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Abstract

Transformers have become one of the most successful architectures in deep learning,
experiencing a steady rise in popularity. These advanced networks have revolutionized
the field of Natural Language Processing (NLP) and are extending their influence into
new domains within artificial intelligence and beyond. The recent rise of large language
models, fundamentally reliant on Transformer architectures, highlights their effectiveness
and underscores their transformative impact.

This thesis delves into exploring further capabilities of this deep learning framework
by incorporating stochastic methodologies as an essential component of Transformer
networks. Our primary focus is on leveraging stochastic competition techniques, proven
to be highly advantageous in various contexts, as the cornerstone for developing high-
performing models. Instead of focusing on the extensively researched application areas
such as NLP, our research pivots to exploring two distinct and significantly different fields:
i) Sign Language Translation and ii) Tabular Data Modeling.

We begin with a short introduction to the concept of Deep Learning and its basic
techniques. We outline the foundational concepts of neural networks, the core principles of
training procedures, and some simple and widely-used modules. Furthermore, we address
common challenges, such as overfitting, and the typical strategies for dealing with them. In
the second chapter, we progress to Bayesian Neural Networks. Here, we introduce Bayesian
statistics and its application in re-approximating classical neural networks (NNs). We
elaborate on the most significant methods of this approach and the robust properties they
inject into neural networks, thereby essentially defining and introducing Stochastic Neural
Networks, as they are approached in this thesis. Following this, we explore modern methods
in deep learning for processing sequential structures and Natural Language, aiming to
establish the necessary background leading to the introduction of Transformer networks.
We then delve into the detailed formulation of this influential paradigm, including its
original format and subsequent variants.

Advancing towards the main areas of contribution, the fourth chapter is dedicated

to Sign Language and, more specifically, automatic Sign Language Translation. We
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aim to build the required background on the applications of neural networks in the
recognition and translation of Sign Language. Beyond its scientific intrigue, the task
of SLT is of considerable social importance, bridging communication gaps between the
deaf and the hearing. Herein, we propose a novel SLT methodology that employs a
specialized Transformer architecture equipped with stochastic modalities, including: (i)
local winner-takes-all (LWTA) layers with stochastic winner sampling, as opposed to
conventional ReLU layers, (ii) stochastic weights with posterior distributions estimated via
variational inference, and (iii) a weight compression technique at inference time leveraging
estimated posterior variance for substantial, nearly lossless compression. The proposed
model demonstrates state-of-the-art results on the Phoenix14T dataset, the standard
benchmark for such models. Moving beyond this innovation, we aim for real-world
applicability. Existing SLT methods either lack translation capability or are trained and
evaluated on datasets with limited vocabulary and real-world applicability. An example
is the aforementioned Phoenix2014T benchmark dataset, restricted to weather forecasts
in German Sign Language. Addressing this gap, we introduce a new collection of 29,653
Greek Sign Language video translation pairs based on the official Greek Elementary School
syllabus and covering a broad range of subjects. Utilizing this novel dataset, we develop
a new variant of our model. Our findings highlight our method’s potential, striking a
favorable balance between predictive power, usability and real-world applicability.

In the fifth chapter, we expand our research to include modeling of tabular data.
This task is of significant interest, as such data forms frequently appear across numerous
scientific and technical fields. Interestingly, despite their popularity, importance, and
seeming simplicity, these data formats have been historically underexplored from a deep
learning perspective, though they have started garnering increasing attention in recent years.
By employing a Stochastic Competition Hybrid Transformer, we achieved exceptional
results across multiple well-known tabular datasets, surpassing previous deep learning
networks and the state-of-the-art Gradient Boosting methods that have dominated this
area. These findings underscore the effectiveness of Stochastic Competition Transformers

in a broad and diverse range of domains.

viil



Ou Transformers €youv avadety¥el we €vor amd To TWO ETUTUY NUEVA TOQUOELYUUTA U LTE-
xtovxfic oty Bordid udinom, ue ueydhn xon otadepd avlavouevn onuotixdtnta. H ouyxe-
HEUIEVT] OLXOYEVELNL VEURMVIXGY BIXTOWY EYEL, OTO TEOCHUTO TULENIOV, (PEQEL EMUVACTAOT)
otov topéa ¢ Enegepyactac Puowhc I'hdoooc (NLP) xou enexteivetan pe porydotoug pul-
noUg xou og dAroug topeic. H mpdogatn dvodog Twv UEYIAWMY YAWOOIXWY UOVIEAWY (LLMs),
mou Baoctlovto oTtnyv peydin mheodmeio toug oe Transformer, anotedel iowe to ToOL6 NYMES

TOEAOEY oL TN Xuplapylag Toug 6TN GUYYEOVN ETOYT TNG TEYWLTAS VONUOGOVNG.

Auth 1 Sateyr| e€etdlel TIg BUVATOTNTES XAl TIC TPOEXTACELS AuTOU Tou TAGiou Porhidg
HEUINOTNS CUVBLUCTIXG UE TNV EVOWUATOOT) GTOYACTIXOV HEYOBOAOYLDY 0Tol YEUEALNOOT) Dopxd
uéen towv dtbwy Transformer. Ilio cuyxexpiéva, eotidlouue xuping otny allomoinon
TEY VXY OTOYACTIXO) AvTAYWVIGUOU, oL oTtoleg €youv amodety Vel Wolaltepa TAEOVEXTIXES OE
odpopar TAdotar BEAETIOVOVTAS TIC AOOOCELS AVTIOTOLY WY VIETEPUIVIOTIXWY UovTEAWY. H
€PELVE UG OTREPETAL TEPUY TWYV EXTEVMS MEAETNUEVLDV TEploywy epopuoyrc (NLP, xin ),
TEOC TNV UEAETN 800 EVUARIXTIXGY X0t ovOULwy UeTodd Toug mediov: 1) tny Metdppaon
Nonuatixne M'dooag o ii) v Movtehonoinon Acdouévev IIvdxwy, oxoncbovtag otny

YEVIXEUOT) TWV CUUTEPUOUATMLY LS.

H Srotpif3ny Eexavd pe par emy oot etloaywyr| oTic évvoleg tne Bodide Mdidnong xou
TI¢ BaoindTERS TEYVIXES, TPOCPEPOVTAS EV GUVTOMIO GTOV AVAY VMO TN TO UmapulTnTO UTOBa-
Ypo. Opoiwe 610 BelTERPO XEPIANO, TEOYWEOVUE GTNY ElCUYwYT TwV Mroellavdy VEUpmVL-
xOV OIxTOOY Tapadétovtag Bacixéc évvolee Mnaellovic GTATIOTIXNAC XU TNV EQUPUOYT| TNG
OTNV ETAVATPOCEYYIOT] TV XAACIUDV VELPWVIX®OY OIXTUWY, ELOAYOVTAS ETOL To GTOYUO TI-
%3 vevpwvixd dixtua Omwe autd tpooyyilovtow oTtnv mapoloa datelr. Axololiwe, oTo
Tplto xe@dhono Topouctdloude Tic olYyEOVES uel6doug Pathdc uddnon yio Ty enelepyacia
oeLpLOX®Y douwy xat Pucixric Ihdooag, artooxondvtag mépay amd TNV xdhun Tou arnopaitn-
ToU UTOBaEoU GTNY OpAAT EloaywYT TV OixTOwY Transformer, évtag n TAéov mponyuévn
TEOCEYYLON OToV ywpeo. Emmhéov, meprypdgouue Aentoucpme TNy avlevTxr Toug popg),

TORUANXYES HOU EMEXTACELS TOUG.

ooy wpwvTag Tog T xVPLEG TEPLOYES CUVELTQORAS, TO TETUPTO XEQAANLO Efval APLERH-

uevo ot Nonuotind) FA@ooa xo, To SUYXEXPWEVY, OTNY auTouaTr UeTdpeact Nonuotixrc
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['\dooag ye ty yeron abyyeovne pnyavixic udinong, yvwoti o SLT (Sign Language
Translation). Iépa and to teEYVIXG Xt EMOTNUOVIXG EVOLUPEROY, TO €V AOYW TROBANuUL
€yel BadiToTn xOWWVIXT ETEXTACT), YEQUEMVOVTAC XEVE ETUXOWVWVING UETAE)D TWV XOPHY
XOL TOV aXOUOVIWY. AQoU ELGGYOUUE TIC ATUPUITNTES OYETIXES EVVOLEC XAl TNV TEOCQIT
BiBhoypapia, TpoTtelvouue Wi xouvotopa uedodoroyio mou yenoylomolel pa eEeldixeupévr ap-
yrtextovixr) Transformer e£omMopévn Ue 3 LOPPES GTOYACTIXDY DLEQYACLOY, CUYXEXQUIEVAL
(i) Aixtua local winner-takes-all (LWTA) ye otoyaotixd emhoynh vixnm, oavit cuuBatixdv
VIETEQUIVIO TIXWY o Tolyelwy ReLU. (i) YroyaoTxd Bdpn p€ow TG yeNong TS TEYVXNC
variational inference. (iii) Mw teyvix| ouunieong Bapcv xatd Tn SLéEXEI TNC CUUTERO-
OUOTIXAS AVEAUOTG, EXUETUAAEUOUEVOL TNV EXTUIWUEVT) UETUBANTOTNTA, VLol CNUOVTLXY X0 UE
eNdytoTeC amwAELES, ouunieon Tou dixtlou. To TEOTEWOUEVO HOVTEND ETOEWVUEL XOpLQaLa
amotehéouato 6To oUVOO dedopévwy Phoenix14T, 1o Bacwdtepo puétpo cbyxplong tétolou

TUTOU HOVTEAWV.

AToox0oT®VTAS OE TEUYUUTIXES EQUPUOYES TERUY TWV VEMENTIXWOY CUYXRIGEWY, UAAS xou
O€ EMEXTAUOT) OTNY UTOUEAETNUEVT] EAANVIXT VONUUTIXT YADCOW, TROYWEOVUE GTN YENOT LIS
TPoTOTOUNUEVNS Lop@Tic TNE uedodoroyiag pag ot mo peahlo Tixég ouviixeg. O undpyouceg
uévodol SLT elte votepolv cofapd oTNY XavoTNT UETAPEAUOTC, ElTE EXTTALOEVOVTOL o1 0ELO-
AoyoUvTon o€ GUvolo DEBOPEVWY UE TEPLOPLOUEVO AeEIAOYL0 xou DeporTohoyia, xat TauTdypova
UE o@{BoAn EQUEUOCIUOTNTA GTOV TEUYUATXO XO00oUo. Avtiuetwriloviac autd T0 %EVO, EL-
OdyOUUE Uil VEA GUALOY T amoTEAODUEYY amd 29.653 Bivieo eAAnvixAc VonuatixhAc YAWooag,
GUVOOEUOUEVA aTtd TIC AVTIOTOLYEC UETAPEACELS OTNY OUAOVUEVT] ENANVIXT] YAWOON, GANL ToR-
HEVOL amtd TO ETHOTMUO TEOYEAUUUO OTIOUDWY TWV EAANVIXWY GYOAElY ONUOTIXNAG EXTABEVOTS.
To clvolo BEBOUEVLV oG XUAUTITEL Uit EVPELXL YX AU VEUATINWDY EVOTHTWY UECK TOU GUV-
dLoUOU 6 Blaope Ty hodnudtwy. To anoteAéopota TN exTaldEVOTC TNEC TEOTOTONUEVNC
TEOTEWVOUEVNC UeB0BoAOYIaS 0Tl VEOGUAAEYEVTA GEGOUEVA LTOYPAUUIloUY TIC BUVATOTNTES
™G EYOB0U Uag, EMTUYYAVOVTOG Lol ELVOIXT LlooppoTio HETHE) UETAPEAUC TIXNG IXAVOTNTIC,

YENO THOTNTAC XAl EPUPUOCHIOTNTAS GTOV TEAYHATIXO XOGUO.

Y70 TEUTTO XEPIAAO, EEEPEUVOULE TIC EQPUPUOYES TwV LovTéAwy Transformer pe ototyeia

GTOYACTINOV AVTAYWVICUOD Ot Bedouéva Tivoxa. AuTtoc o Topéac amoTeAel ULl TEOEXTAOT



1OwfTEPOU EVOLIPEROVTOS AOYW TNG CLYVAC EUPAVIONC AUTOL TOU TUTOU BEBOPEVWY OF Ol
dpopa ETO TNUOVIXE Xa TEY VXA Tedlo. ‘Opwe, Tapd TNV ONUaVTIXOTNTO XAl TNV QULVOUEVIXT
dopxr) amAdTNT TOUg, 1 Yerion Patide udidnong yio Tn yovieAomolnoy| Toug dEyLoe Vo ho-
Bdver Ty mpEnoLoa TEOCOY Y OYETWE TEOCPpATA. Me TNV EQupUoY TV €V AOY® UOVTEALY,
TETUYUE ECAMPETING ATOTEAECUOTA OE TOAAG ONUOPLAT) GUVOLY BEBOUEVWV TVAXWY, CETEQR-
vovTog 1660 mponyolueva Bothd dixtua 600 xou pedodoug Gradient Boosting mou €youv
xuptapyNoeL oTov Topéa autd Ta TeEheuTala yeowia.  Autd ta amotehéouata emBefordvouy

TNV AMOTEAECUATIXOTNTA TNEG TEOTEWVOUEVNG OLXOYEVELNG UOVTEAWY OF OLUPOPETIXOUC TOUELS

EQOUQUOYWV.
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Chapter 1

Introduction to Deep Learning

Machine Learning is the field of Artificial Intelligence that employs mathematical
modeling to inductively build reliable intelligence systems utilizing historical observations
and data. At its core, Machine Learning is about learning a function f : X — ) that
maps input values z sampled from an input class X to corresponding output values y
from a paired output class ). Often, the function f is parameterized by a set of trainable
variables 6, so that y = f(«|@). Here, "learning” refers to the process of finding the
appropriate 6.

Deep Learning, a subset of Machine Learning, has dominated various sub-fields over
the past decade, revolutionizing AI and numerous other sectors. It is based on Artificial
Neural Networks, particularly those with large-scale architectures. Deep Learning operates
through a series of geometric transformations, re-expressing data into latent, target-aware
representative spaces. Deep models are unparalleled in processing raw, structured data
with spatial and/or temporal dynamics, requiring minimal statistical preprocessing.

In this chapter, we offer a short overview of Artificial Neural Networks (ANNs) and
Deep Learning, highlighting their fundamental principles, architectures, and operational
mechanisms. We delve into a variety of ANN configurations and address prevalent
challenges encountered in their application. Moreover, we summarize the core components
of principal learning algorithms, specifically backpropagation and gradient descent, while
also touching upon their notable variations. Concluding this section, we provide a brief
discussion on the role of nonlinearity within neural networks and introduce several widely

recognized activation functions.



1.1 Artificial Neural Networks

Artificial Neural Networks are biological inspired structures used for many machine
learning applications. This computational model tries to mimic the way the human brain
theoretically works in order to process logical tasks. The application of ANNs today are
numerous and includes automation of core human processes like image, video and speech
processing as well as complex systems like medical diagnosis.

The core unit behind ANNSs is the Artificial Neuron a simple structure inspired from the
biological neuron. The idea about this simple structure was firstly proposed by McCulloch
and Pitts back in 1943 (Mcculloch &Pitts, 1943; Jain et al., 1996) . Artificial Neuron
works by receiving one or more inputs and calculating a weighted sum of them. All the
neuron connections between input and output are formed by the use of a weight matrix W,
a bias vector b and an non-linear activation function . With more detail the output is
calculated by multiplying the neurons of each layer with the corresponding weight matrix
and using the sum of their product and the bias vector as argument to the activation
function.

g(x) =c(Wax +Db) (1.1)

Perceptron was the first learning model based on a single Artificial Neuron. This is about
a binary classifier that maps a real or binary input vector  to a binary output y. If the
weighted sum of the input is greater than 0 then the output value is y=1 otherwise y=0

1.2.

1 w-x+b>0
y(x) = (1.2)
0 otherwise

Although the idea was promising and effective for various tasks, it soon became apparent
that it had limited recognition abilities. The perceptron learning algorithm can be trained
to classify data if, and only if, the learning set is linearly separable. In cases where classes
are not linearly separable, single neuron models prove ineffective, necessitating a more
complex structure. Subsequently, it was discovered that combining multiple perceptrons

results in significantly more powerful models.



A neural network is comprised of multiple interconnected artificial neurons. It resembles
a weighted, directed graph consisting of several connected nodes arranged in more than
two sequential layers. The first layer, known as the input layer, and the last layer, serving
as the network’s output or result, are essential. The sizes and structures of these two layers
are determined by the nature of the input and the required outcome. The layers situated
between the input and output, termed hidden layers, are optional. While there are no
strict guidelines regarding the number and size of hidden layers, these factors critically

influence the model’s performance.

Hidden
layer

Input
layer

Output
layer

Figure 1.1: Simple Neural Network

Neural Networks (NNs) can be categorized into various types based on the coupling
topology between neurons. The most basic form is the fully connected feed forward Neural
Network also known as Multi Linear Perceptron (MLP). In this architecture, each neuron
is connected to every neuron in both the preceding and succeeding layers. The signal flows
seamlessly from the input layer to the output, influenced by all neurons in the hidden layers.
Other types of networks incorporate more sophisticated functionalities. Nevertheless, the
fundamental mechanism remains largely similar, relying on trainable weights and biases.

A characteristic example of a slightly more sophisticated network module is Convolu-
tional Neural Networks (CNNs). These networks utilize local connections rather than fully
connected layers, and are specifically tailored to process data with significant geometric
attributes, spatial or temporal, across any dimension, though they are most frequently

applied to 2-dimensional images. This process leverages a sliding window approach to
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highlight features such as edges or textures within the input. Due to their local connec-
tivity CNNs offer a computationally efficient approach and allow for particularly deep
architecture. These structures are often combined with fully connected parts placed in
the later stages for the final output, as well as other auxiliary modules such pooling that

reduce the dimentionality of the hidden layers.

1.2 Backpropagation and Learning

Weights and biases are the aspect of learning of a Neural Network. At the beginning of the
learning procedure, these two families of variables are randomly initialized. Subsequently,
through small and stable steps, they progressively move towards the correct values. Because
of their complex structure modern Deep Models are highly sensitive to the values of weights,
where even minor changes can dramatically alter the final result.

The training process in a Deep Learning task is essentially a search for the weights and
biases that best fit the examples in a given training dataset, as well as other similar but
independent examples. This process typically relies on Backpropagation. Backpropagation
is a method that involves running the result of the forward application of the model
backwards, adjusting the parameters to enhance the quality of the results. To implement
this procedure in a neural network, a loss function, denoted as L, is necessary.

The loss function in general, evaluates the deviation of the predicted results in compar-
ison to the expected values. The loss must be continuous and differentiable in the domain
of the results because of the nature of the learning algorithms which searches in the weight
space for the values that minimize the loss function. In case of regression problems the
typical Loss function is the Mean Square Error 1.3 and for classification a loss function

based on cross entropy 1.4, usually with a sotfmax activation function.

1

L2 - N Z(ypre - yezp)2 (1?))
LC’E = _% (ypre IOg(yexp)) (14)

Gradient descent is a family of optimization algorithms extensively used in neural

4



network training. Vanilla gradient descent, or simply gradient descent, is the simplest
training algorithm, searching for the minimum by making gradient-driven walks in the
model’s parameter space towards the optimal point. At each step, the new value of a weight
is calculated by subtracting from its current value the product of the partial derivative of
the loss with respect to the weight and a constant . The smaller ~y is, the more accurate
but slower the training algorithm becomes. The equation 1.9 shows the exact expression of
an updating step for any weight w € {w} with {w} the set of all the trainable parametes.

IL(D|{w})

w4 w+ Aw, Aw=—vy 5 ,
w

Vw € {w} (1.5)

For the output layer the gradient can be easily calculated by applying the chain rule.

OL 9z da)Y OL

N = 9,,N 9N o N
Ow;  dwy; 02" Oa;

(1.6)

where

o N =% ; wg xév , the weighted sum of inputs to the neuron in the output layer.

e a¥ = o(z), the activation of the neuron in the output layer.

For the layers N-1 and N-2 (out of the total N layer) and by using the chain rule again

the gradient is given by the equations 1.7 and 1.8:

oL 8zfv_1 Gafv_l Z( (925\7 3CL§-V OL

- 1.
pul o 91 25N T 9K ) -9
oL  0zN7? 9a)? 3 Oz dapy 3 0z daf aL> (1.8)
Ow;y - w20z day 2 0z Qa1 0z 0al .

For the rest layers the equations get more complicated but with the same way as before.
The ordinary gradient descent algorithm computes the gradient of the loss function
using the whole dataset on each step. This way guarantee converge to the minimum (global
or local) of the training data but has a few major drawbacks. Firstly it can be remarkably
expensive especially in terms of memory usage. Modern DNNs can be enormous with

hundred of millions of trainable parameters fact that makes this approach practically



impossible. Second using the whole dataset usually leads to great result on the training

data but fails to generalise well on out of sample cases.

To deal with the above issues Gradient Descent is typically used in the form of Stochastic
Gradient descent (SGD), an other variance of the algorithm. SGD computes the the
gradient using only a random selected sample of the dataset and not the whole data. Hence
parameters are updated at every step based on this relatively small sample. This method
performs frequent updates that are usually much faster than the original and demand much
less memory resources. Furthermore the methodology produce many random fluctuation
on the loss function and the computed gradients. Those fluctuations allow the algorithm
to escape from a local minimal and allow it to jump to a new and potentially better spot
of the training space. Additionally the promote a better generalisation on external Data.

OL(Dy|W)

w—w+Aw Aw = —vy 5
w

where D, C D (1.9)

1.2.0.1 SGD variants

Beyond the classical gradient descent in the same family there is a number of more advanced
algorithms which are based on the same idea. An example is the the Gradient Descent
with momentum. Gradient descent with momentum depends on two training parameters
the learning rate v just like the simple gradient descent and the new momentum parameter
m. The introduction of the momentum makes the algorithm updates the weights by
using not only the current gradient, but also the recent trends of the loss function. The
exact effect of the momentum parameter is defining the dependence of the updates on
the previous values. The range of the momentum parameter is 0 < m < 1, 0 momentum
corresponds to no dependence, while 1 corresponds to 100% dependence on the previous
values and therefore no update of the gradient. Specifically the value of the Aw; at epoch

t is calculated via the equation 1.10.

- oL
Aw' = mAw'™ + (1 — m)(—fy%) (1.10)



The usage of the momentum can beneficially affect the training procedure in various
ways. Firstly it can accelerated the convergence especially in areas of the loss surface with
lower gradient values. Further because of this feature it can also help the algorithm to
escape from local minimals that would trap the algorithm and stop the training if ordinary
gradient descent was used. Additionally momentum makes the training more stable and
reduces the instillations of the loss values over the time.

Some other variants of the GD use even more parameters such as additional moments ,
decay rates normalization parameters and many more. Characteristic examples of these

sophisticated and complex training algorithms are :

Adaptive Gradient Algorithm(Adagrad) (Ruder, 2016; Mukkamala &Hein, 2017)

Root Mean Square Propagation(RMSprop)(Mukkamala &Hein, 2017)

Adadelta (Zeiler, 2012)

Adaptive Moment Estimation (Adam)(Kingma &Ba, 2014a)

Adagrad algorithm adapts the learning rate to the parameters and performs larger
updates for infrequent and smaller updates for the most frequent parameters (Papamakarios,
2014). Adadelta, RMSprop and Adam works in a similar way and they additionally keep an
exponentially decaying average of past squared gradients, Adam also keeps an exponentially
decaying average of past gradients. The latest with the correct selection of parameters

seems to be a very reliable method for training.

1.2.0.2 Over-fitting

Let Cj., the general class for all possible input/output data and D the set of the given
data, hence D C Cgye,,. As mentioned above the goal of the training procedure and Neural
Networks in general is not to fit 100% the given set of data D but to build a model that
accurately every possible subset D' C Cg,, of the given task . The situation on which
the model improves its performance on D but fails to give good results on out of sample

entries is called over-fitting .



In order to monitor model’s generalization we typically split the data D into 3 different
sub-sets D = {Dyrains Doatids Diest }- Fach one of those includes a set of inputs and the
corresponding outputs.The main dataset Dy,.q, is called Training Data and includes the
data on which the gradient descent will run and train the model. We use D4 (validation
set) for evaluating model’s performance in a regular basis. Convergence on the validation
set is the main criterion to conclude the training procedure. After finding the optimal

parameters the final evaluation is done using the test set Dyeq -

Over-fitting is a major problem for deep learning and various other machine learning
algorithms. Fortunately, there are many methodologies that can help with avoiding or
reducing over-fitting. A very popular and effective technique is the use of dropout layers
(Srivastava et al., 2014). The functionality of Dropout is to drop away some units of
the neural network during the training phase. More specifically it temporarily removes
neurons form the network, along with all its incoming and outgoing connections. That
is performed by using a random masking vector m € ZJ sampled independently from a

Bernoulli Distribution that change the formulation of a single layer to.
h=mooc(Wz+b), m,;~ Bernoulli(p) (1.11)

where o represents element-wise multiplication.

This practices limit the gradient flow only to a number of neurons and allows the model
to generalize more efficiently. The choice of which units to drop is purely random and the

probability p to for each unit is given as a hyper-parameter.

Another equally popular and effective technique is weight regularization. This methods
suggest adding an auxiliary extension on the Loss function that penalties high values of
network’s weights. Typically the additionally loss refers to mean squared or mean absolute

values of the weights or a linear combination of those.

Lmodel(Da ’lU) = Lpred(D|w) + Lreg(w) (112)

Lyeg(w) = azwz‘z + BZ |wil (1.13)



Besides dropout layers and weight regularization there many other parameters that improve
the over-fitting issue. An obvious example is an increased dataset size or the artificial
augmentation of data. Finally we have to note that sophisticated stochastic methodologies
such as variational Bayesian approaches provide better generelization and therefor are less

prone to over-fitting.

1.3 Activation Functions

If a NN use only linear multiplication between the layers then regardless the size and
the complexity of the architecture the network will be a simple linear model able to
approximates only a very brief spectrum of functions. The objective of the activation
functions is to make the connections between neurons non-linear extend the capability
of the model. There are numerous functions that can be used efficiently as activation
functions. The correct selection of those depends on the architecture of the model (size of
the layers,depth etc), as well as the task which the network is trained for. In common
practice, an activation function should be monotonic, and differentiable for z € R. Two of

the most popular choices are sigmoid and tanh funtions,
et —e™®

1
0(2) = 1 i tanh($) = m (114)

Sigmoid is a bounded function that get values in the range of (0,1), more specifically
lim, , o 0(z) = 1 and lim, , o o(x) = 0. Beside the standard usage as an activation
function sigmoid’s mathematical properties make it a popular choice for gating and masking
operations. Additionally is the standard output function for binary classification tasks
where the output is probability p € [0, 1]. Similar to sigmoid tanh is also a bounded funtion
but in contrast to the previous it is zero centered ( tanh(0) = 0 ) and lim,_, tanh(z) =1
, lim, , o tanh(x) = —1. The 2 functions have similar representative power and are
especially popular in various cases.

The main disadvantage of the sigmoid funtion, and by extension of tanh, is the so called

do(z)

vanishing gradients problem. The gradient of the sigmoid is =% = o(2)(1 — o(x)) hence
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Figure 1.2: Sigmoid Figure 1.3: Tanh

d‘;gf) ~ (0 and weight values are practically never

for |z| >> 0 gradient appraches zero
updated. Furthermore the maximum value of the gradient is 0.25 which means that the
gradients of the trainable parameters previous of the note are in best case 4 times smaller

than the original ( linear ). Those effects get much bigger for deep architectures. Let a

df (x do(z) do(x
J;(x): ()( ())

f(z) = o(o(z)) a trivial example of a deep model. The derivative is now (T

tending to 0 much faster than before and in best case 16 times smaller than a linear model.

Rectified Linear Unit (ReLU) is currently the most frequently used nonlinearity in
Deep Learning. Assuming an input z € R ReLLU returns 0 if z < 0 and acts like an identity

function in the opposite case .

0 <0
ReLU(z) = (1.15)

x otherwise

ReLLU is an especially simple activation function, technically nothing more than the
concatenation of two linear functions. As a result is computationally significantly more
efficient than sigmoid-like functions and it is considered suitable for Deep models avoiding
the vanishing gradients (Krizhevsky et al., 2012). On the other hand the activation can
blow up reaching extremely large numbers with no constrain while on the other extreme if

activation get below zero the connection is technically dead with zero gradient.

Literature is full of Relu variants with slightly more sophisticated format. Such

examples are leaky relu and elu.

10



10 A

T T T T T T T T T T T T T T T T T T
-00 -75 -50 -25 00 25 5.0 75 100 -100 -75 -50 -25 00 25 50 75 100
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Figure 1.6: leakyReLU

0.lx <0 ae®—1) =<0
leakyReLU (x) = , ELU(z) = (1.16)

T otherwise T otherwise

Both are designed to fix obstacles like the dying ReLU problem by alternate the zero value
for x < 0. These formulations while yield close to zero values provide non-zero gradients

allowing models to return from dead situations.
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Chapter 2

Bayesian Deep Learning

Bayesian deep learning is an approach that integrates Bayesian inference with artificial
neural networks, providing to these networks several beneficial properties. This fusion
results in Bayesian Neural Networks (BNNs) that have the intrinsic ability to incorporate
uncertainty directly into the deep learning models. In contrast to traditional neural
networks with fixed parameters, BNNs consider parameters as probability distributions.
This approach inherently embeds uncertainty within the model, enhancing its robustness
while maintaining performance. The probabilistic nature of these networks offers a more
nuanced and flexible framework for learning, making them particularly suitable for a wide
range of applications.

Additionally, BNNs exhibit a significant resistance to overfitting, a notable challenge
in deep learning. Due to their stochastic characteristics, stemming from probabilistic
parameterization, these networks are less likely to overfit to the training data. This
attribute is particularly advantageous in complex or over-parameterized models. The
advantages of Bayesian Neural Networks extend beyond just avoiding overfitting; they also
include enhanced accuracy, uncertainty awareness, improved generalization capabilities to
new data, and more efficient memory usage. This chapter aims to provide a comprehensive
examination of these features, focusing on the theoretical foundations of Bayesian deep
learning. It seeks to clarify how the unique properties of BNNs can be effectively leveraged

to optimize both the performance and efficiency of neural network models.
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2.1 Bayesian Methods

Lets consider Fy(x) to be a parametric model defined by a set of parameters 6. Unlike
standard (Frequentist) statistical modeling, where these parameters are assumed to be
fixed constants, Bayesian inference treats @ as random variables. This perspective does
not imply genuine randomness, but rather encompasses the uncertainty about the true
values of the parameters.

The cornerstone of this methodology is Bayes’ theorem, reads as:

P(D|6)P(6)

(2.1)

where 6 represents the parameters under investigation and D signifies the observed data.

In Bayesian inference, the posterior distribution P(8|D) of the parameters is derived by
employing the conditional probability P(D|€) and the prior probability P(@). The prior
probability embodies our initial understanding before any data observation. Conversely,
P(D|0) integrates the data into the model. Consequently, inferences are drawn by merging
this prior knowledge with the observed data D. The denominator, P(D), signifies the
marginal likelihood, serving essentially as a normalizing constant.

The computation of P(D) involves an integral that often poses a significant algebraic

challenge and leads to computational inefficiency:

P(D) = / p(D|6)p(6)d6 (2.2)

The integration of this marginal likelihood is crucial for deriving an analytical form of the
posterior probability, but this is rarely feasible. Hence, in such scenarios, we resort to

various sampling and approximation algorithms.

2.1.1 MCMC Sampling

Markov Chain Monte Carlo (MCMC) represents a collection of advanced stochastic sam-

pling algorithms designed for accurately approximating a broad spectrum of distributions,
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symbolized as P(x), with @ € R™. These algorithms are fundamentally based on construct-
ing Markov chains that are specifically engineered to achieve an equilibrium distribution,
denoted as P,(x). This equilibrium distribution is tailored to approximate closely the
desired target distribution P(x). By employing such Markov chains, one can effectively
sample from P(x) by methodically accumulating the states of the chain. This subsection
aims to provide a detailed exploration of some prominent MCMC algorithms, highlighting

their unique characteristics and applications.

2.1.1.1 Metropolis—Hastings

The Metropolis-Hastings algorithm is a highly esteemed member of the MCMC family,
initially developed to tackle complex statistical physics problems (Metropolis et al.,
1953). This algorithm is particularly popular for its adaptability and straightforward
implementation. Its core capability is to draw samples from a specified distribution P(x)
using a function p(x), which is proportional to P(x), p(x) ~ P(x). This feature is
crucial in the field of Bayesian inference, where normalizing factors often pose significant

computational challenges, sometimes rendering them infeasible.

Initiating the Metropolis-Hastings algorithm involves selecting an arbitrary starting
point @y within the R™ dimensional space. Subsequently, an integral part of the process
is choosing a suitable candidate-generating distribution Q(x|x;). This distribution is
employed to generate potential future states. The chosen distribution Q(x|x;) must
depend solely on the current state and exhibit symmetry, adhering to the condition
Q(x'|z) = Q(zx|x’). While various distributions meeting these criteria can be used, a
prevalent and practical choice is a Gaussian distribution, where the mean (u) is set to the

current state x;, thus transforming the process into a form of Gaussian random walk.

Once p(x), Q(x|x;), and the initial state x, are established, the algorithm proceeds to
define a loop for the sampling process. Each iteration begins by generating a candidate state

&', following the distribution Q(x|x;). The next step involves calculating an acceptance

p(’)
p(xe)’

ratio, a = to determine the viability of accepting this new candidate state. This

ratio a is then compared with a randomly generated number z from a uniform distribution
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Ul0,1]. If @ > z, then the candidate state &’ is accepted as the new state (x4 = «’). If
not, the algorithm repeats the process from the initial step.

Despite the proven effectiveness of MCMC algorithms in closely approximating the
target distribution P(x), they are accompanied by significant drawbacks, mainly related to
processing speed and computational resource demands. A primary challenge is the duration
required for the algorithm to achieve an equilibrium distribution that closely matches
the target P(x). This convergence can be especially protracted when the initial point
x( is not well-chosen, necessitating numerous iterations to reach a state of convergence.
Additionally, due to the inherent characteristics of the random walk strategy employed,
a considerable number of samples is often required. This high sample count is a direct
consequence of the significant correlation typically observed between consecutive states in
the Markov chain, presenting further challenges in the efficient implementation of MCMC

algorithms.

2.1.2 Variational Inference

Variational Inference (VI), as presented by Wainwright &Jordan (2008), introduces a
distinctive strategy that diverges from the traditional Markov Chain Monte Carlo (MCMC)
methods. VI employs an alternative tactic by using an auxiliary distribution, denoted
as ¢(0), to approximate the true but computationally challenging posterior distribution
P(0|D).

At its core, VI involves selecting a specific family of distributions, labeled @), which
are characterized by their well-defined analytical forms. The aim here is to identify the
particular member ¢ € @) that offers the closest approximation to the actual posterior
distribution P. This selected family () is typically parameterized by a set of parameters ¢.
Thus, the task within VI transforms into an optimization challenge, where the objective is
to find the optimal parameter set ¢ that results in the most accurate approximation of
the posterior distribution.

This optimization is achieved by minimizing the divergence between the true posterior

P(6|D) and the variational approximation Q4(@). Common practice in VI involves
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expressing this divergence using the Kullback—Leibler (KL) divergence, which is a measure
of how one probability distribution diverges from a second, reference probability distribution.

The KL divergence in this context is defined as:

P(6|D)
Q4(0)

KL(P(0|D)[|Q4(8)) = E[P(x)log( ) (2.3)

This equation quantitatively measures the difference between the proposed variational

distribution and the actual posterior.

2.1.2.1 Kullback—Leibler Divergence

To further understand the role of Kullback-Leibler divergence (KL) in Variational Inference,
let’s delve into its properties and usage as a tool for comparing probability distributions.
The KL divergence is defined differently for discrete and continuous probability spaces, as
shown in the following equations:

For discrete probability spaces, the KL divergence is defined as:

KLP | Q) = X Pla)tog () (2.4

For continuous probability spaces, it is defined as:

o0

KL(P| @)= |

—0o0

P(z)log <g(‘”)) dx (2.5)

The KL divergence’s values range from 0 to infinity, with higher values indicating greater
divergence between the distributions. If P and @ are identical for all z (P(z) = Q(x); V),
then K L(P||Q) = 0. Conversely, if P and @ are completely dissimilar, the KL divergence
tends towards infinity.

Computing the KL divergence for continuous distributions, especially over unbounded
multi-dimensional domains, can be computationally intensive or even infeasible. However,
for certain families of distributions, such as Gaussian distributions, the KL divergence

can be analytically derived, avoiding costly integration. For example, the KL divergence

16



between two Gaussian distributions N (uy, 01) and N (ue, 02) can be expressed as a function

of their parameters:

1
KL(N<CC|M17O-1) || N(.Tl/,LQ,UQ)) = 5 [Iog (? 02
1 2

In cases where an analytical solution for the KL divergence is not feasible, Monte Carlo
estimation offers a practical alternative. This method is particularly useful when we can
efficiently sample from the distribution P(x). The Monte Carlo estimation of the KL
divergence involves approximating the integral by averaging the log-ratio of the probabilities

of sampled points. The approximation formula can be expressed as follows:

KL(P || Q) ~ %Zlog (gg;) . @i~ P2) (2.7)

Here, N represents the number of samples drawn from the distribution P(z), and z; are
the individual samples. This Monte Carlo approach calculates an approximate value of the
KL divergence by averaging the log-ratio of probabilities for these samples. Although this
method may not provide the exact value of the KL divergence, it offers a computationally
feasible way to estimate it, especially in high-dimensional spaces or when dealing with
complex distributions.

In conclusion, Variational Inference leverages the KL divergence as a metric to optimize
the approximation of the true posterior distribution. The use of KL divergence, either
through analytical calculation for certain distribution families or via Monte Carlo estimation
for more complex cases, is central to the effectiveness of VI in probabilistic inference,

especially in scenarios where direct computation of the posterior distribution is impractical.

2.1.2.2 Evidence Lower Bound

To optimize K L(P||Q), access to the intractable P(8|D) and P(D) is required, leaving
the problem unsolved. A solution to this problem lies in maximizing the Evidence Lower

Bound (ELBO), which is equivalent to minimizing the KL divergence between ¢ and p.
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The ELBO, denoted as L(¢), is given by:

L) = / 45(0) 10z p(D|0)d6 — KL (44(6) || P(6)) (2.8)

The former expression represent the lower bound of the log-evidence log(P (D)) hence

log(P(D)) > L(¢) . The latest inequality can be easily been proved:

P(6/D)

16(0)
KLlas(0)|IPOID) =+ | t6(0)l0g 1555100 = — [ ast6)iog g0 =
K L(gs(6)|[P(8]D)) = - / q¢<e>zOg%de -
K L(g4(6)||P(6]D)) = — / q¢<e>wg%da+ / 4(0)log(P(D))do — / 16(0)log(P(D|0)d0 =

K L(qg(0)||P(0|D)) = +K L(qe(0)||P(6]D)) — log(P(D)) —/061¢(9)l09(P(D|9))d9

(2.9)
From the 2.9 and given that K L(Q||P) > 0 we get :

log(P(D)) — K L(qe(0)||P(6]D)) = /0%(0)109(13@9))619 — KL(q5(0)|P(8)) =

log(P(D)) = L(¢) (2.10)

Furthermore since log(P(D)) is a constant 2.9 shows the initial statement that maxi-

mizing ELBO minimizes K L(qy||P(6||D)).

2.2 Bayesian Neural Networks

Conventional Neural networks learn by finding the values of their trainable parameters
0 = w for which they achieve the optimal performance for a specific task T. In that
frequentist case, the final product is a set of point estimations for all these parameters.
Bayesian deep learning is an alternative approach of NNs where the trainable parameters
are approached not as fixed values but as random variables in a Bayesian fashion (Jospin

et al., 2021; Blundell et al., 2015).
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In this context, we introduce distributions over all network parameters p(w). We now
target not to find an optimal value for 6 but to properly adjust the weight distributions
on the given observations. Throughout the training phase we conclude to a data-aware
posterior distribution p(w|D) for all the model’s parameter’s. By the usage of Bayesian
rule the posterior is expressed as (Jospin et al., 2021; Heckerman, 2008; Kingma & Welling,
2013) :

D|w)p(w)

_ o

The complexity of Deep Models and the enormous number of the parameters make
posterior inference and prediction on unseen data are intractable. As a result we need to
some sort of approximation technique to both train and estimate such models. Typically
these techniques include some sort of Monte Carlo treatment. Therefore running a BNN
includes a stochastic sampling from the Postrerior P(w|D) (or an its approximation)

that make BNN itself a stochastic procedure representing sampling from a distribution

Pnn(ylz, p(w))
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Figure 2.1: Left: Conventional Neural network, Right: Bayesian Neural Network

While MCMC algorithms have been proposed and used for BNN from various researches
their computational cost make them an inferior method. Variatioanal inference on the

other hand has been proved an exceptional choice.

2.2.1 Variatonal Bayes NN

To deal with posterior inference over the complex structures of BNNs we need to employ

approximate techniques. The variational approach has been proved the most efficient
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and effective way to work. As we discussed before we need to select a family of posterior
distributions that would describe well the true and proper corresponding priors. In the
Bayesian Deep Learning concept we then fit the model to minimize the prior-posterior

deviation.

In the VI schema we employ an variational posterior distribution to approximate the
true but intractable posterior; let q such a distribitution parameterized by variational
parameters ¢. We now want maximimize and Evidence Lower Bound that constitutes the
lower bound. ELBO is usually constructed from the summation of CrossEntropy and the
Kullback—Leibler divergence between priors and variational posteriors. The first term is

model’s primary metric while the second one is a regularization term.

ELBO is constructed from the summation of two parts. The fist term is the expected
log-likelihood, maximizing this part is equilecant to searching for a variational distribution
that explains the data well. The second term is the prior-posterior KL divergenvr which

acts as regularization keeping variotional posterior close to the pior.

Lo - | q¢<w>wgq]j(iv“’)> dw + K L(ge(w)[p(w)) (2.12)

Calculation ELBO analytically is impossible since the expected likelihood is intractable.
However it can be well approximated via a Monte Carlo approach. The necessity and
the success of the Monte Carlo approach makes the term Stochastic Neural Networks

interwoven with these Bayesian methods.

In order to apply the backpropagation algorithm effectively in a Monte Carlo setting,
it is necessary to efficiently compute the gradients resulting from differentiating the
ELBO with regards to the networks parameters. Recent literature in the field is in large
part concerned with different ways of solving this problem; Bayes by Backprop with

reparameterizations tricks being the most famous methods.
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2.2.2 Reparameterization trick

In order to train a Variational BNN we need to draw samples from the posteriors in way
that concurrently allows the gradient flow to pass and update the parameters. Reparame-
terization trick (Kingma & Welling, 2013) is a way to rewrite this expectation so that the
distribution with respect to which we take the gradient is independent of trainable param-
eters ¢, and that by making the stochastic element in g4 independent of ¢.Technically we
employ an auxiliary and purely random variable z and a deterministic function (¢, z) for
which:

w=1t(z,¢) z~ p(z)is equilevant to w ~ gg(w) (2.13)

and therefore:

/ £ () () = / F(t(, 2)p(2)dz (2.14)

As a characteristic example we now present the case of Gaussian Distribution.

2.2.2.1 Gaussian Distribution

Gaussian distributions are notably prevalent in modeling the posteriors of weights in
various probabilistic models. Their use is partly attributed to the tractability of their
Kullback—Leibler (KL) divergence and the efficiency of the reparametrization trick as-
sociated with them. Consider a variational posterior of the weights represented by a
Gaussian distribution N(w|u, o). Utilizing the basic algebraic properties of Gaussian
distributions, we can express N(w|u, o) as p+ oN(w|0,1). This expression simplifies the
process of sampling from N (w|u, o), which is effectively equivalent to drawing a sample z

from N(w|0, 1), scaling it by o, and then adding .

w=p+ oz where z~ N(0,1) (2.15)

In that way, we separate the random generator from the trainable parameters and

enable training through gradient descent.
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2.2.2.2 Discrete Distributions

In several Stochastic DL setups(Panousis et al., 2019b), we often need to draw samples
from trainable discrete distributions. While not identical the case shares many properties
of the other reparametrization tricks. An elegant way to do that is the Gumbel Softmax

relaxation trick (Jang et al., 2016).

exp ((logn +g)/T)
>iLy exp((logm; + g:)/T) (2.16)
g = —log(—logz), z ~U(0,1)

&=

This technique is designed to offer low-variance gradients and smooth ELBO convergence
during the training phase but almost perfectly discrete(one-hot) samples during inference.
The hardness of GS is controlled by the temperature hyper-parameter T; a high T value

implies smooth gradient while low temperatures yield the true discrete posterior.

2.2.3 Training and Inference

2.2.3.1 Bayes by Backprop

Lets now examine the exact training algorithm we use for BNNs(Back &Keith, 2019;
Heckerman, 2008). For the rest part we assume the usage of Gaussian N(u, o) as
the variational posterior and a spherical Gaussian p(w) = N (0, I) as a proposed prior

distribution; that is by far the most frequently used case.

The loss function we look to minimize to train such networks is the negative ELBO.

Loss(w, ) = / 46(w)p(Dlw) + K L{ge(w)|[p(w)) (2.17)

The integral of the first part is unapproachable and to deal with it we need to emlpoy

an MC approximiation and rewrite the Loss function as:
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L

/ 7p(w)p(D]w) ~ %Zp(mwl) where w' ~ g4(w). (2.18)

=1

Similar approximation can be applied to KL term as well. Although given our assumption
for Gaussian posterior calculations can become ever simpler. We can reduce the prior-
posterior kl divergence to a close form. Based on the previous discussion and 2.6:

N2+0'2

1
5 logo — -] (2.19)

KL{gg(w)[|p(w)] = KL(¢ = {p, 0}) = | 5

Now we want to optimize the Loss function with respect to ¢ = {u, o} and that through
gradient descent and backpropagation. Consequently we need to calculate the Gradient
of Loss with respect to the parameters. However the stochasticity of the monter carlo
appraximation blocks the access to the internal parts of a network 2.18. Thanks to existing

of the reparametrizitiotion trick we can set w = t(z, ¢) and get:

L

[ dovtwlp(lw)dw = [ ppDltz o)z ~ > DIt 0 = (. })

z =1

where z' ~ N(0,I). (2.20)

By utilizing the equations 2.19 and 2.20 we are able to approximate well the Loss with
an expression depended exclusively on the parameters ¢ and the auxiliary z. Now it is

possible to effectively calculate the gradient with respect to any variational parameter

0Loss
op

0Loss B 0 OK L(¢)

5o = 5 | PRI @)z + TP -
0Loss B 01 L ! 0K L(¢)
OLoss 1 op(D|t(', @) = OKL(¢p) !

5 _E; 56 T 5% , 2~ p(2)

(2.21)
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We have to note that theoretically in order to achieve a strong Monte Carlo approx-
imation the sample size L needs to be relatively high. However in practice it has been
proved that even for L = 1 we are able to get low variant gradients and train a BNN
effectively. This is partly due the mechanism of the Stochastic Gradient Descent that gets
gradient not on the whole dataset D but on N different subsets of D with size M = %.
Thankfully this practice benefits the MC version of the expected log-likelihood providing

with a sufficient sample.

2.2.3.2 Inference

In the context of Bayesian Neural Networks (BNNs), the inference algorithm adopts a more
streamlined approach. The primary task involves generating samples from the variational
posteriors, symbolized as w ~ gy(w), and subsequently deploying these samples within
the network. To elaborate, the inference process entails repeatedly sampling from gg(w),
specifically S times. The next step involves calculating the average of the output logits for
each sample, a method known as Bayesian averaging. The value of S plays a pivotal role:
a higher S generally leads to improved accuracy but at the expense of a longer inference
time. In contrast, a smaller S can increase the variance of the output while reducing the
computation time in a linear fashion. Selecting the optimal S value largely depends on the
specific characteristics of the model and the nature of the task being addressed.

This concept can be mathematically represented as:

S

1 (T) = S Zng(x) L 0; ~ qe(w) (2.22)

Here, Fy,(z) denotes the final inferred output, which is the average of the outputs Fy,(z),

each computed from a different sample 6; drawn from the posterior ¢4(f).
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Chapter 3

Sequential Data and Transformers

Sequential data modeling is an important and broad area of machine learning, related
to numerous real-world applications. The term ”sequential data” refers to any form
of input/output data that evolves over a time axis or has a dependency on a time-like
parameter, whether discrete or continuous. Notable examples of sequential data include
natural language and videos. Natural language relies on the sequential order of words to
convey meaning, while videos consist of image sequences that capture motion over time.
Both are crucial for deep learning, the foremost approach for analyzing such data.

Deep learning has presented many significant advancements in sequential data and
NLP over the last years, yet the introduction of Transformer networks arguably represents
the most noteworthy leap forward. Distinct from prior models, Transformers exclusively
utilize attention mechanisms, notably self-attention, removing the older dependence on
recurrent methods. This advancement facilitates a dynamic comprehension of the varying
significance of different data segments, thereby enhancing performance and modeling
efficiency, particularly for extended sequences, making them exceptionally suited for
processing languages, videos, and many other data formats.

This chapter introduces the essential background on sequential data and natural lan-
guage processing (NLP), establishing the necessary groundwork for the chapters that follow.
It traces the historical development of relevant deep learning techniques, concluding to
the introduction of Transformer networks. The chapter provides a detailed examination of
Transformers, exploring the core mechanisms, applications, and advantages over preceding
approaches. Additionally, we briefly discuss their latest variants and applications in NLP

and beyond.
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3.1 Recurrent Neural Networks
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Figure 3.1: Recurrent Neural Networks

Recurrent Neural Networks (RNNs), as identified by Medsker &Jain (2001), are specif-
ically designed architectures for processing sequential data. These networks distinguish
themselves through connections that span across the temporal dimension, forming a
directed graph. This configuration endows RNNs with a form of internal memory, enabling
dynamic temporal behavior. This feature is particularly advantageous for applications in
text, speech, and video analysis. In contrast to dense layers, RNNs process information
not just from the present input, but also incorporate feedback previous network’s step.

Mathematically, the output, or hidden state h, of an RNN is given by:
h; = F(zi™" hy_,| 0) (3.1)

The function F' in RNNs takes various forms, defining different versions of the RNN
architecture. The most basic form, often referred to as a vanilla RNN, operates by
concatenating 't and h’ — 1, and then processing them in a manner similar to dense

layers. This approach is encapsulated in the following equation referred to as 3.2:
F(azt, ht_1|‘/V, U, b) = tanh (Wﬂ:t + Uht_l + b) (32)

RNNs remain widely used for sequence-based applications due to their simplicity and
effectiveness. However, they are not without significant drawbacks. The sequential nature
of RNNs impedes full parallelization of computations, leading to exponentially increased

training and inference times. Another major issue is the vanishing gradient problem and
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particularly in larger networks. This occurs when the gradients of earlier layers diminish

to almost zero during backpropagation, resulting in extremely slow training processes.

3.1.0.1 LSTM
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Figure 3.2: The LSTM Module.

Long Short Term Memory networks (LSTMs) are a kind of sophisticated RNNs and
have the same chain like structure as the original. Although, unlike the simple recurrent
unit which overwrites its content at each time-step, an LSTM unit is able to decide whether
to keep the existing memory. Intuitively, if the LSTM unit detects an important feature
from an input sequence at early stage, it easily carries this information(Chung et al., 2014).
This functionality allows them to reduce the vanishing gradient problem.

The exact LSTM’s formulation, while follows the 3.1 scheme, is significantly different
than the original case. A regular RNN layer hidden unit h,has both the roles of the
central output and the only memory-related representation. This approach confines the
functionalities of the memory system especially for long sequences. The centre idea behind
LSTM is the introduction of the cell state ¢, a vector purposed to act exclusively as
the main memory channel of the network. The hidden unit still contributes in memory
transferring but now in a limited and auxiliary way. Therefore we now have schematic

equation 3.3

ht = F(wt, htfl, Ct,1’ 0 ) (33)

where 0 the set of all the trainable parameters
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LSTM features a complex internal memory processing system based on a series of
gating operations. Throughout of those it can add, delete, and forget information from the
cell state in a controlled way and leverage the stored memory to improve the predictions.
Figure 3.2 makes a visual representation of the exact gating system. ysis of the whole unit
we have a set of 3 mechanisms. The first one is based on a forget gate vector f which acts
as a weight on old information and technically decides which parts to remember. Vector f

at time step t is a function of the input z; and the previous latent state h;_;.

ft = O'g(WfCBt -+ Ufht_l + bf) (34)

Subsequently there is a two phase mechanism that determines what new information are
going to get stored on the cell state. More specifically it computes a vector of candidate
values ¢ and an input gate vector ¢ that decides which values of ¢ will be infused to the

cell state. Similarly to f; at time step ¢ the i; and ¢ vectors are:

it = O'g(mmt + Uih't—l + bz) (35)

ét = UC(WCZB,; + Ucht—l + bc) (36)

The final cell state is computed as function of of the previous cell state and the new

candidate values in the following way:

ct=fioci1+1 06 (3.7)

where o element wise multiplication

The third mechanism aims to produce the final output of the model based on the input
x and whole inherited memory. In order to do so it produce a candidate output vector o

and combines it with the current cell state ¢; in the following way.

O = O'g(Woa'}t -+ Uoht—l + bo) (38)

h, = 0,0 0p(c;) (3.9)
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3.1.0.2 GRU

A third popular RNN vatiaion is the Gated recurrent unit (GRU) (Chung et al., 2014).
GRU does not feature LSTM’s cell state system (or equivalent). It follows the original,
and simpler, one vector approach using only the previous hidden state. However GRU has

a repeating unit significantly more advanced the vanilla case.

Two are gating vectors used, the reset gate vector r; and the update gate vector z;

calculated through:

Ty = Ug(Wth + Urht—l + br> (310)

Zt = Ug(szt + Uzht—l + bz) (311)

The first is used to determinate which part of the previous unit h;_; should be included
on a new candidate vector ﬂt. While the second one is used on the diffusion of h into

h;_;. The exact formulation for those is:

h, = tanh x, + Uy, (7 0 hy_y) + by,) (3.12)

ht = (1 — Zt) (o] ht—l + Zt O ilt (313)

3.2 Natural Language Processing (NLP)

Natural Language Processing (NLP) is a subfield of Artificial Intelligence and computational
linguistics dedicated to the automated processing, understanding, and generation of
human (natural) language. Natural language is usually expressed through speech or text.
Speech-related NLP tasks include speech recognition, which converts audio signals into
corresponding textual data, and speech synthesis, the reverse of this process.

Although speech is a form of natural language, the term NLP tends to focus more on

textual data. Textual information is more easily understood by machines and provides a
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more refined form of linguistic knowledge. Furthermore, the availability of data in text
form is much larger and easier to store and handle.

Initially, the field relied exclusively or partly on rule-based methods, although these
approaches have now been superseded by modern machine learning techniques. Deep
Learning has emerged as the dominant methodology in NLP. The contemporary literature
is filled with advanced neural network (NN) architectures adept at processing textual
data. A common starting point for many of these models involves word tokenization and

embedding.

Word Embedding

Tokenization is the process of dividing input and target sentences into basic units, often
words or characters, with words being the preferred choice. Let V represent the compre-
hensive vocabulary of a dataset, comprising k& distinct words and special characters. Each
lexical unit is assigned a unique identifier ¢ € [0,k — 1]. Representing these words in a
neural network typically involves one-hot encoding, where each word w; is represented as
a k-dimensional vector w € {0, 1}*, with all elements set to zero except for the ith entry.

However, one-hot encoding has its limitations, as it does not reflect semantic rela-
tionships between words. The embedding phase aims to map these tokens into a more
expressive vector space, usually through a trainable fully connected layer, possibly with a

non-linear activation function:

w, = Embedding(w,|W) = o(wI W), (3.14)

where w, € one_hot® and w, € R’ (3.15)

This embedding space offers an effective way to quantitatively model a word’s meaning.
Words with similar meanings are projected in close proximity, while more complex semantic
relationships can be expressed through specific geometric properties. The dimensionality
[ of the resulting vectors is a crucial tunable hyperparameter for a typical Deep NLP
model. The embedding should be large enough to encapsulate the necessary information,

as too small a size limits its expressive power, whereas an overly large space may lead to
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high sparsity and fail to correctly model the required geometric properties, in addition to
increasing computational costs.
In addition to trainable embeddings, some models utilize pre-trained embedding layers

like GLOVE and Word2Vec, which are preferred in certain contexts.

Temporal Interaction

As previously elaborated, natural languages inherently adhere to sequential structures,
requiring sentences as their basic organizational units for conveying meaning comprehen-
sively. Consequently, analyzing isolated words falls short of extracting requisite information.
Following the embedding phase, subsequent layers are invoked to capture the temporal
dynamics within sentences. These components manage word-to-word interactions within
sentences and form the foundational core of every Deep Learning model designed for NLP.
In earlier successful forays, recurrent neural networks (RNNs) and their variants constituted
the default choice for modeling natural language. RNNs process words sequentially within
a sentence, albeit with specific formulations and architectures tailored to the task at hand.

The most common and simple NLP tasks encompass classification and regression, in
which a given input sentence @ = {x1, ..., x,} necessitates prediction of either a class or a
continuous real number. Sentiment analysis, a prominent application, involves contextual
analysis of text data to predict positive or negative sentiments. Such tasks conventionally
employ architectures featuring a linear embedding layer and a stack of one or more RNN
layers. The final hidden vector of the ultimate RNN layer is subsequently conveyed to an

additional linear/softmax layer for effecting predictions.

3.2.1 Sequence-to-Sequence Models

Sequence-to-sequence (Seg2Seq) models (Sutskever et al., 2014) constitute neural network
architectures designed specifically for tasks wherein both input and output are sequential
in nature. Prominent among these are natural language processing (NLP) applications
like automatic dialogue systems (chatbots) and neural machine translation, esteemed as

among the most prevalent and consequential within the NLP domain.
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In essence, given a source sequence x = {x,...,&,} and a target sequence y =
{y1,...,Ym}, the principal objective of Seq2Seq models revolves around the extraction of
pertinent features from @ and the generation of the complete output estimation sequence
y. The salient challenge here stems from the disparity in lengths between & and vy,
precluding a direct one-to-one mapping between their constituents. Consequently, the
model is compelled to construct the entirety of the output sentence predicated upon the
entirety of the input sequence.

The foundational architecture of Seq2Seq models comprises two distinct constituents:
the encoder and the decoder. The encoder, occupying the initial phase of these architectures,
assumes responsibility for processing input sentences, extracting pivotal information,
and generating latent representations e = f.(x1,...,x,|0.) that enclose all the needed
information. Subsequently, the decoder, which receives these representations as input,
endeavors to synthesize syntactically correct output sentences. Decoders conventionally
operate in an auto-regressive mode, predicting sentences word by word, with each prediction
step informed by its predecessors: p(y;) = fs(e, y1.i-1|04). Frequently, decoder training
proceeds under the assumption of perfect recognition of previous steps, a practice known
as teacher forcing.

In initial RNN-based models, the encoder’s latent state was conveyed as a solitary vector
to the decoder, serving as the RNN’s memory unit. However, this approach was marred by
multiple limitations. The intrinsic capacity of a single vector to encapsulate information is
inherently restricted and frequently inadequate for a comprehensive depiction of the entire
sentence. Particularly in the later phases of decoding, the initial input information could
fade into obscurity. Additionally, RNNs encountered difficulties when handling protracted

sequences. The advent of the attention mechanism emerged as an elegant solution

3.3 Attention Mechanisms

Attention mechanisms are techniques that enable neural networks to selectively focus on
specific components of multidimensional input data. In contrast to Convolutional and

Recurrent layers, attention dynamically selects relevant subcomponents for information
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processing.

Given a query vector ¢ and a set of key-value pairs, k = {ki,ko,...,k,} and v =
{v1,v9,...,v,}, attention works by mapping ¢, k, and v to an output vector o. Typically,
the output is a weighted sum of the values v, where the weights are determined by a

compatibility score between the query and the corresponding key:

m

o= Z w;v;, w; = score(q, k;) (3.16)

i=1

Attention mechanisms can be categorized as either local or global. In the case of
local attention, only a limited portion of the key and value vectors is considered during
the scoring process. This approach allows for faster and more targeted computation by
avoiding distant parts of the input. In contrast, global attention considers the entire sets of
keys and values, allowing the model to explore and process information from all available

sources.

For sequence-to-sequence models, attention has proven to be an exceptionally useful
feature and is now an integral part of most state-of-the-art architectures. As mentioned
earlier, traditional seq-to-seq models face challenges such as the vanishing gradient problem
and difficulty in transmitting encoded representations to longer decoders. These issues
arise due to the inherent limitations of RNN-only networks, where the only connection
between the encoder and decoder is through the memory units passed from the first to the
last. Attention has emerged as a solution to this problem, as it enables decoders to access

the entire encoded sequence for making predictions.

Let b and h represent the encoder’s and decoder’s hidden states, respectively. Following
the general attention scheme, we model h as the query values (q), and h as both the keys
(k) and values (v). This way, the output o is a weighted sum of all encoder hidden states,
and the decoder selects which ones to 'attend’ to at each step. The actual mechanism for
calculating and utilizing o varies depending on the specific task and architecture. In the
following sections, we will delve into two of the most influential attention-based seq-to-seq

variations: Luong (Luong et al., 2015) and Bahdanau (Bahdanau et al., 2014).
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3.3.0.1 Luong’s Attention Mechanism

Luong’s attention mechanism stands out as one of the most successful variations in
the realm of attention mechanisms. Its popularity can be attributed to the remarkable
quality of results it delivers and its adaptable design that seamlessly accommodates new
architectural developments. What sets Luong’s attention apart is its versatility, as it does

not prescribe a specific scoring function but rather offers a range of choices.

Luong’s attention mechanism presents three distinct scoring functions:

q: - ks Dot
score(qy, ks) = < q; - W,k General (3.17)

u - tanh(Wj[qs; ks]) Concat

Any of these scoring functions can be employed to compute the alignment scores for
the encoder’s latest hidden states, which serve as key-value pairs. Following the standard
formulation, the context vector c is calculated as a weighted sum of the encoder’s hidden

states, denoted as h; with associated weights w;:

The query vectors are derived from the current hidden states of the decoder’s latest layer,
represented as h;. To combine the context vector with the hidden state, a straightforward
concatenation layer is employed. Subsequently, the result is processed through a single
hyperbolic tangent (tanh) activated layer, yielding the final representation vector h.

Consequently, the predicted distribution becomes:

p(Yi|y<:, ©) = softmax(W;h) (3.19)

The context vector is computed based on the alignment scores and follows the standard

formulation.
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3.3.0.2 Bahdanau’s Attention Mechanism

Bahdanau’s attention formulation was introduced in one of the pioneering papers that
significantly advanced sequence-to-sequence translation through the incorporation of
attention mechanisms. In this version, the scoring values are computed using a trainable
feedforward layer, which takes joint query and key vectors as input. While this model
adheres to the conventional practice of using the last hidden layer of the encoder for key
and value vectors, it deviates from the norm by employing the previous hidden state h;_;
of the RNN as query values.

The scoring function is defined as follows:

score(q, k) = softmax(W|q; k|) (3.20)

Following the appropriate normalization through a softmax activation, the scores are
then utilized to compute the output context vector, based on the standard attention
formula. The resulting context vector enriches the previous hidden state h;_; and is

subsequently passed to the following RNN layer.

Figure 3.3: Sequence-to-sequence models with attention: Bahdanau (left) and Luong
(right).

The Attention mechanism (Vaswani et al., 2017b) improved dramatically the predictive
power of the sequence to sequence models. However these approaches were still facing

some important issues. For example the problematic behaviour that RNNs show on
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long sequences was not solved. These modules are technically unable to catch long-term
dependencies that often exist in the input data. Furthermore because of the step-to-step
fashion that they work, they cannot be properly parallelized. Hence both training and

inference are prolonged.

3.4 Transformers

3.4.1 The Original Transformer

The Transformer model introduced a groundbreaking architectural paradigm shift when
it was first unveiled at the NIPS conference in 2017 by Vaswani et al. (2017a). This
innovative architecture represents a considerable divergence from the network designs that
preceded it, notably because it eliminates the reliance on recurrent (or convolutional)
layers previously central to addressing the temporal dynamics present in the input data.
Instead, the Transformer adopts a novel approach by exclusively utilizing the Attention
mechanism as its core method for processing information. Specifically, the authors of the
Transformer proposed the innovative use of self-attention. This method is presented as a
more sophisticated and efficient alternative to the conventional mechanisms that had been
prevalent in the field up to that moment, showcasing its potential to redefine how models

handle and interpret data.

In the foundational structure of Transformers, the model is designed with two core
sections: an encoder component and a decoder component, paralleling the framework seen
in the recurrent sequence-to-sequence (seq-to-seq) models. The encoder is charged with
handling the input sequence, where it is engineered to distill a higher-level abstraction that
encompasses crucial temporal dynamics, potentially extending over considerable lenghts.
This is accomplished through the encoder segment being constructed from a sequence of
self-attention layers, with each layer immediately followed by a Position-wise Feed-Forward
Network (FFN),3.21

FFN(x) = o(xW; + by)W5 + by (3.21)
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Figure 3.4: The original Transformer (Vaswani et al., 2017hb)

thus enabling the encoder to proficiently learn and capture the essence of the input
sequence.

On the other side, the decoder part is tasked with receiving the encoded representation
of the input sequence and is then responsible for learning to regenerate the corresponding
output sequence. In doing so, the decoder leverages one or more encoder-decoder attention
layers, a key feature that facilitates the model’s ability to continuously and effectively
discern the significant relationships between the input and output sequence patterns. These
specialized attention layers are strategically positioned between self-attention layers that
are specific to the decoder, and are subsequently followed by Position-wise Feed-Forward
Networks, thereby ensuring that the model can accurately and efficiently generate the
output sequence in alignment with the encoded input.

A preliminary stage for both the encoder and decoder involves word embedding,
performed in a manner similar to earlier methods we have described; the primary distinction
lies in the introduction of an additional layer: the Positional Encoding layer. In subsequent

sections, we will delve into and analyze key components of the Transformer mentioned
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earlier in greater depth.

Attention in Transformers

As previously mentioned, attention plays a pivotal role in Transformers, being their key
element. These networks utilize the attention mechanism in two distinct ways: i) as the
only route of encoder-decoder interaction; ii) and in the form of Self-Attention, serving as
an internal processing unit.

In the first form decoder attend the encoders finally produced representation vector for
the complete set of the input modalidtes aka the whole input word sequance word-by-word.
This is performed interanly at evey layer of the decoder layer intependly thought its whole
depth in contrast to some earlier approaches that performed attantion only at the final
layer (Luong et al., 2015).

The true novelty introduced by the Transfomer paper models is the introduction of
the Self-Attention layer. Self- Attention was introduced to solve all the issues mentioned
regarding the inefficty and the limitions of the previous approaches. The term refers to the
usage of the Attention mechanism not to facilitate the interaction and information flow
between seperate model subparts like encoder-decoder, but to process temporal dynamics
inside each of these modules.

In this case all the three vector series of the Attention (g, k and v) stem for same route.
In the simpplest possible form thse are identical, assuming h = {h;}_, the represention

vector series of interest and T its length this is translated :

{Qt}thl = {kt}thl = {'Ut}f:1 = {ht}thl (3.22)

As a result each sequence h; element is now able to search the whole sequence h to find
the best matching parts to extract the needed knowledge. However in practice using
identical sequences leads to limitations in the representation power. For that reason the

exact proposed formulation reads as :

{a: tT:1 = {tht}thla {k’t}thl = {tht}thla {'Ut}thl = {tht}thl (3.23)

38



Where the g, k, v are independent projections steaming from h rather than identical to it.

The main advandage of self-Attention over recurrent or convolutionional networks is
that it gives access to every part of the sequence without getting resricted in specific area.
Furthermore the way that the model selects which part to interact with is fully dynamic
and depends heavily on the current and input and state. These advangages improves
drammaticaaly the modeling power of the network and enable and the effective processing

of long sequences that was impossible before.

Additionally we are now able to run all the calculations in parallel reducing the
computation time by orders of magnitude for a typical task. While recurrent layers require
O(n) sequential operations to to process a seaquance of leght n, self attention allow for a
O(1) lenght indepednet sequantial operations.

In the origanal paper (Vaswani et al., 2017a) attention mechanisms are implemented
as a variant of the dot-product (Luong) citeluong2015effective attention. As a minor
modification to the standard formulation they employed a scaling factor \/Lg in the scoring

function that bounds gradients from reaching unpractical large values.

h={g; ki, ¥iel[l,T]} (3.24)

w = score(q, k) = softmazr(—=) (3.25)

Sl=

Attention(q, k,v) = Zwivi (3.26)
i=1

where d the dimentionality of q, k, v.

Additionally, the concept of multi-head attention is introduced, wherein weighting scores
and content vectors are computed in separate heads. In this architecture, Transformers
do not apply attention mechanisms directly to the hidden or input layers but rather
to secondary vectors that are derived from the originals via a trainable mapping. This
process enhances data representation through parallel processing, enabling the model to
simultaneously address different segments of the input data. This, in turn, facilitates a
more nuanced and comprehensive grasp of the contextual information. When contrasted

with single-head attention, the multi-head attention mechanism significantly enhances
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performance, flexibility, and scalability.

In the original model, multi-head attention is realized through distinct linear transfor-
mations for each head, applied to keys (k), queries (q), and values (v). Each transformation
reduces the dimensionality from the input’s original size (R%medet) to a smaller size per
head (R%<e), where dp.qq is the dimension of the input, and djeqq is the dimension for
each head. This mapping is achieved using unique parameter sets for keys, queries, and

values as follows:

ki =kWF, q = qW!, v; = vW?, (3.27)

for the i-th head, where k;, q;, and v; are the transformed keys, queries, and values,
respectively, and Wk, W7 and W2 are the parameter matrices. The outputs from these

transformations are then processed by the attention mechanism:

head; = Attention(k;, q;, v;), (3.28)

and the final multi-head attention layer output is formed by concatenating the outputs

from all heads and applying one more linear transformation:

O = Concat(heady, ..., heady,) - W°, (3.29)

Positional encoding

As opposed to recurrence and convolution layers attention alone does not provide any
kind of information regarding the positioning in the sequence. That raised the need of
an auxiliary operation that would enrich data accordingly . To this end, authors propose
the Positional Encoding (PE) mechanism. PE embeds the temporal location into the
input signal at the bottoms of the encoder and decoder stacks. PE may be anything that
supports the mentioned functionality either learned or fix. In the original paper authors

suggest a sine and cosine functions of different frequencies.
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PE(pos 2i) = sin(——————— (3.30)
10000 #modet
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P Epos i1y = 08(— (3.31)
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where pos the position and 7 the dimension. The suggested functions produce a wave

like vector pe € R¥™d! that is added to the original representation.

h' = h + pe (3.32)

3.4.2 Later Architectures and LLMs

The introduction of the original Transformer model by Vaswani et al. (Vaswani et al.,
2017a) revolutionized the field of NLP and led to the development of numerous Transformer
variants. Subsequent research has focused on addressing its limitations, enhancing aspects
such as scalability and computational efficiency, and expanding its applicability beyond
sequence-to-sequence tasks. Architectural modifications have been introduced to make
Transformers more efficient and versatile. For instance, the adoption of encoder-only
architectures in models like BERT (Devlin et al., 2018) has enabled breakthroughs in
understanding context and semantics in natural language, transforming tasks such as
sentiment analysis and question answering. Conversely, architectures like T5 (Raffel et al.,
2020) and GPT (Radford et al., 2018) have excelled in generating coherent text, showcasing
the model’s versatility in both generating and understanding language. Efforts to improve
efficiency led to innovations such as the Linformer (Wang et al., 2020), which reduces
the quadratic complexity of self-attention to linear, making it feasible to process longer

sequences.

The evolution of Transformer architectures culminated in the development of Large
Language Models (LLMs) like GPT-3 (Brown et al., 2020) and beyond, which leverage
vast amounts of data to achieve unprecedented levels of understanding and generation

capabilities. These models are characterized by their massive scale, often consisting
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of hundreds of billions of parameters, enabling them to develop an excellent language
understanding and general knowledge. The success of LLMs is not just in their ability
to perform a wide range of NLP tasks without task-specific tuning, but also in their
demonstration of emergent abilities, such as reasoning and in-context learning, which were
previously thought to be beyond the reach of automated systems. This shift towards
larger and more capable models has sparked discussions around the ethical use of Al,
the environmental impact of training such large models, and the potential for bias in
their outputs. Nonetheless, the success of LLMs in a variety of complex tasks has firmly

established them as a cornerstone of modern NLP research and applications.

3.4.2.1 Transformers beyond NLP

The original Transformer model was fundamentally a language technology, which remains
its most prevalent application area. However, the impressive success of these models has
paved the way for a multitude of diverse applications. This expansion highlights the

model’s flexibility and its capability to handle complex patterns in different types of data.

Vision Tranformer

A characteristic example of Transformer applications beyond Natural Language Processing
tasks is Vision Transformers (ViT). These models have approached classic image processing
models by substituting the popular convolutional neural networks with great success.

In the novel work (Dosovitskiy et al., 2020), the authors tackled the task by splitting
the images into 16x16 patches and feeding a transformer with representations extracted
from each of these. These representations are combined with a simple 1D positional
embedding to inject location information. In the following stages, ViT is more or less
identical to a typical Transformer encoder, consisting of a sequence of layers formed by
multihead self-attention (MSA), standard normalization, and a simple MLP. To perform
classification, they also use an extra learnable “classification token” as an addition to the
patch sequence, the final representation of which leads to a classification head to obtain

the final representation.
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Given their less constrained format in comparison with CNNs, Vision Transformers are
better at leveraging high volumes of training data and are usually utilized in a pretrained
manner. On the negative side, this kind of model is also more prone to overfitting and often
results in suboptimal outcomes when dealing with small to medium datasets. Additionally,
they are slower at both training and inference compared to CNNs.

Besides the original Vision Transformer, variants have been proposed. A characteristic
example is the Swin Transformer (Liu et al., 2021) that introduces a hierarchical structure
allowing for efficient processing of images at multiple scales, using shifted windows rather
than fix patches. Further examples include Pyramid Vision Transformer (PVT) (Wang

et al., 2021), Convolutional Vision Transformers (CvT) (Wu et al., 2021), and many more.

Video Tranformers

Transformers have extended their utility beyond static image analysis to encompass video
processing, capitalizing on their adeptness in managing dynamic and temporal information.
The emergence of the Video Vision Transformer (ViVit), as introduced by Arnab et al.
(Arnab et al., 2021), marks a significant progression, demonstrating novel methodologies
for video analysis. ViVit conceptualizes videos as sequences of 3D patches, offering various
models that either holistically capture both spatial and temporal dynamics or amalgamate
separate spatial and temporal self-attention mechanisms in different configurations.
Subsequent to ViVit, innovations such as the TimeSformer by Bertasius et al. (Bertasius
et al., 2021), MViT by Fan et al. (Fan et al., 2021), and the Video Swin Transformer by Liu
et al. (Liu et al., 2021) have further propelled the domain of video analysis. These models
enhance the foundational capabilities introduced by ViVit, delivering refined strategies
for interpreting video content. Finally, transformers have been effectively employed in
conjunction with various static image processing architectures, treating the task as a
generic sequential data modeling challenge without specific constraints. The widespread
success of these implementations underscores the significant potential of transformer

networks in modeling both spatial and temporal structures.
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Chapter 4

Sign Language Translation

Sign languages are formal, independent languages that employ purely non-verbal means
of expression. The field of Automatic Sign Language Processing, especially Sign Language
Translation, presents a significant research avenue with deep societal impacts. Importantly,
end-to-end SLT improves communication between the Hard-of-Hearing (HoH) community
and hearing individuals, thereby enhancing their social integration and opening up more
opportunities. Unfortunetly despite its significance, this research area is still in its infancy.

The application of Machine Learning to sign language issues covers a broad spectrum,
yet the majority of existing literature does not focus on the actual translation of sign
language but rather on related aspects like sign recognition. In contrast to the common
misconception sign languages are not extensions of spoken languages. Each national
sign language has its own unique grammar, syntax, and vocabulary, without any direct
connection to the spoken language of the same country. As a result, a true SLT system
must recognize the visual patterns of sign language, decode their linguistic elements, and
translate them into a spoken language. This represents a substantial technical challenge.

In this chapter, after covering core aspects of sign languages and relevant Machine
Learning approaches, we propose an end-to-end SLT model utilizing a novel doubly
stochastic transformer. Our approach integrates stochastic local linear competition with
a Gaussian variational treatment of the trainable parameters. This model has enabled
us to achieve state-of-the-art results on the most extensively used dataset in the field.
Furthermore expanding our research beyond the standard and convenient benchmarks,
using an alteration of our model, we have developed the first multi-topic, end-to-end model
for Greek SLT, an application of greater real-world value. This advancement was made

possible through the compilation of original data from formal elementary school materials.
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4.1 Sign Languages

A Sign Language (SL) mainly uses manual (e.g., hand shapes, movement of the hands,
arms or body), and facial expressions to fluidly express a speaker’s thoughts and constitutes
the main communication means for deaf people. National SLs, being the mother tongues
of deaf SL users, are an important part of the European and the world cultural diversity.
For the deaf the access to SL communication is essential because it facilitates access to
equal education, employment, information or to health services (Dreuw et al., 2010). In
Europe, there are 30 official SLs and more than 750000 deaf SL users, while only 12000
interpreters. This shortage undermines the right to equal education and health services

and often endangers the lives of deaf people (Murray, 2013).

There is an intrinsic motivation in human populations to communicate with high level
of information-density. In linguistics (verbal communication) the principal communication
channel is auditory (speech). However, in cases where the speech modality is not applicable,
an alternative communication channel is used; the visual (manual) channel. Sign languages
utilize the visual channel and are officially considered to be a verbal communication due to
their vocabulary, grammar and other linguistic structures (Sandler &Lillo-Martin, 2006).
Sign languages abide the necessary requirements and are viewed as full-fledged languages
(Bellugi &Fischer, 1972). A typical characteristic of natural languages is that they emerge

and evolve over time without meticulous planning.

In a community with many human individuals that use the visual-manual channel for
communication, it is eminent the development of language properties within a few years.
The language becomes structured, fluent, synchronized and possible of expressing any
conceivable concept. Being a natural language, sign languages inherit traits specific to the
community thus are not universal even though there are similarities among them. A prime
example is the Nicaraguan Sign Language (Senghas &Coppola, 2001). An interesting
case of sign language that was developed by deaf children in various schools in western
Nicaragua in the 1970s. It was spontaneously developed among humans (children) with

hearing loss and offered a unique opportunity to linguists to study the birth of a new sign
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language.

An important part of sign language is the non-verbal communication elements. For
instance, gestures, body posture, facial expressions, eye movements and speed, intensity
and size of signs (Wang et al., 2003). These elements if used separately are considered
body language. However, we must not confuse sign language with body language, there
is an important distinction between the two. Body language is considered the bundle
of various non-verbal communication elements that are used individually while in sign
language are utilized as tools for amplifying the language. A direct equivalent with spoken
languages is the paralanguage (e.g. rhythm, intonation, pitch, volume). These elements
are of principle importance in both types of natural languages for enriching the language

and allow the speaker to convey the desired message.

Culture and Linguistic Challenges

Sign Languages is a complex and challenging area that requires multilevel approach in
order to be well modeled and fully understood. Therefore, a processing system aiming to
achieve a novel result, needs to take in account all the linguistic characteristic and identify
the major obstacles coming from the SL culture and linguistic uniqueness(Bragg et al.,
2019).

Variety in fluency is an example of the challenges that a researcher needs to overcome.
Some people have acquired hearing or speech problems during a later stage of their life,
and which means little practical experience communicating via SL. On the other hand,
people born with acoustic problems and lifelong SL users with potentially excellent skills
on their mother tongue(Mayberry &Kluender, 2018). However even deaf and mute born
children who luck of special education may also have reduced fluency. Variance in fluency
practically means variance in the signing speed, the vocabulary size and the number of
mistakes, all of them parameters with critical effect on the automatic translation.(Bragg
et al., 2019).

The academics distinguish two major categories of deaf children: Deaf children of deaf

parents (DCDP) and deaf children of hearing parents (DCHP). It is estimated that from
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the total population of deaf people, only 5% are DCDP. This puts in a disadvantage most
of the deaf children, since the parents are not typically equipped to fully understand the
needs of the children. DCDP are the native speakers of the language since the primary
communication exchange at home is SL. A hearing parent has no knowledge and expertise
regarding SL, thus cannot efficiently understand the needs of their child. Deaf people

are visual.

Take for example the parents of a deaf child answering the front door of their house. A
DCHP child cannot understand how his/her parents know when a visitor is outside the
door. This might result on behavior of a child opening the door and becoming upset that
nobody is there on the other side. This is an example of the information deaf people cannot
receive due to their disability which is not inherent to their parents. Moreover, DCHP
children tend to receive the word to word correspondence of the parent’s native language to
their sign language avoiding the grammatical structure of a sentence. This is miles different
from the actual conversation observed by a native/fluent speaker. The ordering of signs to
create a sentence is much different from their spoken language equivalent. Typically, fluent
signers are hearing children of deaf parents (HCDP). Hence, when performing research on

SL, researchers prefer the assistance of DCDP or HCDP for their point of reference.

Sign vocabularies can also hide a few unexpected kinds of obstacles. Similarly, to
common languages it does exist a vocabulary that includes the core sign and gestures for
the corresponding SL but is not very strictly defined. The gestures and their meanings
have a more abstract and loose meaning and it is practically impossible to measure the
exact size of the vocabulary. Furthermore, SLs are not limited to the language specific
signs, further auxiliary gestures such as classifiers also exist and have an important role
(Bragg et al., 2019). Additionally, the wide internal diversity of each sign language should
be also mentioned. Even more than the spoken languages the vocabulary and the singing
style of them is heavily influenced by the geographic location and the social subgroups of

the users.
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4.2 Automatic Sign Language Processing

The applications of Machine Learning methods in Sign Language Processing(SLP) are
extensive, encompassing a diverse range of methodologies. All methods share the common
objective of assisting the deaf and hard-of-hearing (HoH) community; furthermore, they
frequently encounter similar technical aspects and challenges. These challenges include
navigating the complex and multimodal nature of Sign Language and the necessity for
high-quality data, which are challenging to collect. We analyze these technical aspects
and present significant data collections and prior works. Our focus is on the task of sign
language recognition, which is the most frequently occurring case, and, more importantly,
on sign language translation; this is our principal objective and the most comprehensive

application.

4.2.1 Sign Language Data

In the existing literature, a variety of datasets are available for sign language-related tasks.
Among these, the DGS Kinect 40 dataset includes 40 signs from Deutsche Gebéardensprache
(German Sign Language, DGS) (Ong et al., 2012; Elliott et al., 2011). The GSL 982
dataset features 982 signs from Greek Sign Language (GSL), with 5 examples of each sign
performed by a single native signer, resulting in a total of 4910 samples. The weRWTH-
PHOENIX dataset focuses on Word-Level American Sign Language (WLASL) with more
than 2000 words performed by over 100 signers (Li et al., 2020). The SIGNUM dataset
comprises 450 German language signs (Agris &Kraiss, 2010), and the American Sign
Language Lexicon Video Dataset includes more than 3,300 ASL signs, each produced by
1-6 native ASL signers, totaling almost 9,800 tokens (Athitsos et al., 2008). Additionally,
datasets for Polish Sign Language (Oszust &Wysocki, 2013, 2012), LSA64 for Argentinian
Sign Language (Ronchetti et al., 2016), AUTSL for Turkish Sign Language with 26 signs
performed by 43 signers (Sincan &Keles, 2020), and BosphorusSign22k (Camgoz et al., 2016;
Ozdemir et al., 2020) are mentioned. The MSRGesture3D dataset includes 12 dynamic

ASL gestures performed by 10 people, with a total of 336 files (Kurakin et al., 2012; Wang
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et al., 2012). Other cases include Devisign, featuring 23 different gestures captured at
30 fps and 320 by 240 pixels with a Sony Handycam (Chai et al., 2015); an Indian Sign
Language dataset (Nandy et al., 2010); the Purdue dataset, which contains various ASL
signs and narratives produced under controlled conditions by 14 fluent Deaf ASL signers
(Martinez et al., 2002); Cuny ASL (Lu &Huenerfauth, 2014); and the SignsWorld Atlas, a

benchmark Arabic Sign Language database (Shohieb et al., 2015)

The availability of SL-related datasets is clearly considerable. However, only a select
few are suitable for the most critical application of SL processing, namely end-to-end SLT.
A dataset is suitable for SLT model training if it possesses two crucial characteristics: i) it
includes SL videos paired with corresponding translations in a formal spoken language,
and ii) the video-text pairs comprise complete and syntactically correct sentences/phrases

of adequate length.

In this context, Phoenix2014T (Camgoz et al., 2018) dataset has become one of the
most extensively studied datasets for this purpose. It features weather news performed
in German Sign Language, and includes both Gloss annotation, an auxiliary pseudo-text
form of Sign Language, and text translations. The inclusion of Gloss annotation, combined
with its dense single-topic vocabulary, renders the Phoenix2014T dataset more conducive

to deep learning and has thus attracted significant attention.

Other notable datasets in this domain include SWISSTXT-NEWS (Camgoz et al.,
2021) and VRT-NEWS (Camgoz et al., 2021), which cover a broader range of topics.
These datasets are composed of TV-news data in German and Flemish Spoken and Sign
Languages. However, the results of any end-to-end SLT attempts on these datasets
have been disappointingly low, as they have failed to achieve even remotely acceptable
translation quality. A recent important addition to this field was a project published by the
BBC (Albanie et al., 2021), consisting of a particularly large number of phrases in British
Sign Language and English spoken language. The potential of this new dataset is especially
high, mainly due to its extensive size. Nonetheless, end-to-end SLT results of deep learning
models trained on this dataset have yet to appear in the related literature. Further

examples are the CSL-Daily on Chinese SL with properties similar to Phoenix2014T and
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the American-SL dataset How2Sign (Duarte et al., 2021) with good size and quality but
lower reported results. A very recent and important addition is the OpenASL dataset (Shi
et al., 2022), published in late 2022, covering 300h of American SL videos collected from

online videos and demonstrating respectable results.

4.2.2 Communication Channels and Features

As previously stated, sign language is a structured form of visual motions which are used
for communication. In order to convey information, sign language utilizes the visual
channel and entails the usage of hand shapes, number of hands, upper body locations,
movements of the hands and arms, distance between the hands, facial features, head
movements and self-contact. Feature extraction from images is of utmost importance
for tackling SLP tasks, hence the scientific community’s active interest on detecting and

analyzing related features in an a efficient and scalable manner.

Hand Shape

Hand Shapes are significantly important for all the signed languages and therefore rea-
sonably was one of the very first features that have been studied. Typically extraction
methodologies around this type of features aim to detect key gestures of the hand that can
give direct value to entire system. Hand gestures can be either static poses or short dynamic
movements. With constrains on the linguistically relevant hand-shapes been investigated
by (Cui et al., 2017; Dilsizian et al., 2014; Ding &Martinez, 2009, 2007; Koller et al.,
2016a; Ricco &Tomasi, 2009; Thangali et al., 2011). Improvements of the hand-shape
recognition accuracy has been achieved by leveraging phonological constraints on start
and en hand-shape co-occurrence (Dilsizian et al., 2014; Thangali et al., 2011).

Several hand shape recognition methods have been proposed by the community (Athit-
sos &Sclaroff, 2001, 2003; Heap &Hogg, 1996; Isaacs &Foo, 2004; Lu et al., 2003; Tompson
et al., 2014; Vogler &Metaxas, 2004) using a variety of different methodologies. The
majority of the recent approaches utilizing convolutional neural networks have been able

to achieve state-of-the-art performance on hand-shape recognition given a large dataset

20



(Koller et al., 2016a; Hussain et al., 2017). Additionally to them, anatomy aware techniques
that employ the convexity hull algorithm seems also to performs well in recognising a set

of hand shapes in 2D visual signals. (Nikam &Ambekar, 2016)

Beside the extraction of features related to specific key poses and shapes, some attempts
tried to employ more descriptive and detailed properties. Properties that may not be
directly correlated with the target but contribute by helping the model to understand
better the visual figure of the hand. For example analysing and and detecting the finger
figures gave positive results in older attempts(Ravikiran et al., 2009). Modern techniques
using more advanced equipment like multi-camera systems evolved this kind of features
and make them much more sophisticated. Such a model was proposed by Simon et al.

(2017), who designed accurate detectors for hand key points like finger joints.

Hand Motion Trajectories

Apart of their shape, hands movements and their exact positioning over the body figure are
also equally important. Hand and arm movements are an integral part of the main signing
stream while the positioning can affects the expressed meaning dramatically. Several
researchers (Dilsizian et al., 2016; Han et al., 2009; Pu et al., 2016b) show that tracking
the hand motion and utilizing the inferred trajectories can be used as intermediate step
towards a more accurate sign recognition. A hand motion trajectory can be 2D or 3D and
it seems that both captures can be beneficial to an SRL system.

The first case has been studied by researchers (Ding &Martinez, 2009, 2007) who
exhibit the efficient combination of motion trajectories with typical hand and face features
used in ASR. 2D tracking is often based on skin color detection technique (Kolkur et al.,
2017) supported by Gaussian mixture models for an accurate representation of the color
distribution (Hammer &Beyerer, 2013)(Hammer et al., 2016), while the trajectory is taken
using the body figure as reference shape. Deep learning models from the wider are of
object localisation like the Faster R-CNN(Ren et al., 2015) can also trained to localise
the hands with great accuracy (Liao et al., 2019). The advantages of the two dimensional

version is undeniably its simplicity and the fact that nothing more than a simple rgb
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camera is need to collect the data.

On the other hand more recent advancements on 3D motion trajectories provide a
more comprehensive and rich representation of the available information (Dilsizian et al.,
2016). Equipment like the Microft Kinect provide these signals directly (Dilsizian et al.,

2016) utilizes the 3D motion trajectories in ASR and demonstrates their importance.

Facial Expressions

Signed languages are mainly focused on hand movements, however hand related features
rarely have enough expressive power. Facial expressions(FEs) are probably the most
crucial auxiliary feature that supports well the hand signed sequences. It is interesting that
the meaning of a hand shape or gesture can sometimes be significantly or even entirely
changed because of a mild variations of the FE (Elliott &Jacobs, 2013). More specifically
FEs affects the transmitted signs via two discrete information pipes (McCullough et al.,
2005) revealing emotions and directly adding grammatical concepts.

Our face is indisputably the main means of expressing our emotional condition. Similarly
to any other natural verbal language SL is highly correlated with emotion and therefore
the information that we can extract from the face can be an extremely valuable additional
ally in SLP (Goldstein et al., 2000; Elliott &Jacobs, 2013; McCullough et al., 2005).
Emotion Recognition is by itself an active and very interest research area of Artificial
Intelligence and Computer Vision. Several labs have worked and are still working on the
topic giving exceptional results that are constantly improving. While earlier work had
focused on support vector machines and other techniques, currently Deep Learning is the
dominant method. Just like many other vision problems the current state the art models
are variations of well known convolutional DNNs such as VGG16 and Inception (Tzirakis
et al., 2017)(Guo et al., 2018). These models can be directly applied to the signing data

and provide the needed emotional features.

Beside the expression of emotional information the second and even more important role
that the FEs play, in the sign language, is the direct addition of grammatical aspects to the

hand signing. There are several FEs that correspond to specific grammatical or syntactical
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transformations of the linguistic meaning, those expressions are called Grammatical Facial
Expressions (GFEs)(Freitas et al., 2017). Their importance can be easier understood if we
consider that they can convert regular sentences to questions or negations and highlight the
important information in a sentence. GFEs are an integral part of SL and any complete
recognition should include them in its framework (Guerra et al., 2018). The methodologies
for detecting GFEs are similar to what was previously mentioned based on variotons of

neural networks (Xu; Walawalkar, 2017).

Despite the undeniable importance of emtotion and GFEs face contribution is not
limited to them. The analysis of lips and mouth shapes can be another very helpful
supporting source with a wider role. A relevant paper examined methodologies for
detecting SL related mouth shapes (Koller et al., 2015) . Focusing on the detection of core
phoneme they suggest the usage of CNN models combined with hidden markov models
for an accurate classification of 39 classes. Facial features extraction methods can also

have a more indirect approach focusing in other auxiliary tools such as facial landmarks

(Walawalkar, 2017).

Body Pose and Skeletal Features

Sign language is technically using the whole upper part of the human body and therefore
parts like shoulders, chest and generally the overall body pose are also transmitting
information and they are highly valuable for a SL recognition system. Similarly to hand
shapes body pose features may have different forms eg. the recognition of specific poses
and movements or tracking of specific body parts. The most comprehensive way is the
estimation of a full body skeletal model that can describes well the body figure and the
most important motions.

The current bibliography covers a wide spectrum of topics on pose estimation as an
isolated computer vision problem as well as for its usage in sign language recognition.
(Cao et al., 2017). Many novel models are employing them as a part of their pipelines
and sometimes as the exclusive source of feature source for the main model(Bilal et al.,

2011). Recent hardware technological advancements like Microsoft Kinect and 3d cameras
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evolved the pose estimation taking to an other level (Monir et al., 2012) since their able to
provide specialised and highly valuable data. However regular 2d rgh video can also be a
reliable feature source. Several extraction techniques had been tried over the last decades
like Specialized Mappings Architectures (Rosales &Sclaroff, 2002) and markov chain monte
carlo algorithms (Lee &Cohen, 2004) with good accuracy. Recent works are mainly based
on deep learning methodologies and manage to build very accurate skeletal representations
of the body shapes. More specifically architectures like VGG-19 network are employed in
order to joins joins and other key body parts. A more complete skeletal representation may
be a following step built using the detected points of interest. A possible issue of 2d video
is that many of the key joints may be hidden from the camera’s point of view resulting to
wrong predictions. The problem can be partially solved by introducing confidences scores

on the predictions that suggest if one should be consider or not.

4.2.3 Sign Language Recognition

Sign Language Recognition (SLR) is the automatic procedure that targets on recognising
discrete sign from sign language videos The motivation behind is to bridge the gap of
communication between the deaf and non-deaf community. Several ideas for products
that recognize gestures have been investigated, e.g., using gloves or wristbands that
measure electrical activity. Unfortunately, they all remain prototypes mainly due to
their obtrusiveness that renders them infeasible to be widely employed for Sign Language
Recognition (SLR). In contrast, computer vision approaches are very attractive for SLR
because (a) cameras are cheap and embedded in many devices (b) provide rich information
including body and face and (c) modeling of video data is becoming feasible using the

latest machine learning methods.

Static

The simplest form of sign language recognition is the recognition of a predefined set of
static hand poses in 2D image data. This set can be a language specific dictionary of

signs or supporting shapes like finger spelling and classifiers. Formulated as an image
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recognition problem it has benefited from the recent developments of the wider area of
computer vision with very reliable results. Furthermore, while not trivial the specific task
is less complicated than the continuous translation and even early attempts performed

quite well.

Model formulation based on Support Vector Machines have been used in several
independent studies and showed that they can outperform several other methodologies
such as k-NN and Naive Bayes (Cheok et al., 2019). Applied on a dataset of approximately
1800 gray scale Webcam images of hand gestures an SVM algorithm with linear kernel was
able to achieve 82.3% accuracy on the classification of 25 signs and 99.2% on the subset of
12 signs (Kurdyumov et al., 2011). The introduction of Scale Invariant Features Transform
SVMs has helped to achieve 99% accuracy on the Arabic Sign language recognition task
(Tharwat et al., 2015).

Simple fully connected neural networks had also been investigated. Typically, re-
searchers paired NNs with rigorous pre-processing and feature extraction processes to
increase the predictive power. A method that used a NN of just 1 hidden layer combined
with a continuous wavelet transform managed to achieve more than 99% accuracy on
classifying 24 finger spelling letters (Isaacs &Foo, 2004). An almost identical approach
accomplishes 94% on the recognition of Persian SL (Karami et al., 2011). Although the
models have been able to achieve notable accuracy scores, all of them were applied to

clean data that were captured in an ideal setting.

More recent projects employed modern sophisticated deep convolutional architectures
and managed to extend the accurate classification for wider and more realistic signing
data sets (Koller et al., 2016a; Hussain et al., 2017; Ameen & Vadera, 2017; Li et al., 2019).
An example is a paper by Ameen and Vadera (Ameen & Vadera, 2017) who worked on
a more ”in the wild” dataset and managed to achieved 90% accuracy on the American
SL prediction task. Well known computer vision architectures, that have shown state-of-
the-art performance in other image recognition tasks, are now being re-purposed to solve
SLR tasks(Simonyan &Zisserman, 2014). In 2017 a study comparing several architectures

found VGG16 to outperform most of the alternatives (Quiroga et al., 2017) on LSA16
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and RWTH-PHOENIX-Weather handshape datasets. Alternatively, custom-made Deep

Convolutional NNs have been proposed (Oyedotun &Khashman, 2017).

Dynamic

Static hand signs have limited use for real life applications. A more useful and challenging
task is the recognition of dynamic gestures. Dynamic hand gestures are defined as a
sequence of hand poses and motions of short duration entailing a single linguistic expression.
Moreover, gestures can also include motions from the whole human body and face. Gestures
can act as the words that form the vocabulary of a sign language or as short phrases
and expressions. Designing efficient dynamic gesture prediction models can provide the

foundations for the design of accurate sign language translation systems.

Over the last decades the scientific community had performed numerous studies on
the dynamic gesture classification by employing a variety of dynamic modeling techniques
such as Dynamic Time Warping, Finite State Machines, Kalman Filtering etc. All these
techniques are applied in conjunction with pre-processing and feature extraction processes
such as isolated signs and 2D motion trajectories. A study on single signer recognition
on 984 signs (Cooper et al., 2011) has shown 71.4% top-1 accuracy performance. A
study on multiple signers on 1000 signs (Wang et al., 2016) has shown 70.9% accuracy
performance. Apart of the mentioned methods the remaining literature is heavily based
on two techniques, Hidden Markov Models, a historical powerhouse in time series analysis,
and Deep Learning which has shown state-of-the-art performance (Cheok et al., 2019;
Ahmed et al., 2016; Elmezain et al., 2008).

HMMs seems to be one of the most popular and successful methodologies over the
years. The first attempts on the applications of HMMs started in the early 90s with
projects like the remarkable paper of Thad Starner (Starner, 1995) in which using HMMs
have managed to build one of the first a hand gestures recognition system. The system
was based on features derived from the positioning of the hand in the 2D space and the
angles of the hand axis. In order to make the tracking more accurate during the data

collection process the singers wore a pair of colored gloves. The attempt is considered
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successful since they have managed to achieve a 95% accuracy performance on predicting
395 sequences. These were derived from five-word length combinations of a 40-word subset

of the American sign language vocabulary.

There is an extensive line of work for the task of dynamic gesture recognition using
HMMs. Initially the research was focused exclusively on American and major European
languages with some notable work on less studied languages (Cheok et al., 2019; Al-Rousan
et al., 2009). A prime example is the 2009 publication (Al-Rousan et al., 2009) on the
Standard Arabic Sign Language. In this work, the authors manage to classify 30 isolated
words from the Arabic SL in both signer dependent and independent modes. In order to
find the performance in realistic conditions the authors used information from 2D videos
taken in various lightning backgrounds. Moreover, the usage of gloves or any other kind of
auxiliary tool was excluded. The authors used a pre-processing step consisting of discrete
cosine transformation with zonal encoding applied on each frame. This resulted in a
reduced state space of interest that was represented by an element feature vector of size
50. The HMM was constructed and trained on the sequences of these feature vectors.
When trained on specific signers it achieved 96.6% on offline data and 93.8% on an online
test, while for the signer-independent case the corresponding scores were 94.2% and 90.6%

respectively.

Other variations of HMMs for dynamic gesture recognition include Parametric HMM
(Wilson &Bobick, 1999), factorial HMMs (Ghahramani &Jordan, 1996; Brand et al., 1997)
and Parallel HMMs (Vogler &Metaxas, 1999). While comparisons of different approaches
can be seen in (Liu &Lovell, 2003) that compared topological structures (left-right and full
connected) exhibiting minimal change on classifying performance; and (Brand et al., 1997)
that compared linked HMMs and couple HMMs exhibiting less initial value sensitivity to
the former. Finally, HMMs can be combined with NNs (Koller et al., 2016b,a).

Dynamic Gesture Classification, as with several other computer vision tasks, is now
being mostly tackled with Deep Learning (DL) techniques. The current state-of-the-art
architectures are heavily dependent on convolution and/or recurrent layers in order to

capture the spatio-temporal nature of the data. The formulation that includes Recurrent
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Neural Networks (RNNs) and Convolutional Neural Networks (CNNs) could have several
forms. One approach includes the training of a CNN model separately on the spatial
features and then use the prediction as the input for the subsequent RNN. That was
applied by (Masood et al., 2018) where for each gesture video they labeled one by one
all the frames and trained an Inception model (Szegedy et al., 2015) to predict which is
the gesture that each image/frame belongs to. Subsequently, they trained an RNN model
based on the sequences of these predictions. Additionally, they trained the RNN not on
the prediction of the Inception model but on an intermediate layer. The latter was shown
to produce an improved accuracy of 95% accuracy performance over the 80% accuracy of

the former approach.

While two phase training session like the previous ones could be very successful it is
often desirable models to perform and learn in a more autonomous and end-end way. 3D
convolutional Neural Networks is an architecture that allowed these properties (Molchanov
et al., 2015; Liang et al., 2018; Huang et al., 2015). In contrast to the more commonly
used 2D CNNs the 3D version has the capacity to extract spatial-temporal information
out of a video signal. They act as a simple expansion of the convolution layer where 3d
kernels map 3d spaces to feature maps, with the additional dimension being time (Pu
et al., 2016a; Liang et al., 2018). The layer introduces a larger number of parameters that
in turn increase the computational cost. To moderate the problem researches tried to
initialize the weights of a 3D CNN by using 2D weights learned from ImageNet, while other
propose a 3D CNN that factorizes the 3D convolutional kernel learning as a sequential

process of learning 2D spatial and 1D temporal kernels in different layers.

A paper from Huang et al. in 2015 (Huang et al., 2015) is one of the first and
characteristic attempts to employ 3D-CNN for the recognition of isolated signs. In order
to perform their experiments, they collected a new dataset using the Microsoft Kinect that
additionally to RGB video data has provided them with depth and skeletal information.
The data were inputted to the model in the form of nine stacked frames of 48x68 pixels.
The full architecture included 8 layers including three 3D-Convectional layers with kernel

sizes 7x7TxH, 7x7x3 and 5x5x3 respectively and 50 filters each. Between the convolution
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layers they included a 2x2 sub-sampling layer and at the end two dense layers. The model
was evaluated based on the recognition of 25 different words-sings. They have achieved
88.5% accuracy when applied on gray scale image and 94.6% on all the five different feature
maps (R,G,B,depth,skeletal). In a similar vein (Liang et al., 2018) published in 2018 a
3D-CNN model. Their architecture starts with three 3D Convolutions of different kernel
size (5x5x5 ,5x5x5 4x4x4 and 16,32 and 48 feature maps respectively) all of them activated
with a ReLLU function. Similar with the latter they include a pooling layer between the 3D
convolutions. For the final part of the model they propose three dense layers. Their model
was trained with infrared and contour stream collected via a Microsoft Kinect camera.

They also include the tracking information of the hands as auxiliary input to the network.

A recent paper (Liao et al., 2019) combines 3D convolution with bidirectional LSTM
exploring deeper architectures. They propose a model called B3D ResNet which was able
to capture visual features in various temporal windows from video. The full architecture
includes 17 3D convolutional layers the first one with a 7x7x7 kernel size and the rest 3x3x3.
Excluding the first layer convolutions are uniformly organized in four groups, each one of
those with internal residual connections and a pooling layer. Subsequently, the formulation
includes two Bidirectional-LSTM layers and two dense layers. The convolutional part of
the architecture has the capacity to extract spatio-temporal dependencies which are in
turn processed by the Bi-LSTM in order to capture long term dependencies and more
accurately predict the final labels. B3D Resnet architecture includes one more auxiliary
NN. Specifically, a version of faster R-CNN(Ren et al., 2015) is employed in order to isolate
the hand shapes in the RGB frames. After the hand position is localized it can be used
as a second input to the main model, accompanied with the initial RGB video which is
the main source. The whole model was evaluated on the SLR and DEVISIGN-D datasets.
When the B3D ResNet trained and applied only on the initial video it managed to achieve
50.2% and 43.7% accuracy scores. On the other hand, when hand localizations were used

to scores jumped to 86.9% and 89.8% respectively surpassing other approaches.

Many researchers manage to build accurate classifiers for static hand signs and short

dynamic gestures that represent specific words. Nevertheless, a real-life application of such
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a system must include models that are able to recognize all the transmitted information
in a continuous and realistic environment. The simplest solution is the continued gesture
detection. Instead of detecting single words in short videos of predefined duration, models
should be trained to detect and localize temporally specific gestures one by one in longer
videos. In that way they can export sequences of signs that build a greater meaning. For
instance, in the previously mentioned project (Liang et al., 2018) in order to deal with
real time streams they employed temporal segmentation.

Sign language gestures are loosely consisted of three phases preparation, nucleus and
retraction (Zhu et al., 2016). Nucleus includes all the information while the other two
more or less similar in all the gestures and do not provide any linguistic information.
Considering this structure, the authors have implemented a simple 2-layer NN with binary
output that learned to mark each frame with the comprehensive label. In that way they
managed to detect the beginning and the end of each word thus making the transition
from the isolate gesture recognition to continuous gesture recognition smoother.

Finally, DNNs can also be applied to non-video information. For instance, the tra-
jectories of just four skeletal joints was the only feature that (Liu et al., 2016) used for
their deep learning model. Their architecture included primarily an LSTM and they
have managed to show that DNNs outperform all other non NN-based alternatives in the

recognition of 500 Chinese SL words by 50 signers.

4.2.4 Sign Language Translation

The field of automatic sign language recognition has garnered considerable attention
in academic research. Nonetheless, the majority of these studies have concentrated
on identifying hand gestures or upper body movements. Although these studies hold
substantial practical importance, they often fail to provide a comprehensive overview of
the subject.

Sign Language Translation (SLT) represents an emerging area that aims to offer a
more integrated perspective. Technically, SLT merges elements of machine translation and

computer vision, with its fundamental goal being to generate translations that are both

60



syntactically and grammatically accurate, deriving this complex linguistic information

solely from visual inputs.

Ideally, SLT models process the input SL videos in a complete end-to-end manner,
learning to address all spatial, temporal, and linguistic aspects and produce the cor-
responding translation. This forms a particularly challenging task, almost impossible
from a technical perspective. The complexity inherent in modern Deep Learning models
necessitates an enormous amount of data, which, as mentioned before, is far from readily
available or easy to collect. Additionally, the execution of these models requires very
high-end hardware. This leads to some alterations of the core task to make it feasible

from a technical perspective.

To render the SLT task feasible, various alterations and techniques are employed.
Typically, this includes the use of transfer learning methodologies utilizing pre-trained
network parts for specific purposes. Additionally, auxiliary data are usually employed
to assist and guide the training procedure. The most frequently occurring example is
the use of so-called gloss annotations. As previously mentioned, glosses are a type of
pseudolanguage corresponding to a kind of text form of a sign language. Technically,
a gloss represents a specific sign in a discretized form. However, due to the fluid and
multi-channel nature of Sign Language, glosses are far from perfectly mirroring any signed
content, especially at the sentence level. Additionally, for this reason, gloss annotation is

particularly laborious and requires deep expertise and experience.

Methodologies adopted in addressing the SLT challenge are often organized into different
subgroups, with key differences often revolving around the use of gloss annotations. One
prevalent method incorporates these gloss labels as an intermediary conduit, bridging the
gap between the visual representation of sign language and its translation. Conversely,
some strategies focus on direct translation from sign language to text, typically with
limited or no dependence on gloss annotations. The subsequent sections will expound on

the principal classifications within the SLT domain.
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Gloss to Text

The simplest SLT type is the Gloss to Text (G2T) translation. In this case, we do not
perform true Sign Language Translation but rather a theoretical modeling, assuming perfect
recognition of the visual signals. While not directly useful for real-world applications,
G2T provides an ideal laboratory environment. These conditions allow for isolated
experimentation on the linguistic part of SLT, enabling procedures like hyper-parameter
tuning and architecture investigations. Additionally, due to its simplicity, G2T is a common
and fast benchmark for the scientific community. However, it’s important to note that

glosses as an incomplete language channel often fail to perfectly express the information.

Sign to Gloss to Text

The Sign to Gloss to Text (S2G2T) method is one of the most acclaimed approaches
in the task, being the first to attain notable results. In this method, Gloss acts as the
intermediary link between video and text, structured in a dual-stage process. The first
stage of a typical S2G2T design involves a recognition system that extracts the gloss
sequence from a video input. This predicted gloss sequence subsequently becomes the
input for the ensuing Gloss to Text (G2T) network. Depending on the variant, the G2T
part may be trained using either the predicted gloss sequence or the actual ground truth.
The key disadvantages of this kind of approach include the need for gloss annotation for
any given dataset and limitations that involve the usage of those. This methodology has
spawned a wide range of works and papers, introducing highly successful techniques and

various architectures.

Sign to Text

Sign to Text (S2T) SLT architectures translate sign language videos directly into spoken
language text and are undoubtedly the most comprehensive. This holistic end-to-end ap-
proach makes S2T a particularly challenging task, as it simultaneously captures sequential,
visual, and linguistic signals. However, because S2T does not depend on glosses as an

intermediate step, it theoretically has the potential to produce results superior to G2T,
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since it has direct access to the original source of information and, consequently, to all
types of auxiliary signals, as previously discussed. Due to the complexity of this approach,
it often relies on pretrained external parts to process the spatial dynamics of the input

modality, referred to as Feature Extractor.

Previous RNN based approaches

Neural Sign Language Translation (Cihan Camgoz et al., 2018) was the first study to
achieve high-quality translations on a significant dataset, integrating advancements from
NLP and computer vision. It introduced a seq-to-seq framework utilizing an encoder-
decoder pair of recurrent neural networks, tailored for sign language translation (SLT) to

process video inputs instead of textual sentences.

The research explored three methodologies: Gloss-to-Text (G2T), Sign-to-Gloss-to-Text
(S2G2T), and Direct Sign-to-Text (S2T), starting with G2T as the foundational approach.
Through comprehensive testing, the authors optimized a 4-layer GRU network with an
embedding size of 1000 and the Luong attention mechanism, yielding BLEU-4 scores of
20.19 and 19.26 on the development and test datasets, respectively (Cihan Camgoz et al.,
2018).

Advancing to S2G2T, upon fine-tuning the G2T setup, the team tested the model using
outputs from a Sign Language Recognition (SLR) system as input, achieving BLEU-4
scores of 17.86/17.79 (dev/test). By training the model with these gloss estimations, they
further improved the performance by approximately 0.5 BLEU-4 (Cihan Camgoz et al.,
2018).

In their S2T experiments, the authors aimed to generate spoken language directly
from sign videos without an intermediate gloss representation, incorporating a CNN
(ALEXNET) with the seq-to-seq architecture to analyze video frames. However, this
approach yielded BLEU-4 scores below 10, indicating the challenges of direct translation
without glosses. Related works in this domain include Partaourides et al. (2020), Xiao

et al. (2020), and Bendarkar et al. (2021).
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Sign Language Transformers

Transformers emerged as a potent solution for the S2T challenge, surpassing gloss-dependent
models by about 10%. The adapted transformer for S2T involved a conventional encoder-
decoder architecture with a spatial embedding module for extracting spatial information
on a frame-by-frame basis, similarly to (Cihan Camgoz et al., 2018).

The study (Camgoz et al., 2020) achieved significant advancements using glosses not
as an intermediary but as auxiliary supervision. They proposed a 3-layer transformer
designed to predict glosses and text jointly. The encoder’s output, in addition to feeding
the decoder, facilitated sign language recognition via a CTC loss. The decoder followed
the seq-to-seq paradigm for translation, recording BLEU-4 scores of 22.12/21.80 for the
joint model and 20.69/20.17 for the direct S2T approach, affirming the superiority of
transformers.

Moreover, transformers have notably improved both G2T and S2G2T translations.
Remarkable improvements in G2T, with BLEU-4 scores nearing 25.00, were reported by
Yin &Read (2020) and Camgoz et al. (2020), indicating a substantial enhancement. In
S2G2T, utilizing a sophisticated multistream recognition engine alongside a transformer,
the authors of Yin &Read (2020) achieved state-of-the-art performance, with BLEU-4
scores of 22.47/24.00 for a single model and 24.68/25.40 for an ensemble, showcasing

transformers as the definitive method for future SLT research.

4.3 A novel doubly stochastic SLT Transformer

In this section, we introduce a novel methodology for sign language translation that
integrates the latest advancements in the field. Similar to earlier models, our approach is
based on a Transformer architecture. However, in contrast to conventional deterministic
Transformer networks, we propose a sophisticated model enriched by the integration of
powerful stochastic components.

Our work aims to develop an SLT strategy that significantly enhances the accuracy of

sign language translation. Our primary objective is to create an end-to-end SLT model that
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Figure 4.1: The Proposed Transformer network for end-to-end SLT.

reduces reliance on gloss annotations, thus avoiding their use as an intermediary recognition
step in the S2G2T paradigm or as a concurrent task to optimize learned representations
(S2(G+T)). Glosses are only used in an indirect fashion during the pretraining of the feature
extraction engine. This approach is crucial for advancing the field, as generating gloss
annotations for extensive datasets is exceedingly labor-intensive and costly. Furthermore,
we aim to offer an SLT solution that requires less memory during inference, essential for

the practical deployment of this technology.

To achieve this, we propose a Transformer network with a novel type of layers that
combines: (i) local winner-takes-all (LWTA) layers with stochastic winner sampling, instead
of conventional ReLU layers, (ii) stochastic weights with posterior distributions estimated
via variational inference, and (iii) a weight compression technique at inference time that
exploits estimated posterior variance to perform massive, almost lossless compression. We
demonstrate that our method achieves state-of-the-art on the prominent SLT benchmark,
PHOENIX 2014T, while significantly reducing the memory footprint compared to existing

methods.
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Figure 4.2: A graphical illustration of the proposed LWTA layers. Rectangles depict
LWTA blocks, while circles therein represent competing linear units. The winner units are
denoted with bold contours (£ = 1). All edges correspond to Gaussian-distributed weights.

4.3.1 The proposed stochastic SL Transformer with linear com-
peting units.

Key element of the proposed the model is the injection of the Stochastic ”Local Winner
Takes All” (LWTA) layer (Panousis et al., 2019a) in the transformer modality. An LWTA
layer comprises linear units and introduces non-linear behavior by means of stochastic
competition within blocks of layer neurons. Within a block of competitors, only one

)

neuron, labeled as the ”winner,” is activated; winner selection is probabilistic. All other
neurons remain inactive and pass zero values4.2.

In a more formal notation let us denote as £ € R’ an input representation vector
fed to some dense ReLU layer of a Transformer network, comprising J features. This
layer is presented with a linear combination of the inputs, obtained via a weights matrix
W € R7*X and produces an output vector y € R, which is fed to the subsequent layer.
In our approach, this mechanism is replaced by the introduction of LWTA blocks, each

containing a set of competing linear units. The layer input is originally presented to each

block, via different weights for each unit; thus, the weights of the connections are now
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organized into a three-dimensional matrix W € R7*¥*U_where K denotes the number of
blocks and U is the number of competing units therein.

Under our approach, within each block these linear units compute their activations; for
the uth unit in the kth block, we obtain the sum Zj:l(wj,k,u> -xj. Then, the block selects
one winner unit on the basis of a competitive random sampling procedure (described next),
and sets the rest to zero. This way, we yield a sparse layer output, encoded into the

vectors y € RXV that are fed to the next layer.

In the following, we represent the outcome of local competition between the units in

each block via the discrete latent vectors € € one_hot(U)™

, where one_hot(U) is an one-hot
vector with U components. These denote the winning unit out of the U competitors in
each of the K blocks of a proposed layer, when presented with some input. Using this

notation, the output reads

Ylkw = [Elkw Y (Wikw) 75 €R (4.1)

J
=1

J

where we denote as [h]; the Ith component of a vector h. As we observe, at each time,
only one (linear) unit in each LWTA block passes its output to the next layer, while the
rest are zeroed out.

Let us now examine the statistical properties of the latent indicator vector &. To
enable data-driven competition between the units within an LWTA block, we postulate
that the probability of a unit being sampled as the winner increases with the value of its
(linear) output. In other words, we consider sampling from a Discrete posterior to select

the winner at each time. On the basis of this rationale, we postulate that, a posteriori, it

holds

softmax ( Z[wj’k’u]gzl : x])) (4.2)

J

4([€)x) = Discrete ([ak

where [w;1.,]Y_; denotes the vector concatenation of the set {w; . }7_;.
On this basis, we obtain a novel variant of Transformer networks, the main operating

principles of which are depicted in Fig. 4.3. We observe that the proposed network entails
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statistical inference arguments, which bring to the fore stochastic activation principles.
Drawing from this inspiration, we proceed to derive a full Bayesian treatment of the obtained
network, by also considering that the network parameters themselves are governed by
statistical principles. Specifically, we postulate that, throughout the network, all trainable
weights are random variables; their (posterior) distributions can be estimated in data-
driven fashion. For simplicity, we seek to derive (approximate) independent Gaussian

posteriors over the set of trainable weights, w:

g(w) = N (w|p, diag(a?)) (4.3)

where p is the mean and o? is the variance of the Gaussians.

This concludes the formulation of the proposed Stochastic Transformer networks with

competing linear units.

4.3.2 Training and inference algorithms

Overview

Our SLT model trains the entire Transformer network from scratch. The input modality
consists of frame-wise feature sequences obtained from video frames. These frame-wise
features are derived from a pretrained Inception network, in a manner similar to previous
studies. This input is initially fed to an LWTA (Local Winner-Takes-All) layer (Panousis
et al., 2019a), producing spatial embeddings that are then fed to the encoder of our
proposed Transformer network, as illustrated in Fig. 4.7. The output modality, generated
by the decoder part of our network, provides natural language interpretations. At each
step, the decoder is presented with the previous word, initially processed by a standard
linear embedding layer. The entire model is trained end-to-end, implementing LWTA

blocks with 4 units each.
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Training

To train the proposed model, we resort to maximization of the resulting evidence lower-
bound (ELBO) of the model. To this end, we need to introduce appropriate prior
assumptions regarding the distributions of the winner indicator latent variables, & on each
LWTA layer, as well as the trainable weights, w, throughout the network. For convenience,
we postulate a priori spherical Gaussian weights of the form p(w) = N(0,I), and a
symmetric Discrete prior over the winners: [£,]; ~ Discrete(1/U).

Introducing a mean-field (posterior independence) assumption across layers, we yield

the following ELBO:

£(6) = Eqy [CE] KL a({€}) || p({€}) ] ~ KL[ g({w}) | p({w}) ] (44)

where ¢ = {u, 6%} is the set of the means and variances of the Gaussian weight posteriors,

trained throughout the network in an end-to-end fashion.

In this expression, E,)[C'E] corresponds to the (negative) posterior expectation over
the standard categorical cross-entropy error, used for training conventional Transformer

networks. In a more analytical expression it reads as:

Ey)[CE] = —Eq[log p(D|{w, £})] (4.5)

On the other hand, KL stands for the Kullback-Leibler divergences pertaining to the
model latent variables, i.e. the winner unit indicator latent variables, &, and the connection

weights, w.

KL[g(€)l|p(&) Zﬂgzq& log (q(&)U) (4.6)
KL[g(w)]||p(w Zﬁﬂ’“’ loga—%] (4.7)

In these expressions, the factors ¢ and (3, are heuristic hyperparameters needed to scale

appropriately the KL contribution of each layer.

As we observe, the model ELBO entails posterior expectations over the network latent
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variables, & and w. These cannot be computed analytically. Therefore, all the posterior
expectations in the ELBO are computed by drawing Monte-Carlo (MC) samples under (i)
the standard reparameterization trick for the postulated Gaussian weights, w; and (ii) the
Gumbel-Softmax relaxation trick (Maddison et al., 2017; Jang et al., 2017) for the latent
winner indicator variables of the LWTA layers, £&. On this basis, ELBO maximization
is performed using standard off-the-shelf, stochastic gradient techniques; specifically, we

adopt Adam (Kingma &Ba, 2014b).

Inference

Let us now turn to the inference algorithm of our network. At inference time, we directly
draw samples from the trained posteriors of the winner selection latent variables, &, of
the LWTA layers, as well as the trained weight posteriors, w, throughout the network.
Thus, differently from previous work in the field, the proposed Transformer networks
are characterized by a doubly stochastic nature, stemming from two different sampling
processes. On the one hand, we implement a data-driven random sampling procedure (by
sampling from ¢(£)) to determine the activations of Dense layers in the network (LWTA
layers). In addition, we infer the weight values, throughout the network, again based on

sampling from the trained posteriors q(w).

Following standard practice, we approach inference in an autoregressive manner. We
construct the sentence by predicting each word using the previous predictions as input. In
detail, inference is performed by sampling the ¢(€) and g(w) posteriors a total of S =4
times for each word prediction, and averaging the corresponding S = 4 sets of output

logits (Bayesian averaging).

o |

Ym+1 =

> P ol {w, ) w ~ g(w) €~ q(€) (4.8)

Furthermore we note that during validation, we perform a simple greedy search, while

for the final test results, we employ beam search with optimized hyperparameters.
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4.3.3 A compression scheme

According to the current standards (Sites, 2008), computers represent real numbers by a
set of bits divided into 3 different subsets: a single sign bit, a set of eb exponent bits, and
a set of pb significant precision bits. Then, the stored value is expressed as a product of
three factors:

value = (—1)%97 x 2¢7ponent 5 (1 4 mantissa) (4.9)

The values of the three variables in this expression (sign, exponent, mantissa) are derived
from the values of the corresponding bit subsets. The first variable, which defines the
sign, is directly connected to the corresponding bit, giving positive values for sign = 0 and
negative values for sign = 1. The exponent, the second factor, determines the range of
values that can be represented. Finally, the third term, known as the mantissa, defines
the floating-point precision. The exact formulations that connect these values with the

corresponding bits are expressed as:

exponent = 2Lt bix2 =201 (4.10)
pb
mantissa = Z bpp_i X 27" (4.11)

=1

where b; denotes the ith bit in the corresponding subset. Typical machine learning
implementations (e.g., PyTorch (Paszke et al.; 2019)) employ 8 exponent bits and 23

precision bits (float32 format)

It is now well-established that a variational Bayesian treatment of deep network weights
allows for significantly reducing the used bits without damaging accuracy (Panousis et al.,
2019a; Louizos et al., 2017). Specifically, the obtained posterior variance of the network

2 constitutes a measure of uncertainty in their sampled values. The higher

weights, o
the associated uncertainty the more the fluctuation of their values. One can leverage
this uncertainty information to assess which precision bits, out of the pb available, are

significant, and remove the ones which fluctuate too much under approximate posterior

sampling. In addition, combining posterior mean, y, and variance information allows for
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estimating a confidence interval, that is an interval that sampled weight values may lie
within with high probability. Using this information, we can also reduce the number of
used exponent bits, eb. In our work, we perform both these reductions on a layer-wise
basis. To this end, we consider the minimum posterior variance o2 of the weights within a

layer, as well as the maximum g values.

4.3.4 Feature Extraction

As previously discussed, the proposed sign language model processes input sign language
videos on a frame-by-frame basis. Ideally, a sign language translation (SLT) model should
be capable of undergoing the entire training cycle from scratch. This implies that the
feature extractor, the part of the network responsible for extracting spatial information
from video frames, should be trainable concurrently with the remainder of the model.
However, this approach has been proved technically impossible, mainly for 2 technical
reasons: (i) The memory requirements for training such architectures significantly exceed
the capabilities of a standard GPU. (ii) Even with the potential use of multiple GPUs
and/or particularly advanced hardware, the complexity of the task combined with a lack

of sufficient data leads to suboptimal results.

To address these challenges, we opted for a feature extraction engine utilizing pre-trained
networks. Initial experiments with generic pre-trained networks, such as EfficientNets
and Inception networks pre-trained on ImageNet, yielded low-value results. To enhance
performance, we utilized specialized pre-trained networks on tasks related to sign language.
Specifically, we followed the setup proposed in (Koller et al., 2019), pre-training a model
combining a CNN (Inception)-LSTM architecture for sign language recognition along
with mouth and hand shape detection. From this model, we only utilized the spatial
component (i.e., the Inception Network) as our pre-trained feature extractor, which resulted

in significantly improved outcomes.
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4.3.5 Experimental Results

In this Section, we perform the comparative assessment of our approach. To this end,
we use PHOENIX 2014T dataset (Camgoz et al., 2018); this constitutes the most used
benchmark in the recent literature. Hence, this benchmark selection allows for optimal and
full comparability of our results with the recent related work in the field. As mentioned
before the used dataset contains German SL videos of weather forecasts, and corresponding

translations into the German spoken language. They are obtained from 9 different speakers.

4.3.5.1 Experimental setup

The whole resulting model is trained in an end-to-end fashion, as described previously.
We implement our method considering LWTA blocks of U = 4 units each. All trained
Transformers use embedding sizes of 512 and 8 attention heads. Weight posterior means
and variances are initialized by means of Kaiming uniform initialization (He et al., 2015).
Conventional models, for which we obtain point-estimates (as opposed to weight posteriors),
are initialized by employing Xavier normal (Glorot &Bengio, 2010). Gumbel-Softmax
temperature is set to T' = 1.69 for training and 7" = 0.01 for inference. In all cases, we use
Adam (Kingma &Ba, 2014b) with a learning rate of 0.001 (8; = 0.9, 82 = 0.998), and a
batch size of 32. During training, we evaluate the networks on the validation set every 80
iterations, and decrease the learning rate by 20% if the validation does not improve for 5
consecutive iterations. Training ends when the learning rate falls bellow a minimum of
0.0001. This evaluation process during network training is performed via greedy decoding.
At inference time, evaluation on the test set is performed by means of Beam-Search; we
perform several runs to determine optimal beam-size in all cases. Our main reference
metric for assessing translation quality is the BLEU-4 score.

Our implementation is developed in Pytorch (Paszke et al., 2019), and based on the
"JOEYNMT” (Kreutzer et al., 2019), ”Sign language transformer” (Camgoz et al., 2020),
”Bayesian Compression for Deep Learning” (Louizos et al., 2017), and "nonparametric
Bayesian local-winner-takes-all” (Panousis et al., 2019a) frameworks.

Before discussing our results, we first present some of the latest state-of-the-art method-
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Table 4.1: Previous State-of-the-art BLEU-4 scores

Model Dev  Test
S2T (Camgoz et al., 2020) 20.69 20.17
S2(G+T) (Camgoz et al., 2020) 22.12 21.80
Q2T (Camgdz et al., 2020) 95.35 24.54
S2G2T-STMC (Yin &Read, 2020) 2247 24.00

S2G2T-STMC ensemble (Yin &Read, 2020) 24.68 25.40

ologies on the considered benchmark, published before the release of our method, for
further reference. Table 4.1 summarises the BLEU-4 scores of those models. The first
state-of-the-art model we consider in our experimental evaluations is the sign-to-text
transformer (S2T) (Camgoz et al., 2020). Our SLT method presented in this paper largely
extends upon this method; thus, we consider this approach as our Baseline.

In addition, we consider three further Transformer-based models, namely a gloss-to-
text (G2T) (Camgoz et al., 2020), a sign-to-gloss-and-text (S2(G+T)) (Camgoz et al.,
2020), and a sign-to-gloss-to-text (S2G2T) (Yin &Read, 2020) model. These methods
obtain higher BLEU scores than the basic S2T; the last one actually yields the highest
performance reported to-date in the considered benchmark. However, as mentioned before,
these networks require the possible gloss sequences which may be hard to obtain for large
training datasets. Specifically, S2(G+T) takes advantage of glosses as a parallel task
that facilitates the encoder to obtain better representations; S2G2T utilizes them as an
intermediate step, while G2T uses gloss input to obtain natural language (this renders
it the least relevant to a real-world SLT task, as it assumes availability of a system that
allows for perfect gloss recognition). Additionally, we emphasize that S2G2T employs the
computationally burdensome STMC 3-channel recognition network (Zhou et al., 2020),

while we process the whole frame as a single channel.

4.3.5.2 Main results

In Table 4.2, we summarize the performance of our model for network configurations of
varying depth. In our setup, an encoder (decoder) of depth H means a module comprising

H consecutive submodules of the form depicted on the left (right) hand side of Fig. 4.3(a).

74



Table 4.2: Proposed Approach: BLEU scores for varying depths.

Set  Encoder Decoder BLEU-1 BLEU-2 BLEU-3 BLEU-4
1 1 48.67 35.34 27.3 22.03

Dev 2 2 49.12 36.29 28.34 23.23
3 3 45.68 32.87 25.72 21.66
1 1 47.47 34.75 26.8 21.85
Test 2 2 48.61 35.97 28.37 23.65
3 3 45.84 33.40 25.72 21.29

Table 4.3: Network compression as per Section 3.4: effect on memory requirements and
translation quality.

Depth Average  Memory Dev Test
encoder-decoder Bits Reduction BLEU-4 change BLEU-4 change
1-1 94 70.6% 21.66 -1.6% 22.06  +0.9%
2-2 8.8 72.3% 23.09 -0.6% 23.52 -0.5%
3-3 8.7 73.0% 20.82 -3.8% 20.77 -2.4%

Comparing the best performance reported therein with the summary of state-of-the-art
results in Table 4.1, we observe that our method outperforms the corresponding S2T
baseline approach by 3.48 BLEU-4 scores on the test set. In this context, the best
configuration under the proposed modeling approach seems to be the (2-2); this achieves
BLEU-4 scores as high as 23.65 on the test set. This performance is superior to the
S2(G+T) hybrid network as well, which yields 21.80 BLEU-4 on the test set. This
outcome becomes even more prominent if we consider that S2(G+T) imposes much higher
computational burden, and most importantly, it requires the possible sequences of glosses
as groundtruth.

Subsequently, we examine network compression. By employing the layerwise compres-
sion scheme outlined in Section 3.4, we manage to reduce the average required bits for
storing network parameters from 32 to less than 10. This fact implies a memory usage
of around 30% that of the baseline SLT Transformer network of (Camgoz et al., 2020).
In Table 4.3, we present the average required number of bits throughout the layers of
our network. In addition, we show how the compressed network performs in terms of the
obtained BLEU-4 scores. These scores are obtained by compressing network parameters,

and then re-running inference. Our results show that our compressed network incurs a

)



negligible trade-off in translation accuracy, for massively lower memory needs.

Finally, we turn to the S2G2T ensemble (Yin &Read, 2020), which still performs better
than our approach, yielding a BLEU-4 score of 25.40 (c.f., Table 4.1). The key element
that renders S2G2T ensembles so potent is the utilization of ensemble decoding. This
consists in averaging the predictions of different networks, in order improve the eventual
translation quality. Thus, it is worth to examine whether an ensembling scheme can also
improve the BLEU-4 scores of our method. To this end, we repeat our experiments with
the (2-2)-version, training 16 different network instances with different random seeds. We
use the best performing L =4, L =8, L = 12 as well as all of the so-obtained networks

(L = 16) to perform ensemble-decoding.

Table 4.4: BLEU-4 scores with Ensemble-Decoding.

L 32 bit Reduced
Dev Test, Dev  Test

4 2402 24.84 2423 24.52
8 2488 2559 2452 25.33
122496 25.71 24.55 25.76
16 24.88 25.80 24.73 25.68

In Table 4.4, we present the obtained BLEU-4 scores. As it was expected the ensemble
model scores are superior to the single model approach and results are getting better
while increasing the ensemble size. With L = 16, our approach yields a BLEU-4 score of
25.80; this was the best BLEU-4 score reported in the literature on the considered dataset
until late 2022. We emphasize that we obtain this performance without making use of
any predefined gloss sequences that need alignment in the Transformer network pipeline,
contrary to (Yin &Read, 2020). Then, we repeat our ensemble-decoding experiment using
the technique of Section 3.4 to perform parameter compression. We obtain a memory
footprint reduction similar to the second line of Table 4.3. As we show in Table 4.4, for a

memory footprint reduced by approximately 70%, our method remains competitive.

4.3.6 Ablation study

In this section we analyse in greater detail key elements of the proposed model.
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4.3.6.1 Determining the Optimal Block Size U

The size of the competition blocks in LWTA layers is considered a significant and po-
tentially impactful hyperparameter. As previously mentioned, in our main experimental
investigation, we employed a block size of U = 4, which has been identified as optimal
in our context, diverging from earlier works such as (Panousis et al., 2019a, 2021b,a).
To substantiate this selection, we have rigorously reassessed our proposed model across
various values of U, specifically for U € [2,4, 8,16, 32]. Given that the (2 — 2) version of
our network demonstrated the highest precision, our subsequent experiments focus on
this particular configuration. The results of this study, reported in Table 4.5, confirm our

previous statement.

Table 4.5: Block Size (U) comparison (BLEU-4 scores).

Block Size 32 bit Reduced
Dev Test Dev  Test

U=2 2299 2282 23.12 2237
U=4 23.23 23.65 23.09 23.52
U=8 22.28 2296 2235 22.72
U=16 2232 2252 2200 2234
U=32 2155 21.16 2143 20.81

4.3.6.2 How standard non-linear activation would perform?

A naturally coming question is what the model’s performance would be if we replace the
LWTA layers with popular approaches that introduce non-linearity through ReLLU based
layers or other popular deterministic activation functions. To clarify these questions we
now scrutinize the proposed stochastic competition-based activation functions. Specifically,
we re-implement our method using ReLLU and other popular activation functions in place of
the proposed LWTA layers. It is important to note that, despite this alteration, we continue
to adopt a full variational Bayesian approach, inferring Gaussian weight posteriors.

The results in Table 4.6 demonstrate the experimental outcomes. The classical ReLU
activation emerges as slightly superior, achieving a BLEU-4 score of 22.61, with other

variants exhibiting comparable performance. This finding underscores that our LWTA
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Table 4.6: Activation function comparison (BLEU-4 scores).

Activation 32 bit Reduced
Dev  Test Dev  Test

ReLU 2242 22.61 2217 22.67

Elu 22.63 2256 2219 22.32
SiLU 22.73 2233 2223 21.99
GeLU 2245 2249 2217 22.36
Swish 22.01 21.03 21.84 21.24

activation, especially with four units per block, offers the highest overall performance,
surpassing widely used ReLU and other conventional activation functions by over 1 BLEU-4
unit (with U = 4). Furthermore, a combined analysis of Tables 4.6 and 4.5 reveals that
LWTA outperforms ReLLU and other studied activation functions for both U = 2 and

U = 8 reinforcing the superiority of our proposed method.

4.3.6.3 Does the variational Bayesian treatment of network weights contribute

to SLT accuracy?

Conversely to the experiments of the previous Section, it is also important to examine
whether training full variational posteriors over the network weights does actually offer
tangible gains in terms of translation accuracy. To this end, we re-implement our method,
making full utilization of the proposed stochastic LWTA activations, but obtaining con-
ventional point-estimates over the network weights. Thus, the set of network weights, w,
becomes now a parameters set that we optimize during training. Specifically, network

training now reduces to maximization of the following ELBO expression:

L(w) =B [log p(DI{€})] — KL[ q({£}) || p({€}) ] (4.12)

In Table 4.7, we provide our results, again considering the (2-2)-version of our method,
which constitutes its best-performing configuration. Our findings show that, even with
point-estimates, we manage to score 2 BLEU-4 units above the S2T Baseline. This
outcome is clearly inferior to our full-fledged model. Therefore, we deduce that the

variational Bayesian treatment of connection weights, throughout the proposed network,
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offers important SLT accuracy gains. This comes in addition to allowing for massive

memory savings, by following the rationale of Subection 3.4.

Table 4.7: Comparison of variational Gaussian weights to point-estimates (BLEU-4 scores).

Weights 32 bit Reduced
Type Dev  Test Dev  Test

Point-Estimates 22.54 22.34 - -
Variational Gaussian 23.23 23.65 23.09 23.52

4.3.6.4 Effect of sample size S at inference time

As we explained before, inference is performed through Bayesian averaging with a sample
size of S = 4. It is useful to examine how this selection affects BLEU-4 scores. Thus, we
repeat our experiments with the (2-2) configuration for different S values, and report the
outcomes in Table 4.8. In addition, we exploit this opportunity to examine how the model
behaves if we do not sample winners and connection weights; instead we pick the unit the
yields the maximum posterior probability ¢(&), and use the connection weight means, p,

to perform feedforward computations (" Deterministic” scenario).

Table 4.8: Sample size effect (BLEU-4 scores).

Sample 32 bit Reduced
Size Dev Test Dev  Test
Deterministic (1) 22.99 22.83 22.21 22.31
1 2345  23.05 22.66 23.03
4 23.23  23.64 23.09 23.52
16 23.34 23.95 23.14 23.39

We observe that the increased sample size indeed improves model stability and perfor-
mance. More specifically, a large sample size S = 16 can slightly increase BLEU-4, while
S =1 produces a much lower performance than the proposed S = 4 size. However, large
sample size also increases the model’s inference time, and it may be impractical, especially
for S >> 16. Moreover, we can see that a deterministic version of our model is clearly

inferior to stochastic operation, even if we draw just one sample, S = 1.
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4.3.6.5 Computational Complexity

In table 4.9, we compare the computation times of our approach with relevant fully

deterministic method.

Table 4.9: Computation Time on a single Quadro P5000 16GB.

Deterministic  Stochastic

Training (per batch) 0.2s 0.5s
Inference (single video) 0.04s 0.05s

The differences in training time are due to the increased number of trainable parameters,
namely the trainable variances of the Gaussian weights, and not due to Bayes. We
emphasize that these trainable variances are used for proper weight compression, and are
eventually discarded after training. Crucially, convergence took almost the same number
of epochs with the baseline. Figure 4.3 illustrates both the learning curves and proves the
latter statement and the smooth convergence of our network. The computational efficiency
of our approach becomes even more apparent when we check inference times, which are
comparable with the baseline Transformer when using S = 4 samples (that’s the best

trade-off between accuracy and complexity).
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Figure 4.3: Convergence curves. Blue: proposed, Orange: baseline.
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4.3.7 Qualitative investigation

From a qualitative perspective, besides the complexity of the task, our translations seem to
be of acceptable quality (Table 4.10). There is a small number of syntactic and grammar
errors; most of them are about locations and dates. Moreover, while in many cases the
predicted sentence is syntactically different from the groundtruth, the resulting meaning
remains similar.

Table 4.10: Translation examples including both original (German) followed by English
translation: Reference (R), single model (S), and ensemble (E).

# Translation references and predictions

1 R: im siiden schwacher wind
in the south weak wind
S: der wind weht meist nur schwach
the wind is blowing mostly low
E: der wind weht im siiden schwach bis méaflig
the wind blows weak to moderate in the south

2 R: am freitag insgesamt viele wolken die regen bringen
on friday there were a lot of clouds that bring rain
S: am donnerstag viele wolken hier und da schauer
look at a lot of clouds here and there on thursday
E: am freitag gibt es viele wolken und gebietsweise schauer
on friday there are lots of clouds and showers in some areas

3  R: ganz dhnliche temperaturen wie heute zwischen sechs und elf grad
very similar temperatures as today between sixz and eleven degrees
S: am bodensee heute nacht nur sechs bis elf grad
only siz to eleven degrees on Lake Constance tonight
E: dhnliches wetter heute nacht
similar weather tonight

4  R:im westen und nordwesten fallen einzelne schauer .
individual showers fall in the west and northwest
S: im westen und nordwesten gibt es im westen hier und da schauer .
in the west and northwest there are showers here and there in the west
E: im westen und nordwesten gibt es im westen einige schauer .
in the west and northwest there are some showers in the west

5 Rc: in der neuen woche kiihlt es dann bei wechselhaftem wetter deutlich ab .
in the new week it cools down considerably with changeable weather.
S: in der neuen woche wechselhaft und deutlich kiihler .
in the new week changeable and clearly cooler.
E: in der neuen woche unbestdndig und noch kiihler .
in the new week unstable and even colder.
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4.4 Achieving a milestone in end-to-end Greek Sign

Language Translation

Our model has demonstrated exceptional predictive capabilities and achieved state-of-the-
art results on standard benchmarks within the field. However, its practical application value
remains limited, a limitation shared by the majority of existing sign language translation
engines. This constraint primarily arises from two issues related to the available datasets.
Firstly, the nature of the Phoenix24T dataset, among other popular datasets, is highly
specialized, focusing narrowly on weather forecasting. This specialization results in a
restricted vocabulary and frequent repetition of phrases, which, while simplifying the
development of SLT engines and facilitating translations closely matching the ground
truth, also limits the engines’ applicability to a broader range of topics. Secondly, although
our method does not directly rely on gloss annotation for training, it necessitates such
auxiliary data for pretraining the feature extractor. Given that gloss annotation is both

costly and challenging to obtain for larger datasets, this represents a significant obstacle.

To address these challenges and advance towards a more comprehensive SLT solution,
two key developments are necessary: (i) the creation of models that are entirely independent
of gloss annotations, and (ii) the acquisition of more diverse datasets featuring a broader
range of content and more realistic vocabulary distribution. In response to these needs,
we have modified our stochastic sign language transformer to operate without reliance
on gloss annotations at any level. Fortunately, this is possible through a reconsideration
of the spatial feature extraction technique combined with appropriate hyperparameter
tuning. Furthermore, recognizing the scarcity of realistic datasets in existing literature,
we introduce a novel dataset, the Greek Elementary School dataset. The creation of a new
SLT dataset is a particularly long and complex procedure, requiring significant effort from
a team with a wide range of expertise. This attempt was compiled with the invaluable
support of the Hellenic Federation of the Deaf, marking a significant step forward in

enriching the resources available for SLT research (Voskou et al., 2023).
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Table 4.11: Elementary23 statistics vs Phoenix2014T.

Phoenix2014T Elementary23

Signers 9 9
Total Hours 25 71
Total Frames ~ 1.1M ~ 6.3M
Sentences 8257 29653
Vocabulary 2887 23204
Singletons 1077 10126
Resolution 210 x 260 1280 x 720
FPS 25 25

4.4.1 Elementary23 Dataset

4.4.1.1 Core Elements

The introduced Greek Elementary School dataset ', dubbed Elementary23, constitutes a
noteworthy contribution to the existing body of literature due to its exceptional quality
and the substantial number of examples included. Table 4.11 presents a comparative
analysis of Elementary23 and the widely utilized Phoenix2014T dataset. As we show,

Elementary23 exhibits superior technical and linguistic characteristics.

4.4.1.2 Collection Procedure

The Elementary23 dataset stands in contrast to many relevant datasets as it was not built
by annotating preexisting sign language (SL) videos from online or other sources. Instead,
it was assembled through the recording of sign language interpretations of authentic
elementary school content. Furthermore the final content was rigorously curated and
selected in cooperation with SL experts, ensuring its high impact and practical value to
the deaf community and students.

The recordings for the Elementary23 dataset were made in an environment optimally
suited for the task. This included a fixed single-color background and ideal lighting
conditions (see Fig. 4.4). Professional-grade cameras and equipment were used to record

videos at 720p resolution and a frame rate of 25fps.

Thttps://zenodo.org/record /7847052
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Figure 4.4: Example of Elementary23 Sign Language Video Frames

The material was organised into sentences/phrases and then assigned to nine signers,
all proficient users of Greek Sign Language with extensive knowledge and experience. As a
result, the dataset is of exceptional quality, with minimum kinesthesiological and technical

errors. The distribution per signer is illustrated in Figure 4.5.
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Figure 4.5: Distribution of video-translation pairs per signer

4.4.1.3 Content and Vocabulary

A Notable aspect of Elementary23 is its broad thematic spectrum. As previously mentioned
the dataset is based on the official syllabus of Greek elementary schools, including the
subjects of Greek Language, Mathematics, Religion Study, Environmental Study, History,
and Anthology. The combination of those subjects ensures a sizeable lexicon of 23,204

words; yet, it is important to note that each individual subject contributes broad content
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Table 4.12: Number of examples per Subject and vocabulary metrics

Vocabulary Examples

Anthology 14741 4158
Greek Language 14345 9499
Mathematics 6457 6583
History 7716 2067
Envir. Study 9489 5521
Relig. Study 8087 1825

Table 4.13: Elementary23-SLT vs key Benchmarks

Elementary23-SLT Phoenix2014T SWISSTXT-NEWS VRT-NEWS

Sentences 8372 8257 6031 7174
Total Words 83327 99081 72892 79833
Vocabulary 8202 2887 10561 6875
Mean Freq. 10.16 34.3 6.9 11.6
Singletons 3327 (41%) 1077 (37%) 5969 (57%) 3405 (50%)
Rare words 6155 (75%) 1758 (60%) 8779 (83%) 5334 (78%)

and an extensive vocabulary. The statistics for each subject are presented in Table 4.12.
The largest in terms of video-translation pairs quantity is the subject of the ”Greek
Language”, which contains 9499 examples; the smallest one is " Religion Study”, with 1,825
entries. Vocabulary-wise, the most comprehensive subject is Anthology which includes
a total of 14,741 different words; on the other end, "Mathematics” have the smallest

vocabulary with 6,457 words.

4.4.1.4 SLT Subset

The main motivation of Elementary23 is to contribute one of the largest Sign Language
datasets paying particular emphasis to technical and linguistic excellence. However, the
dataset is not necessarily an ideal candidate for training end-to-end SLT deep networks,
at least not in its raw form. Specifically, there are aspects of Elementary23 that present
significant modelling challenges for deep networks. These include the dataset’s high word
sparsity; the high number of singletons (words appearing only once in the corpus); the
inclusion of particularly small phrases; and the limited number of frequently-appearing

words. To be fair, this is not a problem with the dataset itself but rather a limitation of
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modern deep networks, which typically require multiple examples to learn from data. To
overcome this issue, in this work we also present an appropriate representative subsample of
the dataset, which we dub Elementary23-SLT. This is more suitable for training end-to-end
SLT deep networks, and has a size similar to Phoenix2014T and other recently published

benchmark datasets.

The selection process was guided by three primary principles: (i) decrease the absolute
number of singletons; (ii) increase the density of frequent words and bigrams; and (iii)
keep content diverse. To achieve these targets, we first went through preliminary cleaning,
whereby we eliminated singleton-only sentences. Afterwards, we ran a simple dynamic
multi-round elimination process: At each round, we listed all sentences containing singletons
but no frequent elements, and we eliminated approximately a quarter of them. We then
recalculated word frequencies and redefined singletons and frequent words based on the
surviving subset. At the end of each round, we confirmed that all six subjects were
represented with a sufficient number of remaining examples, at least 10% of the original.
We repeated this procedure several times, until we ended up with a sample size comparable

to the standard benchmarks.

The aforementioned process left us with a sample of 7168 sentences. Subsequently, we
split the data into the typical train, validation and test subsets. During the selection of
the validation and test sets, we tried to avoid sentences shorter than four words long, and
made sure to exclude all the sentences appearing twice by the same speaker. As an extra
processing step, we augmented the training set with an additional 1,204 non-singleton
single-word videos. Finally, for comparison reasons, we additionally performed a train-
validation-test split on the entire dataset following similar principles regarding duplicated
entries. We will be referring to this split as Elementary23-Raw. In both cases, all speakers

may participate in all the subsets.

The final SLT set contains 8372 video-sentence pairs, organized as 7348 pairs for the
training set, 512 for the validation set, and 512 for the test set. Through this operation,
we produced an effective subset in the typical size spectrum, that retains the desired

qualitative elements of the complete collection while exhibiting some improved quantitative
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factors. Key statistics regarding the subset and benchmarks are stated in Table 4.13 and
will be analysed later in this Section.

To enable the examination and exploitation of the data by the research community, we
have ensured that Elementary23-SLT complies with established standards regarding size
and structure. Additionally, the data will be available in a file format that is practical
and consistent with prior works (Camgoz et al., 2020; Voskou et al., 2021). Specifically,
we have created a JSON file comprising a list of dictionaries, each corresponding to a
particular video-sentence pair. These dictionaries encompass all auxiliary elements, such
as numbering and signer ID, as well as the principal input-output data; the latter consists

of the frame-wise feature sequence and the corresponding translation in modern Greek.

4.4.2 Lexical Statistics and Benchmarks

While Phoenix2014T has gained popularity as a standard benchmark for SLT due to
its ease of modelling, its appropriateness as a benchmark for comparing to the newly
introduced dataset remains questionable. This is due to the following facts: i) it covers
only a single topic, in contrast to the multi-subject nature of Elementary23; ii) vocabulary
coverage is very limited; iii) it includes many sentences of similar structure and content, due
to the weather forecasting’s strict format; and iv) it includes auxiliary Gloss annotation.

To address these challenges, we are supplementing our benchmark schema with two more
datasets: SWISSTXT-NEWS and VRT-NEWS. Containing 6031 and 7174 videos/sentences
respectively, they’'re based on HD TV news videos. We chose them due to their similar size
to Phoenix2014T and Elementary23-SLT, good video quality and their basis in European
sign languages, ensuring directly comparable grammatical structures.

In Table 4.13, we present a detailed comparison of Elementary23-SLT and the three
selected benchmark datasets on the grounds of various vocabulary-oriented metrics. These
metrics were critical in determining the suitability of SWISSTXT-NEWS and VRT-NEWS
as the primary benchmarks, since their statistics closely resemble those of Elementary23-
SLT. Specifically, both SWISSTXT-NEWS and VRT-NEWS contain similarly sized vocab-

ularies, with 10561 and 6875 sentences, respectively. Thus, they deviate no more than 25
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% from our proposed subset of 8202 sentences. Furthermore, the percentage of rare words,
defined as words that appear less than five times, ranges from 75 % to 83% for all three
datasets. Finally, the mean word frequencies are comparable across these datasets, with
the words in SWISSTXT-NEWS appearing an average of 11.6 times, 6.9 for VRT-NEWS,
and 10.1 for Elementary23-SLT.

Notably, Phoenix2014T has a vastly reduced vocabulary size compared to the rest of the
considered datasets, which constitutes a central constraint. Additionally, Phoenix2014T is
characterized by a considerably higher mean word frequency equal to 34.3. This number
is rooted in the limited vocabulary and allows for easier training since it narrows down
verbal varieties. Furthermore, Phoenix2014T has the lowest percentage of rare words and

singletons. In terms of singletons, Elementary23-SLT is a close second, with an increase of

only 4%.

4.4.3 Translation Methology

For the Greek Sign Language Translation model, we utilize both the architecture we
have previously proposed, namely the Stochastic LWTA Sign Language Transformer, and
a corresponding transformer that employs fully deterministic methods for comparison
purposes. In the following, we will be referring to our Transformer-based SLT model
variant as the stochastic model. On the other hand, the deterministic variant will be
dubbed simply as the deterministic model.

Given our current focus on real-life applicability over high rankings on standard
benchmarks, our goal is to develop a fully gloss-free network. This objective necessitates
a reevaluation of our approach to extracting spatial information and, consequently, an
adaptation of the network’s hyperparameters. We discuss these adjustments in detail in

the subsequent section.

4.4.3.1 Landmarks and Trajectories

State-of-the-art SLT networks, including ours, often utilize convolutional subparts as

feature extractors; these are pre-trained on sign language recognition datasets. Such
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Figure 4.6: The suggested Sign to Text Transformer Network

subparts can extract spatial information from video frames by leveraging their prior
knowledge of core sign language elements. However, this preprocessing phase requires
laborious dataset annotation in terms of auxiliary Glosses. Therefore, this process is of
reduced applicability: developed models can only generalize on other datasets of similar
Gloss structure. In addition, it is incompatible with the Greek Elementary School dataset:

its immense size renders the provision of Glosses completely out of scope.

To address this issue, we follow an alternative, yet established approach that involves
using the OpenPose engine (Cao et al., 2017). The OpenPose engine is a convolutional
neural network that has been trained to track and extract the trajectories of key human
body parts. We use OpenPose to track landmarks related to the 2D positioning of upper
body movements, facial expressions, and hand shapes; one can use these as input to
a developed end-to-end SLT model. We further scrutinize the extracted features, by

excluding components that appear not to contribute enough or exhibit persistently low
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Figure 4.7: Body Landmarks - Trajectories

volatility, such as lower body landmarks. Figure 4.7 illustrates a representative example of
this approach. The resulting vector effectively summarizes the video frames and serves as

a sufficient source of information for subsequent network layers 4.6.

4.4.3.2 Training and Inference

For both training and inference algorithms are very similar to the slt model we descriped
in the previous section. The training objective of the deterministic SLT model will be
to minimise the cross-entropy error between each predicted word and the corresponding
label, under a standard seq-to-seq rationale. When it comes to inference using the trained
model, we again follow the usual practice and run autoregressive decoding, where words
of each produced sentence are predicted one by one, and the decoder is presented the
encoded representations and the previous predictions. Additionally, we use the beam
search algorithm, the parameters of which are optimised on the validation set. Training of
the stochastic variant is slightly more complex following the procedure we have described

at the previous section.
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Table 4.14: Results using deterministic and stochastic Transformers for both the entire
dataset and SLT subset

Data Set Dev/Test Model BLEU-1 BLEU-2 BLEU-3 BLEU-4

Raw Dev Stochastic 10.4 2.14 0.95 0.33
Raw Dev Deterministic 6.23 1.23 0.54 0.36
Raw Test Stochastic 11.50 2.85 1.05 0

Raw Test Deterministic 7.68 1.83 0.5 0

SLT Dev Stochastic 21.30 12.26 8.74 6.67
SLT Dev Deterministic 18.79 9.69 6.68 5.08
SLT Test Stochastic 19.99 11.10 7.68 5.69
SLT Test Deterministic 17.37 8.50 5.35 3.85

4.4.4 Experimental Results

4.4.4.1 Experimental setup

This section presents our experimental results, primarily focusing on the LWTA-Transformer’s
application on the SLT subset of the Elementary dataset. The suggested LWTA-Transformer

version is a two-layer architecture with an embedding size of 256 and U=2.

Following the recommendations of (Camgoz et al., 2020), and (Paszke et al., 2019)
we initialised the trainable parameters using Kaiming uniform for stochastic models (He
et al., 2015), and Xavier normal for deterministic models (Glorot &Bengio, 2010). The
Gumbel-Softmax temperature was set following the related theory in (Jang et al., 2017);
we use a high temperature of 7' = 1.00 during training and a low 7" = 0.01 during
inference. The rest of the training hyperparameters were either chosen based on the exact
suggestions from the original papers of the models or optimised during our experimental
investigation. The BLEU-4 score was used as the main evaluation metric to assess the
quality of sign-to-text translation. Core parts of the model’s implementation are modified

versions of (Kreutzer et al., 2019; Camgoz et al., 2020; Voskou et al., 2021).
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4.4.4.2 Quantitative Results

The central inquiries targeted in our experiments are (i) the identification of the network
architecture that produces the best outcomes and prove the superiority of our stochastic
LWTA-Transformer method; and (ii) quantifying the impact of our decision to use an
SLT-suitable subset rather than working with the entire Elementary23 dataset. Table 4.14
presents the best results that were achieved for all the subcases.

Table 4.14 clearly demonstrates that using the Raw dataset resulted in very low BLEU
scores for both the deterministic and stochastic models. Conversely, the usage of the
SLT-subset resulted in significantly improved outcomes. The exclusion of problematic or
unsuitable sentences and an appropriate data split apparently play a crucial role, making
training less noisy and more focused on effective examples.

In terms of architecture, we compare two of the best approaches available, that is, the
original S2T deterministic Transformer and its stochastic counterpart, i.e. the sSLWTA
Transformer. The results are summarised in Table 4.14. The stochastic LWTA Transformer
appears to be superior to the deterministic, achieving a BLEU-4 score of more than 1.5
units higher than the latter. The superiority holds for all ranks of BLEU scores in both

the test and validation sets.

4.4.4.3 Ablation study
Model size

Contemporary NLP Transformer networks have a tendency towards large size (Lan et al.,
2019; Brown et al., 2020; Devlin et al., 2018), reaching depths that can approach 100 layers.
Conversely, SL Transformers are commonly much smaller, often no more than 2 to 3 layers
deep. Our experiments, conducted on the Elementary23-SLT dataset, aimed to determine
the optimal depth for the proposed stochastic Transformer. The results, depicted in Table
4.15, demonstrate that a depth of 2 proves to be the optimal choice, as indicated by the
highest BLEU-4 scores on both the test and validation(dev) sets. A depth of 1 delivered

results that were lower but still close, while increasing the depth beyond 2 resulted in a
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decline in performance of around 1 to 1.5 units.

Table 4.15: BLEU-4 Scores per model depth

Depth Dev Test

1 6.35 5.57
2 6.67 5.69
3 5.09 4.63

The embedding size is another size-related hyperparameter crucial in Deep NLP models.
Table 4.16 presents a study of the effect of different embedding sizes on the performance
of the LWTA-Transformer on the Elementary23 dataset. The results indicate that an
embedding size of 256 provides optimal performance. Smaller sizes appear insufficient to
handle the complexity of the task, as they yielding the much lower scores of 4.39/4.07 for

size=128. On the other hand, larger sizes, such as 512, do not improve the results.

The effect of Competing Units per Block

As previously discussed, the results of our experiments on the sSLWTA Sign Language
Transformer (Table 4.14) render it a superior solution for the Greek SL translation task
compared to the deterministic model. A central aspect of this network is the use of the
sophisticated LWTA layer, as opposed to a typical activation function such as Relu. The
size of the competition blocks U is the main tunable hyperparameter of this technique.
Through an examination of the commonly used sizes, presented in Table 4.17, we concluded
that the most suitable choice for our case is U = 2, as suggested in (Panousis et al., 2019a).
Larger sizes of U = 4 and U = 8 resulted in decreases of 0.22 and 0.76 BLEU-4 units,

respectively; this is likely due to the high sparsity of the representations obtained from

Table 4.16: BLEU-4 Comparison between embedding sizes

Embedding Size Dev Test

128 4.39 4.07
256 6.67 5.69
512 5.32  5.27
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Table 4.17: The effect of LWTA block size U

Competing Units (U) Dev Test

2 6.67 5.69
4 0.41 5.47
8 2.23 493

the LWTA blocks.

4.4.5 Discussion and Benchmarking

We now proceed with a direct evaluation of the translation accuracy attained on the
Elementary23 dataset, and compare it to the results reported on other benchmark datasets.
Table 4.18 summarises the achieved BLEU-4 scores for each case, covering both the
main benchmarks and a curated selection of significant yet less directly comparable

supplementary non-European datasets.

Table 4.18: Benchmarking BLEU-4 scores

Dataset Dev  Test
Elementary23-SLT (Voskou et al., 2023)  6.67  5.69
Phoenix2014T (Voskou et al., 2021) 23.23 23.65
SWISSTXT-NEWS (Camgoz et al., 2021) 0.46  0.41
VRT-NEWS (Camgoz et al., 2021) 0.45 0.36
OpenASL (Shi et al., 2022) 6.57  6.72
CSL-Daily (Zhou et al., 2021) 20.80 21.34

As indicated in this table, using our method we have reported BLEU-4 scores reaching
as high as 23.23/23.65 for the validation and test sets of Phoenix2014T, validating its
standing as the highest-performing dataset. However, as previously noted, this dataset
does come with limitations such as a restricted vocabulary, a narrowly focused topic, and a
stringent structure. Analogous results emerge from applications on the CSL-Daily dataset.
More specifically, researchers report impressive scores of 20.80/21.34 on this popular
Chinese-SL dataset, which also bears similar constraints on vocabulary and content to

Phoenix2014T. While these attributes enhance BLEU-4 performance, they diminish the
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applicability of the developed SLT models for real-world users. In contrast, the objective
of our work is to amplify the effectiveness of end-to-end SLT systems in genuine usage
scenarios. These considerations make Phoenix2014T an imperfect comparison to the
Elementary23 dataset, which boasts a more realistic design.

Conversely, models trained on SWISSTXT-NEWS and VRT-NEWS exhibit weak
performance, with BLEU-4 scores < 1. The authors report scores of 0.46/0.41 and
0.45/0.36, respectively, which are considerably lower than the 6.67/5.69 achieved in our
proposed subset. Unfortunately, with such poor scores, these datasets cannot provide any
practical value, nor can they be regarded as a reliable benchmark for future SLT models;
these facts are despite their extensive topic coverage and vast vocabulary size.

These contrasting outcomes highlight the significance of our SLT engine, the Stochastic
LWTA-Transformer, trained using the Elementary23 dataset. Although the achieved
BLEU-4 scores, approximately 6 units, are modest in comparison to state-of-the-art NLP
models trained on large text corpora, they exhibit concrete translation capabilities. Thus,
in contrast to previously mentioned SLT works and datasets, our model and dataset
uniquely merge quantifiable outcomes with a wide and realistic thematic range. These
attributes lend our novel dataset a distinct importance as a benchmark for future SLT
research, and confer on our model the highly valuable capacity for real-world applications
with socially impactful benefits. Lastly, we must note that recent efforts on the OpenASL
dataset represent the sole instance that parallels our work, blending commendable results

with quality content.

4.4.5.1 Qualitative Results

The quality of the automatic translations produced by our models varies; this is shown
in Table 4.19, where three representative examples are presented. In some cases, such
as the first example, the results are impressively accurate, with only minor numerical or
grammatical errors. The next case belongs to a second category in which the context is
partially captured, but the syntax deviates from the target. The final example represents

the third group, where the model completely fails to detect any of the signed signals.
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Table 4.19: Reference(R), Prediction(P), Translated Reference(Rt), Translated Predic-
tion(Pt)

# Translation Reference and Prediction

1 R: éyel 10 voplopata toéca elvar Tor Ye|uotd ToU GUVORLXS
P: éyel 4 voulopata néoa elvon ol yeUotd TOL GUVOAXS
Rt: he has 10 coins how much is his money in total
Pt: he has 4 coins how much is his money in total

2 R: oupminedve toug aptdpolc mou Aslmouy otoug mivaxeg
P: vnohoy{lw xou ypdew toug apripoic mou Aelrtouy
Rt: I fill in the missing numbers in the tables
Pt: calculate and write the missing numbers

3 R: oto oyokelo padaivoupe xouvolpia medypata
P: 7o mepBdihov wou
Rt: at school we learn new things
Pt: my environment

4.4.6 Applications

As stated earlier, one of the primary goals of our work is to facilitate the use of automatic
sign language translation engines in practical and real-world applications. Indeed, the
proposed Sign Language Translation (SLT) method has already been implemented in a
real-world setting, specifically within an educational platform. Targeting potential students
who are interested in learning sign language, our model acts as an auxiliary tool, allowing
for quick and straightforward verification through direct feedback at the sentence level for

the signs performed.

Users are directed to a specialized interface where they can record themselves performing
a sentence or phrase in the sign language being studied. This recording is then transmitted
to the server to generate the corresponding text transcription. Both the initial recording
and the transcription are made available to the user, serving as a tool for easy feedback on
the learned material. Additionally, users can create multiple recordings of different signed

sequences, with the ability to retain and review their previous recordings.
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4.5 Conclusions

We proposed a novel Sign Language Translation (SLT) method with several notable
advantages: (i) It does not require gloss sequences for training; (ii) It achieves a state-of-
the-art BLEU-4 score on the PHOENIX 2014T dataset, rivaling methods that require
gloss sequences and/or multiple data streams; and (iii) It has at least 70% lower memory
requirements than previous state-of-the-art models. This was accomplished by designing a
doubly stochastic Transformer network that: (i) replaces ReLU layers with stochastically
competing linear units; and (ii) applies variational Bayesian inference to all connection
weights across the entire network.

With an adapted version of the proposed stochastic Sign Language Transformer model,
which uses a trajectory stream consisting of three channels: hand shapes, body poses, and
facial expressions, we successfully developed an entirely gloss-free, multi-topic SLT method.
This approach has clear real-world applicability and represents the first comprehensive
SLT model for Greek Sign Language. This accomplishment was made possible through the
introduction of a new Sign Language dataset, Elementary23. This is the largest and most
complete collection of Greek Sign Language data to date. The dataset was collected with
the help of external sign language linguist associates, ensuring excellent quality. Using a
relatively simple yet particularly effective selection process, we created an SLT-compatible
subset that meets established formatting standards and retains the desired features and
quality standards. By comparing our results with those from other datasets and conducting

related qualitative analyses, we demonstrated the robustness and value of our approach.
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Chapter 5

Tabular Data Modelling

Despite the prevalence and significance of tabular data across numerous industries and
fields, it has been relatively underexplored in the realm of deep learning. Even today,
neural networks are often overshadowed by techniques such as gradient-boosted decision
trees (GBDT). However, recent models are beginning to close this gap, outperforming
GBDT in various setups and tasks and garnering increased attention in the field.

In this chapter drawing from this inspiration, we explore the application of stochastic
deep nerual networks and we introduce a novel deep learning model specifically designed for
tabular data. The foundation of this model is a Transformer-based architecture, carefully
adapted to cater to the unique properties of tabular data through strategic architectural
modifications such as the introduction of an attention bias and staticly connected unit
augmentaly to the the core self-attention operations. Furhermore the predictive power of
the model is based on the injection of two forms of stochasticity both in the concept of
stochastic competition. First, we employ the ”Local Winner Takes All” mechanism as the
core building module. Second, we introduce a novel embedding layer that blends multiple
linear embedding layers through a form of stochastic competition.

Model effectiveness is validated on a variety of widely-used, publicly available datasets.
We show that, through incorporation of the said architectual modfification and stochastic
elements, we yield state-of-the-art performance and mark a significant advancement in

applying deep learning to tabular data.
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5.1 Tabular Data

Tabular data is a fundamental and arguably one of the most commonly used formats in
the fields of data science and machine learning. It is structured with rows and columns
that represent individual observations and their corresponding features; this creates a
simple two-dimensional, table-like body. Within it, various data types can be included. It
frequently occurs and enjoys widespread popularity in sectors like healthcare, finance, and
sciences because of its organizational clarity and its close ties with relational databases
and spreadsheets. Yet, despite the prevalence and the seeming stractual simplicity of this
layout, effectively modeling tabular data for common tasks like regression or classification

continues to pose significant challenges.

In a tabular dataset, features can exhibit a wide range of characteristics and different
formats, spanning from numerical values to more complex structures. This variation
underscores the adaptability of tabular data to represent diverse information types within
its structure. For the purposes of modeling, this diversity is streamlined, categorizing
features into two primary types: continuous, represented by real numbers, and categorical,
represented by discrete variables. Continuous features, which maintain uniformity within
their respective columns, encapsulate quantitative measurements that vary across a
spectrum, such as weights or heights. Categorical features, reflecting the dataset’s capacity
to encompass a broad array of data types, signify distinct categories or classifications,
like product categories or nationalities, and are commonly encoded as integers to simplify

computational processing.

Formally, a row in a tabular dataset of length s can be expressed as € R* x N*»
where s = s, + s,. Here, s, signifies the number of continuous features, illustrating
the consistency within these columns by ensuring all values are of a real-number type.
Conversely, s,, indicates the count of categorical features, showcasing the dataset’s ability
to integrate varied qualitative data types. This formal depiction not only simplifies the
inherent complexity of tabular data but also illuminates the delicate balance between homo-

geneity within columns and heterogeneity across the dataset, allowing for a comprehensive
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representation of data crucial for sophisticated analysis and modeling.

A central characteristic of tabular data is the assumption of no inherent relations
between features. This stands in stark contrast to data types such as images or text, where
geometrical and dynamical properties hold significance. The value or importance of a pixel
in an image or a word in a text can be substantially influenced by its neighbors. This lack
of spatial or sequential context in tabular data necessitates different analytical approaches
and algorithms for effective interpretation and processing. Even though correlations may
be present among tabular features, they are generally presumed to be unknown prior
to modeling. Moreover, unlike in other data modalities, the positioning of features in a

tabular row holds no intrinsic geometrical meaning.

5.2 Machnine Learning for Tabular Data

Numerous methodologies have been utilized historically to address relevelant tasks, ranging
from basic statistical methods and elementary linear models to more advanced techniques
such as support vector machines, among others. However, in recent years, preference has
shifted towards tree-based models like Random Forests (Ho, 1995) and, notably, the much
more advanced Gradient Boosted Decision Trees (GBDTSs) (Friedman, 2002). selected for
their superior performance. Deep Learning, a paradigm that has profoundly transformed
learning across various data forms, has not yet been established as the primary approach
for tabular data. Nevertheless, this trend is slowly changing. The recent emergence of
novel deep learning models that outperform GBDTs on a spectrum of tabular datasets
signifies a potential shift. Although the volume of related publications remains limited,
the encouraging outcomes of these studies suggest a possible redefinition of the prevailing
methodologies for tabular data analysis, potentially positioning deep learning at the

forefront.
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Gradient Boosted Decision Trees

As previously outlined, the most established methods in Tabular Data Modeling (TDM)
currently belong to the family of tree-based algorithms, especially in the form of Gradient
Boosted Decision Trees (GBDT). These algorithms rely on an ensemble of weak learners,
sequentially generated as corrections to the existing ensembles in a gradient-driven fashion.
Let F,,(x) be the model at iteration m, where @ is the input vector. The model is updated

as

Fn1(®) = En(@) +1 - hin () (5.1)

where 7 is the learning rate, and h,,(x) is the weak learner (decision tree) added at the
m-th iteration. The weak learner is chosen to minimize a loss function L(y, F'(x)), given
the true value y and the model prediction F(x). The gradient boosting process aims to
find h,,(x) that best fits the negative gradient of the loss function with respect to the
model predictions, effectively performing gradient descent in the function space.

These algorithms have gained prominence in various fields, from finance to healthcare,
due to their ability to provide high-performance models that can be easily used through
high-level APIs. This accessibility has made GBDT and its derivatives particularly
popular among developers and data scientists, underscoring their adaptability and robust
performance across diverse tabular data challenges.

The variants of GBDT, such as Catboost(Prokhorenkova et al., 2018), XGBoost(Chen
et al., 2015), NGboost(Duan et al., 2020), and LightBoost(Ke et al., 2017), introduce
specific improvements to this framework. XGBoost, for instance, is renowned for its
scalability and efficiency, making it a preferred choice for handling complex and large
datasets. Catboost efficiently manages categorical data, thus simplifying the preprocessing
steps required for model training. NGboost advances the prediction accuracy by focusing
on the probabilistic prediction of target variables, while LightBoost optimizes for speed

and efficiency through a histogram-based approach for faster training times.
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Deep Learning and Transformers

Until the conclusion of the previous decade, the deep learning methodologies that were
applied to Tabular Data primarily focused exclusively on multi-layer perceptrons and
other basic architectures. However, the past few years have seen a significant surge in the
development of more sophisticated neural network designs, which have delivered remarkable
results. These advanced designs have embraced a variety of strategies, including those that
mimic decision trees or other forms of weak learners; frequently, these innovations draw
inspiration from Gradient Boosted Decision Trees (GBDT). Two seminal architectures
that exemplify this innovative approach are the Neural Oblivious Decision Ensembles
(NODE)(Popov et al., 2019) and GrowNet(Badirli et al., 2020), which have both made
substantial contributions to the field.

While these methodologies have achieved commendable outcomes, the direction of recent
research has increasingly leaned towards the adoption of Transformer-based architectures.
A notable example of this trend is the TabTransformer(Huang et al., 2020), which utilizes
the transformer architecture to process categorical tabular features effectively. It then
integrates these processed features with a fully connected layer to manage the numerical
features. The amalgamation of satisfactory results and a relatively lightweight structure
has garnered some popularity for this model amongst researchers and practitioners.

Conversely, architectures such as TabNet(Arik &Pfister, 2021) leverage the full compu-
tational capabilities of the Transformer and its attention mechanism to produce robust
results through an encoder-decoder framework. In many instances, they are capable of
matching or even surpassing the state-of-the-art performance of GBDT models. However,
this pioneering work was characterized by a significant increase in complexity and prolonged
training and inference durations, which rendered it somewhat impractical for certain appli-
cations. The FtTransformer(Gorishniy et al., 2021) addresses these issues by adopting an
encoder-only design that analyzes all features collectively and then post-projects individual
categorical features into separate vector representations through a simple yet efficient linear
embedding layer. This method has successfully combined state-of-the-art results with a

significantly reduced complexity, especially when compared to TabNet and similar models.
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Moreover, the SAINT (Somepalli et al., 2021) model introduces an innovative inter-row
attention layer, enhancing the model’s ability to process data beyond the traditional
row-by-row approach.

While the primary focus of our research centers on the exploration of core architectural
innovations, it is essential not to overlook the significant contributions made by studies on
auxiliary techniques or isolated sub-components. In addition to proposing advanced network
architectures, a considerable number of investigations have explored the implications
associated with various attributes and settings fundamental to deep learning methodologies.
Noteworthy studies in this regard include those on transfer learning (Rubachev et al.,
2022; lida et al., 2021), as well as diverse embedding approaches that have demonstrated
the potential to achieve strong results even with relatively simple architectures such as
MLP-PLR (Gorishniy et al., 2022). Exceptional contributions, such as those by (Kotelnikov
et al., 2023), which utilizes denoising diffusion probabilistic models, and (Gorishniy et al.,
2023), which incorporates retrieval augmentation strategies, stand out. The majority of
the techniques proposed in these studies can be effectively integrated with existing or

future network architectures, potentially enhancing their performance even further.

5.3 The proposed Tabular Hybrid Transformer with

Stochastic Competition

5.3.1 Overview

In Figure 5.1, we provide a comprehensive overview of the proposed model, which employs
a hybrid architecture grounded on an encoder-only Transformer. This foundational
architecture is augmented with stochastic elements and additional structural modifications,
which we discuss in greater detail later in this Section.

Our proposed adaptations do not obliterate the necessity for a specific input structure
compatible with the standard Transformer encoder. To achieve compatibility with this

structure, our first step is to adapt the original data format, defined in R*" x N*»  to one
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Figure 5.1: Overview of the proposed approach, exhibiting its core modules.

that fits the Transformer. Through embedding layers, each feature z;,i € {1, .., s}, be it
numerical or categorical, is mapped onto a d-dimensional representation vector, given by
h; € RY. Eventually, a given input x = (x;)5_, is mapped to a vector sequence h € R%*.
Alongside this representation, we also add a vector, Rgpecial € R?, that corresponds to an
artificial ”special token” with a static value. The terminal representation of this token is

fed to a final regression or classification head, depending on the task at hand.

While our architectural design shares similarities with usual Transformers and preceding
models on tabular data and other domains, it distinguishes itself through three key
innovations that enhance its predictive capability: i) The adoption of the sophisticated
stochastic LWTA layer (Panousis et al., 2019a). The latter while has been shown to
yield improved results in a wide range of applications; yet, it has never been employed
to networks designed for Tabular Data. ii) The introduction of a novel data-driven
probabilistic selection among alternative (linear) feature embeddings. This enhancement
adds an extra element of stochasticity and promotes richer feature representations. iii)
The introduction of the Hybrid Transformer module, which is specifically designed for
tabular data. This module merges the core Transformer encoder layer architecture with a
parallel fully connected aggregation module. Tailored to capitalize on the static structure
of tabular data, this aggregation module works by projecting the hidden representations

back to scalar values and processing the aggregate result.

In the following subsections, we elaborate on each of the core novel elements that

compose our Transformer-based approach.
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Figure 5.2: llustration of the embedding mixture layer

5.3.2 Local Winner Takes All

The Stochastic ”Local Winner Takes All” (LWTA) layers are adapted in similar way to
our previous SL examples forming the main block of the model. The only difference is
that in contrast to the Sign Langugage Translation models we now avoid the usage of

variational weights. Although this does not affect the core competition engine of LWTA.

5.3.3 Feature Embedding - Embedding Mixture Layer

Feature embedding serves as a pivotal element in models like the one we propose, acting as
the bedrock upon which later processing stages are built. In our approach, each categorical
feature is separately processed via a standard linear embedding layer. This technique
is stable and well-grounded in the literature, sharing conceptual similarities with word
embedding commonly used in NLP.

Embedding of continuous values is much underexplored. Earlier work (Gorishniy
et al., 2021) has mostly been limited to simple linear projections, computed independently
for each feature. Recently, non-linear approaches have been explored and proved to be
beneficial to the predictive accuracy (Gorishniy et al., 2022). In this work, we progress one
step further, proposing a novel stochastic embedding layer that improves the expressive

power of the vanilla approach. In our proposed method, instead of having a single pair
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of weight and bias vectors, we use a set of J such pairs, defining J alternative (linear)
embeddings, each indicated by an indicator j. To gain the representation vector of a
continuous input, x;, the model has now to select one of the so-defined alternative linear
projections. It does so in a stochastic manner, where the probability of one alternative
embedding being selected is driven by the value of x; via (5.2); this selection rationale is

illustrated in Figure 5.3 (left side).
femp(2i) = ziw; +bj, j ~ P(|;, 0y, 6)) (5.2)

where the posterior probability distribution over the linear mapping reads

eli

P(]|l‘, 0w70b> = ma
j=1

with 0,,,0, € R’ denoting the trainable parameters directly involved in the selection

process.

This embedding selection scheme can be described as a sort of competition among
sub-parts at the embedding layer level; each competitor aims to dominate a broader
range of input values. We posit that, in this way, the embedding engine can produce
representations that are significantly richer than a single linear mapping. The eventually
obtained embedding vector can vary considerably more than vanilla embeddings, based on
the value regions of the input feature; this may allow for the identification of behavioral
changes and shifts in statistical importance related to that feature. Additionally, the
induced probabilistic transitions between different linear embedding enhance accuracy in

uncertain areas of mapping, and also help reduce the risk of over-fitting.

While gating networks could be used to perform selection among alternative embeddings,
our proposed method relies on competition, similar to stochastic LWTA layers althought in
global layer to to layer competition rather than lwta’s in local single neuron competition.
This is an effective alternative that obviates the need to introduce more trainable parameters
for the gating function, and the associated computational burden. Similarly, during training,

7i that corresponds to the embedding selection indicator vector of the numerical feature
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Figure 5.3: The hybrid Transformer module.
x; is approximated via Gumbel-Softmax, to ensure effectiveness and stability:

exp ((m; +gi)/T)
Sy eap((mg + 9i5)/T) (5.4)

g = _log(_ IOgZ), z~ U(O7 1)

Ji =

where 1; = w;x + b;, and T' the temperature hyperparameter.

5.3.4 Hybrid Transformer module

Typical Transformer input modalities, like text and videos, frequently display dimension-
ality that is subject to change, such as sentence lengths or video duration. Conversely,
tabular datasets exhibit fixed, predefined dimensions. This distinct property offers an
avenue for integrating static elements into the network, which would be unattainable in
dynamically changing contexts.

Our so-obtained hybrid Transformer layer melds two essential subcomponents. Similar
to a standard Transformer encoder layer, the first component is a feature-wise sequential
arrangement of a Self-Attention layer and a Fully-Connected layer. In our work, we enhance

the attention dot-product with a bias term, an adjustment we have empirically found
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to be subtle yet effective. While the incorporation of various types of bias in attention
has been previously explored, such as in (Dufter et al., 2022) where it was used to add
relative positional information, our application is the first aimed at leveraging the structural
properties of tabular data. The second component, a novel aspect of our design, is a parallel
module. This module can technically be described as an LWTA-based global feedforward
layer, as illustrated in Figure 5.3 (Right part). This innovation is inspired by previous
research (Gorishniy et al., 2021; Kadra et al., 2021; Shwartz-Ziv &Armon, 2022) showing
that despite the popularity of Transformer architectures, fully connected architectures
can still yield remarkable results and should not be overlooked. Our hybrid approach
facilitates an effective blend of static and dynamic feature interactions, contrasting with
the purely dynamic nature of typical Transformers. Through this modification, we enhance
the model’s predictive capability with a small increase in computational cost.

The new module is presented with the d-dimensional embedding of each of the s input
features, reprojects them onto scalar values and aggregates them into a single s-dimensional

representation vector through the operation ® : R%$ — R*:
(b(h) = (wl . hl + bi)le where w;, hl € Rd, bl eR (55)

The so obtained vector, ®(h), is presented to a subsequent LWTA layer, followed by
a Linear layer; this yields an output vector z € R?. The output from this module is

incorporated into the representation of the special token, in an additive (residual) manner.

5.3.5 Training and Inference

The training objective of our proposed model is formulated as follows:

L(9) = By [logp(DI{o})] - KLIQUEDIP{ED)] — KLIQUIDIIPHsY]  (5:6)

where {£} the set of the LWTA winner indicators, {7} the embedding selection indicators
and {¢} represents all the trainable parameters. It is captured by a composite functional

consisting of three terms. The first term corresponds to the primary objective. It
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incorporates the standard crossentropy loss for classification tasks and the mean squared
loss for regression scenario. In both cases, the latent indicator vectors & and j are
replaced by a differentiable (reparameterized) expression obtained through the Gumbel-
Softmax trick. The second term encapsulates the Kullback-Leibler divergences between
the posteriors and the priors of the winner indicators, using a uniform discrete prior

distribution U:

KL[Q(&)|P(& ZZ@@ )log (Q(&)/Us) (5.7)

Ve i=1

The third term is similar to the second, but quantifies the KL divergence between the
posterior of embedding selection and a uniform discrete prior.

For model evaluation and inference, predictions are gained via Bayesian averaging. By

executing the model multiple times, we average the resultant outputs from the employed

classification or regression head.

5.4 Experimental Results

5.4.1 Benchmarking datasets

Table 5.1: Key statistics and properties of benchmarking datasets.

HI AD oT HE JA YE DI HO
Total Entries 98049 48842 61878 65196 83733 515345 53940 22784

Total Features 28 14 93 27 54 90 9 16
Catg Features 0 8 0 0 0 0 3 0
Task C C C C C R R R
Classes 2 2 9 100 4 — — —

In the experimental section, we employ 8 publicly available tabular datasets, in the
same form as previously utilized in analogous research, such as (Gorishniy et al., 2021),
and (Gorishniy et al., 2023). We use exactly the same train-validation-test split to
facilitate fair comparison. Specifically, our analysis involves two datasets for binary

classification, namely Higgs Small(HI) and Adult(AD); three datasets designed for multi-
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class classification, namely Otto Group Products(OT) with nine classes, Helena(HE) with
100 classes, and Jannis(JA) with four classes; and three datasets tailored to regression
tasks, namely Year Prediction(YE), Dimanond(DI), and Housel6H(HO). As reference
metrics, we follow a common practice and use MSE for Regression and Accuracy for
Classification Tasks. The bulk of the selected datasets are medium-sized, with row counts
ranging from 20,000 to 100,000. However, to also examine how performance changes when
using a significantly larger dataset, we also use Year Prediction, a particularly popular
dataset encompassing around half a million features. In the context of feature types,
the majority of datasets include numerical attributes, with feature dimensions ranging
between 5 and 93. Exceptions to this pattern are the Adult and Diamond datasets, which
additionally incorporate categorical features. Detailed analysis of data statistics is provided

in Table 5.1.

5.4.2 Experimental setup

In all experiments, the AdamW (Loshchilov &Hutter, 2017) optimization algorithm was
selected, with a small weight decay rate, wd < 107%. Training was divided into two
sequential phases: a short warm-up featuring an ascending learning rate, and a subsequent
main training part. In the latter phase, the learning rate commenced at Ir = 1072 and
was subject to a 50% reduction upon reaching a performance plateau. Additional hyper-
parameters are an 8 head multi-head attention; an mc-dropout rate of p = 0.1 — 0.25;
and a Gumbel Softmax temperature 7" = 0.69 for training and 7" = 0.01 for inference. As
usual with Gumbel-Softmax reparameterization, it suffices that we consider sample size
N =1 for training; we draw N = 64 samples for inference. For input data prepossessing,
appropriate normalization /scaling was employed, except for the OT dataset where original
scaling was retained as suggested in (Gorishniy et al., 2021). Additionally, we re-scale
the labels of HO and DI by a factor of 107% and 102, respectively for better illustration
purposes.

The majority of the experiments were conducted on a single 16GB GPU (NVIDIA

Quadro P5000). An exception to this setup was made for experiments on the Year
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Table 5.2: Results comparison with related Deep Neural Networks.

Classification(Acc 1) Regression(MSE |) avg.

Model HI AD oT HE JA YE DI HO rank
MLP 71.9% 853% 81.6% 38.3% 71.9% 7837 1960 9.6845 4.1
MLP-PLR 72.9% 87.0% 81.9% - - - 1.800 9.339 1.7
Node 72.6% 858% - 35.9% 72.7% 76.40 - 3.8
FtTransformer 73.0% 85.9% 81.7% 39.1% 732% 78.40 - 10.480 3.0
Saint 72.9% 86.0% 81.2% - - - 1.877 10.510 3.9
STab 73.2% 86.1% 82.5% 39.4% 73.6% 76.10 1825 9.650 1.4

Prediction dataset, which necessitated the use of a larger GPU (NVIDIA A100) due to
their increased computational requirements.

For each dataset employed, we trained and validated our model four times with different
random seeds each time to gain a more comprehensive understanding of its performance.
The main results reported are the averages of these four trainings, and we additionally
discuss the standard deviation among the four scores. Moreover, all the ensemble scores

presented are combinations of these four runs.

5.4.3 Results Discussion

Table 5.2 presents a comparative evaluation of our proposed model against leading deep-
learning benchmarks, specifically MLP-PLR, NODE, FtTransformer, and SAINT, in
addition to the results of a basic MLP network used as a baseline. To maintain a focused
examination of architectural differences, we intentionally exclude methods that rely on
transfer learning or data augmentation.

For the proposed model (STab), we employ our recommended hyperparameters obtained
through a brief tuning procedure and empirical consideration, to be detailed later in this
section. For established benchmarks, we cite results from existing literature as provided in
(Gorishniy et al., 2021), (Rubachev et al., 2022), (Gorishniy et al., 2023), or (Somepalli
et al., 2021). It is important to mention that all the reported third-party results are the

outcomes of well-conducted hyperparameter tuning, typically more extensive than ours,
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Table 5.3: Results Analysis

Model HI AD oT HE JA YE DI HO

Mean  73.2% 86.1% 82.5% 39.4% 73.6% 76.10 1.825 9.650
STD 0.15% 0.09% 0.20% 0.17% 0.15% 0.21  0.027 0.59
Best 73.4% 86.2% 82.7% 39.5% 73.7% 75.88 1.789 9.1

and the reported numbers have been verified. This approach conserves computational
resources and ensures impartiality by relying on multi-party verification of performance

metrics.

As illustrated in Table 5.2, all high-performing models exhibit similar performance levels,
with none showing significant superiority; each remains relatively close to the baseline. This
observation suggests that the datasets may be approaching the optimal results achievable,
rendering further enhancements a challenging endeavor; even a marginal advantage could
prove crucial, especially in competitive environments. Our model demonstrates superior
performance, outperforming existing neural network architectures in 5 out of 8 evaluated
benchmarks. Moreover, we achieved an average ranking of 1.4 across all datasets and in
the 3 instances where we did not secure the top result, we still managed to obtain the
second position. Finally, STab outperforms FtTransformer, the architecturally closest
approach to ours, across all setups. These outcomes provide a strong indication of the

impact of the proposed innovations.

The exceptions to STab’s superiority are observed in the HO, AD, and DI datasets,
where our model trails behind MLP-PLR. Notably, these exceptions are the datasets
with the fewest features from the benchmark collection, just 9 to 16 features per row.
In addition, DI and AD are also the only two that include categorical features. This
highlights a specific advantage of our approach in handling datasets that have a larger

number of features and are exclusively composed of numerical features.

In Table 5.3, we present the performance of our model over 4 random seeds. In addition
to the mean value, we also report the standard deviation and the best out of the 4 scores.

We observe that the deviation in scores across different random seeds is relatively low,
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Table 5.4: Ensemble models results comparison with Deep Networks and Gradient Boosted
Decision Trees

Classification(Acc 1) Regression(MSE |)
Model HI AD oT HE JA YE DI HO

XGBoost 72.6% 87.2% 83.0% 37.5% 721% 79.98 1.877 10.09
XGBooste,s 72.8% 87.2% 83.2% 388% 724% 7849 1.850 10.00
CATBoost 72.6% 87.1% 82.5% 385% 723% 7898 1.796 9.720
CATBoostps 72.9% 87.2% 82.7% 385% 727% 7811 1.769 9.645
LGBoost 72.7%  87.1% 82.5% 38.0% 721% 79.50 1.85 10.15
LGBoost,s 72.8% 87.2% 82.7% 381% 723% 7882 1.80 10.02
MLP-PLR.,s 73.5% 87.2% 822% - - - 1.769 8.958
Nodeg,s 72.7%  86.0% - 36.1% 73.0% 76.02 - -
FtTransformer.,, 73.3% 86.0% 82.4% 39.8% 73.9% 76.51 — 10.17
STabeys 73.6% 86.2% 83.2% 40.0% 74.0% 75.60 1.781 9.300

especially given the stochastic nature of our approach, with o2 > 0.2% for all classification
tasks, ~ 0.2 for YE, and ~ 0.025 for DI; the exception is the HO dataset, where o > 0.5,
which is high relative to its mean value, likely reflecting its highly noisy nature. In the

same table, we also include the best achieved scores.

Beyond the main results of Table 5.2 in Table 5.4, we extend the comparison to include
ensemble models as well as three established GBDT paradigms in both single and ensemble
configurations. While our model’s superiority persists in ensemble settings, the margin
of lead narrows slightly. Gradient Boosting models in their ensemble form closely align
with our results on the OT task, and CATBoost’ s marginally outperform us on DI. In
addition, our model seems to benefit slightly less from ensembling compared to some
older deterministic deep networks, possibly due to its inference mechanism via Bayesian
averaging. Nonetheless, the ensemble version of our model remains the state-of-the-art

solution for the majority of the evaluated tasks.

In Table 5.5, we list the main hyperparameters of the proposed model for each dataset,
corresponding to the experimental results presented. These values might not showcase
the absolute best performance, as we opted against exhaustive optimization and did not

use black-box optimization techniques such as Optuna (Akiba et al., 2019) or Hyperopt
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Table 5.5: Suggested main hyperparameters

Model HI AD OT HE JA YE DI HO
Dropout 0.25 0.1 025 0.25 0.25 0.25 0.1 0.125
Embedding Size 256 16 192 96 192 128 96 128
Depth 4 3 ) 7 4 6 4 4

Table 5.6: Ablation study on different model variants.

Transformer Classification(Acc 1) Regression(MSE |)
Variant HI AD oT HE JA YE DI HO
Vanilla 73.0% 85.9% 81.7% 39.1% 732% 7840 1.89 10.48
Stochastic 73.1% 86.0% 82.1% 39.3% 73.4% 77.05 1.84 10.02
Hybrid 73.2% 86.0% 81.9% 39.0% 73.2% 76.75 1.87 10.08

Full-model 73.2% 86.1% 82.5% 39.4% 73.6% 76.10 1.83 9.65

(Bergstra et al., 2013), which may require hundreds of iterations to provide optimal results.
Additionally, in situations with marginally differing results, factors such as model size
were also taken into consideration. Beyond these hyperparameters, a fixed LWTA block
size U = 2 is employed, as suggested by the majority of related literature (Panousis et al.,
2019a; Kalais &Chatzis, 2022), as well as a fixed J = 16 for the embedding mixture layer,
which appears to be a well-performing value for most cases, both supported by preliminary

analyses provided in the next section.

5.4.4 Ablation study

In this section we proceed into a deeper analysis of the impact of the novelties that
are coverd by our model and the effect of the key controlling hyperparemeters we have

introduced.

On the impact of the proposed modules.

In Table 5.6, we present a comparative analysis between variants of our approach, aiming to

examine the impact of each proposed element. The vanilla variant is a regular transformer
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encoder that incorporates neither the task-specific architectural modifications (the parallel
module and the attention bias) nor the stochastic competition elements (embedding
mixture and LWTA); this is equivalent to the FtTransformer model. The subsequent
two cases correspond to the implementation of only the stochastic competition modules
(Stochastic) and the use of the Hybrid Transformer Layer in a deterministic setup, similar
to the vanilla version(Hybrid). Finally, we include the results of the full model to facilitate
easier comparison.

Upon examination, it is evident that both the Stochastic and Hybrid variants exhibit
performance enhancements over the Vanilla model; these enhancements have been obtained
independently but the cumulative effect is more prominent when combined under the full
model configuration. However, notable exceptions exist, such as in the case of the JA and
HE datasets, where the Hybrid architecture, when applied in isolation, either fails to offer
any benefit or reduces the performance. Similarly, for the HI dataset, the full model does

not manifest any marked advantage over the deterministic hybrid framework.

Analysing the mixture embedding parameter J

Table 5.7: Targeted study on the the effect of mixture embedding parameter J

HI(1) HE(1) DI(}) HO())

73.2% 39.4% 1.84 9.94
73.2% 39.5% 1.83 9.55
73.3% 39.5% 1.84 9.67
73.2% 39.1%  1.87 9.88
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To evaluate the influence of the Probabilistic Embedding Mixture and the relevant
parameter J (mixture components) on our model’s performance, we conducted a specific
study. The results are displayed in Table 5.7, focusing on the significance of the parameter
J. Notably, setting J = 1 is equivalent to employing a standard linear embedding. Data
from Table 5.7 suggest that, in many cases, J = 16 is the optimal value or closely
approximates it. Moreover, there is a noticeable improvement compared to the standard

linear numerical feature embedding. However, minor adjustments to J, whether below
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or above the optimal, typically do not lead to significant shifts in performance metrics.
This finding supports our recommendation of a fixed J = 16 for the main analysis, thus

diminishing the need for further time-consuming tuning.

On larger LWTA block sizes U

Table 5.8: The effect of LWTA block size U.

HI(1) HE(1) DI(}) HO(})

U=4 731% 392% 1.83 9.51
U=2 732% 39.5% 1.83 9.55

Similarly, to further justify our decision to maintain a constant LWTA block size of
U = 2, beyond previous literature, we conducted a brief analysis on the impact of a larger
block size (U = 4) Table 5.8. The findings indicate that increasing the block size usually
results in either suboptimal performance or only a minimal impact. These results, in line
with prior studies, further validate our selection of U = 2 as an effective default setting,

reducing the incentive for additional exploration.

The computational cost of the hybrid module

Table 5.9: Percentage increase in parameters and training/inference time due to the hybrid
layer

oT HI AD HE JA YE DI HO

Parameters 35.2% 34.9% 104% 26.5% 33.6% 31.9% 23.4% 27.4%
Training Time 35.5% 46.2% 40.9% 43.7% 38.0% 37.6% 452% 46.5%
Inference Time 0.8% 3.0% 9.0% 2.1% 04% 09% 3.5% 3.4%

The introduction of the proposed hybrid transformer layer has led to significant
improvements in accuracy, though it comes with an increase in the number of trainable
parameters. Table 5.9 details the additional parameters incurred by employing the hybrid

architecture over a standard transformer encoder, as well as the corresponding rise in
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training and inference times for a single batch. Although the increase in parameters is
measurable, it is not excessive, with an average rise of 28% and a maximum of just over
35%. Furthermore, this increase moderately affects training time, with increments ranging
from 35% to 47%. As expected, the augmentation does not significantly impact inference
time, given that the additional modules operate in parallel. Finally, it is essential to note
that, despite the additional parameters, our encoder-only architectures remain significantly

more resource-efficient than some previous models, such as TabNet.

On the potential utilization of Variational weights

In contrast to the Sign Language Transformer method discussed in the preceding chapter,
which utilized a Gaussian variational posterior for the trainable parameters, this Tabular
model employs conventional point estimations for the weights. To justify this decision,
we present a concise study in Table 5.10. The results suggest that this approach could
potentially degrade the model’s performance or leave it unchanged. This is likely due
to the increased complexity and stochasticity introduced by this methodology. These
observations, coupled with the doubling of parameter count, which in turn escalates training
time and necessitates more resources—thereby requiring more expensive equipment for

training—provide a solid justification against the adoption of such an approach.

Table 5.10: Scores of Gaussian vs deterministic weights

HI(1) HE(1) DI(}) HO())

Gaussian 73.1% 38.9% 1.84 9.80
Point Estimation 73.2% 39.4% 1.84 9.65

Bayesian Averaging and Sample Size

Given the stochastic characteristics of our model, we derive its final prediction via Bayesian
averaging. Figure 5.4 illustrates the correlation between sample size and prediction quality.

Consistent with expectations, an increase in sample size tends to enhance and stabilize
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the predictions. A sample size of N > 20 seems to be a robust selection, as the prediction

quality begins to plateau around this value.
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Figure 5.4: The effect of Sample size N on model’s performance : (Left) Accuracy Higgs
boson detection, (Rigth) Mean Squared Error on Housel6H

While our averaging approach may look similar to model ensembling, it’s crucial to
point out that they differ in key aspects. Unlike model ensembling, which requires training
multiple (N) distinct models, our method needs just a single model to be trained. This
means no need for extended training processes neither additional memory and storage
space. Additionally, while it is true that inference time increases linearly with N in either
case, this does not hold for single-row inference or small batches. In these cases, even for
very large N, drawing N samples can be performed in parallel on a single GPU without
additional delays. This is particularly advantageous for real-time applications requiring

low latency and rapid response times.

5.5 Limitations

While the proposed model attained state-of-the-art results across the majority of tasks, it
falls short of achieving universal superiority. However, it is important to acknowledge that
no existing model has reached this level of performance to date. Furthermore, similarly
to many older relevant deep networks, this model exhibits a complex architecture and
necessitates significantly more resources for both training and inference compared to

simpler models such as Gradient Boosting Decision Trees.
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5.6 Conclusion

In this study, we introduce a novel approach to tabular data modelling by harnessing con-
temporary deep learning, with a particular emphasis on stochastic competition techniques.
We employ a stochastic Transformer-based model with a modified task-adapted architec-
ture. The model’s computational prowess is further augmented by the integration of the
stochastic LWTA layer. Additionally, we unveil a distinctive embedding mixture layer for
numerical features, seamlessly fusing multiple linear mappings through a stochastic com-
petition mechanism. As a testament to our approach’s efficacy, we secured state-of-the-art
results on a majority of eight popular benchmarks and achieved second place among recent
deep learning methodologies in the remaining instances. Notably, these advantages persist
even in ensemble model configurations.

In upcoming research endeavors, we recommend a thorough exploration of stochastic
competition methods, with the goal of enhancing model performance for tabular data
and setting the stage for a deep learning framework in this GBDT-dominated area.
Another avenue of interest is understanding how these stochastic techniques can leverage
sample outcomes to estimate metrics beyond just expected values; this includes assessing
uncertainties and probing into the distributional aspects of predictions. Also, incorporating
advanced strategies, such as smart data augmentation, transfer learning, and meta-learning,
offers a promising perspective for future studies. Historically, these methodologies have
demonstrated their effectiveness by markedly improving model outcomes, suggesting their

potential to elevate the efficacy of our proposed architecture.
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Chapter 6

Conclusions and Future Work

In this thesis, we proposed and developed a stochastic Transformer paradigm, primarily
based on stochastic competition. Specifically, we implemented a stochastic Local Winner
Takes All approach as a central element in the Transformer’s core. We effectively integrated
this component with additional stochastic modules. For the sign language transformer, we
employed a Bayesian variational treatment over the weights, utilizing Gaussian posteriors
and applying a weight compression technique that leverages the uncertainty estimations.
For the tabular transformer, we introduced a stochastic Embedding Mixture layer based
on global rather than local feature competition. Additionally, we enhanced the standard
transformer encoder architecture by adding a novel hybrid layer that takes advantage of
the unique properties of this data format.

Using the proposed method, we successfully tackled the challenging task of sign language
translation. We achieved state-of-the-art results on the most well-studied dataset in the
field, surpassing previous works in terms of translation quality, reducing the dependency
on gloss annotation, and simultaneously decreasing the memory needs of the network.
Following this achievement, we made significant progress in automatic Greek Sign Language
processing, especially in the crucial task of full end-to-end Greek sign language translation.
This was made possible through the introduction of a high-quality, wide-domain dataset,
the largest ever on Greek Sign Language, named Elementary23. By altering the feature
extraction engine of our model, we managed to train a Greek SLT model that balances
real-world applicability with respectable translation accuracy. The outcomes demonstrated
that our model design is particularly effective for the particularly complex and data-scarce

task of sign language translation.

The suggested paradigm was further validated in the context of tabular data modeling.
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Specifically, we trained and evaluated our model on eight different tabular datasets, each
with varied properties and commonly studied in relevant literature. We achieved state-
of-the-art results on most of these datasets while maintaining competitive performance
on the others. In addition to the transformer with local stochastic competition, we also
proposed (i) a novel competition-based feature mixture embedding module and (ii) a
hybrid transformer architecture. We demonstrated that each proposed component, when
tested in isolation, enhances baseline results significantly, and their combined application
synergistically maximizes their potential impact. These advances not only improved
performance standards across several datasets; they also pushed the field of deep learning
on tabular data forward, equipping researchers with new innovative tools while placing
stochastic competition at the forefront of future research efforts.

The success of the proposed approach in two different and completely dissimilar tasks
confirmed the effectiveness and potential of Deep Transformer Neural Networks with
stochastic competition, supporting an indication for further exploration in new areas such
as modern LLMs or in fundamental vision and time series applications. Additionally,
future work may also extend to the examination of further SLT and tabular-related tasks.

In the context of sign language, as delineated in the manuscript, the model currently
serves as an automated tool to assist learners of sign language by verifying their signing
attempts. While this functionality is beneficial, a more focused approach could involve the
development of sentence-level sign language verification models specifically designed to
assess learning attempts, where the targeted sentences are predefined. Such models would
directly evaluate the accuracy of the learners’ signs, potentially simplifying the verification
process and enhancing overall accuracy compared to indirect methods.

Concerning the pathway of tabular data, a logical progression involves utilizing stochas-
ticity and the resulting distribution of predictions to facilitate precise uncertainty esti-
mation. Although numerous techniques for this purpose have been previously suggested,
the prevalence of modern high-performing models that incorporate this feature remains

limited.
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