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Research questions

* How similar is the early madrigal to other genres that may have influenced its
development?

* How s;milar to one another are the madrigals by the first composers of the
genrer

. Belrgg{)cilo Pisano (c. 1490-1548), Sebastiano Festa (c. 1490-1524), Philippe Verdelot (c. 1485-
C.

* What can we learn about the origins of the madrigal from addressing these first
two questions?

* This work focuses purely on musical content
* Using methodologies based on statistical analysis and machine learning

» Text and historical evidence are intentionally ignored
* Creating a nice complement to the other talks in this coordinated session
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Quantitative approach: Overall strategy

* Systematically study as large a quantity of relevant music as possible
* To avoid potential bias from selecting only a few sample pieces that may or
may not be representative of the larger historical reality
* Consider as broad a range of musical characteristics as possible
* To avoid potential bias from selecting only those musical elements one might
expect to be significant, but which may not be representative of broader
musical patterns
* Explore madrigals in their entirety when looking for patterns

* To avoid potential bias from focusing on local behavior that may not be
representative of pieces as a whole
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Quantitative approach: Methodology

* Assembled a high-quality corpus of digitally-encoded scores

» Used computers to extract a broad range of musical measurements
(called “features”) from each score

* Used statistical analysis and machine learning to explore relative
similarity between different genre and composer groups within the
corpus, based on these feature values

* Began an initial exploration of which specific features are particularly
statistically important in characterizing madrigals from other genres
or between composers

» Subject of a future presentation
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What do we mean by a “feature?” (1/2)

* Information that measures a characteristic of a segment of music in a
simple, consistent and precisely-defined way

* Represented using numbers
* Can be a single value, or can be a set of related values
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Example: A simple feature

e Range: Difference in semitones between the lowest and highest
pitches present

61, .
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e VValue of this feature for this music: 7
e G-C=7semitones

-
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What do we mean by a “feature?” (2/2)

* Provides a summary description of the characteristic being measured
* Typically offering a macro rather than local view

e Usually extracted from complete pieces of music in their entirety
* But can also be extracted from smaller segments of music if desired
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Josquin’s Ave Maria . .. Virgo serena

Ave Maria... Virgo serena
Motet
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Ockeghem’s Missa Mi-mi (Kyrie)

* Range: 26 (semitones)

* Repeated notes: 0.084 (8.4%) 1 + = l ==
* Vertical perfect 4ths: 0.109 (10.9%) ey
* Rhythmic variability: 0.042 el e
e Parallel motion: 0.076 (7.6%) P
é SESes= T==STE=CEE ==
Missa Mi-mi: PC Histogram : “““ " o . #;LH; Bl s ’ |
03 i‘ ,_‘ 1. - sl ]

§ E==ss=sr== r.‘ \:‘ = . P {‘ .:

202

g éij;{‘” .{j::', Ee==—=—cc-———c——c==r:
-§0.1 T I IJ I ﬂ.chn - qc’c»lc - : - ’» | -;77(7.‘ 7‘
= @g i === = === == S
o.M _ H N II_ Vo JRf e[ U]t ]
1 2 3 4 5 6 7 8 9 10 11 12 %t—ﬂ 4+ F == == =& F —F—
Pitch Class Index s : ‘“ : '|" ol " - I; ' 1. 5 ‘
E24 === =

July 7, 2026.

Cory McKay and Julie Cumming

9/42



Feature value comparison

Feature Ave Maria Missa Mi-mi
Range 34 26
Repeated notes 0.181 0.084
Vertical perfect 4ths 0.070 0.109
Rhythmic variability 0.032 0.042
Parallel motion 0.039 0.076
Ave Maria: PC Histogram Missa Mi-mi: PC Histogram
0.3
;6_) 0.2 I I § 0.2 I
9 10 11 12 9 10 11 1_2
Pitch Class Index Pitch Class Index
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Comparing features

* Although looking at just six or so features can be interesting, comparing
pieces can be even more revealing when hundreds or thousands of

features are involved
* Sometimes features we would not have expected to matter end up being significant

* Things get even more interesting when comparisons are made between
hundreds or thousands of pieces, not just two

* Especially when the music is divided into groups of interest, whose features can then
be collectively contrasted with one another

e e.g., comparing the styles of genres, composers, regions, time periods, etc.

 Comparing features manually can certainly be useful, but:

* Automated statistical analysis and machine learning can reveal complex patterns that
might be difficult to discover manually
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How might one calculate feature values?

e Our open-source jSymbolic
research software (McKay et al.
2018) can be used to automatically
extract features from symbolic
digital scores (e.g., MIDI)

* Version 2.2 extracts 246 unique
features

* 1497 separate feature values, since
many features are multi-dimensional
(e.g. histogram vectors

* The upcoming Version 3 extracts
533 unique features

e 2040 feature values, including n-
gram features
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Information
SYMBOLIC FILES TO EXTRACT FEATURES FROM FEATURES TO SAVE

File Name File Path Feature Name Code | Values MEI-Only| |

_27_Tromboncino_Quanta_mai_corrJ.mid C:\Users\Cor\Documents\Pu... |~ P-1 No|~

|_28_Anon_Fralle_infelice_TransJS.mid [} P2 12 No| |

_29_Anon_S_il_dixi_TriL.mid Ci\Users\CoriDocuments\Pu. [Folded Fifihs Pitch Class Histogram P3| 12 No :}

|_30_Anon_Quel_foco_TrL.mid C\Us P-4 1 Nof |
|_31_Pesenti_So_ben_OMRcorLmid C\Us 1 P5 1 No|
_32_Cara_Pesenti_Tromboncino_Quando_lo_OMRcorriLmid___|C\Users\ConADocuments\Pu... | Number of Common Pitches P-5| 1 No|
_33_Pesenti_O_Dio_OMRcorriL. mid C:\Users\Cory\Documents\Pu. Number of Common Pitch Classes P-7 1 No,
_34_Isaac_Hora_e_corrJ.mid C\Us P8 1 No|
| |_35_Compere_Che_fa_OMRcorriL.mid C:\Us Importance of Bass Register P-9| 1 Noj
F164_36_Tromboncino_Che_debbio_OMRcorriLmid CiUs I d P-10] 1 No
}_37_Obrecht_La_tortorella_OMRcorriL.mid C:\U: Importance of High Register P-11 1 No,
_38_Josquin_Scaramella_JRP_corr).mid C I 1 No
Fortuna_disperata_OMRcorriL.mid C:\Users\CoryiDocuments\Pu... 1] Noj
_: am_pris_OMRcorriL.mid C:\Users\Cor\Documents\Pu. 1 No|
F164_41_Anon_Donna_tu_corr).mid_ C:Users\CoryiDocumentsiPu... | 1 No
atavino_Donne_venite_OMRcorriL.mid [X | Common P 1 No|
_43_Patavino_Un_cavalier_OMRcorriL. mid C: Most Common Pitch Class 1 No,
F164_44_Festa_L_ultimo_di_OMRcorriL mid ciL |_|Prevalence of Most Common Pitch. 1 No
‘aghe_le_OMRcorrL.mid [ y Prevalence of Most Common Pitch Class 1 No
_01_Pisano_Quanto_piu_OMRcorriL.mid C:\WUsers\Cor\Documents\Pu. Relative Prevalence of Top Pitches 1 No|
F164_02_Pisano_Si_e_debile_OMRcorrlL.mid C:\Users\Cor\Documentsi\Pu... | lative Prevalence of Top Pitch Classes 1 No|
|_03_Pisano_De_perche_OMRcorriL.mid C:\Users\ConyiDocuments\Pu... | | Interval Between Most Prevalent Pitches P-22 1 No|
04 Pisano Son io 1 OMRcorriL newversionJS.mid C:\Users\Cor\D \Pu... ¥ Interval Between Most Prevalent Pitch Classes P-23 1 No|

Add Files | /Add Directory ‘ Remove Files ‘ :ég 1 Eg 2

T ,
Consistency Report | Contents Report ‘ Play ificati ‘ ‘ Stop ‘ ‘ Select All Features } Deselect All Features }
PROCESSING INFORMATION ERROR REPORTS
SUMMARY INFORMATION ON ALL IMPLEMENTED FEATURES: =}

246 unique features
1497 combined feature dimensions
228 unique one-dimensional features
18 unique multi-dimensional features
2246 sequential features
Feature breakdown by type:
41 unique O
25 unique Melodic Intervals features (152 total dims
35 unique Chords and Vertical Intervals features (1
95 unigue Rhythm features (449 total )

rall Pitch Statistics features (190 total dimensions)

ensions)
83 total dimensions)

CONFIGURATION FILE AN

D WINDOWING SETTINGS

FEATURE EXTRACTION AND SAVING SETTINGS

Load New Settings from a Config File

T
Save These Settings to a Config File ‘ ‘

Set ACE XML Feature Values Save Path:

| Jextracted_feature_values xml
|

@® Extract Features from Entire Files
Window Duration (seconds):

Window Overlap Fraction (0.0 to 1.0):

O Extract Features from Windows ‘

Set ACE XML Feature Definitions Save Path: | e atire -defintton sl

[v] Also Save Features in a Weka ARFF File

[v] Also Save Features in a CSV File

EXTRACT AND SAVE FEATURES
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jSymbolic 2.2°s feature types

* Pitch statistics
* e.g.Range

* Melody / horizontal intervals
* e.g. Most Common Melodic Interval

* Chords / vertical intervals
* e.g. Vertical Minor Third Prevalence

* Texture
* e.g.
e Rhythm
* e.g. Note Density per Quarter Note

* |nstrumentation

* e.g. Note Prevalence of Unpitched Instruments
* Dynamics

e e.g. Variation of Dynamics

Parallel Motion
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Information

SYMBOLIC FILES TO EXTRACT FEATURES FROM

FEATURES TO SAVE

File Name File Path I Feature Name _Code v\ Values | MEI-Only
F164_27_Tromboncino_Quanta_mai_corrJ.mid C:\Users\Cor\Documents\Pu... |& Basic Pitch Histogram P-1 128 Noj=~
_28_Anon_Fralle_infelice_TransJS.mid C:\Users\Cory\Documentsi\Pu... | |Pitch Class Histogram P-2| 12] Noj |
|_29_Anon_S_il_dix_TrL.mid C\Users\Cory\Documents\Pu [v] |Folded Fifths Pitch Class Histogram P3| 12 Noj =
_30_Anon_Quel_foco_TriL.mid C:\Users\Cor\Documents\Pu. [v] [Number of Pitches P-4 1 Nof |
F164_31_Pesenti_So_ben_OMRcorriL. mid C:\Users\Cory\Documentsi\Pu... | [v] |Number of Pitch Classes P-5| 1 No|
}_32_Cara_Pesenti_Tromboncino_Quando_lo_OMRcorriL.mid C:\Users\Cor\Documents\Pu. [v] [Number of Common Pitches P-5| 1 No|
|_33_Pesenti_O_Dio_OMRcorrIL mid C:\Users\Cony\Documents\Pu [¥] |Number of Common Pitch Classes P7 1 No
_34_lsaac_Hora_e_corr).mid C:\Users\Cory\Documents\Pu. ] |Range P8 1 No|
I _Compere_Che_fa_OMRcorrlL.mid_ CilUsers\CoryDocuments\Pu... [¥]_limportance of Bass Register P-9 1 Mo
F164_36_Tromboncino_Che_debbio_OMRcorrIL mid C:\Users\Con\Documents\Pu___ | | [Vl |importance of Middie Register P-10 1 No
F164_37_Obrecht_La_tortorella_OMRcorriL.mid C:\Users\Cor\Documentsi\Pu. [v] lImportance of High Register P-11 | No|
|F164_38_Josquin_Scaramella_JRP_corr).mid C\Users\CoriDocuments\Pu... | " [v] [Dominant Spread P-12 1 No
T on_Fortuna_disperata_OMRcorrIL.mid Ci\Users\CoriDocuments\Pu. [v] [Strong Tonal Centres P-13| 1 No
_40_Anon_Jam_pris_OMRcorriL. mid C:\Users\Cor\Documents\Pu. lv] |Mean Pitch P-14| 1 No|
F164_41_Anon_Donna_tu_corrJ.mid C:\Users\Cory\Documents\Pu [v]_|Mean Pitch Class p-15| 1 No|
F164_42_Patavino_Donne_venite_OMRcorriL.mid C\Users\CoiDocument: V] [Most Common Pitch P-16 1 No|
F164_43_Patavino_Un_cavalier_OMRcorriL.mid C:\Users\Cor\Documents\Pu. Most Common Pitch Class P-17, 1 No|
F164_44_Festa_L_ultimo_di_OMRcorrL mid C:\Users\Cory\Documents\Pu Prevalence of Most Common Pitch P-18 1 No|
I he_le_OMRcorriL.mid C\Users\Coryl L Prevalence of Most Common Pitch Class P-19 1] Noj
F164_01_Pisano_Quanto_piu_OMRcorriL.mid C:\Users\Cory\Documents\Pu. Relative Prevalence of Top Pitches P-20, 1 No|
F164_02_Pisano_Si_e_debile_OMRcorrL mid C\Users\CorviDocuments\Pu... | |_|Relative Prevalence of Top Pitch Classes P21 1 No
|_03_Pisano_De_perche_OMRcorriL.mid C:\Users\ConyiDocuments\Pu... | | | _|interval Between Most Prevalent Pitches P-22 1 No|
04 Pisano Son io 1 OMRcorrlL JS.mid C:\Users\CorV\D \Pu... | ¥ Interval Between Most Prevalent Pitch Classes P-23| 1 Nao|
o ! = | | |Pitch Variability P-24] 1 No|_|
L [ gdowectory || removeries | Pitch Class Variahiliy P28l 1 Nol=
T i i
Consistency Report ‘ ‘ Contents Report j ‘ Play ‘ ‘ Stop ‘ ‘ Select Defauit Features ‘ ‘ Select All Features ‘ ‘ Deselect All Features

PROCESSING INFORMATION

ERROR REPORTS

SUMMARY INFORMATION ON ALL IMPLEMENTED FEATURES:

1246 unique features

[1497 combined feature dimensions

1228 unique one-dimensional features

|18 unique multi-dimensional features

246 sequential features

Feature breakdown by type:
41 unique Overall Pitch Statistics features (190 total dimensions)
25 unique Melodic Intervals features (152 total dimensions)

35 unique Chords and Vertical Intervals features (183 total dimensions)

95 unigue Rhythm features (449 total )

CONFIGURATION FILE AND WINDOWING SETTINGS

FEATURE EXTRACTION AND SAVING SETTINGS

| Load New Settings from a Config File i ‘

Save These Settings to a Config File

‘ ‘ Set ACE XML Feature Values Save Path:

‘ Jextracted_feature_values xml

@® Extract Features from Entire Files
Window Duration (seconds):

‘Window Overlap Fraction (0.0 to 1.0):

O Extract Features from Windows

Set ACE XML Feature Definitions Save Path:

‘ [ffeature_definitions.xml

[v] Also Save Features in a Weka ARFF File

[v] Also Save Features in a CSV File

| EXTRACT AND SAVE FEATURES
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Earlier feature-based research on the origins
of the madrigal

* We presented earlier feature-based explorations of the madrigal at:
 MedRen (2018)
* Future Directions of Music Cognition International Conference (2021)
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Earlier feature-based research on the origins
of the madrigal

e Qur original digital corpus consisted of all the pieces in Florence 164
(Florence, BNC 164-167, partbooks, 4 sections c. 1520-1522):

* 27 of the earliest madrigals
* by Pisano, Sebastiano Festa, anon.

* 19 Other Italian-Texted pieces (“OITs”)
* Mostly villotte

* 24 French chansons
* 12 motets
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Earlier feature-based research on the origins
of the madrigal

e Used jSymbolic 2.2 to extract features from each piece in our corpus

* Only used 801 features, since the others were not relevant to this music
e e.g., features related to dynamics or instrumentation were discarded

* Then used a type of machine learning called support vector machines
(SVMs) to train classifiers that could automatically distinguish pairwise

between the different genres in the corpus
* Used a technique called cross-validation to explore how well each pair of genres
could be distinguished by the trained classifiers while avoiding overfitting

* Classification accuracy was then interpreted as an inverse indicator of
similarity
 Ifitis hard to classify pieces between two genres (low classification accuracy), then

these genres likely have a high similarity
 Ifitis easy to classify pieces between two genres (high classification accuracy), then

these genres likely have a low similarity
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Earlier feature-based research on the origins

of the madrigal

Comparison Classification Accuracy
Madrigals vs. Motets 100.0%
Madrigals vs. Chansons 100.0%
Madrigals vs. OITs 71.7%

* Results suggest that early madrigals are substantially different from
motets and chansons
* Because they are easy to distinguish
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Earlier feature-based research on the origins

of the madrigal

Comparison Classification Accuracy
Madrigals vs. Motets 100.0%
Madrigals vs. Chansons 100.0%
Madrigals vs. OITs 71.7%

* Results suggest that early madrigals are much more more similar to
OITs (mainly villotte, in this case) than they are to motets or chansons
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Earlier feature-based research on the origins
of the madrigal

* So, perhaps villotte (and possibly frottole) played a more important
role in influencing the early musical development of the madrigal
than motets or chansons?
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Earlier feature-based research on the origins
of the madrigal

* Limitations of this earlier corpus:

» Relatively small corpus from a statistical perspective (82 pieces)

 Statistical patterns found in this dataset may not necessarily generalize to all relevant
music

* Only a few madrigal composers are represented (Pisano, S. Festa, anon.)

* Detected patterns may be linked to differences in composers’ compositional style rather
than genre

 Different OITs are grouped together (and villotte dominate)

e Results therefore do not provide guidance on whether some types of OITs were more
influential on the early madrigal than others
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Our new digital corpus

* We created a new digital corpus that includes more Italian-texted music
from multiple manuscripts and prints copied or printed c. 1510-1530
* Including more madrigals, by more composers, especially:
* Pisano (and similar)

* S. Festa (and similar)
* Verdelot (and similar)

* Including more OITs (details to come in Julie Cumming’s presentation):

e Villotte
* Frottole
e Carnival songs

 All are four-voice pieces
* 147 pieces in total
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Our combined corpus

* We joined this new corpus with the chansons and motets from our first
corpus

* These were assembled separately from our original corpus, but using a very similar
methodology

* We carefully compared them with the new corpus to make sure there was no
editorial or encoding bias
e Our combined new corpus of 183 pieces therefore consists of:
* 69 madrigals
e 29 villotte
» 23 frottole
e 26 carnival songs
e 24 chansons
* 12 motets

* This combined corpus was used in the experiments that follow
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New experiments

* Once again, we extracted 801 features using jSymbolic2 and
performed cross-validation classification experiments using SVMs

* Used classification accuracy as an inverse indicator of similarity

e Conducted 5 different sets of experiments.. ..
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Experiment set 1:
Comparing madrigals by composer

Composer Comparison Classification Accuracy Qualitative Interpretation

Pisano (14) vs. PisanoAnon (12) 73.1% Similar

Festa (9) vs. OtherPreVerdelot (11) 70.0% Similar
Pisano+ (26) vs. Festa+ (20) 93.5% Quite different
Pisano+ (26) vs. Verdelot+ (23) 95.9% Very different
Festa+ (20) vs. Verdelot+ (23) 90.7% Quite different

* Grouping the 14 secure Pisano madrigals with the 12 attributed to him by
Frank D’Accone seems reasonable, as the two groups are very similar

* Grouping the 9 secure Festa madrigals with the other 11 pre-Verdelot
madrigals seems reasonable as well, since they are also similar
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Experiment set 1:
Comparing madrigals by composer

Composer Comparison Classification Accuracy Qualitative Interpretation

Pisano (14) vs. PisanoAnon (12) 73.1% Similar

Festa (9) vs. OtherPreVerdelot (11) 70.0% Similar
Pisano+ (26) vs. Festa+ (20) 93.5% Quite different
Pisano+ (26) vs. Verdelot+ (23) 95.9% Very different
Festa+ (20) vs. Verdelot+ (23) 90.7% Quite different

* The madrigals of Pisano, Festa and Verdelot all seem to have quite
distinct styles
* Especially Pisano and Verdelot (95.9%)

* Festa and Verdelot are the most similar, but even they are still quite
distinguishable (90.7%)
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Experiment set 1:
Comparing madrigals by composer

Composer Comparison Classification Accuracy Qualitative Interpretation

Pisano (14) vs. PisanoAnon (12) 73.1% Similar

Festa (9) vs. OtherPreVerdelot (11) 70.0% Similar
Pisano+ (26) vs. Festa+ (20) 93.5% Quite different
Pisano+ (26) vs. Verdelot+ (23) 95.9% Very different
Festa+ (20) vs. Verdelot+ (23) 90.7% Quite different

* These results suggest that each of the three composers took a
substantially different approach to composing madrigals, with the
implication that early madrigals should not be seen as stylistically
unitary
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Moving on to genre

e Began by combining all the madrigals (across the three composer
groups)

* Compared these combined madrigals to each of the other genres
under consideration

* Is grouping all the madrigals together a good idea?

* Maybe not, because Experiment set 1 just found the three composer groups
to be quite distinct?

* But maybe so, since having more data often leads to better results in general?

* Let’s look at both grouped and ungrouped approaches and see what
happens . ..
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Experiment set 2:
Comparing combined madrigals to other genres

Composer Comparison Classification Accuracy Qualitative Interpretation

AllMadrigals (69) vs. Villotte (29) 92.9% Quite different
AllMadrigals (69) vs. Frottole (23) 89.1% Somewhat different
AllMadrigals (69) vs. Carnival Songs (26) 96.8% Very different
AllMadrigals (69) vs. Chansons (24) 96.8% Very different
AllMadrigals (69) vs. Motets (12) 93.8% Quite different

* These results suggest that the early madrigal overall is distinct from
each of these genres

* So, the madrigal seemed to have had a clear identity of its own in
terms of musical content from the start
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Experiment set 2:
Comparing combined madrigals to other genres

Composer Comparison Classification Accuracy Qualitative Interpretation

AllMadrigals (69) vs. Villotte (29) 92.9% Quite different
AllMadrigals (69) vs. Frottole (23) 89.1% Somewhat different
AllMadrigals (69) vs. Carnival Songs (26) 96.8% Very different
AllMadrigals (69) vs. Chansons (24) 96.8% Very different
AllMadrigals (69) vs. Motets (12) 93.8% Quite different

* In terms of relative similarity, it seems that the early madrigal overall
was least similar to chansons and carnival songs and most similar to
frottole

* With villotte and motets in the middle
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Comparing these results with our earlier work

Recall that in our earlier experiments we were able to distinguish early madrigals from:
* Motets 100% of the time
e Chansons 100% of the time

In these newer experiments, the classification rates were different:

 Motets 93.8% of the time
 Chansons 96.8% of the time

Also, results changed for the OITs:
e 71.7% accuracy for the original grouped OITs
e 89.1% to 96.8% accuracy for the separated-out frottole, villotte and carnival songs

Why these differences?
* The size and makeup of the corpus changed
* We went from 27 to 69 madrigals
 We went from 19 to 78 OITs

* And also broke them out by genre
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Comparing these results with our earlier work

* In general, the larger a corpus, the better the results tend to be when
using statistical or machine learning techniques

* The much larger amount of training data in the new experiments
helped the classifiers to perform better

* This is likely why the OIT classification rates were higher in absolute terms in
the new experiments
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Comparing these results with our earlier work

* But, the motet and chanson classification accuracies actually went
down in the newer experiments! How can this be explained?

* The motet results may be particularly susceptible to statistical noise, in both
the original and new experiments
* There are only 12 motets

* Also, we now have a more diverse set of madrigals, meaning that some may
be more similar to motets or chansons than was the case in the original

corpus

* Perhaps we can gain additional insight by breaking out results for
each of the three composer groups
e Recall that Experiment set 1 showed that they are quite distinct
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Experiment set 3:
Comparing Pisano+ madrigals to other genres

Composer Comparison Classification Accuracy Qualitative Interpretation

Pisano+ (26) vs. Villotte (29) 87.3% Somewhat different
Pisano+ (26) vs. Frottole (23) 89.8% Somewhat different
Pisano+ (26) vs. Carnival Songs (26) 98.1% Extremely different
Pisano+ (26) vs. Chansons (24) 88.0% Somewhat different
Pisano+ (26) vs. Motets (12) 92.1% Quite different

* Pisano’s madrigals seem to be especially different from carnival songs
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Experiment set 3:
Comparing Pisano+ madrigals to other genres

Composer Comparison Classification Accuracy Qualitative Interpretation

Pisano+ (26) vs. Villotte (29) 87.3% Somewhat different
Pisano+ (26) vs. Frottole (23) 89.8% Somewhat different
Pisano+ (26) vs. Carnival Songs (26) 98.1% Extremely different
Pisano+ (26) vs. Chansons (24) 88.0% Somewhat different
Pisano+ (26) vs. Motets (12) 92.1% Quite different

* Villotte may have influenced Pisano’s madrigals more than the other
genres

* Although frottole and chansons (and maybe even motets) may have had
some influence too
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Experiment set 4.
Comparing Festa+ madrigals to other genres

Composer Comparison Classification Accuracy Qualitative Interpretation

Festa+ (20) vs. Villotte (29) 95.9% Very different
Festa+ (20) vs. Frottole (23) 90.7% Quite different
Festa+ (20) vs. Carnival Songs (26) 95.7% Very different
Festa+ (20) vs. Chansons (24) 100.0% Extremely different
Festa+ (20) vs. Motets (12) 100.0% Extremely different

* Festa’s madrigals seem to be more stylistically distinct from the other
genres than Pisano’s madrigals in general

* They are especially different from the chansons and motets
* 100% accuracies return!
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Experiment set 4.
Comparing Festa+ madrigals to other genres

Composer Comparison Classification Accuracy Qualitative Interpretation

Festa+ (20) vs. Villotte (29) 95.9% Very different
Festa+ (20) vs. Frottole (23) 90.7% Quite different
Festa+ (20) vs. Carnival Songs (26) 95.7% Very different
Festa+ (20) vs. Chansons (24) 100.0% Extremely different
Festa+ (20) vs. Motets (12) 100.0% Extremely different

* Festa’s madrigals seem to be more similar to frottole than to the
other genres, so frottole may have had some influence on his
madrigals
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Experiment set 5:
Comparing Verdelot+ madrigals to other genres

Composer Comparison Classification Accuracy Qualitative Interpretation

Verdelot+ (23) vs. Villotte (29) 88.5% Somewhat different
Verdelot+ (23) vs. Frottole (23) 97.8% Extremely different
Verdelot+ (23) vs. Carnival Songs (26) 98.0% Extremely different
Verdelot+ (23) vs. Chansons (24) 100.0% Extremely different
Verdelot+ (23) vs. Motets (12) 100.0% Extremely different

* For the most part, Verdelot’s madrigals seem to be even more distinct
from the other genres that was the case with Pisano or Festa
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Experiment set 5:
Comparing Verdelot+ madrigals to other genres

Composer Comparison Classification Accuracy Qualitative Interpretation

Verdelot+ (23) vs. Villotte (29) 88.5% Somewhat different
Verdelot+ (23) vs. Frottole (23) 97.8% Extremely different
Verdelot+ (23) vs. Carnival Songs (26) 98.0% Extremely different
Verdelot+ (23) vs. Chansons (24) 100.0% Extremely different
Verdelot+ (23) vs. Motets (12) 100.0% Extremely different

* VVerdelot’s madrigals seem to be much closer to villotte than to the
other genres, so villotte may have influenced him
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Overall conclusions
(with respect to musical content)

* The early madrigal seems to have had a clear identity of its own, distinct
from other genres

 The madrigals of Pisano, Festa and Verdelot are stylistically distinct

* Their madrigals should not be treated as a single group, as each composer seems to
have maintained his own approach

« Among the three, Pisano may have been most influenced by other genres

. Villgt’ge, Ifrottole, chansons (and maybe even motets) all potentially influenced his
madrigals

* Festa’s madrigals seem less likely to have been influenced by other genres
» Although the frottola may have played a role

* Verdelot seems even less likely to have been influenced by other genres
overall
e Although villotte in particular may have influenced his madrigals
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Future work

* Explore even more music
* Including an additional 23 transitional frottole that we have already encoded

* Use more varied and sophisticated statistical tools for examining
similarity and causality more directly

* And with more care paid to statistical significance

 Dive deeper into specific feature differences between the madrigals
and the various genres

* We have already looked at this in our earlier publications on the original
corpus

* There is a wealth of data left to dive into with the new corpus
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Thanks for your attention
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