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Abstract

This thesis introduces a novel machine learning methodology for automatically assigning
metadata to digitized artifacts in cultural heritage. Cultural heritage is an example of a
domain that requires expert labeling, with few pre-existing labeled datasets and where sim-
ply getting more labeled data is challenging. The societal importance of cultural heritage
lies in its role of safeguarding history, enhancing comprehension of the past, and nurturing
a sense of belonging for current and future generations. Digitization, in turn, helps protect
cultural artifacts from degradation and loss, while improving the accessibility of valuable
artifacts and documents. Metadata plays a crucial role in empowering the search and ex-
ploration of large catalogs of artifacts, especially across country and language boundaries.
We create a method for deducing metadata from textual descriptions of digitized items,
enhancing its versatility by incorporating multiple languages and tasks to maximize the
utility of existing labeled data sources using transfer learning. We augment this method
with multimodal late fusion, combining text, image, and tabular classi cation. We show
that the multimodal model signi cantly outperforms any single modality in metadata in-
ference. Finally, we extend this work to a particular type of cultural heritage, literature.
Literature o ers a platform for exploring human emotions, thoughts, and societal issues,
allowing readers to engage with di erent perspectives and narratives. In literature analysis,
the text itself can be considered the artifact, in contrast to the analysis of text descriptions
of digitized artifacts. We use semi-supervised methods to enable ne-grained multi-label
emotion analysis of literature without requiring pre-existing labeled data. Emotion detec-
tion from text provides an excellent use case since emotions play a crucial role in shaping
the narrative and identifying emotions in text is challenging to both humans and auto-
mated algorithms alike. We show our approach is a viable alternative to expensive and
time-consuming manual labeling for creating supervised datasets. Our approach is under-
pinned by neural network-based representation learning, employing transfer learning in one
instance and semi-supervised techniques in another. We validate our methodology through
empirical ndings across domains such as digitized silk fabrics, literature, and healthcare.
We showcase the e ectiveness of transfer learning in these diverse contexts, and underscore
the bene ts of multimodal approaches.






Povzetek

V tej doktorski disertaciji predstavljamo novo metodologijo strojnega u£enja za avtomat-
sko dodeljevanje metapodatkov digitaliziranim predmetom kulturne dedi2Eine. Kulturna
dedi2£ina je primer podro£ja, ki zahteva strokovno ozna£evanje, z malo °e obstojefih ozna-
£enih zbirk podatkov in kjer je pridobivanje dodatnih oznaEenih podatkov izziv. Dru®bena
pomembnost kulturne dedi2£ine |ei v njeni vlogi pri varovanju zgodovine, pove£anju razu-
mevanja preteklosti in spodbujanju ob£utka pripadnosti za sedanje in prihodnje generacije.
Digitalizacija pa pomaga zaz?£ititi kulturne predmete pred degradacijo in izgubo, medtem
ko izbolj2uje dostopnost dragocenih predmetov in dokumentov. Metapodatki igrajo kljuEno
vlogo pri omogo£anju iskanja in raziskovanja velikih katalogov predmetov, 2e posebej preko
dreavnih in jezikovnih meja. Razvijamo metodo za dolo£anje metapodatkov iz besedilnih
opisov digitaliziranih predmetov, ki povefuje svojo vsestranskost z vkljufitvijo vef jezi-
kov in nalog z namenom maksimiziranja uporabnosti obstoje£ih oznafenih virov podatkov
z uporabo ufenja s prenosom znanja. To metodo dopolnjujemo z multimodalno pozno
fuzijo, ki zdru®uje besedilo, sliko in tabelariEno klasi kacijo. V disertaciji poka®emo, da
multimodalni model bistveno presega katero koli posamezno modalnost pri dolo£anju me-
tapodatkov. Nazadnje to delo razzrimo na posebno vrsto kulturne dedi2£ine, literaturo.
Literatura ponuja platformo za raziskovanje £lovezkih £ustev, misli in dru®benih vprazan;,
kar bralcem omogo£a, da se seznanijo z razliEnimi perspektivami in pripovedmi. Pri analizi
literature je besedilo samo lahko obravnavano kot predmet, v nasprotju z analizo besedilnih
opisov digitaliziranih predmetov. Uporabljamo polnadzorovane metode, ki omogo£ajo no
zrnato ve£ozna£no analizo £ustev literature, ne da bi potrebovali °e obstojefe oznafene po-
datke. Odkrivanje £ustev iz besedila predstavlja odlifen primer uporabe, saj £ustva igrajo
kljuEno vlogo pri oblikovanju pripovedi in identi kaciji £ustev v besedilu, kar je tako za
ljudi kot za avtomatizirane algoritme izziv. Prikazujemo, da je na2 pristop uporabna alter-
nativa dragemu in £asovno potrathnemu roEnemu ozna£evanju za ustvarjanje nadzorovanih
zbirk podatkov. Na2 pristop temelji na ufenju zastopanja z nevronskimi mreami, pri
£emer v enem primeru uporabljamo prenos u£enja, v drugem pa polnadzorovane tehnike.
Na2o metodologijo potrjujemo z empiriEnimi ugotovitvami na podro£jih, kot so digitalizi-
rana svilena tkiva, literatura in zdravstvo. Predstavljamo ufinkovitost prenosa ufenja v
teh razliEnih kontekstih in poudarjamo prednosti multimodalnih pristopov.
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Chapter 1

Introduction

Over the past few decades, machine learning has evolved from a eld of theoretical in-
terest to a transformative force driving advancements across a broad range of industries
and aspects of daily life. Meanwhile, the eld of cultural heritage is transforming from a
primarily physical and localized discipline to a dynamic and globally accessible domain,
leveraging digital technologies to preserve, analyze, and disseminate the rich tapestry of
human history and creativity across diverse cultures and societies. Machine learning algo-
rithms power ubiquitous virtual assistants like Siri that millions of people use daily. They
enhance the security and safety of people with applications of computer vision like assisted
driving systems in mass-produced passenger vehicles. And, more recently, they became
active collaborators in human creativity through applications that follow their users' writ-

ten instructions to generate text, like ChatGPT, and images, like Midjourney. Much of
this success has been in generic tasks for which very large amounts of labeled data can
quickly be found online or created relatively cheaply or even automatically, or can strongly
leverage general knowledge derived from unlabeled data. What remains to be answered is
what to do about problems for which general knowledge is not su cient, labeled data is
rare or non-existent as well as too expensive to gather, and in some cases even unlabeled
data is scarce. This work focuses on such problems. In particular, cultural heritage but
with applications beyond it such as healthcare.

The purpose of this introduction is to provide the reader with the minimum required
background information to understand the rest of this work. It is by no means an extensive
treatment of the subjects involved. It begins by giving a brief explanation of the main terms
present in the title of this work: machine learning (Section 1.1) and cultural heritage
(Section 1.2), and what we mean by them in the context of the rest of this work. Following
that, we will provide the reader with the context of our work in relation to broader aims
and how it ts into other work being done towards those aims and specify our concrete
scienti ¢ contributions towards those aims (Section 1.3).

1.1 Machine Learning

Machine learning (ML) is a subset of arti cial intelligence (Al) that focuses on the de-
velopment of algorithms and models that enable computer systems to learn and make
predictions without being explicitly programmed with the instructions necessary to arrive
at those predictions. The theoretical foundation of machine learning lies in statistical infer-
ence and optimization. Statistical inference provides the framework for making inferences
about the underlying data distribution based on observed samples. By leveraging proba-
bilistic and statistical techniques, machine learning algorithms estimate model parameters
and learn patterns from the data. Another key concept in machine learning is the notion
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of generalization. Machine learning algorithms aim to generalize from the observed data
to make accurate predictions or decisions on unseen data. This is achieved by learning
underlying patterns and relationships in the data while avoiding over tting, which occurs
when the model becomes overly complex and performs well on the training data but fails to
generalize to new data. Regularization techniques and validation strategies are employed
to strike a balance between model complexity and generalization performance. We de ne
a machine learning algorithm in generic terms by:

De nition 1.1 (Machine Learning Algorithm). Given a set ofn training examples
S = f(X1;y1);:::(Xn;Yn)g such that x; 2 X andy; 2 Y for all i from 1 to n, with x;
being an input and y; being its corresponding output, a machine learning algorithm seeks
to learn a predictive functionf : X | Y.

For convenience, we will writemathcalS = f(x;y) 2 (X Y)g under the assumption
that any set of examplesS is nite. More commonly, this is expressed by Equation 1.1,
where¥ represents the output or prediction generated by the machine learning model for the
input x, parameterizes our predictive functionf and represents the learned parameters
or weights of a machine learning model. The predictive functiorf is the mapping function
that relates the input x to the output § based on the parameters .

$=1(x;) (1.1)

Estimating the optimal values of the parameters , the "learning", involves an opti-
mization process to minimize the discrepancy between predicted and true outputs. This
process is de ned by Equation 1.2, wherd. : Y Y ! R 9, the loss function, represents
the discrepancy (or error) between the predicted} and the true output vy.

min  L(Y;f(X; ) (1.2)

It is very common for the learning process to have its own parameters. These are
called hyperparameters. In machine learning, a hyperparameter is a parameter whose
value is set before the learning process begins. Unlike other parameters, hyperparameters
are not learned from the data but are con gured to control the learning process itself.
Choosing appropriate hyperparameters can have a big impact on the performance of a
machine learning model, and so, in practice, they are often selected through a systematic
search process like grid search, random search, or Bayesian optimization. The process of
nding the best hyperparameters for a given problem is known as hyperparameter tuning or
hyperparameter optimization. The most common and simple example of a hyperparameter
is the weight of a regularization term. We can modify Equation 1.2 to add a regularization
term R (), resulting in Equation 1.3:

min  L(Y;f(X; )+ R () (1.3)

In this idealized formulation, R( ) is the regularization term that penalizes complex
models to prevent over tting and improve generalization to unseen examples. is a hy-
perparameter that controls the trade-o between tting the training data and minimizing
the complexity of the model. A common and simple example of regularization is to use
the L2 norm of the parameters:

R()=k k (1.4)

A loss function is any function that measures the di erence, or loss, between a predicted
output and a correct or true output. The specic form of the loss function depends on
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the problem and the type of learning algorithm being used. For our purposes, the two
most common loss functions are the Cross-Entropy Loss and its Categorical variant. The
Cross-Entropy Loss de ned in Equation 1.5 is used in binary classi cation problems, where
y takes values of either O or 1 for then examples in the dataset or any subset afi examples.

1 X
L= - (ilogg)+ (@ vyi)log(l %) (1.5)
i=1
The Categorical Cross-Entropy Loss, de ned in Equation 1.6 is used in multi-class
classi cation problems with k classes. It calculates the cross-entropy loss for each class
and averages them.

1 X XK
Ly:p= = Yi logy (1.6)
i=1 j=1
It is safe to assume that we use machine learning to accomplish something. We call what
we are trying to accomplish with the use of ML a "task”. Intuitively, we can also conceive
that there can be a signi cant di erence based on the context in which the task needs to
be accomplished. For example, a binary (positive, negative) sentiment analysis task can
be done in the context of movie reviews or in the context of nancial market analysis. We
call this context a "Domain”. We now provide slightly more precise de nitions of these
concepts, based on Pan and Yang (2010):

De nition 1.2 (Domain). A domain D = fX;P (X)g consists of two components: an
input space X and a marginal probability distribution P (X).

In both movie reviews and nancial market analysis, the input space might be English-
language documents, with each document de ned as a sequence of tokens. A token is a
linguistic abstraction for a grouping of characters that forms a meaningful semantic unit.
The probability of any one sequence of tokensP (x), will be di erent between the two.
E.g., presumably the sequence of tokens corresponding to "ruined by bad acting and too
many murders" will be more likely in movie reviews than in nance. A task refers to a
speci ¢ problem that a learning system is designed to solve.

De nition 1.3 (Task). A machine learning algorithm is said to solve a taskT = (Y;t:
X 1Y) if it learns a function f that approximates t, from a nite set of examples,
S =f(xy) 2 (X Y)gwith t being an unknown function that represents the optimal
mapping from an input spaceX to an output spaceY. Alternatively, we write f : X !
Y t: X! Y.

Thus, a loss functionL estimates the error of usingf to approximate t.

1.1.1 Neural Networks

A neural network (NN) is a type of machine learning model loosely inspired by the struc-
ture and functioning of the human brain. It is a computational model composed of inter-
connected units known as neurons organized in layers. Each neuron receives input signals,
processes them using a nonlinear activation function, and produces an output signal, which
can serve as input to neurons in a successive layer or be used as the nal output of the
network. The core intuition in NNs is the successive building of progressively more abstract
representations of the input data, also called features, through the layering of the neurons,
illustrated by Figure 1.1 (Goodfellow et al., 2016). The rst layer of a NN is the rst
hidden layer, however, it is common to refer to a "visible layer" or "input layer" that is



4 Chapter 1. Introduction

Figure 1.1: lllustration of a neural network, with each successive hidden layer progressively
extracting increasingly more abstract features.

just a placeholder for the input data. Thus, the smallest NN is considered to be a "3-layer
neural network" with the visible layer, a single hidden layer, and the output layer.

Mathematically, a NN is a function mapping input values to output values like any ma-
chine learning algorithm as in De nition 1.1 and Equation 1.1: f : X ! Y parameterized
by the weights associated with the connections between neurons, except that this function
is deliberately formed by composing many simpler functions. That is, a NN withl layers
can be thought of mathematically as a functionf formed by the composition ofl functions
as expressed in Equation 1.7.

fOX5 )= 00 f2(fa(X5 1) 2) 1) (1.7)

This de nition also gives NNs their characteristic training algorithm: backpropagation,
short for "backward propagation of errors" (also called "backprop"). It performs the
optimization step described in Equation 1.2 by traversing the network in reverse order,
from the output to the input layer, according to the chain rule from calculus, computing
only the necessary error gradients at each layer before calculating them for the next.

A layer is an abstraction and can be an arbitrarily complex function, itself composed
of other functions of varying complexity. Let us considerh; as the output of the hidden
layer f; corresponding to an input vector x. The simplest de nition of a layer is the
a ne function followed by a nonlinear function g, called an activation function, shown in
Equation 1.8:

fithi 15 i=wi;B)= gw hi 1+h) (1.8)
In this formulation, the parameters ; are composed of weightsv; and biasesh which
form the a ne transformation: a linear transformation of the input via weighted sum, com-
bined with a translation via the added bias (A. Zhang et al., 2021). The non-linearityg in
the classic multilayer perceptron (MLP) is the sigmoid function , other common examples
include the hyperbolic tangent, the Recti ed Linear Unit (ReLU), and the Gaussian Error
Linear Unit (GELU).

1.1.2 Learning Scenarios

ML can be subdivided into categories based on how the learning is done, also known as
learning scenarios. For example, whether it is done from labeled data, unlabeled data,
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or both. Labeled data refers to a dataset where each data instance (e.g., text, image, or
audio) is accompanied by corresponding pre-assigned and known labels, the target output.
A data instance paired with its corresponding target output forms a supervised example.
Accordingly, ML can be divided into the following broad categories or paradigms (Mohri
et al., 2018):

" Supervised learning involves training a model with labeled data, where the desired
output is known, and the model learns to generalize from these examples to predict
target outputs for new or unseen data instances.

Unsupervised learning aims to nd patterns and structures in unlabeled data without
explicit target values.

Semi-supervised learning (SSL) refers to the middle ground between the previous two
categories, where explicit target values are desired but supervised examples are not
su cient, and thus it is desirable to learn from both labeled and unlabeled data.

In the context of Natural Language Processing (NLP), the landmark and widely dis-
cussed expert opinion piece entitled "The Unreasonable E ectiveness of Data" (Halevy
et al., 2009) argued that the biggest successes of machine learning had been, up to then,
in tasks for which massive amounts of supervised data were readily available. That same
year, in Computer Vision (CV), the ImageNet database with 3.2M annotated images was
announced with what became known as the ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) (Russakovsky et al., 2015) rst being held the following year and
ultimately ushering in a revolution in CV with the publication of AlexNet (Krizhevsky
et al., 2012).

Supervised learning on very large datasets remains the best option, when possible.
But it is not always possible, e.g., when the data is rare or prohibitively expensive to
label. Semi-Supervised machine learning addresses the problem that the labeled data may
be too few to build a good model, by making use of a large amount of unlabeled data
and a small amount of labeled data. Commonly, semi-supervised techniques assume that
the distributions of the labeled and unlabeled data are the same. Transfer learning, in
contrast, allows the domains, tasks, and distributions used in training and testing to be
di erent (Pan & Yang, 2010). In parallel, learning just from tiny labeled data sets has also
motivated other paradigms, such as Few-Shot Learning (Y. Wang et al., 2020). We adopt
a slightly modi ed de nition of transfer learning from Pan and Yang (2010) and Plested
and Gedeon (2022):

De nition 1.4 (Transfer Learning). Given a learning task Ts in a source domainDg

and learning task T+ in a target domain Dy, transfer learning aims to learn or improve
the learning of the target predictive function f( ) on the target task T+ using the source
task Ts, whereDg 6 Dt or Tg 6 Tr.

Representation learning, as described in Section 1.1.3, and multi-task learning, de-
scribed in Section 1.1.4, are types of transfer learning that implyTs 6 T, that can be
designated as inductive transfer learning. Domain adaptation (DA), described in Sec-
tion 1.1.5, and cross-lingual learning, described in Section 1.1.7, are also types of transfer
learning that imply Ds 6 D+, that can be designated as transductive transfer learn-
ing (Ruder, 2019). The theoretical di erence between transductive and inductive learning
lies mainly in their goals: transductive learning is about applying learned knowledge to
speci ¢ instances, while inductive learning is about learning a general rule that can be
applied to new unseen instances.
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1.1.3 Representation Learning

Representation learning is a strategy where a model learns a representation of its input
data that make it easier to extract useful information when building classi ers or other
predictors (Bengio, 2012; Ericsson et al., 2022). One of the big impacts of this strategy
has been in transfer learning, by learning a generally useful representation of data from
one task, it is then possible to use this representation in a di erent task. In CV, the most
common method of representation learning has been supervised representation learning
on ImageNet (Oquab et al., 2014) while in NLP the most common method has been
unsupervised learning based on language modeling (LM). GPT (Radford et al., 2018)
learned its representation of language by predicting the next token in a text sequence, while
BERT (Devlin et al., 2019) learned its representation by being trained to predict masked
tokens. Both of these Large Language Models (LLMs) and subsequent models' learned
representations were then evaluated by ne-tuning them on downstream tasks, such as
those in the General Language Understanding Evaluation (GLUE) benchmark (A. Wang
et al., 2018). Figure 1.2 illustrates the concept of representation learning: a pretraining
phase, possibly unsupervised, learns a representation of input data followed by supervised
ne-tuning on a target task. The target task is called "downstream™" because it occurs
separately and after the pretraining task. The pre-training task is also commonly called
a pretext task. In NLP, it is common to call the shared part of the model the "encoder”
because it encodes an input text into a real dimensional vector. In CV, it is common to
call the shared model "feature extractor" because it creates feature maps from an input
image. The task-speci c layers for a given downstream task are commonly called the "task
head" or just "head".

Figure 1.2: Representation Learning: Pre-training rst learns a representation of the input
which is later used in a downstream task.

We provide the following de nition for Representation Learning:

De nition 1.5 (Representation Learning). Representation learning uses a pretext
learning task Tp to learn a mapping function h(x; r) that improves the performance of
the predictive function f (x; ) in the target learning task T+ when learning f (x; ) =

g(h(x; r); 7).

The mapping function h : X I Z maps the input spaceX to a typically lower-
dimensional, feature spaceZ, the learned representation, such that it captures important
features of the input data. When considering Figure 1.2, the parametersg correspond
to the weights of the layers that are shared from the pre-training model to the ne-tuning
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model and the parameters 1 correspond to the weights of the task-speci c layers, thus
= Rr+ 71 are the weights of the ne-tuning model (f). We can adapt Equation 1.2 to
de ne the representation learning objective in Equation 1.9:

min - L(U;k(h(X; R); «)) (1.9)
R, K
Wherek : Z ! U is the predictive function that maps the learned representationZ to

the pre-training target U and g corresponds to the weights of the pre-training layers in
Figure 1.2. Thus, k , (h ,()) can be considered our pre-training model, withk , often,
but not always, being discarded after pre-training. In CV, when a model is pre-trained
on the ImageNet ILSVRC 2012 dataset, the loss function is just the Categorical Cross-
Entropy loss (Equation 1.6) and U is just the space of 1000 categories in that dataset. In
NLP, the inputs to models are normally sequences of tokens and the pre-training objective
is to maximize the likelihood of observed sequences of tokens. Through the use of the chain
rule of conditional probabilities and by using the Markov assumption, this is equivalent
to minimizing the Categorical Cross-Entropy loss for the model's prediction of the next
token or a masked token in an input sequence. ThusX are token sequencesy is the
space of prede ned tokens andk , (h ,()) is called a language model since it estimates
the likelihood of any sequence of language tokens occurring.

1.1.4 Multi-task Learning

Transfer is not limited to dedicated representation learning followed by target downstream
tasks, but can also occur between the target tasks themselves. This is the case in Multi-task
Learning (MTL) (Caruana, 1997). From a theoretical perspective, multi-task learning can
be seen as a type of inductive transfer, where inductive transfer can enhance a model by
introducing a bias that favors certain hypotheses over others. In MTL, the inductive bias
for any task is derived from the other tasks, guiding the model to favor hypotheses that
explain multiple tasks simultaneously (Ruder, 2017). As Caruana (1997) wrote: "MTL
improves generalization by leveraging the domain-speci ¢ information contained in the
training signals of related tasks". We adopt a slightly modi ed de nition from Y. Zhang
and Yang (2017):

De nition 1.6 (Multi-task Learning). Given m learning tasksfT ;g; where each task
T, is de ned as a mapping between an inputX and output Y;, and where all the tasks or a
subset of them are related but not identical, multi-task learning aims to help improve the
learning of the predictive function f; : X ! Y; for T; by using the knowledge contained in
the m tasks.

Figure 1.3 illustrates single-task and multi-task learning. In neural networks, the pre-
dominant approach is hard-parameter sharing, where the rstNg layers are shared across
all tasks, while the nal N layers, including the output layer, are task-sp%pi c. Each task
makes use oN = Ng+ N; layers, with the model having a total of Ng + t“ll N layers.
Each task can have a di erent number of task-speci c layers, and these can also be di erent
in size and type.

The overall MTL objective is to nd the optimal model parameters that minimize the
joint loss function, resulting in a model that performs well on all tasks simultaneously.
Equation 1.10 which adapts Equation 1.2 to MTL. Given a set ofm learning tasks, the
objective is to estimate the parameters = f g; 1;:::; mgwhere g are the shared param-
eters andf 1;:::; mngare the task-speci c parameters. This is accomplished by minimizing
the joint loss Lyt of the predictive function f : X ' f Yy;:::; Yng which maps a single
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(a) Single-task learning (b) Multi-task learning

Figure 1.3: Single-task and multi-task learning.

X0
min - Lwre (Y (X5 ) = iLi(Yi; f(X50)) (1.10)
i=1

Where L; is the task-speci c loss for taskT;, ; is a task-speci c weight. We can also
think of f as being a set of predictive functions for each task, f = ffij(X; s; i);i 2
f1;ldots; mgg with s being shared among them. Another way to view this is through
the lens of representation learning, where the model learns a shared representation for all
tasks corresponding to s, i.e, h(X; s) and a series of task-speci ¢ models on top of that
representationf = ffj(h(x; s); i);i 2f 1;ldots; mgg. Although by de nition, the aim of
MTL is to improve the learning of f; for a task T;, a multitask model may be desirable for
other practical reasons, such as space and computational costs: a multitask model with
shared parameters might be preferable even if for any given task it does not perform any
better than a single-task learning equivalent.

MTL can of course be combined with upstream representation learning (e.g., (X. Liu
et al., 2019)), the simplest case is when the shared layers are the same between the pre-
training task and all downstream tasks, i.e., a shared encoder. Additionally, unsupervised
representation learning can be done using MTL (Bengio, 2012). The original BERT pre-
training used both the masked language modeling (MLM) task and a next sentence pre-
diction task. In contrast, the original GPT used single-task learning for pre-training but
performed MTL during ne-tuning by using both the unsupervised pre-training objective
(LM) and the task-speci ¢ objective on the task data.

1.1.5 Domain Adaptation

The goal of Domain Adaptation (DA) is to leverage the knowledge learned from a source
domain, where labeled data is available, to improve the performance of a model on a target
domain, where labeled data may be scarce or unavailable. The source domain is typically
related to the target domain, but may di er in some aspects. As discussed in Section 1.1.2,
ML techniques are often categorized based on whether labeled data is available. However,
in DA, data can come from either a source or target domain, which complicates that
categorization. We adopt the terminology from Wilson and Cook (2020), whereby in
unsupervised DA both labeled source data and unlabeled target data are available, and
in supervised domain adaptation both labeled source and target data are available.
Given De nition 1.4 transfer learning for domain adaptation implies Ds 6 Dy. When
labeled data from the target domain are available, the most simple and common baseline
approach to domain adaptation is Mixed Training. It consists in training the model on a
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mix of examples from the source domain with the few examples available from the target
domain. The next improvement in Mixed training is, typically, to give more weight or over-
sample target domain data during the learning (Daumé IIl, 2007). Unsupervised transfer
is necessary when no labeled data is available in the target domain. Its simplest base-
line, Source-only (Daumé lll, 2007), consists of transfer without adaptation, i.e., using the
source predictive functionf s( ) as the target predictive function f (). Several approaches
have been proposed to improve upon this baseline (Ramponi & Plank, 2020; Wilson &
Cook, 2020), such as reweighting examples based on similarity to unlabeled target data,
data augmentation, and adversarial training.

1.1.6 Multimodal Machine Learning

Multimodal machine learning deals with the integration and analysis of data from multiple
modalities or sources. Modalities can include di erent types of data such as text, images,
audio, video, sensor data, and more. The key objective of multimodal machine learning
is to leverage the complementary information present in multiple modalities to improve
learning and performance in various tasks. The combination of multiple modalities is
called multimodal fusion and the primary taxonomy is based on how the modalities are
merged together (Baltrusaitis et al., 2019; Ramachandram & Taylor, 2017):

~

Early Fusion: the information from di erent modalities is combined at the input
level before being fed into any model.

Late Fusion: in late fusion, the information from di erent modalities is handled

by e ectively dierent models and only merged at the decision level, by voting,

averaging, or by a classi er that combines the decisions from multiple modalities
(commonly called a metaclassi er).

Mid Fusion: the information from di erent modalities is fused at a middle or inter-
mediate stage of processing. Each modality is processed separately, and its repre-
sentations or features are extracted separately. These modality-speci ¢ features are
then combined or concatenated before being used as input to the subsequent lay-
ers or modules of the model. This category includes a set of signi cantly di erent
approaches such as intermediate, hybrid, and cross-modality fusion.

Early fusion can leverage the complementary information from di erent modalities right
from the start and thus can reduce the risk of information loss during feature extraction.
However, it may not e ectively capture higher-level interactions between modalities when
they are individually complex, have di erent structures, and are not naturally combinable.
Critically, it usually requires modalities to be aligned, i.e., an input for one modality
must have a corresponding input for another (e.g., dierent sampling rates or missing
modalities in input examples). Mid fusion techniques allow each modality to be processed
individually and capture its speci c patterns and characteristics before integrating the
information. Each modality can contribute more independently before their combination
by having modality-speci ¢ feature extraction. The majority of work in neural network
multimodal fusion adopts an intermediate-fusion approach, where a shared representation
layer is constructed by merging units with connections coming into this layer from multiple
modality-speci ¢ paths. But as in early fusion, modality alignment remains an issue for
learning algorithms, as many parameters still need to be learned for the joint part of the
model. Issues can also exist with regard to dimensionality, i.e., when the dimension of
the representation of a modality is much larger or much smaller than the others. Late
fusion allows each modality to have its own dedicated processing, feature extraction, and
decision-making mechanism. This approach allows for more exibility in modeling and can
handle varying levels of relevance and importance across modalities. Since each modality
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is e ectively independent and fusion can be done on lower dimensional decision space, it
becomes easier to handle alignment between modalities and the dimensionality for each is
the same (decision space i.e., the target outputs). The main drawback of late fusion is that
it may not fully capture interactions between modalities. Figure 1.4 shows an illustration
of the di erent approaches to multimodal fusion, with red dots indicating where fusion
rst occurs.

Figure 1.4: An illustration of fusion approaches for multimodal learning.

De nition 1.7 (Multimodal Learning). Given a data setS of sizen such that S =
f(x;y) 2 (X™ Y)g where eachx 2 X™ is an input example, eachy 2 Y is the
corresponding output, and X™ is a multidimensional input space of dimensionm, i.e.,

aims to help improve the learning of the predictive functionf : X™ I Y by using the
knowledge contained in them modalities.

1.1.7 Multilingual and Cross-Lingual Models

Multilingual and cross-lingual learning are forms of transfer learning speci c to machine
learning elds that deal with human languages, such as NLP. Rather than a transfer
between domains or tasks, the transfer occurs between languages. There exist di erent
de nitions for the terms multilingual and cross-lingual, and instances of the terms being
used interchangeably (Pikuliak et al., 2021). We will provide our own de nitions here.
Broadly, under our de nition, a multilingual model is a model that accomplishes a task
in any language it has been trained to perform that task on. A cross-lingual model is a
model that is capable of accomplishing a particular task with inputs in a language that
it has not been trained to perform that task on (Jafari et al., 2021). This ability is often
called "zero-shot" cross-linguality.

De nition 1.8 (Multilingual learning). Given | language-speci c disjoint sets of train-
ing examplesfsig}:1 where each sefS;g is de ned as a mapping between an input space
Xi in languagei and an output spaceY , multilingual learning aims to improve the learning
of the predictive function f; : X; ! Y for the languagei by using the knowledge contained
in all | language-speci c training sets.

As in multi-task learning, a multilingual model might be preferred over multiple language-
speci ¢ models in practice, even if it does not improve results for any language. In this
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case, the multilingual model can simply be called a "polyglot" model. The bene ts can
come from reduced processing or memory use from shared parameters or increased sim-
plicity of deployment. When processing data in multiple languages, rather than having
language-speci ¢ models, only a single multilingual model is necessary. In the case of a
multilingual model, f (X; ), all parameters can be shared between di erent languages
while for language-speci ¢ models8(gi (Xi; i);G(Xj; j));i6]) =) 6 ;.

In cross-lingual learning, the learning, or at least most of it, can occur in one language
(e.g., English), while the prediction occurs in a di erent language (e.g., a low resource
language):

De nition 1.9 (Cross-lingual Learning). Given a set of training examples in a source
language,S; = f(X;;y) 2 (X; Y)gcross-lingual learning aims to learn the target language
predictive function f; : x; ! Y wherei 6 j.

Both multilingual and cross-lingual models rely on representation learning (Section 1.1.3).
Cross-lingual models must learn a representatiomn(X ) such that x;  x; =) h(xj)
h(x;j)8i;j . That is, if any two inputs have a similar meaning, even if written in di erent
languages, their representations should be similar in some way. This condition is more re-
laxed for multilingual models, though still expected to some degree. Cross-lingual learning
tends to rely on some supervision for the understanding thak;  x;. Under our usage of
the terms, multilingual learning is more about inductive transfer learning while the focus
of cross-lingual is more on transductive transfer learning.

1.1.8 Vocabulary Alignment for Transfer Learning

A controlled vocabulary is a standardized set of terms used in information retrieval, cata-
loging, and indexing. This set of terms has been carefully chosen or curated, and its use
is governed by a speci c set of rules or guidelines. The goal of a controlled vocabulary is
to ensure consistency and reduce ambiguity in the description and retrieval of information
across various documents or datasets. Controlled vocabularies can be bene cial in elds
like library science, content management, data analysis, and more. By using a consistent
set of terms, researchers, librarians, or information managers can more accurately and
e ciently search for and classify content. Examples of controlled vocabularies include the-
sauri, subject headings, taxonomies, and ontologies. A thesaurus is a tool that lists terms
grouped together according to similarity of meaning and their relationships to other terms
in the hierarchy, such as broader terms, narrower terms, related terms, etc. It is generally
used to support indexing, tagging and searching of content. The Medical Subject Head-
ings (MeSH)! thesaurus is a controlled and hierarchically-organized vocabulary produced
by the United States National Library of Medicine. It is used for indexing, cataloging, and
searching of biomedical and health-related information. The SILKNOW Thesaurus (Alba
et al.,, 2022; Léon et al., 2019) was developed for organizing information related to silk
textile cultural heritage, such as digital archives. Figure 1.5 shows the entry for "Silk" in
the Silk Heritage Thesaurus?.

Categorizing items into terms in a thesaurus can be de ned as a learning task. In this
case, the machine learning system must learn an approximation of the thesaurus function
t,f : X I Y whereX are items to catalog andY are classes or terms in a thesaurus.
Alignment (mapping, matching) is the process of comparing two or more thesauri to reach
agreements on how to merge them. The need for reconciliation of vocabularies often arises
when multiple vocabularies about the same topic disagree with each other. It is a common

Lwww.nlm.nih.gov/mesh/
2https://skosmos.silknow.org/thesaurus/en/
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Figure 1.5: "Silk" in the Silk Heritage Thesaurus.

process in Information Science and in Semantic Web technologies, and applies to all types
of controlled vocabularies such as taxonomies or ontologies (Cheng & Xia, 2023).
In the context of transfer learning, consider two controlled vocabulariesa and b:

" The tasks:

"Ta=(Ya;ta: X ! Ya)
"To=(Yptp: X ! Yp)

" Their corresponding sets of examples:
Sa=f(x;ya) 2 (X Ya)g
FSp=f(Xyn) 2 (X Yo)g

" Their corresponding domains:

' Da = (X;Pa(X))
" Dp = (X;Pp(X))
~ Two alignment functions:

"g1:VYa! Y. that aligns the vocabulary a with ¢
g :Yp! Y. that aligns the vocabulary b with ¢

It is possible to de ne atask Tc = ( Ye;tc : X | Y¢) and with a slight abuse of notation,
we can de ne two sets of examples, created by mappin§, and S, to ¢ using g; and gp,
respectively:

" Sa ¢ = Qu[Sa] = f(X;91(Ya)) 8(Xi;Ya) 2 Sag

" Sp ¢ = %[Sl = f(X;92(Ya)) 8(Xj;Ya) 2 Spg

In other words, we have convertedT, and Ty, into the same task T, by mapping their
labels to a common label space. The problem of transfer learning is now strictly one of
domain adaptation, sinceTy = Ty ¢ but D5 6 Dy. Note that, in practice, in our context,
an alignment function g may actually be a partial function. g: Ya * Y . is a function from
a subsetS of Y; to Y.. The case wheng is not a total function, S € Y,, corresponds
to some labels from the original task not being mapped to the new task. For example, if
we are interested in using a large part of the MeSH vocabulary for classifying documents
according to medical terms but would rather drop the subtree of terms corresponding to
geographic locations. g does not need to be an injective function, which corresponds to
multiple terms in the source vocabulary being mapped to the same term in the target
vocabulary.
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1.2 Cultural Heritage

The term application domain refers to a specic area or eld of application in which
ML techniques and models are deployed to solve problems or address challenges. The
primary domain this work is concerned with is cultural heritage (CH). The eld of CH
encompasses the study, preservation, and promotion of cultural artifacts, sites, traditions,
and practices that hold historical, artistic, archaeological, or societal value. It involves
the exploration and understanding of various aspects of human culture, including art,
monuments, literature, fashion, and more. Facilitating access to CH knowledge is the
primary function of galleries, libraries, archives, and museums, collectively referred to by
the acronym GLAM. These institutions collect, curate, and maintain CH for the public
and researchers alike. In the last few decades, GLAMs have been transitioning towards
digital tools and platforms, a process that is still ongoing. Some large or exceptionally
well-funded institutions are able to carry out large digitization projects. But not all are so
fortunate. Across the spectrum, most collections have not been digitized in their entirety,
but a fair amount of information in various digital forms is already available. Digitization
has not only made the public's access to CH easier, but crucially, it has greatly enhanced
researchers' ability to conduct their work. Instead of traveling to the location of the archive
and/or physically searching for the information they need inside printed catalogs, they can
now access it online. Studying and documenting CH is essential for its preservation and
contributes to fostering greater respect, enjoyment, and appreciation of cultural heritage
within society as a whole.

1.2.1 Digitization and Metadata

Digitization is the process of converting information into a digital (i.e., computer-readable)
form. What this means is very subjective and can depend not just on the underlying type
of artifact but also on the purpose of the particular digitization e ort. For example, one
digitization e ort might consist of creating a database with an object identier and a
photo. At the same time, another might copy to a database a catalog index with an object
identi er and a short text description. Digitizing an audio recording is very di erent from
digitizing a fabric garment. Nevertheless, in most cases, the e ort includes the following
steps:

1. Creation of a digital reproduction (e.g., one or several photos, CAT Scan, etc.).
2. Attachment of descriptive, structural, and technical metadata.

Figure 1.6 shows an example of a digitized silk fabric artifact from a digital archive.
Digitization e orts face two principal challenges: it is both a time-consuming and costly
process. It may require special handling of artifacts and specialized equipment. It certainly
requires expert sta .

From the point of view of the CH eld, our work ts into digitization e orts by reducing
both time and cost of attaching the metadata to the digitized object. Further, our work is
meant to facilitate standardization and integration across institutions by making it possible
to automatically assign metadata based on the same taxonomy. This is an issue because
the eld is severely aected by an irregular, limited adoption of cataloging standards.
Terminology tends to lack normalization, a problem replicated and aggravated within each
national or local language, as well as by the diversity of technical or historiographical
approaches to the subjects. Common examples of metadata include the date when the
object was made, where it was made, and the materials or techniques used (some of these
are shown in Figure 1.6).
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Figure 1.6: Example of a digitized artifact from CER.ES, showing a photo, its metadata,
and the text description.

Text descriptions of artifacts can be signi cantly di erent across archives, the most
noticeable di erence being a change of language. But this is far from the only noticeable
di erence. Text descriptions can be di erent in several other key points:

Syntax: changes in the arrangement of words, sentence structures, and grammar.
Length: texts can be short (single sentence) or long (multiple paragraphs).

Content: the information conveyed in the text, some descriptions might be just about
the history of the artifact, others just about its physical properties, and others just
about what scene or characters are depicted in the artifact.

Semantics: Changes in the meaning of words or phrases can signi cantly impact the
interpretation of the text.

Style: Di erent writing styles, tones, or voices.

~

Table 1.1 shows several example text descriptions from di erent archives. The descrip-
tion from the Victoria and Albert Museum was abbreviated as it would Il more than one
page by itself and contains a description of the artistic style, the physical description of the
object, the history of the object, the historical context, a summary, and bibliographic ref-
erences. By contrast, the text description of the artifact from the Israel Museum mentions
only an inscription. The dramatic change in the text of the descriptions, combined with
changes in language, and changes in the artifacts described, e ectively make each archive
its own domain from the point of view of NLP.

1.2.2 Literature Analysis and Emotion Detection

In literature analysis, unlike in the analysis of text descriptions of digitized artifacts, the
text can be thought of as the artifact itself. Literature analysis of CH refers to the sys-
tematic examination, interpretation, and study of literary works, documents, and textual
artifacts that hold cultural signi cance and historical value. It involves the exploration

of written materials, such as manuscripts, books, letters, poems, reports, and other forms
of written expression, to gain insights into the culture, society, and beliefs of a particular
historical period, community, or group of people. Literature analysis plays a crucial role in
understanding the past, preserving cultural identity, and uncovering valuable information
about the intellectual, social, and artistic aspects of a society. A very good case can be
made for de ning humans as storytelling animals (Gottschall, 2012). Stories hold a special
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Table 1.1: Example text descriptions of digitized silk artifacts in di erent English language
archives.

This silk panel combines the most expensive of materials with the most complex of weaving techniques. (...)
These designs are in the idiom we now call Rococo, (...) after the death of Louis XIV (d. 1715) in France (...)
and makes bold use of natural history, in particular shells and owers. (...) Victoria and Albert Museum

Fragment of silk fabric with design of rows of repeating horseshoe motif with ower (peony) base enclosing a
ying bird, alternating with stylized ower with crescent leaf in gilt paper strip discontinuous supplementary
patterning wefts on a dark green twill-weave silk ground; possibly made for Western market.

MFA

Stole-shaped head veil in silk organdie. Oblong shape, made of transparent fabric, the entire surface covered
with oral designs. (Homespun silk thread, purchased cotton thread). Length 3410mm, width 500mm.
Horniman Museum and Gardens

Hebrew inscription: "Torah Crown" (abbreviated)
Israel Museum

place in the hearts of people. Cultures utilize stories to impart social values to succes-
sive generations, and the stories that endure from generation to generation are the ones
that align seamlessly with the human mind by evoking powerful emotions (GRAHAM &
HAIDT, 2012). Feelings and emotions play a fundamental role in the functioning of lit-
erature and are central to all narrative (Johansen, 2010; Oatley, 2003). We can think of
emotions as a form of metadata humans can infer from a text. Making this "emotional
metadata” explicit and readable by computers allows its use in search engines as well as
other digital platforms, and facilitates large-scale systematic analysis of literature, such
as a study on the intersection between a speci c sensory experience and emotion (Massri
et al., 2022). Figure 1.7 shows the Smell Tracke? dashboard for analysis of emotion in
fairy tales as an example of an application that integrates emotion detection and literature
analysis.

Figure 1.7: Screenshot of the Smell Tracker emotion dashboard.

1.2.3 Digital Platforms

As regards the information about CH, many descriptions and images of objects exist within
in-house databases that are only available as local les. In other cases, those records are
uploaded by many museums across the globe, in siloed repositories and heterogeneous,
often incompatible formats. A few of them give public access to the images and metadata
of their objects through APIls, and many more through their websites, but harmonization
and integration e orts have been very scarce. Therefore, it is very hard for general audi-
ences, historical experts, and industry to access this knowledge. Some national e orts have
aimed to create online portals that aggregate information from CH repositories across the

Shttps://odeuropa.ijs.si/
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country 4, but the biggest project in the space is Europeana. It includes digital cultural
heritage from over 4000 di erent European institutions, including a staggering 31M images
and 24M texts.

Going beyond the ideas of aggregation and simple search are a series of new digital plat-
forms in the space of Exploratory Search Engines (Palagi, 2018) such as ADASIlk (Ehrhart
et al., 2021), which can be seen in Figure 1.8, and Smell Explorer (van Erp et al., 2023) . A
similar concept is Observatories which integrate data from various domains into a uni ed
exploration, visualization, and analysis interface. One example is Smell Tracker (Massri
et al., 2022) which integrates CH olfactory data with olfactory data from other domains,
such as scienti ¢ publications.

Figure 1.8: Screenshot of the ADASIlk exploratory search engine.

In the title of this work, we use the term "Cultural Heritage Archives" to mean digital
archives of any kind. That is, any system that stores information about digitized cultural
artifacts. Whether this is the website of a GLAM institution, a national or international
aggregator, a Knowledge Graph powering an exploratory search engine, or an Observatory.
In the case of literature, the archive can be a museum, a library, or a specialized archive
like Project Gutenberg ®, a volunteer e ort to digitize and archive cultural works.

“For example: https://ceres.mcu.es and https://www.pop.culture.gouv.fr
Shttps://www.europeana.eu/en
Shttps://gutenberg.org
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1.3 Scienti ¢ Context

1.3.1 Broader Context

The work described in this thesis was done in the context of large European research
projects.

SILKNOW. Silk heritage in the Knowledge Society: from punched cards to big
data, deep learning and visual / tangible simulations (2018)’ a research project
aiming to improve the understanding, conservation, and dissemination of European
silk heritage, through advanced computing solutions, matching the needs of diverse
users (museums, education, tourism, creative industries, media, etc.), and helping to
preserve the tangible and intangible heritage associated with silk. SILKNOW was
the winner of the European Heritage Award / Europa Nostra award in the Research
Category for 2022. It was funded by the European Union's Horizon 2020 research
and innovation programme under grant agreement No 769504.

ODEUROPA: Negotiating Olfactory and Sensory Experiences in Cultural Heritage
Practice and Research (2021 a research project, bundling expertise in sensory
mining and olfactory heritage, aiming to develop novel methods to collect informa-
tion about smell from (digital) text and image collections with the ultimate goal of
showing that critically engaging our sense of smell and our scent heritage is an impor-
tant and viable means for connecting and promoting Europe's tangible and intangible
cultural heritage. This project received funding from the European Union's Horizon
2020 research and innovation programme under grant agreement No. 101004469.

MIDAS: Meaningful Integration of Data, Analytics and Services (2016)° a research
project aiming to address the needs of policymakers and citizens across Europe by
delivering a uni ed healthcare big data platform to enable better evidence-based
long-term policymaking decisions across Europe at regional, national and European
levels. This project was supported by the European Union's Horizon 2020 research
and innovation programme under grant agreement No. 727721.

Our work on digitized silk artifacts was enabled by the creation of the SILKNOW
Thesaurus (Alba et al., 2022; Léon et al., 2019) which began the process of mapping the
metadata of individual archives into a common vocabulary, which would ultimately allow
us to create the target labels for the metadata elds we would aim to predict in Rei et
al. (2023) and Rei and Mladeni¢ (2020). The source data and mappings were retrieved
simply by querying the SILKNOW Knowledge Graph (KG) (Schleider et al., 2021). Our
resulting metadata predictions were fed back into the KG which in turn allowed users of
ADASIlk (Ehrhart et al., 2021) to search and browse digitized artifacts using the predicted
metadata, as well as see it directly on the page of the digitized object with an explanation
that it was a prediction. Our original work on predicting missing metadata for digitized
artifacts from text descriptions in Rei and Mladeni¢ (2020) was originally done in parallel
with the work of our colleagues in CV to accomplish the same task from photos (Dorozynski
et al., 2019) before coming together in our joint multimodal work: Rei et al. (2023). Our
work on literature analysis can be considered as an expansion or continuation of the emotion
work done in Massri et al. (2022) with the objective of integrating the predicted emotions
into the Smell Explorer (van Erp et al., 2023) similar to the integration of the predicted
metadata into ADASIlk. Finally, our work in Healthcare Pita Costa et al., 2021 was meant
to integrate into a health policy decision support platform (Rankin et al., 2017).

"https://silknow.eu
8https://odeuropa.eu
Shttp://ww.midasproject.eu
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1.3.2 Motivation

Cultural heritage elds often harbor knowledge that, while understood by domain experts,
remains opaque to the broader public. Despite extensive digitization e orts, these experts
frequently encounter di culty locating speci c items in online catalogs, leading to contin-
ued reliance on laborious manual consultations. For industry and the broader public access
to a lot of CH information is even more challenging. Notably, digitization within the cul-
tural heritage space is far from complete. Many institutions have yet to fully digitize their
collections, and existing digitizations often lack crucial metadata, limiting searchability for
speci c artifacts or the exploration of knowledge associated with CH. Occasionally, "digiti-
zation" may simply refer to the creation of a database record for an object, with scant other
information available. Records may include only a photo, a brief text description, or partial
metadata, without visual or descriptive details. The impetus behind our work is threefold:
to aid future digitization through automatic metadata assignment, enhance existing digital
collections with supplemental information, and help develop innovative digital platforms
that bolster the search, Itering, and browsing experiences for both experts and the pub-
lic. Emotion detection from text in literature presents interesting challenges, mainly due
to the intricate nature of the texts and the nuanced understanding required for emotion
labeling, often necessitating expert annotators. Traditionally this has resulted in smaller,
imbalanced datasets that contrast with the large, balanced datasets favored by current
machine learning practices. Existing works often simplify the rich emotional landscape by
using coarse-grained emotion categories and assigning a single label per sentence, poten-
tially overlooking the complex co-occurrence of emotions. The drive towards ner, more
comprehensive emotion detection in literature, necessitates innovation to more accurately
capture the depth and diversity of human emotions in literary texts. Beyond the appli-
cations, we are motivated to explore avenues for addressing some challenges involved in
what can be considered the last great frontier for ML: knowledge-intensive resource-scarce
problems, where simply getting more labeled data is challenging.

1.3.3 Related Work

This introduction has already provided the reader with the scienti ¢ context of our work,
and each succeeding chapter will o er its own related work. Here, however, we aim to
summarize the most closely related work to our own, primarily from a methodological
perspective.

The application of Natural Language Processing (NLP) and text analytics, particularly
text classi cation, within the cultural heritage domain remains relatively limited. The
study most closely related to ours is presented in Ruotsalo et al., 2009a, which assessed
an Information Extraction approach on 250 manually annotated text descriptions from
the Rijksmuseum in Amsterdam. This study successfully extracted key attributes such
as Technique, Material, Date, Place, and others including the Creator of the artwork,
style, and subject depicted from textual descriptions of paintings, achieving an average
F1 score of 61.2%. Our approach diverges signi cantly in several critical respects. Firstly,
our classi cation methodology is more generalizable as it does not strictly rely on the
presence of information within the text, thus o ering greater resilience to misspellings and
non-standard grammatical structures. This is particularly important when attempting
to link information known to represent a certain label, such as material types that may
be misspelled or specied in uncommon terms in catalog tables. Secondly, our study
extends to multilingual datasets from diverse sources, introducing complex challenges that
we address through transfer learning. Additionally, our dataset is considerably larger and
utilizes automated labeling based on catalog information rather than external annotations.
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Regarding multimodal approaches, Belhi et al., 2018 introduced a joint image-text neu-
ral network architecture that classi es paintings by artist and year, using a constrained
set of textual labels (style, media, and genre) instead of full text descriptions. Another
notable work, CLIP-Art (Conde & Turgutlu, 2021), pretrains an image classi cation model
to correlate a concise text vocabulary with images via joint contrastive pre-training, ap-
plied to the iMet Collection dataset (C. Zhang et al., 2019) which encompasses labels for
visually depicted objects, dimensions, medium, and country of origin. Contrary to these
methodologies, our research proposes treating images, multilingual text, and tabular data
as equally signi cant modalities and incorporates data from multiple collections.

In the realm of emotion detection from textual literature, the Tales dataset (Alm et
al., 2005) has been a pioneering resource and, until our contribution, it was the only
dataset speci cally designed for this purpose. It is a small (1,207 examples), imbalanced,
single-label multiclass dataset that categorizes texts into just ve broad emotional groups
derived from Ekman's theory: anger-sadness, fear, disgust, happiness, and surprise. In
contrast, our newly introduced dataset is substantially more diverse, comprising 38 labels
plus neutral examples with more than 200,000 multilabel samples. Initially, the Tales
dataset was employed in Massri et al., 2022 to train an emotion detection model, which
was later superseded by our model in the Smell Explorer (van Erp et al., 2023).

1.3.4 Challenges

Cultural heritage as a machine learning application domain is a low-resource, resource-
constrained, knowledge-intensive domain. A "Low-resource” domain is an application
domain where labeled data is so scarce that it is considered the limiting factor in the
performance of ML models. The broader term "Resource-constrained” domain typically
accounts not just for data scarcity but also for limitations in computational power, money,

or even capable human annotators. One reason for a domain to lack capable annotators is
that it is a "Knowledge-intensive" domain. These are domains that require deep domain
expertise or specialized knowledge to understand and interpret the data. Common exam-
ples include medical diagnosis, legal analysis, scienti ¢ research, and engineering elds. For
any given task to be performed in CH using ML, there are likely no supervised datasets
already built or at most a single small dataset. When creating a dataset for any particular
task in CH, even using automatic means to get data from multiple online databases can
be challenging due to a mismatch between taxonomies, terminology, cataloging standards,
etc., as discussed in Section 1.2.1. Even if this challenge is overcome, the specialization
inherent to the task can make the total amount of data low. For example, much of the
metadata that is used to describe textile artifacts is necessarily di erent from that used to
describe sculptures. Further, CH data is necessarily limited for many classes: we cannot
go back in time, create more artifacts of a certain category and ensure their preservation
to the present day. Nor is it likely realistic to signi cantly increase the number of artifacts

in a museum by purchasing or discovering new ones in the context of an ML project. CH is
considered a knowledge-intensive domain because it relies heavily on expertise, specialized
knowledge, and interdisciplinary approaches. It involves the deep understanding and inter-
pretation of historical and cultural contexts, artifacts, and documents. Experts in cultural
heritage often use domain-speci ¢ taxonomies and de nitions. Accurately labeling arti-
facts according to these taxonomies is beyond the ability that is reasonable to expect from
someone, such as a crowd worker, unfamiliar with them or the artifacts they are meant
to categorize. Another example of a knowledge-intensive domain we will use in this work
is healthcare. It involves complex medical concepts, procedures, and technologies that re-
quire understanding and expertise. Healthcare professionals, such as doctors, nurses, and
researchers, undergo extensive education and training to acquire the necessary knowledge
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and skills to provide medical care and make informed decisions. Much like CH, healthcare
also has its own taxonomies and de nitions, and it is also unreasonable to expect laymen
to accurately label data in healthcare. Also, like in CH, it might not be feasible to gather
additional data in certain cases, such as new or rare diagnoses. Our proposed solutions
can be broadly divided into three di erent, non-mutually exclusive categories: transfer
learning, multimodality, and semi-supervised. But even when adopting these proposed
solutions, we still face several challenges:

Transfer learning: use of as much related knowledge as possible to accomplish these
tasks.

A signi cant amount of objects in an archive can lack text descriptions.
Archives have varying standards for text descriptions of objects, creating sig-
ni cant disparities in content, syntax, and length.

Features extracted from intra-archive regularities in objects and text descrip-
tions are not transferable.

Geographical spread of archives requires cross-linguality to transfer knowledge
from data in di erent archives.

Texts often contain domain-speci ¢ terms in specialized areas like the cultural
heritage of silk production.

Multimodality: take advantage of all possible data modalities.

Reduced and variable overlap exists between images and text descriptions, with
many photographed objects lacking corresponding textual descriptions.

Di erent images may exist for the same object, while multiple text descriptions
per object are non-existent.

Even drawing from multiple archives, labeled data is relatively small, making it
challenging for many multimodal approaches.

" Semi-Supervised: exploit approaches that make use of unlabeled data.

Both literature and emotions can be dicult to understand for humans and
algorithms.

Label noise can be introduced by many semi-supervised processes, such as weak
labeling or label propagation.
Di cult to identify good negative examples without annotation.

1.4 Hypotheses and Aims

We present an overview of our work as a set of hypotheses de ned with speci c aims in
mind and in relation to prior work. These lead to our contributions in Section 1.5.

Hypothesis 1. Transfer Learning is an e ective approach to inferring metadata

from text descriptions of digitized cultural heritage objects: Given pairs of text
descriptions and metadata (labels) from one archive, we can learn a model that infers
metadata from text descriptions in other archives.

" Aim: We rst need to show that, given labeled data in one archive, we can accurately
infer those labels for unlabeled data in that same archive. The next step is to show
that we can infer those labels in other archives. Finally, we need to show that this
can be done even if the source and target archives are in di erent languages.
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" Prior state of the art: The only previous work in predicting metadata in cultural
heritage from text descriptions was Ruotsalo et al. (2009b). This approach used
extraction, which meant that the labels had to be present in the text descriptions,
and the work was only done in a single archive, i.e., no transfer was explored. Their
dataset had a total 250 text descriptions and was manually annotated.

Hypothesis 2. Multimodal learning is an e ective approach to metadata in-
ference in the cultural heritage domain: Using multiple modalities to infer missing
metadata is better than using any one single modality.

" Aim: Show that using a multimodal model, incorporating text, image, and tabular
classi cation, is better at inferring missing metadata than any one single modality.
We also aimed to introduce a novel dataset to the cultural heritage and multimodal
analysis domains.

Prior state of the art: Belhi et al. (2018) present joint image-text neural network
architecture for classifying images of paintings by artist and year but their text
input consisted of a limited set of labels (style, media, and genre) rather than text
descriptions. Clip-Art (Conde & Turgutlu, 2021) had a similar approach, applying
CLIP (Radford et al., 2021) to the retrieval of artwork images. It learned to associate
a small text vocabulary, akin to labels, with images through joint contrastive pre-
training. This was applied to The iMet Collection dataset (C. Zhang et al., 2019),
possibly the most similar dataset to our own, it includes images of artworks associated
with labels. Another very relevant dataset in this context is Artpedia (Stefanini et
al., 2019), a dataset of images of paintings and text descriptions.

Hypothesis 3. Semi-Supervised methods are e ective in addressing the chal-
lenges of the cultural heritage domain: Using weak labeling, ranking, and propagation
we can create an e ective dataset for literature analysis without human annotations.

" Aim: Generate a large multi-label emotion detection dataset from literature sen-
tences with 38 ne-grained emotions without human annotation and show that it
has comparable quality to alternative dataset creation methods by evaluating it us-
ing a gold set as well as in transfer learning setting with existing benchmark datasets.

Prior state of the art:  The previous emotion detection dataset built from literature
sentences, Alm et al. (2005), is single-label with only 5 coarse-grained basic emotions
and contains only a total of 1207 sentences. GoEmotions (Demszky et al., 2020) is a
social media multi-label emotion detection dataset with 27 emotion labels annotated
using crowd workers.

1.5 Scienti ¢ Contributions

The core scienti ¢ aim of this work is to contribute a methodology that enables ML to tackle
resource-scarce knowledge-intensive domains. We focus our work on cultural heritage due
to the many challenges posed by this application domain. We also tackle a similar issue
with healthcare, although many of the smaller challenges posed by CH are not present.
Figure 1.9 shows a owchart with our methodology, annotated with scienti ¢ contributions
and our published work. Scienti ¢ Contribution 1 corresponds to Hypothesis 1, and so
forth.

SC 1. Transfer learning for metadata inference in the cultural heritage and
healthcare domains: In Rei and Mladeni¢ (2020), we investigate the ability to use ma-
chine learning to infer metadata from text descriptions of silk fabrics. We then show that
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Figure 1.9: Methodology owchart annotated with speci ¢ scienti ¢ contributions.

transfer learning works across archives, even when these use di erent languages. Addi-
tionally, in Pita Costa et al. (2021) we also use metadata present in scienti ¢ articles to
annotate news articles within the healthcare domain automatically. Speci cally, we show
that:

SC 1.1 Metadata inference from text descriptions of digitized cultural her-
itage: Important properties that are used as metadata for digitized artifacts can be inferred
from text descriptions of those artifacts by using a machine learning approach.

SC 1.2 Cross-Archive transfer: An algorithm can infer metadata for digitized
artifacts in one collection, having learned from examples in a di erent archive.

SC 1.3 Cross-Lingual transfer: An algorithm can infer metadata for digitized ar-
tifacts in one collection, having learned from examples in a di erent archive, even if their
languages are di erent.

SC 1.4 Cross-Domain transfer between medicine articles and news articles:

It is possible to leverage metadata in scienti c articles to annotate news articles with
healthcare topics automatically.

SC 2. Multimodal machine learning for inferring metadata of digitized cultural
heritage objects: This group of scienti ¢ contributions is derived from Rei et al. (2023).
Following our previous work where we showed that it was possible to perform automatic
metadata assignment for digitized artifacts from text descriptions (Rei & Mladeni¢, 2020)
and following the work of our colleagues which showed that it was possible to predict the
same properties from photographs of the artifacts (Dorozynski et al., 2019):

SC 2.1 Multilingual multi-task metadata inference from text descriptions:
We show that we can accurately infer multiple metadata properties for digitized artifacts
from text descriptions in multiple archives and languages with a single shared-encoder
multilingual multi-task model using mixed training.
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SC 2.2 Missing metadata inference from known metadata: We show that
using existing metadata in a tabular classi cation setting can predict missing metadata
and provide predictions for records without text descriptions or images.

SC 2.3 Multimodal metadata inference: We introduce a multimodal machine
learning approach for predicting the properties of digitized artifacts. Crucially, our ap-
proach deals with low overlap between modalities. We show that multi-modality improves
the performance of automatic metadata assignment in cultural heritage when compared to
single-modality machine learning.

SC 2.4 Multimodal dataset: We introduce a novel dataset to the cultural heritage
and multimodal analysis domains that includes data for four di erent tasks and three di er-
ent modalities. It consists of harmonized labeled text and image data from heterogeneous,
multilingual sources.

SC 3. Semi-Supervised learning for literature analysis in the cultural heritage

domain: The previous contributions, dealing with resource-scarce and knowledge-intensive
domains, assumed there would be at least some human-labeled examples either in the
same domain or in a minimally related source domain. In Rei and Mladeni¢ (2023), we
extended our work to its logical extreme, which handles the scenario where no labeled data
is available. In tackling this challenge, our main contributions were:

SC 3.1 Semi-Supervised dataset creation: A semi-supervised approach for creat-
ing multi-label classi cation datasets applied to emotion detection from literature.
SC 3.2 A multi-label ne-grained emotion detection dataset for literature: A

large, balanced dataset with 38 ne-grained emotion labels, which includes more emotion
labels than any other dataset and a more comprehensive taxonomy for emotion detection
from text.

SC 3.3 Analysis of our emotion detection dataset: Analysis of emotion correla-
tion and sentiment within the dataset, informing future work in emotion detection.

1.6 Thesis Structure

This thesis started with a brief introduction to the main concepts and context discussed
in the next chapters. Chapter 2, associated with SC 1 and published in Rei and Mladeni¢
(2020), focuses on the necessary results for automatic metadata assignment in CH archives.
Namely, we show that it is possible to use ML to learn to infer important properties
of digitized silk fabrics from the text descriptions of the corresponding objects. It also
shows that the knowledge contained in one archive can be used to infer the properties
of digitized objects in another archive, even when the text descriptions are written in
di erent languages. Additionally, we also use the same approach to label news articles
with healthcare topics, corresponding to SC 1.4 and published in Pita Costa et al. (2021).
Chapter 3 leverages the results in Chapter 2 to create a Multimodal Multilingual Multitask
model for inferring missing metadata in CH archives. It corresponds to SC 2 and was
published in Rei et al. (2023). Chapter 4 corresponds to SC 3 and was published in Rei
and Mladeni¢ (2023), it extends the problem of having relatively few labeled examples in
or only having examples in a di erent domain to a situation where no labeled examples
are available.
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Chapter 2

Transfer Learning

This section discusses the application of transfer learning within expert knowledge domains:
cultural heritage and healthcare. In both domains, we utilize controlled vocabularies,
encoding expert knowledge and expert and data-guided mapping to supply the labels for
training supervised classi ers. Figure 2.1 shows a diagram of the approach described in
this section.

Figure 2.1: Methodological diagram for transfer learning in expert knowledge domains.

In Section 2.1, we employ a thesaurus Alba et al., 2022; Léon et al., 2019, combin-
ing its expert-de ned hierarchical structure with label counts to standardize labels across
various archives. Section 2.2 details our use of Medical Subject Headings, incorporating
expert-guided mapping and both pruning of term trees and classi er-guided depth pruning
within the hierarchy. Each classi er employs representation learning to facilitate transfer.
Section 2.1 describes our use of pre-trained multilingual embeddings, enabling our text
classi er to operate across di erent archives and languages. In Section 2.2, we leverage a
pretrained language model to adapt from scienti ¢ to news articles.
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2.1 Transfer Learning in Cultural Heritage Archive

This section includes the work published in the paperCross-Lingual Text Classi cation
for Inferring Variables Describing Silk Fabrics (Rei & Mladeni¢, 2020). The paper was
presented at the Weaving Europe Silk Heritage and digital technologies conference online
in December 2020. This work was then contextualized and incorporated into the article
Open Access to Data about Silk Heritage: A Case Study in Digital Information Sustain-
ability (Sebastian Lozano et al., 2023), published in the journal Sustainability, Volume 15,
issue 19, October 2023. The journal has an impact factor of 3.9 and is indexed in the
Science Citation Index Expanded.

We investigated the possibility of inferring metadata from text descriptions of digitized
objects and the possibility of transfer learning between di erent archives and di erent
archives in di erent languages. The categories of metadata inferred in this work are: "Pro-
duction Technique”, "Material Used", "Production Place" (Country), and "Production
Date" (Century). It used an early version of the SILKNOW Thesaurus and some custom
mappings to align labels across the di erent archives and treat them as di erent domains,
evaluating the results of source-only domain transfer. If this baseline works, it is safe to
assume that transfer is possible. The dataset used can be seen as an early version of the
dataset used in Rei et al. (2023). It consists of text descriptions and metadata of digi-
tized silk fabric objects in the Victoria & Albert Museum (VAM), the Boston Museum of
Fine Arts (MFA), and CER.ES (Colecciones en Red). The text descriptions in the rst
two archives are in English, while the descriptions in the last one are in Spanish. VAM
has lengthy, detailed descriptions of every object, while the other two o er predominantly
short descriptions. The text classi er used pre-trained cross-lingual aligned word embed-
dings (Joulin et al., 2018) as its input representation and a Convolutional Neural Network
architecture based on the TextCNN (Kim, 2014). The classi er was trained on the VAM
text descriptions. When evaluated on holdout data from VAM, its average accuracy was
around 94%. When evaluated on the data from MFA, this drops to around 60%, but the
drop is not even for all categories of metadata. Predictions for Technique and Material
have accuracies of 88% and 78% while Country and Century are much lower at 24% and
48%. The primary cause of this di erence is simply that the short MFA text descriptions
rarely include relevant information for these properties. The average accuracy for the eval-
uation on the CER.ES text descriptions was around 55%, with a high of 86% for Country
and a low of 21% for Century. The primary reason for the di erence was again the pres-
ence of relevant data in the text descriptions, with some di erences being explained by
syntax. From this, we can also infer another speci ¢ issue that needs to be explored when
considering transfer learning: the choice of source data.

In an earlier experiment, we compared cross-lingual transfer from two di erent English
language source archives, VAM and MFA, to the same Spanish language target, CER.ES.
The results are shown in Table 2.1. We observe that transferring from MFA vyields bet-
ter results for Country and Material, whereas transferring from VAM proves superior for
Century. This variation in performance can be attributed partially to the similarities in
the semantic and syntactic structures of the short text descriptions in both MFA and
CER.ES. However, the presence of some place names in CER.ES, which are crucial for
accurate classi cation, and their absence in MFA play a signi cant role in the results for
Country. Additionally, other source factors that likely in uence the success of transfer
learning include the dataset's size, the frequency of label occurrence, and the extent of la-
bel noise. The e ects of label noise and dataset size will be further explored in the context
of multimodal learning in Section 3.

Overall, this work showed that it was possible to infer properties of digitized silk fab-
rics from their text descriptions and that transfer learning between di erent archives was
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possible, even when the languages of the archives were di erent. In terms of application,
the method we proposed can be used to Il in missing properties in an archive's categorical
description or to align them with a speci ¢ vocabulary with the ultimate goal of facilitating
the discovery and exploration of silk heritage.

Source | Production Date | Production Place | Material Used
VAM 29.7% 64.2% 30.5%
MFA 20.9% 86.4% 56.4%

Table 2.1: Experimental results on accuracy for cross-lingual transfer from multiple English
source archives to the same Spanish target archive, CER.ES. An earlier version of the data
was used than in Rei and Mladeni¢, 2020 hence the di erence in results.
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2.2 Transfer Learning from Science Articles to News Articles

This section includes the work published in the article titled NewsMeSH: A new classi-
er designed to annotate health news with MeSH heading®ita Costa et al., 2021). The
article was published in the Arti cial Intelligence in Medicine journal, Volume 114, April
2021. The journal has an impact factor of 7.5 and is indexed in the Science Citation Index
Expanded. We presented an automated text classi er based on MeSH thesaurus. The map-
ping from MeSH, which was designed to catalog scienti ¢ papers, to news articles followed
3 di erent lines: 1) domain expert-guided mapping; 2) pruning of irrelevant subtrees such
as geographic location; 3) automatic mapping which analyzed the output of the classi er
to determine the best depth of the MeSH tree to use. Thus, although the actual domain
transfer is source-only domain transfer, the labels are partially determined in the target
domain. We trained two di erent classi ers, one a nearest centroid classi er (Henderson,
2009; Mladeni¢, 1998) and the other based on a pre-trained neural network, XLNet (Yang
et al., 2019) 1. The training data consisted of nearly 28M scienti ¢ article abstracts and
the evaluation data consisted of 325K held-out scienti ¢ articles and 100 news articles in 5
separate health domains: Mental Health, Diabetes Mellitus, Coronavirus, Childhood Obe-
sity, Children in Care. The news articles were manually annotated by health professionals
with experience in using the MeSH vocabulary. We used the nearest centroid classi er to
determine the optimal MeSH tree depth cut-o for categorizing news articles, as switching
the depth of the labels used does not require any extra training and thus is very quick to
do. With a xed depth, the problem is a multi-label classi cation problem. When evalu-
ating in-domain, the NN achieved a superior macro-averaged F1 score of 56% compared to
the 44% of the nearest centroid classi er. But when evaluating news articles, the nearest
centroid classi er managed a slightly higher 38% F1 compared to 36% for the NN. We have
clearly shown that this approach is viable, but the signi cant drop in F1 scores when com-
paring in-domain F1 to out-of-domain F1 scores suggests the need to explore unsupervised
domain adaption technigues. In terms of application impact, we proposed an innovative
approach to advanced search, exploration, and analysis of health-related news to support
the work ow of health professionals, particularly those involved in policymaking. Basing
the approach around the use of the MeSH vocabulary means that health professionals can
use a vocabulary they are already familiar with to explore and derive insights from news
events.

1The classi er code is available online at: https://github.com/Irei/newsmeshexp
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