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RECOMMENDER SYSTEM DEVELOPMENT

Abstract. Over the last few decades recommender systems have taken
more and more place in industry. Recommender systems are algorithms aimed
at suggesting relevant products to users. From suggesting to people the goods
that could interest them to suggesting to users the web content matching their
preferences, recommender systems are today unavoidable in our daily online
journeys. Recommender systems are really important in all industries as they
can bring real economic returns or can be competitive advantage.

In this work we provide an approach for increasing click-through rate
by suggesting relevant products to wusers. The algorithm behind the
recommender system described in this study is based on matrix factorization.

Keywords: recommender systems, matrix factorization, implicit
feedback, explicit feedback.

skksk
AHHOTAIHA. B HocCJIEeIHNE HECKOJIBbKO JEeCATUIICTUN
PEKOMEHIaTeTbHbIE CHCTEMBbl 3aHUMAIOT BCE OOJBIIE MeCTa B HWHIYCTPHH.
PexoMenpaTenbHble CHCTEMBI - 3TO AJTOPUTMBI, NPEAHA3HAYEHHBIC IS

IPEeUIOKEHHs] OIb30BaTeNsIM HanboJsiee pesieBaHTHBIX NpoayKToB. HaunHas ¢
NPEUIOKEHUS JIIOIIM TOBApOB, KOTOPBIE MOIYT MX 3aWHTEPECOBaTh, H
3aKaH4YMBasl MIPEIJIOKEHUEM I10JIb30BATEISIM KOHTEHTA, COOTBETCTBYIOIETO UX
HPEANOYTEHUSAM, PEKOMEHAATENbHbIE CUCTEMbI CEIOJHSI HEN30€KHbI B HAIIMX
€XEIHEBHbIX OHJIalH-ceccuax. CucreMpl peKoOMeHAaUui JeHCTBUTEIBHO
BaXHBI BO BCEX OTPaCiAX, IIOCKOJIbKY OHHM MOTYT IIPUHECTH pEaJbHBIC
HPKOHOMMYECKUE BBITOJIbI UJIM MOTYT CTaTh KOHKYPEHTHBIM IIPEUMYILIECTBOM.

B »10if paboTe MBI TpemsiaraeéM IMOJXOJ, MO3BOJISIONINN ITOBBICHUTH
noKaszareiab KJIMKOB, Npeyiaras IoJb30BaTeNsiM HauOojiee peseBaHTHBIC
TOBaphl. AJITOPUTM CHCTEMBI, OIHMCAHHOW B HTOW paboTe, OCHOBaH Ha
MaTpUYHOM (pakTOpU3aLUu.

KiroueBble  cjI0Ba: pEKOMEHJIATENbHAas  CUCTEMA, MaTpU4HAas
(daxTopu3anus, HesiBHas 00paTHasi CBsI3b, SBHAsE 0OpaTHAast CBA3b.
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Anpatna. CoHfbl OipHENIE OHXBUIABIKTa OHEPKICINTE YCHIHYIIBI
KyHenep keOipek KoJIIaHbICKa eHrizimyne. [lalimamanymisuiapra  oJapabl
KBI3BIKTBIPATBHIH DJIEMEHTTEP/II YChIHY/IaH OacTar, OJap/blH KallayblHa COHKeC
KaXXETTI Ma3MyYHJIbl YChIHFaHFa JEWiH, YCBHIHYIIbI JKyienep Oi3/iH KYHAETIKTI
TipHITirimMisaig OipaeH Oip OediiriHe alHaAIFaHBI CO3CI3. ¥ CHIHYIIBI XKYyHenep
JeTeHIMI3 TaljalaHylbUIapFa THICTI DJEMEHTTEpAi YChIHyFa apHalFaH
anropuTMACp. Y CHIHYIIBI KyHenep OapiblK cajaja eTe MaHBI3Ibl, OUTKEeHI
olap YJIKEH Ta0bIC OKelyi MYMKIH Hemece OoceKeNnecTepleH alTapibIKTaid
epeKIIeIeHyre MyMKIHIIK Oepe/.

Byn sxymbicta 0613 mailijanaHymbuiapra THICTI Tayapiapibl YChIHA
OTBIPBIN, IIEPTYy TpaduriH apTTBIPy TOCUIIH YCBIHAMBI3.  AJTOPUTM
MaTPHUIAJIBIK XKIKTEYre Heri3/1ereH.

Tyiiin ce31ep: YCHIHYIIBI XYHenep, MaTPULIATIBIK JKIKTEY, aHBIK eMecC
Kepi OailaHbIc, aHBIK Kepi OainaHbIc

Introduction

Today, there are many sites that provide any content, such as news,
blogs, music and movies. Each of them contains a huge amount of information,
but not all of it may be interesting to a particular visitor of the site.
Recommender systems are used to select content that will be useful to a
specific user. Unlike search engines, in order to get an answer, the
recommendation system does not require an explicit request. The user is
invited to evaluate some objects from the collection and, based on his
estimates, assumptions are built and the results closest to them are returned.
Recommender systems are very popular now since they significantly reduce
the time it takes to find useful information.

The task of the recommender system is to inform the user about a
product that he may be most interested in at a given time. The client receives
information, and the service makes money on the provision of quality services.
Services are not necessarily direct sales of the goods offered. The service can
also earn on commissions or simply increase user loyalty, which then translates
into advertising and other income.

Depending on the business model, recommendations can be its basis,
as, for example, with TripAdvisor, or can be just a convenient additional
service (such as, for example, in some online clothing store), designed to
improve the Customer Experience and make catalog navigation more
comfortable.
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Personalization of online marketing is an obvious trend of the last
decade. According to McKinsey, 35% of Amazon’s revenue or 75% of
Netflix’s revenue comes from recommended products, and this percentage is
likely to grow. Recommender systems are about what to offer the client to
make him happy. To illustrate the whole variety of recommendation services,
we will give a list of the main characteristics with which you can describe any
recommendation system.

-Subject of recommendation - what is recommended.

There is a lot of variety here - it can be goods (Amazon, Ozon), articles
(Arxiv.org), news (Surfingbird, Yandex.Zen), images (500px), videos
(YouTube, Netflix), people (Linkedin, LonelyPlanet), music (Last.fm,
Pandora), playlists, and more. In general, you can recommend anything.

-The purpose of the recommendation is why it is recommended.

For example: buying, informing, training, making contacts.

-The context of the recommendation is what the user is doing at this
moment.

For example: watching goods, listening to music, talking with people.

-The source of the recommendation is who recommends:

-audience (average restaurant rating on TripAdvisor)

-interested users

-expert community (sometimes when it comes to a complex product,
such as, for example, wine).

-The degree of personalization.

-Non-personal recommendations - when you are recommended the
same as everyone else. They allow targeting by region or time, but do not take
into account your personal preferences.

-A more advanced option is when recommendations use data from your

current session. You have looked at several products, and at the bottom

of the page you are offered similar ones.

-Personal recommendations use all available information about the

client, including the history of his purchases.

-Transparency.

People trust the recommendation more if they understand exactly how it
was received. So there is less risk of running into “unscrupulous” systems that
promote paid goods or put more expensive goods higher in the ranking. In
addition, a good recommender system itself should be able to deal with
purchased reviews and sales cheats.Manipulations, by the way, are also
unintentional. For example, when a new blockbuster is released, the first thing
the fans go at it is, accordingly, the rating can be very high for the first couple
of months.
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-The format of the recommendation.

This can be a pop-up window, a sorted list appearing in a specific
section of the site, a ribbon at the bottom of the screen, or something else.

-Algorithms

Despite the many existing algorithms, they all boil down to several
basic approaches, which will be described later. The most classical are the
algorithms.

Summary-based (non-personal), Content-based (models based on the
product description), Collaborative Filtering (collaborative filtering), Matrix
Factorization (methods based on matrix decomposition) and some others.

At the center of any recommendation system is the so-called preference
matrix. This is a matrix, on one axis of which all the clients of the service
(Users) are set aside, and on the other, objects of the recommendation (Items).
At the intersection of some pairs (user, item), this matrix is filled with ratings
(Ratings) - this is a well-known indicator of the user's interest in this product,
expressed on a given scale (for example, from 1 to 5).

[ 3
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- interactions
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Users User-item interactions matrix Items

suscribers rating given by a user to a movie (integer) movies
readers time spent by a reader on an article (float) articles

buyers product clicked or not when suggested (boolean) products

Users usually evaluate only a small part of the products that are in the
catalog, and the task of the recommendation system is to summarize this
information and predict the customer’s attitude to other products about which
nothing is known. In other words, you need to fill in all the empty cells in the
image above.

People’s consumption patterns are different, and new products do not
have to be recommended. You can show repeated positions, for example, to
replenish stock. According to this principle, two groups of goods are
distinguished.

- Repeatable. For example, shampoos or razors that are always needed.

- Unique. For example, books or films that are rarely re-acquired.

If the product cannot be explicitly assigned to one of the classes, it makes sense
to determine the permissibility of repeat purchases individually (someone goes
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to the store just for the sake of peanut butter of a certain brand, and for
someone it is important to try everything that is in the catalog).

The concept of “interest” is also subjective. Some users only need
things from their favorite category (conservative recommendations), while
others, on the contrary, are more responsive to non-standard products or groups
of products (risky recommendations). For example, video hosting can
recommend the user only new episodes of his favorite series, and can
periodically throw him new shows or even new genres. Ideally, you should
choose a strategy for displaying recommendations for each client separately,
using the modeling of a client category.

User ratings can be obtained in two ways:

-explicit ratings - the user puts the product rating, leaves a review, likes
the page,

-implicit ratings - the user does not explicitly express his attitude, but
an indirect conclusion can be drawn from his actions: he bought the product -
that means he likes it, read the description for a long time - it means there is
interest, etc.

Of course, explicit preferences are better - the user himself says that he
liked it. However, in practice, not all sites provide the opportunity to express
their interest explicitly, and not all users have the desire to do so. Both types of
ratings are most often used at once and complement each other well.

Development of recommender system
Dataset:

-100000 unique user_id

-1500000 interactions

->45000 items , reduced to 600 (explained below)

-97.5 % sparcity
Feedback:

-implicit ( buys )

-explicit (not interesting recommendations)

Databases:

-MySQL(transactions)

-PostgreSQL(recommendation and feedback)
Tools and technologies :

-Python(for modeling and processing)

-CRON(for scheduled tasks)

-SQL(for data manipulations)

-Google analytics(for monitoring)

Dataset is presented as interaction of users and deals. Deals are offers
which can be bought by user. Every deal has several categories and
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subcategories , price and other characteristics. Every deal has limited lifetime
,50 we cannot recommend deals which are already closed. In order to overcome
this problem, we grouped similar deals into clusters using the following
process.

Every deals is presented as one-hot encoded vector of subcategories and
price categories .

At the output we have this table (table 1):

categor | categor | categor | categor | categor | categor | categor

y_1 y_2 y_3 y_4 y_5 y_6 y_7
item 1 |1 1 0 0 0 0 1
item 2 [0 0 1 1 0 0 0
item 3 |1 1 0 0 0 0 1

Table 1. One-hot encoded deals

As we can see item_1 and item_ 3 have similar vector , so they will be
grouped into one cluster. Number of clusters equals to number of unique
possible combinations.

Now we recommend cluster instead of deals and fetch only active deals
from clusters.

This operation reduced size of user-item interactions from
(100000*45000 to 100000*600). After showing recommendations user can
explicitly give us feedback if items are not relevant.

Matrix factorization

From mathematics we know that any matrix can be decomposed into
the product of three matrices. But the assessment matrix is very sparse, 99% is
commonplace. Singular Value Decomposition does not know what gaps are.
We don’t really want to fill them with an average value. And in general, we are
not very interested in the matrix of singular values - we just want to get a
hidden view of users and objects, which, when multiplied, will approximate the
true rating. We can immediately decompose into two matrices.

What to do with missing values? We can ignore them. It turned out that
we can train to approximate ratings by RMSE metric using SGD or ALS,
ignoring omissions altogether. The first such algorithm is Funk SVD, which
was invented in 2006 during the solution of the competition from Netflix.
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Netflix Prize - a famous event that gave a strong impetus to the
development of recommendation systems. The goal of the competition is to
overtake the existing Cinematch recommendation system for RMSE by 10%.
For this, a large dataset containing 100 million ratings was provided at that
time. The task may not seem so difficult, but to achieve the required quality it
was required to rediscover the competition two times - a solution was received
only for 3 years of the competition. If it were necessary to obtain an
improvement of 15%, perhaps this would not have been possible to achieve on
the data provided.

The main idea of matrix factorization (Fig 1):

Original u 5 v*
mx n matrix mx p matrix p ¥ p matrix px n matrix

§-°=

Fig 1 Matrix factorization

Loss functions

To use implicit feedback, we came up with appropriate teaching
methods.

Bayesian personalized ranking

It is known what items the user interacted with. We assume that these
are positive examples that he liked. There are still many items that the user has
not interacted with. We do not know which of them will be of interest to the
user and which are not, but we probably know that not all of these examples
will turn out to be positive.

We make a rough generalization and consider the absence of interaction
as a negative example.

73



CAY xabapwwicer. 2019/3 (50). SDU bulletin

123i4 1i23
u1.++?I U1o11oI
U2+??+a_) u21001}‘33
U+ |+(?2(?|4 =mip U/1/1/00|4
U 2?2+ + ulo(oj1|1
ul?1? | +|°? U50010l
«——item —» «——item—

Fig. 2 Implicit feedback interaction matrix
We will sample triples {user, positive item, negative item} and punish
the model if the negative example is rated higher than the positive.
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Fig. 3 Sample triples

Quality metrics

-Online evaluation

The most preferred way to evaluate the quality of the system is to
directly check on users in the context of business metrics. This can be CTR,
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time spent in the system, or the number of purchases. But experiments on users
are expensive, and we don’t want to roll out a bad algorithm even to a small
group of users, so they use offline quality metrics before online testing. In this
work we used CTR.

-Offline evaluation

As quality metrics, ranking metrics are usually used. MAP@Xk is used in
our case.

Let R be the set of recommended objects, P the set of objects that the
user actually

likes.

Then :

Precision = (R and P) / R

Precision @ k - is the proportion of recommended items in the top-k set

that are relevant

Precision@k = (# of recommended items @k that are relevant) / (# of

recommended items@k)

Recall=(R and P) / P

Recall @ k is the proportion of relevant items found in the top-k
recommendations

Recall@k = (# of recommended items @k that are relevant) / (total # of

relevant items)

Rank Correct? Precision Recall
i True 1.0 0.2
2 True 1.0 0.4
3 False 0.67 0.4
4 False 0.5 0.4
5 False 0.4 0.4
6 True 0.5 0.6
7 True 0.57 0.8
8 False 0.5 0.8
9 False 0.44 0.8
10 True 0.5 1.0

Fig. 4 Precision and recall calculation

Results and conclusions
During this work recommender system was developed, tested and
integrated.
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Data was collected, organized and stored. Implicit and explicit feedback
were used to improve final result.

The main metrics obtained during testing are : MAP@3 - 0.08, CTR - +
40%.

Cold start problem was solved by sampling users only with purchase
history. Interaction matrix dimensionality was decreased by using clusters,
instead of items directly.

This work can be improved by using behavioral features and adaptive
learning for loss function.
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