordings. The reason for the separate analysis of the top voices 
from the middle and bass voices, which will be discussed in Section 6.1, 
is that first, the top voice is the reference voice in liturgical chants and 
musically the most important one. Second, unaccompanied singing and 
singing in the presence of pre-recorded voices are different. Therefore, 
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by analysing the top voice recordings separately, we want to separate 
melodic and harmonic aspects of the tonal organization as much as 
possible. Third, the top voice recordings are also special for a technical 
reason. In this case, we have both the audio and the F0-trajectories at 
our disposal. As already discussed in Section 4.1, this gives us more op-
tions to perform the pitch analysis for the top voice than for the middle 
and bass voices, where we only have the F0-trajectories to work with.

5.1	 Analysis of Chant Group CG 008-011

In the following, we study the four chants belonging to the chant group 
CG 008-011 in detail. In particular, we will examine the relationship 
between the pitch distribution of the chant GCH-ID 008 and the cor-
responding distribution of melodic intervals. This will lead to a model 
which explains how the top voice melody is formed in relation to the 
sound scale derived from the pitch distribution. In addition, we will 
exploit the fact that the chant group CG 008-011 contains identical 
melodic phrases in order to investigate the effect of intentional pitch 
bending. Finally, we will make use of the musical subdivision of the 
chant into sections (mukhli) to examine the stability of the pitch distri-
butions for different sections.

Figure 2(a) shows the pitch track of the top voice of chant GCH-ID 
008 and Figure 2(b) the corresponding pitch histogram. In this case, 
the note events, shown by the horizontal black lines, are determined 
from the raw audio trace by using the Tony software (Mauch et al. 2015). 
The reason for using Tony for the analysis of chant group CG 008-011 
is that we wanted to have the maximum degree of confidence that the 
pitch tracks have been reduced to those parts of the F0-trajectories 
which a listener would perceive as note objects with a perceptional-
ly well-defined pitch. This was achieved by visually and acoustically 
checking and manually editing individual note events. This interactive 
post-processing capability of Tony is currently not available with the 
approach proposed by Rosenzweig, Scherbaum, and Müller (2019).

The pitch histogram in Figure 2(b) shows that the pitches are not 
evenly distributed along the vertical pitch axis but are strongly clus-



Top Voice Analysis 23

tered and appear as individual pitch groups. A model which accom-
modates such a grouping is a Gaussian mixture model in which the 
pitch set, which in case of Figure 2 consists of 7675 values, is fit by a 
weighted mixture of K Gaussian distributions, see Figure 2(c). This is 
done by using a modified version of the of the expectation-maximiza-
tion algorithm by Fox (2011).

The mean values µk and standard deviations σk (in cents) for each of 
the Gaussians are displayed to the right of each pitch group as µk ± σk, 
following the so-called pitch group indices PGI, which represent the 
distance to the most salient pitch group (which is defined to have a 
PGI of 0). For example, in Figure 2, we have K = 10 pitch groups, with 
the most salient one (the pitch group with the largest area under its 
Gaussian) being the 6th one (k = 6), if counted from lowest to highest 
pitch. Hence, PGI = 0 in this example corresponds to µ6 = 2433 and 
σ6 = 27. The most salient pitch group corresponds to the pitch group 
which is most often heard in the complete chant. This in turn makes it 
perceptionally salient because its representation in short-term memory 
is enhanced in comparison to the other pitch groups present, as shown 
in a number of studies by (Deutsch 1970, 1972, 1975). Therefore, PGIs 
reference the pitch groups in a perceptionally meaningful way without 
having to make assumptions about functional relations (e.g. the rela-
tion to a tonic). Finally, in Figure 2(c), the tilted blue numbers between 
the pitch groups specify the differences (given in cents) between the 
center pitches of neighboring pitch groups. Loosely speaking, we re-
fer to these differences as expected step sizes of melodic seconds. It 
is interesting to note that the expected step sizes between the most 
salient pitch group and its immediate neighbors are close to 200 cents 
(210 cents and 188 cents, respectively), while most of the others are 
smaller. In addition, the differences between the most salient pitch 
group and pitch groups −4 and 4 are both close to a pure fifth. As a 
consequence, pitch group −4, −1, 0 with its constituting intervals 499, 
and 709 cents builds a nearly pure 1-4-5 chord, as does the combina-
tion of pitch groups 0, 3, 4 with 507 and 704 cents, respectively.

Figure 3(a) shows the actual melodic seconds in the top voice of 
chant GCH-ID 008 as they were sung by Artem Erkomaishvili. The col-
or code roughly separates them into small (blue), intermediate (green) 
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and large (red) ones. Figure 3(b) shows where in the chant the individ-
ual types occur. From this plot, it can be seen that there is no simple 
relation between the expected step sizes for melodic seconds (defined 
above as the pitch difference between the center pitch value of the 
pitch group from where the melodic step starts and the one where it 
ends) and the actual ones. The transition between a particular pair of 
pitch groups is sometimes realized by a small, sometimes by an inter-
mediate, and sometimes by a large melodic step. A very similar obser-

Figure 3: (a) Actual melodic step sizes between neighboring pitch groups in 
the top voice of chant GCH-ID 008 as they were sung by Artem Erkomaishvili. 
(b) Occurrence of the differently sized steps with respect to the pitch and note 
track. The grayscale in the left panel shows the probability density values of 
the Gaussian mixture distribution displayed in the right panel. The magenta 
horizontal dashed lines mark pitch group boundaries.
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vation was made by Arom, Fernando, and Marandola (2007) for the 
musical scales of the four-part a-cappella vocal music of the Bedzan 
Pygmies in Cameroon. They also observed relatively wide margins 
of realization for the scale-defining intervals as well as for the scale 
pitches. Their investigation, in contrast to our study, had the advan-
tage that they could verbally interact with the musicians in the field. 
They could suggest a working hypothesis which could then be tested 
by the musicians and either verbally accepted or rejected. In this way, 
Arom, Fernando, and Marandola (2007) could identify the Bedzan’s 
scale model as being dynamic based on a small set of rules, which act 
as constraints during the singing. In the present study, unfortunately, 
we can only evaluate the acoustic data of the recordings. The structure 
of the chants and the fact that the corpus contains a number of redun-
dant melodic phrases, however, can partially compensate for this.

5.1.1	Section-Based Analysis

One structural property of the chants is that they are musically subdi-
vided into individual sections, cf. Figure 1(b). These sections are usu-
ally separated by a rest and a melodic jump. The sizes of the melodic 
jumps are often considerably larger than the melodic step sizes within 
a section. It can be seen in Figure 4 that, for chant GCH-ID 008, the 
interval structure of the pitch distribution is visually similar for the in-
dividual sections. However, the relative heights of the individual peaks 
change across the section-based distributions. These heights corre-
spond to the salience of the corresponding pitch group within a section. 
Although it is not visually apparent, the pitch distributions for the indi-
vidual sections exhibit a slight pitch offset with respect to each other 
which can be determined by the position of the maximum values of 
their cross-correlation functions. For the chant group CG 008-011, the 
standard deviation (σ) of this pitch shift was calculated to be approx-
imately 8 cents. This value is interpreted as a rough estimate for the 
unintended random pitch fluctuations in Artem Erkomaishvili’s voice 
production. In Figure 3, it can be seen that on the level of the com-
plete chant, there is no simple relation between the pitch differences 
between the center pitch values of neighboring pitch groups and the 
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actual melodic intervals in a melody. Would this change if the analysis 
of the pitch distributions was performed on a section level?

Figure 5, which displays the section-based pitch distributions as 
density plots superimposed with the pitch and note track and the dif-
ferently sized melodic seconds for chant GCH-ID 008, shows that this 
is obviously not the case. Between two neighboring pitch groups, e.g. 
the one with a center pitch close to 2400 cents and the one with a 
center pitch close to 2600 cents in the third section (for QNR 40 – ​60) 
of Figure 5, one can observe melodic intervals from the small (green), 
the intermediate (blue), and the large (red) category. Hence, the dif-
ferences between the center pitch values of neighboring pitch groups 
do not predict the actual melodic step sizes realized between them, at 
least not with any practically useful precision. This appears puzzling, 
since sound scales are often constructed simply by concatenating me-
lodic intervals determined from a melodic sequence (see Tsereteli and 
Veshapidze 2014). This raises the question of what constrains the me-
lodic step sizes between two pitch groups if not the difference between 
their center pitch values (the µk)? In other words, where is the scale?

Figure 4: Section-based pitch distributions for chant GCH-ID 008. The sections 
are indicated by color code.
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A hypothesis which we tested was if it actually matters from where in 
a pitch group relative to the center pitch value µk a melodic step starts. 
Does it matter if the starting pitch of a melodic step is below, equal 
to, or above the center pitch value of the corresponding pitch group? 
In other words, if the pitch of the starting note in a melodic step un-
der consideration deviated from the center pitch of the corresponding 
pitch group, would Artem Erkomaishvili unconsciously or consciously 
change the melodic step size of the next step to compensate for this 
deviation? The result of this test is shown in Figure 6. Each point in 
the diagram corresponds to one melodic step in the top voice of chant 
GCH-ID 008. The pitch group corresponding to the starting note under 
consideration is indicated by the color code explained in the legend 
to the right. The horizontal position of a dot displays the deviation of 
the pitch of the starting note (of a melodic step) from the center pitch 

Figure 5: Differently sized melodic seconds with respect to the pitch and note 
track superimposed on the section-based pitch distributions for chant GCH-
ID 008. The grayscale background shows the probability density values of the 
Gaussian mixture distributions for each of the sections. The magenta horizon-
tal dashed lines mark the pitch group boundaries in each section.
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value of its corresponding pitch group (µk). The vertical position of a 
dot corresponds to the extra step size (in addition to the difference be-
tween the center pitch value of target pitch group of the next melodic 
step and the center pitch value of the pitch group of the starting note).

Figure 6 clearly shows that there is a strong correlation between 
the extra step size of a melodic step and the pitch deviation of the 
starting note from the center pitch value of its corresponding pitch 
group. We interpret this as a clear proof that the melodic sound scale 
defined as the ordered set of pitch group center values of the whole 
pitch distribution indeed constrained Artem Erkomaishvili’s melodic 
singing, although not in a rigid but a flexible way. The melodic sound 
scale for Artem Erkomaishvili does not define fixed melodic step sizes. 
It rather seems to act like a set of attractors around which the melody 
can more or less freely move, but to which it is always “pulled” back. 
One does not immediately see the presence of the melodic sound scale 
when looking only at a sequence of melodic steps, but it always acts as 
constraint during the melodic development.

The well-defined slope in Figure 6 (even for very small pitch devi-
ations from the associated pitch group means) indicates that Artem 
Erkomaishvili seems to have been well aware of even small pitch 
deviations of a sung note from the central pitch value of the corre-
sponding pitch group because he compensates for these deviations in 
subsequent melodic steps. His sensitivity for pitch deviations within a 
pitch group does not seem to have been lowered significantly, which 
could be interpreted as evidence against a strong perceptual magnet 
effect on his voice perception/production. Since we have no means to 
investigate this further, we can only state this here as an observation. 
The vertical scatter of the extra step sizes in Figure 6, which has a 
standard deviation of 16.5 cents, can be seen as a measure of precision 
with which the melody is following the scale pitches, for reasons which 
are addressed in the following.
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Figure 6: Distribution of extra step sizes of melodic seconds against the 
relative position of the previous note with respect to its corresponding pitch 
group center. The gray shaded area shows the linear regression line (dotted) 
y = −1.5 − 1.1x ± 33 (2σ).
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5.1.2	Intentional Pitch Bending

The gray shaded area in Figure 6 marks the region which, in case 
the scatter around the dotted regression line is Gaussian distributed, 
will contain roughly 95 percent of all extra step sizes. This scatter 
will include the scatter caused by perceptional effects discussed in 
Section 4.1.1, random effects as well as the effect of intentional pitch 
bending (using shinpardi). In the following, we estimate the order of 
magnitude of this effect by making use of the occurrence of a number 
of identical melodic phrases in the chant group CG 008-011.

Figure 7 shows the pitch trajectories of the melodic phrases which 
appear in identical form in all chants of CG 008-011. The one in the 
lower left panel appears only in chants with GCH-IDs 008, 009, and 

Figure 7: Pitch trajectories of the melodic phrases which appear in identical 
form in all chants of chant group CG 008-011.
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011. The F0-trajectories have been realigned in time to the QNR grid 
of chant GCH-ID 008. For a detailed definition of this concept see 
Rosenzweig et al. (2020). In addition, the trajectories have been shifted 
in pitch such that the position of the maxima of the cross-correlation 
functions of each pitch distribution pair appears at position zero. The 
dotted horizontal lines in Figure 7 show the center values of the joint 
pitch distribution after pitch shifting. In other words, the dotted lines 
in Figure 7 represent the scale pitches of a joint scale model for all 
four chants.

In this plot it can be seen that – with very few exceptions – the 
trajectories show significant overlaps in average pitch although they 
correspond to independently made recordings and despite the fact 
that they can consistently deviate from the pitches of the average scale 
model. In order to obtain an estimate of the magnitude of this effect, 
we analyzed the first of the phrases in more detail. Figure 8 shows the 
corresponding score representation (a), the pitch trajectories superim-
posed by the note tracks (b), and the melodic steps between the notes 
as stem plots (c). As already indicated by Figure 7, the note events 
in the phrase are highly correlated for the four different chants. The 
gray horizontal lines in Figure 8(c) indicate the step sizes expected 
from the pitch distances of the scale pitches for the joint melodic scale 
model. In those cases, where the actual melodic steps do not closely 
cluster around the expected step sizes, the plot shows a systematic 
and consistent offset. This means that actual melodic steps tend to be 
either consistently smaller or larger than the expected value from the 
pitch group mean value differences and suggests that the deviation of 
the melodic step sizes from these expected values is a conscious choice 
of the singer.

Finally, we calculated the differences between the note pitches as 
predicted from the joint melodic scale model and the actual phrase 
notes. These values vary between 5 and 30 cents for the ten notes 
in the phrase. Although these values only represent a small number 
of notes, their magnitude demonstrates that the effect of intentional 
pitch bending is non-negligible and needs to be considered when try-
ing to determine melodic scale models. The effect of intentional pitch 
bending (using shinpardi) could therefore also contribute significantly 
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Figure 8: (a) Score representation. (b) Note and pitch trajectories. (c) Stem 
plots of the melodic steps of the first of the melodic phrases in Figure 7.
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to the shape of the melodic step size distribution shown in Figure 3 as 
well as to the spread of the individual pitch groups in Figure 2.

It seems worth emphasizing that Figure 8 and Figure 6 illustrate 
two different mechanisms which jointly influence how Artem Erko-
maishvili developed a melodic sequence. On the one hand, Figure 8 
demonstrates that he did not rigidly adhere to fixed melodic steps as 
defined by the pitch differences between the scale pitches of the whole 
pitch distribution, but that he uses intentional pitch bending. On the 
other hand, Figure 6 clearly demonstrates that he is always aware 
of the position of a note which he sings with respect to the pitch of 
the corresponding pitch group center, which then influences his next 
melodic steps. As a consequence of this, individual melodic step sizes 
do not directly represent the intervals of the underlying melodic scale 
because melodic step sizes can be intentionally stretched or com-
pressed as a matter of Artem Erkomaishvili’s personal interpretation 
or they can be shortened or elongated by the mechanism documented 
in Figure 6.

If our assumption is correct, it is indeed the ordered set of pitch 
group center values of the whole pitch distribution (the µk values of the 
Gaussian mixture model) which defines the melodic sound scale. Melo
dies in this model are the result of a deviation-compensation mecha-
nism, which clearly honors scales but still allows for a large degree of 
melodic flexibility.

5.2	 Corpus-Level Analysis

In the following, we describe the results of the analysis of the top voice 
recordings for the complete Erkomaishvili dataset (see Section 3). The 
goal in this context is to derive a scale model which jointly represents 
the melodic sound scales of the complete dataset in a synoptic way. 
Towards this end, we first investigate to what degree the melodic top-
voice scale models for the individual chants vary within the corpus. In 
this context, visually and acoustically processing of all audio tracks 
with the Tony software (Mauch et al. 2015), as we did for the chant 
group CG 008-011, turned out to be too labor-intensive. Therefore, 
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for the corpus-level analysis, we determine the stable regions in each 
of the F0-trajectories using the morphological filtering approach de-
scribed in Rosenzweig, Scherbaum, and Müller (2019).

Using spot checks, we validated that the differences between pitch 
distributions obtained from morphological filtering and those obtained 
using the Tony software are marginal for the present purpose. We are 
confident that for the corpus-level analysis, the gain in processing 
speed by orders of magnitude by far outweighs the lack of user-guided 
manual corrections.

The purpose of the analysis described in the present section is not 
to perform a detailed study of the properties of the individual pitch dis-
tributions of all chants, but to test if they share some common features 
(in a statistical sense) which can be detected computationally. Since 
Artem Erkomaishvili started each chant at a different pitch (depending 
on how the pitches of the chant would fit into his vocal range), the 
individual pitch distributions might be shifted in pitch by an unknown 
amount, even if the same melodic scale might be employed. Similar 
as in Section 5.1.1, we correct these differences by aligning the pitch 
distribution using cross-correlation analysis.

More specifically, we align all pitch distributions with respect to 
a reference chant (GCH-ID 010). However, the weights of the differ-
ent Gaussian mixture elements, which reflect the amount of pitches 
belonging to a specific pitch group, are quite different. Since the 
cross-correlation function is quite sensitive to amplitudes and we are 
at this point only interested in the interval structure of the pitch distri-
bution, we whiten the individual Gaussians such that after whitening 
they all have the same amplitude in their probability density functions 
(when having an equal number of mixture elements). In this way, we 
make sure that the alignment is only dependent on the interval struc-
ture of the distributions. The process of alignment and whitening of 
the Gaussian mixture distributions is illustrated in Figure 9 for the 
four chants of chant group CG 008-011, which were discussed in Sec-
tion 5.1.

The results of whitening and subsequent alignment of the pitch 
distributions of all chants is shown in the top and bottom panel of 
Figure 10. One can see that a common structure becomes visible in 
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Figure 9: Illustration of the whitening and alignment process of the Gaussian 
mixture distributions for the chants of chant group CG 008-011. (a) Pitch distri-
bution in raw form. (b) Pitch distribution after whitening. (c) Pitch distribution 
after whitening and alignment.
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Figure 10: The top panel shows the whitened Gaussian mixture distributions 
for the top voices of all chants, while the bottom panel shows the distributions 
after whitening and alignment.
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the superposition of all whitened and aligned distributions. This nicely 
illustrates that the shapes of the individual pitch distributions, which 
represent the melodic tuning models of the individual chants, are not 
completely different but can possibly – cum grano salis – be interpreted 
as variants of a common underlying structure. To determine the pa-
rameters of this underlying sound scale model, we take the collection 
of all the mean values of all Gaussian mixture model elements of the 
individual distributions from the bottom panel of Figure 10 as input 
data to calculate a histogram and the corresponding Gaussian mixture 
model. The resulting distribution is shown in Figure 11.

Figure 11: Histogram (gray shaded) and corresponding Gaussian mixture dis-
tribution (solid red line) representing the average pitch distribution for all top 
voices in the complete corpus. The black numbers before the colons show the 
pitch group indices (PGIs) with respect to the most salient pitch group (indexed 
as 0). The blue tilted numbers between the pitch groups show the intervals 
between neighboring pitch groups in cents.
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Figure 11 can be interpreted to represent the properties of the in-
terval structure of melodic sound scales of all the top voice tracks in an 
average sense, a kind of executive summary. The interval structures of 
chant-level pitch distributions can deviate from this corpus-level dis-
tribution in details which are averaged out by the processing above. 
The investigation of these details for all chants is beyond the scope of 
the present study. It can be noted that even at this coarse level, the 
interval structure of the average pitch distribution model for the top 
voice, which is numerically displayed in Table 1, shows musically very 

interesting features. For example, if we define a pure fourth as 498 ± 
5 cents and a pure fifth as 702 ± 5 cents, then there are two pure fifths 
and one pure fourth visible in the corpus-level pitch distribution. As a 
side note, we point out that a feature, which we also observed quite 

Table 1: Pitch differences between all possible pitch group combinations in 
Figure 11. The individual table elements correspond to the combination of pitch 
groups for which the pitch group indices PGIs are given in the first column and 
the first row, respectively.

−6 −5 −4 −3 −2 −1 0 1 2 3 4

−6 0 190 364 530 692 891 1077 1245 1415 1597 1773

−5 0 0 174 340 503 701 887 1055 1225 1406 1583

−4 0 0 0 166 328 527 713 881 1051 1233 1409

−3 0 0 0 0 162 361 547 715 885 1067 1243

−2 0 0 0 0 0 199 385 553 723 904 1080

−1 0 0 0 0 0 0 186 354 524 706 882

0 0 0 0 0 0 0 0 168 338 520 696

1 0 0 0 0 0 0 0 0 170 352 528

2 0 0 0 0 0 0 0 0 0 181 358

3 0 0 0 0 0 0 0 0 0 0 176
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prominently in individual pitch distributions, is the existence of rather 
large intervals (approx. 200 cents) between neighboring pitch groups 
close to the most salient one. Musicologically, this is a key finding, 
since it is the existence of this larger interval which is necessary to 
build the 1-4-5 structure, which has been described by many schol-
ars (Aslanishvili 2010; Dimitri Araqishvili 2010; Chkhikvadze 2010; 
Jordania 2010) as being characteristic for traditional Georgian music. 
We find it extremely interesting to see that the 1-4-5 structure, which 
is typical for the harmonic structure of traditional Georgian music, is 
clearly visible as a melodic summary feature of the pitch distribution 
of all top voices.

6	 Multi-Voice Results

The most characteristic musical feature of traditional Georgian vocal 
music is its polyphonic or multi-voice character. In the following, we 
determine the pitch and harmonic interval distributions. Instead of 
considering only the top voice (as in Section 5), we now consider all 
three voices (top, middle, bass). We extend our analysis in three ways. 
First, in Section 6.1, we consider pitch distributions for all three voic-
es. Second, in Section 6.2, we consider harmonic intervals by com-
paring the voices in a pairwise fashion. In Section 6.3, as extension of 
the discussion in Section 5.1.1, we analyse the relationship between 
the melodic progression and the multi-voice pitch distributions. Sub-
sequently, we derive synoptic pitch and interval distributions for all 
voices and all chants and discuss their properties.

6.1	 Pitch Distributions

For the determination of the pitch distributions in the multi-voice case, 
we reduce the stable regions of the raw F0-trajectories of the individ-
ual voices to those regions which appear concomitantly in all three 
voices. This ensures that the F0-values for the analysis of the melodic 
and the harmonic properties are identical.
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Figure 12: F0-trajectories for all F0-values in stable segments which appear 
concomitantly in all three voices of chant GCH-ID 008.

Figure 13: Gaussian mixture models of the pitch distributions for the three 
voices (top, middle, bass) as well as for all voices jointly, using chant GCH-ID 
008 as example.
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The corresponding F0-trajectories superimposed by the correspond
ing note objects for chant GCH-ID 008 are shown in Figure 12. Fig-
ure 13 displays the corresponding Gaussian mixture models of the 
pitch distributions for the individual voices as well as for all the F0-val-
ues in all voices jointly. The pitch group mean values are given in cents 
with reference to 55 Hz.

The center pitch values for the comparable pitch groups vary be-
tween the individual voices in the order of 10 – ​20 cents. We can also 
observe that the pitch groups’ standard deviations of the bass voice 
are larger than for the top and middle voices.

6.2	 Harmonic Interval Distributions

Figure 14 shows the GMMs for the harmonic interval distributions for 
the different voice combinations of chant GCH-ID 008, as well as for all 
voice combinations jointly. For the explanation of the labeling of the 

Figure 14: Gaussian mixture models of the harmonic interval distributions for 
the different voice combinations of the individual voices of chant GCH-ID 008, 
as well as for all voice combinations jointly. For the explanation of the labeling 
of the individual Gaussian mixture elements see the figure caption of Figure 2.
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individual Gaussian mixture elements, see the caption of Figure 2. It 
can be noted that the fifth is the most frequent harmonic interval in all 
voice combinations. Its tuning, however, is not always the same.

It appears as justly tuned (close to 702 cents) in the middle-top voice 
combinations and more than 20 cents larger in combinations where the 
bass voice is involved (734 ± 32 cents in bass-top and 727 ± 33 cents 
in bass-middle). The octaves appear stretched by 40 to 50 cents for all 
voice combinations where they appear in chant GCH-​ID 0084 (1243 ± 
43 cents in bass-top and 1257 ± 42 cents in bass-middle).

6.3	 Melodic Progression and Pitch Distributions

In the following, we investigate whether the melodic progression for 
the middle and bass voices is equally well described by its relation 
to the multi-voice scale model as it is for the top voice case shown in 
Figure 6. To this end, similar to Section 5.1.1, we again calculate the 
distribution of extra step sizes of melodic seconds against the relative 
position of the previous note with respect to its corresponding pitch 
group center for the bass voice (Figure 16, bottom panel), but this time 
for the section-level pitch distribution calculated from the pitches of all 
voices shown in Figure 15.

In Figure 15, the pitch distributions are determined for each section 
in chant GCH-ID 008 and the corresponding mixture models are dis-
played as grayscale image in the background. Figure 15 illustrates – in 
an overall sense – the tuning of this chant jointly for all the individual 
voices. From the grayscale distributions, we see that the changes of 
the pitch group boundaries for different sections in the case of chant 
GCH-ID 008 are rather small and restricted to a few cases (for example 

4	 The Gaussian mixture models for the pitch distributions for all voices 
and for the intervals for all voice combinations have been calculated for 
all chants. Their in-depth discussion, however, is beyond the scope of 
the present paper, but they are made available on request from the first 
author.
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in the 2nd section). Visually more obvious is the change of the center 
values for identical pitch groups across section boundaries. This cor-
responds to changes in the perceptional strength of a pitch group for 
different sections. The darker the grayscale value for a pitch group, 
the more frequent are pitches from this pitch group in a section.

For comparison, the top panel in Figure 16 shows the case of the 
top voice again (with the scale model calculated from the top voice), 
displayed in the same plot range as the bass voice. The gray shaded 
areas show the linear regression lines (dotted) y = −1.5 − 1.1x ± 
33 (2σ) and y = −3.0 − 1.2x ± 64 (2σ) for the top and the bass voice, 
respectively.

The slopes of the regression lines are essentially identical and the 
offsets for x close to zero as well (1.5 and 3 cents, respectively), but 
the σ value describing the presumably random fluctuation around the 
regression line in the case of the multi-voice scale model is twice as 
large as for the top voice model. This means that, although the cor-
relation between the size of the extra step sizes of the melodic seconds 

Figure 15: F0-trajectories and note objects from Figure 12 superimposed on 
the segment GMMs for all voices of chant GCH-ID 008. The grayscale back-
ground shows the probability density values of the Gaussian mixture distribu-
tions for each of the segments. The magenta horizontal dashed lines mark the 
pitch group boundaries in each segment.



Multi-Voice Results44

Figure 16: Distribution of extra step sizes of melodic seconds against the rela-
tive position of the previous note with respect to its corresponding pitch group 
center for the top and the bass voice. The data for the top voice are identical to 
the ones in Figure 6.
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and the relative position of the previous note with respect to its corre-
sponding pitch group center is as clear for the bass voice as it is for the 
top voice. The absolute step sizes of melodic step sizes between neigh-
boring pitch groups can only be predicted at a much lower precision. 
One possible explanation for this behavior could be that it is an effect 
of Artem Erkomaishvili adjusting his middle- and/or bass voice pitches 
in order to achieve stable harmonic intervals at certain positions in a 
chant. This phenomenon has already been mentioned as qualitative 
observation in one of the first non-Georgian treatises on traditional 
Georgian vocal music (Nadel 1933). In Section 7, we address this ques-
tion quantitatively.

6.4	 Synoptical Models

One of the central questions of the current study is whether Artem 
Erkomaishvili’s recordings preserve a characteristic tuning structure 
which can be extracted from the audio data. Motivated by the results 
shown in Figure 11 for the top voice, a similar approach was chosen 
for the polyphonic analysis. The resulting distributions (now for all 
voices) are shown in Figure 13 and Figure 14 in the far right-hand 
tracks. The resulting synoptic distributions for pitch and harmonic in-
tervals based on all voices in the corpus are displayed in Figure 17 and 
Figure 18, respectively.

While individual chants differ in details, the structures, which are 
visible in the distributions computed on the whole corpus, reflect Ar-
tem Erkomaishvili’s tuning in a condensed way.

The pitch differences between all possible pitch group combina-
tions in Figure 17 are listed in Table 2. The individual table elements 
correspond to the combination of pitch groups for which the PGIs are 
given in the first column and the first row, respectively. What can be 
noted in Table 2 is that a number of pitch group combinations exhibit 
center pitch differences (of their µk values) which are close to a pure 
fifth (702 cents). In addition, the center pitch differences between a 
pitch group and its next but one is always roughly a neutral third (be-
tween 300 and 400 cents).
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Figure 17: Corpus-level pitch distribution (for all voices and all chants).

Figure 18: Corpus-level harmonic interval distribution (for all voices and all 
chants).
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The synoptic harmonic interval distribution in Figure 18 shows 
that the most common intervals are more or less justly tuned fifths 
(708 cents), followed by unisons (1 cent), neutral thirds (341 cents), 
sharp fourths (516 cents), stretched octaves (1218) and ninth (1420). 
It can also be noted that the standard deviation for the harmonic 
seventh, which peaks at 1044 cents is much wider than for the other 
intervals, indicating that sevenths are realized in a variety of ways in 
the chants.

7	 Microtonality

In this section, we discuss some observations regarding microtonal as-
pects of the Erkomaishvili dataset. We start with the discussion of the 
melodic step size distribution for the complete corpus in Section 7.1. 
This will illustrate, yet from a different perspective than in the previ-
ous sections, that Artem Erkomaishvili varied his melodic step sizes 
on a microtonal level by freely deviating from the expected melodic 
intervals defined by the scale pitches. In Section 7.2, we discuss the 
mechanism of harmonic intonation adjustment, which could explain 
one of the reasons for these microtonal melodic step size variations.

7.1	 Corpus-Level Melodic Step Size Distribution

One of the most striking characteristics of the pitch distributions pre-
sented is that the smallest inter-cluster distances, or next neighbor 
intervals, in Figure 2 and Figure 17 are in the order of 150 cents. 
Semitone-sized differences (e.g., 100 cents) between neighboring 
pitch groups in the pitch distributions are essentially absent, which 
might at first glance suggest that this would also be reflected somehow 
in the melodic step size distribution. This, however, is not the case, as 
can be seen in the synoptic melodic step size histogram which is shown 
for all chants and all voices in Figure 19.

The figure shows that, although the most frequent melodic step 
size lies between 170 and 180 cents (cf. the red circles in Figure 19), 
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Figure 19: All melodic step sizes in all voices and all chants. The two red 
circles mark the bins with the most frequently occurring positive and negative 
step sizes, respectively.

Figure 20: Probability density values of the Gaussian mixture distributions for 
each of the 24 sections of chant GCH-ID 026 (grayscale background), super-
imposed with the pitch group boundaries in each section shown by the dashed 
magenta lines. The orange line indicates the progression of center pitch of a 
pitch group.
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essentially all values between zero and ±700 cents have been realized 
with different frequencies of occurrence somewhere in the dataset.

A particularly impressive example of microtonal pitch changes 
is chant GCH-ID 026, which contains a total of 24 different sections 
between which the whole tuning system varies on a microtonal level. 
Figure 20 shows the probability density values of the Gaussian mix-
ture distributions for each of the sections superimposed with the pitch 
group boundaries in each section shown by the dashed magenta lines. 
The orange shaded thick lines of Figure 20 for example mark a pitch 
group for which the center pitch stays more or less constant for the 
first 14 segments, whereas it is shifted upwards by 30 – ​40 cents from 
segment 15 on (see zoomed-in area, shift at QNR 280). This level is 
kept until the next to last segment, were the center pitch is going back 
to essentially the value of the first section. This example illustrates not 
only the variability of the tuning systems which Artem Erkomaishvili 
sometimes employs, but also that he still had excellent pitch control.

Another aspect of microtonal pitch shifts is related to how the har-
monic structure of a song affects how notes in a melodic sequence 
are sung. On the one hand, harmonic interval perception is known 
to influence the fine-tuning of voices, which can lead to unintended 
pitch shifts of a whole ensemble (see Howard 2007; Mauch, Frieler, 
and Dixon 2014). On the other hand, harmonically driven intonation 
adjustments can also be intended in order to achieve certain harmonic 
intervals with particular precision. This phenomenon is frequently oc-
curring in traditional Georgian vocal music and is often referred to as 
as “vertical musical thinking” (cf. Nadel 1933; Chokhonelidze 2010).

7.2	 Dynamic Adjustments

In the following, we discuss to what degree intonation adjustments are 
measurable in the Erkomaishvili dataset. In particular, we focus on a 
phenomenon that we refer to as dynamic intonation adjustment, which 
expresses that two voices move in a correlated fashion to achieve a 
particular harmonic interval. When singing the middle voice, for ex-
ample, Artem Erkomaishvili was hearing the pre-recorded top voice. 
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Therefore, his top voice pitch trajectory was already fixed. Hence, all 
we need to measure is if the pitch trajectory of the top voice influ-
enced his intonation of the middle voice and similarly his bass voice. 
Evidence that these effects might be observable in the Erkomaishvili 
dataset was reported by Scherbaum, Müller, and Rosenzweig (2017a), 
who observed an overall correlation between concomitant pitch pair 
values for different voice combinations.

Our approach to measure dynamic intonation adjustment is based 
on the analysis of pitch fluctuations of short pitch trajectories. Our 
hypothesis is that dynamic intonation adjustment introduces statistical 
dependencies between pitch trajectories of two voices, which can be 
mathematically quantified through the analysis of the variances of the 
individual pitch trajectories and their differences. The theoretical ba-
sis is given by the fact that the difference of two uncorrelated Gaussian 
random variables (RV) is again a Gaussian RV with the mean being 
the difference of the means and the variance being the sum of the 
variances (Stirzaker 1999). In case of a correlation between the two 
RVs (as it is expected in the case of pitch tracks where both singers try 
to maintain a particular interval despite fluctuations of the individual 
voices), the variance of the interval trajectory will be less than the sum 
of the individual variances. Figure 21 shows an example for such a 
case, where the variance of the fluctuations of the interval trajectory 
for a single note of 2.5 sec duration shown in Figure 21(b) is 0.36 of 
the sum of the variances of the two individual trajectories, shown in 
Figure 21(a). Figure 21(c) shows the correlation between the pitch 
values for the two trajectories.

It needs to be emphasized that the approach described above only 
captures intonation adjustments in which two voices fluctuate and 
continuously move in a correlated way. Trying to correlate the fluctu-
ations of the pitches of one voice with another one can also be seen 
as an indirect indicator of which harmonic intervals singers are trying 
to intonate as purely as possible, in other words, which intervals they 
“care about” harmonically. Figure 22 shows the number of occurrences 
for all those dynamically adjusted harmonic intervals in the complete 
dataset which consist of notes longer than 0.5 seconds and for which 
the variance reduction of the interval variance was at least 50 percent.
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Table 3 shows the corresponding mean values (µ) and standard devia-
tions (σ) per musical interval in cents.

The intervals which are most frequently dynamically adjusted in 
intonation are the fifth, octave, and unison, followed by the ninth and 
the fourth. These are also the intervals which in Table 3 are most pre-
cisely defined (smallest standard deviation). Examples for adjusted 
3rds, 6ths, and 7ths are also visible in Figure 22 but their interval 
values (column 2 in Table 3) are much less well defined as can be seen 
from their increased standard deviations (column 3). Since the adjust-
ed intervals in Table 3 result from an intentional process, and not just 
from averaging, their numerical values (column 2) might represent the 

Figure 21: Example for dynamic intonation adjustment from chant GCH-ID 
010. (a) Pitch trajectories for two notes building a harmonic interval of a fifth. 
(b) Corresponding harmonic (signed) interval trajectory, which is defined as the 
difference of the ‘higher voice’ in the sequence top, middle, bass, and the ‘lower 
voice’. (c) Correlation between the pitch values of the two trajectories.
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Figure 22: Histogram of the number of occurrences for those dynamically ad-
justed harmonic intervals in the complete dataset which consist of notes longer 
than 0.5 seconds and for which the variance reduction of the interval variance 
was at least 50 percent.

Table 3: Mean values (µ) and standard deviations (σ) per musical interval 
based on histogram in Figure 22 in cents.

(µ) (σ)

Unison −2 18

2nd 190 22

3rd 382 34

4th 504 21

5th 707 18

6th 866 29

7th 1042 57

8ve 1211 16

9th 1420 14
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harmonic tuning system which Artem Erkomaishvili was aiming at as 
closely as possible.

8	 Concluding Discussion

With his performances of more than one hundred liturgical chants re-
corded at the Tbilisi State Conservatory in 1966, Artem Erkomaishvili 
has left a unique documentation of past performance practices. The 
fact that he sang the three voices of each chant in succession – the 
second and third voice against his own pre-recorded voice(s) – makes 
this corpus, in particular in its curated version by Rosenzweig et al. 
(2020), an extremely valuable resource for the analysis of traditional 
Georgian music. This dataset is the oldest corpus of Georgian chants 
from which the time synchronous F0-trajectories for all three voices 
have been reliably determined (Müller et al. 2017). Since chanting was 
prohibited during the Soviet period in Georgia, it is also the only one 
from this time, which further underlines its importance for research. In 
the present study, we made heavy use of the metadata of the curated 
dataset (Rosenzweig et al., 2019), all of which are publically available. 
Without the beat annotations and the possibility to easily align record-
ings computationally to positions in the scores, it would have hardly 
been possible to investigate the effect of intended pitch bending by 
comparing identical melodic phrases in different chants and to study 
the effects of dynamic intonation adjustments at a note level. We have 
also carefully documented all the processing steps to make our work 
transparent and reproducible, and we are happy to make the results 
for the individual chants available on request from the first author. As 
a consequence, we hope that the provision of all the data and methods 
to the scientific community, will stimulate further research on the Erko-
maishvili dataset, for example on individual chants.

With the present study, we demonstrate that a lot can be learned 
about the tuning system(s) and the intonation practice of Artem 
Erkomaishvili from the Tbilisi State Conservatory recordings of 1966 
which have wider implications for the discourse on the analysis of tradi-
tion Georgian vocal music. As one of our major contributions, we have 
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derived three synoptic scale models for the complete dataset, two 
melodic ones (one for the solo top voices and one for all voices jointly), 
and one harmonic model for all concomitant intervals in the dataset, 
see Figure 23(a). This is unprecedented in the context of the discourse 
of the Georgian tuning systems. Despite the fact that no data were 
excluded from the analysis, the synoptic models, which represent the 
complete dataset in a comprehensive way, show remarkable clear 
and stable features. The most persistent observation in essentially all 
chants is that their pitch group distributions contain two rather large 
intervals (approx. 200 cents) close to the most salient pitch group. Mu-
sically, this large interval seems to serve a very important purpose be-
cause it is an indispensable condition to have concomitant fourths and 

Figure 23: Synoptic scale models for the Erkomaishvili dataset. (a) Our three 
developed models. (b) Comparison of the synoptic top voice model (AE) with 
five selected scale models. The scales color-coded in dark gray correspond to 
scale models from the literature; the one in light gray to a scale model from 
the Scala library.



Concluding Discussion56

fifths (separated by 200 cents), which are the core of the 1-4-5 chord 
so common in traditional Georgian music. Therefore, in Figure 23(a) 
we have aligned the melodic scales to the scale pitches of the pitch 
group four degrees below the most salient one. This corresponds to 
the assumption that the most salient pitch group corresponds to scale 
degree five. As a consequence, in both the melodic and the harmonic 
models, the fourth and the fifth are close to just tuning.

Overall, melodic and harmonic scales are fairly similar, except for 
the first two scale degrees. In contrast to earlier, preliminary work 
(Scherbaum, Müller, and Rosenzweig 2017a), in the present study, we 
see clear evidence for enlarged octaves. It is known that exact oc-
taves with a frequency ratio of 2:1 are generally perceived as too small 
(Burns 1999). This phenomenon, known as octave stretching, has been 
discussed in several papers (for references see Burns 1999), without 
a consensus being reached on the cause. Since octave stretching is a 
perceptional phenomenon and not a scale design characteristic, in the 
following comparison with other scale models, which partially have 
been derived from purely theoretical considerations or from instru-
ments, we are not including the numerical value for scale degree eight.

As an add-on to the Scala software package, Op de Coul (2007) 
developed a large library of scales (more than 5000) which he has 
made freely available (http://www.huygens-fokker.org/docs/scales.zip). 
Out of these, we have extracted all the heptatonic ones (more than 
700) and compared them quantitatively with the melodic sound scale 
derived from the top voice pitches. As distance metric, we used the 
Euclidean distance between the vectors constructed from the first 
seven scale degrees (ignoring the octave for reasons explained above). 
In this comparison, the results of which are displayed in Figure 23(b), 
we also included the scale models which have been proposed by Erk-
vanidze (2016), Tsereteli and Veshapidze (2014), and Gelzer (2002). 
Note that for better visual comparability of the interval structure of the 
individual scales, every second interval is color-coded. The scales are 
arranged from left to right according to their closeness to the top voice 
scale of Artem Erkomaishvili (color-coded in blue), which is labeled 
AE. The best fitting scale which nearly perfectly matches Artem Erko-
maishvili’s top voice scale (except for the octave, which was excluded 
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from the comparison for reasons explained above) is what is referred 
to in the scale database as inverse of Ptolemy’s Equable Diatonic, 
11-limit superparticular. It belongs to the class of Ptolemy’s mixed 
scales which according to Chalmers 1993 (page 109) were in com-
mon use by players of the lyra and kithara in Alexandria in the second 
century AD. Following in closeness is the scale labeled EQ5 which is 
derived by dividing a fifth into 4 equally sized intervals and which was 
suggested by Gelzer (2002). This scale, however, does not reproduce 
the pure fourth and fifth which seem to be a very clear characteristic 
feature of Artem Erkomaishvili’s top voice scale. The next best fit is 
achieved by Malkhaz Erkvanidze’s split mode (SM) model (Erkvanidze 
2016), which fairly well reproduces the first six scale degrees, but not 
the seventh. It is followed in fit by the equidistance model of Tsereteli 
and Veshapidze (2014), labeled EQ8, and the joined mode model la-
beled JM of Erkvanidze (Erkvanidze 2016). None of these, however, 
reproduces the pure fourth and fifth of Artem Erkomaishvili’s top voice 
sound scale. In terms of reproducing the pure fourth and fifth and 
providing a good overall fit to Artem Erkomaishvili’s top voices’ sound 
scale model, only Ptolemy’s model and Erkvanidze’s split mode model 
match well. Both are disjunct tetrachordal scale models.

Although Erkvanidze’s split mode scale model comes fairly close 
to matching the first six degrees of Artem Erkomaishvili’s top voice 
sound scale, the results of our analysis do not support Erkvanidze’s 
assumption that the melodic steps of the old masters accurately follow 
the systemic scale with precision of a few cents (cf. Erkvanidze 2016). 
Instead, the tuning system used by Artem Erkomaishvili in his record-
ings from the year 1966 is clearly not a fixed and rigid one in which 
every single melodic step would have to correspond to an interval be-
tween one of the scale-degree-defining pitches. For example, Figure 5 
unambiguously demonstrates that melodic step sizes vary freely even 
between the same pitch group pairs. What we see in our study is that 
Artem Erkomaishvili is well aware of his position with respect to the 
scale pitches at a very high precision, but exercises considerable free-
dom in stretching or compressing the melodic step sizes. We see the 
discovery and quantitative description of this ‘deviation-compensation 
mechanism’ as another new and important finding of our work.
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This mechanism also suggests an answer to the question of whether 
the determined melodic sound scale models can be interpreted beyond 
their descriptive value? In other words, to the question of whether 
there is any evidence that the scales constructed from the center 
pitches of the Gaussian mixture models (the µk) have any normative 
meaning in Artem Erkomaishvili’s singing? If Westman (2002) was 
right in his scepticism regarding the principal usefulness of the scale 
concept, pitch intervals might simply be learned as elements of mel-
odies without requiring an underlying normative scale model. In this 
case, the determined sound scale models would be purely descriptive. 
A similar view seems to be expressed in the famous quotation of C. 
Hubert H. Parry: “It is advisable to guard at the outset against the fa-
miliar misconception that scales are made first and music afterwards” 
(as quoted in Hornbostel 1913). The observed ‘deviation-compensation 
mechanism’ clearly suggests that the scale pitches act in a normative 
sense as adaptive constraints for the choice of Artem Erkomaishvili’s 
melodic progression. Otherwise, we should not observe a dependency 
of the melodic step size of the next melodic step on the relative posi-
tion of the note pitch within the actual pitch category.

The ‘harmonic intonation adjustment’ mechanism is yet another 
new contribution of our study. It has only qualitatively been described 
for Georgian music (e.g. Nadel, 1933) before, and is the final link to 
understand how the music ‘works’.

Our results regarding the microtonal characteristics of the dataset 
and the dynamic intonation adjustments are not really unexpected. 
They underline again that Artem Erkomaishvili was an exceptional 
singer who, when singing the middle and bass voice, was able to in-
stantaneously adjust his intonation to achieve desired harmonic in-
tervals at a fairly high precision, judging by the amount of variance 
reduction in the interval traces which he was able to achieve.

On the methodological side, we have also entered new territory. 
Our study introduces a new approach to generate tuning models 
which are consistent with the melodic scale models derived from the 
observed pitch distributions, as well as with the melodic and harmonic 
interval distributions. To our knowledge, our work is the first study of 
traditional Georgian music which treats all these aspects together.
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As a side effect of our analysis, we learned that the analysis of me-
lodic step sizes can be very misleading if one wants to derive a scale 
model from audio recordings. The information about the scale-de-
gree-defining pitches rests in the central values of the pitch groups, 
or (in mathematical terms) in the µk values of the GMMs. The fact that 
the most frequently used melodic step size in all chants is between 
170 and 180 cents (cf. Figure 20) may offer an explanation for why the 
results of the analysis of Tsereteli and Veshapidze (2014) let them sug-
gest an equidistant scale model. If one randomly drew a small number 
of note samples from the dataset, one would very likely draw samples 
for which the distance between neighboring pitch groups is close to 
170 to 180 cents because they are simply more likely to be drawn. The 
characteristic interval size around 200 cents, which we obtain because 
we use all the samples would very likely go undetected.

As to the implications of our work for the general discourse on the 
analysis of tuning systems of traditional Georgian vocal music, one 
has to keep in mind that our models represent only the practice of 
a single, although exceptional, singer. One should therefore not fall 
into the trap of the ‘availability bias’ (Kahnemann, Slovik, and Tversky 
1982) and assume that Erkomaishvili’s tuning represents ‘the’ Geor-
gian tuning system. On the other hand, as Graham (2015) points out 
“any theory must account for […] the tuning system heard in the 1966 
Erkomaishvili recordings […]”. In this sense, we believe that Erko-
maishvili’s tuning model may become an important reference.
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