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Who and When: Road as a Researcher

My name is José Devezas. | have been a research scientist for over three years, working
at Laboratério SAPO/U.Porto, as well as CRACS/INESC TEC in projects involving:
Community Detection

Network Analysis

Information Retrieval

Data Visualization

Text Mining

Machine Learning
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Recommender Systems
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Why: The Love for Connecting Knowledge Using Graphs

I've worked in some different areas of knowledge around intelligent information
systems, but | have always focused on using graphs to solve problems:
» | have directly analyzed networks and their community structure.

» Ininformation retrieval, | have focused on link analysis, using link-based features to improve search (e.g.
worked with Sérgio Nunes and Cristina Ribeiro on applying the h-index from bibliometrics to blogs,
comparing it with the in-degree as baseline).
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Introduction
Why: The Love for Connecting Knowledge Using Graphs

» | have worked on data visualization, applying some of the state of the art methodologies to the
visualization of networks.

» | worked with multidimensional networks defined by the co-occurrence of entities, mined from online
news, and experimented with community detection in multidimensional networks.

> Lately, I've been working with multimodal networks, implementing a knowledge-based recommender
system: Juggle.
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PhD in the Context of Laboratério SAPO/U.Porto

» I'm also a first year Computer Science PhD student at the Faculty of Sciences of the University of Porto.
» My PhD work is on community-driven music discovery.

» The main goal we've set for the first year is to understand how people listen to and discover music,
not only as an individual but also as a group.

» For this, we've been using Last.fm public datasets, but it would be a lot more interesting to explore a
different dataset, specifically MusicBox, which should be representative of the Portuguese people’s
tastes.
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Data and Goals

» Music collection: Million Song Dataset.

e [ o T o e

™ o L - » But the goalis to adapt for MusicBox (12 million songs).
e e 8 > In our demo, users decide on a playlist reflecting their tastes
TG E by either:

ot E » Selecting a premade playlist based on musical genre.

» Searching for music based on available textual
features, using an adaptation of Dpikt's retrieval
methodology.

Nothing Else Matters
in$ &M, by Metallica

Raining Blood
in Live Decade Of Aggression, by Slayer

» Juggle uses its knowledge-based recommender to suggest
the best songs for the given user playlist.

aa
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Basic Approach

Enter Sandman
in Metallica, by Metallica / Marianne Faithfull, Metal...

Enter Sandman
in§ & M, by Metallica / Marianne Faithfull, Metal...

For Whom The Bell Tolls
in Ride The Lightning, by Metallica / Marianne Faithfull, Metal...

Battery
in§ &M, by Metallica / Marianne Faithfull, Metal..

‘The Four Horsemen
in'The Unnamed Feeling, by Metallica / Marianne Faithful, Metal...

Ace Of Spades
in Ace OF Spades, by The Rings, Michael Palin, Motorhead, .

‘Washington Is Next!
in United Abominations, by Megadeth

Of Wolf And Man
in Broken, Beat & Scarred, by Metallca / Marianne Faithfull, Metl...

Motorbreath
in Kill 'Em All, by Metallica / Marianne Faithfull, Metal,

Magic
in Live Undead/Haunting The Chapel, by Slayer

Tam the law
in'The Greater Of Two Evils, by Antrax, Anthrax / Tee T / Public Enem...

The Focus is on music discovery, so we boost results in the long
tail.

The Ffirst algorithm we've come up with uses two features: tags
and users.

The IDF is precomputed for each tag and, during recommendation,
tags are weighted according to their TF-IDF within each track.

The tag-based recommendation module takes two parameters:

> Fraction of top tags to consider for each input track.
» Fraction of top tracks to consider for the filtered tags of
each input track.

The user-based recommendation module takes advantage of user
play counts to recommend similar songs (traditional collaborative
filtering).

The results of the two modules are combined using a frequentist
approach.
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Our Setup

Neo4j

» Million Song Dataset is mostly text files and SQLite
databases containing track metadata, tags and audio
features.

5 .

Release

» We used Mono/C# to prepare our starting graph.

> At first, we tried directly reading the data as we loaded
it to Neo4j (our graph database).

» This was not working, so we decided to first create a
nodes and relationships TSV file, along with one TSV
| T J "’"J files for each index associated with different types of

n r relationships.
users_index.tsv tracks_index.tsv Odes ° e at ons DS

» This way, we could skip index querying during
insertion, since node IDs were precomputed during
TSV generation, which enabled a much faster batch
insertion using the batch-import tool available online.

artists_index.tsv J

| nodes.tsv J |ulanonsnlns,tst

Million Song Dataset
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Preparing the Music Graph

/* ALGORITHM 1: Precomputing the tags IDF. */

D = g.idx("tracks") [[trackld:"Y%query%*"]].count (); » The Inverse Document Frequency (IDF) is higher for
g.idx("tags") [[name: "Yquery%*"]].sideEffectq{ tags that are less common
¢ = it.inE("hasTag").count(); 9 ’

}.it.setProperty("idf“, c==070: Math.log(D / ¢)) > IDF(tag, tracks) — log \t'racks|
; |t € tracks : tag € tags(t)|
» This is Gremlin, a DSL (domain-specific > Since, this value is query-independent, we
language) for graph traversal. precompute it for each tag using ALGORITHM 1.
> It's an implementation of Tinkerpop's Pipes » First, we count the number of documents
for Blueprints-accessible graph databases, (tracks).
written in Groovy. » Then, we count the number of tracks that use the
> Ifyou like the Unix command line, you'll like given tag.
Gremlin. It's similarly designed as pipeline, » And finally, for each tag, we calculate the
so your train of thought should be the corresponding IDF.

same, assuming you know what you want to
do with the graph.
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/* ALGORITHM 2: Community detection with label propagation. */

» Community membership according to label propagation

defined in ALGORITHM 2.

// Each node starts as a single member of its own community
g.idx("tracks") [[tracklId:"Yquery%*"]].sideEffect{ >
it.setProperty("propagationLabel”, it.getId()) };

| 4
// We need at least 5 iterations to get 954 accuracy
limit = 10;
rand = new Random();
1..limit).each{ i ->
( imit).each{ i >

g.idx("tracks") [[trackId:"%query%*"]].sideEffect{
neighborLabelCount = [:]; >
it.outE("hasTag").
.inE("hasTag")
.except ([it]) .prof
.groupCount (neighborLabelCount) .iterate();
max = neighborLabelCount.values().max();
topLabels = neighborLabelCount.grep{it.value == max};
newLabel = topLabels.size() == 0 7
it.getProperty("propagationLabel") :
topLabels[rand.nextInt (topLabels.size())] . .key;
newLabel) ;

. T.g
gationLabel

it.setProperty ("propagationLabel”,
}.iterate();

The label of each node is initialized with its ID.
Then we iterate through all nodes and choose the most
frequent label among their direct neighbors (you can think
of it as a voting system or simply as “peer pressure”).
Ties are broken randomly and uniformly.
Two variants of this algorithm exist:
1. lterate through the graph, but store the new labels
separately to be updated at the end of the iteration.
2. Oriterate through the graph and update labels
directly.
They both converge to the same result, but we used the
second variant since it costs less memory and is faster to
converge.

» For each iteration, approximately 60M relationships are traversed more than once. This is clearly a
problem. The good news is that this algorithm is “stupidly parallel”, since independent ego networks can

be processed simultaneously in each iteration.

» According to the algorithm’s author, there should be a converge verification, so that it can be terminated
before the defined number of iterations, however this is pointlessly costly and we didn't do it.



Juggle

Hybrid Large-Scale Music Recommendation
R

ecommendation Algorithms

Recommendation Algorithms

/* ALGORITHM 3: Recommending using tag relations of weight > 50. */

m=[:];
input = [] as Set;
query = 'TRGJQAP128F427B732 OR TRVATYZ128F427B733

// Query tracks index, using Lucene syntaz, to get starting tracks.

g.idx('tracks') [[trackld:'/query%' + queryl].aggregate(input)
.outE('hasTag') .filter{it.getProperty('weight') > 50.0f}.inV
.inE('hasTag') .filter{it.getProperty('weight') > 50.0f}.outV
.except (input) . groupCount (m) . iterate () ;

m.sort{-it.value}.take(20).collect{

t = it.key;

r = t.out('hasRelease') .next();

a = r.out('hasArtist').next();

aName = r.out('hasArtist').collect{it.name}.join(', ');

L
[t.trackId, t.songld, t.title],
[r.releaseld, r.namel,
[a.artistId, aName]
]
3

» Our baseline approach was to use similarity by tags and

users to recommend new songs:

» The total universe of tags used in the input playlist
appears frequently in the recommended tracks.

» Users who listened to each of the input playlist’s tracks
also listened to the recommended tracks.

Recommender systems are information filtering systems,
thus we gain from limiting data.

Gremlin works with iterators, so it's lazy. For example, if you
run a Gremlin query in the Gremlin/Groovy console, it
returns an iterator, however, by default, the console
executes iterators if they are the last command provided
during input (hence the call to iterate() you see on the left).
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Recommendation Algorithms

/* ALGORITHM 3: Recommending using tag relations of weight > 50. */

m = [:]; .
input = [] as Set; » We start from the queried track nodes.
query = 'TRGJQAP128F427B732 OR TRVATYZ128F427B733' . . .
,, » We traverse outwards through the hasTag relationships with
Query tracks indexz, using Lucene syntax, to get starting tracks. . . .
g0 tracks’s [[erackid: Viqueryl + query]].aperegate (input) weight higher than 50, thus returning tags that are used
_aurn(‘hasTag‘).fﬂmr{it.gnpmporwv('wgight’) > 50.0f}.inV more than 50% of the times to represent a track.
.inE('hasTag') .filter{it.getProperty('weight') > 50.0f}.outV
.except (input) . groupCount (m) . iterate() ; » We traverse inwards through the hasTag relationships with
m.sort{-it.value}.take(20) .collect{ weight higher than 50, thus returning tracks that use the
t = it.key; . .
s = b ostl hashelease’).next(); given tag more than 50% of the times compared to other
a = r.out('hasArtist').next(); tags
aName = r.out('hasArtist').collect{it.name}.join(', '); :
: .
[t.trackId, ©.songd, t.title], » We rank tracks by the number of times our walker passes by
Id, r.name], them.
d, aName]
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/% ALGORITHM 4: Recommending using top 50% TF-IDF tags/tracks. */

Gremlin.defineStep('topTags', [Vertex, Pipel, {
Float topPercent -> _().transform{
n = it.outE('hasTag').count();
it.outE('hasTag').sideEffect{w = it.getProperty('weight')}
.inV.filter{it.getProperty('idf') != null}
.sort{-(w / 100.0f * it.getProperty('idf'))}
.take ((int)Math.round(n * topPercent))}.scatter});

Gremlin.defineStep('topTracks', [Vertex, Pipel, {
Float topPercent -> _().filter{it.getProperty('idf') !'= null}
.sideEffect{idf = it.getProperty('idf')}.transform{
n = it.inE('hasTag').count();
it.inE('hasTag').sideEffect{w = it.getProperty('weight')}
coutV.sort{-(w / 100.0f * idf)}
.take((int)Math.round(n * topPercent))}.scatter});

m = [:]; input = []; results = [];
query = 'TRGJQAP128F427B732 OR TRVATYZ128F427B733

g.idx('tracks') [[trackld: Yquery)' + query]].aggregate (input)
.topTags(0.5) . topTracks (0.5) .except (input)
.groupCount (m) . iterate();

m.sort{-it.value}.take(20).collect{
t = it.key;
r = t.out('hasRelease').next();
a = r.out('hasArtist').next();
aName = r.out('hasArtist').collect{it.name}.join(', ');
L
[t.trackld, t.songld, t.title],
[r.releaseld, r.namel,
[a.artistId, aName]
]
}

The final algorithm we are going to present is similar to
the previous one, except now the traversals are
filtered in a different way, using custom pipes.

In ALGORITHM 4, you can see the pipes topTags and
topTracks which take a floating value between 0 and 1,
representing the fraction of items to traverse.

So, only the top fraction of tags or tracks, according to
the TF-IDF, is traversed.

For example, if a track has 20 tags and we use 0.1 in the
topTags pipe, then only the top 10 tags according to
the TF-IDF are returned and traversed.

The results of this algorithm are quite different from
ALGORITHM 3, the main differences being the lack of
artist repetition (previous results mostly focused on
other tracks from the same artists), and the boost of
rarer tracks to the top, which is better for discovery, as
less obvious results are returned.
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» When you visited with us at Porto, we were about to start working on using the audio features for music
recommendation.

> As we expected, this was a bit of a challenge, mainly because of scale and format.

> Scale = A different strategy was needed to compare songs among each other, using audio

features, since this data is dense, as opposed to the tag and user information, which is sparse and
therefore resulted in a more treatable problem.

» Format = Our knowledge model was supported on a graph database, which essentially means that
it's fFormatted as linked data, therefore requiring us to generate some kind of relationship that is
usable during recommendation.

» We decided to create new relationships in the graph to illustrate direct connections between tracks by
comparing them through audio similarity.
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Latest Additions to the Graph

» Naively doing this would result in about 1M2 = 1,000, 000, 000, 000 calculations of similarity.

» Assuming each operation takes about 0.2 seconds, the whole process would take nearly 2, 315, 000 days
to complete.

» For this, we've adapted Filipe Coelho’s PhD work on text illustration and image retrieval to the context of
music retrieval.

> We generated a trie structure supported on MongoDB, based on track pivoting, to prepare the
workbench for quickly obtaining the 10 tracks with the most similar audio signal to a given track.

» This enabled us to generate a k-Nearest Neighbor Graph, establishing a ranked relationship between
tracks according to their audio features.

» Since any relationship can easily be incorporated into the recommender engine, we believe this is an
extensible and interesting way, based on a knowledge graph, to implement music recommendation.
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"Music s a higher revelation than all wisdom and philosophy.”

Ludwig van Beethoven
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Jjuggle

"Musicis a higher revelation than all wisdom and philosophy.”

Ludwig van Beethoven

Blackest Eyes (Album.
entia,
byPorcupine Tree

i

atl

The
inThe Wall,
byPink Floyd

SatOwr  Playlsts +  About
ClssicRock
Delts lues
Sadise Heavy Metal
popszz
inspi
BYRY Stoner Doom Metal

Electronica
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byPorcupine Tree " byPinkFloyd
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"Music s a higher revelation than all wisdom and philosophy.”
QAdd Songs
Ludwig van Beethoven
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¢ byPorcupine Tree by Pink Floyd byRush
a
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: Startowr About
juggle
"Musicis a higher revelation than all wisdom and philosophy.
Ludwig van Beethoven
[ sackesteyes abum.. = The wall Freeil
Inin Absentia, 2 inThe Wall InSpirit Of Radio: Gre..,
byPorcupine Tree %Y byPinkFloyd byRush
Wl
i
This Apparatus Must .. A o Uik Hel WP A Passace ToBangkok
inDeloused in the Com., SR in The Electronic Trbu., in2112,
by The Mars Volta § 0 by Pink Floyd Tribut... I I by Visage
Easy Lvin' Easy Livin” Voodoo
O - Livc 1973 inLive In Europe, inLive Evi,
KA o Uriah Heep by Uriah Heep byExotique
Bastille Day Wie Der Wind Am Ende, —
inGold, inWolFCity, "= in The Best OF,
byVisage byAmon Diiil 2 \-l; byRadiohead
Man£rg Baudelaire
inReal Time, nDichotomy, in Another Morning Ston..,
byString Driven Thi.. by Captain Beefheart... by And You Will Know...
Hey Joni - WhoalsMe 1 Heard Her Call My
i Daydream Nation, inklCielo, & 1 Rock And RollDiay .,
bySonic Youth & Yam... byDredg " byLouReed & The Ve..

4

Editions OF You

inLIVE,
Ro;

Candy says
inRock &Roll- Anlnt..,
byNico
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Ludwig van Beethoven
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inReal Time, inDichotomy, in Another Morning Ston..,
byString Driven Thi.. @ | ovCaptain Beefheart... by And You Will Know...

Hey Joni = WhoalsMe 1 Heard Her Call My
inDaydream Nation, inkl Cielo, < ) inRock And Roll Diry ..,
bySonic Youth & Yam... byDredg " byLouReed & The Ve...
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Searching and Adding Songs to Start Playlist

metallca

Previous

Title
Blackened

Tolive lsToDie

The Frayed Ends OF Sanity.
And Justice For All

Eye OF The Beholder

Better Days.

Release v
And Justice For All
And Justice For All
And Justice For All
And Justice For All
And Justce For All

AlForvou

Artist

Metallca
Metalica
Metalica
Metalica
Metalica

Janet Jackson

Truth

mAn Errand Gir For Rhythm

AllForvou

AllForvou

Janet Jackson

Dianakrall

outro

intro

AllForvou

AllForvou

Janet Jackson

Janet Jackson
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And Justice For All
——
And Justice For All

And Justce For All

AlForvou

Metallca

Metallca

Metalica

Metalica

Janet Jackson

Truth

mAn Errand Gir For Rhythm

AllForvou

AllForvou

Janet Jackson

Dianakrall

outro

intro

AllForvou

AllForvou

Janet Jackson

Janet Jackson
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in...And Justice For A.., in...And Justice For A,

% byMetallica e byMetallica
’{{%"m Rl
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byNevermore
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Blacklist
inShovel Headed Tour M.
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!

\id¥ o

Culnary Hyperversit
inOnset of Putrefactio,
b ha
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» The complete graph, containing track metadata, tags, user information and audio features, just takes
about 10 GB of space out of the 300 GB for the whole music collection.

» Loading this into memory should be trivial, which ought to translate into a considerable speedup.
> (We weren't able to test this with our graph for lack of resources and lack of time to generate a
smaller subset.)

» According to other authors (e.g. Ben Fields), community structure is good to predict genre.

» We have computed the community membership for the track-track graph induced by tag
co-occurrence according to the label propagation algorithm.

» This hasn’t been further explored due to lack of time, but the algorithm has been shown before and
is available to use in the Gremlin language.

» For audio features, we focused on the pitch and timbre, which are represented by an array of twelve real
numbers for each segment in a song.

» The problem is that the number of segments is variable for each song.
» To calculate similarity, vectors need to be the same dimension.
> One good way to solve this is to calculate the mean pitch and timbre along with 78 covariances

for each (12X(12=1) | 19), representing all the meaningful combinations of pitches and timbres
(including the covariance of the variable with itself, which represents the variance).
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Closing Remarks

» Even though this is not our main focus, we point out that the performance of recommendation
algorithms still needs to be improved.

> We note however that, since a graph database possesses index-free adjacency, once these
problems are solved, increasing the size of the collection should only be a matter of adding
resources (disk space and additional computers for a Neo4j highly available cluster).

» Our algorithms are based on traversals, so solving the problem is a matter of decreasing the
number of visited nodes (a more aggressive filtering technique could be an option).

» As future work, we would like to focus on community-driven music discovery, which is an idea we are
developing for my PhD.

» The first approach is to understand how people listen to music and identify discovery patterns.

> For that, we need access to user data letting us know which user listened to what song when.

» We'd love to study MusicBox data instead of the traditional Last.fm dataset, which generates value
for our work as well as knowledge that will contribute to your work.



Thank you!
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