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Abstract

Learning User Preferences for Recommending Radio
Channels in a Music Service

Daniel Ghandahari

Playing music is considered essential for some businesses. When entering a 
clothing store, a café or a gym, there is most often some music playing in the 
background. The employees do not have the ability to select music optimally to 
maximize profit. Their expertise lies within their main duties of the workplace 
and they should spend most of their time focusing on those duties for an 
efficient workflow. The problem that arises is how businesses can play suitable 
music with minimal effort in music selection. To solve this, a recommender 
system is built with the real-time machine learning algorithm, DR-TRON. It is a 
lightweight and dynamic algorithm that instantly improves on user interaction. 
By using the dynamic nature of the algorithm, a more trivial model was initially 
built to test for some valuable output. Afterward, a more complex model was 
built where there was more consideration in music channel properties. The 
second model recommends suitable music channels and reduces the effort of 
selection.
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1 Introduction

1 Introduction

This section describes the overall context of the report. Initially, recommender systems
are explained in a general form. Important aspects such as Collaborative filtering and
Content-based filtering are further developed. Next, the scope of the project is defined
by mentioning what led to the problem, what the problem is and why it should be solved.
After that, some definitions that are frequently used throughout the report are listed.

1.1 Recommender Systems

Recommender systems interact with people in today’s society more often than one might
think. The systems drag individuals to decision making with minimal effort. The clarity
of their impact varies in different scenarios. The movie service Netflix can explicitly
state that a specific set of movies is recommended because the user watched James
Bond. Its intention of recommendation is obvious. There are more abstract situations.
The social network application, Facebook, provides friend suggestions. As a user, it is
hard to predict on what exact basis a suggestion is made. [2]

In the book Recommender Systems, Aggarwal describes two essential parts of a rec-
ommender system, which are users and items [2]. Recalling the previous examples, an
item in Netflix is a movie and an item in Facebook is here a link between two users.
For different practical contexts, there is some definition of what a user is and what an
item is. Recommender systems can be divided into groups of methods, which are here
referred to as domains. Each domain can then have smaller groups of methods. In Ag-
garwal’s book, the large scope of recommender systems are described [2]. Here, two
popular and comparable domains are brought up. Those are Collaborative filtering and
Content-based filtering. [2]

Collaborative filtering is an extensive domain within the field of recommender systems.
Assuming an item is a movie, Collaborative filtering recommends movies to a user
based on the relation of the user’s ratings in relation to other users’ ratings. The ap-
proach is not to evaluate the features of the movie, but rather the common preferences
between users. For example, a user Daniel has seen the movie Home Alone and the
user Johanna has not seen it. If there is a correlation in Daniel’s and Johanna’s way of
rating, that information is used to decide whether Home Alone should be recommended
to Johanna or not. This example is called User-based collaborative filtering. Another
example is that Daniel has seen and rated the prison movies The Shawshank Redemption
and The Green Mile. Based on those ratings, it can be determined if The Stanford Prison
Experiment should be recommended to Daniel. This is called Item-based collaborative
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1 Introduction

filtering. Both User-based collaborative filtering and Item-based collaborative filtering
go under the category of Neighborhood-based collaborative filtering algorithms. On
the same level of Neighborhood-based collaborative filtering algorithms, there is a dif-
ferent branch called Model-based methods. That group uses machine learning and data
mining for recommending items. [2]

Content-based filtering is a different domain within recommender systems. These meth-
ods target the item’s features to recommend new items. Let’s assume the same practical
context as before, where an item is a movie. Now, if a user Daniel has seen and rated the
movie The Shawshank Redemption highly, the movie The Stanford Prison Experiment
can be recommended to Daniel since both movies have common features. [2]

A popular approach to build recommender systems is to consider both Collaborative
filtering and Content-based filtering. Such systems are called Hybrid systems and are
used in this project.

1.2 Background and Motivation

Music is essential for a lot of businesses. When entering a clothing store, there is usually
music in the background. The type of music is then everything from melancholy to
happy, slow to fast and country to hip-hop. It all depends on what time of the day it is,
what type of clothing store, the usual age of the customers and more. When entering
a gym, there is most often music playing in the background. To encourage people to
be focused and alert, the music is most often quite loud. When entering a café or a
restaurant, there is most probably music playing in the background. Again, the type of
music varies a lot.

One could get the impression that shop owners enter work at opening time, choose some
playlist that they believe suits the atmosphere of the shop and then press the play button.
It is not that simple. Understanding the regulations around music rights in relation to
artists and labels is complicated. The labels have certain demands on how their music
is distributed and there are music laws to obey. Hence, the shop owners cannot select
music however they want. The amount of complexity that comes with the legal factors
causes businesses to be unaware of what is acceptable and what is not. Considering
the non-trivial regulations, music services can set higher prices on their services. Then,
businesses must accept the costs if they want to avoid violating the law.

An IT-company in Uppsala facilitates music selection within businesses by creating
and maintaining a music service application. The service holds a bunch of streaming
channels that are always on. The music that is played is from artists that are not directly
attached to labels and are licensed by themselves. The company refers to these artists as
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”upcoming artists”. By avoiding interaction with labels, there are fewer complications
with the legal part. To use the service, there is a monthly fee, and that is basically it.
The organization can log in to the application on all platforms and have easy access
to a set of streaming channels. The shop owners can now enter work at opening time,
choose a channel that they believe suits the atmosphere of the shop and then press the
play button. The goal of the service is to reduce the complexity around the regulations
so companies can play music without worrying about the legal factors.

One issue is that all the control of music selection is now within the hands of the em-
ployees. Businesses within different domains suffer from one common thing. That is
having to spend time on things that are incoherent in relation to the vision of the busi-
ness. For example, a carpenter might not see financial management as the most exciting
part of the business. It is not likely where the carpenter would work with passion and
creativity. The financial factors simply need to be done. The same way, many businesses
play music in their physical locations without knowing much about the music industry.
A shop owner that plays music might not know what the optimal choice of music is to
maximize profit at a certain time.

1.3 Objective and Research Question

How can someone that works at a hotel reception decide whether to play the music
channel ACOUSTIC DREAMS or RHYTHM AND SOUL at 09:00 in the morning? If
there is a coffee shop with two stores, where one is located in the countryside and the
other in town, which one should play pop music in the afternoon? None of them? Both?
Should this type of decision making be in the hands of the employees? No, it should
not.

These questions arise the problematic of this thesis. The overall goal in this project is to
dynamically match businesses with suitable music channels. To achieve this, a machine
learning-based recommender system is implemented in a music service. Depending on
the properties of the business and the properties of the channels, there are recommenda-
tions made. As this system is used, it improves by time and give more and more accurate
recommendations. Thus, businesses can spend less energy for optimal music selection.
The problem that is described implies the research question of this thesis, which is the
following:

Considering the properties of a business and the properties of some music channels,
how can the business be matched with the correct music channel, where the matching
accuracy improves by time?
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1.4 Definitions

Some concepts are frequently occurring throughout this thesis report. Those are de-
scribed in the list below:

• User - If nothing specific is stated, a user refers to a user in the algorithm DR-
TRON (see Section 3.2). It is denoted u and its user features are denoted
u1, u2, u3, ..., unu , where nu is the total features.

The recommender system in this project recommends music channels to an app
user or sometimes simply a user in the music service. A recommendation is for
a user that is logged in, but the basis of the recommendation is mostly influenced
by the properties of the organization. Therefore, a user can more or less be seen
as an organization in the context of the music service.

• Product - If referring to one product, the symbol a represents that product. The
corresponding vectorized format of a is xa. The properties/features of xa are
denoted a1, a2, a3, ..., ana , where ak is or is a part of a feature, 1  k  na and na

is the number of features.

If referring to multiple products, those products are denoted as a1, a2, a3, ..., ana ,
where ak is a product, 1  k  na and na is the number of products. Now
this is the same expression as for dealing with one product’s properties. This is
not problematic since it emerges whether it is one or multiple products. Using
the subscript notations consistently helps the reader to follow. Moving on, The
corresponding vectorized format of ak is xak . The properties/features of xak are
denoted a

k
1, a

k
2, a

k
3, ..., a

k
nak

, where a
k
k0 is or is a part of a feature in product ak and

1  k
0  nak and nak is the number of features.

Notice that a feature ak (or akk0 for multiple products) is not simply a feature, but
is or is a part of a feature. For example, a1 can represent one feature and a2 – a7

can represent another feature. In the data representation, the first feature has one
bit and the other feature has seven bits.

• W - The weight matrix in the algorithm DR-TRON. Sometimes it is referred to as
the model.

• The company - The company where this thesis project is done. It’s this company
that has created and maintains the music service (See definition below).

• The tailoring company - A company that cooperates with the company in rela-
tion to the music service. Their focus lies within tailoring the music channels.
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• Music service - The application where the recommender system is implemented
in.
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2 Related Work

2 Related Work

This project is related to other projects both through a technical perspective and through
the perspective of streamlining business processes. The objective of intelligent chan-
nel selection in the music service can be compared to how companies like Spotify and
Apple form their services. The technical point of view is also reflected in how other
projects have applied the same theory in other systems. The Uppsala student, Niklas
Fastlund, did his master thesis To learn and evaluate a system for recommending busi-
ness intentions based on customer behaviour, in 2018. He used DR-TRON to build a
recommender system.[10] [3] [5]

When pointing out how this project helps businesses focusing on their core values,
Freshbooks is a sensible comparison. Freshbooks is a company that runs an accounting
software system. [12]

2.1 Spotify - Discover Weekly

Spotify’s music service dominates the music industry and is considered one of the giants
within its field. A lot of its focus for tailoring the music to users involves artificial
intelligence (AI), and more specifically, machine learning. One feature that the Spotify
application provides is the Discover Weekly-playlist. As the name is self-explanatory,
a new playlist is provided to the user every week. The playlist contains recommended
tracks for that week, specifically for the user. [10]

In the paper Music Personalization at Spotify, the author emphasizes the key value of
personalization. He claims that entire teams at Spotify work with optimizing tailor-
ing of music to users with algorithmic approaches like collaborative filtering, machine
learning, DSP and NLP. [10]

Both Spotify’s application and the music service in this project improve the music ex-
perience with AI. Spotify mainly targets individuals while this music service targets
businesses. As Spotify recommends tracks, this service recommends radio channels.
The practical differences can be reflected in the choice of algorithms within the ser-
vices. The music service in this project lacks empirical data and targets radio channels
that play new tracks continuously. Hence, real-time training with DR-TRON is suitable
(see Section 3.2). On the other hand, Spotify is a more extensive application that can
create predictive models with a rich amount of data. [10]
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2.2 Freshbooks

Freshbooks is a company that mainly targets small businesses. They run a cloud-based
accounting software. The CEO and Co-Founder of Freshbooks, Mike McDerment, ex-
presses the company’s vision with this statement: [12]

”There are 60 million small businesses in the English speaking world and only about
17% of them use accounting software. The rest mostly use Word and Excel. Consider
the implications. We know using FreshBooks helps owners save an average of 16 hours
a month. Using back of the envelope math, Word and Excel use is costing the World
almost 10 billion hours annually. That’s human potential squandered, and these are not
your average hours—these are the hours of our most productive and dedicated members
of society—small business owners.” [12]

This statement expresses how significant a day-to-day process can be in the long term. If
it is done incorrectly, it can be expensive. McDerment’s way of arguing brings motiva-
tion to this project. If increasing the level of automation for businesses’ music selection,
a lot of time can be saved that can instead be spent on the business’ core values.

2.3 To learn and evaluate a system for recommending busi-

ness intentions based on customer behaviour

Niklas Fastlund did his Master Thesis To learn and evaluate a system for recommend-
ing business intentions based on customer behaviour at Uppsala University during
2018. The thesis was done in cooperation with a company called FreeSpee, which is
a business-to-business (B2B) company [13]. They help customers to manage and track
their own online customers. [5]

The goal of the project was to streamline the process of phone calls to FreeSpee [5]. As a
customer (business) calling, it can be cumbersome being walked through all alternatives
to identify the intended purpose. For example, hearing a voice saying:

”If you need technical support, press one. If you have questions about payment, press
two. If you...”

This problem was being solved with AI. Some properties of a caller would be consid-
ered, and then mapped to the business intentions with a ranking system. [5]

Niklas’ thesis is much alike this thesis project. Both projects build recommender sys-
tems with the algorithm DR-TRON. Niklas and I were both introduced to DR-TRON
by my reviewer, Kristiaan Pelckmans, who was also Niklas’ reviewer. [5]
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One interesting aspect of Niklas’ thesis project is to compare the practical similarities
with this project. He intended to optimize the process of making phone calls for busi-
nesses. The intention here is to optimize music selection. Hence, both aim to make
businesses more profitable by making some day-to-day processes more efficient. Now,
practical comparisons can be reflected in the technical view. Explaining DR-TRON
briefly, it maps some context to a set of objects (or products). The mapping is done by
calculating relevance scores between the context and each object. In the case of Niklas’
project, a context is a FreeSpee customer calling to FreeSpee and the objects are busi-
ness intentions. Here, the context is an app user of the music service and the objects are
music channels. [5]

8
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3 Theory

This section is introduced by explaining the general concept of real-time recommender
algorithms. Afterward, the algorithm DR-TRON is explained, which is the main algo-
rithm for building the recommender system throughout the report. The last part of this
section describes the evaluation methods used for the recommender system that is built.

3.1 Real-time Recommender Protocol

Traditional recommender systems often rely on empirical data for creating predictive
models. An example of this is in Section 2.1, where Spotify’s approach for recom-
mending music is brought up. Spotify is one of the dominants within the industry of
recommender systems. [2]

However, in this thesis, the model is not created with a historical data set and the ap-
proach takes a different direction. The reasoning is as follows:

1. Historical data can become irrelevant in the future due to that fashions change.
Data collected in the 90s run the risk of being inapplicable in 2020.

2. Representative data sets belong more and more to larger players such as Spotify,
Apple and Netflix [2].

3. The recommender system is implemented in the music service, which is a new
application at the time of writing. Therefore, there is a lack of empirical data.

Instead, a protocol that integrates the data-collecting process within the recommender
is used. The protocol is detailed in Algorithm 1.

Algorithm 1 Real-time Recommender System Protocol
Require:

Users are assigned an initial channel.
1: for t = 1, 2, 3, ... do
2: A user is unhappy with the channel he/she is currently listening to.
3: He/she skips to the new channel which is recommended by the app.
4: The underlying recommender is updated with this new information.
5: end for

9



3 Theory

3.2 DR-TRON

DR-TRON is a real-time recommender system algorithm. It maps a user and product
to a relevance score. The relevance score represents the relevance of that product to
be recommended to that user. By mapping multiple products to a user, a ranking of
products is obtained. The product with the highest relevance score is the one with the
highest rank. DR-TRON is a method of both Content-based filtering and User-based
collaborative filtering. Hence, it is a hybrid system (see Section 1.1). [5]

Initially, in this section, the relevance score calculation, ability to improve and notations
are briefly described. Then, there is a step-wise explanation of the algorithm. Lastly,
the DR-TRON is further explained with an example of a toy recommender.

To start, the prediction formula of DR-TRON is given below:

f(u, a) = xu
TWxa

where f calculates the relevance of product a for user u. Both a and u are represented
with the vectors xa and xu, respectively. The elements of the vectors are the features.
For instance, a can be a toy, whereas a1, a2, a3, ..., ana describe color, minimum age to
play with the toy, how dangerous it is if eaten, material(s), year of creation, etc. The
same way, u is a user and u1, u2, u3, ..., xnu describe gender, clothing size, hobbies, age,
etc.

The notation for products can be a bit cumbersome to interpret since there are multiple
products in some contexts throughout the report. Therefore, the way of expressing
products are clarified under the Product definition in Section 1.4.

A part of the algorithm is handling feedback from the user. This is where the recom-
mender system improves. For this, the matrix W is essential. W holds the weights that
are to be adjusted depending on the user’s active choice. If a user chooses the highest-
ranked recommendation, DR-TRON does nothing. For suboptimal choices, DR-TRON
learns and adjusts the matrix W. For a detailed overview of the steps in the algorithm,
see Algorithm 2. [5]

10



3 Theory

Algorithm 2 DR-TRON
Require:

Require: Initiate W0 = 0 and compute the
characterizations {xak 2 Rna} of the objects a1, a2, a3, ..., ana , where 1  k  na.

1: for t = 1, 2, 3, ... do
2: Characterize a user ut into a processable vector xut 2 Rnu .
3: All m objects {a} are ordered in terms of predicted relevance

f(ut, a) = xut
TWt�1xa

where f(a(1), ut) � f(a(2), ut) � f(a(3), ut)...
4: The user is asked for feedback on this ranking.
5: If there was a mistake at t on the preference between items (ai, aj), then the

solution is updated as

Wt = Wt�1 + xut(xaj � xai)
T

6: end for

Before firing the algorithm, the weight matrix W is instantiated with zeros. As the val-
ues in W are adjusted, there are more intelligent rankings/predictions. All objects (prod-
ucts) are pre-processed into a processable format. The outcome of the pre-processing
are vectorized products xa1 , xa2 , xa3 , ..., xana

.

The first step of the algorithm is to enter a for-loop. The variable t is a discrete-time for
a query made by the user (see Algorithm 2, step 1). At step 2, the loop is entered and
a user’s features are being pre-processed into a processable format. Afterward, at step
3, the pre-processed user and products are used in the prediction equation. This returns
an ordered list of products, sorted by relevance. At step 4, the user gives feedback
by choosing the preferred product, which is represented by aj . Finally, at step 5, the
algorithm improves by considering the optimal choice and the user’s choice.

In this thesis, DR-TRON is used in the context of the music service. The product, a, is
a music channel and user u is a user in the app.

DR-TRON both trains and predicts within the same iteration. It is a real-time algorithm.
This, in contrast to other algorithms that have a dedicated phase for training on empirical
data to build a predictive model. DR-TRON is a dynamic algorithm in the sense of
adding new features. For example, in the music service, if a new channel feature like
loudness is added to the application, it can be integrated into DR-TRON without having
to rebuild the whole model.

11
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In the subsection below, there is an example of DR-TRON. The example evaluates the
mathematical steps more thoroughly. It illustrates a suitable context for using DR-
TRON.

3.2.1 Toy Recommender - Example

Recalling the toy example above, let’s assume that a recommender system for buying
toys is to be constructed. Depending on certain properties of the buyer, the optimal toy
is supposed to be recommended. First, the input for DR-TRON is defined. The user, u,
is the buyer and the products, a1, a2, a3, ..., ana , are toys.

Initially, the toys are characterized. The characteristics are minimum age to play with
the toy and color. The user is characterized by age and clothing size. Note that some
properties from the first example are excluded. This is due to simplicity and clarity.

Now, to obtain a vectorized format of a toy, one needs to consider the type of properties.
For the minimum age to play with the toy, the age number is stored in the vector. This
property is denoted as ak1, where 1  k  na, for some toy ak.

The color property is handled a bit differently. Due to not being a numerical value, it
needs to be pre-processed somehow. It is assumed that all possible colors are yellow,
purple, red, pink and black. The few color options is for simplicity. Since the minimum
age property is ak1, one could think that color is ak2, but that is not the case. Instead, the
color is represented by {ak2, ak3, ak4, ak5, ak6}, where each element represent one possible
color. Since there were five color options, there are five variables in the set. To clarify
this property, if there is a toy that is yellow and red, it is described as [1, 0, 1, 0, 0].
Each color that is present (turned on) is 1 and each color that is absent (turned off) is
0. This type of representation is called One-hot representation and is described more
thoroughly in Section 4.3.2.

So, the final toy vector is for some toy ak the following:

xak =

2

6666664

a
k
1

a
k
2

a
k
3

a
k
4

a
k
5

a
k
6

3

7777775

Moving on to defining the user vector. The user’s (buyer’s) age property is simply a
numeric value and represented by u1. On the other hand, the clothing size is a One-hot

12



3 Theory

representation. Assuming, there are the sizes small, medium and large, gives the final
user vector:

xu =

2

664

u1

u2

u3

u4

3

775

Now, the prediction step of DR-TRON is demonstrated with this example (see Algo-
rithm 2, step 3). The following equation calculates the relevance of some toy ak for the
user u:

f(u, ak) = xu
TWt�1xak

The equation on an expanded form, with the matrices being visualized, is written as
follows:

f(u, ak) =
⇥
u1 u2 u3 u4

⇤

2

664

w1,1 w1,2 w1,3 w1,4 w1,5 w1,6

w2,1 w2,2 w2,3 w2,4 w2,5 w2,6

w3,1 w3,2 w3,3 w3,4 w3,5 w3,6

w4,1 w4,2 w4,3 w4,4 w4,5 w4,6

3

775

2

6666664

a
k
1

a
k
2

a
k
3

a
k
4

a
k
5

a
k
6

3

7777775

So far, there are some things to conclude regarding the variables of the equation. Ob-
serving, the right hand side of the equation, the size of W is implied by the sizes of
the user vector, xu, and the toy vector, xak (see reminder for Matrix multiplication in
Appendix E). Since the user vector has length four and the toy vector has length six, the
length of the weight matrix W is here 4 ⇥ 6. Generally in DR-TRON, having the user
vector being of length nu and some product vector length as na, the size of W is always
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nu ⇥ na. The equation is derived towards a final answer for further conclusions:

f(u, ak) =
⇥
u1 u2 u3 u4

⇤

2

664

w1,1 w1,2 w1,3 w1,4 w1,5 w1,6

w2,1 w2,2 w2,3 w2,4 w2,5 w2,6

w3,1 w3,2 w3,3 w3,4 w3,5 w3,6

w4,1 w4,2 w4,3 w4,4 w4,5 w4,6

3

775

2

6666664

a
k
1

a
k
2

a
k
3

a
k
4

a
k
5

a
k
6

3

7777775
(1)

=

2

6666664

u1w1,1 + u2w2,1 + u3w3,1 + u4w4,1

u1w1,2 + u2w2,2 + u3w3,2 + u4w4,2

u1w1,3 + u2w2,3 + u3w3,3 + u4w4,3

u1w1,4 + u2w2,4 + u3w3,4 + u4w4,4

u1w1,5 + u2w2,5 + u3w3,5 + u4w4,5

u1w1,6 + u2w2,6 + u3w3,6 + u4w4,6

3

7777775

T 2

6666664

a
k
1

a
k
2

a
k
3

a
k
4

a
k
5

a
k
6

3

7777775
(2)

= a
k
1(u1w1,1 + u2w2,1 + u3w3,1 + u4w4,1)+ (3)

a
k
2(u1w1,2 + u2w2,2 + u3w3,2 + u4w4,2)+ (4)

a
k
3(u1w1,3 + u2w2,3 + u3w3,3 + u4w4,3)+ (5)

a
k
4(u1w1,4 + u2w2,4 + u3w3,4 + u4w4,4)+ (6)

a
k
5(u1w1,5 + u2w2,5 + u3w3,5 + u4w4,5)+ (7)

a
k
6(u1w1,6 + u2w2,6 + u3w3,6 + u4w4,6) (8)

At step (1), the equation is simply recalled. Afterwards, at step (2), xu is multiplied with
W. The result of that multiplication is a row vector, but due to lack of space, it is written
as a column vector and then the transpose of that vector is obtained. This converts it
back to a row vector. The final result can be seen at steps (3) – (8). All those additions
yield a number, which is the relevance score.

For a stronger intuition of the prediction in DR-TRON, the derived equation steps are
examined in combination with a buyer and a toy. The buyer is 8 years old and has the
clothing size medium. There is a dinosaur toy that is pink and black. It has the size of
a thumb and is therefore considered dangerous for babies, due to the risk of choking.
Therefore, there is a minimum age of 7 years to buy it. From this information, the user
vector xu and toy vector xa are obtained:
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xu =

2

664

8
0
1
0

3

775 xa =

2

6666664

7
0
0
0
1
1

3

7777775

These vectors are now substituted in the equation obtained above at steps 3 – 8:

a1(u1w1,1 + u2w2,1 + u3w3,1 + u4w4,1)+ (9)
a2(u1w1,2 + u2w2,2 + u3w3,2 + u4w4,2)+ (10)
a3(u1w1,3 + u2w2,3 + u3w3,3 + u4w4,3)+ (11)
a4(u1w1,4 + u2w2,4 + u3w3,4 + u4w4,4)+ (12)
a5(u1w1,5 + u2w2,5 + u3w3,5 + u4w4,5)+ (13)
a6(u1w1,6 + u2w2,6 + u3w3,6 + u4w4,6) (14)

= (15)

7(8w1,1 + 0 + 1w3,1 + 0)+ (16)
0(. . . )+ (17)
0(. . . )+ (18)
0(. . . )+ (19)
1(8w1,5 + 0 + 1w3,5 + 0)+ (20)
1(8w1,6 + 0 + 1w3,6 + 0) (21)

Observing steps 17 – 19, the factors a2, a3, a4 = 0 results the whole expression to be
zero. This means that the colors yellow (a2), purple (a3), and red (a4) have no influence
in predicting the relevance score for the toy. In step 20 – 21, the factors a5, a6 = 1
which represents the present colors pink and black, respectively.

At step 16, the factor a1 = 7 is present. It amplifies the absolute value of the expression
to its right by 7. Now, let’s focus on the factor 7w3,1 at step 16. If w3,1 > 0 then 7w3,1

contribute to the final relevance score to be higher. This due to that it is also known
that both a1, u3 � 0. Moreover, the interpretation of w3,1 is divided into three different
cases:

• w3,1 > 0:

15



3 Theory

For a buyer with clothing size medium, a higher minimum age is recommended.

• w3,1 < 0:
For a buyer with clothing size medium, a lower minimum age is recommended.

• w3,1 = 0:
For a buyer with clothing size medium, there is no preference regarding the mini-
mum age.

Each individual weight in W can be seen as a sub-feature, where all weights conclude a
final prediction score. One weight, like w3,1 , can be seen as one of many perspectives in
a prediction algorithm. Due to DR-TRON’s dynamicity, the weights are also powerful
on an individual basis. The last case, where w3,1 = 0, is essentially that weight being
turned off. For any present weight wi,j , a weight can be turned off by setting it to zero.
The prediction runs as before, but simply without considering that weight.

3.3 Evaluation Methods

The recommender system that is built throughout this project is evaluated and tested.
The basic recommender is tested with two evaluation methods, which are Evaluation
with DR-TRON and Naive Evaluation. Those methods are further described in this sec-
tion. The advanced recommender is evaluated with an artificial approach. The evalua-
tion is not only run programmatically, but the human factor is taken into consideration.

3.3.1 Evaluation with DR-TRON

By going through the steps in Algorithm 3, it is clarified how the model is evaluated.
The initial step of creating such measurement is to choose a target channel amongst all
channels. The weight matrix is initialized with all zeros. A set E is provided. The values
in this set are different values of epsilon, where epsilon is the interval for adding random
weights in each iteration (see Section 4.2.2). The rows constant is set to evaluate the
same amount of rows per each value of E. The higher the value of rows, the richer the
amount of data, and hence higher accuracy in the evaluation. The iteration limit ` is set
to only evaluate iterations under a certain limit. For instance, if the number of iterations
is not considered interesting if exceeding 42, then ` = 42. The final requirements are
the characterization of the user and all the objects. Note that the formula in Algorithm
3 is given in a generic form. Therefore, it mentions objects instead of channels. In the
context of the project, those objects are always channels.
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The first step of Algorithm 3 is to enter the outer most for-loop, for some value in
E. Immediately after that, the second outer most for-loop is entered, which represents
the first row. Now, observing step 5, the innermost loop is entered. This is where the
evaluation logic is performed, for the current ✏ at the first row.

At step 6, it is checked if the step limit is reached. If it is, steps is reset and the loop
starts over. More intuitively, it can be seen as: The evaluation of the current row failed.
Let’s redo it.

If i < `, then all relevance scores are calculated and the channels are ordered in terms
of predicted relevance to define the channel ranks. The equation in steps 10 – 11 is the
same prediction equation as in step 3 of Algorithm 2. In step 12, found is updated,
to see if aast is found after the most recent prediction. If it is found, the while-loop is
exited and the amount of steps for the current settings of ✏ and steps are noted (see step
19). Lastly, in step 20, the weight matrix W is reset and a new run for finding aast starts.

If the aast is not found in step 12, the DR-TRON update equation is invoked with ai =
a(1) and aj = a(2) (see steps 14 – 15).

The predicted channel (ai) is set to the channel with the highest rank and the user’s
choice of channel (aj) is set to the second-highest ranked channel. The intuition behind
this update is: The optimal does not match the target when predicting. Let’s update
the matrix with the second most optimal, re-predict and see if that matches the target.
Lastly, the steps is incremented and the next iteration in the while loop is entered (see
step 16).
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Algorithm 3 Evaluation of DR-TRON
Require:

A target channel aast is provided
Initiate W0 = 0
A set E = {✏1, ✏2, ✏3 ..., ✏nE} is provided
A row size rows is provided
An iteration limit ` is provided
Characterize {xak 2 Rna} of the objects a1, a2, a3, ..., ana , where 1  k  na.
Characterize a user u into a processable vector xu 2 Rnu .

1: for ✏ in E do
2: for row in rows do

3: steps 0
4: found false

5: while !found do
6: if steps == ` then
7: steps 0
8: continue
9: end if

10: All na objects are ordered in terms of predicted relevance

f(u, a) = xu
TWxa

11: where f(a(1), u) � f(a(2), u) � f(a(3), u)...

12: found = a(1) == aast

13: if !found then

14: The solution is updated as

W = W + xu(xaj � xai)
T

15: where ai = a(1) and aj = a(2)

16: steps++
17: end if
18: end while

19: noteResult(✏, steps)
20: W 0
21: end for
22: end for

18



3 Theory

3.3.2 Naive Evaluation - Random Recommender

A random recommendation approach is used as a baseline comparison. The initializa-
tion steps of the random recommender algorithm are identical to the main evaluation
method (see Algorithm 4). The first difference can be observed at steps 10 – 11. Instead
of setting ai and aj with the prediction equation in DR-TRON, they are set randomly.
That is, in each iteration, the optimal channel is found by guessing. This step defines
the naivety of the evaluation.

Due to that the prediction is not ran with DR-TRON, there is no reason to update the
weight matrix, W. Therefore, the DR-TRON update equation is excluded in the if-block
at steps 13 – 15.
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Algorithm 4 Naive Evaluation
Require:

A target channel aast is provided
Initiate W0 = 0
A set E = {✏1, ✏2, ✏3 ..., ✏nE} is provided
A row size rows is provided
An iteration limit ` is provided
Characterize {xak 2 Rna} of the objects a1, a2, a3, ..., ana , where 1  k  na.
Characterize a user u into a processable vector xu 2 Rnu .

1: for ✏ in E do
2: for row in rows do

3: steps 0
4: found false

5: while !found do
6: if steps == ` then
7: steps 0
8: continue
9: end if

10: a(1) = random()
11: a(2) = random()

12: found = a(1) == aast

13: if !found then
14: steps++
15: end if
16: end while

17: noteResult(✏, steps)
18: W 0
19: end for
20: end for
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4 The Music Service - System Structure

4 The Music Service - System Structure

In this section, the theory described in Section 3 is applied in the context of the music
service. The overall structure of the system is described without technical details. In
Figure 1 and 2, the prediction of channels mapped to a user and updating a weight matrix
W can be observed within the application.

4.1 Smart Play - Predict

Figure 1 concludes the steps for retrieving all channels with corresponding ranks for
a user. When a user logs in to the application, the server is immediately called with
the information of whom the user is that logged in. The server then characterizes that
user’s user data into a processable format. This corresponds to step 2 in DR-TRON (see
Algorithm 2). All channels are also characterized and transformed into a processable
format. This corresponds to the last part of the ”Require”-step in DR-TRON (see Algo-
rithm 2). Note that in the steps of DR-TRON, the order of characterization is the other
way around. The product (channel) characterizations are done before the user charac-
terization (see Algorithm 2). This is due to that for all steps t, the formula considers
a potential new user. In the application, the same user is logged in, so the order is not
important.

After processing the user and channel data, the relevance scores are obtained. That
is, each channel’s relevance score, in relation to the user, is calculated. In DR-TRON,
this is performing step 3 (see Algorithm 2). The app user then retrieves an object that
consists off all channels with their corresponding ranks. Now, the app user can press a
Smart play-button that plays the channel that is ranked first. Note that there is a Worker
environment in Figure 1 that is not used. This environment will be used when skipping
channels.
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Figure 1: Smart playing and prediction of channels in the music service

4.2 Skip Channel - Update

In the application user interface, there is a Skip channel-button (see Figure 2). If the user
clicks this button, the next song is played immediately. Note that the app user has all the
channels with their corresponding ranks. After clicking Skip channel, the information of
the predicted channel and the channel that the user chose is sent to the server. Updating
the weight matrix W is sent as a task to a task queue in the Worker environment. The
reason to have such an environment is that when different users click Skip channel, the
matrix W needs to be updated in the right order of who clicked first. At all times, there
is only one worker needed. That is because one update task has to finish before the next
update task can be processed. It is the same global matrix, W, that all tasks write to.

In Figure 2, the predicted channel is declared as ai and the channel that the user chose
is declared as aj . This is to match the notations in DR-TRON (see Algorithm 2). Lastly,
there is a step in the update implementation where some randomness is added. This is
to prevent getting stuck in a local minimum [7].
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Figure 2: Skipping channels and updating weight matrix in the music service

4.2.1 Selection of ai and aj

The approach for selecting ai and aj can vary. The example table, Table 1, and Figure
3 demonstrates how this selection is done in the application. Table 1 consists of some
channels with their ranks. This is how the data look like that is returned to the app user,
described in Figure 1. For simplicity, the names of the channels are set as numbers.

Assuming that a user has logged in and retrieved the data in Table 1, the user can now
click on Smart play. Initially, Channel 2 will be played. This due to that it was ranked
first (see Figure 3). In this state, it is noticeable that the weight matrix is not updated.
The user simply asked for the optimal channel and as long as the user does not show
dissatisfaction (keeps listening), there should not be any changes. If observing the for-
mula of DR-TRON (Algorithm 2), the algorithm considers this by only updating W
when ai 6= aj . Hence, when the user has indicated dissatisfaction. In the application,
the server is simply not called because there is nothing to update.

The Skip channel-button can be clicked while listening to Channel 2. That will be
interpreted as dissatisfaction and that there is something better than what is considers
being the optimal (Channel 2). The weight matrix will be updated with ai = 2 and
aj = 3. In a more intuitive manner, Channel 2 was considered the optimal channel, but
the user chose Channel 3 instead. The reason why the user’s choice is set to Channel
3 is that it is the next channel with the highest rank after Channel 2 (see Table 1). The
next state is playing Channel 3 (see Figure 3).

In this new state, where Channel 3 is playing, Skip channel can be clicked on again.
If it is clicked, the same pattern is followed. The user has indicated that Channel 3 is
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suboptimal. Therefore, the server is called to update the weight matrix with ai = 3 and
aj = 1. Channel 1 is the channel with the highest rank after Channel 3. The new state
is playing Channel 1.

Observing Figure 3, it might seem like an update-state blocks a play-state. That would
be inefficient and is not the case. Note that in Figure 2, it was earlier described that
updating the weight matrix is done as a background job in the Worker environment.
Hence, it does not block. It was also mentioned that the user retrieves a whole list of
channels and ranks, and not only the channel with the highest rank (see Figure 1). The
user always has the information about which channel to play next if skipping the current
channel. Therefore, the next channel is played instantly when clicking Skip channel.

Ranks Channel
1 2
2 3
3 1
4 5
5 4

Table 1: Channels with corresponding ranks
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Figure 3: Selection of ai and aj in the music service

4.2.2 Random Near Zero

In the update equation of DR-TRON, the subtraction xaj � xai can be observed (see
Algorithm 2, step 5). If the result of this difference is 0, that is xai = xaj , one could end
up in a local minimum when updating the weight matrix W.

Let’s examine the equality xai = xaj . Notice the difference between xai = xaj and
ai = aj . That is, two different channels’ vectorized formats are observed. Saying
ai = aj would mean that ai and aj are the same channel.

Recall the update equation in DR-TRON:

Wt = Wt�1 + xut(xaj � xai)
T

If xai = xaj when updating, the new weight matrix remains the same. In the next
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iteration, when predicting the new ai and aj , the same ai and aj can be predicted since
the matrix W is the same. Then, the same update would be performed, and the weight
matrix would again stay the same. Hence, there is a risk of getting stuck in a local
minimum.

To avoid this, random values are added to the elements in the result vector xaj � xai in
each iteration. The values are obtained from a uniform distribution of random values,
close to zero. The values are small (close to zero) so their significance only avoid getting
stuck in a local minimum, and does not affect the ranking positions. Note that adding
the random weight values could also only be done when xai = xaj and not in each
iteration.

4.3 First Version - Basic Recommender

The basic recommender is mainly built to test whether an implementation of DR-TRON
can give some concrete output. High accuracy results are not a priority. This section
initially explains the user and channel features. Next, the processing and representation
of the data are further covered.

4.3.1 Features in the Music Service

In Table 2, the features for a channel and a user are listed. As mentioned in Section 3.2,
these can vary by time. Some of these existing ones can be removed and new features
can also be added in the future.

Channel features (ak
1, ak

2, ak
3, ..., ak

nak
) User features (x1, x2, x2, ..., xnu)

Energy
Business category

(e.g. Hairdresser, School, Beauty Salon,
Fitness and Bar...)

Tempo Favorite channels (liked channels)

Table 2: Features in the music service

Here, in the basic recommender, there is a limited amount of user and channel features.
A channel solely consists of Energy level and Tempo and a user consists of Business
category and Favorite channels (see Table 2). This is due to test the DR-TRON algo-
rithm in a environment that is not too complex. Observing the weight matrix, W, in
Algorithm 2, at step 3, it is seen that the size of W is dependent on the sizes of the user-
and channel vectors. For a user vector xu 2 Rnu and a channel vector xa 2 Rna , there
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is a weight matrix W 2 Rnu⇥na . Hence, for large user- and channel vectors, there is a
large weight matrix.

4.3.2 One-hot Feature Representation

In Algorithm 2, step 3, the relevance of a user in relation to different channels are
calculated with the given equation. The calculation can only be done if the user and the
channels are represented in a processable format.

A user can have Hotel as its business category and have WE LOVE POP, LET’S MIN-
GLE and RHYTHM AND SOUL as its favorite channels. A channel can have a low
tempo and an energy level of 5. All these features can be processed by the earlier
mentioned equation if using a One-hot representation. That is, a feature is represented
with a collection of either a 1 or a 0, where 1 indicates a possible value being turned
on/present in the feature. The same way, a 0 indicates that the possible value is turned
off/absent. The previous example of the user and channel features are converted into
One-hot representation for a more intuitive description. [8]

All business categories are listed as {Bar, Beauty Salon, Café, Event, Fitness, Hotel,
Other, Restaurant, School, Shop, Waiting Room, Workplace, Convenience Store, Hair-
dresser}. To convert this list to One-hot, the order is significant. Bar is the first element
of the list, Beauty Salon is the second element in the list, Café is the third element etc.
For the user that had Hotel as Business Category, the One-hot representation is the vec-
tor {0, 0, 0, 0, 0, 1, 0, 0, 0, 0, 0, 0, 0, 0}. The 1 represents Hotel, which is the sixth
element in the list.

The user’s favorite channels can be converted the same way. All channels are listed
as {WE ARE THE WORLD, YOU ROCK!, WE LOVE POP, NAMASTE, WELCOME
CHRISTMAS, LET’S MINGLE, RHYTHM AND SOUL, EVERYDAY POP, WE LOVE
POP 2, LUXURIOUS HIGHTS, ACOUSTIC DREAMS, SOFISTICATED BREEZE, AF-
TER MIDNIGHT}. The user’s favorite channels in One-hot are {0, 0, 1, 0, 0, 1, 1, 0, 0,
0, 0, 0, 0}, where the ones represents WE LOVE POP, LET’S MINGLE and RHYTHM
AND SOUL, respectively, reading from left to right.

A channel’s low tempo, is expressed as {1, 0, 0} in One-hot. The middle zero and
the rightmost zero represent the values medium and high, respectively. The channel’s
energy level, 5, is similarly written, where it is {0, 0, 0, 0, 1}. The zeros are the
values for 1 � 4, respectively, reading from left to right. The different feature vectors
differ in their ability to store values (i.e, having ones in the vector). A user’s Business
Category and a channel’s Tempo and Energy Level features all has only one value. For
instance, a channel’s tempo cannot be set with the vector {1, 0, 1}. This would mean
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that the channel has both low and high tempo, which is contradictory. It is possible to
feed such value to DR-TRON since it follows the processable numerical representation.
On the other hand, the algorithm would predict/train on non-sense, through a practical
perspective.

To construct the input vector xu, for some user u, its features in One-hot are concate-
nated into one vector with significant order. The user’s feature vectors for Business
Category and Favorite Channels are {0, 0, 0, 0, 0, 1, 0, 0, 0, 0, 0, 0, 0, 0} and {0, 0, 1,
0, 0, 1, 1, 0, 0, 0, 0, 0, 0}, respectively. These vectors are concatenated into the resulting
vector {0, 0, 0, 0, 0, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 1, 0, 0, 1, 1, 0, 0, 0, 0, 0, 0}, which
is the final user input, xu (see Figure 4). The channel input vector is obtained similarly.
Its features Tempo and Energy Level are vectorized into {1, 0, 0} and {0, 0, 0, 0, 1},
respectively. Concatenating these two vectors into {1, 0, 0, 0, 0, 0, 0, 1}, results the final
channel input vector, xa (see Figure 5). In Figure 6, the weight matrix, W, is visualized
in relation to the sizes of the user and channel vectors.

Figure 4: User features in One-hot representation

Figure 5: Channel features in One-hot representation
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Figure 6: Visualization of weight matrix and its size

4.4 Second Version - Advanced Recommender

This version of the recommender system is an extension of the basic recommender.
Some complexity is added to obtain a better performing model. The intention here is
to obtain concrete results, but with good performance. This section starts by explain-
ing how music designers have tailored the channels for the addition of more features.
Next, the pre-processing is explained, which is like the pre-processing in the basic rec-
ommender but with some additional complexity. Lastly, an extension of DR-TRON is
applied.

4.4.1 Features in the Music Service

The main difference between the two versions is the addition of new channel features.
By using the open Spotify API as a source of inspiration, new features were created and
integrated into the music service [6]. Spotify’s track features were suitable to adapt to
the music service and use as channel features. Previously, in the basic recommender,
the only channel features were Energy level and Tempo. Now, a channel is represented
as follows:

• Tempo - low/medium/high
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• Energy level - Between 1 – 5

• Acousticness - Between 0 – 99

• Danceability - Between 0 – 99

• Liveness - Between 0 – 99

• Loudness - Between 0 – 99

• Speechiness - Between 0 – 99

• Positivity - Between 0 – 99

The tailoring company helped to set the new channel attributes properly (see The tai-
loring company definition in Section 1.4). A proposition of the new features and their
representations were given to them. It was identical to the bullet list above. Next, the
tailoring company’s music designers read through the proposition and approved it. Af-
terward, the designers set each attribute for each channel. The compiled document of
the settings can be seen in Appendix B. The channels in that document are the exact
channels that are used in the advanced recommender. Compared to the basic recom-
mender, two new channels have been added, which are FEMENINE VIBE and WORK
IT.

4.4.2 Numeric and One-hot Feature Representation

In the basic recommender system, the pre-processing is solely done with One-hot data
representation (see 4.3.2). The downside with One-hot is bad generalization. For in-
stance, assume having a color representation, where all possible colors are yellow and
blue. Let’s define yellow as

⇥
0 1

⇤
and blue as

⇥
1 0

⇤
. When training on yellow, the

rightmost bit (blue) is turned off. In practical terms, one could say: Since, this is yellow,
there will be no consideration to the blue ones.

To obtain good generalization, the numeric values of the channel features are included
in the pre-processing. The One-hot representation is still included. This is due to that
more features can be created from the numeric values. For instance, having positivity as
a numeric feature, One-hot features as positivity is between 0 – 32, positivity is between
33 – 65 and positivity is between 66 – 99 can be included. This would increase the
number of features and thereby predict better.

In Figure 7, an example of a channel vector is illustrated. The representations of Tempo
and Energy level remains in the same One-hot format. The rest of the parameters are
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numeric values, where each value is targeted in a One-hot interval. The intervals are 20
bits. that is, the possible range of values is divided into 20 intervals. Note that there are
no bigger changes for the user vector when comparing the basic recommender and the
advanced recommender. The only change is that the vector size was of length 27 and
now is 29. This is due to the two new channels that were added. The user’s Favorite
Channels features expands.

Figure 7: Example of channel feature vector in the advanced recommender

4.4.3 Extension of DR-TRON

In the implementation of the basic recommender, there is an addition to DR-TRON,
where small random numbers are added to avoid getting stuck in a local minimum (see
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Section 4.2.2). More precisely, random numbers are added to the resulting vector of
aj � ai in the update equation of DR-TRON. In Section 4.2.2, it is mentioned how
this is only useful for the case when xai = xaj . The addition of random values can
be considered less important here in the advanced recommender, compared to the basic
recommender. As explained in the previous sections 4.4.1 and 4.4.2, the channel data
representations are more complex here. Therefore, there is a smaller probability to
find the case where xai = xaj . One might even argue that the case xai = xaj cannot
be accepted on app-level because it could be considered non-sense. The case can in
practical terms be described as two distinct channels that have the exact same properties.
Recalling the process of how random values were added, a value ✏ was set to define the
range [�✏, ✏] to randomize. Hence, ✏ is not of importance in this section.

On the other hand, a new parameter, �, has been added in the implementation of the
advanced recommender. With the �-variable added to DR-TRON, large relevance scores
are avoided. This is not a problem in the basic recommender since all data representation
is with One-hot. That is, there are solely ones or zeros. Here, there is also numerical
values included in the data representation. As DR-TRON multiplicatively obtains the
relevance scores, these numerical values can cause the scores to explode. The �-variable
is added to the update equation of DR-TRON:

Wt = Wt�1 + �xut(xaj � xai)
T

Now, what is the value of �? As mentioned, DR-TRON acts multiplicatively, which
means that a potential explosion of relevance scores also explode multiplicatively. There-
fore, � should scale the product xut(xaj � xai)

T more aggressively for each iteration.
Hence, � is designed as a decaying parameter. That is, its value decreases for each
iteration. The �-variable is expressed as:

� =
1p
t

To be able to scale xut(xaj � xai)
T with better control, a constant c is added to the

expression of �. The constant c simply scales the whole expression. This results a more
complete expression of �:

� =
cp
t

In the context of the advanced recommender, c = 0.001 has been a proper setting.
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5 Evaluation

The basic recommender and the advanced recommender are evaluated in this section.
Initially, the theory of the evaluation algorithms in Section 3.3 are applied to the basic
recommender. The advanced recommender uses those algorithms as its basis and has
an additional degree of complexity.

5.1 First Version - Basic Recommender

The basic recommender is evaluated both naively and with an intended evaluation algo-
rithm. If the latter performs significantly better than the naive approach, it is concluded
that a proper algorithm is built. In this section, the choices of parameters for the eval-
uation algorithms are defined and motivated. The naive algorithm can be observed in
Algorithm 4 and the intended evaluation algorithm can be observed in Algorithm 3.

At first, the target channel is chosen. It is defined to be WE LOVE POP. The choice is
done randomly. The set E = {✏1, ✏2, ✏3 ..., ✏nE} is set to E = {0.001, 0.005,
0.01, 0.05, 0.1, 0.5, 1.0}. The reasoning behind this is that a relatively small value is
desirable for ✏, so 0.001 is included (see Section 4.2.2). The highest value of epsilon is
1. It is significantly larger than 0.001 and most probably too high for an epsilon value
since its purpose is to add small randomness. Hence, a range between 0.001 and 1 tests
a range between what is considered a proper value and what is considered a value of too
much significance, respectively.

The iteration limit is set to ` = 20. So, more than 20 iterations to find WE LOVE POP
as highest-ranked, is not interesting. The amount of rows per each setting of epsilon is
set to 5000, i.e. rows = 5000. The results are presented in Section 6.1.

5.2 Second Version - Advanced Recommender

The system described in Section 4.4 is evaluated here. Due to more complexity in the
advanced recommender compared to the basic recommender, there is also complexity
added in the evaluation process. The goal of evaluating the basic recommender is that it
performs. On the other hand, this evaluation’s goal is how good it performs. The results
here are considered the final results for the recommender system that is intended to be
built in this project.

The performance measurement for the recommender system is obtained with two met-
rics. First, a weight matrix, W, is pre-trained in order to test how good the system
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generalizes. That is, if many users’ preferences of channels are common, those chan-
nels should tend to be recommended to new users.

For the second metric, a semi-realistic scenario for using the recommender system is
first constructed. Then, the scenario is run programmatically. It is run once by recom-
mending with DR-TRON and once by recommending naively. The two simulations are
then compared, where user satisfaction is measured.

5.2.1 Pre-training and Generalization

When evaluating the basic recommender in Section 5.1, there is nothing mentioned
about the app users. Recalling the general goal, which was to find WE LOVE POP, the
results obviously differ between different users. Testing with different users is not the
primary goal. The whole process of the first evaluation runs on one arbitrary user. The
intention here is to consider all users. If all, or most of the users would prefer a specific
channel, then that should have an impact on a new user. That is, it should be relatively
easy to recommend that specific channel to a new user. Thus, the recommender system
generalizes.

In short, the update equation of DR-TRON is running multiple times to obtain certain
values for the global weight matrix, W. This step is called pre-training. Next, the
weight matrix is used to predict relevance scores, where it is expected for the recom-
mender system to generalize. To observe the pre-training algorithm in pseudo-code, see
Appendix A. The rest of this section explains this process with a step-by-step example.
Figure 8 is an illustration of the example:

Figure 8: Pre-training weight matrix

The notations follow the same convention as in DR-TRON (see Algorithm 2). The
evaluation is ran up to the final time step ⌧ . For each time step t, there are both local
and global operations. These are further explained for the time steps t = 0, 1, ..., 5.
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Initially, there is an assumption made that there is one specific channel that is preferred
over all other channels by all users. At t = 0, the weight matrix W is initialized with
all zeros. Among all users, user u3 is randomly selected. The user asks for all channels,
sorted by predicted relevance with DR-TRON’s prediction equation. This corresponds
to when the user logs in to the app and by clicking Smart play, the user would listen to
the channel with the highest rank. Note here that since W = 0, the rankings could be
obtained randomly as well.

The channel with the highest rank is a4 and the channel with the second-highest rank is
a7. Now the user updates the global weight matrix W with ai = a4 and aj = a7. This
corresponds to clicking Skip channel in the app. Next time u3 is selected, the user is in
the state of listening to channel a7 instead of a4 due to the skip. This is illustrated with
the arrow from t = 0 to t = 2. Before moving on, when should the user skip? When
is the user satisfied? What if the user likes channel a4 that was predicted for him/her?
This is where the previously stated assumption matters. To recall the assumption, there
is one specific channel that all users prefer over all other channels. A user always skips
if ai 6= aast, where aast is the target channel. To stay in a concrete and practical context,
aast = a3 for this example.

After u3 has skipped, the next iteration is started. Now, at t = 1 user u5 is randomly
selected. This is a good opportunity to claim that the selection of the user is always done
randomly when starting a new iteration. User u5 asks for all the channels, ordered by
predicted relevance. The weight matrix that DR-TRON uses is no longer the zero matrix
due to the previous skip/update of user u3. In Figure 8, the new weight matrix W1 can
be observed. Channel a11 has the highest rank and channel a12 has the second-highest
rank. These are assigned as ai and aj , respectively.

At step t = 3, user u3 is selected again. The previous state is therefore considered,
which was that u3 was listening to channel a7. Assigning aj is again the channel with
the second-highest rank, which is here a5. Note that the weight matrix has been updated
again, and is expressed as W3.

Next, at step t = 4, u11 has occurred in a previous state. The same principal is applied
as for u3. In step t = 5, u1 has never occurred, so ai is predicted with the current weight
matrix W5. The whole procedure continues til t = ⌧ .

Figure 8 does not illustrate what happens to a user when the target channel aast is found.
There are two ways in the procedure explained above where a user can find the target
channel. One way is that it skips when aj = aast. Then, it is certain that ai = aast in
the next iteration. The second way is if the predicted channel with the highest rank is
aast. When the target channel is found by some user, that user is no longer allowed to be
selected in upcoming iterations. There is no reason to skip since he/she has found aast,
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which according to our assumption is better than the rest of the channels. After the final
state t = ⌧ , all users end up in a state of listening to some channel. For the example in
Figure 8, the final states could be illustrated as in Figure 9:

Figure 9: The channels that users are listening to after pre-training

The key to the whole procedure is the final weight matrix that is obtained, W⌧ . If a
new user is created and the prediction equation of DR-TRON is running on that user, a
relatively high relevance score is expected for a3, which is the target channel.

5.2.2 Artificial Simulation

The performance of the recommender system is measured with a scenario-based arti-
ficial evaluation. Before explaining how it is performed, let’s motivate why it is per-
formed. To do that, let’s first recall the application flow for how channels are recom-
mended in the music service. Briefly, if the Smart play-button is clicked, the channel
with the highest rank is played. Now, if the Skip channel-button is clicked, the channel
with the second-highest rank is played and the AI improves from the skip action (see
Section 4 for a more in-depth explanation). A user skipping is an indication of dissatis-
faction. Optimally, the user would retrieve a pleasant channel when clicking Smart play
the first time and never skip. This yields the measurement unit for this evaluation, which
is Frequency of events, where an event is a skip action. Not only should the human user
interaction be taken into consideration for defining the measurement unit, but for the
whole process of the evaluation. The human factors in relation to absolute time have an
impact on the frequency of skips. That’s why a scenario-based artificial evaluation is
preferable.

As the motivation for why the evaluation is done, let’s move on to how it is done. It is an
artificial simulation, where a semi-realistic scenario is constructed. The term interaction
scheme will sometimes be used instead of ”scenario”. The initial step is to create user
stories for all users in the music service. These short stories determine their way of
selecting music, i.e. when to skip or not to skip. They are later on translated into a set of
target channels, where these channels are the ones that the user accepts (does not skip).
For example, User 14’s user story is:
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”If the music has a good tempo, it’s going to wake you up! I don’t care so much about
the genre per se, just that people will like to jump, jump and jump!”

This description is translated to the set {WELCOME CHRISTMAS, AFTER MIDNIGHT,
WORK IT!}. Whenever one of these three channels is playing, User 14 is satisfied. All
user stories are found in Appendix C and all channels in the music service are found in
Appendix D.

When all user stories are translated, the interaction scheme can be created. The first step
is defining a start and an end time. Hence, creating an interval for when the scenario is
played, in absolute time. Then, a random user, a random time and a random boolean
value for whether the user stays logged in or not are retrieved. Afterward, those are set
to the interaction scheme. The current time, which is the start time, is then accumulated
with the random time. The whole process is repeated until the current time exceeds
the defined end time. To give an example, the start time and end time can be set to
08:00 and 10:00, respectively. At first, User 5, the time 45min and the boolean value
true is randomly retrieved. Then, it is added that User 5 interacts with the system at
08:00 and stays logged in. The next time a user interacts with the system is at 08:45.
By interacting with the system, it means to log in (if not already logged in) and then
clicking the Smart play-button and skip the currently playing channel until one of the
user’s target channels are found. Notice that all steps within the application are similar
to the steps in the algorithm in Appendix A. In Algorithm 5, the method for creating the
interaction scheme is listed.

Algorithm 5 Interaction Scheme Creation
Require:

A set of all users U is provided
A set of time slots S is provided
A constant INIT TIME is provided
A constant END TIME is provided

1: currentTime = INIT TIME
2: while currentTime < END TIME do
3: randomUser = getRandom(U)
4: randomTime = getRandom(S)
5: staysLoggedIn = getRandomBoolean()
6: setInteraction(randomUser, currentT ime, staysLoggedIn)
7: currentT ime+ = randomTime

8: end while

An example of an interaction scheme is visualized in Figure 10. In Figure 11 an interac-
tion scheme that does not consider absolute time is visualized. An orange dot represents
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a skip action in both figures.

Figure 10: Example of running DR-TRON with a real life interaction scheme
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Figure 11: Example of running DR-TRON with a computer based interaction scheme

The start time in this evaluation process is set to 07:00 and the end time is set to 13:00.
That is, the simulation is a six hours scenario in absolute time. The time set is set to
S = {5min, 15min, 25min, 35min, 45min, 1h}. Apart from using Algorithm 5 to create
the scheme, some interactions are added manually. The additions are that all users logs
in and interacts with the system around 07:00. This is due to fast learning in an early
phase that results in accurate predictions later on. This interaction scheme is used with
a naive recommender and DR-TRON as a recommender.
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6 Results

All evaluation results are presented in this section. First, the results of evaluating the ba-
sic recommender are presented. Lastly, the advanced recommender’s evaluation results
are mentioned, which are the final results of the project.

6.1 First Version - Basic Recommender

The results of evaluating both naively and with DR-TRON are illustrated and presented
in this section. In Figure 12, the results of the evaluation with DR-TRON’s prediction
equation can be observed. Furthermore, the evaluation results of the naive approach are
presented in Figure 13.

Figure 12: Violin plots for WE LOVE POP as target channel - DR-TRON
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Figure 13: Violin plots for WE LOVE POP as target channel - Naive

Interpreting the violin plots can be a bit cumbersome and are therefore clarified. Each
violin-shaped figure represents a setting of ✏. The rectangle within such a figure is called
the interquartile range (IQR) [9] [14]. It is a measurement of the variability of the data.
IQR is the range between the first quartile, Q1, and the third quartile, Q3. Assume all
the output data where ordered by size. Then, Q1 is the middle value in the first half and
Q3 is the middle value in the second half [14].

To clarify with an example, assume that for some setting of ✏, the results of iterations
would be {4, 17, 2, 3, 19, 4, 20, 14, 1, 7}. Initially, the set is sorted in ascending order,
going from left to right, and is {1, 2, 3, 4, 4, 7, 14, 17, 19, 20}. The first half is then
{1, 2, 3, 4, 4} and the middle value is 3, so Q1 = 3. The same way, the second half is
{7, 14, 17, 19, 20} and Q3 is therefore 17. The IQR = Q3�Q1, so it is 14. [14]

Other information the violin plot provides are the mean, median and data distribution.
The dashed line within the IQR indicates the mean. The solid line in the same area is the
median. The wavy shapes that form violin-alike figures represent the data distribution.
It can be more convenient to rotate the plot -90 degrees to observe the distribution of the
data.

The result plot in Figure 12 has the IQR = 7 � 2 = 5, for epsilons 0.001 – 0.1. For
✏ = 0.5 the IQR = 9 � 2 = 7 and for ✏ = 1.0 the IQR = 8 � 2 = 6. The median
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values are 4 for all settings of epsilon. The mean values are 5 for all settings of epsilon,
except for ✏ = 0.5 and ✏ = 1.0, which are closer to 6.

In Figure 13, the IQR = 9 for all settings of epsilon, except ✏ = 1.0, which is IQR =
12� 4 = 8. The median is always 7 and the mean is always around 8.

Comparing the data distributions between Figure 12 and 13, there is a higher concen-
tration of data for lower values of t in Figure 12. Whereas in Figure 13 the distributions
are more narrow and widely spread. All results in this section are discussed in Section
7.1.

6.2 Second Version - Advanced Recommender

To evaluate the advanced recommender, two different approaches are used for perfor-
mance measurement. Recalling those approaches, one is pre-training a weight matrix
to test the matrix’s ability to generalize and the other approach is running an artificial
simulation.

The former, when aiming for the recommender system to generalize, was ran with dif-
ferent settings. See Section 5.2.1 for the evaluation setup. The W⌧ was obtained by
targeting multiple channels. The number of iterations was varied between 50 – 200 iter-
ations. For all settings, the results were more or less the same. The final states in Figure
9 are actual results from one pre-training session, where the target channel is a3. All the
users that ended up listening to a3 would then predict a3 as the highest-ranked channel
within 0 – 5 iterations. Some users that did not end up listening on channel a3, like u9 in
this case, were stuck in an infinite amount of iterations to find a3. Regarding new users
that were created in the app, the same results applied. Some found the target channel
immediately (0 – 5 iterations) and some users got stuck.

The results of the artificial evaluation were obtained from running once by recommend-
ing naively and once by recommending with DR-TRON. Figure 14 visualizes the final
results of the evaluation.
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Figure 14: Result of artificial evaluation

To begin with, the graph is explained. The Time-axis is in absolute time. The discrete
time steps represent different time intervals in absolute time. The values can be inter-
preted from Table 3:

Time Absolute time interval
1 07:00 - 07:59
2 08:00 - 08:59
3 09:00 - 09:59
4 10:00 - 10:59
5 11:00 - 11:59
6 12:00 - 12:59

Table 3: Times and corresponding time intervals

Moving on, a dot represents an interaction. The blue dots are interactions when rec-
ommending naively and the orange dots are interactions when recommending with DR-
TRON. For example, the coordinates (1, 6, 2) can be read from the 3D-graph, where the
dot is blue. This means that between 07:00 – 07:59, User 2 started to interact with the
system to find a suitable channel. He/she had to press the Skip channel-button six times
to find such a channel. All recommendations to User 2 was given randomly (naively).
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Notice that the same set of users run in the same time slots when running naively and
with DR-TRON. That is, for each blue data point, there is an orange data point with the
same x (Time) and z (User) values. This is due to that the same interaction scheme is
run for both algorithms. This also implies that the total number of blue and orange dots
are the same (28 dots each). To visualize this more clearly, Figure 15 is observed. There
is the same number of interactions in all values of Time. When T ime = 2, it looks
like there is only one interaction, but there is a blue dot with the exact same coordinates
as the orange and the plot generation visualizes the orange dot. If instead observing
the blue and orange dots that are furthest down in the figure, it is clear that they are
running the same interaction from the interaction scheme and only that the number of
skips varies.

Figure 15: Result of artificial evaluation - Clarification of data relations
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Now that the 3D-graph is interpreted, the results are presented. By observing Figure
14, it can be seen that the orange dots are generally below the blue dots, i.e. has fewer
skips. A more specific measurement is obtained in Figure 16 by comparing all corre-
sponding blue and orange interactions (same time and user), and compile that into a 2D-
graph. The Interaction = 1 corresponds to the first user in the scheme at T ime = 1,
Interaction = 2 corresponds to the second user at T ime = 1, ..., Interaction =
{Last interaction of T ime = 1} corresponds to the last user at T ime = 1. Then, the
same pattern proceeds with T ime = 2, til T ime = 6.

The earlier known convention is followed in Figure 16, where the blue dots are inter-
actions where recommendations are done naively and the orange dots are recommenda-
tions with DR-TRON. The grey dots, however, are to indicate that both the naive and
DR-TRON interactions have the same amount of skips.

The results are compiled by going from left to right in the graph, where the grey dots are
ignored. For Interaction = {6, 7, 8, 12} the naive recommender resulted fewer skips
and for Interaction = {1, 3, 9, 10, 11, 13, 15, 16, 19, 21, 24, 25, 26, 27, 28} DR-TRON
resulted fewer skips.

Figure 16: Skip differences between recommending naively and with DR-TRON
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The results from Section 6 are discussed in this section. The basic recommender and
the advanced recommender are discussed separately, which are clearly stated from the
subsection titles.

7.1 First Version - Basic Recommender

The violin plots in Figures 12 and 13 provides a good amount of information to conclude
whether DR-TRON performs better than a naive algorithm that always ranks randomly.
The general goal for each run is to find the target channel with as few iterations as
possible. That is, find it as quick as possible.

In Figure 13, where the naive algorithm is evaluated, the randomness can be observed
with the colored shapes, which represents the data distributions. The shapes look more
rectangular and there is a relatively even spread in the range t = 1, . . . , 20. This is due
to that the output t is random for each run. The prediction for each iteration is from a
uniform distribution [11]. That is, all channels have the same probability to be picked.
Then, one might argue that the plots should be more rectangular. The plots in Figure 13
look rectangular, but gets more narrow for larger t. The reason for this is explained with
some probability theory below:

Firstly, the probability of the trivial case t = 1 is concluded. That is, what is the
probability to find the target channel on the first iteration, from a random ranking?
Assuming there are 14 channels, the probability is simply:

P (t = 1) =
1

14

Now, the non-trivial probability of t = 2 is calculated. It is slightly more complex than
t = 1. It is not enough to say that the probability is 1

14 . The probability of t = 2 is 1
14

and that the target channel was not found when t = 1. Hence, the probability of finding
the target channel in the second iteration is:

P (t = 2) = (1� P (t = 1))
1

14
(22)

=
13

14

1

14
⇡ 0.9286

14
(23)
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The calculation above shows that P (t = 1) = 1
14 > P (t = 2) = 0.9286

14 . This statement
is starting to confirm why the shapes in Figure 13 are more narrow for larger t. But to
conclude this more confidently, all values of t are examined.

A more generic approach is presented for calculating the probability of finding the target
channel. Assume that the intention is to calculate the probability to find the target at
some iteration k, where 1  k  `. The ` is the maximum value for t, which was 20 in
this evaluation. Then, the target must not be found in any of the iterations t up to k. The
probability of not finding the target in one iteration is 13

14 . Hence, the formula is given
as:

P (t = k) = (
13

14
)k�1 1

14

To make the formula generic outside the context, the number of channels is described
with the variable na.

P (t = k) = (
na � 1

na
)k�1 1

na

Recall that the intention is to prove why there is a slightly higher probability for lower
values of t. This is done with proof by induction [4]. Initially, an expression for P (t =
(k � 1)) is derived:

P (t = (k � 1)) = (
na � 1

na
)(k�1)�1 1

na
(24)

= (
na � 1

na
)(k�2) 1

na
(25)

Now, the proof is done by reformulating P (t = k) and substitution of P (t = (k � 1)):

P (t = k) = (
na � 1

na
)k�1 1

na
(26)

= (
na � 1

na
)k�2 1

na
(
na � 1

na
) (27)

= P (t = (k � 1))(
na � 1

na
) (28)

(29)

47



7 Discussion

By reformulating P (t = k) into a new expression, P (t = (k � 1)) can be substituted
into that expression. The result is that P (t = (k�1)) multiplied by the expression na�1

na

equals to P (t = k). All channels can be count to at least two, otherwise the service
would be pointless. That is na � 2. This implies that 0 <

na�1
na

< 1. The expression
is a factor that scales down. So, from what is concluded, it is said that P (t = k) equals
scaling P (t = (k = 1)) down. Thus, the proof is finished. The same explanation is
done in mathematical terms:

na > 1 (30)

=) 0 <
na � 1

na
< 1 (31)

=) P (t = (k � 1)) > P (t = k) (32)

This proof completes the explanation of why the plots in Figure 13 are slightly more
narrow as t gets larger.

Moving on to the plots in Figure 12, where the performance of DR-TRON is evaluated.
As mentioned under Result, in Section 6.1, there is a higher concentration of data for
lower values of t compared to when running the algorithm that picks randomly. This
means that running DR-TRON finds the target channel significantly faster than the naive
model, and is therefore an indication of success. In fact, the other information provided
by the violin plots shows that DR-TRON is a more efficient model. The median, mean
and IQR is generally always lower for running DR-TRON (see Figures 12 and 13).

The evaluations of DR-TRON and the naive algorithm had one thing in common. That
is the low impact of the different settings of epsilon. In Figure 12, the IQR and mean is
slightly larger for ✏ = 0.5 and ✏ = 1.0 compared to the other settings of ✏. It could just
be a coincidence since the difference is so small. On the other hand, ✏ is significantly
larger than the other settings of ✏, so that might affect the result. One potential reason
for the low impact can be that there are few user- and channel features. A user is solely
represented by Business category and Favorite channels. The same way, a channel is
solely represented by Tempo and Energy level.

7.2 Second Version - Advanced Recommender

Finding a suitable metric and evaluation form was the hardest part of the project. There
was a lot of back and forth for choosing and constructing a good way to test the per-
formance of the recommender system. The main reason is due to not using traditional
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machine learning. That is, there is no historical data that is partly allocated for test data.
DR-TRON improves in real-time and therefore the testing needs to take another direc-
tion. To find a suitable metric, most of the attempts were using the evaluation algorithm
Algorithm 3, with slight modifications to it. Despite all the small changes and tweaking
of ✏, rows and `, the issue of the algorithm converging towards two superior channels
often occurred. That is, two specific channels often ended up switching between being
the highest and second-highest ranked channels and the other channels had no chance
against them. If the target channel aast was not one of the two superior channels, the
algorithm would end up in a deadlock. This was usually always the case when using
that evaluation algorithm for the advanced recommender. Thus, a new evaluation form
was needed.

The most critical problem to solve was to avoid deadlock. The pre-training for the
generalization approach solved this by introducing a fixed amount of iterations when
looping (see algorithm in Appendix A). And as for the results, it was mentioned that
new users could predict the target channel in 0 – 5 iterations. But the metric is too weak
to have as the main metric for the recommender. The result of 0 – 5 iterations should
not be described as good, but rather as expected. To clarify the value of the pre-training
for generalization, it is like a regression test for an application. It simply needs to be
correct.

When running Algorithm 3 and aast is not found, the matrix is updated and in the follow-
ing iteration, it is checked if aast == a(1). That is, the comparison is always towards the
channel with the highest rank. One problem with this is the tendency to deadlock. The
cases of deadlock that was earlier described were due to that the target channel never
was ranked the highest. Another problem is the lack of consideration in the context of
the music service. The artificial simulation solves both of these problems. Instead of
continuously asking, ”Was the channel found? Was the channel found? Was the chan-
nel found?”, the course of action is ”let’s see how many skips are required to find the
channel”. The latter statement ensures deadlock prevention by finding the target chan-
nel with a worst-case complexity of O(na), where na is the number of channels. The
artificial simulation is the main evaluation method in this thesis. For the rest of this
section, the results of the artificial simulation are discussed.

To recall the results from the artificial simulation, the naive recommender had fewer
skips at Interaction = {6, 7, 8, 12} and DR-TRON had fewer skips at Interaction =
{1, 3, 9, 10, 11, 13, 15, 16, 19, 21, 24, 25, 26, 27, 28} (see Figure 16). Some of the inter-
actions where the naive recommender had fewer skips than DR-TRON are examined in
the list below:

• Interaction = 6: The naive recommender wins by 10 - 4 = 6 skips.
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• Interaction = 7: The naive recommender wins by 6 - 3 = 3 skips.

• Interaction = 8: The naive recommender wins by 3 - 0 = 3 skips.

It can be concluded from the list that the number of skips is 6 + 3 + 3 = 12 skips more
in the three interactions 6 – 8 when recommending with DR-TRON rather than naively.
Due to that the number of channels is 15, 12 skips are a lot of skips. At first glance,
it can be considered that DR-TRON failed in these interactions. But it is important to
notice that interactions 6 – 8 are in the beginning phase of the interaction scheme, where
there are a total of 28 interactions in the scheme. This means that the weight matrix, W,
has not had much time to improve. In fact, a high frequency of skips in an early phase
can be positive in the sense of improving the model early on for a better performing
model in the rest of the scheme. This is why there were manual interactions added to
the scheme at 07:00.

Due to the arguing about interactions 6 – 8, DR-TRON had the chance to improve in
the beginning and therefore there is some expectation on a good performance in the
upcoming interactions. To examine this, the cases of Interaction > 8 are evaluated
and are referred to as ”late interactions” (excluding ties). The late interaction results in
Figure 16 are compiled in Table 4. The mean and median values are compiled in Table
5.

Interaction 9 10 11 12 13 15 16 19 21 24 25 26 27 28
Naive 12 2 1 2 6 11 5 2 1 6 1 4 5 3

DR-TRON 1 0 0 3 3 0 1 0 0 0 0 1 0 0

Table 4: Frequency of skips in late interactions

Mean Median
Naive 4.36 3.5

DR-TRON 0.64 0

Table 5: Mean and median values for late interactions

Observing Table 4, Interaction = 12 is the only case where recommending naively
results in fewer skips than running with DR-TRON. On the other hand, interaction 12
is a relatively early interaction and the naive recommender only wins by one skip. For
the rest of the late interactions, DR-TRON is the winner. Comparing the mean values in
Table 5, DR-TRON skips 4.36/0.64 ⇡ 7 times less than the naive recommender, which
is very successful. Regarding the median values, DR-TRON has a significantly lower
skip frequency, which is also pleasant.
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Considering the distinction of early and late interactions, the characteristics of the dots
in Figure 16 are analyzed. First, the range of all data points (orange and blue dots) are
identified. This is done by defining a limited are where all data points can end up in.
Due to having 15 channels, the maximum amount of possible skips in one interaction
is 15 - 1 = 14 skips. Hence, the area is defined as A = (0, 0)(0, 14)(28, 14)(28, 0),
which forms a rectangle, and is visualized in Figure 17. The majority of the blue dots
are uniformly spread out within the lower half of A. The reason why the spread is in
the lower half and not the whole area is because some (most) of the users have multiple
target channels. If all users only had one target channel, the spread would not be as
concentrated in the lower half.

Figure 17: Area A indicating the range of possible data points

The characteristics of the orange dots are different from the blue dots. To begin with, by
focusing on the lower half of A, the distribution of the orange dots are not as uniformly
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distributed as the blue dots. In Figure 18, a smooth curve is drawn through all data
points that run DR-TRON as the recommender. Some conclusions are drawn from the
appearance of the curve. DR-TRON recommends with a lack of intelligence in the initial
phase due to the high frequency of skips in some interactions. As the skips are feedback
from the user, the algorithm improves. The improvement is clear as the curve flattens
out when the number of interactions increases. The flat curve can also be identified from
the previously mentioned median value, which was 0. In the last interactions, the users
retrieve suitable channels almost immediately.

Figure 18: Smooth curve for recommending with DR-TRON

The overall results of the interaction scheme based artificial evaluation were very suc-
cessful. Despite that, the DR-TRON recommender system is not ready to be integrated
into the music service’s production environment. It needs some further testing. First
of all, it should be evaluated with the artificial simulation but with more complex in-
teraction schemes. Instead of having a scheme over six hours, the time span should be
increased to a couple of days or a week. Secondly, instead of assigning all users with a
set of target channels, they can only have one target channel. This makes it harder for
the recommender system to satisfy the user. When new interaction schemes have been
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evaluated, the recommender system should be integrated into the production environ-
ment.
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Music selection within businesses comes with some complexity due to regulations around
artists and labels. An IT-company has undertaken this and created a music service ap-
plication that facilitates the ability to play music freely. This freedom has the downside
that the workers do not have the ability to choose the optimal music for their businesses.

In this thesis, a recommender system is implemented in the music service to dynamically
match businesses with music channels. The system is based on a real-time machine
learning algorithm, called DR-TRON. With the use of a real-time based algorithm which
is light and dynamic, there is no need for historical data. DR-TRON learns by the real-
time user interaction and is highly adaptive in its nature.

At first, a basic recommender is implemented to be able to obtain some concrete and
valuable output. Afterward, an advanced recommender is implemented, which is an
extension of the basic recommender and is more focused on running with good perfor-
mance. Both of the recommenders are evaluated for their intended purposes.

The final outcome of the thesis project is from the advanced recommender. It is used to
answer the previously stated research question. Recalling the research question, which
is as follows:

”Considering the properties of a business and the properties of some music channels,
how can the business be matched with the correct music channel, where the matching
accuracy improves by time?”

The answer to the question is stated below:

To be able to dynamically match businesses with music channels, a recommender sys-
tem is built with machine learning. User and channel features/properties are defined,
where the channel properties are tailored by music designers. The recommender system
is independent of historical data and improves on real-time interactions. A six-hour
simulation is run to evaluate user/business satisfaction. The simulation was run once
by recommending channels randomly and once by recommending with the system im-
plementation. The latter resulted in seven times higher user satisfaction. Also, the most
satisfied users were the last ones that interacted with the system, which indicates that
the recommender system improves by time.
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During the phases of implementation and evaluation, there were certain priorities to be
able to finish the project. If there were more time to allocate for this project, certain
improvements would be made through different aspects. In this section, those potential
improvements are mentioned and described.

In the advanced recommender, new numerical channel features were added for better
performance. Observing Figure 7, each numeric feature has a One-hot representation
that represents that number in 20 different intervals. To improve the performance of
DR-TRON, the interval size could be varied instead of set to 20. By benchmarking
different sizes when evaluating the algorithm, the best performance result for some in-
terval size could be used. Except for optimizing the channel features, there is room for
improvement regarding the user features. New user features can be added for better
performance.

There are other approaches to improve the recommender system. The real-time algo-
rithm (DR-TRON) can be supported by a different algorithm that is trained with em-
pirical data. The pre-trained predictive model can support the existing decision making
in recommending channels. Another option is that the predictive model is used for a
different feature in the application. It could provide a daily/weekly/yearly mix of rec-
ommended songs for the user. This is much like Spotify’s way of recommending songs
(see the related work Spotify - Discover weekly in Section 2.1).

Aside from usability and performance improvements, sustainability is also important.
Due to DR-TRON being a lightweight and dynamic algorithm, the implementation
could be generalized for use in other applications. The current source code implementa-
tion is adapted to the context of the music service. That is, a product is a channel and a
user is a user in the application. The implementation could be decoupled, where a user
is a user and a product is a product. This could be developed further by an additional
level of abstraction. A system could be built for application owners, where they can
build their own recommender system. There could be a graphical interface where one
chooses the user and product features.

For the rest, it is worth mentioning Spotify’s business application Soundtrack Your
Brand. It provides more or less the same concept as the music service, where a ”sound-
track” is a music stream. The user focus in Soundtrack Your Brand is both businesses
that lack experience in choosing music and businesses that have more knowledge in
music selection. The latter has the possibility to customize its own soundtrack. The
application can also create soundtracks by importing a Spotify playlist. The soundtrack
will then play songs that are similar to the playlist. The music service in this project does
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not originate from an extensive music platform. It targets artists that are not bounded to
labels, whereas Soundtrack Your Brand includes music from over 380 labels. It will be
interesting to observe how these two services will evolve over time, in relation to each
other. [1]
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A Appendix - Pre-training with DR-TRON

Algorithm 6 Pre-training with DR-TRON
Require:

A target channel aast is provided
Initiate W0 = 0
Number of iterations iterations is provided
Characterize {xak 2 Rna} of the objects a1, a2, a3, ..., ana , where 1  k  na.
Characterize {xuk0 2 Rnu} of the users u1, u2, u3, ..., unu , where 1  k

0  nu.
1: for t = 0, 1, 2, ..., iterations� 1 do
2: ut  getRandom(users)

3: All na objects are ordered in terms of predicted relevance

f(ut, a) = xut
TWxa

4: where f(a(1), ut) � f(a(2), ut) � f(a(3), ut)...

5: aj = a(2)

6: if aj == getActiveChannel(ut) then
7: aj = a(3)

8: end if

9: if a(1) == aast then
10: removeElement(users, ut)
11: continue
12: else if !getActiveChannel(ut) then
13: setActiveChannel(ut, a(1))
14: end if

15: The solution is updated as

W = W + xut(xaj � xai)
T

16: where ai = getActiveChannel(ut)

17: setActiveChannel(ut, aj)
18: if getActiveChannel(ut) == aast then
19: removeElement(users, ut)
20: end if
21: end for
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1. WE ARE THE WORLD
Acousticness: 80
Danceability: 80
Liveness: 10
Energy: 4
Loudness: 60
Speechiness: 50
Positivity: 80
Tempo: medium

2. YOU ROCK!
Acousticness: 40
Danceability: 40
Liveness: 0
Energy: 4
Loudness: 80
Speechiness: 60
Positivity: 60
Tempo: medium

3. WE LOVE POP
Acousticness: 0
Danceability: 70
Liveness: 15
Energy: 4
Loudness: 70
Speechiness: 90
Positivity: 90
Tempo: medium

4. NAMASTE
Acousticness: 50
Danceability: 10
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Liveness: 0
Energy: 1
Loudness: 10
Speechiness: 0
Positivity: 50
Tempo: low

5. WELCOME CHRISTMAS
Acousticness: 70
Danceability: 10
Liveness: 20
Energy: 4
Loudness: 60
Speechiness: 60
Positivity: 90
Tempo: low

6. LET´S MINGLE
Acousticness: 20
Danceability: 20
Liveness: 0
Energy: 2
Loudness: 40
Speechiness: 20
Positivity: 50
Tempo: low

7. RHYTHM AND SOUL
Acousticness: 50
Danceability: 40
Liveness: 5
Energy: 2
Loudness: 50
Speechiness: 70
Positivity: 90
Tempo: low
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8. EVERYDAY POP
Acousticness: 70
Danceability: 50
Liveness: 5
Energy: 3
Loudness: 60
Speechiness: 70
Positivity: 70
Tempo: medium

9. WE LOVE POP 2
Acousticness: 10
Danceability: 70
Liveness: 0
Energy: 4
Loudness: 70
Speechiness: 90
Positivity: 90
Tempo: medium

10. LUXURIOUS HIGHTS
Acousticness: 10
Danceability: 80
Liveness: 0
Energy: 4
Loudness: 70
Speechiness: 30
Positivity: 70
Tempo: medium

11. ACOUSTIC DREAMS
Acousticness: 90
Danceability: 10
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Liveness: 10
Energy: 2
Loudness: 30
Speechiness: 70
Positivity: 70
Tempo: low

12. SOFISTICATED BREEZE
Acousticness: 99
Danceability: 80
Liveness: 10
Energy: 4
Loudness: 60
Speechiness: 50
Positivity: 70
Tempo: medium

13. AFTER MIDNIGHT
Acousticness: 0
Danceability: 90
Liveness: 0
Energy: 5
Loudness: 90
Speechiness: 20
Positivity: 60
Tempo: high

14. FEMININE VIBE
Acousticness: 10
Danceability: 40
Liveness: 0
Energy: 2
Loudness: 40
Speechiness: 90
Positivity: 80
Tempo: low
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15. WORK IT
Acousticness: 0
Danceability: 90
Liveness: 5
Energy: 5
Loudness: 90
Speechiness: 70
Positivity: 90
Tempo: high
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User 1 
Business Category: Restaurant 
Liked Channels (id): 1, 2, 7  
User story: I’m open to most kind of music. Around lunch is the rush hour and then I want some 
calmer music. 

User 2 
Business Category: Bar 
Liked Channels (id): 4, 8, 10, 13 
User story: My bar should rather follow the theme of being “loungy”. Therefore, some soft house or 
jazz is preferable! 

User 3 
Business Category: Event 
Liked Channels (id): 3, 6, 10, 14, 15 
User story: If you fall asleep, you lost! We want to dance dance dance! 

User 4 
Business Category: Beauty Salon 
Liked Channels (id): 4, 6, 7, 8, 14 
User story: It is not so crowded in the mornings and people are half asleep. That’s why I always want 
some happier music. Towards the afternoon, I’m pretty open to anything. If I can choose, I’d like 
some pop songs. 

User 5 
Business Category: Convenience Store 
Liked Channels (id): 1, 4 
User story: There cannot be music that is too loud because of the elder. The best music is the music 
where most people in the shop are happy. Then I’m happy! 

User 6 
Business Category: Fitness 
Liked Channels (id): 3, 14, 15 
User story: As important as dance music is, relaxation music is also important for the end of some 
organized training sessions.  



User 7 
Business Category: Hotel 
Liked Channels (id): 4, 6, 7, 8, 14 
User story: Since the music is played in the lobby, there should be music that makes people feel 
welcome. The calmer, the better! 

User 8 
Business Category: Other 
Liked Channels (id): 2, 4, 10, 11, 12 
User story: Everything please! But after 3pm coffee doesn’t work anymore, so I want some peace. 

User 9 
Business Category: School 
Liked Channels (id): 3, 5, 8, 9 
User story: No swearing since it’s bad for the kids. I believe it’s nice with songs where you have a 
chance to understand the lyrics. It’s a great opportunity to train one’s ability to listen. 

User 10 
Business Category: Shop 
Liked Channels (id): 3, 4 
User story: As long as the music is not too sad, we’re good! Around 11 we have the least amount of 
women. Strange fact, But I noticed that! More women then, please! 

User 11 
Business Category: Waiting Room 
Liked Channels (id): 11, 12 
User story: If the tempo is too fast, I’ll change the channel immediately! It should always be mellow, 
calm and pleasant music. 

User 12 
Business Category: Workplace 
Liked Channels (id): 4, 7, 10, 14, 15 
User story: I like most of the music, everything from house to country, you name it! 



User 13 
Business Category: Hairdresser 
Liked Channels (id): 4, 6, 9, 10 
User story: I would say that I’m allergic to rock music and christmas music. That’s it. 

User 14 
Business Category: Event 
Liked Channels (id): 1, 3, 8, 14 
User story: If the music has a good tempo, it’s going to wake you up! I don’t care so much about the 
genre per se, just that people will like to jump, jump and jump!  

User 15 
Business Category: Waiting Room 
Liked Channels (id): 4, 6, 7, 9 
User story: Low tempo is essential. One exception is that I have a weakness for pop... 

User 16 
Business Category: Café 
Liked Channels (id): 1, 5, 6, 9, 10, 11, 12, 15 
User story: In the mornings, we always start with calmer and relaxing tunes. At lunch time, people 
start to awaken, and transition to pop music. Then, In the afternoon, some rock music is not so bad. 
Generally, I like acoustic songs! 
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ID Name
1 WE ARE THE WORLD
2 YOU ROCK!
3 WE LOVE POP
4 NAMASTE
5 WELCOME CHRISTMAS
6 LET’S MINGLE
7 RHYTHM AND SOUL
8 EVERYDAY POP
9 WE LOVE POP 2

10 LUXURIOUS HIGHTS
11 ACOUSTIC DREAMS
12 SOFISTICATED BREEZE
13 AFTER MIDNIGHT
14 FEMENINE VIBE
15 WORK IT
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Assume the matrices A 2 Rna⇥ma and B 2 Rnb⇥mb . That is, there is a matrix, A, with
the size na ⇥ma and a matrix, B, with the size nb ⇥mb, where na,ma, nb,mb 2 R.

For performing the matrix multiplication:

A · B = C

• ma = nb must be true. That is, the amount of columns in A is the same as amount
of rows in B.

• The resulting matrix C 2 Rna⇥mb . The amount of rows in C is the amount of rows
in A and the amount of columns in C is the amount of columns in B. Hence, the
size of C is na ⇥mb.
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