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Abstract
This paper presents GePaDeSE, a new resource with annotations of clause-level aspect in German parliamentary
debates, also known as Situation Entity types. The new resource includes 250 political speeches from the
German Bundestag, given by 192 speakers, with over 220,000 tokens. In the paper, we first describe the new
corpus and the annotation process. Then we present experiments on automatically classifying clause-level aspect
and present an in-depth analysis where we show the potential of Situation Entities for the analysis of political discourse.
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1. Introduction

This paper presents a new resource for studying
clause-level aspect in German political debates.
While for English several corpora annotated with as-
pect features exist (Alikhani and Stone, 2019; Gantt
et al., 2022; Friedrich and Palmer, 2014b), only few
resources are available for languages other than
English, especially for the political domain. Our
work addresses this research gap by presenting a
new, large dataset for German, annotated for Situa-
tion Entities (Smith, 2003). Smith’s Situation Entity
(SE) types provide a classification for clause-level
aspect, covering eventualities (States, Events, Re-
ports), general statives (Generic, Generalizing
sentences) and abstract entities (Fact, Proposi-
tion; see Table 1 for illustrating examples and §2.1
for an introduction).

Applications that benefit from information on as-
pect include the processing of temporal informa-
tion as well as Machine Translation where an incor-
rect translation of aspect can result in misleading
readings of a text (see examples in Friedrich et al.
(2023, p.619)). In addition, we argue that aspec-
tual information is also relevant for applications in
the area of political text analysis and other anal-
yses in the social sciences, which are the main
focus of our work. For illustration, consider the
Situation Entity types Generic and Generalizing.
Both have been discussed as linguistic devices
associated with stereotypes (Geurts, 1985; Leslie,
2014; Radden, 2009; Novoa et al., 2023; Bosse,
2024; Ralston, 2024). The automatic extraction of
Generic and Generalizing sentences, however,
is known to be challenging and existing datasets for
this task are limited. Our new dataset includes nat-
urally occurring sentences, produced by humans
in real-world settings in the political domain. We

believe that our data provides a valuable resource
for studies on the use of Generic sentences and
its association with stereotyping in argumentative
text.

As another example, consider the SE types Fact
(as objects of knowledge) versus Proposition (as
objects of belief). Recasens et al. (2013) coined
the term epistemological bias, referring to “whether
propositions that are presupposed or entailed in the
text are uncontroversially accepted as true”. Previ-
ous work on epistemological bias has highlighted
the importance of the concept in the context of
framing (i.e., presenting a proposition with different
degrees of certainty, e.g., as universal truth or as
an unverified assumption).

However, most work on the identification of epis-
temological bias so far was rule-based (Recasens
et al., 2013; Patel and Pavlick, 2021; Rehbein et al.,
2024), relying on lexicons of assertives and implica-
tives (Hooper, 1975; Karttunen, 1971). Through
the annotation of abstract objects in our corpus,
we provide test data for investigating the validity
and coverage of lexicon-based extraction of episte-
mological bias. These two examples, stereotypes
and epistemological bias, motivate the relevance
of aspect for political text analysis.1

2. Related Work

We first introduce SE types and give an overview
over existing datasets annotated for aspect. Then
we review work on computational modeling of as-
pectual features, focusing on SE types.

1All code and data for this work are available at our
GitHub repository: https://github.com/umanlp/
gepadese.

https://github.com/umanlp/gepadese
https://github.com/umanlp/gepadese
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Situations SE types Examples

Eventualities
State Merkel is German chancellor.
Event Merkel opens the borders.
Event-Perfect-State Merkel has opened the borders.
Report ..., says Merkel.

General Statives Generic Politicians participate in policy-making processes.
Generalizing Merkel often met with Macron.

Speech acts Question Does Merkel still rule Germany?
Imperative Don’t forget to vote for Merkel!

Abstract Entities Fact I know that Merkel is a physicist.
Proposition I believe that Merkel is a physicist.

Table 1: Examples for the different SE types, following Smith (2003).

2.1. Situation Entities in a Nutshell
SE have been introduced by Smith (2003) in her
book “Modes of discourse” where the author iden-
tifies five distinct discourse modes: Narrative, De-
scription, Report, Information, and Argument. Dis-
course modes can be seen as linguistic properties
of text passages, thus contrasting a more prag-
matic view that typically focuses on the genre of a
text. According to Smith, discourse modes can be
characterized by two features, (i) the situations they
introduce (i.e., Events, States, General statives and
Abstract Entities) and (ii) their manner of progres-
sion, either temporal or metaphorical (Palmer and
Sporleder, 2009). Each discourse mode can be
identified by its distinct pattern of SE types that are
predominant in this particular mode.

SE operate on the clause level, evoked by the
main verb and its arguments, and can refer to sit-
uations in the world as well as to more abstract
descriptions of kinds or abstract individuals (SE
type Generic). Generalizing sentences, on the
other hand, express a pattern or regularity rather
than a particular event or state (Krifka et al., 1995).
In addition, there are abstract entities which include
Facts (objects of knowledge) and Propositions
(objects of belief). Those entities can also have
an SE type, resulting in two labels for the same
instance (see Example 1).

(1) I know (State)
that Merkel opened the borders.
. (Fact, Event)

Finally, the SE type classification includes two
speech acts, Question and Imperative (See Table
1 for an overview of SE types and examples).

2.2. Corpora Annotated for Aspect
Aspect is a well-studied phenomenon in linguistics
(see, e.g., Vendler (1967); Dowty (1979); Asher
(1993); Smith (1983, 1991), among others) and
several datasets with annotations of one or more
aspectual features have been created, such as

stativity, habituality, punctuality, telicity, durativity
and boundedness (Friedrich and Palmer, 2014a;
Friedrich et al., 2016; Friedrich and Gateva, 2017;
Alikhani and Stone, 2019; Govindarajan et al., 2019;
Kober et al., 2020; Gantt et al., 2022). The first
dataset annotated for SE types has been pre-
sented by Palmer et al. (2007), including around
6,000 clauses from the English Brown corpus
(Francis and Kučera, 1979) and MUC-6 (Grishman
and Sundheim, 1996). Another, much larger, SE
dataset has been created by Friedrich et al. (2016),
with over 40,000 clauses extracted from the MASC
corpus (Ide et al., 2008, 2010) and Wikipedia, cov-
ering 13 different text genres to enable studies of
the interaction between SE types and discourse
modes.

While all of the resources above have been cre-
ated for English, only few datasets are available
for other languages. Loáiciga and Grisot (2016)
present a small-scale study on English-French par-
allel texts from the Europarl corpus where they
aim at improving the results of a statistical Ma-
chine Translation system using boundedness, i.e.,
“whether or not a situation is described as having
reached a temporary boundary” (Depraetere, 1995).
Egg et al. (2019) create the SdeWac-Aspect corpus,
a language resource with 4,200 German clauses
annotated for stativity, durativity and boundedness.

Mavridou et al. (2015) present a small-scale
study on English-German parallel data with roughly
2,500 clauses, confirming that the SE schema de-
veloped for English is also applicable to German
with some minor adaptations. In follow-up work,
the schema is applied to German texts from differ-
ent genres, creating a dataset with roughly 18,000
annotated clauses (Becker et al., 2017). The distri-
bution of SE types strongly deviates across genres,
similar to what has been observed for the English
SE corpus (Friedrich et al., 2016).

2.3. Computational Modeling of SE

We now turn to related work on automatic prediction
of SE types. Again, most work has been done for
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English, based on the SE corpus of Friedrich et al.
(2016). Initial work has used linguistic features to
predict SE types, experimenting with Maximum En-
tropy models (Palmer et al., 2007), Random Forests
and Conditional Random Fields (Friedrich et al.,
2016) and using distributional features represented
as Brown clusters (Brown et al., 1992). Experi-
ments showed that providing more context to the
model (e.g., by including predicted labels for previ-
ous clauses or utilizing genre features) is beneficial.

More recent work replaced linguistic features
for modeling aspect with distributional representa-
tions (Heuschkel, 2016; Kober et al., 2020) and uti-
lized deep learning architectures like RNNs (Becker
et al., 2017) and (Bi)LSTMs and contextualized text
representations (Dai and Huang, 2018), based on
transformers (Vaswani et al., 2017; Devlin et al.,
2019). Rezaee et al. (2021) combine a varia-
tional auto-encoder (VAE) model with contextual-
ized BERT-based representations to encode the
input and then employ a generative model, GPT-2
(Radford et al., 2019), to regenerate the input text.
For computational approaches to modeling other
types of aspectual features beyond SE types, see
(Friedrich et al., 2023).

3. Annotation: Data and Process

This section describes the data and situation entity
annotation process used to create GePaDeSE.

Data Our corpus includes 250 speeches from the
German Bundestag,2 mostly from the 19th legisla-
tive term (2017-2021), held by 192 speakers from
6 parties (CDU/CSU: 72, SPD: 55, AfD: 37, FDP:
31, The Left: 27, Greens: 24, non-attached: 4).
The total size of the data is 222,387 tokens. For
more detailed information on the data and sampling
method, please refer to the GePaDeSE datasheet.3

Annotation scheme We follow the detailed an-
notation guidelines developed in the SE project for
English and German.4 The guidelines have been
tested in a cross-linguistic corpus study comparing
English and German annotations of Situation Entity
types and developing guidelines for the annotation
of German SEs (Mavridou, 2016). While the SE
schema proved to be applicable across languages,
small adaptations had to be made for German per-
fect tense clauses where the boundary between
states and events is not always clear. To address

2The transcripts are available for download from the
open data website of the Bundestag.

3The data, datasheet and annotation guidelines
(partly in German) are available from our GitHub reposi-
tory here.

4Available from the SE project website.

this issue, a new class Event-Perfect-State has
been introduced (see example 2 for illustration).

(2) Wir
We

haben
have

die
the

Grenzen
borders

bereits
already

geschlossen.
closed.

“We have already closed the borders.”

In German, the example can be interpreted as
either the event of closing the borders or, in the
second reading, can be understood as describing
the result of the event (i.e., being in a state where
the borders are closed now). We follow Mavridou
(2016) and also mark clauses as Event-Perfect-
State that can not be unambiguously identified as
either State or Event.

Annotators The annotations have been carried
out by two advanced students of linguistics. All
finite verbs in each speech have been indepen-
dently annotated by each of the two coders. The
students have been trained and received feedback
throughout the annotation duration.

Annotation setup We noticed that the automatic
segmentation of texts into clauses done in the SE
project introduced some errors in the data. We
therefore decided not to use a sequence labeling
setup where annotators assign SE types to seg-
ments of text but, instead, to directly assign SE
labels to each finite verb. To ease the annotation
process, we preprocessed the data and assigned
dummy labels to each finite verb, based on the pre-
dictions of the spaCy PoS tagger (Honnibal et al.,
2020).5 We instructed the annotators to replace
the dummy labels with proper SE types and also to
remove incorrectly predicted dummy tags and add
missing tags where the tagger failed to identify the
finite verb. For annotation, we use the INCEpTION
platform (Klie et al., 2018).

Inter-annotator agreement We compute a Co-
hen’s κ of 0.538, indicating moderate agreement
(Landis and Koch, 1977). For comparison, Becker
et al. (2016) report a Cohen’s κ of 0.4 on argumen-
tative microtexts and a slightly higher κ of 0.5 on
texts from different genres that have been used
for annotator training. The percentage agreement
between our annotators is 73%.

Out of the 19,676 instances, annotators dis-
agreed on 5,355 cases (27%), highlighting the in-
herent subjectivity in SE annotation. As in Becker
et al. (2016), the State vs. Generic distinction is
responsible for most of the disagreements (39%).

5We used the German de_core_news_sm model.

https://www.bundestag.de/services/opendata
https://github.com/umanlp/gepadese
https://www.coli.uni-saarland.de/projects/sitent/page.php?id=resources
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Corpus statistics 19,676 SE instances have
been labeled by the two annotators. The most
frequent SE type in GePaDeSE is State (12,321),
followed by Generic sentences (2,360) and Event
(2,145), showing an imbalanced SE type distribu-
tion in the corpus.6

This is different from the theoretical assumptions
of Smith (2005) for argumentative text genres and
also deviates from the empirical observations in
Becker et al. (2016) for argumentative microtexts,
where the majority of SE types are general statives.
It indicates that the parliamentary debates cannot
be described as “100%” argumentative but also
serve other functions, such as providing informa-
tion, or being used for self-representation through
highlighting one’s own achievements and by attack-
ing the political opponent (also see Kondratenko
et al. (2020) on the different functions of communi-
cation in parliamentary settings).

4. Experiments

Based on the GePaDeSE corpus, we present re-
sults for four language models7 and two baselines
to examine how well SE types in German parlia-
mentary debates can be labeled automatically.

4.1. Setup

Similar to previous work (Plank, 2022; Cabitza et al.,
2023), we acknowledge annotator disagreement
and the subjectivity inherent to the task. Therefore,
we cast SE classification as a multi-class, multi-
label sequence classification task, where each in-
stance receives one SE label in case of annotator
agreement and two in case of disagreement. A
label is predicted if its probability exceeds 0.5.

As instances are at the paragraph level, with one
paragraph potentially containing multiple SE, we
use [FOCUS] tokens8 around the SE-evoking verb
to mark the input position to attend to.

4.2. Models

Baselines As two naive baselines, we include a
stratified random classifier, which predicts a ran-
domly sampled label according to the class distribu-
tion, and a majority baseline, which always predicts
the label of the majority class State.

6See Table 5 in the Appendix for the overall SE type
distribution.

7See Tables 6 and 7 for hyperparameter details and
Table 8 for general model details.

8Alternatively, we used token_type_ids in prelimi-
nary experiments, yet these are specific to BERT models.

GBERT We use the pre-trained German BERT
model GBERTLarge (henceforth, GBERT) which em-
ploys the original BERT architecture and has been
trained exclusively on German data (Chan et al.,
2020). GBERT comprises 335M parameters. We
fine-tune9 GBERT for our SE classification task and
train a classification head on top of the pre-trained
model to perform multi-label classification.

EuroBERT To examine the language-specific re-
quirements of the SE classification task, we include
EuroBERT (Boizard et al., 2025), a multilingual en-
coder model, covering 15 mostly European lan-
guages, with monolingual German corpora making
up 6% of the overall pre-training data. We use
the 610M variant of EuroBERT. Fine-tuning and
evaluation are analogously performed to GBERT.

Llama 3.2 1B To investigate to what extend ar-
chitectural differences impact the SE classification
task, we include two Llama models employing a
decoder-only architecture. The first one is Llama
3.2 (Grattafiori et al., 2024) which officially sup-
ports 8 languages, including German, yet exhibits
a heavy English bias. Although exact numbers are
not reported, Llama 3.2 builds on Llama 3.1, so
a similar language distribution can be assumed;
the latter contains 8% multilingual tokens. In or-
der to keep scores comparable between models
with different architectures, we fine-tune Llama 3.2
and train a classification head instead of applying
in-context learning. To reduce computational cost,
we use PEFT methods (Mangrulkar et al., 2022)
and apply QLoRA (Dettmers et al., 2023; Hu et al.,
2021).

LLäMmlein 1B Similar to the encoder models,
we include a German-only decoder model to inves-
tigate language-specific requirements of the task.
Specifically, we use LLäMmlein 1B (Pfister et al.,
2025), a Llama-based model exclusively trained
on German data. Fine-tuning is conducted analo-
gously to Llama 3.2.

4.3. Evaluation Metrics
We report precision, recall and F1 (micro and
macro) for the SE classification task. To account
for label disagreement among annotators and to
assess whether models produce similar uncertain-
ties as the annotators, we additionally report the
Jaccard index and the MASI score (Passonneau,
2006).10 Both MASI and Jaccard compare sets

9Unless stated otherwise, fine-tuning denotes full fine-
tuning, meaning that all model parameters are updated.

10While MASI is originally proposed as a distance met-
ric, we reformulate it as a similarity metric to adequately
compare it against Jaccard.
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Model Prec. Rec. F1 (micro) F1 (macro) Jaccard MASI
majority 0.09 0.12 0.63 0.10 0.62 0.59
random 0.16 0.17 0.45 0.16 0.40 0.34
GBERT 0.82 (±0.01) 0.80 (±0.02) 0.84 (±0.00) 0.80 (±0.01) 0.83 (±0.00) 0.78 (±0.00)
EuroBERT 0.80 (±0.01) 0.73 (±0.02) 0.81 (±0.01) 0.75 (±0.01) 0.79 (±0.01) 0.74 (±0.01)
LLäMmlein 0.79 (±0.01) 0.74 (±0.01) 0.81 (±0.01) 0.76 (±0.01) 0.79 (±0.01) 0.74 (±0.01)
Llama 3.2 0.74 (±0.01) 0.62 (±0.02) 0.76 (±0.01) 0.66 (±0.01) 0.73 (±0.01) 0.68 (±0.01)

Table 2: Results for SitEnt prediction. Bold numbers indicate best scores across models. Scores are
averaged over five random seeds. Standard deviation in parentheses. Prec. and Rec. report macro
averaged precision and recall scores, respectively.

Class Precision Recall F1
Generic 0.72 ±0.03 0.74 ±0.02 0.73 ±0.01
Generalizing 0.65 ±0.04 0.54 ±0.08 0.59 ±0.04
Event 0.84 ±0.02 0.72 ±0.06 0.77 ±0.03
State 0.94 ±0.01 0.91 ±0.01 0.92 ±0.00
Report 0.90 ±0.05 0.76 ±0.05 0.82 ±0.03
Question 1.00 ±0.00 0.94 ±0.02 0.97 ±0.01
Imperative 0.93 ±0.02 0.94 ±0.02 0.94 ±0.02

Event-
perfect-state 0.61 ±0.02 0.82 ±0.06 0.70 ±0.01

Table 3: Precision, Recall and F1 scores (± stan-
dard deviation) per class for the SitEnt prediction
task. Bold numbers indicate best scores across
classes. Model: GBERT.

based on label overlap. While Jaccard only consid-
ers raw intersection over union, MASI extends Jac-
card by incorporating subset relations via weighted
penalties, with subset overlaps being less penal-
ized than non-subset overlaps.11 Since MASI
builds on the Jaccard by adding penalty terms, it
follows from their formulations that MASI ≤ Jac-
card.

4.4. Results
Table 2 shows the results for the different models
evaluated on the test set. All models are able to
effectively learn SE as they all substantially out-
perform the naive baselines. Obtained Macro-F1
scores range from 0.66 (Llama 3.2) to 0.80 for our
best performing model GBERT. This indicates that
SE carry a learnable signal and the model were
able to learn features that can discriminate between
different SE classes.

We observe that monolingual, German-only mod-
els consistently surpass multilingual12 models as
GBERT and LläMmlein outperform multilingual
variants EuroBERT and Llama 3.2 by +0.05 and

11See Appendix D for formulas and walkthrough exam-
ples for computing MASI and micro F1 in our multi-label
setting.

12For readability, Llama 3.2 is considered multilingual
despite its heavy English bias.

+0.10, respectively (measured in absolute Macro-
F1 gains). Notably, GBERT (335M) has roughly
half as many parameters as EuroBERT (610M).
This suggests that SE classification requires fine-
grained language-specific understanding which is
still limited in larger, multilingual models.

Regarding different model architectures, we find
smaller, encoder-only models to outperform larger,
decoder-only models. This aligns with previous
work (Upravitelev et al., 2025; Bucher and Martini,
2024) showing that encoder-models benefit from
bidirectional, sequence-level representations for
classification tasks compared to unidirectional rep-
resentations of decoder-only models optimized for
next-token prediction. Future work should explore
whether different prompting strategies with larger
decoder-only models can close this gap, while care-
fully weighing the substantially higher computa-
tional costs and reduced explainability they entail.

In order to assess model performance in greater
detail, we report the scores obtained for the indi-
vidual SE classes for the best-performing model
(GBERT) in Table 3. Despite being minority classes,
Question and Imperative show the overall best
scores, achieving F1 scores of 0.97 and 0.94,
respectively. We mainly attribute this to salient
surface-level cues strongly associated with these
classes (question and exclamation marks) that
models may simply exploit for their predictions.

Finally, we emphasize the subjectivity inherent in
the SE classification task and report both Jaccard
and MASI scores to account for label disagreement
among annotators. As Table 2 shows, the MASI
score closely aligns with the Jaccard index, indi-
cating that model predictions largely overlap with,
or constitute subsets of, the gold labels. Conse-
quently, most misclassifications still include human-
plausible labels, underscoring the reliability of our
SE classifier.

To substantiate this, we analyzed model errors
of our best-performing model (GBERT): Only 9%
of test instances were overpredictions, with fewer
than 1% including more than two predicted labels.
The most frequent case of subset overprediction
involved the combination Generic, State when
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the gold label was State (33% of these cases).
Conversely, 13% of instances were underpredic-
tions, with fewer than 1% producing empty predic-
tions. The most frequent case here involved miss-
ing Generic in instances labeled Generic, State
in the gold data (22%).

Overall, these patterns show that most model
errors reflect partial rather than divergent label as-
signments. The near-zero rates of excessive or
empty predictions further confirm that the model’s
predictions mostly remain within the allowed range
of one to two labels per instance.

Taken together, our results demonstrate the ef-
fectiveness of the multi-label modeling approach:
SE types can be learned robustly, as evidenced by
consistently high performance across models, and
even misclassifications tend to reflect linguistically
plausible alternatives.

5. Analysis

We now present an illustrative analysis of how SE
types manifest in political discourse, using a corpus
of parliamentary debates from the German Bun-
destag (BT) covering speeches from 2005 to 2025.
This analysis is intended to complement our two pri-
mary contributions–the GePaDeSE corpus and the
SE classifiers–by demonstrating their potential for
research in political science. It is exploratory in na-
ture and methodologically limited, serving primarily
as a starting point for future, more comprehensive
analyses.

Given their linguistic properties, we do not expect
to have certain SE types being strongly associated
with a specific party (see Figure 1 exemplifying the
SE distribution across parties), but rather to ob-
serve differences in the use of specific SE types in
political discourse. Hence, we view SE as linguistic
filters. In the following, we exemplify this function
through the SE type Event.

Our analysis is divided into two parts. In Part I
(§5.3), we demonstrate the effectiveness of SE as a
linguistic filter by comparing Events against other
SE types. Based on the results, we investigate
in Part II (§5.4) how Events manifest in political
discourse and analyze the use of Events across
parties and over time. We conclude by proposing
concrete research directions in the field of political
science using SE in §5.5. We first outline the data
and overall methodology before turning to specific
analyses and results for each analysis part.

5.1. Data
Corpus The analyses are based on an extensive,
unlabeled corpus of parliamentary debates from the
German Bundestag, covering 274,876 speeches
from the last six legislative periods (BT 16-21), rang-

Figure 1: SE type distribution across parties for
BT 16-21. Parties differ significantly (p < .001),
though the effect size (Cramér’s V = .03) indicates
negligible practical differences.

ing from 2005 to 2025. We use the raw transcripts
from the GermaParl Corpus of Plenary Protocols
(Blaette, 2017), which span the period from 1949 to
2023, and augment the data with more recent tran-
scripts downloaded from the Open Data website of
the German Bundestag.13

Since parts of the BT 19 subcorpus were used
to train our classifier, we exclude those speeches
from subsequent analyses to avoid potential bias
from instances seen during training.

Preprocessing To apply our SE classifier to un-
labeled data, instances must be enriched with [FO-
CUS] tokens wrapped around the main verbs. Main
verbs are automatically identified using spaCy.14

5.2. Classifier Application & Filtering
We apply our best-performing classifier to obtain
SE predictions for all instances in the BT 16-21
corpus. Since the classifier is trained in a multi-
label fashion, each instance can be assigned to
multiple SE types. We therefore perform a loose
filtering step and extract all instances for which the
model predicts Event, possibly alongside other SE.

5.3. Part I: SE as Linguistic Filters
Linguistically, Events can be broadly characterized
by a specific main referent and by a dynamic main
verb. Consider the following Event example from
our corpus, where "we" is the main referent and
"dismantling" the dynamic verb:

(3) Wir
We

bauen
build

energisch
energetically

die
the

Bürokratie
bureaucracy

ab.
up.

‘We are energetically dismantling bureaucracy.’

13https://www.bundestag.de/services/
opendata

14We use the German model de_core_news_sm.

https://www.bundestag.de/services/opendata
https://www.bundestag.de/services/opendata
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Based on the properties of Events, we now as-
sess whether SE work as linguistic filters by compar-
ing the proportions of dynamic verbs and specific
main referents in Events against other SE types.
Proportions are expected to be highest for Events.

Setting We compare Event clauses with the two
other major SE types in our corpus, State and
Generic. To approximate the proportions of dy-
namic verbs and specific main referents, we employ
manually constructed lexicons.15 Dynamic verbs
are identified by first compiling a list of common
German stative verbs (e.g., sein, haben) and treat-
ing all non-stative verbs as dynamic. To determine
specific main referents, we restrict our lexicon to po-
litical actors occurring in subject position, including
terms such as federal chancellor and federal gov-
ernment as well as pronouns like we and I. Again,
we use spaCy to automatically identify subjects. To
reduce noise, we restrict our corpus to instances
where spaCy identified a single subject for the SE-
evoking verb.

Results Across all Events in BT 16-21, 83% con-
tain a dynamic main verb, and among these, ap-
proximately 48% have a political actor as the sub-
ject. In comparison, State clauses contain 57%
dynamic verbs with 30% political subjects, while
Generic clauses include 61% dynamic verbs but
only 9% political subjects.

These results indicate that different SE types are
used to express distinct semantics. In particular,
Events in parliamentary debates are largely action-
denoting and frequently describe actions performed
by identifiable political actors, in the following re-
ferred to as actor-action pairs. Thus, our analysis
suggests that filtering for the SE type Event offers a
linguistically grounded approximation for identifying
actor-action pairs in political discourse.

5.4. Part II: Events in Parliamentary
Debates

Building on the previous analysis, which demon-
strated that Events can serve as a linguistic ap-
proximation for extracting actor-action pairs, we
now examine how such Events manifest in polit-
ical discourse. Specifically, we suggest that they
function as instruments of self-affirmation – high-
lighting the speaker’s or party’s own achievements
– or of other-critique – attributing responsibility or
blame to political opponents.

This analysis is grounded in our political actor lex-
icon, whose entries can be broadly categorized into
two groups: self-references (actors such as I, we,
or the speaker’s party name) and other-references

15Available at our GitHub repo here.

(actors such as you, they, references to opposing
parties or proper names). Linking these reference
types with their discourse function – self-affirmation
and other-critique, respectively – allows us to ap-
proximate how political actors use Events to either
affirm their own actions or criticize those of oth-
ers. We analyze the proportions of both discourse
functions across parties and over time.

Setting To estimate the proportions of self-
affirmation and other-critique, we combine our po-
litical actor lexicon with rule-based heuristics indi-
cating whether a referenced actor in a given actor-
action pair is affirmed, criticized, or neutral. For
example, actors beginning with Bundes* (federal)
are treated as potential targets of critique only if
the speaker’s party is not part of the government
during the respective legislative period.

For the temporal analysis, we divide our corpus
into six-month bins. For each bin, we calculate
the proportion of Events expressing other-critique
or self-affirmation relative to the total number of
Events. This procedure is applied separately for
each party.

Results Figure 2 shows the proportions of other-
critique and self-affirmation for the Greens and the
CDU/CSU16 across the last six legislative periods.
During this time, the two parties have alternated
between government and opposition: when the
CDU/CSU governed, the Greens were in opposi-
tion, and vice versa.

Clear patterns emerge: when in opposition, par-
ties employ Events more frequently as instruments
of other-critique than when in government. Con-
versely, when in government, the same parties use
Events more often for self-affirmation. For exam-
ple, the CDU/CSU exhibits an other-critique share
of 28% while in opposition (BT 20) and 10% while
in government (avg. BTs 16-19, 21). The Greens
show a comparable pattern, with 26% in opposition
(BTs 16-19, 21) and 13% in government (BT 20).
This pattern generalizes across parties represented
in the German Bundestag over the past 20 years
that have participated in government at least once
(SPD and FDP), as shown in Appendix F. In con-
trast, parties that have remained in opposition ex-
hibit less clearly discernible patterns. This applies
to The Left throughout the entire period and to the
AfD since its entry into the Bundestag in 2017.

Our results indicate that the discourse function
of Events is systematically linked to a party’s par-
liamentary role: government parties predominantly
engage in self-affirmation, whereas opposition par-
ties rely more on other-critique.

16The CDU and CSU form a joint parliamentary group
in the German Bundestag. Therefore, we treat them as

https://github.com/umanlp/gepadese
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(a) Greens

(b) CDU/CSU

Figure 2: Proportion of other-critique and self-affirmation for the Greens and CDU/CSU across the last six
legislative periods. Green labels on the x-axis indicate times in government, red labels indicate times in
opposition. Vertical lines mark the start of each new legislative period.

ID Subject Subtree (truncated)
12 we We are increasing investments in

the rail network.
12 we We are strengthening the social

market economy.
12 we We are investing in a modern state

and a digital administration.
69 you You are cutting international cli-

mate financing.
69 you You are jeopardizing Europe’s

2040 climate target.
69 Vice Chan-

cellor
Klingbeil

Vice Chancellor Klingbeil is
funding climate-damaging subsi-
dies.

Table 4: Examples of Event subtrees in BT 21 for
two cluster IDs, illustrating the self-referential vs.
other-referential pattern in actor-action pairs. SE-
evoking verbs are underlined.

Qualitative Analysis To complement the quan-
titative results, we qualitatively examine semantic
patterns in Events across different parliamentary
roles through clustering. To obtain clusters, we rep-
resent each Event by the syntactic subtree17 of its

a single party.
17Extracted via spaCy’s subtree method.

SE-evoking verb,18 which we encode using the mul-
tilingual model EmbeddingGemma (Schechter Vera
et al., 2025). We then apply UMAP (McInnes et al.,
2018) for dimensionality reduction and HDBSCAN
(McInnes et al., 2017) to group semantically similar
Events. Unclustered instances are reassigned to
the nearest cluster centroid based on cosine simi-
larity to ensure broad coverage.19

We subsequently focus on clusters dominated
by either government or opposition parties to il-
lustrate typical semantic patterns of Event usage
across parliamentary roles, concentrating on BT 21.
Table 4 presents examples for these clusters. In
Cluster 12, government parties emphasize their
policy objectives in the context of economic growth,
whereas in Cluster 69, opposition parties criticize
the government for insufficient action in the cli-
mate debate. These examples illustrate how Event
clauses are employed to express self-affirmation
and other-critique in concrete policy areas.

Taken together, in Part I, we demonstrated that
SE can serve as an effective linguistic filter and
that Events in the parliamentary discourse pre-
dominantly yield actor-action pairs. In Part II, we
extended this analysis by distinguishing these actor-
action pairs according to their discourse function,

18For infinite verbs, we extract the subtree of the gov-
erning verb.

19See Table 10 in the Appendix for further details.
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showing that government parties primarily use
Events for self-affirmation, whereas opposition par-
ties tend to employ them for other-critique.

5.5. Potential Use Cases
Our analyses show that our GePaDeSE corpus
and the SE classifier provide a solid foundation for
addressing research questions in political science.
The Event-linked other-critique and self-affirmation
patterns strongly resonate with the blame avoid-
ance theory (Weaver, 1986) which posits that po-
litical actors seek to deflect responsibility for un-
popular outcomes while claiming credit for success.
Generics and Generalizing sentences, on the
other hand, may be used to identify and examine
stereotypes in political discourse.

6. Conclusions

In this paper, we presented GePaDeSE, a new re-
source annotated with SE types, modeling clause-
level aspect in German parliamentary debates with
more than 19k manually annotated SE types. We
demonstrated that SE types can be effectively
learned by fine-tuning BERT- and Llama-style mod-
els, yielding F1 scores over 0.8. Moreover, we
showed that model misclassifications mostly con-
stitute linguistically plausible alternatives to the gold
label, highlighting the subjectivity inherent to the
task. Finally, we illustrated how SE can serve
as a linguistic filter to support political text anal-
ysis at scale, finding for Event clauses on a large-
scale corpus of German parliamentary debates that
government parties tend to use them to highlight
achievements, whereas opposition parties employ
them primarily to criticize government actions. All
resources described in the paper are made avail-
able to the research community.

7. Limitations

We acknowledge that automatic evaluation metrics
for multi-label classification offer only a limited view
of model performance in subjective tasks like SE
classification. Although we included metrics that
account for subset relations and conducted an error
analysis of model misclassifications, more nuanced
analyses are needed to assess how well model
uncertainty aligns with annotator disagreement.

In addition, our experiments did not include large-
scale LLMs due to computational constraints and
the specific focus of this study. Future work should
therefore explore various prompting strategies and
model scales.

Regarding our corpus analyses, we particularly
highlight the limitations of our lexicon-based ap-
proach for identifying dynamic verbs and political

actors. Future work could employ NLP techniques
such as NER and coreference resolution to more
accurately capture political actors, complemented
by targeted stance detection models or few-shot
LLM approaches to more reliably identify evaluative
language (instances of self-affirmation and other-
critique).

Finally, the generalizability of our approach be-
yond parliamentary debates remains to be tested.
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A. SE Type Distribution

Situation Entities
Entity A1 A2 Avg.
State 12,987 11,655 12,321.0
Generic 2,012 2,708 2,360.0
Event 1,406 2,885 2,145.5
Generalizing 942 1,062 1,002.0
Event-Perfect-State 1,286 259 772.5
Question 447 444 445.5
Imperative 345 335 340.0
Report 251 328 289.5
Total 19,676 19,676 19,676

Abstract Entities
Entity A1 A2 Avg.
Proposition 315 222 268.5
Fact 301 123 212.0

Table 5: Distribution of SE types in the GePaDeSE
corpus. The columns A1, A2 show the number
of instances for annotator 1 and 2, respectively.
The last column displays the average number of
instances for each SE type.

B. Training Details &
Hyperparameters

B.1. General

Hyper-
parameter GBERT EuroBERT Llama 3.2 /

LläMmlein
n epochs 4 4 4
Batch size 32 16 16
Learning rate 1e-5 5e-5 2e-4
Weight decay 0.01 0.01 0.01
Warm-up ratio 0.1 0.1 0.1
Optimizer AdamW AdamW AdamW

Table 6: Training hyperparameters for different
models for the SE classification task. Unspecified
hyperparameters were set to the default values as
provided in the transformers library. All models
are evaluated using the best checkpoint according
to the evaluation loss.

B.2. QLoRA

Hyperparameter Value
Rank (r) 16
α (scaling factor) 8
Dropout 0.05
Target modules [q_proj, k_proj, v_proj, o_proj]

Table 7: QLoRA hyperparameters used for Llama
3.2 and LläMmlein. 4-bit quantization is applied
using NF4 with double quantization.

https://doi.org/10.1017/S0143814X00004219
https://doi.org/10.1017/S0143814X00004219
https://github.com/PolMine/GermaParlTEI
https://github.com/PolMine/GermaParlTEI
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GBERT EuroBERT Llama 3.2 LLäMmlein
Architecture Encoder-only Encoder-only Decoder-only Decoder-only
Model Size

(# parameters)
337M 610M 1B 1B

Pre-training data
size (# tokens)

163.5GB* 5T 15T 3T

German data (%) 100 6 <8** 100
Model Checkpoint https://huggingface.

co/deepset/
gbert-large

https://huggingface.
co/EuroBERT

https://huggingface.
co/meta-llama/
Llama-3.2-1B

https://huggingface.
co/LSX-UniWue/
LLaMmlein_1B

Table 8: Comparison between all models used for training and evaluation. *Only the raw size in GB is
provided. **8% correspond to the amount of multilingual tokens in Llama 3.1.

C. Models

Table 8 provides details about all models used for
training and evaluating our SE classification task.

D. Metrics

D.1. Micro F1

Formulas To compute Micro F1 in our multi-label
setting, we binarize and flatten all predictions and
gold labels across all samples and labels, treating
the task as a single binary classification problem
over all (sample, label) pairs.

Specifically, given binarized predictions ypred ∈
{0, 1}N×L and gold labels ytrue ∈ {0, 1}N×L, where
N denotes the number of instances and L the num-
ber of possible labels, i.e., the different SE types,
the counts of true positives (TP), false positives
(FP), and false negatives (FN) are accumulated
over all N samples and L labels:

TP =
∑
i,l

[y
(i,l)
true = 1 ∧ y

(i,l)
pred = 1],

FP =
∑
i,l

[y
(i,l)
true = 0 ∧ y

(i,l)
pred = 1],

FN =
∑
i,l

[y
(i,l)
true = 1 ∧ y

(i,l)
pred = 0].

Micro F1 is then defined as:

F1micro =
2TP

2TP + FP + FN

Unlike macro-averaging, which averages per-
label F1 scores, micro-averaging treats every (in-
stance, label) pair equally, making it effective when
overall prediction quality is of interest.

Example Assume our SE label set with L = 8.
For two instances (N = 2), we have:

ytrue = [{Event, Event-Perfect-State}, {State}],
ypred = [{Event}, {State}]

Binarized:

ytrue =

[
1 1 0 0 0 0 0 0
0 0 1 0 0 0 0 0

]
,

ypred =

[
1 0 0 0 0 0 0 0
0 0 1 0 0 0 0 0

]
,

Across all N ×L = 16 label decisions, we obtain
TP = 2, FP = 0, FN = 1, resulting in

F1micro =
2× 2

2× 2 + 0 + 1
= 0.8.

D.2. Jaccard & MASI
Formulas Let A and B refer to the set of gold
labels and model predictions of a single instance,
respectively. A is aggregated over two annotators,
thus, A is of length 2 if the annotators disagree,
i.e., provide different labels, and of length 1 if the
annotators agreee, i.e., provide the same label.
Using the sets A and B, Jaccard and MASI are
computed as follows:

Jaccard: J(A,B) =
|A ∩B|
|A ∪B|

MASI: MASI(A,B) = M(A,B) · J(A,B)

M(A,B) =


1 if A = B
2
3 if A ⊂ B or B ⊂ A
1
3 if A ∩ B ̸= ∅ and neither is a subset
0 if A ∩ B = ∅

Thus, MASI is stricter than Jaccard and penal-
izes non-subset overlaps more than subset over-
laps. This property is desired, as illustrated in the
following example.

Gold Generic, Generalizing
Pred 1 Generic, Generalizing M = 1
Pred 2 Generic M = 2

3

Pred 3 Generic, State M = 1
3

Pred 4 State M = 0

Table 9: Example to illustrate MASI factor.

https://huggingface.co/deepset/gbert-large
https://huggingface.co/deepset/gbert-large
https://huggingface.co/deepset/gbert-large
https://huggingface.co/EuroBERT
https://huggingface.co/EuroBERT
https://huggingface.co/meta-llama/Llama-3.2-1B
https://huggingface.co/meta-llama/Llama-3.2-1B
https://huggingface.co/meta-llama/Llama-3.2-1B
https://huggingface.co/LSX-UniWue/LLaMmlein_1B
https://huggingface.co/LSX-UniWue/LLaMmlein_1B
https://huggingface.co/LSX-UniWue/LLaMmlein_1B
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Example MASI penalizes Pred 3 more than Pred
2 as the former is no subset of Gold. This is de-
sired as we consider Pred 2 to lie closer to the
Gold as it only includes human-probable labels,
whereas Pred 3 includes labels diverging from the
annotation.

In general, the formulas for Jaccard and MASI en-
tail that MASI(A,B) ≤ J(A,B). The closer MASI
lies to Jaccard, the better as this implies that model
predictions contain less non-subset relations.

Note MASI’s subset relations are symmetric,
meaning that for two given label sets A and B,
A ⊂ B and B ⊂ A are treated equally. Let A and
B again refer to the gold label set and model pre-
diction set of a single instance, respectively, then
under-predictions (less predicted labels than gold
labels: B ⊂ A) and over-predictions (more pre-
dicted labels than gold labels: A ⊂ B) are penal-
ized equally.

In this study, we keep this property for simplic-
ity, yet we note that weighing under- and over-
predictions differently may be desired for a more
nuanced model prediction analysis. E.g., penal-
izing under-predictions less than over-predictions
may be a desired property when assuming that a
single labels tend to sufficiently capture a potentially
multi-label ground truth.

E. UMAP & Clustering

Hyperparameter Value
UMAP

Number of components 15
Number of neighbors 30
Minimum distance 0.00
Distance metric cosine
Random state 42

HDBSCAN
Minimum cluster size 10
Minimum samples 3
Reassignment threshold 0.8

Table 10: Hyperparameter configuration for UMAP
and HDBSCAN clustering.

F. Additional Plots

Figure 3 provides the proportions of self-affirmation
and other-critique for SPD, The Left, FDP, and AfD.
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(a) SPD

(b) Left

(c) FDP

(d) AfD

Figure 3: Proportion of other-critique and self-affirmation for SPD, The Left, FDP, and AfD across the last
six legislative periods. Green labels on the x-axis indicate times in government, red labels indicate times
in opposition, gray labels indicate times not represented in the parliament. Vertical lines mark the start of
each new legislative period.
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