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INVESTIGATION OF EMBEDDING METHODS ON GNN BASED
RECOMMENDER MODELS

SUMMARY

Digitalization of the tasks that touch the daily life of human beings, became one of the
major processes during the 21st century. This sight forces the processes that require
physical human interaction to handle by computerized systems. Ranging from
marketing applications to healthcare systems, this digitalization era is affecting various
sections of human daily life. As a result of the huge developments in hardware and
software components, computerized systems were allowed to grow at an unseen pace.
Most of the companies that do not want to miss the chance of the downwind effect of
this digital transformation, adapted their systems in order to keep pace with this rush.
From the perspective of this evolution, e-marketing and e-commerce fields are the ones
that lie in the heart of this digitalization process.

Along with the digital transformation, a huge amount of data started to be collected
from their computerized infrastructures. Therefore, it becomes viable to obtain and
use the information that is collected from the cumulative data. Being aware of which
data is beneficial for the organization is considered to be one of the most critical key
points. These data collection and data processing will unlock the way of knowing their
customer base in a better way in terms of their features, behaviors, and relationships.
However, only collecting data alone is not sufficient for having advanced systems that
address to draw the attention of possible new customers. Power of the collected data
is unleashed when it is combined with an intelligent processing system.

Considering processing and gathering a huge amount of data, the problem comes into
the domain of machine learning and deep learning fields. Thanks to the recent
developments in the field of computer hardware systems such as introducing new CPU
and GPU architectures and also, computer software systems like publishing new
powerful and efficient machine learning and deep learning libraries led those
intelligent systems to become very popular in e-commerce and e-marketing fields.

Accordingly, the next item prediction specific to recommendation systems shows up
as a challenging but rewarding task in related fields. Ability to learn the behaviors and
preferences of the specific customer, become the supreme priority for those
organizations to perform the best recommendations for the specific user. This will
allow those organizations to be one step ahead compared to their competitors. Within
the context of the session-based recommendation models, there exists no profiling
operation that allows binding the features of sessions to the specific user which means
that each session is treated individually. That makes the recommendation problem
more challenging, due to the absence of sufficient data. At this point, researchers try
to introduce a new breath to the problem by bringing a new perspective to the problem.
Benefitting from graph structures during the representation of the sessions offers to
use new features to the current solution by revealing session-specific relations.
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As an application, several session-based item recommendation models were
introduced by the researchers. Evolution of these models draws attention with the
introduction of GRU4Rec and continues with NARM and STAMP session-based
recommendation models. Lastly, publication of the SR-GNN method introduced a new
state-of-art model in this field. By using these methodologies, it is possible to predict
users' next behavior and recommend items according to their actions in a more efficient
way.

As a nature of the session-based recommendation problem, there exists only the
sequence information among the items. Therefore, representing the sessions in a more
compact and more meaningful way has become the new research area. At this point,
graph structures come to help. Representing the sessions via graph structures boosted
the performance of the current recommendation models. So, investigation of SR-GNN
model, which is the recommendation model based on graph representation, possibly
reveals new research questions that will be beneficial for improving the overall model.

This research investigates the internal structure of the state-of-art graph neural
network-based recommender model, SR-GNN, and expresses the test results by
obtained making modifications to its internal modules. Accordingly, SR-GNN session-
based recommendation model consists of three major modules which are pre-
processing module, embedding module, and prediction module. Within the scope of
the research, experiments conducted on SR-GNN model, research question mainly
focused on the embedding module of the overall structure.

The embedding part of the SR-GNN recommendation model consists of two sub-
modules which are item embedding sub-module and session embedding sub-module.
Sticking with the graph embedding scheme, all sessions that last inside the dataset,
represented as graph structures where items are assigned to the nodes and relationships
among the items assigned to the edges that connect these nodes. Then, adjacency
matrices of each session are given to the embedding module of the model to obtain
their vector representations. In the session embedding module of the vanilla model,
embeddings of the sessions are calculated by averaging their normalized weights of
the edges. After completing specific embedding calculations in sub-modules, obtained
results are merged together and a matrix that represents the Euclidean distance among
each item embeddings is given as an input to the prediction module of the overall
structure.

Within the scope of this study session embedding sub-module of the GNN based
recommender model has been modified by applying different embedding techniques
which are singular value decomposition, Laplacian eigenmaps, word2vec, node2vec,
Deepwalk, and LINE. During the experiments, two different datasets which are
YOOCHOOSE and DIGINETICA have been used after executing specific pre-
processing steps. Totally 12 different experiments have been conducted by applying
introduced 6 different embedding methods on each dataset and performance results of
these results have been collected. As evaluation metrics, Recall@20 and MRR@20
criteria which are widely used in the field of session-based recommendation models
have been selected.

According to the obtained results, it is clearly seen that the embedding method used
during the generation of session embeddings, affects the performance of the GNN
based recommender model in different ways. The decision of which embedding
technique should be selected for GNN based recommender model depends on the
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internal structure of the dataset. Therefore, case-specific implementations seem to be
the best solution to overcome the problem of selecting the embedding method.
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CiZGE SINIR AGI TEMELLI TAVSIYE SISTEMLERI UZERINDE
KULLANILAN GOMME TiPiNiIN ETKiSININ ARASTIRILMASI

OZET

Degisen ve dijitallesen diinyada, insan yagamina dokunan iglemlerin de dijitallesmesi
21. yiizyilin basindan itibaren 6nem kazanmistir. Bu degisim kapsaminda, insanlarin
tarafindan yiiksek oranda fiziksel etkilesimin gerektigi islemler bile, hizla bilgisayar
destekli sistemler tarafindan yiiriitiilmektedir. E-ticaret uygulamalarindan finansal
islemlerin yiiriitiilmesine, saglik sektoriinde kullanilan sistemlerin gelistirilmesinden
kisisel veya akademik egitimlerin yiiriitiilmesini kapsayan ¢ok genis bir yelpazeye
hitap ederek, bu degisim siireci insanlarin giinliik yasantisinin hemen hemen her
alaninda yer almaktadir. Buna ek olarak, yazilim ve donanim alaninda gériilen biiyiik
gelismeler  bilgisayarli sisteme gecis silirecini  Ongoriilemeyecek — sekilde
hizlandirmistir. Cogu organizasyonel yapi, bu gecis silirecindeki riizgar1 arkasina
alarak, halihazirda popiiler bir seyir halinde olan bu akima uyum saglamak adina kendi
sistemlerini adapte olmaya calismaktadirlar. Bu devrimsel doniisiim bakis acis1 goz
ontinde bulunduruldugunda, e-ticaret ve e-pazarlama alanlari, bu degisin siirecinin tam
merkezinde yer almaktadirlar.

Bilgisayarli sistemlere gegis ile birlikte ¢ok yiiksek miktarda verinin iiretilmesi ve
depolanmasi, dijitallesme siirecinin bir sonucu olarak karsimiza ¢ikmaktadir. Bununla
birlikte, depolanan veri miktarinin artmasi1 sonucunda, biriken veriden faydali bilgi
elde etme caligmalar1 da glindeme gelmeye baslamistir. Bu noktada, eldeki verilerden
faydalanarak, kuruluslara yarali olacak bilgiyi etme isi kritik bir 6Gneme sahip olmaya
baslamistir. Bu bilgilerden faydalanmak, kurumlara kendi miisterilerini, 6zelliksel,
davranigsal ve miisterilerinin birbirleri arasindaki iligkilerini daha 1yi taniyabilme
yolunda o6nemli ilerlemeler saglamaktadir. Ancak, elde edilen veriyi
kiymetlendirmeden yalnizca veri toplama isini gergeklestirmek, yeni kullanicilarin
ilgilisini cekme konusunda faydali olmayacagindan, firmaya herhangi bir katma deger
de saglamayacaktir. Buna ek olarak, elde edilen veriyi dogru uygulamalarla ile bir
araya getirip, akilli sistemler insa etmek toplanan verideki sakli potansiyeli ortaya
cikaracaktir.

Dijitallesmeyle birlikte elde edilen veriden fayda saglanmasi giindeme geldiginde,
konu dogrudan makine 6grenmesi ve derin 6grenme alanina girmektedir. Bilgisayar
diinyasindaki -6zellikle son yillarda tanik oldugumuz- gelismelerin sonucunda bu
alanlarda gelistirilen sistemler, daha uygulanabilir hale gelmistir. Donanimsal alanda
yeni islemcilerin ve grafik islemcilerin tanitilmasi, yazilimsal alanda ise durum
ozelinde etkili ve verimli kiitiiphanelerin yaymlanmasi, bu kapsamda gelistirilen
sistemlerin popiilerliginin artmasinda dnemli bir role sahip olmustur.

Bu alanda yapilan calismalar dikkate alindiginda, tavsiye sistemlerinin de bir alt alanm
olan bir sonraki iiriiniin tahmini, zorlu ama bir o kadar da fayda saglayan islemler
arasinda yer almaktadir. Sahip oldugu miisterilerini iyi taniyabilmek ve miisteriye
0zgli davraniglart ve iliskileri yliksek dogrulukla adresleyebilmek, bu alanda
caligmalarini ve iglerini yiiriiten kuruluslar tarafindan biiyiik bir 6nem atfedilen tavsiye
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sistemleri icin yiiksek Oncelige sahip olmaktadir. Boylelikle, bu alanda 6ne ¢ikmay1
basaran kuruluslar ayni1 zamanda, bulunduklar1 sektorde rakiplerine kiyasla bir adim
One ge¢meyi basarabilmektedir. Bu amag¢ dogrultusunda, oturum tabanli tavsiye
sistemleri, arastirmacilarin lizerinde c¢alismalarin1i  yogunlastirdigi ve tavsiye
modellerini tanittig1 bir alan haline gelmistir. Bu bakisa sahip bir tavsiye modeli géz
oniinde bulunduruldugunda, mevcut miisterinin bir oturum boyunca sergiledigi
aktivitelerden yola ¢ikilarak, ayni oturum stiresince hangi iiriin ile ilgilenebileceginin
tahminlemesi yapilabilmektedir.

Belirli bir tahminleme islemini gergeklestirmek {izerine ¢alisan tavsiye sistemleri, bu
islemi yiiksek basarim oraniyla tamamlayabilmek i¢in ¢ok miktarda veriye ve bu
veriyle birlikte 6znitelige ihtiya¢ duymaktadirlar. Ancak, s6z konusu tahminleme
islemi oturum tabanl sistemler iizerinde gerceklestirildiginde, mevcut 6zniteliklerin
azlig1 sebebiyle Onerilen ¢oziim yontemlerini farkli bir bakis agis1 gozeterek irdelemek
gerekir. Bu tipteki veri kiimelerinde herhangi bir profilleme islemi olmadigindan ve
triinler ile ilgili, yalnizca hangi firiinden sonra hangi iriiniin geldigi bilgisi
oldugundan, geleneksel tavsiye modellerinde kullanilan yontemler bu alanda yetersiz
kalmaktadir. Bu sebeple, mevcut veriye ek 6zellik katarak, {iriinler arasindaki iligkileri
daha dogru bir sekilde modelleyebilecek yontemlerin bulunmasi, arastirmacilar
arasinda popiiler bir konu haline gelmistir. Bu alanda, son 25 yildir 6nemli ¢alismalar
yapilmustir. Son yillarda yapilan ¢aligmalarda ise 6zellikle 6zyineli yapay sinir aglari
tabanlt (RNN) calismalar dikkati ¢ekmektedir. RNN yontemlerinden birisi olan
GRU4Rec modeli de Oneri sistemleri iizerinde basarili sonug veren calismalardan
birisidir. Ardindan, NARM ve STAMP oturum tabanli tavsiye modelleri ilgili alanda
yiiriitiilen ¢aligmalarin sonuglari arasindadir. Son olarak, ¢izge sinir aglari alaninda en
gelismis kabul edilen tavsiye sistemi olan SR-GNN bu alandaki ¢alismalarin geldigi
son nokta oalrak kabul edilmektedir. Bu ¢alisma kapsaminda SR-GNN yonteminin i¢
yapisi incelenmis olup, bazi alt birimleri iizerinde yapilan degisiklikler dogrultusunda
testler yapilmis ve elde edilen sonuclarin degerlendirilmesi yapilarak, yapilan
degisikliklerin genel performansa etkisi ol¢iilmeye calisilmistir.

Gomme islemi ile birlikte eldeki bir veri, daha togun ve daha anlamli bir sekilde ifade
edilebilmektedir. Bu perspektif gozetilerek bir ¢ok alanda basarili sonuclar elde
edilmistir. Benzer sekilde, yapilan calisma dahilinde, mevcuttaki oturum bilgisi de
gomme islemi uyguladiktan sonra modele girdi olarak verilmektedir. Sonug itibariyle,
gomme birimi lizerinde yapilan degisikligin orijinal modele olan etkisini daha dogru
bir sekilde gbézlemleyebilmek i¢in, yiiriitiilen deneylerde kullanilan veri kiimeleri,
orijinal modelin test edilmesi sirasinda kullanilan veri kiimeleriyle ayni olacak sekilde
secilmistir. Bu baglamda Yoochoose ve Diginetica olmak tizere, iki adet e-ticaret
sayfasiin sirastyla 2015 yilinda gergeklestirilen ACM RecSys Challenge ve 2016
yilinda gergeklestirilen CIKM Cup yarigsmalarda kullanilmak iizere saglamis oldugu
veri kiimeleri tizerinde ¢alisilmistir. Her iki veri kiimesinde de anonim kullanicilara ait
hangi tirlinler ile ilgilendigini gosteren bir tirlin listesi ve bu listedeki iiriinler ile tam
olarak hangi tarih ve saatte ilgilendigini ifade edecek zaman damgas1 bilgisi
bulunmaktadir. Bu bilgiler, eldeki verinin anlamli bir sekilde oturum tabanl tavsiye
sistemine girdi olarak verilebilmesi i¢in 1ilgili modelin 6n isleme adiminda
kullanilmistir.

Uzerinde deneylerin yapilan SR-GNN oturum tabanli tavsiye modelinin, daha &nce de
bahsedildigi sekilde farkli islerin yiiriitiilmesi amaciyla tasarlanmis 3 farkli birimi
bulunmaktadir. Bunlardan ilki olan 6n isleme biriminde, testler sirasinda kullanilan
veri kiimesinin, modele tarafindan islenmeye uygun hale getirilmesi isi
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tamamlanmaktadir. Bu kapsamda, ham veri kiimesinden elde edilen degerler,
oncelikle her bir elemanin sahip oldugu zaman damgasi bilgisine gore sirali hale
getirilmektedir. Bu siralama islemi sonrasinda oturumda 5 iirlinden daha az {iriin
bulunan oturumlar veri kiimesinden ¢ikarilmaktadir. Boylelikle model i¢in tiriinler ile
ilgili yeteri kadar iligki bilgisi tagimayan oturumlar elenmis olup, islemsel giiciin
gereksiz yere harcanmasinin 6niine gecilmesi amaglanmistir.

Oturumlarin gomme degerlerini hesaplamak i¢in Oncelikle elde edilen veri
kiimesindeki bilgiler kullanilarak, bu veri kiimesindeki biitiin {irtinlerin yer aldig1 bir
bitisiklik matrisi elde edilmistir. Her bir oturum birer alt ¢izge, bu oturumdaki her bir
iirlin bu ¢izgedeki bir diiglim ve iirlinler arasindaki iliski (birbiri ardina gelme vb.) birer
kenar olarak ifade edilmis ve bir ¢izge yapisi olusturulmustur. Bu yontem gozetilerek
kiimiilatif bir sekilde, tiim veri kiimesinin ¢izge seklinde ifade edilmesi saglanmustir.
Bu noktada farkli oturumlarda goézlemlenebilecek ayni tiirden iliskinin oldugu
durumlarda mevcut {iriinler arasina yeni bir kenar eklemek yerine, mevcuttaki kenarin
agirhigr birim kenar agirligi kadar artirilmigtir. Boylelikle iki iirliniin arasindaki
iliskinin kuvvetinin, gdmme islemi sirasinda da dogru bir sekilde ifade edilebilmesi
amaclanmistir. Sonraki adimda, elde edilen gbmme degerlerinin modelde bir sonraki
adimda girdi olarak kullanilabilmesi i¢in oturumda gecen (iirlinlerin gémme
degerlerinin arasindaki mesafenin ifade edildigi bir matris olusturulmustur. Son olarak
her iki gdbmme degeri arasindaki mesafeyi hesaplamak icin, Oklid uzakligindan
faydalanilmistir. Bu noktada, orijinal yontemde her iki gdmme degerinin arasindaki
mesafeyi hesaplarken Oklid uzakliginin kullanilmas, yiiriitiilen deneyler dahilinde de
ayni uzakligin kullanilmasinda etkili olmustur.

Gomme degerlerinin  hesaplanmasi asamasinda, SR-GNN modelinin orijinal
gerceklemesinde, oturumlarin gémme degerlerini hesaplamak tizere temel bir gomme
yontemi kullanilmistir. Bu islem dahilinde gomme degerleri, her bir oturumun birer
yonlii ¢izge ile ifade edildigi durum seklinde diisiiniildiigiinde, bu ¢izgedeki kenarlarin
agirhiklarimin - normalize edilip, ortalamasinin  alinarak atanmasi  seklinde
hesaplanmistir. Tam olarak bu noktada, varsayilan gdmme yOntemi yerine triinler
arasindaki iligkileri daha iyi ifade edebilecegi diislinlilen 6 farkli gémme degeri
kullanilarak modelin genel performansi artirilmaya calisilmistir. Oturumlarin gémme
degerlerinin hesaplanmasi sirasinda, olusturulacak gémme vektorlerinin uzunlugu,
yani her bir tiriiniin ifade edilecegi 6znitelik sayisi, ayarlanabilmektedir. Bu degiskenin
optimum sekilde ayarlanmasinin, oturumlarin gémme degerlerinin hesaplanmasi
tizerinde biiyiik bir etkisi oldugunu ifade etmek gerekir. Yapilan deneyler dahilinde,
elde edilen gomme degerlerinin uzunlugu 128 olacak sekilde ayarlanmistir. Bu say1
secilirken, word2vec gémme yontemi her iki veri kiimesi iizerinde 64, 128 ve 256
olmak iizere farkli uzunluklarda gomme vektorii liretecek sekilde calistiriimas,
sonucunda elde edilen gdmme degerleri tahminleme birimine girdi olarak verilmistir.
Her bir farkli uzunlukta gomme degeri i¢in tahminleme modeli 3 kez c¢alistirilmis ve
elde edilen basarim degerlerinin ortalamalar1 karsilastirilmistir. Bu degerlerin
arasindan en yiiksek basarima sahip olan gdmme degerleri 128 uzunluga sahip
vektorler ile ifade edildiginden, kalan deneylerin yiiriitiilmesi sirasinda bu uzunlukta
gomme degerleri kullanilmistir.

Bu kapsamda tekli deger ayristirmasi (SVD), word2vec, node2vec, Deepwalk,
laplacian eigenmaps ve LINE yontemleri kullanilarak, iki farkli veri kiimesi her biri 6
farkli sekilde incelenmistir. Varsayilan yontemde, firiinlerin gomme degerleri
arasindaki Oklid mesafesi hesaplanmis olup, bu degerlerden olusan matris tahminleme
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islemine gonderilmistir. Calisma dahilinde incelenen her bir gdmme yontemi i¢in bu
islem o duruma 6zgii gdmme degerleri kullanilarak tekrarlanmistir.

Bu ¢aligmadaki asil amag, tirlinlerin vektorler ile ifade edilirkenki kullanilan gomme
yonteminin, orijinal model tizerindeki etkisini gézlemlemektir. Burada orijinal deney
diizeneginde kullanilan veri kiimesinin sabit tutulmasiyla ayni sebepten yola ¢ikarak,
incelenen yontemlerin basarimini degerlendirmek i¢in de orijinal yontemde kullanilan
basarim kriterleri kullanilmistir. Bu baglamda, incelenen modelin basarim degerleri
Recall@20 ve MRR@20 performans Kriterleri ile dlgtilmiistiir. Recall@?20 kriteri, 20
elemanlik tavsiye kiimesinde, gercekte olmasi gereken tirliniin bulunup bulunmadigina
gor hesaplanirken, MRR@?20 kriteri, gercekte olmasi gereken {iriinlin, tavsiye
kiimesinde bulundugu yerden uzakliginin hesaba katilmasiyla elde edilen deger ile
ifade edilmektedir.

Deneylerden elde edilen basarim sonuglarina gore yalnizca word2vec gomme
yonteminin YOOCHOOSE veri kiimesi iizerinde kullanildigi durumda MRR@20
kriteri temel alindiginda ¢ok kiigiik bir basarim artis1 gozlemlenmistir. Bunun
haricinde farkli gémme yoOntemleri ve veri kiimeleri kullanilarak elde edilen
Recall@20 ve MRR@20 basarim degerleri, orijinal yontemin basarim degerlerini
geemeyi basaramamistir. Ancak bu degerlerin, orijinal modelin basarim degerlerinin
cok az farklarla gerisinde kaldig1 gdzlemlenmistir.

Sonug olarak, oturumlarin gdmme degerleri ile ifade edilmesi sirasinda kullanilan
yontemin, kapili ¢izge sinir ag1 yapist temelli tavsiye sistemi lizerinde etkili oldugu
acik bir sekilde gozlemlenmistir. Boylelikle, gdmme degerlerinin hesaplanmasi
sirasinda kullanilacak yontemin se¢imi esnasinda, tizerinde ¢alisilan veri kiimesinin i¢
yapisinin da incelenmesi ve calistirilacak gdbmme yontemi segilirken bunun da géz
onlinde bulundurulmasinin gereklili§i ortaya cikarilmistir. Duruma 06zgii tavsiye
modeli olusturmak, gdmme yoOnteminin secilmesi konusundaki problemin
giderilmesine ¢6ziim olarak onerilmistir.
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1. INTRODUCTION

Machine learning and deep learning terms are getting involved in human’s daily life
by increasing rate day by day. Even if it is not directly noticed by people, the effects
of these systems increased drastically in recent years. Most of the e-commerce and e-
marketing websites, shopping applications, briefly, systems that collect a huge amount
of data start to benefit from the power of data-oriented applications. Numerous fields
are powered by machine learning and deep learning methodologies which are, image
and audio processing, autonomous systems, natural language processing,
entertainment, healthcare systems, marketing, and financial systems. Moreover, within
each research area, there is a wide range of applications, and research studies are still
carried out. Along with these studies, session-based recommender systems are one of
the most popular and ever-growing fields that draw attention of the researcher

community [1].

Within this study, a particular session-based recommendation model which is,
Session-Based Recommendation System with Graph Neural Network, also called SR-
GNN, was analyzed in detail by modifying some parts of the existing model. In the
first step, a general overview of the recommender systems, session-based
recommender systems, and embedding scheme which are the main titles that form the
main context of the SR-GNN method are given. In compliance with this overview,
numerous experiments were carried out to measure the effects of the modifications
that have been applied to the overall SR-GNN model. In order to observe the effects
of these modifications directly, the original experiment environment of the SR-GNN
model is replicated as much as possible. To achieve this, the same datasets with the
original execution environment which are YOOCHOOSE! and DIGINETICA? and
have been used. According to the original recommendation model, SR-GNN, the main

flow of this method consists of three modules; the first one is the pre-processing

1 https://recsys.acm.org/recsys15/
2 http://cikm2016.cs.iupui.edu/cikm-cup



module second one is the embedding module, the third and the last one is the neural
network module. Within the context of this study, research questions have been
focused on making modifications to the embedding module of the original SR-GNN
model, specifically. Totally, 6 different embedding techniques have been applied to
the embedding module of the model other than the default embedding technique of the
original method. Each method has been executed with both introduced datasets.
Sticking with the obtained results, a comprehensive analysis report has been presented
as an outcome of this research. Lastly, proposals that can help to carry this research

one step further have been discussed.

1.1 Purpose of Thesis

Recommender systems are considered as future of the e-commerce and e-marketing
applications. Capability of recognizing their player base in a more compact and
meaningful way will eventually result in being in the leading position among their
competitors. In particular, improvements that will boost the performances of session-
based recommender systems will unlock the way that leads these companies to be in
such positions. In recent years, researchers are aimed to solve the problem of
predicting succeeding items that comes after the particular sequence of items. Similar
to these studies, the main purpose of the research is to investigate the correlation
between the embedding technique applied within the SR-GNN method and prediction
results. Focusing on this purpose, the following research questions were investigated

within this study:

1- What are the most well-known and widely used recommender and session-

based recommender models?
2- What is embedding in session-based recommender models?

3- How does the embedding module of the SR-GNN method affect the overall

performance?

4- Is the selection of the embedding technique should be case-specific, depending

on the applied dataset?



1.2 Related Works

Deep learning models along with the recommendation systems started to be a popular
research area in the early 2000s. In particular, thanks to the developments and
optimizations in the machine learning and deep learning libraries and the
developments and hardware-based enhancements during the 2010s, researchers
focused their studies on this specific field [2]. Within the effect of lean in the domain
of the research area, various session-based recommendation methods have been

introduced as a result of these studies.

One of the initial works on the recommendation systems is the POP/S-POP method
simply offers to predict an item according to the number of re-occurrences of these
items along with the specified session [3]. The technique basically adopts the
perspective of statistical operations. This is the technique that is simply structured and
executed in very short durations yet, it ignores the special relations between items all
along the specific session. Eventually, it is a primitive method which has poor
performance measures but brings a new glance to the field of recommendation systems
by being an ancestor to the methods that will be introduced afterward in the field of

session-based recommendation system.

Item-based K nearest neighborhood approach can also be applied as a solution to the
session-based recommendation problems. According to the proposed model, unlike
user-based collaborative filtering, this method performs the task of predicting the next
item according to the similarity calculation between the item that will be predicted and
the item set that the user has rated. According to the value of ‘k’, the next k number of
items is recommended to the user [4]. As a calculation of similarity measurement,
several approaches were adopted to perform the task of calculation of the similarity
among items in Euclidean space. Inner product, cosine similarity, adjusted cosine
similarity, and correlation-based (Pearson Correlation) similarity metrics are the most-
used similarity metrics that are being used along with the item-based k nearest
neighborhood recommender models. Basically, all mentioned similarity measurement
methods, based on inner product operation in equation 1, where A and B are the vectors
that have the length of n. Accordingly, cosine similarity is the normalized version of

the inner product operation in equation 2 and, similarly, the correlation-based



similarity is the one that both normalized and centered version of the inner product

operation in equation 3 where X and Y are the sets that have n number of elements.
A-B = ||AllllBllcos & (1)
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Bayesian personalized ranking model, also called BPR is another session-based
recommendation approach that proposes there is no other model exists that focuses on
optimization for the ranking of items, although, all these methods are specialized for
the item prediction task. Therefore, the study of Bayesian personalized ranking
introduces two new contributions which are generic optimization criterion, BPR-OPT,
and learning algorithm learnBPR. BPR-OPT is a criterion obtained from maximum
posterior prediction for maximizing user preferences. Bayesian formulation of
correctly ranked items that will be used for user-specific recommendation is given in
equation 4. 0, stands for vector representation of a class where >,, is the hidden
preference representation for specific user and p(©| >,,) notation represents the user-
specific likelihood. learnBPR is an algorithm that aims to maximize the BPR-OPT
criterion introduced within the same study. According to learnBPR, the standard
gradient descent algorithm is inadequate, so, stochastic gradient descent algorithm is

powered by a bootstrap sampling of training tuples [5].

p(0] >y) < p(6] >,)p(©) 4)

Factorizing Personalized Markov Chains (FPMC) is one of the earliest models that
involve the sequence factor to the next item prediction. By making use of the basket
history of the specific user, the item that the specific user is likely to buy tried to be
predicted within this model. According to the introduced model, Markov chains have
been executed on a personalized transition matrix which is generated from the users’
basket history information. Sticking with its operation, it reveals the impact of the
sequential information and long-term user preferences over the next item selection. To

overcome the problem of the sparsity of transition probabilities that will be used for

4



the estimator, a new factorization model is introduced. In the end, reuniting the set of
personalized Markov chains with the factorized transition cube introduces the
factorized personalized Markov chain (FPMC) structure to be in the next item

prediction task [6].

Depending on the recent developments and popularity shifts, almost every existing
solution started to have reimplementation of itself by considering deep learning
approach. GRU4REC is a methodology that uses recurrent neural networks (RNN) to
active the task of predicting the next item along with the session-based data. According
to the model, the input of the prediction network is the state of the specific session
which is determined according to the result of equation 5. Benefitting from the gated
recurrent unit model eliminates the vanishing gradient problem that comes with
recurrent neural networks. In parallel with equation 5, x, term used as an input at the

time t, h, represents the current state of the session, z, stands for the update gate of

the gated recurrent unit in equation 6 while &, given as a candidate activation function
which is described in equation 7. Reset gate of the activation function which is

nominated by 1, is introduced within equation 8 [7].

hy = (1= z)he_y + 7k, (5)
z; = o(Wyx; + Uyhe_q) (6)
h, = tanh(Wx, + U(r; © he_y)) (7)
re = o(Wrx + Urhe_q) )

Finally, the output of the prediction network becomes the prediction result for the next
item along with the session. A general overview of the GRU4REC model is described
in Figure 1.1 [7].
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Figure 1.1 : GRU4REC main flowchart.

Neural Attentive Recommendation Machine (NARM), introduces an attention
mechanism to the current RNN structure to be able to figure out the intention of the
user along with the session. Similarly, with the GRU4REC, the model utilizes the
recurrent neural networks for the task of the predicting next item. NARM is a session-
based recommender model that brings encoder-decoder structures together and tries to
find out the latent representation of the session. The main purpose of the model is to
introduce a methodology that can cover both users’ sequential behavior and the
ultimate goal within the session. To achieve this, both global and local encoder
mechanisms are used before the embedding layer of the current model. By using a
global encoder, the sequential behavior of the user tried to be involved in the model
while the main purpose of the user and most influential items that affect the users’
behavior captured with local encoder structure. Session feature is a term introduced
with this model and calculation of this term is described in equation 9 [8].

t
e = [cfscl] = [h5 ) ayhi) 9
j=0
Where ¢ and ¢/ are the global and local attention values and k¢ stands for hidden

state of the global encoder along with the specific session. ¢ value can be considered

as h, notation in equation 5 and ¢} value can be obtained by using the following

equation 10, where a;; in equation 11 emphasizes the factors that will be used or
ignored and h; and h, are the hidden representations of the previous and current items,

consecutively [8].
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j=1
aij = q(he b)) (11)
q(ht, h]) = vT O-(th't + th]) (12)

Finally, obtained attention value is given as an input parameter to the recommendation

model’s ranking module and overall results are gathered [8].

The short-term attention/memory priority model (STAMP), can be considered as an
extension model of the NARM which adds users’ last click information to the model
that is used in the NARM method. Along with the introduced model, the short-term
memory priority model (STMP) is used to substantiate the last click event. According
to the offered model, the STAMP method uses an attention network structure
(Attention Net) which takes session embeddings and users’ interest values as a vector,
then, tries to model the behavior of the user to utilize the prediction task. Attention
network built by two sub-modules, feed-forward neural network structure and
attention function which are used for calculating attention weights for a specific item
and calculating user-centric interest value that will be used for prediction, respectively.

Calculation of attention coefficients vector given in equation 13 [9].
ai = WO O-(Wlxi + szt + ngs + ba) (13)

Where, x; is the ith item in a session, x; is the last click W, is weighting vector and
Wy, W, and W5 are weighting matrices. b, stands for bias factor and mg used for the
representation of averaged external memory. Finally, attention-based user interest is
calculated as it is stated in equation 14 by using attention coefficient values a, and the
output value is used for the prediction task [9].

t
mg = Z ax; (14)

i=1
Session-based recommendation with graph neural networks, also called SR-GNN,
fuses graph neural networks and session-based recommendation. SR-GNN model
treats all sessions as directed graphs. Therefore, benefitting from the features of the

graph structures is one of the key aspects of this method. According to the proposed



model, the main flow of the prediction task can be split into two sub-modules:
embedding layer and neural network-based prediction layer. In the embedding layer,
both items’ and sessions’ embedding values are calculated. For item embeddings, the
model proposes to use gated graph neural networks [10]. Training of the vector

representations of each node v} can be obtained by equation 15 and equation 16 [11].
vi=(1-2z,)Ovi'+ 2,0 7 (15)

Where, ¥} represents the vector representation of the node i, rsfi in equation 17 and z¢
in equation 18 are the terms used for reset and update gates, consecutively. ©
elementwise matrix multiplication operator o is the sigmoid function, at is the matrix
representation of a node that combines the incoming and outgoing edge representation

matrices and H is a weighting matrix in equation 19 [11].

B¢ = tanh (Woat, + Us(rs; © vf71)) (16)
re; = o(Weal; + Upvf™) (17)

ze; = o(Wpal; + Uvi™t) (18)

al; =Rgi[vi™ .., v "H+ b (19)

For session embeddings, R, the matrix is generated by combining the normalized
incoming and outgoing edge weights of nodes in each session. According to the SR-
GNN session embeddings used for representing long-term attention and combining
these values with item embedding values will enable us to use them to make

predictions about the next item inside the specific session [11].

Figure 1.2 : Simple graph having 4 nodes and 4 edges in total [11].
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Figure 1.3 : Connection matrix of graph structure in Figure 1.2 [11].

Each session is treated as directed graphs. To process them within the prediction model
each graph needs to be converted in a form that the neural network layer which is able
to understand and execute an algebraic operation on that data. Graph structure in
Figure 1.2 transformed into connection matrix of embedding values in Figure 1.3. To
obtain the form that will be used in the next layer, Euclidean distances among each
node are calculated with corresponding item embedding values and a final matrix filled
with these calculated values for the specific session [11].

1.3 Proposed SR-GNN Comparison Architecture

According to the study within this research, the effect of the embedding type that has
been used in the session embedding sub-module of the SR-GNN has been investigated.
As it is implicated from the experimental result section, it is clear to say that the
embedding type that has been used while learning the hidden features of sessions
affects the performance of the session-based recommender model. Even if, examined
models which use different embedding techniques are not able to overperform the
vanilla embedding technique of SR-GNN, it is showed that it is possible to get better
results by fine-tuning hyperparameters of the embedding algorithm. Moreover,
experiments within this study have been executed on two specified datasets,
YOOCHOOQOSE and DIGINETICA, and investigated embedding models may lead to
expected results by boosting the vanilla recommender model.

A session-based recommender model that forms a baseline to the study in the context
of investigating the effects of embedding types on the model consists of two major

modules. The first module that named as embedding module is responsible for learning



hidden relationships among items and obtaining vector representations of these items
considering these relationships. The second module is employed for making
predictions according to these obtained vector representations of these items.
According to the baseline model, in the embedding module, two types of embeddings
have been introduced: item embeddings and session embeddings. After these
embedding calculations are done by neural network-based structures, obtained values
are fused and final embedding values are acquired. Lastly, the matrix that stands for
representing Euclidean distance among these embedding values is calculated and
given as an input to the succeeding layer. Within the scope of this study, we try to
investigate the effect of the method that is picked for calculating session embedding
values. According to the baseline model, each session is treated as directed graphs,
items become nodes, sequential orderings of items are represented by edges among
these items, and these embedding values are assigned as normalized edge weights
among the nodes. As it is previously seen in Figure 1.2, the edge weights of each
specific node are represented separately by considering incoming and outgoing edges.
This approach has been accepted as session embeddings by the model and the
prediction task has been performed accordingly. However, it is possible to throw out
that there might be an alternative way that generates these session embeddings in a
more meaningful and more compact way. At this point, this research investigates the
effects of different embedding representations which are used to evaluate session
embeddings on the overall recommendation task. During the experiments, six different
embedding types which are singular value decomposition (SVD), large-scale
information network embedding (LINE), word2vec, node2vec, Deepwalk, and
Laplacian eigenmaps have been applied to the session embedding part of the baseline
session-based recommendation model (SR-GNN). These experiment cases have been
executed on two different datasets which are YOOCHOOSE and DIGINETICA. To
measure the performance of examined models, the same evaluation metrics that are
used on predecessor research studies have been used. Architecture diagram of

proposed model is given in Figure 1.4.
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Figure 1.4 : Architecture diagram of the proposed model.

As a contribution of thesis, it is showed that changing embedding values of nodes
belonging to the dataset, will affect the performance of the feed-forward network part
of the SR-GNN model which is a state-of-art session-based recommendation model.
According to the experiments that have been carried out within this research, it is

possible to boost the performance of the model by choosing suitable, case-specific

embedding techniques.
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2. GENERAL OVERVIEW

2.1 Recommender Systems

Prediction of users' next behavior depending on their previous actions has been a very
popular and also challenging task in the last recent years. The ability to process the
data belongs to a specific individual in a way that guessing their next move becomes
an essential process to achieve the prediction task. Within the developments of both
hardware and software fields, this task has become easier and more efficient so that,
researchers have become intrigued. On the hardware side, the sizes of the smallest
components of both the central processing unit (CPU) and graphical processing unit
(GPU) which is a transistor, became smaller and smaller and it led to major
performance upgrades since, it becomes possible to squeeze more transistor inside the
same area. On the software side, libraries that have focused on solving machine
learning and deep learning problems efficiently and elegantly started to be used in a
very large range and become very popular. In most cases, e-commerce, e-marketing

websites benefit from these new developments to extend their customer base.

Luu et. al. define the relation between data, prediction, and recommendation properly
in their research [12]. According to the definition, there exists a cycle between these
three concepts that feed each other which is given in Figure 2.1. Data collected
specifically to the case analyzed and some statistical operations performed (mean,
variance, correlation calculations, etc.) on these data and machine learning, deep
learning models have been trained based on this data. Then, in compliance with
generated models, predictions have been made in order to provide the most acceptable
one. These provided results become a recommendation for the specific case. For the
last part considering the process cycle, recommendation results are fed to the data part
for updating models according to their performance to create better models. With the

last part offered process cycle has been closed and a self-feeding loop has been created.
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Figure 2.1 : Data, prediction, and recommendation cycle.

Recommender systems can be defined as a system that takes parameters from data that
have been collected from related fields as an input and makes the most suitable

predictions according to specific individuals as an output.

The recommender system can be investigated in detail by splitting it into three major
categories. The first one is the content-based recommender systems which make
recommendations by considering other users’ preferences and tries to find out their
resemblance with them. The second one is collaborative recommender systems that
concern with making recommendations by considering the match between labels of
items and users. The third and the last one is the hybrid recommender systems which
benefit from these two introduced methodologies by creating a mixture of these

models.

2.1.1 Collaborative recommender systems

There are few ways to make recommend an item to a specific user. One of the most
common and widely used methodologies is the collaborative filtering technique.
Within this methodology, items are proposed to a user by considering the similarities
and differences with other users who are already inside the ecosystem. In Figure 2.2,
a simplified diagram of the recommendation task with the collaborative filtering
methods is given. The overall method relies on previous user-item interactions and the
task of recommendation for new entries is completed upon these previous interactions.
The quality of the recommendation highly depends on how well these previous
interactions are learned. Depending on recommender model type, whether items are
recommended to a user set or users are picked as compliant candidates for an item set.

Since this method depends on relations between users and items it is crucial that having
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a sufficient number of elements (users and items) for the performance of the generated
recommendation model. The preference matrix that is used for this type of
recommendation can be seen in Figure 2.3. In a similar way, collaborative
recommender models work better with a large number of samples [13], so, at the
beginning of the training phase, a cold start problem may arise. As it is stated in the
description, a cold start problem was observed due to a lack of samples within the
recommendation ecosystem. When there is not enough data exists to build a
collaborative recommender system, it becomes inadequate to extract relations between

users and items.
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Figure 2.2 : Collaborative filtering.
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Figure 2.3 : Preference matrix of users.
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Considering the collaborative filtering technique, there exist two approaches to apply
which are memory-based collaborative filtering and model-based collaborative

filtering.

2.1.1.1 Memory-based collaborative filtering

Memory-based collaborative filtering highly depends on previous interactions and
previous item ratings for making a new recommendation. According to this model, the
first step is to find neighbors that have the same interests in common [14], [15]. After
finding the neighbors, the remaining task is to pick one of the most suitable ones to
make the prediction. There are several ways to determine which neighbor is the most
similar and these are applied depending on the problem type. There exist two major
approaches to apply memory-based collaborative filtering techniques. The user-based
collaborative filtering approach tries to use similarity between users by considering
their rating on the same item then, considering weighted average prediction ratings of
the neighboring users to the target item, final prediction rating is calculated for active
user on the target item. As the name implies that, the operation is user-centric and most
of the calculations are completed from the user’s perspective. Item-based collaborative
filtering, on the other hand, tries to make calculations from the perspective of the items,
not users. The main idea of this approach is to generate a model considering all ratings
of an active user to predict the target item. This is achieved by how computing how
similar are the users' previously rated items to the targeting item [16]. For both user-
based collaborative filtering and item-based collaborative approaches, Pearson’s
correlation coefficient measurement and cosine similarity measurement techniques are

mostly used.

Pearson’s correlation formula given in equation 3, is used for calculating linear relation
between two items, similarly, Pearson’s correlation coefficient value represents the

similarity between two items.

Cosine similarity is another technique used for calculating the similarity between two
items. Other than Pearson’s correlation calculation it is based on linear algebra instead
of using some statistical calculations [16]. Within this method, items that their
similarities will be compared, represented as vectors, and the similarity between these
vectors are calculated by their lengths and angle between these two vectors. Basically,

projection calculation of one vector to another is performed. Calculation of the cosine
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similarity is given in equation 2. Where A; is the component of the vector A and B; is

the component of B in equation 21.

2.1.1.2 Model-based collaborative filtering

Unlike memory-based collaborative filtering recommender systems, model-based
collaborative filtering recommender systems use pre-calculated models. According to
this technique, a tailor-made model is built upon a specific problem by using a very
similar dataset to the original one and it is expected to make successful predictions
relying on generated model. During the model training phase, it is highly benefitted
from machine learning and deep learning approaches. Since there will already be a
pre-calculated model, the cold-start problem which occurs in memory-based
collaborative filtering models will not show up in this case. Model-based collaborative
filtering can be divided into three sub-groups which are clustering-based methods,
matrix factorization-based methods, and deep learning-based methods. All these

approaches can be used depending on the problem type in a flexible way.

In Table 2.1, memory-based collaborative filtering techniques and model-based

techniques have been compared by considering their advantages and disadvantages.

Table 2.1 : Comparison of collaborative recommender models.

Assessment Memory-Based Content-Based Collaborative
Collaborative Filtering Filtering
Advantages Easy to build Ab!llty _to ope.rate on sparse _data
Scalable with dimensionality reduction
Strongly affected by
Disadvantages data sparsity Latent factors block the inference

Not scalable

2.1.2 Content-based recommender systems

Another well-known methodology to make a recommendation is the content-based
recommendation. Content-based recommender systems make predictions according to
the users’ preferences as it is described in Figure 2.4. First of all, this kind of
recommendation model tags items with certain keywords in order to address them.
Then, new items tried to be predicted by using keywords of items that had already been
preferred by active users. It is likely to observe that, there will be items having the

same or similar attributes with previously selected items in the prediction set. Within
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this model, prediction tasks are performed independently from other users’
preferences. So, there will be no profiling process that exists in any steps of this
methodology. Similarly, the cold start effect does not observe since each prediction is
made by considering attributes of the items [16]. During the implementation of
content-based recommender systems, there are numerous ways to find similarities
between two items. Among these, mostly used techniques can be listed as, Term
Frequency Inverse Document Frequency (TF/IDF), Naive Bayes Classifier [17],
Decision Trees [18], or Neural Networks [19]. All these kinds of similarity calculation

techniques can be picked depending on the type of the problem.
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Figure 2.4 : Content-based recommendation.

2.1.3 Hybrid recommender systems

Hybrid recommender systems mostly bring together different types of recommender
systems while benefitting from the advantageous parts of these methods. Surely, there
exists some backing off points while combining these methods. Need to mention that,
there will be a trade-off while using different methods from different conventions. The
key point of building hybrid recommender methods that, compensating the
disadvantages of one model by using another model. In this way, recommender models
become available with higher accuracy and higher performance values [20]. It is
possible to calibrate the mixture of different recommender models depending on the
problem type. This situation allows the recommender system to be flexible since it is

possible to accommodate itself. Hybrid recommender systems can be divided into 7
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sub-group. Listings of approaches and descriptions of these approaches are given in
Table 4 [21].

Table 2.2 : Hybrid recommender system types and definitions.

Approach Description
To make a single recommendation, scores from different
methods are brought together.
According to the case, the hybrid model switches between one

Weighting

Switching of the self-forming methods.
. Recommendation scores from different types of recommender
Mixing . X .
types are taken into consideration.
Similar to the weighting approach, different techniques
Feature merged to make a recommendation. But in this case, features
Combination are used together to form a new approach rather than
recommendation scores.
. The output of one recommender model is strengthened by
Cascading
another recommender model.
Feature Outputs of one recommender model, become an input value
Augmentation and processed by another model.
The input of a recommender model becomes another
Meta-Level

recommender model upon training.

2.2 Session-Based Recommender Systems

Session-based recommender systems are a specialized version of conventional
recommender systems. Session term corresponds to a specific time interval that user
interaction starts at a specific point and ends at a specific point. All interactions
between system and user within a specific time interval -also called session- are now
become data that can be processed in numerous ways. Yet, all these data gathered from
a session is raw data that needs to be processed according to the problem type to be
able to feed the recommender system.

From the perspective of session-based recommendation, the order or sequence of the
items becomes an important feature. For most of the session-based recommender
systems, after pre-processing step, the only data that remains is the sequential
orderings of the items within a specific session considering their timestamp
information. After that, the ability to represent this session in a different and more
meaningful way becomes a key process that directly affects the performance of this

type of recommendation model.
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Unlike traditional recommender systems, generating profiles for a specific user is not
mandatory in this case. It is possible to predict by analyzing the patterns among items
that have been ordered sequentially. Considering the session-based recommendation
systems, it is crucial to represent these items in a more meaningful way. After that,
another key process with these systems is to reveal hidden relations among the items
by applying special techniques. These are called embedding part and network part
within the scope of session-based recommendation terminology and they have been

observed in most of the session-based recommender models.

There exist several approaches to building a session-based recommender model. These
can be split into three major categories which are traditional session-based
recommender approaches, factorization-based approaches, and neural network-based
approaches. For each category of session-based recommender approach, their sub-

categories are listed under the relevant sections [22].

2.2.1 Traditional session-based recommender systems

It is possible to build a model considering the interactions between items performed
by the user. During the training session, the most similar items inside the dataset were
calculated and the prediction task was performed according to that prediction. This
approach is one of the most widely used ones but it has limitations since the models
solely depend on the last action within-session (prediction of the model is made upon
the last item within that session). Three of the traditional session-based recommender
models are pattern/rule mining based models, k-nearest neighbor based models, and
Markov chain based models [22].

2.2.1.1 Pattern/Rule mining based models

Pattern or rule mining-based models try to show relations among items by performing
similarity calculations among them. These rules are mostly described by their
togetherness within the specific session. These types of models are used with well-
balanced and solid datasets. These models are beneficial for having an elementary
structure and being effective in the cases that relations between items are relatively
less complex. Yet, these methods are fragile with a lack of information inside the

ecosystem [22].
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2.2.1.2 K-nearest neighbor based models

The prediction task of the newcomer item was performed by calculating the distances
of the newcomer item to the nearest K number of items. Distance metric can be any
kind of measure types such as Euclidean distance, Manhattan Distance, Minkowski
distance, and Hamming distance. The class type of the newcomer item is
recommended as the class label of the nearest item’s class label. These models are not
viable for complex datasets having sophisticated relations and orderings of the items
does not affect the performance. It is also effective on such datasets with a rapid
execution time. For generalization of the K-nearest neighbor-based methods, it is not
always easy to decide value of K which represents the number of neighboring items.

Also, it is not efficient to apply on complex datasets [22].

2.2.1.3 Markov chain based models

Markov chain-based recommender systems are based on the Markov decision process
(MDP), and these kinds of recommender models consider short-term effects on the
specified session. Also, the possible output of the model is taken into consideration
during the prediction process [23]. The datasets having long-term relationships inside
long, unordered sessions are not in the practice area of Markov chain-based models.
These models start to degrade as long as the session grows longer [22].

2.2.2 Factorization-based recommender systems

Factorization is another methodology that can be used for building a session-based
recommendation system. It brings the ability of processing item features and session
features while training the recommendation model. Moreover, this approach differs
from the other ones by ceasing to use sequential order information among the items
[24]. Types of recommender models that are based on factorization operation can be

listed as latent factor-based models and distributed representation-based models [22].

2.2.2.1 Latent factor-based models

Latent factor models mainly focus on discovering hidden features by using existing
features. Moreover, data represented in high dimensional vector space is projected on
low dimensional vector space. By this conversion, it is aimed to have a denser and
more compact feature set. Latent Dirichlet Allocation (LDA) [25], restricted

Boltzmann machines (RBM) [26], and singular value decomposition methods are well-
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known methods within this field [27]. They can be applied for datasets having ordered
sessions. It is a simple and effective method yet, mainly suffers from a lack of data and

cannot perform meaningful inference from complex interactions [22].

2.2.2.2 Distributed representation based models

Distributed representation-based models perform prediction tasks by assigning each
item to a representational statement [28]. These statements can be numbers, vectors,
or matrix depending on the problem type. This methodology aims to bring these
representations together and try to merge them based on algebraic operations. For most
cases, these models work better on unordered datasets and relation encoding abilities
are powerful. Nevertheless, these systems fragile to noisy sessions and struggles to

build prediction models by ordered data [22].

2.2.3 Deep neural network-based recommender systems

Deep neural network-based models try to solve the last item problem by involving the
effect of the previous items onto the prediction. This problem is mostly observed in
the previous categories of the recommender system approaches. The case-specific
deep learning model needs to be trained and pre-calculated during the training phase.
A kind of memory mechanism is used for building such recommender models and it
is seen that performance of this type of systems boosted drastically [7]. There are
numerous deep neural network-based recommender systems exists that can solve the
problem of the prediction task within the session. These are; recurrent neural network
(RNN) based models, multi-layer perceptron (MLP) based models, convolutional
neural network (CNN) based models, graph neural network (GNN) based models,
attention-based models, memory-based models, mixture models, generative models,

and reinforcement learning-based models [22].

All these kinds of models build upon artificial neural network structure. These
networks are composed of units called neurons having input values, output values,
activation threshold, and weight values for each input signal. A simplified illustration
of this unit is given in Figure 2.5. Activation of these units depends on the input
weights and activation threshold value of this unit and according to these values, and
an output value is generated and given as an input for another unit. The general
structure of the artificial neural network consists of layers that grouping these neurons

together. Considering the overall network, relying on the activated neurons, an output

22



value is generated. The activation function can be picked according to the problem
type. Binary strep function (BSF), rectified linear activation (ReLU), sigmoid and tanh
functions are used frequently as an activation function for these networks. The output
generation task of the network is also called feed-forward. Depending on the
correctness of the output value, the whole network got feedback, and the weights of
the inputs are adjusted accordingly. This operation is also called back-propagation.

Representation of a single artificial neuron structure is given in Figure 2.6.
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Figure 2.5 : Simplified representation of a single artificial neuron.
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Figure 2.6 : General overview of an artificial neuron network structure.
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2.2.3.1 Multi-layer perceptron (MLP) based models

The multi-layer perceptron method is an application of artificial neural networks.
During the prediction task, a different spectacle of session context learned and merged,
eventually, the final prediction has been made according to this composition. These
methods have three different layers which are the input layer, hidden layer, and output
layer. For the special cases that having only one hidden layer inside their neural
network structure, they are called vanilla neural networks [29]. Multi-layer perceptron

models are not capable of processing the sequentially ordered sessions [22].

2.2.3.2 Recurrent neural network (RNN) based models

Recurrent neural network systems consist of a group of artificial neural nodes that
builds a network structure that uses sequential data and performs a prediction task
accordingly. These networks build upon feed-forward networks and use a kind of
memory structure to involve the past items' effects on successor ones [30]. Recurrent
neural network-based models are mostly used on datasets where each session is
relatively long and sequentially ordered. It is possible to learn complex relations
among items inside the session by using recurrent neural network structures such as
GRUs and LSTMs [22].

2.2.3.3 Convolutional neural network (CNN) based models

Convolutional neural network-based recommender models are another application of
the artificial neural network structure. These structures consist of specialized layers
which are, convolutional layer, non-linearity layer, pooling layer, flattening layer, and
fully connected layer. These layers provide the ability to learn features and
classification operations to the overall network. Convolutional neural networks are
mostly used on noisy sessions having sparse data within. These structures are durable
for different cases but, they come with a higher time and space complexity [22]. Lastly,
image and video processing applications mostly benefit from convolutional neural
networks [31].

2.2.3.4 Graph neural network (GNN) based models

Graph neural network-based recommender systems originated from representing each
session as graphs and representing the relationships among items from this perspective.

These models are also built upon artificial neural networks, moreover, they benefit
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from the power of graph representation. Accordingly, each session turned into a graph
structure and within this graph, each node represents an item from the session. Edges
of these graph structures represent the relations between items. To process these
graphs, all these nodes and relations need to be converted into a form that neural
networks can perform algebraic operations and make predictions based on these
values. Therefore, embedding operation which helps to transform these graphs into a
processable format comes to aid. After an embedding operation -the type of embedding
decided by problem case- performed on a graph, obtained representations, in other
words, numbers, vectors, matrices, are given to the prediction module. Graph neural
network-based models are divided into three sub-groups which are Gated graph neural
networks (GGNN), convolutional graph neural networks (GCN), and graph attention
networks (GAT). These models can operate on complex datasets having complex
relationships among their items. As well as these models can represent latent features
and relationships, their building and training cost relatively higher than average and

the complexity of these models needs to be taken into consideration [22].

2.2.3.5 Attention-based models

Attention-based models add an ability to represent the effect of the more relevant
features to the final prediction. This task can be achieved in two ways, short-term
attention and long-term attention. The concept of attention can also be considered as a
memory mechanism. Determination of whether a memory is long term or short term
is decided by two aspects: how long will the information is kept and how much data is
stored inside the memory. Attention-based networks can be used on cases that having
long-length sessions. While these networks can reveal the influential aspects inside the

session, they cannot acquire sequential information from these sessions [22].

2.2.3.6 Memory-based models

Memory-based methods propose an external memory structure to represent the relation
between items. Memory structure which is used for prediction tasks provides an ability
to carry the most relevant and influential information for the next item prediction.
Memory-based models can operate on noisy and sparse datasets. While these models
can keep the history of the previous information updated, they face challenging

situations to reveal the sequential information [22].
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2.2.3.7 Generative models

Generative models focus on generation output values that cannot be discriminated
from original input values. According to this approach, if it is possible to produce such
values, it is also possible to predict the one that can come as the next item. When these
models are investigated deeply, two different networks come up. While the first one -
generator network- tries to generate the fake input values the second one -discriminator
network- performs the task of determining whether an input value is generated or real.
These models can be applied to cases that having dynamic and changing environments.
These models have high time and space complexity, so, they can burden a huge load
on the recommendation system [22].

2.2.3.8 Mixture models

Mixture models bring a different variety of recommender models together to form a
hybrid one. Following this paradigm, mixture models can capture different relations
since each partition of the hybrid model specialized in capturing the different types of
relations. As it is expected the more different types of models involved the higher
performance value achieved. Similarly, as the number of different types of
recommender models increases, the complexity of the hybrid model grows higher,
respectively. Mixture models can work with heterogeneous datasets since they have a
flexible structure. Thanks to the situation that comes from carrying advantageous

aspects of different approaches, these models comply with different cases [22].

2.2.4 Evaluation of session-based recommendation model approaches

As is described previously, there exist three categories that divide session-based
recommender models according to their attitudes. The selection of the recommender
model is highly dependent on the specific case, so, there is no best approach to follow
and any method can be useful relying on the case [32]. In general, the performance of
the model is proportional to being flexible and adaptive to the specific situation.
Nevertheless, there exist some facts that each kind of approach carry their own
features. Traditional session-based recommender models tend to have a simpler, more
straightforward structure than the other two categories. Moreover, they are easy to
build and require less execution time to get results. They are expected to be having the
least performance results compared to the other approaches, since, they are most

effective on specific cases having datasets with less complicated relations with
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themselves [33]. Another approach, which consists of factorization-based
recommender models, is positioned in the middle of traditional session-based
recommender models and neural network-based models considering overall
performance measures. They have less computation cost than neural network-based
models and for some specific cases they are able to overperform some kind of neural
network-based methods such as recurrent neural network-based models [7]. The last
approach which is formed by neural network-based methods is the one that has the
highest performance results. This approach benefits from the neural network scheme
which has become very popular in recent years. Within the developments in this field,
performances of these models have grown upwards drastically [34]. It is not surprising
that higher performance results come with a price. These methods are the ones that
have the most complicated structure and require the utmost execution time among
other types of models. Thanks to the complex structure, they have ability to learn
hidden/latent features among items and by having this feature, they can overperform

remaining models having different approaches [35].

2.2.5 Challenges & problematic cases with session-based recommender systems

There exists several challenging and also might be problematic topics when session-
based recommender models are investigated deeply. First of all, the length of the
session is one of the most important key attributes that have a direct impact on model
performance. Considering datasets, long sessions are better compared to shorter ones,
since, they are likely to carry more significant and more meaningful data. However, it
gets harder to reveal the hidden relations as long as the session length grows bigger.
Although longer sessions are mostly preferred over shorter sessions, in some cases,
longer sessions carry more trivial relations which will not help to boost the
performance of the recommender model [36]. On the other hand, shorter sessions are
easy to process but carry fewer interactions. It is not always the case that, recommender
systems can build a reliable model to predict the next item within shorter lengths. Data
sparsity is another case that affects the performance of the prediction model. These
kinds of models always need to have enough data to learn interactions between items
adequately [37]. User information is also influential on the performance of the session-
based recommender model. Considering this kind of recommendation system, for most
cases, each session is treated as an individual session. So, sessions that are owned by

the same client, processed as owned by different unique clients. This leads to missing
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the opportunity of benefitting from this information. Hence, the model misses learning
user-centric relations to obtain a more generalized session-based recommendation
system. The last but not the least impactful concept on session-based recommender
models is the sequential ordering of items. When the data is gathered from a specific
domain, if data have any timestamp information, it is possible to order them based on
their timestamp values. Thanks to this ordering operation, a relation among items
become available to be learned and used by recommender models. If there is no
timestamp information, it is not possible to extract any hidden relation based on

orderings. Hence, it has no effect on the session-based recommendation model [36].

2.3 Embedding Scheme

Representing a real-world object in a way that computer systems can understand,
means that digitalizing that object by identifying its features. This identification task
can be achieved in various ways. One of the simplest ways to perform this, labeling its
features by pre-defined keywords known by these systems. One hot encoding is a
methodology used for representing these keywords within a feature matrix the way
that machine learning and deep learning models can use. For instance, when, it is tried
to represent a red box, it is also required to define its features such as its width, height,
depth, color, etc. Each attribute of the item becomes a column inside the feature matrix
belonging to the specific item. In a similar way with one-hot encoding, these
digitalized terms also need to be represented as the way that machine learning and deep
learning systems can understand and operate on them in an efficient way. Within this
context, embedding operation comes to aid. By benefitting from this methodology, it
is possible to represent an item in a more meaningful way. Also, during this operation,
features of objects which are hard to detect at first sight also be revealed. Thanks to
this information, these objects are represented with a piece of extra information that

helps machine learning and deep learning systems while building models.

Embedding is a generalized term that corresponds to map the data from one vector
space to another one. In most cases, this conversion is performed from higher
dimensional vector space to lower-dimensional one. Additionally, it is possible to liken
this operation to projecting the data to another vector space that has a different
dimension. Key responsibility that needs to be taken into consideration is, there will

not be any information loss observed, after, an embedding operation is performed on
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data. Moreover, this operation might reveal new latent features that already exist
within the data. In other words, the embedding task needs to preserve the internal

structure of the dataset, while, adding new beneficial information.

2.3.1 Embedding in recommender systems

The task of recommendation is ranked among the fields that benefit from the
embedding operation. In a similar way with other use cases of embedding, considering
recommendation systems, each item needs to be represented in an efficient way that,
these systems can perform operations that are required for the prediction task.
Recommender systems that benefit from the embedding scheme and deep learning
approach can be investigated within two sub-sections which are the embedding section
and artificial neural network section. During the embedding section, the representation
of each data piece is converted into another vector space, while, preserving its internal
structure. Thanks to this operation, the same data is represented with fewer features
which helps for boosting the overall performance. Moreover, depending on the
embedding type that has been used for dimensionality reduction, new latent features
may also be revealed which are hard to detect and process with a raw dataset. For the
session-based recommendation systems, use cases of embedding operation mainly
focus on converting graph-like structures into pre-defined sized vector representations.
After that, each representation data are given as input values to the artificial neural
network section. At the end of the neural network section, prediction values of the

overall model are obtained.

As the name implies, datasets that have been used for session-based recommendation
models consist of individual sessions. During embedding operation, each session is
represented as graph structure considering their neighboring situations with other
nodes. Considering this perspective, each graph represented with its adjacency matrix
and embedding operation takes this adjacency matrix as an input value. Depending on
the selection of the embedding technique and embedding size, each graph is

represented with the desired type of embedding and size.

Embedding types can be investigated within three major categories which are graph
adjacency matrix-based embedding methods, random walk-based embedding
methods, and deep learning-based embedding models. Matrix factorization, Laplacian

eigenmaps, Isomap, singular value decomposition, locally linear embedding (LLE),
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high order proximity preserved embedding (HOPE), and GraRep methods are listed
among matrix factorization based embedding methods, while, DeepWalk, node2vec,
and struc2vec considered as random walk based embedding methods. In addition to
this, word2vec, LINE, DNGR, GCN, SDNE, GraphGAN, Variational Graph Auto
Encoders (VGAE), and GAE lie among the deep learning-based embedding

methodologies.

2.3.2 Matrix factorization based embedding models

Graph adjacency matrix-based embedding models try to re-construct the target matrix
into lower-dimensional vector space while keeping its internal structure unmodified or
similar to the original representation. Also, this operation is aimed that having a more
compact and dense structure than the original one. These models benefit from
sophisticated matrix operations such as matrix decomposition, eigenvalue, and

eigenvector calculation.

Matrix factorization is a sub-category of collaborative filtering-based methods that is
widely used in recommendation systems. The main purpose of this method is to
decompose the adjacency matrix which represents the relations among items into two

lower-dimensional rectangular matrices [38].

Laplacian eigenmaps method projects data samples into lower-dimensional vector
space by benefitting from eigenvectors of the input adjacency matrix. The main
approach of this method is to preserve the local topology of the graph while
representing these samples into another domain [39]. The objective function given in
equation 20 tried to be minimized from the perspective of Laplacian eigenmaps. Where

X; is the i** element X; is the j** element of set X, W;; is the weighting matrix and

®(X) is the final embedding value of set X.
2
d(X) = Z X = X;|"w (20)
L]

Isomap is one of the earliest methodologies among the graph adjacency matrix-based
models, which refers to non-linear dimensionality reduction operation. Isomap
algorithm tries to preserve the geodesic distance while reducing the dimension.
According to this perspective, geodesic distance is defined as the sum of edge weights

among node pairs considering the shortest path among them [40].
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Singular value decomposition (SVD), is an operation that scales down the original
vector space. Basically, singular value decomposition generates a matrix that each
column corresponds to items, each row corresponds to users and each element within
this matrix shows the relationship between these specific user and item pair. M,,,.4 in
equation 21, is the matrix that will be deconstructed by performing SVD method.
Accordingly, three different matrices are generated as it is seen in the equation 22 and
these matrices correspond to the user’s hidden features which are U in equation 21, the
effect of each feature showed by X in equation 21 and item’s hidden features
represented as VT in equation 21. Finally, the obtained matrix which is mxd, reduces
the overall dimensionality and shows the relationships between users and items [41].

Compact form of the matrice M,,,,.4 is also given in equation 23.

Myyq= USVT 1)
U1 Umi][%11 el vl

Mpxa = | ¢ : ) (22)
Uik Umk Ol [v], vl

Mppxa = 01U 0T + o,u, vl + - + opu vl (23)

Locally linear embedding (LLE), is an operation that allows reducing the
dimensionality of a non-linear dataset while safeguarding its original geometric
attributes. According to this method, firstly, K-nearest neighboring samples are
located. Then, each sample represented as a linear combination of its neighbors by
taking their weights into account. For the last step, it calculates the weights that could
reconstruct the data sample by its neighboring vectors and generates lower-

dimensional projections using these weights [42].

High order proximity preserved embedding (HOPE), describes a methodology that is
used for revealing asymmetric transitivity in large-scale graph-like structures while

saving the original high-order distances among data points [43].

GraRep is an embedding model that learns the node representations on weighted
graph-like structures. Accordingly, it is aimed to obtain lower-dimensional vector
representations from the original graph structure. Moreover, GraRep tries to involve

the effect of the global structure during this projection process [44].
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2.3.3 Random walk based embedding models

DeepWalk is a dimensionality reduction approach that learns hidden features among
the nodes within the graphs. According to the methodology, firstly, any node has been
randomly picked from a graph. Then, randomized traversals have been executed over
the existing graph with pre-defined path lengths. Finally, the process of repeating this
procedure to all existing nodes will generate the overall embedding values of each
node within the graph [45].

The node2vec, aims to shrink down the dimensionality of the nodes belonging to a
graph into lower spaces while trying to preserve the neighborhood structure of the
original graph by maximizing the objective function given in equation 24 where, u is
the source node, Ny(u) represents the network neighborhood of node u and f is the
mapping function from nodes to feature representations. Mainly, this approach
benefits from breadth-first search and depth-first search algorithm to gather node

sequences [46].
> logPr(N,@If ) (24)

During the process of finding similarities between each node pairs inside the graph
structure, struc2vec approach focuses to find these similarities by using the network
topology of the overall graph considering neighboring nodes. According to the model,
the first step is to determine the structural similarity among nodes. Using these
similarities, a multi-layered graph has been generated by considering their structural
similarities. Then, a random-walking process is executed on this multi-layered graph
structure. Finally, hidden relations inside the generated node sequences which are fed
by a multi-layered graph are obtained. Thanks to these obtained hidden relationships,

it becomes possible to represent each node by using fewer features [47].

2.3.4 Deep learning based embedding models

The word2vec, as the name of the method implies, tries to represent the words by
vectors. This methodology forms a baseline for other types of random-walk-based
methods by its approach to the problem. Word2vec can be performed by executing
two different methods which are the common bag of words (CBOW) and skip-gram.

They are both supported by the neural network approach and for the ultimate goal,
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they both try to represent these words in a lower-dimensional space by using more
meaningful and sparse features [48].

Large-scale Information Network Embedding (LINE) is an artificial neural network-
based method that is used for data visualization, edge prediction and classification of
nodes from the perspective of mapping the features in a lower-dimensional space. The
method itself can efficiently be scaled with the increasing number of nodes inside the
graph and can operate on directed, undirected, and weighted graphs. During the
dimensionality reduction operation, the model tries to keep the local structure and
global structure. To overcome the performance and efficiency problems of predecessor
methods, an edge sampling algorithm was proposed with this approach [49].

Unlike, DeepWalk, which forms a baseline method to Deep Neural Network for
learning graph Representation, also called DNGR, this approach uses a random walk
model powered by artificial neural network structure instead of sampling the nodes
within the graph in order to create node sequences. Additionally, the main purpose of
the method remains the same, obtaining smaller-sized vectors that represent the nodes

within the graph structures [50].

Graph convolutional network, GCN, is the generalized name for artificial neural
network structures that benefits from convolution operation while transforming the
target features in a more compact and dense space. Basically, the GCN term stands for
the convolution operation that is applied on graph-like structures, instead of matrices.
Benefiting from this method, it is expected from this neural network structure to learn
latent features of a graph by involving the neighboring nodes and preserve the structure

of the overall network.

Structural Deep Network Embedding (SDNE), proposes a semi-supervised neural
network-based model composed of different non-linear network organizations. This
allows the proposed approach to cover the hidden relations within the non-linear
network structure. To preserving the structure of the overall network, first-order
proximity and second-order proximity terms are introduced within this method.
Accordingly, first-order proximity is used by a supervised module of the proposed
method while second-order proximity is used by an unsupervised module to preserve
the general structure of the network during the operation of dimensionality reduction
[51].
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GraphGAN is a powerful dimensionality reduction operation that builds upon the same
argument with graph adversarial networks. Similar to GANs, GraphGAN also has two
modules that, one is trying to generate the fake samples and the other one tries to find
out whether the produced input is fake or not. In a similar way, GraphGAN operates
on graph structures regarding this perspective. The generative module of the model
gets a specific node and generates a graph adhering to its idiosyncratic features such
as its neighboring nodes and edge weights. Generated graph structure is given to the
discriminative module of the model and its reality is questioned. During this operation,
it is possible to reveal new hidden features, data points can be represented within fewer
features [52].

Autoencoders are kind of unsupervised artificial neural network-based structures that
consist of two sub-operation which are encoding and decoding. In a similar manner,
these methods have three layers which are input layer, an output layer, and a hidden
layer. The hidden layer of this network is the essential part that latent features of an
input value are learned. Following the overall process in steps, firstly, the input value
is transferred to the hidden layer and the output value is generated relying on edge
weights of the hidden layer. These edge weights are adjusted according to the result of
the output layer. Also, the size of the hidden layer is hyperparameter which is
adjustable to the problem case. Graph autoencoders (GAE) and variational graph
autoencoders (VGAE), is a specialized version of autoencoder implementation that
takes graphs as input values and operates by considering the edge weights and
neighboring nodes of these graphs. Both approaches try to represent each input graph
more compactly by benefitting from unseen features learned by autoencoder networks
[53].
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3. EXPERIMENTAL RESULTS

3.1 Experiment Overview

To observe the effect of the embedding method that has been used in the GNN based
session-based recommendation model, several experiments have been carried out.
These experiments can be divided into three major steps which are pre-processing,
embedding, and prediction steps.

In the pre-processing step, YOOCHOOSE and DIGINETICA datasets have been
converted into a more compact form. Both original dataset files include the click
history information that has been gathered from corresponding web pages.
Accordingly, in each dataset file, there exist 4 different fields for each data point which
are session-id value, timestamp information, item id value, and item category value.
During the pre-processing phase, these click events are grouped by their session-id
values, and considering the specific session, each click event is ordered by its
timestamp values. Lastly, timestamp values have been removed and only item id
values in an ordered manner remain for a specific session. After pre-processing step,

generated data file becomes ready to use by the recommender model part.

After the pre-processing step is completed, generated values are used by embedding
the module of the GNN based session-based recommender model. As is described
before, the baseline model, SR-GNN, has two embedding sub-modules which are item
embeddings and session embeddings. For item embedding sub-module, random values
are assigned to each item and these randomized embedding values are trained through
a neural network-based structure. For the session-embedding sub-module, each session
is treated as sub-graphs, and a complete graph of the whole dataset is generated by
adding these sub-graphs together. Then, the embedding process has been executed on
the adjacency graph of the complete graph structure via its adjacency matrix. Within
the vanilla GNN based model, embedding values of sessions are calculated by
benefitting from adjacency matrices, where relationships (or edges) between items are

represented as normalized edge weights within these adjacency matrices. According
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to the research question of this study, there might be a better, more meaningful, and
compact way to represent these sessions. To investigate the answer to this question,
the default embedding technique of the vanilla model has been replaced with different
embedding techniques. After this sub-step, session embedding values merged with
item embedding values as it is handled in the vanilla session-based recommender

model.

For the last step, the Euclidean distance of each node pairs is calculated by forming a
matrix structure and this matrix is used for the prediction task while training the overall
recommender model. Similarly with item embedding sub-step, artificial neural
network structure has been used to adjust the edge weights among the hidden layers of
this neural network structure, during the prediction task. The overall flow diagram can

be examined in Figure 1.4.

3.2 Experiment Environment (Hardware & Software)

Experiments that have been carried out by this study require a specific execution
environment and specific software installations. According to these requirements

following settings have been used during the phase of the experiment:

Hardware Specifications:

CPU X Intel (R) Core (TM) i7-8700k CPU @ 3.70 GHz (12
CPUs), ~3.7GHz

GPU X NVIDIA GeForce GTX 1070
VRAM : 8088 MB

RAM : 16384 MB

Operating System Windows 10 Education 64 Bit

Software Requirements:

Python 3.7.2
Tensorflow 1.9.0

PyTorch 0.4.0
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3.3 Experiments

In compliance with the purpose of this study, a sub-project has been carried out to
obtain the specified embedding values of the sessions stated in the YOOCHOOSE and
DIGINETICA datasets. To achieve this task Python implementations of singular value
decomposition (SVD), large-scale information network embedding (LINE),
word2vec, node2vec, Deepwalk, and Laplacian eigenmaps methodologies have been

integrated through the vanilla SR-GNN implementation.

During the pre-processing step, trivial sessions that having items less than 5 have been
removed. Before the calculation of the embedding vectors of each item, complete the
graph structure of the dataset generated for both YOOCHOOSE and DIGINETICA
datasets. For each case, the adjacency matrix of the complete graph has been generated.
During this step, if item A is a successor item of item B in a specific session, there will
be an edge from node A to node B in the graph. Similarly, with the adjacency matrix
representation of the complete graph its assigned value of 1 to the corresponding cell.
If there exists another relationship inside the different session, instead of adding a new
edge to the complete graph of the dataset, its weight increased by one. Again, in the
adjacency matrix, the corresponding cell value increased by one for each new edge
appears from node A to node B. This perspective allows embedding operation to
involve the effects of items that reside together but take place in different sessions.
Following this methodology, the graph adjacency matrix of a complete dataset has

been generated and became ready for extracting vector representations of items.

While calculating these embedding values, the size of the embedding vectors is
adjusted by fine-tuning the corresponding embedding size hyper-parameter.
Heuristically, 3 different embedding size parameters which are 64, 128, and 256, have
been tried with the whole recommendation model and continued with the parameter
value which gives the best results among these. Word2vec embedding technique has
been executed 3 times on each YOOCHOOSE and DIGINETICA dataset to generate
the session embedding values having the length of 64, 128, and 256 vector
representations. The prediction results of these executions can be investigated in Table
3.1. Accordingly, the best result has been observed with the embedding size of 128,
since then, the remaining experiments held out with an embedding size of 128 for each

specific run.
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Table 3.1 : Performance results of the word2vec implementation during the session
embedding.

word2vec YOOCHOOSE YOOCHOOSE DIGINETICA DIGINETICA
embedding RECALL@20 MRR@20 RECALL@20 MRR@20
size through

SR-GNN
64 66.41 27.32 44.67 12.24
128 69.65 30.44 47.88 15.21
256 68.21 29.11 46.39 13.11

After the embedding values have been calculated, these values are used to create a
matrix that represents Euclidean distance among each embedding pair, since, the
original method takes this parameter as an input for the prediction layer. Lastly, this
distance matrix passed through a neural network structure that is responsible for the
item prediction. The whole recommendation model has been trained by repetitively

executing this network structure.

3.4 Datasets

During the investigation study about the effects of the embedding type over the
session-based recommender model, two different datasets have been used which are
YOOCHOOSE and DIGINETICA datasets. The motivation for the selection of these
datasets comes from two major causes. First, each individual dataset has been reached
its maturity by being used on one of the top-rated challenges in this field, which is
ACM RecSys Challenge (YOOCHOOSE) in 2015 and CIKM Cup (DIGINETICA) in
2016. Moreover, predecessor session-based models have been used the YOOCHOOSE
and DIGINETICA datasets in their experiments. To make a better comparison between

these models and investigated cases, the same datasets have been picked intentionally.

As it is described earlier, each dataset has been pre-processed before executing
recommender models. To make the obtained datasets more reliable and consistent,
items that appear less than 5 times in a session have been removed. This step allows
the model to work on sessions that are likely to contain meaningful but hidden
relationships among items. After this step has been applied, 7,981,580 sessions and
37,483 items were observed in the YOOCHOOSE dataset, while, 204,771 sessions
and 43097 items were included by the DIGINETICA dataset.
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During the experiment session, data within the YOOCHOOSE dataset became too
much to handle by exceeding the memory limit of the experiment environment. To
avoid this problem, the most recent 1/64 part of the YOOCHOOSE dataset has been

used for succeeding tests as the same strategy within predecessor studies.

Along with this study, all "YOOCHOOSE’ dataset keyword corresponds to 1/64™
portion of the original YOOCHOOSE dataset.

3.5 Evaluation Metrics

Along with this study, unlike traditional machine learning and deep learning models
performance criteria such as accuracy, precision, recall and F1 score more specialized
versions of these evaluation criteria which are MRR@K and Recall@K criteria have

been used.
Predicted Predicted
(Positive) (Negative)
? > True Positive False Negative
s (TP) (FN)
E > False Positive True Negative
=B (FP) (TN)
NL
Figure 3.1 : Confusion matrix.
True Positive : Predicted and prediction is true
True Negative : Not predicted and prediction is true
False Positive (Type 1 Error) : Predicted but the prediction is wrong
False Negative (Type 2 Error) - Not predicted but the prediction is wrong

According to the confusion matrix (Figure 3.1), calculations of accuracy, precision,
recall, and F1 score metrics can be represented by the equation 25, equation 26,
equation 27, equation 28 respectively.

TP+TN

_ 25
AU acY = Tp Y FP + TN + FN (25)
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TP

precision = TP 7P (26)
TP
ll = ——— 27
T T TP Y FN 27
precision * recall
f1Score =2« (28)

precision + recall

As it is described earlier, a more complex version of these evaluation metrics which
are MRR@K and Recall @K, have been used within this research. Two key points lie
behind the reason why these metrics have been used. Firstly, these metrics represent
more meaningful results from the perspective of recommendation systems. Then,
predecessor models that form the baseline to this study have used these MRR@K and
Recall@K metrics. To make a better comparison of the cases investigated with this

study and predecessor ones, the same evaluation metrics have been used.

Recall@K in equation 29 represents the ratio of correctly predicted items inside the
top K items.

n .
Recall@K = % (29)

Where, ny;; represents the number of correctly predicted items that have been

observed inside the the predictiction set which has K elements.

Mean Reciprocal Rank @K (MRR@K) in equation 30, an average of the reciprocal

ranks of the items that correctly predicted. Values above K are set as 0.

1
N (Rank(i) = {E'x =K

MRR@K = 0,x>K

= (30)

K is an arbitrary value that can be chosen according to the case. Within this study, this
value was picked as 20 since the quality of the model is compared with its

predecessors.

3.6 Experimental Results

Within this research, to evaluate the effect of the session embedding technique over
the whole recommender model tried to be investigated by conducting several

experiments. Totally 12 different cases were investigated by using 6 different
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embedding types during performing the session embedding within two different
datasets. Each of these executions was performed three times and the average of these
executions are assigned as a result of this specific case. According to these results, it
is seen that changing the embedding type during the calculation of the session
embedding affects the overall performance of the vanilla GNN based recommender

model.

Within these set of executions, it is observed that only 1 execution which is the
word2vec embedding method has been performed during session embeddings has
exceeded the MRR@20 performance metric of the original SR-GNN model on the
YOOCHOOQOSE dataset (Figure 3.3). The remaining executions are not able to
overperform the vanilla model, but, all these collected results remain very close to the
performance results of the original SR-GNN by ranging between 68.66% - 69.89%
Recall@20 rate in Figure 3.2 and 29.69% - 30.68% MRR@20 rate in Figure 3.3. In
terms of Recall@20 criteria, all test cases with different embeddings overperformed
by the original SR-GNN with a 70.27% Recall@20 rate. Among the other embeddings,
word2vec has followed the vanilla model by having a 69.89% Recall@20 rate.

Performance results of the remaining embedding methods are represented in Table 3.2.

Table 3.2 : Performance results of the different embedding implementations during
the session embedding sub-module on the YOOCHOOSE dataset.

Embedding RECALL@20 MRR@20
Implementation

Original SR-GNN 70.27 30.65
SVvD 69.27 30.14
LINE 69.05 29.80
word2vec 69.89 30.68
node2vec 69.06 29.69
DeepWalk 69.11 29.80
Laplacian EigenMaps 68.66 30.16
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Figure 3.3 : MRR@20 values of YOOCHOOSE dataset.

Similarly, for the test cases that performed on the DIGINETICA dataset, no specific
implementations of embedding types were achieved to overperform the vanilla SR-
GNN method. Laplacian eigenmaps embedding method has performed very similar
results with the vanilla model by having a 48.45% Recall@20 and 16.13% MRR@20
rate, which is just below the vanilla SR-GNN by 1.14% and 0.32% respectively. The
remaining test results range between 48.09% - 47.05% in terms of Recall@20 rate in
Figure 3.4 and 15.40% - 14.96% MRR@?20 rate in Figure 3.5. which are still close to
the vanilla SR-GNNs performance measures. Overall performance results of each test

case are listed in detail in Table 3.3.
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Table 3.3 :

Performance results of the different embedding implementations during
the session embedding sub-module on the DIGINETICA dataset.

Embedding RECALL@20 MRR@20
Implementation

Original SR-GNN 49.59 16.45
SVvD 47.37 15.28
LINE 47.05 14.96
word2vec 48.09 15.40
node2vec 47.63 15.10
DeepWalk 47.52 15.23
Laplacian EigenMaps 48.45 16.13
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Figure 3.4 : Recall@20 values of the DIGINETICA dataset.
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Figure 3.5 : MRR@20 values of DIGINETICA dataset.
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4, CONCLUSION AND FUTURE WORK

Along with this study, the effect of the embedding type that is used during the session
embedding sub-module of the GNN based recommender model has been investigated.
To achieve this task totally six different embedding types which are singular value
decomposition, Laplacian eigenmaps, Deepwalk, node2vec, word2vec, and LINE
have been applied datasets to obtain vector representations of each session inside the
overall dataset. Following the flow of the investigated model, these embedding values
generated by using the session information are combined with the item embedding
values as a default operation of the vanilla model. Then, thanks to these merged
embedding values, the prediction network generates a recommendation vector that
includes number of ‘K’ items. Finally, Recall@K and MRR@K performance values
are calculated by the state that, actual item occurs in the recommended item set which
has number of ‘K’ elements inside (Within the scope of this study K value is assigned
as 20). All these experiments have been carried out on two different datasets which are
YOOCHOOSE and DIGINETICA.

According to the results gathered during these tests, for the YOOCHOOSE dataset, it
is observed that only the model that having word2vec session embedding, performed
better than the vanilla SR-GNN method in terms of MRR@20 criteria. In the
remaining test scenarios, there is no other model exists that having better performance
criteria than the original SR-GNN method considering both Recall@20 and MRR@20
performance metrics. For the DIGINETICA dataset, the original SR-GNN model
overperformed all of the models that have different session embeddings. Moreover,
Laplacian eigenmaps become the embedding type that can sidle up to the vanilla SR-
GNN model in terms of Recall@20 and MRR@20 performance metrics.

Considering the execution principles of the word2vec method, it tries to perform a
prediction task based on learning the hidden relationships among items by considering
the sequential ordering information of the items. Therefore, session length becomes
proportional to the prediction performance meaning that the longer the session

becomes, the better recommendation results obtained. When the pre-processed
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datasets are analyzed in detail, it is observed that the YOOCHOOSE dataset has a
longer average session length than the DIGINETICA dataset. Respectively, the
YOOCHOOSE dataset has an average of 7.02 items in each session while
DIGINETICA has an average of 5.22 items. Hence, the reason why the word2vec
embedding method showed better performance on the YOOCHOOSE dataset -even
having head-to-head performance with original SR-GNN- is likely to be derived from
the average session length attribute. It might be possible that using the model with
word2vec session embedding on a dataset having a longer average session length
attribute may result in observing far better performance values within the
recommender model having the word2vec embedding method.

Laplacian eigenmaps embedding method tries to preserve the local structure of the
graph while performing the embedding task. Considering the geometrical structure of
the YOOCHOOSE dataset, edges among the items rally on specific nodes, while,
edges in the DIGINETICA dataset spread in a wider range of nodes. Considering a
graph, if two edges have the same or similar edge weights, then, embedding values of
the nodes that are connected by these edges also become the same or similar, as a result
of the characteristics of the Laplacian eigenmaps embedding technique [54].
Therefore, Laplacian eigenmaps likely to shows better performance on preserving the
local structure of the session while projecting the session into different vector spaces.
In a similar perspective for the word2vec case, the highlight the effectiveness of the
Laplacian eigenmaps embedding method over the datasets having more balanced
structure, the new dataset that having the desired characteristics can be tested.

As it is described in earlier sections, during the embedding calculation operation, the
embedding size was assigned as 128 by conducting several experiments. Accordingly,
by using the word2vec method having 64, 128, and 256 length vector representations,
the best results were obtained by the model that having 128 length vectors. As a future
work, fine-tuning this parameter with smaller steps has been added to research plan to

investigate its effect on overall performance results.
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