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Abstract
Complex word identification (CWI) is essential in text simplification, yet work on German CWI remains comparatively
limited. To address this gap, we investigate the capabilities of three state-of-the-art LLMs and compare them to
previously proposed baseline systems. We fine-tune the LLMs in three setups: (i) using the target expression only,
(i) using the target expression together with its sentence-level context, and (iii) using the context and injection of
classical machine learning features. Our results show that while pretrained-only LLMs fall short, fine-tuned LLMs set
new benchmarks for both binary and probabilistic CWI. In addition, embedding the target in its context sentence
improves performance, whereas feature injection has no clearly measurable effect. All models in this paper are
trained on the probabilistic CWI task and additionally evaluated on the binary task; thus, we publish a single model

that supports both evaluation views.

We released all accompanying resources (https://github.com/tschomacker/german-cwi-11m) and model check-
points (https://huggingface.co/collections/tschomacker/german-cwi-11m).
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1. Introduction

This paper evaluates the capabilities of state-of-the-
art LLMs (two LLaMA-style models and one BERT-
based model) on German complex word identifi-
cation (CWI). CWI is a key prerequisite for lexical
and text simplification, as it identifies the units that
are most likely to block comprehension for a given
audience and therefore should be prioritized for
simplification or explanation. We compare our re-
sults to 14 baseline systems previously reported
for the same dataset and task setting.

In addition to the neural models, we consider
length- and frequency-based features, as they
have been widely used in CWI systems and are
reported to be robust cross-linguistic predictors
of lexical complexity (Bingel and Bjerva, 2018).
More generally, the question of which features best
capture word complexity has been investigated in
a range of studies (see Gooding (2023, Section
2.1.3) for an overview).

Many CWI approaches operate in a context-
independent setting by predicting complexity from
the target expression alone, without explicitly mod-
eling the sentence in which it occurs. However,
CWI can also be formulated in ways that incor-
porate context information, for example as a se-
quence labeling problem (Gooding and Kochmar,
2019). In this work, we explicitly test whether
sentence-level context improves German CWI per-
formance when training and evaluating LLMs.

Recent LLM-based approaches have reported
strong results on English CWI but more limited
performance for German. Although prior work sug-
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gests that LLMs may show only modest perfor-
mance for CWI (Smadu et al., 2024), we evaluate
more recent models and training setups to assess
current capabilities. We address the following re-
search questions:

RQ1 Does sentence-level context information af-
fect the performance of LLMs on German
CWI?

RQ2 Do explicitly injected statistical features pro-
vide additional benefit beyond contextualized
transformer representations?

RQ@3 How sensitive is binary complex word identi-
fication performance to the choice of decision
threshold when using probabilistic modeling?

2. Related Work

Complex word identification (CWI) is a central
component of lexical and automatic text simplifi-
cation pipelines (Shardlow, 2015, p. 29). While
extensively studied for English, German CWI has
received comparatively limited attention. Early
approaches largely mirrored English work (e.g.,
Shardlow, 2013) and relied on surface-level indi-
cators such as word length, syllable count, and
corpus frequency.

A major step forward was the CWI 2018 Shared
Task (Yimam et al., 2018), which released the first
publicly available German portion of a multilingual
CWI dataset annotated by L2 speakers (Yimam
et al., 2017). The dataset provides both binary and
probabilistic word-level complexity judgments and
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native  non-native native non-native  complexity
Sentence total total complex complex Bin. Prob.
An  der Maschine wurde das <target 3 9 0 2 1 0.167
dwds=2 len=8 syl=2 vow=2>Fahrwerk</target>
beschadigt.
The machine’s <target dwds=2 len=8 syl=2 vow=2>landing gear</target> was damaged.
An der <target dwds=4 len=8 syl=3 3 9 0 0 0 0.0
vow=3>Maschine</target> wurde das Fahrwerk
beschadigt.
The <target dwds=4 len=8 syl=3 vow=3>machine’s</target> landing gear was damaged.
Hauptgrund fur die Verschlechterung des 6 6 5 5 1 0.833
Zustandes sei der heif3e und trockene Sommer
2003 mit hohen <target dwds=1 len=10 syl=3
vow=4>0zonwerten</target> .
The main reason for the deterioration in the situation is said to be the hot and dry summer of
20083 with high <target dwds=1 len=10 syl=3 vow=4>0zone levels</target> .
Hauptgrund fir die <target dwds=None 6 6 0 1 1 0.083
len=30 syl=8 vow=8>Verschlechterung des
Zustandes</target> sei der heiBe und

trockene Sommer 2003 mit hohen Ozonwerten.

The main reason for the <target dwds=None len=30 syl=8 vow=8>deterioration in the situation</target>
is said to be the hot and dry summer of 2003 with high ozone levels .

Table 1: Examples from training data in the CWI 2018 dataset, represented using the preprocessing
schema (see Section 3.1.2) we have developed. The first column is the preprocessed input sentence,
third and fourth column is the total number of native/non-native annotators and fifth and sixth column
refer to the number of annotators, who annotated the target expression as complex. Bin. is the binary
complexity label, which is one if at least one annotator rated the target as complex and 0 in all other
cases. Prob. is the probabilistic complexity score, which is the percentage of the annotators marked the
word as complex. In our cases 2/12 = 0.167, 0/9 = 0.0, 10/12 = 0.833 and 1/12 = 0.083

established standard evaluation settings. Baseline
systems relied primarily on frequency- and length-
based features.

Among the shared task submissions, tree-based
ensemble methods proved competitive. For ex-
ample, Kajiwara and Komachi (2018) employed
random forest classifiers and regressors with fea-
tures including the number of characters, number
of words and the frequency in a corpus written by
native speakers and a corpus written by language
learner. In particular, they use Lang-8 (Mizumoto
et al., 2011), a learner corpus for eight languages
(including German). Similarly, Bingel and Bjerva
(2018) introduced CoastalCPH, combining an en-
semble of feed-forward neural networks and ran-
dom forests for the binary task, and random forest
regressors for probabilistic prediction. We report
these baselines and additional systems in Table 3.
Taken together, this line of work establishes strong
feature-based baselines for German CWI and high-
lights the usefulness of surface and frequency indi-
cators.

Subsequent work strengthened feature-based
baselines. Finnimore et al. (2019) compiled 25
features spanning target-level, subword-level, and
sentence-level properties and conducted system-

atic ablations to derive compact cross-lingual fea-
ture sets. Their results show that carefully en-
gineered features can rival or outperform many
shared task submissions.

More recently, the BEA 2024 Shared Task on the
Multilingual Lexical Simplification Pipeline (MLSP)
reframed complexity assessment as part of a two-
stage pipeline, combining lexical complexity predic-
tion (LCP) with lexical simplification (LS) on shared
targets and contexts across ten languages, includ-
ing German (Shardlow et al., 2024). In contrast
to earlier CWI setups, LCP targets a continuous
complexity score in [0, 1], aligning complexity pre-
diction more directly with downstream simplifica-
tion. While MLSP provides German instances, the
labeled data is not openly released (access is re-
stricted), which limits direct comparability with the
CWI 2018 evaluation setting.

Beyond feature-based classification, Gooding
and Kochmar (2019) reformulated CWI as a se-
quence labeling problem. Using a BiLSTM archi-
tecture with word- and character-level representa-
tions and an auxiliary language modeling objective,
they demonstrate that a unified neural model can
outperform task-specific systems on English data.
This motivates the question of whether modern



total complex | simple | mean

Train 6151 3589 2562 0.0783
(~78%) | (~ 58%)

Dev 795 334 461 0.0798
(~10%) | (~ 42%)

Test 959 376 583 0.0746
(~12%) | (~39%)

total | 7905 |

Table 2: The number and ratio of instances in the
German portion and the mean value for the prob-
abilistic label in the German CWIG3G2 dataset.
Dataset split is the same as for the shared task.

LLMs, as general-purpose models, can improve
performance in German CWI as well.

In parallel to these developments in feature en-
gineering and task formulation, recent work has
examined whether pretrained neural models can
reduce reliance on manual features and improve
generalization across domains. However, initial
findings suggest that pretrained-only performance
remains limited in this setting (Smadu et al., 2024).
For German in particular, the CWI 2018 dataset
remains the only publicly available resource at the
word level, although related corpora addressing
subjective sentence-level complexity exist (Naderi
etal., 2019; Seiffe et al., 2022) and the MLSP could
be used on demand. This resource landscape
motivates further investigation into how modern
pretrained models perform on German CWI.

3. Methodology

We used the only openly available German CWI
corpus (Section 3.1) on three German LLMs (Sec-
tion 3.2) with different experimental configurations.
The results are discussed in Section 4.

3.1. Data

We use the German portion of the CWIG3G2
dataset introduced by Yimam et al. (2017) and
used in the CWI 2018 shared task (Yimam et al.,
2018)." Each instance (total = 7905) provides a
target expression (which may be a single word or a
multiword expression) together with sentence con-
text and both binary and probabilistic complexity
annotations.

3.1.1. Labels

In the dataset used for this work, binary complex
word labels are defined existentially: a target is
annotated as complex if at least one annotator
marked it as difficult, and as simple otherwise. The

'www.inf.uni-hamburg.de/en/inst/ab/It/resources/data/
complex-word-identification-dataset CC-BY 4.0 License

probabilistic labels, in contrast, encode the propor-
tion of annotators who judged a target as complex.
As these two labels capture related but distinct no-
tions of lexical complexity, we optimize the model
with respect to the probabilistic labels and treat the
binary labels as a separate evaluation view rather
than as a thresholded variant of the probabilistic
score.

For binary evaluation, we follow the shared-task
definition and use the dataset-provided existential
labels, where a target is considered complex if at
least one annotator marked it as difficult. We ob-
tain binary predictions by thresholding the model’'s
predicted score p = o(z) at a decision threshold T,
selected exclusively on the development set (Sec-
tion 3.4). In the German CWI dataset, there is a
total of 23 annotators (12 native and 11 non-native
speakers) (Yimam et al., 2017). In the German
portion, each target is annotated by 12 annotators,
so existential complexity ("at least one annotator")
corresponds to p > 1/12 = 0.083. Accordingly, the
probabilistic labels are quantized in steps of 1/12,
and the smallest non-zero value is 0.083.

We use this label definition and thresholding pro-
cedure consistently throughout the paper.

3.1.2. Pre-processing scheme

For our model inputs, we pre-process the dataset
by marking the target span in the sentence using
<target> tags. Depending on the experimental
setup, we either provide (i) the target expression
without sentence context, (ii) the tagged sentence
containing the target, or (iii) the tagged sentence
with injected features following. Table 1 shows
examples of the resulting input format. Dataset
statistics and label distributions are reported in
Table 2. The examples in Table 1 also illustrate the
quantization of probabilistic labels (e.g., 0.083 =
1/12 and 0.833 = 10/12).

3.1.3. Feature Injection

Yimam et al. (2018) use three length features for
their models: the number of vowels, syllables and
characters and three frequency features: the fre-
quency in Simple Wikipedia, the frequency in the
paragraph, and the frequency in the Google Web
1T 5-Grams.

Similarly, we count vowels (vow), syllables (syl)
using the spaCy'’s syllables module? and charac-
ters (len). For frequency, we used the "Digitales
Woérterbuch der deutschen Sprache" (dwds, En-
glish: digital dictionary of the German language)®.
The DWDS assigns an integer value to a word, the

2https ://spacy.io/universe/project/spacy_
syllables
3https ://www.dwds.de/d/api
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higher the frequency the higher the value. Mul-
tiword expressions yield None, since they are not
supported by the DWDS API (see the 4th example
in Table 1).

Concretely, we use the following input templates:
(i) target-only: <target> T </target>; (ii) context:
the full sentence with <target> tags around the
marked span; (iii) context+features: the tagged
sentence, followed by a feature string inside the
opening tag, e.g., <target dwds=2 len=8 syl=2
VOow=2>.

3.2. Models

To select strong German-pretrained models for our
CWI experiments, we rely on external German
NLU benchmarks as a proxy for general classi-
fication capability. Popular benchmark suites such
as GLUE (Wang et al., 2018), SUPERGLUE (Wang
et al., 2019) and HELM (Liang et al., 2023) do not
provide German evaluation data. We therefore use
SuperGLEBer (Pfister and Hotho, 2024), a Ger-
man NLU benchmark suite with 29 tasks across
classification, sequence tagging, sentence similar-
ity, and question answering.*

SuperGLEBer does not include CWI; we use its
classification leaderboard solely to guide model
selection. We select the top three models by mean
classification performance and fine-tune them on
CWIG3G2:

1. LSX-UniWue/LLaMmlein2Vec_7B% (Wunderle
et al., 2025)
2. LSX-UniWue/ModernGBERT_1B® (Wunderle

et al., 2025)

3. LSX-UniWue/LLaMmlein_7B7
2025)

(Pfister et al.,

All experiments were conducted on a Tesla V100-
PCIE-16GB GPU. In the following paragraphs we
discuss the (hyper-) parameters used in our exper-
iments. We adopted Pfister and Hotho (2024)’s
experimental configuration as closely as possible
for our model setups to foster comparability.

Epochs Similar to Pfister and Hotho (2024) we
trained our models for 5 epochs. Additionally, we
measure the performance on the dev-subset (not
on test-subset to avoid bleeding) before training

4https://lsx—uniwue.github. io/
SuperGLEBer-site/leaderboard_v1, last
08.12.25

Shttps://huggingface.co/LSX-UniWue/
LLaMmlein2Vec_7B, last access 19.02.26

Shttps://huggingface.co/LSX-UniWue/
ModernGBERT_1B, last access 19.02.26

"https://huggingface.co/LSX-UniWue/LSX-UniWue/
LLaMmlein_7B, last access 19.02.26

access

to evaluate the models’ performance without fine-
tuning and to eventually investigate the effects of
the compared training paradigms.

Learning rate Similar to Pfister and Hotho (2024)
we trained our models with a learning rate of 5e—5.

Batch size We initially used the same batch size
(8) as Pfister and Hotho (2024) but observed that
larger per-device batch sizes led to numerical insta-
bility (non-finite parameters) during early training
steps. We therefore used smaller micro-batches
(= 1) with gradient accumulation (= 8) to improve
numerical stability while keeping the effective batch
size the same as Pfister and Hotho (2024).

PEFT We apply parameter-efficient fine-tuning
(PEFT) (Mangrulkar et al., 2022) using Low-Rank
Adaptation (LoRA) (Hu et al., 2022) and quantiza-
tion (QLoRA). The LoRA configuration is defined
by four parameters: the rank r, the scaling factor
lora_alpha, the task type, and the target modules.
We set r = 8 and lora_alpha = 32, following Pfis-
ter and Hotho (2024). The task type is sequence
classification (SEQ_CLS), as we model CWI as a
sequence classification task.

For ModernGBERT_1B, we apply LoRA adapters
to the target modules Wgkv, Wi, and Wo, following
the model card.® To ensure comparability across
architectures, we map these target modules to the
structurally corresponding layers in the LLaMA-
style models (LSX-UniWue/LLaMmlein2Vec_7B and
LSX-UniWue/LLaMmlein_7B). Concretely, the fused
query—key—value projection (Wgkv) and the atten-
tion output projection (Wo) correspond to the at-
tention projections q_proj, k_proj, v_proj, and
o_proj in LLaMA-style architectures, yielding a
comparable attention-focused LoRA setup across
all models. For both LLaMA-style models, we per-
form 4-bit quantization using BitsandBytes.

3.3. Problem Formulation

We model complex word identification as a proba-
bilistic binary classification task and train the model
using binary cross-entropy loss. Given an input in-
stance = (sentence and target expression), the
model produces a single logit z € R, which is trans-
formed into a probability via the sigmoid function.
The model parameters 6 are optimized by minimiz-
ing the binary cross-entropy between the predicted
probability p(complex | =) and the gold label y:

B 1
T l4e

p(complex | z) = o(fo(x)) = o(2)

The resulting value p € [0, 1] is interpreted as a con-
tinuous complexity score, corresponding to the es-

8https://huggingface.co/LSX-UniWue/
ModernGBERT_1B , last access 03.02.2026
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timated proportion of annotators who would judge
the target expression as complex.

We deliberately adopt this formulation instead of
discretizing lexical complexity into multiple ordinal
bins and recovering a continuous score via ex-
pected values over softmax outputs, as proposed
by Smadu et al. (2024). While ordinal binning pro-
vides a robust training signal for graded lexical
complexity, it introduces an additional discretiza-
tion step that is not required in our setting, where
the target variable is already defined as a proba-
bility. Using a sigmoid-based formulation allows
us to preserve the original label semantics, avoid
arbitrary bin boundaries, and maintain architectural
and procedural consistency with standard complex
word identification setups.

3.4. Threshold Sensitivity Analysis

Since our model predicts a continuous complexity
score p = o(z), a binary decision rule requires se-
lecting a threshold ~. While the annotation scheme
defines complexity in existential terms (i.e., at least
one annotator marked the word as difficult), the
exact numerical threshold depends on the normal-
ization of the probabilistic labels.

To assess the robustness of binary performance
with respect to this decision rule, we conduct a
threshold sensitivity analysis. On the development
set, we evaluate a small set of fixed thresholds
7 € {0.042,0.083,0.167}, corresponding to values
below, equal to, and above the assumed annotator-
normalized threshold. We report F'1,,,,., for each
setting while keeping the probabilistic training pro-
cedure unchanged.

Based solely on development performance, we
select a single global threshold and keep it fixed for
all test evaluations. This ensures that no decision
rule is optimized on the test set. Test results are re-
ported under the selected threshold and compared
to existing benchmarks.

Figure 1 reports development set performance
for different threshold values and training states.
The selected threshold is determined exclusively
based on development F'1,,4¢r0-

Selected threshold We evaluate binary CWI by
thresholding the predicted probabilistic score p =
o(z) at a fixed decision threshold 7. On the devel-
opment set, we compare 7 € {0.042,0.083,0.167}
and select a single global threshold by maximiz-
ing F'1,,4cr0- For the fine-tuned models (5 epochs),
the best development performance is obtained with
7 = 1/24 =~ 0.042, and we therefore fix 7 = 0.042
for all subsequent test evaluations.

Note that 7 = 0.042 lies below the smallest non-
zero gold probability step (1/12 ~ 0.083). We
nevertheless select 7 strictly by development-set
macro-F; and keep it fixed for all test evaluations.
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Figure 1: F'1,,4cr0 T measured on the dev-set with
different setups and thresholds r for three models.
Threshold 7 is selected on the development set by
maximizing Fl,,4cro T-

3.5. Evaluation

To ensure comparability, we adopt the same evalua-
tion methodology as Yimam et al. (2018): Mean Ab-
solute Error (MAE) for probabilistic CWI and macro-
Fy (Flaer0) for binary CWI. We train all models
on the probabilistic scores and report MAE against
these gold values. For binary evaluation, we fol-
low the shared-task definition using the dataset-
provided existential labels and derive binary predic-
tions by thresholding the predicted score p = o(z)
at the development-selected threshold = = 0.042
(Sections 3.1 and 3.4).

4. Results

Table 3 reports performance on probabilistic CWI
(MAE) and binary CWI (F1,,4¢0), Where binary
predictions are obtained by thresholding model



FlmacTO T MAE \L
Model (sorted by publication date) DEV TEST DEV TEST
Kajiwara and Komachi (2018): TMU (CWI2018 1st rank) - 0.7451 - 0.0610
Bingel and Bjerva (2018): CoastalCPH - 0.6619 - 0.0747
Yimam et al. (2018): baseline - 0.7546 - 0.0816
Finnimore et al. (2019): monolingual baseline-2-features 0.795 0.724 - -
Finnimore et al. (2019): monolingual full-25-feature set 0.746 0.748 - -
Finnimore et al. (2019): cross-lingual selected-5-features (EN+ES) 0.783 0.734 - -
Finnimore et al. (2019): cross-lingual feature selection (ES) 0.774 0.726 - -
Finnimore et al. (2019): cross-lingual feature selection (EN) 0.760 0.730 - -
Smadu et al. (2024): Llama-2-7b-ft - 0.705 - -
Smadu et al. (2024): Llama-2-13b-ft - 0.708 - -
Smadu et al. (2024): Vicuna-v1.5-7b-ft - 0.675 - -
Smadu et al. (2024): Vicuna-v1.5-13b-ft - 0.700 - -
Smadu et al. (2024): Llama-3-8b-ft - 0.708 - -
Smadu et al. (2024): ChatGPT-3.5-turbo-ft - 0.666 - -
epochs context features threshold

ModernGBERT_1B 0 none none 0.042 0.2958 - 0.6366 -
ModernGBERT_1B 0 sentence none 0.042 0.3341 - 0.5081 -
ModernGBERT_1B 0 sentence all 0.042 0.3947 - 0.2667 -
ModernGBERT_1B 5 none none 0.042 - 0.7626 - 0.0533
ModernGBERT_1B 5 sentence none 0.042 - 0.7921 - 0.0499
ModernGBERT_1B 5 sentence all 0.042 - 0.7829 - 0.0505
LLaMmlein2Vec_7B 0 none none 0.042 0.2976 - 0.4464 -
LLaMmlein2Vec_7B 0 sentence none 0.042 0.2958 - 0.8632 -
LLaMmlein2Vec_7B 0 sentence all 0.042 0.2958 - 0.7799 -
LLaMmlein2Vec_7B 5 none none 0.042 - 0.7633 - 0.0528
LLaMmlein2Vec_7B 5 sentence none 0.042 - 0.7934 - 0.0485
LLaMmlein2Vec_7B 5 sentence all 0.042 - 0.7921 - 0.0492
LLaMmlein_7B 0 none none 0.042 0.3383 - 0.3332 -
LLaMmlein_7B 0 sentence none 0.042 0.2958 - 0.6449 -
LLaMmlein_7B 0 sentence all 0.042 0.2958 - 0.6952 -
LLaMmlein_7B 5 none none 0.042 - 0.7808 - 0.0523
LLaMmlein_7B 5 sentence none 0.042 - 0.7931 - 0.0490
LLaMmlein_7B 5 sentence all 0.042 - 0.7927 - 0.0488

Table 3: Binary (F'1) and probabilistic classification (M AFE) results. Our results are rounded to the fourth
digit after the floating point. Prior best results before are underlined and current best results are in bold.
All reported binary scores use the selected threshold = = 0.042 (Section 3.4).

outputs at 7 = 0.042 selected on the development
set (Section 3.4). We first compare our models
to previously reported baselines and then analyze
the impact of context and feature injection.

4.1. Comparison to Prior Work

Among previously reported systems, the original
shared-task baseline Yimam et al. (2018) achieves
the strongest binary performance on the test set
(F'lnacro = 0.7546), while TMU (Kajiwara and Ko-
machi, 2018) reports the best probabilistic perfor-
mance (M AE = 0.0610). Later LLM-based ap-
proaches evaluated by Smadu et al. (2024) reach
test F'1,,4cr0 SCOres between 0.666 and 0.708, re-
maining below the strongest feature-based base-
lines for German.

Across all three model families evaluated in this
work, fine-tuned configurations substantially out-

perform both prior LLM-based systems and earlier
feature-based baselines. The best binary perfor-
mance on the test set is achieved by the contextu-
alized LLaMmlein2Vec_7B model with F'1,,4cr0 =
0.7934, followed closely by LLaMmlein_7B with
F1,40r0 = 0.7931. For probabilistic CWI, the low-
est MAE is 0.0485 (LLaMmlein2Vec_7B, contextu-
alized), improving considerably over the previously
best reported MAE of 0.0610. To the best of our
knowledge, these results constitute the strongest
reported performance on the German CWIG3G2
benchmark under directly comparable evaluation
settings.

4.2. Pretrained-only vs. Fine-Tuning

We use pretrained-only to denote evaluation of the
pretrained sequence-classification models without
any task-specific fine-tuning (0 training epochs);



this is not a prompting-based setup. We report
these pretrained-only results on the development
set to characterize the starting point before fine-
tuning but do not report on the test set to avoid
bias the experimental decision process based on
test results. For instance, LLaMmlein_7B achieves
Fl,0er0 = 0.3383 (no context) and 0.2958 (with
context) on the development set, with correspond-
ing MAE values between 0.3332 and 0.6952 de-
pending on the configuration. Similar patterns are
observed for LLaMmlein2Vec_7B and ModernG-
BERT_1B. Fine-tuning dramatically reduces MAE
and improves macro-F; across all model families,
moving from weak pretrained-only development
performance to strong test performance after five
epochs.

4.3. Effect of Sentence-Level Context
(RQ1)

To address RQ1, we compare target-only con-
figurations with contextualized setups. For both
LLaMA-style models, incorporating sentence con-
text consistently improves performance.

For LLaMmlein2Vec_7B, adding context increases
test F'l,,4¢r0 from 0.7633 (no context) to 0.7934
(sentence context), while reducing MAE from
0.0528 to 0.0485. A similar trend holds for
LLaMmlein_7B, where contextualization improves
F1,400r0 from 0.7808 to 0.7931 and reduces MAE
from 0.0523 to 0.0490.

ModernGBERT_1B shows the same qualitative be-
havior: contextualization increases test Fl,,acro
from 0.7626 to 0.7921 and reduces MAE from
0.0533 to 0.0499.

Overall, sentence-level context yields consistent
gains across architectures and evaluation metrics,
supporting RQ1: contextual information positively
affects German CWI performance in fine-tuned
LLMs.

4.4. Effect of Feature Injection (RQ2)

To address RQ2, we compare contextualized se-
tups with and without injected statistical features.
The results do not indicate consistent improve-
ments from feature injection.

For LLaMmlein2Vec_7B, adding features slightly
decreases binary performance (0.7934 — 0.7921)
and slightly increases MAE (0.0485 — 0.0492). For
LLaMmlein_7B, feature injection leads to a small
reduction in F'1,,4cr0 (0.7931 — 0.7926) with only
marginal changes in MAE (0.0490 — 0.0488).

For ModernGBERT_1B, the differences between
contextualized configurations with and without fea-
tures are small and do not reveal a systematic
pattern. Depending on the threshold and metric,
feature injection may result in slight improvements

or slight degradations, but effect sizes remain mi-
nor.

On the test set, feature injection does not yield
consistent gains over the contextualized setup with-
out features; differences are small and sometimes
negative. On the development set, feature injec-
tion can improve macro-F; in some configurations,
suggesting that its benefit may be unstable and
sensitive to split/model interactions.

4.5. Threshold Sensitivity (RQ3)

RQ3 investigates how sensitive binary CWI perfor-
mance is to the choice of decision threshold when
models are trained on probabilistic labels. Since
our models output continuous scores p € [0,1],
binary predictions require selecting a threshold .

For the fine-tuned models (5 epochs), develop-
ment performance is highest at 7 = 0.042 across
all model families and setups, and it decreases
for larger thresholds (r = 0.083, 7 = 0.167). For
example, for LLaMmlein2Vec_7B (5 epochs, contex-
tualized), dev F'1,,..r, decreases from 0.8170 at
7 = 0.042 to 0.7862 at 7 = 0.083 and 0.6187 at
7 =0.167. In contrast, pretrained-only (0 epochs)
results do not follow a consistent monotonic pat-
tern with respect to 7, which is expected because
the unfitted classifier head yields poorly calibrated
scores.

Importantly, although the gold probabilistic la-
bels are quantized in steps of approximately 1/12,
the decision threshold still meaningfully affects pre-
dictions derived from model outputs. Selecting 7
based on development performance therefore re-
mains necessary. In our experiments, 7 = 0.042
consistently yields the highest development perfor-
mance and is fixed for all reported test results.

Overall, binary performance is sensitive to the
threshold choice, but the ranking between model
architectures and experimental setups remains sta-
ble across the tested values. This indicates that
while absolute F'1,,,.0 Scores vary with 7, the
qualitative conclusions of this study are robust to
reasonable threshold variations.

5. Conclusion

In this work, we evaluated state-of-the-art German-
pretrained LLMs on complex word identification
and compared them to established feature-based
baselines and previously reported LLM systems.
Across all three model families, fine-tuned config-
urations substantially outperform pretrained-only
setups and set new benchmarks for both binary
(F'11naero) @and probabilistic (MAE) German CWI.
Our experiments show that sentence-level con-
text consistently improves performance, confirm-
ing that lexical complexity is not purely a property



of isolated target expressions but benefits from
contextual modeling. In contrast, injecting explicit
length- and frequency-based features does not
yield consistent gains once models are fine-tuned,
suggesting that such information may already be
implicitly encoded in pretrained representations.

These findings indicate that German CWI can be
effectively addressed using compact, parameter-
efficient fine-tuning of modern LLMs. At the
same time, the large performance gap between
pretrained-only and fine-tuned settings highlights
that lexical complexity prediction remains a task
requiring targeted supervision. Finally, we em-
phasize that complexity judgments are inherently
audience-dependent (Gooding et al., 2021), and
future work should further investigate personalized
and domain-specific modeling approaches for Ger-
man CWI.

6. Outlook

Beyond complex word identification as a stan-
dalone task, our models can be interpreted as a
proxy for lexical complexity, thereby serving both
as a modeling signal and as an evaluation bridge
for LCP. In this sense, CWI approximates a deci-
sion boundary in the underlying complexity space,
complementing continuous LCP approaches that
aim to model graded difficulty.

A further use case is supporting the evaluation
of lexical complexity models. In particular, token- or
span-level complexity estimates can be aggregated
to text-level signals when combined with comple-
mentary indicators (e.g., sentence-level properties
Schomacker et al., 2024). Such composite assess-
ments may provide a more informative view of text
complexity than relying solely on classical read-
ability formulas (Tanprasert and Kauchak, 2021).
Initial findings (e.g., Deilen et al., 2023; Anschltz
et al., 2023; Schomacker et al., 2026) showcase
LLMs used end-to-end without necessarily relying
on CWI as "classic" pipelines did. Having CWI-
specific models still offers benefits in terms inter-
pretability and modularity.

Although newer models will likely be released
in the future, our results suggest that the quali-
tative trends observed in this study may extend
beyond the specific models evaluated here. In par-
ticular, incorporating sentence-level context was
associated with improved performance in our ex-
periments, whereas explicit feature injection did
not consistently lead to additional gains under the
configurations we tested.

Finally, the BERT-based model
(ModernGBERT_1B) may represent a practical
option for deployment scenarios. Despite having
substantially fewer parameters than the 7B LLaMA-
style models, it achieves comparable performance

in our experiments. This indicates that smaller
models can, under certain conditions, provide
a reasonable balance between computational
efficiency and predictive quality.

7. Limitations

First, our models are trained to predict probabilistic
complexity scores and we derive binary predic-
tions by thresholding the predicted score at a fixed
decision threshold (r = 0.042), selected on the
development set. While this avoids tuning on the
test set, binary F'1,,,.-, values are nevertheless
dependent on the chosen decision rule and should
be interpreted together with the threshold sensitiv-
ity results (RQ3). In addition, the probabilistic gold
labels in CWIG3G2 are quantized in steps of ap-
proximately 1/12 (smallest non-zero value 0.083),
which constrains how finely label semantics can be
reflected in binary decision boundaries.

Second, the dataset is relatively small (7905 in-
stances across train/dev/test in our split) and re-
stricted to the CWIG3G2 domain (news) and anno-
tation population. It nevertheless remains the only
publicly available German word-level CWI dataset.
We therefore prioritize controlled comparison over
large-scale pretraining variation. As a result, the
reported improvements may not fully generalize to
other German genres, domains (e.g., administra-
tive texts, health communication), or reader groups
with different proficiency profiles.

Third, our feature injection approach is inten-
tionally simple and may not fully exploit structured
scalar features. Therefore, our findings should not
be interpreted as evidence that lexical features are
generally unhelpful, but rather that this particular in-
tegration strategy does not provide additional bene-
fit over contextualized transformer representations.
Our approach may underutilize the features and
is sensitive to tokenization and formatting choices.
More structured integration methods, e.g., ded-
icated feature embeddings, could yield different
outcomes and remain for future work.

Finally, we evaluate only three pretrained model
families and a single compute setting (one GPU
type) with a fixed hyperparameter configuration. Al-
though we align our setup with prior work for com-
parability, alternative choices (e.g., different LoRA
target modules, ranks, quantization settings, or
longer training) might affect absolute performance
and potentially interact with the impact of context
and feature injection. In all experiments a single
random seed was used, following prior benchmark
setups. While this facilitates comparability, we ac-
knowledge that reporting variance across multiple
seeds would further strengthen robustness claims.



Ethics statement

This work explores large language models for com-
plex word identification (CWI) in German, with the
goal of supporting accessibility and text simplifi-
cation. While the task itself poses low direct risk,
several ethical considerations apply.

Pretrained language models may encode soci-
etal biases present in their training data, which
could affect how lexical complexity is assessed. In
addition, the notion of “complexity” is inherently
subjective and depends on reader characteris-
tics such as language proficiency and background
knowledge. Our models are trained on annotated
data that reflect specific annotator perspectives
and may not generalize to all user groups.

CWI systems should therefore be used as sup-
portive tools rather than replacements for human
judgment, particularly in sensitive contexts. Careful
evaluation is required before deployment to ensure
fair and appropriate use.

Lay Summary

Some words are harder to understand than others.
This can make texts difficult to read, especially for
people with lower reading skills or those learning a
language. Our research looks at how artificial in-
telligence (Al) can automatically find these difficult
words. This task is called complex word identifica-
tion (CWI).

We focus on German and test modern Al lan-
guage models to see how well they can recognize
difficult words. These models are already trained
on large amounts of text, but we also adapt them
further using a small amount of task-specific data.
This process is called fine-tuning.

Our results show that these fine-tuned models
can identify difficult words very accurately. They
perform better than earlier methods that rely heav-
ily on manually designed features, such as word
length or how often a word appears in texts.

We also find that context matters: a word may
be easy or difficult depending on the sentence it
appears in. Models that consider the full sentence
perform better than those that look at words in
isolation.

Overall, our work shows that modern Al mod-
els can be an effective tool for detecting difficult
words in German sentences. This could support
applications such as simplifying texts, improving
accessibility, or helping people better understand
written information.
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