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AOCAIAXKEHHS

Hanpsamok aAocAiaXeHHs
'\
AHaAi3 niaxoAiB po3po6ku CTBOPEHHS CUCTEMU PEKOMEHAQLLIM,
PEKOMEHAULIHHUX CUCTEM (30 BMICTOM, KA OPIEHTOBAHA HQ AOBFOCTPOKOBE
KOJ’\GﬁOpGTMBHG miﬂprGLLiﬂ, I'iGDHAHG) TQa 30AO0BOAEHHA KOPUCTYBAYA

IAEHTHMADIKAL QKTYAABHUX NPOBAEM TaAY3i

F—
! —

0./ BN.0.0

AOCAIAXKEHHS

O6’€eKT AOCAIAXEHHSA

OB'EKTOM AOCAIAXEHHSA € CYYOCHI PEKOMEHAALLIMHI CUCTEMU HA NPUKACAI MAQTCOOPM,
AKi BAKOPUCTOBYIOTb QAFOPUTMU MEPCOHAAIZALLT KOHTEHTY. OCOOAMBY YBATY NMPUAIAEHO

NIAXOAQM, fKi BDOXOBYIOTb MOBEAIHKY KOPUCTYBAYA B AMHAMILLI TQ AOBrOTPUBAAI METPUKM.

o
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Orasa AiTepaTtypm

MepeAik OCHOBHMX AXEpeA Ta TeOopii y raaysi

Movielens
Orver 20
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DataCard Code (40%) Discussion () Suggestions ()
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Optimizing for the Long-Term Without De

Users wre ssfected at random for inchision. AB selected usars o rated ot least 20 moves.

By liangwei Pan, Gary Tang, Henry Wang, and Justin Basilico -
i R AocaiaxeHHus Movielens Ta
Introduction iHWKx AaTaceTis

‘ | Nefflix Technology Blog: KOHTEKCTYAAbHI
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PekomeHAQLLIMHI CUCTEMAX
4YOCTO BMKOPMUCTOBYIOTHCS
KOPOTKOCTPOKOBI METPMKM, TAKI
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BUMIPATH

= —
d.h

0./ B0



OraAsiA AiTepaTtypm

3a3HA4YEeHHS NPOraAUH Y HaSBHUX AOCAIAXKEHHAX

OAHOK, AA 6AraTtbOX CEPBICIB TOAOBHAO META — AOBrOCTPOKOBE
30AOBOAEHHA KOPUCTYBAYA. AKLLLO MOAEAb HOBYOHHS HOATO

OMNTUMI3YETHCA NIA LLI KOPOTKOCTPOKOBI METPUKU, BOHO MOXKE

—  —
) . BTPQATMUTU 3B'930K i3 AOBFOCTPOKOBUMM LLIASMM
0./ B.N0.0
Orasa AiTepaTtypm

3Aa3HAYEHHS NPOTraAUH Y HASBHUX AOCAIAXEHHSAX [1OYQAQ AMBUTUCSH, GAE
m MPALIOE HOA AUMAOMHOIO
POoBOTO, TOMY HEMQA YaACy

3AKIHYUTH

[ToAMBMAQCS 3Q OAHY HIY TQ e
MOCTABMAQ BIATYK 5 3ipoK eiBnaAMA

10



MocTaHoOBKA 30AQMI

POPMYAIOBAHHA NPOBGAEMM

9K CTBOPUTU PEKOMEHAALLIMHY CUCTEMY,
LLLO BPOXOBYE AOBroCTPOKOBI noTpebu

KOPUCTYBQAYiB?

9 AK BUKOPUCTATU NPOKCI-HATOPOAM AAS
ONTUMI3ALLIT 30AOBOAEHHSA?

— =
) (e

0./ T50.0

MeToaAoAoris

Onuc BUKOPUCTAHUX METOAIB AOCAIAXKEHHA

Onuc o4iKkyBAHUX pe3yAbTATIB

( f\:" F6pUAHO PEKOMEHAQLLIMHA CUCTEMA 3

&

ﬂpOKCi-HGl‘OpOAOMM

(i~ AemoHcTpauis echeKTUBHOCTI B

) )

Ve

NOPIBHAHHI 3 TOAAULIMHUMM MIAXOAQMM

11

f) AHQAI3 ICHYIOYUMX QATOPUTMIB PEKOMEHAALIN. TEOpeTUIHE AOCAIAKEHHS 3a6e3neyeHHs

AOBFOCTPOKOBOIO 30AOBOAEHHA KOPUCTYBQYd

d Po3pobka ribpraHMUX NIAXOAIB TA iX TECTYBAHHA HO OCHOBI PEAAbHKX AQHWX Movielens

(>KAHPOBA HO OCHOBI CKAAAPHOrO ACBYTKY, KoAaBopaTMBHA dhiabTpaLs (SVD))

7 ) BUKOPUWCTAHHSA NPOKCI-HAropoA Ta AAroputmy LINUCB AAS KOHTEKCTYAABHMX BAHAMTIB

TA METOAM ONTHUMI3A LI AOBFOCTPOKOBOT 3AAOBOAEHOCTI KOPMCTYBAYA

d EKCNepUMEHTAABHA OLIHKA Yepe3 NOPIBHAHHA PEKOMEHAQLLIM

F—
e —

Q0.LAHAND.O
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MeToAoOAOTiIf

IHCTpYMeHTapii Ta TexHoAori, BUKOPUCTAHI B poboTi

m

Habip aaHux: Movielens, Python sk ocHOBHO moBQ PPEMMBOPK AAS CTBOPEHHS PeaduinHa Basa aaHux

LL1O HOAQE AOCTATHBO NPOrpPaMyBaHHs, BiBAIOTEKM AAS REST API. PpoHTEHA AR 36EpEXeHHs
iHGbopMaUil AAS MALUMHHOTO HABYQHHSA HTML/CSS/JavaScript iHdbopmadii npo
MOAEAIOBOHHS (Surprise), BibaioTekM AAf KOpUWCTyBQYiB

pPeKOMEHAALLIMHOT aHaaizy aaHux (Pandas, NumPy,
CHUCTEMM Pickle), iHCTpymeHTH AAf
Bi3yaaizaLil pe3yabTaTie
(Matplotlib)
P —

d. h + HEBEAMKQ iHTerpaLis 3 13

0.LBN.0.0

ApXIiTEeKTypa CUCTEMA AASl NPOBEAEHHS
€KCNEePUMEHTAAbHOTO AOCAIAXKEHHS

ApxiTekTypa po3pobAeHOi CUCTEMMU

Donatok
PexoMeHgauinHa cucTema
—>
IhTepdeiic Basa paHux SQLite
KOpMCTYBa4a
— Baaemopie
3 KOHTEHTOM
JKanpoBuia Moayne KonaGopaTtueHuia KoHTexkcTyansHui
Kopuctysay MOaynL GaHamT

tmdbld g MovielLens
P —

e —

14
o/ BNO.O
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ApXiTEKTypa cuCTeMA AASl NPOBEAEHHSA
eKCNepUMEHTAAbLHOIO AOCAIAXKEHHS

KalouoBi komnoHeHTH — XXaHposa diabTpauis

1. AAf KOXHOro TBOPY dOOPMYETBCA BEKTOP >XOAHPIB, A€ 3HAYEHHA 1 O3HAYAE HOAAEXHICTb AO
XaHpy, a 0 — BIACYTHICTb. YCi BEKTOPM TBOPIB PO3TALLIOBYIOTLCA B N-BUMIDHOMY NPOCTOPI, A€ N —
LLE KIAbKICTb BCIiX XXQHpIB.

2. POPMYETLCA BEKTOP KOPUCTYBAYQ

3. OBymcatoeTbCa NOAIBHICTb

DotSim(D,{,) = de q;
=

ne d Ta g — 1Ba BEKTOPH.

—
dh

A4 R 15
Q. B.0.0.0

ApXiTEeKTypa CUCTEMA AASl NPOBEAEHHS
€KCNEePUMEHTAAbHOFO AOCAIAXEHHS

Kalo4oBi komnoHeHTH — KoaaGopaTusHa chiabTpauis

1. CTBOPIOEMO MATPULLIO KOPUCTYBAYIB X CDIABMIB i3 PEUTUHIAMM;

2. Bukopuctosyemo SVD AAf NPEACTABAEHHS KOXKHOIMO KOPUCTYBAYA TA CDIABM Y BUTASIAI BEKTOPIB Y
CMIABHOMY AQTEHTHOMY NMPOCTOPI;

3. BU3HOYOEMO CXOXICTb KOPUCTYBQYIB. AAS KOXHOIO KOPUCTYBAYA OBYUCAIOIOTLCS MMOBIPHI OLLIHKM
TMX cPiAbMiB, aKi BiH LLe He neperasaas. [MPOrHO3 rpyHTYETbCS HA CXOXOCTI MK BEKTOPOMM
KOPUCTYBAYA TA AOIAbMY;

4. BUKOHYEMO COPTYBAHHS, CPIABTPALIIO, BUAAAIEMO 3 PEKOMEHATLIM dDIAbMM, 9K KOPUCTYBAY BXXKE
AVMBUBCS, NPIOPUTUIYEMO HOBI pPeAisn, Wob KOPUCTYBAYI MOAAM COKTYAAbHI Npono3uuil Ta
oBmpaemo N KIABKICTb AAS MOKQ3Y.

— —

e —

anained , 16
0./.68,8.8.0



12

ApXiTeKTypa cucTema AASl NPOBEAEHHS

€eKCNepPUMEHTAABHOIO AOCAIAXXEHHS
Kalo4oBi komnoHeHTH — l6puaHa dirbTpauis

i) XaHpogsa:
100% cniBnAAiHHS

7 ) KoaaGopaTtueHa:

RMSE = 0.9674 AA% KOAQDOPATUBHOI MOAEAI

70% konabopartmHa + 30% >XXQHPOBA
F —
d _

0./ BNO.O

ApXIiTEeKTYpa CUCTEMA AASl NPOBEAEHHS
€KCNEePUMEHTAABHOIO AOCAIAXKEHHS

KAlo4oBi kKoMnoHeHTH - lpokci-HaropoaAu

fiBHiI:

1) AOCAQTM Y NOAMBUTUCH Mi3HILLIE: YY1 KOPUCTYBAY AOAQB

< . L . \
. - \
- e \
diAbM Y 36EepexeHnin CNMcok : h ‘
2) peuntuHr, sk 6e3nocepeAHii NOKA3HUK 3aAOBOAEHHS Generate ﬂ ! E
] Recommendations '

BiA NEeperasay doiabmy - : Add to My List

HesBHi: \
\ Cancel || Renew
\ . .
7

1) 44 NOYQB KOPUCTYBAY AUBUTUCS CPIABM - ; ¥ P
—

2) 44 30BEPLUMB AUBUTUCS - ’ Bandit Policy

— p—

d h

@.LBN.O.O



ApXiTeKTypa CUCTEMAa AAS NPOBEAEHHS

€KCNEePUMEHTAABHOIO AOCAIAXEHHS
KalouoBi KOMNoHeHTH — KOHTeKCTYaAbHI 6aHAUTH

13

N
Banpir Banpir Banpit
50% 50%
yenixy yCnix ycnixy
HacTtynHuii Bubip
_ _J
T
CyMapHa BMHAropoad = Zt_l?"t
— p—
— G Ie I = R,y — BUHAropoza, OTpMMaHa B pe3yJIbTaTi BUKOHAHHA Iil Q.
A b Ly 19
o/BN0.Q
ApXiTeKTYpCI CUCTEeMAa AAA ﬂpOBEAEHHﬂ
eKCNepmMeHTAAbHOIO AOCAiA)I(eHHSI
MNepeHAB4YaHHA
KoxeH pas, KOAUM KOPUCTYBAY HOBI MicAs KOXHOT All KOPUCTYBAYQ

N CTQBMTL BIArYKiB

——
! —

A4 20
0./ B8N0
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3MICT NPOBEAEHOIoO eKCNEePUMEHTY

+100,000 pentuHrie 3 MovielLens 20M +CepeAHE 30AOBOAEHHS KOPUCTYBAHA
*[IpodhiAi KOPUCTYBAYIB 3 YAIKODAEHUMU XKAHPAMM *AAQNTALLS AO 3MIH BNOAOBAHb
*[IpokCi-HaropoAu 3a All KOPUCTYBAHIB *[1O3UTMBHMI AOCBIA B3IAEMOAIT
— p—
d h
e Rainasrins 21
e/ B8NS

3MICT NPOBEAEHOro €EKCNEPUMEHTY

MeToAu
3 AMHOMIYHUMM BMOAODAHHAMM
m Mo4aAQ AMBHTHCS, CAC
NPOWOE HAA AMNAOMHOKO
/—\ POBOTOK, TOMY HEMAQ YaCy
JAKIMHTH
FaHHa
Fayciscbkui Wwym (o = 0.05) AAS PECAICTUYHOCTI
P — o 2 .
) ¢ 100 HE3AAEXHUX EKCNEPUMEHTIB AA CTATUCTUYHOI 3HAYYLLLOCTI

22



3MIiCT NPOBEAEHOIro eKCNEePUMEHTY

MocAiAOBHICTb

1.IHiuiaAizauis npodiAlo KOPUCTYBAYA 3 YAIOBAEHUMU XKXAHPAMM

2.feHepauis cecii 3 NOCTYNOBOIO 3MIHOIO BMOAOBOAHb

3.0TPMMAHHA PpeKOMEHAQLLiM BiA 060X CUCTEM

4.CuMyAaLa B3AEMOAII KOPUCTYBAYA 3 QIABMAMM

5.0HOBAEHHA MOAEAEN HO OCHOBI MPOKCi-HArOPOA

g g 6.MTOBTOPEHHSA LWUKAY AAS 100 €KCNEPUMEHTIB

) G,

15

23

Pe3yAbTaTU eKCnepuMeHTy

MopiBHAHHSA 6A30BUX MOAEAEH 3 MOAGAAIO 3 MPOKCi-HAOrOpOAGMM

CepenHe 3a0BONEHHA

L [NOpIBHAHHA CEPEAHBOIO 3QAOBOAEHHS KOPUCTYBAYIB

PesyneTaTi No ekcnepumeHTax

—-0.104

—-0.151

=0.20

-0.251 o

° ® FBaHauT
e KonabopaTueHWiA
L

2 4 6 8 10
HoMep ekcnepuMeHTy

24
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Pe3yAbTATU €KCNEePUMEHTY

MopiBHAHHA 6A30BUX MOAEAEH 3 MOAEGAAIO 3 NPOKCi-HaropoAamu

IlopiBHAHHA po3nogainie

-0.104

-0.151

-0.204

-0.251

ba HI,JJ,MT KonaﬁoplaTMBHM "

o — CTaTUCTHUYHMI PO3MOAIA CEPEAHLOIO 30AOBOAEHHS KOPMCTYBAYIB

25

AHQAI3 OTPUMAHHUX PE3YAbTATIB

Q‘) KoHTEKCTYQAbHMM BAHAUT BUTPAB Y 70% 30 CEPEAHIM 3AAOBOAEHHIM
f) 60% nepemor 3a AAQNTALLIEIO TA NO3UTUBHUM AOCBIAOM

f) 3araaom 63.3% nepemor no Bcix metpmkax (190 3 300)

7 ) KpaLwua ctabiAbHICTb PEe3yAbTATIB OAHAMTY

7 ) ECbeKkTMBHA aAQNTALLS AO 3MiH BNOAODOHb

25
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AHQAI3 OTPMMAHHUX PE3YAbLTATIB

CTBOPEHO riBPUAHY CUCTEMY 3 NPOKCI-HArOPOAQMM
AOBEAEHO €OEKTUBHICTb KOHTEKCTYOAbHUX OAHAMTIB

MPOAEMOHCTPOBAHO KPALLLY GAQMTALLIIO AO KOPUCTYBQYIB

KOHTeKCTyaAbHi  BAHAMTM  CUCTEMATHMYHO  MNEepPeBepLUYIOTs  TPAAMUIMHY  KOAQBopaTHhBHY
chirbTpauilo  [MpokCi-Haropoan eghekTMBHO BIAOBPAXKAIOTE  AOBrOCTPOKOBE  3CQAOBOAEHHS.

[i6puaHui niaxia 3abesnevyye BAAQHC MK TOYHICTIO TA PI3HOMAHITHICTIO
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Miacymku

PedaAiCTUYHICTb TQ KOPUCHICTb OTPUMAHUX PE3YAbTATIB

CuUcTema NpOTECTOBAHA HA PEAAbHMX AGHKX Movielens
2, MpaktuyHe 3actocyBaHHg aAg Netflix, Spotify noaiGHWx naatdpopm
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Miacymku

KAIO4OBI HONPAMKHU QATOPUTMINHMX AOCAIAXEHDb
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«  OnTMMI3aUIf TA TECTYBAHHS PI3HMX BUAIB MoAeAer BaHAMTIB

* [MorambaeHa iHTerpauis 3 TMDB t1a IMDB

*  [loLYK peAEBAHTHUX 3AAEXHOCTEM MiI>K CDIABMAMM HO OCHOBI METPUK
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Abstract. The object of the research is recommender systems that take into account
long-term user satisfaction in modern content personalisation platforms. The research and
design methods are the use of collaborative filtering, matrix factorisation, the use of
contextual bandits and machine learning. An approach for using proxy rewards has also
been developed, which allows taking into account both short-term and long-term user
satisfaction.

Keywords: Collaborative filtering, content-based filtering, contextual bandit,
matrix factorisation, Netflix, proxi-rewards, recommendation systems.

Recommender systems play a crucial role in modern digital platforms, providing
personalised user experiences. Their key feature is the ability to process large amounts of
data and generate recommendations that match user preferences. However, with the
development of information systems, user demand and industry requirements pose new
challenges to recommender systems.

Many popular services, such as social networks Tiktok, Instagram, etc., work with
short-term user interactions and prioritise their short-term retention. At the same time, the
problem of some large platforms is that long-term user retention is more difficult to
achieve. This reflects one of the specifics of recommendation platforms, which is the need
to take into account individual user preferences not only in real time, but also in the long
term.

This study examines two globally popular systems: the streaming service Netflix
and the music service Spotify, which are examples of successful and well-known
recommendation systems.

Netflix accounts for 80% of streaming time through its recommendation system.
They also claim to improve the user experience to retain customers [1].

And Spotify and its Made for You recommendations, according to the recently
released Made to be Found report, have led to the discovery of over a third of all new

artists. Both platforms aim to entertain the world, consistently deliver a positive user
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experience, and, most importantly for our purposes in this study, create long-term
enjoyment [2] [3].

As Spotify’s own scientists, developers, and researchers point out, traditionally most
recommendation systems have been trained to optimise for short-term feedback (clicks,
likes, session duration, etc.) [3]. And Netflix research has shown that optimising
recommendation systems for long-term outcomes is a more challenging task than
optimising for short-term outcomes [4].

Short-term optimisation works with feedback that can be obtained almost
immediately when a user directly interacts with a recommended item.

Data for long-term optimisation is more difficult to track because it:

— 1s typically less dense: there is much less data on long-term user actions (e.g.,
whether a user returned a month after interacting with a recommended item) than there is
on short-term actions;

— has a higher level of noise: may contain more random factors that are not directly
related to the recommendation itself. For example, user satisfaction may depend not only
on the quality of the item, but also on their mood, circumstances, or external factors that
are difficult or even impossible to take into account;

— has weaker connections to specific recommendations: long-term results (e.g.,
satisfaction with a watched movie weeks or months later) are more difficult to directly
associate with specific recommendations that were provided in the past.

However, the customer must be satisfied, because participant satisfaction is closely
related to the likelihood that the user will stay on the platform, renew their monthly
subscription, which directly affects the company’s revenue. Therefore, optimising the
recommendation system to maximise customer satisfaction and increase customer
retention is a critical issue [5].

Based on the analysis of Netflix and Spotify solutions, it was determined that
contextual bandit methods can be applied, where each interaction with the user is treated
as a separate context, and recommendations are adapted according to the feedback
received. This communication can be immediate (skipping, playing, rating "dislike" or

adding items to a playlist) or delayed (ending a show or renewing a subscription).
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During this research, the obtained knowledge was practically applied to create a
recommendation system that uses proxy rewards to evaluate short-term interactions and
simulate long-term satisfaction, testing how the chosen approach affects the quality of
recommendations in the long term.

The project will be implemented in several stages: development of initial
recommendations (implementation of a content-based recommendation algorithm, when
the user indicates only initial preferences in film genres), development of a
recommendation system (implementation of a recommendation algorithm based on
collaborative filtering to create an initial model), integration of modern methods for long-
term recommendations (integration of proxy rewards to optimise long-term user
satisfaction using contextual bandits). For the data the MovieLens dataset was used [6].

The first part of the practical implementation of the study consists of implementing
initial recommendations based on the dataset. The problem that is present at this stage is
the presence of minimal information about the user, i.e. the system faces the problem of
a cold start. To implement recommendations in this context, it was chosen to use content-
based filtering. Elements (films) are converted into vectors using metadata descriptions
or internal characteristics as features [ 7]. In the case of this study, each genre is considered
as a separate binary feature. For each movie, a genre vector is formed, where the value 1
means belonging to the genre, and 0 means absence. All vectors of works are located in
an n-dimensional space, where n is the number of all genres. Proximity is determined
using the scalar product [7].

Further, the user profile is formed as a set of vectors of those elements that he was
interested in. Based on these vectors, an aggregated preference vector (e.g., average or
weighted sum) is constructed. The algorithm compares the user profile vector with
vectors of new (unwatched) items. Those movies whose vectors are closest to the user
profile vector according to the selected metric are recommended to the user as the most
relevant. The algorithm also chose to use the dot product.

The main recommendation model implements collaborative filtering based on the
hypothesis that users with similar past preferences will have similar future preferences.

This approach requires forming an interaction matrix R of dimensions mxn (users X
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movies) using rating data, where the system predicts unknown ratings for user-movie
pairs not yet connected in the database.

A critical characteristic of this data is its extreme sparsity — in real systems like
MovieLens 20M, less than 1% of all possible user-movie combinations are filled, with
density p typically below 0.01. This sparsity creates significant challenges, including
insufficient data for similarity calculations, cold start problems for new users or items,
and computational inefficiency when working directly with sparse matrices. To address
the sparsity problem, the system employs matrix factorisation through Singular Value
Decomposition (SVD), which approximates the sparse rating matrix R as a product of
three smaller matrices.

This approach represents each user and movie as vectors in a latent space where
hidden factors capture underlying preferences and characteristics that influence ratings.
Rather than working with the large sparse matrix directly, the algorithm learns compact
"profiles" for users and movies based on existing ratings, automatically discovering latent
factors that might represent genre preferences or other implicit characteristics. The
analysis process involves creating the user-movie rating matrix, applying SVD to
represent users and movies as vectors in shared latent space, calculating user similarity
using cosine similarity between latent factor vectors, and predicting probable ratings for
unseen movies. Final recommendations are generated by sorting predictions, filtering out
already-watched movies, prioritising recent releases for relevance, and selecting the top
N items to display to users.

Analysis of Netflix and Spotify experiences demonstrates the power of proxy
rewards and contextual bandits for addressing long-term user satisfaction. However, the
current system adapts only to explicit ratings, creating a significant limitation where users
who don't finish watching movies or don't provide feedback cannot receive meaningful
recommendations. The solution involves implementing proxy rewards by logging user
actions through interface buttons representing both explicit feedback (adding movies to
"watch later" lists and direct ratings) and implicit signals (whether users started watching
and whether they completed viewing). These proxy rewards will serve as the foundation

for a contextual bandit model aligned with reinforcement learning principles. The
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contextual bandit approach addresses scalability challenges by using a single universal
model operating on contextual vectors rather than maintaining separate "arms" for each
movie. Each film is represented through a contextual vector incorporating genre
classification, rating characteristics, temporal features, personalized user preference
metrics, and popularity/quality indicators. The algorithm learns to predict rewards based
on this context rather than movie identifiers, making the system computationally feasible
while maintaining effectiveness.

The system was implemented as a web app, which tracks user interaction through

buttons that simulate core user behaviours, as shown in Figure 1.
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Figure 1. Recommender system interface

Each action is assigned specific proxy reward values based on implicit feedback
research in recommendation systems. For example, completing a movie viewing receives
higher reward values as it strongly indicates user satisfaction, while low ratings (one or
two stars) receive negative values to reflect user dissatisfaction. The contextual bandit
system is initialised with two key data structures: a 20x20 covariance matrix A that tracks
relationships between movie characteristics (initially an identity matrix indicating no
prior knowledge), and a 20x1 vector b that accumulates weighted rewards for each
contextual feature (initially zeros). The system uses the LinUCB (Linear Upper
Confidence Bound) algorithm, where each movie's value combines expected reward (the
system's prediction of user preference) with confidence interval (uncertainty measure that
gives unknown films a chance for recommendation).

This work attempted to address the long-term user satisfaction problem in
recommendation systems, though the solution has inherent limitations. The system's

scalability is constrained by resource limitations, utilising only 100,000 records from
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MovieLens 20M compared to the billions of interactions processed by platforms like
Netflix. Additionally, the system lacks comprehensive testing metrics for full system
evaluation. While the LinUCB algorithm's conservative bias toward older films with more
historical data was identified and addressed through recency bonuses and increased
exploration parameters, other hidden issues may exist due to the limited research
timeframe. The research successfully developed a hybrid recommendation system that
integrates three complementary approaches: genre-based content filtering for initial
recommendations, collaborative filtering using SVD matrix factorisation (achieving
0.9674 RMSE), and contextual bandits with proxy rewards for long-term satisfaction
optimisation. The system demonstrates effective handling of data sparsity through matrix
factorisation techniques and implements user interaction tracking through explicit
feedback (ratings, watch-later lists) and implicit signals (viewing start/completion). The
contextual bandit approach using LinUCB algorithm balances exploration of new content
with exploitation of learned preferences, adapting to user behaviour through continuous
learning. Future development opportunities include optimising proxy reward values for
different user actions, integrating advanced AI/ML techniques for prediction
enhancement, testing various bandit model configurations, conducting scalability testing
with multiple concurrent users, and expanding external data integration with TMDB and
IMDB APIs. The foundation established enables further research into demographic-based
personalisation and delayed feedback mechanisms, positioning the system for evolution
into a more comprehensive recommendation platform addressing both immediate user

preferences and long-term engagement satisfaction.
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