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Abstract. A recommender system provides personalized recommendations to the
user in a large space of possible options. Most of the existing recommender systems
utilize user’s profile data for recommending an item. However, these conventional
recommender systems are under scrutiny due to strict personal data protection laws
around the world. Additionally, we investigated the performance of a graph-based
approach for the recommendation systems. In this thesis, we present a graph-based
scalable and novel approach for the recommendation which doesn’t depend on the pro-
file data for predictions. We evaluate our method on an extensive transaction dataset
from the retail domain (700k transactions with 150k different items) and compare it
to a baseline. The proposed approach relies on knowledge graph embeddings. Dur-
ing our evaluation, we have used two knowledge graph embedding algorithms. The
suggested method first applies Pyke, a knowledge graph embedding algorithm with a
close to linear runtime complexity. Later Pyke was replaced by a convolutional com-
plex knowledge graph embedding algorithm, Conex. The evaluation results suggest
that Conex fits better than Pyke to the approach. Our implementation is open-source,
and it is available at https://github.com/nil9/Master-Thesis.

Keywords: Knowledge graph embedding, Recommender system, Machine learning,
LSTM, Graph based recommendation
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Introduction _

Since the invention of the web, we are flooded with data. Several companies have successfully
invested in decision support systems which helps to make the decision easier within this large
chunk of available information. These decision system influences to build modern recommender
systems. A recommender system has several advantages as it can improve customer satisfaction
which in turn provides a competitive edge. Therefore, the recommender systems have received
a lot of attention for the past two decades from industry and researchers because of its money-
making potential. Thus, we can see many impressive methods/algorithms in this field of work
[BOHG13].

A recommender system provides an advantage for both the customers and sellers. For the
customer, it is much easier to find the item of choice because otherwise, they need to search in
a much larger space of products, while still exploring the new products. For sellers, it increases
the chance of a sale by converting a mere visitor to a customer [BOHGI3|. A recommender
system increases sale by automatically suggesting items to potential customers with the help
of their past purchase data. It also increases the loyal customer base by adding more "value-
added relationship" between the customer and the sellers’ website [SKR99]. Moreover, the
recommender can predict future sale by analysing past buying patterns of customers.

1.1 Recommender System

Within this thesis, a recommender system is defined as follows:

Definition: "Any system that produces individualized recommendations as output or has
the effect of guiding the user in a personalized way to interesting or useful objects in a large
space of possible options." [Bur(2]

This thesis is written in collaboration with Diebold Nixdorf[[l Diebold Nixdorf is an Amer-
ican firm specialized in Banking and Technology consultation which has around 23,000 employ-
ees with presence in more than fifty countries around the world. As a consultancy firm, which
provides services to medium and large size business partners, Diebold Nixdorf often requires
technical know-how which provides itself with a strategic benefit. The recommender system is
one such scenario where even large firms may not have the resources to design, develop and
implement it because of its mathematical and computational complexity as well as practical
challenges to process a large amount of data and make a recommendation in a real-time sce-
nario. Many solutions in the domain of the recommender system are already existent. A simple

lwww.dieboldnixdorf . com
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1.2 PROBLEM DEFINITION

working solution in this sector may not give a competitive edge to Diebold Nixdorf. For this,
an innovative idea would be beneficial which motivates for this collaboration.

Many existing recommender systems use traditional methods like matrix factorization. Ma-
trix factorization uses previous user-item interaction data to predict an item for the user. But
this approach has its own drawback [KBV09, [SLHI4]. It can not predict correctly when user-
item interaction data are small in size [SLHI14].

With the advent of Artificial Intelligence (AI) and big data, the relevance of recommender
systems has increased multi-fold. However, the increase in the popularity in natural language
processing and the deep neural network has influenced the creation of the state-of-the-art models
based on these technologies [QKHC17, HK18, [HKBT16, RDS™ 15, KGB14, HDY " 12b]. But most
of these recommender systems use customer profile data to train the models. The introduction
of data security law may create hindrance to use profile data. This thesis intends to address the
mentioned problem with a graph-based approach.

In this thesis, we prepare a recommender system without using customer profile data.

1.2 Problem Definition

Though a handful numbers of recommender systems exist which can recommend well, their
performance drops in some restricted settings. One such scenario is recommending items without
using user profile data. The problem of excessive access to customer personal data is a years-old
topic for discussion [SEFRT06], but this has gained momentum after the Facebook — Cambridge
Analytica Scandal ﬂ The General Data Protection Regulation E], issued by the European Union
(EU) in 2016, which came to effect on 25 May 2018 emphasizes the personal data privacy. This
new rule empowered EU citizens with their data (e.g. provide consent to use or erase personal
data). This rule also mentioned non-EU companies to be in-sync with their EU counterparts
while processing personal data of EU citizens. Moreover, in a globalized market setting a global
player competes with the local sellers. In some cases, local consumers are not a frequent visitor to
the global sellers’ website, which makes it harder for the sellers to understand /predict customers
choice.

We represent the verbal problem formally, let S be the set of all items, S; be the non-empty
set of basket item/s (the items customer already choose in the current session) and s, is the
predicted item. Therefore, a recommender system approximates a function f:

f(Sb) — Sp with Vsp S S, Sy C S (1.1)

It should be noted that s, € S means the recommended item can also be a basket item.

1.3 Objectives and Challenges

This thesis intends to attain the following objectives:
1. The primary objective of this thesis is to develop a feature-based recommender system.
2. The approach should be based on knowledge graphs and machine learning techniques.
3. The dataset is given as XML and has to be transformed into a better representation.

4. The final solution should be scalable and efficient (e.g. memory and processing time).

Zyww.wikipedia.org/wiki/Facebook-CambridgeAnalyticadatascandal
3www.eur-1lex.europa.eu/legal-content/EN/TXT/?uri=CELEX : 32016R0679


www.wikipedia.org/wiki/Facebook-Cambridge Analytica data scandal
www.eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX:32016R0679

CHAPTER 1. INTRODUCTION

Challenges

This thesis deals with a large dataset, containing around 700000 transactions and 150000
items. Therefore, the primary challenge of this thesis is to find a scalable solution which has
a reasonable runtime. Secondly, the transaction data contains additional information like store
location, cashier name, their details, item returns, discounts, etc. Thus, it is challenging to
identify the details of our interest. Finally, we need to find a knowledge graph embedding
algorithm which can generate different vectors for distinguished items.

1.4 Related Work

The need for a recommendation system was increased with the invention of the internet in the
early '90s. The first generation of recommender systems were based on different variations on
collaborative filtering. Tapestry [GNOT92] was developed in 1992 to filter the incoming mails.
Group Lens [RIST94] was designed in 1994 to recommend online news items. One prominent
example of early recommender system is Amazon’s item-item collaborative filtering recommen-
dation [LSY03], which was developed in 2003. In 2006, Netflix had released a dataset with 100M
movie rating and announced prize money of 1M USD for the team which can generate the most
accurate prediction. It influenced to build many collaborative filter-based recommendation al-
gorithms [BLNQ9]. The matrix factorization (MF) based collaborative filtering was introduced
in 2004 [Mar04l, [Hof04], which further increases the accuracy of prediction. Matrix factorization
approach outperformed the classical methods of recommendation in terms of accuracy, constant
time prediction, and compact model representation. In 2007, generative artificial neural network-
based collaborative filtering was introduced to manage large dataset [SMHO7] efficiently. The
graph-based recommendation is another approach. This thesis is also a graph-based recommen-
dation. In graph-based recommendation, the items are represented by nodes. The graph-based
method can produce recommendations with low latency, without the need for specific data about
the user [JKHO7]. Pixie by Pinterest from 2018 is a notable example of this approach which
can generate image recommendations in a real-time scenario |[EJLT18|. The recurrent neural
network-based recommendation is a popular approach for time series data. LSTM, a version of
the recurrent neural network can produce state-of-the-art recommendations in a variety of fields
such as text generation [Karl5|, music generation [LRT14], language translation [FCBI6], etc.
There are a plethora of recommendation approaches based on deep learning that exists today.
But very few of them can outperform the simpler algorithms. Therefore, in 2019 a question was
raised [DCJ19] over the performance of these deep learning-based approaches.This thesis rec-
ommends items based on anonymous customer’s transaction data. Therefore, the graph-based
approach is better suited for our purpose.

In this thesis, we use embeddings (vector representations) to distinguish between items.
Word2Vec [MCCD13| and GLOVE [PSM14] can represent the words in vector space, captur-
ing their semantic meaning. MetaProd2Vec can generate item embeddings was introduced in
[VSCI16]. Doc2Vec can classify documents in categories such as positive, negative was introduced
in [LM14].

Identifying a suitable metric is essential to understand the accuracy of predictions. In
[CVWT11] authors suggest Novelty and Diversity as important metrics wherein [GDBJ10], au-
thors suggest Catalog Coverage and Serendipity are the most critical metrics. The authors
conclude saying that there is no perfect metric for recommendation system. Therefore, the de-
velopers/authors need to choose a metric based on how they expect the recommendation system
to behave. In different research [XY09], authors have stated that there is a trade-off between
diversity and accuracy metrics. All these studies lead to the conclusion that there is no primary
metric to identify the accuracy of the recommendation. The metric should be chosen based on

3



1.5 STRUCTURE OF THE THESIS

the context of recommendation.

1.5 Structure of the Thesis
This thesis conveys all relating researches and findings in six chapters.

e Chapter 2 introduces many topics that are essential to understand before going deep into
further discussion. In this chapter, we provide brief discussions on the Knowledge graph,
Neural networks and XML parsers.

e Chapter 3 presents the methodology to fulfil this thesis. It exhibits proposed approach
along with the baseline method. Each phase of the approach is elaborated. This chapter
forms the theoretical ideas of this thesis.

e Chapter 4 shows the implementation of the whole workflow in detail. It first introduces
the technologies and packages used. Then the chapter elaborates the execution of each
component along with the necessary diagrams in a stepwise manner.

e Chapter 5 evaluates the outcomes from different experiments that are performed in this
thesis. First, we introduce the objectives of the evaluation. Then it discusses the list of
experiments that are performed. Later, it describes the experimental design along with
the execution plan for each experiment. Finally, this chapter interprets and analyses the
experimental results.

e Chapter 6 summaries the outline and the results of this thesis. Furthermore, it shows the
limitations of this thesis as well as the prospect for further research in this domain.



Background _

This chapter discusses essential concepts which are relevant for this thesis.

2.1 Artificial Neural Network

Artificial neural network is a function approximator where an approximation function y=f(x)
maps an input vector x to y,y € Y, a set of possible outputs with [Y|>= 2. A set of parameters
0 are tuned during the learning process for the best approximation. y’ is the predicted output
from the artificial neural network.

Y = fx(;0) (2.1)

2.1.1 Feed Forward Neural Network

This is the simplest form of artificial neural network where the input layer receives x which
traverse through possible multiple hidden layers (layers between the input and output) to a final
layer to produce the output y’. In this architecture, each layer is only connected to the preceding
layer [Heal§].

Neurons are the building block of the artificial neural network layers. The neurons transfer
a vector input to a scaler output space. In a; represents the scaler output from j-th neuron.

aj = gf)(z Wi T4 + U)jo) (2.2)

(2

Where ), w;jx; is the weighted sum on the input space and wjg is the bias term. The ¢
represents nonlinearity which is called an activation function. ¢ increases the capacity of the
model [Bis06]. The basic structure of the neuron is shown below (Figl2.1]).

In the following notations, neurons are denoted as hgl) where the subscription shows the j-th
neuron in a layer and the superscription denotes the number of the layer. So the input layer is

represented as h(%).



2.1 ARTIFICIAL NEURAL NETWORK

Figure 2.1: Structure of an artificial Neuron[Fall§]

The Forward Pass

In the forward pass, the input x is received through the layer h(?), which is passed through the
hidden layers following the equation [2.2] and produce:

B = o> wPh{ Y+ wll) (2.3)

)

The vectorised form of equation is :

A = ¢(w® =) (2.4)

Finally, a loss function checks the difference between the prediction y’ and the real data y:

Loss = L(y',y) = (W™, y) (2.5)

Two assumptions of loss function are made here. They are: the loss can be calculated by
averaging over the loss of the individual output. Second, the loss function is at least once
differentiable w.r.t its input [Bis06].

The Back-propagation Algorithm

After the calculation of loss function, we want to adapt the weights for a better approximation
of the unknown function f. The back-propagation algorithm does this [RHWS&6].

The idea is to take partial derivative w.r.t weights and biases of the network. So, a small
amount of change in the weights is made to check where the loss function has the highest
increase. Formally the changes in the weight are w = w 4 dw and the changes in loss function
are 0L ~ dw! VL, where dw and §L is the changes in the weight and loss function respectively.
VL, the gradient of the loss function, points out where the loss function has the highest rate
of increase [Bis06]. So, back-propagation uses the chain rule of calculus to calculate the partial
derivatives on individual weights [Heal§].

oL OL Oh;
ﬁwij B 8hj 8w7;j

(2.6)
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CHAPTER 2. BACKGROUND

The vector notation of the equation [2.6]is :

oh
ow
In equation V. and Vp represent gradient w.r.t weight and height respectively.

Vul = ()" Vil (2.7)

Activation Function

This function provides a non-linear transformation of the inputs. The very first simple Percep-
tron model was built by Rosenblatt [Ros58].

0 forx<O
xT) = 2.8
¢(2) {1 forx >0 (28)
This model fails in complex scenarios like backpropagation cannot manage discontinuous
character. Another popular activation function is sigmoid [Heal§].

o) = o(0) = 1

But sigmoid is not used in practice because it has a neuron saturation problem. It means
that the output becomes close to zero for very small and very large input values because the
slope is flat near the edges [GBI10]. To overcome this drawback hyperbolic tangent is used:

(2.9)

et —e T

The activation function which is widely used for feedforward network is Rectified Linear Unit
(ReLU) [NHIOJ:

¢(x) = tanh(z) = (2.10)

o) = (2.11)

0 forxz<0
z forxz >0

A slightly altered version of ReLU is Leaky Rectified Linear Unit [Fall8], which uses slope
parameter A as hyperparameter:

¢(z) =

Az i 0
{m orr < (2.12)

x forz>0

Output Functions

Compared to the hidden layer, activation functions have different criteria to match in the output
layer. This layer needs to transform final activation into a label space of y. For classical regression
problem and Gaussian distribution, the label space is standard R or R™. However, this is not
true for the binary or multi-class problem where ¢ must be a discriminant function that maps
input to a discrete space Ci[Bis06]. So a sigmoid function of form is essential for assigning
a class probability to the binary or multi-class case. For multi-class case, the approximation
function is called softmax that creates a mapping R¥ — [0,1], a map from a k- dimensional
vector space to a real-world value closed by the interval [0, 1]. Therefore, the probability vector
over k classes is:

eac

= ZZ o

¢(x) = softmax(x) (2.13)



2.1 ARTIFICIAL NEURAL NETWORK

We get familiar with the artificial neural network. In the following sections we discuss a complex
version of artificial neural network, Recurrent Neural Network (RNN).

2.1.2 Recurrent Neural Network (RNN)

A recurrent neural network is a type of neural network [HDY ™ 12a, [DYDATI] which has proved
its utility in various domains (e.g. speech recognition, time series modelling, etc.) [PDST16,
PWD16, [EIm90l, Rob94, MKB10, [Gral2, BBLP12, MHDBI3]. An RNN is applicable for cases
where the context is important. The RNN uses feedback loops to remember the sequential
inputs. Because of this feedback loop, an RNN remembers information of the past. The output
from a neuron propagates to the next neuron of an RNN (Fig. .

Output
A
Output sent
back to
RNN itself
A
Input

Figure 2.2: Single Neuron of an RNN[ASAAATS]

Suppose in the sentence This is a dog the last word dog is missing. An RNN wants to
predict the last word of this sentence. For this example an RNN needs to be fed with first three
words namely This, is and a to predict the forth word dog. So, one can think of RNN is a
neural network with memory. Theoretically, RNN can capture information of any length, but
in practice, it can only remember the information of short distance. LSTM and GRU are types
of RNN.

0
O Ofl Ot t+1
A A A
V W \% |4 %4
SO:} w dt—z ’OSt ‘OSHI =
f Unfold: Woxp W W
U U U U
X Xt_l xt t+1

Figure 2.3: Architecture of the RNN[BYR17]

Fig shows an RNN. The following points describe the notations of Fig [BYR17].
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CHAPTER 2. BACKGROUND

e 1, is the input at timestamp t. For example, z; represents the one-hot encoding for the
second word.

e s; is the hidden state at timestamp t. s; is the memory of the network which depends on
previously hidden step output s;—; and the input to that state x;. so, sy = f(Uzi+Wsi—1)
where f; is the non-linearity like tanh or ReLU.

e 0 is the output at timestamp t.

e V is the output from each step.
Additional information on Fig[2.3|

e s; is the memory which can remember all the information from previous steps and o; is
dependent on s;. But in practice s; cannot capture information from long previous steps.

e The regular neural network uses different parameters for each step. But an RNN uses the
same parameters (U, V, W in FigJ2.3)) in all the steps which not only reduce the numbers
of parameters but it easily explain that the RNN is doing the same operation in all the
steps.

e The hidden memory (s in Figf2.3) is the most striking feature of an RNN, which captures
information of some past states.

2.1.3 Long Short Term Memory (LSTM)

In a neural network, one common technique is back-propagation which adjusts the weights of
the neurons with the gradient descent method. If the length of the hidden layer is long enough,
a neural network suffers from vanishing gradient problem [PWDI16]. In vanishing gradient
problem, the gradients in the initial layers become so nominal that a neural network cannot
learn anything by making changes in the weights of these neurons. An LSTM resolves this
problem [HS97]. The LSTM is a type of recurrent neural network (RNN) which first came
into the picture in 1997. An LSTM has long term memory which solves significant problems in
image recognition, speech recognition and language modelling. In LSTM, each neuron has four
interacting layers: input gate, a forget gate, an output gate and a self-recurrent neuron (Fig.

2.4).

Forget gate

Memory Memory
cell input cell output
—= O

Input gate Output gate

Figure 2.4: An LSTM memory cell architecture[BYR17]

Inside a neuron, there is a cell state (i.e. Cp) which works like a conveyer belt means
information passes through it. An LSTM can hold or ignore the data. An LSTM performs this
through gates. The first gate (first blue colour in Fig2.5)) in the LSTM checks which data to
ignore. A sigmoid function inside this gate outputs a number between 0 to 1 where 0 means

9
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completely forget the number in the cell state and 1 means remember the number. Next step
decides which information to store in cell state. This step works in two parts (second blue colour
part in Fig. The first is a sigmoid function which determines the data to store. Then a
tanh layer generates the vector of the selected number. The last step decides the output. It also
works in two stages. A sigmoid function determines which part of the cell to be output. Then
the sigmoid value is multiplied by a tanh function which compresses the value between -1 and
+1. Fig[2.5 shows an LSTM.

t 1
—_— Ly o s G
iy
fe
i
— he_y hy
I |
%=y > X4y

Figure 2.5: An LSTM module [BYR17]

The following points elaborate on the mathematical symbols which are present in Fig.

x¢ is the input vector at time t.

The weight matrices are W;, Wy, W.,W,, U;, Uy, U., U, and V.

The bias vectors are b;, by,b. and b,.

The value which propagates to next state, memory cell value is h; at time t.

The input gate value i; and candidate state value C can be expressed :
i = O'(Wixt + Uihi—1 + bi)

A

C = tanh(Wexy + Uchi—q + be)
Values at the forget gate f; and state memory cell can be formulated as:

fi= U(fo't + Ufht_l —+ bf)

Cy =iy Cp+ fr % Cry
Output gate o, and memory cell value h; at time t are:

or = oc(Woxy + Ughy—1 + V,Ci + b,)

hi = o x tanh(CY)

2.1.4 Different optimizers used in LSTM

(2.14)

(2.15)

(2.16)

(2.17)

(2.18)

(2.19)

In the following equations J(#) is considered as a constant objective function which is minimized
by iterative algorithms. V.J(0) is the gradient of the function evaluated at 6.

10
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Stochastic Gradient Descent (SGD)

SGD optimizer is one of the oldest and most used optimizers [Bot12] for deep learning problems
which works on iterations to find the minimum error.

Drawback: If the target function is not convex or pseudo-convex, then the SGD get stuck into
a local minimum.

Momentum

This method gives direction and reduces the high variance of SGD [Qia99]. Momentum uses an
extra parameter v to update vector of past time.

V(t)=4V(t—1)+axVJ(0) (2.20)

In practice, v is set to 0.9. In the equation « represents the learning rate and ¢ is time
step.
Advantage: Reduce the high variance of SGD.
Drawback: Hyper-parameter « is set manually.

Nesterov Accelerated Gradient (NAG)

Momentum can be thought of a ball which blindly falls from a hill following a slope without
knowing the direction where it is going. So, a smarter ball is needed, which has the notion
of its direction. NAG provides this precession over the momentum term ~yv;_1. In NAG the
momentum term ~yv;—1 is used to move the parameter 6. So, § — yv;—1 is computed to get the
approximation of the next position of parameters. Thus, NAG calculates gradient w.r.t the
approximate future position of parameters [Rud17]. In practice, v is set to 0.9. In equation
7 denotes the learning rate.

Vi = Vi1 + Ve J (0 — yvi-1) (2.21)
0=0—u (2.22)

Advantage: NAG does not get stuck at the local minima.
Drawback: Hyper-parameter « is set manually.

Adagrad

Adagrad "adapts the learning rate to the parameters, performing larger updates for infrequent
and smaller updates for frequent parameters. For this reason, it is well-suited for dealing with
sparse data."[Rud17]. All the previous optimizers that are already discussed using the same
learning rate 7 for every parameter 6;. Adagrade changes the learning rate n for every parameter
0; at each timestep t. g¢;; is the gradient of the objective function w.r.t the parameter 0; at
timestep t. Thus, SGD update on every parameter 6; at each timestep t takes the below form
[2.24]. The updated learning rate is represented by equation m

gti = VoJ (Or;) (2.23)

et—l—l,i = 9t,i —N*Gti (2~24)

11
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n

Ory1, = 9t,z‘ - \/ﬁ * 0t
K1)

"Gy € R4 here is a diagonal matrix where each diagonal element i, i is the sum of the squares
of the gradients w.r.t. ; up to time step ¢!!, while € is a smoothing term that avoids division
by zero (usually on the order of le — 8). Interestingly, without the square root operation, the
algorithm performs much worse." [Rud17]

G contains the sum of squares of the past gradients w.r.t. all the parameters 6. Therefore
equation [2.25[ can be vectorized by performing an element-wise matrix-vector multiplication ©®
between G and g;.

(2.25)

"
VG + e

Advantage: This method does not require to tune the learning rate manually.
Drawback: This approach is Computationally expensive.

Ory1 = 0 — ® gt (2.26)

Adam

Adam optimizer [KB14] calculates the exponentially decaying average of the gradients m;, along
with the exponentially decaying average of the past squared gradients v;. So the equations of

my and v, are [2.27| and [2.28]:

my = imy—1 + (1 — B1) g (2.27)

vy = Bovp—1 + (1 — B2)g} (2.28)

As my and vy are vectors if initialized with 0, creates a bias towards zero. Thus, after the

bias correction the equations [2.27 and [2.28] convert into [2.29 and [2.30]:

A myg
= 2.2
e = 17— g (2.29)
N Ut
Op = —— 2.30
1A (2:30)
So, the update rule of Adam takes the following form|2.31]:
Ui A
Ory1 =0, — * 1M 2.31
1= iy (2:31)

The default values of the above equations [2.272.28)2.29]2.30] and [2.31] are 0.9 for 31, 0.999
for By, and 1078 for e.
Advantage: This approach is fast and converges quickly.
Drawback: Adam is Computationally expensive.

2.2 RDF Graph

2.2.1 Graph-Based Data Model (GBDM)

Graph-based data model RDF first came into existence in 1991 to make a semantic relation
between the data coming from different sources of the internet. This was the basis of the graph-
based data model. In the beginning, only XML can serialize GBDM. XML had syntactical

12
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drawbacks in representing collections, reification and quoting [CS04]. Therefore, several other
serializers ware introduced namely N3 [BLCII], N-Triples [SR14], and TURTLE [BBLO0S].

The sole principal of the RDF is to represent resources (i.e. subjects) in relation (i.e. pred-
icate) to other resources or literals (objects). In short, an RDF represents the relations among
resources in subject, predicate and object format (Fig. Thus, each combination of subject,
predicate and object is a molecular representation of the RDF. For example, Bob is a student.
Here Bob is subject, student is an object and the relation between them s is a predicate. In
RDF, subjects and objects depict the nodes of a graph and predicates are the edges. The edge
of an RDF is only IRI, subject and object can either be IRI or a blank node. The literals can
also represent objects because sometimes objects need to show values such as strings, numbers,
and dates [Dav20)].

Predicate(is)
Subject(Bob) > Object(student)

Figure 2.6: Sample triple in RDF graph

2.2.2 URI and IRI

URIs (Unique Resource Identifier) are strings which help to represent data model, resources and
properties in an unambiguous fashion. URIs cannot be shown in Unicode format. For this reason
W3C recommends to use IRIs (Internationalized Resource Identifier). In a nutshell, IRIs
are URIs in Unicode format. For example, in Fig[2.7 IRIs represent each node. The length of
the IRI is long, which made it difficult to read. IRI can be shortened by using a prefix. In Fig[2.§]
rdf:type is the abbreviation form of the node hitp://www.wS3.org/2000/01 /rdf-schema#type in
Fig2.7 Thus, Figl2.8]is easily readable.

http://dbpedia,org/onto bgy@

“Germany officially the Federal
Republic ...,"

http:/Awww.w3.0ry/2000/01/rdf-schema#comment

http:/iwww.w3,0rg/1999/02/22rdf-syntax-ns#type

http:/Awww.w3,0rg/2000/01/rdf-schema#iabel

=

http:/iwww.w3.0

01/rdf-schemai|abel

http://dbpedia.org/ontology/country

<http://dbpedia.org/resource/
Angela_Merkel

02/22-rdf-syntax-ns#type

http://dbpedia.org/ontology/City

—_hitp#ivww.w3.0rg/1999/02/22-rdf-syntax-nsttype

Figure 2.7: RDF graph example [Ngul§|
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“Germany officially the Federal
Republic ...."

[
\

\ = =

"Germany"@en \ X "Frankfurt"@en
~ rdfs:comment

~ /

= \
\\\ \ rdf:type /
. \ rdfs:label
rdfs:label \

st = —p ——— ./,,,,\

Gbp_ont:Country\:

- ~ dbp_ont:Country
e, dbp_res:Germany \47‘:.—“ ﬂfyi(/ dbp__res:Frankfurt\
dbp_ontleader _— RS s o A /

— = 4'//"*7\,
( dbp_res:Angela_Merkel ) dbp_ont:Country
S - (\// dbp_ont:capita rdftype
/ \\rdf:type N
rdfs:label / S ——— rwtpe - 5
< dbp_ont:Cit
/ - e — -(dbp_res:Berlin)- —P e K>

N

C dbp_ont:Person e
"Angela Merkel"@de S o ‘

\ rdfs:label
|

"Berlin"@en

Figure 2.8: RDF graph example with shorted IRIs [Ngul§]

2.2.3 Literal

Literals can only represent the objects in an RDF'. Literals are of two types, namely plain literals
and typed literals. Both types represent strings, numbers, date-times in a lexical form. The
plain literal has an optional language tag. The typed literal’s type is an IRI. For example in
Fig2.8 dbp res:Angela_Markel has an rdfs:label called "Angela Markel'@de, this denotes the

literal in German.

2.2.4 Blank node

If the subject and object of an RDF are neither IRI nor Literal (for objects only), then it can be
represented with a blank node. The name "Blank" denotes unknown resources where no IRI can
be given. RDF Data model assigns an id of form_ : id, which is a local identifier to represent a
blank node.

2.2.5 RDF Graph

RDF graph consists of triples. Triple (subject, predicate and object), is a directed graph where
subjects and objects form nodes and the relation between those is a predicate, which forms the
directed edge between the nodes.

2.2.6 Knowledge Graph Embedding

Knowledge Graph Embedding represents entities and their relations in a lower-dimensional vec-
tor space (embedding space). In embedding space, the similar vectors are nearer compared to
the dis-similar vectors. Knowledge Graph Embedding is useful to extract the overall relation
of Knowledge Graph. Knowledge Graph Embedding helps to infer relationships among entities
coming from different sources. Knowledge Graph Embedding applications can solve many prob-
lems in the field of collective machine learning, type prediction, link prediction, entity resolution,
knowledge graph completion and question answering. In this thesis, we have used two knowledge
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graph embedding algorithms, namely, Pyke and Conex [DN20]. The necessary details of
these algorithms are discussed below.

Pyke

To understand Pyke, knowledge on Hooke’s Law is necessary because "PYKE, combines a phys-
ical model (based on Hooke’s law) with an optimization technique inspired by simulated anneal-
ing" [DN19]

Fig[2.9] shows the list of notations that are used by Pyke.

Notation Description *

g An RDF knowledge graph

R,P,B, L Setof all RDF resources, predicates, blank nodes and literals respec-
tively

S Set of all RDF subjects with type information

v Vocabulary of G

o Similarity function on V

z, Embedding of z at time ¢

i I Attractive and repulsive forces, respectively

K Threshold for positive and negative examples

12/ Function mapping each 2 € V to a set of attracting elements of V

N Function mapping each z € V to a set of repulsive elements of V'

P Probability

w Repulsive constant

& System energy

€ Upper bound on alteration of locations of = € V) across two iterations

Ae Energy release

Figure 2.9: List of notations used in Pyke [DN19

Hook’s Law

Hook’s Law defines the relationship between the deformation force on the spring and the mag-
nitude of deformation on the realm of the spring. If the deformation force increases, then the
volume of deformation also linearly increases [DN19]. Hence, the formal representation of Hook’s

Law is 2.32

F=—kA (2.32)
In F' is the deformation force, k is the spring constant while, A is the magnitude of

deformation. The inverse of Hooks law is [2.33¢
—k
Finverse = X 2.
. (2.33)

The force (Fipperse) between the two mass points becomes weaker with the increase of the
distance between the two mass points it connects.

Positive Pointwise Mutual information (PPMI)

"The Positive Pointwise Mutual Information (PPMI) is a means to capture the strength of the
association between two events (e.g., appearing in a triple of a KG). Let a and b be two events.
Let P(a; b) stand for the joint probability of a and b, P(a) for the probability of a and P(b) for
the probability of b. Then, PPMI(a; b) is defined as (2.34)):" [DN19]

P(a,b)

PPMI(a,b) = maz(0,log Pa)P(b)

) (2.34)
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Pyke Methodology

Pyke is an iterative process where each element of a vocabulary V of a knowledge graph G can
be represented as a unit mass in n-dimensional vector space R™ by an n-dimensional vector
randomly allocated at iteration ¢ = 0. The goal is to improve the representation of embeddings
2y over the iteration where x € V at iteration ¢. So, the final objective of Pyke is to improve %
iteratively such that after a predefined number of iteration (denoted as T') it ensures:

1. The embedding of similar elements of V are closer to each other in the embedding space
while

2. The embedding of dis-similar elements of V is distant from one another.

Pyke assumes a PPMI based similarity matrix is given where similarity function o: VxV —
[0,00)

Let d be the distance between two embeddings in R™ where d : R"® x R® — R*. Therefore
the goals of Pyke are:

1. Cl: "If o(z,y) > 0, then d(z},9:) < d(zi1,y~1)" [DN19]. It means the similar vectors
should be near in embedding space while

2. C2: "If o(z,y) =0, then d(z1,91) = d(xi1,y,~1)" [DN19], the dis-similar vectors are at a
distance in embedding space.

Therefore, as per Hook’s law, we can formally represent C1, the force(F,(zi,3;)) between
two similar masses x and y at time ¢ as ([2.35)):

| Fa(@t, gi)|| = o (2, y) x d(2, yi) (2.35)

Where d(73,9:) is the distance between the masses and o(z,y) is the spring constant. That
means the force between the masses increases with distance.
The inverse of Hooks law represents C2, the force between two dis-similar masses x and y at

time ¢ as (2.36)
[ w
1Fa(zt, gl = ———— (2.36)

Where w > 0 is the repulsive constant.

In a nutshell, Pyke tries to minimize the total distance between similar elements and max-
imizes the distance between dissimilar elements. Therefore, the formal goal of Pyke is: "Let
P : V — 2Y be a function which maps each element of V to the subset of V it is similar to.
Analogously, let N : V — 2Y map each element of V to the subset of V it is dissimilar to. PYKE
aims to optimize the following objective function : " [DN19]

(Z > dfg) (Z > d(E ) (2.37)
z€EVyYyeP(x) z€VYEN (z)

As per the ideas described above Pyke first constructs symmetric similarity matrix A, of
dimension |V|x|V|. The similarity co-efficient between x € V and y € V stored in A is represented
by a; . Pyke builds the similarity matrix in the following way:"For any two elements x,y € V we
set azy = o(x,y) = PPMI(z,y) in our current implementation. We compute the probabilities
P(x), P(y) and P(x,y) as follows:" [DN19]

{(s,p,0) €G: x € {s,p, 0}}]
[{(s,p,0) € G}|

16

P(z) = (2.38)



CHAPTER 2. BACKGROUND

Likewise,
_ H(s;p.0) € Gy € {s,p,0}}|
P(y) = {(5.0.0) <G| (2.39)
Pla.y) — L6220 € G 3.9} € {5.p.0}) 2.40)

[{(s,p,0) € G}|

Pyke calculates two sets namely P and N for accumulating similar and dissimilar elements.
The similar elements attract each other while the dis-similar elements repulse each other.

Embedding Initialization and iterations

As mentioned earlier Pyke maps each z € V to a single point z; in embedding space R™. The
very first iteration at ¢ = 0 this vector is randomly allocated. In each iteration t elements of
similar elements set attracts x with a force of :

Fo(@) = Y olx,y) x (g — %) (2.41)

yeP(z)

And the elements of N(x) repulse z with force:

Fo(@)=— Y, (2.42)

The embedding of = at an iteration ¢ +1 is proportional to (F,(z:)+ F,(zt)). However, using
this approach leads to non-converging behaviour in the model. To avoid this situation Pyke uses
simulated annealing (i.e. reduces the total energy of the system by a constant factor Ae after
each iteration).

Fig[2.10] depicts the Pyke algorithm.

Conex

Conex is a knowledge graph embedding algorithm which "infers missing links by leveraging the
composition of a 2D convolution with a Hermitian inner product of complex-valued embedding
vectors." [DN19]. Conex achieves superior performance on link prediction task on most of the
state-of-the-art approaches such as RotatE, QuatE and TuckER with at least eight times fewer
parameters. The following discussions present the necessary notations and terminologies that
are used by Conex.

Knowledge Graph: A knowledge graph G is a set of triples (s,p,0) € £ x R x £ where ¢
is the set of all entities and P is the set of all relations [DN20)].

Link Prediction: Predicting the typed directed edges in G is known as link prediction which
is a subtask of Knowledge Graph Completion [JPCT20]. Therefore, the formalized scoring
function for the link prediction is ¢ : & x R x & — R where ¢((s,p,0)) >> o((x,y,2)) if
(s,p,0) € GA (z,y,2) ¢ G [INMTGI5].

The Convolution Operation: "A convolution is an integral expressing the amount of
overlap of one function f as it is shifted over another function g. Formally, the convolution
operation over a finite range [0, 7] is given by" [DN20].

(f*g)(t / f(r)g(t—7)d (2.43)
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Algorithm 1 PYKE

Require: T, V, K,¢, Ae,w,n

/finitialize embeddings
for each z in V do

.TL}[: = random vector in R"™;
end for
/finitialize similarity matrix
A = new Matrix[|V|][|V|]:
for each z in V do

for each y in V do

A, = PPMI(z,y);

end for
end for
/I perform positive and negative sampling
for each z in V do

P(x) = getPositives(A,z, K) ;

N(z) = getNegatives(A, z, K) ;
end for
// iteration
g —1;
=1
while ¢t < T do

for each x in V do

Fo= Y o(z,y) X (Fi-1— Fe-r);

veP(r)

P”‘:_ Z a! ]fii 1:
yeN(z) =~ A
Ty =T a+EX(Fa+F);
end for
E=E— Ae;
if 3 IZ: — Z¢_1|| < ethen
eV

break
end if
t =11
end while
return Embeddings 7,

Figure 2.10: Pyke algorithm [DNT9]

In equation [2.43] * denotes the convolution operation, f is the input and ¢ is kernel. The
output of f * g denotes the feature map [Heal8]. "Suppose that f represents a 2-dimensional
image and ¢ denotes a 2-dimensional kernel. Then, Equation can be rewritten as " [DN20].

(f*9)(i,5) =D f(m,n)g(i —m,j—n) (2.44)
In equation [2.44] ¢,j denotes the coordinate in 2-D input.

Conex Methodology

Conex is defined as :
¢(Sapa 0) = H(< €s,€p; €o >;V(65,6p)) (2'45)
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"where ey, ep, €, € C% and V denotes a 2D convolution layer with w kernel over an input of
R**4 followed by a linear transformation to project the feature map 7 € R*™*" into R? and ¢
denotes the number of 2D feature maps with dimensions m and n." [DN20]. V is defined as

V(es,ep) = f(vec(f([Re(es), Re(ep), Im(es), Im(ep)] * w))W) (2.46)

where f denotes rectified linear units, w is a kernel, vec is a flattening operation, and W is a
projection matrix. Re and I'm are the real and imaginary parts of a complex number, respec-
tively.

‘H is the composition of V with Hermitian inner product of complex-valued vectors. H is
defined as: [DN20]

d
H(< es,ep, €0 >;) = Z zipRe(es)Re(ep)rRe(€o)r (2.47)
k=1

H(< es,ep,e0 >;2) =< x, Re(es), Re(ep), Re(e,) >
+ < z, Re(es), Im(ep), Im(e,) >
+ < z,Im(es), Re(ep), Im(ey) >
+ < z,Im(es), Im(ep), Re(ey) > (2.48)

where €, is the congjugate of e,.

Training the data for Conex

A row-vector look-up operation is first applied to obtain es, e, and e,. Next the real and
imaginary parts of es and e, were stacked. Then a 2D convolution is applied with w to obtain
a feature map 7 € R®*™*"_ Thereafter, T is flattened with vec(.) and transformed into R? by
applying a linear transformation W. Then Hermitian inner product is computed on es, e, and
0. In the last step logistic sigmoid function § = o(¢(s,p,0)) is applied to compute the score of
(s,p,0) and a loss function minimizes the following cross-entropy: [DN20]

L(y,9) = —(y - log(9)) + (1 —y) - log(1 — §)) (2.49)

where y = 1 if (s,p,0) € G, otherwise y = 0.

Optimization

During training Conex follow 1 — N scoring regime (with N = |{]) for efficient training. 1 — N
scoring regime has two advantages : "(1) the regime has an effect akin to batch normalization,
and (2) faster convergence' [DN20]. Conex mentions "We also employ the Glorot initialization
technique for parameters of CONEX, as using the logistic sigmoid activation often drives the top
hidden layer into saturation provided that parameters are randomly initialized. The parameters
are optimized using the Adam optimiser in mini-batch fashion. During loss minimization, we
employ the early stopping technique. As a non-linearity in V, we use ReLLU for faster training.
To lessen overfitting, we use the dropout technique on each layer and we apply label smoothing.
Moreover, we perform batch normalisation after each layer to avoid internal covariate shift in
the parameters." [DN20].
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2.3 XML Parsing

An XML parser is a piece of code or package which validates the structure of XML and stores
part or the whole XML body. Fig depicts an XML parser which parses the intended tags
from the XML dataset and stores it in a triple format (subject, predicate and object).

q P)e(ihrllt_ar

Figure 2.11: A sample XML parser

2.3.1 Types of XML Parser

There are two types of XML parser namely Document Object Model (DOM) and Simple API
for XML (SAX) [Li09].

Document Object Model (DOM)

"DOM is a tree-based interface that models an XML document as a tree of various nodes such
as elements, attributes, texts, comments, entities, and so on. A DOM parser maps an XML
document into such a tree rooted at a Document node, upon which the application can search
for nodes, read their information, and update the contents of the nodes." [Li09]

Simple API for XML (SAX)

"SAX is an event-driven interface. The application receives document information from the
parser through a ContentHandler object. It implements various event handlers in the interface
methods in ContentHandler, and registers the ContentHandler object with the SAX parser. The
parser reads an XML document from the beginning to the end. When it encounters a node in
the document, it generates an event that triggers the corresponding event handler for that node.
The handler thus applies the application logic to process the node specifically." [Li09)

2.4 Types of Recommender Systems

This thesis is about recommender systems. Therefore, in the following sections, we discuss five
different categories of recommender systems [Bur02].

Collaborative Recommender System

The collaborative system thinks if a person X likes something which another person Y also likes,
then it is more likely their opinion matches on other issues [Col20]. Thus, collaborative filtering
"collaborates" the tastes of multiple people to predict the choice of a person. For example,
Amazon uses item to item collaborative filtering technique [LSY03] to recommend an item.
Suppose both the person X and Y bought an item A previously. If person X buys an item B,
then Amazon recommends item B to person Y as well (Fig[2.12)).
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ltem 'B' recommended

to'Y'
[tem
B
Similar user
Person P -
X »
ltem A

Iltem 'A' bought
by both user

Figure 2.12: Collaborative filtering

Content Based Recommender System

This mechanism is based on the item description and user profile [Bur02]. This technique
describes items with keywords. User profile provides the necessary information to identify user-
item interaction, Which helps to predict the best-suited item for a user. This method is useful if
specific information (e.g. name, description) about the item is available. Netflix is a well-known
example of this approach. If a person watches or gives positive rating (e.g. voting, comments)
for a movie which is labelled as “action”, then Netflix predicts more “action” movies for that

user (Figl2.13)).

Demographic Recommender Systems

This approach depends on the different demographics’ classification characteristics (e.g. age,
gender, cultural background or other personal characteristics). The derived model then matches
with the stereotype user catalogue to predict an outcome. This approach does not need profile
data. That is why it can solve the new user problem. When a user uses a website for the
very first time, it’s interests are unknown. Thus, a prediction is possible based on its available
demographic data [LKH14].

Utility-Based Recommendation

These systems calculate the usability of each item for a user to predict the best item (e.g.
item with most usable score). These algorithms do not use user rating. The main problem for
this approach is to define the usability factor, which, in most cases, is done by different user
satisfaction techniques [Bur(2].
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2.4 TYPES OF RECOMMENDER SYSTEMS
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Figure 2.13: Content-based filtering

Knowledge-based Recommender System

These types of recommender systems try to identify information which tells the user needs. This
information is available most of the time in user profile [Bur02]. We can think every kind of
recommender system is a knowledge bases system because it works on the intuition that there
is some information available which tells us what a customer wants [CNHAVGGS12).

Hybrid Recommender System

Above mentioned approaches have their strengths and weaknesses. To overcome the shortcom-
ings and improve the performances in different scenarios, some researchers have combined two
or more techniques. These combined approaches are called Hybrid system. Some of the Hybrid
systems are Weighted recommender, Switching recommender, Mixed recommender etc. As the
detailed discussion about Hybrid Recommender system is out of scope for this topic, we skip
this part. The detailed discussion on this topic can be found at [Bur02].
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Approach _

Several studies[MAQ9, [IMSM10, [CHCHOS] have proposed various algorithms for recommender
systems based on customer profile data or item details. We have the same purpose of rec-
ommending an item to a customer, but we want to do this with the help of knowledge graph
embedding algorithms. The key idea of our approach is to exploit the different properties of
an item and predict the next product based on these properties. This chapter describes the
theoretical foundations of our approach, while the implementation details of the process will be
discussed in Chapter 4. For data security issues, some letters in the code and data are replaced
by *’s.

3.1 Proposed Approach Overview

This section provides a brief overview of our approach. Figl3.T] depicts the workflow diagram for
the proposed method. The detailed discussion on each step is carried out in the next section.

The available dataset consists of 700000 transactions with 150000 different items as well as
additional information which is discussed in section 3.2.1. The transaction data are in XML
format, so we use XSLT (Extensible Stylesheet Language Transformations) to capture the data
relevant for our task.

The last step produces RDF graph. In this step, a knowledge graph embedding algorithm
represents the items as vectors in n-dimensional vector space. "Knowledge graph embedding
aims to represent each predicate/entity in a KG as a low-dimensional vector, such that the
original structures and relations in the KG are preserved in these learned vectors." [HZLL19).
To represent the RDF graph into embedding space, we use Pyke or Conex algorithm. Pyke is
a physical embedding model which keeps linear complexity for high-quality embedding genera-
tion [DN19]. Conex learns complex-valued vector representation by combining 2D convolution
operation with a Hermitian inner product [DN20].

The goal of the last step is to predict an item, which a customer may buy. A customer can
purchase items of a varying quantity. Thus, we work with a recurrent neural network model
which can deal with such situations. We use a 50-unit vanilla LSTM model with SGD optimizer
(Neural Network Layers in Fig. The final layer of this neural network is a cosine similarity
calculation which predicts the items.
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3.2 XML PARSING
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Figure 3.1: Work flow diagram

3.2 XML Parsing

XML parsing is the first data pre-processing step of the proposed approach. Therefore, the
know-how of the raw data is necessary to understand the intents of all pre-processing steps. The
following section explains the data in detail.

3.2.1 Data

The transaction data are collected from retail stores across the United States. The dataset has
around 700000 transaction details for 150000 different items. But the dataset contains much
extra information. Table shows different categories of information present in the dataset.

] Tag ‘ Contents ‘
Header This section has details like
cashier name, workstation group
id, retail store id, date and time
of system sign in, city name etc.

Statistics This section contains information
related to workstation like station
id, operator id etc.
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Emplifiles This section relates cashier details
with workstation details.

Sign__on Section stores the sign-on in-
formation of cashier like time,
workstation-id, crate number,
channel number, employee id etc.
Sign__off Section stores the sign-off in-
formation of cashier like time,
workstation-id, crate number,
channel number, employee id etc.

Art _sale This section stores sold item de-
tails like discount-details, size-
code, colour-code, item descrip-
tion, quantity, price, item tax
group id, item class, item cate-
gory, size name, colour name etc.

Tax This section stores all the related
information of goods tax. It has
several sections depending upon
the country and states.

Taz excluded This section stores items details
that are excluded from general
taxation criteria.

Total As the name suggests this sec-
tion stores details of how much a
customer has paid to the cashier,
their payment modes, currency
details etc.

Media This section stores drawer infor-
mation, cashier session payment
information etc.

Footer This section stores extra informa-
tion like client name, client id,
printer code, external id etc.

Table 3.1: Dataset contents

The data related to the items are needed to build the recommender system. Therefore,
Art__sale is the section of interest for the mentioned approach. Figl3.2] depicts the part of a
sample XML dataset which comes under Art_sale tag. The dataset shows features of an item
that come along with the transaction data.

3.2.2 Data Cleansing and Feature Engineering

The data available for this thesis are in XML format, and we have decided to parse the data
with XSTL. The goal of this XML parsing subtask is to produce triples so that knowledge graph
embedding algorithms can use it. Fig[3:3] depicts that we have approximately 1484280 files at
the beginning. After the data cleansing operation, the number of files reduces to 718484. The
parser has extracted a few features directly while combining others to maintain its uniqueness
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3.2 XML PARSING

<bTotalDiscountAllowed>-1</bTotalDiscountAllowed>
<szSizeCode>176-004</szSizeCode>

<szColorCode>09</szColorCode>
KA AR AR ARAKA AR AR AR RAR KA AR KA AR

A Ak A kA kAR A F A AR AR AR AR A A
<dPRPackingUnitPriceAmount>17.9900</dPRPackingUnitPriceAmount>
<dPRPriceEntryLowAmount>0.0100</dPRPriceEntryLowAmount>
<dPRPriceEntryHighAmount>999999999999999,0000</dPRPriceEntryHighAmount>
Ak kA Ak AR AR AR A A A AR A A kA Ak kAR
<szPRDateValidFrom>20180901000000</szPRDateValidFrom>
<szPRDateValidTo>29991231235959</szPRDateValidTo>
<szPOSItemID>**713428001188004</szP0SItemID>
<lRetailStoreID>1*****</]1RetailStorelID>
<szItemID>713428001188004</szItemID>

<szDesc>Jersey *****<{/szDesc>

<szDescription>Other top Black, M</szDescription>
R e
<szltemCategoryTypeCode>1</szItemCategoryTypeCode>
<lMerchandiseStructureID>1</1MerchandiseStructureID>
<szMerchHierarchyLevelCode>1</szMerchHierarchyLevelCode>
<bDiscountFlag>-1</bDiscountFlag>

<szPieceUnitOfMeasureCode>**</szPieceUnitOfMeasureCode>
EE R R R R R R

EE R e e e
<bUseSizeAndColor>-1</bUseSizeAndColor>
<dPieceQuantity>1.0000</dPieceQuantity>
<szltemTaxGroupID>*</szItemTaxGrouplD>
<szTypeCode>NRML</szTypeCode>
<bVoidAllowed>1</bVoidAllowed>
<sz**ItemType>Stock</sz**ItemType>
<sz**ProductID>0713428</sz**ProductID>
<sz**BlockedStartDate>20000101</sz**BlockedStartDate>
<sz**BlockedEndDate>29991231</sz**BlockedEndDate>
R e e
<szOriginalTaxGroup>1</szOriginalTaxGroup>
<szSizeName>M</szSizeName>
<szColorName>Black</szColorName>
<sz**CodeType>N0O0S14</sz**CodeType>
<sz**ItemLookupCode>03155883024012</sz**ItemLookupCode>
<sz**Category>00_Rl0</sz**Category>
<sz**Class>00_A</sz**Class>
<szOrderNumber>31558</szOrderNumber>
<sz**Season>8</sz**Season>

Figure 3.2: Sample dataset

and co-relation with similar features. The extraction methodology and the reason behind the
creation of combinatorial features are discussed in the next section.

Data Cleansing
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Figure 3.3: Data cleansing

The developed XML parser search for item details inside the database. It is observed that
item return receipts are similar to item sell receipts, means it contains item details. We are only
interested in item sell details. Therefore, a program is developed which can identify the item
return receipts and filter it out. Machine learning model needs transactions with at least two
items to learn. Thus, the parser has another function which can label out the transaction with
a single product. An identifier is needed to identify all products bought by a single customer.
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Therefore, another implementation is added, which generates a unique identifier for each trans-
action and adds this id to all the products sold on that single transaction to identify it later.
The implementation details of all these logics are discussed in Chapter 4.

3.3 Physical Embedding Model

The previous procedure produces .nt files which contain information of items along with its
features. The goal of this step is to represent these items in the embedding space. Therefore,
we have chosen knowledge graph embedding algorithms Pyke and Conex for this task.

3.3.1 Pyke

In this section, we discuss the reason behind selecting Pyke. We also discuss the changes made
in the dataset to adapt it to Pyke.

Reason

Pyke has a linear space complexity with close to linear run time complexity. Pyke can scale
graphs containing up to millions of triples. Pyke has also achieved cluster purity up to 26%
better than the existing state of the art. Pyke is 22 times faster than the existing embedding
solutions in the best-case scenario [DN19]. As we are dealing with a large dataset in this thesis,
we, therefore, consider Pyke as the best candidate for the proposed approach.

Adapting Pyke

One of the shortcomings of Pyke is that it can not work with the literals. Therefore, we have
changed the literals into IRIs so that Pyke can access it.

<http://** COm/artlcle!?EQS?lGO 199003> <http://**2,com/vocabulary#hasPosId> <http://**2,com/pos#**75987 219 3>

< Yok 9 9003> <https://www.w3,org/1999/02/22-rdf-syntax-nsitype> <hm.p.._/_/*_*2_,mmmd.s.ammsj£> .
< e i 9 9 > <http://**2.com/vocabularyfhasTransactionId> "12010119020190313124526"

<] Akl i 9 9 > <http://**2.com/vocabulary#hasDescription> "Basic 1"@en .

< s i g g > <http://**2.com/vocabularyfhasBigDescription> "Tank top Black, S"@en

<http://**2. com/article#759871002199003> <http://**2.com/vocabularyihasDepartment> "1643" .

<http://**2.com/article#759871002199003> <http://**2,com/vocabulary#hasPrice> "2.9900" .
<http://**2,.com/article#759871002199003> <http://**2.com/vocabulary#hasColour> <http://**2,com/colour#Black09> .
<http://**2,com/colour#Black09> <http://wew.w3.org/2000/01/rdf-schematcolourLabel> "Black"Ren .

<http://**2 . com/article$759871002199003> <hLLp4i1__24ggngQgﬂbulazglhaalLﬁmIgpﬂ> "Stock"@en .
<http://**2.com/article#759871002199003> <http://**2. com/vocabulary#hasTypeCode> "NRML"@en

<http://**2.com/article$759871002199003> <http://**2. com/vocabulary#hasSize> <http://**2.com/size#5176-003> .
<http://**2.com/size$S5176-003> <http://www.w3.org/2000/01/rdf-schema#sizelLabel> "S" .
<http://**2.com/size#5176-003> <http://**2,com/vocabulary#sizeCode> "176-003" .

<http://**2.com/size$S176-003> <https://www.w3.0rg/1999/02/22-rdf-syntax-ns#type> <http://**2.com/class#Size> .
<http://**2.com/article#759871002199003> <http://**2,com/vocabulary#hasItemCatagory/> "1" .
<http://**2.com/article#759871002199003> <http://**2,com/vocabulary#hasClass/> <http://**2, . com/**class#00 D> .
<http://**2.com/**class#00 D> <http://**2,com/vocabularythas**Catagory/> "00_D15" .

<http://**2.com/**class#00 D> <https://www.w3.org/1999/02/22-rdf-syntax-nsitype> <http://**2, com/class#**> .

Figure 3.4: Sample triples for Pyke

For example, the dataset has features with colour name and colour code. At first, these
features were extracted as literals, but Pyke could not process that information. Then, we
combined these two features (e.g. colour name and number both pointing towards the same
attribute) to make it an IRI (Fig. With this same idea, we have combined the sizeCode,
sizeLabel as well as product class, product category into single IRIs.

Below diagram (Fig shows the output from Pyke. Pyke represents each item along with
its features in a 50-dimensional vector space. To make the embeddings visible, we show only
seven dimensions (seven columns for each row) in this diagram. The next step (i.e. LSTM
learning) requires item embeddings to train a machine learning model. Therefore, we need to
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3.4 LSTM

extract only the item embeddings from this embedding dictionary. So, a program is developed
which extricate the item embeddings from the dictionary and transfer it to the LSTM model for
further process.

A | B | c | D | E | E L | H | 1 |
0 1 2 3 4 5 6 7
http://***.com/article#569978020199004 0.260000363413862 0.285158456308968 0.710647528238192  0.54514165867959 0.415058203389439 0.053933452260284 0.863886147997126 0.668347761217192
http://***.com/vocabulary#hasPosld 0.260128648227633 0.285154781561248 0.710665672701845 0.545153012353966 0.41513868598337 0.054994838665411) 0.863904746890076 0.668501696192927
http://***.com/pos#HM569978020199004 0.260123225148688 0.285162897310038 0.710655816930064 0.545142312439281 0.415049078537208 0.053949766048194 0.863892812288081  0.66836497671374
https:/iwww.w3.0rg/1999/02/22-rdf-syntax-ns#type = 0.260109774153014 0.285171157533926 0.710408636673635 0.545163177076337 0.415142090171392 0.053882137556971 0.863911813016598 0.668209144350086
http://***.com/class#Article 0.260141697674295 0.285154801988408 0.710623836957871 0.545153791557796 0.415146824190716 O. 19013 0. 834 0. 6406
http://***.com/vocabulary#has Colour 0.260185965132867 0.285155474230079 0.710629942168243 0.545146621864218 0.415158028425348 0.053962836161505 0.863923510527381 0.668328230826088
http://***.com/colour#Blue78 0.260149533921008  0.28515874934468 0.710616993264012 0.545154448541166 0.415134442215028 0.053932986707256/ 0.863883171451042 0.668328013557798
http://***.com/class#Colour 0.260157789384558 0.285157780366833 0.710634179595553 0.545134322988588 0.415144364102565 0.053936468206042 0.863901127232535 0.668287835626179
http://***.com/vocabulary#hasSize 0.260131505956152 0.285161974976042 0.710645173957822 0.545149516443402 0.415141811755195 0.0539320195511 0.864103483028593 0.668325959185335
http://***.com/size#.191-004 0.260142805033661 0.285154537424252 0.710639908602124 0.545156236788992 0.415162301966149 0.053940497539369 0.863913276261471 0.668350462950222
http:/***.com/class#Size 0.260140365417212 0.285156749467115 0.710610398426489 0.545227483889939 0.415199672878185 0.053935087462178 O. 795837 0.668: 5030295
http://***.com/vocabulary#hasClass/ 0.260151862732109 0. 924257/ 0.7 9; 0.5451624106404 0.415160429323482 0.053934007877149 0.863915617624551 0.668493856188831
http://***.com/hmelass#00_F 0.260136980189723 0.285162087190312 0.710656039469844 0.545148747567996 0.415138953460511 0.054067903634352 0.863906641227837 0.668362089009938
http://***.com/class#HM 0.260157183806914 0.285160410619154  0.71062514257478 0.545157296033358 0.415086527056549 0.053928401975714 0.863947421815918 0.668458392137872
http://***.com/article#685816013199003 0.260122989183315 0.285157317405601 0.710632368170165 0.545245387501483 0.415020444427706[ 0.053939622183549 0.863949249047153 0.668252553418185
http://***.com/pos#HME85816013199003 0.260130583107675 0.285157316691647  0.71063028695023 0.545172491451841 0.415122266532886 0.053954160721635 0.863913251221575 0.669101701958182
http://***.com/colour#Turquoise87 0.260093180355077 0.285157610167049 0.710633375548147 0.545148750317238 0.415116065308863  0.05394321038505 0.863884347905236 0.668312381181057
http://***.com/size#M186-003 0.260143730832926 0.285155077883852 0.710652492632777 0.545168362110492 0.415143648946619 0.053930286854253 0.863917191752632 0.667555864707474
http://***.com/article#685816016199003 0.260149880470921  0.28515706243625 0.710240804031716  0.54516218289434 0.415139786206999 0.C 61883 0.863905021522218 0.66826! 12227
hittp://***.com/pos#HME85816016199003 0.260135126879589 0.285157000216324  0.71058006352706 0.545161725633834 0.415153812546305 0.0539286905764  0.86392552072113 0.668381727613714
http:/***.com/colour#Orange37 0.260128250340266 0.285156928617956 0.710596387061977 0.545165072109408 0.415120936355049 0.053918079931817 0.863875539332448 0.668184782771982
http://***.com/article#612334006188003 0.26009302525903 0.284707294723634 0.710609247860328 0.545153270164055 0.415144350220535 0.053958148384382 0.863934020961822 0.668283807002644

Figure 3.5: Sample embeddings

3.3.2 Conex

Conex is a knowledge graph embedding algorithm which has achieved superior performance
IDN20]. Therefore, we use Conex for the proposed approach.

Adapting Conex

The input data for Conex requires a slightly different format than Pyke. For Conex, the triples
need a “tab” space between subject, predicate and object. Also, the input data need to be
divided into train, test and validation sets. Fig3.6] depicts a sample input dataset for Conex.
So, we use a regular expression tool Grepwin to transfer the format of the dataset from Fig[3.4]
to Fig[3.60 We have searched four patterns and replaced them with Grepwin. Table shows
those patterns with corresponding replacements in a sequential manner.

Searched Pattern ‘ Replacement ‘
>{0,1} \.$
>[I \t
<

n

Table 3.2: Replacement patterns

3.4 LSTM

This is the final step of our proposed approach. This step retrieves the item embeddings from
the previous step. The goal of this subtask is to feed the item embeddings into a recurrent
neural network (RNN) so that RNN can learn and start predicting the next item a customer
can buy. In the following subsections, this thesis discusses the reason behind choosing LSTM,
the model architecture, and the final layer (similarity calculation) of LSTM.
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2196006 EkE . Tk & &k
2199006 https://www.w3.org/1999/02/22-rdf-syntax-nsitype S FLLLI

2199006 http://***. com/vocabulary#hasTransactionld 120101101020190403172629
2199006 http://***. com/vocabularythasDescription  Shirt S&T@en

2199006 hEEp://*** com/vocabularythasBighescription Shirt Blue, XXL@en

2195006 hEtp://***,com/vocabularythasDepartment 8617

2199006 hEEp://***.com/vocabularythasPrice 14.9900

2199006 hEEp://***,com/vocabularythasColour REEp://***,com/colour#Bluell

http: //www.w3.0rg/2000/01/rdf-schemafcolourLabel Blus€en

http://***. com/vocabulary#colourCode 73
https://www.w3.org/1999/02/22-rdf-syntax-nsétype  http://***.com/class#Colour
2199006 hEEp://***,com/vocabularythasItemType Stock@en

2195006 http://***. com/vocabularythasTypeCode NRMLEen
2196006 http://***.com/vocabularythasSize http://***.com/sizedXXL1B6-00€
http: //www.w3.org/2000/01/rdf-schemafsizelabel XXL
http://***.com/vocabulary#sizeCode 186-006
https://www.w3.0rg/1999/02/22-rdf-syntax-ns#type http://***. com/class¢Size
501616012199006 hEEp://***.com/vocabularythasItemcatagory/ 1
5 |r|r 12199006 htetp://***,com/vocabularythasClass/ DEEp://***, com/**class#00 F
E http://***. com/vocabulary#has**Catagory/ 00_F05
F https: ffumm w3.0rg/1999/02/22-rdf-syntax-nsétype BEtp://***. com/class§**

¢ http://*** com/vocabularythasPosId hEtp://*** cqupos!**501616079199006

https://wee.w3.org/1999/02/22-rdf-syntax-ns#type duL]
http://***, com/vocabularythasTransactionld 120101101020190403172629

http://*** com/vocabulary¢hasDescription Shirt S&TRen

http://***. com/vocabularythasBigDescription Shirt Red, XXLEen
http://*** . com/vocabularythasDepartment 8617

516 6 http://***,com/vocabularythasPrice 14.9900

1616079199 http://***.com/vocabularythasColour http://***.com/colour$Red49

49 http: /fwuw w3.0rg/2000/01/rdf-schema$colourlabel Red@en

49 http://***.com/vocabulary#colourCode 49

45 https://www.w3.0rg/1999/02/22-rdf-syntax-ns§type hEtp: //***.com/class#Colour

I 1€
161
50161
50161607¢
1el€
16l
16l

1

501616079199006 REEpP://***.com/vocabulary$hasItemType Stockfen
501616079199006 REEp://***.com/vocabularyfhasTypeCode NRMLEen
501616079199006 htep://***.com/vocabulary¢hasSize hEEp://***.com/sizefXXL186-006
6 http://www.w3.org/2000/01/rdf-schema$sizelabel XXL
http://***, com/vocabulary#sizeCode 186-006
https://www.w3.0rg/1899/02/22-rdf-syntax-nsftype http://*** . com/class#Size
16079199006 htEp://***.com/vocabularythasItemCatagory/ 1
160751959006 http://***.com/vocabularythasClass/ http://***.com/**class$00 F
ttp://*** com/vocabularythas**Catagory/ 00_F05
ttps://www.w3.0rg/1999/02/22-rdf-syntax-nsftype http://*** com/class§**

Figure 3.6: Sample triples for Conex

3.4.1 Model Selection

In an e-commerce setting customers can buy products of a variable quantity. For example,
customer A buys ten items, where customer B buys six items. Therefore, a suitable model should
handle inputs of different length. An RNN algorithm is ideal for such a scenario. LSTM is a
kind of RNN which is popularly used for developing recommender systems YZC*1§].
Therefore, we choose to use LSTM for this approach.

3.4.2 LSTM Architecture

We defined our model with 50 LSTM units hidden layer and with 50 neuron output (Fig[3.7]). The
model inputs nine vectors each of 50-dimensional length where the output is a 50-dimensional
vector. The output vector is passed on to the cosine similarity calculation stage, which in
turns produce the final prediction. The model was first tested with Adam optimizer, but the
performance was low. Therefore, we tested the model with SGD optimizer along with Nesterov
momentum and received better performance. We will discuss this topic further with relevant
implementation details in chapter 4.

Similarity Calculation

Cosine similarity is a metric used to find the similarity among vectors. For example, we have
three sentences. Bob is a Master’s student, Hary is a PhD student, Rody is a professor. Suppose
we represent Bob, Hary and Rody as vectors in three-dimensional space and try to find the similar
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3.5 BASELINE ALGORITHM

Cosine
Similarity

Final
Prediction

O
O

Input Layer

9 vectors each of
length 50

Hidden Layer

Qutput Layer

Figure 3.7: LSTM architecture

vectors. The required formula for this calculation is :

a-b
@l o]

(3.1)

Where @ and b are the two different vectors (i.e. Bob, Hary) and this formula tries to
calculate the angle between these two vectors. So, the similar vectors have lesser angels between
them compared to the dissimilar once.

Fig. shows Bob, and Hary both are a student; therefore, they are similar vectors (i.e. the
angle between them is lesser) compared to Rody. Cosine similarity is very popular to calculate
the similarity among documents. The main advantage of cosine similarity over other similarity
calculations (e.g. Euclidian distance) is that two similar documents/vectors (like the word
student comes hundred times in one document and ten times in the other document ) can be
far apart in the vector space because of their respective size. However, the angle between them
is still less.

We have used the above idea to find top "N" possible items a customer can buy. So this step
calculates the cosine similarity between y’ [a prediction received from LSTM model] with all the
possible items in the catalogue (e.g. around 150000 different items) to predict the outcome.

3.5 Baseline Algorithm

Baseline calculates the centroid of each transaction inputs in place of an LSTM model used by
the proposed model (Fig. [3.9). So the data pre-processing steps (XML parsing, knowledge graph
embedding) of the baseline are similar to the proposed model. The item embeddings of each
transaction are fed into the centroid calculation stage. The output (i.e. calculated centroid)

30



CHAPTER 3. APPROACH

Axis Y

Figure 3.8: Cosine similarity example

is passed onto a cosine similarity stage where a cosine similarity is calculated between centroid
with all other catalogue elements to find out top "N" most similar items.

Why we choose this model?

We check the efficiency of the proposed machine learning (LSTM) model by comparing with
the baseline (without machine learning) model. If the prediction from both models (proposed
model and baseline) are low, we conclude the data pre-processing steps were not sophisticated.
If prediction from the proposed model is inferior compared to the baseline, we infer the LSTM
model needs modification.
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Implementation _

This chapter describes the design and implementation of the proposed approach, along with the
baseline algorithm. It first describes the techniques and the technologies used; then we will focus
on the individual components in detail as well as how the parts integrate. For data security
issues, some letters in the code are replaced by *’s.

4.1 Overview

4.1.1 Technologies and Packages

As mentioned earlier, the very first step of this thesis is XML parsing, the rest of the work
(Pyke/Conex, LSTM Learning/ centroid calculation, similarity calculation) is performed with
Python with the help of many standard libraries. All the libraries used in this thesis are listed
at table

] Package Name ‘ Use/Description ‘

NumPy Used for math calculations, string ma-
nipulation

TensorFlow Used to build LSTM

Sklearn train_ test split Used to split data among test and
train datasets

pickle Used for storing and uploading the
dataset. Easily transport data.

random Used for the random shuffle of trans-
actions

intertools Used to slice the large dictionaries and
arrays to a smaller size for testing

tqdm Helps to visualize a program execution
time

Table 4.1: List of packages used
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4.1.2 General Workflow

The overview of the proposed approach is already discussed in section 3.1. Before the in-depth
discussion about the implementation of each component, a brief overview of the entire workflow
is given. As Fig[3d] represents, an XML parser converts the unstructured knowledge into a
structured format (i.e. generate triples). Later a knowledge graph embedding algorithm (i.e.
Pyke and Conex) maps the triples in the embedding space. Then an LSTM model is trained
on these item embeddings to predict the item a customer may buy. The baseline algorithm
calculates the centroid of each transaction in place of LSTM. Figl3.9| depicts the workflow of the
baseline algorithm.

4.2 System Design and Architecture

4.2.1 Triples Generation

Figl4.1] depicts the interaction between different components in our proposed model. The fol-
lowing sections discuss each part in detail.

Fig. [A.1]shows all the files that are required to generate the triples out of the XML dataset. A
dataflow diagram (Fig. better describes the flow of data among the different subcomponents
of this task. The starting point of this task is to have the input data. All the data available
for this thesis are referred to as Input Data. The details of the dataset were provided in section
3.2.1. XML parsing logic contains all the functions necessary to parse the data. Ezecution file
is an .exe file where the input data location and output location are mentioned. The .exe file
calls XML parsing logic file to produce the final output.

The following four steps explain the XML parsing logic. The steps can be broadly divided into
two categories, namely selection and generation procedure. The selection procedure identifies
the intended section/ items in the XML dataset while the later approach generates the triples.
The first two steps perform the selection operations, and the generation operations are performed
by the last two steps. The codes are written in XSLT language for the mentioned steps.

Step 1:

As mentioned in section 3.2.2, a function is built to identify all items bought in a single trans-
action. So, four features of a transaction are identified and concatenated to generate a unique
id. This unique id is later attached to all the items bought in a single transaction. Listing [4.]
depicts a code snippet along with the necessary comments.

Listing 4.1: Generate unique identifier

1| <xsl:variable name="valsl" select="//FOOTER/Hdr/1TaCreatedRetailStoreID" />
2| <xsl:variable name="vals2"' select="//FOOTER/Hdr/lTaCreatedWorkstationNmbr" />
3| <xsl:variable name="vals3" select="//FOOTER/Hdr/lTaCreatedTaNmbr" />

4| <xsl:variable name="vals4" select="//FOOTER/Hdr/szTaCreatedDate" />

5| <xsl:variable name = "val'>

6

7 <!— store the wunique number in a variable —>

8 <xsl:value—of select="concat($valsl $vals2 ,$vals3 $valsd)"/>

9

10 | </xsl:variable>

The id (val in Listing is assigned as a predicate to each item (Listing .
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Figure 4.1: Component diagram of proposed model with Pyke
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XML pa.rsing ] > Execution file
logic
D1 | Input data D2 [ Output Data

Figure 4.2: Data-Flow diagram for XML parsing

Listing 4.2: Assigning unique id to each item

1 |&1t ; http://***.com/article#<xsl:value—of select="szltemID"/>&gt; &1t ;http://***.com/
vocabulary#hasTransactionld&gt; '<xsl:value—of select="$val"/>".

Step 2:

Another implementation checks if an item is valid (Listing . As mentioned earlier, the data
have many similar sections which come along with identical item features (i.e. item sell, item
return). So, we have identified a unique feature named Unit price in the dataset, that always
comes along with an item sell. The Unit price also comes with the item return. So, a function
checks if the Unit price comes from item sell only. If it comes from item sell, the program carries
on with the next operations. Otherwise, the item is considered invalid and ignored.

Listing 4.3: Valid item check

1 |<!— if the item not in item_return —>

2 |<xsl:if test= "not(//ART_RETURN) ">

3 <xsl:if test ="$counter &gt; 1" >

4 <!— if the item comes from other place —>

5 <xsl:for —each select="//ARTICLE">

6 <!—— logic for walid item check —>

7 <xsl:variable name = "validitem ">

8 <xsl:value—of select="dPRPackingUnitPriceAmount" />
9 </xsl:variable>

10

11 <xsl:choose>

12 <!— if iditem is walid print the desired element —>
13 <xsl:when test="$validitem !=’"">

Step 3:

After an item is identified as valid; the program parses several features of that item. Pyke
cannot process the literals in the triples. As mentioned in Chapter 3, the dataset has some com-
plementing characteristics which point to the same feature (i.e. colour_name and colour_code,
size_name and size_code, etc.). A code snippet concatenates these complementing character-
istics into a single feature and stores it as an IRI in place of literals. Listing [4.4] shows the
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implementation where colour _name and colour _code are concatenated (see line no.:1).

Listing 4.4: Feature concatenation

1| &lt;http://***.com/article#<xsl:value—of select="szltemID"/>&gt; &lt;http://*%%.com/
vocabulary#hasColour&gt; &lt;http://*%%.com/colour#<xsl:value—of select="
szColorName" /><xsl:value —of select="szColorCode" />&gt ;

2| &lt;http://#x*%.com/colour#<xsl:value—of select="szColorName"/><xsl:value—of select="
szColorCode" />&gt; &lt;http://www.w3.0rg/2000/01/rdf—schema#colourLabel&gt; "<
xsl:value —of select="szColorName"/>"@Qen .

3| &lt;http://*%*.com/colour#<xsl:value—of select="szColorName"/><xsl:value—of select="
szColorCode" />&gt; &lt;http://**%.com/vocabulary#colourCode&gt; "<xsl:value—of
select="szColorCode"/>"

Step 4:

Other features are parsed and stored in a standard triple format. Listing depicts a typical
code snippet for a triple generator. For generating a triple the left-hand side of a URI is
typecasted while the right-hand side is fetched on the fly from the XML dataset. For example(see
Listing “&lt; http://***.com/article#” is type casted part of the URI and “<xsl:value-of
select="szItemID"/>gt” part fetches the data on the fly from XML dataset. Table shows
the extracted features of an item from the given XML dataset.

Listing 4.5: Triple generation

1 |&lt;http://#x*.com/articlef<xsl:value—of select="szltemID"/>&gt; &lt;http://*x*.com/
vocabulary#hasPosId&gt; &1t ; http://%%*.com/pos#<xsl:value—of select="szPOSItemID"
[>&gt;

Item Features

ItemID
POSItemID
transaction identifier

short description

long description
POSDepartmentID
Price

ColorName
ColorCode
**TtemType
TypeCode
SizeName

SizeCode
ItemCategoryTypeCode
**Class

**Category

Table 4.2: List of item features

Pyke needs all its input files to be stored under a single directory. As the generated triples
are stored in different folders, so we used a shell script (Listing [4.6|) to copy files from these

37



4.2 SYSTEM DESIGN AND ARCHITECTURE

folders and paste it under a single folder.

Listing 4.6: Command for folder re-structure

1 find ./input —mame ’#.nt’ —exec mv {} /media/sami/70AE0846AE080776/folder2 \;

ot -

Listing shows a shell script command where the first parameter (./input -name
exec mv ) is source folder location (here we search for all .nt files) and the second parameter
( /media/sami/T0AE0846AE080776/folder2) is destination folder location. Thus, as Fig[.1]

shows, this step concludes with the generation of nt files.

4.2.2 Vector representation of triples
Pyke

The triples were transformed into embedding space with the help of Pyke. As described in
Chapter 3, Pyke is a knowledge graph embedding algorithm which is used in this thesis. As
Fig[d.1] depicts, Pyke comes with a helper class and an execute logic class. These classes call
the main logic of Pyke to generate the necessary embeddings. Pyke generates embeddings in a
DataFrame. So, one cannot identify the vector representation of an item. Fig[4.3] depicts this
problem which only shows the vectors. Therefore, it is important to generate a Dictionary where
every vector is associated with an object (Fig. In short, we have replaced a DataFrame with
a Dictionary to store the embeddings in Pyke.
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Figure 4.3: Original Pyke embeddings

Conex

As discussed in Chapter 3, Conex is a knowledge graph embedding algorithm which is used in
this thesis to represent the items as vectors in n-dimensional vector space. Conex generates
real and imaginary vector for every resource. Therefore, we concatenate this real and imaginary
vectors for every item to generate the final embedding. Fig[f.4] depicts the component diagram
of the proposed model with Conex.

4.2.3 Prediction Generator

As Figl3.5] shows, the previous steps produce a dictionary with the objects as the keys and the
corresponding vector representations in its values. The goal of this subtask is to generate the
final predictions. Therefore, the following eight steps carry out the prediction operation. The
code listings presented in these steps are written in Python language.
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Figure 4.4: Component diagram of proposed model with Conex
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Step 1:
The LSTM model needs to be trained on the item embeddings from the transaction details.
Therefore, it is necessary to identify the vector representations of each item. So a list of lists is

created which stores all the item identifiers from the triples. Here the inner lists store all the
items bought in a single transaction. Thus, the outer list contains the lists of all transactions.

Listing 4.7: Implementations for item identification

1 |## this cell extracts the url from url list which contains the embeddings for an item

2

3 |##% .nt files location

4 | path_root = ’/media/sami/70AE0846AE080776/folder2’

5

6 |all_urls = []

7 | for root, dirs, files in os.walk(path_root):

8 for file in files:

9 links = []

10 to_Read = os.path.join(root, file)

11 f = open(to_Read,"r"

12 urls = f.readline ()

13 while (urls):

14 links .append(re. findall (""<http:\/\/hm2\.com\/article#\d{1,18}>", urls))
## identify the items inside triples

15 urls = f.readline ()

16 # convert list of list to list

17 merged = list (itertools.chain.from_iterable(links))

18 # remove duplicates

19 unique_urls = list (set(merged))

20 # remove special charecter < ,>

21 removetable = str.maketrans(’’, 7, '<>7)

22 rmv_specialchar = [s.translate(removetable) for s in unique_urls]

23 f.close ()

24 # store in final list

25 all_urls.append(rmv_specialchar)

26 # empty the lists

27 del links [:]

28 del merged

29 del unique_ urls

30 del rmv__specialchar

31

32 | pickle .dump( all_urls, open(storage_path+"/all_urllist.p", "wb" ) )

Listing [4.7] depicts that the item identifiers are stored in all urls. Here a small experiment
is performed to check the length of each transaction (number of items bought per transaction).
The data shows that the maximum number of items bought in a single transaction is 268, where
most of the transactions are comprised of less than ten items. Therefore, a vertical bar chart is
plotted to represent the item frequencies per transaction.

Fig[4.5] depicts the statistics of transactions where the x-axis shows the number of items in
a transaction, and the y-axis represents the number of transactions. As the diagram shows,
the transactions that comprise of more than ten items are negligible in quantity. Therefore, we
decide to train the LSTM model with the transactions that contain up to ten items and skip
the rest of the transactions. Machine learning model cannot learn from transactions with one
item. Therefore, the transactions that contain a single item are labelled out. Listing shows
that these transactions are stored in a list named intended__urls.
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Figure 4.5: Statistics of transactions

Listing 4.8: Implementations to store transactions up to ten items long

1 |## store transactions up to 10 products long

2

3 | unusual_length =[]

4 | intended_urls = [i for i in all_urls if len(i)< 11 and len(i)>1] # transaction length
= 10, that is why <11

Step 2:

So intended__urls is a list of lists where the inner lists store transactions (item identifiers) that
contain up to ten items. The next task is to identify the corresponding vector form of each item
and keep it in a list. Listing depicts that these vectors are stored in a list named final list.

= =
DU WP OO U WM —

Listing 4.9: Implementation to identify Vector forms of items

## this cell extracts the embeddings of the corrosponding items
final list = []
for items in intended urls:
new_list = []
for key in items:
if key in final embeddings: ## final_embeddings received from Pyke/Conex

new_ list.append(final embeddings[key])
final__list .append(new__list)

pickle .dump( final_list , open(storage_path+"/extracted__embedddings.p", "wb" ) )

The implementation shows that the item identifiers are searched against the key values of

dictionary received from knowledge graph algorithm (dictionary name: final_embeddings). If a
match is found the corresponding vector is stored in a list named new_list. This new list is
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kept inside another list named final_list.

Step 3:

We want all the transactions to have a uniform length of ten. Therefore, if a transaction length
is less than ten, it requires to left pad with 0’s[DR19]. Listing shows the implementation
where the vector forms of transactions are stored in a list named a.

Listing 4.10: 0-padding of vectors

## this cell does the left padding for each tramsaction
a = [None| = len(final_ list)

# hardcoded the mazximum no of product in the transaction list as 10
for i in range(0,len(final_ list)):
if len(final_list[i]) <11:
pad = 10 — len(final list[i])
ali] = [[0]*50]*pad+(final__list[i])

HFOOONOURWN -

—_

pickle .dump( a, open(storage_ path+'/padded_embedding.p", "wb" ) )

Step 4:

The previous step provides all the transactions in vector forms. So, the next task is to divide
the data into the train and test set. With the help of the sklearn library, the data is divided into
80 : 20 ratio. After this, the data inside the train and test sets need to be divided into input
streams and labels. As each transaction is of length ten, we identify the tenth item as the label
and the first nine items as the input stream.

Step 5:

As Fig[3.7 shows we develop an LSTM with 50 LSTM units and the output layer has 50 neurons
(see line 20 and 21 in Listing [4.11)). We configure the LSTM to take input of 9 items, and
every single vector is of length 50 (see line no. 12 and 15 in Listing . Listing depicts
the entire implementation details of this LSTM model. Preliminary results showed that SGD
optimizer performs better with this model than Adam optimizer. Therefore, we choose to work
with SGD optimizer. As the implementation shows, we store the predictions of this model in a
list named output__embeddings.
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Listing 4.11: Implementation of LSTM model

## univariate lstm

## with sgd optimizer

from numpy import array

from keras.models import Sequential
from keras.layers import LSTM

from keras.layers import Dense
from keras import optimizers

output__embeddings = []

# number of items in a single input
n_steps = 9

# reshape from [samples, item number] into [samples, item number, vector length]

n features = 50
x = num_x_train.reshape ((num_x_train.shape[0], num x_train.shape[l], n_features))
y = num_Yy_ train

# define model

model = Sequential ()

model . add (LSTM(50, activation="relu’, input_shape=(n_steps, n_features)))
model . add (Dense (50))

Rl e e e g e e
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yhat = model. predict (x_input, verbose=0)
output__embeddings.append (yhat)

22 | sgd = optimizers.SGD(lr =0.01, decay=le—6, momentum=0.9, nesterov=True)
23 | model . compile(optimizer=sgd, loss=’mse’)

24 |# fit model

25 | model. fit (x, y, epochs=200, verbose=0)

26 |# demonstrate prediction

27 X__input = num_ x_ test

28 | x_input = x_input.reshape ((num_x_test.shape[0], n_steps, n_features))
29

30

Step 6:

Fig[3.7 shows that the final step of this LSTM model does a cosine similarity calculation. As
mentioned in Chapter 3, the cosine similarity is calculated between y’ (a prediction from the
LSTM model) and the list of all available items. Therefore, the primary task is to generate a
dictionary which contains the item embeddings as the values and the item identifiers as the keys.
Listing depicts the implementation details of the mentioned task. As the implementation
shows the logic loops through the items of the dictionary entire embeddings received from Pyke.
This logic tries to identify the keys which start with specific characters. If a match is found,
then it inserts that dictionary item to a new dictionary called item__embeddings.

Listing 4.12: Creation of item embedding dictionary

1 |## Creating a dictionary with only the item embeddings

2

3 |# dictionary of item embeddings

4 | item__embedddings = {}

5 | for key, val in entire_embeddings.items(): ## entire_embeddings received from Pyke/
Conex

6 if key.startswith( http://hm2.com/article#’):

7

8 item_embedddings.update( {key : val} )

9

10 | print (len (item__embedddings))

11 | pickle .dump( item_embedddings, open( "item_embedddings.p", "wb" ) )
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Step 7:

The next step loops through the y’ s (predictions from LSTM) and do cosine calculations. Then
the top “N” predictions are stored in a list to check how many predictions are right. Listing
shows the implementation details of this logic.

Listing 4.13: Implementation of Cosine-similarity calculation

from tqdm import tqdm

## this cell calculates the cosine similarity among y and y_ hats
final_cosine = []
ranks = []

local_cosine = {}

sorted__cosine = {}

rank list = []

sliced__dict = {}

yhat_norm = np.linalg .norm(yhat)

original_item_embedding values = list (item_embedddings. values())
count = 0

for k,v in nomalized item embedddings.items():

for yhat in tqdm(new_output__embeddings) :

# manually compute cosine similarity

dot = np.dot(yhat, original_item__embedding_values|[count])
count +=1

result = dot / (yhat_norm * v)
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21 local cosine.update({k:result})

22

23 sorted cosine = {k: v for k, v in sorted(local cosine.items(), key=lambda item: —
item [1]) }

24 sliced dict = dict(itertools.islice (sorted cosine.items (), 50)) ## take top 50
predictions for each item

25

26 rank_list = list (sliced_dict.keys())

27 with open(’ranks_index.p’, ’ab’) as f:

28 pickle .dump(rank list, f)

29 del original_ item_embedding_values

One of the goals of this thesis is to develop an efficient (i.e. processing time, memory) solution.
The preliminary results show that the processing time is faster if the vectors are normalized
before doing the cosine calculation. Listing [£.14] shows the normalization calculations.

Listing 4.14: Implementation of items normalization

## this cell stores the mormalized item__embeddings
nomalized__item__embedddings = {}

for k,v in item_embedddings.items():
v_norm = np.linalg.norm(v)
nomalized item_embedddings.update ({k:v_norm})

DU WN —

For a particular y’ (yhat in Listing 4.13)) the program iterates through all the possible item
embeddings to calculate the cosine similarity. Then the top “N” predictions (see line no. 24 in
Listing [4.13]) are stored in a list.

Improvements in the Code

We have made two improvements in the code to come up with the final version (Listing |4.13)).
The improvements are discussed in the following sections.
First: Listing depicts the first version of cosine calculation. As the implementation

44



CHAPTER 4. IMPLEMENTATION

shows, all the item vectors are normalized repeatedly (see line no. 16 in Listing , which
cost extra time. In the improved version, the item embeddings are normalized at once (Listing
4.14)), which significantly reduces the runtime. The improvements are evaluated in Chapter 5.
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Listing 4.15: First version of Cosine calculation

from tqdm import tqdm

## this cell calculates the cosine similarity among y and y__hats
final__cosine = []
ranks = []

for yhat in tqdm(sample output embeddings):
local_cosine = {}
sorted__cosine = {}
rank_list = []
sliced__dict = {}
original item embedding values = list (item_embedddings. values())
count = 0
for k,v in nomalized_item__embedddings.items () :

result = 1 — spatial.distance.cosine(yhat, v)
local cosine.update({k:result})

sorted cosine = {k: v for k, v in sorted(local_ cosine.items (), key=lambda item: —
item [1]) }

sliced dict = dict(itertools.islice (sorted cosine.items (), 50)) ## take top 50
prediction for each item

rank list = list (sliced_dict.keys())

with open(’ranks_index.p’, ’ab’) as f:
pickle .dump(rank list, f)

del original_item__embedding_ values

Second: Listing (line no. 24) shows that the sliced_dict stores only top 50 predictions

for each iteration. The previous version (see line no. 17 in Listing|4.16|) stored all the predictions.
This procedure consumes extra memory. Chapter 5 evaluates and discusses the benefits of this

approach.
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Listing 4.16: Memory inefficient version of Cosine calculation

from tqdm import tqdm

from scipy import spatial

## this cell calculates the cosine similarity among y and y__hats
final cosine = []

ranks = []

for yhat in tqdm(sample_output__embeddings):

local cosine = []

sorted__cosine = {}

rank_list = []

sliced__dict = {}

original__item__embedding_values = list (item_embedddings. values ())

count = 0

for k,v in nomalized item__embedddings.items () :
result = 1 — spatial.distance.cosine(v, yhat)
local__cosine.append(result)

final cosine.append(local cosine)

with open(’ranks index.p’, ’ab’) as f:
pickle .dump(final cosine, f)
del original_item__embedding_values
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Step 8:

For the preparation of the evaluation, we have written the following implementation (Listing
4.17). This step checks for how many cases the expected item is present within the top “N”
predictions. Therefore, we take a ratio between the successful prediction to the total number of
cases. Chapter 5 discusses the results and related analysis.

Listing 4.17: Implementation to find accuracy of prediction

1 |## This cell is to generate the matriz for final learning

2 |# so if original label is present in top n prediction labels , increase the count by
1

3 |y_arr = [None]* len(y)

4 |y_hat_arr = [None]#* len(y_hat)

5 |y_arr =y

6 y_hat_arr = y_ hat

7

8li=0

9| count = 0

10 | while (i<len(y_arr)):

11 if (y_arr[i] in y_hat_arr[i]):

12 count +=1

13 i 4=1

14 | Ratio = count/len(y_arr)

15 | print (’Learning Ratio is : ’,Ratio)

4.3 Baseline Prediction Generator

Fig[4.6] depicts the component diagram of the baseline algorithm. The only difference between
the baseline and the proposed approach is that the baseline algorithm calculates centroid for
each transaction where the proposed model generates prediction from LSTM (Compare Fig
with Fig. As the data pre-processing steps are the same, the following section only discusses
Centroid Calculation.

Listing 4.18: Implementation of centroid calculations for each transaction

—

## this cell calculates the centroid for each x’s and store it in tuples along with z
b
s

2 |for i in num x_test:

3 centroid = np.mean(i, axis=0)

4 new_ tuple = (i,centroid) # remember the order in the tuple for later use
) with open(’all_centroids.p’, ’ab’) as f:

6

pickle .dump(new_tuple, f)

As the implementation of Listing [£.18|shows, num_ x_test is the test dataset which contains
the input streams (vector representations of nine items). So, the centroids are calculated and
stored alongside the vectors of these nine items in a tuple. Later these centroids are normalized
and used to calculate cosine similarity against all possible items. Finally, the recommendations
are made based on these cosine similarity scores. Then the top “N” most similar items are
stored in a list to check how accurate the predictions are. These cosine similarity calculations
are precisely identical to the proposed approach. Chapter 5 discusses the results and the related
analysis of the baseline algorithm. Listing [£.19] depicts the implementations of the baseline
algorithm. As the implementation shows, the top “N” predicted items are dumped into base-
line__ranks_indez for prediction accuracy calculation in later steps.
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Figure 4.6: Component diagram of the BaseLine algorithm
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4.3 BASELINE PREDICTION GENERATOR

Listing 4.19: Implementation of Cosine-similarity calculation for the BaseLine algorithm

## this cell calculates the cosine similarity among y and y__hats
final__cosine = []
ranks = []

for tuples in tqdm(centroid list):
local_ cosine = {}
sorted__cosine = {}
rank_list = []
sliced__dict = {}

inputs ,centroid = tuples

centroid_norm = np.linalg.norm(centroid)

original item embedding values = list (item embedddings. values())
count = 0

for k,v in nomalized item embedddings.items():

# manually compute cosine similarity

dot = np.dot(centroid, original item embedding values[count])
count +=1
result = dot / (centroid norm =x v)

local_cosine.update({k:result})

sorted__cosine = {k: v for k, v in sorted(local_ cosine.items(), key=lambda item: —

item [1])}
sliced__dict = dict(itertools.islice (sorted_cosine.items (), 50)) ## take top 50
prediction for each item

rank_list = list (sliced__dict.keys())

with open(’baseline ranks index.p’, ’ab’) as f:
pickle .dump(rank_list, f)

del original_item__embedding_values ,inputs,centroid
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Evaluation _

This chapter shows and discusses the collected results from our experiments. It starts with the
evaluation objectives. Then, it introduces the environment setup and the design of experiments.
Later, this chapter shows the results from experiments. Finally, we analyse and interpret the
results.

5.1 Evaluation Objectives

The primary objective of these experiments is to compare the prediction performance of the
proposed model with the baseline. We have already discussed the difference between the models
lie in prediction methodology where the proposed model uses LSTM architecture and baseline
uses centroid calculation. Therefore, if the performance of the proposed model is comparatively
less than that of the baseline, then it indicates that the LSTM architecture should be improved.
If both models’ predictions are low, then we need to investigate the vectors received from the
knowledge graph embedding algorithm. Besides the primary objective, we have compared the
item embeddings generated from Pyke and Conex as well as the performance of cosine similarity
calculation.

5.2 Preparation

5.2.1 Data

As mentioned earlier, the proposed model is built with the transaction data from the retail
domain. The details of the data are provided in section 3.2.1 and 4.2.3. As Fig[d.5] suggests
most of the transactions comprise up to ten items. Therefore, the proposed model is developed
and tested upon the transactions that contain up to ten items. The entire dataset was divided
between train and test dataset in 80 : 20 ratio. We do not use any other dataset for the
experiment.

5.2.2 Environment Setup

We have used two computers: a local system and a virtual machine. The hardware specifications
of these systems are listed in Table
Besides the mentioned hardware, we have used the following software during the experiment

(Table[5.2).
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Local PC
CPU: Intel(R) Core(TM) i5-4200H CPU @ 2.80GHz
RAM: DDR3 7.6G

Virtual Box

CPU: Intel(R) Xeon(R) CPU E5-2695 v4 @ 2.10GHz
RAM: DRAM 15G

Table 5.1: Hardware configaration

Local PC
OS: Ubuntu 18.04.5 LTS
Python: Python 3.7.6
Python Interpreter: Jupyter Notebook 6.0.3, Pycharm Community Edition 2020.1
Others: Shell Script, XSLT
Virtual Box
OS: Ubuntu 18.04.5 LTS (Bionic Beaver)
Python: Python 3.7.6
Python Interpreter: Jupyter Notebook 6.0.3

Table 5.2: List of softwares

5.2.3 Experimental Design

We have performed four experiments in this thesis. The details of those experiments are given
below.

1. Pyke Analysis: We want to note the processing time of Pyke for the number of RDF
triples. Pyke takes close to linear runtime w.r.t the size of the knowledge graph. Therefore,
this study can provide an estimate of how much time Pyke takes to process a large dataset.

2. Prediction Performance Comparison: As the name suggests, the experiment com-
pares the prediction performance between the proposed approach and the baseline algo-
rithm. We have used a standard metric, recall@N from information retrieval domain to
perform this comparison. recall@N compares model performance with the help of the
generated top "N" recommendation list.

Recall@N

"This measure describes how often the recommended item appears in the top-N places of
the list of predicted items relative to all relevant items" [Fall8]. This metric is defined as
[Dom08]:

recallaN — |{relevant items} N {predicted items on first N ranks}|

1
|{relevant items }| (5:1)

This metric is independent of order means it just checks if the actual items are within
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the top "N" recommended items. That is why we choose different top "N" values (i.e.
1,3,20,50) in our experiment to check the accuracy of prediction.

3. Vector Analysis: This experiment analyses the item embeddings received from the
knowledge graph embedding algorithm. It shows if the knowledge graph embedding algo-
rithm can generate distinct vectors for unique items.

4. Code Improvement Analysis: As discussed in Chapter 4, we have improved the imple-
mentation, which calculates cosine similarity. This experiment compares the performance
between the old code and the improved version.

5.3 Experiment Results

5.3.1 Pyke Analysis

Pyke comes with inbuild implementations which can track different measurements (i.e. no of
triples, processing time etc.). Table shows the related statistics collected from Pyke.

Number of RDF triples 22367362
Number of vocabulary terms 303239

Number of subjects 152063
Constructing Inverted Index took 1058.74 seconds
Calculation of PPMIs took 97.17 seconds
Pre-processing took 1157.01 seconds
Generating Embeddings: took 82035.81 seconds

Table 5.3: Statistics from Pyke

5.3.2 Prediction Performance Comparison

In this section, we discuss all the four scenarios that are considered for the experiment. Both
approaches (i.e. proposed and baseline) are tested in each scenario to compare their performance.
Table depicts the results of the comparison in these scenarios. These results are calculated
on the basics of metric recall@N discussed above. In the following sections, we show results
from each scenario with the help of bar charts.

] Metric ‘ Proposed Model ‘ BaseLine ‘
recall@1 7.246481833070044e-06 7.246481833070044e-06
recall@3 1.4492963666140088¢-05 4.347889099842027e-05
recall@20 0.0001304366729952608 0.00021739445499210133
recall@50 0.00042754242815113265 0.0005579791011463935

Table 5.4: Prediction performance comparison

recall@1

This experiment checks how accurately both approaches (proposed and baseline) can predict
the next item. Figl5.1] depicts the comparison of prediction performance between the methods.
The Y-axis shows the prediction values where the X-axis represents the method names. As the
diagram suggests the prediction quality for the top item is low from both methods.
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Figure 5.1: Proposed model vs BaseLine prediction performance(recall@1)

recall@3
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Figure 5.2: Proposed method vs BaseLine prediction performance (recall@3)

Fig/5.2] depicts methods prediction performance for reacll@3. It means the metric checks
whether the actual item (y) lies within the top 3 predicted items. Like the previous scenario,
the method performance is shown by Y-axis, while the X-axis represents the method names.
In the diagram baseline model outperformed our proposed method, but actually, both methods
performances are low.

recall@20

In Fig[5.3] Y-axis represents the method performance while X-axis shows the method names.
This diagram compares method performance for the top 20 predicted items. Like the previous
scenarios, both methods’ performance is low.

recall@50

Figl5.4) shows methods performance comparison for top 50 predicted items. In the diagram,
Y-axis shows the prediction score, while the X-axis shows the method names. Figl5.4] depicts
predictions are low for both methods.
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Figure 5.3: Proposed method vs BaseLine prediction performance(recall@20)
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Figure 5.4: Proposed method vs BaseLine prediction performance (recall@50)

5.3.3 Vector Analysis

Prediction Vector Analysis

This experiment calculates cosine similarities for a sample of fifteen predicted items (y’)s. The
cosine similarity calculation was performed between the predicted vectors (y’)s and the list of
all possible item embeddings. Fig[5.5] depicts the mean of cosine similarity values of all the
predicted vectors are identical.

Vector Comparion between Conex and Pyke

This experiment calculates cosine similarities for a sample of fifteen items (y). The cosine
similarity calculation was performed between the sample vectors (y) and the list of all possible
item embeddings. Figl5.6|and Fig[5.7]depict the mean and standard deviation of cosine similarity
values for Pyke and Conex algorithm, respectively.
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Figure 5.5: Vector analysis
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Figure 5.6: Pyke vector analysis

5.3.4 Code Improvement Analysis

Processing Time Improvement

We have made some changes in cosine similarity calculations for better performance. Figl5.8and
Figl5.9) depict the old code and the improved version respectively. This experiment compares
the performance of the modified program with the older one. The performance comparison is

shown in Fig

Memory Efficiency

This experiment compares the memory usage between the old code snippet (Fig and im-
proved version (Fig for cosine calculation. Fig and Fig shows the memory usage
of old and new code snippet where Figl5.15] and Figl5.16] shows their respective percentage of
memory usage. Figl5.17] depicts the comparison of memory usage.
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Figure 5.7: Conex vector analysis

from tqdm import tqdm
from scipy import spatial

## this cell calculates the cosine similarity among y and y hats
final_cosine = []
ranks = []

for yhat in tqdm(sample_output_embeddings):
local cosine = {}
sorted cosine = {}
rank_list = []
sliced dict = {}
yhat norm = np.linalg.norm(yhat)
original_item embedding values = list(item embedddings.values())
count = @
for k,v in item embedddings.items():

1 |
result = 1 - spatial.distance.cosine(yhat, v)
local cosine.update({k:result})

sorted cosine = {k: v for k, v in sorted(local_cosine.items(), key=lambda item: -item[1])}
sliced dict = dict(itertools.islice(sorted cosine.items(), 50)) ## take top 50 prediction for each item

rank_list = list(sliced dict.keys())
with open('ranks index.p', 'ab') as f:

pickle.dump(rank list, f)
del original_item embedding values

100% | INENNNNN | 25000/25000 [08:07<00:00, 51.29it/s]

Figure 5.8: First version of Cosine calculation

5.4 Discussion

Many knowledge-graph-embedding algorithms [RSA20, WRLT19] need an excessive amount of
runtime for processing a large dataset. Pyke shows that it can process a large dataset (e.g. with
152063 entities and 303239 relations) within 22 hours with the mentioned local PC configuration.
The results from the experiment are supported by Pyke, which claims that it requires a close
to linear runtime [DN19]. Therefore, we can state that Pyke requires a reasonable runtime to
process a large dataset.

The prediction comparison experiment compares the model performance using recall@N met-
ric with different "N" values. As shown in the figures (Fig 5.4), the prediction per-
formance of both models’ is low in all the cases. The data pre-processing steps (XML parsing,
Pyke) are similar for these models. Therefore, we analyse the results received from the item
embeddings to identify the reason behind this low prediction.

To analyse the vectors received from Pyke, we took a list of fifteen predictions (fifteen y’ s)
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from tqdm import tqdm

## this cell calculates the cosine similarity among y and y hats
final _cosine = []
ranks = []

for yhat in tqdm(sample output embeddings):
local_cosine = {}
sorted_cosine = {}
rank_list = []
sliced dict = {}
yhat_norm = np.linalg.norm(yhat)
original_item embedding_values = list(item_embedddings.values())
count = @
for k,v in nomalized item embedddings.items():

# manually compute cosine similarity

dot = np.dot(yhat, original_item_embedding values[count])
count +=1

result = dot / (yhat norm * v)
local_cosine.update({k:result})

sorted cosine = {k: v for k, v in sorted(local cosine.items(), key=lambda item: -item[1])}
sliced dict = dict(itertools.islice(sorted cosine.items(), 58)) ## take top 50 prediction for each item

rank_list = list(sliced_dict.keys())

with open('ranks_index.p', 'ab') as f
pickle.dump(rank list, f)

del original item embedding values

100% | MMM | 25000/25000 [01:23<00:00, 300.69it/s]

Figure 5.9: Improved Cosine calculation
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Figure 5.10: Processing time comparison

obtained from the LSTM. We calculate the cosine similarity between these predictions and the
list of all possible items. Then arithmetic means of these cosine similarities are calculated to
check how different these vectors are to one another. We also calculate the standard deviation of
these arithmetic means to get an overview of the outliers. If the arithmetic means are high, then
it means the vectors are very similar to each other. We calculate the mean of cosine similarities
for each of the prediction (y’) present in a list of fifteen predictions. So, we end up having a
list of fifteen arithmetic means which are represented in forms of bars in Fig[5.5] The diagram
depicts that for every set of cosine similarity calculation, the arithmetic means are identical (i.e.
1 in this case). The standard deviation is 0 among the arithmetic means. This is only possible
when all the item vectors are similar.

Suppose an identical vector represents two different items A and B. Our proposed approach
after the cosine calculation predicts B as the most similar item where the actual item is A. It is
possible because the cosine similarity calculation produces 1 for every item. This is the reason
behind the low recall@N values received from both methods.
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from tgdm import tqdm

from scipy import spatial

## this cell calculates the cosine similarity among y and y hats
final cosine = []

ranks = []

for yhat in tgdm(sample output embeddings):
local cosine = []
sorted cosine = {}
rank_list = []
sliced dict = {}

original item embedding values = list(item embedddings.values())
count = 0
for k,v in nomalized item embedddings.items():
result = 1 - spatial.distance.cosine(v, yhat)
local cosine.append(result)
final cosine.append(local cosine)

with open('ranks index.p', 'ab') as f:
pickle.dump(final cosine, f)
del original _item embedding values

Figure 5.11: Memory inefficient version of Cosine calculation

from tqdm import tqdm

## this cell calculates the cosine similarity among y and y hats
final_cosine = []
ranks = []

for yhat in tqdm(sample output embeddings):
local_cosine = {}
sorted cosine = {}
rank list = []
sliced dict = {}
yhat norm = np.linalg.norm(yhat)
original item embedding values = list(item embedddings.values())
count = @
for k,v in nomalized item embedddings.items():
# manually compute cosine similarity
dot = np.dot(yhat, original item embedding values[count])
count +=1
result = dot / (yhat norm * v)
local_cosine.update({k:result})

sorted cosine = {k: v for k, v in sorted(local cosine.items(), key=lambda item: -item[1])}
sliced_dict = dict(itertools.islice(sorted_cosine.items(), 50)) ## take top 5@ prediction for each item

rank list = list(sliced dict.keys())

with open('ranks index.p', 'ab') as f:
pickle.dump(rank list, f)

del original item embedding values

Figure 5.12: Memory efficient version of Cosine calculation

P Logout

Trusted | Python 3 @

Memory: 2.9 GB

Figure 5.13: Memory usage for old version

Through the last experiment, we have identified that similar vector representations for dif-
ferent items are the reason behind the low final prediction. Therefore, the comparison of vectors
generated through Pyke and Conex can show which algorithm can differentiate items better.
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ﬁ Logout
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Figure 5.14: Memory usage for improved version

Figure 5.15: Percentage of memory usage for old version

Figure 5.16: Percentage of memory usage for improved version
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Figure 5.17: Memory usage comparison

Conex needs more extended time than Pyke to generate item embeddings. Because of limitations
in time, we can not generate the embeddings of all possible items through Conex. Therefore, we
randomly draw 100 transactions. We generate embeddings for the items of these transactions
using both—Pyke and Conex. For Conex we divide 100 transactions among 80,10,10 for train,
test and validation sets respectively. Like the previous experiment, we take an inventory of
fifteen items and calculate the cosine similarity for them. 369 different items were present in
those hundred transactions. Thus, cosine similarity is calculated between the list of chosen 15
fifteen items and the list of 369 different items. We compute the arithmetic mean for each set
of cosine calculations. Therefore, we end up having 15 arithmetic means. Standard deviation
is also calculated to get an idea about the outliers. For consistent comparison, the experiment
is performed for the same set of fifteen items. Figl5.6] supports our previous experiment result.
This experiment calculates the cosine similarity between actual items. Therefore, the high mean
(i.e. near to 1) of cosine values suggests the vectors are very similar to one another. Fig
shows almost all the means of cosine calculations are near to 1. Therefore, the standard deviation
among the means is near to 0. It shows all the vectors are similar. Hence, this experiment shows
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that it is difficult for the LSTM to distinguish between items because Pyke generates similar
vectors. The results of the experiment are supported by Pyke, which states that one of its goals
is to generate high purity vectors. It means "similar type vectors are located close to each other
in the embedding space" [DN19]. Pyke generates similar vectors for different items because all
of them come with the similar set of properties (i.e., all of a colour, size, etc.). That is why
Pyke assumes that all of them have the same type. If we want to distinguish the items further,
we need to have different features for different items. But LSTM predicts better if it uses the
embeddings generated from Conex because the means of cosine similarity calculations provide
variable values (Fig. In the diagram, the mean of most similar items is lower than .05,
where the mean of least similar items is around .01. The standard deviation of this experiment
is approximately .02. This low mean of cosine values, coupled with tiny standard deviations,
prove Conex can generate different vectors for different items. Due to the lack of time, we cannot
generate the final predictions from the vectors which are generated by Conex. Therefore, further
research in this area is needed to mention the efficiency of Conex for the proposed approach.

One of the goals of this thesis is to produce a highly scalable and efficient (e.g. execution
time, memory) solution. The dataset has around 150k different items. Therefore, the cosine
calculation for all these items is time-consuming. Figl5.8 shows the first version implementation
of cosine calculation where Fig[5.9shows the improved version of the implementation. In chapter
4, the difference between the implementations is already explained. Therefore, in this section,
we will only focus on their respective evaluation time. To understand the benefit of processing
time, we carried out the Processing time comparison experiment for a sample of 25000 different
items. We calculate the cosine similarity for 25000 different items by the old code as well as
the improved version and compare their processing time. Fig[5.10] depicts the comparison of
processing time between two versions of the code. The bar-chart shows the improved version is
nearly eight times faster than the older version.

To analyse the memory consumption we took a list of five hundred predictions (five hundred
y’) and calculated the cosine similarity by the old version of code snippet (Fig as well
as with the improved one (Fig. The implementation details were discussed in Chapter
4. Jupyter notebook comes with inbuilt feature which shows the memory used by the current
program. This experiment uses Jupyter notebook as well as htop command on Ubuntu terminal
to show the percentage of memory use. Fig[5.13|and Fig5.14] depict the old version uses 2.9 GB
of memory while the improved code needs only 1.4 GB of memory to execute the experiment.
Therefore, Figl5.17 shows that the enhanced code saves more than 50% of memory usage. We
have also noted that the older version consumes 15 to 30% of memory where the newer code
needs around 8.3% of memory. Figl5.15| and Figl5.16] show the percentage of memory usage by
older version and improved version respectively.

In a nutshell, we developed a time and memory-efficient solution. The evaluation results from
the experiments suggest that Pyke is a time-efficient knowledge graph embedding algorithm, but
for our approach, Conex is more suitable.
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Summary NN

This chapter recaps what has been achieved through our thesis. It discusses the significance and
shortfall of this thesis. The chapter concludes with the prospects that can further extend the
idea and relevance of our work.

6.1 Significance of Proposed Approach

The proposed approach uses the knowledge graph embedding algorithms for the recommendation
task. The benefit of this approach is that it is highly scalable. Therefore, in future, if we want
to train the model with an additional dataset where the dataset has similar invariant values as
that of the original knowledge graph then, it requires no further implementations. The results
from the experiments discussed in chapter 5 prove that our approach is efficient in terms of
processing time and the memory consumption/usage.

After the Facebook- Cambridge Analytics scandal, the European Union (EU) introduced
the General Data Protection Regulation, which empowers European citizens with their data.
Since our approach does not use personal data of customers, it can be a solution to the current
circumstances.

The proposed model is trained on extensive scale retail domain data (700k transactions with
150k items). Therefore, the results achieved from this model are highly significant.

6.1.1 Advantages

As mentioned earlier, the advantage of the proposed approach is that it is highly scalable. The
method is built with Python language. Python supports many built-in libraries which make
the development faster. The final solution is efficient (e.g. memory use, processing time). The
approach is compliant with current EU data security standard as well as the large training
dataset make the results more significant.

6.1.2 Limitation

Limitation in Dataset

The dataset possesses sixteen features for each item (Table[4.2)). Out of these sixteen, one feature
is department id which does not make any difference to current prediction settings because the
proposed solution is not using any geographical location data. Some features are coupled with
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each other like ColorName-ColorCode, SizeName-SizeCode and **Class-**Category. Therefore,
the knowledge graph can be improved if we could extract more features per item. The enhanced
knowledge graph can, in turn, boost the final predictions.

XML Parsing

The current version of XML parser can be improved. For example, the items have a feature
named unit price. The working version parses this feature as a number and stores it as a literal.
But item price range can be a primary determinant factor for a customer to choose a product.
Therefore, the current version of parser has space for improvement.

Knowledge Graph Embedding Algorithm

As mentioned earlier, the proposed model’s final prediction suffers because Pyke is unable to
produce specific item embeddings for different items. Due to limitations in time, we could not
generate all the item embeddings by Conex as well as the final predictions with these vectors.
Therefore, in future, it will be interesting to see how accurate the predictions are with these
Conex vectors.

LSTM Architecture

The processing time of the LSTM architecture can be improved. Currently, the proposed model
uses a 50 unit Vanilla LSTM (single layer LSTM) where the final layer needs to do a separate
cosine similarity calculation. This procedure is time-consuming since the cosine similarity cal-
culation needs to wait until all the predictions (all the y’ s) from the LSTM are collected. A
separate code snippet needs to run manually on these collected data to do the cosine similarity
calculation. The final prediction ( starts from model training to final prediction) can process
faster if it can be run on a single shot without human intervention in between.

6.2 Future Work

The limitation of a smaller number of features per item can be tackled by crawling more data
from the webstore. For this idea to work, a properly maintained webstore data for some period
is required. In this thesis, we are using transaction data from the past year. As retail stores
change items frequently (e.g. new items come and old items disappear), this web crawled data
can provide us with more UpToDate items. Therefore, the larger dataset with more items helps
the proposed model to train better.

We can improve the existing knowledge graph so that embedding algorithms can use all the
features. For example, knowledge graph embedding algorithms like Pyke can not make use of
literals. Therefore, we can transform the literals into resources by using established techniques
like binning. A good example is a price where we could introduce the categories, namely low,
medium, and high. Suppose, these categories represent price ranges like 1-50%,51-200$,201-
10008, respectively. If a customer buys a t-shirt with the price tag of 15$, then XML parser
should store “low” in place of digit 15.

An essential future task of this thesis is to generate all the item embeddings by Conex
algorithm and check how accurate the final predictions are with these vectors. Besides this, we
can improve the exiting version of LSTM architecture. For example, one can think of a more
sophisticated form of LSTM (like stacked LSTM-multilayer LSTM). But this improvement is
only required if the current version of LSTM doesn’t perform well (e.g. less than 90% correct
predictions) with the vectors generated by Conex algorithm.
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6.3 Conclusion

This thesis has successfully proposed a recommender system with the help of a knowledge
graph embedding algorithm. Unlike many other studies in this domain, which mainly focus on
recommendation outcome, this thesis provides an initial blueprint to a highly scalable solution
which follows different data protection measures. Therefore, regardless of limitations, this thesis
has the potential to make the next generation recommender system in future.

Finally, this study is an initial effort to build a recommender system with the help of knowl-
edge graph embeddings. This is a theme, which is still not being researched very precisely and
has a lot of unrealized potent, that needs to be pointed out. In a nutshell, if in future some
other researchers or scientists wanted to explore this theme more concretely, they would not
have to start from scratch. This thesis could serve as a base for their future endeavours in this
domain.
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