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Diploma Thesis

Multi-Tasking Learning for Personalized Recommendation Systems

Georgios Kirtsanis

Abstract

The following research introduces a new approach on deep learning and especially in the
problem of recommendations. The proposed methods can be described as Multi-Tasking
Learning User Modeling paradigms, whose aim are to produce efficient personalized recom-
mendations in a set of different tasks. Recommendation Systems are a vital sector of study
for researchers and because of the complexity and size of the input data, deep learning algo-
rithms show great results. In this specific study, a wide range of data has been used, in order to
train different architectures in different tasks. The data consists of users’ watching sequences,
interactions and personal information. The innovative dropout-like technique which is imple-
mented, is called “Random Pruning” and is applied to one of the most efficient Multi-Tasking
Learning User Representation algorithm, CONURE. The proposed methods, CONURE™!,
CONURE™? and CONURE™?, have been tested and compared with other widely used algo-
rithms of this subject, CONURE and ADER.

Keywords

Recommendation Systems, Deep Learning, Multi-Tasking Learning, Personalized Recom-

mendations, Transfer Learning, Continual Learning, User Modeling
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Authopoatikny Epyacio
Expadnon lloihomiov Epyaciov Yo Eatopikeopéva Zvotpato

2V6TAGEOV

I'eopyroc Kiptoavng
Ieptinyn

H ovuykekpipévn €pevva eiodyet pua véa Tpocgyyion otn Pabid pdbnon kot wdaitepa 610 TPO-
BAnua tov cvotdcewv. Ta TPoTeEVOUEVA LOVTELD LTOPOVV VO TEPLYPOPEL MG £V TPOTLTO
Expabnong [Holhamiov Epyacimv Movigloroinong Xpnotodv, 6tdyog Tmv onoiwv eivat vo
TOPBEYOVV OTOTELECUOTIKES EEUTOMUKEVIEVEC GUGTAGELS Y10 OLPOPETIKEG epyaciec. Ta Xv-
OTHUOTO XVGTACEWMV Elval £vag ONUAVTIKOG TOUENS LEAETNG Y10 TOVG UNYOVIKOVS Kot AOY®
NG TOALTAOKOTNTOS Kol TOL HEYEDOVG TmV dedopévmv 16060V, o1 adkyopiBpot Babidg nabn-
oNG TOPOVSIALOVV EEAPETIKA OMOTEAEGUATO. XTT CLYKEKPIUEVT] LEAETN, £xEL xpnoLomom el
éva evph PAGHO OEOOUEVOV, TPOKEUEVOD VO EKTTOLOEVTOVV SLOPOPETIKES OPYLITEKTOVIKES OE
dwpopeTikég epyacies. Ta dedopéva amotelodvion amd axorovdieg maparkorovdnong, ai-
MIAemOPAcELS Kot TPOSOTIKE dedopéva Tov ypnotov. H kavotdpog teyvikn, ovopdletal
«Toyaio KAadepo» kat epapuoleton o Evay amd ToOvg TO ATOTEAEGUATIKOVS OAYOPLOHOVS
ExudOnonc IoAlamhov Epyaciov Movtelonoinong Xpnotwv, CONURE. Ta npotevopeva
novtéla, CONURE ™!, CONURE ™ and CONURE™3, &yovv Sokipootel kot cuykpiOei pe G-

Aovg mhatid dradedopévoug akyopifuovg tov Bépatog, CONURE ko ADER.

AéCeic Kheowa

Yvotuata [Ipotdoewv, Babid Mdadnon, Expadnon Iororniov Epyoaciov, E&atopkevpé-
veg [Ipotdoeig, Metagpopikn Mabnon, Zvveyng Mdonon, [Ipotvronoinon Xpnotmv
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Chapter 1

Introduction

Nowadays, our daily lives are overwhelmed by recommendations. Playlists, advertise-

ments, shopping, news and games are some of the recommendations that we are exposed

to daily. Those recommendations are handled by “Recommendation Systems”, which are

known to Artificial Intelligence researchers and enterprises. Many famous companies, such

as Netflix, Amazon, Youtube, Meta, TikTok etc, use these technological techniques, in order

to improve their product, as shown in Figure [L.1.

Recommended system

&

Database with
other users
preferences

Analysis of

! -— — —
ratings

-

Collaborative |«

filtering

Combination of
different methods

.

.~ _74—Queries
Analysis of |(
behaviour 7~

/ Direct ‘(’

query
‘/

- - 1<4—Ratings——
+<4—Behaviour

-

Ve

ﬁfj Restrictions of
attributes

ecommendation o

objects

User

Figure 1.1: Recommendation System Overview - ”Various aspects of user preference learning

and recommender systems” Paper []1]]

Because of the vast flows of data, which is constantly changing and produced, Conven-

tional Programming is not capable of handling the difficult task of recommendations. RS are



2 Chapter 1. Introduction

models that daily process data of millions of users and produce possible recommendations
for them. To successfully deal with the extensive amount of data researchers and enterprises
use and develop Deep Learning algorithms to produce efficient recommendations.

Collaborative Filtering [6, [7, 8] and Content-Based Filtering [9, [10, 1 1] are common ap-
proaches for RS. The first one focuses on similar preferences made by corresponding users to
produce recommendations, without using extra data, such as personal information. However,
the second one uses trained models to produce unique recommendations based on the knowl-
edge acquired by all kinds of data (i,e preferences and personal information of the users). The
three commonly used paradigms which are discussed in this research are a) Transfer Learn-
ing, b) Continual Learning and ¢) User Modeling. RS can be defined between single-tasking
and multi-tasking. On the given thesis, the most widely known multi-tasking recommenda-
tion algorithm CONURE[4] is improved by applying a dropout like technique to each task’s
mask.

Our motivation in this research, are the following two Recommendation oriented algorithms:

* CONUREJ4], a multi-tasking, non-dynamic, user representation algorithm and the

state-of-the-art model
+ ADER[3], a single-tasking, session-based, Distilled, Exemplar Replaying algorithm
While the contribution is summarized as follows:
» Upgrading the most efficient User Representation algorithm CONURE[4]
¢ Introducing a dropout-like technique "Random Pruning” on CONUREJ[4]’s masks

+ Comparing the proposed methods CONURE*!, CONURE"™? and CONURE™® with

other widely used recommendation algorithms



Chapter 2

Related Work

In this section, the related work of the given research is highly discussed.

2.1 Transfer Learning

Transfer Learning [2, [12, 13]] is one of the widely known paradigms in the field of Deep
Learning. During the last few years, TL is used in many different sets of problems such as
Image Classification [[14, 15], Time Series Forecasting [|16, [17], Natural Language Processing

[L8, 19] and Recommendation Systems [4, 20] with excellent performance.

TL can be described, in general, as a double-staged training paradigm consisted of a)
pre-training phase , where the model is trained with the whole collection of the data and
b) fine-tuning phase, where the model can be trained with a part or whole collection of the
data and on specific or whole part of the architecture either in the same task or in new tasks.
Although a type of TL can be defined as a transferring of the knowledge of a related learned

task into a newly added one.

TL is widely used in the researchers’ community, thus it is able to reinforce the architec-
ture’s weights or transfer learned knowledge of previous tasks into new tasks’ training. The
performance comparison is plotted on Figure and as a result, the fine-tuned models are

efficiently used on multi-tasking training algorithms because of their greater performance.

3
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Figure 2.1: Performance Comparison of TL - TL’s Paper [2]

2.2 Continual Learning

Continual Learning [4, 3, 21, 22] is a training process, in which the model is periodically
trained with different sets of data throughout its lifetime (Figure R.2). As it is stated on the
previous sections, today’s data flow increases rapidly. Users produce data, while using the
most famous applications on the web. As a result, static training is not preferable especially
in RS, in contrast to other problems, such as image classification. User’s preferences are
constantly changing and that’s the reason why it is a challenge to implement a continual
training process for our models.

Although, those algorithms are able to train the models in new sets of data, a huge disad-
vantage has been reported, which researchers call “catastrophic forgetting”[23, 24, 25, 25],
which is referred to the ability of a model to easily learn new sets of data while tending to
forget previously learned knowledge. The stated problem is an important case study for re-
searchers, who implemented many different approaches to overcome it. Exemplar Replay
[3, 26, 27, 28], where the model uses previous knowledge’s samples in future training, Reg-
ularization[3, 21, 29, 30], where the model penalizes the change of the weights which are
important for previously learned knowledge and Dynamic Architectures[31], 32], where the
size of the architecture increases upon new training processes are the most commonly used

approaches.

2.3 User Modeling

Over the past few years, the users have been interacting with different applications during

the day. The data which is produced by those actions could be used collectively within the
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Figure 2.2: CL Overview - ADER’s Paper [3]

scope of deep learning. The term “User Modeling” [4, B3, 34, B3, B6] is used by researchers
for the concept of modeling user’s preferences and personal data, in order to create an efficient
representation of the user. Those User Representations can be later used by the Engineers,
for creating RS capable of producing personalized recommendations. UR algorithms, which
are defined as a sub-set of the famous MTL Algorithms[4, 25, B7], are capable of training
architectures over completely different tasks. The initial paradigm was introduced on 29 Sep
2020, with the paper “One Person, One Model, One World: Learning Continual User Rep-
resentation without Forgetting” and called CONURE [4]. CONURE[4] can be trained upon

different tasks and achieve the desired UR and personalized recommendation (Figure 2.3).

Facebook

TikTok

CONURE

Gewnder: Male _Jolo: Al researcher

Figure 2.3: UM with CONURE - CONURE’s Paper [4]
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2.4 Randomness in Deep Learning

As it’s been reported in other Deep Learning techniques, the factor of Randomness [38]
always plays a significant role for the engineers. Some widely known examples of such tech-
niques include a) Random Initialization of Weights [39, 40], b) Data Augmentation [41, 42,
43], ¢) Data Shuffling [44, 435] and d) Dropout [5, 46, 47]. On Figure R.4, there is presented
an example of a Neural Network before and after the application of the Dropout method. The
tool of randomness is well recognized for its great results, over different sets of problems.
Researchers tend to apply dropout-like methods on their Deep Neural Networks so that to

overcome the problem of over-fitting and achieve to create more efficient models.

(a) Standard Neural Net (b) After applying dropout.

Figure 2.4: Dropout Example - Dropout’s Paper [5]
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State-of-the-art

As stated on Section 2.3, CONURE[4] is a newly created UR model. The authors of this
paper, introduce a new non-dynamic architecture paradigm, which aims at overcoming the
major problem of catastrophic forgetting (Section R.2), by using TL (Section P.1]) techniques
pretrain and finetune to reinforce the model’s weights. Additionally, the creation of a top-K
Important Weight Mask with blocked neurons per task, reassures that the model can achieve
the desired MTL (Section P.3), while obtaining a high performance in the whole set of Tasks.
The pruning of the non-important weights, which do not affect the model’s accuracy on pre-
vious tasks, enables new tasks to have a wide capacity of neurons and layers to train for their

own purposes. More precisely, the steps of the algorithm are as follows:
* Pretrain 77 in the full capacity of neurons

* Prune the unimportant weights of the architecture, depending on their absolute values

and free neurons for future tasks
* Finetune 77 to reinforce the Important Weights for the task

+ Continue the training of future tasks ({75, T3, . .., T,,}) on the freed neurons, without

changing the values of the blocked neurons from previous tasks

This innovative technique is the motivation of this study and thus, it’s called state-of-the-
art model in this research. On the following Figure B.1, there is a brief representation of the

algorithm’s steps according to the published paper of CONUREJ4].
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(b) Retrain T_{' \

(a) Prune 71 (c) Train T2 (e) Retrain T2

Figure 3.1: CONURE’s Overview - CONURE’s paper [4]
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Problem Statement

In this section, the main problem, that is attempted to be addresses, is described in math-
ematical terms as follows:

We define a Tensor named K with dimensions L = M * N which is already trained on n
tasks. White blocks are freed neurons, while black blocks are blocked neurons from previous
tasks as shown on Figure §.1]. We call 7, and T} the two tasks which the architecture is trained
to in two different orders.

Firstly, we follow CONURE’s algorithm[4] for the order O1: K => T, => T,. We call
M, (Green) and M, (Red) the masks produced by the pruning of 7, and 7} with Accuracy
A, and A, respectively (Figure §.2).

Secondly, we follow CONURE’s algorithm[4] for the order O: K => T, => T,. We
call M/ (Green) and M; (Red) the masks produced by the pruning of 7}, and 7}, with Accuracy
A’ and A} respectively (Figure 4.3).

Our problem is defined as the possibility P, where:

1. my,, . =0,eclement of M,
2. my, =0, element of M;
3. A, = Al , accuracy of T, is not changed

4. A, < A}, accuracy of Ty, is significantly changed
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Figure 4.1: Tensor’s Overview
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Figure 4.4: Difference between M, and M;
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Proposed Models

In this research, a dropout-like (Section .4)) technique is proposed, which is called “Ran-
dom Pruning Technique”. The Random Pruning Technique is unblocking neurons of each
mask randomly, according to a fixed Random Pruning Percentage. Using this technique, fu-
ture tasks can be trained on those unblocked neurons, while previous tasks obtain a high
performance as well.

The proposed models are CONURE !, CONURE*? and CONURE™3, whose aim are
to overcome the problem that has been explained on Chapter §. Depending on the tensor’s
weights, three different sets of weights are used (Figure [.1)). We set the Highly Important
Weights (Dark Green), Medium Important Weights (Light Green) and Non Important
Weights (White). The Medium Important Weights is created with the help of a new hyper-
parameter called Extension (E). The integer value of this hyper-parameter is used to define
the limit between the Medium Important Weight Mask and the Non Important Weight Mask.
Later, the Random Pruning technique is applied on the mask of each task on three different
cases, which are presented in the next sections (5.1), 5.2 and 5.3)). The final mask for each task
is consisted of the remaining Highly and Medium Important Weights (Dark/Light Green).

- Highly Important Weight

Medium Important Weight

Non Important Weight

Figure 5.1: Sets of Weights of the tensor

11



12 Chapter 5. Proposed Models

5.1 CONURE™!

The proposed model CONURE ™!, is the original idea of this research. This specific model
is based on two steps (Figure 5.2). Firstly, we set the Medium Important Weights into Highly
Important Weights and then we apply the Random Pruning Technique to the combined Mask.
The creation of a wider mask for the Random Pruning Technique to be applied on, according
to the first step, makes sure that the number of neurons of the pruning mask can be corre-
sponding to the state-of-the-art CONURE[A4].

CONURE™! is a typical example of a dropout-like application. The factor of randomness
is applied on the wider combined mask. Although CONURE™! looks promising, it is possible
for the mask to unblock some really important weights. This is a potential drawback, since

the current’s task accuracy could be significantly reduced.

I

Set the Medium Important
to Highly Important

— =

Apply the Random
Pruning Technique

Figure 5.2: CONURE™!: Overview

5.2 CONURE™

In order to overcome the loss of really important weights for current tasks, which is high-
lighted in Section b.1], we propose a new model CONURE*2.

According to the stated problem, this model saves the Highly Important Weights, while
the Random Pruning Technique is applied explicitly on the Medium Important Weights (Fig-
ure [5.3).

Apart from solving the problem stated in Section5.1], it’s been observed that using CONURE*2,
results in a constant increase of the number of blocked neurons over the new training sessions.
Since later tasks are not expected to have the necessary capacity of neurons to be trained on,
the probability of a satisfying performance is remarkably reduced. As a conclusion, the model

is not capable of being efficiently trained on the required number of tasks.
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E——— — =~

Save the Highly Apply the Random Pruning
Important Weights Technique to the Medium
Important Weights

Figure 5.3: CONURE™2: Overview

5.3 CONURE™

Due to the two problems stated in Section 5.1 and f.2, there is a need of a third model to
be implemented, which is called CONURE ™3,

As shown on Figure 5.4 this specific approach is an improvement of CONURE *2’s method-
ology. Firstly, a new Higher Important Weight Mask is produced, using a smaller set of the
highest weights of the model to be saved. This step reassures that the most important weights
are masked for the specific task, thus the accuracy of the model is not decreased after the prun-
ing. While, the Random Pruning Technique is applied on the rest High and all the Medium
Important Weights, so as to free up some blocked neurons for future tasks and retain the
capacity of blocked neurons in relatively low levels.

The given approach looks the most promising among the three above, since it can solve

the specific problems stated on the previous sections.

—— —

Produce Higher Apply the Random Pruning
Important Weights Mask Technique to the Medium
Important Weights

Figure 5.4: CONURE"3: Overview






Chapter 6

Description of the dataset

In this section, the characteristics of the dataset, which is used for the experiments, is
explained. The data is collected by the Platform and Content Group of Tencent and has been
used by the authors of CONURE[4] and PETERREC[48].

6.1 Task Formulation

We define T = {711,T5,...,T,} the set of the tasks, trained on the proposed models.
We set T as the watching sequence of the users(basic representation), to assure that all the
item IDs are used upon the first training of the model. The watching sequence is generated
by the last 100 items viewed by each user in chronological order. In case they are less than
100, a zero padding has been used to fill the 100 items sequence. The set of the rest tasks
(i,e {T»,T5,...,T,}) is a targeted group of tasks with input x the watching sequence of the
user and target y either a) interactions (clicks and thumbs-up items) or b) profile information
(i,e gender, age, life-status, etc). After the training of T, the architecture is expected to give

efficient recommendations for all the tasks in T.

6.2 Description of Tasks

In this research, a set of four tasks is used to test the efficiency of our proposed algorithm

(i,e T = {1}, T3, T3,T,}). The characteristics of the T are explained:

 T7: basic representation task. 77 is a 100 items watching sequence of each user in

chronological order, in case of less than 100 items by a user, zero padding is applied to

15



16 Chapter 6. Description of the dataset

complete the 100 items sequence. The input is defined by the first 99 items, while the

target is set as the last item of the sequence.

» T5: interaction task. The input is defined by the 100 items watching sequence of the

user, while the target is set as the clicks of the user.

 T3: interaction task. The input is defined by the 100 items watching sequence of the

user, while the target is set as the thumbs-up of the user.

 Ty: profile information task. The input is defined by the 100 items watching sequence

of the user, while the target is set as the gender information of the user (i,e {0, 1}).

The data distribution of the watching sequence per user of T are presented on Figures .1,
6.2, b.3 and .4. Meanwhile, the size comparison of T is presented in a bar plot on Figure 6.5.
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Chapter 7

Experimental Setup

In this chapter, the experimental setup (i,e Evaluation Protocol and Compared Algo-

rithms) is discussed in detail.

7.1 Evaluation Protocol

In this section, the evaluation protocol of the proposed methods CONURE ™!, CONURE ™2
and CONURE™3 is highlighted.

Firstly, the dataset is splited randomly into 80% train set and 20% test set. The train set
is used for the needs of the training of each task, while the test set is used to test the models’
evaluation metrics.

For the basic representation and the interaction (clicks/thumbs-up) tasks, the popular top-
k metric Mean Reciprocal Rank (MRR(@k) is used. Mean Reciprocal Rank is a statistic pro-
cedure to evaluate the recommendations according to their ranks (i,e the position of the item
in the recommendation sequence). While, for the profile information tasks, the metric of
accuracy is used. Accuracy is a metric used mostly in classification problems on Machine
Learning, since being a Boolean metric.

Furthermore, for each case of the hyper-parameter grid, we conduct five different attempts
of the training with random initialization[39, 40]. The metrics’ results are collected for each
case and are applied to average and standard deviation methods for the needs of plotting. In
our experiments the standard deviation is not plotted because of its relatively low value in
comparison to the average of the metrics of the five attempts of each hyper-parameters set.

The experiments conducted on a local PC. The PC is a single server machine. The CPU’s

19
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brand is "Intel Xeon Bronze 3106” working on 1.70GHz, while the GPU is a ”"Geforce RTX
2080 Ti”.

7.2 Compared Methods

In this section, the compared methods CONURE[4] and ADER[3] to the proposed meth-
ods are presented. The proposed methods are applied into two different evaluations. The first
one is a multi-tasking evaluation using CONURE[4], while the second one is a single-taksing

evaluation using ADER[3].

1. CONURETJH4] is called the state-of-the-art model of this research, it is well explained
on Chapter

2. ADER[3] (Adaptively Distilled Exemplar Replay) is a different type of Continual
Learning algorithm. It is a session-based training of a single task which is using the
commonly known distillation and exemplar replay techniques for the next sessions of
data. ADER[B] is showing great results in the problem of catastrophic forgetting of the

previous learned knowledge.

7.3 Evaluation with CONURE

The first stage of evaluation is achieved with the state-of-the-art algorithm CONURE[4].
The hyper-parameters of the default code of the paper are used for the needs of CONURE,
CONURE™1, CONURE™"2 and CONURE™ 3, so that there is a base performance to compare
with the effect of our proposed drop-out like technique.

According to the proposed models of the Chapter [, two hyper-parameters are used on
the proposed models. The Extension (E) is used to set the Top-(k+E) Weight, which defines
the limit for the Medium Important Weight Mask on the proposed models, while the Random
Pruning Percentage (RPP) defines the percentage of random pruning applied on each mask
of the proposed models. The grids of the two hyper-parameters are set to be £ = [1, 2, 3] and
RPP =10.1,0.15,0.25,0.3,0.5,0.6,0.75].

For this evaluation, two results are presented. The HITS represent the values of the grid
which are relatively higher compared to the state-of-the-art CONURE for each task sepa-

rately. Using this evaluation, the performance of the proposed methods can be measured in
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the total of the grid and thus, general statements can be created for the efficiency of the
method.

On the other hand, the second evaluation is a sum-up of the relative differences percent-
ages for each task on each case. This summed percentage can highlight the improvement or
deterioration of the proposed method for each case individually. This evaluation can be a
measure for conducting the hyper-parameter tuning for each method and thus compare the

performance of their best cases.

7.4 Evaluation with ADER

For the needs of the second stage of evaluation, the single-tasking session-based algo-
rithm ADER[B] is used. The importance of this evaluation stage is to show that the proposed
methods can obtain relatively good performance on each task individually, in comparison to
a widely known single-tasking algorithm of recommendation tasks.

Firstly, a hyper-parameter tuning method is applied to ADER[3], in order to generate the
best results for each task. Except for the datasets of each task, three hyper-parameters of the
algorithm are used with the following grids num_blocks = [1,2, 3], num_heads = [1, 2, 3]
and hidden_units = [100, 150, 200]. On Table 7.1, the results of the hyper-parameter tuning

for each task are presented on the right column.

Table 7.1: Hyper-Parameter Tuning for ADER([3]

Task | num_blocks num_heads hidden_units | Performance
Ty 3 3 100 0.21413
T, 1 1 150 0.21415
T; 1 1 200 0.21412
T, 2 3 150 0.37879

Finally, the best performance of each task individually for the proposed methods is com-
pared to the performance of ADER[3]. The best values of the performance tables of the pro-
posed models are extracted and placed on a new table and are individually compared to the

ones presented on Table [7.1].
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Experimental Performance

The performance of the experiments of the proposed models CONURE*!, CONURE "2
and CONURE™? are explained and presented in the following sections. The results are com-

pared with CONURE[4] and ADER[J3] respectively.

8.1 Comparison with CONURE

In this section, the proposed models CONURE ™!, CONURE ™2 and CONURE ™3 are com-
pared with the state-of-the-art model CONURE[4]. On Table B.1], the Case Definition is pre-

sented on a quadratic table.
Table 8.1: Case Definition of the proposed models

Random Pruning Percentage

0.1 0.15 0.25 0.3 0.5 0.6 0.75

1| Casey; Caseygy Casegs Casegs Casegs Casegg Caseqgry

2 | Caseggs Casegg Case;y Casey; Casejs Casejs Caseqy

Extension

3 | Case;s Caseg Case;; Case;g Caseg Caseyy Caseg

The hyper-parameters set of each case is consisted of i) Extension = [1, 2, 3] and 1ii)
Random Pruning Percentage =[0.1, 0.15, 0.25, 0.3, 0.5, 0.6, 0.75]. The Extension (E) is used
to set the Top-(k+E) Weight, which defines the limit for the Medium Important Weight Mask
on our proposed models. While the Random Pruning Percentage defines the percentage of

random pruning applied on each mask of the proposed models. The presented setup is used to
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evaluate all the proposed models CONURE™*!, CONURE*? and CONURE™? respectively.
MRR @S5 is used for evaluating T1, T2 and T3 on test set, while accuracy is used for evaluating
T4 on test set. We define as HITS the values of the proposed models which are greater,
compared to CONURE’s values for each task (i,e [0.2141, 0.21416, 0.21404, 0.37868]). The

representation of the HITS on our tables are the boxed values.

8.1.1 CONURET™! Performance

In this subsection, the CONURE™! is compared to the state-of-the-art-model CONURE.
On Table B.2, the performance of the model for each task and set of hyper-parameters is
presented. The boxed values represent the HITS compared to CONURE’s [4] performance
[0.2141, 0.21416, 0.21404, 0.37868] for each task respectively.

According to the Table B.2, it is observed that our proposed algorithm improves the per-
formance of the CONURE[4] in the whole set of the trained tasks. More precisely, the HITS
count is observed to be [5, 11, 15, 15] for our tasks respectively. Later tasks’ performance,
such as T3 and T, are improved in 71.42% of the cases and Ty is improved in 52.38% of the
cases. The behaviour of our model in those tasks, can be logically explained. The proposed
technique’s aim is to unblock and enable further tensors for future training of tasks. Although,
it is reported that the model improves the performance of T; in 23.8% of the cases. This is
an unexpected result, since T is trained on a smaller set of tensors. It shows that the factor
of randomness can always play a significant role upon the Machine Learning algorithms.

The performance of CONURE*! is summarized on Table B.3. The sum of the percentages
of the relative difference between CONURE ™! and CONURE[4] is displayed. The sum of
HITS per case is shown as well on the second line of the table. The table is visualized on the
following heat-maps on Figures and B.2.

Taking into consideration the Figures 8.1 and B.2. The best value is reported in the set [1,
0.1] of the hyper-parameters. There is a total of 0.095% improvement of the model’s evalua-
tion metrics and 4/4 HITS. The area around the global maximum shows great results. Since
the small values of the hyper-parameter grid of the proposed Random Pruning Technique are
securing the save of the important weights, while they enable future tasks to be further trained
on extra freed neurons.

Another remarkable observation is the two local maximums on the [2, 0.5] and [2, 0.75]

set of the hyper-parameters. A significant 0.033% and 0.033% improvement is observed
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Table 8.2: CONURE™! Performance

T; evaluation - MRR@5

0.1 0.15 0.25 0.3 0.5 0.6 0.75

1110.21413| 0.21405 0.21402 0.21398 0.21407  0.21409  0.21407

21 0.21406 [0.21412] 0.21406 0.21402 |0.21412| 0.21408  0.21407

3] 021405 021408 0.21405 0.21401 0.21402 [0.21412] [0.21411]

T, evaluation - MRR@5

0.1 0.15 0.25 0.3 0.5 0.6 0.75

1][0.21414] [0.21407] [0.21413] 0.21406 0.21404
2 0.21406  0.21402 0.21401  [0.21407] [0.21415]

31 0.21405  0.21401 [0.21411| 0.21402 |0.21408| 0.21405  0.21405

T3 evaluation - MRR@5

0.1 0.15 0.25 0.3 0.5 0.6 0.75

1][0.21410] [0.21410] [0.21409] 0.21403 [0.21408| [0.21405] |0.21408]

2 110.21408] [0.21408| |0.21406] [0.21409] [0.21410] [0.21405]| [0.21407]

3110.21415| 0.21404  0.21402  0.21404 |0.21405] 0.21402  0.21403

T, evaluation - Accuracy

0.1 0.15 0.25 0.3 0.5 0.6 0.75

1](0.37874] [0.37873] [0.37873] 0.37868 [0.37876| [0.37874] [0.37871]

2| 0.37866 0.37863 [0.37873] [0.37875] [0.37876] 0.37866

3 0.37865  0.37868 |0.37877] [0.37875] [0.37872] [0.3787]

with 3/4 and 2/4 HITS respectively. The area around those block are showing an impres-

sive HIT rate (3/4), with a relative small improvement of the model’s evaluation metrics be-
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tween 0.001% and 0.030%. The stated observation shows that greater values of the proposed
technique can show good results especially on future tasks, which have a wider capacity of

neurons to be trained on.

Table 8.3: Comparison of CONURE*! with CONURE[4]

0.1 0.15 0.25 0.3 0.5 0.6 0.75
| | +0095% +0.023% +0.082% —0.061% +0.030% +0.007% ~+0.017%
(4/4) (3/4) (3/4) (0/4) (3/4) (2/4) (3/4)
, | TO000% +0.031% —0.041% +0.004% +0.033% +0.021% +0.037%
(2/4) (3/4) (1/4) (3/4) (3/4) (3/4) (2/4)
; +0.037%  —0.041% —0.009% —0.037% —0.005% +0.006% +0.001%
(2/4) (0/4) (1/4) (1/4) (3/4) (2/4) (2/4)

The sum of the percentages of the relevant diference of each Task between CONURE+1 and CONURE

Random Pruning Percentage
0.3

0.1 0.15 0.25 0.5 0.6 0.75
| | ' ' |
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Figure 8.1: Heat-map of the sum of the relevant difference between CONURE™! and
CONURE[4]

8.1.2 CONURE™2 Performance

In this subsection, the CONURE 2 is compared to the state-of-the-art-model CONURE[4].
The main difference between CONURE*! and CONURE*2 is summarized by the application

of the Random Pruning Technique exclusively on the Medium Important Weights set. This
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HITS for each hyper-parameter set of CONURE+1
Random Prunlng Percentage

Figure 8.2: Heat-map of the HITS of CONURE*!
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approach secures that the full set of Highly Important Weights is saved, while the factor of
randomness is applied on the Medium Important Weights set. On Table 8.4, the performance
of the model for each task and set of hyper-parameters is presented. The boxed values rep-
resent the HITS compared to CONURE’s performance [0.2141, 0.21416, 0.21404, 0.37868]

for each task respectively.

As a result of the Table B.4, the proposed model CONURE*? shows great results. The
HITS count is reported as [5, 10, 14, 12] for each task respectively. The performance is
slightly worse in comparison to CONURE™!’s HITS count (i,e [5, 11, 15, 15]) on future tasks.
An important drawback of this method can be reported on the performance of T,, which is
improved on 57.14% of the cases, while we have a slight worse performance as well on T,
and Ts. The given method’s main goal is to give more attention to the first tasks, in contrast to
the latest ones. This claim can be easily confirmed by the best values of the evaluation of T
and T,. The reported values of CONURE "2 are 0.21418 and 0.21417, in contrast to the best
values of CONURE ™! which are 0.21413 and 0.21415 on the two tasks respectively. While
on the latest tasks, the best performance of Tj is reported to be significantly lower on 0.21411,
and T, performance is slightly higher (0.37879) obtaining a significant lower percentage of
HITS (57.14%) compared to the first method (71.42%).

The performance of CONURE*? is summarized on Table 8.3. The sum of the percentages
of the relative difference between CONURE*2? and CONURE[4] is displayed. The sum of

HITS per case is shown as well on the second line of the table. The table is visualized on the
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Table 8.4: CONURE*2 Performance

T; evaluation - MRR@5

0.1 0.15 0.25 0.3 0.5 0.6 0.75

1] 0.21404 0.21400 0.21409  0.21408 [0.21413| 0.21403  0.21405

2| 0.21407 0.21406 |0.21418] [0.21411] 0.21401  0.21407

3 10.21406 0.21401 0.21404  0.21410  0.21405 |0.21412| 0.21405

T, evaluation - MRR@5

0.1 0.15 0.25 0.3 0.5 0.6 0.75

1110.21413| 0.21405 |0.21412] 0.21405 0.21406  0.21405 |0.21410

2| 0.21403 0.21406  [0.21417] [0.21412] [0.21408] 0.21402

3| 0.21406 [0.21408] [0.21411] 0.21404  0.21405  0.21405

T3 evaluation - MRR@5

0.1 0.15 0.25 0.3 0.5 0.6 0.75

1]]021411] [0.21410] 0.21404 0.21402  [0.21406] [0.21406|

2 0.21404 |0.21407| [0.21411] [0.21408]| |0.21408| |0.21408]

3| 0.21403  0.21403 0.21404 [0.21407] [0.21408| 0.21401

T4 evaluation - Accuracy

0.1 0.15 0.25 0.3 0.5 0.6 0.75

1] 037861 0.37863 [0.37871] [0.37871| [0.37872] [0.37871] 0.37868

2 110.37877] 10.37874| [0.37874] 0.37868 |0.37871| [0.37879] 0.37867

3 0.37867  0.37866 0.37865  0.37865

following heat-maps on Figures and B.4.

In conclusion of the Figures 8.3 and [B.4, the best hyper-parameter set is reported on the
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block [2, 0.3] with an important 0.089% improvement of the state-of-the-art, while a local

maximum can be observed in [2, 0.6] showing 0.043% improvement. In the area between [2,

0.25] and [2, 0.6], the hit rate is 75% which is the top value for this specific method in the

whole grid, while including the two maximums and the best values of T; and Ts.

Comparing the heat-maps of CONURE™? with CONURE™!, the overall performance of

the method is slightly worse. On 33.33% of the cases there is negative result, while there is

no case with a total of 4 HITS reported.

Table 8.5: Comparison of CONURE*? with CONURE[4]

0.1 0.15 0.25 0.3 0.5 0.6 0.75

|| +0.019% —0.087% +0.031% +0.008% +0.015% —0.020% +0.005%
(2/4) (1/4) (2/4) (2/4) (2/4) (2/4) (2/4)

, | TO000% +0.007% +0.067% -+0.080% +0.013% -+0.043% +0.007%
(2/4) (2/4) (3/4) (3/4) (3/4) (3/4) (2/4)

, | T0010% —0.040% +0.009% —0.001% —0.022% +0.015% —0.005%
(1/4) (1/4) (2/4) (1/4) (1/4) (2/4) (2/4)

The sum of the percentages of the relevant diference of each Task between CONURE+2 and CONURE
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Figure 8.3: Heat-map of the sum of the relevant difference between CONURE™? and

CONURE[4]
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HITS for each hyper-parameter set of CONURE+2
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Figure 8.4: Heat-map of the HITS of CONURE ™2

8.1.3 CONURE™? Performance

The need of overcoming the problems stated in Subsection and results in in-
troducing the new method CONURE ™2, which is evaluated compared to the state-of-the-art
model CONURE[H4] in this subsection. According to this model, a Higher Important Weight
Mask is produced and saved, while the proposed technique is applied on the new Medium Im-
portant Weight Mask. This approach assures that the number of saved neurons will not exceed
the appropriate one, so that future task can have a satisfactory capacity, while first tasks can
obtain a good performance because of the saved Important Weights. On Table B.g, the perfor-
mance of the model for each task and set of hyper-parameters is presented. The boxed values
rep-resent the HITS compared to CONURE’s[4] performance [0.2141, 0.21416, 0.21404,
0.37868]for each task respectively.

As, It’s been presented on Table @, the HITS count is [6, 13, 19, 15] for each task
respectively. The performance of CONURE™? shows the greatest results on HITS rate, in
comparison to CONURE ™! and CONURE™2. Ty, T, and T; are improved on 28.57%, 61.9%
and 90.47% of the cases respectively, which is the highest rate among the three proposed
methods. While T, is improved on 71.42% of the cases, meeting the rate of CONURE ™!, the
highest reported on this task. The highest values for each task are 0.21415, 0.2141, 0.21412
and 0.37877, which shows the equal high performance of this method on the whole set of
tasks with the relatively highest HITS rate.

The performance of CONURE*? is summarized on Table B.7. The sum of the percentages
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Table 8.6: CONURE™? Performance

T; evaluation - MRR@5

0.1 0.15 0.25 0.3 0.5 0.6 0.75

1| 0.21406 |0.21411| 0.21406 |0.21412| 0.21409 0.2141  0.21402

21 0.21405  0.21406  0.21403  0.21404  0.2141  0.21406 0.21404

3[0.21414] [0.21411] [0.21412] 0.21408 0.21407 0.21403

T, evaluation - MRR@)5

0.1 0.15 0.25 0.3 0.5 0.6 0.75

11021401 [0.21412] [0.21410] 0.21405 0.21405

21021400 0.21402 [0.21411] [0.21407| [0.21411] |0.21414] [0.21410]

310.21404 |0.21409] [0.21410] 0.21404 |0.21409| [0.21409] 0.21401

T3 evaluation - MRR@5

0.1 0.15 0.25 0.3 0.5 0.6 0.75

1 0.21403 0.21403 [0.21406] [0.21405| [0.21411]

2 110.21406] [0.21408| [0.21410] [0.21406] [0.21408| [0.21406]| |[0.21409]

31[0.21406] [0.21412] |0.21412] [0.21408] [0.21408| [0.21406] [0.21405]

T, evaluation - Accuracy

0.1 0.15 0.25 0.3 0.5 0.6 0.75

1 0.37866 0.37867 [0.37873] [0.37876] 0.37867

2 0.37866 |0.37871| [0.37871] [0.37874| |0.37870| [0.37872]

3110.37873] [0.37873]| [0.37871] [0.37870] 0.37866 0.37868

of the relative difference between CONURE™® and CONURE[4] is displayed. The sum of

HITS per case is shown as well on the second line of the table. The table is visualized on the



32

Chapter 8. Experimental Performance

following heat-maps on Figures 8.9 and B.6.

Table 8.7: Comparison of CONURE*? with CONURE[4]

0.5 0.6 0.75

0.1 0.15 0.25
Ploem oem e
Ploem w6
e W e

+0.006% +0.023% +0.047% —0.003% +40.055% +0.021% +0.016%

(3/4) (2/4) (2/4)

—0.039% —0.024% +0.027% —0.006% +0.058% +0.033% +0.025%

(3/4) (3/4) (3/4)

+0.032% +0.069% +0.073% +0.005% +0.013% +0.060% —0.051%

(2/4) (4/4) (1/4)
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Figure 8.5: Heat-map of the sum of the relevant difference between CONURE™® and

CONURE[4]

Observing the Table 8.3 and Figures 8.5 and B.6, the maximum is pointed out on [3, 0.25]

with a 0.073% improvement and 4/4 HITS, while local maximums are [3, 0.6] with 4/4 HITS
and 0.06% improvement, [1, 0.25] with 3/4 HITS and 0.047% improvement and [2, 0.5] with

3/4 HITS and 0.058% improvement. The best values of the table are swifted in the third row

in comparison to second row of CONURE™2. This is an expected behaviour, since the High

Important Weight Mask is reduced by one weight and the Medium Important Weight Mask

needs an extra weight to meet the appropriate number of the trainable neurons per task. The

local maximums around the heat-map can be a result of the higher HITS rate per task, which
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is the main goal of this proposed model. Only 23.8% of cases show negative overall results,

with 14.28% of the cases with fewer than 2/4 HITS count.

8.1.4 Final Evaluation with CONURE

On the following subsection, we are going to present the final evaluation of the proposed

models with CONURE[4]. On Table B.8, there is presented the overview of HITS for the

proposed methods. The rate of hits per task are shown using parenthesis, while the average

HITS for each method is presented on the right column. Moreover, on Table [8.9, the best

values after the hyper-parameter tuning (E for Extension and RPP for Random Pruning Per-

centage) of each method are presented. The boxed values represent the HITS, while on the

right column the sum of the percentages of the relative difference between each method and

CONURE[H] is calculated and presented.

Table 8.8: HITS rate of CONURE*!, CONURE*? and CONURE "3

Method

T

15

T3

Ty

Average

CONURE™!
CONURE™

CONURE™

5 (14.28%)
5 (14.28%)

6 (28.57%)

11 (52.38%)
10 (47.61%)

13 (61.90%)

15 (71.42%)
14 (66.66%)

19 (90.47%)

15 (71.42%)
12 (57.14%)

15 (71.42%)

11.50 (54.76%)
10.25 (48.80%)

13.25 (63.09%)
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Table 8.9: Hyper-parameter Tuning of CONURE !, CONURE*? and CONURE™*?

Method E RPP T, T T3 Ty Improvement

CONURE*! | 1 0.1 |[0.21413] [0.21414| [0.21410] [0.37874]| +40.095%

CONURE*? | 2 0.3 ||0.21411] [0.21417] [0.21411] 0.37868 | +0.089%

CONURE™® | 3 0.25 | [0.21412] [0.21410| [0.21412] [0.37871]| +40.073%

Summarizing the Subsections B.1.1], 8.1.2 and B.1.3 on Tables 8.8 and B.9, we present the

results of the proposed methods in comparison to the state-of-the-art CONURE. The HITS
rate of CONURE™ shows the greatest results and thus, this method improves the perfor-
mance of CONURE[4] more efficient uniformly among different tasks. The performance of
this method compared to CONURE*! and CONURE "2 on the HITS rate can be reported with
the average HITS per task on the right column of Table B.§. Showing an average of 13.25
(63.09%) HITS per task, CONURE™? leads the evaluation. While, CONURE™"? following
with 11.50 (54.76%) HITS per task and CONURE™ reporting the worst results with 10.25
(48.80%) HITS per task.

On the other hand, after conducting the hyper-parameter tuning on the proposed methods
and choosing the best values on Table B.9, it is reported that CONURE*! leads the evalua-
tion with a total of +-0.095% improvement and 4/4 HITS. The following CONURE*? shows
an improvement of +0.089% with 3/4 HITS and finally CONURE ™" improves the original
method by +0.073% obtaining a 4/4 HITS count.

8.2 Comparison with ADER

On this section, the proposed models CONURE™!, CONURE™ and CONURE™? are
compared to the famous single-tasking session-based algorithm ADER[3]. On the Table 8.10),
the performance of the proposed methods and the compared algorithm ADER[3] is presented.
On the first row, there are the results of the hyper-parameter tuning of ADER[3], explained
on Section[7.4. While for the evaluation of the proposed methods, the best values of the hyper-
parameter tuning on Tables 8.2, 8.4 and B.g for each task separately are used. As ADER[3]
is basically a single-tasking high performing algorithm for recommendation tasks, we are

interested to check when the proposed models reach its performance. In other words, for
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this specific evaluation, we set HITS the values of the proposed methods, which are greater
or equal to the ones of ADER[3]. The signs = and “ represent the equal and higher values

respectively.
Table 8.10: Evaluating the proposed methods for each task separately with ADER

Method T, Ty T3 T

ADER 0.21413 0.21415 0.21412 0.37879

CONURE™ |[0.21413=] [0.21415=] [0.21415%]  0.37877

CONURE*? | [0.21418%] [0.21417%]  0.21411
CONURE™"? 0.21414 0.37877

According to the Table B.10, it is reported that all the compared methods CONURE*",
CONURE"? and CONURE™"? obtain great performance on each task separately as well. More
precisely, CONURE™2 performs greater in comparison to the rest methods, with HITS on 3/4
tasks. CONURE ™2, on T, and T, shows great improvements with 0.21418 and 0.21417, which
are the highest values of those specific tasks. While obtaining equal performance on Ty, the
highest among the compared methods, reports a slightly worse performance on T3, compared
to ADER[3]. Moreover, CONURE™! reports good results as well with 3/4 HITS and on Tj
the greater value of 0.21415 in comparison to the other methods. Lastly, CONURE™ per-
forms worse compared to the other methods with only 2/4 HITS and one higher value on T;
compared to ADER[3].

In comparison to ADER[B], the compared methods show great results in general. Apart
from meeting the performance of ADER[3] in all the tasks, in some specific cases the pro-
posed methods obtain higher performance even from this well known single-tasking algo-
rithm. On Figure 8.7, the performance of the proposed methods and ADER[3] are displayed

in bar plots for each task separately.
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Chapter 9

Conclusions and Future Work

9.1 Conclusions

In this thesis, we addressed the problem of multi-tasking personalized recommendations.
According to Chapter [, many approaches have been tested to solve the stated problem with
good results. Transfer Learning (Section P.1)), Continual Learning (Section P.2) and User
Modeling (Section R.3)) are some of those famous approaches. Although, many steps need to
be taken in order to improve the performance of those algorithms.

The factor of randomness (Section 2.4)) always plays a significant role to the performance
of Deep Learning algorithms and thus we conducted experiments to improve one of the most
efficient Multi-Tasking Learning algorithms called CONURE[4] which is further explained
on Chapter [§. The main problem stated on Chapter H focuses on the possibility of the algo-
rithm to block really important neurons for future tasks on the early stages of the training and
as a result reduce the possible performance of those future trainings.

In order to overcome this problem, we are proposing the Random Pruning Technique, a
dropout-like technique, to the mask of each task so that to unblock neurons for future tasks.
The proposed models (Chapter ) can be summarized by the application of the Random Prun-
ing Technique on three different approaches on the algorithm.

While evaluating the proposed models (Chapter 7)) with both CONURE[4] and ADER][3],
a famous single-tasking session-based algorithm, great results have been observed (Chap-
ter [§). More precisely, all the proposed models obtain greater results in comparison to the
two compared methods as shown on Tables B.8, 8.9 and B.10. According to the three differ-

ent sets of evaluations of the proposed models, it is observed that on each evaluation there

37
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is a different higher performing model and thus we back-up the claim that the factor of ran-
domness is really important upon creating efficient Deep Learning methods.

As aresult of the HIT rate of the proposed models in comparison to CONURE [4], we set
as HIT the set of hyper-parameters that outperforms the CONURE [4] model, we observe that
CONURE™? performs greater among the other methods with an average of 63.09% HITS for
every task in the whole hyper-parameter grid with [6, 13, 19, 15] hits on each task respectively
as shown on Table B.§. On the other hand, CONURE*" after applying the hyper-parameter
tuning, performs greater on the set of [1, 0.1] hyper-parameters, with 4/4 HITS and a signif-
icant 0.095% improvement in comparison to CONURE’s [4] performance (Table B.9). Last
but not least, while evaluating the proposed methods with the famous session-based single-
tasking ADER [3], it is reported on Table that CONURE ™2 performs greater with 3/4
HITS and the best results on 50% of the tasks.

9.2 Future Work

In the process of completing this thesis, many different experiments have been conducted.
The methods, which are tested, show great results in the challenging problem of multi-tasking
personalized recommendation. Due to the huge computational cost of the training on real data,
each experiment needs a big amount of time to be completed and in this section we present
the possible future work.

According to the CONURE’s [4] algorithm and the proposed methods, we observe that
the usage of top-k values for the weight selection of the masks can generally cause problems
to the learned tasks. Lower weights can be saved on a specific task thus being part of the
top-k values and as a result block those neurons from being trained on future tasks. While,
significant weights could be unblocked on other tasks because they don’t appear on top-k
values of the neurons and as a result lose important information in the process. In order to
overcome this problems, we propose to implement a threshold [49, 50, 51|] hyper-parameter
for the need of choosing the important weights of each task’s mask. This method can reassure
for the information saved on each task according to the weight of each neuron, since the higher
valued weights obtain great amount of information for the trained task.

Another significant improvement could be focused on the algorithm itself. For the needs

of the Multi-Tasking Learning methods CONURE [4], CONURE™!, CONURE"? and CONURE "3,
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the base idea is the creating of a top-k mask for each task. Although this technique shows great
results on the given problem, an attention mechanism [52, 53, 54] could be used for the im-
portance of each neuron of the tensors to a specific task. Instead of blocking neurons for each
task, some neurons could be used by different tasks equally, in case they can contribute to the
training and testing efficiently by the Deep Learning architecture. According to the key val-
ues which are generated during each task’s training, we can specify the impact of each neuron
to every specific trained task. Such attention mechanisms are widely used by the researchers

on Deep Learning, because of their great results in different sets of problems.
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