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Abstract
Two fundamental tasks in computational linguistics are Lexical Semantic Change Detection and Word Sense
Disambiguation. Both commonly rely on large annotated datasets. Most available datasets cover only one of
two areas: diachronic corpora used for Semantic Change Detection, or synchronic datasets for Word Sense
Disambiguation. To address this gap, the AmDi dataset is introduced as a German-language resource that supports
a more fine-grained diachronic analysis of word meanings, while also enabling the investigation of embeddings
generated with corresponding models, as well as providing a foundation for Word Sense Disambiguation tasks.
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1. Introduction

Lexical Semantic Change (LSC) involves the evo-
lution of word meanings over time, including the
acquisition of new senses, loss of existing ones, or
subtle shifts in usage. In computational linguistics,
early approaches used static embeddings trained
on temporally segmented corpora (Hamilton et al.,
2016), while recent methods leverage contextual-
ized representations from large language models
(LLMs) to capture semantics at the individual word
usage level (Tahmasebi et al., 2021). Current re-
search often focuses on Graded Change Detection
(GCD), which quantifies the degree of semantic
change of target words over time (Schlechtweg
et al., 2021). Despite advancements in embedding-
based methods, most studies lack resources that
link contextualized usage data with explicit sense
inventories necessary for sense-level interpretation
and evaluation.

Word Sense Disambiguation (WSD) is a canon-
ical task that aims to identify the sense of poly-
semous’ words in context drawn from an underly-
ing sense inventory. Supervised approaches have
been shown to yield the best results on this task,
achieving near perfect accuracy in certain condi-
tions (Ballout et al., 2024). This task therefore also
relies on the availability of annotated datasets.

To address both applications, we introduce a Ger-
man dataset for Lexical Semantic Change Detec-
tion (LSCD) and WSD. The dataset includes sense-
annotated usages of ambiguous words, sampled
by decade from 1901 to 2018, ensuring consis-
tent temporal coverage. Each usage instance is
linked to the semantic lexicon GermaNet (Hamp
and Feldweg, 1997), providing interpretable sense
identifiers that enable direct comparison between

"We use ‘polysemy’ to refer to related senses as well
as rarer cases of accidental homonymy.

automatically induced senses and lexicon-based
semantic relations. The dataset is balanced across
target words and decades, ensuring comparabil-
ity and statistical robustness for both sense- and
usage-based analyzes.

In addition to the dataset, we present baseline
approaches for both LSCD and WSD. We conduct
two experiments: One uses fine-tuning of three
German-language transformer-based models for
classification (see Section 4.1.1), and a few-shot
prompting approach (see Section 4.1.3), leveraging
GermaNet to generate sense information, which is
included in the prompt. We evaluate six models to
investigate the extent of their inherent capabilities
for this task.

In addition to these supervised approaches, we
also implement unsupervised and representation-
based methods. For WSD, we apply unsupervised
clustering of word usages (see Section 4.1.2). For
LSCD, we employ both static and contextualized
word representations: we train static word vec-
tors on diachronic corpus segments (see Section
4.2.1) and use contextualized embeddings from
pretrained language models and finetuned models
for lexical disambiguation (see Section 4.2.2), to
analyze and quantify sense shifts over time.

2. Related Work

2.1.

Most WSD datasets (Senseval-2 (Edmonds and
Cotton, 2001), Senseval-3 (Snyder and Palmer,
2004), SemEval-2015 (Moro and Navigli, 2015))
contain many annotated instances but are drawn
from single time periods, making them unsuit-
able for diachronic analysis. Conversely, LSCD
corpora like SemEval-2020 Task 1 (Schlechtweg
et al., 2020) are time-stratified but lack aligned
sense annotations; they focus on detecting usage
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AmDi TiBa-D/Z GLASS SemEval-2020 DWUG DE
samples 22,230 18,412 2,038 114,087 1,200
tokens 637,871 470,980 25,929 3,734,441 40,841
lexemes 26 115 153 48 24
timespans 14 5 - 2 2
senses 80 304 210 - 90
task WSD+LSCD WSD WSD LSCD LSCD

Table 1: Comparison of AmDi with established German WSD and LSCD datasets.

changes rather than mapping to fixed sense in-
ventories like GermaNet. In DWUG DE Sense
(Schlechtweg et al., 2021), senses derive from ag-
gregated human annotations without links to ex-
ternal resources. For German, sense-annotated
corpora (TiBa-D/Z (Henrich, 2015), GLASS (Miller
et al., 2016), DeWSD (Broscheit et al., 2010)) do
not encode diachronic variation. TiBa-D/Z is un-
evenly distributed and its timespans reflect news-
paper publication years rather than being designed
for LSCD analysis. To contextualize AmDi, we com-
pare it against established datasets for WSD and
LSCD (see Table 1).

2.2. Word Sense Disambiguation

Most current WSD systems are based on trans-
former architectures. Two common methods
leverage contextual embeddings as features or
fine-tune models on annotated data. The best-
performing systems often integrate external knowl-
edge sources, such as knowledge graphs or
glosses, to enhance disambiguation accuracy
(Bevilacqua and Navigli, 2020; Wang and Wang,
2020; Zhang et al., 2022). However, most per-
formance gains stem from obtaining more sense-
annotated data rather than novel methodologi-
cal approaches (Bevilacqua et al., 2021). Re-
cently, experiments with zero-shot prompting using
instruction-tuned models have shown promising
results, although they have not yet reached state-
of-the-art accuracy (Basile et al., 2025).

2.3. Lexical Semantic Change Detection

LSCD approaches vary in the meaning represen-
tation used for lexical items and the method for
detecting change. A useful high-level distinction is
between form-based and sense-based representa-
tions (Tahmasebi et al., 2021).

Form-based methods represent words as single
vectors aggregated across usages at a point in time
and detect change by comparing these represen-
tations between time periods. Common represen-
tations include count-based distributional vectors,
static neural embeddings (Mikolov et al., 2013; Pen-
nington et al., 2014) trained separately per period
(Hamilton et al., 2016), and dynamic embedding

techniques. Form-based LSCD methods are effi-
cient but hard to interpret, hindering sense-level
attribution.

Sense-based approaches model individual
senses (Giulianelli et al., 2020) or usages
(Schlechtweg et al., 2021) instead of merging them
into one vector. They enable semantic change anal-
ysis using contextualized embeddings from models
like BERT (Devlin et al., 2019) or explicit sense an-
notation or word-sense disambiguation (Tahmasebi
et al., 2021). Such methods can capture sense
emergence, loss, shift, or gradual change by com-
paring sense clusters or distributions over time
(Tahmasebi and Risse, 2017; Tang et al., 2023;
Schlechtweg et al., 2024), but they rely on accurate
sense labels.

Evaluation remains a major challenge in LSCD.
Most studies use intrinsic metrics without standard-
ized, sense-level gold data. SemEval-2020 Task 1
(Schlechtweg et al., 2020) advanced comparability
with graded annotations and shared tasks, while
recent work links LSCD with WSD through joint
modeling of Word-in-Context and sense induction.

3. The AmDi Dataset

The AmDi dataset (Thielen and Kugler) bridges
the existing gaps by providing GermaNet-based
sense annotation across multiple historical times-
pans, thus combining the strengths of the LSCD
and WSD paradigms and providing a German re-
source for both tasks.

3.1.

We collected textual data in German from the
DWDS (Digitales Worterbuch der Deutschen
Sprache) corpus (DWDS) using its public web in-
terface and JSON API. Our target words, includ-
ing orthographic variants (inflected forms), were
queried across three corpora: public, blogs,
and wikipedia. The majority of the data was
sampled from the public corpus, covering con-
secutive decades from 1901 to 2018. To include
more recent and genre-diverse texts, we addition-
ally queried blogs (1995-2014) and wikipedia
(2006—2023). Each query retrieved full sentences
containing the target word. The responses were
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Datei

Dieses Virus Iost ein Fieber aus , das weltweit auf dem Vormarsch ist und
sich schneller ausbreitet als alle anderen durch Stechmiicken
Ubertragenen Krankheiten .

10/73
SynSet

550968 = Erreger, Krankheitserreger, Virus

Definition / Beispielsatz

n. Medizin: Organismus oder seltner ein Stoff , der eine Krankheit
verursacht; Medizin: kleinster Krankheitserreger

Figure 1: The GUI of the annotation tool displays
the target word in context, the list of synsets to
choose from, and the paraphrase or example sen-
tence.

parsed to identify token positions, normalize spac-
ing and punctuation, and store each sentence along
with metadata such as the target word and a unique
identifier in JSON Lines format. This resulted in a
structured dataset suitable for subsequent lexical-
semantic analysis and embedding-based cluster-

ing.

3.2. Annotation

The data was annotated in two steps. In the first
step, seventeen mostly high-frequency German
polysemous nouns were selected as target words.
Based on wortschatz-leipzig.de (Goldhahn
et al., 2012) the frequency classes of the target
words (in corpus deu_news_2012_3M) rank be-
tween 7 ("Bank" with frequency 15.306) and 14
("Schimmel" with frequency 89). On the one hand,
the selection of these words was motivated by ex-
isting data sets: Schimmel and Decke (and also
Gimpel, a polyseme to the target word Tor) occur
in WIC-TSV (Breit et al., 2021), Fu3 and Tor are
taken from TiBa-D/Z (Henrich, 2014) and Schim-
mel, Zeitung, Atmosphére and Block are German
translations of the polysemes used in RAW-C (Trott
and Bergen, 2021). On the other hand, some tar-
get words were inspired by research interest in a
specific topic, such as word usage during the coro-
navirus crisis (Maske, Virus).

Base target words annotation Sixteen native
German-speaking students assigned GermaNet
(Hamp and Feldweg, 1997) synsets to base target
words. Data was divided into 12 batches ( 150

samples each), with each sample randomly as-
signed to two annotators, ensuring even coverage
across words and time periods. One subset of
100 samples received four annotations. Annota-
tors chose their workload, resulting in samples
annotated 1-4 times (Table 2). A custom GUI
tool (see 1) displayed sentences from DWDS to-
gether with possible synsets and definitions. An-
notators selected the appropriate synset or ‘'None’
if no sense matched. The annotators were com-
putational linguistics students familiar with the Ger-
maNet synsets. In this first step, 10,020 instances
were annotated with 79% inter-annotator agree-
ment.

samples wagr. w/o agr. total agr.
single 19,444 - 19,444
double 2,631 699 3,330 79%
triple 93 28 121 77%
quadruple 62 23 85 73%
total 22,230 750 22,980

Table 2: Number of samples (annotated from 2 to
4 times) with (100%) and without agreement.

Annotation of additional samples The dataset
was expanded by randomly selecting references
to 57 synonymous words across the 14 time pe-
riods from DWDS. This expansion targeted less
frequent senses of the 17 base target words. For
example, Fliigel (wing) rarely appears as Partei-
fligel (party wing), so examples for the compound
word were added. Some of the additional words
are also synonyms: Klappe (flap) has a colloquial
meaning for the human mouth. A synonym is Schn-
abel (beak), which also refers to the mouthparts of
birds. A native German speaker annotated the data
semi-automatically for unambiguous cases (e.g.,
Rotorblatt) and manually for ambiguous words (e.g.,
Kasse with six candidates). Data from both anno-
tation steps were then merged.

Reduction to full agreement We decided to only
consider sentences with full agreement for the final
AmDi dataset. The intention is to prioritize quality
over quantity at the cost of losing roughly 3% of our
total data (see Table 2).

3.3. Subsets

For the subsets ’'small’ and ’tiny’, we filtered out
small classes, reassigning these samples to the
residual class 'None'. For every distribution as a
set of class counts Cj., = {¢1,¢2,...,cn} Where ¢;
is the number of samples belonging to synset i, we
compute i and o and define the cutoff threshold
T = max(1,p — k- o). We keep the synset i if
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¢; > T and reassign its samples if ¢; < T. After
reassignment, a lexeme distribution is discarded
if fewer than two non-"None’ classes remain. We
choose thresholds k£ = 1.0 and k£ = 0.5 to get our
subsets 'small’ and ‘tiny’ (see Table 3). For a com-
parison of the distributions (synsets per lexeme),
see Figures 5, 6 and 7 in the appendix.

original small tiny
samples 22,230 21,363 17,810
tokens 637,871 608,562 504,080
lexemes 26 24 19
synsets 80 69 46
threshold 1.0 0.5

Table 3: Number of samples in the original dataset
and after reassigning small classes and discarding
distributions with less than two classes.

4. Experiments

4.1. Word Sense Disambiguation

4.1.1. Fine-Tuning

We trained the models gBERT-large (Chan et al.,
2020), a German model based on BERT, XLM-
RoBERTa-large (Conneau et al., 2020), a multi-
lingual RoBERTa-model, and XL-LEXEME (Cas-
sotti et al., 2023), a WiC (Word-in-Context) pre-
trained model, to classify synset labels. To this
purpose, we converted our dataset into stratified
’huggingface’ datasets with a predefined train/test
split (90%/10%). Three different experiments were
conducted: one involving training a classifier us-
ing only the sentence (‘context’), and two others
combining the target word with the sentence. In
one experiment, we marked the token in the sen-
tence ('marked’) and in the other, we added the
token embedding as an additional input for training

('pair’).
4.1.2. Clustering

We performed unsupervised clustering for each lex-
eme across multiple embedding representations.
We considered embeddings derived from standard
transformer-based language models (gBERT-large,
XLM-RoBERTa-large), as well as embeddings ob-
tained from LLMs designed for text embedding
(e.g., Qwen3-Embedding-8B). In addition, we in-
cluded the best-performing fine-tuned BERT-type
models trained on the AmDi and TuBa-D/Z (TuBa-
D/Z) corpora.

For each lexeme, we applied three cluster-
ing algorithms - k-means (MacQueen, 1967), ag-
glomerative hierarchical clustering (Kaufman and
Rousseeuw, 1990), and HDBSCAN (Campello

et al., 2013) — to capture different structural as-
sumptions in the data.

To visually inspect the clustering results, we pro-
jected the high-dimensional embeddings into two
dimensions using both t-SNE (van der Maaten and
Hinton, 2008) and UMAP (Mclnnes et al., 2018).

Quality of clusters Clusters were then evaluated
against the gold standard synset labels provided
in the sense-annotated datasets. By mapping pre-
dicted clusters to these labels, we quantified the
extent to which embeddings encode the seman-
tic distinctions captured in the annotation. Subse-
quently, we computed a set of metrics—including
Adjusted Rand Index (ARI) (Hubert and Arabie,
1985), Normalized Mutual Information (NMI) (Strehl
and Ghosh, 2002), Purity, and F1-scores to pro-
vide a quantitative assessment of clustering perfor-
mance and facilitate comparisons across models
and methods.

ARI measures clustering agreement with the gold
standard, corrected for chance, ranging from —1
(anti-correlation) to 1 (perfect agreement). It is sen-
sitive to both cluster assignments and cluster count,
providing a robust global measure. NMI quantifies
the information shared between predicted and gold
clusterings on a [0, 1] scale. Being less sensitive
to cluster count and scale-invariant, NMI enables
comparison across lexemes with varying numbers
of senses.

Purity measures the fraction of each cluster be-
longing to its dominant gold label, with global purity
as the weighted average in [0, 1]:

C
1
Purity(U, V) = — > max |U; NV

Jj=1

While intuitive, purity increases with cluster count
(trivial single-item clusters achieve purity = 1).

Since cluster IDs are arbitrary, we use the Hun-
garian algorithm (Kuhn, 1955) to find optimal one-
to-one mapping 7 between predicted clusters and
gold labels, maximizing:

C
1
Accuracy(U,V) = — E |Ur ) NV
n
j=1

After optimal assignment, we compute Macro-F1
(averaging per-class scores) and Accuracy (Micro-
F1, aggregating across classes). This suite pro-
vides complementary perspectives: ARI and NMI
capture global structure, while Accuracy and F1 of-
fer task-oriented evaluation. Macro-F1 weights all
senses equally; Micro-F1 favors frequent senses.
Together, high purity with low ARI suggests over-
fragmentation, while high ARI with lower Macro-F1
indicates dominance of frequent senses.
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Figure 2: F1 development by decade on the full
AmDi dataset. For visual clarity, the data from
blogs, and wikipedia is not plotted as it would
cause overlaps with other decades.

Quality of individual instances To analyze clus-
tering quality on the level of individual instances,
we computed two per-sample evaluation measures:
sample accuracy and sample purity. Sample accu-
racy is defined as a binary indicator of whether a
sample is assigned to the cluster corresponding to
its gold synset. Sample purity measures the degree
to which the cluster of a given sample is dominated
by its gold synset. For sample i, let n(¢;) denote
the number of items in cluster ¢;, and n(y;, ¢;) the
number of items in that cluster whose gold label
equals y;. The sample purity score is defined as:

n(yi, ¢i)
n(¢;)

This yields a graded score in the interval [0,1]:
Purity, = 1 if all items in the cluster share the same
gold label as sample i, lower values indicate that
the cluster mixes items from multiple gold synsets.

Purity, =

4.1.3. Few-Shot Prompting

We set temperature to zero and instructed the
models via system message to respond with the
best-matching synset ID, or 'None’ if no suitable
match can be determined. The prompt was given
with a task (i.e., the sentence), a target word,
and additional context. The context contained a
JSON object generated from GermaNet. For each
sense of the target word, it included synset ID,
alternate orthographic forms, paraphrases, and
up to two levels of hypernyms which were neces-
sary for senses without GermaNet paraphrases.
We used the following models: deepseek-r1:14b
(DeepSeek-Al et al.,, 2025), gemma3:27b (Ka-
math et al., 2025), llama3.1:8b and llama3.1:70b
(Grattafiori et al., 2024), mistral-small3.1:24b (Mis-
tral Al Team, 2025), and qwen3:8b (Yang et al.,
2025). Both llama3.1 variants and mistral-small3.1
are instruction-tuned. Performance for the full
AmDi dataset is shown in Table 4 and Figure 2.

Model Acc. Prec. F1
deepseek-r1:14b 0.655 0.704 0.618
gemma3:27b 0.684 0.762 0.633
llama3.1:70b 0.773 0.811 0.751
llama3.1:8b 0.562 0.604 0.544
mistral-small3.1:24b 0.757 0.826 0.729
qwen3:8b 0.729 0.803 0.695

Table 4: Few-Shot Prompting performance on the
full AmDi dataset.

4.2. Semantic Change Detection

4.2.1. Static Word Embeddings

To investigate diachronic semantic change, we
trained static word embeddings independently for
multiple consecutive timespans. We applied two
complementary approaches: per-timespan embed-
dings with post hoc alignment (Hamilton et al.,
2016) and soft temporal regularization.

Per-Timespan Embeddings For each timespan
t, we trained a Word2Vec (Mikolov et al., 2013)
model producing vectors v for each target word
w. Since independently trained embeddings reside
in separate vector spaces, we aligned them to a
reference timespan using Orthogonal Procrustes,
finding the optimal rotation R that minimizes:

R= in |y — X
arg min [ Qllr

where X and Y are embedding matrices for shared
words and || - || r denotes the Frobenius norm. Se-
mantic shift was quantified using cosine distance
between consecutive aligned embeddings:

shift,, (t) = 1 — cos (vg),vgﬂ))

Additionally, we computed Jaccard similarity be-
tween top-k nearest neighbor sets across time-
spans. This provides a complementary measure
of semantic drift by tracking changes in contextual
associations rather than vector position alone.

Soft Temporal Regularization To stabilize em-
beddings and reduce stochastic drift, we imple-
mented soft temporal regularization. For timespan
t > 1, embeddings were initialized with the previ-
ous timespan’s vectors v{{™" and fine-tuned on the
current timespan’s data. This introduces an implicit

regularization term in the objective:

L = Lekipgram + )‘Z va) - Vg_l)Hz

where Lgyipgram is the standard skip-gram loss and
A controls the strength of temporal smoothing. This
encourages embeddings to remain close to pre-
vious representations unless the current context
strongly indicates a semantic change.
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Quantifying Semantic Shift For both ap-
proaches, semantic change for each target word
was measured as the cosine distance between
embeddings from consecutive timespans. Words
missing from a timespan were treated as absent,
ensuring robustness to incomplete observations.

Long-range Semantic Shift To complement the
pairwise temporal comparisons between adjacent
timespans, we performed a long-range semantic
shift analysis across all available historical peri-
ods. The goal of this analysis was to measure how
word meaning diverges as the temporal distance
between corpora increases. For each timespan, we
used the corresponding Word2Vec model trained
on the subset of data from that period. We then
computed semantic similarity between all pairs of
timespans, not only adjacent ones. For every lex-
eme w, we calculated the cosine similarity between
embeddings of in two models which quantifies di-
rectional similarity in the shared vector space and
Jaccard similarity between the (k)-nearest neighbor
sets of w. This metric captures contextual stability
by comparing semantic neighborhoods. For each
lexeme, these values were computed for all combi-
nations of timespans, producing a matrix of cosine
and Jaccard similarities across temporal distances.
We aggregated the results across all lexemes to ob-
tain the average similarity as a function of temporal
distance.

4.2.2. Contextualized Embeddings

The contextualized embeddings used for word
sense clustering (Section 4.1.2) also served as the
foundation for detecting lexical semantic change.
Two complementary approaches were applied to
quantify temporal shifts in word meaning:

Cosine-based change detection The method
of Martinc et al. (2020) was applied to the dataset
by computing time-specific mean embeddings for
each lexeme. Since the dataset contains samples
across consecutive timespans, contextualized em-
beddings could be used directly to calculate these
means. Semantic change between consecutive
timespans t; and ¢, was quantified using cosine
distances between the averaged embeddings, pro-
viding a straightforward measure of lexical shift over
time:

Shifty (t — to) = 1 — Frwts " Huts
([t ]l |
Continously Evolving Embeddings We also
employed a pipeline of continuously evolving em-
beddings (Horn, 2021) using the contextualized
word representations from the pretrained models.
For each lexeme w and timespan ¢, we computed

Model Dataset mark pair sent.
gbert-large  AmDi 0.781 0.774 0.737
gbert-large  AmDi s. 0.824 0.833 0.797
gbert-large  AmDit. 0.853 0.857 0.841
gbert-large TuBa-D/Z 0.906 0.888 0.583
xl-lexeme  AmDi 0.749 0.750 0.669
xl-lexeme  TuBa-D/Z 0.793 0.693 0.402
xlmr-large  AmDi 0.723 0.703 0.701
xlmr-large  TuBa-D/Z 0.773 0.772 0.411

Table 5: Results (F1 avg weighted) of the fine-
tuning Experiments on different inputs and subsets.

an exponentially weighted running mean (Finch,
2009) of its embeddings e'’;:

Mg?t = aeg?t +(1-a) NS,_tl)

where « € (0, 1] is a smoothing factor. This allows
efficient incremental averaging of embeddings with-
out storing all individual occurrences. Semantic
shift between consecutive timespans was quan-
tified using cosine distance between the running
mean embeddings.

4.3. Reproducibility and Code
Availability

All experimental procedures and model training pro-
tocols are implemented using open-source tools
including scikit-learn (Buitinck et al., 2013), Gen-
sim (Rehurek and Sojka, 2011), the HuggingFace
Transformers library (Wolf et al., 2020) and OI-
lama (Ollama Team, 2025). The AmDi dataset
is available in all versions, including metadata
and dataset statistics, at https://gitlab.rlp.
net/cl-trier/amdi—-dataset. Repositories
with code implementations, experimental config-
urations, and embeddings will also be linked under
this address. The fine-tuned models and datasets
with test/train-splits will be made available on hug-
gingface.com (see https://huggingface.co/
kugler).

5. Results
5.1. Word Sense Disambiguation
5.1.1. Fine-Tuning

The German model (gBERT-large) achieved the
best classification results on the marked input on
the AmDi dataset. In addition, we trained the mod-
els on the subsets 'small’ and 'tiny’ and on the TiiBa-
D/Z dataset for comparison. Results are shown in
Table 5.

11931


https://gitlab.rlp.net/cl-trier/amdi-dataset
https://gitlab.rlp.net/cl-trier/amdi-dataset
https://huggingface.co/kugler
https://huggingface.co/kugler

Model Embedding ARI NMI Purity Acc Macro-F1
gbert raw 0.089 0.124 0.749 0.606 0.399
gbert finet. raw 0.383 0.393 0.858 0.694 0.586
xImr sentence 0.028 0.054 0.704 0.507 0.354
xlmr finet.  sentence 0.432 0424 0870 0.716 0.605
gwen3 sense 0.002 0.013 0.676 0.513 0.336
qwen3 sentence 0.189 0.243 0.805 0.594 0.483

Table 6: Overall mean clustering results for different models (QBERT-large, XLM-Roberta-large, Qwen3-
Embedding-8B and the fine-tuned BERT-type models), embedding strategies and the best performing
clustering method (agglomerative) for the AmDi dataset.

5.1.2. Clustering

Table 6 shows that fine-tuned BERT-type models
substantially outperform base models on AmDi.
Fine-tuned gBERT-large achieves ARI of 0.383 ver-
sus 0.089 for baseline, demonstrating that fine-
tuning with marked inputs improves sense separa-
bility. Text embedding models perform better with
sentence embeddings (Qwen3 ARI: 0.189) than
sense-prompted embeddings (0.002), suggesting
prompting with synset information does not en-
hance sense structure. Agglomerative clustering
consistently yields best performance. Fine-tuned
models show markedly higher scores on AmDi
than TuBa-D/Z, while base models and text em-
bedding models remain substantially lower. Em-
beddings sometimes merge fine-grained GermaNet
distinctions (e.g., Atmosphére combines two mood-
related synsets; Figure 3). Overall, task-specific
fine-tuning significantly improves sense clustering,
whereas generic embeddings may not capture fine-
grained lexical distinctions.

Agglomerative (TSNE)
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Figure 3: Clustering (agglomerative) of the Qwen3
embeddings for the AmDi lexeme "atmosphare”
(t-SNE).

5.1.3. Few-Shot Prompting

On the full dataset, we achieve respectable over-
all results, with the best-performing model obtain-
ing an F1 score of 0.751. This suggests that mod-
ern LLMs are capable of performing well on WSD
tasks without task-specific tuning, given a suitable
prompting technique. Although our results indi-
cate a correlation between model size and perfor-
mance, there are notable exceptions: qwen3:8b,
advertised for its strong thinking abilities, signifi-
cantly overperforms relative to its size. Moreover,
mistral-small3.1:24b is only slightly trailing behind
llama3.1:70b despite its smaller size. Additionally,
we observe a clear recency bias (see Figure 2),
which may reflect the distribution of the models’
training data. On data sampled from 2001 to 2018,
the best two models are easily breaking the 0.8 F1
barrier.

When considering only sentences with two or
more annotations, the overall performance of all
models improves, reaching a maximum F1 score of
0.839. However, the performance across decades
exhibits stronger variance between models and be-
tween timespans. We also notice a slight overall
decline in performance over time. These effects
may be caused by the construction of this sub-
set: since all sentences in AmDi have full annota-
tor agreement, instances with multiple annotations
may be more straightforward to disambiguate, as
they likely represent less ambiguous or more pro-
totypical word senses. Additionally, the reduced
sample size compared to the full dataset makes
variance between models and time spans more
pronounced.

5.2. Semantic Change Detection

5.2.1. Static Word Embeddings

Word2Vec models trained on successive decades
were aligned and compared across time. Cosine
and Jaccard similarities showed small differences
between neighboring decades, with gradual decay
for distant decades (Figure 4), indicating slow, con-
tinuous shift rather than abrupt change. Steeper
cosine decay compared to Jaccard suggests that
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while lexical neighborhoods and contextual asso-
ciations (reflected in shared neighbors) remain rel-
atively stable, the core vector positions shift more
noticeably over time. This aligns with our frequent,
stable but ambiguous target lexemes rather than
words undergoing major shifts (for per-lexeme co-
sine and Jaccard similarity see Figures 8 and 8 in
the appendix). Nevertheless, results demonstrate
that diachronic embeddings capture fine-grained
evolution even in homogeneous lexical material.

Semantic Decay Over Time Distance
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Figure 4: Semantic decay over time for all AmDi
target words, Cosine and Jaccard similariry

5.2.2. Contextualized Embeddings

To assess diachronic meaning variation, we com-
puted both cosine-based and running-mean shifts
of mean embedding vectors across timespans for
all models and embedding strategies.

Cosine-based change detection Qwen3-
Embedding-8B showed highest mean change
(0.075), though lexical items with largest shifts
(e.g., Gesichtsmaske) occur in few samples,
likely reflecting data sparsity rather than meaning
change. Overall differences between decades are
small, indicating semantic stability. Sense-level
embeddings showed slightly higher sensitivity
(0.057) than raw (0.027), CLS (0.017), and sentence
(0.013) embeddings. While sense-aware represen-
tations capture subtle shifts, observed variation
primarily reflects contextual usage differences
rather than genuine lexical semantic change.

Continuously evolving embeddings The
running-mean analysis produced similar results,
with moderate overall change despite some
variation (e.g., 0.382 mean change for the Qwen3-
Embedding-8B model). Largest shifts for words like
Universitét (university) and Kurs (course/direction)
appear to reflect contextual rather than semantic
change. For DWUG-DE Sense, larger text embed-
ding models identified shifts in abdecken (to cover)

(0.232) and Ohrwurm (earwig) (0.275), aligning with
usage-based patterns from Schlechtweg (2023).
Averaged across methods, sense embeddings
showed strongest change (0.382), followed by
raw (0.125), CLS (0.074), and sentence (0.057)
embeddings.

Both analyses indicate limited lexical semantic
change in the examined corpora. Larger LLM-
based models, particularly Qwen variants, exhibit
greater sensitivity to contextual variation, but de-
tected differences appear to stem from chang-
ing discourse contexts rather than meaning shifts.
Finer-grained analysis of contextualized usages
or sense distributions is needed for more precise
characterization of diachronic lexical dynamics.

6. Future Work

Future work will focus on extending the sense-
annotated German dataset along several dimen-
sions.

On the data side, the current version of the
dataset contains only nouns. Future extensions
will include verbs and adjectives, thereby broad-
ening the lexical and semantic coverage. The tar-
get words selection will be inspired by established
datasets, ensuring comparability and alignment.
Furthermore, coverage could extend to earlier his-
torical periods to enable longer-span diachronic
analysis. Cross-linguistic extensions, for instance
to other Germanic or European languages, would
also make it possible to study semantic change in
a comparative perspective.

An extension that is already planned is the inclu-
sion of samples from the DWDS (DWDS) corona
corpus, which will enable fine-grained analyses of
recent lexical usage changes for target words such
as Maske (mask). In addition, the current data can
be repurposed to derive a WiC (Word-in-Context)
dataset for German, supporting further research
on contextualized meaning representations.

Unresolved samples with annotator disagree-
ment can be exploited to construct usage graphs
(Schlechtweg et al., 2018), in which degrees of
annotation disagreement are translated into mea-
sures of semantic proximity between usages. The
existing clustering results, which group semanti-
cally related synsets, could potentially inform or
refine such graph-based representations.

Finally, since manual annotation time is limited,
it may be worthwhile to explore methods for syn-
thetic data expansion, such as semi-automatic gen-
eration or model-assisted annotation strategies, to
accelerate future dataset growth.
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7. Conclusion

We have presented a novel diachronic German
dataset comprising synset-annotated with word
senses drawn from GermaNet. By focusing on
ambiguous target nouns and providing fine-grained
sense annotations, this resource enables system-
atic investigation of lexical semantic change at the
sense level.

Our experiments demonstrate that WSD on this
dataset is feasible, though the granularity of Ger-
maNet synsets sometimes exceeds what contem-
porary language models capture in their representa-
tions. Fine-tuned BERT-type models achieve sub-
stantial improvements in clustering performance.
Few-shot prompting yielded similar results, support-
ing the assumption that modern LLMs have diverse
inherent capabilities even without task-specific fine-
tuning. At the same time, generic text embed-
ding models show limited ability to distinguish fine-
grained senses even when prompted with sense
information.

Lexical Semantic Change Detection experiments
reveal limited short-term semantic shift for our tar-
get words, consistent with their selection as fre-
quent, semantically stable but ambiguous lexemes.
However, long-range analyzes using both static
Word2Vec embeddings and LLM representations
indicate gradual drift in usage patterns over time.

These findings highlight the value of sense-
annotated diachronic data to understand how lan-
guage models encode semantic information. Our
dataset provides a foundation for further investi-
gation into how large-scale models capture subtle
distinctions in word meaning through contextual-
ization, and how these representations relate to
structured lexical resources. Future work could ex-
plore whether explicit sense modeling improves the
detection of fine-grained semantic evolution, and
how different embedding strategies balance stabil-
ity of core meaning against sensitivity to contextual
variation.

8. Ethical Considerations

Data Annotation All annotation work was con-
ducted with transparency regarding the purpose
and scope of the project. The annotators were in-
formed in advance about the intended use of the
data and the overall research goals. To protect
their privacy, personal identifiers were replaced by
anonymized annotator IDs. These IDs were subse-
quently shuffled across work packages, ensuring
that individual annotation contributions could no
longer be traced back to specific annotators. Af-
ter completion, the work packages were merged
into a single dataset. Annotators were aware of
the sources of the sentences to be annotated. The

data originate primarily from newspapers and sci-
entific publications, and it was assumed that these
materials would not contain harmful or offensive
content. No such material was encountered during
the annotation process.

Broader Impact The dataset is designed to sup-
port research on fine-grained meaning variation
and lexical semantic change. However, we ac-
knowledge that methods capable of identifying sub-
tle linguistic differences could, in principle, also
be applied to authorship attribution, attitude anal-
ysis, or forms of social monitoring. Such potential
misuse is a general concern in many areas of text
analysis, including sentiment analysis and forensic
linguistics. We consider the risk associated with
this dataset to be low and assume that the publi-
cation and use of the dataset do not pose harm to
individuals or groups.

9. Limitations

The current dataset is limited to nouns and texts
from the 20th century, restricting coverage of other
parts of speech and historical periods. Most data
originate from newspapers, scientific texts, fiction,
and blogs, which provide a more diverse register
but may still underrepresent some informal or spo-
ken language. Although annotation quality was
monitored, some inter-annotator disagreement and
semantic ambiguity remain. Planned additions may
improve topical and temporal coverage.

Methodologically, the unsupervised clustering
approach for WSD (see Section 4.1.2) approxi-
mates human sense distinctions but may miss sub-
tle contextual nuances. Static word embeddings
and contextualized embeddings, while effective for
LSCD, are sensitive to domain, genre, and fine-
tuning choices, and may reflect biases from their
pretrained models.

Finally, there are ethical and practical constraints.
The dataset is intended solely for linguistic research
and should not be used for authorship attribution
or social profiling. Annotator anonymity (see 8)
prevents tracking individual contributions, limiting
some analyses of reliability. These limitations high-
light current boundaries and provide guidance for
future extensions and refinements.
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A. Dataset Statistics

Timespan Samples
1901-1910 1978
1911-1920 1806
1921-1930 1779
1931-1940 2116
1941-1950 1706
1951-1960 1321
1961-1970 1313
1971-1980 1423
1981-1990 1452
1991-2000 2122
1995-2014 689
2001-2010 2096
2006-2023 674
2011-2018 1755

Table 7: AmDi (full dataset): Annotated target words per timespan

Samples per Lexem

Lexem

Figure 5: Samples per lexeme (full dataset)
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Cosine similarity
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B. Semantic Drift

Per-word semantic Cosine similarity vs. temporal distance
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Figure 8: Per lexeme cosine similarity (long-range, temporal regularization)
Per-word semantic Jaccard similarity vs. temporal distance
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Figure 9: Per lexeme Jaccard similarity (long-range, temporal regularization)
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