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Abstract—Modern music platforms like Spotify rely on
recommendation algorithms to personalize listening
experiences for millions of users. These systems integrate
mathematical models—such as matrix factorization and
vector-space similarity—with large-scale machine learning
architectures. This paper presents a structured study of music
recommendation systems by examining foundational
recommendation approaches and their application in
Spotify’s recommendation pipeline. We then contrast these
techniques with the constraints of closed music environments
where global user data is unavailable, and highlight
algorithmic adaptations suitable for such systems.
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I. INTRODUCTION

Digital music platforms have changed how people
perceive and consume music since their emergence in the
late 1900s with the introduction of peer-to-peer file-sharing
systems, most notably Napster. Widespread adoption
followed in the mid-2000s with the rise of legal,
subscription-based music streaming services such as
Spotify. As music catalogs expanded to tens of millions of
tracks and user bases grew exponentially, many platforms
delved into personalization battle to reach and open up to
many more audiences [7].

Although Spotify appears to be a simple music player on
the surface, it operates on top of complex algorithms
designed to model user behavior and deliver personalized
recommendations. These algorithms, commonly referred
to as recommender systems (RSs), form an algorithmic
pipeline that predicts a user’s musical preferences by
identifying patterns within large-scale interaction data. At
its core, such systems rely heavily on mathematical
structures and computations from linear algebra, including
vector spaces, matrix decompositions, and eigen-based
techniques [3].

Modern music streaming platforms operate at a scale
defined by large user bases and continuous streams of
interaction data. Personalization in such systems is

therefore driven by the analysis of user’s listening
behavior, from which recurring patterns across the user
population can be inferred.

Despite the effectiveness of such large-scale
recommendation systems, their underlying assumptions do
not generalize to all settings. In closed music
environments, such as self-hosted music servers or
personal digital libraries, global user interaction data is
unavailable. As a result, personalization strategies
designed for data-rich platforms cannot be directly applied
and must be reconsidered under different modeling
constraints.

This paper presents a structured study of music
recommendation systems by first examining the
algorithmic foundations underlying Spotify’s large-scale
recommendation architecture and then contrasting them
with the constraints of closed music environments. The
goal is to identify algorithmic insights that remain
applicable when operating under limited data availability.

II. SPOTIFY RECOMMENDATION

Spotify’s recommendation system is designed to operate
at a global scale, serving millions of users with different
musical preferences and interaction behaviors. To achieve
this, Spotify uses a hybrid recommendation system that
combines two primary approaches, namely collaborative
filtering and content-based filtering [1].

A. Collaborative Filtering

Collaborative filtering forms the foundation of Spotify’s
recommendation hybrid system. It leverages collective
listening behavior to identify similarities between users
and tracks, under the assumption that users who have
similar listening and interaction patterns are likely to share
musical tastes.

Intuitively, collaborative filtering assumes that if two
users show similar interaction patterns over a subset of
tracks, then tracks favored by one user but not yet
consumed by the other are likely to be relevant
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recommendations. For example, if user A has enjoyed
songs X, Y, and Z, and user B has enjoyed songs X and Y
but has not yet listened to song Z, then song Z is a strong
recommendation candidate for user B.

User behavior is usually represented as a user-item
interaction matrix R, where rows correspond to users and
columns correspond to tracks [5]. Each entry r(u,i)
corresponds to the strength of a specific interaction
between user u and track i, such as play counts, skips,
playlist additions, or anything else—which differs
depending on the algorithm and its objective. Formally,
this matrix can be written as:

Ru,i = r(u, L) (1)
withu € {1, ..., m} users and i € {1, ..., n} tracks.

In practice, this matrix is extremely sparse, as each user
interacts with only a small fraction of the available music
collection. This approach was originally popularized in
RSs for movies, but it has since been adapted and improved
to fit the music RSs [9].

To better understand this approach, it is necessary to
examine how Spotify represents user behavior. Essentially,
Spotify’s algorithm assigns every user something called a
user profile—often called user taste profile—to simplify
the data collection process. The user profile is generated
from the user feedback, which can be split into two
categories [8]:

o Explicit feedback, such as saving tracks, adding songs
to playlists, or following artists, provides strong
positive signals.

o Implicit feedback, including listening duration, repeat
plays, and session-level behavior, offers additional but
noisier information.

Spotify interprets this feedback in a context-aware
manner; for example, a skipped track during exploratory
browsing does not carry the same negative weight as a skip
within a focused playlist. These signals are aggregated and
weighted to construct the user taste profile, which is
basically a structured representation of a listener’s musical
preferences across genres, moods, popularity levels, and
listening contexts.

Early collaborative filtering systems relied on nearest-
neighbor methods, where similarity between users was
computed directly from their interaction vectors.
Recommendations were generated by averaging
preferences from similar users. While intuitive, this
approach scales poorly for large user bases and high-
dimensional interaction data.

Listening Profile for Brianna
Joined Spotify: Feb 2013

Top Tracks Top Artists

Past4 Weeks # of plays # of plays
1. Box Fan Sound Jomats Wiki tidies e 43 1. Chance the Rapper 44

2.1n The River - Live Jesus Gitiizre 7 2. Lizzo 23

3. Siguelo Bailando Couna 7 3.0zuna 18

All Time

1. Box Fan Sound mao's Whike Noise Sleap 61 1. John Mayer 1047

2. The Middle Zedd, Marer .Grey 59 2. Justin Timberlake 523

3. Your Body Is a Wonderland  John Mayer 57 3. Ariana Grande 445

In 2018, you listened to 694 hours of music, half an hour of podcasts, and watched 2.75 hours of videos.
So far in 2019, you've listened to 573 hours of music, 40 minutes podcasts, and watched half an hour of videos.

You added 1441 songs to 23 personal playlists, 331 songs to 2 collaborative playlists.

Top Genres: pop, dance pop, post-teen pop, r&b, folk-pop

Most Diverse Genres: indie anthem-folk / trap music

Top Era: You listen to more artists from the 2010s than any other decade.
Top City: You listen to more artists from Nashville than from any other U.S. city.

Top Country: Outside the U.S., you listen to artists from France, Germany, Ireland, Canada and
the UK equally.

Demographics: Based on your listening we estimate that you're a 29 year old female.

Listening by Time of Day
Top Hour: 5 pm

Listening by Day of Week
Top Day: Sunday
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Hour of day (24-hour clock) Mon Tues Wed Thur Fri Sat Sun
Fig. 1. Example of a context-aware Spotify user profile illustrating

listening preferences across tracks, artists, genres, and temporal patterns.
The figure shows a subset of user profile information; underlying model
representations are not shown. Note: Image taken from [8].

To address the scalability and sparsity problem, Spotify
uses models based on matrix factorization. In this
formulation, the interaction matrix R is approximated by
the product of two low-rank matrices:

R ~ UVT )

Here, U is a user matrix where each row represents a
vector describing a single user, and V is a track matrix
where each row represents a vector describing a single
track. The dimension k is selected to be significantly
smaller than the number of users and tracks, producing a
low-dimensional representation of the original interaction
matrix.  This  dimensionality  reduction reduces
computational complexity while preserving the most
relevant preference patterns learned from listening
behavior, rather than relying on explicitly defined musical
attributes.

With this information, now we can compute the
predicted preference score between a user and a track is
computed using an inner product:

T(u,i) = u-v 3)

Tracks which the vectors are most aligned with a user’s
vector receive higher predicted scores and are selected as
recommendation candidates.

To  efficiently learn  these  low-dimensional
representations from large-scale implicit feedback data,
Spotify uses optimization techniques such as Alternating
Least Squares (ALS). ALS iteratively fixes one factor
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matrix while solving for the other by minimizing a
regularized least-squares objective. By alternating between
updating the user matrix U and the track matrix V, this
method enables scalable training on sparse interaction
matrices while maintaining numerical stability.

Through matrix factorization and vector-space
similarity, collaborative filtering enables Spotify to
recommend tracks a user has never previously encountered
by exploiting patterns observed across the broader user
population.

While matrix factorization provides a useful abstraction
for understanding Spotify’s recommender system,
production systems rely on more complex neural
embedding and ranking architectures that extend beyond
classical linear models.

In hindsight, the core idea mirrors the long-standing
human practice of sharing opinions and preferences within
a community. Collaborative filtering allows us to do that
much faster and not limited to a small number of people
[6].

B. Content-based Filtering

Content-based filtering, on the other hand, focuses on
the characteristics of the music audio itself [6]. In this
approach, each song is represented as a feature vector
composed of multiple audio and metadata attributes. These
features, however, are not fixed and may vary depending
on the extraction algorithm and modeling objective. Based
on [1, 2], features like artist, genres, relevance, temporal
context (e.g., time of day), repeated tracks, language, song
length, habits, tempo, and many others curates how Spotify
gives recommendation.

Once tracks are represented in this feature space,
recommendations are produced by computing similarity
between tracks or between a user’s listening profile and
possible similar tracks that, in theory, are likely to match
the user’s preferences. Unlike collaborative filtering, this
approach does not depend on collective user behavior and
can operate solely on the properties of the music itself.

Formally, each track i is mapped to a vector:
x; € R® @)

where d represents the dimension of the feature space.
Recommendation then becomes a problem of vector
similarity within this space, under the assumption that
musically similar tracks are located near each other.

A common similarity measure used in content-based
filtering is cosine similarity, defined as:
im(i, ) Xi * Xj
sim(i,j) = —————— 5
EAREA )
Cosine similarity captures the similarity between feature
vectors in the feature space. Tracks with higher cosine
similarity scores are considered stronger recommendation
candidates.

To create personalized recommendations, a user’s
preferences can be modeled by aggregating—combining
multiple track feature vectors from a user’s listening
history into a single vector representation—the feature
vectors of tracks the user has previously interacted with.
For example, a user profile vector may be constructed as a
weighted combination of feature vectors corresponding to
the user’s listening history.

This can be written as:

() = Yienayw@, D) - x;
ZieH(u) w(u, i)

(6)

where:

* H(u) denotes the set of tracks previously interacted
with by user u,

* w(u,i) represents the interaction weight between user
u and track i, such as play frequency, recency, or other
engagement-based signals,

* x; denotes the feature vector of track i.

Candidate tracks are then ranked based on their similarity

to this profile.

One advantage of content-based filtering is its ability to
recommend new or less popular tracks, as it does not
depend on collective listening behavior. This property
makes it particularly effective in cold-start scenarios,
where interaction data is sparse. However, content-based
approaches are limited by the expressiveness of the chosen
feature space and may struggle to capture higher-level
preference patterns that emerge from collective user
behavior.

In large-scale music platforms such as Spotify, content-
based filtering serves as a complementary component to
collaborative filtering. By grounding recommendations in
audio-level similarity, it provides robustness in situations
where behavioral data alone is insufficient, and plays a
crucial role in the system’s hybrid recommendation
pipeline.

C. Hybrid Recommendation Pipeline

In practice, large-scale music platforms such as Spotify
do not rely on a single recommendation approach. Instead,
collaborative filtering and content-based filtering are
integrated within a hybrid recommendation pipeline,
allowing the system to exploit the strengths of each method
while mitigating their individual limitations.

At a high level, Spotify’s recommendation process can
be viewed as a multi-stage pipeline consisting of candidate
generation and ranking. In the candidate generation stage,
multiple models independently propose a set of potentially
relevant tracks for a user. Collaborative filtering models
contribute candidates based on latent user—track similarity
learned from collective listening behavior, while content-
based models contribute candidates based on audio-level
and metadata similarity. Additional heuristic or context-
driven sources, such as recent listening history or editorial
playlists, may also be included.

Makalah IF2123 Aljabar Linier dan Geometri — Teknik Informatika ITB —Semester I Tahun 2025/2026



Each candidate source operates within its own vector
space. Collaborative filtering produces latent embeddings
for users and tracks, while content-based filtering produces
feature vectors derived from audio and metadata. As a
result, a single user may be associated with multiple
representations simultaneously. Rather than collapsing
these representations into a single model, Spotify combines
their outputs at the pipeline level.

Once a candidate set is generated, tracks are passed to a
ranking stage, where they are scored and ordered according
to their estimated relevance. While the exact ranking
models used by Spotify are proprietary, the core idea
remains mathematically grounded: relevance scores are
computed using vector similarity measures, weighted
interaction signals, and contextual features such as time of
day, listening device, and session intent.

To support real-time recommendation at scale, Spotify
relies on efficient vector retrieval mechanisms. Rather than
comparing a user vector against the entire track catalog,
approximate nearest-neighbor search is used to retrieve the
most relevant candidates from high-dimensional
embedding spaces. This design allows the system to
maintain low latency while operating over millions of
tracks and users.

The hybrid pipeline plays a crucial role in addressing
common recommendation challenges. Collaborative
filtering excels at capturing collective trends but struggles
in cold-start scenarios, while content-based filtering can
recommend new or unpopular tracks but may lack
personalization depth. By combining both approaches,
Spotify achieves a balance between discovery,
personalization, and robustness.

This hybrid design, however, implicitly assumes access
to large-scale user interaction data and a rich ecosystem of

behavioral signals. In environments where such
assumptions do not hold—such as closed music systems
with limited wusers and interaction history—the

effectiveness of this pipeline must be reconsidered. This
limitation motivates the exploration of alternative
recommendation strategies tailored to closed and data-
constrained settings.

III. CLOSED MUSIC LIBRARY

A. Definition and Characteristics

A closed music library refers to a music environment in
which the available content and user interaction data are
restricted to a limited, self-contained ecosystem. Unlike
commercial streaming platforms such as Spotify, which
operate on globally shared catalogs and aggregate behavior
from millions of users, closed music systems are typically
personal or community-scale. Common examples include
self-hosted music servers, offline digital libraries, and local
media platforms such as Navidrome.

In a closed music library, the music catalog is fixed to
what the user has explicitly collected or imported, often

ranging from hundreds to a few thousand tracks rather than
tens of millions. User interaction data is similarly limited,
frequently originating from a single user or a very small
group of listeners. As a result, there is no access to large-
scale collective listening behavior, cross-user similarity
signals, or external popularity metrics.

From a data perspective, closed systems lack the
fundamental structures that large-scale recommender
systems rely on. There is no meaningful global user-item
interaction matrix, no dense behavioral signals, and no
long-term historical patterns spanning diverse user
populations. Instead, the available data consists primarily
of localized listening histories, simple interaction logs, and
static metadata embedded within audio files.

B. Fundamental Constraints

The defining characteristics of closed music libraries
impose several fundamental constraints that significantly
alter the feasibility of conventional recommendation
algorithms. These constraints arise not from
implementation  limitations, but from structural
deficiencies in the available data.

The most critical limitation is the absence of large-scale
user interaction data. Collaborative filtering relies on
discovering correlations across users by analyzing shared
interaction patterns. In closed systems, the number of users
is often extremely small—usually limited to a single
individual-—making the construction of a meaningful user-
item interaction matrix infeasible. Even if such a matrix is
defined, it is degenerate in the sense that most similarity
computations collapse due to the lack of comparable user
vectors.

Formally, consider a user-item matrix R with m users
and n tracks. In commercial platforms, m is on the order of
millions, enabling the extraction of latent preference
factors through matrix factorization. In closed
environments, however, m is typically very small, and
usually m = 1. Under these conditions, factorizing R into
meaningful latent representations becomes ill-posed, as
there is insufficient data to infer shared preference
structure. As a result, collaborative filtering loses its
predictive power.

A second major constraint is extreme sparsity. Even
within a small music library, a user interacts with only a
subset of tracks, resulting in interaction vectors with very
few non-zero entries. This sparsity is not mitigated over
time by new users or diverse interaction patterns, as is the
case in large-scale systems. Consequently, similarity
measures become unstable and highly sensitive to noise,
leading to unreliable recommendations.

Closed music systems also lack access to external
signals commonly used in large-scale recommendation
pipelines. Popularity statistics, global trends, demographic
priors, and cross-domain behavior—such as podcast or
social activity—are unavailable. This absence eliminates
many of the additional features that help stabilize and
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regularize recommendation models in commercial

platforms.

Finally, the cold-start problem becomes the default
operating condition rather than an edge case. New tracks
added to a closed library have no associated interaction
history, and users may explore their collection irregularly
or non-uniformly. Without collective feedback, the system
cannot infer relevance through behavioral propagation,
forcing recommendations to rely primarily on intrinsic
properties of the music or short-term listening context.

Taken together, these constraints demonstrate that
recommendation in closed music environments is not
merely a scaled-down version of large-scale systems.
Instead, it constitutes a distinct problem setting in which
assumptions underlying collaborative filtering and large-
scale latent modeling no longer hold. This motivates the
need for alternative algorithmic approaches specifically
designed to operate under limited data availability and
localized interaction histories.

C. Implications for Recommendation Algorithms

The structural constraints of closed music environments
directly affect the applicability and effectiveness of
standard recommendation  algorithms. Since the
assumptions underlying large-scale recommender systems
no longer hold, many widely used techniques either
degrade significantly in performance or become infeasible
altogether.

As a direct consequence of these constraints,
collaborative filtering—both in its user-based and latent
factor formulations—ceases to function as a general-
purpose recommendation mechanism in closed systems.

Hybrid recommendation pipelines, such as those used by
Spotify, also become difficult to replicate. These systems
rely on a multi-stage architecture involving candidate
generation, ranking, and re-ranking, often supported by
auxiliary signals such as popularity priors, global trends,
and cross-domain embeddings. In closed environments, the
absence of these signals removes much of the pipeline’s
stabilizing structure, forcing the system to operate with
fewer stages and simpler decision rules.

In contrast, content-based approaches remain viable
under these constraints, as they do not depend on collective
user behavior. Algorithms that operate directly on audio
features, metadata, and listening history can still produce
recommendations by exploiting similarity relationships
within the music collection itself. However, even content-
based methods face limitations in closed settings. The
expressiveness of the feature space becomes critical, as
poorly chosen or overly shallow features may lead to
repetitive or overly narrow recommendations.

Another implication is the increased importance of
temporal and contextual modeling. Since long-term
behavioral data is limited, short-term listening context—
such as recent plays, time of day, or session-level

patterns—becomes a dominant signal. Recommendation
algorithms in closed systems must therefore adapt more
rapidly to recent activity rather than relying on long-term
preference aggregation.

Lastly, evaluation criteria must also shift. In large-scale
systems, recommendation quality is often measured using
metrics derived from massive interaction logs, such as
click-through rates or engagement uplift. In closed
environments, such metrics are either unavailable or
unreliable. Instead, recommendation success must be
assessed through qualitative measures such as diversity,
novelty, and perceived relevance over time.

These implications indicate that closed music libraries
require a fundamentally different design philosophy.
Rather than optimizing for scale and global accuracy,
recommendation algorithms must prioritize robustness,
interpretability, and adaptability under limited data
conditions. This observation motivates the exploration of
algorithmic approaches specifically tailored to closed
music systems, which are discussed in the following
section.

IV. APPROACHES FOR CLOSED SYSTEMS
A. Content-based Filtering as the Core Mechanism

In closed music environments, content-based
recommendation techniques transition from being a
complementary component—as seen in large-scale
platforms—to serving as the primary mechanism for
personalization. As we’ve discussed, this shift is driven by
the absence of large-scale behavioral data required by
collaborative filtering and hybrid pipelines.

Because closed systems lack access to user-collective
listening data, recommendations must be inferred directly
from the properties of the music collection and the user’s
local listening history. Content-based methods remain
effective under these conditions, as they do not rely on
cross-user similarity or global popularity signals. Instead,
they enable recommendation through direct comparison
between tracks or between recently consumed content and
the rest of the library.

However, the role of content-based methods in closed
systems is fundamentally constrained. Without variation
introduced by multiple wusers, similarity-based
recommendation tends to converge toward a narrow region
of the musical feature space. This results in repetitive
recommendations that emphasize small stylistic
differences rather than meaningful musical progression.
Consequently, content-based similarity in closed
environments should be treated as a foundational
mechanism rather than a complete solution, requiring

additional constraints to prevent recommendation
stagnation.
Despite this limitation, content-based approaches

remain well-suited for closed systems due to their
deterministic behavior, low data requirements, and
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compatibility with small music libraries. These properties
make them an effective foundation upon which more
adaptive mechanisms can be layered.

B. User-Centric Preference Modelling

In closed music systems, personalization must be
derived from the behavior of a single user or a very small
group of users. Unlike large-scale platforms that infer
preferences through cross-user comparison, closed systems
must model taste solely from individual listening history.

Rather than constructing a static user profile, effective
closed-system recommendation represents preferences as
an evolving aggregation of past interactions. Tracks can be
weighted by interaction strength and historical relevance to
capture stable musical tendencies while reducing
sensitivity to short-term noise. Given limited data, simple
aggregation methods—such as weighted combinations of
track embeddings—are often more robust than complex
models that require large training sets.

Listeners frequently exhibit multiple musical interests
that vary across time and context. To address this, closed
systems may maintain multiple lightweight preference
representations derived from different segments of
listening history, such as long-term trends and medium-
term patterns. This approach preserves adaptability without
introducing unnecessary model complexity.

C. Time-based and Context-Aware Systems

Temporal and contextual signals play a central role in
closed music recommendation. With limited long-term
interaction data, recent listening behavior often provides a
more accurate indication of user intent than historical
preference aggregation.

Closed systems benefit from explicitly modeling
session-level context, including recently played tracks,
repetition patterns, and listening duration [11]. These
signals allow the system to infer short-term intent—such as
focused listening or exploration—and  generate
recommendations that align with the current session rather
than long-term averages.

Time-dependent listening patterns may also emerge,
such as preferences tied to time of day or activity. By
emphasizing recency or maintaining separate context-
sensitive representations, closed systems can adapt
recommendations dynamically. This temporal focus also
reduces repetitive recommendations by shifting attention
across different listening contexts over time.

D. Hybrid Strategies

Closed music systems can extend baseline
recommendation using simple, low-cost mechanisms:

e Bounded random selection
Introduce a small probability of selecting tracks outside
the top similarity scores to avoid repetitive
recommendations, while constraining selection within

reasonable musical bounds (e.g., tempo or genre
proximity).

e Redundancy-aware ranking
Penalize repeated artists, albums, or highly similar
tracks within short recommendation windows to
prevent over-concentration.

e Context-driven heuristics
Apply simple rules based on listening context, such as
favoring smoother transitions for background listening
or higher-energy tracks during active sessions.

e Hybrid models
Combine content similarity with user-centric and

temporal weighting to balance stability with
responsiveness, without constructing full hybrid
pipelines.

These strategies prioritize interpretability —and

robustness while remaining compatible with the data
constraints of closed music environments.

V. CONCLUSION

This paper presented a structured study of music
recommendation systems, beginning with general
algorithmic principles and progressing to Spotify’s large-
scale implementation. By examining collaborative filtering
and content-based methods through a mathematical lens,
the discussion highlighted how modern recommender
systems rely on large-scale interaction data, latent factor
modeling, and hybrid pipelines to deliver personalized
music experiences.

The analysis then shifted to closed music environments,
where  the assumptions underlying large-scale
recommendation systems no longer hold. In such settings,
the absence of global user data, extreme interaction
sparsity, and limited contextual signals fundamentally
constrain the applicability of collaborative filtering and
complex hybrid architectures. These limitations
demonstrate that recommendation in closed systems is not
merely a scaled-down version of commercial platforms,
but a distinct problem with different objectives and design
requirements.

To address these constraints, the paper explored
algorithmic approaches suitable for closed music libraries.
Content-based similarity was identified as a stable
foundation, while user-centric preference modeling and
temporal context were shown to play a critical role in
maintaining personalization and adaptability. Lightweight
hybrid strategies and heuristic extensions further provide
practical mechanisms for improving recommendation
quality without violating closed-system constraints.

Future work may explore the implementation and
evaluation of such approaches within real-world closed
music  platforms. In particular, designing and
experimenting with adaptive, context-aware
recommendation algorithms for self-hosted systems
presents an opportunity to bridge theoretical models with
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practical system design. As personal and decentralized
music libraries continue to gain relevance, effective
recommendation under limited data conditions remains an
open and meaningful area for further research.

VIDEO LINK AT YOUTUBE
https://youtu.be/qINoBcORh28
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