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Abstract

Textual data analysis lies at the heart of inductive reasoning in corpus linguistics. Corpus-driven approaches place
the corpus at the center of working hypotheses and use statistical processing as an exploratory tool. With deep
neural networks, the training corpus is also crucial, but the objectives are less exploratory. Nevertheless, the
performance of Transformers in automatic language processing suggests that self-attention is an effective means of
extracting structural information from corpora. In this article, we present interdisciplinary work that uses Transformers
descriptively to shed light on linguistic phenomena present in a learning corpus. We propose using two feature-based
interpretation methods in a case study of political speeches applied to a text generation task. The first method is a
global approach that uses attention scores to analyse the training corpus. The second is a local approach that uses
gradient-based features to analyse predictions. These methods are compared to standard statistical techniques,
providing empirical confirmation of the observed phenomena. We conclude on the potential of Transformers as a

heuristic tool for corpus linguistics.

Keywords: Transformers, Features, Corpus, Linguistics, Interpretations

1. Introduction

Political discourse is constantly permeated by lin-
guistic signs that shape the structure and mean-
ing of our leaders’ messages. The study of these
signs, also known as semiotics, is therefore cru-
cial to understanding the phenomena at play in
language that lead to the expression of different po-
litical ideologies. The semiotic approach to textual
data analysis is based on fundamental concepts
proposed by Ferdinand de Saussure, the founding
father of modern linguistics, who distinguishes two
axes in discourse: a paradigmatic axis and a syn-
tagmatic axis. The paradigmatic axis represents
the relationships in abstentia (in memory) between
words: associative relationships that allow them to
be substituted in a given context (e.g., “social” and
“political” in the example in Figure 1). Conversely,
the syntagmatic axis represents the relationships
in praesentia (in the chain of discourse) that affect
the position and order of words and form compre-
hensible units such as sentences or passages.
Tools for detecting and analyzing syntagmatic
or paradigmatic relationships traditionally use the
distributional hypothesis (Harris, 1954; Firth, 1957),
which posits that words that share similar contexts
tend to have similar meanings. Some tools fo-
cus on the syntagmatic axis, such as Latent Se-
mantic Analysis (Deerwester et al., 1990) or col-
location analysis (Sinclair, 1991), while others fo-
cus on the paradigmatic axis, such as CBOW and
SKIP-GRAM models (Mikolov et al., 2013). The
specialization and performance of these models
depend largely on the parameters used, particu-
larly the contextualization window, as shown by

(Lapesa et al., 2014) and (Sun et al., 2015). The
introduction of Transformers (Vaswani et al., 2017),
along with models such as GPT (Radford and
Narasimhan, 2018) and BERT (Devlin et al., 2019),
has expanded contexts and boosted performance.
However, it is unclear whether Transformers focus
specifically on the syntagmatic or paradigmatic axis,
or whether they are even able to combine the two
levels to perform the required tasks.

In this article, we will present a heuristic approach
showing how Transformers can help to explore
various types of relationships between words in
texts using a model trained to generate political dis-
course. After a brief introduction to the theoretical
framework of this study, we will turn to two explo-
ration methods: a global method, using attention-
based features extracted from the training corpus,
and a local method using gradient-based features
extracted from the model’s predictions. The re-
sults will show that these methods highlight both
paradigmatic and syntagmatic phenomena in ab-
stentia and in praesentia. Finally, we will conclude
by discussing the added heuristic value of Trans-
formers in the context of text analysis applied to the
study of political discourse.

2. Related work

Since the advent of the first computers, natural
language processing has been a major tool for
analysing political discourse. Its application has
recently expanded to include deep neural networks
(Mayaffre and Poudat, 2013; Marwala, 2023; Sku-
bic and FiSer, 2024). The methods we investigate
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Figure 1: Paradigmatic and syntagmatic axis in
modern linguistic

to explore linguistic signs are based on a corpus-
driven approach (Tognini-Bonelli, 2002). These
are heuristic methods in which statistics and deep
neural networks serve an exploratory purpose.
The value of Transformers for a corpus-driven
exploratory approach has been demonstrated by
(Jawahar et al., 2019), who highlighted the abil-
ity of BERT-type models to capture syntactic and
semantic structural information. The performance
of Transformers in semantic analysis of political
discourse has also recently been demonstrated
(Huguet Cabot et al., 2020; Sucu et al., 2025).
This has been achieved through complex attribu-
tion tasks, such as the identification of framing,
metaphor, emotion and stance in informal discus-
sions. However, most studies on political discourse
using Transformers focus on the predictive perfor-
mance of models (e.g., detection of political lines
(Jakob et al., 2024), or sentiment analysis (Aber-
crombie and Batista-Navarro, 2020)) rather than
being directly useful for exploring and analysing
discursive linguistic signs.

The exploratory approach that we propose is
directly related to model interpretability. Interpreta-
tion methods can be classified into different cate-
gories (Lipton, 2018). Some depend on the model,
such as BertViz (Vig, 2019), while others are ag-
nostic, such as LIME (Ribeiro et al., 2016). Oth-
ers are associated with game-theoretic methods,
such as SHAP (SHapley Additive exPlanations)
(Lundberg and Lee, 2017). The methods chosen
in this contribution are based on an analysis of two
types of Transformer features: attention-based and
gradient-based. Our study evaluates the added
value of the feature extraction approaches by com-
paring them to the baseline statistics used in corpus
linguistics. (Oakes, 1998).

The attention-based approach draws inspiration
from work such as that of (Vig, 2019), which demon-
strates the heuristic potential of attention weights in
Transformers. Although the interpretability of atten-
tion scores is a much-debated topic (Serrano and
Smith, 2019; Jain and Wallace, 2019), we hypothe-
sise that they offer several avenues for exploration
that we wish to investigate. Section 4.1 shows
a method of global interpretation using attention-
based features to explore word relationships across

the entire training corpus. Attention scores are con-
verted into word embeddings for visualisation, simi-
lar to the approach taken in (Molino et al., 2019). Al-
though itis unclear what types of linguistic signs are
captured by standard embeddings (Rogers et al.,
2020; Poliak et al., 2018), recent work by (Han et al.,
2024) shows that exploring vector representations
of words provides valuable insights into discourse
construction in text generation tasks.

The gradient-based approach is inspired by im-
age processing (Simonyan et al., 2014; Zhou et al.,
2016). These methods have been successfully ap-
plied to text in translation tasks (He et al., 2019)
and question-answering tasks (Mudrakarta et al.,
2018) tasks, achieving good results in the detec-
tion of salient features (typically words) responsible
for a model’s decision. Section 5 shows a local
interpretation method that uses a gradient-based
feature to explore the word relationships within a
given prompt that are responsible for the model’s
prediction (text generation).

3. Miniature GPT to explore political
corpora

The experimental protocol of this study is based on
a minimalist Transformer architecture for text gen-
eration. The simplicity of the model is a response
to the need for interpretability. All the technical
choices presented in the following sections aim to
simplify the exploration of the model’s features. The
training corpus was also selected to maximise the
interpretability of the model’s results. For this study,
we selected a set of French political speeches using
an interdisciplinary approach supported by linguis-
tic expertise. Section 3.3 provides details of the
corpus structure and the model’s performance.

3.1. Model

The model is based on the implementation of
(Nandan, 2020), who proposed a mini architecture
based on Transformers for text generation. Its au-
thor illustrates the model using the entire IMDB
sentiment classification dataset. We adapted the ar-
chitecture to fit the French political discourse needs
and trained the model on the corpus presented in
Section 3.3. Technically, the final model is identi-
cal to the one proposed for review generation. It
consists of a Transformer decoder block with mul-
tiple attention heads, to which a causal attention
mask is applied. The Transformer takes a posi-
tional embedding representing the text, which is
segmented into words', as input, and uses a sim-
ple dense layer with an output size corresponding

"Tokenization is manually adapted to the French po-
litical corpus we have chosen for the study (see section
3.3).
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to the size of the text multiplied by the size of the
vocabulary as output. The sequence-to-sequence
task involves predicting the input text after shifting
it by one additional word. The modifications we
have made are detailed in the following section and
mainly concern feature extraction at two points in
the neural network: the attention scores and the
Transformer output. All the hyperparameters and
conditions required to reproduce the results are
presented in the section 8.

3.2. Methods

The proposed methods for exploring linguistic signs
are specific to the model and employ feature-based
approaches. In particular, we focus on two interpre-
tation methods associated with two types of feature
related to self-attention calculation (see Figure 2)
: i) a global method based on attention scores ; ii)
a local, gradient-based method at the Transformer
output.

—’—‘nalure
N

Gradient-based features
(For local interpretations)

nature

Queries

L)

Figure 2: Feature extraction attention-based (used
for global interpretations method) and gradient-
based (used for local interpretations method)

3.2.1. Global method

As discussed in Section 2, analysing attention
scores is not straightforward (Serrano and Smith,
2019; Jain and Wallace, 2019). When attention
scores are used to interpret a model’s predictions
on text samples locally, the detected word associ-
ations do not always make linguistic sense. One
of the major contributions of this work is shifting
the focus from local to global analysis of the model,
reusing the training corpus to highlight the asso-
ciations identified by the model across the entire
training data. This approach challenges the gen-
eral representation of the training corpus obtained
from the attention scores.

The main idea is to calculate an average atten-
tion score for each pair of co-occurrences within
the corpus. The size of the text sequences deter-
mines the contextualisation window. We set this
to 20 words, which is the average sentence length
of the corpus presented in Section 3.3. The raw
attention scores correspond to the dot product (plus

activation function) of each query (word) with each
key (co-occurrence), as provided by the Multihead-
Attention layer. Our technique involves running all
the training data through the model to extract the
attention scores for each pair of co-occurrences
found in the text sequences. The attention scores
provided by the Multihead-Attention layer corre-
spond to a tensor for each sequence. Summing
the Multihead axis yields a 20 x 20 matrix repre-
senting the co-occurrence scores. These attention
scores are not bijective; they represent directed
links, i.e. word associations in which directionality
is considered. While directionality information is im-
portant from a linguistic point of view, especially at
the syntagmatic level, we have chosen to neutralise
the directionality of the attention scores to simplify
the analysis, encouraged by the work of (Saponati
et al., 2025). We will discuss the potential impact
of this choice in Section 6.

The attention scores for each pair of co-
occurrences in a text sequence are added together
to create a global A,,, matrix, where m and n
correspond to the size of the vocabulary. This ma-
trix ultimately represents the total scores obtained
for all m x n pairs of co-occurrences in the X;,qin
data set. This matrix is triangular and represents
all pairs of co-occurrences in the corpus. The total
attention for each pair of co-occurrences, a,,, is
calculated as follows:

[Xtrainl|

Y fma e (1)
=0

Amn =
A vector is then extracted for each word from
the A,,«, matrix (either a row or a column). This
high-dimensional vector can be considered as an
embedding representing the words in all the con-
texts captured by the Transformer (similar to a
Word2Vec model, but calculated from attention
scores). As with any embedding, the vectors en-
code a large amount of information, so the num-
ber of dimensions must be reduced to make them
human-readable. We propose using principal com-
ponent analysis (PCA) (Pearson, 1901) to achieve
this. This method is widely used in statistics and
also applied to corpus linguistics (Oakes, 1998;
Redmond et al., 2023). The advantage of this tech-
nique is that it provides a general and interpretable
overview of the vector representations calculated
by the attention scores and the overall behaviour
of the model.

3.2.2. Local method

As a complement to the global approach, we pro-
pose to use a local approach that focuses on
feature extraction using a gradient-based method.
Gradient-based methods are useful for identify-
ing important features associated with predictions.
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In text input to the network, an important feature
(also known as Textual Saliency) is generally rep-
resented by a token (a word) or a group of tokens
that influence the prediction.

We chose a method that uses the heatmap of
the Transformer’s output layer: a matrix T ; where
each row ¢ corresponds to a word in the text and
each column j corresponds to the weights set by
the layer. The sum of the values in a word’s vector
provides an approximation of its importance in the
context of the prediction. However, this sum does
not indicate whether the word contributed positively
or negatively to the prediction. To overcome this
limitation, we adjust the Transformer’'s heatmap
according to the weights of the neurons in the final
layer of the network. Our method is inspired by
class activation map (CAM) techniques, such as
CAM (Zhou et al., 2016) and Gradient-based CAM
(Grad-CAM) (Selvaraju et al., 2017), which have
produced good results with images and which we
wanted to apply to text.

The weighted matrix T corresponds to the scalar
product of matrix 7" and vectors V', which repre-
sents the weight of the neurons associated with the
selected output word. The weighted representation
of each word is calculated as follows:

Tixj =Tix;V;+0 (2)

Where i corresponds to the ith word in the text
sample, j corresponds to the jth weight associated
with the corresponding vector, and b corresponds
to the bias applied in the layer in the last layer of
the network.

The weighted matrix 7" provides a gradient-based
representation of the textual saliences that the
model uses to predict the next word. To evalu-
ate the importance of the saliences with a score,
we sum the values of the vector corresponding to
each word. This gives a score we called ¢-score,
which corresponds to the weight of the word w at
the Transformer output calculated as follow:

«

tscore (w) = twa (3)
0

Il
<.

[}

As we will see in Section 4, the two proposed
methods (global and local) complement each other
when exploring paradigmatic phenomena in prae-
sentia (i.e. in the memory of the corpus) and syn-
tagmatic phenomena in praesentia (i.e. in the se-
quence of a prompt).

3.3. Corpus

The explainability of phenomena detected by Trans-
formers is closely linked to training corpora. In
our study, we analyse modern French political dis-
course — specifically that of the current president,

Emmanuel Macron — with the help of linguists
who specialise in this area. To achieve this, we
collected all of the president’s official speeches
available on the Elysée French institutional web-
site? for the period 2017-2024. This amount to 70
speeches containing 459,239 tokens. We divided
these speeches into samples of 20 words using a
sliding window, which provide a total of 426,503
samples. The total vocabulary consists of 17,634
tokens, including punctuation and all signs sepa-
rated by spaces.

The model’s task is to predict the next word in
each sample using sequence-to-sequence encod-
ing. The output corresponds to the input sample,
but shifted by one word. We normalised the vo-
cabulary by removing capital letters and limited it
to 10,000 words to reduce the impact of isolated
words.

The model evaluation uses 10% of the dataset to
measure the precision of n-grams generated by the
model (fixed at 20 new tokens), against the refer-
ence text. We compute BLEU and ROUGE scores,
achieving the following results: BLEU=68.35 ;
ROUGE-1 F1=0.74 ; ROUGE-L F1=0.73.

While the focus of the study is not on the model’s
performance in automatic generation, it is worth
noting that the modest size of the corpus associated
with the minimal model we propose allows us to
achieve satisfactory results from both statistical and
human perspectives (when reading the generated
texts). We hypothesise that this performance is
sufficient to use the model for exploratory purposes,
querying the linguistic signs detected during the
training process that led to these results.

4. results

This section shows the results obtained on the
study corpus. Based on the attention scores cal-
culated on the most frequent words in the corpus,
we will first look at the main co-occurrence profiles
identified by the model across the entire corpus.
Then, using an example prompt, we will illustrate
how gradient-based features can be used to identify
local n-grams that are important for model predic-
tion.

4.1. Exploring global syntagmatic and
paradigmatic linguistic signs

The initial results presented focus on the attention
matrix A,,x». As mentioned in section 3.2.1, the di-
mensionality of the obtained word vectors requires
the application of a dimension reduction method to
enable visualisation of the embeddings and exam-
ination of their interpretability. We opted for PCA,

2https://www.elysee.fr
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which is widely used by the text data analysis com-
munity. This method projects the vectors onto two
axes, making it possible to observe the similarities
or differences between words based on their vector
profiles.

The size of the raw A,,«,, matrix corresponds
to the size of the model’s vocabulary, i.e. 10,000
words. Even when applying PCA, displaying the
entire vocabulary would be difficult to visualise
and interpret. In an initial experiment, we pro-
jected the 300 most frequent words in the corpus
(based on absolute frequency across the entire
training dataset). Figure 3 shows the result, with
the strongest contributions to the principal axes
highlighted (i.e. the important words).

Figure 3: PCA of the 300 most frequent words in
the corpus based on attention scores matrix

The result is striking. Axis 1 (the horizontal
axis) shows a contrast between syntagmatic and
paradigmatic relationships. The left side mainly
comprises verbs such as “étre” (to be), “avoir”
(to have), “penser” (to think) and “croire” (to be-
lieve), conjugated with nearby pronouns such as
“le”, “iI", “on” (I, they, it). The right-hand side of
the graph highlights nouns that form themes such
as “ministre/président” (minister/president), “en-
fants/avenir” (children/future), and “sécurité/liberté”
(security/freedom). Axis 2 (vertical) adds a further
contrast to the left of the graph, between discourse
that is mainly focused on the first person (at the bot-
tom) and more detached discourse that is focused
on the third person (at the top). This result illus-
trates two well-known communication strategies in
politics. The first is a discourse in which the head
of state expresses a personal position: “je pense”
(I Think), “je crois” (I believe), “je veux” (I want).
The second is a detached discourse in which the
president makes general statements such as “il
y a/avait/aura’/... (there is/are/was/will be/...), “il
faut” (it is necessary), illustrated also by the gender-
neutral third person “on”. It is also important to note
the natural placement of adverbs in the syntagmatic
chain such as “quelques” (some/a few), “toujours”
(always), “quand” (when) around verbs that indicate
the speaker’s position in space and time. The result
therefore shows categories of words that oppose

or attract each other, as well as phrases (partic-
ularly verbal) that are formed in speech. These
results suggest that attention scores analysed glob-
ally across the entire learning corpus can provide
information about relationships between words in
terms of both their position in the text (syntagmatic
axis) and their selection (paradigmatic axis).

To further explore the paradigmatic axis, we con-
ducted a second analysis focusing on common
nouns. We reproduced the PCA from the A,,,x,, ma-
trix, this time retaining only the 300 most frequent
nouns in the corpus (obtained via automatic anno-
tation of the corpus). These were then projected
onto the first two principal axes of the PCA. Figure
4 shows the resulting accentuated representation
of semantic correlations.

Figure 4: PCA of the 300 most frequent nouns in
the corpus based on attention scores matrix

The PCA of names reveals several clusters of
words at the ends of the graph (highlighted in the
figure), which clearly illustrate the main themes
of French presidential discourse. In the top right
quadrant is vocabulary related to the country’s
economy:“milliards/millions” (billion/million), “eu-
ros”, “investissement” (investment), “impét/taxe”
(taxation/tax), “budget”, and so on. On the opposite
side of the horizontal axis are words related to the
defended values: “liberté” (freedom), “démocratie”
(democracy), “respect”, etc. On the secondary
axis, there is a contrast between national dis-
course touching on social themes in the country:
“homme(s)/femme(s)/violence(s)” (men violence
against women), “écoles/enseignants/éléves”
(schools/teachers/students), “famille/enfants”
(family, children), “ch6mage/jeunes” (unemploy-
ment/young people), etc. , and an international
discourse: “souveraineté” (sovereignty), “frontiéres”
(borders), “continent”, “paix” (peace), etc. This
second result, which focuses on nouns, confirms
the exploratory value of attention scores and how
representations can adapt depending on the words
selected.

From a methodological perspective, we also ob-
serve that the attention scores converge towards a
standard representation of co-occurrence in texts.
The representations provided by figure 3 and 4
are well known in classical statistics applied to
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textual data analysis. These are usually derived
from matrices similar to attention scores, but are
based on absolute frequency and are much eas-
ier to compute. To calculate a similarity index be-
tween the two approaches (absolute frequencies
and attention scores), we constructed a second co-
occurrence matrix identical to the first one (based
on the 300 most frequent words), but calculated us-
ing the absolute frequency of each pair observed in
the corpus (with the same contextual window as the
model, set at 20 words). By applying a Pearson cor-
relation coefficient, we obtained a correlation rate
of 82.32%. This indicates a tendency for attention
scores to primarily reflect frequency phenomena
(a tendency that is fairly expected but rarely mea-
sured). However, given the remaining performance
gap of almost 20% associated with Transformers,
we argue that attention scores provide additional
exploratory value to complement traditional statis-
tics.

This experiment has empirically demonstrated
that attention scores provide a useful basis for
analysing textual data, such as political discourse.
Using the training corpus as the sole source of
linguistic hypotheses, we have shown that it is pos-
sible to analyse the syntagmatic and paradigmatic
relationships that structure the French president’s
speeches.

Note. Pearson’s correlation coefficient test sug-
gests that for an automatic text generation task, at-
tention scores could be initialized or even replaced
by a frequency matrix with constant-time compu-
tation in order to significantly reduce the computa-
tional cost of Transformers.

5. Exploring local syntagmatic and
paradigmatic linguistic signs

The second part of our research into exploring po-
litical discourse using a Transformer focuses on
analysing predictions on given samples. We use
a gradient-based approach to study local textual
salience (i.e. within a given text sequence), which
plays an important role in the model’s prediction.
As a reminder, the miniature model that we imple-
mented was trained on a corpus of political dis-
course and was tasked with predicting words that
could complete the input text (the prompt). To illus-
trate the added value of the approach, we will show
first the results obtained on a given exemple (see
Figure 5).

To compute the t-score (gradient-based feature
score) for each word in the prompt, we selected
the five highest probabilities from the prediction.
In our example, the prompt correspond to the text:
“Lintelligence artificielle est une révolution” (Artifi-
cial intelligence is a revolution). And the prediction

|
Prompt | Prediction
___________________________________ L
Syntagmatic i
1
mprofonde
: s
I"intelligence artificielle t une révolution, frangaise 3
=3
dans El
=
2

1
1
1
1
|
|
|
|
1
|
1
1

Figure 5: Syntagmatic and paradigmatic signs re-
lated to the example prompt : “Lintelligence artifi-
cielle est une révolution” (Artificial intelligence is a
revolution)

corresponds, in descending order of probability, to
the words: “profonde” (deep), “frangaise” (French),
“dans” (in), “culturelle” (cultural), and “technological”
(technological). Four of the five words proposed by
the model are therefore qualifying adjectives (often
positioned after the noun in French). This category
of words confirms the model’s ability to detect as-
sociative relationships, as observed in Section 4.1.
These relationships refer to in abstentia phenom-
ena which are encoded in the model’s memory and
observed using the proposed global analysis of the
training data.

From a linguistic point of view, the use of adjec-
tives in politics often refers to technical discourse
that aims to be precise. Here, the word “profound”
(the most likely word predicted by the model) adds
a dramatic, even hyperbolic dimension, an exag-
geration of the facts that is indeed found in the
contemporary political discourse of many leaders,
such as in the discourse of the current US President
Donald Trump (Abbas, 2019).

== pofonde  mmm dans
frangaise  mmm culturelle

20
15
10
0 I

¢ &
& &
& s
&
&

= technologique

Figure 6: Gradient-based feature scores (tscore)
applied on prompt “Lintelligence artificielle est une
révolution” (Artificial intelligence is a revolution)

Figure 6 shows how the ¢-score (based on gradi-
ent calculation see section 3.2.2) varies depending
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on the choice of one of the five words with the high-
est probability of being the output. The first obser-
vation from this graph is that the word “révolution”
has the highest score of all five prediction candi-
dates. This indicates in our example that the final
word in the prompt is the most important feature for
predicting the next word. From a syntagmatic point
of view, this intuitive result can also be explained
by Table 1, which shows that all bigrams formed
with the word “révolution” are statistically salient in
the training corpus (i.e. they have a low probability
under the null hypothesis of distribution).

number of occurrences of the target word in the
corpus, p = % where T corresponds to the number
of words in the corpus with ¢ = 1 — p. The z-score
gives positive scores to words that are overused
alongside the target word in bigrams. The test we
conducted compares the variations in the z-score
when the t-score deacrease.

révolution... occ co-occ probability -
..profonde 241 2 3.92e-6 . R _
...frangaise 1542 2 1.59e-4
...dans 3259 1 0.18
...culturelle 142 3 7.07e-10
...technologique 82 1 9.66e-4

Table 1: Bigram probability with word “révolution”

The graph also shows that the scores of preced-
ing words can vary significantly depending on the
word selected in the model output. This indicates
the presence of other significant co-occurrences.
For instance, the word “francaise” is associated
with “intelligence” to form the bigram “intelligence
frangaise” (French intelligence), which the model
seems to point statistical significance in Macron’s
speech. It occurs seven times out of 116 instances
of intelligence and 138 instances of French, giving a
probability of 8.8e-15. Statistical confirmation here
shows significant complementarity in validating the
observations made using the gradient-based fea-
tures.

In this example, the ¢-score’s correlation with the
presence of statistically significant bigrams indi-
cates that the local analysis of gradient-based fea-
tures primarily reveals syntagmatic relationships.
To confirm this hypothesis and extend the scope of
the demonstration, we compare the ¢-score calcu-
lation with the z-score, a statistical baseline test for
corpus linguistics (Oakes, 1998), applied to bigram
calculations. Using all the prompt sequences in
the test dataset (10% of the corpus), we created a
t-score matrix representing the average gradient-
based feature score for each source word in relation
to the highest target word (prediction) score. Af-
ter sorting the results, we retain the top 20 source
words in the prompt and compare the score with
the bigram z-score calculation as follows:

k—fp
z= (4)

VIipg
Where k is the number of occurrences of the
bigram formed with the target word (the highest
prediction) and the source word in the text, f is the

Figure 7: Variation in z-score relative to ¢-score
based on the ranking of the 20 highest ¢-score.

Figure 7 shows the results. A comparison of the
profiles of the two curves shows that the two mea-
sures are highly correlated. The bigram z-score
perfectly tracks the decline in the ¢-score. This
demonstrates the important role of gradient-based
features in detecting statistical syntagmatic relation-
ships. Combining this result with those observed
using attention scores, Transformers offer numer-
ous possibilities for analysing textual data, such as
political discourse. As illustrated in the examples
(Figures 6 and 5), Transformers can detect both
in praesentia and in abstentia linguistic phenom-
ena and create representations that can be used
not only for prediction tasks, but also for exploring
linguistic corpora.

6. Discussion

Self-attention, inspired by human visual attention,
is bidirectional. The phenomena captured by Trans-
formers use positional encoding to indicate the po-
sition of words in the text, allowing self-attention to
distinguish the directionality of a co-occurring pair.
In our work, we chose to neutralise directionality,
reducing the attention score matrix to a symmet-
ric matrix that is easier to analyse. Our approach
is based on the recent work of (Saponati et al.,
2025), which demonstrates that Transformers tend
to induce symmetries in the features they detect.
However, the authors validate their hypothesis us-
ing encoders, whereas we use decoders in our
experiments. Therefore, exploring the variation in
attention related to word position is important, given
that word order is a significant syntactic component
in linguistics.
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The analysis of attention scores (Section 4.1)
illustrates both paradigmatic and syntagmatic phe-
nomena. Indeed, PCA on the entire vocabulary
(Figure 3) seems to distinguish between paradigms
and syntagms on axis 1, and PCA on nouns (Figure
4) clearly offers a paradigmatic representation of
the corpus. Analysis of the feature gradient at the
transformer output appears to favour syntagmatic
relationships (n-grams). However, paradigmatic re-
lationships, as observed with attention scores, play
an important role in the model’s predictions. Never-
theless, our method does not allow us to observe
these directly in the text prompts at the network
input. A potential solution to be explored in future
studies would be to project the attention scores onto
the text, as BertViz does, taking into account the
various attention heads, and then compare these
projections to the scores obtained in the corpus’s
global matrix.

A detailed linguistic analysis of the results ob-
tained was conducted using a French political cor-
pus. It gives good linguistic interpretations based
on expert knowledge in French political discourse,
but we cannot generalise the observations to other
corpora. Additional studies involving different lan-
guages and types of discourse would enable to
validate the results on a larger scale. Furthermore,
in our work, the emergence of paradigmatic and
syntagmatic relationships in Transformers only con-
cerns text generation. It would be useful to com-
pare these results with those of models trained on
other tasks, such as automatic classification. It
is uncertain whether attention scores would focus
on syntagmatic and paradigmatic relationships or
merely on statistical phenomena known in corpus
linguistics, such as lexical specificities (Pincemin,
2024).

7. Conclusion

In this paper, we empirically demonstrate that Trans-
formers can contribute to the exploration of lin-
guistic signs in corpora such as political discourse.
The features calculated from self-attention point
to emerging linguistic phenomena that contrast in
praesentia relationships (within the text sequence)
of a syntagmatic nature with in abstentia relation-
ships (within memory of the training corpus) of a
paradigmatic nature. We focus on two methods of
using Transformers to explore such linguistic signs.
The first global method effectively captures word
categories and associative relationships, enabling
direct exploration of the training corpus as a lin-
guistic object. The second method, which is local,
highlights salient textual elements that illustrate the
generative process, encouraging researchers to
examine the syntagmatic relationships detected by
the model. Transformers therefore offer an encour-

aging results for exploratory approach needed by
corpus linguistics. The weights of the neurons in
a trained model appear to be promising descrip-
tive material that complements traditional statistical
analysis of textual data.

8. Supplementary Materials

All the tokens in the dataset are lowercased and the
Spacy Python library (model “fr_core_news_Ig”) for
part-of-speech tagging is used to extract the most
frequent nouns in Section 4.1. (labelled “NOUN?”).
Tokenisation was adapted to our study corpus using
specific cleaning rules. All stop words and punctu-
ation are retained to preserve all possible linguistic
features in the text.

The miniature GPT model was implemented us-
ing the Keras/TensorFlow source code provided by
(Nandan, 2020). The hyperparameters used to fit
the dataset are: vocabulary size: 10,000 tokens;
sequence size: 20 tokens; embedding size: 256;
number of heads (multi-head attention): 8; dense
size (last layer): 512. The model was trained us-
ing a batch size of 512 and a sparse categorical
cross-entropy loss function (with the default Adam
optimiser) on an RTX 4090.

The attention scores are given by the Mul-
tiHeadAttention layer (using the parameter “re-
turn_attention_scores”). The weights of the fi-
nal dense layer are provided by the “get_weights”
method of the Keras library, which we use to ad-
just the output representation of the Transformers
block to compute the feature gradient-based score
(t-score). Statistical analysis and PCA visualisa-
tions are provided by the Hyperbase web platform
(https://hyperbase.unice.fr).
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