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Abstract

This work aims to create a diverse dataset
for the evaluation of social network text

clustering and explores di erent combi-

nations of text embedding methods, di-
mensionality reduction techniques, and

clustering methods. We choose a wide
range of the most appropriate evaluation

metrics, build an evaluation pipeline, and

test the most interesting models.
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Abstrakt

Cilem této prace je vytvo°it rozmanitou
datovou sadu pro hodnoceni shlukovani
text- ze socialnich siti a vyzkouzet r-zné
kombinace metod vno°eni textu, technik
redukce dimenzionality a metod shluko-
vani. Whbirame 2irokou 2kalu nejvhod-
n¥j2ich metrik pro hodnoceni, vytva®ime
vhodné potrubi a testujeme nejzajimav¥j?i
modely.

Klifova slova: nlp, vho°eni textu,
redukce dimenzionality, shlukovani,
socialni sit¥
P°eklad nazvu: Shlukovani text- ze
socialnich siti
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Chapter 1

Introduction

Document clustering is a key task in machine learning. Clustering can be
used to extract topics from a group of documents and characterize the corpus
as a whole. Clustering is used in document group summarization, information
retrieval, noise document detection ( Itering), content recommendation, news
aggregation, and many other applications.

Short text clustering (STC) is a separate topic. It is used within social
applications for sentiment analysis, spam detection, recommendations, and
so on. In the era of social media, short text data is very abundant and it
has its own speci c features (Stieglitz et al. (2018)). It is the sparsity of
representation, the maximum concentration of information in short text which
is di cult to extract, and a large number of errors and misspellings per word.

In this work, we will create a dataset, select metrics, and evaluate which
models do the best job of dealing with the challenges of short text clustering.
The paper (Ahmed et al. (2023)) can serve as a very good starting point.
It describes and provides an overview of the main models from TF-IDF to
transformers, from LDA to DBSCAN, and in general how an end-to-end
pipeline should be constructed.

The work has associated code with repositor.

= |n generate_dataset.ipynb  we are dealing with the problem of quali-
tative dataset generation and noise tweet detection.

m clustering.ipynb  contains the main pipeline from text tokenization
and pre-processing up to clusterization, basic evaluation, and saving of
results.

= Within analysis.ipynb you can nd evaluation table analysis and basic
visualization.

= evaluation.py contains evaluation metrics, a class for storing evaluation
table, embeddings, and clustering of every model.

= And nally data folder has all source datasets and the nal one.

Lhttps://github.com/anabolicobsession/tweet-clustering
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Chapter 2
Text Embeddings

Computers are not good at working directly with symbols compared to
humans. To use all the computing capabilities, you need to be able to
represent words, sentences, and entire texts (depending on the task) in
numerical form. Depending on the method of mapping, there may be many
additional bene ts of numerical representation. Word embeddings can often
extract semantic relationships. The word embedding space, despite its limited
dimension, is capable of representing a potentially unimaginable amount
of textual data. In this chapter, we will go through the basic methods of
representing text in computer memory.

B 21 TFIDF

TF-IDF  (short for term frequency-inverse document frequency )isa
measure that assigns importance to each word in a collection of documents
based on statistics. In the context of text embeddings, it has some similarities
to simple word counting, but it penalizes words that appear too often in the
corpus. It assigns less weight to them. Since a word that appears in most
documents does little to characterize one particular document.

TF-IDF, as the name implies, is calculated based on two terms:

= TF : represents the frequency of a ternt within a particular document d.

number of occurrences ot in d

TF(t;d) =
(t.d) number of terms in d

= IDF : inverse document frequency, or how often the ternt is present in
documents.
number of documentsd that contain term t

IDF (t) =lo
(®) 9 number of documents

Using this technique it is possible not only to estimate how important a
term is in a document but also to represent an entire document as a vector.
We will use scikit-learn® TF-IDF implementation that di ers slightly from
the original, such as adding one to the inverse document frequency to "smooth

Ipython module for machine learning.



2. Text Embeddings

out" the weights. This is the same if each term was in at least one document
by default. This helps to avoid division by zero. There are also some
other modi cations; all words with a maximum frequency greater than 0.5
are excluded from the dictionary because they do little to distinguish one
particular document from the rest. The speci ¢ implementation is contained
within clustering.ipynb jupyter notebook.

l 2.2 Word2Vec

Word2Vec is an in uential word embedding technique introduced by a team
of researchers led by Tomas Mikolov at 2013 (Mikolov et al. (2013a) and
(Mikolov et al. (2013b)). Word2Vec aims to capture semantic relationships
between words. Basically, Word2Vec is a shallow, two-layer neural network
that is trying to learn word representations that maximize the prediction of
other context words on a large corpus of text.

We have short documents, so it is a good idea to focus on the skip-gram
architecture. In the skip-gram architecture, the model predicts the context
words (surrounding words) given the target word (center word). The input
is a single target word, and the output is a probability distribution over the
context words. The objective is:

Pr(wj :j 2 N +ijw;)
i2C

where C is a corpus (tokens) andN represents sliding window. In other
words, we are trying to maximize the probability of the whole corpus. It
is not computationally e cient to evaluate the objective through the whole
process, so the hierarchical softmax and/or negative sampling.

The sentence (tweets) embeddings can be obtained by simple average word
embeddings of the whole tweet. One can use TF-IDF weights for better
averaging, but the former is a more general choice, so we will use it.

Word2Vec has signi cantly in uenced the eld of NLP and has paved the
way for more advanced models, such as GloVe (Pennington et al. (2014)), Fast-
Text (Bojanowski et al. (2017)), and contextualized embeddings like ELMo
and BERT. It remains a foundational technique for capturing distributed
representations of words. We include it as the baseline model.

B 23 DistiRoBERTa

DistiiRoBERTa  (short for Distilled RoBERTa , Sanh et al. (2020)) is
a compressed and lighter version of the RoBERTa (Robustly optimized
BERT approach, Liu et al. (2019)) model. RoBERTa is itself a version of
BERT (Bidirectional Encoder Representations from Transformers), which
has been pre-trained on a huge corpus and has demonstrated state-of-the-art
performance on various tasks. So we need to start the explanation from the
beginning.



2.3. DistilRoBERTa

Figure 2.1: Transformer model architecture (Vaswani et al. (2017)).

The objective of transformers is to produce language models that can create
numerical representations from text using pretraining, where each token could
only rely on context information from previous tokens, and then ne-tuned
for some downstream tasks like text classi cation, text summarization and so
on.

The architecture of the base BERT follows follows:

= 12 transformer blocks.
= 12 self-attention heads within each attention layer for base

= Embeddings of hidden size of 768 for base.

Benet of BERT over more traditional approaches is that it learns to
compute text representations in context. This means that the representations
computed for a word in a specic sentence would be dierent from the
representations for the same word in a di erent sentence. This context
also comprises stopwords, which can very much change the meaning of a
sentence. The same goes for punctuation: a question mark can certainly
change the overall meaning of a sentence. Therefore, removing stopwords
and punctuation would just imply removing context which BERT could have
used to get better results.

Now, RoBERTa is actually based on BERT, with a few changes:

= Training the model longer, with bigger batches, over more data.

= Removing the next sentence prediction objective.
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2. Text Embeddings

Figure 2.2: A unied view of MLM and PLM, where x; and p; represent token
and position embeddings (Song et al. (2020)).

= Training on longer sequences.

= Dynamically changing the masking pattern applied to the training data.

DistilROBERTa, as the name implies, follows the same training procedure as
DistiiBERT. The model has 6 layers, 768 dimensions, and 12 heads, totalizing
82M parameters (compared to 125M parameters for ROBERTa-base). On
average DistiiROBERTa is twice as fast as ROBERTa-base.

B 24 wMPNet

MPNet (Song et al. (2020)) is an attempt to combine the best achievements
of BERT and XLNet (Yang et al. (2019)) and at the same time avoid their
limitations. MPNet leverages the dependency among predicted tokens through
permuted language modeling (vs. MLM in BERT), and takes auxiliary
position information as input to make the model see a full sentence and thus
reducing the position discrepancy (vs. PLM in XLNet) (the gure 2.2).

MPNet leverages the dependency among the predicted tokens through
permuted language modeling and makes the model to see auxiliary position
information to reduce the discrepancy between pre-training and ne-tuning.
Experiments on various tasks demonstrate that MPNet outperforms MLM
and PLM, as well as previous strong pre-trained models such as BERT,
XLNet, RoBERTa by a large margin.

The training objective of MPNet is:

X
Ez2z, logP (Xz)jXz4 ;M2 >C ;)
t=c+l

So the main di erence is that MPNet is conditioned on x,, (the tokens
beforex,, rather than only the non-predicted tokens x, . in MLM). MLM
can see the position information of the full sentence, but cannot model the
dependency among the predicted tokens, which cannot learn the complicated
semantic relationships well; 2) PLM can model the dependency among the
predicted tokens with autoregressive prediction, but it cannot see the position
information of the full sentence, which will cause mismatches between the
pretraining and ne-tuning since the position information of the full sentence
can be seen in the downstream tasks. In the end, MPNet carries more
information.



2.5. Universal Sentence Encoder

Figure 2.3: Structure and attention mask of MPNet (Song et al. (2020)).

l 2.5 Universal Sentence Encoder

Figure 2.4: Sentence similarity scores using embeddings from the universal
sentence encoder (Cer et al. (2018))).

The main concept of USE (Cer et al. (2018)) is to be able to summarize any
sentence into a vector of 512 dimensions. This shared embedding is employed
for various tasks, and based on the errors encountered during these tasks,
the sentence embedding is updated. Since the same embedding is utilized
across multiple generic tasks, it selectively captures the most informative
features while discarding noise. The intuition is that this results in a universal
embedding transferable to a diverse range of NLP tasks, including relatedness,
clustering, paraphrase detection, and text classi cation.

In a simpli ed version, the encoder is constructed based on the architecture
proposed by lyyer et al. (2015). Initially, the embeddings for words and
bi-grams present in a sentence are averaged together. Subsequently, they
pass through a 4-layer feed-forward deep neural network (DNN), yielding
a 512-dimensional sentence embedding as the output. The embeddings for
words and bi-grams are learned during the training process.

The speed of the USE is an order of magnitude faster than some modern
transformers, even at the expense of lower accuracy. Its main advantage, is
ease and speed of use.






Chapter 3

Dimensionality Reduction

Dimensionality reduction is a technique that reduces the dimensionality of
data while preserving maximum information and mutual relationships. There
are many reasons to include this technique in your pipeline:

= Computational e ciency . high-dimensional word embeddings can
be computationally expensive and memory-intensive, especially when
working with large datasets. Dimensionality reduction helps make compu-
tation more e cient by speeding up the training and inference processes.

= Curse of dimensionality : the curse of dimensionality (Képpen (2000))
refers to the challenges and issues that arise when working with high-
dimensional data: sparsity of data, computational instability, all distances
approximating the same value and so on.

= Memory usage : storing and processing high-dimensional vectors re-
quires more memory. By reducing the dimensionality of word embeddings,
memory requirements are reduced, making it more feasible to work with
large vocabularies and models.

= Noise reduction : high-dimensional word embeddings may capture
noise or irrelevant information, especially when trained on large and
diverse datasets. Dimensionality reduction can help in removing less
informative dimensions and emphasizing the most relevant features.

. 3.1 Truncated SVD

Truncated singular value decomposition (truncated SVD) is a dimensionality
reduction technique that is particularly useful for sparse or large matrices.
SVD decomposes a matrix into three other matrices, and truncated SVD is
a variant of this decomposition that retains only a speci ed number of the
most signi cant singular values and their corresponding vectors. In other
words, SVD decomposition allows us to nd the hidden axes along which the
variance is maximized. It is very similar to PCA, except that truncated SVD
does not center data, and decomposition is not done on the covariance matrix.
SVD decomposition is such a decomposition of matrixX 2 R™ " that:
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