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Context- and Web-Based Methods

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

— Stemming from unstructured data-sources
— Accessible via the Web

Text processing methods used for:
— Music similarity (again, the central concept for retrieval)
— Music indexing and retrieval
— Tagging of music
— Complementing audio-based methods
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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-1IDF

— Latent Semantic Indexing, Latent Dirichlet Allocation

— Part-of-Speech tagging
— Named Entity Detection
— Sentiment analysis

Large range of possible similarity measures
* Qverlap, Manhattan, Euclidean, Cosine, BM235, etc.

‘.
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Levels of Music Context Feature Extraction

High-level

Examples:
style, mood, intentions, meaning (e.g., lyrics), “semantics”

Mid-level

Examples:
tags, concept clusters, topics, sentiments

‘ o Low-level

O 10 Examples
011010 characters, words, n-grams, part of speech, co-occurrences
0 01001100



Sources of Extended Music Meta-data

Text-based data sources used in MIR:

- Web pages retrieved via Web search engines (7, gle

- microblogs on Twitter %

- product reviews  Epinions & =&

- semantic tags ‘C\Stfm
the social music revolution

- lyrics

- biographies

Lyrics.
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Related Web Pages as Text Source
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Related Web Pages as Text Source

Gox )gle"* Web pages features

o XX X

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 1nto 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) s
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Large-Scale Study

Investigating differentaspects in modeling artist term profiles from Web pages

(9,200 experiments):

- term frequency

(Schedl et al.; 2011)

| Abbr. | Description | Formulation

TF_A Formulation used for binary match o { : 71” & Td
: 0 otherwise
SB =Db

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

TF_C Logarithmic formulation ras = 14 log, fa:

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

TF_C3 | Alternative logarithmic formulation as used in lte vari- | rq: = 1 + logs fa.
ant

TF_D Normalized formulation rdi = %{—

TF_E Alternative normalized formulation. Similar to [55] we | rqy = K+ (1 —K) - ff‘jT;f
use K = 0.5.
SB =n

TF_F Okapi formulation, accor('ling tu [55, 36] F.or W weuse | rg, = FoeTWa ,’,z'lfdép o
the vector space formulation, i.e., the Euclidean length.

TF_G Okapi BM25 formulation, according to [35]. ras = (k1+1) fa,e i

fd-‘“‘"{“"’“‘”‘mdﬁmJ
ki =1.2,b=0.75
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Large-Scale Study

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

(9,200 experiments):
- 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=Ff
IDF_B2 | Logarithmic formulation used in lfc variant we = log,_ (%)
IDF_C Hyperbolic formulation we = j—lt
IDF_D | Normalized formulation we = log_ (1 + J}A)
IDF_E | Another normalized formulation we = log, & Yf_t’ L
SB=p
The following definitions are based on the term’s noise | ny = Y. (—f;—;’ logs fg;“)
n¢ and signal s;. d€ Dy _
s¢ = logo(Fy — ny)
IDF_F Signal W = S¢
IDF_G Signal-to-Noise ratio we = =
IDF_H we = (max n,;) — N
veT
IDF_I Entropy measure we=1-— 10_:2;\
— < o accord: NG ] N—J:¥US
IDF_J | Okapi BM25 IDF formulation, according to [35, 31] | we = log =5t
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Large-Scale Study

Investigating differentaspects 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 differentaspects 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. ¥ was=1
fE’Td

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

teTy

Department of
® | Computational
»

Perception




Large-Scale Study

Investigating differentaspects 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 Styas = Y. (W, Wap,t)
tE'le.dg
>  EEETRE
2.teT, dy,t do ,t )
_losi > o e a e e dl.d-') \ 1 2
SIM_CO0S | Cosine Measure Sdy,dp = Wa, Wag
2% et (wa, .t-wdo.t)
. n) . — ~tEL g do \ 1.0 2.t
SIM_DIC | Dice Formulation S = L2
N W a +W a.
1 2
i (way .t Wdo.t )
N — ~y -’—v«»:Td do \ dl.n d_)_,.‘
SIM_JAC | Jaccard Formulation Sdy.ds = —=—— \i - ,
W2 +W3Z % T (wdy,e*wdg,¢)
T"_'T (‘ufd "u'd' ¢)
- ~ . —~ ~tclg, d 1.0 2,8
SIM_OVL | Overlap Formulation Sdy,dy = b
= min(W 1 W i)
=1 2
~ . e . . T p N
SIM_EUC | Euclidean Similarity Dija,= [ 3 (wayt— Way,e)

V t€Tq, 4y

Sdy,dy = (maxdll .d.’:_,(Ddll ) _)) — Da, 4,

SIM_JEF | Jeffrey Divergence-based Similarity | Sg, 4, = (mmzdfl d, ('Dd'l b .)) — Dag, 4,

D(F,G) =Y (filog Lt + g.log 2




Large-Scale Study

Investigating differentaspects 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 950 Overall top-ranked tags returned by last.fm's Tags.getTopTags
- - function.

TSR ““frecbine 9628 Music-related terms extracted from Freebase (genres, instru-

ments, emotions).




Large-Scale Study

Investigating differentaspects 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 differentaspects 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
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Interesting Findings

- modeling artists as virtual documents is preferable (Schedl etal.; 2011)

- 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 — logarithmicformulationsfor TF and IDF
TF _C2.IDF I

‘.

Department of
Computational
Perception



Search Engine Page Count for Similarity

(Schedl et al.; 2005)

Idea: expect entities that occur frequently 1n the same context to be
similar = search engine page counts estimates indicate this

For all pairs of artists: query “artist 1” “artist 2” +music +review
For each artist: query “artist” +music +review C OC )g[e‘

Use page counts for sim. (results in quadratic page count matrix)
_ | L (pc(Ai,A;)  pc(Ai Aj)
simy. o (A A:) = = _ -
Ppecy (4i, 4;) 2 ( pc(A;) * pc(Aj)

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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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
(Geleijnse, 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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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 r1{fs”)

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

Google ==)

Related Web pages

' Audio :<:I>: TFIDF |
| similarity | ! descriptors |

Coﬂ,)qlc> :I|> 555 | Modified E
S = ! descriptors |

Relevance J

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 TF

F vector for each track

* Include audio similarity for vector modification and

dimensionality reduction
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Gedoodle (Example queries)

G Q.J‘_ug&l @ [damonaibam

‘[ Search for Music ]

Results 18 - 27 of 1691 for damon albarn. (0.02 seconds)

Music Is My Radar

by blur

from the album: blur: the best of

Genre: Alternative - 192 kBit/s - length: 5:29 min.

On Your Own

by blur

from the album: blur: the best of

Genre: Alternative - 192 kBit/s - length: 4:27 min.

Girls & Boys

by blur

from the aloum: blur: the best of

Genre: Alternative - 192 kBit/s - length: 4:19 min.

There's No Other Way

by blur

from the aloum: blur: the best of

Genre: Alternative - 192 kBit/s - length: 3:14 min.

Feel Good Inc.

by Gorillaz

from the album: FM4 Soundselection 12

Genre: Alternative - 192 kBit/s - length: 4:20 min.

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

Listen

Listen

Listen

Listen

Listen

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

Slash Dot Dash
by Fatboy Slim

from the aloum: The Greatest Hits: Why Try Harder

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

Q QJLU J_l e [smooth and relaxing

‘[ Search for Music ]

Results 1 - 10 of 1774 for smooth and relaxing. (0.02 seconds)

Joy And Pain
by Count Basic
from the aloum: Moving In The Right Direction
Genre: Acid Jazz - 168 kBit/s - length: 6:25 min.

Higher

by Count Basic

from the album: Bigger & Brighter

Genre: Acid Jazz - 192 kBit/s - length: 4:00 min.

Sweet Luis

by Count Basic

from the aloum: Moving In The Right Direction
Genre: Acid Jazz - 158 kBit/s - length: 5:11 min.

Got To Do

by Count Basic

from the aloum: Moving In The Right Direction
Genre: Acid Jazz - 167 kBit/s - length: 4:58 min.

John Lee Huber
by Tosca
from the album: JA.C.

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

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

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

Naschkatze
by Tosca
from the album: JA.C.

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

Listen

Listen

Listen

Listen
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Gedoodle Results

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

T T
—O— chisquare 50
0.63 —+H— chisquare 100 | |
Bl —¥— chisquare 150

no chisquare
0.55 — — —baseline

0.45

04

Precision

035

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) = 1+ |Dy| — rank(p, Dy)
1 1

pED'm. me

0.8
q

Comparison with 07}
vector space model

—6— RRS
—¥%— VSM approach |7
Baseline

Precision
© o o o
w N [6)] [e)]

o
N

N\

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Recall

o
—

o
o




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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(Sordo; 2012)
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Microblogs as Text Sources

Radio Voome

Nu op @RadioVoorne: Justice vs. Simian - We Are Your Friends | Bawse b ‘
radiovoorne #nowplaying J nowplaying daft punk - something about us (remix) J
d
Jal Jones ) Marcos Martin
Love this track. #NowPlaying Justice - Audio, Video, Disco. on s Escuchando The Grid por Daft Punk #nowplaying #tunesday
Spotify open.spotify.com/track/6igBiGFv... J tinysong.com/Yav2 ! ;
b Sophie Stratford t , oncer |
1y wolaving e o y ‘
| | #nowplaying Helix - Justice = nowplaying Tron Legacy (End Titles) - Daft Punk 1
pe
radio2Xs : f devid. aa ‘
;’;’S::c;g On 'n* On is #nowplaying @radio2XS. Listen at “ nowplaying LCD soundsystem - daft punk is playing at my house.
iny.cc/2xs
—— J—
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Microblogs as Text Sources: Scheme
(Schedl; 2012a)
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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
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Microblogs as text-based source: Results

60 f _'_ i
§40— .
% . ,
= L L 1

g QSI A OSI M
use query scheme “artist name”
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T

[
o
T

MAP score
H{ TH
»
1
Bl
1
| -
{0
[T}
L

o

(Schedl; 2012a)
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music-specific dlctlonary favorable

598005 £980

L
_L
I I I I 1 1 1

0
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use logarithmic formulations

L T T T T T
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4 | o
g 40t L s g 40t
2] y & ]
o | | |
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=20 A = 20t :
w i . ;
-1 4
0 1 1 1 1 1 1 1 0 1 1 1
SIM_COS SIM_DIC SIM_EUC SIM_INN SIM_JAC SIM_JEF SIM_OVL 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

s Thomsce

Bokter than Croas; prog-dance in the mabing

Khnren® (¢
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Read more
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Read mive
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Bead more

New ' Justice

Read move
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Bead more
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Read more
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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 elect ro electro dance
electro house electroclash elect ro n i c electronic
elektro eletronic experimental favourite france fre nCh french el

french touch funk

00s 80s 90s alernative alternative rock ambient awesome bigbeat blues chillout classic

electropop

e I e ro n i c electronica electropop experimental favorites

e french frenchelectro

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

p progressive house psychedelic psytrance punk robots rock soul
psychedelic punk rock sexy synthpop techno thrashmetal trance want1td see live soundtrack s

synth synthpop t@CHRNO trance trip-hop
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Tag Sources

° 1960s 605 aaaaa tic american bacharach baroque baroque pop
[ ] ‘ Ommunlt’) boltonesque  brill buildingpop burt bacharach chill classic composer disco driving

easy easy I Iste n I n g everything favorite artists favorites
e ast fm filmmusic film score fusion genius god greatinnovators guitar haldavid inspirerande

instrumental jazz Iounge male male vocalists master melancholy music to

warm the heart and hands my ancients my tag o I d |es outstanding p o p relax
rock score

sexy singer-songwriter smooth Songwriter sophistopop soul
SOundtrack space agepop swing symphonicpop us us

e.g., Soundcloud (annotations along timeline)

«{ Share ¥ Save to Favorites ¥ Download

O

a virtuoso vocal 2005

1 comment at 0.44
r" silentshoot 14 days ago

X

beautiful mashup!!l:D

Post reply

]lj T} 4 o 0 g il Iijalnll_llni.n llluluﬂ_mll IIIIII || l\ i
0.00 / 4.04 (8 gy R oy T2 y e i VU I K s 10 [ PSRN 1| 8 Ry h=ilke ) Be

* Games with a purpose (GWAP)

S Describe the tune ... Listening to the same tune?
e.g., Tag-a-Tune ool pr et
(Law, von Ahn; 2009)

your descripbons
piano

yOur partaer's descriptions

singing
no vox male vocal
bono

* Autotags (see before) i
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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 List of collected terms is 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 in 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 etemnity Around the world, around the world
Come woman on your own time Around the world, around the world

Department of
Computational
Perception



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 1s 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 rhyminglines (AA, ABAB, AABB)
* Frequency of patterns + statistics like words per minute, punctuation freq. etc.

Other Features (Mahedero et al.; 2005) (Hirjee, Brown; 2009, 2010)
» Language, structure, artist identification
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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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Combining Music Content and Context

Music content and context features

— Stem from different sources

— Describe different dimensions

— Can be combined beneficially
Different approaches shown in three applications in the
following

— Rank-based similarity combination =2 MusicSun

— Context-based filtering of content similarity = “The Wheel”

— Description of content-based clustering = nepTune

Many more exist, e.g., transformed, “semantic” audio
space learned from tag embedding
C S
»

Perception




Similarity Combination for Browsing

“MusicSun”
(Pampalk, Goto; 2007)

. . pop
e Interactive “Artist new york
Recommender”
bad
e Recommendation
1s influenced/directed
singing

by selecting relevant
similarity dimensions

gangsta

Query artists

ONo

ooo
0000

urban

 Combines different
similarity measures

®

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

m_:._w y
@ 01 Method Man 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 ce
rap, notorious, new york, harg
gangsta, east coast, hard, c(
04 De La Soul oo
soul, jungle, art, old school, 1
rap, gangsta, trio, ghetto
05 Wu-Tang Clan oo
rap, solo, male, beats, ghefi
dirty, cuban, chamber, easl
04 Goodie Mob oo
rap, dirty, party, gangsta, g
southern, soul, ghetto, beats
07 Gravediggaz oo
horrorcore, rap, chamber, bé
le poetic, gangsta, east coast,
08 Wycleflean oo
rap, pop, party, singing, hot
caribbean, reggae, solo, choi
09 R Kelly & Jay-1 cao
noforious, gangsta, chicago, n
rap, singing, sexuval, concert
10 Dr. Dre oo
rap, complex, g-funk, rnb, young

gangsta, wesgkoast, beats, hot
Page: 1

Relevant word dimension

C

beats

Jack Johnison

Ben Ha er
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Contextual Filtering for Playlist Generation

(Knees et al.; 2006)

Idea: combine music content + music context
features to improve and speed up playlist

generation

Application scenario: “The Wheel” — create a

| 4ahiv)g punos s, 4ajjaavi]

circular playlist containing all tracks in a

John Cage - Sonata 12

user’s collection (consecutive tracks as

|<<

similar as possible)

Approach: use Web features to confine
search for similar songs (carried out on
music content features)
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Contextual Filtering for Playlist Generation

(Knees et al.; 2006)
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* Audio/content features: ﬁ
— compute Mel-Frequency Cepstral Coefficients (MFCC)

— model song’s distribution of MFCCs via Gaussian Mixture
Models (GMM)

— estimate similarity between two songs 4 and B by sampling

points from 4’s GMM and computing probability that points
“belong to” GMM of B
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Contextual Filtering for Playlist Generation

(Knees et al.; 2006)

=
)
=~
)
—
=
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=
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=
=
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=

= Web/music context features: i

query Google for [artist “music”]

fetch 50 top-ranked Web pages
remove HTML, stop words, and infrequent terms

for each artist’s virtual document, compute tf-idf vectors:

(1 + log, tfia) logs dﬂ if tfiq > 0
Wta — fi ;
0 otherwise

perform cosine normalization
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Contextual Filtering for Playlist Generation

(Knees et al.; 2006)

' €

0§ S,4a]]20vA]

We computed so far...

» similarities based on music content (song level)

dahiv) g punc

» feature vectors (tf-idf) from Web content (artist level)

John Cage - Sonata 12

<< ‘ Ce—— >>|

How to combine the two? ﬁ
— adapt the content similarities according to Web similarity +

— penalize transitions (decrease similarity) between songs
whose artists are dissimilar in terms of Web features
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Contextual Filtering for Playlist Generation

To obtain the final, hybrid similarity measure:

)

Folk-Rock(4)

Eazg((?) Electronica(2) | Electronica(5) | Electronica(1) E}:;g%naiggg f)
Punk-Rock(1)
Folk-Rock(1) ; : Acid Jazz(1)
Italian(1) Electronica(1) Acid Jazz(1) Electronica(1)
Rap(2)
Italian(3) Reggae(2) A Cappella(1)
Electronica(1) Italian(1) Acid Jazz(1)
Electronica(1)
Punk-Rock(4)
Electronica(1) Rap(4) Blues(1) Jazz(3)
Jazz(5)
Electronica(12) Rap(1) Celtic(2) Celtic(3) B“;fje'i‘g;““)
Punk-Rock(1) | Electronica(1) Reggae(1) A Cappella(1) A Cappella(2)
Rap(1)

(Knees et al.; 2006)

¢

-
ant

+

dahfiv) g punos s,4ajjaavi]

John Cage - Sonata 12

e

EC‘: >>|

|<<

Train Self-Organizing Map
(SOM) on artist Web features
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Contextual Filtering for Playlist Generation

(Knees et al.; 2006)

Do+

To obtain the final, hybrid similarity measure:

Folk-Rock(4)
ﬁazg((?) Electronica(2) | Electronica(5) | Electronica(1) Ef;g%r;;;g ?)
Punk-Rock(1)
Folk-Rock(1) ; : Acid Jazz(1)
Italian(1) Electronica(1) Acid Jazz(1) Electronica(1)
Rap(2)
Italian(3) Reggae(2) A Cappella(1)
Electronica(1) Italian(1) Acid Jazz(1)
Electronica(1)
Punk—Rockl‘i}_
Electronica(1) @ Blues(1) Jazz(3)
Jazz(5)
Electronica(12) | Rap(1) Celtic(2) Celtic(3) 3033;‘(’;?(4)
Punk-Rock(1) | Electronica(1) Reggae(1) A Cappella(1) A Cappella(2)
Rap(1)

42hv) g punos s,ajjaoviy

Set to zero content-based

similarity of songs by
dissimilar artists (according to
positionin SOM)

1.e., when creating playlists,
consider as potential next
track only songs by artists
close together on SOM

John Cage - Sonata 12

= 3
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Contextual Filtering for Playlist Generation

(Knees et al.; 2006)

=
2
=~
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=

To obtain the final, hy

) + Ea

Folk—-Rock(4)
Rap(4)
Jazz(1)

Punk-Rock(1)

Electronica(2)

Electronica(5)

Folk-Rock(1)
Italian(1)

Italian(3)
Electronica(1)

Punk-Rock(4) |

Electronica(1)

Electronica(12)
Punk-Rock(1)

Electronica(1)

R

ap(1)

[
Electronica(1)

Acid Jazz(1)

Reggae(2)

The playlist is eventually created
by interpreting the adapted
distance matrix as Traveling %
Salesman Problem (TSP) and
applying heuristics to
approximate a solution.

cording to

aylists,

Italian(1) ‘

Celtic(2)
Reggae(1)

Acid Jazz(1)
Electronica(1)

Blues(1) Jeezil)
Jazz(5)

Celtic(3) B°s§|3e'i?§?(4)

A Cappella(1) A Cappella(2)
Rap(1)

consider as potential next
track only songs by artists
close together on SOM
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Contextual Filtering for Playlist Generation

(Knees et al.; 2006)

' €

= KHvaluation:

— dataset: 2,545 tracks from 13 genres, 103 artists

| 4afiv)q punog s iajjaaviy

— performance measure: consistency of playlists (for each track,

John Cage - Sonata 12

how many of 1ts 75 consecutive tracks belong to a certain << | o——" o

genre)

Department of
® | Computational
»

Perception




A Cappella
Punk—Rock
Electronica |-
Acid Jazz
Italian
Reaggae [
Bossa Nova
Metal
Folk—Rock
Celtic |
Jazz

Blues |

Rap

Electronica

Acid Jazz |
Reaggae |

A Cappella
Jazzt
Bossa Novaf
Blues |
Celtic
Italian [
Folk—Rock
Rap
Punk-Rock |
Metal

1 i
. 1 !

I m n 1 :
1l .

R

N | | [T 1L

.

- —

s -H & :

560 1 0|00 1 5|00 2000 :

music content
similarity only

hybrid approach

1ahiv] g punos s,4ajjaevi]

Contextual Filtering for Playlist Generation

(Knees et al.; 2006)

R
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Content Description for Music Browsing

ait

K'rafiWéi’ik—_E)‘i
Die Roboter

e ——

Daft Punk
Around the World
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nepTune — Structuring the Music Space

(Knees et al.; MM 2006)

Clustering of music pieces

Each song corresponds to point in feature
(similarity) space

Self-organizing Map

High-dimensional data (content-based
features) 1s projected to 2-dim. plane

Number of pieces per cluster
— landscape height profile

W) AR
! .\\“‘,\\\v‘ N
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nepTune — Web-based Augmentation

(Knees et al.; MM 2006)

Automatic description of landscape via Web term extraction

artist names (ID3)

e

Sign in
Web |mages Video"*” News Maps more»

GO &)gle "daft punk" music style %

Web Results 1 - 10 of about 1,100,000 for “daft punk” music style_ (0.18 seconds)

Daft Punk MP3 Downloads - Daft Punk Music Downloads - Daft Punk ...
Daft Punk MP3 Downloads - MP3.com offers legal Daft Punk music downloads as ... and
original music in the background, they keep a style like no other band ...
p3.com/daft-punk/artists/140991/summary_html - 58k - 7 Oct 2006 -

i-S es
i - Similar pages

Daft Punk MP3 Downloads - Daft Punk Music Downloads - Daft Punk ...
Daft Punk's full-length debut is a funk-house hailstorm, giving real form to a style of
ight-ahead dance music not attempted since the early fusion days ...

v p3.com/albums/196087/summary.html - 42k - Cached - Similar pages

[ More :

esults from
Amazon.com: Discovery: Music: Daft Punk
Amazon.com: Discovery: Music: Daft Punk by Daft Punk. ... This album features a dumbly
simple and cheesy style, but executed in a way that's intelligent, ...

com ]

D f“', 1”” !I,)ﬂ"'lh, 1\”

Music dictionary

P

Dot Frogeemaye | 4 <18 e

i
Term goodness
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