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Abstract:
Text Classification is one of the most fundamental tasks in Natural Language
Processing. Hand-labelling texts is costly and might need specialised domain
knowledge – this is where unsupervised and weakly-supervised approaches could be
useful. In this Master’s Thesis, the weakly-supervised text classification paradigm
is used to classify the sentiment of Estonian texts. In this paradigm, the weak
labels are created using labelling functions (Ratner et al., 2016). The aim of
this thesis is to assess the applicability of weakly-supervised models trained with
around 40× larger dataset in contrast to hand-labelling a smaller amount of texts
to train a fully-supervised classifier. The compared models are fully and weaklysupervised BERT (Devlin et al., 2019); weakly-supervised COSINE (Yu et al., 2021)
and WeaSEL (Cachay et al., 2021). Human evaluation is performed on texts where
the models disagreed the most. As a result, we find that the fully-supervised
models have the best performance. The best-performing weakly-supervised model
trained on the larger dataset had an average classification accuracy of 7.29% worse
(7.05% worse weighted F1-score) than the fully-supervised BERT model. The lower
performance of weakly-supervised models might be caused by the low quality of
labelling functions – developing them further might lead to better results.
Keywords:
Text classification, weakly-supervised text classification, weak supervision, labelling
functions, unsupervised text classification, natural language processing, sentiment
analysis, Estonian dataset.
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Nõrgalt juhendatud teksti klassifitseerimine eestikeelse
meelsusanalüüsi jaoks
Lühikokkuvõte:
Teksti klassifitseerimine on üks kõige fundamentaalsem ülesanne loomuliku keele
töötluses. Käsitsi tekstide märgendamine on kulukas ja võib vajada spetsialiseeritud domeeniteadmisi – sellisel juhul võivad juhendamata ja nõrgalt juhendatud
lähenemised olla kasulikud. Käesolevas magistritöös klassifitseeritakse eestikeelsete tekstide meelsust nõrga juhendamise paradigmaga. Selles paradigmas luuakse
nõrgad märgendid märgendusfunktsioonidega (Ratner et al., 2016). Käesoleva
töö eesmärk on hinnata nõrgalt juhendatud umbes 40× suurema andmestikuga
treenitud mudelite rakendatavust, võrreldes väiksema arvu tekstide käsitsi märgendamisega, et treenida täielikult juhendatud klassifitseerija. Võrreldud mudelid
on täielikult ja nõrgalt juhendatud BERT (Devlin et al., 2019); nõrgalt juhendatud
COSINE (Yu et al., 2021) ja WeaSEL (Cachay et al., 2021). Inimhindamine viidi läbi
tekstidel, kus mudelite ennustused olid kõige vastukäivamad. Leitakse, et täielikult
juhendatud mudelid töötavad kõige paremini. Kõige paremini toimival suuremal
andmestikul treenitud nõrgalt juhendatud mudelil oli keskmine klassifitseerimistäpsus 7.29% halvem (7.05% halvem F1-skoor) kui täielikult juhendatud BERTi
mudelil. Nõrgalt juhendatud mudelite kehvem tulemus võib tuleneda märgendusfunktsioonide madalast kvaliteedist – nende edasiarendamine võib anda paremaid
tulemusi.
Võtmesõnad:
Teksti klassifitseerimine, nõrgalt juhendatud teksti klassifitseerimine, nõrk juhendamine, märgendusfunktsioonid, juhendamata teksti klassifitseerimine, loomuliku
keele töötlus, meelsusanalüüs, eestikeelne andmestik.
CERCS: P176 Tehisintellekt
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1

Introduction

Text Classification is one of the most fundamental tasks in Natural Language
Processing (NLP). Text classification aims to classify a text into one class from a
predefined set of classes. Text classification has been chiefly performed using various
supervised text classification algorithms, which have been researched extensively. A
fully-supervised approach requires a labelled dataset, but gathering large amounts
of training data might be troublesome because of the need for many experts with
domain knowledge. Hand-labelling takes a significant amount of time and is very
costly and mundane. Various unsupervised methods can be used to mitigate the
problems of labelling texts. These approaches have been studied to a much smaller
extent when compared to supervised models.
In this Master’s Thesis, the main emphasis is on a perspective text classification
approach that does not require a labelled dataset called the weakly-supervised
text classification paradigm. Weak supervision aims to generate weak labels using
some heuristic hand-programmed labelling functions (Ratner et al., 2016) and then
use these weak labels to train a discriminative end model that might have some
similarities to a fully-supervised classification model but takes into account the fact
that the weak labels introduce additional noise and that they might be incorrect.
The advantage of using weakly-supervised text classification is the ability to use
much more training data. When comparing fully-supervised and weakly-supervised
models, there is a tradeoff between model performance and the work needed to
either hand-label texts or develop labelling functions.
An example of a language with a lack of annotated training data is Estonian.
More concretely, one example of a text classification task is Estonian sentiment
analysis, where there is only one major public labelled dataset (Pajupuu et al., 2016).
This work is novel in the sense that, to the best of our knowledge, nobody has written
about applying weakly-supervised text classification models to a textual dataset
in Estonian before. The annotated Estonian sentiment analysis dataset (Pajupuu
et al., 2016) is relatively small, and therefore supervised models tend to overfit the
dataset. The aim of this Master’s Thesis is to assess the applicability of weaklysupervised methods in Estonian sentiment analysis as an alternative to annotating
more data.
The Estonian Valence Corpus sentiment analysis dataset (Pajupuu et al., 2016)
is used in conjunction with the Postimees (Kaalep et al., 2010; Muischnek, 2011)
dataset to create around 40× larger unannotated training dataset (the Combined
dataset), which can be used to train weakly-supervised text classifiers. The state-ofthe-art weakly-supervised text classification transformer-based model COSINE (Yu
et al., 2021) and WeaSEL (Cachay et al., 2021) are applied. These models are
implemented in the weak supervision benchmark WRENCH (Zhang et al., 2021)
6

that is also used in this work. To compare the models, the regular BERT (Devlin
et al., 2019) (EstBERT (Tanvir et al., 2021) implementation) model is also trained
and evaluated as a baseline model. Four models are trained on an annotated
Valence dataset for comparison purposes, and three weakly-supervised models
are trained on the larger Combined dataset. All seven models are first evaluated
extensively on the labelled Valence dataset to get a good baseline understanding
of their performance. After that, the Postimees test set texts are classified. The
top-100 most difficult to classify texts with the most disagreements are selected
for further analysis. Human labelling is performed to create ground truth labels
using majority voting. The models are analysed further to assess whether the many
times larger training dataset helps to gain performance.
The fully-supervised EstBERT model had the best performance in all experiments.
On the Combined dataset, the COSINE model had the best average test classification
accuracy of 67.15% (66.77% weighted F1-score). Compared to the COSINE model
trained on the Valence dataset, the accuracy was, on average, 2.93% (3.35% higher
weighted F1-score) higher, so a larger training dataset did help the model get
better performance on the annotated Valence test set. For the Postimees test
subset for which the labels were set by a majority vote by human labellers without
ambiguous texts, the best-performing model, COSINE trained on the Combined
dataset had an average classification accuracy of 11.43% (8.79% worse weighted
F1-score) worse than the fully-supervised EstBERT model. The lower performance of
weakly-supervised models might be caused by the low quality of labelling functions
– developing them further might lead to better results.
Firstly, necessary background knowledge will be provided in section 2. Section
3 will give an overview of different text classification methods. Methodology and
the setup of the experiment will be explained in section 4. Experiment results will
be provided in section 5. Finally, the work will be concluded in section 6.
I would like to thank my supervisor Kairit Sirts for providing invaluable feedback
throughout the writing of this thesis. Discussing the topics of the thesis has been
one of the most enriching experiences during my Master’s studies. I would also like
to thank the annotators for labelling the texts.
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2

Background Knowledge

In this section, some definitions and general knowledge will be provided. The
natural language processing problem of text classification will be introduced along
with the weak supervision paradigm, labelling functions and the task of sentiment
analysis. To understand the models used in the experiment of this thesis, a concise
overview will be given of transformer neural networks and the BERT model. Finally,
a summary will be given of the MeTaL label model and the COSINE and WeaSEL
models.

2.1

Text Classification

Text Classification can be formally defined as the following (Meng et al., 2018).
Given a text collection D = {D1 , . . . , Dn } and m target classes C = {C1 , . . . , Cm },
text classification aims to assign a class label Cj ∈ C to each document Di ∈ D.
There can be four different scopes of text classification (Kowsari et al., 2019):
1. Document-level – a whole document is classified.
2. Paragraph-level – a single paragraph is classified.
3. Sentence-level – a single sentence (a portion of a paragraph) is classified.
4. Sub-sentence level – sub-expressions within a sentence (a portion of a sentence)
are classified.
There are different approaches to text classification in terms of the strength of the
supervision – supervised, weakly-supervised, and unsupervised methods.
Supervised Text Classification is defined as the following (Jurafsky and
Martin, 2021). There is a training set of N documents (d1 , . . . dN ) and M predefined
classes that have each been hand-labelled with a class C = {c1 , . . . , cM } as pairs
(d1 , c1 ), . . . , (dN , cN ). The goal is to learn a classifier that is capable of mapping
from a new document d to its correct class c ∈ C.
As the work mostly pays attention to methods that do not require an annotated
dataset, unsupervised and weakly-supervised methods will be explained in the
following subsection.

2.2

Unsupervised & Weakly-Supervised Text Classification

Unsupervised Text Classification is defined as performing text classification
using no annotated dataset. It is not straightforward to classify weak supervision
into either a supervised or an unsupervised method. Weakly-supervised text
8

classification could be seen as one paradigm of unsupervised text classification, in
some sense.
Weak Supervision (WS) is defined as the following in the WRENCH paper (Zhang et al., 2021), originally by Ratner et al. (2016). We are given a dataset
containing n data points X = [X1 , X2 , . . . , Xn ] with the i-th data point denoted
by Xi ∈ X . For each Xi , there is an unobserved true (gold, ground truth) label
denoted by Yi ∈ Y. Let m be the number of WS sources {Sj }m
j=1 , each assigning a
weak label λj ∈ Y to Xi to vote on its respective golden Yi or abstaining (λj = −1).
Weakly-Supervised Text Classification. A label matrix L ∈ Rn×m is
obtained via applying m labelling functions to the dataset X = [X1 , X2 , . . . , Xn ].
The aim of the classification is to build an end model fw : X → Y to infer the
predicted labels Ŷ for each Xi ∈ X using L. This is the definition by Zhang et al.
(2021), that is used in this thesis.
Label Model is used to combine the weak label matrix L ∈ Rn×m into either
probabilistic soft labels or one-hot hard labels L ∈ Rn (Zhang et al., 2021).
End Model is a discriminative model that is trained using the weak labels
as input. The model can generalise beyond the weak labels for downstream
tasks (Zhang et al., 2021).
Joint Model is a coupling of a label model and an end model in an end-to-end
manner (Zhang et al., 2021).
Weakly-Supervised Text Classification (alternative definition) has been
defined quite differently in various other works. For example, in Meng et al. (2018)
weak supervision is defined (as an extension to the text classification definition) as
the following. Let there be a text collection D = {D1 , . . . , Dn } and target classes
C = {C1 , . . . , Cm }. Weak supervision for text classification could come from one of
the following sources:
• label surface names: L = {Lj }|m
j=1 , where Lj is the surface name for class Cj .
This is also called as dataless text classification in some other works,
• class-related keywords: S = {Sj }|m
j=1 , where Sj = {wj,1 , . . . , wj,k } represents
a set of k keywords in class Cj . Some authors call this also dataless text
classification, and
L
• labelled documents: DL = {DjL }|m
j=1 , where Dj = {Dj,1 , . . . , Dj,l } denotes a
set of l labelled documents in class Cj . This is also called as zero-shot text
classification in some works.

Given a text collection D, target classes C, and weak supervision from either L, S
or DL , the weakly-supervised text classification task aims to assign a label Cj ∈ C
9

to each Di ∈ D. This shows that the terminology is fuzzy and that there is no
unanimous agreement among researchers.
Zero-Shot Text Classification is defined as the following by Yin et al. (2019)
(the restrictive definition). Given labelled instances belonging to a set of seen
classes S, zero-shot text classification aims at learning a classifier f : X → Y ,
where Y = S ∪ U . Set U is a set of unseen classes and belongs to the same aspect
as S.
Dataless Text Classification is defined as a text classification task that does
not need annotated training data and where the source of supervision comes from
label names (Chang et al., 2008) or label names with seed words (Li et al., 2018b).
Semi-Supervised Text Classification is a text classification paradigm where
a classifier is learned using a limited labelled and a large unlabelled text set (Li
et al., 2021).

2.3

Labelling Functions

The basis of weak supervision is formed by using different labelling functions (LFs),
as they were initially introduced in the data programming paradigm by Ratner
et al. (2016).
Informally, LFs are some heuristic functions that, in the case of a text, check
whether it contains some predefined class-indicative words, regex patterns, or any
other heuristics that might predict the class of the text as well as possible. If some
LF does not detect a sentiment or the heuristic signal is too weak, it can also defer
from making a decision and output ABSTAIN (Ratner et al., 2018).
Labelling Function (LF) λi : X → {−1, 0, 1} is a user-defined function
that encodes some domain heuristic, which provides a (non-zero) label for some
subset of the objects (Ratner et al., 2016). The definition is provided for a binary
classification task. In this work λi : X → {−1, 0, 1, 2}, where -1 denotes abstaining,
0 the negative label, 1 the positive label, and 2 the neutral label.
Labelling functions are created using different weak supervision sources. According to Ratner et al. (2017), these sources include distant supervision where the
records of an external knowledge base are heuristically aligned with data points
to produce noisy labels. They add that crowdsourced labels, rules, and heuristics
could be used for generating LFs. They conclude by saying that the labels should
be combined from many weak supervision sources to increase the accuracy and
coverage of the training set.
The Snorkel (Ratner et al., 2017) library calculates multiple metrics related to
the LFs1 , which can be used to evaluate them:
1

https://snorkel.readthedocs.io/en/v0.9.7/packages/_autosummary/labeling/snorkel.
labeling.LFAnalysis.html
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• Polarity – a list of unique output labels.
• Coverage – a fraction of texts each LF labels.
• Overlaps – a fraction of texts each LF labels that are labelled by another LF.
• Conflicts – a fraction of examples each LF labels and that are labelled
differently by another LF.
• Correct – a number of texts classified correctly by an LF.
• Incorrect – a number of texts classified incorrectly by an LF.
• Empirical Accuracy – an empirical accuracy against a set of ground truth
labels for each LF.
In the following subsection, the task of sentiment analysis will be explained
along with some related work regarding Estonian sentiment analysis.

2.4

Sentiment Analysis

Various textual aspects can be classified. According to Jurafsky and Martin
(2021), a common one is called sentiment analysis, the extraction of sentiment
– the orientation that a writer expresses toward some object. In this work, the
experiments are done on Estonian sentiment analysis. Other aspects for which a
text could be classified include spam detection, language identification, authorship
attribution, and (library) topic classification.
The following text is based on a survey paper by Zhang et al. (2018). Sentiment
Analysis, or opinion mining, is a computational study of opinions, sentiments,
emotions, appraisals, and attitudes towards products, services, organisations, individuals, issues, events, topics, and their attributes. There are three levels of sentiment analysis granularity – document-level, sentence-level, and aspect-level. This
work focuses on document-level (paragraph-level) sentiment analysis. Documentlevel sentiment classification categorises an opinionated document as expressing an
overall positive or negative opinion. The neutral class is also included in this work
because not every text might be opinionated in the datasets used.
Estonian sentiment analysis has not been researched very extensively. Pajupuu
et al. (2016) proposed a lexicon-based approach and also trained machine learning
models. Ojamaa et al. (2015) describe ongoing work related to estimating the
speaker’s attitude based on their opinions expressed by utterances. Uustalu (2019)
explored Estonian entity-level sentiment analysis.
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2.5

Transformer Neural Network

The Transformer is a sequence-to-sequence artificial neural network architecture,
which relies entirely on an attention mechanism to draw global dependencies
between input and output (Vaswani et al., 2017).
This subsection is based on Jurafsky and Martin (2021). Transformers map
sequences of input vectors (x1 , . . . , xn ) to sequences of output vectors (y1 , . . . , yn ) of
the same length. The network consists of transformer layers which consist of linear
layers and self-attention layers. They further explain that self-attention allows a
network to directly extract and use information from arbitrarily large contexts
without passing it through intermediate recurrent connections. The self-attention
layer is one of the most important components of the transformer block.
A Transformer consists of three input embeddings which contain different roles
during the attention process:
• Query – a current focus of attention compared to all of the other preceding
inputs (weight matrix WQ introduced).
• Key – a preceding input compared to the current focus of attention (weight
matrix WK , dimensions dk ).
• Value – to compute the output for the current focus of attention (weight
matrix WV ).
In a general form, self-attention could be described as the following. Let there
be an input matrix X of the word embeddings of the input tokens. The input
matrix X is multiplied by the key, query and value matrices, Q = XWQ , K =
XWK , V = XWV . The self-attention layer values can be computed with the folT
√
lowing computation: Self Attention(Q, K, V ) = sof tmax( QK
)V . In addition to
dk
self-attention layers, transformers consist of feedforward layers, residual connections and normalisation layers. A schematic overview of the encoder block of the
transformer network can be seen in Figure 1.
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Figure 1. A schematic overview of the encoder block of the Transformer neural
network. Figure adapted from Vaswani et al. (2017).
Jurafsky and Martin (2021) explain that Transformers use multi-head selfattention layers. These are sets of heads in the multi-head self-attention layers’
parallel layers at the same depth in a model, each with its own set of parameters.
Each head has its learnable key, query, and value matrices.
To model positions of tokens in a sequence, positional embeddings (encodings)
are used. These embeddings can be learned or be set to a fixed function, for
example, the sine or cosine functions (Vaswani et al., 2017).

2.6

Bidirectional Encoder Representations from
Transformers (BERT)

One of the most useful applications of the Transformer neural networks in NLP is
the pre-trained Bidirectional Encoder Representations from Transformers model,
better known as the BERT model (Devlin et al., 2019).
The authors (Devlin et al., 2019) explain that the key contribution is that BERT
is designed to pre-train deep bidirectional representations from unlabelled texts
by jointly conditioning on the left and right contexts. They add that pre-trained
BERT models can be fine-tuned with just one additional output layer to create
state-of-the-art models. An overview of the pre-training and fine-tuning steps can
be seen in Figure 2.
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T[SEP]
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T[SEP]
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E[SEP]

E1’

...

EM’

E[CLS]

E1

...

EN

E[SEP]
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[SEP]
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[SEP]
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Figure 2. Two main steps in the BERT framework – pre-training and fine-tuning (Devlin et al., 2019).
The multi-layer bidirectional Transformer encoder (Vaswani et al., 2017) was
used as the model architecture for the BERT model. For example, the BERTBASE
model had 12 Transformer layers, 768-dimension hidden layers, and 12 self-attention
heads resulting in 110 million parameters.
WordPiece (Wu et al., 2016) embeddings were used with a 30 000 token vocabulary. A special [CLS] token is in place at the beginning of every sequence.
The final hidden state corresponding to the [CLS] token is used as the sequence
representation for various classification tasks. A special [SEP] token is used to
differentiate different sentence pairs. A learned embedding is added to every token
indicating whether it belongs to the first or the following sentence. A token’s input
representation is constructed by summing the corresponding token, segment, and
position embeddings.
There are two tasks on which the BERT model was trained on (Devlin et al.,
2019):
• Masked Language Modelling – some percentage of the input tokens are masked
at random, and the objective of the model is to predict the masked tokens.
This is done by feeding the final hidden vectors corresponding to the mask
tokens into an output softmax over the model’s vocabulary.
• Next Sentence Prediction – the first and its following sentence for each pretraining example is picked to do binary classification, whether the following
sentence comes after the first one in the training corpus. Half of the time, the
following sentence is the actual next sentence that follows the first sentence,
and the other half of it is a random sentence from the corpus.
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The original BERT model was trained on BooksCorpus (Zhu et al., 2015), which
consists of 800 million words and the English Wikipedia, which consisted of 2500
million words at that time.
Many different autoencoding based language models have been trained. A
large part of them have been inspired from the original BERT (Devlin et al., 2019)
model. Examples of such models include the RoBERTa (Liu et al., 2019) and
ALBERT (Lan et al., 2019) models. Many language-specific BERT implementations
have been pre-trained. The main BERT implementation used in this thesis is the
EstBERT (Tanvir et al., 2021) model. EstBERT was trained on the Estonian National
Corpus 2017 (Kallas and Koppel, 2018) dataset – after preprocessing, 1154 million
words remained in the corpus.

2.7

Overview of the Models Used

In this section, an overview will be given explaining the models used in the
experimental section of this work. The model summaries will be referenced from
their original papers.
2.7.1

MeTaL Framework

The MeTaL framework was used in this work as a label model. This section will be
based on the original article by Ratner et al. (2018). In the experiments of this work,
the implementation of the Snorkel (Ratner et al., 2017) library’s LabelModel2
class will be used.
A high-level schematic overview of the MeTaL framework can be seen in Figure 3.
In its original setting, the first step in the framework is inputting a task graph Gtask ,
which defines the relationships between task labels Y1 , . . . , Yt ; a set of unlabeled
data points X; a set of multi-task weak supervision sources si , which each output a
vector λi of task labels for X; and the dependency structure between these sources,
Gsource . A label model to learn the accuracies of the sources is trained. A vector of
probabilistic training labels Ỹ is outputted for training the end model.
2.7.1.1

Problem Definition

More concretely, the problem is defined as the following (Ratner et al., 2018).
Let X ∈ X be a data point and Y = [Y1 , Y2 , . . . , Yt ]T be a vector of categorical
task labels, Yi ∈ {1, . . . , ki }, corresponding to t tasks, where (X, Y) is drawn
(independent and identically distributed) from a distribution D. The user provides
a specification of how these tasks relate to each other, and this schema is denoted as
2

https://snorkel.readthedocs.io/en/v0.9.3/packages/_autosummary/labeling/snorkel.
labeling.LabelModel.html#snorkel.labeling.LabelModel
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Figure 3. A schematic overview of the MeTaL framework (Ratner et al., 2018).
the task structure Gtask . The task structure expresses logical relationships between
tasks, defining a feasible set of label vectors Y, such that Y ∈ Y. In MeTaL, instead
of observing the true label Y, there is access to m multi-task weak supervision
sources si ∈ S. They emit label vectors λi that contain labels for some subset of the
t tasks. Let 0 denote an abstaining label, and let the coverage set τi ⊆ {1, . . . , t}
be the fixed set of tasks for which the ith source emits non-zero labels, such that
λi ∈ Yτi .
The overall goal of the task is to apply the set of weak supervision sources
S = {s1 , . . . , sm } to an unlabelled dataset XU consisting of n data points. After
that, the resulting weakly-labelled training set can be used to supervise an end
model fw : X 7→ Y. The weakly-labelled training set might contain overlapping and
conflicting labels because the sources may have unknown accuracies and correlations.
The authors propose to learn a label model Pµ (Y|λ), parameterized by a vector of
source correlations and accuracies µ. For each data point X, the label model takes
as input the noisy labels λ = {λ1 , . . . , λm } and outputs a single probabilistic label
vector Ỹ.
Learning a Label Model. The authors (Ratner et al., 2018) introduce some
statistics over the random variables in Gsource . Variable C is defined as the set of
cliques in Gsource , and an indicator random variable is defined for the event of a
clique C ∈ C taking on a set of values yC :
ψ(C, yC ) = 1 {∩i∈C Vi = (yC )i } ,
where (yC )i ∈ Yτi . Vector ψ(C) ∈ {0, 1} i∈C (|Yτi ⊢1) is defined as the vector of
indicator random variables for all combinations of all but one of the labels emitted
by each variable in clique C, this defines a minimal set of statistics and defines
ψ(C) accordingly for any set of cliques C ⊆ C. Vector µ = E [ψ(C)] is the vector
of sufficient statistics for the label model.
Q
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2.7.1.2

Computational Approach

The authors (Ratner et al., 2018) begin by explaining that the critical problem is
that Y cannot be observed. This problem is overcome by analysing the covariance
matrix of an observable subset of the cliques in Gsource . That leads to a matrix
completion-style approach for recovering µ.
The authors start by considering two disjoint subsets of C: the set of observable
cliques, O ⊆ C, these are the cliques not containing Y, and the separator set cliques
of the junction tree, S ⊆ C. The covariance matrix of the indicator variables for
O ∪ S, Cov [ψ(O ∪ S)], could be written in block form:


ΣO ΣOS
Cov [ψ(O ∪ S)] ≡ Σ =
(1)
ΣTOS ΣS
and similarly define its inverse:
−1

K=Σ



KO KOS
=
T
KOS
KS



(2)

In the previous formula,
ΣO = Cov [ψ(O)] ∈ RdO ×dO is the observable block
P
Q
of Σ, where dO = C∈O i∈C (|Yτi | − 1). Formula ΣOS = Cov [ψ(O), ψ(S)] is
the unobserved block, which is a function of µ. The sum ΣS = Cov [ψ(S)] =
Cov [ψ(Y)] is a function of the class balance P (Y).
The authors apply the block matrix inversion lemma:
−1
−1
T
KO = Σ−1
O + cΣO ΣOS ΣOS ΣO ,

where c = ΣS − ΣTOS Σ−1
O ΣOS
could be expressed as:

−1

∈ R+ . Let z =

T
KO = Σ−1
O + zz

√

(3)

cΣ−1
O ΣOS ; then Equation (3)
(4)

Finally, let Ω be the set of indices (i, j) where (KO )i,j = 0, determined by
Gsource . This yields a system of equations:

T
0 = (Σ−1
for (i, j) ∈ Ω,
(5)
O )i,j + zz
i,j
which is now a matrix completion problem. The authors define ||A||Ω as the
Frobenius norm of A with entries not in Ω set to zero. Equation (5) could be
T
rewritten as Σ−1
= 0. This equation can be solved to estimate z, and
O + zz
Ω
thereby recover ΣOS , from which it is possible to recover the label model parameters
µ algebraically directly.
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2.7.2

Contrastive Self-Training for Fine-Tuning Pre-Trained Language
Model (COSINE)

Contrastive Self-Training for Fine-Tuning Pre-Trained Language Model (COSINE)
is a model introduced by Yu et al. (2021). This section will be referenced from
their original article.
COSINE is a contrastive self-training framework to enable fine-tuning Language
Models (LMs) with weak supervision. The essence of COSINE is to use contrastive
regularisation and confidence-based reweighting. A high-level schematic overview
of the COSINE model can be seen in Figure 4.
Prediction

Weak Supervision
Knowledge
Bases

Soft pseudoLabel 𝑦$

Patterns &
Dictionaries

Initialize

Semantic
Rules
Matched
Samples 𝑋𝑙
Unmatched
Samples 𝑋𝑢

Contrastive
Loss 𝑅#

Sharpen
High-conf
Samples 𝐶

BERT

BERT

Input Corpus

Feature

Classification Loss 𝐿$

𝑓(# ; 𝜃)

--------- Threshold ----------Low-conf
Samples

Confidence
Regularization 𝑅!

All Samples
𝑋𝑙

Figure 4. High-level overview of the COSINE framework (Yu et al., 2021).
The authors (Yu et al., 2021) explain that in COSINE, there is a classifier
f = g ◦ BERT that consists of two parts – BERT is any pre-trained language
model that outputs hidden representations of input samples, the function g is a
task-specific classification head that outputs a C-dimensional vector, where each
dimension corresponds to the prediction confidence of a specific class. In this
thesis, EstBERT (Tanvir et al., 2021) is used as the realisation of BERT. Firstly,
the LM is initialised in COSINE with weak labels. This step is necessary because
the semantic and syntactic knowledge of the pre-trained LM are transferred to the
model. The main idea of COSINE is to use contrastive self-training to suppress label
noise propagation.
2.7.2.1

Training Procedure

In this section, a brief overview will be given of how COSINE is trained by referencing
the original source (Yu et al., 2021).
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Initialization with weakly-labelled data. Function f (·; θ) is fine-tuned with
weakly-labelled data Xl by solving the optimisation problem
min
θ

1
|Xl |

X

CE (f (xi ; θ), yi ) ,

(6)

(xi ,yi )∈Xl

where CE(·; ·) is defined as the cross-entropy loss. The authors also use early
stopping (Dodge et al., 2020) to prevent the model from overfitting to the label
noise. Early stopping might cause underfitting, and this is resolved by contrastive
self-training.
Contrastive self-training with all data. Contrastive self-training leverages
all available data, both labelled and unlabelled. They are used for fine-tuning
and to reduce the error propagation of wrongly labelled data. Pseudo-labels are
generated for the unlabelled data and incorporated into the training set. Contrastive
representation learning and confidence-based sample reweighting and regularisation
are introduced to reduce error propagation. The pseudo-labels ỹ and the model
are updated iteratively.
Updating ỹ with the current θ. Soft pseudo-labels ỹ ∈ RC for each sample x
in a batch B are generated based on the current model
ỹj = P
where fj =

P

x′ ∈B [f (x

′

[f (x; θ)]2j /fj
,
2
j ′ ∈Y [f (x; θ)]j ′ /fj ′

(7)

; θ)]2j is defined as the sum over soft frequencies of class j.

Updating θ with the current ỹ. The model parameters θ are updated by
minimising
L(θ; ỹ) = Lc (θ; ỹ) + R1 (θ; ỹ) + λR2 (θ),
(8)
where Lc is the classification loss, R1 (θ; ỹ) is the contrastive regulariser, R2 (θ) is
the confidence regulariser, and λ is the hyper-parameter for the regularisation.
2.7.2.2

Contrastive Learning

The authors of COSINE (Yu et al., 2021) explain that a key ingredient of the
contrastive self-training method is to learn representations that encourage data
within the same class to have similar representations and keep data in different
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classes separated. High-confidence samples C are selected first from X . Then for
each pair xi , xj ∈ C, their similarity is defined as
(
1, if argmax[ỹi ]k = argmax[ỹj ]k
k∈Y
k∈Y
Wij =
,
(9)
0, otherwise
where ỹi , ỹj are the soft pseudo-labels for xi , xj , respectively. For each x ∈ C, its
representation v = BERT(x) ∈ Rd is calculated, then the contrastive regulariser is
defined as
X
R1 (θ; ỹ) =
ℓ(vi , vj , Wij ),
(10)
(xi ,xj )∈C×C

where

ℓ = Wij d2ij + (1 − Wij )[max(0, γ − dij )]2 .

(11)

In the previous formula, ℓ(·, ·, ·) is the contrastive loss, dij is the distance between
vi and vj , and γ is a pre-defined margin.
2.7.2.3

Confidence-Based Sample Reweighting and Regularisation

The authors (Yu et al., 2021) explain that while contrastive representations yield
better decision boundaries, they require samples with high-quality pseudo-labels.
Sample reweighting. Samples with high prediction confidence are more likely
to be classified correctly than those with low confidence. Label noise propagation is
further reduced by a confidence-based sample reweighting scheme. For each sample
x with the soft pseudo-label ỹ, x is assigned with a weight ω(x) defined by
C

X
H (ỹ)
ω =1−
, H(ỹ) = −
ỹi log ỹi ,
log(C)
i=1

(12)

where 0 ≤ H(ỹ) ≤ log(C) is the entropy of ỹ. A pre-defined threshold ξ is used to
select high confidence samples C from each batch B as
C = {x ∈ B | ω(x) ≥ ξ}.

(13)

The loss function is defined as
Lc (θ, ỹ) =

1 X
ω(x)DKL (ỹ∥f (x; θ)) ,
|C| x∈C

where DKL (P ∥Q) is the Kullback–Leibler divergence.
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(14)

Confidence regularisation. The authors propose a confidence-based regulariser
that encourages smoothness over predictions, and it is defined as
R2 (θ) =

1 X
DKL (u∥f (x; θ)) ,
|C| x∈C

(15)

where ui = 1/C for i = 1, 2, . . . , C. This term is needed to prevent over-confident
predictions and leads to better generalisation (Pereyra et al., 2017).
2.7.3

Weakly-Supervised End-To-End Learner Model (WeaSEL)

In this section, the Weakly Supervised End-To-End Learner model (WeaSEL) will
be introduced. The model was proposed by Cachay et al. (2021), and this section
will be referenced from the original article. The authors of the WeaSEL paper begin
by criticising that the approaches that require two modelling steps – learning a
probabilistic latent variable model and training a separate downstream model may
not work as well as they could. A high-level overview of the WeaSEL model can be
seen in Figure 5.

Figure 5. High-level overview of the WeaSEL model (Cachay et al., 2021).

2.7.3.1

Problem Setup

The problem is defined by the authors (Cachay et al., 2021) as the following.
The data generating distribution is defined as (x, y) ∼ D, where the unknown
labels belong to one of C classes: y ∈ Y = {1, ..., C}. An unlabelled training
m
set X = {xi }N
are
i=1 , and m labelling functions (LFs) λ = λ(x) ∈ {0, 1, ..., C}
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provided by the user, where 0 means that the LF abstained from labelling for any
class. The one-hot representation of the LF votes provided by the m LFs for C
classes is written as λ = (1{λ = 1}, . . . , 1{λ = C}) ∈ {0, 1}m×C . The goal set by
the authors is to train a downstream model f : X → Y on a noise-aware loss
L(yf , ye ). The loss operates on the model’s predictions yf = f (x) and probabilistic
labels ye generated by an encoder model e. The encoder model has access to LF
votes, λ, and features, x.
2.7.3.2

Posterior Reparameterisation

The latent label is viewed by the authors (Cachay et al., 2021) as an aggregation
of the LF votes that is a function of the entire set of LF votes and features on a
sample-by-sample basis. The probability of a particular sample x having the class
label c ∈ Y is modelled as
Pθ (y = c| λ) = softmax (s)c P (y = c),
s = θ(λ, x)T λ ∈ RC .

(16)
(17)

where θ(λ, x) ∈ Rm is weighted by the LF votes on a sample-by-sample basis and
the softmax for class c on s is defined as
softmax (s)c = exp θ(λ, x) 1{λ = c}
T

C
X


exp θ(λ, x)T 1{λ = j} .

j=1

The formulation by the authors can be seen as a reparameterisation of the posterior
of the pairwise Markov Random Fields, where θ corresponds to the LF accuracies
that are fixed across the dataset and are solely learned via LF agreement and
disagreement signals, ignoring the informative features.
2.7.3.3

Neural Encoder

The goal of the authors (Cachay et al., 2021) is to estimate latent labels by means
of learning sample-dependent accuracy scores θ(λ, x), which it is proposed to
parameterise by a neural encoder e. The network takes as input the features x and
the corresponding LF outputs λ(x) for a data point, and outputs unnormalized
scores e(λ, x) ∈ Rm . It is defined
θ(λ, x) = τ2 · softmax (e(λ, x)τ1 ) ,

(18)

where τ2 is defined as a constant factor that scales the final softmax transformation
in relation to the number of LFs m. Hyperparameter τ1 is defined as an inverse
temperature that controls the smoothness of the predicted accuracy scores.
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3

Related Work about Unsupervised & WeaklySupervised Text Classification Methods

This section will present some historical approaches to unsupervised text classification, dataless text classification, topic modelling-based approaches, and weaklysupervised approaches.

3.1

Historical Approaches

Lack of sufficient training data has been a problem since the task of text classification
was formally defined in the research literature.
One of the first works that discussed and proposed computational approaches
for unsupervised text classification is by McCallum and Nigam (1999). In the
approach they propose, no labelled documents are required. The approach uses a
small set of keywords per class, a class hierarchy, and many unlabelled documents.
The main idea is to assign approximate labels by term matching the keywords.
These labels can be used for a bootstrapping process where a Naive Bayes classifier
is learned using Expectation-Maximisation (Dempster et al., 1977) and hierarchical
shrinkage.
For example, in another work by Nigam et al. (2000), they also augmented a
small number of labelled texts with a much larger amount of unlabelled documents.
They developed an algorithm that uses Naive Bayes with Expectation-Maximisation
further.

3.2

Dataless Text Classification

Chang et al. (2008) proposed a method of using Explicit Semantic Analysis (Gabrilovich
and Markovitch, 2007) to perform dataless text classification. The model uses
Wikipedia as its source of knowledge. The texts and labels are mapped to a common
semantic space, and the label with the highest matching score is returned.
Dataless text classification has also been applied to hierarchical textual data.
This classification setting was studied by Song and Roth (2014).
Li et al. (2018a) proposed an unsupervised representation learning model that
directly classifies documents without the need for labelled training data. The
method takes class names as input and applies a cascade embedding approach.
They first embed the seeded category names and other phrases into vectors to
capture concept semantics. Next, the concepts are embedded into a hidden category
space to make the category information explicit.
Meng et al. (2018) proposed a weakly-supervised neural text classification
method, WeSTClass. The method consists of two main parts, a pseudo-document
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generator that leverages seed information to generate pseudo-labelled documents for
model pre-training and a self-training module that bootstraps on actual unlabelled
data for model refinement.
Another dataless text classification method, the Label-Name-Only Text Classification (LOTClass), was proposed by Meng et al. (2020). The authors propose
a language model self-training approach wherein a pre-trained neural language
model is used as the general knowledge source for category understanding and a
feature representation learning model for classification. The language model creates
contextualised word-level category supervision from unlabelled data to train itself
and then generalises to document-level classification via a self-training objective.
Chu et al. (2020) proposed an unsupervised label refinement approach which
reduces the sensitivity to the choice of label descriptions by refining a dataless
classifier’s set of predictions using k-means (Lloyd, 1982) clustering.
Mekala and Shang (2020) proposed a novel framework ConWea. It provides
contextualised supervision for text classification. Specifically, the framework leverages contextualised representations of word occurrences and seed word information
to automatically differentiate multiple interpretations of the same word and create
a contextualised corpus.
Yang et al. (2020) proposed a pseudo-label based dataless Naive Bayes classifier
with seed words.
The DocSCAN method was proposed by Stammbach and Ash (2021). The
method leverages large pre-trained language models, and it uses Semantic Clustering
by Adopting Nearest-Neighbors.

3.3

Topic Models Based Methods

Latent Dirichlet Allocation (LDA) (Blei et al., 2003) can be used to classify
texts. One of the first papers that proposes an LDA-based document classification
algorithm which does not require any labelled dataset is published by Hingmire et al.
(2013). In their proposed approach, they construct a topic model using LDA, after
which they assign one topic to one of the class labels. After that, they aggregate
all the same class label topics into a single topic using the aggregation property of
the Dirichlet distribution. Finally, they automatically assign a class label to each
unlabelled document depending on its closeness to one of the aggregated topics. The
same author has published the Topic Labeled Classification approach (Hingmire
and Chakraborti, 2014b) and the Sprinkling Topics (Hingmire and Chakraborti,
2014a) approach.
Other authors have also developed methods that use LDA. Chen et al. (2015)
propose a Descriptive LDA approach. Li et al. (2016) propose a Seed-Guided Topic
Model approach where for each category, a small set of seedwords that are relevant
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to the semantic meaning of the category are needed. Li et al. (2018b) propose a
novel Laplacian seed word topic model.

3.4

Weakly-Supervised Text Classification

Ratner et al. (2016) in their seminal work propose a paradigm for the programmatic
creation of training sets called data programming. This is one of the backbones of
the models used in this work. In data programming, users express weak supervision
strategies or domain heuristics as labelling functions, which are programs that label
subsets of the data, but that are noisy and may conflict.
Ratner et al. (2017) proposed the Snorkel framework, a system that enables
users to train state-of-the-art models without hand labelling any training data.
Snorkel denoises their outputs without access to ground truth by incorporating
the first end-to-end implementation of the data programming paradigm.
Ratner et al. (2018) propose a framework for integrating and modelling weak
supervision sources by viewing them as labelling different related sub-tasks of a
problem, called the MeTaL framework. More information on this was provided in
section 2.7.1.
Both of the models used in this work, COSINE (Yu et al., 2021) and WeaSEL (Cachay
et al., 2021) take into account that their input is a weak label generated from the
output of a label model.
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4

Methodology and Experimental Setup

In this section, an overview of the used datasets will be given, and the setup of the
models along with implementation details will be provided.

4.1

Overview of the Datasets

There are two primary datasets used in this thesis, the Estonian Valence Corpus (Pajupuu et al., 2016), which is a small annotated sentiment analysis dataset
in Estonian and the Postimees Corpus (a subcorpus from Kaalep et al. (2010);
Muischnek (2011)), which is a large unannotated dataset. The training sets of the
Valence and Postimees datasets will be joined to create a new large dataset – the
Combined dataset.
4.1.1

Estonian Valence Corpus Dataset

The first annotated dataset used in this work is the Estonian Valence Corpus (Pajupuu et al., 2016) dataset. The corpus originally consisted of 4088 online daily
and weekly articles’ and reader comments’ paragraph-level extracts. The dataset
contains labels for both sentiment and rubric, but only the sentiment analysis is
included in this thesis. Sentiment labels are Positive (class 1), Negative (class 0),
Neutral (class 2), and Ambiguous. Training data is split into the same 70/10/20
per cent training, development, and test sets as were done by Tanvir et al. (2021);
Kittask et al. (2020). Duplicate paragraphs were also removed by Kittask et al.
(2020), resulting in 4068 remaining paragraphs. The text counts can be seen in
Table 1. In this work, the Ambiguous class will be left out following the machine
learning approach of Pajupuu et al. (2016). This way, it would be possible to
compare the results to Kittask et al. (2020) as well.
Table 1. Sentiment classes text (paragraphs) counts of the Estonian Valence
Corpus dataset. Table from Tanvir et al. (2021).
Label
Positive
Negative
Neutral
Ambiguous
Total

Train
612
1347
505
385
2849

Development
87
191
74
55
407

Test
175
385
142
110
812

Total
874
1923
721
550
4068

To understand the content of the Estonian Valence Corpus dataset better,
examples of some texts and their English translations will be provided from the
original article where the dataset was proposed (Pajupuu et al., 2016).
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Positive text example: Koht, mis varem ei olnud püha, võib selleks saada.
Kui istutame tammikud, muudame need kohad pühaks. Hoolitseme ka selle eest, et
tammikutes kasvaks kaunis kask ja püha pihlakas, et kaugete esivanemate vaimud
end seal hästi tunneksid.: A place that previously was not holy can become like
that. We can make it holy ourselves by planting an oak forest. Moreover, let us
take care that the oak forest also features the beautiful birch and the protective
rowan, just to make the distant ancestral spirits feel good.
Negative text example: Tabati ka üks kriminaalses joobes sõidukijuht. See
juhtus pühapäeva öösel kella 4 ajal, kui Viljandis Lääne tänaval peeti kinni sõiduauto
BMW, mille roolis oli 21-aastane noormees. Tema suhtes alustati kriminaalmenetlust.: Also, a criminally intoxicated driver was apprehended. It happened at
4 o’clock Sunday morning that a BMW driven by a 21-year old was stopped on
Lääne St. in Viljandi. Criminal charges were filed.
Neutral text example: Peaaegu samasugune nägi pööning välja märtsis, kui
kunstnik oli sinna üles seadnud “Asjade” esimese osa. Vahepealse kuue kuu jooksul
on katusealune ja seda külastanud vaatajad osa saanud suurtest muudatustest.: The
attic looked almost the same in March, just after the artist had set up the first
part of the "Things". During the six months passed, the attic and its visitors have
been exposed to some considerable changes.
Before applying the labelling functions to the dataset, all texts were preprocessed.
Texts were tokenised and lemmatised using EstNLTK 1.6 (Laur et al., 2020). No
preprocessing was applied to the texts for training the end or joint models.
4.1.2

Examples of Texts Difficult to Label

The Estonian Valence Corpus dataset contains some texts for which it is difficult
to assign a gold label from the perspective of a human annotator. In addition to
that, some of the gold labels might be incorrect to some extent. The author of this
thesis will provide some subjective examples and provide a different (one possible)
interpretation of the labels assigned to some texts.
Gold label set as positive: Elavaid pilte on pärast rahvusvahelist esilinastust Aklassi festivalil Shanghais näidatud festivalidel Leedus, Venemaal, Gruusias, Soomes,
Kanadas ja Indias.: After its international premiere at a top-class film festival
in Shanghai Living Images (movie festival) has been shown in Lithuania, Russia,
Georgia, Finland, Canada and India. – It is considered positive that a movie was
shown in many film festivals all across the world. The paragraph could also be
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considered neutral because although it talks about the movie’s success, it is done
neutrally, in the opinion of the author of this thesis.
Gold label set as negative: Esimene pruut võttis unerohtu.: The first bride
took sleeping pills. – Taking sleeping pills is considered negative in this paragraph,
which has no further context. This text could also be classified as neutral because
the sentiment of taking sleeping pills is neither positive nor negative, in the opinion
of the author of this thesis.
Gold label set as neutral: Ehh, ikka ja alati taandub kõik sellele, kuidas keegi
käitub, mõni on kainenagi täiesti talumatu käitumisega.: Oh, now and always,
everything boils down to how somebody behaves; some people have unbearable
behaviour when being sober. – This text is considered neutral but might also be
classified as negative because the text might reflect some disappointment towards
somebody. Unbearable behaviour might be considered to be a negative trait in the
opinion of the author of this thesis.
Having seen these examples, it could be concluded that some gold labels could
be different and that it might be challenging to set a single label as the correct
gold label. In some cases, a text could be assigned different labels, given different
interpretations.
4.1.3

Postimees Corpus Dataset

The other unannotated dataset used in this thesis is the Postimees Corpus dataset.
Postimees is an Estonian daily newspaper. The Postimees Corpus is a subcorpus
of the Estonian Reference Corpus3 (Kaalep et al., 2010; Muischnek, 2011) that
contains the year 1995–2000 Postimees articles.
This corpus was compiled of paragraphs (like the Valence Corpus). Train
and test splits were created for the Postimees corpus. The test split consisted
of paragraphs only from the year 1995. Train split consisted of the paragraphs
from the years 1996–2000. The number of paragraphs and the number of original
documents where the paragraphs were extracted can be seen in Table 2.
Table 2. The paragraphs and documents counts of the Postimees corpus.
Split
Train (1996-2000)
Test (1995)
3

Paragraphs Count
98244
1429

Documents Count
11629
200

https://www.cl.ut.ee/korpused/segakorpus/index.php?lang=en
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In the Estonian Reference Corpus, information about every daily paper is stored
in its individual XML file. EstNLTK 1.6 (Laur et al., 2020) provides a parser for
the corpus.
There were two main principles in choosing which texts to include in the
gathered Postimees dataset, as not all texts from the original corpus were included.
The principles were:
• Opinion story genre - Every article has meta information attached to it that
contains information about the topic. Only articles on the topic "opinion"
(in Estonian: arvamus) were selected because the Estonian Valence Corpus
was constructed from similar texts and opinion stories generally tend to have
a concrete sentiment.
• Paragraph token length set between 10 and 259 - Another restriction was
set to the token length of the paragraphs. Only texts with a token length
between 10 and 259 were chosen (both inclusive). Texts shorter than 10
tokens generally described the author of the story and are not relevant in
terms of classification, and 259 was the maximal number of tokens in the
longest paragraph of the Valence Corpus.
As an example, the following text is from the Postimees newspaper from
December 4, 1995.
Text example: Nii ongi, et noored sellest kombest midagi ei tea, neile pole seda
ehk õpetatudki. Nõnda hakkavad vanad ja toredad kombed kaduma. Kahju küll.: So
it is that the young people do not know about this tradition, they might even not
be taught regarding that. Like this, old and nice traditions are starting to go away.
What a pity.
Although the corpus is unannotated, this text could be classified as negative.
4.1.4

Combined Dataset

The Valence and Postimees Corpora datasets’ training sets will be concatenated
to create a training set for the Combined dataset. The Valence development and
test sets will be set as the corresponding sets for the Combined dataset as they are
annotated.

4.2

Setup of the Models

In this section, some details will be provided regarding obtaining weak labels,
models’ hyperparameters, and all models’ training setup.
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4.2.1

Engineering Labelling Functions

Estonian Valence Lexicon4 (Pajupuu et al., 2012) was used as a knowledge base
for generating some LFs. The lexicon contains keywords which refer to positive
and negative sentiments. In the lexicon, words with positive sentiment have been
assigned a positive integer score, whereas negative sentiment words have been
assigned negative scores. The lexicon does not contain neutral words. The lexicon
also contains words of different cases because some cases negate the word. One
example of this is the word abita (without help) which has a negative score, and,
on the other hand, the word abiga (with help) has a positive sentiment score.
The first intention is to design LFs that check whether positive or negative keywords are present in the texts. Initially, the training set of the Valence dataset was
used for finding dataset-specific keywords. Top-50 highest TF-IDF (Sparck Jones,
1972) value words were found separately using the training set. Some words were
not class-indicative in the author’s subjective opinion and were too dataset-specific,
which were then removed by hand. After numerous experiments, this idea was
dropped because it did not provide better validation accuracy.
The final heuristics used in LFs are the following:
1. Valence lexicon scores’ sum (valence_prediction) – sum all of the input
text’s words’ lexicon values. In case a word is a negation (ei – no; ega –
nor), the following word’s lexicon score will be subtracted (neutral word’s
score will also be subtracted by 1). If valence_score ≥ 1 output POSITIVE,
if valence_score ≤ −1, output NEGATIVE, otherwise output ABSTAIN
(valence_score = 0).
2. Positive keywords (keywords_positive) – if the text’s tokens or lemmas
include any positive word from the lexicon, output POSITIVE, otherwise
ABSTAIN.
3. Negative keywords (keywords_negative) – if the text’s tokens or lemmas
include any negative word from the lexicon, output NEGATIVE, otherwise
ABSTAIN.
4. Positive and negative keywords’ counts (count_positive_negative) – if there
are no positive nor negative words from the lexicon among tokens and lemmas,
output NEUTRAL, otherwise ABSTAIN.
The LFs were applied to the Valence and Postimees datasets using the Snorkel5 (Ratner et al., 2017) Python library. The Valence dataset LF statistics can be seen in
Table 3.
4
5

http://peeter.eki.ee:5000/Valentsisonastik_Eesti%20Keele%20Instituut%202014.xlsx
https://www.snorkel.org/
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Table 3. Labelling functions statistical information of the Valence dataset.
LF name
valence_prediction
keywords_positive
keywords_negative
count_positive_negative

Polarity
[0, 1]
[1]
[0]
[2]

Coverage Overlaps Conflicts
68.51
68.51
50.16
79.67
78.00
66.72
69.44
69.20
62.13
26.54
18.75
18.75

Correct Incorrect
1215
473
562
1401
1073
638
274
380

Emp. Acc.
71.98
28.63
62.71
41.90

If there were only two classes, positive and negative, then the first labelling
function, valence_prediction would achieve an accuracy of 71.97% on its own on
the Valence dataset. As seen from the next two LFs, identifying positive keywords
is more difficult than negative ones because the empirical accuracy is lower. The
last LF is the only one detecting the neutral class.
The same LFs were applied to the training set of the Postimees dataset. A similar
table can be constructed for the Postimees dataset, but since it is unannotated, it
is impossible to have correctly and incorrectly classified labels’ counts and calculate
empirical accuracy. The Postimees dataset statistics can be seen in Table 4.
Table 4. Labelling functions statistical information of the Postimees dataset.
LF name
valence_prediction
keywords_positive
keywords_negative
count_positive_negative

Polarity
[0, 1]
[1]
[0]
[2]

Coverage Overlaps Conflicts
75.02
75.02
63.98
90.80
89.48
82.68
84.96
84.87
80.64
14.21
12.36
12.36

The first three LFs have larger coverage, overlaps and conflicts than the Valence
corpus. The only LF that detects neutral words has smaller coverage, overlaps,
and conflicts than the LFs of the Valence corpus.
4.2.2

Label Model Setup

The MeTaL (Ratner et al., 2018) label model will be used in this work to generate
weak labels for all of the texts because its average accuracy across many different
datasets proved to be the highest in the WRENCH study (Zhang et al., 2021).
MeTaL (Ratner et al., 2018) learns a reweighted model of LFs and uses the combined
signal to train a hierarchical multi-task network which is automatically compiled
from the structure of the sub-tasks.
A grid search was performed to find the best-performing hyperparameters using
the development set accuracy as the evaluation metric. The selected hyperparameters from the grid search can be seen in Table 5.
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Table 5. MeTaL label model hyperparameters. Parameters are from (Zhang et al.,
2021). Underlined values are the best-performing hyperparameters for the Valence
dataset. Bold parameters are the best values for the Combined dataset.
Hyperparameter
lr
weight_decay
num_epoch

Description
learning rate
weight decay
the number of training epochs

Range
1e-6,1e-5,1e-4,1e-3,1e-2,1e-1
1e-6,1e-5,1e-4,1e-3,1e-2,1e-1
5,10,50,100,200,300,500,1000

The random seed was fixed for the duration of the grid search. When converting
probabilistic labels to predictions, the random tie-breaking policy6 was used, using
a deterministic hash for reproducibility. When the model had to choose between
the two best choices with the exact weights, it was done randomly, but the choices
were consistent for every program run (not truly random).
4.2.3

End & Joint Model Setup

Two different end models and one joint model will be trained in this work. The
models are:
1. BERT (Devlin et al., 2019) – all layers of the pre-trained EstBERT (Tanvir et al.,
2021) are fine-tuned. The final prediction is the output of the fully-connected
classification layer added on top of the [CLS] token (see section 2.6).
2. Contrastive Self-Training for Fine-Tuning Pre-trained Language Model (COSINE)
(Yu et al., 2021) – contrastive regularisation and confidence-based reweighting
are used, gradually improving model fitting while effectively suppressing error
propagation (see section 2.7.2).
3. Weakly-Supervised End-To-End Learner Model (WeaSEL) (Cachay et al.,
2021) – directly learning the downstream model by maximising its agreement
with probabilistic labels generated by reparameterising prior probabilistic
posteriors with a neural network (see section 2.7.3).
Models were trained using the code provided with the WRENCH framework (Zhang et al., 2021). The hyperparameters used in the grid search mainly were
the same as outlined in the WRENCH paper (with some minor modifications) and
can be seen in Table 6. The WRENCH library is based on Python and PyTorch.
For all of the models, the common parameters are the following:
• AdamW optimiser;
6

https://snorkel.readthedocs.io/en/v0.9.3/packages/_autosummary/labeling/snorkel.
labeling.LabelModel.html#snorkel.labeling.LabelModel
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Table 6. Hyperparameters and search space (Zhang et al., 2021). Underlined values
are hyperparameters used for training the Valence dataset models, bold values for
training the Combined dataset models.
Model
Supervised BERT

Hyperparameter
batch_size
lr
dropout
weight_decay
Weakly-supervised BERT batch_size
lr
dropout
weight_decay
COSINE
batch_size
lr
weight_decay
T
ξ
λ
µ
γ
dropout
WeaSEL
batch_size
lr
weight_decay
hidden_size
temperature
dropout

Description
the input batch size
learning rate
the proportion of neurons to drop during training
weight decay
the input batch size
learning rate
the proportion of neurons to drop during training
weight decay
the input batch size
learning rate
weight decay
the period of updating model
the confident threshold
the weight for confidence regularisation
the weight for contrastive regularisation
the margin for contrastive regularisation
the proportion of neurons to drop during training
the input batch size
learning rate
weight decay
number of neurons in the fully-connected layer
the temperature parameter
the proportion of neurons to drop during training

Range
16,32
1e-6,5e-6,1e-5,3e-5,5e-5,1e-4
0.1,0.2,0.3,0.4,0.5
1e-4
16,32
1e-6,5e-6,1e-5,3e-5,5e-5,1e-4
0.1,0.2,0.3,0.4,0.5
1e-4
16
1e-6,5e-6,1e-5,3e-5,5e-5,7e-5,1e-4
1e-4
50,100,200
0.2,0.5,1.0
0.01,0.05
0.1,0.5,1
0.1,0.5
0.3,0.4,0.5
16
1e-6, 5e-6, 1e-5, 3e-5, 5e-5, 7e-5, 1e-4
1e-4
100,200,500
0.1, 0.3, 0.5, 1.0
0.3,0.4,0.5

• Linear learning rate scheduler;
• Models were trained for 10 000 training steps;
• WRENCH uses HuggingFace for pre-trained transformer models, EstBERT7 (Tanvir et al., 2021) was used as the implementation of BERT;
• All other hyperparameters were left as default.
All of the experiments were carried out at the University of Tartu HighPerformance Computing Center (University of Tartu, 2018). One Tesla V100
GPU was used to train all of the models.

7

https://huggingface.co/tartuNLP/EstBERT

33

5

Experiment Results

In this section, all of the results will be presented. The code can be accessed from
the author’s GitHub repository8 .
All of the different dataset splits will be evaluated using the gold labels set
by Pajupuu et al. (2016) in all of the experiments, including the training set.

5.1

Label Model

The performance metrics of the label model trained with the best hyperparameters
using the Valence dataset can be seen in Table 7.
Table 7. Label model performance metrics for the Valence dataset. Results are
shown in percentages, test accuracy in bold.

MeTaL
Train
Dev
Test

Accuracy
65.06
65.63
64.81

Weighted F1
65.18
64.89
64.67

Weighted Precision
65.61
64.75
64.85

Macro Recall
61.00
59.24
59.94

The label model was trained from scratch again for the Combined dataset. As
the Postimees dataset does not contain gold labels, it is impossible to calculate the
train set performance metrics. Evaluation results for the Combined dataset can
be seen in Table 8. The development and test sets are the same Valence dataset
development and test sets (as were shown in Table 7).
Table 8. Label model performance metrics percentages for the Combined dataset.
Results are shown in percentages, test accuracy in bold.

MeTaL
Dev
Test

Accuracy
63.92
64.81

Weighted F1
62.18
63.58

Weighted Precision
62.04
63.56

Macro Recall
55.98
57.42

The performance of both label models is surprisingly high, considering that
no machine learning approaches were used and that only four heuristic labelling
functions were used. The aim of the end models is to get even better performance
out of the weak labels.
8

https://github.com/andreaspung/ws-estonian-sentiment-analysis
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5.2

Valence Dataset

The Valence dataset has been classified using several supervised transformer-based
models in previous works (Tanvir et al., 2021; Kittask et al., 2020). For a better
comparison with the results of this thesis, the classification results by Tanvir et al.
(2021) are presented in Table 9. The models shown are trained on two sequence
lengths, 128 and 512, but in this thesis, the EstBERT (Tanvir et al., 2021) model
trained on a sequence length of 128 will be used.
The fully-supervised method (trained using XLM-RoBERTa representations)
achieved an accuracy of 76.07% on the test set. In this thesis, the train, development
and test sets are the same as those used by Tanvir et al. (2021), so it is acceptable
to compare these results.
Table 9. Fully supervised models’ Valence dataset test set accuracies (Tanvir et al.,
2021). The highest scores in each column are in bold.
Model
EstBERT
WikiBERT-et
mBERT
XLM-RoBERTa

Seq=128
74.36
68.09
70.23
74.50

Seq=512
74.50
69.37
69.52
76.07

This thesis seeks to evaluate the models without using any gold labels and
only weak labels. The weakly-supervised models’ evaluation results for the Valence
dataset can be seen in Table 10. The fully-supervised model had the best results
overall. The EstBERT model trained on the gold labels got a similar average test
accuracy of 74.44% when comparing the results to Tanvir et al. (2021). They
reported a test accuracy of 74.36%. The weakly-supervised BERT model got around
12% worse accuracy and weighted F1 scores when compared to the fully-supervised
model. The COSINE model achieved a little better accuracy and weighted F1
score than the weakly-supervised BERT, 64.22% and 63.42%, respectively. The
WeaSEL achieved even better accuracy than the COSINE model but had a much lower
weighted F1 score.

35

Table 10. Models’ performance metrics on the Valence dataset. Average percentages
over five runs are displayed; value in parenthesis shows standard deviation.
Model & Split
Supervised EstBERT-Train
EstBERT-Dev
EstBERT-Test
Weakly-supervised EstBERT-Train
EstBERT-Dev
EstBERT-Test
COSINE-Train
COSINE-Dev
COSINE-Test
WeaSEL-Train
WeaSEL-Dev
WeaSEL-Test

Accuracy Weighted F1 Weighted Precision
99.48 (1.14)
99.48(1.14)
99.48 (1.13)
78.64 (0.88)
78.16 (0.82)
78.24 (0.92)
74.44 (0.90)
73.82 (0.89)
73.90 (0.83)
64.38 (0.77)
64.80 (0.64)
65.95 (0.36)
66.25 (1.09)
65.67 (0.90)
66.05 (0.65)
62.88 (0.95)
62.73 (0.83)
63.71 (0.62)
66.27 (0.72)
66.21 (0.53)
66.70 (0.23)
66.36 (0.82)
65.28 (1.38)
65.24 (1.34)
64.22 (1.04)
63.42 (1.28)
63.45 (0.97)
64.94 (1.79)
59.07 (2.80)
59.04 (7.88)
67.22 (0.89)
60.06 (2.09)
58.03 (7.23)
65.27 (1.27)
58.86 (2.39)
60.34 (8.89)

Macro Recall
99.35 (1.42)
73.10 (1.08)
67.75 (1.41)
61.50 (0.35)
59.77 (0.57)
57.83 (0.66)
61.03 (0.80)
58.81 (1.34)
56.72 (1.56)
52.97 (2.86)
54.19 (2.57)
52.01 (2.73)

The train set performance is also displayed. The supervised model can get very
high train set accuracies, but neither of the weakly-supervised models can learn
beyond the label model’s performance. This is because the weak labels that were
found by the author are not the same as the gold training set labels provided by
Pajupuu et al. (2016).

5.3

Combined Dataset

The performance metrics of the models trained on the Combined dataset can be seen
in Table 11. The weakly-supervised BERT model managed to get, on average better
accuracy and weighted F1 scores when the model was trained on the Combined
dataset instead of the Valence dataset. The COSINE model achieved the best results
among all weakly-supervised models. On the test set, it achieved an accuracy of
67.15% and a weighted F1 score of 66.77%. Compared with the model trained on
the Valence dataset, it managed to get a little better results. The WeaSEL model’s
results were worse on average when trained on the Combined dataset.
Table 11. Performance metrics of the models trained on the Combined dataset.
Average percentages over five runs are displayed; value in parenthesis shows standard
deviation.
Model & Split
EstBERT-Dev
EstBERT-Test
COSINE-Dev
COSINE-Test
WeaSEL-Dev
WeaSEL-Test

Accuracy Weighted F1
65.63 (0.57)
63.72 (0.58)
65.73 (1.46)
64.39 (1.56)
67.05 (0.00)
66.31 (0.37)
67.15 (0.13)
66.77 (0.14)
66.65 (1.36)
58.70 (1.34)
64.42 (1.62)
57.26 (1.39)
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Weighted Precision
63.49 (0.58)
64.45 (1.61)
66.55 (0.61)
66.96 (0.43)
55.82 (6.17)
61.75 (10.09)

Macro Recall
56.51 (0.83)
57.66 (1.70)
59.34 (0.74)
60.65 (0.43)
52.83 (2.62)
50.35 (2.29)

Generally, the BERT and COSINE models were able to achieve better results on
the larger, Combined dataset. That shows that having a larger training dataset
had a good impact on these models’ performance.

5.4

Confusion Matrices Analysis

Confusion matrices were found for all of the seven models – the fully-supervised BERT,
weakly-supervised BERT, COSINE, WeaSEL models trained on the Valence dataset and
weakly-supervised BERT, COSINE, WeaSEL models trained on the Combined dataset.
The confusion matrices can be seen in Figure 6.

(a) The supervised BERT model trained on the
Valence dataset with gold labels.

Figure 6. Confusion matrices of models trained on the Valence dataset.
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(b) The BERT model trained on the
Valence dataset with weak labels.

(c) The BERT model trained on the
Combined dataset with weak labels.

(d) The COSINE model trained on the
Valence dataset with weak labels.

(e) The COSINE model trained on the
Combined dataset with weak labels.

(f) The WeaSEL model trained on the
Valence dataset with weak labels.

(g) The WeaSEL model trained on the
Combined dataset with weak labels.

Figure 6. Confusion matrices of models trained on the Valence dataset.
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The fully-supervised BERT model had the most mistakes when classifying neutral texts, which were positive. The negative class was detected the best when
considering the three classes. The BERT model trained on the Valence dataset had
the most difficulties classifying the neutral class. The same model but trained on
the Combined dataset could detect the neutral class 7% better. The model learned
some useful features having a larger training dataset. The COSINE model trained
on the Valence dataset also had the worst performance in detecting the neutral
class. Interestingly, when the model was trained on a larger dataset, the accuracy
of detecting the neutral class dropped 2%. On the other hand, the accuracy of
detecting the positive class was 10% higher. The WeaSEL model trained on the
Valence dataset had the most difficulties in detecting the positive class, having an
accuracy of 50%. The same model trained on the Combined dataset did not output
any neutral labels.

5.5

Aggregation of Results

An aggregated overview of all main results can be seen in Table 12. The label
model achieved an accuracy of around 10% higher than just predicting the negative
class, so using a label model for this task and dataset overperforms just predicting
the majority class and is definitely worth using. Among the models trained on the
Valence dataset, the WeaSEL model managed to get a better average result than the
label model. Among the models trained on the Combined dataset, only the WeaSEL
model had worse test accuracy than the label model. It is worth noting that during
the hyperparameter grid search of the COSINE model, there were a few runs where
the development accuracy exceeded 70%. The development accuracy of the COSINE
model was consistently higher on the development set than on the test set. This
might show that the model has started to overfit and lose its generalisation power.
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Table 12. Aggregation of the most important accuracies in percentages (averaged
over five runs). The top section shows accuracies for general cases. The middle
section shows accuracies for the models trained on the Valence dataset and lower
section for the models trained on the Combined dataset.
Model
Random Class
Majority Class (negative)
Supervised BERT (EstBERT)
Valence dataset
MeTaL label model
BERT (EstBERT)
COSINE
WeaSEL
Combined dataset
MeTaL label model
BERT (EstBERT)
COSINE
WeaSEL

Dev Accuracy
33.33
54.26
78.64

Test Accuracy
33.33
54.84
74.44

65.63
66.25
66.36
67.22

64.81
62.88
64.22
65.27

63.92
65.63
67.05
66.65

64.81
65.73
67.15
64.42

Considering that no gold labels were used for training weakly-supervised models,
and the best weakly-supervised model by average achieved a result of 7.29% less
than using solely gold labels for model training (supervised BERT), it is up to the
application’s developer to decide whether such performance loss is satisfactory or
not. Generally, weakly-supervised models tend to have worse performance than
fully-supervised models with a few exceptions, for example, using the Youtube
dataset for model training (Zhang et al., 2021).

5.6

Examples of Incorrectly Classified Texts

There were many texts where one or multiple models assigned an incorrect class.
This section will provide examples of six texts where at least one of the models’
predictions was incorrect. Classification results for the following texts can be seen
in Table 13.
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Table 13. Examples of classification results (0 is negative, 1 is positive, 2 is neutral;
V - trained on the Valence dataset, C - trained on the Combined dataset).
Text Number
1
2
3
4
5
6

Gold Label
1
1
0
0
2
2

Supervised-V
0
0
0
0
0
2

BERT-V
0
2
1
0
1
2

BERT-C
0
0
1
0
1
2

COSINE-V
0
0
1
2
2
0

COSINE-C
0
0
2
2
1
2

WeaSEL-V
1
0
1
2
1
0

WeaSEL-C
0
0
1
0
1
0

1. True label positive but prediction negative. Au poomüüjale, tema tegi mida
eesti politsei ei julge teha: üks kord ja korralikult probleemist lahti saada:
Respect to the shopkeeper, he/she did what the Estonian Police is afraid of
doing, getting rid of the problem once and for all.
2. True label positive but prediction neutral. Kolmapäevaks olid meeleavaldused
peaaegu vaibunud.: By Monday, the protests had almost subsided.
3. True label Negative but predicted Positive. Keda se huvitab? Nõme tegelane...:
Who cares? Silly person...
4. True label negative but prediction neutral. Tuli hävitas Kohilas elumaja.:
Fire burned down a residential house in Kohila.
5. True label neutral but prediction positive. Loe tähelepanelikult. Kui ta alustab
juttu maxima külastamisest ja jõuab välja simnna, et see aitab rahast raha
teha, on ta ise kuidagi selle tsunftiga seotud.: Read carefully. When he/she
starts talking about visiting Maxima and reaches the point that this will help
to make money out of money, he/she is somehow connected with this guild.
6. True label neutral but prediction negative. Täna pärastlõunal enne kella
16 olid teepinna temperatuurid Põhja-Eestis miinuskraadides, mujal Eestis
plusskraadides.: The road surface temperatures were negative today afternoon
before 16 o’clock in Northern Estonia and positive in Estonia elsewhere.
The following subsection will explain how human labelling was carried out.

5.7

Human Labelling

All texts from the Postimees test set were classified by all seven models. To
understand how the models perform on new unseen data, 100 texts were chosen
from the Postimees test set, where all seven classifiers made as different decisions
as possible. These texts were labelled by three human annotators, and after that,
the models’ performance metrics were calculated.
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For every text in the Postimees test set, the counts of each individual label
predictions were found. The texts were ordered in the following order of predicted
class counts – 2+2+3, 1+3+3, 1+2+4, 1+1+5. For example, a text that received
two positive, two negative, and three neutral labels had a higher priority than a
text with one neutral, three positive, and three negative labels. The ordering of
the labels was not taken into account, and all of the labels were treated as equally
important. Top-100 texts were selected according to the previous ordering.
Three human annotators were asked to label all of the 100 Postimees texts by
two different aspects. Firstly, it was asked to classify a text into one of the three
categories – positive, negative, and neutral. Even if the text seemed ambiguous,
the most dominating sentiment was asked to be labelled. Secondly, separately from
the previous label, it was asked to classify the text as ambiguous or not ambiguous
binarily. The annotators were asked to choose this option if they had difficulty
deciding between one or the other label. In addition to that, the annotators could
write a comment for each of the texts.
The labellers included the author of this thesis, his mother and his sister. They
were sent an Excel file and examples of the gold standard of annotation from the
original source (Pajupuu et al., 2016) and annotation instructions. The annotation
instructions and example of the labelling Excel file can be seen in Appendix I.

5.8

Human Labelling Statistics

In Table 14, it is possible to see the assigned labels’ counts by all three labellers.
The ordering of the labellers is random. The counts of labels differed quite a lot
among the labellers. For example, the counts of positive labels ranged from 5 to
26. In addition to that, the counts of ambiguous labels differed from 7 to 18 texts.
Table 14. Label counts of both aspects of all three labellers. The ordering of the
labellers is random but will be consistently the same in this section.
Label
Positive
Negative
Neutral
Ambiguous
Not Ambiguous

Labeller 1
5
37
58
18
82

Labeller 2
26
30
44
7
93

Labeller 3
18
40
42
12
88

It is also possible to calculate the Cohen’s Kappas (Cohen, 1960) between all of
the labeller pairs. The values can be seen in Table 15. Labeller 2 and labeller 3 had
the highest Cohen’s Kappa of 0.5527, indicating moderate agreement. The lowest
Cohen’s Kappa was between labeller 1 and labeller 2 – 0.2912, which indicates a fair
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agreement. No pairwise agreements were substantial or better. This indicates that
it is not a trivial dataset to annotate, and every labeller has their interpretation
and feeling of the text’s dominating sentiment.
Table 15. Cohen’s Kappas between the labels assigned by the three labellers.
Cohen’s Kappas
Labeller 1
Labeller 2
Labeller 3

Labeller 1
1
0.2912
0.4494

Labeller 2
0.2912
1
0.5527

Labeller 3
0.4494
0.5527
1

Cohen’s Kappas between all labeller pairs can be calculated for the ambiguous
flag. The values can be seen in Table 16. The Kappas are much lower and indicate
slight or fair agreement compared to the previous table results. It might be that
classifying texts into ambiguous or not ambiguous is even more open to different
interpretations by the labellers.
Table 16. Cohen’s Kappas between the ambiguous flags assigned by the three
labellers.
Cohen’s Kappas
Labeller 1
Labeller 2
Labeller 3

Labeller 1
1
0.2438
0.0654

Labeller 2
0.2438
1
0.2494

Labeller 3
0.0654
0.2494
1

An inter-annotator agreement score was calculated between the three labellers
using Fleiss’ Kappa score (Fleiss, 1971). It equalled 0.4327 with the ambiguous
texts included, which indicates a moderate agreement. The ambiguous texts were
removed, and the Fleiss’ Kappa score was computed again. The Fleiss’ Kappa
equalled 0.5548 without the ambiguous texts, indicating moderate agreement.
Based on the results of human labelling, ground truth labels could be found for
the subset of top-100 most challenging to classify texts from the Postimees test
set. Texts where all of the labellers had a different decision (one label of negative,
positive and neutral), were removed, resulting in 96 texts. The ground truth label
was set as a majority vote – if two labellers voted for one class and the third labeller
for another class, then the first class was set as the ground truth label.

5.9

Postimees Test Subset Performance Analysis

Texts from the Postimees test subset were evaluated using the ground truth labels
found using majority voting by three human labellers.
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The analysis can be done in two different ways. The first approach is to do
calculations using all 96 texts with previously defined ground truth labels, including
all of the texts where at least one labeller labelled the text as ambiguous in the
analysis. The other approach would be to remove all of the texts where at least
one labeller classified the text as ambiguous. In this approach, there would be 70
texts left.
5.9.1

Results with Ambiguous Texts

The analysis was performed with the ambiguous texts included. The same performance metrics were calculated as were for the Valence dataset. Results of the
Postimees dataset with the ambiguous texts included can be seen in Table 17.
The fully-supervised BERT model trained on the gold labels achieved the best
performance metrics, although the accuracy and weighted F1 scores did not reach
the Valence test set metrics. Understandably, the Valence test set did not include
any ambiguous texts, but in this analysis, they were included, which may explain
the lower performance.
The BERT model trained on the weak labels for the smaller Valence dataset had
better performance metrics (except weighted precision) than the model trained
using the larger, Combined dataset. This might hint that the regular BERT model
may not be able to learn the weak labels’ noise correctly, and with a larger dataset,
the performance decreases.
The COSINE model, on the other hand, works exactly as expected – the performance increases considerably. When comparing the trained models on the smaller
and larger datasets, the accuracy increases from 34.38% to 45.83% (33.3% increase)
and the weighted F1 score increases from 36.67% to 45.24% (23.4% increase).
The WeaSEL model, when trained on the larger dataset, managed to get better
performance metrics as well, but the performance is not up to par with the COSINE
model, except for macro recall.
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Table 17. Performance metrics of texts with human labelled ground truth annotations with ambiguous texts. Bold values indicate higher performance metric values
when comparing the same model trained on the Valence and Combined datasets.
Underlined value shows the best value across all seven models.
Model & Dataset
Supervised-Valence
EstBERT-Valence
EstBERT-Combined
COSINE-Valence
COSINE-Combined
Weasel-Valence
Weasel-Combined

Accuracy
58.33
35.42
30.21
34.38
45.83
28.12
32.29

Weighted F1
54.37
34.94
29.83
36.67
45.24
19.65
23.71

Weighted Precision
57.93
40.21
45.58
44.47
47.37
17.66
19.93

Macro Recall
51.03
32.47
31.05
31.14
40.98
41.91
42.52

(a) The supervised BERT model trained on the
Valence dataset with gold labels.

Figure 7. Confusion matrices of the trained models using the human ground truth
labels with the ambiguous texts included.
The confusion matrices taking the ambiguous texts into account of the seven
models can be seen in Figure 7.
The fully-supervised BERT trained on the Valence dataset had the most mistakes
when the true label was negative, and interestingly, more of the texts were classified
as positive and neutral for this case. No actually neutral texts were classified as
positive.
The BERT model trained on the Valence dataset had difficulties, especially in
classifying the neutral class. When comparing to the BERT model trained on the
Combined dataset, there were around twice as few misclassifications for the positive
class, which were classified as neutral.
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(b) The BERT model trained on the
Valence dataset with weak labels.

(c) The BERT model trained on the
Combined dataset with weak labels.

(d) The COSINE model trained on the
Valence dataset with weak labels.

(e) The COSINE model trained on the
Combined dataset with weak labels.

(f) The WeaSEL model trained on the
Valence dataset with weak labels.

(g) The WeaSEL model trained on the
Combined dataset with weak labels.

Figure 7. Confusion matrices of the trained models using the human ground truth
labels with the ambiguous texts included.
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The COSINE model trained on the Valence dataset misclassified the positive class
the most, only around 10% of the texts were classified correctly. The model trained
on the Combined dataset was still performing poorly for detecting the positive
class, but the classification accuracy was around 21%, more than twice as much.
The WeaSEL model did not predict the neutral class at all. When comparing
how the WeaSEL model improved on the larger dataset, it learned to predict the
negative class a little better.
5.9.2

Results without Ambiguous Texts

Similar analyses will be presented, but the ambiguous texts will now be removed.
There are a total of 70 texts. In some sense, removing ambiguous texts is more
relevant because the models were not trained on the ambiguous class and this
approach follows Pajupuu et al. (2016); Tanvir et al. (2021). The results can be
seen in Table 18.
The fully-supervised BERT model trained on the gold labels achieved the best
overall performance metrics. Compared to the previous analyses (see Table 17)
where ambiguous texts were included, this time, the performance metrics are better.
The accuracy increased from 58.33 to 64.29% (around a 10.2% increase) and the
weighted F1 score from 54.37 to 61.17% (an increase of 12.5%).
The performance metrics of the BERT model trained on the weak labels did not
change significantly in this analysis. The model trained on the smaller dataset still
performed better (except for weighted precision).
The results of the COSINE model changed significantly when the ambiguous
texts were removed. The model trained on the Combined dataset managed to
get accuracy and F1 score of 52.86% and 52.38%, respectively (48.0% and 31.9%
increase compared to the model trained on the Valence dataset). In addition to that,
when compared with the previous analyses, the model trained on the Combined
dataset had better performance metrics. Still, the COSINE models did not reach
the performance of the supervised model.
The WeaSEL model did not output neutral class. The model trained on the
larger dataset had better performance across all four performance metrics. Despite
not working as well as the other models, it can be seen that a larger weakly-labelled
training dataset yields models with better performance.
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Table 18. Performance metrics of texts with human labelled ground truth annotations with ambiguous texts removed. Bold values indicate higher performance
metric values when comparing the same model trained on the Valence and Combined datasets. Underlined value shows the best value across all seven models.
Model & Dataset
Supervised-Valence
EstBERT-Valence
EstBERT-Combined
COSINE-Valence
COSINE-Combined
Weasel-Valence
Weasel-Combined

Accuracy
64.29
35.71
27.14
35.71
52.86
22.86
28.57

Weighted F1
61.17
36.73
28.41
39.70
52.38
14.59
19.09

Weighted Precision
63.29
44.76
48.92
47.61
53.06
12.14
15.58

Macro Recall
50.01
34.38
28.52
26.78
43.46
39.37
45.71

(a) The supervised BERT model trained on the
Valence dataset with gold labels.

Figure 8. Confusion matrices of the trained models using the human ground truth
labels with the ambiguous texts removed.
The confusion matrices of the models with the ambiguous texts removed can
be seen in Figure 8.
The fully-supervised BERT trained on the Valence dataset had the most mistakes
when the true label was negative, but the predicted label was positive. No actually
neutral texts were classified as positive, and this might be due to the low number
of positive texts in the Postimees test set.
The BERT model trained on the Valence dataset had difficulties, especially in
classifying the neutral class once again. When comparing to the BERT model trained
on the Combined dataset, the most mistakes were made in classifying neutral
texts, which were assigned a positive label. This might tell that the model is much
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(b) The BERT model trained on the
Valence dataset with weak labels.

(c) The BERT model trained on the
Combined dataset with weak labels.

(d) The COSINE model trained on the
Valence dataset with weak labels.

(e) The COSINE model trained on the
Combined dataset with weak labels.

(f) The WeaSEL model trained on the
Valence dataset with weak labels.

(g) The WeaSEL model trained on the
Combined dataset with weak labels.

Figure 8. Confusion matrices of the trained models using the human ground truth
labels with the ambiguous texts removed.
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more inclined towards outputting positive labels than neutral labels and that the
labelling functions might be constructed poorly.
The COSINE model trained on the Valence dataset misclassified the positive
class the most, only around 10% of the texts were classified correctly, but the
positive class had the least amount of texts as well. The model had particular
difficulty classifying the neutral class, for which the positive label was given. The
model trained on the Combined dataset was still performing poorly for detecting
the positive class, but the classification accuracy was around 21%, more than twice
as much. In addition to that, the model did not output the negative and positive
classes that much when compared with the model trained on the Valence dataset,
when the actual true class was neutral.
The WeaSEL model did not predict the neutral class. When comparing how the
WeaSEL model improved on the larger dataset, it learned to predict the negative
class a little better and predicted the positive class with around the same accuracy.

5.10

Discussion & Future Work

In this section, some of the most important findings will be discussed.
Tradeoff between hand-labelling more texts and leveraging weak supervision. When comparing fully-supervised and weakly-supervised models, there is
a tradeoff between model performance and the work needed to either hand-label
texts or develop labelling functions. Hand-labelling takes a significant amount of
time, effort and is costly. Developing labelling functions takes less time, but many
times larger datasets could be automatically assigned weak labels. It might be
possible to try to answer the following questions:
• Does a model trained on a small annotated dataset outperform a weaklysupervised model trained on around 40× larger weakly-labelled dataset? – No
weakly-supervised models surpassed the fully-supervised BERT model trained
on the gold labels.
• Is it worth using such weakly-supervised models, or should people still annotate more texts with gold labels and use fully-supervised classifiers? – This
mostly depends heavily on the application and concrete texts that need to be
classified. It is challenging to give a concrete answer. Based on the findings
in this thesis, the best weakly-supervised approach for Estonian sentiment
analysis managed to get an average accuracy of 7.29% less (7.05% worse
weighted F1-score) than using solely gold labels for model training (supervised
BERT). Considering the labels set by majority voting, the best-performing
weakly-supervised model had an average classification accuracy of 11.43%
worse (8.79% worse weighted F1-score) than the fully-supervised BERT model.
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Creating good quality weak labels is one of the most critical engineering
tasks in weakly-supervised text classification. The weakly-supervised models did not surpass or come close to fully-supervised models in terms of performance.
One of the main reasons why the weakly-supervised models did not work as well as
possible may be the poor quality of labelling functions. Usually, labelling functions
in different works (Zhang et al., 2021) are very fine-grained, and there are many of
them (more than 10s, up to 100s), and they have high precision and high recall.
In this thesis, there were only four labelling functions used. The performance
metrics of the label models trained using labelling functions’ weak labels were
worse compared to other studies. The intention was to have very general labelling
functions that would not overfit the specific Valence dataset but instead generally
work for different Estonian sentiment analysis datasets. This way, the Postimees
dataset could be labelled on a fair basis.
Valence dataset is a complex dataset to train classifiers on in general.
The performance of classifiers trained using the Valence dataset is not very high. It
might be that the Valence dataset is more challenging to classify than some popular
English sentiment analysis datasets like the IMDB, which had the best accuracy of
88.86% using the MeTaL (Ratner et al., 2018) label model and COSINE (Yu et al.,
2021) model. Similarly, the Youtube dataset, which had the best accuracy of
98.00% using Majority Vote and COSINE (Yu et al., 2021) models, according to
the experiments by Zhang et al. (2021). Valence dataset texts are from daily
newspapers and internet comments. That is not as specific of a genre as movie
reviews or spam comments. In addition to that, the texts contain some quite
specific irony, which might not be very straightforward to learn. The Valence
dataset does not contain classical sentiment expressions like "I really love/hate
this" but more colloquial and not direct sentiment expressions. To classify some
texts, more general knowledge about history and politics may be needed.
Valence dataset’s gold labels might not be entirely correct as there are
various interpretations to assign labels for some of the texts. Some texts
could have been assigned different labels in the opinion of the author of this thesis.
As it was possible to see from section 5.6, where incorrectly labelled texts were
analysed, some labels could be considered to be incorrect, or some other label
would suit some texts much better.
Inter-annotator agreement of sentiment analysis labels. Human labelling
was carried out, and the inter-annotator agreement scores turned out to have
only moderate agreement. The labels are assigned pretty subjectively. It is very
challenging to set ground truth labels as every labeller has their cultural background,
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sense of history and politics and personal preferences, which all might influence their
decisions. As some texts might be labelled according to one subset of interpretations
and some other texts labelled according to another subset of possible interpretations,
it is complicated for the classifiers to learn which concrete aspect and interpretation
the sentiment analysis is based on.
Using the strongest form of available supervision. A general rule of thumb
that can also be seen from this thesis is to use the strongest form of available
supervision. If there is an annotated dataset, a fully-supervised model should be
trained. If there is a small annotated dataset and a larger unannotated dataset,
then semi-supervised approaches should be explored. Weak supervision could be a
great tradeoff if it is possible to create labelling functions for the classification task.
The labelling functions themselves should leverage as many supervision sources as
possible. Unsupervised approaches should be considered when there is no other
opportunity to use a stronger form of supervision.
The WeaSEL model did not detect the neutral class. The model detected
neutral class only when it was trained on the Valence dataset. One possible
explanation could be that the only labelling function that detected the neutral
class performed quite poorly. The WeaSEL model might be more sensitive to class
imbalance, or the found hyperparameters were still not optimal.
Future work. There are many different possibilities to expand this work further.
One possible way would be to gather a different and much larger dataset from
a different sentiment analysis genre, for example, movie or product review texts.
Similar models could be trained on the new dataset using enhanced labelling
functions. Such models could then be evaluated on the Valence dataset development
and test sets or other datasets. It would be interesting to see how the models’
performance would change if semi-supervised text classification were used. The small
annotated Valence dataset coupled with the much larger unannotated Postimees
dataset could lead to some state-of-the-art results for the Valence test set. In
addition to weak supervision, there are other possibilities for mitigating the problem
of hand-labelling more texts to get performance gain. Examples would include
translating English datasets to Estonian to train fully-supervised classifiers and
artificially generating more training data using back-translation. One of the most
critical expansions could be further developing labelling functions for Estonian
sentiment analysis. Finding better weak supervision sources might yield better
results.
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6

Conclusion

In this Master’s Thesis, weakly-supervised text classification models were applied to
different Estonian sentiment analysis datasets. The models included supervised and
weakly-supervised BERT (EstBERT); weakly-supervised COSINE, and WeaSEL models.
Labelling functions were used to create the weak labels using distant supervision
and heuristic rules with the MeTaL label model from the Snorkel framework. The
supervised BERT model (trained on gold labels) and weakly-supervised BERT, COSINE
and WeaSEL models were first trained and evaluated on a small, annotated Estonian
sentiment analysis dataset, the Valence dataset to compare the results to previous
studies and get a baseline understanding of the models’ performance. Around 40×
larger unannotated training dataset was created by joining the Valence train set
with the Postimees dataset’s training set, which was called the Combined dataset.
The models were trained again on the Combined dataset, and it was evaluated
whether there was a gain in performance. Finally, human labelling was carried out
to understand the performance of the models better.
The main model performance evaluation results are the following. On the
Valence dataset, the fully-supervised BERT model trained with gold labels outperformed all of the other models. The fully-supervised BERT model achieved a test
set classification accuracy of 74.44% (73.82% weighted F1-score) averaged over five
runs. The other models did not get a better test set classification accuracy than the
MeTaL label model, except the WeaSEL model. On the Combined dataset, all of the
models (except the WeaSEL model, which did not output the neutral class) were able
to get a better average test classification accuracy than the MeTaL label model. The
COSINE model had the best average test classification accuracy of 67.15% (66.77%
weighted F1-score). Compared to the COSINE model trained on the Valence dataset,
the accuracy was, on average, 2.93% (3.35% higher weighted F1-score) higher, so a
larger training dataset did help the model get better performance on the Valence
test set.
A thorough analysis was performed using the ground truth labels set by human
labellers with a majority vote. For the Postimees test subset, the weakly-supervised
COSINE and WeaSEL models had better performance when they were trained on
the Combined dataset. However, they did not exceed the accuracy of the fullysupervised BERT model. In the setting where the ambiguous texts were removed, the
best-performing model, COSINE trained on the Combined dataset, had an average
classification accuracy of 11.43% (8.79% worse weighted F1-score) worse than the
best-performing, fully-supervised BERT model.
The aim of this Master’s Thesis was to assess the applicability of weaklysupervised methods in Estonian sentiment analysis as an alternative to annotating
more data. The fully-supervised models still outperformed the weakly-supervised
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models. Nevertheless, there was a significant difference – no labelled training
data was needed to train a weakly-supervised model. The lower performance of
weakly-supervised models might be caused by the low quality of labelling functions –
developing them further might lead to better results. If the performance of the
model is a top priority, then fully-supervised models still might be a better choice,
and thus texts should be hand-labelled. There is a tradeoff between the model
performance and the time needed to hand-label the texts or develop labelling
functions. Every text classification task and dataset should be critically evaluated,
which approach would be the most sensible. There is a perspective on two activities
in future work - hand-labelling additional texts for Estonian sentiment analysis or
developing better labelling functions for the Estonian language.
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Appendix
I. Labelling Instructions and File Example
The annotators were sent an email with an attached Microsoft Excel XSLX file.
They were given the following instructions (in Estonian only) and the following file.

Labelling Instructions
Palun märgendage XSLX-failis toodud tekstid esimeses tühjas veerus
(assigned label) kolme klassi: positiivne, negatiivne või neutraalne.
Valige Teie hinnangul kõige domineerivam teksti meelsus. Juhul, kui
kõhklete kahe klassi vahel ja kindel domineeriv meelsus puudub, valige
Teie arvates tugevam meelsus ning järgmisesse veergu (is ambiguous)
kirjutage "jah". Samuti võite viimasesse veergu (comment) kirjutada,
miks niimoodi otsustasite või mis tekitab kõhklust. Samuti on XSLXfailis toodud näited, kuidas on faili korrektne täita.
Näited:
Näide positiivse meelsusega tekstist: "Koht, mis varem ei olnud püha,
võib selleks saada. Kui istutame tammikud, muudame need kohad
pühaks. Hoolitseme ka selle eest, et tammikutes kasvaks kaunis kask ja
püha pihlakas, et kaugete esivanemate vaimud end seal hästi tunneksid."
Negatiivse meelsusega tekst: "Tabati ka üks kriminaalses joobes sõidukijuht. See juhtus pühapäeva öösel kella 4 ajal, kui Viljandis Lääne tänaval
peeti kinni sõiduauto BMW, mille roolis oli 21-aastane noormees. Tema
suhtes alustati kriminaalmenetlus"
Neutraalse meelsusega tekst: "Peaaegu samasugune nägi pööning välja
märtsis, kui kunstnik oli sinna üles seadnud “Asjade” esimese osa.
Vahepealse kuue kuu jooksul on katusealune ja seda külastanud vaatajad
osa saanud suurtest muudatustest."
Vastuolulise meelsusega tekst: "Uuringust tuli välja, et ligi pooled
inimesed ei kavatse enam Eestisse tagasi tulla, kuid paljud vastajad
tunnistasid, et kui Eestis oleks neil rohkem väljakutseid ja huvitav töö,
siis kaaluksid nad tagasitulemist."
Annoteerimine võtab aega umbes 45 minutit.
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Please label the texts in the XSLX file in the first empty column
(assigned label) into one of the three classes – positive, negative, or
neutral. Pick the sentiment that is, in your opinion, the most dominating.
If you are uncertain about choosing one or the other class and there
is no dominating sentiment, pick the sentiment that, in your opinion,
is stronger and in the next column (is ambiguous), write "jah". In
addition, you may write in the last column (comment) why you made
such a decision or what is causing uncertainty. There are also examples
in the XSLX file of how the file should be filled in. Examples: Example
of a text with a positive sentiment: "A place that previously was not
holy can become like that. We can make it holy ourselves by planting an
oak forest. Moreover, let us take care that the oak forest also features
the beautiful birch and the protective rowan, just to make the distant
ancestral spirits feel good."
Text with the negative sentiment: "Also, a criminally intoxicated driver
was apprehended. It happened at 4 o’clock Sunday morning that a
BMW driven by a 21-year old was stopped on Lääne St. in Viljandi.
Criminal charges were filed."
Text with a neutral sentiment: "The attic looked almost the same in
March, just after the artist had set up the first part of the "Things".
During the six months passed, the attic and its visitors were exposed
to some considerable changes."
Text with an ambiguous sentiment: "It was found out from the study
that around half of the people do not anticipate returning to Estonia,
but many participants admitted that if there were more challenges and
an interesting job, they would consider returning."
Annotating takes approximately 45 minutes.
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File Example
An example of the Excel XSLX file sent to human labellers can be seen in Figure 9.
Rows 2–5 show examples, and starting from row 6, labellers are asked to label 100
texts.

Figure 9. An example of the Excel file sent to human labellers.
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