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RESUMO

DA VEIGA, T. M. S. Funcdes de custo escalaveis em Sistemas de Recomendacao baseados em
Sessoes com Arquiteturas de Aprendizagem Profunda. 2023. 54 p. Dissertacdo (Mestrado em
Ciéncias — Ciéncias de Computacdo e Matemdtica Computacional) — Instituto de Ciéncias
Matematicas e de Computagdo, Universidade de Sao Paulo, Sao Carlos — SP, 2023.

Em sistemas de recomendacdo, o objetivo € melhorar a experiéncia do usudrio, sugerindo
contetidos interessantes e fornecendo rapidamente o que procuram. Para ajudar nesta tarefa, Deep
Learning provou ser uma ferramenta eficiente, especialmente em sistemas de recomendagdo onde
as informacoes de identificacdo do usudrio ndo sao possiveis de serem atribuidas as sessoes do
usudrio. A natureza de algumas ferramentas de Aprendizagem Profunda como Redes Recorrentes,
Redes Neurais em Grafos e Mecanismo de Aten¢do os torna capazes de lidar com dados de
tamanho varidvel em grande escala, o que € ideal para processar sessdes de usudrio. Nesse
contexto, muitos trabalhos estado da arte de Aprendizagem Profunda t€ém a limitacdo de nao
serem escaldveis para grandes conjuntos de dados, onde o nimero de itens Unicos a serem
recomendados € muito grande. Neste trabalho, exploramos como fun¢des de custo escaldveis
podem modificar os resultados de trabalhos anteriores e apresentamos um novo conjunto de

dados mais desafiador para testar se essas modificacdes realmente tornam os modelos escaldveis.

Palavras-chave: Recomendagdes baseadas em sessdes, Aprendizagem Profunda, escalabilidade,

Mecanismo de Atencdo, Redes Neurais de Grafos.






ABSTRACT

DA VEIGA, T. M. S. Scalable Losses in Session-based Recommendation Systems with Deep
Learning Architectures. 2023. 54 p. Dissertacao (Mestrado em Ciéncias — Ciéncias de Com-
putacdo e Matematica Computacional) — Instituto de Ciéncias Matematicas e de Computagao,
Universidade de Sdo Paulo, Sdo Carlos — SP, 2023.

In recommendation systems the objective is to improve user experience by suggesting interesting
contents and quickly providing what they look for. To help with this task, Deep learning has
proven to be an efficient tool, especially in recommendation systems where user navigation
sessions are anonymous. The nature of Deep Learning tools such as Recurrent Networks, Graph
Neural Networks and Attention Mechanism makes them capable of dealing with variable length
data in large scale, which is ideal for processing user sessions. In this context, many state of the
art Deep Learning models have the limitation of not being scalable to large datasets, where the
number of unique items to recommend is very large. In this work we explore how scalable loss
functions can modify the results of previous works and we introduce a new challenging dataset

to assess whether such modifications really make the models scalable.

Keywords: Session-based recommendation, Deep Learning, scalability, Attention Mechanism,

Graph Neural Networks.
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CHAPTER

INTRODUCTION

With the overwhelming amount of available information and efficient web searching
platforms, the task of searching for a specific content is much easier than before. Yet it can still
be hard to find what we want or to have the feeling that we have searched enough. However
users might not be searching for something specific, but just looking for something new and
interesting. The important point in this scenario is whether user can find relevant content without

external help and with reduced browsing time.

Defining a content as relevant is subjective, but for research purposes some definitions
are possible. For instance, a media content can be considered relevant depending on how long an

user watches the content. A product can be relevant depending on how many consumers buy it.

Once we defined a measurement for relevance, the performance of a recommendation
system becomes measurable and comparable. One important aspect that drastically impacts a
recommendation performance is whether user identification is available to the recommendation
system. When no user identification is available, we have the so-called Session-based Recom-
mendation (SRS) scenario, where the recommendation system only has access to the activity
log of the current active session of a user. A session in this context is a sequence of actions a
user makes while using the search platform. In such scenario, it is not possible to associate the
user in the current session with other user data, such as user preferences and even other recorded

sessions made by the same user in the past.

For a long time, e-commerce companies stored users information to compare them and
suggest items that similar users had interacted with. However, nowadays cookies restrictions
and anonymous browsing prevent companies from storing user information. Furthermore, users
intention might change drastically from one session to another. Therefore looking at a session
individually rather than focusing on the user itself is not only essential but also a more general

approach.
Classical techniques such as (LINDEN; SMITH; YORK, 2003; DAVIDSON et al., 2010)
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have limitations to handle sessions information due to the computational cost of processing large
amounts of data and the inability to deal with sequential data information. Deep learning (DL),
on the other hand, has been successfully applied to SRS problems, overcoming the limitations of

classical methods.

However, while much effort has been done to improve the quality of recommendations,
not so much has been done towards scalability. Most recent state of the art techniques (HIDASI
etal.,2016; Ll et al.,2017; LIU et al., 2018; WU et al., 2019) have limitations making them not

suitable for datasets with large number of items (100k+).

In this work, we propose adaptations in Neural Networks (NN) architecture devoted
to tackle SRS in order to make them able to handle larger datasets. The idea is to develop a
methodology that can be used with small size datasets, as well as with large amounts of data,

while preserving similar performance in both cases.

In the following chapters of this manuscript we present: 2) basic NN concepts that the
state of the art techniques rely on for recommendation tasks; 3) the DL related works in the
context of SRS; 4) the methodology of this work, including loss functions choices, gradient
descent algorithm, datasets description and evaluation metrics); 5) description of experiments

and results; 6) conclusions of this work.
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CHAPTER

BASIC CONCEPTS

2.1 User sessions

A user session contains a lot of information and many different types of interactions.
There is a wide range user interaction types such as "moves the mouse", "visits a product page",
"uses the search tool", etc. In this work we are only interested in the interaction in which an user

visits an item, e.g. visits a product page.

In e-commerces, a single item can a lot information associated with it. This information
can be in the form of media, timestamp, tags, etc. These are all valid information to be used by
a DL SRS. However, we will restrict our model to the simplest possible item data input input,
which is keeping only and integer identifier for each item that ranges from 1 to N, N being the

number of unique items in all sessions.

Therefore, for the purpose of this work, a user session is just sequence of integers ordered

from the first visited item to the last visited item.

2.2 Neural Network approaches

SRS require the existence of a function that receives a session, i.e. a sequence of item
categories, and outputs a list of recommendations. An efficient way of modeling such functions
is with NNs.

NN represent a large family of models that use a combination of linear and activation
functions stacked in layers to approximate complex functions. A simple example is the Multilayer

Perceptron (MLP) with one hidden layer, which can mathematically be defined as:

f(x)=o(W? (W) 2.1)
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where W) and W are the weights (parameters) in the hidden and output layers

operating as linear functions, x is the input of the MLP and o is an activation function.

The output f(x), in the SRS context, is not directly a short list of items, instead it is a
numerical vector representing a whole input session x. This session representation is compared
with all items in the SRS, which are also represented as numerical vectors (see 2.2.1). By
comparing the session representation with each item, we obtain a score for each of them.
Finally, a post processing step is responsible for ranking and selecting the top-K items for

recommendation. This process is illustrated in the Figure 1.

Sl sparse Sl embedded Aggregation Cl sparse Cl embedded
representation representation layers representation representation

Session 0.7,-06, ..0.9 +Session 0,05 @ 015
representation representation
(x) E> 06,05..,08 @ E> 04,-02,..05 |:\‘> 0.10 E> @

@ 0.3,-09,..,07 @ 0.09
(a) (b)

Figure 1 — (a) Inference from session items (SI) to session representation. (b) Ranking process from all
database candidate items (CI) to the top-K items selection.

Cl score Top-K CI

The parameters of the linear functions are learned through variants of the gradient descent

method, which can be stated as:

6= 60— aVeL(f(x),y) (2.2)

where  defines a learning rate, i.e. the speed in which the parameters are updated, and
V is the gradient of the loss function L, which is a differentiable function that measures how

close the model output f(x) is to the real function value y.

The right choice of learning rate is important to avoid early convergence, for which it

can be iteratively updated using sophisticated update rules.

In the context of SRS there are three important NN architectures, namely, Recurrent
Neural Networks (RNN), Graph Neural Networks (GNN) and Attention Mechanism (AM). They
all have the property of receiving variable-length data and reducing it to a lower dimension
output, which is essential to SRS in order to obtain a representation of fixed size for a whole

session.

The following subsections discuss each of these approaches with the intent of showing
the importance of each while highlighting their limitations that open new avenues for future
research. But as a prerequisite we need to cover how the input of the NNs is represented, hence

we introduce embedding layers first.
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2.2.1 Embedding layer

The input of a Neural Network is required to be numerical. Ideally, the input should be a

vector with numbers in a limited range, e.g. a vector v = [vy,...,v,],Vi=1,..,n,v; € [-1.0,1.0].

In SRS, however, the most common input is a variable length sequence of items categories.
There are several ways to manage variable length sequences with Neural Networks as we explain
in the following subsections. However, the requirement that the elements of the sequence be

numeric remains.

In order to represent item categories as numerical vectors, a common approach is to add
and embedding layer to the Neural Network. An embedding layer is a map from a simplistic

category representation, e.g. category as an integer, to a numerical vector.

After the whole sequence of items is mapped to the numerical representation, the NN
aggregates the items representations and provides output scores for the available items in order
to rank them. In this sense, the numerical representations must be optimal for the NN to perform

at its best.

The process of finding an optimal embedding representation is the same as optimizing
any other parameter in a NN. The embedding vector values are weights optimized by the gradient

descent method.

2.2.2 Recurrent Neural Networks

RNNSs iteratively process each input as a sequence of ordered elements and preserves

information of previous elements in its hidden states.

The output of an RNN can be either the sequence of all generated hidden states at each
iteration, representing a state for each input element, or just the last generated hidden state

representing an aggregation of the whole sequence.

The hidden states are a numerical vectors updated according to the elements in the

sequence, accounting for information from previously processed elements.

One standard approach for updating the hidden state is as follow:

ht = g(Wxt + Uht_]) (23)
where h; is the hidden state at position 7, x; is the input element at position 7, W and U
are learnable wights and g is an activation function.

Although the above formula is simple and intuitive, it suffers from optimization problems

of vanishing gradients and exploding gradients.

There are two well know approaches for solving these problems, Gated Recurrent Units
(GRU) (CHO et al., 2014) and Long Short-Term Memory (LSTM) (GERS; SCHMIDHUBER;
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CUMMINS, 2000). In this work, we will focus on the GRU since it is the RNN used by works

mentioned in this manuscript. GRU is mathematically defined as:

7 = Og(Wexy + U1 +b;) (2.4)
1y = 0g(Wex; + Uphy—1 + by) (2.5)
he = ¢ (Wyxs + Up(r: © hy—1) + by,) (2.6)
hh=(1—-z)0h 1+z0h (2.7)

where x; is the input, /; is the output and also the hidden state, fzt is the candidate
activation, z; is the update gate , r; is the reset gate, W, U and b are learnable weights, and ¢y, is
the hyperbolic tangent function, ¢ is the sigmoid function, ® is the element-wise multiplication.
z; controls the balance between the previous activation and the new candidate. r; controls how

much of the previous activation is used on the new candidate.

2.2.3 Attention Mechanism

The attention is a mechanism to give more weight to some inputs for a given set of
context inputs. This allows the model to filter what is more relevant in long sequences of inputs

and generate better representations that can further enhance the performance of the model.

More formally, attention maps a query vector and a set of key-value vectors pairs to an
output. The query vector represent something that can be considered the attention context and

each key and value vectors are representations for each of the inputs.

Weights for each input are computed by comparing query and keys. Higher matches
between query and keys means an input will have a higher weight. These weights are then used

to compute the output as the weighted average of the input values.

In other words, queries and keys are learnable parameters to compute what inputs are
more important, while the value vector is also a learnable parameter representing what will be

passed forward as being important.

In the "Scaled Dot-Product Attention" (VASWANI et al., 2017), the dot product is used

as matching function between queries and keys.

Attention(Q,K,V) = softmax(Q—KT)V (2.8)
o vy '

where Q, K and V are matrices with sets of queries, keys and values vectors, dj. is the
dimensions size of the key vectors. By packing the three attention components into matrices, one
can effectively handle many queries at once. However, in the SRS studies presented here (see

Chapter 3) a simpler formula is used:
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n
Sq =) 0V (2.9)
i=1

where s4 denotes a session represented by the aggregation of the n unique items in the
session given a query vector g, v; is the value vector of the ith item and ¢; is the attention score
for the ith item defined as:

oa;=p c(Wov;+Wig+c) (2.10)

where W and W[ are respectively projections of the item key representation v; and the
the query vector g into a latent space, ¢ is a learnable bias vector, ¢ is a sigmoid function, p is a

learnable vector that converts the resulting vector of the sigmoid function into an scalar.

This formulation is simplified because v; is the embedding vector of the ith item and is
representing both the key vector in 2.10 and the value vector seen in 2.9. However, this matching

function is less intuitive than the dot product.

Attention is an important alternative to RNNs for several reasons. Computation is
bounded to the size of the key and values dimensions, not to the sequence length. Computation
is also easier to be done in parallel. And the most important, this method is more robust when
there is a important dependency between distant inputs, because the distance does not affect the

computations.

2.2.4 Graph Neural Networks

Sessions can be represented as graphs, in which nodes represent items and edges are the

transitions from one item to another.

More formaly, a graph is a tuple (V,E), V is the set of vertices {vy,...v,}, n being the
total number of vertices. E is the set of edges represented by tuples (v;,v;) indicating there is
an edge from vertice v; to vertice v;. We also use a matrix A with size n X n as notation to refer
to the adjacency matrix in which an element a;; of A is 1 if an edge from v; to v; is present and
0 otherwise. To refer to the neighbours of a node v, we use the notation N(v). These are the
basic notations of a graph used to define its topology, but in SRS, items (or nodes) also contain
important information that describes the item. So we also have X as the set of features of each
item where each entry x; indicates the features associated to the vertice v;. In some special cases
we can also have X* as the set of features associated with each edge of the graph, in which xfj

represents the features of the edge from v; to v;.

We will consider two main types of GNNs: Recurrent Graph Neural Networks (RecGNNs)
and Convolutional Graph Neural Networks (ConvGNN).



28 Chapter 2. Basic concepts

224.1 RecGNNs

RecGNNSs have a hidden state for each node of the network, the hidden state is updated
with the information from its neighbour nodes N(v). This process is repeated for a finite number

of iterations.

Gated Graph Sequence Neural Network (GGSNN) (LI et al., 2016) presents an elegant
formulation of this inspired by GRU:

W,=GrRUM ", Y wha{") (2.11)
ueN(v)

where A, is the hidden state of a node v at iteration ¢, with h(v) as x,, and GRU is the GRU
function that updates the hidden state (first parameter) with the current information (second

parameter).

2.2.4.2 ConvGNNs

This type of GNN can be further divided into spectral and spatial based convolutions.
Spectral-based have a solid mathematical foundation based on spectral graphs theory but these
methods have several limitations such as not generalizing to new graph structures, high computa-
tional cost and don’t work on directed graphs. We will leave this subtype out of the scope of the
project and will focus only on spatial-based ConvGNNss that, as we will explain later, are more
closely related with RecGNN:ss.

Spatial-based ConvGNNs overcome the mentioned limitations of the spectral-based
counterparts. Instead of using costly graph signal operations, they operate directly on each node
by aggregating its neighbours information. In this sense, they are similar to the RecGNNs. The
difference is in how this process is accomplished. In each iteration the convoluted nodes generate
a new layer of nodes in which the operation of convolution can be repeated again generating

another layer.

GraphSAGE (HAMILTON; YING; LESKOVEC, 2017) was the first inductive ConvGNN
algorithm, in the sense that it was not limited to only learning representations to the nodes that

had been seen in training. The activation function can be described by the following equation:

h = (W AGGREGATE({h* "1} U{h"! vue N(v)})) (2.12)

where h’; is the representation of node v at layer k, U is the concatenation operator and

AGGREGATE indicates the aggregation function used, which can be either mean, max or LSTM.

GraphSAGE gives equal contribution to all nodes when aggregated. Graph Attention
Networks (GAT) (VELICKOVIC et al., 2018) improves this and computes the importance of each

node. In mathematical terms:
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W=c( ¥ adwhnl) (2.13)
ueN(v)Uy

(0) (k)

where h, ’ = x,, 0 is a sigmoid function and chlj is the attention weight between nodes

u and v:

ol = softmax(g(a’ [W(k)hgkfl) | \W(k)hgkil)])) (2.14)

where g is LeakyReL U activation function and a is a vector of learnable parameters

2.3 The choice of loss function with NNs

Another important topic is the choice of loss function used in NN models. As we will
show in section 3 many works use standard cross-entropy for computing the loss. This is not ideal
in many SRS since the number of items can be considerably large, sometimes reaching millions

of items, thus making the algorithm not scalable. Cross entropy has the following formula.

K
L($,y) = =Yy 1ogy® (2.15)

k
where K is total number of classes (i.e. items to recommended), ¥ is the predicted class
probability and y is 1 if k is the correct class and O otherwise. Since all but one element of this

sum is zero, this computation is not proportional to K.

The scalability problem raises from the fact that NNs output scores, not probabilities.
To convert scores into probabilities, the most standard mechanism is to use a Softmax function,
defined as:

(i) _ exp(si)

- 2.16
¥ exp(sy) 210

where sy is the NN’s output score for the kth class. The formula requires that the score
for all possible K classes is calculated for each training sample. Therefore, the training time is
directly proportional to the number of classes. In SRS where the number of classes is the number

of possible items, which is usually very large, this easily becomes infeasible.

Finding solutions such as negative sampling or hierarchical sampling are more ideal for
these problems, the number of scores calculated per sample is drastically reduced and in some
studies better results are obtained (HIDASI et al., 2016).

One alternative to the vanilla softmax is to use Hierarchical Softmax (MORIN; BENGIO,

2005), which organizes classes into a binary tree for fast computation of the error. This formula
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computes in approximately log of K the error for each sample but in practice it is even more
efficient because it uses Huffman encoding to make a efficient tree structure in which the more

frequent classes are accessed faster.

A simpler approach that have provided better results is negative sampling. This loss
was introduced in the word2vector model (MIKOLOV et al., 2013) where the goal was to find
embeddings for words given the structure they are organized in documents. In mathematical

terms:

k
log G(V’WTOVW,) + Z]EW[NP}':(W) [log o(—vif,.vw,)] (2.17)
i=0
where wy 1s an input word that is expected to have similar embedding to a wop neighbour
word, w; is a word sample from a noise distribution P,(w), v,, is the input embedding of a word
w and v}, is the output embedding of a word w, o is a sigmoid function. Intuitively this objective
gives higher scores when the embedding of the input word is similar to the neighbour output

word embedding while it is distinct from embeddings of words sampled from a noise distribution.

Another classical use of negative sampling was used in node2vec (GROVER; LESKOVEC,
2016) where the goal is to find embeddings for nodes in graphs given the graph structure:

mjng[—logZﬁ Y ) f(w)] (2.18)

ucVv n,-ENS(u)

where Ns(u) is a set of neighbour nodes from node u obtained from a random walk, f is
the embedding function and Z, = Y., cy exp(f(u).f(v)) With V being the set of all nodes. In practice
Z, is approximated using the negative sampling just as in word2vector.

The other scalable loss function is the Triplet Loss, initially introduced by (SCHROFF;
KALENICHENKO; PHILBIN, 2015) and (WANG et al., 2014). The idea of the loss is to
make samples of the same class close while samples of different classes are kept distance. The
distinction between close and distant is defined by the margin hyperparameter. First a sample
is randomly selected and defines a reference (anchor sample), then another sample of the same
class is selected (positive sample) and finally a sample of a different class is selected (negative

sample). The loss formula is as following:

L(a.p. ) = max(O,m 4 | f(xa — F Cp)) |1 () — £ ) ) (2.19)
where x, is the anchor sample embedding, x,, is the positive sample embedding, x;, is the
negative sample embedding, m € is the margin.

This loss is more scalable than the vanilla cross-entropy since it is not necessary use all

classes to compute the score of a sample. On the other hand it is more complicated to compute
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because it needs to define the negative samples of all batches and samples at the beginning of

each epoch.

One should notice that both negative sampling and triplet loss needs to define an embed-
ding for the items they compare. This is a constraint to recommender systems that limits the

system potential to be applied on unseen items that have no learned embedding.
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DEEP LEARNING BASED
RECOMMENDATION MODELS

This section shows some of the relevant works that make use of the Neural Networks in

SRS. The works are presented in their chronological order.

3.1 Gru4dRec

Grud4Rec (HIDASI et al., 2016) introduced RNNs in the context of SRS. The architecture
(see Figure 2) begins with input as one-hot representation, i.e. items are represented as zero
vectors with the same size of the total number of unique items and with a single one in a
unique vector position according to the item, followed by: embedding layer, stacked GRU layers,
stacked feedforward layers, output as scores of each item. Also, they added skip connection from

embedding layer to other GRU layers. And for training they used negative sampling.

Their batching scheme consisted in processing many sessions in parallel. Since the

task was to predict the next item to be seen in a session, for each session the model is trained
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Figure 2 — GRU4REC model architecture (extracted from the original work (HIDASI et al., 2016)).
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iteratively, processing one item as input and predicting the next one, and then processing the
next one and repeating the process. If a session has no more items than the item of a new session

takes place and the hidden states of the respective model is reseted.

3.2 NARM

NARM (LI et al., 2017) introduced Attention layers in the context of SRS. The attention
was only a way to aggregate information from a previous RNN GRU layer (see Figure 3). The
GRU layer serves as an encoding layer for each input item, such that the computed hidden state

of each iteration represents an item.

Given an input sequence of items x = [x,...,x;], Vi,x; € N, the NARM model has two
data paths. The first path is the global encoder that takes into account the last computed hidden
state h; of a GRU layer on the input sequence. This is referred as the sequential behavior feature
¢ = h,. The second path is the local encoder that takes the computed hidden state of each
iteration of a GRU layer over the input sequence x and apply an attention layer over these hidden

states. The output of the attention layer is defined as:

t
¢, =Y ohj (3.1)
j=1

where « is the attention weighting factor, that is,

O ZVTG(Alh,—FAth) (3.2)

where A; and A; are matrices of learnable weights, ¢ is a sigmoid function. In this
approach the attention score is computed having the last computed hidden representation as
context information.

The two data paths are joined by concatenating their outputs to generate ¢, = [c;c!].

Then a similarity layer compares c¢; to each candidate item embedding:

Si = emb,-TBct (3.3)

where B projects ¢; into emb; dimension space and S; is the similarity score for an item
Xi.
They use cross-entropy as the loss function with standard mini batches but processing

each sequence separately instead of doing as Gru4Rec, since the attention layer needs to process

everything together and they only aim to predict labels generated before training.
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Figure 3 — NARM model architecture (extracted from the original work (LI ez al., 2017)).

3.3 STAMP

STAMP (LIU et al., 2018) used only attention without RNN or GNN layers (see Figure

4).
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Figure 4 — STAMP model architecture (extracted from the original work (LIU et al., 2018)).

The attention weight for the ith item for a session with length ¢ is computed as:

o; =Woo(Wix;+Worx;, + Wimg+b,) (3.4)

where x; € R denotes the ith item, x, € R denotes the last item, Wy € R'*? is a weighting
vector, Wi, W,, W3, € R*d are weightning matrices, b, is a bias vector, my is the average

embedding of the session, ¢ is a sigmoid function.

«; is used as the weight for averaging out the item embeddings:
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1

m, =) o;*x; (3.5)
i=1

Then m, and m;, = x; go through a feedforward layer each resulting in h; and h, respec-

tively.
The score Z; for a given candidate item x; from the set of all items is defined as:
2i =0 (< hg,hy,x; >) (3.6)
where o is a sigmoid function and < .,.,. > is the trilinear product of three vectors defined as:
d
<a,b,c>=Y abic (3.7)

i=1

Finally, they used cross-entropy for computing the loss.

3.4 SR-GNN

The SR-GNN proposed by (WU et al., 2019) uses a recurrent GNN from GGNN (LI
et al., 2016) (see Figure 5). The GGNN layer is recursive and at each iteration receives two
elements: 1) the hidden items representations [vtfl, .., ¥, 1], where V) is the item embedding of
an item i present in a session s with n distinct items , 2) a special adjacency matrix A; € R"*?",
where Ay = [Agi") ;AE"“’)] is the concatenation of the adjacency matrix of incoming and outgoing
edges normalized by the in-degree and out-degree respectively, outputting a new hidden state

representation for each item [V},..., V! ]. It is decomposed by the following equations:

a,; =AWV, v TH+b (3.8)
zg,i = G(Wzag,i + Uzvi_l) (3.9)
Fo=o(W.d,+UV, ") (3.10)
Vi = tanh(Woa,,; + U, (r';0vi ™)) (3.11)
f=(1-2,)ovi ! 42,0V (3.12)

After a pre-defined K number of iterations, the new items representations are combined
into the global embedding, a vector s,, using a soft attention mechanism that takes the last seem

item v,, as context information:

n
Sg =Y, 0%V (3.13)
i=1
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Figure 5 — SRGNN model architecture (extracted from the original work (WU et al., 2019)).
T

o;=q oc(Wiv,+Wyvi+c) (3.14)

where ¢; is the attention score, 0 is a sigmoid function.

Then the global embedding s; is concatenated with the last clicked item embedding and

projected into the item embedding space again.

sp = W3ls;; 8] (3.15)

where s; = v, and the projection sy, is the hybrid embedding.

Finally they compute the score Z; for each candidate item v; € V by multiplying its

embedding v; by the session representation sy,:

2= s, Vi (3.16)

and the score is used in cross-entropy loss to optimize the model.

3.5 Models’ comparison

In this section we compare the models described above 1. Two small datasets are used
for comparison Yoochoose ! and Diginetica >. Yoochoose is further divided into two version
where only 1/64 and 1/4 of the most recent samples are used. Two different metrics are used,
P@20 and MRR@20. P@20 is the proportion of samples in which the correct item was within
the top 20 predicted items with highest score. MRR @20 is the average over the reciprocal ranks
of all samples, it is a metric that penalizes more if the correct item has a lower rank within the
top 20 highest score classes. The reciprocal rank, in MRR @20, of a sample in which the correct

1

class has rank rank; is . if rank; <20 and 0 otherwise. Table 1 summarizes the performance

of the models regarding these metrics.

' <https://2015.recsyschallenge.com/challege.html>
2 <http://cikm2016.cs.iupui.edu/cikm-cup>


https://2015.recsyschallenge.com/challege.html
http://cikm2016.cs.iupui.edu/cikm-cup

38 Chapter 3. Deep Learning based Recommendation Models

Model Yoochoose 1/64 Yoochoose 1/4 Diginetica
P@20 MRR@20 P@20 MRR@20 P@20 MRR@20
GRU4REC 60.64 22.89 59.53 22.60 29.45 8.33
NARM 68.32 28.63 69.73 29.23 49.70 16.17
STAMP 68.74 29.67 70.44 30.00 45.64 14.32
SR-GNN  70.57 30.94 71.36 31.89 50.73 17.59
Table 1 — Performance of the models over the Yoochoose (1/64 and 1/4) and Diginetica datasets. The

results were obtained from (WU et al., 2019). The best results of each metric and dataset are
highlighted in bold.

From the four presented models, three of them used standard cross-entropy. Gru4Rec is
the exception that uses an approach similar to negative sampling. In the study, the authors also
reported that their loss outperforms the Cross Entropy while being more stable for training. The

other three studies were limited to only using Cross Entropy in their experiments.

The three last models, NARM, STAMP and SR-GNN, also have in common that they
use attention and they had the best results (see Table 1). AM is becoming increasingly more
common with DL and much have been developed around this subject. It is interesting, however,
that in these three models, AM is used in a limited way, with the attention formula being mostly
the same: the context information is the last session item or the average item representation and
only one attention mechanism is used per model. Nevertheless, these three models outperform
the GRU4REC model with using simple AMs.

The best model in the Table 1 is the SR-GNN, indicating that using attention together
with GNN is the best approach for recommendation tasks. Also, the superior result of the GNN to
instead of the RNN as aggregating layer as utilized in the NARM model indicates that spending
more processing on local information, i.e. relations between items that were close in the session

sequence, is more important than processing all items in a sequential manner.
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METHODS

In this chapter, we present the contributions of our work, with the main contribution
being the loss functions modifications to achieve scalable loss behavior. We also present the
gradient descent modification and the datasets used. Lastly, we specify the training and the

validation process used in our experiments.

4.1 Loss function modifications

4.1.1 Negative Sampling

We propose a simple modification to the Negative Sampling formula, resulting in the

following expression:

1 k
lOgG(V/WTOVWI) + % ZEWiNPn(W) [logG(—V/M—,EVw)] “.1)
i=0

, where % is the normalizing constant for the noise term, consequently the right part of
the sum becomes the mean noise term. The mean noise term differs from the original formula
in the sense it is a mean value for all the noise samples while in the original formula it was a
total value for all the noise samples. In this new formulation, one can assume that noise and the

correct class have the same weight for the gradient.

4.1.2 Triplet

While the original triplet formula compares the representation of a sample with the
representation of two other samples (a positive and a negative), we choose to compare the

samples representation with a positive and a negative label.
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L(xa;yp,yn) = max(0,m+[|f (xa) = ypll =/ (xa) = yall), (4.2)

where x, is the anchor sample embedding, y, is the positive label embedding, i.e. x,’s
label, y, is the negative label embedding, i.e. a random label different from x,’s label, m € is the

margin.

In, SRS terms, this loss modification means that a session (sample) is compared with
items (labels) instead of other sessions (samples). As a consequence of this change, the learned
item embeddings share the embedding space of the inferred session embeddings. This embedding

unification idea is better illustrated in the Figure 6.

(O session with label 0 session with label 1 /\ session with label 2
@ item of label 0 item of label 1 A item of label 2
Separated session representation Separated item representation Unified item-session representation
1.0 o A 1.0 1.0 Q h
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Figure 6 — Embedding spaces where coordinates of an element represent its embedding vector. (a) Two
embedding spaces, one for the session and the other for the items and we cannot infer an item
embedding from the corresponding sessions embeddings. (b) Unified embedding space for
both items and sessions where we expect to see session embeddings close to their respective
items after training a model.

This modification also simplifies the process of obtaining the best item suggestion for
a given session embedding. The original method required searching for a number of similar
sessions embeddings within all the session embeddings from the training split and then selecting
the most similar items given the labels of these most similar sessions. With our approach, we
directly search for the most similar items, which is possible because, items and sessions share

the same embedding space in our approach (see Figure 7).

Performance is also affected by this choice, since the asymptotic time complexity the
original approach is bounded by the number of sessions in the database while in our approach
it is bounded by the number of unique items in the database. In practice if a dataset has less
unique items than sessions, which is the most common scenario with SRS datasets, then this

modification is more effective.
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Figure 7 — Embedding spaces where coordinates of an element represent its embedding vector. A target
test session is indicated by the X symbol. A dashed circle is used to indicate distance from
the target session to another element; small circles indicate the element is closer to the target
session. (a) Session space without being unified with the item space, where the top-3 closest
elements for a given target session must be three other sessions which is not enough to provide
us with the top three unique best items, since the two closest sessions have the same label. (b)
Unified session and item space where we can directly select the three unique closest items.

4.2 L2 normalization of session embeddings

In order to achieve decent recommendation performance with the scalable loss functions,
we had to normalize the models generated session embedding. The same normalization was done

in the FaceNet work (SCHROFF; KALENICHENKO; PHILBIN, 2015) where they also used
the triplet loss.

The L2 normalization constrains the session embedding to live on the d-dimensional
hypersphere, i.e. || f(x)||?

= 1, where x is the session input and f(x) is the inferred session
emebedding.

Regarding the items embeddings, they were not normalized in the model inference
phase before the aggregation layers, since we have found no improvement when testing it.
However we did normalize them before any operation requiring them to be compared with

session embeddings, including computing the triplet loss, computing the cross entropy loss and
computing the validation metrics.



42 Chapter 4. Methods

4.3 Sparse gradients

The models described in Chapter 3 used the Adam (KINGMA; BA, 2014) method for

gradient descent weight optimization. The Adam algorithm is described as follows:

Algorithm 1 — Adam optimizer

input : y (Ir), B1, B2 (betas), 6y (params), f(0) (objective)A (weight decay)
initialize : my < O ( first moment), vy < O (second moment)

fort=1to...do
g < Vo fi(6i-1)
ifA #£0
8 &+A6_
my <— Bimy—1 + (1 —B1)g:
Vi = Bovio1 + (1= Bz)grz
7w/ (1)
6« 6,1 —yimi/ (V¥ +e)

return 6;

The Adam algorithm updates the moments and the gradient of all parameters for each
batch iteration. Each unique item in the dataset has a vector of parameters corresponding to
its embedding, therefore the Adam algorithm time complexity for one batch is bounded by the

number of items in the dataset.

To address this problem while minimizing the changes in the original architectures, we
kept the Adam optimizer for all NN layers except the embedding layer. In the embedding layer
we assigned the SparseAdam from the Pytorch package (PASZKE et al., 2019).

The SparseAdam behaves similar to the Adam optimizer. The difference is in only
updating the parameters and moments where the gradient was computed, which correspond
exclusively to the items that appear in the sessions of a batch. This is possible given that a sparse
embedding layer implementation is used, e.g. Pytorch embedding layer with sparsity option
(PASZKE et al., 2019). The algorithm 2 shows the modified algorithm, with the addition of
the operator INBATCH that receives all parameters and returns only parameters with computed

gradients in a given batch.

Although the formulation still remains similar to the original Adam algorithm, in practice
the behavior of the algorithm changes with the sparse formulation. It is not hard to verify that,

with the original Adam algorithm, if the gradient for a parameter is zero, then the moments of
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Algorithm 2 — SparseAdam optimizer

input : y (Ir), B1, B2 (betas), 6y (params), f(0) (objective)A (weight decay)
initialize : my < O ( first moment), vy < 0 (second moment)

fortr=1to...do
¢ < Vo fi(INBATCH(6,_1))
ifA#0
& < g +AINBATCH(6,_)
my < Brm—1 + (1 —PBr)g:
Vi = Bovio1 + (1= /32)8;2

m; < my/ (1 — Bf)
B v/ (1 - B§>
INBATCH(6,) + INBATCH(6, 1) — i/ (/%1 +¢)

return 6,

this parameter might not be zero and the parameter would still be updated with a different value.

Therefore the algorithms are similar in formulation but behave differently.

This method drastically reduce the expected time complexity, however due to the cost to

access memory with non-contiguous data this might not be completely effective in practice.

4.4 Summary of model modifications

The Table 2 summarizes the changes we propose with our methods and compares with

the traditional approaches from the related deep learning works (Chapter 3).

Modification type Traditional method Proposed method
Loss function Cross entropy Triplet or negative sampling
Session eml?eddmg No normalization L2 normalization
processing
ltem §mbed§1ngs Standard Adam optimizer Adam optimizer
optimization

Table 2 — Summary of modification comparing traditional methods with ours (proposed) method.

In addition, we restricted the set of models utilized in this experiment to GRU4REC,
STAMP and SRGNN. However for the GRU4REC model, we simplified its architecture to single
GRU layer in the aggregation phase.
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4.5 Dataset preprocessing

4.5.1 New dataset

We made use of a more challenging dataset, MeLi2020, to better explore the capabilities
of the proposed approaches. The original datasets were small and even with the most demanding

model, SRGNN, the mean epoch training time was only 15 min (WU et al., 2019).

The MeLi dataset has similar number of sessions compared to the Yoochoose 1/4,

however the number of unique items is two order of magnitudes higher (see Table 3).

In traditional SRS training methods batch training time is directly proportional to the
number of unique items. Therefore, we expect a large increase in training time with traditional

training methods and a small increase with the proposed approaches.

4.5.2 Train and test split

Train and test split were changed for Diginetica and Yoochoose. Before, the date of
session was the date of the first seem item in the session. In the new implementation, the date of a
session becomes the last seem item date in the session. This change enforces that any augmented
sub-session, i.e. same session starting at different item, is in the same split as the original session.

This is more ideal to avoid label data leaking from train to test.

4.5.3 Maximum session length

The maximum session length was changed from 20 to 25. This increment was made with
the objective maintaining pf some equivalence with all datasets. The original datasets are up to
5.1 items long in average while the new MeLi2020 dataset has a 21.7 average session length.

Therefore the increment keeps the threshold above the average session length for all datasets.

4.5.4 Preprocessing steps

Below are common preprocessing steps we used in our preprocessing pipeline:

1. Remove sessions with length equal to 1
2. Remove items that appear less than 5 times
3. Remove sessions with length equal to 1

4. Split sessions into train and test in way that train sessions have maximum date lower than

a threshold and test have greater or equal maximum date than the threshold

5. Remove test session items that do no appear in train
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6. Remove test sessions with length equal to 1

7. Trim sampled sessions to the last 25 items

8. Augment samples by splitting the sessions with a sliding window changing the session

first item while maintaining the last item

4.5.5 Datasets statistics

The resulting datasets statistics after preprocessing can be found in the Table 3.

Statistics Yoochoose 1/4  Yoochoose 1/64 Diginetica MeLi2020
# unique items 33,280 17,511 104,419 1,279,791
# train session 1,925,647 117,178 186,670 247,834
# train session (augmented) 5,922,115 370,130 819,081 4,675,443
avg. session length 4.70 5.07 4.66 21.74

Table 3 — Relevant statistics to estimate the training time performance on each dataset.

4.6 Training and evaluation

Given the large number of experimental settings training was kept simple. In all settings,
training was performed for 8 epochs with no early stopping and with batches of size 128 samples.
Most models would converge between 2 and 5 epochs, so the choice of 8 epochs was meant to

give some extra margin for convergence. Each experimental setting was executed only once.

No strict method was used for finding the optimal hyper-parameters. Most hyper-
parameters values correspond to slight changes in the hyper-parameters reported in the related

works. Along with this, each model had the same hyper-parameters used in all datasets it was
trained.

For each epoch, we evaluated the test set using the MRR @20 metric and we kept the
best evaluation value of all epochs as the final result of each setting.
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In this chapter, we present the results of three experiments aimed at measuring the
importance and the efficiency of the methods proposed.

5.1 Experiment | - Performance baseline with traditional

methods

This experiment compares recommendation performance and training time performance
with the traditional approach (cross entropy and no sparse gradients) over multiple settings of

datasets and models.

Two objectives are covered: 1) to have a performance baseline revealing if the proposed
model training results in satisfactory recommendation performance and whether they are more
time effective, 2) to evaluate if a larger dataset (MeLi2020) evidences the necessity of more

scalable algorithms given the required training time.

The experimental setting includes the GRU4REC, STAMP and SRGNN models described
in the Chapter 3 applied to the four datasets described in the Section 4.5. The experiment results

are shown in the Figure 8.

Recommendation performance shows that SRGNN out performs the other models while
STAMP and GRU4REC show similar performance. Given the similar performance of STAMP

and GRU4REC, we removed the latter from the list of models in the next experiments.

Training time increases by at least one order of magnitude from the smaller datasets
(Diginiteca and Yoochoose 1/64) to the larger datasets (Yoochoose 1/4 and MeLi2020). MeLi2020
is the slowest dataset to process, taking up to 2500s to train only one epoch. This growth matches
the expected asymptotic curve of time complexity. In the traditional architectures epoch training

is O(nm), n and m being respectively the number of samples and the number of unique items.
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Figure 8 — Recommendation (a) and training time (b) performance on each dataset for each model.
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The training time for the SRGNN stands out as being much slower than the other models.
On the larger datasets (Yoochoose 1/4 and MeLi2020), it did not change as much as the other
two models from Yoochoose 1/4 to MeLi2020. This might indicate implementation problems

and requires further investigation.

5.2 Experiment Il - Performance with the proposed meth-

ods

This experiment investigate the recommendation performance and the training time
performance of STAMP and SRGNN using the proposed modifications detailed in Chapter 4. We
execute the training of models using triplet and negative sampling loss on the datasets Diginetica
and MeLi2020 and compared the results against the traditional method baseline (cross entropy)
for the same models.
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Figure 9 — Recommendation (a) and training time (b) performance on each dataset for each loss function.
Cross entropy stands for the traditional methods results obtained in the experiment I.

Figure 9 (a) shows recommendation performance, where higher is better. Triplet training
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over performs cross entropy recommendation performance in three out of four cases. Negative
sampling out performs cross-entropy recommendation performance in one case and keeps a

competitive result in other two cases.

Figure 9 (b) shows training time performance, where lower is better. The proposed
approaches are slower when trained on the smaller Diginiteca dataset with both models, however
they show better performance on the larger MeLi2020 dataset. With the STAMP model on the
MeLi2020 dataset, both proposed approaches are faster taking half of the time or less to train.
With the SRGNN model on the MeLi2020 dataset, the results are not as sharp, negative sample
is faster but only slightly in proportion and triplet is slightly slower, but proportionally close

indicating improvement compared to training on the smaller Diginetica dataset.

These results show that the scalable approaches are similar in recommendation perfor-
mance to the traditional non-scalable approaches, while having a trend to perform faster when

training on larger datasets, depending on the model architecture.

5.3 Experiment Ill - Performance contribution of L2 nor-

malization on session inference

The proposed approaches required L2 normalization to have competitive recommendation
performance. Without it the results were extremely low. However, since L2 normalization is
only present in the proposed approaches, it must be tested whether using it with the traditional
approaches provide performance improvements, which could result in the proposed methods

performance from the Experiment II not being competitive anymore.

This experiment isolates the L2 normalization effect by applying it on the dense tradi-
tional methods as well, allowing us to estimate how much of the proposed methods improvement
can be explained by the 1.2 normalization. Therefore the traditional approach is splitted into two

evaluation groups: dense without L2 and dense with L2.

The experimental setting includes the Diginetica dataset along with the STAMP and
SRGNN models.

Dense with L2 has better recommendation performance with the STAMP model, but the
opposite happens with the SRGNN model. This means that using the L2 normalization can’t
guarantee better results. Also, even if the approximate improvement of 0.5 with the STAMP
model would generalize to other settings not tested in this experiment, it would still not be enough
to change the conclusions from the Experiment II. Therefore this small evidence indicates the
L2 normalization is not an unfair performance boost against the traditional methods. On the
other hand, more experiments are necessary to quantify precisely the .2 normalization effect on

recommendation.

In the STAMP model condition, when comparing the traditional (dense) approaches,



50

Chapter 5. Results

B dense w/o L2

Recommendation Performance

mmm dense with L2

(a)

SRGNN

[ negative sampling mm triplet

mean epoch duration (seconds)

N
o
)

300 A

N

=}

S}
!

=

o

S}
|

Training Time Performance

(b)
Figure 10 — Recommendation (a) and training time (b) performance with STAMP and SRGNN models on
the Diginetica dataset.

using L2 normalization shows improvement. Given that adding L2 normalization has a small

extra training time cost, it is worth considering it as potential improvement on any architecture

that does not use it.

5.4 Summary of the results

The results of this chapter can be summarized as the following:

* Experiment I: Larger dataset can take up to lh to train one epoch, meaning that faster
Experi t I: Larger dataset takeup to lhtot poch g that fast

and more scalable approaches are a important.

* Experiment II: The proposed approaches with scalable losses have similar recommenda-

tion performance compared to the traditional approaches, sometimes under performing

them and in other times over performing them. Regarding training time performance, the

proposed approaches are slower for small datasets, however they are faster or similar on

larger datasets, in three out of four training settings. Given that the training time in larger

datasets is the most important aspect of this work, the proposed methods are a success.

* Experiment III: The L2 normalization is a necessity for the proposed approaches to have

decent results, however it is not something that the traditional approaches can always

benefit from.
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CHAPTER

CONCLUSIONS

In this work, we investigated two different loss function approaches to improve the
scalability of SRS DL models. Our experiments showed our approach can produce models
with similar or faster training time on large datasets, while maintaining similar performance to

traditional approaches.

As expected, we observed that our method performed better on datasets with a large
number of unique items, which suggests that it could be particularly useful for real-world
applications with tens of millions of items or more. However, we also noted that further research

is needed to address memory management issues in systems with a large number of items.

Overall, our work contributes to the development of single DL model SRS systems
aimed at making suggestions from a large number of options. This could lead to better software

development experiences and improved recommendations for end-users.

As for future work, we propose several directions that could improve our approach. First,
we suggest exploring different pre-processing techniques to increase the number of unique items
on the larger datasets and potentially enhance the efficiency of our proposed approaches. Second,
we recommend performing more precise model fine-tuning to better evaluate the recommendation
performance of our proposed approaches. Third, we suggest running more experiments with L2
normalization, testing on additional datasets, and comparing the performance of our proposed
approaches with and without L2 normalization. Fourth, we suggest investigating the possible
impact of graph data structure computation overhead on the performance of our SRGNN model
training time. Finally, we recommend exploring other training time metrics, such as time to
convergence or time to reach a given baseline, to provide a more comprehensive evaluation of

our proposed approaches.
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