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Abstract

Contextualized pre-trained embeddings have improved many domains of natural lan-

guage processing. These embeddings can also be used as input representations for

topic models and have increased coherence of both traditional bag-of-words based

topic models and neural topic models. Multilingual versions of these embedding

models have cleared the way for cross-lingual transfer of topic models using zero-shot

learning. Thus, a trained topic model can be applied to texts of another language

in order to predict the weights the learned topics have in each document.

Central focus is put on a neural topic model - CTM - that replaces two key com-

ponents of LDA. (1) Documents are represented using contextualized sentence em-

beddings instead of bag-of-words representation, and (2) LDA’s inference process

is replaced by a black box inference method based on an adaption of autoencoding

variational Bayes.

CTM will be compared in a cross-lingual evaluation task to LOTClass, weakly-

supervised approach that fine-tunes a contextualized language model for category

understanding, which has reached very promising accuracies in document classi-

fication tasks on various datasets. LOTClass is adapted to make it suitable for

cross-lingual topic modeling. Furthermore, we will evaluate the effect certain pa-

rameters such as training epochs, the amount of supervision input, or embedding

models have on the model’s training dynamics, and investigate what the reasons are

behind diverging predictions of document-topic distributions.



Zusammenfassung

Kontextualisierte, vortrainierte Embedding Modelle haben viele Bereiche der natür-

lichen Sprachverarbeitung verbessert. Diese Embeddings können auch als Repräsen-

tation der Textdaten für Topic Models verwendet werden und haben wesentlich zur

Steigerung der Kohärenz von Topic Models beigetragen. Mehrsprachige Versio-

nen dieser kontextualisierten, vortrainierten Embeddings haben den Weg für den

sprachübergreifenden Transfer von Topic Models durch Zero-Shot-Lernen geebnet.

So kann ein trainiertes Topic Model auf Texte einer anderen Sprache angewendet

werden, um die Gewichtung der gelernten Themen in einem Dokument einer an-

deren Sprache vorherzusagen, unabhängig davon auf welcher Sprache es ursprünglich

trainiert wurde.

Der Schwerpunkt dieser Arbeit liegt auf einem neuronalen Topic Model - CTM -, das

zwei Schlüsselkomponenten von LDA ersetzt. (1) Dokumente werden durch kontex-

tualisierte Satz-Embedddings anstelle einer Bag-of-Words-Darstellung repräsentiert,

und (2) der Inferenzprozess von LDA wird durch eine Black-Box-Inferenzmethode

ersetzt, die auf einer Adaption von auto-encoding variational Bayes basiert.

Das CTM Modell wird in einer sprachübergreifenden Evaluierungsaufgabe mittels

Testdokumenten in fünf Sprachen mit LOTClass verglichen, einem anderen Ansatz,

der ein vortrainiertes kontextualisiertes Sprachmodell für das Kategorienverständnis

anpasst. Dieses schwach überwachte Modell, erhält vor dem Start der Berechnung

die Namen der Kategorien. Es erreichte sehr vielversprechende Genauigkeiten in

Dokumentenklassifizierungsaufgaben auf verschiedenen Datensätzen. Wir werden

das Modell so anpassen, dass es für die sprachübergreifende Themenmodellierung

geeignet ist, und die mehrsprachigen Evaluierungsergebnisse mit CTM vergleichen.

Darüber hinaus werden wir die Auswirkungen bestimmter Parameter wie Train-

ingsepochen, die gegebene Anzahl Wörter pro Kategorie oder die Verwendung ver-

schiedener vortrainierter Embedding Modelle auf die Trainingsdynamik des Mod-

ells evaluieren und untersuchen, was die Gründe für divergierende Vorhersagen von

Dokument-Themen-Verteilungen sind.
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1 Introduction

1.1 Motivation

During my undergraduate studies I was confronted and fascinated by topic models

and their ability to find the underlying topic gist of large document collections. The

details behind the probabilistic topic models were often only touched upon briefly,

as the focus was set on applications, such as topic models as part of recommenda-

tion systems, or as tools to automatically visualize, organize, and summarize large

collections of documents.

Last semester I had the opportunity in a module to do a final project on the task

of topic modeling where I had to restrict the thematic focus to LDA1 topic models.

Shortly after starting that project, it was clear that I needed to expand it into a

thesis in order to focus on more recent approaches and applications.

1.2 Main Objective

This thesis will evaluate two exemplary approaches to topic modeling that rely on

contextualized embeddings to represent the collection of documents and the tokens

they contain. These embeddings have improved coherency of both traditional bag-

of-words topic models and neural topic models[Bianchi et al., 2021a]. We will use

multilingual contextualized pre-trained embeddings as document representation. As

they are not language specific, but rather language independent or transcendent, the

numerical encoding of a text in one language will be very similar to the encoding

of a parallel text in another language. This attribute of multilingual contextualized

embeddings allows the application of a trained topic model to another language. We

will evaluate two topic models in a cross-lingual setting, and investigate their training

dynamics, and the effects different embedding models have during evaluation. We

will be following an evaluation approach based on Bianchi et al. [2021b].

Our focus lies on two approaches: (1) CTM a neural topic model which applies

1Latent Dirichlet Allocation (LDA)
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Chapter 1. Introduction

Variational Autoencoders to the topic modeling task and (2), LOTClass, a weakly-

supervised approach to document classification, that fine-tunes a BERT model for

category understanding. We are not aware of approach (2) being ever evaluated in

a cross-lingual setting.

1.3 Structure

This thesis can be broadly divided into two parts. The first part contains back-

ground explanations regarding the key principles CTM and LOTClass rely on. In

a second part we explain Bianchi et al.’s approach to automatic evaluation of topic

models in a cross-lingual setting, conduct our own evaluations and derive a compar-

ison between the two different methods.

At the beginning of this thesis we will present the techniques used to convert lan-

guage into a numerical representation, incorporating both the context and the se-

mantics of language. These mappings are not static, but words can be encoded dif-

ferently based on their context which is used to derive their meaning. This proved

to be valuable in the resolution of some ambiguities. We will especially focus on

multilingual models, since they allow us to apply zero-shot learning. In this setting,

the topic model - after being trained on a monolingual dataset - is applied on a

language never seen before.

In Chapter 3 we will quickly explain generative probabilistic topic models and their

most prominent model LDA. Then we will present neural approaches to topic mod-

eling. An explanation of the datasets, where we are going to apply the topic models

on follows. We will focus on the different attributes of the various datasets and their

suitability for the task of topic modeling and document classification. Then, we will

evaluate how successful the transfer to another language was by applying the model

on parallel test sets in five languages. Evaluation is always done in a manner of

comparison between the English test set and the test set in another language, e.g.,

Portuguese. We will evaluate to what degree the top-predictions of each document

pair match. Furthermore, we will also account for partial matches, by calculat-

ing the average divergence between the document-topic distributions of two parallel

test sets. These multilingual evaluation metrics are calculated for both models. We

will evaluate the effect of varying model parameters such as the number of training

epochs, the amount of supervision input, or the choice of embedding model have on

the model’s training dynamics and on the results of the multilingual evaluation met-

rics. Further, we will investigate what the reasons are behind diverging predictions

of document-topic distributions.

2



2 Text Representation Techniques

2.1 Language Representation

The content of textual documents needs to be mapped to numerical representations

in order to be processed further. The most basic text modeling technique, Bag-

of-Words (BoW), and a state-of-the-art method, pre-trained contextualized word

embeddings will be presented.

2.1.1 BoW Document Representation

Text features can be represented by counting the occurrence of known words within

a document. These known words belong to the vocabulary that needs to be pre-

defined. Information about word order or place of occurrence is not being considered,

which can be a disadvantage for certain applications. Using the BoW feature ex-

traction method, we can represent a document through a vector that has the same

dimensions as there are tokens in the vocabulary. Each dimension corresponds to

a word in the vocabulary and the value holds the corresponding word count. This

approach is used in most LDA topic models as document representation technique

[Blei et al., 2003].

2.2 Pre-trained Neural Language Representations

In the following sections, we will mainly focus on discussing BERT and the train-

ing processes involved to derive the pre-trained models that we will use later to

generate document embeddings. Additionally, we will provide a brief overview of

related BERT based models that improve aspects of the BERT-base version and al-

low to derive embeddings more suited for certain applications. These models include

Sentence-BERT, multilingual-BERT, RoBERTa and DistilBERT.

3



Chapter 2. Text Representation Techniques

2.2.1 BERT

BERT is an abbreviation for Bidirectional Encoder Representations from Trans-

formers. The Transformer architecture is used in various NLP applications, such as

machine translation or language modeling. In contrast to language models based on

other architectures, where text sequences could only be read sequentially from left

to right or vice-versa, bidirectional training using self-attention allows reading the

entire sequence at once in a non-directional way. In essence this architecture allows

a deeper sense of the language context and results in more fluent language repre-

sentations. Also it is parallelizable which leads to reduced training time [Vaswani

et al., 2017; Devlin et al., 2019; Raaijmakers, 2019].

The attention mechanism allows the learning of contextual relations between tokens,

enabling the model to focus specifically on other, possibly connected words while

encoding a certain token. Attention allows these clues to be considered and can help

to lead to a better encoding. E.g., in a sentence containing a coreference, attention

allows us to consider the entity, while encoding the pronoun, that way, the encoding

of the pronoun can contain references to the referred object.

BERT models can be utilized to represent the meaning of tokens through contex-

tualized embeddings. A BERT model can be used to encode tokens into a dense,

contextualized numerical representation. These embeddings can then be employed

on various downstream tasks. Tokenization of input documents is performed be-

fore learning a character-based Byte-Pair-Encoding (BPE) to guarantee a heuristic

tokenization for all input documents. Byte-pair encoded vocabulary consists of a

mixture between characters and word level representations which are obtained by

statistically analyzing the corpus. This allows for segmentation of rare words into

smaller meaning-bearing units. A vocabulary size of 30’000 subword units is chosen

and the vocabulary is learned after the input has been preprocessed. A numerical

ID is assigned to each of these tokens in order to transform text into a numerical

input format suited for neural networks. Additionally, to incorporate word order,

a positional encoding is added to a token’s embedding to consider the order of the

sequence. Otherwise positional information of the input tokens could not be con-

sidered [Sennrich et al., 2016; Wu et al., 2016; Devlin et al., 2019].

A BERT-base model such as bert-base-uncased generally consist of 12 encoding lay-

ers, that each have a hidden size of 768 neurons. 12 attention heads per layer allow

to consider 12 distinct aspects of other tokens during encoding. This model thus

contains 110 million trainable parameters. The same architecture can be used for

4



Chapter 2. Text Representation Techniques

various NLP tasks, some require adding another layer e.g., for classification. In

comparison a BERT-large model consists of 24 hidden layers with hidden size of

1024, which results in three times more trainable parameters than the base version

[Devlin et al., 2019].

2.2.1.1 Training Process

When training a language model, it is difficult to define the prediction goal. Of-

ten the task of next word prediction is used, which is a directional approach, and

thus not optimal for BERT, instead two non-sequential training strategies are used:

masked language modeling (MLM) and next sentence prediction (NSP), which we

will explain in the next few sections. The model is trained on both tasks simulta-

neously; the loss of both tasks is combined and must be minimized during training

on a very large corpus.

MLM Before applying the model to a text, a percentage of tokens is erased from

the original text and replaced by a special [MASK] token. The task of the model

during MLM is then, to predict the word that was replaced by the mask token,

by using the context of both sides as guidance. This prediction can be derived by

passing the encoder output through a classification layer. The output vectors must

then be transformed to match the vocabulary dimension. This can be achieved by

multiplying the output of the classification layer with the embedding matrix. In

order to derive the probabilities of occurrence for each word in the vocabulary (at

the position of the mask token), the softmax activation function is applied on each

output node’s value [Raaijmakers, 2019].

In practice, not all tokens that are masked are indeed replaced by [MASK]. 15% of all

tokens occurring in the training corpus are masked out, of those masked words, 80%

are replaced with the [MASK] token, the remaining 20% are either replaced with a

random different token, but not the one that was masked out, or left unchanged.

This split was determined on a trial-and-error basis and is done to ensure the model

learns more about the entire input and does not only consider the current input

token [Devlin et al., 2019].

NSP Sometimes next sentence prediction (NSP) is also referred to as sentence sim-

ilarity prediction. This constitutes the second objective during training of a BERT

model. The task here is to predict whether two sentences are a subsequent pair.

Therefore, the model needs to be able to distinguish the two sentences, i.e., sentence

start, and end need to be marked. For that reason, [CLS] and [SEP] tokens are

5



Chapter 2. Text Representation Techniques

inserted into the sentence pair such that the input is of the following form:

[CLS] Sentence 1 [SEP] Sentence 2 [SEP].

[MASK] tokens could be present in the sentences, since the two training strategies

are being carried out simultaneously. For the purpose of simplicity, they were omit-

ted here.

For each token, additional embeddings are added that depend on a token’s position

and sentence affiliation (only two possibilities: first sentence or second sentence).

The sequence, including special tokens, is passed through the transformer model, the

output corresponding to the [CLS] input token is transformed using a classification

layer with softmax activation function to obtain the prediction of the two sentences

being neighbors [Raaijmakers, 2019]. Before using the encoded [CLS] token rep-

resentation, the model should be fine-tuned on domain specific data or task, only

then, this token becomes meaningful as a sentence vector for sequence classification.

A pre-trained BERT model can be fine-tuned to many NLP tasks, such as question

answering, sentiment analysis, and translation. In 2018, BERT obtained state-of-

the-art results on eleven NLP tasks [Devlin et al., 2019].

2.2.1.2 Sentence-Transformers (sBERT)

A standard BERT model can be used to measure the similarity between two sen-

tences using the encoded output at the respective position of the [CLS] input token.

BERT can only compare two sentences. In tasks, where the objective is to find the

most similar sentence to a given phrase, we need to pass all possible combinations

through the BERT model and use a classifier or regressor to obtain the relatedness

of all possible pairs of sentences. For n sentences this would result in n(n−1)
2

forward

passes, which makes BERT useless for applications like clustering. Using n = 10′000,

finding the most similar sentence would result in approximately 50 million inference

computations. Also in semantic search, where we compare the input query with

each available sentence (n) in the dataset, we would need n forward passes [Reimers

and Gurevych, 2019].

Sentence-BERT (sBERT) - which is adapted to the task of sentence-similarity de-

tection - solves that limitation by computing dense, fixed sized embeddings for each

sequence separately. Inputs of variable length are always mapped to a dense rep-

resentation of a fixed size. Any of these representations can then be compared in

terms of semantic similarity to any other embedding using cosine similarity.

6



Chapter 2. Text Representation Techniques

When encoding a sentence to a numeric representation, an additional layer is added,

which condenses all embedded tokens to a sentence representation of a fixed size (un-

affected by the varying input lengths of input sequences). E.g., a mean pooling layer

takes each token’s embedding vector and calculates the average embedding vector

(elementwise) for a sequence. Reimers and Gurevych evaluated various pooling

strategies: mean and max pooling or using the [CLS] token that the BERT model

generates by default. Their research shows that using BERT’s [CLS] token or aver-

aging BERT’s word embeddings performs worse than the mean- and max pooling of

sBERT. Especially in the task of predicting semantic textual similarity between two

sentences. This is due to the fact that sBERT was fine-tuned on semantic textual

similarity data, in contrast to BERT which is only pre-trained on the two tasks

mentioned in Section 2.2.1.

The sBERT architecture during fine-tuning is different from standard BERT as it

consists of two tied BERT networks. They share all parameters, hence the term

”Siamese BERT Networks”. There are different ways to fine-tune sBERT, and thus

different loss functions are involved. In a supervised setting - the simplest setting -

where labels about the similarity of two sentences are available, sentences A and B

are passed through the network, resulting in the two sentence embeddings, of which

cosine similarity is computed and compared to the gold similarity score. Mean-

squared-error loss (between the predictions and the gold labels) is then used as the

regression objective function.

Figure 1: sBERT architecture in a setting of fine-tuning on labeled data. Source:
[Reimers and Gurevych, 2019, 3]
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In the unsupervised case - where no annotation labels are available - the classifi-

cation objective function is used, and cross-entropy-loss is optimized [Reimers and

Gurevych, 2019].

2.2.1.3 Multilingual BERT Versions

Multilingual BERT (mBERT) supports 104 input languages. This model was trained

with the MLM objective on Wikipedia texts in 104 languages with a shared vocab-

ulary across all 104 languages. The smaller version (bert-base-multilingual-uncased)

will be used in Section 6.2.3 [Devlin et al., 2019].

XLM is like mBERT also trained on the MLM task, additionally it was trained

with a translation language modeling (TLM) objective, to encourage the model

to learn similar representations for different languages. Translated sentences, or a

multilingual parallel dataset must be available. A dataset commonly used for this

purpose is XNLI 1. During MLM with the TLM objective, sentences are masked

and the model is allowed to use tokens from other languages to predict the masked

tokens [Conneau and Lample, 2019].

XLM-R is a self-supervised RoBERTa model trained on a total of 2.5TB of text in

100 languages. This unlabeled training dataset is the largest dataset used to train

any of the presented models. It was extracted from CommonCrawl datasets2. The

model is trained using only the MLM objective as is usual for RoBERTa models.

Later, we will use this fine-tuned version - paraphrase-multilingual-mpnet-base-vs -

to represent sentences Liu et al. [2019]; Reimers and Gurevych [2019, 2020].

2.2.2 RoBERTa

RoBERTa is an acronym standing for Robustly optimized BERT approach. It opti-

mizes the training phase of BERT to reduce time during pre-training.

During pre-training the NSP objective is eliminated. RoBERTa is trained on larger

batch sizes and can encode larger input sequences. Furthermore, larger batch sizes

proved to be advantageous to the MLM objective. Another modification of the

MLM training step is that the masking pattern can change dynamically. In contrast

to BERT, where the masking is static and only performed once.

1Cross-lingual Natural Language Inference dataset [Conneau et al., 2018]
2https://commoncrawl.org/
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RoBERTa was trained on the same datasets as BERT, with the addition of large

collections of recent English news articles, web content texts obtained from links to

webpages found in Reddit posts and a story dataset from CommonCrawl [Liu et al.,

2019].

A byte-level BPE vocabulary of 50’000 units was chosen. This approach uses bytes

instead of Unicode characters as subword units and does not need any preprocessing

or additional tokenization of the input. While this approach does slightly worsen

performance, it provides a universal encoding scheme [Liu et al., 2019].

2.2.3 DistilBERT

DistilBERT is a smaller and lighter pre-trained BERT model that uses knowledge

distillation during pre-training to reduce model size in comparison to BERT by 40%

while maintaining comparable language understanding capabilities. Additional ad-

vantages in comparison to the standard BERT model include faster and cheaper

training. This model was the basis for distiluse-base-multilingual-cased-v1 [Sanh

et al., 2019].

Knowledge distillation is a compression technique using a smaller model (the stu-

dent model) and a larger model (the teacher model). The aim is that the student

model can reproduce the behavior of the larger model by mimicking the full output

distribution of the teacher model. It is required to use the whole distribution and

not only the top prediction (using one-hot-encoding of the target class) in order to

transfer the knowledge of the teacher model to the student.

DistilBERT is based on the architecture of BERT, except for the number of encoding

layers that is reduced to 6 [Sanh et al., 2019].
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3 Topic Models

Topic models are a subtype of mixed membership models, from the domain of statis-

tics. Applying a topic model to a large collection of texts allows the discovery of

thematic structure, and to annotate the documents according to their most domi-

nant topic, which relates topic modeling strongly to document classification. Each

topic consists of a group of words associated under a theme. Expressed is this con-

cept as a distribution over terms of a fixed vocabulary. The distribution of topics

over a given document or the entire collection of documents can be inferred and

can further be used to visualize, organize, and summarize a document collection.

Extensions to the model and relaxation of assumptions allow for other applications

such as the automatic annotation of pictures [Blei, 2012; Blei et al., 2003]. We will

first illustrate the difference between generative models and discriminative models

before explaining LDA and neural topic models.

3.1 Generative Probabilistic Models

Generative modeling in contrast to discriminative modeling aims at solving the gen-

eral problem by learning a joint distribution over all the variables. This simulates

how data is generated in the real world, by expressing causal relations of the world.

Discriminative modeling on the other hand aims at learning a predictor given the

observations. I.e. an observation is given in the form of the BoW1 representation of

a document. This vector of word counts can then be used to map a document to a

category. In other words, we learn a mapping in the same direction as we intend to

make predictions in the future. In generative models, this is done the opposite way

even though we can use Bayes rule2 to convert the generative model into a predictor

[Kingma and Welling, 2019].

Data is treated as observations that originated from a generative probabilistic pro-

cess that includes hidden variables - which are often referred to as latent variables.

1Bag-of-Words, for an explanation see Chapter 2.
2Formula is given in Section 3.2.1.1.
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In text documents the hidden variables represent the thematic mixture of a docu-

ment from the collection. Assumptions in mixed membership models are, that each

document is coming from an individual mixture of topics, but topic components are

fixed across all documents [Blei, 2012].

The use of posterior inference, allows to learn the topics that best describe the given

collection of text documents by calculating the conditional distribution of the hidden

variables (topics), given the observations3. Having calculated or approximated the

posterior, allows new data to be situated into the estimated model and to obtain the

topic mixture of a new document [Blei et al., 2003; Blei, 2012; Steyvers and Griths,

2006].

3.1.1 Generative Process

The generative process is purely imagined and only needs to make sense for the target

at hand. Its direction, in comparison to discriminative processes, is reversed, hence

we are given the categories and generate documents, based on the category’s term

distributions. This process does not need to generate readable, coherent documents

and is only an assumption as to where the data of the model originated from.

The generative process of probabilistic topic models involves four steps:

1. A distribution over all topics is chosen. The form of this specific distribution

can take various forms depending on the document.

2. For each word in the document, a topic from the distribution is chosen.

3. For each topic, a word associated with the topic is drawn.

4. Steps 1-3 are repeated for every word. This illustrates the assumed way of

how each document was created.

3.1.1.1 Posterior Inference Approximation

To infer the underlying topic structure4, we need to calculate the posterior. All these

hidden distributions were mixed to form the collection of documents. It is assumed

that for every data point, there exists a corresponding local latent variable. In a

simple model we can infer the posterior distribution of the latent variables, condi-

tioned on the observed probabilities by applying Bayes’ rule. In more complicated

3Observations are in the case of BoW text feature representation, the word counts of a document.
4The underlying topic structure consists of all hidden variables such as the topic proportions

(weights) associated with each article or a topic’s distribution over terms of the vocabulary
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models, Bayes’ rule is intractable, and we need to approximate the intractable dis-

tribution with a simpler distribution. Various methods to approximate the posterior

distribution exist: e.g., Gibbs sampling or variational inference which are algorithms

that transfer the inference problem to an optimization problem. By calculating the

distance (measured with Kullback-Leibler (KL) divergence) between different fam-

ilies of probability distributions and the hidden structure, they allow finding the

distribution closest to the posterior [Blei et al., 2003; Blei, 2012].

3.1.2 Latent Dirichlet Allocation (LDA)

LDA is the most prominent generative Bayesian probabilistic model in the domain

of topic modeling. It assumes that documents contain multiple topics of different

proportions. A restriction is that the number of topics must be set in advance. The

same set of topics is shared by all texts in the collection, only the weights of the

topics vary. Through changing these topic weights, a specific document can be gen-

erated. Defined is a topic as a distribution over a fixed vocabulary, this distribution

is assumed to exist even before the texts were generated. This generative, random

process is purely imaginary and explains intuitions behind the model. The model

assumes each document was generated: First, for each document a form of distri-

bution over all topics is chosen. In contrast to Section 3.1.1 in LDA the Dirichlet

distribution is used to represent the distribution over topics in the document. Sec-

ondly, for each word a topic assignment is chosen, and thirdly, a word is sampled

from the chosen topic [Blei et al., 2003].

Observable is only the text, while the topic structure, and per-document topic dis-

tributions are hidden. The problem in the inference process when calculating a topic

model is using the observed documents to infer the (hidden) topic structure that is

most likely to describe a certain text. This is done through a search over the topic

structure, by approximating the conditional probability distribution of the topic

structure given the observed documents (called posterior) [Blei et al., 2003]. We can

express the document-topic probability distribution as a multinomial distribution

over the topics [Bianchi et al., 2021b].

3.1.2.1 Limitations

The number of topics in the collection is assumed to be known and cannot be

changed. Bayesian nonparametric topic models can overcome that limitation as
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they allow for unseen topics. Furthermore, texts are represented as BoW using only

word frequencies to represent a document in terms of its word counts. Thus, word

order, or context of words is not accounted for. Relaxing the constraints of LDA and

allowing for permutation of the words in a document, leads to improved language

modeling performance. Another limitation is that the chronological order of the

documents is not considered. Dynamic topic models take into account that topics

change over time and make this change visible [Blei, 2012].

3.1.2.2 Incorporation of Meta-data

Additional information can be of help when fitting a topic model to a collection of

documents. Meta-data such as author information can be integrated into the gen-

erative process, which allows to consider additional properties of the text collection

into the derivation of topics. An example of such an adapted topic model is the

author-topic model. Use of Dirichlet-multinomial regression allow inferences about

both documents and authors, which makes computation of similarity between two

authors possible [Rosen-Zvi et al., 2004].

3.2 Neural Topic Models

Neural networks can be leveraged to improve performance, usability, flexibility, and

efficiency of topic models. Moreover, neural networks can be used for NLP tasks -

where traditional topic models are hard to apply - such as text generation, transla-

tion, and document summarization [Zhao et al., 2021].

3.2.1 Variational Autoencoder (VAE)

We will start by explaining the intuition behind the concept of VAEs.

VAEs are often employed for the purpose of unsupervised representation learning

but can also be applied in a generative way to create new data, as VAEs have the

ability to generate new examples similar to the dataset they were trained on. VAEs

in a broader sense are a useful architecture for ”[...] finding disentangled, seman-

tically meaningful, statistically independent and causal factors of variation in data

[...]” [Kingma and Welling, 2019, 4].

A VAE consists of two connected, but individually parameterized models that sup-

13



Chapter 3. Topic Models

port each other - a recognition model (or encoder) and a generative model (or

decoder). According to Bayes rule (see Section 3.2.1.1), the encoder model is the

approximate inverse of the decoder network. The output of the encoder model is

used to reconstruct the input data with minimal loss [Kingma and Welling, 2019].

We will explain the loss function in a more detailed way in the next Section (3.2.1.1).

Each dimension in the latent space represents a probability distribution for each at-

tribute learned from the data, while the output of the encoder network is always a

single value sampled from each dimension of the latent space. The decoder network

takes these values one after the other and tries to recreate the original input.

An intuitive example of a use case of VAEs is image re-synthesis. Training a VAE

model on a large dataset of pictures of faces allows the autoencoder in the ideal case,

to learn descriptive attributes of these faces and the ranges these values can be in.

Each attribute is represented as a probability distribution in the latent space that

the encoder network generated. By estimating a probability density function of the

training data, very uncommon instances will be assigned a low probability value,

since the example differs much from the training data. In our example of faces, the

learned latent variables/attributes could be hair color, skin tone, gender, glasses, and

beard, which can be used to describe the picture. The encoder samples from each

latent state distribution a number, and outputs a vector that contains the sampled

value for each latent distribution. Then, based on that sample vector, the decoder

network can (re)generate the original image. We note that by changing the vector

manually we could modify the picture that will be generated by the decoder network.

The encoder model outputs a distribution of possible values for each latent dimen-

sion, from which a random value is sampled. This is done to derive a continuous,

smooth latent space representation of the input data’s attributes. The decoder

model is trained to reconstruct the input given any sampled value from that distri-

bution. Thus, values that are close in the latent space will correspond to similar

reconstructions [White, 2016; Kingma and Welling, 2019].

3.2.1.1 Inference Process

Inference is the process of deducting properties about a probability distribution

of the given data. Thus, we want to approximate properties of the population

by analyzing a data sample. The inference process of the autoencoded variational
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framework resembles LDA’s inference process. We assume to have a hidden variable

in the latent space z. This variable generates an observation or attribute x through

use of the decoder network. Note that x is observable but we want to infer the

characteristics of the hidden variable z, this is expressed by p(z|x) [Goodfellow

et al., 2016, 693-698]. Where p(z) is the prior distribution that represents beliefs,

that we have about the true value of the parameters. The prior distribution beliefs

are as in LDA assumed to follow a Dirichlet distribution5. We can apply Bayes’

theorem to obtain the posterior distribution:

p(z|x) =
p(x|z)p(z)

p(x)
,

that represents our beliefs about the parameter values after having taken observed

data into account.

The term p(x) - sometimes referred to as evidence - of the posterior distribution is

defined by:

p(x) =
∫
p(x|z)p(z) dz

but we must state that the exact calculation of p(x) is intractable. Thus, variational

inference is applied in order to estimate the probability of our observed attribute

p(x). The posterior distribution p(z|x) can be approximated by another traceable

distribution q(z|x), by learning the parameters such that this distribution is a close

approximation to the posterior. We can use KL divergence to measure the difference

between p(z|x) and q(z|x) and choose our approximated distribution q(.) as close

as possible to the original distribution by minimizing KL divergence between p(z|x)

and q(z|x). In the following formula this objective is rewritten as a maximization

problem using variational inference [Blei et al., 2016]:

Eq(z|x) log p(x|z)−KL(q(z|x)||p(z)).

The second part of the formula will implicitly be minimized and the approximated

distribution q(z|x) will be chosen such that it is as similar to the intractable distri-

bution. The first part of the formula represents the likelihood of reconstruction of

5Use of Dirichlet prior is important in topic models to obtain interpretable topics, but this prior
cannot be used for inference using a VAE model. Thus, it is approximated by a Laplace
approximation, which in essence allows to use a Gaussian distribution as prior [Srivastava and
Sutton, 2017].
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the original input x given the latent variable z [Kingma and Welling, 2019].

We have used q(.) as an approximation to infer the possible hidden latent states

that were used to generate the observation x. This can be modeled using a neural

network. An encoder network learns the mapping from observation to latent state

and a decoder network learns the mapping from latent state to the observation. We

measure (1) The reconstruction error through maximizing reconstruction likelihood

and (2) KL divergence of the learned distribution q(z|x). The loss function is con-

structed such that it discourages reconstruction error and encourages the learned

distribution to be close to the true prior distribution p(z) [Rezende et al., 2014;

Kingma and Welling, 2014, 2019; Blei et al., 2016].

VAEs can also be used for the topic modeling task, as shown by Srivastava and

Sutton [2017]. We will explain their adaptation of LDA in Section 3.2.2.

In addition to the neural variational framework, other frameworks such as autore-

gressive models, generative adversarial nets (GANs), graph neural nets, and atten-

tion based neural networks can be used for inference [Kingma and Welling, 2019].

3.2.1.2 Undercomplete Autoencoders

Data compression is a usage case, where a self-supervised neural net encodes or

extracts useful features from the input data and stores them in a dense latent space

representation, which reduces the transmitted data. In the context of autoencoder

models, a dense representation is learned for input data, while simultaneously the

reconstruction from the latent space into the original input data is learned. Aim is

the minimization of the reconstruction error. This constitutes a supervised learning

problem, where the original input represents the labels [Kingma and Welling, 2014;

Rezende et al., 2014; Srivastava and Sutton, 2017].

One simple way of achieving a dense latent representation is through undercomplete

autoencoders, where the number of nodes in the hidden layer (one of the layers

between input and output layer) of a neural network is scaled down. This limits

the flow of information through the network, ensuring that useful properties of the

input data are learned, and prevents copying of input data to the output [Rezende

et al., 2014].
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3.2.2 ProdLDA Model

ProdLDA is an extension of LDA, based on the neural variational framework. It

replaces the inference process of LDA with an inference method for LDA topic mod-

els (AVITM) based on autoencoding variational Bayes to approximate the posterior

distribution of the observed documents. This model calculates more coherent topics

than LDA and training time is improved. AVITM is a black box inference method

that does not need to be customized to the exact topic model used and can han-

dle changes in the model without rigorous mathematical derivations [Srivastava and

Sutton, 2017]. The inference method is based on a weighted product of experts,

which allows it to directly map documents to an approximate posterior distribu-

tion. In comparison to LDA, the model can make predictions that are sharper than

the components that are being mixed. A further advantage is, that the mapping

is “well-behaved”, a small change in the document results in a small change in the

topics only [Srivastava and Sutton, 2017].

3.2.2.1 Implementation of Autoencoded Variational Inference for LDA Topic

Models

The encoder network of the VAE generates outputs describing a distribution for each

dimension of the latent space. Assumed is that the prior distribution p(z) follows

a Gaussian distribution (that can be described by µ and σ), thus the output of the

encoder network describes the distribution of an attribute of the latent space using

mean and variance of a normal distribution - in contrast to LDA where the Dirich-

let distribution is used. To define how the dimensions are correlated a covariance

matrix is used.

The decoder network on the other hand will than generate a latent vector by sam-

pling from the received distributions of the encoder and reconstruct the original

input text.

Sampling from the distribution needs to be adapted, as sampling from a parameter-

ized distribution does not allow gradients to backpropagate. For backpropagation

to work, all operations must be differentiable. A transformation that substitutes the

approximated distribution q to a parameterless random variable is needed such that

sampling is done from a standard Gaussian distribution. This is called the ”repa-

rameterization trick”. That shifts the standard normal distribution by the latent

distribution’s µ and scales it with σ [Srivastava and Sutton, 2017; Blei et al., 2016;
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Bianchi et al., 2021b].

ProdLDA uses BoW to represent the input texts. Thus, it is required to preprocess

the corpus and to keep only a limited vocabulary of important words, e.g., only

certain parts-of-speech (POS) are kept such as nouns, and proper names, as they

provide most content in order to interpret topics well.

Bianchi et al. [2021b] will modify ProdLDA such that contextualized word embed-

dings can be used as input representation. This model is called Zero-Shot Cross

Lingual Contextualized Neural Topic Model (CTM).

3.2.3 Zero-Shot Cross-Lingual Contextualized Neural Topic Model

(CTM)

CTM is an extension of ProdLDA a neural topic modeling approach based on VAE

[Srivastava and Sutton, 2017; Kingma and Welling, 2014]. Bianchi et al. replace

in CTM the BoW input representations used in Srivastava and Sutton’s ProdLDA

with contextualized pre-trained (multilingual) embeddings. Pre-trained embeddings

contain more information about the input texts than the traditional BoW input rep-

resentation, such as external knowledge which allows for disambiguation, sentence

similarity, and especially incorporation of word order. This is due to the inherent

sense of pre-trained contextualized embeddings. Furthermore, the use of multi-

lingual contextualized pre-trained embeddings enables zero-shot cross-lingual topic

modeling for unseen languages. The prediction of topic weights on test documents in

unknown, unseen languages becomes possible by transferring the pre-trained topic

model, under the condition that the language is also supported by the pre-trained

multilingual embedding model. This is not possible for BoW embedding based ap-

proaches to topic modeling, since text representations cannot be transferred easily

into other languages [Bianchi et al., 2021b].

As in ProdLDA, an inference network maps the representation of an input document

onto a latent representation, that is then used in a second step by a decoder network

with the objective of reconstructing the BoW input representation. Also, in the

case of CTM, the reconstruction is in the BoW format containing the vocabulary

of the training language, and not in the format of the original embeddings from

e.g., sBERT. All articles of the W2 dataset were clipped to a maximal length of

200 tokens. In order to prepare the BoW dataset a simple preprocessing method
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was used that removed stopwords, and created a vocabulary of the 2’000 most

occurring tokens. This step is done in addition to the preprocessing and tokenization

involved in each pre-trained BERT based model [Bianchi et al., 2021b] which reduce

the length of input documents sometimes even further to a maximal length of 128

tokens6.

3.2.4 Fine-tuning BERT for Category Understanding (LOTClass)

This method constitutes this thesis’ second area of focus. LOTClass is not based on

an LDA topic model, but on the way a human being would approach classification

of texts into categories. In a document, a human only needs to see some words that

are indicative for a certain category (e.g., MBS, options, EBIT, dividends) and on

that basis this newspaper article is categorized into the category financial news.

LOTClass7, is a weakly-supervised method [Meng et al., 2020]. The objective of the

model is classification of articles into categories based on a few given representative

words per category (the supervision input). All input label words can only be as-

sociated with exactly one category. In contrast to semi-supervised methods, there

are no ground truth category labels needed to guide the training process. Instead,

the model learns to understand the label names and can predict the article’s cat-

egory label based on the occurrence of certain words that are judged as category

indicative. As a knowledge source for category understanding, BERT, a pre-trained

contextualized language model, is used8. Advantages of that transformer based lan-

guage model are a strong feature representation, and the ability to capture long

range dependencies in texts [Meng et al., 2020].

3.2.4.1 LOTClass’ Training Process

Three stages of training are involved. In a first step, the model learns to understand

the input categories. Semantically related words are associated with the label names

given as weak-supervision input. For each category, a vocabulary is constructed that

contains semantically associated words with the provided label names. These words

are masked out and the masked language modeling objective (MLM) is used to

predict, based on the context before and after the [MASK] token, what words can

replace the category label names in most contexts. Output of the language model

6These differences concerning limitations of input length are explained in Table 5.
7Label-Name-Only Text Classification. Source code available at https://github.com/yumeng5/
LOTClass

8Detailed explanations of BERT can be found in Section 2.2.1
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indicates the likelihood of occurrence of every word in the vocabulary at the position

of the masked word. The 50 words considered most likely to replace the original

word (in most contexts) are appended to the label names of that category [Meng

et al., 2020]. This fine-tunes the pre-trained BERT model to adapt to the specific

attributes of the dataset.

In a second step, all occurrences of words in a category’s vocabulary are found in

each document and the model is trained to predict the implied categories of these

words. We cannot search for all occurrences of the words in a category’s vocabulary,

because occurrence of such a word must not in all cases hint at a certain category.

Often meaning is ambiguous, and we can resolve such ambiguities by considering

the context of category indicative terms. This challenge is addressed by masked

category prediction (MCP). Instead of only predicting replacement words for all

occurrences of words in the category vocabulary, more words (not only category

vocabulary words) are masked out and a pre-trained language model is used to find

the 50 most probable replacement words. If more than 20 of the 50 replacement

words are found in the vocabulary of a certain category, the word that was masked

out, is considered as category indicative. Note also, that we obtain a set of category

representative words, along with the label of the corresponding category. This is

used to create supervision in a setting of unlabeled data.

Each category representative word w is then masked out, and the model is trained

to predict the category that w is indicating. This is achieved using cross-entropy

loss and an additional linear layer as classifier, which is used to assign the contextual

embeddings of the masked word to the most suiting category [Meng et al., 2020].

Figure 2: Overview of training step 1 (on the left) Masked Language Modeling and
step 2, Masked Category Prediction (on the right). Source: [Meng et al.,
2020, 6]
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In a third and last step, the model is generalized on document level since the ob-

jective is to assign each document to exactly one category. This is also approached

through self training of the pre-trained language model (but instead of self training

on word level) on document level. Until now, not each document has been seen by

the model, since not all documents contained category indicative keywords. Ap-

plying the model on document level further generalizes the model. The classifier

of step two, that has been used to predict the category of a masked-out word, is

now applied to the encoded [CLS] token. This embedding considers the whole se-

quence/document. In this step, KL-divergence loss is used to guide the model’s

classifier prediction towards the target distribution, which is obtained using a soft

labeling strategy. The target distribution is derived by enhancing high confidence

predictions and demoting low-confidence predictions using squaring and normalizing

of current predictions [Xie et al., 2016; Meng et al., 2020].

3.3 Cluster Analysis

Clustering is a method of unsupervised machine learning, where data points are

classified into meaningful groups based on similarities. Each data point is expressed

through its features [Rodriguez et al., 2019]. In topic modeling, a data point could

be a document whose features are the topic weights. I.e., documents that contain

similar topics can be expected to be assigned to the same cluster (or topic in our

example). The result is a plot, showing relative distances of the data points in the

feature space, reduced to two dimensions. Often, the color of the assigned data

points shows cluster assignment. Application of a dimensionality reduction algo-

rithm like Principal Component Analysis (PCA) or t-distributed stochastic neigh-

bor embedding (t-SNE) is often required due to limitations of the cluster analysis

algorithm [van der Maaten and Hinton, 2008].

Various cluster analysis algorithms are available, K-Means is probably the most

popular, but the number of clusters needs to be known in advance which can be

disadvantageous. Then, there are density-based approaches (like mean-shift clus-

tering, or HDBSCAN) that discover the number of clusters automatically. Other

approaches include hierarchical methods (e.g., Agglomerative Hierarchical Cluster-

ing) which produce in addition to the two dimensional plot a dendrogram that

represents cluster hierarchy [Rodriguez et al., 2019; Bano and Khan, 2018].
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4 Datasets

This chapter will provide an overview over all datasets used for the evaluations in

the following chapters. Further, we will discuss differences and suitability of the

different datasets for the task of topic modeling and document classification.

4.1 Dataset Overview

Name #Topics #Train Documents #Test Documents Labels

20Newsgroups 20 11’314 7’532 available

AG’s News 4 120’000 7’600 available

W1 not defined 20’000 300 not available

W2 not defined 149’700 300 not available

Table 1: Overview of the datasets used for evaluation. Datasets W1 and W2 do not
have a predefined number of topics, in the corresponding paper Bianchi
et al. [2021b] values 25, 50, and 100 were used.

4.2 20Newsgroups Dataset

This labeled dataset is probably the most widely used dataset in multiple domains

of natural language processing. It is integrated into various machine learning tools

and frameworks such as the python-package scikit-learn. It is widely used for tasks

such as topic modeling, document classification and clustering. The amount of texts

contained are 18’000 newsgroups posts split evenly into 20 topics1, some are strongly

related [Mitchell, 1997]. Sometimes the differences between topics are rather subtle

1’alt.atheism’, ’comp.graphics’, ’comp.os.ms-windows.misc’, ’comp.sys.ibm.pc.hardware’,
’comp.sys.mac.hardware’, ’comp.windows.x’, ’misc.forsale’, ’rec.autos’, ’rec.motorcycles’,
’rec.sport.baseball’, ’rec.sport.hockey’, ’sci.crypt’, ’sci.electronics’, ’sci.med’, ’sci.space’,
’soc.religion.christian’, ’talk.politics.guns’, ’talk.politics.mideast’, ’talk.politics.misc’,
’talk.religion.misc’

22



Chapter 4. Datasets

such as the hardware topics, which distinguish manufacturers (mac, windows and

IBM).

We obtained the bydate version of the dataset via scikit-learn and removed head-

ers during fetching, as well as email addresses and meta-data hinting at the cate-

gory/newsroom.

4.3 W1 and W2

The datasets W1 and W2 were obtained from the DBpedia abstract corpus2 that

contains the text of the first introductory section of the articles. According to

Wikipedia guidelines, the first sentence of the introduction is used to situate the

article into its broader context - an interesting property for topic modeling as it

ensures that related concepts are mentioned. Links that these abstracts contained

were extracted separately into an unordered set. The abstract text itself contains no

links. Thus, links that could include hints for the model as to what topic is referred

are omitted. Abstracts are available in 7 languages [Brümmer et al., 2016; Bianchi

et al., 2021b].

The authors of CTM, Bianchi et al., collected 100’000 random abstracts from the

English DBpedia abstract corpus - this dataset is being referred to as W2. 300 of the

articles from W2, are used as test set. The corresponding 300 articles in the other

test languages, German, French, Italian, and Portuguese constitute the parallel test

sets. W1 is a smaller version of W2 that was used to evaluate performance of CTM

to baseline topic models in a standard (monolingual) setting. Test documents are

the same as in W2. Both datasets W1 and W2 are unlabeled, and the number of

topics is unknown.

Lastly, it needs to be noted that the test documents are all referring to the same

entity, but they were written by different authors independently in each language.

Thus, there is not an exact semantic correspondence between them. Emphasis can be

set on different aspects, and some abstracts are minimalistic while the corresponding

article in another language is exhaustively detailed. Consequently, topic weights can

differ between the abstracts of different languages, even though their general entities

correspond.

2see: https://downloads.dbpedia.org/2015-04/ext/nlp/abstracts
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4.4 AG’s News

AG’s News is a collection of more than 1 million news articles from 2’000 sources

that are gathered by an academic news search engine. The collection dates back

to the year 20043. Zhang et al. extracted from this corpus a benchmark dataset

for text classification consisting of news articles obtained from the 4 largest classes

- ”World”, ”Sports”, ”Business”, and ”Sci/Tech”. In total, AG’s News consists of

30’000 train articles and 1’900 test articles per class [Zhang et al., 2015]. Meng

et al. [2020] used the same benchmark dataset. The number of training documents

is not differing much in comparison to W2, although the test set of AG’s News is

approximately 25 times larger.

3see: http://groups.di.unipi.it/~gulli/AG_corpus_of_news_articles.html
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5 Evaluation Techniques

In this chapter we explain how we approach evaluation of the two approaches in

cross-lingual topic modeling. We will compare a weakly-supervised method, and

an unsupervised method and evaluate their capabilities to predict topics of unseen

documents and languages. As there are no labels available on the main dataset,

W2, evaluation is posing a challenge.

5.1 Monolingual Evaluation

We will first evaluate performance of the two baseline models in a monolingual

setting. Both baseline models use embeddings obtained by the pre-trained model

bert-base-uncased. To evaluate topic quality the measure NPMI coherence is cho-

sen. Especially, we want to obtain a comparison between the obtained topic’s most

important words.

5.1.1 Metrics of Monolingual Evaluation

NPMI-Coherence is a measure that automatically evaluates coherence of topics

based on the most probable words per topic. Larger values hint at a better topic

model that produces more coherent and interpretable topics [Rosner et al., 2014].

An implementation of the topic modeling package Gensim is used (c npmi coherence

model1) that follows Röder et al. [2015]. The approach we use is based on a sliding

window and the normalized pointwise mutual information (NPMI) of all word pairs

of the 10 most important words per topic. In order to measure similarity between

words, a Wikipedia corpus is used as an external reference to create a semantic

space and embed the words into it. The authors weight the vectors obtained via co-

occurrence counts by normalized pointwise mutual information2 and calculate then

1https://radimrehurek.com/gensim/models/coherencemodel.html
2see: Aletras and Stevenson [2013] for detailed explanations.
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the cosine similarity between any two word representations [Aletras and Stevenson,

2013].

Accuracy This measure is a comparison of how many predictions match the truth

labels. We use the topic that has the most weight in each document as category

assignment for that document. It is calculated by dividing the sum of matching

predictions by the total number of predictions. Accuracy can only be computed

when trustworthy labels are available, and in the setting of topic models, when the

model can follow the same scheme of categorization, as is possible with topic models

that receive supervision input. This ensures that predicted category and truth labels

correspond to each other. Reassigning topic IDs for the prediction until the best

accuracy is reached can improve accuracy, but only in cases where the categorization

schemes match. In other words, the underlying topics that were chosen must also be

the topics that the model is computing. In the case of unsupervised topic models, the

schemes do not overlap. In this case we calculated Pearson’s correlation coefficient

between the labels ID and the predicted topic ID and evaluated whether there

were hints of correlation. But we could only find anti-correlation, thus we will not

further evaluate this approach. W2 has not been labeled, and challenges arise, since

categorization by topic is not a task that is unambiguous.

5.2 Visualizing Topic Models

Interpretation of a topic model can answer questions about the meaning and content

of each topic, the prevalence of topics within the document collection or within a

certain document. Also, relations between topics and between documents are ex-

plored.

To facilitate the interpretation of topic models, the two different underlying distri-

butions (document-topic-distribution and term-topic-distribution) of a topic model

are used in visualization tools such as pyLDAvis. A tool from Sievert and Shirley

[2014] which originated as an R-package LDAvis and was adapted for Python com-

patibility. This interactive tool allows to visualize in one graphic, both distributions:

document-topic-distribution (P (T |D)) and the distribution of terms within a given

topic.
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Figure 3: Example of a visualization of a topic model trained on W2 dataset. On
the right side denotes the most important terms in a topic that seems
strongly related to aristocracy.

Distinctiveness and saliency are metrics that measure how much information a spe-

cific term is conveying about a topic in a collection of documents. They can be

found in the bar plot on the right part of the visualization. The distinctiveness of

a term w computes the KL-divergence between the distribution of topics, given a

term and the marginal distribution of topics [Chuang et al., 2012]:

distinctiveness(w) =
∑
T

P (T |w) log
P (T |w)

P (T )
.

Saliency is calculated by weighting a term’s distinctiveness by its global relative

frequency P (w) [Chuang et al., 2012]:

saliency(w) = P (w) · distinctiveness(w).

Larger values indicate that a term is more useful to identify a topic in the document

collection. Words that have high saliency values, are most informative to identify

topics. In the bar chart, both the saliency and the total term frequency are shown.

Near exclusivity of a term to a topic is present, when saliency(w) ≥ P (w).

relevance(w|t) = λ · P (w|t) + (1− λ) · P (w|t)
P (w)
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The weight parameter λ is a relative weight parameter that defines which summand

is used in the relevance metric. A λ value of 1 is regarding only the first summand,

in consequence terms are highlighted that occur more frequently but might not be

exclusive to the topic. Lambda values close to 0 are only regarding the second

summand and thus highlight potentially rare, but more exclusive terms to a topic.

The transition is continuous. A user study by Sievert and Shirley found that λ = 0.6

is best suited to interpret topics. This is expected to vary depending on the data

and the specifics of topics.

The positions of topic circles are determined by the term-topic-distribution: A topic

is represented by the importance of each word in the vocabulary of the topic. We

can embed topics as points in N dimensions - with N corresponding to the number

of distinct terms in the vocabulary. Using a dimensionality reduction algorithm, the

representations of a topic will be reduced to two dimensions while preserving relative

distances to other topics. Thus, the more words two distinct topics share, the closer

the topics will be situated on the distance map. In case of pyLDAvis’ distance map,

the positions in the two-dimensional plot are obtained using the dimensionality

reduction algorithm multidimensional scaling (MDS) [Tzeng et al., 2008].

The area of a topic bubble represents the number of words in the vocabulary that

is assigned to the topic [Sievert and Shirley, 2014].

The CTM model, is based on an LDA topic model, which allows us to use this

pre-build visualization feature in order to determine the quality of topics both in a

quantitative and qualitative way.

5.3 Multilingual Evaluation

We follow Bianchi et al.’s approach and evaluate the transferred topic model on par-

allel test sets in multiple languages. Quintessential is the availability of multilingual

pre-trained embeddings in the languages the test sets will be in, otherwise, the trans-

fer would not be straightforward. We then compute evaluation metrics ”Matches”,

”Centroid Similarity” and ”KL-Divergence” between the test set in the original lan-

guage and a parallel test set in another unseen language, where the model has been

transferred to. The test sets are semantically parallel in a sense that corresponding

abstracts cover the same entity or subject.

We hypothesize that different versions of pre-trained multilingual contextualized

embeddings will result in improved results on the multilingual evaluation metrics.

We use - in contrast to Bianchi et al. [2021b] - three different versions of pre-trained

multilingual contextual language models. The first model, bert-base-multilingual-
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uncased, is used with mean pooling to derive article representations. We also use

this model without mean pooling in LOTClass. Furthermore, for CTM we use

two other models: (1) The same model as in Bianchi et al. [2021b] paraphrase-

multilingual-mpnet-base-v2 which maps sentences & paragraphs to a 768 dimensional

dense vector space. And (2) distiluse-base-multilingual-cased-v1 which uses a lighter

version of BERT.

5.3.1 Metrics of Multilingual Evaluation

As in Bianchi et al. [2021b] we evaluate whether transfer learning is applicable on

the topic modeling task through use of multilingual embeddings to represent the

input texts. Bianchi et al. used three evaluation metrics that account for totally

and partially matching predictions between the test sets in English (the original

training language of the model) and the unknown, foreign language. Note, that the

foreign language is not unknown to the multilingual language model, since we use

pre-trained versions of mBERT.

Matches are defined by the percentage of matching predictions per document be-

tween the English test set and the corresponding article in the unseen language’s

test set. Higher scores are better. The downside of this evaluation metric is that

predictions are formed based on the maximum topic weight in each document, even

if there is no clear dominant topic. This measure contains no certainty threshold to

ensure only safe predictions are made.

Centroid Distance To account for similar predictions, the authors Bianchi et al.

compute the centroid distance between the two differing topic predictions. They use

static word embeddings derived from word2vec and calculate the average embedding

of the top-5 most category representative words for both predictions [Mikolov et al.,

2013]. In a second step the cosine similarity between the two centroid vectors is

calculated. Cosine similarity between two vectors can be assigned all values in the

interval from -1 to 1. The larger the value the closer are two topics related [Sitikhu

et al., 2019].

Average KL divergence compares the distributional similarity between the two

predicted topic distributions for each document pair on the test set. Lower is better,

indicating that the two distributions do not differ much [Bianchi et al., 2021b]. This

is a hint at consistent predictions, which also accounts for partial similarity.
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6 Evaluating Training Dynamics of

CTM and LOTClass

This chapter will in a first part evaluate - CTM and LOTClass - in a standard set-

ting of topic modeling where the model is utilized to find the underlying tropes and

topic mixtures contained in a large training corpus. In such a setting, without la-

beled data available, we will use unsupervised evaluation metrics such as the NPMI

coherence measure, which quantifies the quality of a topic model by its derived most

important words per topic.

In the second part we will use zero-shot learning to apply our trained models to cross-

lingual test documents. The two models were trained using multilingual embeddings

as input representations. Representing input documents by use of multilingual pre-

trained embedding techniques allows the application of a trained topic model on

another unseen language1.

6.1 Evaluation in a Standard Setting

First, we will evaluate our two models in a standard, monolingual setting in order to

verify that we can reproduce the original work’s indicated performance. In Bianchi

et al. [2021b] a CTM model was trained on the W1 dataset which consists of random

sampled Wikipedia abstracts obtained by the authors. LOTClass [Meng et al., 2020]

was evaluated originally on the AG’s News dataset. However, both datasets are not

commonly used in document classification tasks, let alone topic modeling.

In order to compare the two methods among each other, the 20Newsgroups dataset

was chosen. This dataset is often utilized on the task of document classification and

topic modeling. Problematic is the much smaller number of articles contained in

1All scripts and source code can be found here: https://github.com/frmati/TM_Material,
additionally, the output files of the trained models are available here: https://drive.google.
com/drive/folders/1mFSHXuTYWw8qrlIT8WSuH_T538PA0bca?usp=sharing.
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that dataset. Another difference is the number of topics that needs to be determined

in advance for both models (4 topics in AG’s News, and 20 topics in 20Newsgroups).

As in Bianchi et al. [2021b] we set the number of topics on the W1 and W2 datasets

to 25. For the sake of consistency, we will always use the datasets W1 and W2 with

25 topics. Very similar results were obtained by Bianchi et al. [2021b] who used 50

topics in the monolingual evaluation setting2.

In Table 2, we present an overview of CTM and LOTClass trained under standard

configurations on the datasets AG’s News, W1, W2 and 20Newsgroups.

Dataset #Topics Method NPMI-Coherence Accuracy

AG’s News 4 LOTClass -0.003 0.854

AG’s News 4 CTM 0.010 -

20Newsgroups 20 LOTClass -0.074 0.078

20Newsgroups 20 CTM 0.018 -

W1 25 LOTClass 0.03 -

W1 25 CTM 0.177 -

W2 25 LOTClass 0.137 -

W2 25 CTM 0.197 -

Table 2: Topic evaluation metrics on the various datasets are calculated based on one
run. Thus, some variance in the results is to be expected. On the unlabeled
datasets, accuracy calculation is not possible. Due to the unsupervised
approach of CTM, we could not calculate accuracy of the CTM model on
20Newsgroups.

Accuracy calculation is not possible on the datasets W1 and W2, as they were not

annotated. For the unsupervised model, CTM, no meaningful accuracy results could

be obtained, since the model’s scheme of classification does not correspond to the

dataset’s labels, as we cannot ensure that an unsupervised topic model utilizes the

same annotation scheme as the gold classification labels. To address these limita-

tions, we (1) calculated alternative measures such as Pearson’s correlation coefficient

between the labels and the predictions and (2) reassigned topic IDs of the predic-

tions (since they can be chosen arbitrary). Both approaches were unsuccessful, and

it needs to be noted that the second approach becomes increasingly expensive the

more topics the dataset contains.

LOTClass on the other hand is a weakly-supervised method, which allows to make

sure the annotation schemes of model and labels match. We were able to reproduce

the accuracy of ≈ 86% on AG’s News. Application of the model on the 20News-

2Evaluations of Bianchi et al. [2021b] resulted in NPMI coherence values of 0.1658. This value
was obtained by using top-10 words per topic on the W1 dataset. In contrast to us, [Bianchi
et al., 2021b] set the number of topics to 50 on the W1 dataset.
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groups dataset, which in comparison to AG’s News contains 10 times less training

material, and 5 times more topics, showed the limitations of LOTClass’ approach.

Based on the supervision input labels, each category’s vocabulary size was extended

to 50 by adding words that occurred in similar contexts using the masked language

modeling objective. But many category words did not occur in enough documents

to provide fine-tuning guidance. Also, in the second step of training, the number of

words judged as category-indicative was too small to obtain accurate predictions on

the document classification task.

This problem can also persist on larger datasets, such as the W2, where not enough

category representative articles were found using the standard threshold for category

indicativeness (of a word3). In Meng et al.’s default configuration that was provided

for AG’s News dataset, this value was set to 20/100. In order to improve the model,

we tried to lower this threshold but without improvement. Another approach could

be to change the supervision input. Instead of using the top words per topic from

the CTM model, another categorization scheme could be used, that was defined

manually.

For further training of LOTClass we leave the threshold value of step two set on the

recommended value and continue training the model on document level (step 3 in

Chapter 3.2.4.1). NPMI coherence of LOTClass is comparable to CTM on the W2

dataset.

6.1.1 Influence of k on NPMI Coherence

NPMI coherence scores are often used in literature to automatically estimate a topic

model’s quality. In the context of NPMI coherence, the variable k denotes how many

category representative terms are being used to calculate the coherence score of a

topic model. Choosing k smaller will consider only the most coherent words in the

calculation, which will influence NPMI score positively, as can be seen in Figure 4.

We evaluate the effect of k on the derived topic coherence in order to estimate the

magnitude of change. In Bianchi et al. [2021b], k was chosen to be 10. We train

and evaluate a CTM model on W2 and vary k from 2 to 20. It becomes obvious

that, since no guidelines on the size of k are available, NPMI scores can easily

be influenced in a favorable direction. When comparing different models based on

NPMI coherence scores, one needs to make sure to consider the exact configurations

3See Section 3.2.4 for a detailed description
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used during their calculation. We note that in our setting choosing k = 10 vs.

k = 20 increases NPMI coherence score by 0.03.

Figure 4: NPMI values in function to k (top-k words per topic considered during
calculation). The CTM model was trained with n = 25 topics. Coherence
values can only be calculated for discrete values of k.

6.1.2 Influence of Training Repetitions on Topics Derived

We train a CTM model with default parameters using paraphrase-multilingual-

mpnet-base-v2 ’s sentence representations on W2’s training set and evaluate the re-

sulting topics with pyLDAvis [Sievert and Shirley, 2014]4. Increasing the number of

training epochs leads first to better separated general topics and a rapid decrease of

loss (Figure 5). Between 200-400 epochs, train loss is only changing slightly and the

topic representations of pyLDAvis obtained via multidimensional scaling are start-

ing to overlap (Figure 8) until we reach a point where only few topics are visible

(Figure 9). This process continues until the most important words are associated

to one topic. We will use pyLDAvis to show this process graphically. Note that

topic IDs and positions can change due to involvement of random processes. In the

illustrations included here, we focus on the topic containing words related to the

Olympic Games5.

4An overview over the default model configurations can be found in Section B.
5Interactive versions of topic overviews can be downloaded from: https://github.com/frmati/
TM_Material/tree/main/Training%20Process
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Figure 5: CTM model train loss decreasing rapidly during the first 3 epochs.

After one epoch of training, the estimated term frequency within each topic is set to

approximately the same value for every word (Figure 6). All estimated frequencies

are significantly smaller than overall term frequencies, thus, words do not belong

exclusively to a topic, but can rather be present in multiple topics. Already now

the most frequent words per topic are suited to interpret the content of most topics.

This is due to the information contained in the contextualized embeddings of the

input documents that provide a first semantic segmentation [Bianchi et al., 2021b,a].

Figure 6: The Olympic topic is already noticeable after 1 epoch of training. Esti-
mated term frequency within each topic is set to approximately the same
value for every word.
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By setting λ = 1 in the relevance formula, we consider only the conditional frequency

of a word w occurring in a certain topic t (P (w|t))6. Continuing training of the CTM

model results in increasingly larger relevance values. Thus, as fewer words contribute

heavily to a topic, topics become more specialized.

Figure 7: After training during 20 epochs, topics become better separated from each
other.

Figure 8: After training during 400 epochs, topic circles start to converge.

6more details available in Section 5.2.
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On pyLDAvis’ plot of the inter-topic distance map, that was obtained via multidi-

mensional scaling, we see that the topics converge. In extreme cases, when training

during 1000 epochs, we obtain approximately eight visible clusters (Figure 9).

The multidimensional scaling algorithm is comparing all topic-word distributions

and projecting these distributions to a two-dimensional representation. Thus, rel-

ative distances between topics containing similar word occurrences will be smaller

and topics that contain largely diverging topic-word distributions will be distanced

from each other. In cases where the same words contribute to a topic, the repre-

sentations overlap. The more similar term-topic distributions are, the closer will

two topic circles be in the two-dimensional plot. We observe that words belong

almost exclusively to only one topic, and thus the topic representations should be

well separated. This phenomenon needs to be further evaluated especially by inves-

tigating the limitations of the multidimensional scaling algorithm regarding sparse

topic-term-matrices [Tzeng et al., 2008].

Figure 9: Training during 1000 epochs lead to extreme convergence of the topic
representations.

6.1.3 Influence of Learning Rate on Loss

CTM is based on autoencoding variational Bayes, and an inference method adapted

to be compatible with LDA - Autoencoded Variational Inference for Topic Models

(AVITM) [Srivastava and Sutton, 2017]. The encoder model uses the observations

to infer the hidden variables through use of an approximated learned distribution

which makes inference traceable. The utilized loss function incorporates two ele-
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ments: (1) the divergence between the learned approximated distribution and the

true prior that is assumed to be an approximation to Dirichlet distribution for each

dimension of the latent space and (2) the reconstruction likelihood [Srivastava and

Sutton, 2017; Kingma and Welling, 2019].

In order to eliminate the possibility that the model, while trying to reduce loss,

reached a local minimum and thus was not able to find the global minimum of the

loss function, we trained the model with learning rates varying from 1× 10−10 to 1.

For learning rates larger than 0.2, the training process quit early, since loss could

not be decreased.

It seems that the approximation to the assumed true prior distribution (a Dirichlet

distribution) is learned quite fast. The same holds true for the minimization of re-

construction error, in other words: The maximization of reconstruction likelihood.

Changing learning rates manually had no effect on train loss reduction overall. It

affected only the number of epochs that were needed to reach a minimum amount

of loss. Hence we continue to use the default learning rate of 0.002 [Bianchi et al.,

2021b]. In Section A.0.1 an overview over the topics derived using CTM and LOT-

Class can be found.

6.2 Evaluation in Cross-lingual Setting

We keep training the CTM model on the full W2 dataset in English and compare

topic predictions between the abstracts of the English test set and the respective

counterparts in French, Italian, Portuguese, and German.

6.2.1 Evaluation on a Parallel Test Set

The test sets of the W2 dataset are covering the same entity in a general sense, but

the articles were written by various authors independently, which leads to differences

in emphasis of certain aspects and to differences in terms of content. The prediction

of a perfect topic model for a given article would not be influenced by such differ-

ences since the most dominant topic would still be related to the abstract’s title.

In reality there are differences in the similarity metrics when comparing the derived

English topics with the topics from the same document in e.g., German. These

differences could be caused by many reasons. Some of the reasons will be explained

in the following sections.
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We want to derive the same evaluation metrics on a dataset that is as far as possible

equal in terms of content. Therefore we automatically translate the German test

set into English7, and compare the predicted topic weights between the original

German test set with the translated test set. This allows us to eliminate most of

the differences between two test sets and make them more comparable such that

we can calculate the multilingual evaluation metrics in the best possible setting.

Automatic translation can also be problematic in a sense that we now must be

aware of biases induced by automatic translation, also semantic ambiguities can

sometimes be challenging for neural translation systems [Koehn, 2020, 5-8]. Thus,

automatic translation cannot guarantee that the two test documents are exactly

similar in terms of their content. When we have as much semantic similarity as

obtainable using automatic translation models, the matching topic predictions are 8

percent points higher than on the other test sets that were authored independently

of each other (results can be found in Table 6).

Quintessentially we observe, that even under the best possible conditions, we cannot

get a match score of 100% and thus matching predictions of topics for all document

pairs. The topic model is transferable, but with limitations, partly caused by the

multilingual document representations.

6.2.2 Influence of Training Duration on Multilingual Evaluation

Metrics

After approximately 4-5 epochs, loss decreases only marginally (Figure 5). This

holds true even for an unrealistically large number of epochs (see Figure Figure 15

in the Appendix). We compare the influence of training epochs on the results of the

multilingual evaluation metrics.

Both vocabulary distribution within topics, and the distribution of vocabulary be-

tween topics changed notably during the training process. These distributions are

calculated based on observations on the train set.

In terms of the predictions on the different test sets, interestingly, no effects on

the multilingual evaluation metrics were observable. The increased specialization

of topics, that attributed large expected term frequencies within the topic to the

most important keywords, seem not to have an effect on the test set prediction of

topic weights. We assume that occurrence of important topic words in the test set

7using DeepL’s free API: https://www.deepl.com/en/docs-api/
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are still the main factor when deriving topic weights. As we have investigated, the

most important words stay approximately the same during the training process,

and the calculated relevance value does not affect classification. Thus, we conclude

that the number of epochs does not seem to influence the results of the multilingual

evaluation metrics. We still obtain similar results.

Epochs Ø Matches (in %) Ø Centroid Distance (n=25) Ø KL Divergence NPMI score

20 72 0.81 0.28 0.2

100 72 0.80 0.32 0.20

300 71 0.79 0.33 0.19

500 67 0.78 0.36 0.18

Table 3: Varying the number of training epochs of the CTM model, does not affect
the metrics Matches, Centroid Distance and KL Divergence. Ø denotes
average values between the test sets in French, German, Italian, and Por-
tuguese. Detailed results can be found in Section A.0.5.

6.2.3 Influence of Embedding Models on Multilingual Evaluation

Metrics

We evaluate the effects of using different models of pre-trained multilingual text rep-

resentations. The mBERT model mBERT-base-uncased determines our baseline, as

it is not fine-tuned for the task of producing sentence embeddings. It is usually

used for the task of masked word prediction. However, we can use mean-pooling,

which produces an embedding vector that corresponds to the average overall token’s

embeddings occurring in the sentence [Mohebbi et al., 2021].

The models paraphrase-multilingual-mpnet-base-v2 and distiluse-base-multilingual-

cased-v1 are pre-trained multilingual sentence transformers, that are suited for

sentence-similarity calculation [Reimers and Gurevych, 2019]. The two sentence

transformers can discriminate lowercase from uppercase letters, while mBERT-base-

uncased is not case sensitive. Preprocessing of the input text is adapted accordingly.

Paraphrase-multilingual-mpnet-base-v2 is performing best on the multilingual evalu-

ation metrics. However, there is no notable difference in terms of the quality/coherence

of topics derived from the train set. As expected, mBERT in combination with mean

pooling performed worse, due to not being fine-tuned on the task of sentence simi-

larity prediction.
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Embedding Model Ø Matches (%) Ø Centroid Similarity Ø KL Div. NPMI

mBERT-base-uncased mean-pooling 59 0.72 0.44 0.20

paraphrase-multilingual-mpnet-base-v2 72 0.81 0.28 0.20

distiluse-base-multilingual-cased-v1 69 0.78 0.33 0.21

Table 4: Average CTM results (denoted by Ø) between the German, French, Italian
and Portuguese test sets in comparison to the English test set. All results
based on 20 epochs of training, NPMI score calculated on 20 words per
topic.

Model Parameters

bert-base-multilingual-uncased mBERT, 102 languages, embedding dim: 768, case-insensitive

30’000 subwords, max. sequence length: 512

paraphrase-multilingual-mpnet-base-v2 XLM-RoBERTa, 100 languages, embedding dim: 768, case sensitive

50’000 byte subwords, max. sequence length: 128

distiluse-base-multilingual-cased-v1 DistilBert, 15 languages, embedding dim: 512, case sensitive

30’000 subwords, max. sequence length: 128

Table 5: Properties of the different contextualized embedding models used. All mod-
els use mean-pooling over tokens to derive an embedding of the input se-
quence [Devlin et al., 2019; Liu et al., 2019; Reimers and Gurevych, 2020;
Sanh et al., 2019].

6.2.4 Multilingual Evaluation Results of CTM

We use the CTM model with configurations that worked best during the experiments

of the sections before. This involves the choice of embedding model paraphrase-

multilingual-mpnet-base-v2, the number of training iterations (20), and learning rate

(0.002). We still use the W2 dataset and mine 25 topics.

The results of Bianchi et al. [2021b] on the W2 dataset with 25 topic were repro-

duceable. Evaluation results will suffer when the number of topics is increased.

Especially the number of matches will decrease, as the match metric does not ac-

count for partial correctness and matches are obtained using the largest topic weight,

no matter how small the difference between the two most dominant topics might

be. Metrics that do account for partial correctness - such as Centroid Distance or

KL Divergence - seem to be more consistent when increasing the number of topics.
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Matches (in %) Centroid Distance KL Divergence

Italian 74 0.82 0.23

Portuguese 75 0.82 0.27

German 71 0.80 0.30

French 72 0.80 0.31

EN (translated) 80 0.87 0.21

Table 6: Comparison of the multilingual evaluation metrics for each test set language
separately in comparison to the English Test set. Last row is the comparison
of a new test set, the automatic translation from German into English, with
the German test set.

We visualize the prediction results of CTM on the German test set (Figure 10). The

equivalent visualization on the English test documents can be found in Figure 168.

Figure 10: CTM’s prediction of topic weights on the German test documents. Colors
represent the most dominant topic, positions are obtained using t-SNE
dimensionality reduction, therefore positions are to be interpreted rela-
tively.

8Interactive versions of the graphics in HTML-format can be found here: https://github.com/
frmati/TM_Material/tree/main/Test%20Documents
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Each data point represents a test article that is characterized through its predicted

topic-weights. A point resides thus in a feature space of 25 dimensions (25 topics).

To visualize the relative distances between data points and as consequence their

similarities in terms of topic content, we reduced the number of feature dimensions

from 25 to 2 using the dimensionality reduction algorithm t-SNE. Positions and

distances to other data points need to be interpreted relatively. A data point’s color

represents the topic ID that was attributed the most weight in the document.

In Figure 10 we see some clearly defined clusters of documents that contain very sim-

ilar topics and are clearly separated from other abstracts. In visualization’s center,

we cannot find dense clusters with a common topic prediction. These documents

have similarities in terms of their topic weights.

6.2.4.1 Manual Evaluation of Topic Predictions

Non-matching topic predictions will be evaluated between the test sets in English

and German. It needs to be noted that the text of two articles is not a translation,

but rather two articles that originated independently in the two languages by dif-

ferent authors, with only the general subject in common. Thus, there can be a very

different emphasis on certain details. The maximum length per abstract was limited

to 200 tokens by Bianchi et al., due to limitations of the sentence embedding method.

Possible reasons for non-matching predictions are that two articles have differing

lengths. In these cases, the focus of content often lies differently, and more empha-

sis is put onto other subjects. The shorter document is more often classified correctly

in cases where the predictions do not match. These abstracts seem to focus more

on the key topic.

In many cases the two predictions are partially correct, as the two topics are related

and an abstract exhibits content of both - i.e. CTM topic ID 14 (car/tennis cham-

pionships) and ID 19 (tournaments, team championships)8.

Furthermore, compounded German nouns seem to make correct topic predictions

more difficult. In such cases, topic informative words are not correctly recognized

and the hints to the correct category seem to vanish.

8More details can be found in the appendix (Table 8).
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6.2.5 Multilingual Evaluation Results for LOTClass

Until now, we have been focusing on CTM’s performance on the W2 dataset. We

will now examine LOTClass’ results in the multilingual setting of the W2 dataset.

In order to make both CTM and LOTClass better comparable, we use the top-k

most representative words per category obtained by CTM as weak supervision input

for LOTClass. Label names occurring in multiple categories were removed manually.

The resulting category vocabulary after training can be found in Table A.0.2. Bert-

base-multilingual was used as a pre-trained language model to allow for evaluation

of the trained model on cross-lingual test data.

In the following section, we will evaluate the effect of the number of labels per

category that are provided to the model as weak-supervision input and calculate

multilingual evaluation metrics.

The approach of LOTClass is to fine-tune a BERT model to understand categories

[Meng et al., 2020]. But on the W2 dataset this approach was not very successful, as

the model was not able to find enough category representative terms per document.

We can therefore not evaluate a model that was trained under the best possible

conditions.

6.2.5.1 Effect of Weak-Supervision Input on Multilingual Evaluation Metrics

We use as weak supervision input the top-k most representative words per topic,

as they were derived using the CTM and train LOTClass with k = 1, 5, 20 words

per topic. In cases where labels names occurred in multiple categories, they were

removed, resulting in a smaller amount of supervision input for certain categories9.

k Ø Matches (%) Ø Centroid Distance Ø KL Divergence

1 67 0.76 0.94

5 86 0.88 0.44

20 81 0.84 0.53

Table 7: Multilingual evaluation metric obtained using LOTClass on W2 dataset
with 25 topics, we vary k (number of labels as weak-supervision input per
category). Ø denotes average values between the test sets in German,
French, Italian and Portuguese

Using k = 5 resulted in the best performance concerning the multilingual evaluation

metrics (see Section A.0.6). One label per topic was less suited, as even fewer cat-

9The labels used as weak-supervision input to LOTClass can be found in Table 9 in the appendix.
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egory indicative words could be found in this setting (see Table 12). Performance

decreased with k = 20 as we used the most representative words per topic from the

CTM model (see Table 11). This is problematic for two reasons: (1) the most cate-

gory representative words are valuable inputs, as they belong nearly exclusively to a

category. But the more of these top-k words we use, we include words as supervision

input that are not category exclusive. The predefined categories will be defined less

concisely and (2) the model gets computationally more expensive.

LOTClass’ predictions of the most dominant topic per document are more similar

between languages than the predictions of CTM. Also, LOTClass is outperforming

CTM in terms of centroid similarities. These are larger for LOTClass, presuming

that the two predictions for a parallel test document are more similar semantically.

In contrast, KL divergence is larger for LOTClass than for CTM. Thus, the pre-

dicted document-topic distributions exhibit greater average difference for each test

document.

Nevertheless, we need to be careful interpreting these results, as they could not be

obtained under the best conditions. Under any configuration, LOTClass was not

able to find the necessary amount of documents per category. According to Meng

et al. [2020] this amount is set to 10 documents per category. Therefore at least

10 documents containing words considered category indicative need to be found.

Then again, category indicativeness is based on a threshold of 20 tokens. Reducing

that threshold is not recommended and will make the model less accurate because

at some point each word will be considered category indicative. This will prolong

training time.

As for some categories of the W2 dataset, no examples could be found, we did

not change weak-supervision category labels, and did not reduce the threshold for

category indicativeness. We continued the training process despite the warnings onto

the 2nd and 3rd step. We note that the multilingual evaluation metrics (especially

Table 10) without annotation labels are not reliable in that scenario, and we need

to look further into the individual cases. The already familiar Figure 10 is helpful

for that evaluation.
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Figure 11: LOTClass’ predictions of topic weights on the German test documents.
Colors represent the most dominant topic, positions are obtained using
t-SNE dimensionality reduction, therefore positions are to be interpreted
relatively.

We can see that in comparison to the analogous classification of CTM’s predictions

in Figure 10 10, LOTClass’ predictions are visualized as more dense and clearly

defined clusters. This is due to the incompletely trained model that could not

find documents containing category representative terms for all available categories.

Thus, these dimensions have weight 0 or cannot be recognized correctly during the

prediction of topic weights on the test documents. Some abstracts have less topics

in common and thus are more distanced from each other. On the other hand, if

some terms occur in multiple documents, they are likely to be embedded very close

to each other. Especially the articles contained in a circle formation are all equally

similar to the article in the center of the circle as they share the most dominant

topic [Wattenberg et al., 2016].

10The equivalent figure derived from the predictions on the English dataset can be found in Figure
16.
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7 Conclusion

We followed Bianchi et al.’s approach and used their evaluation metrics that were

designed to express how well a topic model could be transferred into a new unknown

language. This language can be different from the language the model was trained

on with the limitation that the two languages must be supported by the multilingual

embedding model. Bianchi et al. [2021b] used the AVITM1 framework as a basis,

and changed the text input representation technique to contextualized pre-trained

sentence embeddings. The availability of multilingual models allowed the applica-

tion of a topic model in a cross-lingual way using zero-shot learning, which resulted

in CTM. This model then was compared to LOTClass, an approach that is not using

sentence embeddings but the fine-tuning of a BERT model for the task of category

understanding.

Meng et al.’s results on the AG’s News dataset were reproduceable, but we found

that there were limitations on other datasets. This was the case on small datasets

such as 20Newsgroups, but did occur on large datasets as well, if it did not contain

enough documents with category indicative terms. On the basis of the keywords

we provided as a starting point2 the vocabulary was extended with semantically

similar words. But these words did not occur in a sufficient amount of documents,

which in consequence did not allow full adaption of the BERT model to the category

prediction task. We could not train the LOTClass model under best conditions and

must therefore evaluate the multilingual evaluation metrics obtained by LOTClass

critically. It would be necessary to change the input labels to provide a better suited

starting point to the model, on the other side this would make the comparison be-

tween the two models harder. Also, it would be beneficial to use another dataset

that also includes a larger amount of test articles, since the W2 test sets only in-

clude 300 abstracts. The XNLI dataset could be adequate for that task, as it is

also a standard dataset used for the evaluation of multilingual models and transfer

learning. Furthermore, it provides test datasets in 15 languages that were manually

1Autoencoded Variational Inference For Topic Models, [Srivastava and Sutton, 2017]
2These keywords were obtained from CTM’s most dominant words per topic.
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translated by humans [Conneau et al., 2018]. But challenges remain, as there is also

no gold categorization available.

We obtained another pair of parallel test datasets by automatically translating the

German test set into English. This new pair should contain as much similarity in

terms of contents as machine translation allows now. Nonetheless, we could never

reach matching topic prediction using the CTM and obtain evaluation results that

were larger than 80% resp. KL-divergence scores less than 0.20. Improvements in

comparison to using abstracts in different languages of Wikipedia were noticeable.

But there is still plenty of room for improvement, since still one fifth of the most

dominant topic weight predictions do not match.

In the topic modeling task, which is mostly unsupervised, calculation of a metric

reflecting accuracy is difficult due to non-matching topic schemes. Both could be

correct and this needs to be manually evaluated. Therefore, topic models are not

judged based on their predictions but based on the coherency of the most important

words per topic. Evaluation in the case of LOTClass (which is a weakly-supervised

classification model) is easier as the supervision input fits the annotation scheme of

the labels.

We tested whether correlation metrics could be used as an accuracy measure for

unsupervised topic classification, but this was not the case in our experiments.

However, we conclude that visualizations of the topics and their most important

words helped considerably to assess the quality of a topic model. Also, we visual-

ized how the documents of the test set were classified and what their similarities

in terms of topic weights and most dominant topic were. This method allowed us

to gain plenty of insights into a specific topic model, and we could easily see dif-

ferences between the two models in terms of their classifications of test documents.

LOTClass’ predictions proved to be sensible as few words were sufficient to provoke

the assignment of a document to a topic. Furthermore, the problematic persists as

most topics contained only weights for a limited number of topics, as often a topic

could not be detected at all.

Differences in the contextualized, pre-trained sentence embedding models had the

largest effect on the multilingual evaluation measures of CTM. Progress in that area

will benefit the applicability of trained topic models on documents of other languages

that may not have enough domain specific text documents to allow the training of

a qualitative satisfactory topic model.
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Chapter 7. Conclusion

We have examined some of the limitations of CTM and the method of autoencoded

variational inference for topic models. We observed that we could not reduce loss by

a significant amount after a few epochs and must therefore evaluate the usefulness

of the loss function utilized and the assumptions regarding the prior distribution of

the latent variables, that is tried to approximate.
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M. Brümmer, M. Dojchinovski, and S. Hellmann. Dbpedia abstracts: A

large-scale, open, multilingual NLP training corpus. In N. Calzolari, K. Choukri,

T. Declerck, S. Goggi, M. Grobelnik, B. Maegaard, J. Mariani, H. Mazo,

A. Moreno, J. Odijk, and S. Piperidis, editors, Proceedings of the Tenth

International Conference on Language Resources and Evaluation LREC 2016,
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A Additional Material

A.0.1 Topic Overviews

Topic ID Subject top-10 most important words

1 Geographics ’island’, ’river’, ’mountain’, ’lake’, ’islands’, ’mount’, ’survey’, ’peak’, ’mountains’, ’glacier’

2 directions ’poland’, ’west’, ’within’, ’approximately’, ’east’, ’capital’, ’regional’, ’north’, ’kilometres’

3 Buildings ’building’, ’church’, ’built’, ’grade’, ’house’, ’school’, ’parish’, ’style’, ’listed’, ’england’

4 U.S. sport american’, ’high’, ’school’, ’college’, ’baseball’, ’head’, ’nfl’, ’university’, ’state’, ’texas’

5 Olympics, sport silver’, ’summer’, ’gold’, ’russian’, ’bronze’, ’medal’, ’olympics’, ’world’, ’winter’, ’olympic’

6 movies ’film’, ’directed’, ’stars’, ’produced’, ’films’, ’drama’, ’roles’, ’comedy’, ’written’, ’role’

7 military ’war’, ’air’, ’force’, ’army’, ’military’, ’ship’, ’navy’, ’forces’, ’royal’, ’naval’

8 sports ’played’, ’made’, ’league’, ’cricket’, ’born’, ’player’, ’club’, ’career’, ’first’, ’professional’

9 Animals ’native’, ’plant’, ’name’, ’common’, ’fish’, ’commonly’, ’spoken’, ’tree’, ’plants’, ’red’

10 Arts ’art’, ’writer’, ’work’, ’works’, ’born’, ’worked’, ’artist’, ’known’, ’award’, ’poetry’

11 United States ’county’, ’states’, ’national’, ’united’, ’places’, ’state’, ’historic’, ’register’, ’complete’, ’list’

12 digital ’software’, ’system’, ’developed’, ’mobile’, ’systems’, ’available’, ’engine’, ’data’, ’design’

13 news ’company’, ’radio’, ’owned’, ’channel’, ’broadcasting’, ’news’, ’founded’, ’inc’, ’largest’

14 racing ’held’, ’racing’, ’race’, ’tour’, ’races’, ’event’, ’car’, ’tennis’, ’world’, ’championship’,

15 politics ’party’, ’government’, ’act’, ’members’, ’president’, ’election’, ’elections’, ’council’, ’vote’

16 colours ’brown’, ’grey’, ’white’, ’family’, ’found’, ’costa’, ’black’, ’wing’, ’orange’, ’dark’

17 research ’university’, ’research’, ’medical’, ’science’, ’institute’, ’education’, ’sciences’, ’society’

18 United states ’cleveland’, ’baltimore’, ’bell’, ’davis’, ’hamilton’, ’taylor’, ’howard’, ’seattle’, ’puerto’, ’mass’

19 championships season’, ’club’, ’league’, ’division’, ’football’, ’team’, ’stadium’, ’teams’, ’cup’, ’play’

20 Television series’, ’game’, ’show’, ’published’, ’book’, ’comic’, ’novel’, ’comics’, ’character’, ’aired’

21 Music ’band’, ’album’, ’music’, ’rock’, ’records’, ’released’, ’studio’, ’label’, ’song’, ’pop’

22 Medieval king’, ’prince’, ’greek’, ’rome’, ’roman’, ’iii’, ’saint’, ’duke’, ’holy’, ’maria’

23 Politics served’, ’member’, ’politician’, ’elected’, ’educated’, ’john’, ’born’, ’canadian’, ’william’

24 railways ’station’, ’road’, ’line’, ’railway’, ’bridge’, ’train’, ’trains’, ’rail’, ’highway’, ’metro’

25 Village ’town’, ’iran’, ’population’, ’province’, ’persian’, ’census’, ’municipality’, ’district’, ’city’, ’rural’

Table 8: Manual Evaluation of CTM topic quality
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A.0.2 LOTClass Category Vocabulary

Figure 12: LOTClass’ derived category vocabulary on the W2 dataset. Part 1.
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Figure 13: LOTClass’ derived category vocabulary on the W2 dataset. Part 2.
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Figure 14: LOTClass’ derived category vocabulary on the W2 dataset. Part 3.
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A.0.3 Additional Material to Chapter 6

Figure 15: Train loss during 2000 epochs of training a CTM model is changing only
marginally after the first 20 epochs.

Figure 16: CTM’s prediction of topic weights on the English test documents. Col-
ors represent the most dominant topic, positions are obtained using t-
SNE dimensionality reduction, therefore positions are to be interpreted
relatively.
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A.0.4 Labels Used as Supervision for LOTClass

supervision labels used when providing at most 5 labels per category when providing one label per cateogry

king prince saint lord roman king

party member election minister government government

held race racing year calendar race

radio music television show tv radio

film directed stars films award film

developed software available engine system software

native common chinese plant asia asia

station line rail railway trains railway

served court judge law law

club cricket made first club

company organization services founded companies company

album released band rock records band

east west mi poland south east

war air army force military war

built house building national listed building

American baseball professional born baseball

series book published novel comic book

taylor bell davis baltimore howard baltimore

silver gold summer world olympic Olympic

university professor studies institute science university

school county high state community county

team head season division conference team

mountain river island mount lake mountain

iran province town population municipality population

brown white grey family brown

Table 9: Labels that were used as weak-supervision input for LOTClass in the cases
of providing at most 5 labels or only one label. The case of providing 20
labels was omitted here as most of them can be found in Figures 12, 13, 14
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A.0.5 CTM Detailed Results Table: 3

20 epochs NPMI SCORE: 0.20 (using 10 words per topic)

Comparing EN with EN translation from GER:

Centroid Distance: 0.83

Average KL Divergence: 0.28

MATCHES: 224 of 300. In %: 75

Comparing GER with EN translation from GER:

Centroid Distance: 0.87

Average KL Divergence: 0.21

MATCHES: 240 of 300. In %: 80

Comparing EN with PORT:

Centroid Distance: 0.82

KL Divergence: 0.26

MATCHES: 221 of 300. In %: 74

Comparing EN with GER:

Centroid Distance: 0.80

KL Divergence: 0.29

MATCHES: 212 of 300. In %: 71

Comparing EN with IT:

Centroid Distance: 0.81

KL Divergence: 0.28

MATCHES: 213 of 300. In %: 71

Comparing EN with FR:

Centroid Distance: 0.83

KL Divergence: 0.28

MATCHES: 222 of 300. In %: 0.74

100 epochs NPMI SCORE: 0.20 (using 10 words per topic)

Comparing EN with PORT:

Centroid Distance: 0.82
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KL Divergence: 0.30

MATCHES: 226 of 300. In %: 75

Comparing EN with GER:

Centroid Distance: 0.79

KL Divergence: 0.35

MATCHES: 216 of 300. In %: 72

Comparing EN with IT:

Centroid Distance: 0.79

KL Divergence: 0.31

MATCHES: 214 of 300. In %: 71

Comparing EN with FR:

Centroid Distance: 0.79

KL Divergence: 0.33

MATCHES: 212 of 300. In %: 71

300 epochs NPMI SCORE: 0.19 (using 10 words per topic)

Comparing EN with PORT:

Centroid Distance: 0.82

KL Divergence: 0.31

MATCHES: 225 of 300. In %: 75

Comparing EN with GER:

Centroid Distance: 0.78

KL Divergence: 0.34

MATCHES: 204 of 300. In %: 68

Comparing EN with IT:

Centroid Distance: 0.80

KL Divergence: 0.33

MATCHES: 214 of 300. In %: 71

Comparing EN with FR:
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Centroid Distance: 0.78

KL Divergence: 0.35

MATCHES: 208 of 300. In %: 69

500 epochs NPMI SCORE: 0.18 (using 10 words per topic)

Comparing EN with EN translation from GER:

Centroid Distance: 0.77

Average KL Divergence: 0.33

MATCHES: 201 of 300. In %: 67

Comparing GER with EN translation from GER:

Centroid Distance: 0.82

Average KL Divergence: 0.23

MATCHES: 223 of 300. In %: 74

Comparing EN with PORT:

Centroid Distance: 0.79

Average KL Divergence: 0.35

MATCHES: 210 of 300. In %: 70

Comparing EN with GER:

Centroid Distance: 0.77

Average KL Divergence: 0.35

MATCHES: 198 of 300. In %: 66

Comparing EN with IT:

Centroid Distance: 0.77

Average KL Divergence: 0.35

MATCHES: 201 of 300. In %: 67

Comparing EN with FR:

Centroid Distance: 0.77

Average KL Divergence: 0.38

MATCHES: 196 of 300. In %: 65
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A.0.6 LOTClass Detailed Results Table 7

Matches (in %) (n=25) Centroid Distance (n=25) KL Divergence (n=25)

German 86 0.895 0.324

French 86 0.900 0.358

Italian 75 0.841 0.740

Portuguese 86 0.894 0.328

Table 10: Comparison metrics between the English test set and the test sets in
multiple other languages. LOTClass was used with at most 5 words as
weak-supervision input. NPMI score on the training set was 0.123

Matches (in %) (n=25) Centroid Distance (n=25) KL Divergence (n=25)

German 77 0.835 0.509

French 81 0.861 0.467

Italian 74 0.810 0.668

Portuguese 78 0.844 0.472

Table 11: Comparison of similarity between the predicted topic distributions on the
different test sets. Weak-supervision input was extended to the whole
category vocabulary (at most 20 words per category)that was calculated
in an earlier run. NPMI score on the training set was 0.128

Matches (in %) (n=25) Centroid Distance (n=25) KL Divergence (n=25)

German 68 0.760 0.942

French 67 0.748 0.961

Italian 69 0.769 0.963

Portuguese 69 0.764 0.893

Table 12: Comparison of similarity between the predicted topic distributions on the
different test sets. Weak-supervision input was reduced to the semantically
most general label (1) per category. NPMI score on the training set was
0.072
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B Default Model Configuration

B.1 LOTClass

LOTClass was used under the standard configuration settings and the parameters

that were used on the AG’s News dataset, as described in Meng et al. [2020] since

W2 has similar attributes. This includes clipping of articles to a maximum length of

200 tokens. Training took place on two GeForce GTX Titan X (12GB) GPUs. Train

batch size was set to 32 and evaluation batch size to 128. The model was trained

on the MCP step for 3 epochs, and self training was set to 1 epoch. Tokenization

of the input text was performed using the integrated tokenizer of the pre-trained

BERT model bert-base-multilingual-uncased. Category vocabulary size was kept at

100, during MLM the top prediction cutoff was set to 100, and match-threshold for

category indicative words was set to 20. The number of gradient accumulation steps

was set to 2.

B.2 CTM

Default training duration was set to 20 epochs, dropout was set to 0.2 by default,

batch size was set to 64, learning rate to 0.002, and a momentum of 0.99 was used.

Training took place on one GeForce GTX Titan X (12GB) using the language model

paraphrase-multilingual-mpnet-base-v2. Preprocessing was done using the model’s

built-in tokenizer functionality. Furthermore, for the BoW input representation,

stopwords were removed using NLTK, also the WhiteSpacePreprocessing method of

CTM was used which sets all characters to lowercase and filters out infrequent tokens

and punctuation. Vocabulary size was set to 2’000 and the BoW representation was

derived using Scikit-learn’s CountVectorizer method.
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Figure 17: Selbständigkeitserklärung

66


	Abstract
	Acknowledgment
	Contents
	List of Figures
	List of Tables
	List of Acronyms
	Introduction
	Motivation
	Main Objective
	Structure

	Text Representation Techniques
	Language Representation
	BoW Document Representation

	Pre-trained Neural Language Representations
	BERT
	Training Process
	Sentence-Transformers (sBERT)
	Multilingual BERT Versions

	RoBERTa
	DistilBERT


	Topic Models
	Generative Probabilistic Models
	Generative Process
	Posterior Inference Approximation

	Latent Dirichlet Allocation (LDA)
	Limitations
	Incorporation of Meta-data


	Neural Topic Models
	Variational Autoencoder (VAE)
	Inference Process
	Undercomplete Autoencoders

	ProdLDA Model
	Implementation of Autoencoded Variational Inference for LDA Topic Models

	Zero-Shot Cross-Lingual Contextualized Neural Topic Model (CTM)
	Fine-tuning BERT for Category Understanding (LOTClass)
	LOTClass' Training Process


	Cluster Analysis

	Datasets
	Dataset Overview
	20Newsgroups Dataset
	W1 and W2
	AG's News

	Evaluation Techniques
	Monolingual Evaluation
	Metrics of Monolingual Evaluation

	Visualizing Topic Models
	Multilingual Evaluation
	Metrics of Multilingual Evaluation


	Evaluating Training Dynamics of CTM and LOTClass
	Evaluation in a Standard Setting
	Influence of k on NPMI Coherence
	Influence of Training Repetitions on Topics Derived
	Influence of Learning Rate on Loss

	Evaluation in Cross-lingual Setting
	Evaluation on a Parallel Test Set
	Influence of Training Duration on Multilingual Evaluation Metrics
	Influence of Embedding Models on Multilingual Evaluation Metrics
	Multilingual Evaluation Results of CTM
	Manual Evaluation of Topic Predictions

	Multilingual Evaluation Results for LOTClass
	Effect of Weak-Supervision Input on Multilingual Evaluation Metrics



	Conclusion
	References
	Additional Material
	Topic Overviews
	LOTClass Category Vocabulary
	Additional Material to Chapter 6
	Labels Used as Supervision for LOTClass
	CTM Detailed Results Table: 3
	LOTClass Detailed Results Table 7

	Default Model Configuration
	LOTClass
	CTM


