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(@) Music Transcription

e Basic idea: Recover the score
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 Isit possible? Why is it hard?

- music students do it
... but they are highly trained; know the rules

 Motivations
- for study: what was played?
- highly compressed representation (e.g. MIDI)
- the ultimate restoration system...
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Transcription framework

 Recover discrete events to explain signal

Note events » 7 Observations
{t P Ik} synthesis X[k,n]

- analysis-by-synthesis?

« Exhaustive search?
- would be possible given exact note waveforms
- .. 0rjust a 2-dimensional ‘note’ template?

template | g S i
<—I_> —_ i
convolution

but superposition is not linear in |STFT| space

 Inference depends on all detected notes
- Is this evidence ‘available’ or ‘used’?
- full solution is exponentially complex
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Problems for transcription

« Music is practically worst case!

- note events are often synchronized
— defeats common onset

- notes have harmonic relations (2:3 etc.)
— collision/interference between harmonics

- variety of instruments, techniques, ...

e Listeners are very sensitive to certain errors
- ..and impervious to others

 Apply further constraints
- like our ‘music student’
- maybe even the whole score (Scheirer)!
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Spectrogram Modeling

» Sinusoid model —
- aswith synthesis, butsignal ~%®[ ©
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 Break tracks 1000
500

- need to detect new ‘onset’ Y R
1 2

at single frequencies

0.06

0.04 I e

0.02 PP N
0 o x—

0 0.5 1 1.5 time/s AV

\_x_—_ivﬁﬁxx,_&mf
« Group by onset & e e =
common harmonicity
- find sets of tracks that start O B
around the same time » = |[=
- + stable harmonic pattern — 1] - e
« Pass on to constraint- = SEE

based filtering...
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Searching for multiple pitches
(Klapuri 2001)

« At each frame:
- estimate dominant fyby checking for harmonics

- cancel it from spectrum
- repeat until no fg is prominent

Subtract B
& iterate B
\
Harmonics enhancement Predominant fO estimation fO spectral smoothing
60
%40 dB
audio | =Ml i
frame o
—_— -20 > 0 >
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10 I ‘
o 1 1 0 WWMWMWW 0 100 2000 3000 fiokz
-10
0 1000 2000 3000 4000 0
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'

Stop when no more prominent fOs
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Multi-Pitch Extraction Results
(Rob Turetsky)

» After continuity cleanup:
Beatles - Lucy in the Sky with Diamonds - seg 1
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 Captures main notes, plus a lot else
- hand-tuned termination thresholds?
 (Evaluation?) +
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Probabilistic Pitch Estimates
(Goto 2001)

« Generative probabilistic model of spectrum as
weighted combination of tone models at
different fundamental frequencies:

p(x(1)) = f(S R« 1) ] ) oF
m

* ‘KnOWIGdge’ In Tone Model (m=2)
terms of tone P22
models + prior

distributions for fy: fundament

frequency ~ F+1200

o PO F2,u0(F 2)
cO(1JF,2)
c2F,2)  cO(3IF,2)

V(R
C(I)(ZIF’ 1) C(t) (4|F,2)

cO3IF,1)

X [cent]
c(4JF,1)
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—'-—'-"-Mq- _- —
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Generative Model Fitting
(Walmsley et al. 1999)

 Generative model of harmonic complexes in
the time domain:

switch harmonic weights

*q q q
samples —~ 2 CF b; I“noise

7"

voices h%rggglc
« Too many parameters
to solve by EM!
— Use Markov chain
Monte Carlo (MCMC)
to find good solution

e Results?
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Transcription as Pattern Recognition
(Graham Poliner)
o Existing methods use prior knowledge
about the structure of pitched notes
- l.e. we know they have regular harmonics

« What if we didn’t know that,
but just had examples and features?

- the classic pattern recognition problem

 Could use music signal as evidence for pitch
class in a black-box classifier:

—— p("CO0"|Audio)
—— p("C#0"|Audio)
Trained ——— p("D0"|Audio)
classifier 3 p("D#0"|Audio)
—— P("E0"|Audio)
—— p("F0"|Audio)

Audio
_>

- nb: more than one class at once!

« But where can we get labeled training da
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Ground Truth Data
(Turetsky & Ellis 2003)

o Pattern classifiers need training data
- l.e.need {si gnal, note-I|abel} sets
- i.e. MIDI transcripts of real music...already exist?

"Don't you want me" (Human League), versel

N

23
ARy aE T e g — $ b postr Eam s Fp

404 ] ] ] [ Rpp— === [ pe——

19 20 21 22 23 24 25 26 27 28 time / sec

 l|dea: force-align MIDI and original
- can estimate time-warp relationships
- recover accurate note events in real musicks .y
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Features for MIDI alignments

 Features that will match between MIDI replicas
and original audio...

 Pitch is key attribute to match
- narrowband spectral features (but: timing...)
- emphasize 100 Hz - 2 kHz

 Local spectral variation, not absolute levels

- remove local average & normalize local range

DYWMB: Corresponding Frames @ ts = 20.3
20 Original | | MIDI replica

level / dB

e : A
‘l]\’,]lﬁ,l“llln‘h I “Hl h
P

normalized

0 500 1000 1500 2000 O 500 1000 1500 2000
freq / Hz <

E6820 SAPR - Dan Ellis L10 - Music Analysis 2006-04-06 - 12



Alignment example

* Inner-product distance on normalized spectral

slices (8192 pt @ 22050 Hz):
DYB: Original - IDI Iignment |

1000
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MIDI replica / 186 ms frames

400

200

200 400 600 800 1000 1200
Original / 186 ms frames ke
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Extracted training data

« Want labeled examples of notes (in every
context) to train pattern recognizer
- still perfecting alignment, but an example:

DYWMB: Alignments to MIDI note 57 ma

- | AL T Ji’_.?::‘:';, :—_g_ﬁi:;}'f

freq / kHz

192
time / sec +

L10 - Music Analysis 2006-04-06 - 14

E6820 SAPR - Dan Ellis



Polyphonic Piano Transcription
(Poliner & Ellis 2006)

 Training data from player piano

>
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 Independent classifiers for each note
- plus a little HMM smoothing
* Niceresults
- ..when test data resembles training
Algorithm Errs | False Pos | False Neg | d’
SVM 433% | 279% 154% | 344
Klapuri&Ryynianen | 66.6% 28.1% 38.5% 2.71
Marolt 84.6% | 36.5% 48.1% | 2.35 o
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Outline

0 Music Transcription

g Music Summarization
- Segmentation
- ldentifying repetition
- Evaluation

9 Music Information Retrieval

@ Music Similarity Browsing
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g Music Summarization

« What does it mean to ‘summarize’?
- compact representation of larger entity
- maximize ‘information content’
- sufficient to recognize known item

e SO summarizing music?
- short version e.g. <10% duration (< 20s for pop)
- sufficient to identify style, artist
- e.g. chorus or ‘hook’?

o Why?

browsing existing collection
discovery among unknown works
commerce...
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Summarization Approach

convert to features

label features & segment

: O‘l 1‘22‘33‘2 2
to discover song structure

use heuristics to choose
key phrase

key phrase ‘ I

-

(with thanks to Beth Logan)Z 2 sk

0‘1 1‘2 2‘3 3‘2 2
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Segmentation

 Find contiguous regions that are internally
similar and different from neighbors

 E.g.“self-similarity” matrix (Foote 1997)

DYWMB - self similarity

time / 183ms frames

- 2D convolution of checkerboard down diagonal
= compare fixed windows at every point h
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BIC segmentation

Want to use evidence from whole segment, not
just local window

Do ‘significance test’ on every possible
division of every possible context

last candidate current
boundary context limit

segmentation point

-+ >
| -
>

L(X1:My) - L(Xp:Mp)

S—
L(X;:Mp)
L(XlMl)L(XQMQ) A
BIC: ) ) > A
 Eventually,a boundary is found:
' ' ' ' ' ' boundary pass'es BiC ' ' '
0 .
TRE :
B onl point : current
o100  context
o) o limit
ool no boundary found :
. . . . wn‘hI shorter Icontext . . . |
15 16 17 18 19 20 21 22 23 24 25
time / min >
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HMM segmentation

 Recall, HMM Viterbi path is
joint classification and segmentation

- e.g. for singing/accompaniment segmentation

e But: HMM states need to be defined in advance

- define a ‘generic set’? (MPEG7)

- learn them from the piece to be segmented?
(Chu & Logan 2000, Peeters et. al 2002)

 Resultis ‘anonymous’ state sequence
characteristic of particular piece

# U2- The_Joshua_Tree-01-Were The Streets Have No_ Name
33677
17 17 17 1v 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17
17 17 17 1v 17 17v 17 17 17 17 17 17 17 17 17 17 17 17 1
7 17 1v 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17 17
11 11 11 11 11 11 11 11 171 11 11 171 11 11 11 11 11 11 11
11 11 11 11 11 11 11 11 11 11 11 11 11 11 11 11 11 11 1
111 11 171 11 11 11 11 11 11 11 11 11 11 11 11 11 11 11
11 11 11 11 11 11 11 15 15 15 15 15 15 15 15 15 15 15 15
15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 1
5 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15
15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15

15 15 15 15 15 15 15 15 15 15 15 15 15 15 3 3 3 3 3 3
15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 15 1!
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Finding Repeats
 Music frequently repeats main phrases

 Repeats give off-diagonal ridges
in Similarity matrix (Bartsch '01)
DYWMB - self similarity

time / 183ms frames

0 500 1000 1500
time / 183ms frames

e Or: clustering at phrase-level ...
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Clustering-based summarization
(Logan & Chu 2000)

 Find segments in song by greedy clustering:

divide into fixed length segments

calculate distortion between every Pl
segment pair

°2 35 &
! .

conbine el 0 42 3[4 6
!

 Biggest cluster chosen as “key phrase”
- large contiguous block taken as example 4
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Evaluating Summaries

 Hard to evaluate:
What is the ‘right answer’?

- difficult to construct or judge a summary until you
know the song...

« Bartsch & Wakefield:
93 songs, ‘chorus’ hand-marked,
70% frame-level precision-recall

- aiming to find chorus/refrain

* Chu & Logan:
18 Beatles #1 hits rated by 10 subjects
as Good/Average/Poor

- “significantly better than random”

 Without a good metric, how to make choices to
improve the algorithm?

*
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Outline

0 Music Transcription
9 Music Summarization

Q Music Information Retrieval
- What it could mean
- Unsupervised clustering
- Learned classification

@ Music Similarity Browsing
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9 Music Information Retrieval

 Text-based searching concepts for music?
- “musical Google”
- finding a specific item
- finding something vague
- finding something new

o Significant commercial interest

« Basic idea:
Project music into a space where
neighbors are “similar”

o (Competition from human labeling)
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Music IR: Queries & Evaluation

« What is the form of the query?

- Query by Humming
- considerable attention, recent demonstrations
- need/user base?

 Query by noisy example
- “Name that tune” in a noisy bar
- Shazam Ltd.: commercial deployment
- database access is the hard part?

 Query by multiple examples
- “Find me more stuff like this”

 Text queries? (Whitman & Smaragdis 2002)

 Evaluation problems
- requires large, shareable music corpus!
- requires a well-defined task

E6820 SAPR - Dan Ellis L10 - Music Analysis 2006-04-06 - 27



Unsupervised Clustering
(Rauber, Pampalk, Merkl 2002)

« Map music into an auditory-based space

e Build ‘clusters’ of nearby
— similar music
- “Self-Organizing Maps”
(Kohonen)

e Look at the results:

“Islands of Music”

- quantitative evaluation?
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Genre Classification
(Tzanetakis et al. 2001)

 Classifying music into genres would get you
some way towards finding “more like this”

 Genre labels are problematic, but they exist

e Real-time visualization of “GenreGram”:
GenreGram

- 9 spectral and 8 rhythm features every 200ms

- 15 genres trained on 50 examples each,
single Gaussian model — ~ 60% correct
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Artist Classification
(Berenzweig et al. 2001)

o Artist label as available stand-in for genre
« Train MLP to classify frames among 21 artists

 Using only “voice” segments:
Song-level accuracy improves 56.7% — 64.9%

Track 117 - Aimee Mann (dynvox=Aimee, unseg=Aimee)

fruevoicc mE HE HEE HEN BN BN DN NN . Il I N
Michael Penn :/‘ T T T T 1L I L I LA T

The Roots

The Moles
Eric Matthews (—

Arto Lindsay = 1I{HTI
Oval —

Jason Falkner
Built to Spill

Beck

XTC

Wilco

Aimee Mann
The Flaming Lips
Mouse on Mars
Dj Shadow
Richard Davies
Cornelius
Mercury Rev
Belle & Sebastian
Sugarplastic
Boards of Canada

II\I\

FH\IH-HITHHH\H

TTTTTTTERITITTT

| |
100 150 200

o
a
o

time / sec

Track 4 - Arto Lindsay (dynvox=Arto, unseg=0Oval)
true voice I . | [ | I H =

Michael Penn [~ [ [ [ [ [ [ [
The Roots I Wl 1
The Moles —

Eric Matthews [—

Arto Lindsay I [

Oval [ |

Jason Falkner
Built to Spill
Beck

XTC

. Wilco
Aimee Mann
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S
S

OI\HHI.HIHHH
-
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=
IIIIIIII!IIIIII

| L0 | I | | | 1} ) i}
10 20 30 40 50 60 70 80 time / sec
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Artist Similarity

» Artist classes as a basis for overall similarity:
Less corrupt than ‘record store genres’?

IUATLLT

 But: what is similarity 8n_cdfggpraxton lara_fabiarasure

jessica_simpRaliah_care
between artists? Bganet _]acksorqew_A

eiffel_65 whitney'

- pattern rec_:ognltlon i Celine diohhet shop_boys
systems give a lauryRNiiina_aguileggya f
'S sade SO
backstPle3p
number _ acKs splc% g|r|§3elinﬂlf‘_q,%[?ﬁ'§epl
Afoquai nelly_dufrddennox
Which artist is most similar to;  Need subjective ground truth:
danct Jacxsons Collected via web site
L. R. Kelly WWW.Musicseer.com
2. Paula Abdul _
3. Agliyah
4, Milli Vanill e Results:
giﬁ?‘zﬂs@ - 1800 users, 22,500 judgments
7. Garbage collected over 6 months
8. Pink
9. Christina A guilera
e
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Outline

o Music Transcription
9 Music Summarization
e Music Information Retrieval

@ Music Similarity Browsing
- Anchor space
- Playola browser
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(4] Music Similarity Browsing

 Most interesting problem in music IR is
finding new music

- Is there anything on mp3.com that | would like?

 Need a space where music/artists are arranged
according to perceived similarity

« Particularly interested in little-known bands
- little or no ‘community data’ (e.g. collab. filtering)
- audio-based measures are critical

 Also need models of personal preference
- where in the space is stuff | like
- relative sensitivity to different dimensions
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Anchor space

A classifier trained for one artist (or genre)
will respond partially to a similar artist

A new artist will evoke a particular pattern of
responses over a set of classifiers

« We can treat these classifier outputs as a new
feature space in which to estimate similarity

n-dimensional
Anchor | vector in "Anchor
cf Space”
Feat Anchor
sauire _” classifier P@;x) R
Audio calculation - —_— GMM
1 : p(aylx) )
Input_ —_— — - Anchor r Modeling
(Class i) II,' ;I;EXE; ; ;. \ll \ classifier . Similarity
= _ — p(a,|x) Computation
Audio > GMM /
Input  =——p Modeling
(Class j) _ > KL-d, EMD, etc.
Conversion to Anchorspace
Conversion to Anchorspace
J

« “Anchor space” reflects subjective qualiti
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Anchor space visualization

« Comparing 2D projections of per-frame feature
points in cepstral and anchor spaces:

Cepstral Features Anchor Space Features

Electronica

e madonna
bowie

1 05 0 0.5
third cepstral coef Country

fifth cepstral coef

- each artist represented by 5GMM
- greater separation under MFCCs!
- but: relevant information?
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Playola interface ( www.playola.org )

 Browser finds closest matches to single tracks
or entire artists in anchor space

e Direct manipulation of anchor space axes

-Mew Playlist-

S S e [wheisThe)
The Ballad of The Woodbury Muffin |
S ppe————

Gl n Mankey Draams 'éllihhlnankdhurv Muffin 2:57 CP;IE:{;;::?E [ Y I
M n {ﬁifenjld Dark Might 'éllﬁhﬁ:.:'e[;{:kdhurv Muffin 3:13 Dal_i:;n;;; EEEEEEEEEET T T T
L N Leo, The Ballad of Eﬁh‘l[;nkdbuw Muffin 1:48 I Electronica IR
o» nTﬂatw 1 Forgot To  The Woodbury MUfin. 4.0, g MetalNPunk _:

ell You QOutbreak Newwave NIRRT

Rap IR EEEEEEETTTTT 1]

RnBSoul NIRRT T -
SingerSongwriter |
SoftRock
TradRock

Female

HiFi

Similar Songs:

PN Baby I Forgot To Tell  The Woodbury Muffin

You Dutbreak
hn Mumber five Bizi Chyld 0.07 ‘*
[ 3 N Waiting for Your Love Toto 0.08 :, *
. R - s i PR 3 |, - s
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Evaluation

« Arerecommendations good or bad?

e Subjective evaluation is the ground truth

- .. but subjects don’t know the bands being
recommended

- can take a long time to decide if a
recommendation is good

« Measure match to other similarity judgments
- e.g. musicseer data:

Top rank agreement

70 LN
S N
50 | 7\ " —e— SrvKnw 4789x3.58
' —— —
—A A —=m— SrvAll 6178x8.93
% 40 \/\ GamKnw 7410x3.96
30 w-— '
= GamAll 7421x8.92
20 %’éﬁ\/ = X
10
0
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Summary

 Music transcription:
Hard, but some progress

e Music summarization:
New, interesting problem

e Music IR:
Alternative paradigms, lots of interest

Data-driven machine learning techniques
are valuable in each case
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