INTEFRNATIONAI AUDIO | ABORATORIFS FRI ANGFN A U D I 0
3 LABS
.

Hochschule fiir Musik Karlsruhe

Blockvorlesung

Advanced Audio-Based Music Processing

4. Harmony Analysis

Christof WeiB, Frank Zalkow, Meinard Miiller
International Audio Laboratories Erlangen

christof. weiss@audiolabs-erlangen.de
frank.zalkow@audiolabs-erlangen.de
meinard.mueller@audiolabs-erlangen.de

T =
T ~% Z Fraunhofer

ERLANGEN-NURNBERG

iis

. ________________________________________________________________________________|]
Book: Fundamentals of Music Processing

Meinard Miiller

Fundamentals of Music Processing
Audio, Analysis, Algorithms, Applications
Meinard Miler 483 p., 249 illus., hardcover

ISBN: 978-3-319-21944-8
Fundamentals of ~[EEehaasH

Music Processing

Audio, Accompanying website:
Algortl www.music-processing.de

) Springer

Book: Fundamentals of Music Processing

Music Processing

ShapiRy Scenario . -
— Meinard Mdiller
1| &= 7 | Music Represenations Fundamentals of Music Processing
> v Audio, Analysis, Algorithms, Applications
2| e/ B 483 p., 249 illus., hardcover

I ISBN: 978-3-319-21944-8

Springer, 2015

Music Synchronization

Music Structure
Analysis . .
m Accompanying website:

S B D www.music-processing.de

=

N

T &7

@

Tempo and Beat
Tracking

Content-Based Audio
Retrieval

&
8 G Musically Informed

Audio Decomposition

Book: Fundamentals of Music Processing

Music Processing

Chapteq Scenario . -
— Meinard Mdller
1| &2 7| Music Represenations Fundamentals of Music Processing
> v Audio, Analysis, Algorithms, Applications
2| e/ 483 p., 249 illus., hardcover
5 ‘E e ISBN: 978-3-319-21944-8
‘3 P jusic Synchronization Spnnger, 2015
4 \ Music Structure
M Analysis A i bsit
R ccompanying website:
5 Chord Recognition panying

www.music-processing.de

6 N [ Le::z;‘;nd Beat

Content-Based Audio
Retrieval

| 7] | Musically Informed
i l] Audio Decomposition

|
Dissertation: Tonality-Based Style Analysis

Christof Weil}

Computational Methods for Tonality-Based Style Analysis of
Classical Music Audio Recordings

PhD thesis, llmenau University of Technology, 2017
https.://www.db-thueringen.de/receive/dbt_mods 00032890

Chapter 5: Analysis Methods for Key and Scale Structures

Harmony Analysis
Overview

= Template-based Chord Recognition
HMM-based Chord Recognition

= Local Key Detection

= Application for Musicology




Harmony Analysis
Overview

= Template-based Chord Recognition

Recall: Chroma Features

= Human perception of pitch is periodic
= Two components: tone height (octave) and chroma (pitch class)
Chromatic circle Shepard’s helix of pitch

C Tone height
C#/Db
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Recall: Chroma Features
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— capture harmonic progression

Harmony Analysis: Overview

= Western music (and most other music): Different aspects of harmony
= Referring to different time scales

Movemer Zével g g g i Globalikey. i g g Global key detection
1 | Iy
Segment ldfve/ Local key Local key detection
Chord leve! Chord recognition
Note revél Middle voices H Music transcription

Bass line

Harmony Analysis: Overview

= Western music (and most other music): Different aspects of harmony
= Referring to different time scales

Chord level Chord recognition

Chord Recognition

Let It Be chords
The Beatles 1970 (Let It Be)

[Intro]
CGAMFCG
FCbmC
[Verse 1]
@ G am F
When I find myself in times of trouble, Mother Mary comes to me
@ G F CDmC

Speaking words of wisdom, let it be

c G Am F
And in my hour of darkness, she is standing right in front of me
C G F CDm C
Speaking words of wisdom, let it be
[Chorus] >

N

Source: www.ultimate-guitar.com
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Chord Recognition
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Chord Recognition
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Chord Recognition Chord Recognition: Basics
= Chords as Pitch Class Sets
Prefiltering Postfiltering = Activation Vectors or Templates:
= Compression = Smoothing / o
- Overt « Transiti N -
i  ransition \9 Major: T =(1,0,0,0,1,0,0,1,0,0,0,0)"
) ] * Minor: T = (1,0,0,1,0,0,0,1,0,0,0,0)"
[ Audio Chroma | Pattern Recognition ‘
representation representation matching result
Major

L
triads
L -
S n
L — Minor
) triads

Chord Recognition: Basics

= Templates: Major Triads

C Db D EF EF G G AH A B B

Chord Recognition: Basics

= Templates: Minor Triads




Chord Recognition: Template Matching

cC ¢ D Cm C*m Dm
Chroma vector 24 chord templates Blo|o]|o ololo
[for each audio frame] [(12 major, 12 mlnor)] Ao To o ool o
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Chord Recognition: Template Matching

= Similarity measure: Cosine similarity (inner product of normalized

vectors)
Chord template: t € R12
Chroma vector: c € R12

(tle)

Similarity measure: s(t,c) =———

llell - llell

Chord Recognition: Template Matching
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Chord Recognition: Label Assignment

cC ¢ D Cm C’m Dm
Chroma vector 24 chord templates Blololo ololo
for each audio frame (12 major, 12 minor)
At 0o|O0]|O 0o|0|o0
\ / Alo |01 0|01
G'lo|1]0 oj1|0
Compute for each frame the Gl1]0]|0 1100
similarity of the chroma vector "
010 (1 0o|0|0
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Chord Recognition: Label Assignment
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Chord Recognition: Evaluation
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Chord Recognition: Evaluation

= “No-Chord” annotations: not every frame labeled

= Different evaluation measures:

= Precision: #TP .
P=————  ,how many predicted chords are correct"
#TP + #FP
: #TP .
* Recall =———— ,how many annotated chords are recognized*
#TP + #FN

= F-Measure (balances precision and recall):

2-P-R
P+R

F= harmonic mean of P and R

= Without “No-Chord” label: P=R=F
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Chord Recognition: Smoothing

= Apply average filter of length L € N: LB
N
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Chord Recognition: Smoothing

= Apply average filter of length L € N: -
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Chord Recognition: Smoothing

= Evaluation on all 180 Beatles songs (10 studio albums)

F-measure
o
n
A

0.4 I Binary templates I

1 5 9 13 17 21 25
Smoothing length

~2 seconds at
10 Hz feature rate

Harmony Analysis
Overview

HMM-based Chord Recognition

Template-Based Chord Recognition: Smoothing

= Apply average filter of length L € N: -
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Markov Chains

Probabilistic model for sequential data

Markov property: Next state only depends on current state
(transition model — time-invariant, no “memory”)

Consist of:

= |Set of states
= State transition probabilities

= Initial state probabilities

(0%’

A

0. 7C@ @DO 6

Markov Chains

Notation:

V- N
( a;forie[t:1] |
State transition probabilities a;j

e
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G4 |11 @1z |13

O |021 |22 |a23
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0

N

0. 7C@ @Do 6

Initial state probabilities

Markov Chains

= Application examples:
= Compute probability of a sequence using given a model (evaluation)
= Compare two sequences using a given model
= Evaluate a sequence with two different models (classification)

0.8

(1

0.7 @DUG

Hidden Markov Model

@0z
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Hidden Markov Model

= States as hidden variables

= Consist of:

= |Set of states (hidden
= State transition probabilities

= |nitial state probabilities ~
Cc
0.2 0.1
01 01
01
S\ 03 F 06

Hidden Markov Model

= States as hidden variables

e f §

= [Set of states (hidden
= State transition probabilities

= |nitial state probabilities ~
= |Observations (visible c
0.2 0.1
01 01
0.1
G F

0.7 03 0.6




Hidden Markov Model

= States as hidden variables

= Consist of:

. RRES
= State transition probabilities N0
= |nitial state probabilities

.

* Emission probabilities |

Hidden Markov Model

Notation:

( a; forie[L:1]
State transition probabilities a;j
e

| A ENDAES
a4

@11 [@12 |d13

O |021 |22 |a23

O3 |031 |3z |ass

Initial state probabilities

Observation symbols | By for k € [1:K]
Emissi .

bik

9 [b21 |bas |bas

s [bss |bsp |bss

Markov Chains

= Analogon: the student’s life

= |Set of states (hidden
= State transition probabilities

= Initial state probabilities

social
activity

T eating 0.3

Hidden Markov Model

= Analogon: the student's life

= Consists of:

= |Set of states (hidden
= State transition probabilities 0.9

= |nitial state probabilities
= |Observations (visible

* Emission probabiliies |

SR 4
o
<

social
activity

Hidden Markov Model

= Only observation sequence is visible!
Different algorithmic problems:
= Evaluation problem
= Given: observation sequence and model
= Find: fitness (how well the model matches the sequence)
= Uncovering problem:
= Given: observation sequence and model
= Find: optimal hidden state sequence
= Estimation problem (,training" the HMM):
= Given: observation sequence
= Find: model parameters

= Baum-Welch algorithm (Expectation-Maximization)

Uncovering Problem

= Given: observation sequence O = (o4, ..., 0y) of length N € N and
HMM 6 (model parameters)

= Find: optimal hidden state sequence S* = (sj, ..., sy)
= Corresponds to chord estimation task!

Observation sequence 0 =( 01, 02 , 03 , 04, 05, Og )

L

1 3 1 3 3

N

A A A A A A
y— H - H
1 i 1 i
i i i 1
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Uncovering Problem

= Given: observation sequence 0 = (o4, ..., 0y) of length N € N and
HMM 6 (model parameters)

= Find: optimal hidden state sequence S* = (s7, ..., sy)
= Corresponds to chord estimation task!

Observation sequence O = ( 0y , 0, , 03 , 04, 05 , Og )

------>P [
-----> >[I
>[I
-----> @[
-----> >[I
------> >[I

Lo fafa[ofa]a]

Hidden state sequence S* = ( sy, s; , S3, S , S5 , S¢ )
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Uncovering Problem

= Given: observation sequence O = (0, ..., 0y) of length N € N and
HMM 6 (model parameters)

= Find: optimal hidden state sequence S* = (sf, ..., sxy)
= Corresponds to chord estimation task!

Observation sequence 0 = ( 0 , 03 , 04, 05, 06 )

:
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Hidden state sequence S* = ('s; , S5 , 3, S; , S5 , S¢ )

Uncovering Problem

= Optimal hidden state sequence?
= “Best explains” given observation sequence 0
= Maximizes probability P[0, S | 0]

Prob* = max P[0,S| 0]

S§* = argmax P[0,S | 9]
s

= Straight-forward computation (naive approach):
= Compute probability for each possible sequence S
= Number of possible sequences of length N (I = number of states):
I-leol =N
computationally infeasible!
N factors

Viterbi Algorithm

= Based on dynamic programming (similar to DTW)
= Idea: Recursive computation from sub-problems

= Use truncated versions of observation sequence

0(1:n) = (04, ...,0,), length n € [1:N]

= Define D(i,n) as the highest probability along a single state sequence
(51, ..., sp) that ends in state s, = a;

D(i,n) = max P[O(1:n),(sy, ., Sn-1,5n = ;) | O]
(S1,+,5n)

= Then, our solution is the state sequence yielding

Prob* = max D(i,N)
i€[1:1]

Viterbi Algorithm

= D: matrix of size | X N
= Recursive computation of D(i,n) along the column index n
= |nitialization:

=n=1

= Truncated observation sequence: 0(1) = (o0,)

= Current observation: o; = i,

D(i,1) =c¢; - by, forsome i€ [1:1]

Viterbi Algorithm

= D: matrix of size I x N
= Recursive computation of D(i, n) along the column index n
= Recursion:

= n€2:N]

= Truncated observation sequence: 0(1:n) = (04, ..., 05,)

= Last observation: o, = By,

D(i,n) = by, - aj+; - P[0O(1:n = 1), (51, .., Sp—y = a;+) | O] for i € [1:1]

T
must be maximal!

D(i,n) = by, - a;=; - D(j",n—1)




Viterbi Algorithm

= D: matrix of size | X N
= Recursive computation of D(i,n) along the column index n
= Recursion:

= né€[2:N]

= Truncated observation sequence: 0(1:n) = (oy, ..., 05)

= Last observation: o,, = By,

D(i,n) = by, - aj; - P[0(L:in = 1), (51, ., Sn—1 = a7) | O] fori e [1:1]

must be maximal!
D(i,n) = b, - a;+; - D(j*,n—1)
must be maximal (best index j*)

D(i,n) = by, -jren[?:)l(] (aﬁ -D(j,n— 1))

Viterbi Algorithm

= D given —find optimal state sequence §* = (s5, ..., s) = (@i, ..., @)
= Backtracking procedure (reverse order)
= Last element:

=n=N

= Optimal state: a;,

iy = argmaxD(j,N)
jel]

Viterbi Algorithm

= D given —find optimal state sequence S* = (sj, ..., sy) = (1, ., @z )
= Backtracking procedure (reverse order)
= Further elements:

=n=N-1N-2,.,1

= Optimal state: a;,,

i, = ajfeg[rlr}gx (ajin+1 : D(],n))

Viterbi Algorithm

= D given —find optimal state sequence S* = (s5, ..., sx) = (@i, ... @iy,
= Backtracking procedure (reverse order)
= Further elements:

=n=N-1,N-2,..,1

= Optimal state: a;,

in = argmax (4jin, - DULM)

= Simplification of backtracking: Keep track of maximizing index j in
D(i,n) = by, - max (aﬁ D(jin— 1))
= Define (I x (N — 1)) matrix E:
E(i,n — 1) = argmax (aj,- -D(j,n— 1))
jefLa

Viterbi Algorithm

Summary
Initialization
o
=
6
States [

ie[1:1]

w £ o

‘ IIE‘
Kol
G
S

N

Sequence indexn € [1: N]

Viterbi Algorithm

Summary
Initialization Recursion
o — —
N
. :
States [
i€1:1] L
4[|DG1)
=¢;b,
3 G :‘k
: 4‘
1

Sequence indexn € [1: N]




Viterbi Algorithm

Summary

Initialization Recursion

States
i€ [1:1]

N

Sequence indexn € [1: N]

Viterbi Algorithm

Summary

Initialization Recursion

States
i€[1:1]

Sequence indexn € [1: N]

Viterbi Algorithm

Summary

Initialization Recursion Termination

|

States
ie[1:1]

L/‘/\/ /A
g

Sequence indexn € [1: N]

Viterbi Algorithm

Summary
Initialization Recursion Termination
s | 7 i — Backtracking
- matrix E

lD(i,N)

States
i€[1:1]

VLTS

2
\

Sequence indexn € [1: N]

Viterbi Algorithm

Computational Complexity

Recursion
I states I states

Per recursion step:
I-1
States D@m=
i€[1:1]
Total recursion:
1IN

Sequence indexn € [1: N]

Viterbi Algorithm

Summary

Algorithm: VITERBI

Input:  HMM specified by © = (A.A,C.B.B)
Observation sequence O = (01 = Br,.02 = B, on = Pry)
Output: Optimal state sequence S* = (s7,53,...,5%)

Procedure: Initialize the (7 x N) matrix D by D(i, 1) = ¢;by, fori € [1:I]. Then compute in

anested loop forn=2...., Nandi=1..... I:

D(in) = maxjeq (aji-D(j.n—1))-bi,

E(i,n—1) = argmax;c ) (aji-D(j,n—1))
Set iy = argmax ¢ (., D(/,N) and compute for decreasing n =N —1..... 1 the maximizing
indices

i = argmax je1y) (@i, -D(.n)) = E(ins1,n).

The optimal state sequence S* = (s7.....s%) is defined by s} = &, forn € [1:N].




Viterbi Algorithm: Example

Viterbi Algorithm: Example

HMM: " states Observation symbols h HMM: /" states Observation symbols N
a; forie[1:1] Br forke[1:K] a; forie[1:1] B forke[1:K]
State transition probabilities Emission probabilities Initial state probabilities State transition probabilities Emission probabilities Initial state probabilities
ajj bix @ aij bix Ci
/A FACAER e IS c EAEAE A EAEAES [ 5 FAFAES [N o o [a ]
4 |ay |asz |as 0 |by [baz [bis o | |es a, [0.8[0.1]0.1 o, [07] 0 |03 o]
0, |az1 |azs fazs 0y |by1 [bz2 [bys q, [02]07]0.1 a, [0.1]os] 0
| Lo Jast [ase Jass 0y |bsy [bso [bss ) | [ o1]0:3]0s6 o, | 0 [02]08
/ \ J
Viterbi Algorithm: Example Viterbi Algorithm: Example
HMM: /" states Observation symbols A HMM: /" states Observation symbols
a; forie[1:1] Br fork € [1:K] a; forie[1:1] B fork € [1:K]
State transition probabilities Emission probabilities Initial state probabilities State transition probabilities Emission probabilities Initial state probabilities
ayj by a;j bk G
/A EARCAES e IS A EACAES ﬂm BB c Ay
a, [0.8]0.1]0.1 a,[0.7] 0 03 a, [0.8[0.1]0.1 07 0 [03 l0.6[0.2[02]
g, [0.2[0.7]01 a, [0.1]o9] o q, [02]07]0.1 ux2 0109 0
g, 0.1]03]06 a,] 0 [02]08 | [ag]0.1]0:3[0:6 o | 0 [02]08 )
" J
=S ~
( Input Viterbi algorithm )

Observation sequence
= (04,0,,03,04,05,06)

ERE Rl

Bi Bs B1 By By B2

Observation sequence

o1=p' 07= Bs [ 0= By [ 04= B3 [ 05= B3 | 05= B;
“

= (04,0,,03,04,05,06)

QEQEEE 0,=B1 | 0= B | 05= By | 0= B | 0= Bs

Bi Bs B1 B3 By B2

\ J \

Viterbi Algorithm: Example

HMM:

™~

States
a; forie([1:1]

State transition probabilities
ajj

| A EAEAES

a, [0:8]0.1]0.1
010,050,050 a, [0:2[07[01

(BiBsBiBoBs By | L 01]03[06

e & .
[ Viterbi algorithm ]
-o'=B1 0,= By | 03= By | 0,= B3 | 05= B3 | 0= B;
o |

[ |

[Ca |

E 01= By | 0,= By | 05= By | 0,= By | 05= By

[a |

Observation symbols
Py fork e[1:K]

Emission probabilities
by

Initial state probabilities
Ci

|5 RS [ o oz [ o]
a; (0.7 0 |0.3 06(0.2(0.2
o, [0.1]0.9] 0

o [ 0 [0.2]0.8

Initialization

D(i,1) = ¢; - by,

Viterbi Algorithm: Example

HMM: " states
a; forie([1:1]
State transition probabilities
a;j
p ~ “ o | o | ag

o, [0.2]0.7]0.1
040,030, 050¢ 2

BB By BB By | 9 [0.1]03]06
v

[ Viterbi algorithm ] )

-ﬂ1=B1 0,= By | 05= By | 047 Ba | 05= Ba | 05= B,
| @, [0.4200

| @, [0.0200
[o [0

ma

i
=

03= By | 0= B3 | 05= By

Observation symbols
P fork € [1:K]

Emission probabilities
bk

E& Bz | Bs
a [0.7] 0 03
a, [0.1]0.9[ 0
as | 0 (02|08

Initialization

D(i,1) = ¢; - bk

Recursion

D(i,n) = bik,, -

Initial state probabilities

1

max (aﬁ -D(j,n— 1))

JE[1:1]

E(i,n — 1) = argmax (aﬁ -D(j,n— 1))
je[L




Viterbi Algorithm: Example Viterbi Algorithm: Example

HMM: /" states Observation symbols HMM: /" states Observation symbols
a; forie[1:1] Br fork e [1:K] a; forie[1:1] B forke[1:K]
State transition probabilities Emission probabilities Initial state probabilities State transition probabilities Emission probabilities Initial state probabilities
a;j bix @ aij bix Ci
——R A EAEA Y ' RS [ o [a; [ o] ———R A EAEA S [ 5 FAFAES [ o [o: [a ]
Input q, [0.8[0.1]0 a,[07] 0 03 06[02[02 Input a, [08]0.1]0.1 a, [07] 0 03 o]
070,050,005 g, [0.2[0.7]0 g, [01]os] o 0,0,0505 0505 q, [02]07]0.1 a, [0.1]os] 0
01]03]06 0 [o2]0:8 ( 0.1]03]06 0 [o2[08
BiBaBiBsBa By | L % BiBs B Bs BBy | L2 -
( [ Viterbi algorithm ] Initialization [ Viterbi algorithm ] |  Backtracking
[0 0= B. [ 0= B | 0= B, | 0,= Bs [05= s [ 0= B D(i,1) = ¢; - by 1= B: [ 0= B; [ 0= By | 0:= Bo [ 0= B [ 0= B — ;
0.4200 0.1008 ' a, [0.4200[0.1008[0.0564[0.0135[0.0033] 0 v = anEgrlxlllaxD(] )
[_a, [0.0200] 0 X | o, [0.0200] 0 [0.0010] 0 0__[0.0006 Jeq]
o, | 0 J0.0336 Recursion Lo [ 0 J00336] 0 [0.0045]0.0022]0.0003 P
B0, Ba o B[ o= B: [ 0= B H B [0, Ba [0 B, [o= Bx [0= in = Elins1,m)
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Viterbi Algorithm: Example Viterbi Algorithm: Example
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Viterbi Algorithm: Example HMM: Application to Chord Recognition

HMM: /" states Observation symbols = Effect of HMM-based chord estimation and smoothing: _ I IS
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HMM: Application to Chord Recognition

= Parameters: Transition probabilities
= Estimated from data

State a;
Log probability

0RofmnToR>Ew

CC#DD#E FF# GG# AA# BCm Dm Em  Gm Am Bm

State q;

HMM: Application to Chord Recognition

= Parameters: Transition probabilities
= Estimated from data

Minor chords
&
Log probability

Major chords

CC#DD#E FF# GG# AA# BEm Dm Em  Gm Am Bm

~
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Y Y
Major chords Minor chords

HMM: Application to Chord Recognition

= Parameters: Transition probabilities
= Transposition-invariant

Minor chords
&
Log probability

Major chords

-

CC#DD#E FF# GG# AA# BEm Dm Em  Gm Am Bm

L J\ J

Major chords Minor chords

HMM: Application to Chord Recognition

= Parameters: Transition probabilities
= Uniform, diagonal-enhanced transition matrix (only smoothing)

0

State q;
Log probability

CC#DD#E FF# GG# AA# BCm Dm Em  Gm Am Bm

State q;

HMM: Application to Chord Recognition

= Evaluation on all Beatles songs
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Harmony Analysis
Overview

= Local Key Detection
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Harmony Analysis: Overview

Mo R ve! ] 1 Global key detection

Segment level Local key . Local key detection

Chord level {2 Chord recognition

RS

Note level Midadle voices = Music transcription
. Bass line § g g
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Harmony Analysis: Overview

Segment level Local key Local key detection

Local Key Detection

= Johann Sebastian Bach, Choral “Durch Dein Gefangnis”
(St. John’s Passion) — Local keys
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Local Key Detection

= Johann Sebastian Bach, Choral “Durch Dein Geféngnis”
(St. John’s Passion) — Local keys

|
Local Key Detection: Diatonic Scales

= Johann Sebastian Bach, Choral “Durch Dein Gefangnis”
(St. John’s Passion) — Local keys
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Local Key Detection: Diatonic Scales

= Johann Sebastian Bach, Choral “Durch Dein Gefangnis”
(St. John’s Passion) — Local keys
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Local Key Detection: Diatonic Scales

= Johann Sebastian Bach, Choral “Durch Dein Gefangnis”
(St. John’s Passion) — Local keys
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Local Key Detection: Diatonic Scales

= Johann Sebastian Bach, Choral “Durch Dein Gefangnis”
(St. John’s Passion) — Local keys

JRCes 3 [t

Series of fifths
0

S o

2} diatonic

Local Key Detection: Diatonic Scales

= Johann Sebastian Bach, Choral “Durch Dein Gefangnis”
(St. John’s Passion) — Local keys

Local Key Detection

= Example: J.S. Bach, Choral "Durch Dein Gefangnis"
= Audio — Waveform (Scholars Baroque Ensemble, Naxos 1994)
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Local Key Detection: Chroma Features

= Example: J.S. Bach, Choral "Durch Dein Gefangnis"
= Audio — Chroma features (Scholars Baroque Ensemble, Naxos 1994)
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Local Key Detection: Chroma Smoothing

= Summarize pitch classes over a certain time

= Chroma smoothing (mean filter)
= Parameters: blocksize b and hopsize h
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Local Key Detection: Chroma Smoothing

= Example: J.S. Bach, Choral "Durch Dein Geféngnis"
= Chroma features — smoothing
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Local Key Detection: Chroma Smoothing

= Example: J.S. Bach, Choral "Durch Dein Gefangnis"
= Chroma features — smoothing (b = 42 frames and h = 15 frames)
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Local Key Detection: Diatonic Scales

= Example: J.S. Bach, Choral “Durch Dein Gefangnis”
= Re-ordering to perfect fifth series

fo

¥ e jo ©

25 30 35

20
Time (frames)

Local Key Detection: Diatonic Scales

= Example: J.S. Bach, Choral “Durch Dein Gefangnis”
= Re-ordering to perfect fifth series
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Local Key Detection: Diatonic Scales

= Example: J.S. Bach, Choral “Durch Dein Gefangnis”
= Diatonic Scales (7 fifths)
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Local Key Detection: Diatonic Scales

= Example: J.S. Bach, Choral “Durch Dein Gefangnis”
= Diatonic Scales (7 fifths)
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Local Key Detection: Diatonic Scales

= Example: J.S. Bach, Choral “Durch Dein Gefangnis”
= Diatonic Scales — multiplication
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Local Key Detection: Diatonic Scales

= Example: J.S. Bach, Choral “Durch Dein Gefangnis”
= Diatonic Scales — multiplication
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Local Key Detection: Diatonic Scales

= Example: J.S. Bach, Choral “Durch Dein Gefangnis”
= Diatonic Scales — multiplication
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Local Key Detection: Diatonic Scales

= Example: J.S. Bach, Choral “Durch Dein Gefangnis”
= Diatonic Scales — multiplication
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Local Key Detection: Diatonic Scales

= Example: J.S. Bach, Choral “Durch Dein Gefangnis”
= Diatonic Scales — shift to global key
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Local Key Detection: Diatonic Scales

= Example: J.S. Bach, Choral “Durch Dein Gefangnis”
= Diatonic Scales — shift to global key
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Local Key Detection: Diatonic Scales

= Example: J.S. Bach, Choral “Durch Dein Gefangnis”
= Diatonic Scales —relative (0 £ 4#)
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Local Key Detection: Examples

= L.v. Beethoven — Sonata No. 10 op. 14 Nr. 2, 1. Allegro (0 2 1)
(Barenboim, EMI 1998)
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Local Key Detection: Examples

= L. v. Beethoven — Sonata No. 10 op. 14 Nr. 2, 1. Allegro (0 2 1)

(Barenboim, EMI 1998) »
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Local Key Detection: Examples

= R. Wagner, Die Meistersinger von Niirnberg, Vorspiel (0 2 0)
(Polish National Radio Symphony Orchestra, Naxos 1993)
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Harmony Analysis
Overview

= Application for Musicology

Local Key Detection: Examples

= R. Wagner, Der Ring des Nibelungen (four-opera cycle)
= 16 different performances (versions)
= Manual measure annotations for 3 versions

-1 Barenboim 1991-92 14:54:55

2 Boulez 1980-81 13:44:38

- 3 Béhm 1967-71 13:39:28
L =5 4 Furtwangler 1953 15:04:22
- 5 Haitink 1988-91 14:27:10

6 Janowski 1980-83 14:08:34

bl Karajan 1967-70 14:58:08

8 Keilberth/Furtwéngler 1952-54 14:19:56

9 Krauss 1953 14:12:27

10 Levine 1987-89 15:21:52

11 Neuhold 1993-95 14:04:35

12 Sawallisch 1989 14:06:50

13 Solti 1958-65 14:36:58

14 Swarowsky 1968 14:56:34

15 Thielemann 2011 14:31:13

16 Weigle 2010-12 14:48:46




Local Key Detection: Cross-Version Analysis

= R. Wagner, Der Ring des Nibelungen (four-opera cycle)
= 16 different performances (versions)
= Manual measure annotations for 3 versions

Time (measures)

'I'lrrz1e (secondsi

= Visualize cross-version consistency with gray scale

not inconsistently consistently
detected detected detected
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Die Walkiire WWYV 86 B
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Die Walkiire WWYV 86 B

Act 1, measures 955-1012
Sieglinde’s narration
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Die Walkiire WWYV 86 B

Act 3, measures 724-789
Wotan’s punishment

Diatonic scale
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Die Walkiire WWV 86 B Exploring Tonal-Dramatic Relationships
A. Lorenz, 1924

]z exe Z. R*xZ Z. Rx2 = Histograms of Analysis over time
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