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Context

e Streaming services revolutionized accessibility of music




Given user preferences, how can we
create a playlist that can encompass
the interests of different people?



Motivation

Creation of shared playlists with others

Catering to different interests

Current Projects: Recommending Songs based on mood, etc.
This Project: Appealing to Different Users



Definition of “Playlists”

e Unit composed of songs
in some ordering

tudy 2

e Subjective

e Definition: Group of songs
that fit a certain theme or
genre

Popular playlists




Limitations to this Definition

e Why this definition?

o Difficulty in
Dimension
Reduction

Can no longer capture:

o Context of the
playlist

Content -based filtering

SHUFFLE PLAY

Download

Let's Get It Started
The Black Eyed Peas » Let's Get It Startec
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Lie Down
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RICK ASTLEY

SHUFFLE PLAY

Let You Down
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Music Recommendation Systems

e Collaborative Filtering:
o Exploits interactions between users and items
o ldentifies similarities between users
e Content Based Filtering:
o Intrinsic Audio Features
o Textual Metadata
e We will use the latter method of filtering for our model.



Introduction to Approaches

take .json files convert dataset into dataframe

#| mpd.slice.835000-835999.json pos artist_name track_uri artist_uri
# mpd.slice.836000-836999.json e Bobby Darin spotify:track :3E5ndy0fO6VFDEIE42HABD spotify:artist:@EodhzA6yW1bIdD5BAtcmJ
#| mpd.slice.837000-837999.json ) i ) . i

g 5 = 1 1 Frank Sinatra spotify:track:2y8Eez5cFFf2JzD546LThM spotify:artist:1Mxqyy3pSjf8kzZZL4QVxSe
#| mpd.slice.838000-838999.json
P mpd.slice.839000-339999.json 2 2 Etta James spotify:track :6CmIALzGn4vHIHJG4n3Q4z spotify:artist:0i0VhN3tnSvgDbcg25JoJb
#| mpd.slice.840000-840999.json 3 3 Ella Fitzgerald spotify:track:3BbbzBIGORWZSLfIUqsAL4 spotify:artist:5VOMLUE1Bft8mbL1ND7FJz
) mpd.slice.2841000-841999 json 4 4 The Chordettes spotify:track:433nBELVOOtH1ZFUOBMZNL  spotify:artist:626nBjssWSXB1KvQohT2Bk

find optimal k given data, cluster using k -means

le14 Elbow Method for Optimal K given song input, create a playlist of similar songs

75 ¢ Song Name Artist Name eu_distances
7258 Torn Apart Judah & the Lion 30.535039

] 16000 I'm Amazed My Morning Jacket 32.789714
151 ‘ - 8020 Rewind Wingtip 24.220736
10 . 12847 Under You Nick Jonas 34.717765
L 8623 Mary, Did You Know? Pentatonix 22.541530

% ¢ . - . . . 10824 What About Love Austin Mahone 23.477687

00 T T T T T
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Spotify Web API

duration_ms

key

mode

time_signature

acousticness

int

int

int

int

float

The duration of the track in milliseconds.

The estimated overall key of the track. Integers map to pitches using standard
CEg 0O=C,1=C#/Db, 2 =D, and so on. If no key was detected, the
value is -1.

Mede indicates the medality (major or miner) of a track, the type of scale from which
its melodic content is derived. Major is represented by 1and minoris O.

An estimated overall time signature of 2 track. The time signature (metar) is 2

notational convention to specify how many beats are in each bar (or measure).

A confidence measure from 0.0 to 1.0 of whether the track is acoustic. 1.0
represents high confidence the track is acoustic. The distribution of values for this
feature look like this:

Spotify’s Web AP

Spotipy

Other interesting audio
features it provides:

o Danceability, energy,
instrumentalness,
liveness, loudness,
speechiness, valence
(positiveness), tempo
(BPM)

o Explicitness, Release
Date of Song

More information about audio features: https://developer.spotify.com/documentation/web-api/reference/tracks/get-

audio-features/



Spotify Million Playlist Dataset

e Enable research for music recommendation systems in 2018.
e Captures 1 million playlists of over 2 million unique tracks.

e Re-released September 2020 by AlCrowd

Dataset source: https://www.aicrowd.com/challenges/spotify-million-playlist-dataset-challenge



Dataset Statistics

e All playlists were generated by users from the  United States:
o Gender
m 45% Male | 54% Female | 0.5% Unspecified | 0.5% Nonbinary
o Age
m 13-17: 10%
18-24: 43%
25-34: 31%
35-44: 9%
45-54: 4%
55+: 3%



Dataset: Playlist Criterion

e Playlists that meet the criteria are selected at random:
o Contains at least 5 tracks and no more than 250 tracks
o Contains at least 3 unique artists and at least 2 unique albums
o Was created after January 1, 2010 and before December 1, 2017

o Does not have an offensive title

o Etc.
e Other modifications made to some playlists



Dataset Formatting

e Approx. 33 GB

Stored as .json files
o Approx. 1000 slices
o 1000 playlists within each slice

Huge Database

B (g (o) (g0 ) (g8 (g, (4 (2R ) (g ) (o) () (B ) (2 ) (o) (g, o (2R, 2R ) (g ) (e ) (o) (2| |2 ) |20 ) (g (E,| |2 ) BB ) |HR ) 58

mpd.slice.835000-835999.json
mpd.slice.836000-836999.json
mpd.slice.837000-837999,json
rmpd.slice.838000-838%99.json
mpd.slice.339000-339999,json
rmpd.slice.840000-840%%9.json
mpd.slice.841000-841999.json
mpd.slice.842000-842999.json
mpd.slice.843000-843999.json
mpd.slice.844000-844999,json
mpd.slice.845000-845999.json
mpd.slice.846000-346999,json
mpd.slice.847000-847%99.json
mpd.slice.343000-343999,json
rmpd.slice.849000-849%99.json
mpd.slice.850000-850999.json
mpd.slice.851000-851999.json
mpd.slice.852000-852999.json
mpd.slice.853000-853999.json
mpd.slice.834000-854999.json
mpd.slice.835000-835999,json
rmpd.slice.856000-856%99.json
mpd.slice.857000-857999.json
rmpd.slice.858000-858%99.json
mpd.slice.859000-859999.json
mpd.slice.860000-860999.json
mpd.slice.861000-861%99.json
mpd.slice.862000-862999.json
mpd.slice.863000-863999.json
mpd.slice.364000-364999,json

32,992,511
33,505,682
33,049,035
34,928,190
34,083,703
34,143,923
34,049,719
34,189,274
34,134,485
33,041,376
32,102,521
33,588,870
33,719,367
32,718,774
34,037,174
35,804,609
32,932,954
31,667,557
34,413,134
32,984,590
34,045,739
33,537,070
33,157,538
32,432,861
34,041,795
33,993,306
34,002,772
34,150,688
32,695,777
33,484,967

5,671,528
5,764,018
5,707,054
6,006,748
5,861,244
5,922,166
5,822,537
5,914,169
5,330,282
5,672,722
5,520,550
5,824,659
5,868,449
5,649,143
5,910,930
6,208,639
5,657,991
5,496,026
5,926,061
5,709,862
5,864,183
5,815,300
5,634,929
5,695,758
5,362,611
5,856,839
5,395,961
5,806,727
5,644,674
5,829,164
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J50MN File
JSON File
JSON File
JSON File
JSON File
JS0ON File
JSON File
JS0ON File
JSON File
J50MN File
JSON File
JSON File
JS0ON File
JSON File
JS0ON File
JSON File
JS0ON File
JSON File
J50MN File
JSON File
JSON File
JS0ON File
JSON File
JS0ON File
JSON File
JS0ON File
JSON File
J50MN File
JSON File
JSON File



Example Of -json wl"i 64 @3:05:11.774461",

o Playlls‘t Informatlon prOVIded - "name”: "turn up music”,
"coll ati "false"

o Name of playlist “pic”

o PID (unique identifier) otk
o Collaborative e
o Last Modified
o Etc. | -
e “URI” (song and artist identifier) E”i - Tt

used to query specific information ol s e perfect v Toe”
from Spotify’s API.

"track |
"artist
“track |
"album_uri

"duration ms"

"album_name" :




Dataframe Example

pos int6d artist_name object] track_uri object artist_uri object track_name object album_uri obj
e a6 Bobby Darin spotify:track:3E5ndy0f06.. | spotify:artist:@8EodhzAby.. Mack The Knife spotify:albur
1 1 Frank Sinatra spotify:track:2y8Eez5cFF.. | spotify:artist:1Mxqyy3pS.. Fly Me To The Moon spotify:albur
2 2 Etta James spotify:track:8CmIALzGn4.. | spotify:artist:8i0VhN3tn.. At Last - Single Version spotify:albur
3 3 Ella Fitzgerald spotify:track:3Bbbz@IGOR.. | spotify:artist:5V@MIUE1B.. Dream A Little Dream Of .. spotify:albur
4 4 The Chordettes spotify:track:433nBELv00.. | spotify:artist:62GnBjssW.. Mister sandman spotify:albur
danceability floaté4 energy floatéd key inté4 loudness floatéd mode inté4 speechiness floatéd acousticness

3y.. 0.5489999999999999 8.529 3 -12.291 8 8.188 B8.76

’3S.. B.657 8.26 7 -14.251 1 8.8521 B.474

tn.. B.168 8.326 5 -9.981 1 8.8324 8.721

1B 8.631 a.127 2} -15.333 1 8.8949 8.939

sW.. B.616 8.298 9 =13.191 1 8.8520000000000000805 ©.841




Dataframe Example (2)

pos int6d
e 8
1 1
2 2
3 3
4 4

Artist Name
Bobby Darin
Frank Sinatra
Etta James
Ella Fitzgerald

The Chordettes

artist_name object track_uri object

Bobby Darin spotify:track :3E5ndy0T06..
Frank Sinatra spotify:track:2y8Eez5cFF..
Etta James spotify:track :8CmIALzGNn4..

Ella Fitzgerald spotify:track :3BbbzBIGOR..

The Chordettes spotify:track:433nBELv0O..

Song Mame
Mack The Knife
Fly Me Toe The Moon
At Last - Single Version
Dream A Little Dream Of Me

Mister sandman

["adult
['adult
['adult
[ 'adult

['adult

artist_uri object

spotify:artist:8EodhzAby..

spotify:artist:1Mxgyy3pS..

spotify:artist:8i0VhN3tn..

spotify:artist:5VBM1UE1B..

spotify:artist:62GnBjssW..

standards’

standards’

standards’

standards’

standards’

genres
"brill building pop’, 'eas...
'easy listening', 'lounge']
'jazz blues', 'soul', 'sou...
‘jazz blues', 'swing', ‘wvo...
'brill building pop’, ‘cla...

track_name object

Mack The Knife

Fly Me To The Moon

At Last - Single Version

Dream A Little Dream Of ..

Mister sandman

guadalajara indie
8

é

album_uri obj
spotify:albur
spotify:albur
spotify:albur
spotify:albur

spotify:albur

triangle indie
8

5}




‘old school rap francais’, ‘shoegaze’,

Adding Artist Genres
g ‘new england emo’, folk-pop’,
"american metalcore’,

"spanish punk',

"geek rock’ ‘norsk lovsang’,

‘canadian blues’, progressive deathcore’,

"african electronic’,

e Approximately 5,071 distinct genres to oarberahop
describe artists in Spotify ‘anglican liturgy’,

‘melbourne indie’,

'nz metal’,
"pop electronico’,

H . 'sega mauricien’, ‘ska punk’,
e Echonest applies ML on audio features meremento hin ho’ ‘bubblegrunge
. - ; "black metal',
to classify genres Sreneeere baltimore andis!,
‘benga’, ‘rock drums’,

e Classify genre of song based on genre ‘deep filthstep’, ey
. . . . eep idm’,
of artist (has limitations!)

‘alternative hip hep’,
'bluegrass gospel’, la indie’,
"huapango’ ‘italian disco’,
'western americana’, ‘rock potiguar’,
‘jazz violin', 'psychedelic trance',
"baroque’ "korean ost’,
‘glam rock', 'garage rock’,
‘italian hip hop' "british power metal’,
'latin tech house', show tunes’,
"syrian pop’, indie punk’,
‘pittsburgh metal’, operatic pop’,

‘family gospel’, ‘pinoy trap’,
‘meditation’, jam band’,
"barnmusik’ 'post-hardcore’,

"free folk',
'vintage western’,

‘danish alternative rock’,
'swedish electronic’,



Adding Artist Genres (everynoise.com)

Mechanical instrumentation (techno music)

@ﬂ.ﬂd - Bl very moise ar Once »
& = C # || wewfuria.com/misc/genremaps/engenremap. htmi i =
s hardeare " e s wave fatin altarnathve o neer fack swing 4 ot
e RS " o EITLEDYE pOp FOCK Forman pop AR, SOE whe we T bk
i loel = = ip nop
gothic meul funk rock hot : e reggac furid
" po; shimmer pop "7 that pap -
. MO russn wharrative FaE q-;.-ronr-ir wonky Bk S
ril post-grunge ndustrial trance hop Bhsowuiy AN e
" Vi ¢ witch howe german indie e
e krock funkmeml mpmenkore german pop reck urban contemporary Bin:
s as nfny i na-.tf&runt danish pop réb gime seigiod - handconsh
1 slodic death metal scovery ity e, - .
(e, ryead dient  Lmetl ehiltvare i : e - - W
oy ; i a2 . braxifan hip hop

whger .
e = ——— exst coast hig

melodic metalcore i
' ndiegrand pog rap

neo chesica! metal

christan alternstive rock |m:.|'.' i oo

Jrove meqj_ modemn country reck
Iindie rock country road kot tulgara

british indie rock wrican reck rock en espancl

cartatien il h-rock . [t

atmospheric ingrmee okl St e

e ol

bouncy/upbeat

‘ulllic symphonic meal
e tal sppnk

nu
speed metal

WO T
duath core

e 3 r.;n':u: hip heop

- _ regperock spansh ot
qulat sterm sharnatve hip hop

pop funk P

argue

Y pop contemporany COI..IH'D';
wpanish indie pop EOOnRn o
more an rock

honic biack metal

find artist | frank ocean
lgbtg+ hip hop, neo soul, alternative r&b, hip hop, pop ==

Organic instrumentation (classical)



T-SNE Visualization

ng Songs Organic
with a IO_t of Instrumental/
Mechanic More Classical
Instrumental
]
Upbeat and
R Radio Edited
Slower Music like Songs
Jazz or Christian ™ -Britney Spears
Music T % % % 7 % % % % Drake



The Playlist
Recommendation System



K-Means Clustering

max_diff = -999999

E|b0W MethOd best_k = dict()

avg_sum_squares = []

1e14 Elbow Method for Optimal K
® for k in range(1l, 10):
kmeans = KMeans(n_clusters = k, random_state
4357 kmeans.fit(df)
avg_sum_squares += [kmeans.inertia_]
20 1
i [ == ks
. prev_inertia = kmeans.inertia_
15
else:
slope = prev_inertia - kmeans.inertia_
10 1 b prev_inertia = kmeans.inertia_
& max_diff = max(max_diff, slope)
0.5 - » if max_diff <= slope:
L * best_k[max_diff] = k
] . ®
0.0 . . . . . k = best_k[max_diff]

2 4 B g 10 return k




Building a Playlist

e Input = Song Name, Artist Name, Spotify DataFrame
e Randomized selection of 30000 rows from csv due to hardware limitations

XX

build_playlist_from_songs("Love Story", "Taylor Swift", song_df)




Building a Playlist

e Train the KMeans model on the given DataFrame
e Append cluster labels to the DataFrame for each row using kmeans.labels

Artist appalachian blues funky rock canzone jazz pagode indiefolk cumbia
Name folk breaks nacional napoletana blues baiano argentino ranchera
Frank
Sinatra 0 1] 0 0 0 0 0 0 0
Louis
Armstrong 0 0 0 0 0 0 0 0 0
Mina
Simone 0 1] 1] 0 1] 1 ] 0 0
The
BT 0 0 0 0 0 0 0 0 0
James
Brown &
The .. 0 0 0 0 V] 0 0 0 0
Famous
Flames



Building a Playlist

Preprocessing for the input.

big appalachian

danceability energy key loudness mode speechiness acousticness instrumentalness liveness valence ... band folk
0 0.618 0.741 2 -3.895 1 0.031 0.7 0 0.0822 0.296 .. 1] 0
Predict cluster

label for input




Building a Playlist
e Filter out dataframe by cluster label
e Calculate euclidean distances and sort based on minimum distance

e Pick top n songs (n = 2 for example)

Song Name Artist Name eu_distances

16835 My Love (feat. Drake) - Remix Majid Jordan 22.389118

11010 Give My Life - Radio Edit Army Of Lovers 27922494




Building a Playlist: n -songs Input

Inputs:

e ListofLists — [[Song Name, Artist Name], [Song Name, Artist Name],... ]
e Spotify DataFrame
e Number of Songs to Recommend / Song

A8BA /ARRIVAL




The Example

[["Dancing Queen",

ASBA /ARRIVAL

Dancing Queen )
ABBA

"ABBA"],

" :,I ust T ar a [q.'l omen .t T : " I:::I .I_ -i_ Y, -i_ a i_a:I 0 d : -i_ g = . ] |

[“Burning Up",

Burning Up (Fire)

BTS

"BTS"]]




Output

Song Name Artist Name eu_distances
A8BA /ARRIVAL -
28890 Love You Better Dominique 3.100977
24554 Turn Your Love Around George Benson 7.000762
16983 What's Luv? (feat. Ashanti) - Clean Version fe... Fat Joe 7.833364
14408 Is This Love Chris Brown 13.203771
8828 4 Me Maleek Berry 19.493569
6469 Live Life Collie Buddz 20.350899
8733 Buried In Detroit - Lucas Lowe Remix Mike Posner 8407508
11925 Last First Kiss One Direction 19.569077
Dancing Queen
ABBA 21799 Do You Wanna Come QOver?  Britney Spears 23.5899885




Just for a Moment

Song Mame

Artist Name eu_distances

28890 Love You Better Dominique 3.100977
24554 Turn Your Love Around George Benson 7.000762
16983 What's Luv? (feat. Ashanti) - Clean Version fe... Fat Joe 7.833364
14408 Is This Love Chris Brown 13.203771
8828 4 Me Maleek Berry 19.493569
6469 Live Life Collie Buddz 20.350899
9733 Buried In Detroit - Lucas Léwe Remix Mike Posner B8.407508
11925 Last First Kiss  One Direction 19.569077
21799 Do You Wanna Come QOver?  Britney Spears 23.599885




Output

Burning Up (Fire)

Song Name Artist Name eu_distances

28890 Love You Better Dominique 3.100977
24554 Turn Your Love Around George Benson 7.000762
16983 What's Luv? (feat. Ashanti) - Clean Version fe... Fat Joe 7.833364
14408 Is This Love Chris Brown 13.203771
8828 4 Me Maleek Berry 19.493569
6469 Live Life Collie Buddz 20.350899
9733 Buried In Detroit - Lucas Léwe Remix Mike Posner B8.407508
11925 Last First Kiss  One Direction 19.569077
21799 Do You Wanna Come QOver?  Britney Spears 23.599885




Limitations of Dataset

Only used 4 slices (500MB) of .json files
Limited to only a smallamount of songs
Playlist criterion also creates a biased sample.

Unable to represent all genres

Smaller in comparison to larger recommendation systems like:

MADE FOR
Recommended Songs

Based on the songs in this playlist

BLEACH
GOLD
RENTAL
See You Again (feat. Kali Uchis)
FACE

Drinking

% Nights
All Dressed In White

Japanese Denim Boredom (feat. Rex Orange County

Lew’s Lullaby 90210 (feat. Kacy Hill)

BROCKHAMPTON

BROCKHAMPTON

BROCKHAMPTON

Tyler, The Creator, Kali Uchis

BROCKHAMPTON

Frank Ocean

Tyler, The Creator, Rex Orange ...

Travis Scott, Kacy Hill

SATURATION Il
SATURATION
SATURATION It
Flower Boy
SATURATION
Blonde

Flower Boy

Rodeo (Expanded Edition)

( REFRESH )

4:33

4:26




Conclusion

e Real-World Implications
o Ability to create a playlist off of different user preferences




Next Steps: Ready for the Real-World?

e Ready for the Real -World?
o Scale Up
o Playlist metadata
o Ensemble of Collaborative Filtering with Content Based techniques



Thank You!

8770
10024
12000
26138
10887

5067
12220

2127
14338
19357
18985
18601

RIP

Fool's Gold - B Side

Love Me Better

Sweetest Thing

You Are My Starship - Remastered
The Ocean

DOPE

Miss Mysterious

Borders

Jinsei No Merry Go Round

| Wanna Go Down With You

Demaons

Artist Name eu_distances

Spice 1

Amy Winehouse
James Blunt
Allman Brown
Norman Connors
Led Zeppelin
T.l.

Set It Off

S5t. Beauty

Yuki Niino

Russ

Sleigh Bells

13.393440
13.618472
14.597757
18.666827
15.588317
22.269343
27.566257
28.3357584
34.425192
46.009973
46179388
48.748783




Questions?
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