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Music Content vs. Music Context

* Features can be extracted from any audio file

Advantages of Content Analysis ﬁ

* No other data or community necessary

* No cultural biases (i.e., no popularity bias, no subjective ratings etc.)

Advantages of Context Analysis -5 5

indugbrial_

* Captures aspects beyond pure audio signal rock!. esleecdgrgnlc

female vocalists

* No audio file necessary
» Usually, user-based features are closer to what users want
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Music Content vs. Music Context

Challenges for Context-Based Feature Extractors
* Dependence on availability of sources (Web pages, tags, playlists, ...)
 Popularity of artists may distort results

* Cold start problem of community-based systems (newly added entities
do not have any information associated, e.g. user tags, users’ playing

behavior)
 Hacking and vandalism (cf. last.fm tag “brutal death metal”)

* Bias towards specific user/listener groups (e.g., young, Internet-prone,
metal listeners 1n last.fm)

* (Reliable) data often only available on artist level
Challenge for both Content and Context Analysis
 Extraction of relevant features from noisy signal
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Context- and Web-Based Methods

In the following, contextual data refers to extended
meta-data, usually
— Generated by users

— Unstructured data-sources
— Accessible via the Web

Two main classes of approaches covered in the
following
— Text processing

— Co-occurrence analysis

As for content-based methods, similarity 1s the central
concept for retrieval
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Text-Based Approaches

Data sources:

- Web pages retrieved via Web search engines —
i 51 Google

- microblogs on Twitter %

- product reviews Epinions @ =@

- semantic tags |Q3tfm
the social music revolution

- lyrics

LyricS.
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Text-Based Similarity and Genre Classification

Use Web data to transform the music similarity task into a
text similarity task

Allows to use the full armory of IR methods, typically...
— Bag-of-words, Vector Space Model
— Stopword removal, dictionaries, term selection
— TF-IDF
— Latent Semantic Indexing
— Part-of-Speech tagging
— Named Entity Detection

— Sentiment analysis

Large range of possible similarity measures

— Overlap, Manhattan, Euclidean, Cosine, etc.
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Related Web Pages as Text Source
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Related Web Pages as Text Source

Gox )8[6"“ Web pages features

®

SR IX L.

similar to... ?
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Related Web Pages as Text Source

* Using search engines and queries such as
“artist” +music

“artist” +music +review
(Whitman, Lawrence; 2002) (Baumann, Hummel; 2003) (Knees et al.; 2004)

* Analyze
— result page directly or
— download up to top 100 Web pages (combine into one
“virtual document” or analyze separately)
* Apply “IR magic”
* Applicable for similarity estimation, classification,
retrieval, annotation

(NB: Most discriminating terms between genres are artist names

and album/track titles) r benertment of
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»
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Large-Scale Study

Investigating different aspects in modeling artist term profiles from Web pages
(Schedl et al.; 2011)

(9,200 experiments):

- term frequency

| Abbr. | Description | Formulation

TF_A Formulation used for binary match ra,r = { - 71“,6 Td
SB=b 0 otherwise

TF_B Standard formulation ra,e = fa,i
SB=1t

TF_C Logarithmic formulation ra,s = 1+ log, fa

TF_C2 | Alternative logarithmic formulation suited for fa: <1 | ra: = log (1 + fa:)

TF_C3 Alternative logarithmic formulation as used in lic vari- | rq: = 1 4+ logy fa+
ant

TF_D Normalized formulation Td.t }T"‘i-;-,‘—

TF_E Alternative normalized formulation. Similar to [55] we | rq, = K+ (1 — K) - %
use K = 0.5.
SB=mn

TF_F Okapi formulation, accurclliug tu [55, 36]. I*?ur W weuse | rg¢ = e +""’dﬁ':dgn(“’¢)
the vector space formulation, i.e., the Euclidean length.

TF_G Okapi BM25 formulation, according to [35]. rd.¢ (b1 1) Ja.e =

fd-"'"kl'l“_b)"'b'md?“?J
ki =1.2,b=0.75
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Large-Scale Study

Investigating different aspects in modeling artist term profiles from Web pages

(9,200 experiments): (Schedl et al.; 2011)

- term frequency
- inverse document frequency

| Abbr. [ Description | Formulation
IDF_A Formulation used for binary match we = 1
SB==x
IDF_B Logarithmic formulation we = log, (1 + %)
SB=f
IDF_B2 | Logarithmic formulation used in l{¢ variant we = log, (l:)
IDF_C Hyperbolic formulation Wy = %
IDF_D Normalized formulation we = log, (1 + J}'jf)
IDF_E Another normalized formulation wy = log, Nf'rf -
SB=p
The following definitions are based on the term’s noise | ng = > (—J;'_f—;‘ log, f;—r‘)
n¢ and signal s;. € De = _
s¢ = logo(Fy — ny)
IDF_F Signal Wy = 8¢
IDF_G | Signal-to-Noise ratio we = 24
IDF_H wy = (max n,/) — N¢
t'eT
IDF_I Entropy measure wy =1 — l_nr_N
oga
- o N fAr 3D = 1 - [2F ¢ 1. N—J:¥0.5
IDF_J | Okapi BM25 IDF formulation, according to [35, 31] | we = log s
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Large-Scale Study

Investigating different aspects in modeling artist term profiles from Web pages

(9,200 experiments): (Schedl et al.; 2011)

- term frequency

- inverse document frequency

- virtual document modeling: concatenate all Web pages/posts of the artist or
perform aggregation via mean, max, etc.
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Large-Scale Study

Investigating different aspects in modeling artist term profiles from Web pages

(9,200 experiments):

- term frequency

- inverse document frequency
- virtual document modeling: concatenate all Web pages/posts of the artist or
perform aggregation via mean, max, etc.

- normalization with respect to document length

(Schedl et al.; 2011)

Abbr. Description Formulation

NORM_NO No normalization.

NORM_SUM | Normalize sum of each virtual document’s term feature vector to 1. Yo w1
fE'Td

NORM_MAX | Normalize maximum of each virtual document’s term feature vector to 1. | maxr ; = 1

teTy

C
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Large-Scale Study

Investigating different aspects in modeling artist term profiles from Web pages

(9,200 experiments): (Schedl et al.; 2011)
- term frequency

- inverse document frequency

- virtual document modeling: concatenate all Web pages/posts of the artist or
perform aggregation via mean, max, etc.

- normalization with respect to document length

- similarity measure [Abbr. | Description [ Formulation
SIM_INN | Inner Product Sajda = Y. (Wdy,t-Way,t)
tE‘le.dg
Yz (wa, ¢ wdn.t)
- 5 2.teT,  Wdy ,t do .t )
losine \as1ITe y e dy.dg <
SIM_COS Closine I\IL.dhllIL -‘—’dl.d-)_ = ““'dl“""do
2Y teT, (way,t-wdg,t)
. ~ - g —~teTy 4, 1- 2.
SIM_DIC | Dice Formulation Qg = 192
1,42 W< 4Wwe
dq do
v“-—' (‘U.' srw o)
- . - LteTy .do \ dy .t do .t
SIM_JAC | Jaccard Formulation Sd1.d2 = 33 — .
'dl"‘ "dQ—Z fvE'le.d'_)(u'dl.?’u'dz.f)
T e (wdy .t wag.t)
- - . — —~teTyg, d. dy.,t"Wdo,t
SIM_OVL | Overlap Formulation o Los
2 min( W &'1 W o)
-~ . e . . | 4 2
SIM_EUC | Euclidean Similarity Daja, = | Y (way,t— wayt)

‘\" té'rdl Jdo

Sdy,dy = (“li‘xdq dy (Dag ar )) — Da, 4,

SIM_JEF | Jeffrey Divergence-based Similarity | Sa, .4, = (maxdfl d (Dd'l ! ‘)) — Dy, 4,

D(FE,.G)=) (ﬂ_ log £ + g, o % )

/ S my
(3

m . — m



Large-Scale Study

Investigating different aspects in modeling artist term profiles from Web pages

(9,200 experiments):
- term frequency

- inverse document frequency
- virtual document modeling: concatenate all Web pages/posts of the artist or
perform aggregation via mean, max, etc.
- normalization with respect to document length

- similarity measure
- index term set

(Schedl et al.; 2011)

Abbr. / Term Set

Cardinality

Description

TS_A - all_terms

C224a, QS_A: 38,133
C224a, QS_M: 19,133
C3ka, QS_A: 1,489,459
C3ka, QS_M: 437,014

All terms (stemmed) that occur in the corpus of the
retrieved Twitter posts.

TS_S - scowl_dict

698,812

All terms that occur in the entire SCOWL dictionary.

TS_N - artist_names

224 / 3,000

Names of the artists for which data was retrieved.

Manually created dictionary of musically relevant terms.

TS_D - dictionary 1,398

TS_L - last.fm_toptags ye | Overall top-ranked tags returned by last.fm’s Tags.getTopTags
- - function.

TS F - freebase 9 gog | Music-related terms extracted from Freebase (genres, instru-

ments, emotions).




Large-Scale Study

Investigating different aspects in modeling artist term profiles from Web pages

(9,200 experiments): (Schedl et al.; 2011)
- term frequency

- inverse document frequency

- virtual document modeling: concatenate all Web pages/posts of the artist or
perform aggregation via mean, max, etc.

- normalization with respect to document length

- similarity measure

- index term set

- query scheme

Abbr. | Query Scheme

QS_A “artist name”

QS_M “artist name”+music
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Large-Scale Study

Investigating different aspects in modeling artist term profiles from Web pages

(9,200 experiments): (Schedl et al.; 2011)
- term frequency

- inverse document frequency

- virtual document modeling: concatenate all Web pages/posts of the artist or
perform aggregation via mean, max, etc.

- normalization with respect to document length

- similarity measure

- index term set

- query scheme

implemented in our CoMIRVA framework available from http://www.cp.jku.at/comirva

Department of
® | Computational
»

Perception




Interesting Findings

- modeling artists as virtual documents is preferable

- using query scheme “artist” +music outperforms “artist”

- normalization does not yield a statistically significant difference

- standard cosine similarity measure does not yield the very best results,
but the most stable ones (varying other parameters)

- consistent results among the (top-ranked) variants for two collections

- minor change in one parameter can have a huge impact on performance

- overall winners in terms of term weighting functions:
TF C3.IDF I
TF C3.IDF H — logarithmic formulations for TF and IDF
TF C2.IDF I

(Schedl et al.; 2011)
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Web-Based Descriptions for Browsing

“MllSiCSllll” . @
(Pampalk, Goto; 2007) ' @

pop

* Interactive “Artist new york
Recommender”

bad

 Recommendation

1s influenced/directed
by selecting relevant
similarity dimensions

singing -

gangsta

Query artists o
* Combines different ()
similarity measures oo O@o

7

3 types of similarity: audio, web-based, word
overall similarity = weighted average of ranks

H;.;.,.,
@ 01 Method Man oo

beats

| D_\/> lap@

ale

Jack Johnson

Ben Ha er

10 Dr. Dre oo

male, east coast, gangsta, dirty
rap, beats, jam, solo
02 Will Smith ce
rap. male, gangsta, pop, youn
party, positive, bad, fun
03 Jay-1 vo
rap, notorious, new york, harc
gangsta, easl coast, hard, cd
04 De LaSoul oo
soul, jungle, art, old school, 1
rap, gangsta, trio, ghetto
05 Wu-Tang Clan oo
rap, solo, male, beats, ghef
dirty, cuban, chamber, east
04 Goodie Mob oo
rap, dirty, party, gangsta, g
southern, soul, ghetto, beats
07 Gravediggaz oo
hotrorcore, rap, chamber, b
poetic, gangsta, east coast,
08 Wycleflean oo
rap, pop, party, singing, hot
caribbean, reggae, solo, chol
09 R Kelly & Jay-1 co
notorious, gangsta, chicago, mj
rap, singing, sexval, concert

rap, complex, g-funk, rnb, young

gangsta, wesglcoaslt, beats, hot
Page: 1

Relevant word dimension
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Web-Based Texts for Indexing and Retrieval

* Use Web data to transform music retrieval into a text retrieval task
* Find associated (or associable) texts and use them instead of music
* Allows for diverse and semantic queries

29 ¢¢

(e.g, “chilled music”, “great riffs”)

Search Sounds (Celma et al.; 2006)
Crawl lists of RSS feeds and use Weblog entries to index pieces

Squiggle (Celino et al.; 2006):
Combine meta-data databases (like MusicBrainz) for rich indexing

Gedoodle (Knees et al.; SIGIR 2007):
Query Google and combine Web pages to index pieces
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Gedoodle

LS @ Go ogle“

MP3

Digital audio collection

Audio
similarity

| TFIDF

Audio features

Coosle > ,
o A\

:1> 1=} ' Modified !
st Adescuplor=l)

Relevance
ranking
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Gedoodle

(Knees et al.; SIGIR 2007)

* For each track: join 100 Google results of
— ““artist” music

29 ¢¢

— ““artist” “album” music review

— ““artist” “title” music review -lyrics
* Combine all pages into one virtual document
e Create normalized TFIDF vector for each track

* Include audio similarity for vector modification and
dimensionality reduction
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Gedoodle (Example queries)

Geduodle wmn Gedoodle smmmm:

Results 18 - 27 of 1691 for damon albarn. (0.02 seconds) Results 1 - 10 of 1774 for smooth and relaxing. (0.02 seconds)

} Search for Music

‘[ Search for Music ]

Music Is My Radar
by blur
from the album: blur: the best of

Genre: Alternative - 192 kBit/s - length: 5:29 min. Listen Genre: Acid Jazz - 168 kBit/s - length: 6:25 min. Listen
On Your Own Higher

by blur by Count Basic

from the album: blur: the best of from the album: Bigger & Brighter

Genre: Alternative - 192 kBit/s - length: 4:27 min. Listen Genre: Acid Jazz - 192 kBit/s - length: 4:00 min. Listen
Girls & Boys Sweet Luis

by blur by Count Basic

from the album: blur: the best of from the album: Moving In The Right Direction
Genre: Alternative - 192 kBit/s - length: 4:19 min. Listen Genre: Acid Jazz - 158 kBit/s - length: 5:11 min. Listen
There's No Other Way Got To Do

by blur by Count Basic

from the album: blur: the best of from the album: Moving In The Right Direction
Genre: Alternative - 192 kBit/s - length: 3:14 min. Listen Genre: Acid Jazz - 167 kBit/s - length: 4:58 min. Listen
Feel Good Inc. John Lee Huber

by Gorillaz by Tosca

from the album: FM4 Soundselection 12 from the album: JA.C.

Genre: Alternative - 192 kBit/s - length: 4:20 min. Listen Genre: Electronica/Dance - 192 kBit/s - length: 4:33 min. Listen

Say So What
by Graham Coxon
from the album: Uncut - 2006.05

Genre: Rock - 192 kBit/s - length: 3:05 min. Listen

Slash Dot Dash
by Fatboy Slim

from the album: The Greatest Hits: Why Try Harder

Genre: Electronic - 192 kBit/s - length: 2:55 min. Listen

Joy And Pain
by Count Basic
from the album: Moving In The Right Direction

No More Olives
by Tosca
from the album: JA.C.

Genre: Electronica/Dance - 192 kBit/s - length: 6:02 min.

Naschkatze
by Tosca
from the album: JA.C.

Genre: Electronica/Dance - 192 kBit/s - length: 4:34 min.

Listen

Listen

Perception



Gedoodle Results

Effects of TFIDF feature space pruning using
content-similarity-based y?-test (Knees et al.; SIGIR 2007)

T T
—E— chisquare 50
0.6 —H&— chisquare 100 | |
q —¥— chisquare 150

no chisquare
0.55 — — —baseline

0.45

0.4

Precision

0.35|

0.3

0.25
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Gedoodle Results

Alternative: Document-centered ranking (Knees et al.; ECIR 2008)
* Indexing of all web documents in standard index
* Music query addresses this index
* Music ranking calculated from web doc ranking according to

RRS(m,q) = L+ [Dy| — rank(p, Dy)
1 1

])ED-m, me

—6— RRS
—¥— VSM approach |7
Baseline

Comparison with o7
vector space model

Precision
o
N

AN

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Recall




Semantic Querying via Auto-Tagging

* Use machine learning techniques to predict tags (labels) based on
song features (content, context, or combination)

* Automatic description of music (browsing) and automatic
generation of indexing terms for retrieval

 Mitigates “cold-start problem” in social tagging

Automatic Record Reviews (Whitman, Ellis; 2004)

Regularized least squares learning on TFIDF-Web and cepstral features
Autotagger (Bertin-Mahieux et al.; 2008)

Ensemble classifier to map MFCCs, autocorrelation, Const-Q. to Web tags

Semantic Music Discovery (Turnbull et al.; SIGIR 2007, 2009):
Combines timbre, harmony, Web texts, and Web tags to predict user labels

Semantic Annotation of Music Collections (Sordo; 2012)
Propagation of tags through audio similarity



Auto-Tagging/Retrieval by Tag

Learning indexing labels from content features
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Music Information Extraction from Web Pages

Web data 1s a rich source for all types of meta-data and semantic
relations

Methods from NLP, IE, Named Entity Detection for data extraction

* Genres, Moods, Similarities using Rule Patterns
(Gelennse, Korst; 2006)

 Band Members and Line-Up using Rule Patterns
(Schedl, Widmer; 2007)

* Band Members, Discography, Artist Detection (rule based)
(Krenmair; 2010)

* Band Members, Discography using Supervised Learning
(Knees, Schedl; 2011)

 Album cover detection and extraction
(Schedl et al., ECIR 2006)
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Microblogs as Text Sources

Radio Voorne fiovoor
Nu op @RadioVoorne: Justice vs. Simian - We Are Your Friends
radiovoorne #nowplaying

Jai Jones

Love this track. #NowPlaying Justice - Audio, Video, Disco. on
Spotify open.spotify.com/track/6igBiGFv...

Sophie Stratford
nowplaying Helix - Justice

radio2XS
JUSTICE - On 'n' On is #nowplaying @radio2XS. Listen at
tiny.cc/2xs

| =

Bawse Vik
nowplaying daft punk - something about us (remix) J
-»

Marcos Martin
Escuchando The Grid por Daft Punk #nowplaying #tunesday
tinysong.com/Yav2

encer
nowplaying Tron Legacy (End Titles) - Daft Punk

david.
“ nowplaying LCD soundsystem - daft punk is playing at my house.
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Microblogs as Text Sources: Scheme
(Schedl; 2012a)

,Lady Gaga
,Mozart®

Alcest” (+music)

Search results \ hicest #nowplaying Search ¥~

s 00m
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: . g
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T @ c 82
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25 Jutt
SRS et
iﬂ E.QE §§§ female vocaIISts Dino Maglinte = fiadinc 16 Fet
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i iz i indie rock"‘ 05805 unk
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Microblogs as Text Sources: Scheme
(Schedl; 2012a)
Large-scale study similar to (Schedl et al.; TOIS 2011)

Investigating different aspects in modeling artist term profiles from microblogs

(23,100 experiments):

- query scheme

- index term set

- term frequency

- inverse document frequency

- normalization with respect to document length
- similarity measure

Department of

implemented in our CoMIRVA framework available from http://www.cp.jku. a@m&jg% tional




Microblogs as text-based source: Results

60 : : -
1 T
9 1
S 40} .
[
o
< T :
= 20t I | .
A% o
0 L 1
Qs A Qs M
h 11 . bh
use query scheme “artist name
sof T T o - 3 + - T
. T
o : !
(2]
o | | I 1 | |
< £ L 22 B il 1 e
= 20} _
- L
0 1 1 1 1 1 | 1 | 1
TFA TFB TFC TFC2 TF.C3 TFD TFE TFF TFG
use log or Okapi BM?25
T T T T T T
60F T i3 ST o - wibe ol
1 1 ¥ | 1 1 |
| 1
o |
S 401 | -
2]
o | 1 | 1 |
< s o il SO ] |
=20 A
J
1 1 1 1 1

0 1 1
SIM_COS SIM_DIC SIM_EUC SIM_INN SIM_JAC SIM_JEF SIM_OVL

(Schedl; 2012a)

|-
|
]

— e |
1 | 1 L I

» E— ‘
3 40 1
® ; L
% it
= 20F

+ 1 1 1 1 +

TS A TS D TS F TS L TS N TS S

music-specific dlctlonary favorable

gﬁﬁTéﬁ ﬁﬁﬁ

I
L

IDF_A IDF_B IDF__B2IDF C IDF D IDF E IDF F IDF G IDF H IDF | IDF J

use logarithmic formulations

T
—

60 | T |
1 L 1
o
8 40r
L 1
o
< e O o
= 201 :
w :
—1
0 1 1 1
NORM_MAX NORM_NO NORM_SUM

don’t use Euclid; use Jeffrey or Inner Prod.

no document length normalization
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Product Reviews as Text Sources

Bokter than (roes, peogdance in the mabing Try ol of this.

eren Thomace “Keren

4 “spuieredd

Sk, Vebmn, S (A O
. Read more
Brilastly Laagwative, but in the
sare sireen
hrrsr ) . wd ot 20 Read e
O ON'A 0N " On
.

Bead morw

— i ¢

Grest grest grest
L3 oman

New  Justice

Read move
D B CiBgpointment Sor 3
Nartcore daatice tan
- ~

Gebut SoR punk. 22 Jan 2004

Superor houte mus

i -
wead moce

If sumser was 8 sound it would
sound We this

Read moe

Quasny

Soch 8 great album!

Brimant

Read more

Department of
® | Computational
» Perception




Product Reviews as Text Sources

Exploiting sources such as Amazon.com or Epinions.com
(Hu et al.; 2005)

This review Is from: Ray of Light (Audio CD)

This is Madonna's work of art. And this CD is the very best collection of any music she has
ever produced since "Erotica.” Madonna's lyrics are beautiful and strong because even after
9 years it still stands the test of time. It's completely impossible for this CD to be dated,;
with the electronica feel to it and fast moving dance numbers, such as the title-track this CD
was way ahead of its time. Even in the double-00's "Ray of Light" is still very important as
both a dance record and a record of reflection and interpersonal renewal.

This review Is from: Never Gonna Give You Up (MP3 Download)

This is truly Astley's greatest opus.

The track is flawless. It is instantly accessible, but features many hidden layers and
pleasures that cannot be discovered upon the first listen alone. With this and all of his other
fantastic work, it's no wonder that Radiohead calls Astley their "greatest inspiration.”

Allows for sentiment analysis and associated rating prediction
Very prone to attacks (remedy: consider “helpfulness” ratings)
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Community Tags as Text Sources

00s alternative ambient chillout club cool dance dance punk dance-punk death
metal digital dirty electro disco distortion ed banger electro electro dance

electro house electroclash electronic electronic

elektro eletronic experimental favourite france frenCh french e}

french touch funk

00s 80s 90s

alernative alternative rock ambient

awesome Dbigbeat bilues chillout classic
rock club daft punk dance disco dub electro electrohouse electroclash

e I e ro n i c electronica electropop experimental favorites

e french frenchelectro

electropop

french house frenchtouch funk funky great
funky german glitch hardcore hardcore punk he use indie Industrial instrumental japanese jazz love metal
indletronica Instrumental justice love metal newrave nolse nurave pé

p progressive house psychedelic
psychedelic punk rock sexy synthpop techno

psytrance punk robots
thrash metal trance want

rock soul
soundtrack synth synthpop techno trance trip-hop
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Tag Sources

1960s 605 aaaaa tic american bacharach baroque baroque pop

°
[ ] ‘ Ommunlt37 boltonesque  brill buildingpop  burt bacharach chil classic composer disco driving
easy easy Ilstenlng everything favorite artists ~ favorites

t f film music film score fusion genius god greatinnovators guitar hal david inspirerande
e.g., Last.fm

instrumental jazz Iounge male malevocalists master melancholy music to

warm the heart and hands my ancients my tag o I d ies outstanding po p relax

rock score sexy singer-songwriter smooth Songwriter sophistopop soul

soundtrack spaceagepop swing symphonicpop us usa virtuoso vocal 2005

e.g., Soundcloud (annotations along timeline)

«{ Share ¥ Save to Favorites ¥ Download
1 comment at 0.44

X
l}' silentshoot 14 days ago
beautiful mashup!!:D
Post reply

Mgk 00 0 g ikl of 'h!'gg"“!‘, ||||I| I l‘ .

' N TagaTaneT .
* Games with a purpose (GWAP)

e . g 1K) Tag- a_ Tune '33‘:‘:'2'“ t.h(i tune.... Listening tomt"a‘.‘tune:?
(Law, von Ahn; 2009) e Teas

singing
male vocal

country

* Autotags (see before) onglsh

0.00 / 4.04
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Community Tags as Text Sources

Treating collections of tags (e.g., from Last.fm) as documents
(Pohle et al.; 2007) (Levy, Sandler; 2008) (Hu et al.; 2009)

* Retrieve tags for artist or track from Last.fm
* Cleaning of noisy and redundant tags:
manually or automatically (Geleijnse et al.; 2007)

e [ist of collected terms 1is treated as text document and TF-IDF’d
(Levy, Sandler; 2007)

 Optionally, LSA to reduce dimensionality

« Comparison of vectors via cosine similarity (or overlap score)

» Data often available 1n standardized fashion, dedicated terms for music

* Lower dimensionality
e.g., 13,500 tags vs. >200,000 Web terms (Levy, Sandler; 2007)

* Depends on community, needs annotators
« Hacking and Attacks!
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Lyrics as Text Source

Before day break there was none Around the world, around the world
And as it broke there was one Around the world, around the world
The Moon, the sun, it goes on 'n' on Around the world, around the world

The winter battle was won

The summer children were born Around the world, around the world
And so the story goes on 'n' on Around the world, around the world
Come woman if your life beats , Around the world, around the world
Those we buried with the house keys -

Smoke and feather where the fields are green Around the world, around the world
From here to eternity Around the world, around the world
Come woman on your own time Around the world, around the world
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Lyrics as Text Source

Topic Features (Logan et al.; 2004)
* Typical topics for lyrics are distilled from a large corpus using (P)LSA
(“Hate™, “Love”, “Blue”, “Gangsta”, “Spanish”)

* Lyrics are transformed to topic-based vectors, similarity is calculated via L, distance

* Alternative approaches use TF-IDF with optional LSA and Stemming for
Mood Categorization (Laurier et al.;2009) (Hu et al.; 2009)

Rhyme Features (Mayer et al.; 2008) (Hirjee, Brown; 2009)
 Phonetic transcription is searched for patterns of rhyming lines (AA, ABAB, AABB)
* Frequency of patterns + statistics like words per minute, punctuation freq. etc.

Other Features (Mahedero et al.; 2005) (Hirjee, Brown; 2009)
e Language, structure
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Text-based Similarity Approaches: Summary

Web-Terms Microblogs Reviews Tags Lyrics
Source Web pages platform  shops, platform Web service  portal
Community-based depends depends yes yes no
Level artists artists (tracks)  albums  artists (tracks) tracks (artists)
Feature Dimensionality very high high possibly high  moderate  possibly high
Specific Bias low low personal community none
Potential Noise high high low moderate low
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Similarity from Co-Occurrences

ldea: expect entities that occur frequently in the same context to
be similar

Data sources considered: |
* Page count estimates from Web search engines GO Ugle

* Shared folders/search queries on the Gnutella file sharing

network 770N
. . S (C \) o)
* Collaborative filtering on playcounts from Last.fm \o\g d

* Occurrences 1n playlists ‘ %tfm

a:!t ':.F tHE '.11:.: the social music revolution
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Search Engine Page Count Estimates

(Schedl et al.; 2005)

For all pairs of artists: query “artist 1” “artist 2” +music +review
For each artist: query “artist” +music +review 1~
D Google

Use page counts for sim. (results in quadratic page count matrix)

];')("( :L . :1,) + ])(‘(flz' \ :1]) )
pc(A;) pc(A;)

| |
S1Mpe_ep(Aiy Aj) = 5 (

To avoid quadratic number of queries: download top 100 pages for each
artist and parse for occurrences of other artists (linear complexity)

NB: asymmetry of pc matrix can be used to identify prototypical artists!
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Shared Folders in a P2P Network 2%
.9
Make use of meta-data transmitted as files names or ID3 tags in P2P
network OpenNap (Whitman, Lawrence; 2002) (Ellis et al.; 2002)

Information gathered from users' shared folders (no file downloads!)
Similarities via artist co-occurrences in collections (cond. prob.)
Sparse co-occurrence matrix

Experiments on Gnutella network (Shavitt, Weinsberg; 2009):

* meta-data highly inconsistent

* can be used as song-based similarity measure and to estimate
localized popularity/trends (matching IP addresses difficult!)
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Last.fm Playcounts

Use explicit or implicit ratings of users or ‘ %t.fm
interpret number of plays of a song as a “rating”

the social music revolution

Results 1n a user-track rating matrix

Use standard collaborative filtering approaches to predict

similarities (or to recommend unknown music)
e.g., (Resnick et al.; 1994)

Iltem-based: compare tracks by calculating similarity on vectors
over all users

User-based: find similar users by comparing listening pattern
vectors; use to find relevant/similar tracks yet unknown to user
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Playlist Co-Occurrences

Analysis of co-occurrences of artists and songs on radio station
playlists and compilation CD databases (CDDB)  (Pachet et al.;2001)

1 |cooc(A;, Aj) N cooc(A;, A;)
2 cooc(A;, Ai)  cooc(Aj, Aj)

SiMpl_cooc(Ai, Aj) =

Analysis of 29K playlists from “Art of the Mix” (Cano, Koppenberger;2004):
artists similar if they co-occur 1n playlist (highly sparse)

Analysis of >1M playlists from “MusicStrands” (Baccigalupo et al.; 2008):
 distance in playlists taken into account B,=15,=08 p,=0.64

(llsfpg d —1 -1 Z fh (Ih ’1 ‘1 (1’/2(:1]:11)]

* playlist prediction using case “based reasoning

Department of
® | Computational
» i

Perception




Co-occurrence-based Approaches: Summary

Web Co-Ocs Playcounts P2P nets Playlists
Source search engines, listening shared radio, compilations,
Web pages service folders Web services
Community-based no yes yes depends on source
Level artists tracks artists (tracks) artists (tracks)
Specific Bias "wikipedia"-bias  popularity community low
Potential Noise high low high low

Department of
® | Computational
»

Perception




