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Lab : Machine Listening

® Extracting useful information from sound
O ... like (we) animals do
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Motivation:
What is music!?

® VWhat does music evoke
in a listener’s mind?

® Which are the things that we
call “music™?




Oodles of Music

® What can you do with a million tracks?



Re-use in Music

® What are the most
chord progressions
in pop music!?
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Potential Applications

® Compression
® (lassification

® Manipulation

Data-Driven Music Understanding - Dan Ellis 2013-05-15 6/31




Eigenrhythms:
Drum Track Structure

® To first order,
all pop music has the same beat:

hihat [
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® Can we learn this from examples!?



Basis Sets

® Combine a few basic patterns
to make a larger dataset
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Eigenrhythm BeatBox

® Resynthesize rhythms from eigen-space
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Melodic-Harmonic Fragments

® How similar are two pieces!

® Can we find all the
POpP-Music !




MFCC Features

® Used in speech recognition

Let It Be (LIB-1) - log-freq specgram
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Chroma Features

® |dea:
Project onto |2 semitones
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Chroma Features

® To capture “musical” content
Let It Be - log-freq specgram (LIB-1)
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Beat-Synchronous Chroma

® Compact representation of
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Chord Recognition

® Beat synchronous chroma look like

chroma bin

chord=8

O can we transcribe them!? B

® Two approaches
O manual templates
(prior knowledge)
O |earned models
(from training data)



Chord Recognition System

® Analogous to speech recognition
O of features for each chord
O Hidden Markov Models for chord transitions
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Chord Recognition

® (Often works:
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What did the models learn?

Chord model centers (means)
indicate chord ‘templates’:

PCP_ROT family model means (train18)
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Finding ‘Cover Songs’

® |ittle similarity in surface audio...

Let [t Be - The Beatles Let It Be - Nick Cave

Let It e / Beatles / verse 1

Let It Be / Nick Cave / verse 1
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® . but appears in beat-chroma

Beat-sync chroma features
H u

Beat-sync chroma features

=

chroma

> OO0 TmO
N
'
N




Large-Scale Cover Recognition

® 2D Fourier Transform |,
Magnitude 2DFTM) |

O fixed-size feature

to capture “essence”

of chromagram:

® First results on finding covers in | M songs
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Finding Common Fragments

® Cluster beat-synchronous chroma patches
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Clustered Fragments
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Example Applications:
Music Discovery

Browse:

PR R 20 songs 4] you recently heard 1%

~-New Playlist-

| sneTwe | At  Time| Rating
The Ballad of The Woodbury Muffin
- ’.Tamtha 4:00 | _—

Outbreak
e The Woodbury Muffin - . AltNGrunge [N TSI
B » Monkey Dreams Outbreak 2:57 IR CollegeRock RN
# A Cold Dark Night The Woodbury Muffin 3:13 S Country I
(Live) Qutbreak DanceRock NN
D » BB Leo, The Ballad of g::b‘l’,‘;‘;‘:(db”” Muffin 1,48 — Electronica BN TTTTT]
anr Baby 1 Forgot To  The Woodbury Muffin .o, MetalNPunk I
Tell You Outbreak EEEETTT] NewWave NIRRT
Rap BN T T T T T T T T 117
RnBSoul
SingerSongwriter
SoftRock
TradRock
Female
HiFi

® Connecting
listeners
to musicians

Similar Songs:

® Baby I Forgot To Tell The Woodbury Muffin

You Outbreak
» 2 Number five Bizi Chyld 0.07 ” *
> n Waiting for Your Love Toto 0.08 ” *
> Excerpt from 'CD' Weirdomusic 0.08 ” *
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Playlist Generation

® |ncremental learning of listeners’ preferences

4'().4‘-\!“*14‘““7-7- Dlmande A ADTDD DAL AADDEINAQRTIDATI Tt mnds . Tosmm o dnmnsdes }p
300 6 Automatic Playlist Generator |
! " Rate good on finish 00:00:30°

( seed )( play )(pause)(repeat)( good )( bad ) f

gabriel_peter / Secret_World_Live_Disk_1_ / Blood_Of_Eden
gabriel_peter / Secret_World_Live_Disk_1_ / Red_Rain
gabriel_peter / Secret_World_Live_Disk_1_ / Steam b
springsteen_bruce / Live_1975-1985_disc_3 / Born_To_Run
paige_jennifer / Jennifer_Paige / Busted

blondie / Parallel_Lines / Picture_This

john_elton / Here_There_-_Disc_ll_There_Live_at_Madison_Squar
led_zeppelin / Led_Zeppelin_| / Babe_I_m_Gonna_Leave_You i
depeche_mode / People_Are_People / Work_Hard
counting_crows / Across_A_Wire_-_VH1_Storytellers / Angels_of_tH
matthews_dave_band / Live_at_Red_Rocks_8_15_95_Disc_1_/ Ty
coldplay / Parachutes / Shiver ~
wonder_stevie / Songs_in_the_Key_of_Life_Disc_2_ / Ngiculela_-_E—=
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MajorMiner: Music Tagging

® Describe music using words

e o6 Major Miner's music game
Qj /" % TAG 9 http://game.majorminer.com/ v = Q v Google Q
- A
| Major
dpwe's score: 342 SU a
: New clip
. Summary
i Change password Your laSt 1 0 CllpS
+  Admin
| Logout .
| () at 1:10 in “Silver Inches" from Enya's album A Day Without Rain
i Leaders Your tags: orchestral, slow, violins
! Someone else's tags
g '
| (») at 1:50 in "Ambition" from (Smog)'s album Supper
Your tags: country, male, guitar, drums
Someone else's tags
(») at 4:30 in “Life Form Ends” from The Future Sound of London's album .

Lifeforms Disc 2
Your tags: ambient, electronic, synth, sea, wash, noise
Someone else's tags

() at 0:00 in “The Road" from Chicago's album Chicago /l [Bonus Tracks]
Your tags: , saxophone
Someone else's tags

o\

() at 2:20 in “Ether" from Geri Soriano-Lightwood /The Baldwin
Brothers's aloum Cooking with Lasers

Your tags: , drums, , Spoken, male

Someone else's tags




Classification Results

01 Soul Eyes

® Classifiers trained from top 50 tags
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Music Transcription

feature r ep| esentauon / feature vector

Training data and features: e
*MIDI, multi-track recordings,
playback piano, & resampled audio Trsar ] BelE
(less than 28 mins of train audio). gau=mpaE L e A
eNormalized magnitude STFT. (g g e v e e glonte) NN
* classification posteﬂlmjiors
Tsmuun‘_ = m -'-_._-- = = —"I--'-:
Classification: T e i Lot B S
*N-binary SVMs (one for ea. note). ol mpryt At s (R
eIndependent frame-level 2t i - "_""—"—_ﬂ._.t
classification on 10 ms grid. "l I b T T et
Dist. to class bndy as posterior. e - R itasiag -L H
* hmm smoothing
Temporal Smoothing: Te-I- T
*Two state (on/off) independent il - coT ]
HMM for ea. note. Parameters f - . = = _
learned from training data. Caf T
*Find Viterbi sequence for ea. note. = - - -




MEAPsoft

® Music Engineering Art Projects

O collaboration between EE
and Computer Music Center

c————=—llider Usef O O O MEAPs
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Conclusions

> Low-level o |
features Classification browsing
and Similarity discovery
production
a Melody
and notes
Music ‘
audio <
L ey .
. and chords Music modeling
Structure generation
Discovery curiosity
—

® | ots of data
+ noisy transcription
+ weak clustering
= musical insights?



