
Contents lists available at ScienceDirect

Natural Language Processing Journal

journal homepage: www.elsevier.com/locate/nlp

Enhancing language models with boosting and targeted fine-tuning for 
real-word error detection 

Corina Masanti a,b,∗, Hans-Friedrich Witschel b, Kaspar Riesen a

a Institute of Computer Science, University of Bern, Bern, 3012, Switzerland
b Institute for Information Systems, University of Applied Sciences and Arts Northwestern Switzerland, Olten, 4600, Switzerland

a r t i c l e  i n f o

Keywords:
Error detection
Real-word errors
Synthetic data
Boosting
Ensemble learning

 a b s t r a c t

Over the past years, extensive research has led to significant advancements in tools for the automatic detection 
and correction of errors in documents. Despite this progress, several challenges remain unresolved. In particular, 
the identification of real-word errors – errors involving words that are grammatically valid but contextually in-
appropriate within a given sentence – continues to pose a considerable difficulty. Addressing such errors requires 
models with a sophisticated understanding of linguistic context. Transformer-based language models are particu-
larly well-suited for this task due to their contextual modeling capabilities. To further enhance their performance, 
we propose a boosting-based training approach in conjunction with a synthetically generated data set created 
via pattern-based noise injection. We evaluate this method across three transformer-based architectures, viz. 
mBERT, LLaMA 3, and Mistral 7B. Our experimental results show that the boosting-based strategy consistently 
improves real-word error detection across all models. A subsequent in-depth error analysis reveals limitations in 
the synthetic training data, prompting the development of a targeted fine-tuning procedure designed to address 
these shortcomings and further optimize model performance.  A comparison with prompt-based inference using 
a large language model demonstrates that specialized, fine-tuned models yield more reliable performance for 
this task. Finally, an evaluation under realistic class imbalance highlights practical trade-offs between ranking 
quality and threshold-based detection, particularly for rare error types.

1.  Introduction

The automatic detection and correction of errors in text has long 
been a persistent challenge in Natural Language Processing (NLP), and 
research in this area has evolved from rule-based approaches (Dam-
erau, 1964) to modern data-driven methods (Omelianchuk et al., 2020). 
These advances have led to increasingly effective proofreading sys-
tems, with transformer-based models (Vaswani et al., 2017) dominat-
ing the field today. However, even after the introduction of these mod-
els, there are still several challenges and open research questions. Par-
ticularly, the detection and correction of real-word errors continues 
to pose a significant difficulty. Roughly speaking, real-word errors oc-
cur when the erroneous word can be found in the underlying dictio-
nary but is inappropriate within its sentence context. One major ob-
stacle in effectively addressing such errors lies in the lack of high-
quality training data, especially for languages beyond English, which 
continues to dominate the focus of current research efforts. This is-
sue is further worsened by language-specific challenges, which are 
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not only linguistically complex but also frequently violated in real-
world texts. As a result, transformer models trained on such noisy data 
may learn to prefer incorrect patterns simply because they occur more
frequently.

To address error detection in languages other than English, we have 
developed and proposed a number of solutions in recent years. For ex-
ample, we present a novel benchmark data set for automatic error de-
tection and correction in text documents (Masanti et al., 2023). This 
data set includes a wide range of document types, primarily written by 
native speakers of German, French, Italian, and English, all profession-
ally proofread. Next, we refine the data set and conduct an in-depth 
error analysis (Masanti et al., 2024), and propose a preliminary version 
of a boosting-based training algorithm that sequentially trains language 
models to improve the detection of errors (Masanti et al., 2025).

The present paper combines, consolidates and substantially extends 
our previous research in various dimensions – both methodologically 
and in terms of experimental evaluation. In summary, the contributions 
of this paper are as follows.
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• We substantially extend the boosting-based approach (Masanti et al., 
2025) by using two additional models of diverse architectures to as-
sess the robustness of our ensemble approach.

• We thoroughly evaluate the effectiveness of our novel synthetic data 
generation pipeline through experiments on a large real-world data 
set and conduct a detailed error analysis to identify gaps and oppor-
tunities for further refinements of the synthetic training data.

• Based on the error analysis, we generate additional targeted syn-
thetic training data to address identified weaknesses. We then apply 
targeted fine-tuning to further improve model performance and as-
sess the impact of this strategy.

We are not the first to investigate ensemble-based methods in the 
context of language models. For instance, a common ensemble method 
used with language models is stacking, where the predictions of mul-
tiple base models are combined to create a more accurate final predic-
tion. One specific approach of this category is majority voting, where the 
most frequently predicted label is selected as the final label (Stahlberg 
and Kumar, 2021). Another technique is probability averaging, where 
the output probabilities from multiple base models are averaged to de-
termine the final prediction. Both techniques have demonstrated strong 
performance, outperforming single-model systems (Omelianchuk et al., 
2020). Although there are several promising approaches, to our knowl-
edge, the present work is the first to leverage the ensemble learning 
strategy of boosting in the specific configuration of automatic error de-
tection with language models.

Importantly, the goal of this work is not to introduce a new ensemble 
or meta-learning architecture in the traditional sense, but to study how 
targeted data selection during fine-tuning affects the learning dynam-
ics of Large Language Models (LLMs). Consequently, the central empiri-
cal question is not whether boosting outperforms alternative ensemble 
combination rules, but whether targeted error-driven data augmenta-
tion yields measurable gains over non-targeted augmentation.

The remainder of this paper is structured as follows. Section 2 re-
views related work and describes the current state of the art. Section 3 
introduces the data set used in this paper and formally defines the under-
lying task. In Section 4, we describe the models used in the experimental 
analysis and present the novel boosting-based method for training lan-
guage models in detail. Section 5 reports, discusses, and interprets the 
experimental results across both synthetic and real-world data sets. This 
includes a thorough error analysis, an evaluation of the targeted fine-
tuning procedure, and a performance comparison with prompt-based 
systems, alongside a discussion on practical applications. Finally, Sec-
tion 6 concludes the paper and outlines potential directions for future 
research.

2.  Related work

Both error detection and error correction in text is a well-established 
research area in NLP (Bryant et al., 2023). This section provides a com-
prehensive overview of the current state of the art in the field.

While certain error types demand sophisticated approaches, others 
can be effectively addressed using rule-based methods. For example, 
non-word errors – cases where the erroneous word does not exist in 
the language’s dictionary – can often be identified and corrected us-
ing dictionary-based methods. A traditional approach involves checking 
each word in a sequence against a lexicon. If a word cannot be found, 
it is flagged as incorrect. The system then searches for the most likely 
intended word based on minimal edit distance computations (Damerau, 
1964). However, this approach fails to handle out-of-dictionary words, 
foreign language terms, and real-word errors. To address these types 
of errors, contextual models are typically employed. These models es-
timate the likelihood of a word’s occurrence based on its surrounding 
context, enabling the detection of semantically or syntactically implau-
sible word choices. One technique involves the use of trigram language 

models, which consider the probability of a word given the two preced-
ing words (Wilcox-O’Hearn et al., 2008).

The introduction of the transformer architecture (Vaswani et al., 
2017) led to the development of language models capable of captur-
ing contextual dependencies far more effectively than earlier archi-
tectures. Empirical comparisons across various benchmarks have con-
sistently shown that these neural architectures outperform traditional 
models by a significant margin (Bryant et al., 2019; Alikaniotis et al., 
2019; Patra et al., 2023). Consequently, recent research has shifted al-
most exclusively toward optimizing these high-capacity models. Specif-
ically, transformer-based language models such as BERT (Devlin et al., 
2018), T5 (Raffel et al., 2020), or GPT (Brown et al., 2020) (e.g., in 
prompt-based settings (Loem et al., 2023)) represent the current state 
of the art.

However, even with the recently introduced language models, some 
of which have demonstrated remarkable capabilities, one major chal-
lenge remains, viz. the need for high-quality, labelled training data. In 
the context of error detection and correction, this typically requires sen-
tences annotated by professional proofreaders, where each original er-
roneous sentence is paired with a corrected version. To support research 
in this area and mitigate this limitation, shared tasks have been intro-
duced. These initiatives contribute new publicly available data sets and 
provide a standardized platform for evaluating and comparing different 
systems using benchmark data sets.

One well-known example is the CoNLL-2014 shared task (Ng et al., 
2014), which involves detecting and correcting essays written by learn-
ers of English as a second language. One limitation of this data set is that 
the learner’s English exhibits a smaller vocabulary and simpler syntactic 
structures compared to the writing of native speakers. With the goal of 
re-evaluating the field five years after the introduction of CoNLL-2014, 
the BEA-2019 shared task was introduced (Bryant et al., 2019). With 
it, new annotated data sets were released, namely the English Write & 
Improve (W&I) and LOCNESS corpus. These data sets are designed to 
represent a much wider range of language levels and abilities than pre-
vious corpora. Despite these advances, the focus on the English language 
remains a major limitation in the field, resulting in limited resources 
and representation for other languages. One initiative addressing this 
limitation is the MultiGED-2023 shared task (Volodina et al., 2023), 
which includes annotated data for five languages (Czech, English, Ger-
man, Italian, and Swedish). While this shared task represents a signifi-
cant step towards greater linguistic diversity, the scarcity of high-quality 
resources for the many underrepresented languages remains a continous 
challenge (Etoori et al., 2018).

One potential approach to address data scarcity in underrepresented 
languages is the use of synthetic data. Two common techniques for gen-
erating such data are back-translation and noise injection (Kiyono et al., 
2019). Back-translation involves training a model to produce ungram-
matical sentences from grammatical ones (e.g., Rei et al., 2017). This 
reverse model can then be used to create large-scale synthetic data sets. 
With noise injection, artificial errors are introduced into grammatically 
correct sentences to simulate human mistakes. Both techniques rely on 
understanding the types of errors humans actually make – a necessity 
when dealing with complex phenomena that even native speakers of-
ten struggle with, such as context-sensitive orthographic or grammatical 
rules. Without such insights, synthetic data may fail to reflect real-world 
patterns, thereby limiting model performance. This issue is compounded 
by the fact that shared task data sets often lack these nuanced errors, 
particularly for languages beyond English. High-quality annotations and 
thorough error analysis are thus essential to guide realistic data gener-
ation and improve the reliability of NLP systems.

This objective can be achieved using rule-based or pattern-based 
strategies. For pattern-based approaches, error patterns are extracted 
from existing annotated data sets and applied inversely to falsify sen-
tences and simulate human behaviour (Yuan and Felice, 2013). The
advantage of this method is that since the patterns are derived from 
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Table 1 
Example sentences (S) from the data set illustrating each real-word error type, along with their corre-
sponding correction (C). The corrected words are highlighted in boldface.
 Type  Original Sentence (S) and its Correction (C)

Case
 S: Alle externen Anlässe und schlussendlich auch der Tag der offenen Türe wurden abgesagt.
 C: Alle externen Anlässe und schliesslich auch der Tag der offenen Tür wurden abgesagt.

Verb
 S: Auf die Teilnehmenden wartete ein spannendes Programm und angeregte Diskussionen.
 C: Auf die Teilnehmenden warteten ein spannendes Programm und angeregte Diskussionen.

Capitalization
 S: Wir sind der Frage nachgegangen, was die Gesundheitstrends von Morgen beeinflusst.
 C: Wir sind der Frage nachgegangen, was die Gesundheitstrends von morgen beeinflusst.

real-world data, the generated errors tend to resemble naturally occur-
ring ones. The drawback, however, is that a certain amount of annotated 
data is required to extract meaningful patterns.

3.  Data set and task

For the research described in this paper, we use a recently introduced 
data set which contains text from approximately 50,000 documents of 
a Swiss proofreading agency (Masanti et al., 2023). This data set in-
cludes both the original versions and the annotated corrections made 
by expert proofreaders. The underlying documents cover a broad range 
of document types, such as annual reports, business correspondence, 
technical manuals, legal documents, marketing materials, presentation 
slides, social media posts, newsletters, websites, and magazine articles. 
Moreover, the documents originate from clients across various indus-
tries, including pharmaceuticals, finance, insurance, retail, and telecom-
munications. The texts are written in German, French, Italian, and En-
glish, reflecting Switzerland’s multilingual nature, while German is most 
prevalent. 

The majority of the documents are authored by native speakers, re-
sulting in high-quality texts in terms of vocabulary and syntax. More-
over, they contain more complex error types than typical learner cor-
pora. This makes the data set particularly well-suited for the develop-
ment and evaluation of models detecting real-word errors.

In the present study, we focus on the analysis of documents in Ger-
man, a language whose linguistic complexity makes it particularly suit-
able for investigating real-word errors. To identify real-word errors, we 
filter for cases where the erroneous word in the original sentence is 
present in a German dictionary. These instances are then classified into 
the following three main error types (Table 1 shows an example sen-
tence including the human-made correction for each error type).

• Case errors: A case error is defined as the use of an incorrect gram-
matical case (nominative, genitive, dative, or accusative), including 
mismatches in number, such as using singular instead of plural. Case 
errors are frequent even among native speakers, making them chal-
lenging for automated systems to detect.

• Verb errors: Verb errors involve verbs that are incorrectly conjugated 
or used in the wrong tense. These can be particularly subtle when 
subject-verb agreement is violated, as in the example shown in Ta-
ble 1, where the plural subject die Teilnehmenden incorrectly triggers 
the singular verb form.

• Capitalization errors: Capitalization errors refer to the incorrect use of 
uppercase or lowercase letters. For instance, in Table 1, the word 
Morgen is incorrectly capitalized, suggesting a noun meaning ‘morn-
ing’, whereas the intended meaning was the adverb morgen (‘tomor-
row’).

Unfortunately, the number of available real-world documents, and, 
as a result, the number of real-world errors of the three error types is 
too small to effectively train error detection models. Fig. 1 illustrates the 
distribution of error types in the data set. In the corpus, approximately 
24% of sentences contain at least one error, with real-word errors ac-
counting for approximately one quarter of the total error count. Within 

Fig. 1. Distribution of error types in the real-world data set. Only about one 
quarter of the observed errors are genuine real-word errors.

this group, capitalization and case errors dominate, while verb errors 
are comparatively rare.1 The category Other real-word errors is excluded 
from further analysis, as it primarily comprises stylistic substitutions or 
lexical paraphrases that are difficult to detect reliably and fall outside 
the scope of this work.

To enable a systematic evaluation on a sufficiently large number 
of challenging instances, we generate additional training data using 
pattern-based noise injection, which is described in detail in the remain-
der of this section (Fig. 2 illustrates the complete synthetic data gener-
ation pipeline). For this purpose, we construct balanced data sets with 
a 50% / 50% split between erroneous and correct sentences. While this 
setup does not reflect real-world error frequencies, it prioritizes high 
recall to ensure the system remains sensitive to subtle errors. From a 
professional proofreader’s perspective, prioritizing high recall is essen-
tial, as undetected errors require mandatory manual review, whereas 
false positives can be quickly dismissed during the verification process. 
The errors selected for this setup are the result of extensive filtering and 
manual verification and represent the most challenging real-word error 
cases observed in the data.

The process begins with a real-world data set of roughly 50,000 doc-
uments (Artefact A). In Step 1 (termed Filter), we identify sentences 
containing real-word errors and classify them into the three error types 
case, verb, and capitalization. Now, each data point consists of a sen-
tence pair, which includes the original erroneous sentence and its cor-
rected version as shown in Artefact B. Thus, the final data sets include 
twice the number of individual sentences shown in the figure.

In Step 2 (termed Extract), we use these sentence pairs to extract 
word-level error patterns (Artefact C). Specifically, we extract pairs of 

1 Note that a single sentence may contain multiple error types (e.g., both a 
capitalization and a case error); such sentences are counted once for each appli-
cable category when computing the error-type distribution.
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Fig. 2. Illustration of the four main steps (1. Filter, 2. Extract, 3. Inject, 4. Select) and the five resulting Artefacts A-E of the complete pipeline to generate synthetic 
data.

erroneous and correct words (𝑤(𝑒), 𝑤(𝑐)). For instance, the capitalization 
error in Table 1 yields the pair (‘Morgen’, ‘morgen’).

Next, in Step 3 (termed Inject), we apply a well-known strategy for 
noise injection (Yuan and Felice, 2013) by reversing the correction pro-
cess. That is, we search for the correct word 𝑤(𝑐) (e.g., ‘morgen’) in a 
separate corpus of grammatically correct sentences and replace it with 
its erroneous counterpart 𝑤(𝑒) (e.g., ‘Morgen’). As a source for the sepa-
rate corpus of correct sentences, we use Wikipedia and a specific text 
extractor (Attardi, 2015). This results in a large corpus of 31.1 mil-
lion sentence pairs (Artefact D). Table 2 presents one example sentence 
from Wikipedia alongside the corresponding injected error for each er-
ror type.

Finally, in Step 4 (termed Select), we sample 50,000 instances per 
error type to construct three baseline data sets. Additionally, we create a 
combined data set by sampling 50,000 instances that include a balanced 
mix of all three error types. The remaining 30.95 million sentences are 
reserved for strategic augmentation through boosting, as described in 
Section 4.

To reflect the distribution of the errors in the real-world data set, 
we preserve the relative frequency of each error pair in the synthetic 
data as accurately as possible. For instance, if the pair (‘Morgen’, 
‘morgen’) accounts for 5% of the real-world error instances, we tar-

get a similar frequency in the synthetic data set. In practice, how-
ever, this alignment can only be approximated, as certain terms, par-
ticularly Swiss-specific expressions, are underrepresented or entirely 
missing in the Wikipedia corpus used to retrieve the grammatically
correct sentences.

For training and evaluation, each of the four data sets (Artefact E) 
is balanced such that 50% of the sentences contain an error from the 
relevant error type and the remaining 50% of the sentences refer to 
their error-free counterparts. As a result, we create data sets of 100,000 
labelled examples per error type, where each sentence is annotated as 
correct (0) or incorrect (1). The motivation behind this approach is that 
we adopt an oversampling strategy to ensure adequate representation.

Moreover, as each of the four data sets is balanced, the downstream 
task can be interpreted as binary classification, meaning that models 
trained on this data learn to assign a binary label to each sentence, in-
dicating the presence (label = 1) or absence (label = 0) of an error.

While the synthetic data may in general not fully reflect the com-
plexity and variability of naturally occurring language errors, we mit-
igate this limitation by using the patterns observed in real-world data. 
Moreover, by aligning the error distribution in the synthetic data with 
that of the original data set, we ensure that the generated examples re-
main closely tied to authentic error phenomena. However, we acknowl-
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Table 2 
Examples sentences from the separate corpus (Wikipedia), with the injected errors highlighted in boldface (for each error 
type).

Type Original Sentence (from Wikipedia) Sentence with Injected Error
Case Während des Studiums bildeten Studiensem-

inare zur Fotografie […]
Während des Studiums bildeten Studiensem-
inare zu Fotografie […]

Verb Die Vereinigung begann damals mit 20 Perso-
nen und hatte am 31. März 2010 bundesweit 
381 Mitglieder.

Die Vereinigung begann damals mit 20 Perso-
nen und hat am 31. März 2010 bundesweit 381 
Mitglieder.

Capitalization Beim Überprüfen der Geschenke stellen die Pi-
geoncotes fest, dass sie nun tatsächlich acht 
Kännchen haben.

Beim überprüfen der Geschenke stellen die Pi-
geoncotes fest, dass sie nun tatsächlich acht 
Kännchen haben.

Table 3 
Overview of the architecture and pre-training procedure for the models mBERT, LLaMA 3, and Mistral 7B.

mBERT LLaMA 3 Mistral 7B
Architecture Encoder-only Decoder-only Decoder-only
Number of Parameters 110 million 8 billion 7 billion
Number of Layers 12 32 32
Hidden Size 768 4096 4096
Vocabulary Size 30,522 128,000 32,000
Architecture Choices Multi-head attention Grouped-query attention Grouped-query attention, sliding win-

dow attention
Pre-training Data BookCorpus, English Wikipedia Original: Webpages, GitHub, 

Wikipedia, Project Gutenberg, ArXiv; 
Additional: Occiglot Fineweb v0.5

Original: Not disclosed; Additional: 
Wikipedia, OSCAR-2301, Tagesschau 
(2018–2023)

Pre-training objectives Masked language modeling, next sen-
tence prediction

Next-token prediction Not disclosed

edge that some error types require more context than our current strat-
egy provides. For instance, consider the rule for capitalization after a 
colon in German – a phenomenon where even Wikipedia may contain 
frequent deviations from the norm. This makes it possible that, during 
data generation, we might inadvertently produce a correct form instead 
of an error (or vice versa), particularly when converting between lower-
case and uppercase forms. To uncover and address such issues, we con-
duct a detailed error analysis in the experimental evaluation provided in
Section 5.

4.  Boosting language models

In this section, we present our novel method in detail. We begin by 
briefly reviewing the selected transformer-based models2 (Section 4.1) 
that serve as the foundation for our boosting approach (detailed in 4.2).

4.1.  Basic language models

The boosting approach proposed in this paper is based on the use 
of language models. In principle, any available model can be used – in 
our work and experimental evaluation, we focus on three models built 
upon the encoder-decoder components introduced in the transformer 
architecture (Vaswani et al., 2017). Table 3 shows an overview of the 
characteristics of each of the three models.

The first model is mBERT, short for Multilingual Bidirectional En-
coder Representation from Transformers (Devlin et al., 2019). The model 
utilises a 12-layer bidirectional transformer encoder with a dimension 
of 768, a vocabulary size of 30,522 and a total of 110 million parame-
ters. Pre-training is done using a multilingual corpus of 104 languages 

2 Note that our task of error detection is framed as a classification problem 
rather than text generation. Therefore, encoder-only models like mBERT and 
decoder-only models like LLaMA and Mistral are more appropriate and efficient 
than encoder-decoder architectures. Hence, these models are not included in 
this work.

and included two unsupervised tasks, namely masked language model-
ing and next sentence prediction. This pre-training procedure allows the 
model to capture left and right context at every layer. Although smaller 
than many recently published language models, its parameter efficiency 
makes it well-suited for real-world deployment. We select the hyperpa-
rameters for each of the three models based on preliminary experiments. 
For mBERT, we use the best parameters identified by means of a grid 
search (Masanti et al., 2024). We use a learning rate of 1.1e-5, a batch 
size of 64 and train the model for 20 epochs.

The second model is a large language model based on Meta’s 
LLaMA 3 (Touvron et al., 2023). This family of powerful language 
models is pre-trained via next-token prediction on 15 trillion tokens, 
which results in strong language modeling and world knowledge. How-
ever, with fewer than one trillion multilingual tokens used during pre-
training, LLaMA 3 shows suboptimal performance in German. Thus, we 
use a German-adapted variant further trained on a large German cor-
pus (DiscoResearch, 2024). LLaMA 3 has an architecture similar to its 
predecessors with a decoder-only structure, 32 layers, a dimension of 
4,096, and 8 billion parameters. Performance gains derive from higher-
quality and more diverse pre-training data along with architectural 
tweaks such as grouped query attention – dividing query heads into 
groups resulting in faster processing time – and a 128,000 token vocab-
ulary. We employ Optuna (Akiba et al., 2019) to efficiently manage the 
hyperparameter optimization process. Optuna uses the Tree-structured 
Parzen Estimator (TPE), a Bayesian optimization algorithm that models 
high-performing versus low-performing trials to propose hyperparame-
ters with the greatest expected improvement. To fine-tune the model, 
we apply LoRA (Low-Rank Adaptation of Large Language Models) (Hu 
et al., 2022) with a rank of 16 and 𝛼 of 32. The other hyperparameters 
include a learning rate of 4e-5, a batch size of 32, and three training
epochs.

The third and final model used in the evaluation is Mistral 7B (Jiang 
et al., 2023). We use a model variant, which is further trained on a large 
corpus of German data to improve performance on German inputs (Björn 
et al., 2024). Mistral 7B is a decoder-only transformer language model 
with 7 billion parameters, a dimension of 4,096, and a vocabulary size of 

Natural Language Processing Journal 14 (2026) 100202 

5 



C. Masanti, H.-F. Witschel and K. Riesen

32,000. It incorporates grouped query and sliding window attention to 
efficiently process long sequences with reduced inference cost. To find 
the optimal hyperparameters, we again employ Optuna. We apply LoRA 
with a rank of 16 and 𝛼 of 32. We train the model for three epochs with 
a batch size of 32 and a learning rate of 4e-5.

4.2.  Boosting procedure

The research presented in this paper is motivated by the needs of pro-
fessional proofreaders, with the goal of supporting them in their daily 
work. Therefore, rather than developing a standalone system, we aim to 
create a tool that integrates into their workflow and addresses their spe-
cific requirements. In practice, this has the following implications. While 
false positives are relatively easy for experts to dismiss, undetected er-
rors pose a greater risk. Therefore, achieving high recall is essential to 
ensure that as many errors as possible are flagged by the model, even if 
it comes at the cost of slightly lower precision.

To meet these requirements, we propose to progressively incorpo-
rate synthetic data from the synthetic data pool (described in Section 3) 
into the training set. Rather than adding data at random, we propose 
a boosting-inspired strategy. Boosting (Freund, 1990; Schapire, 1990) 
is a widely used ensemble technique in machine learning applications. 
Boosting sequentially trains models, with each new model focusing on 
correcting the errors of its predecessor. Due to the complexity of lin-
guistic data, especially in the context of error detection and correction, 
boosting-based methods are less commonly applied in NLP. Neverthe-
less, adaptations inspired by these techniques exist. For example, boosted 
prompting iteratively augments the prompt set with new prompts that 
better generalize to regions of the target problem space where prior 
prompts underperform (Pitis et al., 2023).

In contrast, our novel procedure – outlined in Algorithm 1 – intro-
duces boosting at the data level rather than at the prompt level. We 
iteratively identify the model’s weaknesses and selectively inject syn-
thetic examples targeting these weaknesses into the training set. This 
ensures that each training iteration focuses on the most challenging and 
underrepresented errors.

Algorithm 1 Step-wise integration of synthetic data into model fine-
tuning via a boosting-inspired approach.

Algorithm 1 begins by selecting one of the three transformer-based 
models described in Section 4.1 (mBERT, LLaMA 3, Mistral 7B) and ini-
tializing added_errors to the empty set (line 1 and 2). In each epoch (line 
3 to 14), the model is first fine-tuned on the current training set (line 4), 
followed by an evaluation on the validation set to assess its performance 
(line 5). Then, we identify the misclassified sentences of the validation 
set. Specifically, those containing errors (true label = 1) that the model 
incorrectly classifies as error-free (predicted label = 0). From these ex-
amples, we extract the associated error pairs, consisting of the incorrect 

word and its corrected version. For each error pair that has not been 
previously added (lines 6 to 8), we retrieve up to 𝑁 synthetic train-
ing examples, if available. These samples are then incorporated into the 
training data for the next epoch (lines 9 to 12). Each batch of 𝑁 samples 
is balanced, containing 𝑁∕2 samples with the incorrect word and 𝑁∕2
samples with the correct word. The algorithm keeps track of all newly 
added error pairs in the current epoch (using the set newly_added). If no 
samples can be added, the process terminates early to avoid redundant 
computation (line 13 and 14).3

This step-wise data augmentation and training loop continues for 
up to 𝑛 epochs or until no further synthetic data can be injected. After 
the final iteration, the model is evaluated on an independent test set to 
assess overall performance (line 15).

Theoretically, the values for the number of epochs 𝑛 and the number 
of synthetic samples 𝑁 introduced at each iteration can be arbitrarily 
chosen. In our experiments, we set 𝑛 = 5 and 𝑁 = 500, as larger training 
sets significantly increase time for fine-tuning, and model accuracy tends 
to plateau by the fifth epoch.

Our new approach has two advantages over a naïve brute force idea 
of simply integrating all available synthetic data into the fine-tuning 
process at once.

• First, with the proposed approach, we start with a smaller subset of 
the entire data set (namely 50,000 documents instead of 31.8 mil-
lion), which makes the overall handling of the models substantially 
more efficient. We then selectively add only those additional sam-
ples that contribute to improving the model, thereby keeping a rea-
sonable computation time. This strategy is particularly effective for 
large data sets that contain redundant or noisy samples, as well as 
for highly imbalanced data sets where rare or difficult cases require 
greater emphasis.

• Second, when combining real-world and synthetic data, the proposed 
method enables initial fine-tuning on real-world samples, followed 
by the gradual and targeted inclusion of synthetic samples, thereby 
reducing the likelihood of overfitting to artificial error patterns.

Moreover, we emphasize that the proposed approach differs funda-
mentally from classical ensemble and meta-learning techniques such 
as stacking, voting, or model-level boosting. These methods combine 
multiple predictors at inference time and therefore conflate improve-
ments due to aggregation with those due to data exposure. In contrast, 
the novel boosting method operates exclusively at the data level, keep-
ing the model architecture, inference procedure, and number of predic-
tors fixed. Although this shifts computational complexity to the training 
phase, it avoids the high latency and memory overhead associated with 
classic ensemble methods.

5.  Experimental evaluation

The experimental evaluation presented in this section is divided into 
four parts. In the first part, we focus on assessing the effectiveness of 
the boosting-based approach. To this end, we train and test the mod-
els exclusively on synthetic data. In the second part, we examine how 
well these models transfer to real-world data. This allows us to identify 
potential gaps in the synthetic data creation pipeline and evaluate the 
model’s generalization ability. This second part also includes an in-depth 
error analysis and the results of a targeted fine-tuning to further im-
prove model performance.  In the third part, we compare our approach 
to prompt-based grammatical error detection with GPT-4o (Hurst et al., 
2024), which serves as a strong state-of-the-art reference. In the final 
part, we evaluate our model under a more realistic error distribution 

3 Remember that the alignment with the actual error distribution is only par-
tially achievable as some errors, especially those involving rare expressions or 
Swiss-specific vocabulary, are underrepresented in the Wikipedia corpus. See 
Section 3 for further details.
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Fig. 3. Boosting results on the validation set for each error type across three models. Each image shows Precision, Recall, and Accuracy over all epochs for a specific 
model and error type.

to assess its robustness and to identify potential limitations in practical 
settings.

5.1.  Evaluation with synthetic data

As outlined in Section 3, our focus is on detecting real-word errors 
across three error types. For each error type, we perform experimental 
evaluations in three setups (in all three setups, we use the same test set 
to ensure comparability of results):

1. Baseline: In this setup, the base models (mBERT, LLaMA 3, Mis-
tral 7B) are fine-tuned on the synthetic data set only. We split the 
data set into 50% for training, 10% for validation, and 40% for test-
ing.

2. Boosting: In this setup, we start from the same training set as the 
baseline. Yet, now we apply the novel boosting strategy detailed in 
Section 4. That is, we incrementally augment the training set with 
targeted synthetic samples to improve model performance.

3. Random Selection: For this third experimental setup, we augment 
the baseline training set with the same number of synthetic samples 
that are used in the boosting setup, but select them randomly. This 
experiment – which can be interpreted as an ablation study – isolates 
the effect of the boosting strategy by comparing it to simple data 
augmentation without targeted sample selection.

The random selection setup represents a deliberately strong control 
condition. By augmenting the training data with the same number of 

synthetic samples as in the boosting setup – while removing any form of 
informed selection – it isolates the effect of targeted, error-driven data 
integration. Consequently, any consistent performance gains of boost-
ing over random selection can be attributed exclusively to the proposed 
selection strategy, rather than to increased data volume or incidental 
regularization effects.

Fig. 3 shows the validation results of the boosting procedure over 
𝑛 = 5 epochs for mBERT, LLaMA 3, and Mistral 7B. Each subfigure vi-
sualizes the model’s performance for a specific error type (case, verb, 
capitalization). Across all error types, we observe increased accuracy 
and recall over the epochs achieved by all models. The most significant 
improvement occurs after the initial epoch of synthetic data integration, 
especially for case errors.

Tables 4, 5, and 6 summarize the final results achieved on the test set 
in the three experimental setups (Baseline, Boosting, Random Selection) 
for each of the three models (mBERT, LLaMA 3, Mistral 7B) as well as 
for all error types. The highest scores for each error type and evaluation 
metric are highlighted in boldface.

Overall, the three models achieve comparable scores. This means 
that we cannot identify a clear winner between mBERT, LLaMA, and 
Mistral 7B in our experiment (which makes these models virtually in-
terchangeable). However, what we can clearly and fundamentally con-
clude is that all three models benefit greatly from boosting (in 25 out 
of 36 metric scores across all experiments, this approach yields the best 
performance). That is, across all three error types, we observe that the 
boosting technique consistently yields the best overall performance. In 
particular, taking all three metrics together (precision, recall, and accu-
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Table 4 
Results for mBERT: Precision (P), Recall (R), and Accuracy (A) on the test set for each error type individually, as well as for all error 
types combined. The highest scores for each error type are highlighted in boldface.

Reference Systems Ours

Baseline Random Selection Boosting

 Case P = 0.9143, R = 0.9266, A = 0.9199 P = 0.9200, R = 0.9308, A = 0.9249, P = 0.9306, R = 0.9535, A = 0.9412
 Verb P = 0.9457, R = 0.9331, A = 0.9398 P = 0.9248, R = 0.9425 , A = 0.9330 P = 0.9418, R = 0.9718, A = 0.9559
 Capitalization P = 0.9413 , R = 0.9431, A = 0.9421 P = 0.9133, R = 0.9448 , A = 0.9276 P = 0.9500, R = 0.9594, A = 0.9545
 Combined P = 0.8897, R = 0.8084, A = 0.8541 P = 0.9073 R = 0.9112, A = 0.9090 P = 0.9012 , R = 0.9179, A = 0.9086

Table 5 
Results for LLaMA 3: Precision (P), Recall (R), and Accuracy (A) on the test set for each error type individually, as well as for all 
error types combined. The highest scores for each error type are highlighted in boldface.

Reference Systems Ours

Baseline Random Selection Boosting

 Case P = 0.9317, R = 0.9245, A = 0.9284 P = 0.9363, R = 0.9302, A = 0.9335 P = 0.9371, R = 0.9530, A = 0.9445
 Verb P = 0.9437, R = 0.9421, A = 0.9429 P = 0.9333, R = 0.9456, A = 0.9390 P = 0.9538, R = 0.9650, A = 0.9592
 Capitalization P = 0.9519, R = 0.9498, A = 0.9509 P = 0.8739, R = 0.9602, A = 0.9108 P = 0.9592, R = 0.9587, A = 0.9590
 Combined P = 0.8877, R = 0.8988, A = 0.8926 P = 0.9201, R = 0.9178, A = 0.9191 P = 0.9027, R = 0.9258, A = 0.9130

Table 6 
Results for Mistral 7B: Precision (P), Recall (R), and Accuracy (A) on the test set for each error type individually, as well as for all 
error types combined. The highest scores for each error type are highlighted in boldface.

Reference Systems Ours

 Baseline  Random Selection  Boosting
 Case P = 0.9374, R = 0.9130, A = 0.9260 P = 0.9419 , R = 0.9091, A = 0.9265 P = 0.9405, R = 0.9525, A = 0.9461
 Verb P = 0.9536, R = 0.9322, A = 0.9434 P = 0.9302, R = 0.9408 , A = 0.9351 P = 0.9440, R = 0.9667, A = 0.9547
 Capitalization P = 0.9520, R = 0.9548, A = 0.9533 P = 0.9326, R = 0.9487, A = 0.9401 P = 0.9478, R = 0.9677, A = 0.9572
 Combined P = 0.8893, R = 0.8965, A = 0.8925 P = 0.9013, R = 0.9241, A = 0.9115 P = 0.8994, R = 0.9257, A = 0.9111

racy), we observe that the novel boosting approach significantly outper-
forms the baseline with very few exceptions. In these few exceptions, the 
two systems are also almost equal (e.g., for verb errors with the basic 
model mBERT), or the baseline method pays for the better result with a 
significant deterioration in the other metrics (e.g., Mistral 7B achieves 
slightly better precision than our boosting approach for verb errors in 
the baseline setup, but achieves a significantly worse recall value).

Regarding the ablation study, our results show that the random se-
lection strategy slightly improves recall compared to the baseline setups. 
However, random selection also results in slight to significant decreases 
in precision in general (except for case errors for mBERT and LLaMA 3 
as well as the combined setup, where precision improves slightly). These 
results indicate that while random data augmentation can enhance re-
call, it often comes at the cost of precision, unless the injected data 
aligns well (by chance) with the model’s existing capabilities. For our 
novel method, this means that its strength lies not only in the simple 
addition of further training data, but in the targeted boosting approach 
we propose in this paper.

Clearly the classification task becomes more challenging when all er-
ror types are combined into a single data set. All three models (mBERT, 
LLaMA 3, Mistral 7B) produce lower scores across all evaluation met-
rics for this combined data set (regardless the experimental setup). In 
this combined setup, the random selection strategy shows slightly bet-
ter performance than boosting in terms of precision – yet, the boosting 
approach is still the best model according to recall, which is the more 
important metric.

We visualize the learning process using the extracted embeddings 
from mBERT in Fig. 4.

For the illustration, we apply UMAP (McInnes and Healy, 2018) as 
a dimensionality reduction technique and project the high-dimensional 
embeddings into two dimensions. More specifically, we illustrate how 
the representations of the validation set evolve over the course of train-

ing. We compare three stages: (a) the pre-trained mBERT model with-
out any fine-tuning, (b) the model after the first epoch of our boosting 
algorithm, and (c) the final model after completing the full boosting 
procedure. These visualizations highlight how the model’s representa-
tions become increasingly separable as training progresses. Initially, the 
embeddings extracted from the pre-trained model show no separability 
between the two classes. After the first epoch, a clear distinction be-
tween the classes can be observed. Finally, at the end of the boosting 
procedure, the separation becomes more refined, reflecting the model’s 
capabilities to distinguish between correct and incorrect sentences.

5.2.  Evaluation with real-world data

As observed in the previous section, fine-tuning the models with 
the proposed boosting technique produces in general the best results 
in terms of recall, while preserving high precision. However, the experi-
ments presented above are conducted on synthetic data only. Therefore, 
in this subsection we now aim to evaluate the performance of the novel 
boosting models on real-world data described in Section 3.

The experiments on real-world data are divided into two parts. In 
the first part, we perform a comprehensive error analysis on a subset of 
the predictions (for each error type) to identify strategies for improving 
recall. In the second part, we use the results of this error analysis to 
further improve the models with targeted fine-tuning. For these exper-
iments, we only use one basic model, namely mBERT, for two reasons. 
First, we can see from the experiments above that the differences be-
tween the individual language models (mBERT, LLaMA 3, Mistral 7B) 
are only marginal. Second, although we can assume that the experi-
ments and analyses that follow can be readily transferred to the other 
language models, no major gains in knowledge are to be expected from 
this expansion of the experimental volume.
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Fig. 4. Two-dimensional UMAP projections of the embeddings from the validation set at different stages of training with mBERT. We compare (a) the pre-trained 
model without fine-tuning, (b) the model after one epoch of boosting, and (c) the final model after completing the boosting procedure.

5.2.1.  Error analysis
The error analysis described in this subsection is performed for each 

of the three error types individually with the goal of identifying pat-
terns that indicate the potential to improve the model’s error detection 
abilities. In particular, for each error type, we manually analyze 50 false 
negative predictions to identify recurring error patterns that the baseline 
model fails to detect (in our case mBERT).

Each of the identified error patterns is classified into two categories, 
viz. feasible and infeasible. The category feasible includes error patterns 
that can be synthetically generated with high reliability and low com-
plexity. The infeasible category includes patterns for which synthetic 
data generation is impractical or unjustified due to their rarity. By struc-
turing our analysis this way, we are able to prioritize the most impactful 
and feasible error patterns.

Fig. 5 shows the results of our error analysis for one error type (case 
errors). Feasible categories are represented by green bars, while infeasi-
ble ones are shown in red. Similar plots are available for the other two 
error types in Appendix A.

In the 50 erronous sentences we identify 11 error patterns in total. 
Three of those patterns are classified as feasible to generate synthetic 
data (accounting for 27 out of 50 occurrences). That is, creating mean-
ingful synthetic data for further identification appears entirely feasible 
for around half of the errors. The most prevalent error pattern in this 
category is the occurrence of an incorrect case after a preposition. For 
example, the German preposition ‘auf’ can require either the accusative 
or dative case, depending on whether a direction (’Ich lege es auf den
Tisch’) or a location (’Das Buch liegt auf dem Tisch’) is expressed. This 
dual behavior makes such cases prone to error and underscores the value 
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Fig. 5. Results of the error analysis for case errors. Each of the 50 errors can be assigned to one of 11 error patterns for this error type. The diagram shows the 
absolute frequency of the errors split into these 11 patterns.

Table 7 
Overview of error patterns from the category feasible for each error type, along with the corresponding explanation.
 Error Type  Error Pattern  Explanation
 Case  Preposition  Prepositions govern the grammatical case of subsequent nouns.

 Numerus  Nouns must match the singular or plural form based on context.
 Genus  Nouns have a fixed grammatical gender.

 Verb  Coordinated Subjects  Multiple singular subjects joined together require a plural verb.
 Singular Subject  A singular subject requires a verb in sinuglar form.
 1 von X  After the expressions 1 von X, the verb needs to be singular.
 Du und X  The phrase Du und X requires the verb to be conjugated in third-person plural.
 Percentage  Percentage-based subjects require a plural verb form.

 Capitalization  Colon  After a colon if the following phrase is not a full sentence the first letter needs to be in lowercase.
 Adjective  Adjectives need to be in lowercase.

of detailed analyses for guiding more nuanced synthetic data generation. 
The other two patterns are named Numerus and Genus. Numerus errors 
occur when a word is incorrectly formed in the singular or plural form. 
Finally, Genus errors arise when determiners are replaced with incorrect 
gender forms.

In terms of verb errors, we find that five out of 13 patterns, with a 
total of 25 out of 50 occurrences, fall into the feasible category. One 
notable verb error pattern arises when two or more singular subjects 
are joined (coordinated subjects) and the verb erroneously appears in 
the singular instead of the required plural form. The other verb error 
patterns are as follows. The 1 von X pattern refers to cases where the 
phrase 1 von X (with X representing an arbitrary noun) functions as the 
subject and the verb is incorrectly conjugated in the plural instead of 
the correct singular form. In the Du und X pattern, the subject consists 
of Du und X and the verb is wrongly conjugated in the second-person 
plural instead of the third-person plural. Percentage errors occur when 
the verb is mistakenly conjugated in singular form, although the subject 
refers to a percentage of a plural entity.

In the case of capitalization errors, we find that two out of seven 
patterns, with a total of 31 out of 50 occurrences, fall into the feasi-
ble category. The most noticeable pattern in capitalization errors is the 
one concerning colon rules. If a colon is followed by a complete sen-
tence, the first word must be capitalized; otherwise, it should be written 
in lowercase. This rule is often misunderstood, even by native German 
speakers, and therefore, they are likely to appear in pre-training data 
without correction. This makes it harder for the models to learn the cor-
rect pattern, and highlights the need for targeted synthetic data based 
on detailed analysis. The second feasible pattern is the adjective pattern, 
an adjective is mistakenly capitalized, even though it should appear in 
lowercase.

Table 7 summarizes all feasible patterns for each error type along 
with an explanation.

5.2.2.  Targeted fine-tuning
The error analysis presented in the previous section reveals some 

prominent gaps in the synthetic data generation process. In particular, 

it turns out that some nuances of real-world data could not be accu-
rately replicated with the proposed method to generate the synthetic 
data. One possibility to address this issue is to introduce hand-crafted 
rules that capture these errors in combination with the language model. 
However, relying on rules is tedious and inflexible as writing rules for 
each error pattern is not only time-consuming but also difficult to scale 
and maintain. Moreover, broadly defined rules often lead to many false 
positives, while narrowly defined ones risk missing valid cases.

Instead, we propose using a data-driven approach. The goal is to 
generate targeted synthetic data reflecting undetected errors and fine-
tune the model accordingly. For the proposed approach, we again use 
Wikipedia data as the basis for error injections to replicate the patterns 
categorized as feasible (shown in Table 7). With the ten error patterns 
identified as feasible, we develop ten injection strategies. Table 8 gives 
both an overview of these ten injection strategies for each error pattern 
and one example sentence for each pattern.

For the experimental evaluation, we determine the optimal num-
ber of additional samples for each error type. Therby, our goal is to 
maximize recall while keeping a precision of at least 70% or higher. 
The best results using mBERT are obtained with 30,000 additional sam-
ples for case errors, and 6000 added samples each for both verb and
capitalization errors.

Fig. 6 shows a comparison between the initial inference results and 
the results after additional fine-tuning4 We observe that recall improves 
across all error types, though this comes at a slight deterioration of 
the precision. The most significant improvement for the individual er-
ror types can be observed for the capitalization errors, where recall in-
creases from 0.71 to 0.81. We attribute this to the colon error pattern, 
which is likely underrepresented in the original training data. However, 
at the same time precision decreases from 0.78 to 0.71, indicating a 
higher rate of false positives. In the verb error category, we already 
have a high recall of 0.92 before further fine-tuning (which remains 

4 Remember that this evaluation is conducted on the real-world test set, ex-
cluding the samples used for error analysis.
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Table 8 
Injection rules and representative synthetic examples for each error pattern categorized as feasible in the error analysis. Injected 
errors are visualized in boldface.
Injection Rule Original Correct Sentence Sentence with Injected Error
If a preposition is detected, we alter the case of the 
noun it governs.

Der Bahnhof wird von der Linie U1 bedi-
ent.

Der Bahnhof wird von den Linie U1 bedi-
ent.

We change the numerus of a noun (singular ↔ plu-
ral).

Das führte zu jahrelanger Fehde zwischen 
den beiden Geschlechtern.

Das führte zu jahrelanger Fehden zwischen 
den beiden Geschlechtern.

We detect a noun’s gender and substitute it with an 
incorrect one.

Der Sitz der Countyverwaltung (County 
Seat) befindet sich in Newport.

Die Sitz der Countyverwaltung (County 
Seat) befindet sich in Newport.

When 1 von X appears, we replace the singular verb 
with its plural form.

1 von 25 Patienten gab eine Antwort. 1 von 25 Patienten gaben eine Antwort.

If Du und X appears, we replace the verb with an 
incorrect form.

Du und dein Bruder fandet einen Weg. Du und dein Bruder fanden einen Weg.

If the subject is a percentage, we change the verb 
into its singular form.

In Island sind ungefähr 10% der Höfen 
nach Frauen benannt.

In Island ist ungefähr 10% der Höfen nach 
Frauen benannt.

If coordinated singular subjects are detected, we re-
place the verb with its singular form.

Anna und Max spielen Fussball. Anna und Max spielt Fussball.

If a singular subject is detected, we replace the verb 
with its plural form.

Mittlerweile ist die Zahl der Absolventen 
auf über 4000 gestiegen.

Mittlerweile sind die Zahl der Absolventen 
auf über 4000 gestiegen.

If the word follwing a colon is in lowercase, we 
change it into uppercase.

Sieg: zwei Punkte; Unentschieden: ein
Punkt; Niederlage: kein Punkt

Sieg: Zwei Punkte; Unentschieden: Ein
Punkt; Niederlage: Kein Punkt

If we detect an adjective, we capitalize it. Sie weist ein doppeltes Peristom auf. Sie weist ein Doppeltes Peristom auf.

Fig. 6. Comparison of inference results on the real-world test set between mBERT trained with the boosting algorithm and the same model after targeted fine-tuning.

stable after fine-tuning). Precision also remains relatively stable, drop-
ping marginally from 0.90 to 0.89. Case errors turn out to be the most 
difficult error type. The implementation of injecting rules is particu-
larly complex, as correct case assignment depends on the context and 
the ability to detect syntactic dependencies within the sentence. Despite 
these challenges, the targeted fine-tuning improves recall from 0.69 to 
0.75, which can be interpreted as a considerable improvement. Preci-
sion, however, declines from 0.85 to 0.80.

When considering all error types together (termed ‘Combined’ in 
Fig. 6), recall improves from 0.63 to 0.77, demonstrating the overall 
effectiveness of the additional fine-tuning. However, this comes with a 
decrease in precision from 0.79 to 0.70, highlighting the trade-off be-
tween recall and precision. For instance, a closer inspection reveals that 
the model starts to overgeneralize certain patterns, such as wrongly flag-
ging correct capitalization after colons. That is, while recall improves 
through targeted fine-tuning, maintaining precision becomes more dif-
ficult.

5.3.  Comparison with prompt-based systems

Recent work has demonstrated the strong performance of LLMs in 
grammatical error detection and correction, outperforming many tradi-
tional systems in zero-shot and few-shot settings through prompt-based 
inference (Loem et al., 2023). Given their widespread adoption and com-
petitive performance, we compare our approach against prompt-based 
grammatical error detection using GPT-4o (Hurst et al., 2024) as a state-

of-the-art reference. The temperature is fixed to 0.5 for all evaluations, 
selected based on preliminary experiments.

We evaluate three prompt variants of increasing structure:
(i) a simple classification prompt,
(ii) a chain-of-thought (CoT) prompt that encourages step-by-step reason-

ing,
(iii) an enhanced CoT prompt augmented with few-shot examples and an 

internal verification framework to minimize over-corrections.
All prompts instruct the model to produce a binary decision indi-

cating whether an error is present, together with a textual justification 
inside predefined tags. We explicitly showcase the three prompts for 
capitalization errors in Appendix B, translated into English (the origi-
nal prompts are in German). For all other error types, we use the same 
prompt structure, only modifying the description of the error type.

Table 9 shows precision, recall, and accuracy achieved on the syn-
thetic test set for each prompt variant. We compare these results against 
our best-performing model derived in Section 5.1.

Transitioning from the simple prompt to CoT increases precision at 
the cost of recall for verb and capitalization errors, indicating more 
conservative predictions. For case errors, the introduction of reasoning 
slightly improves recall while degrading precision. This suggests that 
while reasoning helps the model identify more potential case errors, it 
also introduces more false positives. The enhanced CoT prompt (includ-
ing examples) achieves the highest prompt-based accuracy across all er-
ror types. For capitalization, it significantly recovers the recall lost in the 
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Table 9 
Results of GPT-4o compared to our best model (LLaMA 3, Boosting): Precision (P), Recall (R), and Accuracy (A) on the test set for each error type individually. 
The highest scores for each error type are highlighted in boldface.

GPT-4o Ours

Simple Prompt CoT Enhanced CoT + Examples Boosting

 Case P = 0.8144, R = 0.8808, A = 0.8400 P = 0.8033, R = 0.8827, A = 0.8333 P = 0.8262, R = 0.8916, A = 0.8520 P = 0.9371, R = 0.9530, A = 0.9445
 Verb P = 0.8166, R = 0.8429, A = 0.8268 P = 0.8955, R = 0.7783, A = 0.8437 P = 0.8606, R = 0.8333, A = 0.8492 P = 0.9538, R = 0.9650, A = 0.9592
 Capitalization P = 0.7220, R = 0.8047, A = 0.7474 P = 0.8374, R = 0.6426, A = 0.7588 P = 0.7706, R = 0.8134, A = 0.7856 P = 0.9592, R = 0.9587, A = 0.9590

Table 10 
Representative examples of false positive and false negative predictions generated by GPT-4o. Each example includes the 
input sentence (S), the answer of the model translated into English (A), and an explanation of the underlying grammatical 
structure (E).
Case Sentence (S), Answer (A), and Explanation (E)

False Positives

S: Das Spiel in Griechenland fand vor einer griechisch-national gesinnten Kulisse statt, was nach dem Ende zu 
Verstimmungen inoffiziellen türkischen Kreisen führte.
A: The error lies in “inoffiziellen türkischen Kreisen”. Since this is a reaction after the end of the game, the 
dative case should be used: “inoffiziellen türkischen Kreisen”.
E: The model marks the sentence as incorrect based on an invented rule that links case choice to temporal 
context, and then output a “correction” identical to the input.
S: Die Interne Revision bietet Sicherheit durch unabhängige und objektive Prüfungen und Beratung in Bezug 
auf die Angemessenheit und Wirksamkeit der Governance und des Risikomanagements.
A: The case error lies in “der Governance und des Risikomanagements”. Both terms should be in the same 
case. The correct forms would be “der Governance und des Risikomanagements” in the genitive case or “die 
Governance und das Risikomanagement” in the accusative case.
E: The model incorrectly assumes that the coordinated nouns are not already in the same case. It first suggests a 
“correction” identical to the input and then proposes an alternative that is ungrammatical in this context since 
the genitive is required.

False Negatives

S: […] Nach der Machtergreifung mussten Iversen alle Ämter niederlegen.
A: The text contains no verb errors regarding person, number, or tense that alter the context. All verbs are used 
correctly within the context.
E: The subject Iversen refers to a single person and is therefore singular. The model likely misinterprets it as 
plural due to the frequent plural suffix -en in German.
S: Fahrer wuchs in einer Musikerfamilie auf: ihr Vater ist der Schlagzeuger Thomas Fahrer, ihre Mutter die 
Sängerin Githe Christensen.
A: This text contains no real-word capitalization errors. All words are correctly capitalized or lowercase, ac-
cording to their function in the sentence.
E: The model fails to apply capitalization rules following a colon that introduces a full sentence. In this context, 
ihr should be capitalized as Ihr.

standard CoT variant (from 0.6426 to 0.8134) while maintaining com-
petitive precision. Across all prompt configurations, GPT-4o performs 
worst on capitalization errors. This difficulty likely stems from the fact 
that German requires nouns and substantivized words to be capitalized, 
which is a distinct feature that contrasts with the English-heavy training 
data typical of general-purpose LLMs.

Across all error types, our boosting approach substantially outper-
forms prompt-based inference by approximately 10 percentage points in 
accuracy. This suggests that specialized models fine-tuned for error de-
tection in German are more reliable than zero-shot or few-shot prompt-
ing with general-purpose LLMs.

To better understand these results, we manually inspect ten false pos-
itives and ten false negatives per error type produced by the CoT prompt. 
Table 10 shows four representative examples. The key takeaways from 
this analysis are as follows:

• Reasoning-related errors: Approximately 40% of false positives 
across all error types stems from invented or incorrect grammatical 
rules, internally inconsistent reasoning, and stylistic “corrections” 
that go beyond the targeted error categories.

• Case errors: Many case-related errors result from incorrect identifi-
cation of the grammatical case.

• Verb errors: False positives often arise from failures to correctly iden-
tify the grammatical subject and its number, while false negatives are 
mainly observed in syntactically complex sentences.

• Capitalization errors: The model frequently misinterprets multi-word 
proper names and substantivized adjectives and struggles with re-
quired capitalization after punctuation, such as following colons.

5.4.  Limitations in practical applications

In the experiments presented so far, we evaluate our models using 
balanced data sets with a 50% / 50% distribution of erroneous and cor-
rect sentences, as described in Section 3. This setting is intentionally 
chosen to support controlled experimentation and direct method com-
parison, allowing the effects of the proposed boosting strategy to be ob-
served without being obscured by extreme class imbalance. However, 
we acknowledge that this setup does not reflect real-world conditions, 
where grammatical errors – and real-word errors in particular – occur 
far less frequently.

To assess the practical applicability of our approach under realistic 
conditions, we therefore adapt the test sets to match the empirical er-
ror distributions observed in real-world data. Starting from the original 
test sets, we subsample sentences such that the proportion of erroneous 
and correct instances corresponds to the real-world distribution for each 
error type. As a compromise between computational feasibility and the 
need for a sufficient number of positive samples to ensure reliable evalu-
ation, we fix the resulting test set size to 100,000 sentences. Additional 
correct sentences are drawn from the Wikipedia corpus and inference 
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Table 11 
Results on adapted test sets reflecting real-world class imbalance with 
mBERT: We report F1, ROC-AUC, and Average Precision (AP). The highest 
scores for each error type are highlighted in boldface..

Reference Systems Ours

Baseline Random Selection Boosting

 F1  =0.4451  F1  =0.4535  F1  =0.4538 
 Case  ROC-AUC  =0.9786  ROC-AUC  =0.9837  ROC-AUC =0.9865 

 AP  =0.7495  AP  =0.7958  AP  = 0.7920 
 F1  =0.2218  F1  =0.1763  F1  =0.1749 

 Verb  ROC-AUC  =0.9859  ROC-AUC  =0.9872  ROC-AUC =0.9898 
 AP  =0.6576  AP  =0.6543  AP  =0.6354 
 F1  =0.6114  F1  =0.4634  F1  =0.6246 

 Capitalization  ROC-AUC  =0.9870  ROC-AUC  =0.9815  ROC-AUC =0.9907 
 AP  =0.8233  AP  =0.7901  AP  =0.8216 

is performed using the models obtained in Section 5.1, without further 
retraining.5

Table 11 reports the results under this realistic class imbalance.
In addition to the F1 score, we report ROC-AUC and Average Precision 

(AP), which are more informative in highly imbalanced settings. The 
results reveal substantial differences between these metrics, indicating 
that while the models are generally able to rank erroneous sentences re-
liably (as reflected by high ROC-AUC and AP values), they also produce 
a non-negligible number of false positives, leading to reduced precision 
and consequently lower F1 scores. This effect is most pronounced for 
verb errors, which constitute the rarest error type in the data set.

From a practical perspective, the strong ranking performance sug-
gests that these models can still be useful in downstream applications 
such as human-assisted proofreading. In such a setting, sentences could 
be reviewed in descending order of predicted error likelihood, and the 
process could be stopped once the proportion of false positives becomes 
too high. Moreover, the gap between ranking-based metrics and F1 in-
dicates that adjusting the decision threshold, for example, by requiring 
higher model confidence before predicting an error, may improve pre-
cision and F1 scores.

Across all error types, the boosting approach achieves the highest 
ROC-AUC scores and yields the best F1 scores for two out of three error 
categories. For case and capitalization errors, this suggests that boost-
ing increases the number of true positives while maintaining a level of 
false positives comparable to the baseline and random selection strate-
gies. In contrast, for verb errors, both boosting and random selection 
increase the number of false positives without a corresponding gain in 
true positives, resulting in lower F1 scores than the baseline despite 
higher ROC-AUC values. This divergence illustrates an inherent trade-
off of the boosting strategy: while it improves sensitivity and ranking 
performance, it may be ill-suited for extremely rare error types unless 
combined with more conservative decision thresholds or downstream 
filtering mechanisms.

6.  Conclusions and future work

Transformer-based language models currently represent the state of 
the art in natural language processing, largely due to their ability to 
capture complex contextual dependencies and linguistic patterns. Over 
time, numerous architectural enhancements have improved the perfor-
mance of these models resulting in a variety of model variants. These 

5 For this experiment, we report results only for mBERT. As shown in Sec-
tion 5.1, the three evaluated models exhibit comparable relative trends across 
all experimental setups. Restricting this analysis to mBERT therefore allows us 
to assess the impact of realistic class imbalance without introducing additional 
computational overhead, while preserving the generality of the conclusions.

systems demonstrate remarkable accuracy across diverse data sets and 
languages. However, some challenges in automatic detection and correc-
tion of textual errors remain. In particular, handling low-resource lan-
guages and subtle error types remains a difficulty for current models. In 
this paper, we discuss the challenge of detecting real-word errors, which 
are particularly difficult due to their subtle and context-dependent na-
ture.

We propose a novel boosting-based approach that incrementally im-
proves real-word error detection by fine-tuning language models with 
synthetic data. The approach begins with standard fine-tuning on the 
training set, followed by evaluating performance on the validation set. 
Errors that remain undetected in the validation set are then addressed by 
adding additional synthetic samples to the training set that encompass 
these errors. This process is repeated for several iterations, each time 
addressing the model’s remaining weaknesses. We demonstrate the ef-
fectiveness of this approach across three different model architectures 
(mBERT, LLaMA 3, Mistral 7B). Additionally, we visualize the model’s 
embeddings of the validation set after different stages of our training 
algorithm using UMAP projections. These plots show increasing class 
separability, highlighting the effectiveness of the proposed training pro-
cess.

While our boosting approach improves recall with stable precision, 
an in-depth error analysis reveals that synthetic data struggles to capture 
the full complexity of real-world data. To address this, we identify error 
patterns that the model fails to detect and generate targeted synthetic 
data for further fine-tuning.  However, certain persistent errors, such 
as incorrect capitalization after colons, remain difficult to detect. This 
likely stems from the fact that LLMs are pre-trained on vast web-scale 
corpora that contain frequent human mistakes, which may be internal-
ized as acceptable patterns. Consequently, fine-tuning must overcome 
deeply embedded biases introduced during pre-training. The targeted 
fine-tuning step nonetheless enhances performance, demonstrating the 
value of recall-driven synthetic data augmentation.

A comparison with prompt-based grammatical error detection us-
ing GPT-4o further shows that general-purpose LLMs, even when aug-
mented with chain-of-thought reasoning and few-shot examples, re-
main less reliable than task-specific models for real-word error detec-
tion in German. In particular, prompt-based inference exhibits system-
atic weaknesses for capitalization errors and syntactically complex con-
structions, highlighting the limitations of relying solely on zero-shot or 
few-shot prompting in professional proofreading scenarios.

Moreover, the evaluation under realistic class imbalance reveals 
important practical constraints. While the proposed boosting strategy 
consistently yields strong ranking performance, as reflected by high 
ROC-AUC and AP values, this does not always translate into improved 
threshold-based detection for very rare error types. For such cases, gains 
in sensitivity are offset by an increase in false positives, indicating that 
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boosting is most effective for moderately frequent error categories and 
may require careful threshold calibration in real-world deployments.

For future work, we see several rewarding avenues to pursue. First, 
the noise injection strategy to generate synthetic data could be refined to 
better reflect patterns observed in real-world data. The conducted error 
analysis could be used as a starting point for this purpose. For example, 
if a capitalization error frequently occurs after a colon, it would be more 
realistic to inject an error only in that specific syntactic context, rather 
than replacing the word without regard to its context. Second, it would 
be interesting to assess the effectiveness of our boosting-based approach 
when applied to larger models beyond mBERT, LLaMA 3, and Mistral 7B. 
Finally, the proposed approach could be extended to other domains that 
involve subtle, context-dependent errors, such as OCR post-correction, 
where high-quality annotated real-world data is limited, and synthetic 
augmentation is valuable.
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Appendix A.  Error Analysis

Fig. A.7 shows the error patterns for verb errors, while Fig. A.8 
presents the error patterns for capitalization errors.

Appendix B.  Prompt Design

The three prompt variants are presented in the boxed examples be-
low.
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Fig. A.7. Results of the error analysis for verb errors. The y-axis represents the identified error patterns, while the x-axis shows the number of occurrences among 
the 50 analyzed false negative samples.

Fig. A.8. Results of the error analysis for capitalization errors. The y-axis represents the identified error patterns, while the x-axis shows the number of occurrences 
among the 50 analyzed false negative samples.

Simple Prompt (Capitalization):
Is the following text between the <text></text> tags correct 
or incorrect with respect to capitalization? Output ‘correct’ in-
side the <answer></answer> tags if no error is present, and 
‘incorrect’ if an error is present. Explain your decision inside the 
<why></why> tags.

CoT Prompt (Capitalization):
Your task is to check the text between the <text></text> tags 
specifically for real-word errors of the capitalization category. 
Real-word errors are errors in which words are spelled correctly 
but are used incorrectly in the given context.

Proceed step by step: Examine the text word by word and 
focus exclusively on whether words are incorrectly capitalized 
or lowercased such that the intended context no longer fits. 
Output ‘correct’ inside the <answer></answer> tags if no 
errors of this category are present, and ‘incorrect’ if at least one 
error of this category is present. Explain the decision inside the 
<why></why> tags and name the relevant span(s).

Enhanced CoT + Examples Prompt (Capitalization):
Your task is to check the text between the <text></text> tags 
specifically for real-word errors of the capitalization category. 
Real-word errors are errors in which words are spelled correctly 
but are used incorrectly in the given context.

Proceed step by step: Examine the text word by word and 
focus exclusively on whether words are incorrectly capitalized 
or lowercased such that the intended context no longer fits. 
Output ‘correct’ inside the <answer></answer> tags if no 
errors of this category are present, and ‘incorrect’ if at least one 
error of this category is present. Explain the decision inside the 
<why></why> tags. The explanation must be limited to a 
maximum of two sentences and must quote at least one concretely 
affected word.

Before making your decision, internally answer the follow-
ing questions:
(1) Can a specific word form in the text be clearly identified that 
is potentially affected by a grammatical rule violation?
(2) Is there a clearly justifiable and mandatory rule (i.e., not 
optional or stylistic) of the capitalization category that applies to 
this word form?
(3) Does the potential rule violation clearly belong to this error 
category rather than to style, semantics, or another grammatical 
category?
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Examples:
<text>Bei bestehen erhalten die Absolventen das Eidgenössische 
Fähigkeits-zeugnis.</text>
<answer>incorrect</answer>
<why>‘bestehen’ is used here as a noun and must therefore be 
capitalized. The correct form would be ‘Bestehen’.</why>

<text>Von 1931 bis 1936 arbeitete sie als Berufsberaterin 
und Berufsschullehrerin in Glarus.</text>
<answer>correct</answer>
<why>All words are correctly capitalized or lowercased in the 
given context. There is no capitalization error.</why>

<text>Zudem war sie dreimal für den Literaturnobelpreis 
nominiert (1927, 1928 und 1930): ihr Gesamtwerk umfasst 48 
Romane und Novellen sowie etwa 85 Kurzgeschichten.</text>
<answer>incorrect</answer>
<why>After a colon, the following word must be capitalized if 
a complete sentence follows. Here, a complete sentence begins 
after the colon, so ‘Ihr’ would be correct instead of ‘ihr’.</why>

<text>Produziert man sie im Weltraum, bekommen sie eine 
ideal runde Form.</text>
<answer>correct</answer>
<why>All words are correctly capitalized or lowercased in the 
given context. There is no capitalization error.</why>

Now analyze the following text:
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