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Overview

= Multi-Scale Spectral Loss

Knowledge Source: Signal Representations

Example Scenario: Sinusoidal Frequency Estimation

D VAVAVAVY

Sinusoid with target frequency: fige = 1000 Hz

. Simon Schwar 1.0
free
Loss 054 H
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Example Scenario: Sinusoidal Frequency Estimation

Sinusoid with target frequency: figr = 1000 Hz

Sinusoid with estimated frequency: fess = 750 Hz
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Example Scenario: Sinusoidal Frequency Estimation

Sinusoid with target frequency: fig = 1000 Hz

Sinusoid with estimated frequency: fus, = 972 Hz \ VAVAVAN

fes
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Example Scenario: Sinusoidal Frequency Estimation

Sinusoid with target frequency: figr = 1000 Hz m

Sinusoid with estimated frequency: fes, = 1100 Hz
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Example Scenario: Sinusoidal Frequency Estimation

Sinusoid with target frequency: figr = 1000 Hz

Sinusoidal sweep of estimated frequencies f,s

Loss landscape over estimates for a given target

Loss 054
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Example Scenario: Sinusoidal Frequency Estimation

Loss landscape depends a lot on the chosen loss function to

compare estimated and target signal
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Example Scenario: Sinusoidal Frequency Estimation

Loss landscape depends a lot on the chosen loss function to
compare estimated and target signal

= Loss function discussed later
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Example Scenario: Sinusoidal Frequency Estimation
Loss landscape depends a lot on the chosen loss function to
compare estimated and target signal

= Loss function discussed later
= |deal convex loss

|
Example Scenario: Sinusoidal Frequency Estimation
Loss landscape depends a lot on the chosen loss function to
compare estimated and target signal

= Loss function discussed later
= |deal convex loss
= Multi-Scale Spectral (MSS) loss with standard settings

1.0 4 1.0 4
Py P
8 05 8 o054
S S
0.0 4 0.0 4 7=
T T T T T T T T T T v T T T T T T
0 500 1000 1500 2000 2500 3000 3500 4000 0 500 1000 1500 2000 2500 3000 3500 4000
Estimated frequency (Hz) Estimated frequency (Hz)
©AudoLabs, 2025 Loss Functons Matter ©AudioLabs, 2025 Loss Functions Matter
Meinard Mller 19 Meinard Moller 0
. . . . . . C on  Value Description
Example Scenario: Sinusoidal Frequency Estimation Multi-Scale Spectral Loss W Rectangula window
Window Type  WH Hann window
WE Flat Top window
) . input sianal S1 = {64}
Loss landscape depends a lot on the chosen loss function to X Inputsigna w2 N0
. . . . s3
compare estimated and target signal = N  window size Sizele) sS4 N = {64,128,256,512,1024,2048}
. S5 N = {67,127, 257,509, 1021, 2053}
N . . =
= Loss function discussed later The MSS loss is what we H  hop size @ P
. . . N N Magnitude -
= |deal convex loss :)vrlgg(leys:isn:l?ea;dll;DSP) = w  window function Compesion %2 D=
: ; ; I i i c4 P=
= Multi-Scale Spectral (MSS) loss with standard settings ’ * p compression function Yo SR T T
= d  distance function Distance b2 d.I) =Y I3
1.0 = N setof window sizes
= P setof compression function
% N-1
8 05 —i27kn
- Spectrum Y, np(m, k) = P( > @+ mHw[n)exp (f
]
n=0
001 T mars . . : T T T MSS loss Lyss (0. 7) = 3 > AV np VN p)
0 500 1000 1500 2000 2500 3000 3500 4000 NeN peP
Estimated frequency (Hz)
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. C i Value _ Description . C i Value _ Description
Multi-Scale Spectral Loss N W Reciogul visdow Multi-Scale Spectral Loss W Reciogul visdow
findow Type W Hann window Window Type  WH Hann window
WE Flat Top window WE Jow
T n S1 N ={64} . . S1
= x input signal - sz N X input signal sz
L ! indow ® X . - 53
= N window size Size(s) 54 N =N window size s4 N =MoTTeh, 256,512, 1024, 2048}
. S5 N= A , 1021, 2053} - S5 N = {67,127,257, , 1021, 2053}
= H hop size c0 P={a} “|H hop size c0 P={a}
= w  window function Magminde G, 2 §log(1 +90)h v 7 = w  window function Magminde G, 2 §log(1 +90)h v
Compression 3 e =107 Compression 3 _ {20 logyg(e + )} £ = 107
“p compression function ct  P={z logle+o)he=10"" “p compression function ct  P={z logle+o)he=10""
) ) Matix 01 4O, =Y -Fh ) ) Matix 01 4O, =Y -Fh
= d distance function Distance b2 d.I) =Y I3 = d distance function Distance o2 d.9) =Y -3
= N setof window sizes = N setof window sizes
= P setof compression function = P setof compression function
N-1 B
—i27kn
Spectrum Yu,Np(m. k) =p FmHwn]exp { —— Spectrum YuwNp(m, k) =p @[+ . w[n] exp
]
n=0
MSS loss Lyss(0.7) = 3 > dVu N VN p) MSS loss Lyss(0.7) = 3 > dVu N Y np)
NEeN peP NEeN peP
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. Configuration _ Value _ Description . C i Value _ Description
Multi-Scale Spectral Loss e e Multi-Scale Spectral Loss e o ey
WE Flat Top window WE Flat Tup window
* x  inputsignal . %W * x  inputsignal wia =
) ) ‘indow 53 N . . oo 83
= N  window size Sizele) e N 1024,2048) = N  window size Sizele) s4
. S5 N = {67,127, 257,509, 1021, 2053} . S5 =
= H hop size 0 P={z S = H hop size o = 7
- - i i c1 P = {log(z +¢)}, £ = 10~ ) . i i c1 = {log(z +¢)}, £ = 10~
=|lw  window function o eeaion o ;F;z?og 1+92)h =1 = w  window function o eeaion < p:{;ﬁ:vfi}f 1
= p  compression function St P=fnloalr+ohe =107 *[p compression function| CTP=1z Togle T L. e =10
i X Matrix D1 D) =1Y-Ih - - Matrix D1 D) =1V =l
=d distance function Distance b2 dY,9)=1V-II2 =d distance function Distance b2 dY,9)=1V-II2
= N setof window sizes = N setof window sizes
= P setof compression function = P setof compression function
= —i2rkn —i2rkn
Spectrum Vunp(m k) =p( | D wln+m l exp ( —x— Spectrum Yo, np(m, k) [+ mHwln]exp | ———
] ]
n=0
MSS loss Lyss () == Y Y AV np Y, vp) MSS loss Lyss (i, ) == Y Z(](yw,N,pyw,N,p)
NeN peP NeN peP
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i C i Value _ Description . C i Value _ Description
Multi-Scale Spectral Loss e o ey Multi-Scale Spectral Loss e o ey
WE Flat Tup window WE Flat Top window
* x  inputsignal o 2N * ¥ inputsignal o 52 NC
! ! i 2 X ' ) i <
=N window size Sets) sa N 28,256,512, 1024, 2048} = N window size Sizele) s4 12,1024, 2048}
. S5 N = {67, 1‘27 257,509, 1021, 2053} . S5 09, 1021, 2053}
R hop size 0 P={z = H hop size o 53
. . Magnitude c1 P = {log(z +¢)}, e =10"7 . ) P . St c1 ,ngre} e=10-7
= w  window function Compresion 2 ii%‘é’nﬁt TU?:HEY’, 1 w  window function Comprsson ¢ -
" p compression function ct__P=fzle@toyc=10"" " p compression function e
- - Matix 5T A0, = 1Y -3 ) ) Matix o1 EEEET
=|d  distance function I Distance 02 4.9 =¥ -J3 = d distance function Distance 02 A =y 913
= N setof window sizes <[ set of window sizes|
= P setof compression function = P setof compression function
N-1 N-1
i27kn i27kn
Spectrum YN p(m, k) = P< Z [n + mH]w[n] exp (f) ’) Spectrum Yu,nplm, k) = p( Z x[n +mH]w[n] exp (f) D
n=0
MSS loss Laiss (x. w N VuNp) MSS loss Liss (x. AVw,Np» VN p)
NeNpe' NeNp
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. C i Value _ Description . C i Value _ Description
Multi-Scale Spectral Loss e o ey Multi-Scale Spectral Loss s [ s ]
WE Flat Top window WE FTat Top window
= x  inputsignal - = = x  inputsignal -
' ! i < ' ! - i
- N window size Size(s) s 1024, 2045} - N window size MSS loss with Size(s)
; s5 ,1021, 2053} ) i
= H hop size = « H hopsize standard settings:
c1 07
= w  window function pirs s WL = w  window function (WH, S4, C4, D1) pire- i
ompeession  ¢3 = {20logyo(= +s)) 107 ompression ¢
" p compression function ] —{1 logw + )}, e = 1077 " p compression function [ :
) ) Matix 5T A0, = 1Y -3 ) ) Matix E ARSI
= d distance function Distance b2 d.I) =Y I3 = d distance function Distance RN e
= N setof window sizes = N setof window sizes
<[P set of compression function| = P setof compression function
N-1 N-1
i27kn i2whkn
Spectrum Yu,Np(m, k) = p< z[n +mH|w[n]exp (f) ’) Spectrum Vv p(m k) = p( Z z[n +mH]w[n] exp (f) D
n=0
MSS loss Lyss(w, &) = d(Vw,N.ps Yu,N.p) MSS loss Luss(w,7) = 3 > dVu.np Ve, vp)
Ne. NEeN peP

© AudioLabs, 2025
Meinard Miller 29

Loss Functions Matter

AUDIO
LABS

© AudioLabs, 2025

Meinard Miller

Loss Functions Matter
30

AUDIO
LABS




Spectrum-Based Distance

Spectrum-Based Distance

Time domain Frequency domain Time domain Mainlobe
= 0 ~
. s . s Sidelobes Sidelobes
) £ 8 ) £ 8
Hann window § % 0.5 Hann window § % 0.5
g g
= - = -
0 N2 N 940 960 980 1000 1020 1040 1060 0 N2 N 940 960 980 1000 1020 1040 1060
Samples Frequency (Hz) Samples Frequency (Hz)
= Input signal: Sinusoid with frequency f = 1000 Hz = Input signal: Sinusoid with frequency f = 1000 Hz
= STFT — Spectral leakage due to windowing
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Spectrum-Based Distance Spectrum-Based Distance
Time domain Frequency domain Time domain Frequency domain
s 0 s 0
3 3
) 2 g ) g g
Hann window § % 0.5 Hann window § % 0.5
g g
2-1"'-" LA JB 2 A 2B J 2-1"'-" oV Ve Vve
0 N/2 N 940 960 980 1000 1020 1040 1060 0 N/2 N 940 960 980 1000 1020 1040 1060
Samples Frequency (Hz) Samples Frequency (Hz)
= Input signal: Sinusoid with frequency f = 1000 Hz = Input signal: Sinusoid with frequency f = 1000 Hz
= STFT — Spectral leakage due to windowing = STFT — Spectral leakage due to windowing
= Discrete STFT — Frequency grid = Discrete STFT — Frequency grid
= Second signal: Sinusoid with frequency f = 1003.9 Hz
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Spectrum-Based Distance Spectrum-Based Distance
Time domain Frequency domain Time domain Frequency domain
8 s 0
3 3
. £ 8 X 2 8
Hann window § < Hann window § % 0.5
g g
= 2-1"""" A A B d JR 2B B J
0 N2 N 940 960 980 1000 1020 1040 1060 0 N2 N 940 960 980 1000 1020 1040 1060
Samples Frequency (Hz) Samples Frequency (Hz)

= Input signal: Sinusoid with frequency f = 1000 Hz

= STFT — Spectral leakage due to windowing

= Discrete STFT — Frequency grid

= Second signal: Sinusoid with frequency f = 1003.9 Hz

Distance depends on

= Grid sampling

= Mainlobe & sidelobes
= Window type

= STFT parameters

Input signal: Sinusoid with frequency f = 1000 Hz Distance depends on
STFT — Spectral leakage due to windowing = Grid sampling
Discrete STFT — Frequency grid * Mainlobe & sidelobes

. . N = Window type
Second signal: Sinusoid with frequency f = 1007.8 Hz « STFT parameters
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Spectrum-Based Distance

Time domain Frequency domain
s 0
s
. £ g
Hann window § % 0.5
o
2
900 0000V 0 0000
0 N/2 N 940 960 980 1000 1020 1040 1060
Samples Frequency (Hz)

= Input signal: Sinusoid with frequency f = 1000 Hz

= STFT — Spectral leakage due to windowing

= Discrete STFT — Frequency grid

= Second signal: Sinusoid with frequency f = 1007.8 Hz

Distance depends on

= Grid sampling

= Mainlobe & sidelobes
= Window type

= STFT parameters

Spectrum-Based Distance

Time domain Frequency domain
@ 0
s
. £ g
Hann window § % 0.5
o
2
b A S B e 00 00606
0 N/2 940 960 980 1000 1020 1040 1060
Samples Frequency (Hz)

= Input signal: Sinusoid with frequency f = 1000 Hz
= STFT — Spectral leakage due to windowing -

= Discrete STFT — Frequency grid

= Second signal: Sinusoid with frequency f = 1020 Hz

Distance depends on
Grid sampling

= Mainlobe & sidelobes
= Window type

= STFT parameters
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Spectrum-Based Distance

Dependency: Window Type

Time domain Frequency domain Time domain Frequency domain
@ 0 @ 0
3 3
) 2 2 ) 2 g
Hann window § % 0.5 Hann window §‘ % 0.5
S S
3 8
= &l VeV eeevee Vo VvVeve = 1
0 N/2 N 940 960 980 1000 1020 1040 1060 0 N/2 940 960 9280 1000 1020 1040 1060
Samples Frequency (Hz) Samples Frequency (Hz)
= Input signal: Sinusoid with frequency f = 1000 Hz Distance depends on
= STFT — Spectral leakage due to windowing = Grid sampling
= Discrete STFT — Frequency grid * Mainlobe & sidelobes
i . L = Window type
= Second signal: Sinusoid with frequency f = 1020 Hz = STFT parameters
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Dependency: Window Type Dependency: Window Type
Time domain Frequency domain Time domain Frequency domain
= 0 5 0
g g
. £ S X 2 8
Hann window §‘ % 0.5 Hann window §‘ % 0.5
g g
= -1 = -1
z 0 @ 0
3 g
) £ 8 ) £ g
Rectangular window ol % -05 Rectangular window g % -05
= s = s
= a4l } . =
0 N2 N 940 960 980 1000 1020 1040 1060 - o
samples Frequency (Hz) 3
] £ 8
Flattop window 3 %05
= S
2
0 N2 940 960 980 1000 1020 1040 1060
Samples Frequency (Hz)
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Dependency: Window Type

Hann window

Rectangular window

Flattop window

Weight Weight

Weight

Time domain Frequency domain
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3
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3

g -0.5

=

g

= -1 o

0 N/2 N 940 960 980 1000 1020 1040 1060
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Dependency: Window Type

Hann window

Rectangular window

Flattop window

Loss landscape over estimates for a given target
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Dependency: Window Size

N = 2048
N =512
N =8192

Mag. (x100 dB) Mag. (x100 dB)

Mag. (x100 dB)

I
Mmm”“‘l‘ il
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“I“Nllnm..w

Dependency: Window Size

N = 2048
N =512
N =8192

Loss landscape over estimates for a given target
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Dependency: Magnitude Compression Dependency: Magnitude Compression
Loss landscape over estimates for a given target
1.0
g o4
3 o
None £ o2 None § 0.5
2
0.0 =~ = = 0.0
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2 ”
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3 0.0
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. Co i Value  Description . Co i Value  Description
=R : R Rectangular windo
Experiments L Experiments Window e[y o
WE indow W Flal Top window
s1 N } s1 N = {64}
= MSS loss with standard settings (WH, 84, C4, D1) Window s M=l = MSS loss with standard settings (WH, S84, C4, D1) Window =
Size(s) Size(s)
S4 N 4, 128, 256,512, 1024, 2048} ifi
 EEHEY CIRE TR PR = Modified Hann MSS (WH, S5, C4, D2)
<o P={z}
M de c1 P = {log(z +¢)}, e =10"7 M de log(z +¢)}, e =107
I A Cotproin ety
[c: P ={z, loglz +e)}e=10-" | log(z + )} e=10"7 |
Matrix ler___do») =1y =i | Matrix o1 dW.)=[Y-Jlh
Distance D2 A, =1V - IIE Distance [o2 AV,9) = Y- IIE
1.0 4 1.0 4
o agmfianash
L,L-".,‘..vuwnﬂ‘w““ e
3 0.5 3 0.5 ‘
o - o -
S S
0.0 4 H 0.0 4 g
T T v T T T T T T T T v T T T T T T
0 500 1000 1500 2000 2500 3000 3500 4000 0 500 1000 1500 2000 2500 3000 3500 4000
Estimated frequency (Hz) Estimated frequency (Hz)
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. C ion Value  Description .
Experiments AR Rectmgulr window Experiments
Window Type
W Flat Top window
S1
= MSS loss with standard settings (WH, S84, C4, D1) Window g§ ﬁ// GRA (Gradient-Sign Ranking Accuracy) Configuration GRA
. Size(s) — 94 - .
= Modified Hann MSS (WH, S5, C4, D2) AR :3::,23;3] = Measures how often the loss gradient Step Size | 0.3ct. | 3ct. | 30ct | 300ct.
= Smooth MSS (WF, 85, C2, D2) FEE points in the correct direction. Standard MSS 0.523 | 0.529 | 0.573 | 0.775
Magnitude - p~ - . g . . —
Compesin (27— Dot ) ] - :tt;p sm’-f dlstln?l:jlsrfs lzcal gradient | jodified Hann MSS | 0.613 | 0.635 | 0.708 | 0.923
c4  P={z logle+)he=10"" ehavior from global trend.
T o1 a0 =1y =P Smooth MSS 0.999 | 0.993 | 0.952 | 0.860
Distance [z a0 )=
1.0 4 - 1.0 4
H gk ) e
LULMM:&?QJ”MJ‘ . LULMM:&TQJ”MA
P P
2 05 8 o054
S S
0.0 4 0.0 A
T T - T T T T T T T T - T T T T T T
0 500 1000 1500 2000 2500 3000 3500 4000 0 500 1000 1500 2000 2500 3000 3500 4000
Estimated frequency (Hz) Estimated frequency (Hz)
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Overview

= Hierarchical Classification Loss
Knowledge Source: Musical Hierarchies

LN

v
u |88

Michael Krause
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Wagner Ring Dataset

= Tetralogy (four operas)

Opera |

[ oiewaire | Siegfried |
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Wagner Ring Dataset

Tetralogy (four operas)
= 11 Acts

Opera
Act

Das Rheingold
D

I ——
Wagner Ring Dataset

Tetralogy (four operas)
= 11 Acts
21,939 measures

\1

<
\

m.wm | Siegfried
| I e ]
[ | ICIC|

Opera ID-IRMIandI | I ]
ct " e o] o1 [0z [ o
scene [ T T IHIII T T T TTT

25 5000 7500 mnnn 12500 15000 17500 20000

Time (measures)
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Wagner Ring Dataset

Wagner Ring Dataset

Raw Data , — Raw Data —
seore L score VLI 0. N,
KeilberthFurtw1952
Symbolic score: Symbolic score: Furtwangler1953
Krauss1953
= Piano reduction = Piano reduction | Solti1958
. . Karajan1966
822 pages 822 pages 5 Bohm1967
Audio recordings: §  Swarowsky1oes
J=110 > Boulez1980
Stiirmisch = 16 performances l Janowski1980
L p e e e e oo .o e Levine1987
—rrrrr e —p 232 hours Haitink1988
; e iR « 3 performances in i o8
§ 5 Public Domain (EU) Barenboim1991
|| E%:3 T T T T T F T Neuhold1993
EL b B S 4 f’ =3 f‘ T Weigle2010
4 hiele
— Work =>
Opera [Das Rheingold | e Walkire | Siegfried | es | Opera | [ oiewamire | Siegfried | |
ot == [ o [ o2 [ o [o] o [0 [os] Act o] = [ = e [ o [] =
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2500 S0 700 10000 12500 15000 17500 20000 2500 SO0 700 10000 1200 15000 17500 20000
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Wagner Ring Dataset Wagner Ring Dataset
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Annotations : T = — Annotations : e T
Score Score
KeilberthFurtw1952 KeilberthFurtw1952
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T
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.
= Boulez1980
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Levine1987
Haitink1988
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Wagner Ring Dataset

Wagner Ring Dataset

Annotations f i E—m— Byt T T T Annotations f i E——— ey, L
Score Score
KeilberthFurtw1952 KeilberthFurtw1952
. . F - it F ler1953
Measure positions el Measure positions “""’:2_1:5’1953
= Note events | Solti1958 = Note events | Solti1958
= 8inging regions % Bohm1967 = Singing regions % Bohm1967
S Boulez1980 = Time signatures S Boulez1980
\L Janowski1980 ) \L Janowski1980
Levine1987 = Key signatures Levine1987
Haitink1988 Haitink1988
Sawallisch1989 Sawallisch1989
Barenboim1991 Barenboim1991
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PhD Thesis by Michael Krause (2023) Hierarchical Classification
Activity Detection for Sound Events in Orchestral Music Recordings Singing Voice Detection
Singing Voice Leitmotif Instrument Levels
Detection Detection Detection
Singing activity Activity
K] 05
£ 00
5 0.5
0. o
o 1 2 3 4 5 6 1
Time (seconds)
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Hierarchical Classification Hierarchical Classification
Singing Voice Detection Singing Voice Detection
Levels Levels
Singing activity Activity Singing activity Activity
Male Female Gender Male Female Gender
Bass Baritone Tenor Alto Mezzo Soprano Voice type

< «:

e
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Hierarchical Strategies for Activity Detection

= Strategy A: Independent Decisions
= Strategy B: Bottom-Up Aggregation

= Strategy D: Joint Classification
= Strategy DB: Joint Classification with Consistency Losses

Hierarchical Strategies for Activity Detection
Strategy A: Independent Decisions

= Train and evaluate separate models
for each hierarchy level

Singing activity
= Activity classifier

= Gender classifier
Male Female

= Voice type classifier

Bass Baritone Tenor Alto Mezzo Soprano
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Hierarchical Strategies for Activity Detection
Strategy A: Independent Decisions

= Train and evaluate separate models
for each hierarchy level
Singing activity
= Activity classifier

= Gender classifier
Male

Hierarchical Strategies for Activity Detection
Strategy B: Bottom-Up Aggregation

Train and evaluate a single model for
the lowest hierarchy level

Singing activity

AN

= Voice type classifier

Male Female = Aggregate results from lower levels
= Voice type classifier
71N TN « Consistency is trivially fuffilled
Alto = Outputs may be inconsistent Bass Baritone Tenor Alto Mezzo Soprano
= May cause poor predictions on upper
levels due to error propagation
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Hierarchical Strategies for Activity Detection
Strategy D: Joint Classification

= Train and evaluate a single model for
all classes
Singing activity —  Multi-task model

= Need additional loss terms to
promote consistent predictions

Male Female

Bass Baritone Tenor Alto Mezzo Soprano

Hierarchical Strategies for Activity Detection
Strategy D% : Joint Classification with Consistency Losses

Singing activity
Male

Female

Bass Baritone Tenor Alto Mezzo Soprano
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Hierarchical Strategies for Activity Detection
Strategy D#: Joint Classification with Consistency Losses

= Notation:
= c:aclass
= p.: probability of ¢

Female

Hierarchical Strategies for Activity Detection
Strategy D8 : Joint Classification with Consistency Losses

= Notation:
= c:aclass
= p.: probability of ¢
= c|: child classes of ¢

Female

Alto Mezzo Soprano

Loss Functions Matter
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Hierarchical Strategies for Activity Detection
Strategy D@#: Joint Classification with Consistency Losses

= Notation:
= c:aclass
= p,: probability of ¢
= c|: child classes of ¢

= For bottom-up consistency, minimize

Z max{0, per — Pc}2

c'ecl

Female

7N

Alto Mezzo Soprano
p. should be at least as high as any p.

— penalty for every p.. > p,

Hierarchical Strategies for Activity Detection
Strategy D8 : Joint Classification with Consistency Losses

= Notation:
= c:aclass
= p.: probability of ¢
= c¢]: child classes of ¢

Female = For top-down consistency, minimize

7N

Alto Mezzo Soprano

max{0, pc — gqgc)i per}?

p. should not be above largest p..
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Hierarchical Strategies for Activity Detection
Strategy D@#: Joint Classification with Consistency Losses

Bottom-up loss term:

H
S L X X max(0.pe —pc?

h=2 ceChc’ecl

Notation

C Aliclasses
Ch Classes atlevel h

Ly
H  Number of levels
¢l Children of ¢

Pc Probability for ¢

Top-down loss term:

1 H
32 3 max{0, pe — max per}?

LJ’ = —_——
[eNet & 2,

Joint loss term:

L = Lgce + Ll + BLy

Results: Female Singing

Consistency

B Frames predicted as ¢

Detection results (frame-wise F-measure) Consistency ZEst Frames predicted as

10 10 child of ¢

0 0 - |z NI
€7 |ZBst Est

os os [z v

07 07

06 06

s A 5 Dos

A B Do

Strategies Strategies

= Strategy A (Independent Decisions) yields good but inconsistent results

© AudioLabs, 2025 Loss Functions Matter

© AudioLabs, 2025 Loss Functions Matter AUDIO
Meinard Miller 77 LABS

AUDIO
g LABS

Meinard Miller




Results: Female Singing —

Results: Female Singing )
Consistency
l'(E"‘ Frames predicted as ¢ l'(E"‘ Frames predicted as ¢
Detection results (frame-wise F-measure) Consistency ZEst Frames predicted as Detection results (frame-wise F-measure) Consistency ZEst Frames predicted as
e - child of ¢ - child of ¢
Est Est
[T N T3

‘ ZCExz n Iff"‘

Ye = 17Eet 1 TEst| Ye = 7 Est | TEst]
‘ ‘IES tUIcEft‘ < ‘ZEEszuzcEft‘

Strategies

B Doud A B pes B
Strategies Strategies

Strategies

= Strategy A (Independent Decisions) yields good but inconsistent results
= Strategy B (Bottom-Up Aggregation) gives worse but consistent results
= Strategy DP (Joint with Consistency Losses) provides good trade-off

= Strategy A (Independent Decisions) yields good but inconsistent results
= Strategy B (Bottom-Up Aggregation) gives worse but consistent results
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Scenario: Hierarchical Instrument Classification Overview

= Musical instruments can naturally be arranged into hierarchies

Instrument activity

/ / \ \\ ﬂffﬂh

Woodwind Brass Timpani  Vocals Strings = Differentiable Alignment Loss
\ / \ / \ Knowledge Source: Temporal Coherence Michael Krause -l h
/ / / / / / \ Johannes Zeitler
ioli i Literature
Violin Viola Cello Contrabass = Cuturi, Blondel: Soft-DTW: A Differentiable Loss Function for Time-Series. ICML, 2017.

Flute Oboe Clarinet Bassoon French Horn Trumpet Female Male
Blondel, Mensch, Vert: Differentiable Divergences Between Time Series. AISTATS, 2021.

Krause, Weil, Miiller: Soft Dynamic Time Warping For Multi Pitch Estimation And Beyond. Proc. ICASSP, 2023.
Zeitler, Deniffel, Krause, Miiller: Stabilizing Training with Soft Dynamic Time Warping: A Case Study for Pitch Class Estimation with Weakly

= Instrument-level annotations hard to obtain
Aligned Targets. Proc. ISMIR, 2023.
Zeitler, Krause, Miiller: Soft Dynamic Time Warping with Variable Step Weights. Proc. ICASSP, 2024.
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Motivation: Audio-Audio Alignment

Motivation: Audio-Audio Alignment
Beethoven'’s Fifth

Beethoven’s Fifth

Time (indices)
2 3 4 5 6 7 8 9 10 11 12 >

8 10 1

Karajan 84 "" - ”I o j > Karajan
(Orchester) e o{: (Orchester) —_— e o:

Time—chroma representations

Time (seconds)
4 6

Chroma
0 ow

— >

Gould 8-3» * | j > Gould g\; |
(Piano) 83 o (Piano) cE= ] oz
1 2 3 4 5 6 7 8 9 10 11 12 13 14 156 \

Time (indices)

Chroma

Time (seconds)
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Motivation: Audio-Audio Alignment
Beethoven'’s Fifth

Motivation: Audio-Audio Alignment
Beethoven'’s Fifth

Time (indices)

Time (indices)
. <vB12345E759101112 . © 1 2 3 4 5 6 7 8 9 10 11 12
Karajan Eg > Karajan = >
(Orchester) 5 ¢ — oz (Orchester) 5 — oz
Time—chroma representations Time—chroma representations
Gould ggwh — = Gould fe——— ma il
Piano £ = — 2 Piano £ = — 2
( ) oc 1.2 3 4 5 6 7 8 9 10 11 12 13 14 15‘ *\\ ( ) o 1.2 3 4 5 6 7 8 9 10 11 12 13 14 15‘ *\\
Time (indices) Time (indices)
s i
/ey g
© AudoLabs, 2025 Loss Functons Mater AUDIO © AudoLabs, 2025 Loss Functons Mater AUDIO
Meinard Miller 85 LABS Meinard Miler 86 LABS
Motivation: Audio-Audio Alignment Motivation: Audio-Audio Alignment
Beethoven'’s Fifth Beethoven'’s Fifth
Time (indices) o
© 1.2 3 4 5 6 7 8 9 10 11 12 =
Karajan S n——— > .
= b
(Orchester) e 2 j— z B
o — N —
Time—chroma representations % ~
g .
Gould £ )7*_ — = £
(Piano) s > ‘ «: .
1 2 34 5 6 7 8 9 10 11 12 13 14 15 S o
Time (indices) -
g
S EEP PP I AP LIS o MR ps I e = — —
naE :
ol - r 2 2 3 4 5 6 7 8 9 10 11 12 13 14 15
= Gould Time (indices)
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Motivation: Audio-Audio Alignment
Beethoven’s Fifth

Beethoven’s Fifth

Motivation: Audio-Audio Alignment

1
09 . 09 .
v Cost matrix Cost matrix
o o8 o8
o 0.7 0.7
7 06 z 06
L o
E 05 g 05
o o
E ol 04 E 04
Ll 03 = 03
o 02 02
o 0.1 0.1
c o c o
8 8 °
© ©
o o
@ @ -
N4 1 4 1
2 3 4 5 6 7 8 9 10 11 12 13 14 15 3 4 5 i 7 8 9 10 11 12 13 14 15
Gould Time (indices) Gould Time (indices)
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Motivation: Audio-Audio Alignment
Beethoven'’s Fifth

Motivation: Audio-Audio Alignment
Beethoven'’s Fifth

Time (indices)

= ° Cost-minimizing Karajan B Cost-minimizing
o 08 . .
i N warping path (Orchester) — — warping path
£, M — Strong alignment
g 05 g alig
i o
= 03 Gould [ 1
o 02 (Piano) L 1
o~ 01 1.2 3 4 5 6 7 8 9 10 11 12 13 14 15
- Time (indices)
c o
Kol
© —
S = J
1.2 3 4 5 6 7 8 9 10 11 12 13 14 15
Gould Time (indices)
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Feature Learning

m input

Neural Network

= Task: Learn audio features using a neural network

= Loss: Binary cross-entropy
= framewise loss
= requires strongly aligned targets

Feature Learning

-

Neural Network

Task: Learn audio features using a neural network

Input

Loss: Binary cross-entropy
= framewise loss
= requires strongly aligned targets

l = hard to obtain l = hard to obtain
E Ouput Ouput = Alignment as part of loss function
\;&l If szf/‘ Strong alignmant \4 2 /‘ Weak alignment = requires only weakly aligned targets
= needs to be differentiable
E Targets Targets
= Problem: DTW is not differentiable
— Soft DTW
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Dynamic Time Warping (DTW)
Alignment matrix
Ae{0,1}"M

X o= (21,20, 2N)
Y = (y1, 92, yar)
Set of all possible alignment matrices

T, Ym €F, nE[L:N], me(l:M] °
Any C {0,1}M

Dynamic Time Warping (DTW)
Alignment matrix
Ae{0,1}"M

X o= (21,20, 2N)
Y = (y1, 92, yar)
Set of all possible alignment matrices

T, Ym €F, nE[L:N], me(l:M] °
Any € {0,1)H

F = Feature space F = Feature space
9 Ld
. 8 Cost measure: c: FxF—=Rxo
Alignment ; ol ;
: J Cost matrix: C e RVM with C(n,m) := c(2n. Ym)
S X | X | X3 | X4 | X5 | X6 | X7 | X5 | X 2
eawerce [ [ [x [xe [x [ [ [ [ gi * Cost of alignment: (A, C)
&b 3
¢S DTW cost: DTW(C) =min ({(A,C) | A€ Ay n})
sequence Y [y [va [vs [va [¥s |6 |17 ] 1234567 Optimal alignment: A" = argmin ({(A4,C) | A € Ayn})
Sequence Y
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Dynamic Time Warping (DTW)
DTW cost: DTW(C) = min ({(A4,C) | A€ Anu})
= Efficient computation via Bellman’s recursion in O(NM)
D(n,m) =min{D(n —1,m), D(n,m — 1), D(n,m)} + C(n,m)
for n>1 and m>1 and suitable initialization.
DTW(C) = D(N, M)
= Problem: DTW(C) is not differentiable with regard to C

= ldea: Replace min-function by a smooth version

S (S) — _
min” (S) v log Zses exp (—s/7)
forset S C R and temperature parameter v € R

Soft Dynamic Time Warping (SDTW)

SDTWcost:  SDTW?(C') = min” ({(A4,C) | A€ Anvum})
Efficient computation via Bellman’s recursion in O(NM) still works:
D"(n,m) = min"{D?(n—1,m), D (n,m—1), D"(n,m)}+C(n,m)
for n>1 and m>1 and suitable initialization.

SDTW?(C) = D?(N, M)

Limit case:  SDTW?(C) =0 DTW(C)

SDTW(C) is differentiable with regard to C

Questions:
— How does the gradient look like?
— Can it be computed efficiently?
— How does SDTW generalize the alignment concept?
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Soft Dynamic Time Warping (SDTW)

Soft-DTW

Cuturi, Blondel: Soft-DTW: A
Differentiable Loss Function
for Time-Series. ICML, 2017

SDTW cost:

SDTW?(C) =min” ({{(A,C) | A€ Avu})
= Define p"(C) asthe following “probability” distribution over Ay

o en(4,0))
PO = o S0 (—(4,CV/7)

= The expected alignment with respect to p’(C') is given by:
e 5 NxM
E'(C) = ZAeAM, P(C)aA €R

for A € .AN’M

= The gradient is given by:
VeSDTWY(C) = E7(C)

= The gradient can be computed efficiently in O(NM) via a recursive algorithm.

Soft Dynamic Time Warping (SDTW)

Expected alignment: E7(C) = ZAeA PpI(C)aA e RVM
N.M

= Can be interpreted as a smoothed version of an alignment
= Degree of smoothing depends on temperature parameter y

Cost matrix C

10
0.8

0.6

Sequence Y

04

0.2

0.0

40 60
Sequence X
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Soft Dynamic Time Warping (SDTW)

Expected alignment: E7(C) = ZAEA PC1aA RV
N M

= Can be interpreted as a smoothed version of an alignment
= Degree of smoothing depends on temperature parameter y

Cost matrix C

Optimal alignment A

Soft Dynamic Time Warping (SDTW)

Expected alignment: E(C) = ZAEA P(C)AA e RN
‘N.M

= Can be interpreted as a smoothed version of an alignment
= Degree of smoothing depends on temperature parameter y

EY(C)withy=0 (=A%)

50 10
08 40 08
> >
8 0.6 8 30 0.6
e e
! g
s 04 20 04
3 3
7] 7]
02 10 02
00 00
60 0 20 40 60 80 100
Sequence X Sequence X
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Soft Dynamic Time Warping (SDTW)

Expected alignment: E7(C) = ZAeA PpI(C)aA e RVM
N.M

= Can be interpreted as a smoothed version of an alignment
= Degree of smoothing depends on temperature parameter y

EY(C) with y = 0.1

50 10

40 08
>

8 30 0.6
e
&

g 20 04
3
7]

10 02

00

0 20 40 60 80 100
Sequence X

Soft Dynamic Time Warping (SDTW)

Expected alignment: E7(C) = ZAeA P(C)4A e RVHM
N.M

= Can be interpreted as a smoothed version of an alignment
= Degree of smoothing depends on temperature parameter y

EY(C) withy = 1

50 10

40 08

30 0.6

20 0.4

10 0.2

o 1 0.0
0 20 40 60 80 100

Sequence X

Sequence Y
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Soft Dynamic Time Warping (SDTW)

Expected alignment: E7(C) = ZAeA pI(C)aA eRVM
N.M

= Can be interpreted as a smoothed version of an alignment
= Degree of smoothing depends on temperature parameter y

E(C) with y = 10

50 10

40 08

30 0.6

20 0.4

104 0.2

o 1 0.0
0 20 40 60 80 100

Sequence X

Sequence Y

Soft Dynamic Time Warping (SDTW)

Expected alignment: E7(C) = ZAeA pI(C)aA eRVM
‘N.M

= Can be interpreted as a smoothed version of an alignment
= Degree of smoothing depends on temperature parameter y

E"(C) with y = 100

50 10

40 08

30 0.6

20 0.4

10 0.2

o 1 0.0
0 20 40 60 80 100

Sequence X

Sequence Y
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Soft Dynamic Time Warping (SDTW)
Conclusions

= Direct generalization of DTW (replacing min by smooth variant)
= Gradient is given by expected alignment

= Fast forward algorithm: O(NM)

= Fast gradient computation: O(NM)

= SDTW yields a (typically) poor lower bound for DTW

= Can be used as loss function to learn from weakly aligned sequences

Soft Dynamic Time Warping (SDTW)
Stabilizing Training

SDTW alignment
Reference alignment

g
= Standard SDTW often unstable g
= Unstable training in early stages ’% -
= Degenerate output alignment - Predicted sequence (frames)
= Hyperparameter adjustment 4 Y
= High temperature to smooth alignments g’
= Temperature annealing Predicted sequence (frames)
= Diagonal prior %’
&
]

. . . Predicted sequence (frames)
= Modified step size condition
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Soft Dynamic Time Warping (SDTW)
Representation Learning

= Symmetric application
= Learn representation of both sequences
= Needs a contrastive loss term

= Assymmetric application
= Use fixed (e.g., binary) encoding of target
= Learn representation of only one sequences
= No contrastive loss term need

= Simulation of CTC-loss using SDTW possible

= Many DTW variants also possible for SDTW

\ - — = =
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Conclusions

= Multi-Scale Spectral Loss
Knowledge Source: Signal Representations

= Hierarchical Classification Loss
Knowledge Source: Musical Hierarchies

= Differentiable Alignment Loss Simon Schwar
Knowledge Source: Temporal Coherence

Michael Krause

/’L

Johannes Zeitler
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Conclusions

= Multi-Scale Spectral Loss
Knowledge Source: Signal Representations

= Hierarchical Classification Loss
Knowledge Source: Musical Hierarchies

= Differentiable Alignment Loss
Knowledge Source: Temporal Coherence

Simon Schwar

Michael Krause
Johannes Zeitler

Miiller, Zeitler: 2025 ISMIR Tutorial
Differentiable Alignment Techniques for Music
Processing: Techniques and Applications
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