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Introduction

Following the release of LLM-based assistants — most notably ChatGPT, which
was based on GPT-3 (Brown et al., 2020) and later upgraded to GPT-4 (OpenAl;
Achiam et al., 2024) — and their subsequent growth in popularity, concerns have
emerged about the possible misuse of the service, particularly for plagiarism. This
concert was largely raised in academic contexts (Susnjak; McIntosh, 2024).

Given the natural-sounding text generation, the distinction between human-
written and generated text is challenging for humans (Milicka et al., 2025). In
contrast, machine-learning methods proved to be accurate to some extent (Junchao
Wu et al., 2025). However, according to Liang et al. (2023), some of these methods
are perplexity-based (perplexity in this context refers to a measure of ‘surprise’ of
an LLM when attempting to predict the next token of a given text; see Section 4.5.1
for definitions) and tend to be biased against non-native English speakers, whose
texts often have lower perplexities. As a result, the texts from non-native speakers
are often falsely flagged as Al-generated.

In this thesis, we follow up on the work of Liang et al. (2023), in the Czech-
speaking context, and aim to answer three fundamental questions:

1. Is there a bias against non-native speakers in Czech generated text detectors?

2. Is the perplexity of the texts from Czech non-native speakers lower than the
texts of their native peers?

3. Is it possible to create generated text detectors without — explicitly or
implicitly — relying on perplexity?

To answer the first question, we create a set of generated text detectors and
analysers from the commonly used categories: (1) classical machine learning model
using a bag-of-words text representation, (2) fine-tuned pre-trained RoBERTa-like
(Y. Liu et al., 2019) model, and (3) entropy-based analyser. In addition, we add a
commercial detector and an unconventional non-pre-trained Transformer (Vaswani
et al., 2017) encoder-only model for examination. We evaluate these models on
multiple domains to assess their overall quality and their performance on the texts
of native vs. non-native speakers.

For the second question, we use the aforementioned entropy-based analyser.
Note that entropy and perplexity have a straightforward exponential relationship.
We measure the entropy distributions in all the inspected domains and compare
the texts from the non-native speakers with those of their peers, as well as other
domains. Furthermore, we visualise the contributions to entropy for each token of
a given sample and gain some insight into the factors that affect the entropy of a
text.

Finally, to answer the third question, we inspect the correlations within one
class (human-written or generated) between the entropy-based analyser and the
rest of the analysers, to assess whether they implicitly work with some internal
representation of the entropy. We further examine how these correlations change
across domains.

Our research finds that the answer to the three proposed questions is consider-
ably different from the work of Liang et al. (2023). We highlight the fact that



significant advances in the generated text detection task have been made since
2023. Furthermore, the language setting proved to be an important factor when
considering the bias against non-native speakers.

The thesis has the following structure: in Chapter 1, we present the theoretical
background for the used concepts. Chapter 2 provides the related literature
overview. Chapter 3 discusses the dataset used and the pre-processing pipelines.
Chapter 4 contains all of the conducted experiments. In it, we dedicate Sections 4.1,
4.2, 4.3, and 4.4 to creating and examining various types of generated text detectors.
Section 4.5 inspects the entropy of the datasets. Finally, Section 4.6 provides a
comparison of the presented methods using correlation analysis. For reproducibility,
we provide the scripts used in the experiments in a GitLab repository!.

https://gitlab.mff.cuni.cz/alalia/detectors-thesis (accessible for members of
the Faculty of Mathematics and Physics only).


https://gitlab.mff.cuni.cz/alalia/detectors-thesis

1 Theoretical Background

This chapter explains fundamental concepts that the thesis heavily relies on.
We aim to provide sufficient context for readers unfamiliar with Machine Learning
(ML) or Natural Language Processing (NLP), and only general technical knowledge
is expected. Experienced readers may skip most of the sections.

For the purposes of our thesis, we use the following definition of Machine
Learning by T. M. Mitchell and T. M. Mitchell (1997):

A computer program is said to learn from experience E with respect to
some class of tasks T and performance measure P, if its performance
at tasks in T, as measured by P, improves with experience E.

Given that the concepts of experience, task, and performance are loosely defined,
the definition is applicable to various scenarios, leading to various ML algorithms.

For our purposes, we expect that the ezperience is a dataset consisting of (1) a
set of eramples X = {x | x®) € X}, which are collections of features 202
and (2) a set of labels Y = {y® | y® € Y}, corresponding to each example. Note
that in our notation, we make a distinction between scalars, printed in cursive

(a), and vectors, printed in bold (a).

1.1 Probability Theory

The essential concept for probability theory is the sample space €2, which can
be viewed as the set of all possible outcomes of an experiment. An event E is any
subset of the sample space. An event space F is a subset of all possible events:
F CP(Q). A probability function is a function P : F — [0, 1] satisfying:

1. P(Q) =1,
2. for each Fy,..., E, C F such that F; N E; = @ for i # j:

() -z

The conditional probability of an event E given another event F', denoted by
P(E | F) is defined as:
P(ENF)
P(F)
A useful law regarding the conditional probability is Bayes’ law, which shows the
relationship between P(E | F) and P(F' | E):

P(E|F) =

F|E)P(E)
P(F

pE|F) =2

)
Events E and F' are independent, it P(ENF) = P(
independent given and event G, if P(ENF | G) = P(
Balter, 2023, Chapter 2).

)P(F') and conditionally

E
E | G)P(F | G) (Harchol-

10



A random wariable is a function X : @ — R. A random variable is discrete
if the set of all possible values Im(X) is countable. For random variable X, the
Probability Mass Function (PMF) px : Im(X) — [0,1] is defined as px(a) =
P(X=a)=P{we Q| X(w)=a}). The PMF defines a probability distribution.

The Bernoulli distribution is a common distribution, in which the Im(X) =
{0,1}. It is parametrised by a single number p € [0,1]. Then px(1) = p and
px(0) = 1 —p (Harchol-Balter, 2023, Chapter 3). A generalisation of the Bernoulli
distribution to Im(X) = {1,...,k} is the categorical distribution, parametrised
by pi,...,pk—1 € [0,1], such that > p; < 1. Then (Goodfellow et al., 2016,

Chapter 3):
. Dis fori < k
Px (Z) = k—1 def

1 =300 = pr, fori=k

The binomial distribution arises from the sum! of n independent trials of a

random variable that follows the Bernoulli distribution with parameter p. The
PMF is defined as:

px(i;n,p) = <:L>p"(1 —p)"

To generalise the binomial distribution to a higher dimension, the definition of a
random variable must be generalised first: from X : Q@ — R to X : Q — R*. The
multinomial distribution arises from counting the outcomes of n independent trials
of a random variable that follows the categorical distribution with parameters
P1,...,pk. This results in a vector of counts ¢ € {0,...,n}* such that 3, ¢; = n.
The PMF is defined as (Bishop, 2006, Chapter 2):

n!

k
c;
x(c;n,p1y...,Pg) = —————— ;
px(c;n,p1, ..., k) 01!02!...ck!gp’

1.2 Classification Task

The classification task is the most relevant task for our thesis. In the task, the
computer (specifically, a model running on the computer) is required to predict
one of k labels (or classes) for an example x. This typically involves learning the
parameters 6 of a prediction function fy : R" — {1, ..., k} (Goodfellow et al., 2016,
Chapter 5), although the example x is not necessarily a vector of a fixed length
nor real numbers, as will be our case.

A special case of the classification task is the binary classification task, where
k = 2. In this case, the labels are often called positive (1) and negative (0). We
view the generated text detection as an instance of such a task: the two classes
are generated (i.e. positive) and natural/human-written (i.e. negative).

1.2.1 Evaluation Metrics

For tasks such as classification, the typical evaluation metric (performance
measure) is accuracy — i.e. the proportion of correctly classified examples (Good-
fellow et al., 2016, Chapter 5). Let 79 be the label predicted by the model for
x® and y® the true label of x®. Then the accuracy on the set X is defined as:

LOr, equivalently, the count of positive draws (where X = 1).

11



{i 10 <i<[X]Ay® =3}
| X]

While accuracy provides an intuitive evaluation, achieving high accuracy is
trivial when the classes are unbalanced. Furthermore, it may also be useful to
distinguish the model’s performance on samples belonging to the individual classes
rather than the whole dataset. For these reasons, we introduce alternative metrics:
a prediction is false negative if the predicted label is 0, while the true label is 1 and
false positive if the predicted label is 1, while the true label is 0 (Russell; Norvig,
2016, Chapter 19). Subsequently, we define the False Negative Rate (FNR) and
False Positive Rate (FPR) as:

Acc =

{ilo<i<|X[Ay®=0n5" =1}
{i] 0 <i<|X|Ay® =1}

FNR =

{ilo<i<|X[AyD =159 =0}
{i|0<i<|X[Ay® =0}
In other words, FPR is the proportion of false positives relative to all negative
samples and FNR is the proportion of false negatives relative to all positive
samples. In the context of generated text detection, a false positive is a sample

that is human-written but classified as generated. A false negative is a sample
that is generated but incorrectly classified as human-written.

FPR =

1.3 Optimisation

The process of optimisation involves finding the minimum? of a loss function
f(x) (Goodfellow et al., 2016, Chapter 4). A typical loss function for the classific-
ation task is the Negative Log-Likelihood (NLL) defined as follows (Goodfellow
et al., 2016, Chapter 5):

_Exuy’\/ﬁdata ]'Og pmodel (y | X)

1.3.1 Optimisers

The loss function is commonly optimised numerically, using gradient descent.
In order to find x* = argmin, f(x), the method iteratively computes the gradient
V«f(x) and updates x to a new value:

x ' =x — eVyf(x)

where € > 0 is the Learning Rate (LR).

A drawback of the gradient descent method is that it is not guaranteed to reach
the global minimum and can converge to any local minimum. The optimisation
objective of finding the global optimum is therefore often relaxed to finding a
‘satisfactory’ local minimum (Goodfellow et al., 2016, Chapter 4).

2In other contexts, optimisation can also refer to finding the maximum. In the general case,
the optimised function is called the objective function.

12



Learning rate warm-up and decay

1.0 —— Linear warm-up
Cosine decay

0.8

0.6

0.4

Learning rate (&)

0.2

0.0

0 100 200 300 400 500 600
Optimisation step (t)

Figure 1.1 Example learning rate scheduling plot for 77 = 100 linear warm-up steps,
T> = 500 cosine decay steps, and e = 1.

To allow working with a large training dataset, the gradient is often estimated
on a small subset drawn uniformly from the training data called a minibatch or
just batch. This required the loss function to be decomposable into per-example
loss computations, which holds for the NLL. Such extension of the gradient
descent method is called the Stochastic Gradient Descent (SGD; Goodfellow et al.,
2016, Chapter 5). A more advanced version of the SGD algorithm is Adam W
(Loshchilov; Hutter, 2019), which adapts a learning rate for each parameter and
supports a straightforward choice of the weight decay (which is a method of
controlling overfitting).

1.3.2 Learning Rate Scheduling

In numerous scenarios, a variable Learning Rate is used, where a scheduler
determines the LR for each optimisation step (Zhang et al., 2023, Sec. 12.11).
The LR is typically scheduled in two phases: warm-up and decay?.

In the warm-up phase, the goal is to ensure stability at the beginning of the
training, when the performance is poor and the loss gradients are high. For the first
T; steps, the learning rate will gradually increase from 0 to er. A straightforward
approach is to use a linear warm-up, which defines the LR at time ¢ as:

_
€t — ﬁET
At the end of the training, the aim is to have a small LR to ‘refine’ the weights,
while avoiding too drastic changes to the LR and keeping it reasonably high during
most of the decay phase. Cosine decay (Loshchilov; Hutter, 2017) can be used to
achieve this, using the following formula below to decay from 75 to 0:

1 <1+ mf)
€} — —€ COS —
ET ot T,

Figure 1.1 shows an example relationship of ¢; on ¢ when using the combination
of linear warm-up and cosine decay.

3Not to be confused with weight decay.

13



1.3.3 Underfitting, Overfitting, Regulatisation

The ability of a model to perform well on previously unseen data is called
generalisation. In ML, the objective is to minimise the generalisation error,
alongside the training error. To measure the generalisation error, the original
dataset is divided into a train set and a wvalidation set, and only the former is used
during training.

The situation where the training error is high is called underfitting. The
opposite phenomenon, in which the generalisation error is considerably larger than
the training error, is called overfitting. Altering the model’s capacity — i.e. its
ability to fit a wide variety of functions — is one of the ways to control underfitting
and overfitting (Goodfellow et al., 2016, Chapter 5).

Aside from directly changing the number of parameters in the models, overfit-
ting can be prevented by choosing certain approaches during training, including
(Goodfellow et al., 2016, Chapter 7):

o L? parameter regularisation, commonly known as weight decay. This involves
adding the term o3 ||wl[|3 to the loss function, where w is the vector of all
weights of the model and « is a constant (hyperparameter). This, in turn,
limits the model’s capacity.

o Farly stopping, which is the practice of ending the training process once the
performance no longer improves on the validation set.

o Dataset augmentation — creating new samples by alternating the original
ones slightly. An example would be to shift, rotate or scale images in an
image classification task.

» Dropout (Srivastava et al., 2014), during which, with the probability of p
the output of each hidden unit is replaced with 0 (masked). On inference,
no masking is applied, and all the weights where dropout was applied are
scaled down by a factor of p to account for the larger number of inputs.
This is done to prevent the units from co-adapting ‘too much’

o Label smoothing, which softens the hard category targets by taking g < 1
from the true target and redistributing it towards the other labels uniformly.
For binary distribution, this would mean that, after smoothing, a positive
sample would have the target probability 1 — § for the positive label and
for the negative label.

1.4 Naive Bayes Model

The Naive Bayes (NB) model is a model for classification which exploits the
Bayes’ law (see Section 1.1) and introduces the naive assumption of conditional
independence of the features given the class, which significantly simplifies the
model. Suppose a vector of features x = (z1,...,7;)" and [ classes Oy, ..., C;. The
goal is to predict the probability of a class given the features: p(C; | x1,. .., xx).
Using Bayes’ law, this can be modelled as:

P(xh ce, Tk | Ci)p(ci)
p(xy,. .., o)

p(C’z | [L’l,...,]?k) =

14



Furthermore, given a fixed sample x when computing the probabilities of the
classes, the denominator can be viewed as a normalisation constant (Russell;
Norvig, 2016, Chapter 13):

p(Cz | L1y ... 7$k) = Ofp(xl»- - Tk | Cl)p(cz)

where
1

Yo p(x, . a | Cy)p(Cy)

The assumption of conditional independence of the features given the class
states that p(z,...,z, | C;) = [l p(z; | C;), which yields the prediction
formula:

«

k
p(Ci | z1,...,2) = ap(Cy) HP(%‘ | Ci)
j=1

Unlike the methods mentioned later in this chapter, the NB model is typically
trained analytically, using Maximum a Posteriori (MAP) hypothesis learning,
rather than using numerical optimisation methods. This involves setting the
parameters such that the product of a posteriori probabilities over the entire
training dataset is maximised. The a posteriori probability of a single sample x
belonging to a class Cy is defined as p(y) [T5_, p(z; | Cy).

To model the MAP probability, a distribution of the features must be assumed
(Russell; Norvig, 2016, Chapter 20). For text classification, the vector of counts of
each word in the vocabulary can be used in combination with the multinomial
NB. In that case, the probability p(x; | Cy) is modelled with a single parameter
0,.i, estimated as

s Ny +«
YUN, + ak
where N, ; is the total number of times the feature ¢ occurs in all samples belonging

to the class C,
Ny; = Z T

{x]|class(x)=Cy}
N, =3>7; N, is the count of all features in class C,, and « is a smoothing coefficient
to prevent zero probabilities (scikit-learn developers, [n.d.]).

1.4.1 Naive Bayes Model with TF-IDF Features

Term Frequency-Inverse Document Frequency (TF-IDF) is a form of represent-
ing a text using a fixed-length vector x € R™. It is an instance of the bag-of-words
model, in which the order of the words is disregarded, while the word counts are
essential. Aside from text classification, the TF-IDF model is used in information
retrieval. The term frequency tf, 4 of a term ¢ in a document d is the number of
occurrences of ¢ in the document.

To assign a lower weight to terms that are common across a large number of
documents (and, therefore, likely have a smaller significance in the classification
of the documents), the inverse document frequency is introduced: let df; be the
document frequency of the term ¢, i.e. the number of documents in the training
set that contain the term ¢. Then, the inverse document frequency is defined as

N
ldft = log E
t

15



where N is the number of documents in the training set. The TF-IDF score is
then computed as the product of the two: tf-idf; ; = tf; 4 - idf; (Manning et al.,
2008, Chapter 6).

The inverse document frequency vector (idfy, ... ,idﬂvocabisize‘)T, containing
the idf scores for each term in the vocabulary, is computed during training.
On inference, when presented with a document d, the term frequency vector
(tfq, ... 7tf\vocab7size|,d)Ta containing the document’s term frequencies for each
term in the vocabulary, is computed. The final TF-IDF representation is computed
as the element-wise product of the two vectors.

While the features obtained using TF-IDF are not discrete, as required in a
multinomial distribution (see Section 1.1), it has been shown empirically (Kibriya
et al., 2005) that including the idf component improves the performance of the
multinomial NB classifier compared to using the discrete term counts (tf) alone.

1.5 Feed-Forward Networks

Feed-forward networks are essential parts of ML architectures. They are
composed of one or more feed-forward layers. The final layer is called the output
layer, and the inner layers are called hidden. If a hidden layer is present, the
network is called a Multilayer Perceptron (MLP). The output of each layer is
computed using the previous one as:

<D — 4 (W(i+1)TX(i) I b(i+1))

where a : R¥ — R* is an activation function.

1.5.1 Activation Functions

The standard activation function in the hidden layers of modern MLPs is the
Rectified Linear Unit (ReLU), which is defined pointwise as ReLU(x) = max{0, z}.
The activation function in the output layer depends on the specific task. Typically,
one of three functions is used: (1) the identity function for regression, (2) the
sigmoid (o) function for binary classification, and (3) the softmaz function for
general classification (Goodfellow et al., 2016, Chapter 6).

The pointwise sigmoid function o : R — (0,1) is defined as

1
1+ exp(—a)

o(z)

The softmax : R¥ — (0, 1)* function is defined as:
softmax(x); = _exp (@)

Zj exp (xj)

Note that the outputs of the softmax function sum up to 1, representing a valid
categorical distribution.
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1.6 Tokenisation

Neural networks, such as the Transformer architecture (described in Sec-
tion 1.8), internally work with continuous vectors of numbers rather than with
text. Converting text inputs to numbers is a fundamental task of NLP. A typical
approach is to learn a vector — embedding (see Section 1.7) — for each term of the
vocabulary. Implicitly, this requires the vocabulary to be a finite set.

However, many NLP tasks, such as Machine Translation, are open-vocabulary.
Sennrich et al. (2016) introduced a way of dealing with out-of-vocabulary tokens
using subword units. The intuition is that such units can hold partial meaning,
and the meaning of an unobserved word can be, to some extent, reconstructed
from its known subwords.

The tokeniser training procedure is based on the Byte Pair Encoding (BPE)
algorithm (Gage, 1994). For the purposes of training a tokeniser, the algorithm
can run on two levels: character level or UTF-8 byte level (Radford; Jeffrey Wu
et al., 2019a). The tokenisation is trained on one text of arbitrary length (e.g. the
concatenation of all training data).

The algorithm starts with an initial vocabulary of symbols — the individual
characters or bytes, depending on the level. For a given number of iterations, it
counts each unique consecutive pair of symbols in the text and finds the most
common one. The identified pair of symbols (A, B) is then merged into a single
symbol AB. To prevent the merging of two words, a special word boundary
symbol is introduced, which is not eligible for merging.

The final number of characters is the initial number of symbols (256 for the
byte level) plus the number of iterations. This allows the size of the vocabulary to
be set to any number larger than the initial vocabulary. Note that when working
on the byte level, the problem of unknown symbols is eliminated, as any character
can be encoded using 1-4 UTF-8 bytes. This is known as the byte fallback.

SentencePiece (Kudo; Richardson, 2018) provides an extension to the BPE
algorithm by dropping the requirement for the text to be pre-tokenised into
words, which makes the system language-independent. Furthermore, it makes the
tokenisation lossless, i.e. the tokens can be detokenised (reconstructed) into the
original text without losing any information. This is achieved by retaining the
information about whitespace in the tokenised form.

1.7 Embeddings

To convert the discrete tokens to their initial continuous representation, a
learnt matrix £ € RvoP-sizeXdmodel jg ysed. In the matrix, the i-th row corresponds
to the (non-contextual) embedding of the i-th term in the vocabulary. When
converting the final continuous representation to a probability distribution over
the terms for the next token, the transposition of the same matrix E' is used,
followed by the softmax activation.

1.7.1 Positional Embeddings

In the paragraph above, we described how a token — regardless of its position
in the text — is converted into a continuous representation. In this section, we
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describe how the information about the position/order of a token, regardless of its
underlying subword, is converted into a continuous representation of a fixed-length
vector. The motivation behind this stems from the fact that by default, the
Transformer architecture (described in Section 1.8) is unaware of the order of the
tokens.

As a result, information about the order — positional embeddings — must be
added to the tokens manually. The positional embedding for each token is a
vector of dimension d,0q01, and it is added to the token embedding before the first
attention block. The original article (Vaswani et al., 2017) proposed the use of
the sine and cosine functions, which we do not discuss, as alternative solutions
have been more widely adopted in contemporary models.

Trained embeddings. In case the contert window (the maximum number of
tokens the model works with at a time) is limited, a position embedding vector
p; can be trained for each position 4, similarly to the token embeddings. The
encoder-only models described in Section 1.9 use this approach, although some
modern encoder-only models (Warner et al., 2024) use the approach described
below.

Rotary Positional Embeddings (RoPE) RoPE (Jianlin Su et al., 2024)
is a technique of encoding the absolute positions of the tokens while explicitly
incorporating the relative position of two tokens in the self-attention mechanism
(described in Section 1.8.1). Suppose two intermediate token representations
X,, and x, at positions m and n respectively. The relative position refers to
the difference m — n. The motivation behind RoPE is to find functions f,, fx
transforming the intermediate representations and their positions into query and
key vectors q, k such that q'k = (q, k) is a function g of the original vectors x,,,
x,, and their relative position m — n*:

<fq(xm7 m)a fk(xm TL)) - g(xmv Xn, M — n)

The authors proved that such behaviour can be achieved in the following way:
The d-dimensional space (for an even d) is split into d/2 consecutive subspaces of
dimension 2, and the components within the subspaces are rotated by m6; where
0 is a constant for each subspace. The whole transformation for queries (and keys
analogously) is calculated as follows:

fq(xmv m) = Rd@,quxm

where
cos(mby) —sin(mb) 0 0 0 0
sin(m#y)  cos(mb) 0 0 0 0
0 0 cos(mby) — sin(mbsy) 0 0
RL = 0 0 sin(mfy)  cos(mbs) 0 0
0 0 0 0 . cos(meg) - bin(mﬁg)
0 0 0 0 e sin(ng) cos(meg)

4Note that this reduces the information about absolute positions to information about
relative positions, from which the absolute position cannot be recovered.
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and
—2(i—1)

o- {ei:mooo ; \ie{l,Q,...,d/Z}}

Consequently, it holds that:

q’r—;k = (Ré,quxm)T(Ré,anxn) = XTWqTRd@,m—anXTL
which satisfies the condition formulated above.

Note that the RoPE mechanism is applied before each computation of the
attention, only to the query and key vectors, as opposed to the one-time application
to the token embeddings used in the methods mentioned above. Furthermore,
similarly to the originally proposed sine and cosine embeddings, the RoPE has the
property of long-term decay, i.e. the dot product decays with position increase,
following the intuition that two distant tokens are less likely to be related.

1.8 The Transformer

The Transformer (Vaswani et al., 2017) is an architecture widely used for NLP
tasks (Devlin et al., 2019; Straka et al., 2021; Brown et al., 2020; Grattafiori
et al., 2024). Originally proposed for sequence transduction (such as Machine
Translation; MT), it consisted of two components shown in Figure A.1: the
encoder (left) and the decoder (right). As a modification of the model, two
architectures have emerged: the encoder-only models (described in Section 1.9)
and the decoder-only models (described in Section 1.10).

The main building block of the Transformer architecture is the Transformer
block. The blocks consist of a multi-head self-attention® module and an element-wise
feed-forward network with one hidden layer. Furthermore, the self-attention in the
decoder is modified by masking, such that each element can only attend to previous
elements. Finally, both of the modules are augmented by residual connections
and normalised using layer normalisation as LayerNorm(x 4+ module(z)).

1.8.1 Scaled Dot-Product Attention

The attention mechanism is used to add information from other relevant tokens
to a given token. Specifically, the attention used in the Transformer is defined
as a function of queries (Q € R™ %), keys (K € R"*%), and values (V € R"*%),
Where n is the sequence length and d, d,, are fixed hyperparameters of the model.
The keys and values are used to compute the compatibility weights between the
elements, and the output for each element is computed as the weighted sum of
the values, specifically:

KT
Attention(Q, K, V') = softmax (Cf/g) Vv
q

The ), K, and V matrices are obtained as projections of the intermediate con-
tinuous representations using the respective projection matrices W& € Rdmoderxda_

5In the case of the full encoder-decoder architecture, the cross-attention module connecting
the encoder to the decoder is also present, as shown in Figure A.1.
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WHE € Rimoderxda  and WV € Rmoderxd  The multi-head attention mechanism
involves doing h such operations in parallel (each with its separate projection
matrices), concatenating the results and projecting them back to the dimension
of the model dpogel-

In the case of self-attention, all three projections are computed from the
sequence®. Therefore, the self-attention acts as a contextualization measure within
the encoder or the decoder.

1.9 Encoder-Only Transformer Models

Encoder-only Transformer models only contain the encoder component of the
Transformer architecture. While they are typically not used to generate text, they
are often used in various NLP tasks, such as named entity recognition, sentiment
analysis, question answering, etc. The typical workflow involves pre-training the
model on a large corpus of unlabeled text and later fine-tuning it for specific
downstream tasks, with a smaller set of labelled data.

1.9.1 BERT

Bidirectional Encoder Representations from Transformers (BERT; Devlin et al.,
2019) utilises the encoder-only architecture and proposes a way for pre-training a
bidirectional language model. In this context, ‘bidirectional’ means that each token
has full information about all the other tokens. This makes more straightforward
training methods (such as the next token prediction) unusable.

Pre-training setup. During pre-training, two text segments are always presen-
ted to the model. Two special tokens are added to the token sequence: (1) the
[CLS] token is added as the first token and serves as a way to aggregate the
information about all the tokens, which can be used for text classification and
(2) the [SEP] token is added between the two segments as a separator. Aside
from the trained positional embeddings, one of two trained embedding vectors a
or b is added to the tokens’ embeddings depending on whether they belong to
the first or the second segment. This is done to further distinguish the two. The
training has two objectives described below.

Masked Language Model objective. In the MLM objective, a random subset
of tokens is selected for a perturbation, and the model is trained to predict
the original underlying tokens. More specifically, 15% of tokens are selected for
prediction. Out of those, 80% are replaced by the special [MASK] token, while
10% are replaced with a random token and 10% are kept unchanged. The model
then predicts the true token on each of the 15% of selected positions with NLL
loss. This ‘partial’ masking is done to make the pre-training more similar to
downstream tasks, in which the [MASK] token is typically not present.

6In contrast, cross-attention computes the queries as projections from the decoder, while
the keys and the values are computed from the decoder.

20



Next Sentence Prediction objective. The NSP” objective is used to train the
model to understand the relationship between two segments of text. In the training
data, the two segments can either be contiguous from the same text or two different
texts. The model is then trained for binary classification: IsNext or NotNext
using a classification head connected to the final continuous representation of the
[CLS] token.

1.9.2 RoBERTa

RoBERTa (robustly optimised BERT pre-training approach; Y. Liu et al., 2019)
proposed multiple changes to the BERT pre-training process and demonstrated
that the performance can be significantly improved. The changes included:

o Larger pre-training dataset: the dataset used has 160 GB, as opposed to the
13 GB used for BERT.

o Larger batch size: from 256 used in BERT to 8k.

o Dynamic masking: while static masking involves generating a fixed number
(10 used in BERT) of masks for a sample, dynamic masking generates a new
mask every time a sample is presented to the model.

o Omitting the NSP objective: using only the MLM objective alone improved
the performance on downstream tasks.

o Using byte-level BPE: as opposed to the character-level tokenisation used in
BERT.

o Larger vocabulary: from 30k used in BERT to 50k.

o Refined hyper-parameter tuning.

1.9.3 RobeCzech

RobeCzech (Straka et al., 2021) is a monolingual RoBERTa-like model for
Czech. It outperformed larger multilingual models, and monolingual Czech models
available at the time on Czech-specific NLP tasks. It was trained on Czech-only
data from the following sources:

e SYNv4 (Kien; Cvréek; Capka; Cermdakova; Hnétkova; Chlumska;
Jelinek; Kovéiikové; Petkevi¢; Prochazka; Skoumalova; Skrabal; Truneéek:
Vondricka; A. Zasina, 2016): a corpus of contemporary Czech; part of the
Czech National Corpus (4 188 M tokens),

o Czes (author, 2011): a collection of newspaper and magazine articles (432 M
tokens),

« a subset of the Czech part of the W2C (Majlis, 2011) web corpus (16 M
tokens),

o plain texts from Czech Wikipedia (123 M tokens).

"By ‘sentence’ the authors mean an arbitrary span of contiguous text rather than a sentence
in the linguistic sense. For clarity, we use the term ‘text segment’ to refer to the same concept.
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1.10 Decoder-Only Transformer Models

As a complement to the encoder-only models, the decoder-only models contain
only the decoder, also omitting the cross-attention module. The main difference
from the encoder-only models is the attention masking, in which each token can
only attend to previous tokens in the sequence. The architecture can be used to
generate text given some context, as first demonstrated by P. J. Liu et al. (2018).
The decoder-only models are used to create ‘Al assistants’ that can be prompted
for various tasks that the models were not explicitly trained for.

1.10.1 Decoding Strategies

When generating a text, the model is presented with a text prefix and returns
a probabilistic distribution over the entire vocabulary as the candidates for the
next token. While a straightforward solution — greedy sampling, where the most
probable next token is selected each time — exists, it is not guaranteed to output
the most probable sequence. Furthermore, some applications — such as generating
multiple answers for the same prompt for RLHF (see the end of Section 1.10.2) —
benefit from nondeterminism.

Beam search. Beam search partially addresses the sub-optimality of greedy
sampling by maintaining 3 € N prefixes that are iteratively updated. In each step,
the next token distribution is computed for each of the 5 prefixes, and the top
tokens with the highest probability are considered for each prefix (yielding (32
hypotheses). Out of the new possible hypotheses, the top § most probable are
selected for the next iteration (Massarelli et al., 2020). Although this method is
used in MT, it is not preferred for decoder-only models, as it often leads to text
degeneration (Holtzman et al., 2020).

Top-k sampling. The top-k sampling strategy (Fan et al., 2018) in each iteration
only considers the top k (0 < k < vocab_ size) most probable tokens. The top k
probabilities are normalised such that their sum equals 1, and the next token is
sampled out of the k candidates following the new probability.

Top-p sampling. Top-p sampling (Holtzman et al., 2020), also referred to as
nucleus sampling, is an extension of the top-k sampling strategy that works with a
dynamic number of tokens in each iteration. For a given p € [0, 1], the minimum
number of the most probable tokens is considered, such that the sum of their
probabilities is > p. Similarly to top-k, the probabilities are normalised and a
new token is sampled.

Sampling with temperature. Introducing temperature ¢ > 0 to a sampling
procedure involves changing the final softmax activation (see Section 1.5.1) to

softmax(x;t); = %
j j
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Setting the temperature to 1 has no effect on the distribution, while setting it to
a number smaller than 1 (which is the typical use case) skews the distribution
towards more probable tokens (Holtzman et al., 2020).

1.10.2 GPT

Generative Pre-trained Transformer (GPT) is a family of decoder-only Trans-
former models developed by OpenAl. The earlier models — GPT-1 (Radford;
Narasimhan et al., 2018), GPT-2 (Radford; Jeffrey Wu et al., 2019b) — are open-
source, while the later models — GPT-3 (Brown et al., 2020), GPT-4 (OpenAl,
Achiam et al., 2024), etc. — are commercial and closed-source.

The pre-training procedure introduced for GPT-1 utilised the next token
prediction: given tokens U = {uy,...,u,}, at position i, the model is trained
to predict the distribution p(w; | w;—k, wi—k+1, .., u;—1) where k is the context
window. Despite the generative pre-training, GPT-1 was not primarily used to
generate text; it was rather fine-tuned with a special [EXTRACT] token added to
the end® and a task-specific classification head connected to it.

In GPT-2, the model’s capacity was increased significantly, from 117 M para-
meters to 1542 M. The model was able to perform on downstream tasks, such
as question answering or machine translation, without any further training, i.e.
zero-shot.

The creation of GPT-3 involved an even greater increase in the model’s capacity,
to 175 B parameters. The authors demonstrate how the model was able to generate
the correct text after being presented with a few examples — i.e. few-shot learning®.
The model was later instruction-tuned to be used for ChatGPT, an ‘Al assistant’.

InstructGPT (Ouyang et al., 2022) describes the process of tuning a pre-trained
LLM to respond to user prompts in a dialogic way and aligning its response with
human preferences. The process is composed of three steps:

1. A human-written diverse dataset of (user prompt, assistant response) pairs
is created, and the model is fine-tuned similarly to pre-training.

2. Multiple responses are generated for the same prompt, and human annotators
label the preference between them. The collected data is then used to train
a smaller, GPT-based reward model that predicts the preference (reward) of
a given (user prompt, assistant response) pair.

3. The reward model is used to fine-tune the model resulting from step 1 using
Proximal Policy Optimisation!® (PPO; Schulman et al., 2017).

The first step is referred to as instruction tuning, while the final two steps are
referred to as Reinforcement Learning From Human Feedback (RLHF).

The later models, including GPT-40 (OpenAl; Hurst et al., 2024), which we
used in our dataset generation (see Chapter 3), are entirely closed-source, and the
number of parameters, as well as the specific training procedures, are unknown.

8Note that unlike in the BERT architecture, the token aggregating the information needs
to be added to the end of the sequence, as tokens in the decoder can only attend to previous
tokens.

9Learning in this case does not involve any change to the model’s parameters; only including
a few examples in the context window.

10An algorithm for reinforcement learning using gradient methods.
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1.10.3 Llama

Llama (also spelled as LLaMa) is a family of open-source decoder-only Trans-
former models developed by Meta Al. The models roughly follow the training
procedure described above. Some implementation details of Llama 3 include
(Grattafiori et al., 2024):

1. Model size of 405 B parameters (the largest model in the family).
2. The largest model in te family trained on 15.6 T tokens.
3. Trained with context window gradually increased from 8k to 128 k.

4. For alignment with human preferences, using Direct Preference Optimization
(DPO; Rafailov et al., 2023), in which the preferences are learned directly,
without a separate reward model, as opposed to PPO.
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2 Related Work

The text generated by LLMs has been studied intensively since the release of
ChatGPT (based on GPT-3; Brown et al., 2020) and the subsequent growth in
popularity of LLM assistants. In this chapter, we provide an overview of previous
work regarding the use of LLMs for plagiarism, generated text detection and its
biases.

2.1 Generated Text and Plagiarism

The concern of using LLM-generated text for academic misconduct has been
raised in academia. Susnjak and McIntosh (2024)! provided an early examination
of the capabilities of ChatGPT in answering open-ended questions from different
academic domains that require complex reasoning and knowledge. The authors
raised a concern that LLMs may pose a threat to academic integrity, especially in
online examinations.

In the study, ChatGPT was first prompted to generate a question for a given
domain and then to answer it using 500 words, in several paragraphs. The quality
of the responses was evaluated in the following criteria: relevance, clarity, accuracy,
precision, depth, breadth, logic, persuasiveness, and originality. Upon the analysis
of the responses, the authors reported satisfactory results in all the criteria but
two: accuracy and originality. There was a ‘tradeoff’ observed between the two:
the model can either answer truthfully but without much originality, or it can
hallucinate an untruthful answer, which is inherently original.

In the final part, the authors provide certain strategies to prevent academic
misconduct using ChatGPT. Notably, using multimodal questions — with images
embedded — was believed to make cheating more challenging. However, with the
introduction of multimodal LLMs (H. Liu et al. (2023), Gemini Team et al. (2023),
OpenAl, Achiam et al. (2024), Grattafiori et al. (2024)), this suggestion became
outdated. The authors further suggest using Al detectors or, as a more radical
solution, returning to oral exams. Al detectors, therefore, remain the only feasible
solution mentioned for misconduct in online exams.

2.2 Detecting Generated Text

To our knowledge, no work was published specifically on the automatic de-
tection of Al-generated text in Czech at the time of writing this thesis. As an
important contribution, the work of Milicka et al. (2025), which focuses on humans’
ability to detect generated text, shows that humans were able to detect generated
text better than random baseline (55.4% correctness) and improved to 65.1%
when presented with feedback about the true author of the text, which we do not
find sufficient.

Junchao Wu et al. (2025) provide a survey on the problem of generated text
detection, including the motivation, suggested high-quality datasets, an overview
of common methods, and their performance. The following subsections are largely

IPreprint published in 2022.
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based on the survey, covering: (1) classical ML classifiers working with the the
bag-of-words model, (2) logit-based detectors working with the logits of a reference
LLM when trying to predict a given document, (3) linguistec feature-based
detectors working with vectors of linguistic features such as the diversity of
vocabulary, and (4) pre-trained classifiers typically based on a BERT-like model.

2.2.1 Classical ML Classifiers

Various works attempted to create an approach that uses simple, classical
ML methods, either to be used as a baseline or for simple deployment. Solaiman
et al. (2019) describe creating a logistic regression classifier with TF-IDF (see
Section 1.4.1) features, which achieved better results than simple logit-based
methods. Similarly, Najjar et al. (2025) used TF-IDF features in combination with
ML algorithms such as random forests (Ho, 1995) and the SVM (Cortes; Vapnik,
1995). The study found that these methods achieved a near-perfect accuracy for
entire articles, but the accuracy decreased with individual paragraphs, which are
considerably shorter.

2.2.2 Logit-Based Detectors

The logit-based detectors are a family of detectors which use the logits (the
outputs of the final layer before the softmax activation) of a reference LLM to
detect generated text. The reference model can either be the same as the generated
text source model or a ‘similar’ model, since the source model is often unavailable.
For each prefix and each term in the vocabulary, the logits indicate the confidence
of the term being generated as the next token. This method does not require any
training.

The most straightforward method of utilising the logits is computing the
log-likelihood (the average token-wise log probability) of a text. This method was
implemented by Solaiman et al. (2019) but was found to be rather inaccurate.
Regardless, more complex logit-based methods have been used successfully.

GLTR (Gehrmann et al., 2019) computes the Rank-measure for each token.
Given a document prefix dy,...,d; 1, the rank assigned to position ¢ is the rank
of the true i-th token d; when sorted by the probability distribution over tokens
p(z | dy,...,d;—1). The ranks are then visualised by dividing them into categories
such as Top-10, Top-100, and Top-1000. Using this visualisation, humans improved
their accuracy at detecting generated text from 54.2% to 72.3%. As an automated
and improved extension of the Rank measure, Jinyan Su et al. (2023) suggest
classifying documents using the ratio of log-likelihood and mean log-rank and
show that the performance of such a classifier is considerably better than using
one of the methods alone.

Vasilatos et al. (2023) use the perplexity, which has a straightforward rela-
tionship with log-likelihood: PPL = exp(—log_lik). The authors found that, on
average, the perplexity of generated texts was lower than that of human-written
ones. However, the optimal perplexity threshold for classification differed among
various ‘flavours’ of documents, such as code and math.

DetectGPT (E. Mitchell et al., 2023) introduced a non-trivial method that
combines the logit-based methods with text perturbations. The key observation is
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that when introducing minor perturbations to a text using a gap-filling pre-trained
model such as the T5 (Raffel et al., 2020), the unmodified Al-generated text tends
to have a larger log-likelihood than its perturbations. In contrast, perturbing
a human-written text does not systematically decrease its log-likelihood. The
proposed method outperformed the simpler methods mentioned above.

2.2.3 Linguistic Feature-Based Detectors

Linguistic feature-based detectors are based on the extraction of certain lin-
guistic features and representing the documents as vectors of such features. Sub-
sequently, the vectors are classified using ML methods. The extraction of the
specific features requires expertise in the task. This method was adapted from
studies on fake news detection, such as Aich et al. (2022).

Shah et al. (2023) constructed a detector based on three categories of linguistic
features: (1) lexical features, including the frequency of functional words, word
length distribution, sentence length distribution, and the correctness of punctu-
ation, (2) readability scores, which utilises multiple established classical metrics
for text readability, such as the Flesch Reading Ease and Gunning Fog Index, and
(3) diversity of the vocabulary, which, again, employs various metrics of vocabulary
diversity, including Yule’s Characteristic K (Yule, 1944), Herdan’s C (Herdan;
Sharvit, 2006), Type-Token Ratio (TTR), etc. The authors applied various ML
methods on the feature vectors, including logistic regression, decision trees, SVM,
etc. Consequently, the study used explanation tools to find the most contributing
features and found the most dominant one to be Herdan’s C.

Corizzo and Leal-Arenas (2023) created a classifier based on the fusion of
LSTM networks (Hochreiter; Schmidhuber, 1997) and linguistic features. Three
feature categories of linguistic features were proposed: text, repetitiveness, and
emotional semantics. The fused representation was subsequently processed with
multiple hidden feed-forward layers, leading to a deep-learning architecture. The
model outperformed all other baseline architectures inspected in the article.

2.2.4 Pre-Trained Classifiers

Fine-tuning a pre-trained language model is a straightforward method for the
detection of generated text, employing non-trivial models. Typically, encoder-
only (see Section 1.9) models are used, such as BERT (Devlin et al., 2019) and
RoBERTa (Y. Liu et al., 2019). These models are often considered for baseline
solutions and have been used since the beginning of the generated text detection
problem (Solaiman et al., 2019).

While the detectors perform well within the domain, they lack cross-domain
robustness. Antoun et al. (2023) experimented with the robustness of BERT-like
detection models on English and French datasets and found that the accuracy
dropped from > 90% to < 30% when changing domains and introducing mis-
spellings. The authors suggest including various domains and writing styles in
training data to combat this. While the authors work with a domain defined by
the writing style and the topic, changing the source model of the generated text
can also be considered a change of domain.
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2.3 Bias in Generated Text Detection

Liang et al. (2023) examined how Al detectors work on text written by non-
native speakers and found concerning results. This study is the most relevant
work for our thesis, and we aim to follow up on its findings and expand them to
Czech texts. The authors evaluated 7 ‘widely used’ generated text detectors on
two groups of documents: (1) Test of English as a Foreign Language (TOEFL)
essays written by Chinese students (91 documents), and (2) Hewlett Foundation’s
ASAP dataset (Hamner et al., 2012), containing US eight-graders’ essays (88
documents).

2.3.1 Original Study

Liang et al. (2023) found that, in most cases, the evaluated detectors correctly
labelled the essays from US students as human-written, with the mean False
Positive Rate (FPR) being 5.1%. In contrast, the TOEFL essays written by
Chinese students were often misclassified as Al-generated, with the mean FPR of
61.3%. Furthermore, all 7 detectors unanimously flagged 19.8% of the TOEFL
essays as Al-generated.

Upon inspection, the TOEFL essays that were unanimously flagged as Al-
generated were shown to have a small perplexity (see Section 4.5.1 for more details
on perplexity). The authors proceed to present a claim that ‘most GPT detectors
use text perplexity to detect Al-generated text’. As a follow-up, in our thesis, we
test whether the texts from non-native Czech speakers have smaller perplexities
and whether we can create a classifier that does not rely on the perplexity. Our
findings in the Czech setting differ considerably from those of Liang et al. (2023).

Afterwards, the study continued to demonstrate the lack of robustness of the
detectors: Liang et al. (2023) prompted ChatGPT to enhance the vocabulary of
the TOEFL. This automated change led to a drastic decrease in the mean FPR
to 11.6%. This also led to an increase in perplexity. Moreover, simplifying the
vocabulary in the US students’ speakers led to an increase in FPR to 56.9%.

2.3.2 Leveraging Bias with Representation

Jiang et al. (2024) followed up on the study above. For the human-written
documents, they used the Graduate Record Examinations (GRE)? essays submit-
ted before the release of ChatGPT. In the GRE, participants self-report whether
they are native English speakers, which was used to categorise the essays into
two groups based on their nativity. The authors created two types of detect-
ors: (1) feature-based, with features extracted using e-rater® (Attali; Burstein,
2006), which can supposedly extract features regarding the text quality, and
(2) perplexity-based features, computed w.r.t. GPT-2 (Radford; Jeffrey Wu et al.,
2019b), with features including overall perplexity, the mean, the median, and the
interquartile range of sentence-level perplexities, etc.

Given the two sets of feature vectors, the ML classifiers such as SVM, linear
regression, and random forests, were trained using one vector per sample (feature
or perplexity) or both concatenated (feature+perplexity). The classifiers were then

’https://www.ets.org/gre.html
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trained on data with equal representation of both native and non-native speakers.
While all classifiers achieved near-perfect scores, the best classifier was found to
be SVM working with feature+perplezity features.

Contrary to Liang et al. (2023), Jiang et al. (2024) found that the FPR was
slightly larger in native speakers compared to the non-native ones, although
the difference was negligible. The authors hypothesise that this was caused by
more frequent grammatical errors in non-native speakers’ theses, which made the
classification simpler. As a downside of this study, we point out that the authors
did not examine the situation where non-native speakers are underrepresented
in the training data, which is often the case and would contribute more to the
preliminaries for this thesis.

2.4 Model Explanation

Deep learning models, such as the Transformer-based (Vaswani et al., 2017)
models, are known to be difficult to explain, i.e. to attribute the results to features
that are understandable to humans. As a result, Explainable AT (xAI)? emerged
as a major field in Al research (Longo et al., 2024). In this section, we present
two xAl tools that we use later in the thesis.

2.4.1 Integrated Gradients

Integrated Gradients (IG; Sundararajan et al., 2017) is an explanation method
defined specifically for deep learning models, where it is possible to calculate the
gradient of the output w.r.t. the input. The authors formulate the attribution
problem relative to some baseline input, to which the models behaves ‘neutrally’:
suppose a prediction function F : R™ — [0, 1], some input x € R" and a baseline
input x’ € R". Then, an attribution of the prediction F' at an input x, relative
to the baseline x’ is a vector Ap(x;x’) = (ay,...,a,)" € R", where a; is the
contribution of the feature x;.

The authors formulated two axioms that an explanation method should satisfy:
(1) sensitivity: stating that for every input/baseline pair (x,x’) such that x
and x’ differ in exactly one feature (z; # 2) and F(x) # F(x'), the differing
feature’s attribution a; should be non-zero; and (2) implementation invariance:
two networks F' and F’| regardless of their implementation, are functionally
equivalent, if for each x, it holds that F'(x) = F’(x). As such, the attributions
should be identical for F' and F".

In their work, Sundararajan et al. (2017) criticised the existing methods for
not satisfying these axioms and proposed the IG method, which they prove to
satisfy the axioms. The geometrical interpretation of the method is that a line
segment in R™ is created between x and x’, and the gradients along this path are
computed and cumulated into an integral. The formal definition is as follows:

IGEF) (X; X/> _ (X _ X/) /1 aF(X’ + OZ(X . X’))

a=0 al’z

da

In practice, the integral is approximated using a sum over small intervals, following
the Riemann approximation. This reduces the problem of attribution to the

3Not to be confused with the xAI company.
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problem of calculating the gradients, which is already implemented in libraries
such as PyTorch (Paszke et al., 2019).

2.4.2 Local Interpretable Model-Agnostic Explanations

Local Interpretable Model-agnostic Ezplanations (LIME; Ribeiro et al., 2016)
is a general framework for architecture-agnostic (‘black-box’) model explanation.
The authors define the explanation task as providing a qualitative understanding
between the sample’s components and the model’s prediction.

A key concept for LIME is the local faithfulness, which states that an explainer
should faithfully correspond to the behaviour of the model in some local neigh-
bourhood around a sample. This requirement is a relaxed version of complete
faithfulness. Then, an explainer G is an explainable model (such as a linear model,
where G(x') = wlx') that is locally faithful to the original model F' around a
sample x. Given the trade-off between faithfulness and interpretability (which is
an inverse measure of complexity), the task of finding the best explainer is the
task of minimising the complexity, while maximising the faithfulness.

The explainer’s domain (R?) is not necessarily the same as the original
model’s domain (R%). For example, the explainer may work with full words (for
better interpretability), while the model may work with subword units. For this
reason, a distinction is made between the original sample x and its corresponding
representation for the explainer x’. For a given sample x, LIME creates a dataset
Z of pairs (z,2’), where z’ is a randomly perturbed sample in the neighbourhood
of X, and z is its corresponding reconstructed sample in the domain of F.

Given the original model F, the dataset Z, and 7, : R? — R — a proxemity
metric from x, the new explainer model GG, whose specific architecture and com-
plexity depends on the specific task and can be controlled using hyperparameters,
is trained by optimising the loss function:

L(F,G, 7y) = Z 7(2)(F(z) — G(Z))?

z,72'€Z

After this step, the explainable features of the explainer model G (such as the
weights of a linear model) are returned as the explanations.
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3 Datasets

To train and evaluate our models, we sourced multiple datasets, aiming to
include data from diverse domains. Some of the datasets were specifically created
to inspect low-resource domains, such as texts produced by non-native speakers,
pupils, and academics. Table 3.1 provides a brief overview of the datasets. Detailed
descriptions are provided in the sections below.

Name Description Generated?
SYNV9qar Texts from the Czech National Corpus No
SYNV9apTi0 GPT-40-generated complement for SYNVO9y.r Yes
SYNv9 ™™ SYNV9LpL, and its complement from SYNVOy,; Mixed
SYNv9™* SYNV9E 4o and its complement from SYNVOy,, Mixed
SYNV9 ot  GPT-4o mini-generated complement for SYNVOy Yes
SYNv9: Llama-generated complement for SYNV9yr Yes
WIKIgar Wikipedia articles No
WIKIgprao GPT-40-generated complement for WiKIyar Yes
WIKI WiKIgprao U WIKIgar Mixed
NEWSyar Czech internet newspapers No
NEWSapT40 GPT-40-generated complement for NEWSyr Yes
NEwWS NEWScpT40 U NEWSyar Mixed
NONNATIVE Text from non-native Czech speakers No
NONNATIVEC1 Text from advanced non-native Czech speakers No
NaTYouTH School texts from native Czech youth No
NATADV School texts from native Czech speakers aged 16-18 No
ABs2020 Pre-ChatGPT theses abstracts No
ABSNEwW Post-ChatGPT theses abstracts Unclear

Table 3.1 Overview of the used datasets.

3.1 Conteporary Czech Corpus

SYNv9 (Kten; Cvréek; Henys et al., 2021) is a collection of synchronic corpora
from SYN2000 to SYN2020, with an addition of a journalistic component pre-
dominantly from 2010-2019. For our purposes, we only used the text published
between the years 2009 and 2019 (which is the latest year included). Therefore,
we included texts from:

e SYN2015 (Kien; Cvréek; Capka; Cermakovd; Hnatkovd; Chlumsk;
Jelinek; Kovéiikové; Petkevi¢; Prochazka; Skoumalova; Skrabal; Truneéek:
Vondficka; A. J. Zasina, 2016), a representative corpus containing 114 492
written texts published between the years 2010 and 2014, composed of three
equally sized parts: fiction, non-fiction, and newspapers/magazines.

e SYN2020 (Jelinek et al., 2021), a representative corpus containing 114 211
written texts published between the years 2015 and 2019; with the same
composition as SYN2015.
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[Cs]
NapiSte dalsSich 2000 slov tohoto textu. PiSte pouze
samotny text.

<text sample>
[EN]
Write the following 2000 words of this text. Write the

actual text only.

<text sample>

Listing 3.1 Prompt for the synthetic text generation (only the CS version was used).
The <text sample> is either the first paragraph, if its length is between 100 and 1000
characters or the n sentences ended by a full stop, such that n € N is that smallest
number that makes the number of characters in the sample at least 150.

o The journalistic component, containing texts from national daily newspapers,
regional daily newspapers, and non-specialised magazines.

We included 7460 texts from the corpus (published in 2009-2019), selected at
random. We truncated the texts to 2000 tokens, using the tokenisation provided
in the corpus annotation. This dataset is referred to as SYNV9yur.

3.1.1 Generated Complement

The positive samples were generated using an LLM. To match the structure
and vocabulary of the natural corpus in the positive samples, we used the prompt
in Listing 3.1 for instruction-tuned language models.

We chose to use instruction-tuned models because we observed that their
outputs are less often repeated, too short, or nonsensical, even though text
completion is a typical task for non-instruction-tuned models. Additionally, using
the prior allows us to consistently use closed-source models, too. Note that
the prompt in Listing 3.1 results in a text that starts with an ‘out-of-context’
paragraph, since the model only continues the text after it is presented with the
context. This could be exploited by the detectors to trivially distinguish the
generated texts if the human-written text started with an introductory paragraph.
Thankfully, the texts in SYNv9 also start out of context.

GPT-40. As the main source of generated text, we use GPT-40, which has
been the most well-known model to the general public. The version used was
gpt-40-2024-05-13 (OpenAl; Hurst et al., 2024), with the temperature 0.7 and
number of tokens limited to 1024. We generated the data, discarded the files
smaller than 2 kB, and split them into two subsets: SYNVI P, (2383 samples)
and SYNVIE T4 (299 samples).

For training, we matched the SYNV9ipr,, samples with the natural
samples that were used to generate them. This subset of SYNV9,r is de-
noted by SYNv9 2™, Analogously, we define SYNVO};. We further define

NAT
SYNvO™ ™ .= SYNVI ™ U SYNVI Ty, and similarly its VAL counterpart.
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[Cs]
NapiSte Wikipedia cClé&nek na téma <article name>

[EN]
Write a Wikipedia article on the topic <article name>

Listing 3.2 Prompt for the synthetic Wikipedia articles generation (only the CS
version was used). The <article name> was substituted for the corresponding article
name from the crawled articles.

GPT-40 mini. For additional validation, we generated a dataset using
gpt-40-mini-2024-07-18" in a similar way: SYNVOL, . (287 samples).

Llama 3.1 405B. To explore models from different families, we generated data
using 11ama3.1:405b-instruct-q5_K_S% We used the same workflow as above.
Upon inspection, the quality of this dataset was found to be lower, with shorter
paragraphs, occasional language switching, and repeated sentences. We denote
this dataset by SYNv9, (301 samples).

LrAMA

3.2 C(Czech Wikipedia Crawl

To include more domains, we added Wikipedia articles for evaluation. The
dataset was created by crawling Wikipedia using pywikibot®. Articles were
chosen randomly, retrieved and parsed using mwparserfromhell®. Articles that
contained less than 1000 <SPACE> characters were discarded. This resulted in the
dataset denoted by WiKIy,; (286 samples).

3.2.1 Generated Complement

Similarly to the corpus above, we created the generated complement to match
the vocabulary of the natural texts. We used gpt-40-2024-05-13 with the same
parameters and workflow as before, and the prompt displayed in Listing 3.2. This
dataset is denoted by WIKIgpr4o (211 samples). By WIKI we denote the union
of WiKIgpr40 and its corresponding subset of WIKIy,r.

3.3 C(Czech News Crawl

Another domain included in our test data is the news crawl®, crawled from
internet newspaper sites, for the year 2021. Although journalistic texts are

'https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligenc
e

2Llama 3.1, 405 B parameters, quantised to Q5_K_S (Grattafiori et al., 2024), downloaded
from and hosted using Ollama (https://ollama.com/), version from 2024-09-16. Quantisation
is the process of reducing the model’s weight precision. Gholami et al. (2022) showed that
quantising a model to 4 bits only decreases its performance by ~ 2%.

Shttps://www.mediawiki.org/wiki/Manual:Pywikibot

‘https://github.com/earwig/mwparserfromhell

Shttps://data.statmt.org/news-crawl/doc/cs/
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[Cs]
NapiSte novinovy Clédnek na téma ’<article name>’

[EN]
Write a news article on the topic ’<article name>’

Listing 3.3 Prompt for the synthetic news articles generation (only the CS version
was used). The <article name> was substituted for the corresponding article name
from the selected new articles. Compared to the prompt for Wikipedia, the news article
names were more complex, so we introduced quotes to distinguish them from the rest of
the prompt.

contained in SYNV9, the structure of online news articles may likely be different
from the printed ones. The format of the texts in the crawl is one sentence per
line, which loses information about paragraphs. We selected 381 articles from the
crawl at random. We denote this dataset by NEWSy,.

3.3.1 Generated Complement

As before, we created the generated complement. We used gpt-40-2024-05-13
with the same parameters and workflow as before, and the prompt displayed in
Listing 3.3. This resulted in the dataset denoted by NEWSqgpr40. All 381 generated
articles were sufficiently long. Again, we define NEWS := NEWSgpr40o U NEWSyar.

3.4 Non-Native Czech Speakers Corpus

As a crucial dataset in determining the performance of our classifiers on text
by non-native speakers, we used the AKCES 3 corpus (Sebesta; Bediichova et al.,
2012), a corpus of texts produced by non-native students of the Czech language.
To avoid texts with too frequent mistakes, we only included speakers who had
studied Czech for at least 24 months at the time of writing. The dataset is referred
to as NONNATIVE (450 samples).

While we recognise that 24 months is a relatively short period to acquire a
language and that prior work examined texts from learners with significantly
longer experience with the language, finding a better-suited Czech corpus proved
to be challenging. To partially address this issue, we used the AKCES-GEC corpus
(Néplava; Straka, 2019), which, among others, contains a version of AKCES 3
extended by newer articles.

From there, we extracted 118 articles and 1 article, with the speaker’s language
level marked as C1 and C2, respectively. However, upon inspection, these texts
did not exhibit significantly better quality compared to AKCES 3 and instead
commonly contained ungrammatical or missing words. Furthermore, their extent
was often rather short — only 29 being larger than 2 kB. Subsequently, we created
a dataset containing the mentioned 29 documents, referred to as NONNATIVEC].
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3.5 Native Czech Youth Corpus

To roughly match the domain of NONNATIVE, we utilised the AKCES 1 corpus
(Sebesta; Golaiiova et al., 2016), a collection of texts produced by native Czech
speakers at primary (from 5th grade) and secondary schools. Furthermore, we
attempted to match the distribution of the file size of the native texts to the
NONNATIVE dataset. This was done by selecting the most similar (in file size)
text from AKCES 1 for each text in the NONNATIVE dataset. The resulting
subset of AKCES 1 is denoted by NATYOUTH (450 samples).

To match the advanced non-native texts from NONNATIVEC1, we randomly
selected 29 texts from AKCES 1 with the age category labelled as ‘over 15 years’ —
i.e. 16-18 years. We denote this dataset by NATADV.

3.6 Corpus of pre-ChatGPT Abstracts

To evaluate the models on academic texts, we created a corpus of theses
abstracts, crawled from the Charles University Digital Repository®. We include
abstracts from the students of the Faculty of Arts (which is the faculty that
published the most theses), between the years 2020 and 2021 —i.e., before ChatGPT
was introduced. We denote this dataset by ABS2020 (1655 samples).

3.7 Corpus of post-ChatGPT Abstracts

For comparison, we also included the abstracts written in 2023-2025 — after
ChatGPT became widely popular. By using the same criteria as before, we created
the dataset ABSNEW (2050 samples).

Shttps://dspace.cuni.cz/
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3.8 Data Normalisation and Augmentation

We preprocessed the data before feeding it into the models using various
pipelines for different purposes. In this section, we discuss their role and function-
ality. Table 3.2 contains a brief overview of the normalisation and augmentation
pipelines. The pipelines are described in detail in the sections below.

Name Description
SPACENORM Replacing any sequence of whitespace with a single space.
PuncTNORM  SPACENORM + replacing diacritics with their standardised variant.
LowNorM Lowercasing each character.

RANDAUG  Adding random Unicode ‘words’ and whitespace between the words.

Table 3.2 Overview of the used normalisation and augmentation.

3.8.1 Normalisation

Whitespace normalisation. Whitespace normalisation is the process of re-
placing any sequence of whitespace characters with a single space. The aim is
to hide the text’s surface structure (paragraphs, double spaces after sentences),
which might be a trivial giveaway for detecting generated text. We refer to this
approach as SPACENORM.

While the whitespace-based tokenisers, such as unitok (Suchomel et al., 2014),
are invariant to whitespace normalisation, the RobeCzech (Straka et al., 2021)
tokeniser includes the whitespace in the tokenised representation.

Punctuation normalisation. Alongside whitespace, the use of specific punctu-
ation symbols may be used to detect generated text based on the surface structure
trivially. This is demonstrated in Section 4.1.3. To avoid learning trivial patterns,
we utilise the MosesPunctNormalizer from the sacremoses” library on top of
SPACENORM. This pipeline is referred to as PUNCTNORM.

The normaliser follows a rule-based approach to replace punctuation symbols
with their standardised equivalent, creating equivalence classes on punctuation
symbols. For example, both ,word" and «word» will be normalized to "word".

Lowercasing. Lowercasing a text involves replacing every text character with
its lowercase equivalent. This, in turn, creates equivalence classes on words. For
whole-word tokenisers, such as unitok, this reduces the total number of unique
tokens (i.e. terms), which reduces the total number of learned parameters of a
model. This process is referred to as LOWNORM.

3.8.2 Random Noise Augmentation

As we observed in Section 4.2.4, some models may exploit the ‘rarity’ of tokens
for classification. To better understand this, we add random noise to the text as
a form of augmentation. The process first employs the PUNCTNORM pipeline

"https://github.com/hplt-project/sacremoses
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and subsequently adds random Unicode and whitespace noise. This pipeline is
referred to as RANDAUG.

Unicode Noise. Adding random unicode noise involves inserting random ‘words’

— sequences of randomly generated printable Unicode symbols. First, the number
of words to add is determined: for a sequence of w words and the expected
inflation factor of 0.02, the number of added words will be max (0, |x]), where

r~N (0.0Qw, @). Next, each word is generated by determining its length as

max(0, |y]), where y ~ N(1,1), and generating such a sequence of characters.
The words are then inserted into positions generated at random, with repetition.

Whitespace Noise. After adding random words, we join both the original and
the inserted words with random whitespace. With the probability of 0.97, we
use a single space character. Otherwise, we use a sequence of maz(0, | z]) where
z ~ N(1,0.2), whitespace characters from the following list: \n, \t, \r\n, \n\n,
\r\n\r\n, and \u00a0 (The no-break space — &nbsp).
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4 Experiments

This chapter contains all the experiments we conducted for the thesis. It is
structured as follows: Sections 4.1, 4.2, 4.3, and 4.4 discuss the creation and
examination of various types of generated text detectors. Section 4.5 presents a
logit-based analyser, which we use to analyse the entropies of the datasets. Finally,
section 4.6 provides a comparison of the presented methods using correlation
analysis. For reproducibility, we provide the scripts used in the experiments in a
GitLab repository!.

4.1 TF-IDF Naive Bayes Classifier

Before attempting to construct a robust classifier, we aimed to create a baseline
model for comparison. We chose a lexical-based approach (see Section 2.2.1),
specifically with TF-IDF (see Section 1.4.1) features. As a typical approach (see
Section 1.4.1), we chose the Multinomial NB Classifier. The section discusses
the training and evaluation of the classifier with two tokenisation approaches in
Sections 4.1.1 and 4.1.2, and inspects their functionality in Section 4.1.3.

4.1.1 Training and Evaluation with the Unitok Tokeniser

For the feature-engineering pipeline, we employed the unitok (Suchomel et al.,
2014) tokeniser, LOWNORM, and the TfidfVectorizer? from the scikit-learn
library (Pedregosa et al., 2011) with the default parameters except for the
tokenizer parameter. Following the default parameters, the vectoriser does
not include tokens with the absolute document frequency < 1 and relative docu-
ment frequency of 100% in the vocabulary (see Section 1.4.1 for definitions).

For the classifier, we used the MultinomialNB from the same library, with
default parameters — i.e., Laplace smoothing o = 1. We trained the model on
the dataset SYNV9™*™  The number of unique tokens after normalisation (i.e.
terms), which is also the dimension of the TF-IDF vector, was 162 109. The results
are shown in Table 4.1.

From Table 4.1 we can see that the classifier reached a near-perfect (> 99%)
accuracy on training data SYNV9™*™ and maintained it on unseen data from the
same domain SYNV9Y" and similarly on SYNV9AL, ., suggesting that GPT-40
(OpenAT; Hurst et al., 2024) and GPT-40 mini* produce texts that are in some
sense similar. On the other hand, the classification model performed considerably
worse on a dataset from the same domain generated by an LLM from an entirely
different family (SYNV9/T,..)-

Furthermore, the classifier performed worse on domains different from the
training domain, such as WIKI and performed catastrophically — i.e. considerably

'https://gitlab.mff.cuni.cz/alalia/detectors—thesis

’https://scikit-learn.org/stable/modules/generated/sklearn.feature_extracti
on.text.TfidfVectorizer.html

3The metrics suppose that all the abstracts are human-written, which is not guaranteed.

“https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligenc
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Dataset Acc FPR FNR Unk Rate Pre-Processing

SYNVO™™N  99.12% 0.80% 0.97%  13.07%
SYNVO™  99.17% 1.00% 0.67%  15.44%
SYNVOPL,  98.95% - 1.06%  9.38%

SYNvOY™ = 73.09% -  2691%  13.84%
WiKI 88.93% 9.44% 13.27% 25.12%
NEwWS 98.17% 3.41%  0.26% 14.98% LowNORM
NONNATIVE  91.33% 8.67% - 22.18%
NONNATIVEC1 75.86% 24.14% - 14.83%
NarYoutH  93.78% 6.22% - 17.78%
NATADV 75.86% 24.14% - 15.78%
ABs2020 19.82% 80.18% - 17.02%
ABSNEW? 17.90% 82.10% — 17.24%

Table 4.1 Evaluation results of the TF-IDF NB Classifier. The ‘Unk Rate’ column
corresponds to the ratio of unknown tokens (not in the vocabulary) in the dataset.

worse than random — on ABS2020 and ABSNEW.

As for the potential bias against non-native speakers, the increase in FPR for
NONNATIVE compared to NATYOUTH was 2.45%, which is arguably a negligible
difference, possibly caused by a slight difference in the datasets’ domains. There
was no difference in performance between NONNATIVEC1 and NATADV. There-
fore, we conclude that this classifier does not exhibit a systematic bias against
non-native speakers.

4.1.2 Training and Evaluation with the RobeCzech Token-
iser

For comparison, we further trained a similar model with the RobeCzech (Straka
et al., 2021) tokeniser and no normalisation. This bounds the dimension of the
feature vector to a maximum of 52 000, which is the vocabulary size for RobeCzech.
The actual feature vector dimension was 49 998.

While the use of the RobeCzech tokeniser significantly decreased the unknown
token rate (thanks to subword tokenisation, which also lowered the vocabulary
size to less than a third of that from Section 4.1.1), it did not achieve a consistent
improvement across all the datasets. Specifically, the FNR on the WIKI dataset
increased significantly. The detailed results are shown in Table 4.2.

Regarding the potential bias against non-native speakers, the difference in
performance between NONNATIVE and NATYOUTH was, again, negligible. How-
ever, there was a considerable difference between NONNATIVEC1 and NATADV
(13.79% increase in FPR for non-native speakers), suggesting a possible bias.

4.1.3 Explaining the Classifier

One of the benefits of using a straightforward classifier such as the NB is its
explainability: the classifier works with a bag-of-words feature vector, and an
observable weight is assigned independently to each feature. In this section, we
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Dataset Acc FPR FNR Unk Rate Pre-Processing

SYNVO™™N  9870% 0.55% 2.06%  0.00%
SYNvVO™  9883% .33%  2.01%  0.13%
SYNVOPL, . 98.95% - 1.05%  0.05%
SYNvOY™: © 7243% - 27.57%  0.13%
WIKI 80.28% 4.9%  39.81%  0.45%

NEwWS 96.72%  6.3% 0.26% 0.17%
NONNATIVE ~ 93.11%  6.89% - 0.26% -
NONNATIVEC1 65.52% 34.48% - 0.20%
NatYouTtH  93.56% 6.44% - 0.21%
NATADV 79.31% 20.69% — 0.21%
ABs2020 39.46% 60.54% - 0.18%
ABSNEW 38.49% 61.51% — 0.19%

Table 4.2 Evaluation results of the TF-IDF NB Classifier with the RobeCzech
tokeniser. The ‘Unk Rate’ column corresponds to the ratio of unknown tokens (not in
the vocabulary) in the dataset.

attempt to explain the classifier. First, on the classifier level, we show the most
contributing terms and induce the possible general rules that apply. Next, we
introduce an intuitive method for sample-level explanation.

Most contributing terms — unitok tokeniser. Given the functionality of
the NB Classifier, we can extract the k£ terms contributing the most to positive
and negative classification as

Topk (logp (t|c =1) —logp (t|c = 0))

tevocab

and

Topk (logp (t|c = 0) —logp (t|c = 1))

tevoca
respectively, where c is the class (1 for positive classification). For k = 20, we list
the terms contributing the most to positive (Table 4.3a, left) and negative (Table
4.3b, right) classification.

We can conclude from the comparison that while the generated texts included
predominantly adjectives, nouns, and verbs expressing exactness and enumeration,
the natural texts more often contained adverbs, conjunctions, and nouns express-
ing time. Furthermore, the terms in the natural dataset frequently expressed
inexactness and had informal or literary tone.

Most contributing terms — RobeCzech tokeniser. We applied the equival-
ent procedure to the modified classifier from Section 4.1.2. The results are shown
in Tables below: 4.4a left for the most positive contributions and 4.4b right for
the most negative contributions.

While some terms are the same or equivalent to Table 4.3, there are three
significant observations to be made: (1) the newline character (and subsequently
the paragraph structure) is the most contributing factor for positive classification,
(2) a large part of the positively contributing terms begin with a capital letter,

40



# Term Translation #  Term Translation
1 dulezitym Important;, 1 pry supposedly [inf.]
2 zlepéit to improve 2 zhruba rougly

3 aspektem aspect s 3 loni last year

4 dulezité important,, ., 4 ovsem however

5 mezitim meanwhile 5 procent per cent

6 klicové key?4 6  korun CTOWNS gep,
7 vyzvam challenges;,c 1 7 asi approximately [lit.]
8 prispét to contribute 8 viera yesterday
9 odhodlani determination,,,,, 9 roku year e

10 zahrnovat to include 10 tisic thousand
11 klicovych keyggfh ol 11 miliardy billion ze,,
12 jednim one (of) 12 jenze however
13 zahrnuje includes 13 pul half

14 VyZVy challenges,om 14 CtyTi four

15 zlepseni improvement,,,,, 15 Sest six

16 dosahnout to achieve 16 velice very [lit.]
17 dopad impact o, 17 totiz namely
18 novak Novak,,om 18 ke CZK

19 rovnovahu balance,. 19 ¢l or [lit.]
20 vést to lead 20 sobotu Saturday ,c.

(b) Terms contributing the most to negative
classification.

(a) Terms contributing the most to positive
classification.

Table 4.3 Terms contributing to classification. Novak (Table a, row 18) is a Czech
name commonly used as a fictional character, e.g. in math puzzles.

suggesting that the beginnings of sentences are used for detection, and (3) a large
part of the negatively contributing terms are punctuation, specifically symbols
that are rather rare in Czech, placed in the top 4 positions.

Sample-level explanation. The method described in the previous subsections
is useful for a general understanding of the classifier. However, a more in-depth
analysis may require an explanation of how individual samples are classified. We
present a method of visualising each token’s contribution to the final prediction.

Suppose a TF-IDF vector sample s. Then the log-odds of s being classified as
positive are:

P(c=1)[Tievocan P(tlc = 1)

P(c=0) [Tievocan P(tlc = 0)*

ITicvocan P(t]c = 1)

ITievocab P(tlc = 0)*

= > (si-logp(tle=1)) = > (s logp(tlc=0))

log odds (¢ = 1|s) = log

= log

tevocab tEvocab
= Y. (st~ (logp(tle = 1) —logp(t|c = 0)))
tevocab
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it Term Translation #  Term Translation
1 \n \n 1 » »

2 Jednim One of 2 o o

3 Dalsim Another 3 * *

4 Tento This 4 . .

5  Mezitim Meanwhile 5 ( (

6 aspe aspe 6 pry supposedly [inf.]
7 dilezité irnportantnom,sg,neut 7 ovsem however

8  dilezitym important;, 8 » o

9  Musime We must 9 PRAHA PRAGUE
10 Tyto These 10  procent per cent
11 kli¢ovych key;fff% ol 11 roku Yeare,

12 zlepsit to improve 12 zhruba rougly

13 Bylo It was 13 loni last year
14  Kazdy Each 14 - -

15  zahrnuje includes 15 ! !

16 odhodlani  determination,,,, 16  vcera yesterday
17 vést to lead 17 PO MON

18  Jednoho One®d? 18 / /

19  Kklicové keyii{n,pl 19 asi approximately [lit.]
20 zahrnovat to include 20  korun CTOWNSep

(a) Terms contributing the most to positive  (b) Terms contributing the most to negative
classification. classification.

Table 4.4 Terms contributing to classification in the NB Classifier with the RobeCzech
classifier. \n (Table a, row 1) is the newline (LF) character. ‘aspe’ (Table a, row 6) is a
sub-word token, likely occurring mostly in the word aspekt (aspect).

In the second line, we reduced the fraction by the prior probability P(c = 1) =
P(c =0), since the classes are balanced. As a result, every term ¢ contributes to
positive classification odds by

o(s;) == exp(s; - (log p(t[c = 1) — log p(t|c = 0)))

To get a number from the interval [0, 1], we use the standard formula for converting
odds to probabilities, yielding:

. o(sy)
1+ o(sy)

Next, to visualise the contributions, we assign a colour to each token t in the
sequence:

bt

RGBA(255,50,50,a(p,)), if ps > 0.5
colour(p;) = ¢ RGBA(50, 50,255, a(p;)), if p; < 0.5
RGB(200, 200, 200), if t ¢ vocab

a(py) = /2 |ps — 0.5
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a : [0,1] — [0,1] is symmetrical around 0.5, with a(0) = a(1) = 1 and
a(0.5) = 0. It is proportional to the absolute confidence of the model, regardless
of the predicted class. Since most of the contributions are close to the midpoint
0.5, we propose a 4th root transformation that stretches the region near 0.5 closer
to the extremes. We provide a visualisation of the functions above in Figure A.2
and an example of visualisation of contributions of tokens in a text sample in
Figure 4.1.

Ne jed nala jsem nejlépe , jak jsem mohla , a za to se omlouvam . Méla jsem se
i pozdéji wuji stit , ze dané instrukce jsou stale platné . Meéla jsem lépe | zvazit své
chovédni , abych se wuji stila , Ze ' nemam jit do klubu a zustat doma ," vz kézala
finské vefejnosti premiér ka , kterd sama cekd na vysledky testt . Neni jedind , kterd
v | soucasnosti ' ¢eli nar ¢enim 2z porusovidni pan dem i ckych pravidel . V | Britdanii ve
stfedu rezign ovala 'mluvéi premiéra Borise John sona | Al le gra [ Stra t ton ovd . Na
uni klé nahrdvce s @ dalsimi uredniky  kabinetu vtip kovala o  vecirku v Down ing | Street

. 'Kon al se [loni v dobé , kdy byly podobné akce | zakazané .

Figure 4.1 Example contribution visualisation for a correctly classified human-written
news article (with the model’s output probability 0.48), using the NB classifier with the
RobeCzech tokeniser. Red tokens contribute more to positive classification.

4.1.4 Conclusion and Discussion

In this section, we described the construction and training of a NB classifier
with TF-IDF features. While the classifier achieved unexpectedly high, near-
perfect train and validation accuracy, it struggled significantly with different
domains (particularly with theses abstracts) and texts generated by a different
family of LLMs. There was no significant bias towards non-native speakers.

For comparison, we constructed an analogous classifier that works with the
RobeCzech tokeniser rather than a typical word tokeniser. While this significantly
decreased the unknown token rate, the accuracy did not consistently improve
across the datasets. Using this classifier, we observed a considerable increase
in FPR between NATADV and NONNATIVEC1, although this increase was not
present between NATYOUTH and NONNATIVE. Considering the small size of
the prior pair of datasets, we argue that the evidence of bias against non-native
speakers is inconclusive.

In the last part, we exploited the classifiers’ straightforwardness to explain their
functionality. From the original classifier, we observed that the terms contributing
to positive/negative classification differ in their part of speech and tone. In the
classifier modified by the RobeCzech tokeniser, the most contributing tokens
partially overlapped with the prior, but, more importantly, showed that the
paragraph structure, first words in a sentence, and punctuation are significant for
classification.
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4.2 RobeCzech Classifier

In this section, we describe our attempt to create a robust generated text
classifier using contemporary approaches. As our base model, we chose RobeCzech
(Straka et al., 2021; see Section 1.9.3), which falls into the pre-trained classifiers
category (see Section 2.2.4). We first introduce its architecture and training
approach in Sections 4.2.1 and 4.2.2. We present the results of the evaluation
in Section 4.2.3 and inspect some unexpected behaviour with rare tokens in
Section 4.2.4. We attempt to mitigate the behaviour and repeat the experiments
in Sections 4.2.5 and 4.2.6. Finally, we attempt to gain some insight into the
model’s functionality using three sample-level explanation methods in Section 4.2.7.

4.2.1 Architecture

The architecture is based on the architecture for sentiment analysis described
by Straka et al. (2021, Sec. 4.6). The prediction works as follows:

1. The input text is tokenised and special tokens are added, importantly, the
[CLS] token in the beginning.

2. The tokens are passed through RobeCzech, and the output of the last hidden
layer (i.e. the contextualised embeddings) is extracted.

3. The embedding of the [CLS] token is linearly projected to dimension 1. The
rest of the embeddings are disregarded.

4. The linear projection is followed by a sigmoid activation, resulting in output
€ [0, 1], the probability of positive classification.

The architecture is illustrated in Figure 4.2.

Linear Projection Sigmoid

.

~
2
i) ¢ g

c = D

3 s ﬁ?

o (7]

(o] (1)

gl | = a

:‘é’; =

(e o e o e
[FSrHEl v & [l o

Figure 4.2 The architecture of the RobeCzech classifier.

4.2.2 Training

The classifier was trained on the SYNV9™™ dataset with no text normal-
isation. We used the SYNvV9O'*" dataset for hyperparameter tuning. The model
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was trained on a single NVIDIA RTX A4000 GPU (16 GB VRAM). We used the
PyTorch (Paszke et al., 2019) implementation of the standard training procedures.

The training procedure consisted of three phases: in the first phase, we froze the
RobeCzech parameters and only trained the linear projection layer (classification
head) at a constant learning rate. In the second phase, we unfroze the RobeCzech
weights and trained them with a linear learning rate warmup from 0 to a specified
value. Finally, in the third phase, we kept the weights unfrozen and trained with
cosine decay to 0.

The following hyperparameters were used in all the phases: batch size: 32,
optimiser: AdamW (with the default 8; = 0.9, 3 = 0.999), weight decay: 1073,
label smoothing: 0.1.

The classification head was trained by itself for one epoch at a learning rate
5 x 10~*. We were able to reach accuracy on SYNV9"" of 89.80% after this epoch
alone. Next, the whole model was trained with a linear learning rate warmup from
0 to 3 x 1077 over one epoch. Finally, the model was trained for an additional 3
epochs with cosine learning rate decay to 0.

4.2.3 FEvaluation

First, we evaluated the model on the datasets with no text pre-processing. The
results are shown in Table 4.5. For comparison, we evaluated the same model with
PuncTNORM applied to data on inference. The results with the normalisation
applied are shown in Table 4.6.

Comparing Table 4.5 (resp. 4.6) with the results of the TF-IDF NB Classifier
displayed in Table 4.1, we observe that the NB classifier (initially intended as a
baseline classifier) outperforms the supposedly robust, more complex RobeCzech
classifier on almost all datasets — except for SYNVOL: ABs2020, and ABSNEW.

Inspecting Table 4.6, we conclude that applying PUNCTNORM during inference
consistently shifts the prediction towards the positive label (i.e. increases the
FPR and decreases the FNR). This is most significant in NATYOUTH, where the
FPR increased by 29.34%.

4.2.4 No-Break Space Anomaly

While we originally speculated that the large difference in the FPR was caused
by the loss of information about paragraph structure or punctuation, upon closer
inspection, we discovered that numerous texts in the dataset contain the no-break
space (U+00a0) character (which was added during the transcription from hand-
written texts). Simply replacing this character with a regular space leads to the
high FPR as observed before (specifically 57.56%).

Paradoxically, the no-break space did not occur in SYNV , which was
used to train the model. In fact, the character breaks into two tokens upon
tokenisation — utilising the byte fallback — suggesting that the character was
infrequent or non-existent in the pre-training data as well. Therefore, the model
likely developed some generalised rules, possibly about rare tokens.

We tested this hypothesis by introducing RANDAUG to the data on inference,
expecting the predictions to be shifted towards the positive label —i.e. an increase

9TRAIN

5The metrics suppose that all the abstracts are human-written, which is not guaranteed.
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Dataset Acc FPR FNR Train Prep. Infer. Prep.

SYNvO™ ™ 99.35% 0.42%  0.88% -
SYNv9¥™* 99.33% 0.33%  1.00%

SYNvOPL  99.65% 0.35%
SYNVOP'L  92.690% - 7.31%
WIKI 86.73% 15.17% 11.37%
NEWS 85.96% 27.82%  0.26%

NONNATIVE  52.44% 47.56% —
NONNATIVEC1 10.34% 89.66% -
NarYoutH  71.56% 28.44% —
NaTADV 37.93% 62.07% -
ABSs2020 33.78% 66.22% -
ABSNEW® 32.44% 67.56% -

Table 4.5 Evaluation results of the RobeCzech Classifier.

Dataset Acc FPR FNR Train Prep. Infer. Prep.

SYNvyQTam 99.01% 1.17%  0.80% -
SYNv9™* 98.83% 1.67% 0.67%

SYNVOPL  99.65% 0.35%
SYNVOY™: = 9568% -  4.32%
WIKI 83.41% 23.70% 9.48%
NEWS 80.31% 39.11% 0.26%

NONNATIVE ~ 50.00% 50.00%  — PUNcTNORM

NONNATIVEC1  3.45%  96.55% -
NATYouTH  42.22% 57.78% -
NATADV 13.79% 86.21% -
ABs2020 33.72% 66.28% -
ABSNEW 32.29% 67.71% -

Table 4.6 Evaluation results of the RobeCzech Classifier with PUNCTNORM pre-
processing on inference.

Dataset Acc FPR FNR Train Prep. Infer. Prep.

SYNvyQTRAN 99.14% 0.17%  1.55% -
SYNv9*™* 99.33% 0.00%  1.34%

SYNVOL,  99.65% 0.35%
SYNvOY™: = 88.7% ~ 11.30%
WIKI 85.55% 9.00% 19.91%
NEWS 90.42% 18.37%  0.79%

NONNATIVE ~ 76.00% 24.00% - RANDAUG

NONNATIVEC1 34.48% 65.52% —
NarYoutH  72.67% 27.33% —
NATADV 44.83% 55.17%
ABS2020 69.61% 30.39%
ABSNEW 66.39% 33.61% -

Table 4.7 Evaluation results of the RobeCzech Classifier with RANDAUG pre-
processing on inference only.
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in FNR and a decrease in FPR. The results were consistent with our hypothesis,
as demonstrated in Table 4.7.

4.2.5 Training with Augmentation

In an attempt to mitigate the model classifying based on token frequency, likely
observed in the pre-training phase, we trained another classifier with RANDAUG
during training rather than just on inference.

Compared to Section 4.2.2, we changed the learning rate in the first (classific-
ation head) phase to 1073. This was followed by the second (warmup) phase with
learning-rate linearly decreasing from 0 to 5 x 10~7 over one epoch. Finally, in the
third (cosine decay) phase, we trained for only one additional epoch, with learning
rate decay to 0. Interestingly, a validation accuracy of 97.99% was achieved just
by training the classification head in the first phase.

4.2.6 Evaluation After Training with Augmentation

We started the evaluation with the same pre-processing as during training,
i.e. RANDAUG. The results are shown in Table 4.8. For comparison, we also
evaluated the model with PUNCTNORM on inference, as shown in Table 4.9.

Dataset Acc FPR FNR Train Prep. Infer. Prep.

SYNv9 ™ 99.16% 0.55% 1.13%  RANDAUG
SYNv9™* 99.00% 1.00%  1.00%

SYNVOYL — 99.65% - 0.35%
SYNVOY™L © 90.03% - 9.97%
WIKI 85.78% 13.74% 14.69%

NEWS 91.86% 16.01% 0.26%
B RANDAUG

NONNATIVE  67.11% 32.89%
NONNATIVEC1 27.59% 72.41% -
NarYouTtH  62.22% 37.78% -
NATADV 48.28% 51.72% -
ABSs2020 67.01% 32.99% -
ABSNEW 64.88% 35.12% -

Table 4.8 Evaluation results of the RobeCzech Classifier trained with RANDAUG,
with RANDAUG also applied on inference.

While training with RANDAUG led to significant improvement compared
to previous attempts, the classifier still associated rare tokens with negative
classification. This is visible when comparing Tables 4.8 and 4.9. When the
RANDAUG noise is no longer present on inference, the classifier shifts towards
positive classification, although this shift is less dramatic than before.

4.2.7 Explaining the Classifier

Unlike the NB classifier, which is straightforward to explain (as demonstrated
in Section 4.1.3), the complex architecture of the RobeCzech classifier poses
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Dataset Acc FPR FNR Train Prep. Infer. Prep.

SYNvyQTam 99.03% 0.84% 1.09%  RANDAUG
SYNv9A* 99.00% 1.00%  1.00%

SYNvVOY:  99.65% 0.35%
SYNVOY™: © 93.02% -  6.98%
WIKI 84.60% 18.48% 12.32%

NEWS 88.85% 22.05% 0.26%
NONNATIVE  54.00% 46.00% -
NONNATIVEC1 17.24% 82.76% -
NatYouTH  41.56% 58.44% -
NATADV 17.24% 82.76% —
ABs2020 51.42% 48.58% -
ABSNEW 48.49% 51.51% -

PuNncTNORM

Table 4.9 Evaluation results of the RobeCzech Classifier trained with RANDAUG,
with PUNCTINORM applied on inference.

challenges. In this section, we attempt to explain the classifier using various
methods. All of the presented results in the figures were constructed from the
variant with no pre-processing on training and PUNCTNORM pre-processing on
inference.

Selective Masking Given the pre-training approach (see Section 1.9.1), the
model recognises a special [MASK] token, which can replace any tokens in the
sequence. We exploit it for input perturbation, to hide certain tokens from the
classifier and compare the results.

Given a sequence of tokens (¢y,...,t,), the model normally predicts p(c =
1| (t1,...,t,)). By masking the i-th token, we aimed to get the probability
plc=1] (t1,...,ti_1,tis1,t,)). Furthermore, since some words are broken into
multiple tokens, we also implemented masking of k consequent tokens, aiming to
calculate p(c = 1| (t1,...,ti_1,tizk, tn)). For a given k, we mask all consequent
subsequences of length k, one subsequence at a time, and observe how the
prediction probability changes for every masking.

The interpretation of the masked result is to some extent counterintuitive:
consider the original baseline output with no masking b and the output after
masking the i-th token m; = p(c = 1| (t1,...,ti—1,tit1,tn)). If m; < b, the
probability of positive classification decreased after the masking of the i-th token,
which means that the token originally contributed to positive classification.

To create a more intuitive visualisation, we propose the following colouring
with red/blue inversion: first, we consider the relative change m; — b rather than
m;. We scale the differences to [—1, 1] using:

— min; (m;—bi)’

{W if m; <b
M, =

max; (m;—bi)’ if mi > b
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and use M; for colouring:

RGBA(255, 50,50, M;), if M; <0
colour(m;) = _
RGBA(50, 50, 255, M;), if M; >0
Figure 4.3 shows an example visualisation of the masking. Upon experimenting
with various texts and masked window lengths, we were unable to find any
conclusive repeated patterns in the visualisations. Therefore, we consider this
attempt at model explanation unsuccessful.

[CLS] Ne jed mnala jsem nejlépe , jak jsem mohla , a za to se hoEE . Meéla
jsem se |1 pozdé€ji uji stit , ze ' dané instrukce jsou @stale platné . Méla | jsem -

- své chovani ,- se wuji stila , ze _ jit do klubu a ztustat doma ,"

vz kazala finské verejnosti - ka , kterd B ki na vysledky testu . | Neni

jedind , kterd v soucasnosti celi nar Cenim 2z porusovani pan dem i ckych pravidel .
[SEP]

Figure 4.3 Example result of selective token masking in the RobeCzech classifier
with masking window length of 1. The baseline probability was b = 0.484, and the true
class was 0 (human-written). Red tokens contribute more to positive classification. The
two boxes on the last line show the maximum negative/positive change w.r.t. b.

Integrated Gradients As an alternative method of explaining the outputs
of the model, we experimented with Integrated Gradients (Sundararajan et al.,
2017; see Section 2.4.1), implemented in the Captum library (Kokhlikyan et al.,
2020). In our approach, we followed the instructions from Ruben Winastwan®.
As the input layer for gradient integration, we used the embeddings layer of the
RobeCzech model and computed the mean contribution across the embedding
dimension for each token. As the baseline input, we used a sequence of the [PAD]
token with the same length as the actual input tokens, with special tokens added
to the beginning and the end:

([cLs], [PAD], ..., [PAD], [SEP])

For colouring, we used a similar approach as above, with b = 0 and no blue/red
colour inversion. Figure 4.4 displays an example result of the explanations. Again,
the visualisation did not bring satisfactory results: the token contributing to
positive classification by far the most was supposedly a full stop. The tokens
supposedly contributing the most to negative classification were seemingly random
prepositions and a comma.

LIME As the final attempt, we utilised the text module from the Local In-
terpretable Model-agnostic Explanations (LIME) approach (Ribeiro et al., 2016;
see Section 2.4.2). The mask_string parameter was set to [MASK], which gets
converted to the corresponding special token upon tokenisation. We used the
same colouring approach as with IG.

6https ://towardsdatascience.com/interpreting-the-prediction-of-bert-model
-for-text-classification-5ab09f8ef074/
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[CLS] Ne jed nala jsem nejlépe , jak jsem mohla , 'a za to se omlouvdm . Méla
jsem se i pozdéji wuji stit , ze dané instrukce jsou stale platné .  Meéla jsem lépe
Zvazit své chové,nil abych se wuji stila , Ze nemam jit ldo klubu 'a zustat doma ,"
vz kazala finské vefejnosti premiér ka , kterd sama cekd na vysledky testi . | Neni
jeding , kterd B soucasnosti &eli nai denim  z porusovani pan dem i ckych pravidel L
V  Britanii - stfedu rezign ovala mluvéi premiéra Borise John sona Al le gra Stra t
ton ovd | Na wuni klé nahrdvce s dalfmi aredniky kabinetu vtip kovala o vecirku [w

Down ing Street . Kon al se /loni v dobé , kdy byly podobné akce zakdzané L. [SEP]

Figure 4.4 Example result of the Integrated Gradients explanation method applied
on the RobeCzech classifier. The true label was 0 (human-written), and the model’s
output was 0.48. Red tokens contribute more to positive classification. The two boxes
on the last line show the maximum negative/positive contributions.

_ jsem nejlépe jak jsem mohla a za to se omlouvam Mélal jsem se I pozdéji ujistit ze
dané instrukce jsou stédle platné - jsem lépe zvazit své chovani abych se ujistila ze -
jit do klubu a zustat doma vzkazala finské verejnosti premiérka ktera sama c¢ekd na vysledky
testi Neni jedind kterd v soucasnosti Celi naféenim z porusovani _ pravidel V
Britanii ve stfedu rezignovala mluvcéi premiéra Borise Johnsona Allegra Strattonova Na uniklé
nahrdvce s dalsimi uredniky kabinetu vtipkovala o vecirku v Downing Street Konal se - v

dobé kdy byly podobné akce zakazané

Figure 4.5 Example result of the LIME explanation method applied on the RobeCzech
classifier. The true label was 0 (human-written), and the model’s output was 0.48. Red
tokens contribute more to positive classification. The two boxes on the last line show
the maximum negative/positive contributions.

A visualisation of an example document is shown in Figure 4.5. Compared to
previous attempts, we consider this method to be the most informative. From the
figure, we can see that the model largely works with the initial words in sentences,
and the token contributing the most to negative classification was ‘loni’ (‘last
year’). This is similar to our findings in Section 4.1.3, in which we explained the
NB classifier with the RobeCzech tokeniser. Note that in Table 4.4b, the term
‘loni” was also among the terms contributing the most to negative classification.
This suggests some extent of similarity between the two classifiers. We further
examine this similarity in Section 4.6.

4.2.8 Conclusion and Discussion

In this section, we introduced a classifier from the pre-trained models family,
specifically based on the RobeCzech classifier. We proposed the architecture and
the fine-tuning approach. Upon evaluation, we discovered that, similarly to the
classifier from Section 4.1, our classifier achieved a near-perfect accuracy on the
training domains, but struggled considerably with other domains. Moreover, it did
not consistently outperform the aforementioned baseline classifier. While training
on more domains would likely achieve more robustness, it would not necessarily
guarantee good performance on previously unseen domains.

Using various evaluation scenarios, we found that the model likely associates in-
frequent characters with human-written texts, which was difficult to ‘unlearn’ even
by introducing random rare characters to all training data. This was particularly
significant when the model achieved a high accuracy on the NATYOUTH corpus,
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which we later found to be caused by the no-break space character. Disregarding
that result, the models performed better on the NONNATIVE dataset compared
to NATYOUTH. In contrast, all the variants performed better or equally good
on NATADV compared to NONNATIVEC1. Therefore, we do not conclude any
systematic bias against non-native speakers.

In the last part, we attempted to utilise certain sample-level explanation
frameworks on the model. While we were unable to obtain conclusive observations
from the selective masking and the Integrated Gradients methods, the LIME
method provided more promising results. The results suggested that the first words
of sentences have great importance for the classification. This finding, together
with some contributing keywords, is comparable to the findings in Section 4.1.3
(particularly when using the RobeCzech tokeniser), suggesting some similarity
between the NB classifier and the RobeCzech classifier. We further examine this
potential similarity in Section 4.6. As for the unsuccessful explanation attempts,
we believe that the model also uses more complex structures in the text, which
are not possible to visualise on a token level.
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4.3 Transformer Encoder Classifier from Scratch

In this chapter, we propose a non-conventional approach to Transformer models
(Vaswani et al., 2017): custom Transformer encoder-only (see Section 1.9) classifier
(CTEC) from scratch — i.e. with no pre-training 7. The objective was also to
create a model with a smaller number of parameters, since we do not require it
to have all the complex capabilities that pre-trained BERT (Devlin et al., 2019)
models have.

This section tries to inspect the similarities and differences of the CTEC
classifier and RobeCzech, and is structured similarly to Section 4.2. First, we
introduce the architecture and changes in the training procedure in Section 4.3.1
and 4.3.2. We evaluate the classifier in the same environment as RobeCzech in

Section 4.3.3. Finally, we apply the same explanation methods as before to the
CTEC in Section 4.3.4.

4.3.1 Architecture

The outline of the architecture was the same as described in Section 4.2.1,
with the Tokeniser and the RobeCzech components replaced with components
trained from scratch:

+ ByteLevelBPETokenizer from Huggingface’s Tokenizers® library was used
for the tokeniser. As the name suggests, this is a byte-level BPE tokeniser
(see Section 1.6). The tokeniser was configured to a vocabulary size of 16 000
and a minimum frequency of 2.

« For the backbone model, we constructed a RoBERTa model (see Sec-
tion 1.9.2) using the RobertaConfig from Huggingface’s Transformers library
(Wolf et al., 2020). The specific configuration is displayed in Table 4.10,
with the respective values of the RobeCzech model for comparison.

4.3.2 Training

The training procedure from Section 4.2.2 was modified for the needs of the
randomly initialised model. Firstly, the first phase — in which the RobeCzech
model’s weights were frozen and only the classification head was trained — was
omitted. Secondly, the gradient norm was clipped to 1.0 to ensure stability even
with large errors.

Following previous experiments, two classifiers were trained on SYNV
one with no text pre-processing and one with RANDAUG during training — both
trained with the same hyperparameters. Similarly, SYNV9"*" was used to tune
the hyperparameters. The batch size was increased to 128, while the remaining

QTRAIN _

"The method was originally implemented by accident: due to a mistake in the code, we
loaded the RobeCzech (see Section 1.9.3) model without the pre-trained weights. Therefore,
only the pre-trained tokeniser and the model architecture were loaded. Despite this, after tuning
the hyperparameters, we were able to achieve comparable validation accuracy.

8https://huggingface.co/docs/tokenizers/index

9Including the classification head.
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Parameter Value (CTEC) Value (RobeCzech)

hidden_size 360 768
num_attention heads 6 12
intermediate_size 1024 3072
num_hidden_layers 6 12
vocab_size 16 000 51997
layer_norm_eps 107° 107°
max_position_embeddings 514 514
Total Parameters’ 13506 505 125976 577

Table 4.10 Overview of the configuration of the CTEC and comparison with the
RobeCzech model.

parameters, other than the learning rate, were preserved — AdamW optimiser
(with the default 8; = 0.9, 85 = 0.999), weight decay: 1073, label smoothing: 0.1.

The whole model was trained with linear LR warmup from 0 to 10~ for 10
epochs and additional 23 epochs with cosine LR decay to 0.

4.3.3 Evaluation

To reproduce the previous experiments, the classifier trained without pre-
processing was evaluated using no pre-processing (Table 4.11), PUNCTNORM
(Table 4.12), and RANDAUG (Table 4.13). The classifier trained with RANDAUG
was evaluated using RANDAUG (Table 4.14) and PUNCTNORM (Table 4.15).

The results in Table 4.11 are quite satisfactory, with two considerable draw-
backs: 47.33% FPR on the NATYOUTH dataset and 67.98% FPR in the NEwWS
dataset. Compared to the results with PUNCTNORM on inference (Table 4.12),
we observe that the model is still sensitive to specific punctuation and whitespace,
although normalising the text had the opposite effect on the CTEC than on the
RobeCzech classifier: while normalising the whitespace and punctuation shifts the
prediction towards the positive label in Robeczech, the CTEC prediction shifts
towards the negative label.

The results of evaluation with RANDAUG noise (Table 4.13) do not show a
systematic shift towards either of the labels. Its effects were rather inconsistent: on
some datasets, the performance generally deteriorated, while on others it improved.
This behaviour contrasts with the RobeCzech model’s behaviour, where the new
RANDAUG shifted the prediction towards the positive label. We hypothesise that
the CTEC does not exploit the prior frequencies of the tokens because it did not
learn the frequencies during pre-training, unlike RobeCzech.

Training with RANDAUG, we observed more balance between FPR and FNR.
Using RANDAUG (Table 4.14) or PUNCTNORM (Table 4.15) on inference made
little difference, with only a slight shift towards the negative label when using
PuncTNORM. This suggests that the classifier is, to some extent, robust against
random noise.

As the final comparison, we return to the first CTEC trained with no pre-
processing and test it with PUNCTNORM, while decreasing the positive label

10The metrics suppose that all the abstracts are human-written, which is not guaranteed.
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Dataset Acc FPR FNR Train Prep. Infer. Prep.
SYNvyQT#am 100.00% 0.00%  0.00% -
SYNvOYA* 99.16% 0.67%  1.00%
SYNVOPE  100% —0.00%
SYNvOY: = 8472% -  15.28%
WIKI 91.0% 18.01% 0.00%
NEWS 66.01% 67.98% 0.00% B
NONNATIVE 95.33%  4.67% -
NoNNATIVEC1  89.66%  10.34% -
NATYOUTH 52.67%  47.33% -
NATADV 72.41%  27.59% -
ABs2020 94.50%  5.50% -
ABSNEW!? 93.46%  6.54% -

Table 4.11 Evaluation results of the CTEC.
Dataset Acc FPR FNR Train Prep. Infer. Prep.
SYNvyQRAN 98.49% 0.00% 3.02% -
SYNv9¥A- 94.98% 0.00% 10.03%
SYNvOYL  96.86% - 3.14%
SYNVOV': = 44.52% - 55.48%
WIKI 69.19% 0.00% 61.61%
NEwS 93.31% 0.00% 13.39%
NONNATIVE ~ 98.67% 1.33% - PUNCTNORM
NoNNATIVEC1 96.55% 3.45% -
NATYOUTH 99.33% 0.67% —
NATADV 96.55% 3.45% —
ABs2020 94.56% 5.44% —
ABSNEW 93.41% 6.59% -

Table 4.12 Evaluation results of the CTEC with PUNCTNORM pre-processing on

inference.
Dataset Acc FPR FNR Train Prep. Infer. Prep.
SYNy9TRam 99.16% 1.05% 0.63% -
SYNvQYA- 97.49%  3.01% 2.01%
SYNvVOP:  100.00% - 0.00%
SYNvOY: = 7276% - 27.24%
WIKI 85.31%  9.95%  19.43%
NEWS 96.85%  4.72% 1.57%
NONNATIVE ~ 71.11% 28.89% - RANDAUG
NoNNATIVEC1  79.31%  20.69% -
NATYOUTH 81.11% 18.89% -
NATADV 75.86%  24.14% -
ABs2020 62.11% 37.89% -
ABSNEW 61.90% 38.10% -

Table 4.13 Evaluation results of the CTEC with RANDAUG pre-processing on infer-

ence.
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threshold. Table 4.16 shows that by applying this change, we achieved results
very similar to the CTEC trained with RANDAUG and tested with PUNCTNORM
(Table 4.15). The exact value of the threshold was chosen to 0.37 to achieve
the most similar results. This comparison demonstrates that the two training
approaches do not lead to fundamentally different classifiers, and their differences
can be largely mitigated simply by changing the classification threshold.

4.3.4 Explaining the Model

Given the similar architecture to the RobeCzech model, we opted for the
same explanation techniques as in Section 4.2.7: selective masking, Integrated
Gradients, and LIME. The experiments were done on the classifier trained with
RANDAUG, with PUNCTNORM applied on inference. The example visualisations
are shown in Figures A.3, A.4, and A.5 in the attachment. In the case of CTEC,
none of the methods provided satisfactory results. A common occurrence was
that the explainers considered conjunctions and punctuation to be important for
classification. We were unable to identify any further patterns.

4.3.5 Conclusion and Discussion

In this section, we introduced an unconventional approach to training a
Transformer model that does not involve pre-training. We were able to create
a detector with almost 10 times fewer parameters than the RobeCzech classifier
and achieve comparable results on the training domain and a stronger robustness.
For the first time, the detector’s performance did not drop below the random
baseline on any of the datasets. During the evaluation, we observed that the
model partially relies on the punctuation, which can lead to incorrect classification.
However, unlike the RobeCzech model, our CTEC did not make any assumptions
about previously unseen tokens.

The good-performing variants of the classifier had somewhat (< 12%) better
performance on the NATYOUTH dataset compared to NONNATIVE, and the
difference was less significant or non-existent when comparing NONNATIVEC1
to NATADV. Therefore, some suspicions can be raised about the bias against
non-native speakers in this classifier, although its extent is not nearly as drastic
as described by Liang et al. (2023).

Lastly, we again attempted to explain the model. We used the same three
methods used for the RobeCzech classifier: selective masking, Integrated Gradi-
ents, and LIME. We were unable to draw any non-trivial conclusions from the
explanations provided by either of the explored methods.
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Dataset Acc FPR FNR Train Prep. Infer. Prep.

SYNv9a 99.96%  0.08% 0.00%  RANDAUG
SYNv9"* 99.16%  0.33%  1.34%

SYNvVOPRL, - 100.00% - 0.00%
SYNVOY™L  75.75% ~ 24.25%
WIKI 87.68%  6.16%  18.48%
NEWS 9921%  1.57%  0.00%

NONNATIVE ~ 67.78%  32.22% - RANDAUG

NoNNATIVEC1  79.31%  20.69% -
NATYOUTH 79.78%  20.22% -
NaTADV 79.31%  20.69% —
ABs2020 62.11% 37.89% -
ABSNEW 61.07% 38.93% -

Table 4.14 Evaluation results of the CTEC with RANDAUG pre-processing during
training and inference.

Dataset Acc FPR FNR Train Prep. Infer. Prep.

SYNv9TAN 99.96%  0.08%  0.00%  RANDAUG
SYNv9™* 99.50%  0.00%  1.00%

SYNvOY:  100.00% 0.00%
SYNvVOY': = 72.76% ~27.24%
WIKI 87.91%  4.74%  19.43%

NEWS 99.21% 1.57%  0.00%
NONNATIVE 71.33%  28.67% -
NoNNATIVEC1 82.76%  17.24% -
NATYOUTH 82.22% 17.78% -
NATADV 82.76%  17.24% -
ABs2020 62.42%  37.58% -
ABSNEW 62.68% 37.32% -

PuncTNORM

Table 4.15 Evaluation results of the CTEC with RANDAUG pre-processing during
training and PUNCTNORM on inference.

Dataset Acc FPR FNR Train Prep. Infer. Prep.

SYNv9TAN 99.69%  0.00%  0.63%
SYNv9™* 99.16%  0.33%  1.34%

SYNvOY:  100.00% 0.00%
SYNvOYL © 7043% - 29.57%
WIKI 86.26%  8.06% 19.43%

NEWS 98.69% 1.57% 1.05%
NONNATIVE 82.44%  17.56% -
NONNATIVEC1 82.76%  17.24% -
NATYOUTH 87.67% 11.33% -
NATADV 89.66% 10.34% -
ABs2020 62.66% 37.34% -
ABSNEW 60.78%  39.22% -

Positive threshold decreased to 0.37

PuncTNORM

Table 4.16 Evaluation results of the CTEC with no pre-processing during training
and PUNCTNORM on inference; positive threshold decreased to 0.37.
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4.4 Commercial Generated Text Detector

To provide more realistic detection results, we included a commercial, closed-
source model for comparison. At the time of writing this, there is no monolingual
detector for Al-generated text in Czech. Instead, we resorted to multilingual
detectors. After an informal survey of the available options, we found that
Plagramme!! performs well on the tested documents. The company generously
provided access to their API free of charge for academic research!2.

The specific inner mechanisms of Plagramme’s Al detector are proprietary.
The product webpage states the following;:

A set of tools helps develop and provide the Al text checking service.
The Al detector uses machine learning, natural language processing,
web development tools, and cloud services to ensure accurate checking
and reliable detection of Al-generated content.

The tool works on a sentence level, returning the probability p; of each of the
S sentences in a document being generated. To obtain the same format as our
previous detectors, we compute the average of the probabilities (each sentence
with the same weight, regardless of its length):

1.8
nggm

In order not to overload Plagramme’s servers, we limited the datasets larger
than 100 documents to a randomly selected subset of size 100. The documents
were clipped to the first 512 words, similarly to earlier experiments. SPACENORM
normalisation was then applied. The results are shown in Table 4.17.

Dataset Acc FPR FNR Pre-Processing
SYNvOA* 97.5.%  1.00%  4.00%
SYNVO o i 99.00% - 1.00%
SYNV9/ L. 65.00% - 35.00%
WIKI 93.00%  2.00% 12.00%

NEwS 96.50%  6.00% 1.00%
NONNATIVE 98.00%  2.00% -
NoNNATIVEC1 100.00% 0.00% —
NaTYOoUuTH 99.00%  1.00% —
NATADV 96.55%  3.45% -
ABSs2020 96.00%  4.00% -
ABSNEW!3 89.00%  11.00% —

SPACENORM

Table 4.17 Evaluation results of the commercial classifier with at most 100 samples
per dataset.

Uhttps://www.plagramme.com/services/ai

12We hereby declare that the choice of the tool was not influenced by this offer and that
every communication with the company happened after it was decided to use this tool.

13The metrics suppose that all the abstracts are human-written, which is not guaranteed.
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The results show considerably better results than the classifiers that we created
and presented before. The detector struggled the most on the SYNV9{2% = dataset,
suggesting that it was not trained on Llama-generated (Grattafiori et al., 2024)
documents and does not generalise well across the models. Disregarding this
dataset, the only two datasets on which the error rate was higher than 10% were
WIKI (where the FNR was 12%) and ABSNEW (where the FPR was 11%). Given
the considerably smaller FPR on ABs2020, this might suggest that some of the
new abstracts were in fact generated.

The difference in performance between NONNATIVE and NATYOUTH was
negligible. Despite that, the difference between NONNATIVEC1 and NATADV
was greater (1.00% vs. 3.45%), but given the small sample size, we do not consider
this difference significant.

4.4.1 Conclusion and Discussion

In this section, we introduced and tested a commercial multilingual generated
text detector, which we believe will provide a more realistic insight into real-world
applications. We observed that the commercial detector consistently outperforms
our detectors except for correctly classifying Llama-generated text, which it was
likely not trained on.

We did not conclude any systematic bias against non-native speakers, with
the error being < 3.5% on each native/non-native dataset. Given the near-perfect
performance on most datasets, the outliers may provide some information about
the datasets themselves, rather than the classifier. We suspect that an increased
‘FPR’ on ABSNEW might suggest that some of the documents in the dataset are
generated (hence the quotation marks). Furthermore, the increased FNR on WIKI
could mean that generating natural-sounding Wikipadia-style articles is a simple
task for LLMs, as they likely observed the reference article in the training data
(this will be further demonstrated in Section 4.5)
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4.5 Llama Logit-Based Analyser

In this section, we introduce our approaches for analysing the entropy of a text
with respect to a decoder-only Transformer model (see Section 1.10). The analyser
proposed in this section plays a key role when comparing our findings to the
findings of Liang et al. (2023), who suggest that the texts created by non-native
speakers have lower perplexities and that the generated text detectors rely on the
perplexity. The latter will be discussed in Section 4.6.

The section is structured as follows: first, we introduce the concepts of entropy
and perplexity of a document w.r.t. an LLM in Section 4.5.1. We discuss
how we applied the concept to our specific case and what results we obtained
in Section 4.5.2. Finally, we introduce an approach for visualising the tokens’
attribution to entropy in Section 4.5.3 and use it to explain the entropy of a text
from a non-native speaker.

4.5.1 Entropy and Perplexity w.r.t. a Model

For our purposes, we define'* the entropy of a document d of length N w.r.t.
a language model as:

1 N
H(d;model) = -~ > 108 Pmodel (di | di, - .., di—1)

=1

This can be interpreted as the cross-entropy H(q, Pmodel) Where ¢ is a uniform
distribution that assigns the probability 1/N to each token. Another interpretation
is that the formula is the NLL of the document under the model, normalised
by its length. The entropy is inversely related to the likelihood of a sequence
being generated by the model: the larger the entropy, the lower the probability of
generation. We illustrate how the log pmode(d; | d, ..., d;—1) is extracted from a
model in Figure 4.6.

Logits

small 14.2
= - free | 128
=y > equal 11.1
5 5
3 3
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«Q =] - Log-Softmax
A AEE AF =
) 3 &
I = - v
o
: 3
= Log-Probabilities
3 v > small | -0.3
@ g free -1.1
free L equal -2.8

Figure 4.6 Example extraction of the log-probability of a token (‘free’) given a
context. Note that in practice, the log-probabilities can be calculated simultaneously
for each token, thanks to attention masking.

4Our definition stems from the established notion of perplexity of a token sequence (as used
by Jiang et al., 2024), omitting the exponentiation.

29



The entropy H(d;model) and the perplexity PPL(d;model) of a document
have a straightforward exponential relationship:

PPL(d; model) = exp(H(d; model))

Therefore, the two properties are positively correlated. We chose to work with

the entropy rather than the perplexity, as its distribution is simpler to model (see
Figure 4.7).

4.5.2 Entropy Analysis

For our reference model, we chose Llama 3.2 1B base (Grattafiori et al., 2024).
Unlike other authors (Jiang et al., 2024), who used GPT-2 (Radford; Jeffrey Wu
et al., 2019b) as the reference model, we chose the Llama family, as we believe
that a contemporary model represents the current GPT models more accurately
than the somewhat outdated GPT-2, despite belonging to a different family. We
worked with 16-bit weights and used the Unsloth library (Daniel Han; Unsloth
team, 2023) for efficient inference. The small model was chosen for efficiency, and
the results below suggest that it was sufficient. The number of samples for each
dataset was clipped to 1000, and the subset was selected at random.

We truncated each sample to 512 tokens and disregarded the predictions on
the first 100 tokens to provide sufficient context. Let M = min(JV, 512), then our
modified entropy formula is as follows:

1 M
m Z log Pmodel<di | dy,... 7di—1>

=101

H(d; model) = —

Samples where M — 100 < 0 were discarded.

First, we plotted the histogram of the entropy distribution for SYNv
displayed in Figure 4.7. As expected, the generated documents have smaller
entropies than the natural ones in most cases, although there are some overlaps
in the histograms. Furthermore, we observed that the histograms resemble the
normal distribution density. Upon this observation, we estimated their parameters
IGPT40, OGPT40, Mnar, and oy using the maximum likelihood estimate, and
plotted their respective density functions (@uqpri..oarro A Puua.one) ito the
figure.

This density estimate h = H(d;model) could further be used for classification:
let

TRAIN
97,

p(h ’ c= 1) = SOHGPT407UGPT40(h’)
and similarly for p(x | ¢ = 0). Bayes’ law states that

p(C =1 | h) X ¢HGPT407UGPT4o(h>P<C - 1)

Since the classes are balanced, the P(c = 1) component can be discarded. The
final prediction would then be calculated as follows:

(pMGP'I‘.m,UGP'Ivlo (h>
SO,U«GPT4070'GPT4O (h) + @HNATygNAT (h)

However, we found that this classification method is not practically applicable,
as the densities differ considerably among different domains (as demonstrated

ple=1]x) =
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Figure 4.7 Entropy distribution for SYNV9™*™ and their estimated densities.

below). Therefore, we do not present a classifier in this section but rather a tool
for analysing the logit-based classifiers.

Figure 4.8 displays the entropy distributions of all the datasets, and Table 4.18
shows their respective mean and Standard Deviation (SD). In Figure 4.8, comparing
subplots (i.a), (i.b), (i.c) with (ii.a), we see that the texts generated by GPT-4o0
(OpenAT; Hurst et al., 2024) and GPT-40-mini'® have similar entropy distributions,
while the entropy for Llama 3.1 405B (Grattafiori et al., 2024) was smaller, on
average. This is likely because the model against which we measured the entropy
was also from the Llama 3 family.

Subplots (ii.b) and (ii.c) provide important insight for cross-domain analysis.
While it still holds that, within one domain, generated texts have smaller entropies
than natural texts, with little overlap, the mean and standard deviation of the
entropies differ significantly across domains. In the case of WIKI and NEWS,
the entropies of both generated and natural data were significantly smaller than
expected from SYNvV9™ ™ This is likely because the two domains are publicly
available and likely contained in the LLMs training data, which makes the models
more likely to generate similar documents.

Importantly, contrary to the findings of Liang et al. (2023), the mean entropy
of NONNATIVE is not less than that of NATYOUTH. In fact, the opposite holds,
although the difference is not dramatic. Similarly, the mean entropy of NON-
NATIVEC1 is slightly greater than the mean entropy of NATADV. Interestingly,
the advanced student texts (NONNATIVEC1 and NATADV) have smaller mean
entropies compared to their respective non-advanced counterparts. This is further
examined in Section 4.5.3.

The abstract datasets (ABS2020, ABSNEW) have the smallest mean entropies
of all the negative datasets. This is likely because of the easily predictable, rigid

5https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligenc
e
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structure of the texts. Contrary to the results from Section 4.4, we did not find
any significant differences in distributions between the two datasets displayed in
Figure 4.8 (iv.b) and (iv.c).

Dataset Positive Negative

Mean SD Mean SD
SYNvy9 AN 2.08 0.28 3.29 0.28
SYNvOYA* 2.06 0.29 3.29 0.28

SYNVIS: i 2.05 0.25 — —

SYNvO/2L 1.90 0.37 — -
WIKI 1.66 0.21 2.4 0.31
NEWS 1.88 0.18 2.8 0.36
NONNATIVE — - 3.45 0.58
NoONNATIVEC1 — — 2.95 0.39
NATYOUTH - - 3.15 0.50
NATADV — - 2.84 0.20
ABs2020 — — 2.31 0.41
ABSNEW — — 2.28 0.38

Table 4.18 The mean and Standard Deviation (SD) of the entropies for each dataset.

4.5.3 Explaining the Analyser

Since the analyser works by computing the average of the log-likelihoods for
each token, calculating each token’s attributions is straightforward. For better
visualisation, we introduce the following changes:

1. Ezponentiation: we work with p; := pmodel(d; | d, ..., d;_1) rather than the
logarithms used in entropy.

2. Min-maz scaling: to ensure that the probabilities are dispersed in the interval
0, 1] we scale them using the formula:
,__ pi —min;(p))
max;(p;) — min; (p;)

3. Non-linear transformation: to better distinguish between the probabilities
close to 0, we introduce non-linear transformation a; = ¢/p; (similarly to
the sample-level visualisation in Section 4.1.3).

Finally, we colour each token as colour; = RGBA(40, 160, 80, a;). Figure 4.9
provides an example visualisation of a text from a non-native speaker. In most
cases, the first token of a word has a smaller likelihood, while the following
tokens are more likely. This behaviour is intuitive: the first token provides most
information about the intended word, while the following tokens can be ‘guessed’
from the context.

Tokens containing an error are an exception to this rule: even if the first token is
known, the following tokens have low likelihoods. Again, this behaviour is expected,
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Figure 4.8 Entropy distributions of all the datasets compared to the density estimated

on SYNvVQTRAIN,
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as grammatical errors are not common in training corpora. Furthermore, the
grammatical errors that are included are usually not systematic, i.e. different errors
are made for the same words. Therefore, this likely explains the higher entropy of
the texts from non-native speakers compared to their native counterparts.

vsSechno I
to naopak vibec nez aj 4l Ne ji
nic pos I- . . . .I R - i cas aktiv . . sport uji nebo vice
prac .I C as , - maji je pro 1€ velmi -II Pro déti mohou -
méd @ i ne be & pe éni | Pokud na @ rodi B nem . cas I dsti trav { cely
“den pred el 2 il aiv .-- véechnol a také ‘na po I-I-
né nejsou urc ené I Pot om maji se sebou problém a mysli s I e . c
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Figure 4.9 Tokens’ contributions to entropy, written by a non-native speaker. Darker
tokens have higher likelihoods. Start-word tokens have a space at the beginning of
their boxes. The first 100 tokens (in grey) are used to introduce the context, and their
likelihood is not measured. Non-introductory tokens with spelling or grammatical errors
have red borders.

4.5.4 Conclusion and Discussion

In this section, we introduced a logit-based approach that analyses the entropy
of a text with respect to a language model. The significance of this approach is
its relationship to perplexity, which Liang et al. (2023) examined in their study
on bias against non-native speakers in generated text detection.

We verified that, within a domain, generated texts have smaller entries than
the human-written ones, with only a small overlap. However, the entropies differ
significantly across domains, which makes it challenging to use this observation for
a straightforward Bayesian classification. The difference likely stems from whether
similar documents were included in the training data and from the structure of
the text.

Unlike Liang et al. (2023), we did not find that the texts produced by non-
native speakers have lower entropies: our data suggested the opposite. This is
likely because of the frequent grammatical errors in the non-native works. The
difference was less significant for non-native speakers who are more advanced
(NONNATIVEC1 vs. NATADV), which supports this claim.

To provide a deeper understanding of the analyser, we created a method of
visualising the per-sample likelihoods of the tokens. The visualisation provided
an insight into the likelihood of the tokens in a multi-token word. Next, we used
this visualisation to show that grammatical errors lead to a higher entropy of a
document.

In Section 4.6, we use this analyser to examine whether our previously intro-
duced models implicitly use the entropy to detect generated text.
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4.6 Correlation Analysis

In previous sections, we introduced various methods for detecting generated
text. In this section, we examine whether some of these methods use similar
features to classify text; i.e. whether their outputs within one class'® are correlated.
The aim of this analysis is to (1) examine whether our detectors (implicitly) rely
on entropy, as suggested by Liang et al. (2023), and (2) possibly provide some
explanation of the methods we struggled to explain by relating them to more
explainable methods.

To compute the correlation, we use the SciPy library (Virtanen et al., 2020),
which, for two vectors x and y with their respective means my and my,, uses the
following formula:

(i — mx)(yi — my)

i@ - m Ty — my )

Finally, to interpret the results, we use the thresholds described as ‘conventional’
by Schober et al. (2018), displayed in Table 4.19:

r

0.9,1.0 very strong correlation

Absolute Correlation Value Interpretation
[0.0,0.1) negligible correlation
[0.1,0.4) weak correlation
[0.4,0.7) moderate correlation
[0.7,0.9) strong correlation
[ ]

Table 4.19 Interpretations of the correlation values.

4.6.1 Model Correlations

For our comparison, we selected one or more representatives of each category
of the introduced models:

e NB: the NB classifier with TF-IDF features with word-level tokenisation,
using LOWNORM during training and inference (introduced in Section 4.1).

e NB RC=z the NB classifier with TF-IDF features with RobeCzech tokeniser
and no pre-processing (introduced in Section 4.1.2).

o NB 16k: the NB classifier with TF-IDF features with the small 16 k terms
vocabulary tokeniser trained in Section 4.3 (this model has not been formally
introduced before, but its functionality is closely related to the classifier
from Section 4.1.2).

e RCz plain: the RobeCzech classifier with no pre-processing (introduced in
Section 4.2).

o RCznoised: the RobeCzech classifier with RANDAUG applied during training
and inference (introduced in Sacetion 4.2.5).

16Note that correlations in mixed-class data are trivial for any functional detectors.
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o« CTEC plain: the Custom Transformer Encoder-only Classifier with no
pre-processing (introduced in Section 4.3).

o CTEC noised: the Custom Transformer Encoder-only Classifier with RAND-
AUG applied during training and inference (introduced in Section 4.3).

o Plagramme: the commercial generated text detector with SPACENORM
applied on inference (introduced in Section 4.4).

 entropy: the logit-based entropy analyser (introduced in Section 4.5).

The per-dataset average correlation heatmap is shown in Figure 4.10, and
all datasets are shown in the attachment, in Figure A.6. The figure shows an
unsurprising strong correlation between the models from the same family, with the
only exception being C'TEC plain vs. CTEC noised. Importantly, the correlation
of all the models with entropy is negligible or weak, contrary to Liang et al. (2023),
although its value is systematically negative, which is expected. For illustration,
we provide a sample-level comparison of the outputs of entropy vs. CTEC noised
on the WiKIgpr4o dataset!” in Figure 4.11.

Correlation heatmap for AVERAGE

NB
NBRCz4 0.8 1.0 0.94 0.62 0.62
NB 16k 10.76 0.94 1.0

RCz plain
RCz noised
CTEC plain

CTEC noised

Correlation (absolute value)

Plagramme

entropy
0.0

Figure 4.10 Per-dataset average correlation heatmap for the compared models.

Furthermore, there was a moderate correlation between the outputs of the
RobeCzech classifier and those of the NB classifier with the same tokeniser (and
similarly for the CTEC). This suggests that, to some extent, the classifiers work
with the same principle. Thanks to this insight, we know that the knowledge
from explaining the NB classifier (see Section 4.1.3) also partially applies to the
Transformer-based models. Again, we illustrate this correlation on WIKIgpT4o in
Figure 4.12.

"The second model was chosen as one of the best-performing models and the dataset was
chosen as one of the datasets on which the model struggled, to obtain more variance in the
outputs.
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Figure 4.11 Sample-level comparison of the outputs of entropy vs. CTEC noised on
the WIKIqpr4o dataset.
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Figure 4.12 Sample-level comparison of the outputs of RCz noised vs. NB RCz (which
both use the same tokeniser) on the WiKigpr4, dataset.
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The correlations on the SYNV9?:  dataset (shown in Figure 4.13) are con-
siderably higher compared to the other datasets. The correlation rose to ‘strong
correlation’ levels for all models except two: CTEC plain (where it remained
moderate but higher than average) and entropy (where it remained weak). Hypo-
thetically, this could mean that while the more complex models work with more
complex, model-specific features, when these features are not present, they resort

to lexical features, which are primarily used in NB.

Correlation heatmap for llama
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Figure 4.13 Correlation heatmap for the SYNvO/+L = dataset.

4.6.2 Conclusion and Duscussion

In this section, we provided a critical comparison of the introduced methods
using within-class correlations. A key finding was that the outputs of the models
are only weakly correlated with the entropy of the texts, showing that the models
do not implicitly rely on the entropy. This finding is opposed to the findings of
Liang et al. (2023).

The correlation analysis also provided a certain insight into the models: it was
shown that the correlation between Transformer-based models and TF-IDF/NB
models is moderate if they use the same tokeniser, suggesting that the former
family of models also works with lexical features, to some extent. This correlation
is even stronger when measured on data generated by a model on which the models
were not trained. We hypothesise that this is caused by the models learning more
complex model-specific structures and falling back on lexical features when they
are not present.
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Conclusion

In this thesis, we provided a comprehensive follow-up to the work of Liang
et al. (2023) — who examine the bias of generated text detectors on non-native
speakers — in the context of the Czech language. We introduced the datasets
and data pre-processing pipelines. Next, we used these datasets to train and
evaluate models based on three commonly used architectures. For comparison, we
further included a commercial Al detector. We found that while achieving high
performance on the training domain was trivial, even with simple models, all of our
models performed considerably worse when the domain was significantly different.
We attempted to explain the models, which was only partially successful.

To answer the first question raised in the Introduction — i.e. whether Czech
generated text detectors are biased against non-native speakers — we evaluated
the detectors on two pairs of comparable datasets of text from non-native/native
speakers: NONNATIVE/NATYOUTH and NONNATIVEC1/NATADV. We did not
find a systematic bias against the non-native speakers: some detectors performed
better on non-native texts, while others performed better on those from the native
speakers.

As for the second question, whether the texts from non-native Czech speakers
have lower perplexities, we created an entropy-based analyser and found the
opposite: on average, the entropy (and, therefore, the perplexity) of the texts
from non-native Czech speakers is greater than that of the comparable texts from
native speakers. We attribute this phenomenon to frequent grammatical errors,
particularly in declension. This explains the difference from the experiments on
English texts, where the declension is considerably less complex.

Finally, we answered the third question — whether it is possible to create
generated text detectors that do not rely on perplexity — by first creating archi-
tectures that do not explicitly work with perplexity. Next, to ensure that these
classifiers do not have some implicit representation of perplexity, we compared the
correlations of their outputs within one class to our entropy-based analyser and
confirmed that the correlation was insignificant. Therefore, we concluded that our
detectors do mot rely on perplexity. Moreover, the correlation analysis provided
further insight into the functionality of the models.

Limitations

Despite our efforts, the approaches presented in this work have some limitations
that are worth considering. We consider the sourcing of the non-native texts to be
the main limitation of this work. While we were able to source the ‘NONNATIVE’
dataset of 450 documents, the speakers’ proficiency in Czech was insufficient.
To mitigate this, we obtained a dataset of non-native speakers with a higher
proficiency: ‘NONNATIVEC1’. However, this dataset was considerably smaller
(29 documents), and grammar mistakes were still prevalent. As a result, the
prediction of the detectors was largely impacted by grammar and spelling errors,
rather than lexical and syntactic properties of the texts.

Another limitation is the fact that we were unable to create an industry-
level generated text detector that is robust across domains and source language
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models. We partially addressed this issue by employing a commercial detector and
evaluating it in the same way as our detectors. However, given the closed-source
nature of the detector, our understanding of its functionality is limited to ‘black
box’ observations.

Finally, the scope of the architectures of the detectors and the scope of the
source models of the generated datasets are limited. For example, detectors based
on linguistic features were not considered, and the source models for the generated
text were limited to the GPT-4o family (OpenAl; Hurst et al., 2024) and Llama 3
(Grattafiori et al., 2024). Expanding those scopes could provide more insight into
the problem of generated text detection.

Future Work

For future work, we suggest sourcing a more representative dataset of texts
from highly proficient Czech non-native speakers to obtain more comparable
results to related work. Next, a more comprehensive training dataset should be
created that covers diverse domains and language models, and a new generation
of detectors should be trained on the dataset. The correlation analysis could
be used to identify models whose error is not correlated to create an ensemble
model, which could achieve industry standards. The improved model could then
be re-evaluated for a possible bias against non-native speakers.

A significant finding of this thesis is that the bias against non-native speakers
is largely language-dependent. Consequently, future work might explore languages
other than English and Czech to examine how the conclusions differ and whether
there are any general, language-independent characteristics of the generated text
detection problem.
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Figure A.1 Scheme of the Transformer architecture. Source: Vaswani et al. (2017).
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Figure A.2 Visualisation of the sample-level colouring function from Section 4.1.3.
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- Ne je dna la jsem nejlépe , jak jsem mohlal a za to se o mlou vam . Meéla
jsem se |1 pozdéji wuji stit , Ze dané instru kce jsou stdle plat mé . Méla jsem lépe
zvazit své chovani , abych se uji stila , Ze nemam jit do klubu . zustat doma "
vz kézala fin ské vefejnosti premiér ka || kterd sama cekd na vysledky te stu . Neni
jedind || kterd v soucasnosti celi na I cenim z porus ovani pan dem i ckych  pravidel

V Britanii ve stfedu rezi gn ovala mluvéi premiéra B ori se John sona Al le gra
Stra t ton ovd . [ Na u nik 1é nahrd vce s dalsimi dfedni ky kab ine tu vtip kovala o
veéi tku v Do w n ing Stre . Kon al se loni v dobé |, [ kdy | byly podobné akce
zakaz ané . . ona se omlu vila : " Z dd lo ise , ze mé poznidm ky pravidla z leh
cuji . Pravi dla |, [kterda se lidé @snazili [dodrzovatl . To nikdy nebylo mym zimé rem
,' prohld sila . S lova omlu vy smérem k vefejnosti vysla 1. sam premiér John son
, pro néj z jde o dalsi ze skand ala v okruhu jeho nejblizsich spoluprac ovniku .
</s>

Figure A.3 Example result of selective token masking in the CTEC with masking
window length of 1. The baseline probability was b = 0.39, and the true class was 0
(human-written). Red tokens contribute more to positive classification. The two boxes
on the last line show the maximum negative/positive change w.r.t. b.

<s> Ne je dna la jsem nejlépe , jak jsem mohla ,. za to se o mlou vim . Méla
jsem se [1 pozdé€ji wuji stit , Ze dané instru kce jsou stéle plat né . Meéla jsem lépe
zvazit | své chovani , abych se wuji stila , ze 'nemam jit do | klubu . zustat doma ,"
B2 xizala fin ské verejnosti premiér ka , 'kterd sama c¢ekd na vysledky [tel sti . Neni
jedind , ktera v soucCasnosti celi na I cenim z porus ovani pan dem i ckych pravidel

V Briténii ve stfedu rezi gn ovala mluvéi premiéra B ori se John sona Al le gra
Stra t ton ova . Na [u nik 16 nahrd vce s dalsimi uredni ky kab ine tu vtip kovala o
veéi tku v Do w n ing Stre et . Kon al 'se loni v dobé , kdy byly podobné akce
zakéz ané || [ IOBE se ‘omlu vila : " Z d4 lo | se , ze mé poznam ky pravidla z leh
cuji . Pravi dla , kterd se lidé snazili dodrzovat . To nikdy nebylo mym zdmé rem
," prohld sila . S lova omlu vy smérem k vefejnosti vysla 1 | sdam premiér John son
, pro né&j z  jde o dalsi skand ala v okruhu jeho nejblizsich | spoluprac ovnikua .
</s>

Figure A.4 Example result of the Integrated Gradients explanation method applied
on the CTEC. The true label was 0 (human-written), and the model’s output was 0.39.
Red tokens contribute more to positive classification. The two boxes on the last line
show the maximum negative/positive contributions.

Nejednala jsem nejlépe jak jsem mohla . za to se omlouvam Meéla jsem se I pozdéji ujistit ze
dané instrukce jsou stdle platné Méla jsem lépe zvazit své chovani abych se ujistila ze nemam
jit do klubu . zustat doma _ finské verejnosti premiérka kterd |sama cekd na vysledky
testi Neni jedina kterd v soucasnosti celi narcenim z porusovani pandemickych pravidel V
Britdnii ve stfedu rezignovala mluvéi premiéra Borise Johnsona Allegra _ Na uniklé
nahrdvce s dalsimi dfedniky kabinetu vtipkovala o vecirku v - Street Konal se loni v
dobé kdy byly podobné akce zakazané I- se omluvila Zdalo se ze mé poznamky pravidla
zlehcuji Pravidla kterd se lidé snazili dodrzovat To nikdy nebylo mym zamérem prohlasila
Slova omluvy smérem k verejnosti vyslal i === premiér Johnson pro - jde o dalsi ze
skandali v okruhu jeho nejblizsich spolupracovniku

Figure A.5 Example result of the LIME explanation method applied on the CTEC.
The true label was 0 (human-written), and the model’s output was 0.39. Red tokens
contribute more to positive classification. The two boxes on the last line show the
maximum negative/positive contributions.
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Figure A.6 Correlation heatmaps for each dataset for the compared models

Section 4.6.1).

Correlation (absolute value) Correlation (absolute value) Correlation (absolute value) Correlation (absolute value)

Correlation (absolute value)

Correlation heatmap for synv9

NB

NB RCz

NB 16k

RCz plain
RCz noised
CTEC plain

CTEC noised
Plagramme

entropy

NB
NB RCz

NB 16k

RCz plain
RCz noised
CTEC plain
CTEC noised
Plagramme

entropy

1.0 0.84 081

NB
NBRCz10.84 1.0 093
NB 16k 10.81 0.93 1.0
RCz plain
RCz noised
CTEC plain
CTEC noised
Plagramme
entropy
S &

PR
G EE

Correlation heatmap for non-native-cl

NB
NB RCz

NB 16k

RCz plain
RCZ noised
CTEC plain
CTEC noised
Plagramme

entropy

Correlation heatmap for abs-new

NB
NBRCz{0.81 10 0.96 0.74
NB 16k{0.82 0.96 1.0 0.73
RCz plain 0.74 073 1.0 0.93

RCz noised

CTEC plain
CTEC noised

Plagramme

entropy

38

Correlation (absolute value)

Correlation (absolute value)

0.0

Correlation (absolute value)

0.0

Correlation (absolute value)

Correlation (absolute value)

Correlation heatmap for gpt4mini

NB

NB RCz

NB 16k

RCz plain
RCz noised
CTEC plain

CTEC noised
Plagramme

entropy

& O ¢

$ &
Correlation heatmap for wiki-neg

NB

NBRCz10.77 1.0 0.95

NB 16k 10.74 0.95 1.0
RCz plain
RCz noised
CTEC plain

CTEC noised
Plagramme

entropy

Correlation heatmap for non-native
NB{ 1.0 0.75 0.75
NBRCz10.75 1.0 0.96
NB 16k 10.75 0.96 1.0
RCz plain
RCz noised
CTEC plain
CTEC noised

Plagramme

entropy

NB
NB RCz

NB 16k
RCz plain
RCz noised
CTEC plain

CTEC noised

Plagramme

entropy

Correlation heatmap for AVERAGE

NB
NBRCz{ 08 10 094
NB 16k {0.76 0.94 1.0
RCz plain
RCz noised
CTEC plain
CTEC noised

Plagramme

entropy

[ TaaaasaanslE 2aaaaaaannEEEEN 2 22 2aaaaaaaanEEEEEN 22 2 aaaaaaaannnEEEEEN S —m

Correlation (absolute value) Correlation (absolute value) Correlation (absolute value) Correlation (absolute value)

Correlation (absolute value)



	Introduction
	Theoretical Background
	Probability Theory
	Classification Task
	Evaluation Metrics

	Optimisation
	Optimisers
	Learning Rate Scheduling
	Underfitting, Overfitting, Regulatisation

	Naïve Bayes Model
	Naïve Bayes Model with TF-IDF Features

	Feed-Forward Networks
	Activation Functions

	Tokenisation
	Embeddings
	Positional Embeddings

	The Transformer
	Scaled Dot-Product Attention

	Encoder-Only Transformer Models
	BERT
	RoBERTa
	RobeCzech

	Decoder-Only Transformer Models
	Decoding Strategies
	GPT
	Llama


	Related Work
	Generated Text and Plagiarism
	Detecting Generated Text
	Classical ML Classifiers
	Logit-Based Detectors
	Linguistic Feature-Based Detectors
	Pre-Trained Classifiers

	Bias in Generated Text Detection
	Original Study
	Leveraging Bias with Representation

	Model Explanation
	Integrated Gradients
	Local Interpretable Model-Agnostic Explanations


	Datasets
	Conteporary Czech Corpus
	Generated Complement

	Czech Wikipedia Crawl
	Generated Complement

	Czech News Crawl
	Generated Complement

	Non-Native Czech Speakers Corpus
	Native Czech Youth Corpus
	Corpus of pre-ChatGPT Abstracts
	Corpus of post-ChatGPT Abstracts
	Data Normalisation and Augmentation
	Normalisation
	Random Noise Augmentation


	Experiments
	TF-IDF Naïve Bayes Classifier
	Training and Evaluation with the Unitok Tokeniser
	Training and Evaluation with the RobeCzech Tokeniser
	Explaining the Classifier
	Conclusion and Discussion

	RobeCzech Classifier
	Architecture
	Training
	Evaluation
	No-Break Space Anomaly
	Training with Augmentation
	Evaluation After Training with Augmentation
	Explaining the Classifier
	Conclusion and Discussion

	Transformer Encoder Classifier from Scratch
	Architecture
	Training
	Evaluation
	Explaining the Model
	Conclusion and Discussion

	Commercial Generated Text Detector
	Conclusion and Discussion

	Llama Logit-Based Analyser
	Entropy and Perplexity w.r.t. a Model
	Entropy Analysis
	Explaining the Analyser
	Conclusion and Discussion

	Correlation Analysis
	Model Correlations
	Conclusion and Duscussion


	Conclusion
	Limitations
	Future Work

	Bibliography
	List of Figures
	List of Tables
	List of Abbreviations
	Attachments
	Figures


