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Never has so much music been
heard...never has been so much
music available
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Music search & recommendation.
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BMAT services the ICIC to promote catalan music internationally

Catala | Caste

CATA Que vols escoltar?
LA N ! Manos de Topo, Facto Delafe, Pastora, The Pepper Pots,

M USIC Sidonie, La Casa Azul, Manel,Pau Riba, Pastora, The Pepper Pots - Sidonie...

o oE AT L

Manel AL MAR!

MANEL
(Barcelona) 2005 A f ELS MILLORS PROFE
In pretium placerat eros. Integer eu quam quislorem laoreet feugiat.
Nam tincid dar unt vulputate elit,Ut dignissimda pretium tellus.
Aenean varius mauris eu erat eleifend mattis. Nunc sit amsaet velit.
Ret dignissim pretium astellus. Aenean varius mauris eu erat eleifend
mattis. Nunc sit amet velit. On pretium placerat eros. Integer eu quam
quislor.

Nam tincid dar unt vulputate elit.Ut dignissimda pretium tellus.
Aenean varlus mauris eu erat elelfendgmauis. Nunc sit amsaet velit. D HORL »» SONANT
Ret dignissim pretium astellus. Aenean varius mauris eu erat eleifend
mattis. Aenean varius mauris eu erat eleifend mattis. Nunc sit pretium
placerat eros. Integer eu quam quislorem laoreet feugiat, Nam tincid
dar unt vulputate elit amsaet velit. Ret dignissim pretium astellus. ENERDENLAFPLAYA. FACTO DELAFE
In pretium placerat. (..llegir més)

MIRDNA, PASTORA

NOIA DE PORCELANA, PRURIBA

FA: {ADD, SIDONIE

ES FEOQ, MANOS DE TOPO
MIRONA. PASTORA

NOIA DE PORCELANA, PAURIBA
FASCINADD, SIDONIE

Manos de Topo Ojos de Brujo Sisa Sidonie Pastora

(Barcelona) (Terrassa) (Sabadell) (Barcelona) (Barcelona)
2005 1999 1965 1998 1995




Why Music

Recommenders?




ITunes: 6M tracks
P2P: 15B tracks




1% of tracks account for 80% of sales

3.6 million tracks sold less than 100 copies

Data from Nielsen Soundscan 'State of the (US)
Industry' 2007 report




Help me find Iit! [Anderson, 2006]

popularity

Source: Amazon.com

help me find it

"T==-3»  LONG TAIL

“IF YOU LIKE BRITNEY,
YOU'LL LOVE ..”

item rank




Types of

Recommenders




lost.fm  Music videos Listen Charts | [XETES

¢ 3 The Beatles
?;_f Similar Artists

Based on overall listening habits

T

amazoncom Hell 3 na. We have recommendations for you. (Not Oscar?)

Oscar's Amazon.com [¥) -Today's Deals¥]  Gifts & Wish Lists [¥]  Gift Cards (¥

Sl shop All Departments @ search [T N I, ¢

Music Advanced Search Browse Genres New Releases Top Sellers Music Deals Music You Should Hear Mu

ET - — Lo 40 WESEwmmmm— gy | - o

—

John Lennon

Get Free Shipping for a full month with a

grade to Two-Day Shipping
free Trial of Amazon Prime learn more M with Amazon Prime

The Beatles (The White Album)

Ay (994 customer reviews) | More about this product

List Price: §34-98
price: $24.97 & eligible for FREE Super Saver Shipping on orders over $25. Details
You Save; $10.01 (29%)

€3 Special Offers Available

The Animals

In Stock.
Ships from and sold by Amazon.com Gift-wrap avalilable

1(" 48 new from $15.25 27 used from $14.49 13 collectible from $34.98
’! Customer image from BT Stark

Led Zeppelin

Customers Who Bought This Item Also Bought

' r ;‘Q

wwoth —
Sat Pepper's Lonely Hearts Revolver [UK] ~ The Beatles Rubber Soul ~ The Beatles Let It Be ~ The Beatles
Club Band ~ The Beatles Yrirfoid; (8240 $12.99 Frirfrird; (633) $12.99 Frfrfcfely (372) $13.97

Blue Oyster Cul Frfriciofs (1.168) $9.99



music recommendation approaches

Expert-based
Collaborative filtering
Context-based
Content-based

Hybrld (combination)




music recommendation approaches

Expert-based
Colla Dogs D' Amour

wrong person? more matches HERE

Similar Artists
— . o Tl 9 S
1910 20 20 40 50 60 70 EB)EB] 2000 s To
' Pop/Rock ' Glam Rock See Also
* Hard Rock o The Wildhearts
' Heavy Metal

Performed Songs By

o Tyla




music recommendation approaches

Expert-based
Collaborative filtering

Context-based

Content-based

Hybrld (combination)

[Resnick, 1994], [Shardanand, 1995], [Sarwar, 2001]




Expert-based
Collaborative filtering

« User-ltem matrix [Resnick, 1994], [Shardanand, 1995], [Sarwar, 2001]
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Context-based

Content-based




Expert-based
Collaborative filtering

Context-based

(I Tube

' @ amazoncor

[MusicBrainz

THE
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Expert-based

Collaborative filtering
Context-based

Content-based .
Analysis

Track signature

Playlist

Signature DB




Analyzing...

Jamiroguai - Canned Heat

Mood: upbeat, energetic.

Rhythm: 120bpm, no rubato, high percusiveness.
Harmony: Dm.

Instrumentation: no electronic, singing voice

Similar to: Sereia Mundo Azul.




Expert-based

Collaborative filtering
Context-based
Content-based
Hybrid (combination)

+ Weighted

+~ Cascade

+ Switching




Complex

Networks
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The problem of Konigsberg’s bridges
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1736 1941

ler Solomon-Rappaport IR S Watts-Strogatz Real Networks:

. Barabasi-Albert Biology
Flory-Stockmayer Milgram Wt
Simon Small-world Economy

s . : Scale-free

graph theory
] Faloutsos-Faloutsos-Faloutsos
Social Networks

7 bridges

Polymers Word analysis

(power-law)
More complex graphs Power law

Internet

(figure by J.F.F. Mendes)
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Metabolic pathways
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Social Networks
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From: R.V. Solé and S. Valverde, Lecture Notes in Physics, 650, 189, 2004

Information Theory of Complex Networks:
On Evolution and Architectural Constraints

Ricard V. Solé and Sergi Valverde

! Complex Systems Lab-ICREA, Universitat Pompeu Fabra (GRIB),
Dr Aiguader 80, 08003 Barcelona, Spain
2 Santa Fe Institute, 1399 Hyde Park Road, Santa Fe NM 87501, USA

Abstract. Complex networks are characterized by highly heterogeneous distributions
of links, often pervading the presence of key properties such as robustness under node
removal. Several correlation measures have been defined in order to characterize the
structure of these nets. Here we show that mutual information, noise and joint en-
tropies can be properly defined on a static graph. These measures are computed for a
number of real networks and analytically estimated for some simple standard models.
It is shown that real networks are clustered in a well-defined domain of the entropy-
noise space. By using simulated annealing optimization, it is shown that optimally
heterogeneous nets actually cluster around the same narrow domain, suggesting that
strong constraints actually operate on the possible universe of complex networks. The
evolutionary implications are discussed.

Heterogeneity
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Do recommenders

differ? How?
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mn“ Entertainment ‘W Settings

Movies Musﬁ: T¥ News Celebs Games Tickets Local Entertainment

Radio Stations Downloads Music Yideos  Music News  Music Charts My Favorites  Shopping

Artist Information Search by: [artist =] |

}‘)’ Paco de Lucia

i ; 1, & Paco de Lucia Soundslike Station {Radio Plus
K-" -’ - Play @ required)

Essential Songs

MSN Music Most Popular Songs

Jj Chanela Jj Zyryab

Jj Orient Blue Jj Playa del Carmen |

J4J Rio de la Miel JdJ La villa Yieija

SoundsLike Artists

These artists sound like Paco de Lucia
O Ketama
O Gino d'Auri

Pata Neagra
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6.4 -0.07 2.4+.01
3.9 -0.06 2.3+.02 2.4+.04

2.3 -0.21
49 0.18
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-0.07 2.4+.01
-0.06 2.3+.02 2.4+.04

-0.21
0.18

Small-world: sparse, short distances and high

Clustering coefficient.
Watts& Strogatz, Nature 393, 440 (1998)
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-0.07 2.4+.01
-0.06 2.3+.02 2.4+.04

-0.21
0.18

Small-world:

Good navigation properties
Kleinberg, Nature 406:845 (2000)
de Moura..., PRE 68, 036106 (2003)




Erdos-Rényi model (1960)“_,

Y

N=10 (k

DS Poisson distribution

- Democratic

- Random




B.A. Scale Free Model

® (1) GROWTH::
At every timestep we add a new node with m
edges (connected to the nodes already
present in the system).

(2) PREFERENTIAL ATTACHMENT :
The prfability M that a new node will be
connzctea to node i depends on the
LG aectivity ki of that node

o

A.-L.Barabasi, R. Albert, Science 286, 509 (1999)




Dallas

Exponential Network
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Network properties: P_(k

(a) in-degree
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Network properties: P_(k)
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Network properties: P_(k)
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MSN and Amazon are “scale-free” suggesting
preferential attachment growth mechanism.

AMG and Yahoo are exponential or “single-scale”,

Barabasi & Albert, Science 286, 509 (1999)
Amaral & al., Proc Nat Acad Sci USA 97, 11149 (2000)




“Experimental Study of Inequality and
Unpredictability in an Artificial Cultural Market”
shows that social influence increases both
iInequality and unpredictability of music success.

Salganik, Dodds and Watts, Science 311, 5762 (2006)




Music Seer:

Art of the Mix:

bmat

music innovation

[100 & & hmpsmusicseer.com/

Please Licly us wicale aswsic sindlaity database whici will Le pullidly avaiable

Which artist is most similar ro
Janet Jackson?

L
2.
2
4.
5

Actions: Name: Dead Man

Add This Mix To Your Favorites Mix ID: 112057

View Feedback About This Mix Category: Rock/Pop

View Other Mixes By Dead Man Format: CD

Generate CD Jewel Case PDF Date: 20

Send an email to Dead Man Ratin ek
Number of Votes: 1

View Previous Mix

View Next Mix

Day of Silence

For These Remaining Days
Sun Dials Melt (In the Sun)
Worlds Apart
Eyehead
Possession
Delinguents Kamerad
Destructors 666 Action Woman
Goldstars Purple Girlfriend
Mountain Mirrors Karmic Dogs
Beatlescene Psychedelphia
Octopus Head Situation Opportunist
Rogue Thief Frontline
Earaches Misunderstood
The Mod-est Lads They Stand Straight Up (When She Lays Down)
Dipsomaniacs Feel the Travel
The Seventh Ring of Saturn Alice Sunshine
Comments: This is a follow-up to the 1960s garage/psych mix I posted a couple of weeks ago. That mix consisted of material I had
played on my Internet radio station "Turn Me On, Dead Man" from s bands who had contacted me through my website and were
surprised to find out that an Internet radio station was playing their music. At that time things looked p arim for the future of Internet
radio, as the Copyright Royalty Board had recently announced a new royalty payment structure for Internet broadcasts that uld mal
cost prohib for me to continue airing "Turn Me On, Dead Man". Since then, however, a bill has been introduced in the House of
Representatives that offers hope for fairess.

© W N OB W N
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Music Seer:

150 200

Art of the Mix:

ArtOfTheMix undirected 48,170 300,708 12.5 0.1 0.003
MusicSeer directed 6,144 10,219 2.9 0.02 4.7.10*




Major recommendation networks are small
world.
Collaborative-filtering networks, biased by
popularity, are scale-free

Human supervised networks, with stress on
musically similarity are exponential.




Recommendation and

Musiclians networks




Similarity and collaboration networks

- Py Celebrating
allmusic [T ] 15
o o Artist/Group v years

allmovie allgame

ROCK JAZZ R&B RAP COUNTRY BLUES WORLD ELECTRONICA CLASSICAL MORE...

Collaboration Network Similarity Network




Similarity network Collaboration network
entire intersection entire intersection

n 32 377 3509 34724 8509

m 117621 24 950 123122 20232
size of Sy 30384 (947 ) | 7219 (85%) 30945 (89%) | 6054 (T1%)
d (dpax ) 6.5 (22) 6.0 (20) 6.4 (23) 6.3 (19)

C 0.185 (18.5%)10.178 (17.8%)[0.182 (18.2%)| 0.171 (17.1%)
131 55 508 143
[ S— R.E.M. Eric Clapton | P. Da Costa | P. Da Costa
R. Van Gelder

highest-betweenness Sting Sting P. Da Costa | P. Da Costa
artist

[N\ .
V

~
Mean d Clustering
. Real Netwofk 0.171 ’
Random . “ 0.00028
Network 1 Network ‘L

Small World Networks

~




Collaboration network

Similarity network

intcrsection (subnetworks)
Collaboration: Scale-Free
Similarity: Exponential

(Social networks use to be scale-free)

Collaboration: Not assortative
Similarity: Assortative

(Social networks use to be assortative)




Community structure in social and
biological networks

M. Girvan*** and M. E. J. Newman*§

*Santa Fe Institute, 1399 Hyde Park Road, Santa Fe, NM 87501; *Department of Physics, Cornell University, Clark Hall, Ithaca, NY 14853-2501; and
$Department of Physics, University of Michigan, Ann Arbor, M1 48109-1120

PNAS | June 11,2002 | vol.99 | no.12 | 7821-7826




The Girvan-Newman algorithm

O = CECR-N-R- N N N N RN
3292528 3334302431 9 232119161526 3227 10 2220181312 7 17 6




Community structure in similarity/collaboration networks

Similarity Network Collaboration Network

0 / M T B
200

1 1 1 1 1 I 1 1 1 1 1 1 1 1 1 1 1 1 1 I [ I I
10 20 30 : 30 40 50 60 70
number of components number of components




Community structure in similarity networks

s Comunidades que no se subdividen

- CoOmunidades que se subdividen

7 N\ Cajun
3 / Standards \‘ &
[ Hip-Hop | ‘\ & | - /" Zydeco
\ Rap | Vocals / ( ’)

(Gospel J

Classic
MJazz

World
&
Internationalﬁ
)
Electronic
Disco

| NEWAGE |

| REGGAE |




ENTIRE NETWORK
Hip-Hop

Splitting the network

Reggae
Cajun & Zydeco
Jazz

World & International
Latin

- A N S

Blues
New Age

Opera

Hard Rock
Standards
R&B/POP

Swing
Latin Jazz
Big-bands / Swing
?

Easy Ustening
Country / Folk

Cellic
Femate Vocal Blues
Jazz
Swing
Bolero / Mambo
Bop Jazz
Avant Garde
Type |
Country / Rock
House-Dance / Blectronic
Avant Garde Bop
Free Jazz / Avant Garde
Spoken Comedy / Rock
Rock
Funl 0's / Rock Oldies
Modern Elect hue
Country / Rock
Folk & Roots
Folk & Roots
Folk & Roots




Jazz community

bop
Avant Garde
Contemporar

Bop
Avant Garde

Bop
Contemporary
Swing

Bop
Avant Garde

Avant Garda
Free Jazz

15 Comunidades

24 Comunidades

27 Comunidades

32 Comunidades|

41 Comunidades




Rock community

Singer songwritter
Alrternative
Progressive

inger songwri

Alrternative

Progressive
Pop

ohgwritter

g .
Alrternative
Progressive

Electric

15 Comunidades

24 Comunidades

27 Comunidades

41 Comunidades




Similarity

Flrs N |l
S ( (10 & 1
D .

RyB/Pop
Hard Rock

Latino

Gospel

Cajun & Zydeco

Jazz

Blues

¥

23

Collaboration

2 Jazz 20's - 40's Jazz 50's - GO's

a0 2

Reggae 11
! " $ S

Country/Rock 21
Y 18 Guns N' Roses
e 8 :
;_.'
24 Red Hot
Kiss Chili Peppers
e L 4 L |

Chicago Blues

Jazz 70's - 8Q's / Various

13 Progressive Rock

16
& -
22
&

22  Yerba Buena
Jazz Band

Rancheras
9




Functional cartography of complex
metabolic networks

Roger Guimera & Luis A. Nunes Amaral

NICO and Department of Chemical and Biological Engineering, Northwestern
University, Evanston, Illinois 60208, USA

High-throughput techniques are leading to an explosive growth
in the size of biological databases and creating the opportunity
to revolutionize our understanding of life and disease. Interpre-
tation of these data remains, however, a major scientific chal-
lenge. Here, we propose a methodology that enables us to extract

895

NATURE | VOL 433 | 24 FEBRUARY 2005 | www.nature.com/nature



¢Is it possible to evaluate functionality from topologial properties?

Within-module connectivity:

@
@
o
)

pel

2
5

°
o
£

£

<
=

Participation coefficient

(Figures from R. Guimera et al., Nature 433, 895 2005)
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Jazz 20's - 30's - 40's Jazz 70's - 80's / Various

| | Ernie Watts

Freddie Green e - ho Da Cast

2 {  Paulinho Da Costa
Coleman Hawkins Shelly Marme ’

Coleman Hawki _"_l | Abraham Laborie

Ella Fitzgerald Victor Fr_-::'r.ir" Paul Jackson Jr

Jim Keltner

Count Basie

George Duke

Milt Hinton Harvey Mason Sr. .

Witlie Nelson ” Dann Huft

Steve Gibsor
Quincy Jones Stan Getz

Hargus "Pig" Robbins

George Duvivier - TOUREy Stuart Duncan

Joe Newman Handy = Paul Franklin
- ich ar

Ralph MacDonald

Kenny Burrel Rock/Country
Jazz 50's - 60's

Clark Terry

Hank Jones

Bill Bruford

Progressive Rock




Music similarity
cartography

HARD ROCK

RyB / Rock

GOSPEL

&
RELIGIOUS

STANDARDS




The analysis of community structures gives additional
information about the understanding of music networks.

We can identify/assign the role of leader artists just by looking
at the topological properties of the network.

Results can be a source of information for designing optimal
recommendation algorithms.




How far into the

Long Tail?




Help me find Iit! [Anderson, 2006]

popularity

Source: Amazon.com

help me find it

"T==-3»  LONG TAIL

“IF YOU LIKE BRITNEY,
YOU'LL LOVE ..”

item rank




3 Artist similarity (directed) networks

+ CF": Social-based, incl. item-based CF (Last.fm)
®“neople who listen to X also listen to Y”

+» CB: Content-based Audio similarity
®<X and Y sound similar”

+» EX: Human expert-based (AlIMusicGuide)

®«X similar to (or influenced by) Y”




Property

CF (Last.fm)

CB

Expert—based (AMG)

N

122,801

59,583

74,494

(k)

14.13

19.80

5.47

(da) ({dr))

5.64 (4.42)

4.48 (4.30)

5.92 (6.60)

D

10

7

9

SGC

99.53%

99.97%

95.80%

Yin

2.31(+0.22)

1.61(£0.07)

N A (exp. decay)

T

0.92

0.14

0.17

C (Cr)

0.230 (0.0001)

0.025 (0.0002)

0.027 (0.00007)




Small-world networks pwats & strogatz, 1998]

Property

CF (Last.fm)

CB

Expert—based (AMG)

N

122,801

59,583

74,494

(k)
(da) ({dr))

14.13
5.64 (4.42)

19.80
4.48 (4.30)

5.47
5.92 (6.60)

D
SGC

10
99.53%

7
99.97%

9
95.80%

Yin

2.31(£0.22)

1.61(£0.07)

N A (exp. decay)

T

c (C))

0.92
0.230 (0.0001)

0.14
0.025 (0.0002)

0.17
0.027 (0.00007)

®

+» Network traverse in a few clicks




Indegree — avg. neighbor indegree correlation

« I = Pearson correlation newman, 2002]

Property

CF (Last.fm)

CB

Expert—based (AMG)

N

122,801

59,583

74,494

(k)

14.13

19.80

5.47

(da) ({dr))

5.64 (4.42)

4.48 (4.30)

5.92 (6.60)

D

10

7

9

SGC

99.53%

99.97%

95.80%

Yin
T

C (Cr)

2.31(+0.22)
0.92
0.230 (0.0001)

1.61(£0.07)
0.14
0.025 (0.0002)

N A (exp. decay)
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Indegree — avg. neighbor indegree correlation

+~ Last.fm presents assortative mixing (homophily)

©

Property

CF (Last.fm)

CB

Expert—based (AMG)

N

122,801

59,583

74,494

(k)

14.13

19.80

5.47

(da) ({dr))

5.64 (4.42)

4.48 (4.30)

5.92 (6.60)

D

10

7

9

SGC

99.53%

99.97%

95.80%

Yin
T

c(C,)

2.31(+0.22)
0.92
0.230 (0.0001)

1.61(£0.07)

N A (exp. decay)

0.14

0.17

0.025 (0.0002)

0.027 (0.00007)




Last.fm Is a scale-free network sarabasi, 2000

+~ power law exponent for the cumulative indegree
distribution [clauset, 2007]

Property

CF (Last.fm)

CB

Expert—based (AMG)

N

122,801

59,583

74,494

(k)

14.13

19.80
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(da) ({dr))

5.64 (4.42)

4.48 (4.30)

5.92 (6.60)
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95.80%

Yin

T

2.31(10.22)
0.92

1.61(£0.07)

N A (exp. decay)

0.14

0.17

C (Cr)

0.230 (0.0001)

0.025 (0.0002)

0.027 (0.00007)
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But, still some remaining questions...

Are the hubs the most popular artists?

How can we navigate along the Long Tall,
using the artist similarity network?




last. fm dataset (~26OK artlsts)
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last. fm dataset (~26OK artlsts)
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The Long Tail model [Kilkki, 2007] Fee)-—"

50

F(x) = Cumulative distribution up to x ¥
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Top-8 artists: F(8)~ 3.5% of total plays
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Split the curve Iin three parts
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artist indegree vs. artist popularity

+~ Last.fm: correlation between Kin and playcounts
of 2
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+Audio CB similarity: no correlation
®r=0.032
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Expert: correlation between Kin and playcounts
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navigation along the Long Tall
“From Hits to Niches”

s HC ick.s..t.(?.,re.a.(?h..? T.ai.'..é.i.rti%‘:t., .§F?ﬁ‘rti.”.9..i.ﬂ the Head

S0M? -

how many
clicks?

S
<

(75}
N—
=
=)
o
Q
>
=
K
a.
o
S}
)
R
S
=
=
S
N—
)
—

1000 10000 100000
artist rank




“From Hits to Niches”

+~ Audio CB similarity example (VIDEO)

EA' Bruce Springsteen
s Album: Lucky Town
' Genre: Rock

Alernative (9 Tracks
Blues (3 Tracks)
inspirational (1 Track)
Pop (2 Tracks)
R8B/Soul (2 Tracks)

Rock (32 Tracks)

¢ wWorkd (1 Track)




“From Hits to Niches”

+~ Audio CB similarity example
®Bruce Springsteen (14,433,411 plays)
®The Rolling Stones (27,720,169 plays)
® Mike Shupp (577 plays)




“From Hits to Niches”

+» Audio CB similarity example

lost.fm  music videos Listen Events charts |[FNE BN
[

Overview

Mike Shupp
Biography || 137 listeners (FEETS

; i Z
i + Add to my Library

Videos

Albums ! Fairfax, VA's Mike Shupp fronts a driving, power-pop band
with crunching guitars, soaring harmonies. Amplifier

Tracks Magazine writes " has released his third solo aloum, ‘This
Time', and it's a killer... a must-have.” “Big hooks, sharp pop
instincts™Washington Post.

Formerly signed to Paradox/MCA Records as guitarist with

) D.C.'s Big Bang Theory (later shortened to “Bang Theory®)
Similar Artists Shupp’s latest release “This Time~ (Private Mind Records), is

Upload snother photo forthis artist »  o14555c American pop.

Events

Charts

Tags




navigation in the Long Tall

+» Similar artists, given an artist in the HEAD part:
CF CB EXP

64,74%

45,32%
28,80%

Head Mid Tall Head Mid Tall Head Mid Tail




Method

CF top—20

CB top—20

Expert




navigation in the Long Tall

Method

CF top—20

CB top—20

Expert




navigation in the Long Tall

« Last.fm Markov transition matrix

Method

CF top—20

CB top—20

Expert




navigation in the Long Tall

+ Last.fm Markov transition matrix

CB top—20

Expert




navigation in the Long Tall
+» From Head to Tail, with P(T|H)>0.4

+ Number of clicks needed
®"CF:5
"CB:2
"EXP: 2




How do users perceive novel, non-obvious
recommendations?

» Survey
® 288 participants

» Method: blind music recommendation _

" ho metadata (artist name, SOB@IUG’. ‘
"""'A, -

®only 30 sec. a éxcerpt /
Q ® .
@

- P

-

Ve




3 approaches:
CF
CB
HYbrid

User profile:
last.fm, top-10 artists
Procedure
Do you recognize the song?
Rating: [1..5]




Overall results

Method Case Avg.Rating (Stdev)

Recall AéS 4.64(£0.67
CF Recall only A 3.88(£0.99
Unknown 3.03(£1.19

)
( )
( )
Recall A&S 4.55(£0.81)

Recall only A 3.67(£1.18)
Unknown 2.77(£1.20)

( )

( )

( )

Recall AéS 4.56(+1.21

Recall only A 3.61(£1.10
Unknown 2.57(%+1.19




Familiar recommendations (Artist & Song)

Method Case % | Avg.Rating (Stdev)

Recall A€S 4.64(40.67)
CF Recall only A 3.88(+£0.99)
Unknown, 3.03(+1.19)

Recall A€4S 4.55(+0.81)
Recall only A 3.67(£1.18)
Unknown 2.77(£1.20)

Recall A4S 4.56(+1.21)
Recall only A 3.61(£1.10)
Unknown 2.57(£1.19)




Ratings for novel recommendations

Method Case % | Avg.Rating (Stdev)

Recall A6S | 15.50 4.64(£0.67)
CF Recall only A | 12.81 3.88(+£0.99)

Unknown 71.69 | 3.03(£1.19)

Recall AES | 10.71 4.55(£0.81)
Recall only A | 10.95 3.67(£1.18)
Unknown 78.34

Recall AES | 10.50 4.56(£1.21)
Recall only A | 8.53 3.61(%1.10)
Unknown 80.97 2.57(£1.19)




Ratings for novel recommendations
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% of novel recommendations
Method Case % | Avg.Rating (Stdev)

Recall AES | 15.50 4.64(£0.67
CF Recall only A | 12.81 3.88(40.99

Unknown 71.69 | 3.03(%x1.19

)

( )

( )

Recall AES | 10.71 4.55(£0.81)
Recall only A | 10.95 3.67(+1.18)
( )

( )

( )

( )

Unknown 78.34 2.77(+£1.20

Recall AéS 4.56(+1.21
Recall only A 3.61(£1.10
Unknown 2.57(x£1.19




relationship among items

» Systems that perform
best (CF) do not exploit
the Long Tall, and

» Systems that can ease

Long Tall navigation
(CB) do not perform
good enough

+ Combine different

approaches!
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