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Introduction

This year, the 11th SwissText 2026 was hosted at the University of Zurich (UZH) on 10th June in Zurich,
Oerlikon, and co-organized by SwissNLP, with over 100 participants attending keynotes, talks, and the
poster session.

Our call for papers asked for contributions in four major tracks: Scientific Track (archival), Corpus Track
(archival), Applied Track (non-archival), and Demonstration Track (non-archival). We received a total
of 42 submissions, and selected 12 for oral presentations, and 25 as posters.

The SwissText 2026 proceedings contain:

• 20 papers for the Scientific Track, with technical research papers from the international scienti-
fic community, including corpus- and benchmark-related research papers with a focus on Swiss
languages from the scientific community and industry,

• 2 papers for the Corpus Track, with Swiss-related NLP datasets.

We would like to thank our keynote speakers Alexandra Birch and Valentina Pyatkin. Their perspectives
and contributions were much appreciated.

We are grateful to our sponsors and partners, who supported us. In addition, we would like to express
our sincere gratitude to everyone who has contributed to this conference. Thanks to conference fellow
members of the organizing committee, and the program committee for their excellent work.

Yours sincerely,

Rico Sennrich, Gerold Schneider, Yingqiang Gao, Tilia Ellendorff
and Jannis Vamvas, University of Zurich

Mark Cieliebak, Zurich University of Applied Sciences
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Keynote Talk
From Metrics to Models: Reproducible Research in

Multilingual NLP
Alexandra Birch

School of Informatics, University of Edinburgh / Aveni.ai

Abstract: Reproducibility in multilingual NLP depends not only on open models, but also on evalua-
tion methods that produce reliable scientific conclusions. In this talk, I connect insights from Extrinsic
Evaluation of MT Metrics, which reframed metric assessment around downstream utility and robust-
ness, with EuroLLM, an effort to make large-scale multilingual model development more transparent
and accessible. Together, these works highlight two complementary pillars of reproducible research:
building systems that others can replicate and measuring them in ways that others can trust and verify. I
will discuss how this perspective has shaped the field’s move toward open multilingual models, stronger
evaluation practices, and more reproducible progress in AI.
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Keynote Talk
Lessons from Building, Training and Evaluating Open

Language Models
Valentina Pyatkin

Allen Institute for AI / ETH AI Center

Abstract: This talk will outline the current landscape of fully open, open-weight, and closed language
models, examining what distinguishes fully open models like Apertus from open-weights releases, and
discussing the research and engineering considerations that shape open LLM development. Using OLMo
and Apertus as case studies, I will walk through the full stack of decisions involved in training modern
LLMs: from team dynamics and data curation to compute requirements and post-training methodology.
The talk concludes with a discussion of the current capabilities and limitations of open models, with a
particular focus on instruction-following capabilities as measured by IFBench.
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Reinforcement Learning for Latent-Space Thinking in LLMs

Enes Özeren1, Matthias Assenmacher1,2

1LMU Munich, Department of Statistics, Germany
2Munich Center for Machine Learning (MCML), Germany

Correspondence: enozeren@gmail.com matthias@stat.uni-muenchen.de

Abstract
Chain-of-Thought (CoT) reasoning typically
utilizes the discrete language space for think-
ing, which is inherently inefficient, as many
generated tokens only enforce linguistic rules
that are not required for reasoning. To bypass
this, latent-space thinking allows models to
think using the continuous embedding space.
While existing methods for training those mod-
els show domain-specific gains, they fail to
maintain performance in complex tasks, such
as mathematical reasoning. We experimen-
tally demonstrate that the Coconut approach, a
form of supervised fine-tuning for latent-space
thinking, is highly sensitive to design choices
and exhibits several inherent limitations. To
address these issues, we investigate reinforce-
ment learning (RL) techniques — an under-
explored direction in latent-space thinking —
including GRPO and design a novel Latent
RL method for directly optimizing the latent
thinking steps. Our experimental results reveal
that these RL-trained models still lag behind
traditional language-space CoT models in the
mathematical reasoning domain. We make our
codebase publicly available. 1.

1 Introduction

Language model (LM) training is typically divided
into two phases: pre-training, where models ac-
quire general language understanding and world
knowledge, and post-training, which adapts them
for downstream use cases such as dialogue, code
completion, or translation (Grattafiori et al., 2024).
Among the most widely used post-training methods
is reinforcement learning (RL), which aligns LM
behavior with human preferences (Ouyang et al.,
2022; Touvron et al., 2023b). RL has also been ap-
plied to strengthen reasoning abilities in domains
such as mathematics and programming (Shao et al.,
2024). While effective, such methods incur sub-
stantial computational costs, as models trained in

1github.com/enesozeren/latent-space-thinking-model

Figure 1: Illustration of latent-space thinking. Start-
ing from the input (x1, x2), the <|start-latent|> is
inserted, then the model switches to the latent mode
and performs two latent steps (C = 2). Once the
<|end-latent|> token is reached, the model switches
back to language mode to answer in language-space
(x7, x8).

this way tend to produce longer responses during
inference (Guo et al., 2025; Zheng et al., 2025).

An alternative direction improves efficiency by
shifting reasoning from the language space (dis-
crete tokens) to the latent space (i.e., the contin-
uous hidden states, see Fig. 1, Hao et al., 2025;
Zhu et al., 2025b), inspired by neuroscience find-
ings that language primarily serves communication
rather than thought (Fedorenko et al., 2024). A no-
table example is the Coconut (Chain of Continuous
Thought) method (Hao et al., 2025), which directly
reuses final-layer embeddings as subsequent in-
put, rather than decoding them into tokens. This
allows the model to operate in its continuous la-
tent space, avoiding the bottleneck imposed by dis-
crete language tokens. However, training such mod-
els is non-trivial, as no ground-truth latent-space
thinking2 data exists. To address this, Coconut

2With "Latent-Space Thinking" we refer to the same con-
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follows the strategy of Deng et al. (2024), employ-
ing a supervised fine-tuning (SFT) approach where
language-space reasoning steps are gradually re-
placed by latent-space thinking steps (referred to
as Coconut SFT procedure). A crucial aspect of
this procedure is that latent thinking steps do not
receive direct supervision signals; instead, they are
guided only through indirect signals during train-
ing. As a result, even though Hao et al. (2025)
reported improvements in the logical reasoning do-
main, the performance drops in the mathematics
domain when compared with the language-space
thinking models.

In this work, we explore RL-based methods as a
way to improve latent-space thinking models. Ini-
tial experiments applying group relative policy op-
timization (GRPO, Shao et al., 2024) show no mea-
surable performance gains. As an alternative, we
explore a novel RL method tailored to latent-space
thinking to try to overcome the indirect learning
signal limitation of the Coconut SFT method. How-
ever, this approach results in unstable training and
fails to deliver performance improvements. Finally,
we conduct an in-depth analysis of the Coconut
SFT procedure, including ablation studies, which
demonstrate that the procedure is sensitive to sev-
eral factors, with performance being highly fragile.
This analysis also evaluates several modifications,
with the results indicating some promising adapta-
tions as well as methodological weaknesses to be
improved in future work.

The main contributions of this work are summa-
rized as follows:

1. An empirical study of training latent-space
thinking models with GRPO.

2. The introduction of a novel RL method tai-
lored to latent-space thinking models.

3. An empirical in-depth analysis of the Coconut
SFT procedure.

2 Related Work

Latent-Space Thinking In their recent survey
paper, Zhu et al. (2025b) highlight the growing
body of work on latent-space thinking. One of the
earliest studies by Goyal et al. (2023) demonstrated
that inserting dummy <pause> tokens before gen-
erating a response improves LM performance on

cept coined as "Latent Reasoning" by (Hao et al., 2025). In
our opinion, this is more adequate, as only a few latent steps
are probably not yet real reasoning.

some tasks. This finding suggests that using more
compute, even without producing language tokens,
is beneficial for enabling the model to create richer
(internal) representations before generating the an-
swer. Similarly, Pfau et al. (2024) showed that
even adding meaningless tokens like ‘.’ (dot)
can achieve performance comparable to Chain-of-
Thought (CoT) reasoning in certain problems.

Instead of focusing on latent thinking, Deng et al.
(2024) aimed to internalize the CoT process within
LMs. They proposed an SFT procedure that gradu-
ally removes explicit CoT steps from the training
data, allowing the model to internalize the CoT
process. Their results showed that this approach
outperforms models trained without CoT, but still
falls short of the performance achieved by mod-
els trained with CoT steps. Building on this idea,
Hao et al. (2025) introduced the Coconut method,
which incorporates latent thinking steps while also
gradually removing the CoT steps during SFT. The
goal is to enable the model to reason in an un-
restricted latent space, rather than in the discrete
language space. They define latent reasoning as
feeding the last hidden layer’s last embedding back
to the model as input, rather than decoding it into
a token and feeding the corresponding token em-
bedding in the next autoregressive iteration, as typ-
ically done in standard text generation. Their ex-
periments show that this approach provides slight
improvements on certain logical reasoning bench-
marks but performs worse than explicit CoT in
language space on the mathematical benchmark
GSM8K (Cobbe et al., 2021). Zhu et al. (2025a)
build on Coconut by developing a theoretical frame-
work to explain why latent-space thinking can en-
hance LM performance on certain tasks, with a
particular focus on the graph reachability problem.

Reinforcement Learning One of the first appli-
cations of RL for LM post-training was proximal
policy optimization (PPO, Schulman et al., 2017),
which laid the groundwork for reinforcement learn-
ing from human feedback (RLHF, Ziegler et al.,
2019; Ouyang et al., 2022) for LMs. It aligns
models with human preferences by increasing the
likelihood of responses favored by annotators. Be-
cause collecting human feedback for every output
is costly, a reward model is trained on limited anno-
tations to assign a scalar reward to each complete
response (Ouyang et al., 2022). However, this sin-
gle score gives sparse feedback for long outputs.
To refine this, a value model (Mnih et al., 2016)
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predicts token-level contributions to the reward, of-
fering more fine-grained feedback and improving
training efficiency.

Recently, exploration of RL methods to enhance
the reasoning capabilities of LMs has gained mo-
mentum (Shao et al., 2024; Lambert et al., 2024;
Guo et al., 2025; Zheng et al., 2025). One of the
first effective open-source approaches, Shao et al.
(2024), introduced the GRPO method, which uses
rule-based rewards tailored to mathematics and cod-
ing tasks—based on answer correctness or unit-test
success. They reported consistent improvements
during training and found that GRPO encourages
progressively longer reasoning chains. Despite ex-
tensive exploration of SFT strategies in latent-space
thinking models, the application of RL in this con-
text remains largely unexplored.

3 Methodology

3.1 Latent Space Thinking
A LM πθ with parameters θ processes text by to-
kenizing it into t tokens, each represented as a
one-hot vector over the vocabulary V , forming
Xt ∈ Rt×|V |. Tokens are embedded via the em-
bedding matrix We ∈ R|V |×D:

Et = XtWe (1)

The embeddings are contextualized by the model
layers:

Ht = Layers(Et), Ht ∈ Rt×D (2)

To predict the next token, the final hidden state
ht is projected into the vocabulary space using the
language head Wlh ∈ R|V |×D:

yt = Wlhht, pt = softmax(yt) (3)

A decoding strategy selects the next token, and
the process repeats auto-regressively until the end-
of-sequence token is generated.

Latent-space thinking, as proposed by Hao
et al. (2025), modifies the first and final step
of the autoregressive generation process as illus-
trated in Figure 1. As a starting point, three
new tokens, <|start-latent|>, <|latent|>,
<|end-latent|>, are added to the vocabulary and
their embeddings are initialized randomly in the
embedding matrix We. The <|latent|> acts
purely as a placeholder for latent steps, and its
embedding is never used by the model. When an
input text Xt is provided, the <|start-latent|>

token is directly appended as the (t+ 1)-th token,
forming Xt+1.

Instead of proceeding with token generation us-
ing the language head matrix Wlh and a decoding
strategy, the latent-space thinking model performs
a latent step by taking the last contextualized token
embedding ht+1 and appending it directly to the
embedded sequence Et+1. This is done via row-
wise concatenation operation, denoted as concat:

Et+2 = concat(Et+1,ht+1) (4)

This process, referred to as latent-space think-
ing, is repeated until a predefined number C of
latent steps have been performed. After that, the
<|end-latent|> token is appended. Following
this, the latent-space thinking model reverts to the
standard token generation in language space. To im-
plement this mechanism, we used the Huggingface
transformers library (Wolf et al., 2019) with tar-
geted modifications to the generate and forward
methods.

3.2 Existing Training Methods
Supervised Fine-Tuning For the language-space
thinking model, we apply standard SFT without
any modifications. Given a question-response pair
(Xqi , Xri), we do one forward pass and calculate
the cross-entropy loss on each response token:

LSFT = −
N∑

i=1

log (πθ(X
ri | Xqi)) (5)

For the latent-space thinking model, we follow
the Coconut SFT procedure (Hao et al., 2025).
Given (Xqi , Xri), the model first processes all to-
kens in the question Xqi , then generates latent steps
auto-regressively as described in Section 3.1. Af-
ter the latent steps are generated, the embeddings
of the question tokens Eqi , the latent steps Eli ,
and the response tokens Eri are concatenated and
passed through the model in a single forward pass.
During training, a cross-entropy loss is computed
over the response tokens only; question tokens and
latent steps are masked and excluded from the loss.
Thus, the objective minimized during the Coconut
SFT procedure is:

LSFT = −
N∑

i=1

log
(
πθ(X

ri | Xqi , Eli)
)

(6)

This method optimizes the latent steps indirectly
through the language space tokens in the response
part.
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(Modified) GRPO Applying RL to latent-space
thinking models represents an unexplored research
direction. We therefore experiment with the GRPO
algorithm to investigate its impact. The language-
space thinking model is trained with the GRPO im-
plementation from the Hugging Face TRL package
(von Werra et al., 2020). In contrast, training the
latent-space thinking model with GRPO requires
a modified version of this module. We modify the
TRL package to exclude latent-step embeddings
from the GRPO loss calculations since the GRPO
loss requires token probabilities.

Similar to the Coconut SFT procedure, this mod-
ified GRPO setup optimizes the latent steps indi-
rectly through the probabilities of tokens in the
language space, and thus only through the final
answer portion. In GRPO training, two types of
rewards are used: an accuracy and a format reward
(see Appendix A).

3.3 Proposing Latent RL
Neither Coconut SFT nor GRPO provides explicit
supervision for training latent steps, as it is not
straightforward to determine what constitutes a
“good” latent step, since these steps are represented
by continuous vectors and no ground-truth latent
vectors are available.

To address this challenge, we propose an alter-
native RL approach, referred to as Latent RL. In
the Latent RL training setup, a value model ρθ+ϕ

is employed to directly optimize the latent steps.
The value model ρθ+ϕ shares some of its parame-
ters θ with the underlying policy model πθ and is
extended with additional value head parameters ϕ
on top.

Accuracy
reward

function
0.71 0.36

estimated accuracy rewards

1.0
accuracy reward

Figure 2: Illustration of Latent RL training. The value
model head estimates the accuracy reward for each la-
tent step.

The Latent RL training procedure is illustrated
in Figure 2. In the first phase, we train ρθ+ϕ by

freezing parameters θ. In the second phase, we
train the policy model by utilizing the value model.
To achieve this, we generate responses with latent
steps for given questions and then maximize the
value model predictions:

argmin
θ

LLAT , LLAT = −ρθ+ϕ(h) (7)

Further details of the Latent RL procedure can
be found in Appendix B.

3.4 Performance Measures
We primarily evaluate LMs for their mathematical
capabilities and efficiency. Hence, the following
two evaluation metrics are employed.

pass@k This metric estimates the expected prob-
ability that a model generates a correct answer to
a question within its first k attempts (Chen et al.,
2021; Guo et al., 2025; Dang and Ngo, 2025). It is
defined as

pass@k = Eproblems

[
1 −

(
n−c
k

)
(
n
k

)
]
, (8)

where n denotes the number of generated an-
swers for a given question and c denotes the num-
ber of correct answers among them. We set n = 4
and report both pass@1 and pass@4.

# Tokens The average number of tokens gener-
ated by the LM to produce an answer is a measure
of output length and efficiency.

4 Experimental Setup

4.1 Models
The base LM used in this study is Qwen2.5 1.5B
Base (Yang et al., 2024). This choice strikes a bal-
ance between computational feasibility and model
capability in this study. For brevity, the model is
referred to simply as Qwen Base. All methods and
implementations proposed here are model-agnostic
and can be applied to other decoder-only trans-
former LMs.

To analyze the effects of different training
methodologies, we train and compare the models
as outlined in Table 1.

4.2 Datasets
Since we employ two SFT and RL training method-
ologies, each with distinct requirements for the
training data, we utilize different datasets for each
of them (see Table 2).
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Model Name Training

Qwen Base Base model

Qwen SFT Qwen Base + SFT

Qwen SFT & GRPO Qwen SFT + GRPO

LaST SFT Qwen Base + Coconut SFT

LaST SFT & GRPO LaST SFT + GRPO

LaST SFT & Latent RL LaST SFT + Latent RL

Table 1: Models compared in this study. LaST is short
for Latent-Space Thinking Model.

Dataset Purpose Usage Vol.

GSM8K-Aug-NL Training (SFT) 300K
OpenR1-Math-220k Training (RL) 10K
GSM8K Testing 1.3K
MATH500 Testing 500

Table 2: The volumes of the datasets used in this study.
K denotes thousands. For the training part, full datasets
are not utilized for efficiency purposes. The Usage Vol.
column reports the amount we used in our experiments.

For SFT, the primary requirement is that the
dataset must contain question-response pairs. The
Coconut SFT procedure, however, has the addi-
tional requirement that the responses Xri must be
structured as a list of sequential steps. This means
that, e.g., the response should contain a sequence
of sentences or mathematical formulations, each
corresponding to an individual, separate reasoning
step. To satisfy these requirements, the GSM8K-
Aug-NL dataset (Deng et al., 2023) is selected for
SFT.

For pure RL training methods, a dataset contain-
ing question-answer pairs (Xqi , Xai) is sufficient;
the full response3 is not necessary. We use OpenR1-
Math-220k (Hugging Face, 2025).

4.3 Training Details
The models in Table 1 are trained using the datasets
in Table 2. The details of the training are given in
this section. All the training hyperparameters are
provided in Appendix C.

Qwen SFT. This model is obtained by SFT train-
ing of the Qwen Base model on 300K question-
response pairs from GSM8K-Aug-NL.

Qwen SFT & GRPO. This model is trained
with the GRPO algorithm using rule-based rewards,
starting from the Qwen SFT model. The training

3We strictly differentiate answers (just the final result) from
responses (including the whole reasoning trace) to emphasize
the different requirements.

is performed on 10K samples from OpenR1-Math-
220k.

LaST SFT. This model is trained using the Co-
conut SFT procedure proposed by Hao et al. (2025),
starting from the Qwen SFT model and using the
same 300K question-response pairs from GSM8K-
Aug-NL as in the Qwen SFT training process. This
procedure follows a multi-stage approach: in each
stage, one language step (typically one sentence)
from the ground-truth response is removed and re-
placed with two latent steps. In the final stage, all
language steps are removed, and the model relies
solely on latent steps to predict the final answer.
Consistent with Hao et al. (2025), a three-stage ap-
proach was adopted, allowing the model to use up
to six latent steps.

A key difference to Hao et al. (2025) lies in the
choice of training data: instead of the GSM8K-Aug
dataset, which contains only mathematical calcula-
tion steps, the GSM8K-Aug-NL dataset was used,
where the steps consist of both language tokens and
mathematical calculations. This choice was made
to align with the main motivation for introducing
latent steps - namely, to enable the model to inter-
nalize not only mathematical calculations but also
language.

LaST SFT & GRPO. This model is trained
on the same 10K question-answer pairs from the
OpenR1-Math-220k dataset as used for the Qwen
SFT & GRPO model, but starting from the LaST
SFT model.

LaST SFT & Latent RL. The Latent RL method
consists of two stages. First, the value model
is trained to estimate accuracy rewards for latent
steps. For this purpose, 20K question-answer pairs
from the OpenR1-Math-220k are selected, and re-
sponses are generated with the LaST SFT model.
Accuracy rewards for the generated responses are
computed using the reward function, and the value
model is trained to predict these rewards from the
latent steps. The value head itself consists of a
linear layer that maps each latent step embedding
to a scalar score representing the estimated reward.
In the second stage, training is performed using
10K question-answer pairs from the OpenR1-Math-
220k dataset, distinct from those used for value
model training. These pairs are the same pairs as
used in the LaST SFT & GRPO model training to
be consistent.
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Model Shot GSM8K MATH500
pass@1 pass@4 # Tokens pass@1 pass@4 # Tokens

Qwen Base Zero 24.8 49.7 156 12.1 27.4 310
Qwen Base One 57.0 73.4 575 25.4 40.2 589

Qwen SFT Zero 62.6 76.0 105 22.0 32.0 290
Qwen SFT & GRPO Zero 72.6 82.5 216 38.7 50.0 366

LaST SFT Zero 22.6 29.9 19 8.5 12.4 19
LaST SFT & GRPO Zero 21.8 24.1 19 9.2 14.0 18

LaST SFT & Latent RL Zero 22.7 30.1 19 8.4 13.2 19

Table 3: Evaluation results on GSM8K and MATH500 benchmarks.

5 Results

This chapter summarizes the main conclusions
drawn from the experiments (cf. Table 3) and
an ablation study for Coconut SFT.

5.1 Main Results

Evaluating Qwen Base is challenging. In the
zero-shot setting, the Qwen Base model often fails
to follow the instructed answer format, making it
difficult to evaluate performance based on boxed
answers in the answer block (see Appendix D for
more details). To address this, the model was also
tested in a one-shot setting with a single exam-
ple showing the expected format. However, prior
work shows that few-shot prompting, including
one-shot, can boost performance beyond format
compliance (Brown et al., 2020; Wei et al., 2022),
so the model’s true zero-shot ability likely lies
between its zero- and one-shot results presented
here. Notably, in one-shot evaluation, the model
sometimes hallucinated additional questions and
answers, resulting in notably longer responses.

SFT on GSM8K-Aug-NL improves the perfor-
mance on GSM8K. The Qwen SFT model out-
performs the Qwen Base model under both zero-
shot and one-shot prompting on the GSM8K bench-
mark. This improvement can be attributed to
the use of the GSM8K-Aug-NL dataset during
SFT, which contains questions similar to those
in GSM8K and thereby enhances domain-specific
performance. On the MATH500 benchmark, how-
ever, the Qwen SFT model surpasses the Qwen
Base model under zero-shot prompting but per-
forms worse than under one-shot prompting. This
indicates that the fine-tuning provides less benefit
for MATH500, suggesting more limited transfer

compared to the gains observed on GSM8K.

GRPO on OpenR1-Math-220k improves the
performance and increases the response length.
The Qwen SFT & GRPO model, obtained through
training with the GRPO algorithm with rule-based
rewards, achieves higher performance on both
benchmarks compared to the Qwen SFT model.
In addition, the average response length increases
after GRPO training, consistent with previous stud-
ies (Guo et al., 2025; Dang and Ngo, 2025).

Coconut SFT harms model performance. Sim-
ilar to the findings in Hao et al. (2025), the LaST
SFT model trained with the Coconut SFT proce-
dure performs worse than the Qwen SFT model on
mathematical benchmarks. And since the model
only produced six latent steps prior to the answer
block, the number of tokens generated is signifi-
cantly lower than other language-space thinking
models.
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Figure 3: Effect of varying the number of latent steps
on the pass@1 score with the LaST SFT model. The
x-axis has the log scale.

To examine the influence of the number of latent
steps in the LaST SFT model, evaluations were con-
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ducted using configurations of 2, 4, 6, 16, and 64
latent steps, despite the model having been trained
with a maximum of 6 latent steps (Figure 3). The
results show that increasing the number of latent
steps does not improve performance. Although the
model stays within distribution up to 16 latent steps,
its performance declines sharply at 64 latent steps.

GRPO training does not improve the perfor-
mance of LaST SFT. Using the GRPO algo-
rithm, which ignores the latent steps, does not yield
performance gains for the LaST model, in contrast
to results for the Qwen SFT & RL model. Two
main factors may explain this outcome:

First, the GRPO algorithm is designed for
language-space reasoning models, where it in-
creases the probability of generating intermediate
language tokens that eventually lead to correct an-
swers. In the LaST SFT model, however, no such
intermediate language tokens are produced before
the final answer, which prevents the learning signal
from being effective. To address this limitation,
we introduced Latent RL in Section 3.3. Second,
GRPO typically enhances performance by encour-
aging models to generate longer responses before
the final answer, thereby increasing inference-time
computation. In the LaST SFT model, the number
of latent steps is fixed. However, as shown in Fig-
ure 3, simply increasing the number of latent steps
does not enhance performance. This indicates that
the effect of this factor is limited.

Latent RL training is unstable. Even though
we address the limitations of other training tech-
niques for latent-space thinking model training, we
observe that Latent RL training shows unstable op-
timization dynamics (Appendix E). This is also
reflected in the benchmark evaluations, where per-
formance does not increase despite the Latent RL
training. These observations suggest that the un-
stable Latent RL struggles to improve latent-space
thinking. Exemplary model outputs for a question
are presented in Appendix F.

5.2 Coconut SFT Ablations

We conduct ablation studies for the Coconut SFT
procedure, as the baseline latent-space thinking
model is trained with it.

Necessity of the Coconut SFT Procedure.
When latent-space thinking is introduced to the
Qwen Base model without any additional training,
the model produces out-of-distribution and nonsen-

sical outputs (Figure 4). This occurs because the
model is fed its own latent steps as input—data it
has never encountered during pre-training. There-
fore, an SFT procedure is essential before applying
any RL training, as RL relies on having at least
some correct responses. To this end, we employ
the Coconut SFT method (Hao et al., 2025).

Qwen Base with Latent-Steps

<|start -latent|><|latent|><|end -latent|>
[\{\})\$);,;)\{ degrees \} ( (); shi zi equ zi
. hua \}) <|end -latent|><|end -latent|>)
.all\_()\{\}

Figure 4: Qwen Base response to the question in Fig-
ure 10 after introducing latent-steps.

Language Removal Approach. Instead of a step-
wise removal of pre-defined reasoning steps (as
in Coconut SFT), we investigate a token-wise re-
moval approach, where a fixed number of tokens
is removed. This relaxes dataset constraints, en-
abling the use of any question-response dataset
for latent-space thinking model training beyond
GSM8K-Aug-NL. For this investigation, all rea-
soning steps in GSM8K-Aug-NL answers are con-
catenated. During LaST SFT training, we remove
12 tokens per latent step—half the average step
length—to match the step-wise setup.

Removal Technique
GSM8K
pass@1

MATH500
pass@1

Step-wise 17.9 11.3

Token-wise 7.5 3.4

Table 4: Investigation of different language token re-
moval techniques in Coconut SFT.

Step-wise removal performs better (Table 4), pre-
sumably because token-wise removal can truncate
reasoning steps mid-thought, making it more dif-
ficult for the model to internalize the reasoning
process.

Number of Epochs per Stage. The Coconut SFT
method uses 3 epochs per stage, with each stage
involving one language step removal and two latent
space insertions. We explore different numbers of
epochs per stage:

Training the LaST model with one epoch per
stage performs better than with two epochs (Ta-
ble 5). In comparison, the Coconut method (Hao
et al., 2025) reported using 3 epochs per stage. Fur-
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Epochs/Stage
GSM8K
pass@1

MATH500
pass@1

1 17.9 11.3

2 17.0 10.4

Table 5: Ablation study on num. of epochs/stage.

ther experiments were omitted due to the slow train-
ing of Coconut SFT.

Final Stage Training Epochs Effect. We also
explore the impact of each epoch on the final
stage of Coconut SFT procedure, showing that this
last stage enhances the performance of the LaST
SFT model on the GSM8K benchmark (Figure 5).
However, the observed performance drop on the
MATH500 benchmark indicates that extended train-
ing on the GSM8K-Aug-NL dataset reduces the
generalization.

0 1 2 3 4
0

10

20

Num. of Epochs in Last Stage

pa
ss

@
1

GSM8K

MATH500

Figure 5: The effect of number of epochs in the last
stage of the Coconut SFT procedure.

6 Conclusion

In this work, we explored different training strate-
gies for latent-space thinking models, starting from
the Coconut SFT procedure (Hao et al., 2025)
and extending it to RL-based methods. While
Coconut SFT provides a structured way to train
latent-space thinking models, it consistently under-
performs compared to language-space models on
mathematical benchmarks. We showed, that its suc-
cess depends heavily on design choices, such as the
number of epochs in the final stage and token re-
moval strategies. The method’s main limitation lies
in the absence of direct learning signals to latent
steps and its reliance on auto-regressive processing,
which limits scalability.

RL approaches were then evaluated as poten-
tial improvements. Extending GRPO to Coconut-
trained latent-space thinking models brought no
gains, since GRPO also lacks direct latent-step su-

pervision. To overcome this, we introduced the
Latent RL method, which provides explicit learn-
ing signals to latent steps through a value model.
However, training was unstable and did not im-
prove benchmark performance.

Future work should aim to enhance SFT training
efficiency, stabilize Latent RL, and develop mecha-
nisms for adaptive control over latent steps. Over-
all, the findings suggest that current latent-space
thinking training methods still lag behind language-
space models, primarily due to their instability or
the absence of supervision for latent-space think-
ing.

Limitations

This study examines training techniques for latent-
space thinking models in the mathematical domain.
While this focus allows for precise evaluation, it
limits generalizability to other tasks such as gen-
eral knowledge, logical reasoning, or programming.
Prior work (Hao et al., 2025; Zhu et al., 2025a)
suggests that latent-space thinking may perform
differently in those domains, highlighting a key
direction for future research.

Another limitation is the use of a single base
model, which ensures consistency but narrows the
scope of conclusions. Models with different sizes,
architectures, or pretraining strategies may respond
differently to these training methods, and exploring
such variations could offer deeper insight.

A further challenge is efficiency: unlike stan-
dard LMs, latent-space thinking models require
auto-regressive generation during both training and
inference, increasing computational cost and lim-
iting scalability. This makes large-scale training
impractical with current setups.

Finally, latent-space thinking reduces model in-
terpretability, making it harder to analyze internal
processes or ensure transparency in deployment.
Future work should therefore focus on improving
interpretability—such as by studying attention or
representation changes across latent steps—to bet-
ter understand and control latent-space thinking
behavior.
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A Reward Functions

For the GRPO method, accuracy and format re-
wards are used; while the accuracy reward is the
same, the format reward differs as indicated be-
low. The Latent RL method uses the same reward
functions as GRPO for the latent-space thinking
model.

Accuracy Reward

Reward Condition

r = 1 The correct answer appears
in \boxed{...} inside
<answer>. . . </answer> tags.

r = 0 Otherwise.

The correctness is verified by exact string match or
mathematical equivalence similar to Hugging Face
(2025).

Format Reward — Language-Space Thinking
Models

Reward Format

r = 1 <think>. . . </think>
<answer> \boxed{...} </answer>

r = 0.5 Same format but the
\boxed{...} is missing.

r = 0 Otherwise.

Format Reward — Latent-Space Thinking Mod-
els

Reward Format

r = 1 <|start-latent|>. . .<|end-latent|>
<answer> \boxed{...} </answer>

r = 0.5 Same format but the
\boxed{...} part is missing.

r = −1 Any of <|start-latent|>,
<|end-latent|>, <think> appear
after the first latent block.

r = 0 Otherwise.

B Latent RL Methodology

Latent RL method has two stages:

1. Training a value model ρθ+ϕ by freezing pa-
rameters θ.

2. Training the policy model πθ by leveraging
the predictions of the value model for latent
steps.

In the first stage, data is collected to train ρθ+ϕ.
A policy model with latent space thinking πϕ is
used to generate responses to questions. For each
response, an accuracy reward is computed using

the reward function described in Section A. From
these responses, the final-layer embeddings h are
extracted and paired with the corresponding accu-
racy reward r, forming training pairs (hi, ri).

The value model ρθ+ϕ maps the embedding h to
an estimated reward ρθ+ϕ(h). To train it, only the
value head parameters ϕ are optimized by minimiz-
ing the binary cross-entropy (BCE) loss LBCE over
embedding–reward pairs (hi, ri). Crucially, the
loss is computed exclusively on embeddings cor-
responding to latent steps, while embeddings from
other parts of the sequence—such as the question
tokens or the final language answer—are ignored.
This ensures that the value model learns to evaluate
the quality of latent-space thinking steps.

argmin
ϕ

LBCE(ρθ+ϕ) (9)

LBCE(ρθ+ϕ) = ri log
(
ρθ+ϕ(hi)

)

+
(
1− ri

)
log
(
1− ρθ+ϕ(hi)

)

(10)

In the second stage, the policy model πθ is pro-
vided with a question and generates a sequence con-
sisting of latent steps followed by a final language
answer. This complete sequence—comprising the
given question, the latent steps, and the generated
answer—is then passed to the value model ρθ+ϕ,
ensuring that it receives the same input as the pol-
icy model. Although the value model outputs esti-
mated rewards for all positions in the sequence, the
training objective is applied only to the latent step
positions. The goal is to maximize the estimated
reward of the latent steps, which is equivalent to
minimizing LLAT in Equiation (7).

When optimizing Equation (7), the value head
parameters ϕ are frozen. This is necessary because
if ϕ were also updated, the value head could triv-
ially learn to always predict high rewards, thereby
collapsing the training signal. Instead, only the
shared parameters θ are updated, which means that
optimizing the value model ρθ+ϕ also updates the
policy model πθ, since the two models share θ.

After this update step, the value head parameters
ϕ are refined separately using the BCE objective in
Equation (9), with the true accuracy reward from
that step as the target. This ensures that the value
head remains aligned with the updated policy and
continues to provide reliable reward estimates.
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C Training Hyperparameters

The training set ups are presented in Table 6
and 7. All training runs use AdamW optimizer
(Loshchilov and Hutter, 2017).

D Instruction Following

The ratio of generated responses that are fitting to
the instructed format is given in Figure 6.
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Figure 6: Ratio of answers following the instructed
format during evaluation of models in GSM8K and
MATH500 benchmarks. All models evaluated in zero-
shot setting unless otherwise indicated.

E Latent RL Experiments

The training curves in Latent RL training procedure
for the LaST SFT & Latent RL model in in Table 3
are presented in this section.

As described in Section 3.3, in the first phase we
train a value model (Figure 7). Although the model
achieves a high ROC-AUC score, its F1 score re-
mains comparatively lower. This discrepancy arises
because ROC-AUC measures the overall ranking
ability of the model across thresholds, whereas the
F1 score reflects the balance of precision and recall
at a fixed threshold. Since the second phase of La-
tent RL training relies on the predicted probabilities
rather than thresholded labels, ROC-AUC is a more
informative indicator of value head performance in
this setting.

After training the value model, in the second
stage both the policy model and the value models
are trained sequentially. However, we see that the

both policy loss and value head loss are fluctuating,
indicating an unstable training (Figure 8).

To stabilize training, we freeze the value head
during the second phase of Latent RL. This pre-
vents it from becoming a moving target and leads
to smoother optimization for the policy model, as
shown in Figure 9. Although the policy loss de-
creases steadily, overall accuracy does not improve.

This stagnation arises from two causes: mis-
alignment between the frozen value head and the
evolving policy, and reward hacking. As the pol-
icy changes, the static value head becomes less
accurate, while the policy exploits its fixed reward
signal instead of improving reasoning or task accu-
racy. Thus, smoother training does not yield better
benchmark performance.

F Example Responses from MATH500
Benchmark

Example answers from the models reported in Ta-
ble 3 are shown in Figure 11 to Figure 16 for a
representative question from the MATH500 bench-
mark, illustrating their behavior.

For this MATH500 example, the language-space
models show variation in their responses, whereas
all latent-space thinking models produce identical
final answer. Since the latent steps are continuous,
changes in their behavior cannot easily be inferred
without additional interpretability studies.
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Hyperparameter Qwen SFT LaST SFT

Dataset GSM8K-Aug-NL GSM8K-Aug-NL
Num Examples 300K 300K
Base Model Qwen Base Qwen Base

Hardware 4 × Nvidia A100-80GB 8 × Nvidia A100-40GB
Training Time ∼ 1 hour ∼ 8 hours

Num Epochs 1 5
Per Device Batch Size 4 1
Gradient Accum. Steps 32 128
Effective Batch Size 512 512

Learning Rate 5e-5 5e-5
LR Scheduler StepLR StepLR
LR Scheduler Args γ = 0.8, step size=50 γ = 0.8, step size=50
Warmup Steps – –
Weight Decay 0.01 0.01

Table 6: Training hyperparameters for Qwen SFT and LaST SFT models. Note that the optimizer and scheduler
reset after each stage in LaST SFT training.

Hyperparameter Qwen SFT & GRPO LaST SFT & GRPO LaST SFT & Latent RL

Dataset OpenR1-Math-220k OpenR1-Math-220k OpenR1-Math-220k
Num Examples 10K 10K 10K
Base Model Qwen SFT LaST SFT LaST SFT

Hardware 4 × Nvidia A100-80GB 4 × Nvidia A100-80GB 1 × Nvidia A100-40GB
Training Time ∼ 4 hours ∼ 1 hour ∼ 1.5 hours

Num Epochs 1 1 1
Batch Size / Device 2 4 2
Grad. Accum. Steps 32 16 128
Effective Batch Size 256 256 256

Learning Rate 5e-6 5e-6 5e-6
LR Scheduler Cosine With Min LR Cosine With Min LR Cosine With Min LR
LR Scheduler Args min lr rate = 0.1 min lr rate = 0.1 min lr rate = 0.1
Warmup Steps 10 10 10
Weight Decay 0.01 0.01 0.01

Max Completion Len. 1024 1024 1024
Temperature 0.7 0.7 0
Num Generations 8 8 1
KL Div. Coeff. β 0.0 0.64 -

Table 7: Training hyperparameters for Qwen SFT & GRPO and LaST SFT & GRPO models. Note that the effective
batch size contains 256 responses to 256/8 = 32 different questions and 8 responses for each questions in GRPO
training.
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(a) (b)

Figure 7: Training curves for the value model training in the first stage of Latent RL. Note that only the linear value
head is trained. (a) BCE loss. (b) F1 and Roc Auc scores.

(a) (b)

(c)

Figure 8: Training details of Latent RL: (a) policy loss, (b) value head BCE loss, (c) accuracy and latent format
rewards.
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(a) (b)

(c)

Figure 9: Training dynamics of Latent RL with a frozen value model. (a) Policy loss shows smooth convergence.
(b) Value model loss, monitored but not optimized. (c) Accuracy and latent format rewards.
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Question
How many positive whole -number divisors does
196 have?

Figure 10: Example question from MATH500 bench-
mark. The question, inserted into the system prompt
which is omitted here for brevity. The correct answer is
9.

Qwen Base Response

<think >196 is a perfect square , so it has an
even number of divisors. The prime
factorization of 196 is 2^2 * 7^2. The number
of divisors is (2+1) (2+1) = 9. So, 196 has 9
positive whole -number
divisors.</think ><answer >\boxed {9}</answer >

Figure 11: Example Qwen Base (zero-shot) response to
the question in Figure 10.

Qwen SFT Response

<think >First prime factorize 196=2^2*7^2. The
prime factorization of any divisor of 196 can
only include the primes 2 and 7.
We are free to choose either 0, 1, 2, or 3 as
the exponent of 2 (4 options).
For the exponent of 7, we can choose 0 or 1 (2
options).
In total , there are $4\times 2=8$
possibilities .</think ><answer >\boxed {8}</answer >

Figure 12: Example Qwen SFT response to the question
in Figure 10.

Qwen SFT & GRPO Response

<think >The problem requires us to find the
number of positive whole -number divisors of
196. First , we need to determine the prime
factorization of 196. We start by dividing 196
by the smallest prime number , which is 2:

\[196 \div 2 = 98\]

Next , we divide 98 by 2:

\[98 \div 2 = 49\]

Now , 49 is not divisible by 2, so we check the
next smallest prime number , which is 7:

\[49 \div 7 = 7\]

And again , 7 is a prime number. Therefore , the
prime factorization of 196 is:

\[196 = 2^2 \times 7^2\]

To find the number of positive whole -number
divisors , we use the formula that if a number
has a prime factorization of the form
\(p_1^{e_1} \times p_2^{e_2} \times \cdots
\times p_k^{e_k }\), then the number of
divisors is given by \((e_1 + 1)(e_2 + 1)
\cdots (e_k + 1)\). For the factorization
\(2^2 \times 7^2\) , the exponents are 2 and 2.
Adding 1 to each of these exponents gives 3
and 3. Therefore , the number of divisors is:

\[(2+1) (2+1) = 3 \times 3 = 9\]

Thus , the number of positive whole -number
divisors of 196 is
\(\ boxed {9}\).</think ><answer >\boxed {9}</answer >

Figure 13: Example Qwen SFT & GRPO response to
the question in Figure 10.

LaST SFT Response

<|start -latent|><|latent|><|latent|><|latent|>
<|latent|><|latent|><|latent|><|end -latent|>
<answer >\ boxed {14} </ answer >

Figure 14: Example LaST SFT response to the question
in Figure 10.

LaST SFT & GRPO Response

<|start -latent|><|latent|><|latent|><|latent|>
<|latent|><|latent|><|latent|><|end -latent|>
<answer >\ boxed {14} </ answer >

Figure 15: Example LaST SFT & GRPO response to
the question in Figure 10.

LaST SFT & Latent RL Response

<|start -latent|><|latent|><|latent|><|latent|>
<|latent|><|latent|><|latent|><|end -latent|>
<answer >\ boxed {14} </ answer >

Figure 16: Example LaST SFT & Latent RL response
to the question in Figure 10.
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Abstract

This study examines the potential of leveraging
large language model (LLM) capabilities to en-
hance performance in document retrieval tasks.
Using human-written prompts based on the 5E
Instructional Model from educational psychol-
ogy, we generate alternative versions of docu-
ments in a given corpus using an LLM, tapping
into its vast knowledge base. These generated
texts can then be used in retrieval tasks, comple-
menting or replacing the original corpus before
applying fusion algorithms to combine the re-
sults. While the generated texts individually do
not outperform the original corpus, fusing re-
trieval results from multiple generated corpora
with those of the original corpus often leads
to performance improvements. This suggests
that LLM-generated documents, while not a
substitute for the original, can complement it
to enhance retrieval performance.

1 Introduction

Information is abundant and distributed across var-
ious heterogeneous sources, including web pages,
digital libraries, and forums. Yet, even when an
answer exists, it is often difficult to locate the most
relevant information. This is the core problem of
Information Retrieval (IR): given a user query and
a large document collection, retrieve the most rele-
vant documents. Early IR methods relied on exact
term matching, which suffers from the Vocabulary
Mismatch Problem (Furnas et al., 1987), as they
ignore semantic similarity between queries and doc-
uments that use different wording.

Recent advances in deep learning have trans-
formed IR and NLP. Word embeddings (Mikolov
et al., 2013) and Transformer-based contextual rep-
resentations (Vaswani et al., 2017) help mitigate vo-
cabulary mismatch by capturing semantic and con-
textual information. Building on these advances,
large language models (LLMs) trained on massive,
heterogeneous corpora have proven effective in

many tasks, including generation, translation, and
dialogue. In this work, we investigate how the
knowledge retained by modern LLMs can be lever-
aged for IR. Specifically, we study their use for
document expansion—a technique that, alongside
the widely adopted query expansion, enriches the
term space to better match user information needs
and improve retrieval effectiveness.

Contributions. Our study has two main goals.
First, inspired by the 5E Instructional Framework,
we design a set of targeted, cognitively motivated
prompts and utilize them with an LLM to gener-
ate alternative texts for each document in a cor-
pus, which can also be used for retrieval (cf. Fig.
1). Here, we focus on expanding document cor-
pora in a query-independent manner, leveraging
the extensive retained knowledge and generalisa-
tion capabilities of LLMs. We thereby contribute
to broadening the body of research, as this line
of research has received comparatively less atten-
tion than, for example, query expansion. Second,
we investigate whether combining retrieval results
from different generated corpora can enhance re-
trieval performance. We find that, although indi-
vidual expansions rarely outperform the original
corpus alone, combining retrieval outcomes from
multiple generated corpora with those from the
original corpus consistently improves effectiveness.
This suggests that LLMs can generate complemen-
tary views of a corpus, thereby enhancing retrieval
performance. Our code is publicly available on
GitHub.1

2 Background & Related Work

We integrate concepts from educational science
(the 5E Instructional Model) with IR techniques
(document expansion), leveraging LLMs’ broad

1https://github.com/GiacoL/Enhancing-Retrieval-via-
Cognitively-Motivated-Document-Expansion
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Figure 1: During the ingestion phase, each document in the corpus is passed to an LLM using prompts designed
to summarize, expand, or elaborate the text. Each prompt yields an alternative version of the corpus, resulting in
multiple generated corpora. In the retrieval phase, a set of queries is run against each generated corpus, producing a
ranking for every (query, corpus variant) pair. Finally, these rankings are fused to obtain a single final document
ranking for each query.

knowledge to connect these perspectives. This syn-
thesis provides a coherent structure for organizing
and positioning the related work.

2.1 5E Instructional Model

The 5E instructional model (Bybee, 1990), devel-
oped by the Biological Sciences Curriculum Study
(BSCS), is a pedagogical framework designed to
support effective instruction in science education
(Duran and Duran, 2004; Joswick and Hulings,
2024). It belongs to the family of constructivist
approaches, which posit that learning integrates
prior knowledge with hands-on experience. The
5E model comprises five phases: (i) Engage: stu-
dents are presented with new evidence from which
a problem emerges and are encouraged to recon-
cile it with prior knowledge; (ii) Explore: students
actively use retained knowledge to make observa-
tions and propose solutions to the problems posed
by the new evidence; (iii) Explain: the teacher
formalizes the new concepts in a way that can be
assimilated; (iv) Elaborate: students apply the new
ideas in different contexts and scenarios; (v) Eval-
uate: the focus is on how well students transfer
concepts to new contexts. As noted by Ruiz-Martín
and Bybee (2022), the 5E model rests on recog-
nizable cognitive principles such as the activation
of prior knwoledge in the Engage phase and its
use in the following phase, the Explore phase, to
find solutions to the problems posed by the new
evidence; this aligns with our goal of expanding or

shortening corpus documents with an LLM, using
a cognitively motivated prompt scheme based on
the 5E model, with the LLM acting as the student.

2.2 Query & Document Expansion Strategies

Given a large text corpus and a set of queries, the
goal of IR is to retrieve the most relevant docu-
ments for each query. The process is typically
decomposed into two stages. First, in the retrieval
stage, the relevance of each document to the query
is estimated to select the most promising candi-
dates. Second, in the reranking stage, these candi-
dates are reordered to refine their relevance-based
ranking. This study focuses on the retrieval stage:
given a set of queries and a text corpus, we aim to
retrieve, for each query, the relevant documents.

Early retrieval algorithms were sparse, term-
based methods such as BM25 (Robertson et al.,
1995) suffered from the Vocabulary Mismatch
Problem. Especially after the advent of Transform-
ers (Vaswani et al., 2017), dense retrievers entered
the IR landscape (Xiong et al., 2021; Karpukhin
et al., 2020). Dense representations of words and
sentences enabled a shift from a purely term-based
to a more semantic-based setting. However, these
dense retrieval systems are often supervised and
thus require large amounts of training data, which
can be costly to obtain in many scenarios.

A common challenge in IR is that queries are
typically short, whereas documents are relatively
lengthy and may be written in ways that deviate
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substantially from the user query. To mitigate this
problem, various expansion techniques have been
proposed. On the one hand, query expansion meth-
ods augment queries with external resources or
synonymous terms, as in Voorhees (1994). On the
other hand, document expansion has also been ex-
plored. Tao et al. (2006) or Efron et al. (2012)
expand short documents by submitting them as
pseudo-queries to a search engine and appending
retrieved content; Nogueira et al. (2019b) expand
instead documents with queries generated from the
documents themselves. Another line of research
has focused not on expanding the documents them-
selves, but on enriching their embedding represen-
tations. For example, Zhang et al. (2022) gener-
ate multi-view embeddings that can align with dif-
ferent queries, while ColBERT (Khattab and Za-
haria, 2020) adopts an interaction-based paradigm
to model fine-grained relationships between query
and document terms.

2.3 LLMs in IR
A recent line of work has employed LLMs for IR
tasks. As documented in the extended survey by
Zhu et al. (2023), there are two major approaches to
using LLMs for retrieval. On the one hand, LLMs
and their extensive retained knowledge can be ex-
ploited to reformulate documents or queries to bet-
ter align with the user’s intent. On the other hand,
they can be used for data augmentation, for exam-
ple, by acting as a substitute for human annotators
to provide pseudo-relevance feedback. According
to Zhu et al. (2023), these models can thus enhance
existing retrieval methods and enable new devel-
opments via in-context learning, which improves
retrieval performance by leveraging only a few ex-
amples.

So far, most attention has been devoted to query
expansion or rewriting with LLMs: Wang et al.
(2023) generate pseudo-documents with an LLM
and concatenate them to the original query, while
Jagerman et al. (2023) expand queries by exploring
different zero-shot, few-shot, and chain-of-thought
prompting strategies. More recently, Xia et al.
(2025) combine LLMs with knowledge graphs to
jointly model semantic and structural relations be-
tween documents and queries.

By contrast, document expansion has received
comparatively less attention, likely due to the sub-
stantial computational cost of expanding large doc-
ument collections. Nogueira et al. (2019b) and
Nogueira et al. (2019a) use LLMs to predict queries

relevant to a document, which are then appended
to the document to create an expanded corpus. Gao
et al. (2023) generate hypothetical documents with
an LLM given a query and use their vector en-
codings to retrieve relevant documents from the
corpus. Yu et al. (2022) generate contextual docu-
ments for a given query, whereas Bonifacio et al.
(2022) generate queries from documents to con-
struct query–document training pairs for dense re-
trievers. Jeong et al. (2021) expand the text corpus
with additional sentences generated by a pretrained
LLM, in a manner similar to our approach.

Although expansion appears beneficial for re-
trieval, Weller et al. (2024) show in a comparative
analysis of different LLM-based expansion tech-
niques that such expansion tends to yield gains
for weaker (retrieval) models, while it can degrade
performance for stronger models.

2.4 Fusion Methods
We employ multiple prompt-generated variants of
the same document collection for IR and fuse the
resulting rankings into a single summarized result.
This fusion task falls under internal metasearch
(also known as data fusion), which combines out-
puts from multiple retrieval systems that share the
same document set. As summarized by Montague
and Aslam (2002), different retrieval systems per-
form differently on the same task, and fusing their
outputs yields more consistent results.

There exists a multitude of fusion algorithms,
both supervised and unsupervised, which dif-
fer along several dimensions—most importantly,
whether they rely on similarity scores or ranks to
form the fused list. Fox and Shaw (1994) pro-
pose several score-aggregation methods; Zhang
et al. (2002) introduce a method based on recipro-
cal ranks; and Mourão et al. (2014) extended this
idea by considering inverse squared ranks. By con-
trast, other authors adopt probabilistic approaches
that estimate the likelihood of a system returning a
relevant document for a given query. In ProbFuse
(Lillis et al., 2006), estimated probabilities depend
on the documents retrieved during training and their
positions in the ranking. Other probabilistic meth-
ods include Bayes-Fuse (Aslam and Montague,
2001), which estimates document relevance by
summing, across systems, the log-ratio of the prob-
ability that the document at a given rank is relevant
versus non-relevant, and SegFuse (Shokouhi, 2007),
which—similar to ProbFuse—partitions rank lists
into segments that grow larger down the ranking.
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Key Prompt

EN.v1 Can you summarize the text keeping the most relevant information and just give me the output without your
comments:

EN.v2 Can you rewrite the text with other more conspicuous vocabulary and just give me the output without your
comments:

EX.v1 Can you expand the text with your knowledge keeping, expanding, and explaining the most relevant information
and just give me the output without your comments:

EX.v2 Can you reduce and summarize the text integrating some of your knowledge, keeping, expanding, and explaining
the most relevant information and just give me the output without your comments:

EL.v1 Can you rewrite the text with a more negative stance and just give me the output without your comments:

EL.v2 Can you expand the text, making comments that should help a person to better understand the content of the text:

Table 1: Prompts used to generate texts with LLMs. The Key indicates the macrocategory and prompt identifier.

Lillis et al. (2010) investigate modeling relevance
probabilities without large training sets by using
a system’s Mean Average Precision to relate rele-
vance probability to rank. Additional algorithms
arise from Social Choice Theory, where retrieval
systems act as voters. Boehmer et al. (2023) ex-
plain how to use positional scoring rules to trans-
form voters’ rankings into scores, while Montague
and Aslam (2001) and Montague and Aslam (2002)
describe methods based on the Borda Count Prin-
ciple and the Condorcet method.

3 Methodology

Our method is based on multiple text expansions
via LLMs. In the first step, an LLM is fed each
of the nD documents in the corpus D; for each
document, a set of variants is generated using a
predefined list of nP prompts based on the 5E In-
structional Model. This yields nP + 1 versions per
document (including the original), i.e., nD(nP +1)
documents in total. We then compute embeddings
for documents (original and generated) and queries
to measure similarity using cosine similarity, a
widely used metric. For each query q and each
set of generated documents, we build a retrieved
set of relevant documents. These retrieved sets are
then fused using one or more fusion methods, and
the final results are evaluated using nDCG@10.

3.1 Document Expansion via the 5E Model

Although LLMs are often perceived as human-like,
they lack genuine human capabilities. Therefore,
to employ the 5E model in this study, certain adap-
tations were necessary. The five phases of the orig-
inal scheme were used as guidelines for designing
prompts to generate alternative text corpora. We

make two key modifications: (i) Excluding the
Evaluation phase, as our goal is not to teach a
model, although one could imagine future work
where an LLM evaluates and refines its own out-
puts; and (ii) Merging the Engage and Explore
phases. This leaves three prompting dimensions:

Engage and Explore (EN) The LLM reformu-
lates a given text by altering vocabulary or summa-
rizing it, aiming to mitigate the Vocabulary Mis-
match Problem while preserving the content.

Explain (EX) The LLM explains the text using
its retained knowledge, enriching the content and
aligning it more closely with human understanding.

Elaborate (EL) The LLM applies the concepts
of a given text to other contexts (e.g., analogies,
examples, or tone shifts). Such reformulations may
improve alignment between texts and queries.

The exact prompt design (cf. Table 1) inevitably
involves some arbitrariness, which we recognize
as a key limitation of our work. In preliminary
experiments (not reported here), we pre-tested a
larger set of prompts based on the 5E Model on a
subset of the BEIR dataset. We selected the best
performing ones for the main analysis across all
NanoBEIR datasets in order to keep computational
costs manageable.

4 Experiments

We investigate whether the LLMs’ capabilities can
be leveraged to summarize or expand a given text,
and whether such generated texts can serve as effec-
tive substitutes for or complements to the original
text in IR tasks. In particular, we aim to com-
bine rankings from multiple generated corpora and
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assess whether their fusion improves retrieval per-
formance. We further explore whether adopting
the E5 framework to guide text generation yields
additional improvements over the original texts and
which strategy is most effective. We examine the
following hypotheses:

H1 Generated texts will improve performance
in IR tasks compared to original texts, and per-
formance will further increase as the number of
generated texts used in fusion grows.
H2 Larger LLMs will generate texts that are bet-
ter suited for IR tasks than smaller models.
H3 Employing a cognitive framework to guide
text generation may provide one way to enhance IR
performance compared to using the original texts
alone.

4.1 Data

Given the computational challenges associated
with generating texts, we opted for the NanoBEIR
dataset (Thakur et al., 2022), a compact version of
BEIR (Thakur et al., 2021), a widely used bench-
mark in IR research. The NanoBEIR variant con-
tains 50 queries and up to 10k documents per indi-
vidual dataset, in contrast to the millions of docu-
ments included in the standard BEIR datasets. Both
comprise generalist and domain-specific datasets,
covering a broad range of topics.

4.2 LLMs & Embedding Models

LLMs For text generation, we employ models
from the Qwen family (Yang et al., 2024; Qwen
Team, 2024) to analyze the impact of model size
on retrieval performance. Specifically, we use the
medium-sized, instruction-tuned Qwen2.5 models
with 3B, 7B, and 14B parameters, which enables a
systematic comparison across different scales.

Embeddings To ensure comparability with state-
of-the-art approaches, model selection was guided
by the MTEB Leaderboard for retrieval tasks
(Muennighoff et al., 2023). We employ the
INF-Retriever-v1-1.5B (Infly, Yang et al.,
2025) embeddings for the main analyses (§5),
gte-Qwen2-1.5B-instruct (Li et al., 2023) for
the ablation (§6). While the former is of particular
interest due to its results on NanoBEIR, making
it especially relevant for evaluating retrieval un-
der resource-constrained conditions, the latter has
demonstrated competitive performance across gen-
eral retrieval benchmarks.

4.3 Fusion Algorithms

In preliminary analyses, we evaluated a range of
fusion algorithms commonly discussed in the litera-
ture. While retrieval effectiveness was comparable
across the best-performing methods2, execution
times varied substantially, particularly for large
document corpora. Since design choices in this
study are guided by both retrieval effectiveness and
computational efficiency, we opted to employ a
single method for all analyses: the logn inverse
squared rank (Mourão et al., 2014). This algorithm
provides a favorable trade-off, achieving strong re-
trieval performance while maintaining manageable
computational costs. For the implementation, we
relied on the Ranx library (Bassani and Romelli,
2022). For score normalization, the widely used
min–max normalization was applied prior to fusion.

5 Main Results

Table 2 shows average nDCG@10 differences (and
standard deviations) between the retrieval results
based on only the original corpus and three clus-
ters of strategies: Single prompts refers to retrieval
using only a single corpus of generated texts, while
Prompt Combinations and Prompt Combinations +
Original correspond to fused retrieval results based
on multiple generated corpora, with or without
the original corpus. Using multiple generated cor-
pora yields average improvements over using only
the original corpus in five out of thirteen datasets,
while using single generated corpora alone outper-
forms fusion in only one case (SciFact). When
results from generated corpora are fused with re-
trieval results from the original corpus, gains ap-
pear most consistently. Overall, generated texts
rarely serve as a full replacement for the original
corpus, but when combined with it, they can pro-
vide clear improvements—particularly for gener-
alist datasets such as ArguAna, open-domain gen-
eral QA datasets (NQ and HotpotQA), or scien-
tific/medical datasets (SciFact and NFCorpus).

Table 3 reports how performance differences rel-
ative to using only the original corpus vary with
the number of fused retrieval results based on gen-
erated corpora. Although no strictly monotonic
trend emerges, the largest average gains—both with
and without including the original corpus—tend to

2We tested CombMIN, CombMAX, CombMED, Comb-
SUM, CombANZ, CombMNZ (Fox and Shaw, 1994), ISR,
log-ISR, logn-ISR (Mourão et al., 2014), RRF (Cormack et al.,
2009), MAPFuse (Lillis et al., 2010).
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Original (Absolute Values) 63.85 42.64 65.95 93.63 66.82 83.41 64.31 38.70 67.91 95.96 47.67 81.72 52.39

Single Prompts -0.74
(± 2.58)

-6.28
(± 1.73)

-2.07
(± 1.00)

-1.98
(± 2.26)

-5.45
(± 2.66)

-0.70
(± 1.56)

-7.43
(± 3.11)

-0.08
(± 0.75)

-1.27
(± 3.05)

-9.30
(± 2.98)

-2.90
(± 1.29)

0.83
(± 1.61)

-3.78
(± 1.36)

Prompt Combinations 1.38
(± 1.53)

-5.95
(± 1.28)

-1.36
(± 1.05)

-1.60
(± 1.23)

-3.18
(± 1.23)

0.34
(± 0.73)

-5.92
(± 1.83)

0.24
(± 0.58)

0.05
(± 2.32)

-5.62
(± 2.42)

-2.35
(± 1.19)

1.12
(± 1.34)

-2.58
(± 0.67)

Prompt Combinations with Original 1.82
(± 0.95)

-4.31
(± 1.06)

-1.05
(± 0.75)

-0.42
(± 0.47)

-1.35
(± 0.67)

0.81
(± 0.54)

-3.72
(± 1.39)

0.39
(± 0.48)

0.74
(± 1.41)

-2.12
(± 1.44)

-1.49
(± 1.01)

1.09
(± 0.92)

-1.49
(± 0.41)

Mean difference to Original 0.82
(± 1.12)

-5.51
(± 0.86)

-1.49
(± 0.43)

-1.33
(± 0.66)

-3.33
(± 1.68)

0.15
(± 0.63)

-5.69
(± 1.52)

0.19
(± 0.20)

-0.16
(± 0.83)

-5.68
(± 2.93)

-2.25
(± 0.58)

1.02
(± 0.13)

-2.62
(± 0.94)

Table 2: Averaged nDCG@10 differences (± std. dev.) across all models and prompts for the different datasets and
prompt combinations. Green indicates improvements, red a decrease, relative to the Original baseline.
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0 (only Original) 63.85 42.64 65.95 93.63 66.82 83.41 64.31 38.70 67.91 95.96 47.67 81.72 52.39 66.54

1 -0.74
(± 2.58)

-6.28
(± 1.73)

-2.07
(± 1.00)

-1.98
(± 2.26)

-5.45
(± 2.66)

-0.70
(± 1.56)

-7.43
(± 3.11)

-0.08
(± 0.75)

-1.27
(± 3.05)

-9.30
(± 2.98)

-2.90
(± 1.29)

0.83
(± 1.61)

-3.78
(± 1.36)

-3.17

2 0.40
(± 1.54)

-5.94
(± 1.23)

-1.48
(± 1.24)

-2.19
(± 1.33)

-4.25
(± 1.10)

-0.03
(± 0.82)

-6.41
(± 2.10)

0.05
(± 0.72)

-0.47
(± 2.68)

-7.55
(± 2.20)

-2.65
(± 1.29)

0.88
(± 1.44)

-2.84
(± 0.68)

-2.50

2+Original 1.43
(± 0.88)

-3.54
(± 0.71)

-0.93
(± 0.89)

-0.37
(± 0.33)

-1.33
(± 0.91)

0.68
(± 0.68)

-3.15
(± 1.39)

0.15
(± 0.54)

0.49
(± 1.30)

-2.43
(± 1.50)

-1.16
(± 0.91)

0.95
(± 1.00)

-1.38
(± 0.54)

-0.81

4 2.11
(± 1.11)

-5.97
(± 1.38)

-1.24
(± 1.08)

-1.26
(± 0.94)

-2.45
(± 0.49)

0.59
(± 0.60)

-5.54
(± 1.52)

0.40
(± 0.41)

0.55
(± 2.13)

-4.37
(± 1.46)

-2.04
(± 1.12)

1.14
(± 1.28)

-2.38
(± 0.72)

-1.57

4+Original 2.07
(± 0.81)

-4.74
(± 0.85)

-1.14
(± 0.75)

-0.43
(± 0.54)

-1.39
(± 0.47)

0.86
(± 0.41)

-3.99
(± 1.06)

0.56
(± 0.40)

1.09
(± 1.42)

-1.75
(± 1.55)

-1.75
(± 1.04)

1.13
(± 0.86)

-1.51
(± 0.29)

-0.85

6 2.14
(± 1.16)

-5.90
(± 1.61)

-1.34
(± 0.32)

-0.82
(± 1.23)

-2.18
(± 0.55)

0.70
(± 0.40)

-5.60
(± 2.17)

0.32
(± 0.60)

0.11
(± 2.12)

-3.59
(± 0.61)

-2.36
(± 1.29)

1.79
(± 1.47)

-2.43
(± 0.30)

-1.47

6+Original 2.25
(± 1.43)

-5.32
(± 1.15)

-1.15
(± 0.40)

-0.54
(± 0.71)

-1.25
(± 0.53)

1.01
(± 0.52)

-4.64
(± 2.02)

0.61
(± 0.29)

0.43
(± 2.01)

-2.34
(± 1.00)

-1.70
(± 1.29)

1.44
(± 1.10)

-1.75
(± 0.24)

-1.00

Mean difference to Original 1.38
(± 1.06)

-5.38
(± 0.89)

-1.34
(± 0.34)

-1.08
(± 0.69)

-2.62
(± 1.51)

0.44
(± 0.56)

-5.25
(± 1.35)

0.29
(± 0.24)

0.13
(± 0.72)

-4.47
(± 2.67)

-2.08
(± 0.56)

1.17
(± 0.32)

-2.30
(± 0.78)

-1.62

Table 3: Averaged nDCG@10 differences (± std. dev.) across all models and prompts for the different datasets and
numbers of combined prompts, with Infly embeddings. Green indicates improvements, red a decrease, relative to
the Original baseline.

occur when more texts are fused, with the great-
est improvements appearing when retrieval results
from the original corpus are fused together with
those from generated texts. This suggests that in-
creasing the number of fused texts can help the
system converge on a shared notion of which doc-
uments are relevant, illustrating the Chorus Effect
in data fusion (Vogt and Cottrell, 1999). Figure 2
(Appendix A) provides a graphical representation
of Table 3, showing the average differences and
the corresponding standard deviations. For most
datasets, the substantial variability in performance
suggests that improvements are driven not only by
the act of fusing retrieval results from different gen-
erated texts, but also by which specific texts are
combined. These results provide partial support for

H1, as using generated texts alone generally does
not outperform the original corpus. However, when
used in conjunction with it, they often enhance re-
trieval performance.

Table 4 reports the average performance across
fusion strategies relative to the original corpus and
provides evidence to investigate H2. The results
indicate that larger LLMs do not yield consistently
greater improvements. As we focus on using LLMs
for expansion rather than on retrieval models them-
selves, this observation is broadly consistent with
Weller et al. (2024), who report that expansion can
harm the performance of stronger retrieval mod-
els. However, gains are observed in datasets pre-
viously found to benefit most from fusion strate-
gies—namely, open-domain question answering
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Original 63.85 42.64 65.95 93.63 66.82 83.41 64.31 38.70 67.91 95.96 47.67 81.72 52.39

Qwen2.5-3B-Instruct 2.21
(± 1.29)

-4.88
(± 1.13)

-1.07
(± 0.95)

-1.63
(± 0.78)

-2.95
(± 2.07)

0.18
(± 0.72)

-5.84
(± 2.36)

0.40
(± 0.55)

-0.14
(± 1.21)

-5.61
(± 3.42)

-0.97
(± 0.91)

0.03
(± 1.06)

-2.05
(± 1.03)

Qwen2.5-7B-Instruct 0.53
(± 2.19)

-6.64
(± 1.61)

-2.06
(± 0.71)

-0.96
(± 2.28)

-3.50
(± 2.54)

0.08
(± 1.60)

-4.56
(± 2.65)

0.23
(± 0.78)

-1.18
(± 2.91)

-4.81
(± 4.11)

-2.71
(± 1.01)

1.23
(± 1.14)

-2.73
(± 1.17)

Qwen2.5-14B-Instruct -0.06
(± 1.93)

-4.91
(± 1.39)

-1.26
(± 1.10)

-1.31
(± 1.31)

-3.21
(± 2.47)

0.32
(± 1.08)

-6.41
(± 2.62)

-0.03
(± 0.46)

1.01
(± 2.39)

-6.08
(± 3.62)

-2.96
(± 0.88)

1.82
(± 0.99)

-2.90
(± 1.47)

Mean difference to Original 0.89
(± 0.96)

-5.48
(± 0.82)

-1.46
(± 0.43)

-1.30
(± 0.27)

-3.22
(± 0.22)

0.19
(± 0.10)

-5.60
(± 0.77)

0.20
(± 0.18)

-0.10
(± 0.89)

-5.50
(± 0.52)

-2.21
(± 0.89)

1.03
(± 0.74)

-2.56
(± 0.37)

Table 4: Averaged nDCG@10 differences (± std. dev.) across all different (numbers of) prompts for the different
datasets and for different LLMs from the Qwen2.5 family and Infly embeddings. Green indicates improvements,
red a decrease, relative to the Original baseline.
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Su
m

Original 0 3 1 2 3 0 3 0 0 2 2 0 3 19
Original+Combination 2 0 1 1 0 1 0 1 1 1 1 0 0 9
EN+Combination+Original 2 0 0 1 0 0 0 1 1 1 0 0 0 6
EX+Combination+Original 1 0 1 1 0 0 0 0 1 0 1 0 0 5
EL+Combination+Original 1 0 0 0 0 1 0 1 0 1 0 0 0 4
EX+Combination 0 0 0 0 0 1 0 1 2 0 0 0 0 4
EN+Combination 1 0 1 0 0 2 0 0 0 0 0 0 0 4
EL+Combination 1 0 1 0 0 0 0 0 2 0 0 0 0 4
EL 0 0 0 0 0 0 0 0 0 0 0 2 0 2
EN 0 0 0 0 0 0 0 0 0 0 0 1 0 1
EX 0 0 0 0 0 0 0 1 0 0 0 0 0 1

Table 5: Frequencies of best-performing combinations across datasets and LLMs for different prompt strategies and
their combinations. Infly embeddings are used. Each cell indicates the number of times a given strategy achieved
the best performance, with the final column showing totals across datasets. When a column sum exceeds the number
of LLMs (3), it indicates that multiple prompt groups were part of the combination yielding the best performance.

(NQ and HotpotQA). This outcome partially sup-
ports H2, suggesting that scaling model size can im-
prove performance in open-domain tasks; however,
it does not guarantee consistent benefits across all
tasks.

Table 5 examines the effect of different prompt
types, derived from the 5E cognitive model, on re-
trieval performance. The table shows how often a
prompt (combination) achieved the highest abso-
lute retrieval performance across all LLMs consid-
ered. The original corpus outperformed in most
cases; nevertheless, combining it with generated
texts led to non-negligible improvements in many
instances. When comparing the three prompting
categories, EN and EX prompts consistently per-
formed better, in combination with or without the
original corpus, than EL prompts. EN prompts
focus on summarizing the original text, while EX
prompts aim to expand it with knowledge retained

by the LLM, and EL prompts seek to re-elaborate
the original text (e.g., reformulating it with a more
negative stance). These results suggest that summa-
rizing or expanding texts with LLMs can enhance
retrieval performance, particularly when fused with
the original corpus, whereas altering the text (EL)
may not always yield comparable improvements.
These findings suggest that employing a structured
framework—such as the cognitively motivated one
used in this work—can help more effectively lever-
age LLMs’ retained knowledge, yielding expan-
sions that translate into improvements in retrieval
performance. Thus, these observations support H3.

6 Ablations

Given the multitude of factors influencing retrieval
performance, we conduct ablations regarding the
two most important ones: the LLM for generation
and the embedding model for retrieval.
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Original 63.85 42.64 65.95 93.63 66.82 83.41 64.31 38.70 67.91 95.96 47.67 81.72 52.39

Single Prompts (7B) -1.61
(± 2.95)

-7.45
(± 1.56)

-2.70
(± 0.46)

-2.12
(± 3.77)

-6.33
(± 1.94)

-0.93
(± 2.57)

-6.74
(± 3.35)

-0.34
(± 0.96)

-2.87
(± 4.15)

-8.67
(± 4.18)

-3.47
(± 1.05)

1.12
(± 1.34)

-4.06
(± 0.80)

Single Prompts (14B) -1.76
(± 2.41)

-5.68
(± 2.09)

-1.72
(± 1.28)

-2.06
(± 1.63)

-5.64
(± 3.04)

-0.78
(± 0.92)

-8.40
(± 3.21)

-0.18
(± 0.46)

-0.37
(± 2.78)

-9.90
(± 2.17)

-3.62
(± 0.54)

1.45
(± 1.45)

-4.22
(± 1.87)

Prompt Combinations (7B) 1.11
(± 0.87)

-7.44
(± 0.90)

-2.18
(± 0.52)

-0.91
(± 1.51)

-3.40
(± 1.66)

0.32
(± 0.87)

-4.52
(± 1.88)

0.26
(± 0.64)

-1.07
(± 2.58)

-5.07
(± 2.67)

-2.85
(± 0.69)

1.23
(± 1.24)

-2.74
(± 0.67)

Prompt Combinations (14B) 0.22
(± 1.32)

-5.15
(± 0.54)

-1.09
(± 1.18)

-1.64
(± 1.15)

-2.92
(± 1.18)

0.52
(± 0.84)

-6.67
(± 1.38)

0.03
(± 0.54)

1.41
(± 2.55)

-6.37
(± 2.46)

-3.26
(± 0.65)

2.29
(± 0.71)

-3.01
(± 0.47)

Prompt Combinations with Original (7B) 1.80
(± 0.62)

-5.14
(± 1.18)

-1.41
(± 0.48)

-0.01
(± 0.13)

-1.17
(± 0.46)

0.70
(± 0.54)

-2.73
(± 0.88)

0.69
(± 0.44)

0.17
(± 0.86)

-1.24
(± 1.39)

-1.93
(± 0.74)

1.32
(± 1.03)

-1.59
(± 0.28)

Prompt Combinations with Original (14B) 1.13
(± 0.72)

-3.99
(± 0.72)

-1.05
(± 0.89)

-0.34
(± 0.27)

-1.42
(± 0.70)

1.05
(± 0.61)

-4.44
(± 1.66)

0.05
(± 0.42)

1.79
(± 1.54)

-2.53
(± 1.44)

-2.08
(± 0.59)

1.66
(± 0.64)

-1.65
(± 0.30)

Mean difference to Original 0.15
(± 1.51)

-5.81
(± 1.38)

-1.69
(± 0.65)

-1.18
(± 0.90)

-3.48
(± 2.13)

0.15
(± 0.81)

-5.58
(± 2.05)

0.09
(± 0.36)

-0.16
(± 1.71)

-5.63
(± 3.38)

-2.87
(± 0.72)

1.51
(± 0.42)

-2.88
(± 1.13)

Table 6: Averaged nDCG@10 differences (± std. dev.) across all prompts for the different datasets and prompt
combinations for the two largest of the three LLMs, Qwen2.5-7B-Instruct and Qwen2.5-14B-Instruct, with
Infly embeddings. Green indicates improvements, red a decrease, relative to the Original baseline.

Dataset ar
gu

an
a

cl
im

at
ef

ev
er

db
pe

di
a

fe
ve

r

fiq
a

ho
tp

ot
qa

m
sm

ar
co

nf
co

rp
us

nq qu
or

ar
et

rie
va

l

sc
id

oc
s

sc
ifa

ct
to

uc
he

20
20

Original (Absolute Values) 28.96 25.65 39.67 82.91 15.24 70.40 21.99 15.52 16.40 93.47 26.79 57.04 37.95

Single Prompts -8.14
(± 5.54)

-5.89
(± 2.17)

0.98
(± 2.91)

-10.74
(± 7.03)

16.74
(± 3.54)

-6.91
(± 5.08)

4.05
(± 3.65)

4.99
(± 2.17)

7.80
(± 6.97)

-32.48
(± 9.22)

-8.39
(± 4.77)

4.37
(± 5.01)

-4.54
(± 3.40)

Prompt Combinations -5.45
(± 3.31)

-4.57
(± 1.63)

4.23
(± 1.54)

-6.12
(± 3.40)

21.22
(± 2.65)

-2.94
(± 2.49)

7.75
(± 2.52)

6.84
(± 1.54)

12.18
(± 6.44)

-20.81
(± 7.56)

-5.83
(± 3.03)

7.37
(± 3.54)

-1.22
(± 1.97)

Prompt Combinations with Original -1.70
(± 3.18)

-3.38
(± 1.04)

3.95
(± 1.38)

-2.48
(± 1.85)

19.41
(± 2.94)

-0.33
(± 0.92)

6.89
(± 1.96)

5.34
(± 1.43)

9.49
(± 6.15)

-7.90
(± 3.35)

-1.53
(± 2.24)

6.98
(± 3.21)

1.01
(± 1.69)

Mean difference to Original -5.10
(± 2.64)

-4.61
(± 1.03)

3.05
(± 1.47)

-6.45
(± 3.38)

19.13
(± 1.84)

-3.40
(± 2.70)

6.23
(± 1.58)

5.72
(± 0.80)

9.82
(± 1.80)

-20.39
(± 10.04)

-5.25
(± 2.83)

6.24
(± 1.33)

-1.58
(± 2.28)

Table 7: Averaged nDCG@10 differences (± std. dev.) across all prompts for the different datasets and prompt
combinations, with semantic similarity computed using gte-Qwen2-1.5B-instruct embeddings. Green indicates
improvements, red a decrease, relative to the Original baseline.

LLMs The following tables reproduce
Table 2 but only considering generation
with the medium-sized LLM and the
larger LLM (Qwen2.5-7B-Instruct and
Qwen2.5-14B-Instruct, Table 6). As tables
show, there is no consistent improvement over all
datasets when using only a larger LLM. When
using combinations of prompts, both models
surpass the other on 50% of the datasets; when
including the original as well, the smaller of the
two models performs favorably in 7 out of 13
cases.

Embedding Model Table 7 reproduces table
2 but with gte-Qwen2-1.5B-instruct embed-
dings. With this embedding model, the baseline
nDCG@10 is lower than with the Infly embed-
dings, and expansion appears to particularly benefit

weaker embedding models. In the main results and
in preliminary (unreported) experiments with E5
(Wang et al., 2022), BGE (Xiao et al., 2023), and
UAE (Li and Li, 2023) embedding models, fusion
that included the original corpus consistently per-
formed best, as one would expect. Interestingly,
with this embedding model, fusion over generated
corpora without the original corpus slightly outper-
forms fusion that includes it.

7 Conclusion and Future Work

The goal of this study was to investigate whether
LLMs, guided by a set of cognitively motivated
prompts, can be used to generate alternative ver-
sions of a given text corpus that enhance perfor-
mance in retrieval tasks. Our results show that
while using single generated texts underperforms
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compared to using the original corpus, retrieval re-
sults obtained using combinations of the generated
alternative corpora can improve performance. The
effect is even more apparent when they are used in
combination with the original corpus. Moreover,
using prompts that expand texts by leveraging the
retained knowledge of LLMs to complement and
summarise the corpus (EN and EX prompts) yields
greater improvements in retrieval performance than
more exotic reformulations of the text (EL prompt),
highlighting that LLMs can act as powerful allies
in retrieval tasks.

However, this study and its findings raise sev-
eral questions that should be addressed in future
work. First, our hypotheses should be validated on
additional datasets, ideally larger than those consid-
ered here. Second, alternative prompting schemes
could be explored: rather than applying a single set
of prompts to a heterogeneous group of datasets,
prompting strategies might be tailored to the spe-
cific domain of each dataset. Third, although us-
ing the 5E Model to guide prompt design yielded
relevant results, it represents only one possible ap-
proach to developing an evidence-based prompting
strategy, rather than the only one. Future work
could therefore investigate alternative prompting
frameworks. Finally, a natural next step would be
to investigate whether these cognitively motivated
expansions can also improve the performance of
dense retrievers.

Limitations

This study has several limitations. First, we rely
on LLMs to generate texts from human-crafted
prompts. Although the 5E framework guided
prompt design, prompt writing remains inherently
subjective, and the results and conclusions reported
here may not hold under alternative prompting
strategies. Moreover, the same fixed set of prompts
is applied to text corpora that differ considerably
from one another. Second, limited computational
resources prevented us from systematically evalu-
ating larger LLMs or using larger datasets. Our ap-
proach is feasable with smaller document corpora
but pose significant computuational challenges for
larger text collections.3 Third, our analysis is ex-

3As an example, in preliminary analyses, using an NVIDIA
Tesla V100 GPU with 16GB of memory, for the (full) FiQa
dataset, which includes more than 57K documents, over 600
queries, and six prompts for text generation, the total runtime
was 44.35 hours. The majority of this time, 30.93 hours
(70%), was dedicated to text generation using the six prompts.

ploratory in nature. For example, when compar-
ing performance differences between generated
texts and the original corpus, we did not conduct
statistical significance tests to assess the robust-
ness of these differences. Finally, when repro-
ducing retrieval results from the MTEB leader-
board (Muennighoff et al., 2023)—without using
any LLMs—the results reported in this study do
not exactly match the leaderboard scores, although
the deviations remain within an acceptable range.
Several factors may have contributed to these dis-
crepancies, including variations in the instructions
used to supplement the input during embedding
computation.
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A Performance for different number of prompts

Figure 2: Averaged nDCG@10 differences (± std. dev.) across all models and prompts for the different datasets
and prompt combinations, with Infly embeddings.
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Abstract
Retrieval-augmented generation (RAG) is an
established method for addressing challenges in
applying large language models (LLMs), such
as ensuring timeliness, incorporating domain-
specific expertise, and minimizing hallucina-
tions. However, the effective application of
data-augmented LLMs remains challenging
due to, e.g., reliance on retriever performance,
token-limit restrictions for the input, or the in-
herent difficulty of global questions directed
at large text corpora. Despite various efforts
to address these challenges, there are still in-
stances where finding correct answers to cer-
tain questions remains elusive. Moreover, as
more modules are added to the RAG pipeline,
its complexity and latency increase, so that the
achieved performance improvements may be-
come less practically significant. Based on
these observations, we propose an efficient
approach to addressing the issue of not read-
ily attainable questions in a pragmatic way:
by collecting questions with incorrectly gen-
erated answers, preparing the correct answers
offline, and prepending a module for seman-
tic search among the prepared question-answer
pairs to the RAG system. If we consider a tra-
ditional RAG system an open-book exam, this
QA search module can be likened to an open-
question exam, similar to a driver’s license test.

1 Introduction

Retrieval-augmented generation (RAG) is widely
utilized for Large language models (LLMs) to ad-
dress associated challenges, such as timeliness and
lack of awareness of domain-specific knowledge,
particularly when it comes to private or on-premise
information, as this can impact their reliability,
leading to issues with faithfulness and the genera-
tion of hallucinations. The main idea of RAG is to
condition a pre-trained LLM on relevant informa-
tion retrieved from external data sources based on
a user’s input during the generation process (Lewis
et al., 2021; Ram et al., 2023).

However, RAG systems encounter their own set
of challenges. Firstly, they inherit certain limita-
tions from LLMs, such as constraints on input to-
kens and difficulties in effectively addressing broad
questions within extensive text corpora. Secondly,
a RAG system is inherently complex, compris-
ing numerous components that require significant
time and expertise to configure and integrate seam-
lessly. Thirdly, the retrieval process can introduce
latency, impacting response times. Additionally,
training both the retriever and generation models
demands meticulous tuning and substantial com-
putational resources. Furthermore, variations in
the underlying data can complicate integration and
scalability efforts. Approaches addressing these
challenges include optimizing the storage and se-
mantic representation of external data, aligning
queries and documents to accurately retrieve the
relevant external information (Wang et al., 2023;
Ma et al., 2023a; Zheng et al., 2024), improving
imperfect retrieval performance by analyzing, iden-
tifying and removing irrelevant information (Wang
et al., 2025), generating query samples to train
retrievers for specific domains (Dai et al., 2022),
fine-tuning retriever (Shi et al., 2023), compress-
ing (Yang et al., 2023; Xu et al., 2023; Ma et al.,
2023b), re-ranking retrieved information before
passing it to LLMs (Zhuang et al., 2023), and
fine-tuning LLMs for generating results (Cheng
et al., 2023; Kang et al., 2023; Li et al., 2023b).
While each of these techniques, whether employed
individually or in combination, has the potential
to enhance performance, certain questions persist
for which generating an accurate response remains
challenging.

We propose the integration of an additional
question-answer pairs (QA-pairs)-based search
module, designed to be incorporated as a prepara-
tory component preceding the RAG system (cf.
Figure 1), in which a pre-prepared list of existing
QA-pairs is directly utilized as context by LLMs to
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Figure 1: RAG with Integration of a QA Search Module

address user queries. If a question with the same
semantic meaning is identified within the list, the
associated answer is returned directly. Conversely,
if no matching question is found, the user query
is forwarded to the standard RAG process. The
list of QA-pairs can be created either a priori or
continuously during the process. As illustrated in
Figure 1, questions for which the RAG system fails
to generate correct answers can be collected. Sub-
sequently, the expected answers to these questions
can be prepared offline and appended to the list
within the QA search module.

Contributions. Our proposed QA search mod-
ule offers three key contributions:

1. It significantly enhances the overall accuracy
of the RAG system. Through experiments con-
ducted with various LLMs and QA datasets,
we demonstrate the effectiveness of semantic
search. For questions that are incorrectly an-
swered by RAG, we curate correct responses
and compile a QA-pairs catalog, enabling pre-
cise and efficient semantic retrieval.

2. The QA search module reduces average pro-
cessing time and resource consumption, as
evidenced by our experimental results, which
highlight its efficiency.

3. All these benefits are achieved through a

lightweight extension of the RAG system, en-
suring that the module remains easy to update
and scale as needed.

2 Background and Related Work

To tackle challenges such as timeliness and the lack
of awareness regarding private, domain-specific
knowledge in pre-trained LLMs, various tech-
niques have been developed. Among these, RAG
is gaining significant attention and widespread
application. While the implementation of RAG
can vary in practice, the fundamental concept re-
mains consistent: for a given input request, relevant
documents are retrieved from external knowledge
sources, incorporated with the input to assist LLMs
during the generation process.

REALM (Guu et al., 2020) employs a masked
language model (MLM) and fine-tunes it for open
domain question-answering (Open-QA). Similarly
focused on Open-QA, RAG (Lewis et al., 2021)
trains an autoregressive language model (ALM),
while Atlas (Izacard et al., 2022) utilizes an
encoder-decoder LLM. In-Context RALM (Ram
et al., 2023) and Replug (Shi et al., 2023) sim-
plify the process further by treating the LLM as
a black box, eliminating the need for additional
training. In these approaches, retrieved informa-
tion is prepended as context to the query before
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being passed to the off-the-shelf LLMs for genera-
tion. kNN-LM (Khandelwal et al., 2020) offers an
even more practical approach by treating a question
as a prefix to its answer. It transforms the task of
finding the correct answer into locating the most
similar expressions to the input question within an
embedding space. This space is created by a LLM
on a knowledge dataset. The k most similar results
are then interpolated with the original model out-
puts to construct the final answer. Moreover, both
Zero-Shot-Learners (Wei et al., 2022) and Zero-
Shot-Reasoners (Kojima et al., 2023) demonstrate
exceptional language understanding capabilities in-
herent in LLMs, particularly in the zero-shot imple-
mentation of the so-called Chain of Thought (CoT,
Wei et al., 2023).

3 Approach

To answer a question x using the classic RAG
paradigm, two steps are involved, retrieval and gen-
erating. First, given a question x, the most relevant
documents z are retrieved from a knowledge corpus
Z . This step can be represented by a probability
distribution p(z | x), z ∈ Z . Next, both the in-
put question x and the retrieved documents z are
provided to a LLM to generate the answer y. This
generation step can be modeled as p(y | z, x). By
considering the retrieved documents z as a latent
variable and marginalizing over all documents in
Z , the entire process can be formalized as:

p(y | x) =
∑

z∈Z
p(y | z, x) p(z | x) (1)

Our new approach takes the simplification one
step further by providing an existing list of QA-
pairs as context, instead of retrieving most similar
external documents to each given question and pro-
viding these as context to the question to a LLM
to generate the answer. By doing so, we leverage
the model to identify the most closely matched
questions from the list and return the correspond-
ing answer to new input questions. This approach
transforms a QA task into a task of finding seman-
tically similar expressions. It’s common for the
input question to differ in wording from those in
the existing QA-list. However, LLMs excel at un-
derstanding and interpreting the semantic meaning
of text, making them well-suited for this task.

We begin with an existing list of QA-pairs Z =
n⋃

i=1
{(xi, yi)}, which is assumed to encompass the

most frequently asked questions. Instead of em-
ploying a retrieval step, we provide this entire set
as context to LLMs. This implies that p(z | x) = 1,
resulting in

p(y | x) =
∑

z∈Z
p(y | z, x) (2)

The initial list does not need to be exhaus-
tive. If we encounter a new question x′, that
is not already included in the set of questions
(x′ /∈ ⋃

(xi,yi)∈Z
{xi}), we can prepare the corre-

sponding answer y′ and update the the QA-list to
Z ′ = Z ∪ {(x′, y′)}.

When the QA-list is too extensive to fit entirely
as context into LLMs due to input token limit
constraints, we can assign a reference number to
each QA-pair. This forms a expanded set Zexp =
n⋃

i=1
{(xi, yi, ni)}. Instead of passing the list of QA-

pairs to the LLMs, we provide a list of question-

number pairs (QN-pairs) Zred =
n⋃

i=1
{(xi, ni)},

which reduces the context size. The LLMs then
return the corresponding reference number if the
input question matches one in the list; otherwise,
they return a special number, such as "-1". Us-
ing the returned reference number, we can identify
the actual answer by performing a lookup in the
expanded QA-list Zexp: yi = flkp(Zexp, ni).

If the list of the QN-pairs still exceeds the input
token limit even after replacing actual answers with
reference numbers, we can divide the list into small
blocks, each within the token limit. We can then
process these blocks sequentially using LLMs. The
loop can be terminated early if a valid reference
number is returned.

The remaining question is how effectively LLMs
can interpret various expressions of an input ques-
tion x, which may differ in length and form. Specif-
ically, we aim to assess their ability to identify
the expression with the same meaning in set Zexp

and return its corresponding reference number. To
achieve this, we designed the question-question
similarity check in a lightweight manner by im-
plementing a direct search within a prompt, rather
than relying on the cosine similarity of embedded
questions. This approach leverages the strength
of LLMs in capturing semantic information from
diverse expressions effectively.
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4 Feasibility Assessment Experiments

We assessed the feasibility of our approach by de-
signing experiments across three dimensions: (i)
Open-QA datasets, (ii) LLMs for rephrasing origi-
nal questions and (iii) LLMs for answering original
and rephrased questions.

4.1 Experimental Setup
Datasets We selected four publicly available
QA datasets for our study. Two of these are in
English: OpenBookQA (Mihaylov et al., 2018),
CMU-Wiki-QA (Smith et al., 2008), one in Chi-
nese: CMMLU (Li et al., 2023a) and one in Ger-
man: LHM-Dienstleistungen-QA (Schröder et al.,
2022).

LLMs The key success factor of our approach
is the ability of LLMs to effectively interpret vari-
ous expressions of a given question and identify it
within a context. To evaluate this we selected sev-
eral LLMs to rephrase the original questions and to
answer both the original and rephrased questions.

These models are GPT3.5, GPT4o (OpenAI,
2023) and seven open-source models: Llama
3.1:8B, Llama 3.3:70B (META, 2024), Qwen2:7B,
Qwen2.5:7B (Group, 2024), Mixtral8:7B, Mix-
tral8:22B (Jiang et al., 2024), Gemma2:9B,
Gemma2:27B (DeepMind, 2024).

4.2 Implementation Details
We divided the entire implementation process into
five distinct steps.

Preparing Datasets The four QA datasets were
sourced from Hugging Face. We selected a random
sample of 150 QA-pairs from each dataset and
assigned a reference number to each question.

Rephrasing Questions We utilized nine selected
LLMs to generate six different variants of each
original question across all datasets. These variants
maintain the same meaning as the original question.
Specifically, three variants were generated without
any length restrictions, while the other three were
limited to a maximum of 30 characters. The shorter
variants were designed to mimic situations where
users prefer to keep questions concise. For each
original question, we obtained a total of 55 dif-
ferent expressions, including the original question
itself: 1 (original question) + [3 (rephrased vari-
ants) + 3 (rephrased short variants)] * 9 (models
for rephrasing) = 55. More details see Table 2. The
prompt template utilized is available in Figure 6.

Algorithm 1 Answering Questions by QA Search

1: Nqn_blocks ← ceil(ntotal_qn/block_size)
2: for each question q do
3: for i from 0 to Nqn_blocks do
4: Ci ← create_context(qn_blocki)
5: a_n← call_qa_search(q, Ci)
6: if a_n > −1 then
7: answer ← flkp(LQAN , a_n)
8: return answer
9: end if

10: end for
11: end for

Answering Questions We used ten LLMs to
answer all question variants, by utilizing the list
of original QN-pairs as context. As Algorithm 1
shows, if a match is not found in the list, the corre-
sponding reference number is returned, otherwise
"-1" is returned. The prompt template utilized is
available in Figure 7.

Both Mixtral8 models returned numbers with
wrapping text, such as "The reference number of its
corresponding answer is: 1037", instead of "1037".
An additional script was created to remove the ex-
traneous text.

Using all 150 original QN-pairs as context
worked well with both GPT models. However, for
the open-source models, after several rounds of ex-
perimentation, we decided to split the full list into
five blocks with 30 questions each. We then looped
over these blocks until a reference number is re-
turned. Due to text wrapping issues, we needed to
collect results from all five blocks without breaking
the loop early when using both Mixtral8 models.

Evaluating Answers We compared the reference
numbers returned by the LLMs with the ground
truth. If they match, we assigned a score of 1;
otherwise, we assigned a score of 0. We then ag-
gregated these scores to calculate the accuracy rate
of the answers across all question variants for each
model.

Robustness Testing with Different List and
Block Sizes To demonstrate the robustness of
performance as well as resource and time consump-
tion, we conducted additional experiments with
varying total numbers of QA-pairs (300, 600, 900,
1200, 1500) and different numbers of QA-pairs (30,
50, 100, 150, 300) used as query context.
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Figure 2: Average Percentage of Correctly Answered Questions for Four QA Datasets by Each Model

4.3 Preliminary Experimental Results

Comprehensive results for the feasibility experi-
ment for the four QA datasets are available in Ta-
bles 3-6. Additionally, we calculated the average
answering accuracy of each applied model across
all four dataset. As illustrated in Figure 2, all mod-
els demonstrate consistent performance across the
four datasets, which include different languages:
English, Chinese, German. This consistency holds
true regardless of whether the models achieve high
or low accuracy. The GPT models, in particular, ex-
hibit best overall performance. This is not only due
to their average accuracy rates exceeding 80%, but
also because they do not require the question list to
be divided into blocks for iterative processing.

Among the open-source models, Mixtral8:7B,
Gemma2:9B and Llama 3.3:70B achieve an accu-
racy rate greater than 80% across all datasets. Mix-
tral8:22B follows closely, with only one dataset
falling below 80%, while Qwen2.5:7B has two
datasets under this threshold. In contrast, the
average accuracy rates for Gemma2:27B and
Qwen2:7B fall below 80%, ranging between 36%
and 78%. Surprisingly, Llama 3.1:8B performs the
worst, with all accuracy rates below 35%.

By expanding the total number of QA-pairs in
the catalog from 300 to 1500, while maintaining a
fixed context size of 150 QAs, and using GPT4o
as the answering LLM, we observed, as expected,
no significant increase in CPU, GPU, or memory
usage. However, this expansion resulted in longer
average response time, increasing from 1.39 sec-
onds per query to 6.15 seconds per query, due to
increased number of max. needed requests. As
illustrated in Figure 3, the mean accuracy experi-

enced a slight decline as the catalog size increased,
dropping from 93.65% to 89.35%. This reduction
in performance can be attributed to the higher like-
lihood of encountering questions with similar but
not identical meanings as the catalog grows, which
increases the difficulty of semantic search for the
LLM.

If, instead, we fixed the total number of QA-pairs
in the question catalog but expanded the context
size from 30 to 300, we observed, as shown in Fig-
ure 4, again, no significant increase in CPU, GPU,
or memory usage. And as expected, the average
response time decreased from 4.36 seconds to 1.28
seconds per query. The mean accuracy improved
significantly, increasing from 88.13% to 95.48%.
This improvement can be attributed to the fact that,
as long as the expanded context size remains within
the token limit of the LLM, having more questions
with similar but not identical meanings in a single
context allows the LLM to better identify and select
the one with the closest semantic match.

The detailed metrics for both Figure 3 and 4 are
provided in Table 7 and 8. The four QA datasets,
all codes and generated outputs for this experiment
are available on GitHub1.

5 Comparative Experiments between
RAG and RAG with a QA Search
Module

After successfully demonstrating the feasibility of
a QA search, we conducted another group of ex-
periments to showcase the enhanced effectiveness

1https://github.com/chenzhengdao/pattern-
of-driving-license-written-exam,
https://github.com/chenzhengdao/pattern-of-driving-license-
written-exam-compare-with-rag
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Figure 3: Accuracy, Resource and Time Consumption
Across Varying Total Numbers of Questions in the Ques-
tion Catalog, with 150 Questions as QA Search Context
and GPT4o as the Answering LLM

and efficiency of a RAG system by integrating a
QA search module. To achieve this, we setup ex-
periments for the following four approaches and
compared their results: i) RAG: baseline RAG, ii)
QA search: as evaluated in the previous section, iii)
RAG + QA search: applying QA search to ques-
tions incorrectly answered by RAG iv) QA search
+ RAG: applying RAG to questions incorrectly an-
swered by QA search. The last approach is exactly
what Figure 1 illustrates.

5.1 Experimental Setup

RAG As illustrated in the top-right section of
Figure 1, the RAG system used in the following ex-
periments consists of three main modules, inspired
by (Lewis et al., 2021) and (Gao et al., 2024): (i)
an embedding creator, (ii) a retriever, and (iii) a
retrieval-augmented generator. Initially, documents
are segmented into smaller chunks, which are then
transformed into embeddings using an embedding
model. These embeddings are stored in a vector
database as a knowledge base through an indexing
algorithm, making them ready for efficient retrieval.
When a user submits a query to the RAG system,
the query is embedded using the same embedding
model and sent to the vector database to identify
the top k most relevant documents. In some cases, a
reranker, typically another LLM, may be employed
to reorder the retrieved documents for improved
relevance. Finally, a prompt is constructed by com-
bining the user query with the top k documents as
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Figure 4: Accuracy, Resource and Time Consump-
tion Across Varying Number of Questions Used as QA
Search Context, with 300 as Total Number of Questions
in Question Catalog and GPT4o as the Answering LLM

context, which is then sent to an LLM to generate
the final response to the user’s query.

Datasets The four QA datasets used for the fea-
sibility assessment in last section are unsuitable for
this experiment, as they consist solely of QA-pairs
and do not include the corresponding text blocks
from which the answers can be generated. We
chose two other publicly available document sets:
(i) it-tech-doc, an IT-technical document set and
(ii) financial-news, a financial news document set.

Building Synthetic QA-pairs We devided each
document from both document sets into chunks,
with a size of 2000 tokens and an overlap of 200
tokens. For each document chunk, we utilized two
LLMs (GPT3.5 and GPT4o) to generate synthetic
QA-pairs. We then evaluated the quality of the
generated QA-pairs, assigning a score between 1
(poor) and 5 (excellent) based on three criteria: (i)
Groundedness: can the question be answered from
the given context? (ii) Relevance: is the question
relevant for a given topic? (iii) Stand-alone: is the
question understandable free of any context? We
retained QA-pairs with best scores across all three
criteria and selected 150 samples from each QA
set for further processing. The prompt templates
utilized here are available in Figure 8-11.

Building Test Cases for Evaluating RAG Evalu-
ating a RAG system can be complex due to various
factors that influence its overall performance. But
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it is not the primary focus of this experiment to try
out different combinations of influence factors. For
this work we simply used two chunk sizes (200 and
400) to create chunking, applied one embedding
model (GTE-small, a variant from the General Text
Embedding (GTE) series developed by Alibaba
Group (Li et al., 2023c)) to embed and retrieve em-
bedded chunks. We then applied two approaches
to the retrieved chunks: one without a reranker
and one with a reranker (colbertv2.0, a model de-
veloped at Stanford University (Santhanam et al.,
2022)). Furthermore, we used two LLMs (the two
top performers from the feasibility experiment in
Section 4: GPT4o and Llama 3.3:70B) to gener-
ate the answer to a given question based on the
found chunks and another LLM for evaluating the
generated answers. This in total made up 16 test
cases for the baseline RAG evaluation: 2 (LLMs
for QA generation) × 1 (LLM for QA evaluation)
× 2 (chunk sizes for embedding) × 1 (embedding
model)× 2 (options for reranking, with or without)
× 2 (LLMs for answer generation) = 16. Finally,
for each of the 16 test cases we obtained an average
accuracy score for generated answers across all 150
sample questions, and made the average of the 16
average accuracy scores as the final accuracy to the
baseline RAG. Details about the 16 combinations
for both document sets can be found in Table 9- 10.

Building Test Cases for Evaluating QA Search
After the comprehensive feasibility experiments in
Section 4, we intended not to construct too many
test cases for the QA search testing. To each of
the synthetic QA-pairs sample sets, we applied one
LLM (GPT4o) for rephrasing the original question,
and two LLMs (GPT4o and Llama 3.3:70B) for QA
search. This made in total 8 test cases: 2 (LLMs for
synthetic QA generation) × 1 (LLM for synthetic
QA evaluation) × 1 (LLM for rephrasing question)
× 2 (question types, original and rephrased) × 2
(LLMs for QA search) = 8. Details about the 8
test cases for both document sets can be found in
Table 11- 12.

5.2 Implementation Details
For each of the document sets (it-tech-doc and
financial-news), we applied the following four ap-
proaches:

Answering Questions with RAG For each of
the 16 test cases, we answered the sampled ques-
tions by following the RAG pipeline described in
Figure 1 and detailed in Algorithm 2. The prompt

templates used in this process are provided in Fig-
ure 12.

Unlike the binary evaluation used for QA search,
as described in Subsection 4.2, the answers gener-
ated by RAG are evaluated using a scoring scale
from 1 (worst) to 5 (best). Answers receiving a
score of 4 or 5 are considered correct, while those
scoring below 4 are deemed incorrect. The prompt
template used for this evaluation is provided in
Figure 13.

Algorithm 2 Answering Questions by RAG

1: for each question q do
2: qe ← embed(q)
3: Dk ← retrieve(qe, D, k)
4: if reranking then Dkr ← rerank(Dk)
5: a← generate(Dkr, q)
6: else
7: a← generate(Dk, q)
8: end if
9: Save answer a

10: end for

Applying QA Search to Questions Incorrectly
Answered by RAG In the next step, we collected
all the questions that were incorrectly answered
in the previous phase, rephrased them, and then
applied Algorithm 1 to the rephrased questions,
using the list of original QA-pairs as context.

Answering Questions with QA Search For all
8 test cases of QA search, we applied the semantic
search of questions among the list of original QA-
pairs as described in Section 3-4.

Applying RAG to Questions Incorrectly An-
swered by QA Search We gathered all the ques-
tions that were incorrectly answered by the QA
search in last step. We then applied Algorithm 2
to each of them to generate answer, and calculated
the final accuracy.

The two document sets, all codes and generated
outputs for this experiment are available at this Git
repository 2.

5.3 Main Experimental Results

5.3.1 Accuracy Improvement
Based on Figure 5, it is evident that, without any pa-
rameter tuning on either side, the three alternative
approaches consistently outperform the baseline
RAG across both document sets. By applying the
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Measure GPU (MB) Memory (MB) CPU (%) Time (Sec/query)
Method RAG QA Search RAG QA Search RAG QA Search RAG QA Search

it-tech-doc 899 6 1,741 161 5.92% 2.09% 11.68 0.81
financial-news 899 6 1,865 162 5.82% 2.00% 10.93 0.73

Table 1: Mean Resource & Time Consumption for RAG and QA Search
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Figure 5: Mean Accuracy of Four Methods: i) RAG,
ii) RAG + QA Search, iii) QA Search, iv) QA Search +
RAG

QA search method to the questions incorrectly an-
swered by the baseline RAG, the accuracy can be
significantly improved—from 80.11% to 99.29%
for one document set and from 78.13% to 96.67%
for the other.

Remarkably, the QA search approach alone de-
livers superior results compared to the baseline
RAG, with accuracy improvements of 17% and
4%, respectively. Furthermore, the final combined
approach (QA search + RAG), achieves the highest
mean accuracy, reaching 99.42% for it-tech-doc
and 97.15% for financial-news. This optimal ap-
proach is precisely the one depicted in Figure 1.

The detailed average accuracy for all test cases
is provided in Tables 9–12.

5.3.2 Efficiency Improvement

In terms of computational resource consumption
per user query, the QA search approach demon-
strates significant advantages over the traditional
RAG. As shown in Table 1, querying with QA
search requires no GPU resources (the 6 MB listed
in the table is attributed solely to operating system
overhead), whereas the RAG setup described in
Subsection 5.1 demands nearly 900 MB of GPU
memory. Additionally, RAG exhibits over 10 times

higher memory consumption and nearly 3 times
greater CPU usage compared to QA search.

Thanks to its lightweight architecture, the QA
search approach achieves a significantly shorter
average response time compared to RAG —under
1 second (0.81 or 0.73 seconds) versus over 10
seconds (11.68 or 10.93 seconds) for RAG. It is
important to note that the reported response times
are based on a question catalog containing 150
entries, all consolidated into a single query context.
For a detailed comparison of response times across
different catalog sizes or context configurations,
please refer to Figures 3 and 4.

Detailed average resource consumption metrics
are provided in Tables 13–16. It is worth noting
that in our experiments, local open-source LLMs
used for answering questions are hosted as separate
standalone processes and are not part of the query
processing pipeline. Consequently, their GPU con-
sumption is excluded from the resource measure-
ments for both RAG and QA search.

5.3.3 Expert Answer instead of Hallucination
For QA-pairs used in the QA search module, an-
swers can be thoroughly prepared in advance. For
instance, we can engage experts to formulate or
review these answers. Additionally, we can en-
hance the responses by including supplementary
information, such as precise references to citation
sources. Complex questions that require insights
from extensive text corpora typically present signif-
icant challenges to the RAG paradigm. However,
with the QA search, they can also be effectively
addressed in advance.

5.3.4 Easy Setup, Update, High Efficiency and
Stability

The QA search module is designed for seamless
integration with RAG, and it can be initiated with
an empty list of pre-known QA-pairs. Over time,
answers generated by RAG can be evaluated and la-
beled by human and/or LLMs. Questions for which
RAG fails to generate correct answers are collected.
These questions, along with their (offline) prepared
answers, are added to the QA search module’s list
for future semantic searches. If the list exceeds
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the maximum token limit, it can be divided into
manageable blocks. Additionally, questions that
RAG can answer correctly may also be added to
the list, as QA search typically requires less compu-
tational power and delivers shorter response time.
Moreover, the answers returned by the QA search
module remain consistent, enhancing the overall
stability of the system’s responses.

6 Conclusion

In this work, we introduced and demonstrated
a straightforward QA search approach as an ad-
ditional, integrable component to a traditional
RAG pipeline, particularly for scenarios where the
baseline RAG struggles to generate accurate an-
swers for certain questions. Our empirical analysis
shows that even with a simple setup, this approach
can enhance performance and reduce the resource
consumption of the conventional RAG paradigm.
Furthermore, it enables applications to be imple-
mented, updated, and scaled in an efficient and
effective manner.

Limitations

This work has three main limitations. First, while
we successfully designed experiments to compare
our approach with RAG using the same datasets,
we explored only a limited number of combina-
tions of adjustable factors within the RAG pipeline.
The baseline accuracy of a RAG approach can vary
significantly depending on the dataset used and the
specific implementation details throughout the en-
tire RAG process. Second, we did not conduct an
in-depth analysis of the incorrectly answered ques-
tions (by both RAG and QA search) to identify the
precise reasons for these failures. Third, for the
comparative experiments, we relied on LLMs to
generate synthetic QA-pairs from two document
sets, as the four QA datasets used in the feasibil-
ity experiments do not include corresponding text
blocks. But we began our work using some of
our internal data sets, which are not accessible to
LLMs. Following the success of our experiments
with these internal cases, we decided to publish
this concept. To ensure data confidentiality, we
utilized public data instead of our actual internal
data for the publication. However, we achieved
comparable results and accuracy using both the
real internal data and the publicly available syn-
thetic data/QA-pairs. Additionally, we depended
on LLMs to evaluate the quality of all generated

QA-pairs and were only able to manually verify
10% of them through random sampling.
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A Prompts

 

""" 
You will be provided with question delimited by triple quotes. \ 
Please create {num_question} questions based on it with same meaning in {lang}, without quotes. \ 
Please list only the questions, no other text around. \ 
{text_length_spec} 
 
\"\"\"{question}\"\"\" 
""" 
text_length_spec = "And it should not more than {question_length} characters." 

  

Figure 6: Prompt for Rephrasing Question

 

""" 
You will be provided with text delimited by triple quotes. \ 
It's a table of questions and answers, where answers are in the form of a reference number. \ 
If a question can be found in the table, return the reference number of the answer. 
 
If the question cannot be found in the table, \ 
then simply return  \"-1\" 
 
\"\"\"{questions_in_list}\"\"\" 
"""   

Figure 7: Prompt for Answering Question with New Approach

 

 

""" 
Your task is to write a factoid question and an answer given a context. 
Your factoid question should be answerable with a specific, concise piece of factual information from the context. 
Your factoid question should be formulated in the same style as questions users could ask in a search engine. 
This means that your factoid question MUST NOT mention something like "according to the passage" or "context". 
 
Provide your answer as follows: 
 
Output::: 
Factoid question: (your factoid question) 
Answer: (your answer to the factoid question) 
 
Now here is the context. 
 
Context: {context}\n 
Output:::""" 

Figure 8: Prompt for Generating Synthetic QA-pairs
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question_groundedness_critique_prompt = """You will be given a context and a question. 
Your task is to provide a 'total rating' scoring how well one can answer the given question unambiguously with the given context. 
Give your answer on a scale of 1 to 5, where 1 means that the question is not answerable at all given the context, and 5 means that 
the question is clearly and unambiguously answerable with the context. 
 
Provide your answer as follows: 
 
Answer::: 
Evaluation: (your rationale for the rating, as a text) 
Total rating: (your rating, as a number between 1 and 5) 
 
You MUST provide values for 'Evaluation:' and 'Total rating:' in your answer. 
 
Now here are the question and context. 
 
Question: {question}\n 
Context: {context}\n 
Answer::: """ 

Figure 9: Prompt for Evaluating Generated QA-pairs with Critique Groundedness

 

 

"""You will be given a question. 
Your task is to provide a 'total rating' representing how useful this question can be to machine learning developers building 
NLP applications with the Hugging Face ecosystem. 
Give your answer on a scale of 1 to 5, where 1 means that the question is not useful at all, and 5 means that the question is 
extremely useful. 
 
Provide your answer as follows: 
 
Answer::: 
Evaluation: (your rationale for the rating, as a text) 
Total rating: (your rating, as a number between 1 and 5) 
 
You MUST provide values for 'Evaluation:' and 'Total rating:' in your answer. 
 
Now here is the question. 
 
Question: {question}\n 
Answer::: """ 

Figure 10: Prompt for Evaluating Generated QA-pairs with Critique Relevance
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"""You will be given a question. 
Your task is to provide a 'total rating' representing how context-independent this question is. 
Give your answer on a scale of 1 to 5, where 1 means that the question depends on additional information to be understood, 
and 5 means that the question makes sense by itself. 
For instance, if the question refers to a particular setting, like 'in the context' or 'in the document', the rating must be 1. 
The questions can contain obscure technical nouns or acronyms like Gradio, Hub, Hugging Face or Space and still be a 5: it 
must simply be clear to an operator with access to documentation what the question is about. 
 
For instance, "What is the name of the checkpoint from which the ViT model is imported?" should receive a 1, since there is 
an implicit mention of a context, thus the question is not independent from the context. 
 
Provide your answer as follows: 
 
Answer::: 
Evaluation: (your rationale for the rating, as a text) 
Total rating: (your rating, as a number between 1 and 5) 
 
You MUST provide values for 'Evaluation:' and 'Total rating:' in your answer. 
 
Now here is the question. 
 
Question: {question}\n 
Answer::: """ 

Figure 11: Prompt for Evaluating Generated QA-pairs with Critique Stand-alone

 

 

"""<|system|> 
Using the information contained in the context, 
give a comprehensive answer to the question. 
Respond only to the question asked, response should be concise and relevant to the question. 
Provide the number of the source document when relevant. 
If the answer cannot be deduced from the context, do not give an answer.</s> 
<|user|> 
Context: 
{context} 
--- 
Now here is the question you need to answer. 
 
Question: {question} 
</s> 
<|assistant|> 
""" 

Figure 12: Prompt for Answering Question with RAG
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"""###Task Description: 
An instruction (might include an Input inside it), a response to evaluate, a reference answer that gets a score of 5, and a score 
rubric representing a evaluation criteria are given. 
1. Write a detailed feedback that assess the quality of the response strictly based on the given score rubric, not evaluating in 
general. 
2. After writing a feedback, write a score that is an integer between 1 and 5. You should refer to the score rubric. 
3. The output format should look as follows: \"Feedback: {{write a feedback for criteria}} [RESULT] {{an integer number 
between 1 and 5}}\" 
4. Please do not generate any other opening, closing, and explanations. Be sure to include [RESULT] in your output. 
 
###The instruction to evaluate: 
{instruction} 
 
###Response to evaluate: 
{response} 
 
###Reference Answer (Score 5): 
{reference_answer} 
 
###Score Rubrics: 
[Is the response correct, accurate, and factual based on the reference answer?] 
Score 1: The response is completely incorrect, inaccurate, and/or not factual. 
Score 2: The response is mostly incorrect, inaccurate, and/or not factual. 
Score 3: The response is somewhat correct, accurate, and/or factual. 
Score 4: The response is mostly correct, accurate, and factual. 
Score 5: The response is completely correct, accurate, and factual. 
 
###Feedback:""" 

Figure 13: Prompt for Evaluating Answers Generated with RAG
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B Experiment Setup

Question Answer Rephr.
Variant

Question
rephr. by
Model 1

Short
Question
rephr. by
Model 1

... Question
rephr. by
Model 9

Short
Question
rephr. by
Model 9

Q1 A1

1 rephr.
variant 1
to Q1 by
model 1

rephr.
short
variant 1
to Q1 by
model 1

... rephr.
variant 1
to Q1 by
model 9

rephr.
short
variant 1
to Q1 by
model 9

2 rephr.
variant 2
to Q1 by
model 1

rephr.
short
variant 2
to Q1 by
model 1

... rephr.
variant 2
to Q1 by
model 9

rephr.
short
variant 2
to Q1 by
model 9

3 rephr.
variant 3
to Q1 by
model 1

rephr.
short
variant 3
to Q1 by
model 1

... rephr.
variant 3
to Q1 by
model 9

rephr.
short
variant 3
to Q1 by
model 9

Q2 A2

1 rephr.
variant 1
to Q2 by
model 1

rephr.
short
variant 1
to Q2 by
model 1

... rephr.
variant 1
to Q2 by
model 9

rephr.
short
variant 1
to Q2 by
model 9

2 rephr.
variant 2
to Q2 by
model 1

rephr.
short
variant 2
to Q2 by
model 1

... rephr.
variant 2
to Q2 by
model 9

rephr.
short
variant 2
to Q2 by
model 9

3 rephr.
variant 3
to Q2 by
model 1

rephr.
short
variant 3
to Q2 by
model 1

... rephr.
variant 3
to Q2 by
model 9

rephr.
short
variant 3
to Q2 by
model 9

... ... ... ... ... ... ... ...

Table 2: 54 rephrased expressions by 9 models to each original question
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C Evaluation Results for Feasibility Experiments

Tables 3-6 below (one table per QA dataset) present questions rephrased by various LLMs, both without
and with length limitations (denoted as "short"), arranged vertically. Horizontally, each rephrased question
variant is answered by different LLMs. Each value represents the average accuracy across the entire sample
set. Bolded values within the table indicate the LLM that achieves the highest answering performance for
each question variant. Furthermore, the bolded average values in the bottom row represent the overall
answering performance of each LLM across all question variants. These values are also depicted in
Figure 2.

Question Answered By
Rephrased By gpt35 gpt4o llama3.1 llama3.3 qwen2 qwen2.5:7b mixtral:8x7b mixtral:8x22b gemma2 gemma2:27b
original question 92.95% 100.00% 22.76% 87.80% 27.10% 75.34% 97.56% 100.00% 74.53% 38.75%
gpt35 84.28% 96.48% 21.95% 86.72% 40.92% 71.27% 98.10% 89.16% 89.16% 62.06%
gpt35 short 85.64% 94.31% 20.05% 86.72% 32.52% 71.54% 94.85% 90.79% 86.45% 55.83%
gpt4o 88.35% 98.92% 21.14% 84.28% 38.48% 71.54% 99.19% 96.21% 86.18% 51.22%
gpt4o short 85.09% 97.02% 22.49% 86.45% 34.96% 69.38% 97.83% 93.22% 82.93% 56.37%
llama3.1 80.76% 93.22% 20.33% 82.11% 34.69% 71.00% 94.85% 87.53% 82.11% 51.49%
llama3.1 short 72.63% 85.91% 19.78% 78.86% 32.52% 60.16% 86.72% 81.03% 77.78% 50.68%
qwen2 79.67% 95.66% 20.33% 74.80% 38.21% 70.73% 95.93% 88.35% 78.32% 41.73%
qwen2 short 72.09% 84.28% 18.16% 72.36% 35.23% 60.43% 89.16% 81.03% 76.42% 46.07%
qwen2.5:7b 79.67% 95.39% 21.14% 80.76% 35.50% 73.44% 94.58% 92.14% 82.38% 48.78%
qwen2.5:7b short 70.73% 84.01% 18.43% 75.07% 31.17% 64.23% 85.91% 78.59% 74.53% 48.51%
mixtral:8x7b 84.82% 95.93% 22.49% 82.93% 43.09% 74.25% 97.56% 93.77% 85.64% 49.32%
mixtral:8x7b short 84.01% 96.21% 21.41% 83.74% 38.21% 73.71% 98.10% 93.77% 85.91% 52.03%
mixtral:8x22b 83.20% 96.21% 21.95% 79.67% 39.57% 69.11% 97.83% 94.58% 83.47% 46.61%
mixtral:8x22b short 81.84% 88.89% 20.87% 88.62% 32.52% 68.29% 95.12% 91.60% 85.37% 46.88%
gemma2 84.28% 97.02% 22.49% 86.45% 36.59% 73.17% 97.83% 92.41% 85.09% 53.12%
gemma2 short 82.38% 92.14% 20.60% 88.35% 33.33% 71.27% 92.95% 89.97% 81.30% 53.39%
gemma2:27b 86.45% 96.75% 21.68% 83.20% 38.75% 70.46% 98.10% 92.14% 85.09% 54.20%
gemma2:27b short 79.95% 91.87% 20.60% 84.28% 36.31% 65.31% 94.04% 85.37% 79.40% 51.49%
Mean 82.04% 93.70% 20.98% 82.80% 35.77% 69.72% 95.06% 90.09% 82.21% 50.45%

Table 3: Detailed Answering Accuracy Results for QA Set OpenBookQA

Question Answered By
Rephrased By gpt35 gpt4o llama3.1 llama3.3 qwen2 qwen2.5:7b mixtral:8x7b mixtral:8x22b gemma2 gemma2:27b
original question 98.58% 99.76% 35.93% 95.27% 77.54% 92.91% 100.00% 100.00% 92.20% 76.83%
gpt35 95.04% 85.11% 35.70% 88.65% 74.70% 89.13% 95.98% 87.94% 90.31% 74.94%
gpt35 short 94.56% 80.61% 38.53% 88.18% 69.98% 89.83% 96.22% 91.02% 89.60% 74.00%
gpt4o 96.69% 89.36% 33.81% 89.83% 71.87% 91.25% 96.93% 95.04% 91.25% 73.29%
gpt4o short 96.45% 82.03% 39.24% 91.02% 74.23% 90.78% 95.98% 93.85% 91.96% 76.12%
llama3.1 94.56% 84.87% 32.86% 85.82% 73.52% 88.18% 94.09% 87.71% 91.25% 75.89%
llama3.1 short 89.83% 78.96% 36.88% 84.63% 66.90% 84.40% 90.78% 87.23% 87.94% 77.07%
qwen2 90.78% 90.78% 30.26% 87.00% 75.41% 85.34% 95.74% 89.36% 88.89% 72.81%
qwen2 short 90.31% 84.40% 34.04% 83.45% 71.39% 88.65% 95.51% 85.58% 89.13% 72.34%
qwen2.5:7b 93.62% 91.25% 31.68% 88.18% 72.81% 88.18% 96.22% 90.07% 91.73% 74.00%
qwen2.5:7b short 93.38% 81.80% 35.70% 84.16% 75.41% 89.13% 93.62% 87.23% 90.07% 75.41%
mixtral:8x7b 94.80% 91.25% 33.33% 88.89% 74.70% 90.54% 95.98% 92.91% 90.78% 74.70%
mixtral:8x7b short 95.27% 91.02% 32.62% 90.07% 76.36% 88.65% 95.98% 93.85% 90.78% 76.12%
mixtral:8x22b 93.62% 91.73% 30.97% 88.65% 73.76% 89.60% 96.45% 91.25% 90.31% 73.05%
mixtral:8x22b short 91.96% 78.72% 35.93% 85.58% 72.10% 88.42% 93.85% 89.83% 89.36% 74.94%
gemma2 95.27% 88.89% 33.81% 87.71% 70.45% 90.54% 95.27% 92.43% 91.02% 75.89%
gemma2 short 90.31% 77.54% 33.81% 89.60% 66.19% 84.87% 93.14% 91.02% 90.78% 78.96%
gemma2:27b 93.85% 87.47% 32.15% 88.89% 74.70% 89.13% 97.16% 89.13% 90.07% 77.07%
gemma2:27b short 93.62% 82.74% 35.70% 89.60% 65.96% 87.47% 93.85% 89.60% 91.25% 77.78%
Mean 93.82% 86.23% 34.37% 88.17% 72.53% 88.79% 95.41% 90.79% 90.46% 75.33%

Table 4: Detailed Answering Accuracy Results for QA Set CMU-Wiki-QA
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Question Answered By
Rephrased By gpt35 gpt4o llama3.1 llama3.3 qwen2 qwen2.5:7b mixtral:8x7b mixtral:8x22b gemma2 gemma2:27b
original question 95.45% 99.24% 24.49% 89.90% 79.04% 91.16% 100.00% 100.00% 91.41% 83.59%
gpt35 94.19% 94.70% 24.75% 88.38% 75.51% 85.10% 93.18% 93.18% 89.65% 81.57%
gpt35 short 89.14% 93.18% 21.97% 86.62% 71.21% 79.29% 89.90% 87.12% 83.59% 78.28%
gpt4o 94.19% 98.23% 25.25% 91.16% 78.79% 89.90% 97.98% 95.71% 91.16% 82.07%
gpt4o short 83.84% 82.32% 24.75% 80.56% 69.44% 75.25% 85.61% 78.28% 78.54% 73.99%
llama3.1 86.11% 84.85% 23.74% 77.78% 69.19% 75.51% 86.11% 76.01% 79.80% 78.03%
llama3.1 short 70.96% 64.90% 22.47% 69.70% 63.38% 62.12% 73.74% 60.35% 65.91% 71.21%
qwen2 82.07% 79.55% 23.74% 78.54% 69.95% 71.46% 82.58% 75.76% 83.84% 78.79%
qwen2 short 81.31% 75.51% 27.78% 73.74% 67.93% 71.21% 79.29% 68.18% 78.28% 76.77%
qwen2.5:7b 85.61% 86.62% 23.23% 83.59% 69.95% 74.49% 86.11% 74.24% 84.85% 79.29%
qwen2.5:7b short 68.69% 61.87% 24.24% 71.72% 58.84% 63.13% 70.71% 60.86% 66.92% 65.66%
mixtral:8x7b 93.18% 96.72% 24.24% 89.39% 73.74% 83.84% 92.42% 90.91% 88.13% 80.30%
mixtral:8x7b short 88.89% 92.17% 24.49% 85.61% 77.53% 79.80% 87.63% 86.11% 85.10% 79.55%
mixtral:8x22b 90.15% 92.93% 24.75% 86.62% 75.76% 78.54% 90.40% 85.10% 85.86% 82.83%
mixtral:8x22b short 80.56% 82.32% 26.01% 80.30% 68.43% 66.16% 80.05% 71.97% 76.77% 80.05%
gemma2 91.41% 95.20% 25.51% 87.37% 76.26% 81.57% 91.67% 86.87% 86.36% 79.29%
gemma2 short 80.56% 76.26% 21.72% 80.56% 62.12% 67.17% 81.06% 77.78% 76.26% 76.26%
gemma2:27b 93.18% 93.69% 26.01% 88.38% 74.75% 80.05% 89.14% 89.14% 86.11% 80.30%
gemma2:27b short 76.52% 76.77% 21.46% 79.55% 61.62% 66.67% 75.76% 67.93% 75.00% 74.75%
Mean 85.58% 85.63% 24.24% 82.60% 70.71% 75.92% 85.96% 80.29% 81.77% 78.03%

Table 5: Detailed Answering Accuracy Results for QA Set LHM-Dienstleistungen-QA

Question Answered By
Rephrased By gpt35 gpt4o llama3.1 llama3.3 qwen2 qwen2.5:7b mixtral:8x7b mixtral:8x22b gemma2 gemma2:27b
original question 97.20% 100.00% 21.91% 86.01% 48.72% 92.07% 92.07% 99.77% 87.18% 55.71%
gpt35 94.17% 93.01% 24.01% 90.21% 62.70% 88.81% 88.11% 80.19% 91.84% 69.00%
gpt35 short 90.68% 91.61% 28.21% 86.95% 55.48% 86.95% 78.32% 72.96% 89.28% 70.16%
gpt4o 96.97% 97.20% 24.94% 87.88% 57.58% 93.47% 91.84% 95.80% 88.58% 61.07%
gpt4o short 95.80% 97.67% 27.51% 92.07% 57.34% 93.01% 91.14% 93.01% 89.51% 67.83%
llama3.1 84.62% 80.65% 24.48% 73.89% 48.95% 79.02% 72.96% 67.83% 79.95% 63.87%
llama3.1 short 72.49% 71.79% 25.17% 73.66% 44.06% 69.23% 57.34% 50.12% 74.13% 62.47%
qwen2 90.21% 91.38% 24.94% 84.62% 60.84% 84.85% 79.02% 76.46% 87.88% 62.70%
qwen2 short 89.04% 89.98% 24.48% 86.95% 59.21% 87.18% 79.25% 67.37% 83.22% 70.40%
qwen2.5:7b 92.07% 93.71% 22.14% 89.51% 60.37% 92.54% 84.85% 78.79% 89.04% 68.07%
qwen2.5:7b short 86.71% 89.04% 26.57% 88.81% 52.91% 86.25% 75.99% 64.80% 87.41% 71.10%
mixtral:8x7b 85.78% 92.77% 23.54% 83.68% 57.34% 84.38% 80.42% 76.69% 85.78% 64.34%
mixtral:8x7b short 82.05% 89.51% 23.78% 83.22% 50.35% 81.82% 75.29% 71.10% 84.85% 63.17%
mixtral:8x22b 92.77% 92.07% 21.68% 84.85% 59.21% 88.34% 83.22% 82.98% 87.88% 63.17%
mixtral:8x22b short 91.38% 92.77% 24.48% 89.74% 54.08% 89.98% 78.09% 78.09% 89.51% 69.00%
gemma2 94.41% 96.04% 24.48% 88.34% 59.91% 89.98% 89.28% 83.45% 88.81% 65.97%
gemma2 short 88.34% 86.71% 23.78% 87.41% 50.12% 85.31% 75.76% 64.34% 86.01% 71.79%
gemma2:27b 93.01% 96.27% 24.94% 89.28% 57.34% 93.01% 87.18% 83.92% 89.28% 67.60%
gemma2:27b short 92.31% 93.24% 27.74% 88.81% 53.38% 88.11% 75.76% 72.96% 89.28% 71.33%
Mean 90.00% 91.34% 24.67% 86.10% 55.26% 87.07% 80.84% 76.87% 86.81% 66.25%

Table 6: Detailed Answering Accuracy Results for QA Set CMMLU
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Doc Set Model for
QA Gen-
eration

Context
Size

Mean
GPU
(MB)

Mean
Memory
(MB)

Mean
CPU Us-
age (%)

Mean
Elapsed
Time (sec-
onds/question)

Mean
Accuracy
(%)

it-tech-
doc

chatgpt35 300 5 162.68 0.00% 1.41 98.67%

it-tech-
doc

chatgpt35 600 5 162.68 1.33% 2.61 97.33%

it-tech-
doc

chatgpt35 900 5 162.69 0.67% 3.07 97.33%

it-tech-
doc

chatgpt35 1200 5 162.69 1.33% 5.08 96.67%

it-tech-
doc

chatgpt35 1500 5 162.71 1.33% 5.99 99.33%

it-tech-
doc

chatgpt4o 300 5 164.10 0.00% 1.06 96.67%

it-tech-
doc

chatgpt4o 600 5 164.10 1.33% 2.50 98.67%

it-tech-
doc

chatgpt4o 900 5 164.10 1.33% 3.91 94.67%

it-tech-
doc

chatgpt4o 1200 5 164.10 0.67% 4.48 93.33%

it-tech-
doc

chatgpt4o 1500 5 164.10 1.33% 7.28 93.33%

financial-
news

chatgpt35 300 5 161.54 2.33% 1.33 85.27%

financial-
news

chatgpt35 600 5 161.54 3.10% 2.71 83.72%

financial-
news

chatgpt35 900 5 161.54 0.00% 2.74 79.07%

financial-
news

chatgpt35 1200 5 161.54 0.78% 4.07 76.74%

financial-
news

chatgpt35 1500 5 161.55 2.33% 5.47 76.74%

financial-
news

chatgpt4o 300 5 164.83 2.00% 1.78 94.00%

financial-
news

chatgpt4o 600 5 164.83 0.67% 2.49 94.00%

financial-
news

chatgpt4o 900 5 164.83 0.67% 3.66 94.00%

financial-
news

chatgpt4o 1200 5 164.83 1.33% 4.53 90.67%

financial-
news

chatgpt4o 1500 5 164.83 1.33% 5.85 94.00%

Mean

300 5 163.29 1.08% 1.39 93.65%
600 5 163.29 1.61% 2.58 93.43%
900 5 163.29 0.67% 3.35 91.27%
1200 5 163.29 1.03% 4.54 89.35%
1500 5 163.30 1.58% 6.15 90.85%

Table 7: Accuracy, Resource and Time Consumption Across Varying Total Numbers of Questions in the Question
Catalog, with 150 Questions as QA Search Context and GPT4o as the Answering LLM
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Doc Set Model for
QA Gen-
eration

Context
Size

Mean
GPU
(MB)

Mean
Memory
(MB)

Mean
CPU Us-
age (%)

Mean
Elapsed
Time (sec-
onds/question)

Mean
Accuracy
(%)

it-tech-
doc

chatgpt35 30 5 161.53 0.00% 4.72 89.33%

it-tech-
doc

chatgpt35 50 5 161.53 2.00% 2.98 95.33%

it-tech-
doc

chatgpt35 100 5 161.53 0.67% 1.80 96.67%

it-tech-
doc

chatgpt35 150 5 161.53 2.67% 1.45 98.67%

it-tech-
doc

chatgpt35 300 5 161.55 4.67% 1.68 98.67%

it-tech-
doc

chatgpt4o 30 5 162.28 0.67% 3.43 96.00%

it-tech-
doc

chatgpt4o 50 5 162.28 0.67% 2.45 96.00%

it-tech-
doc

chatgpt4o 100 5 162.27 2.67% 1.44 98.00%

it-tech-
doc

chatgpt4o 150 5 162.27 1.33% 1.02 96.00%

it-tech-
doc

chatgpt4o 300 5 162.27 2.67% 0.80 99.33%

financial-
news

chatgpt35 30 5 161.38 0.00% 4.48 75.19%

financial-
news

chatgpt35 50 5 161.38 0.78% 2.23 77.52%

financial-
news

chatgpt35 100 5 161.38 2.33% 1.52 79.84%

financial-
news

chatgpt35 150 5 161.38 1.55% 1.40 86.05%

financial-
news

chatgpt35 300 5 161.39 0.78% 1.20 85.27%

financial-
news

chatgpt4o 30 5 162.34 0.67% 4.83 92.00%

financial-
news

chatgpt4o 50 5 162.34 5.33% 3.20 93.33%

financial-
news

chatgpt4o 100 5 162.34 1.33% 2.16 94.67%

financial-
news

chatgpt4o 150 5 162.34 3.33% 1.71 94.67%

financial-
news

chatgpt4o 300 5 162.34 1.33% 1.46 98.67%

Mean

30 5 161.88 0.33% 4.36 88.13%
50 5 161.88 2.19% 2.72 90.55%
100 5 161.88 1.75% 1.73 92.29%
150 5 161.88 2.22% 1.39 93.84%
300 5 161.89 2.36% 1.28 95.48%

Table 8: Accuracy, Resource and Time Consumption Across Varying Number of Questions Used as QA Search
Context, with 300 as Total Number of Questions in Question Catalog and GPT4o as the Answering LLM
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D Evaluation Results for Comparative Experiments

D.1 Evaluation Results for Comparing RAG and RAG + QA Search

Test Case
ID

Model for
QA Genera-
tion

Chunk Size If Rerank Model for
Answer
Generation

Mean Accu.
RAG

Mean Accu.
RAG + QA
Search

1 chatgpt35 200 TRUE chatgpt4o 79.33% 100.00%
2 chatgpt35 200 FALSE chatgpt4o 81.33% 100.00%
3 chatgpt35 400 TRUE chatgpt4o 82.00% 99.33%
4 chatgpt35 400 FALSE chatgpt4o 84.67% 100.00%
5 chatgpt35 200 TRUE llama3.3 77.33% 99.33%
6 chatgpt35 200 FALSE llama3.3 74.67% 99.33%
7 chatgpt35 400 TRUE llama3.3 78.67% 100.00%
8 chatgpt35 400 FALSE llama3.3 79.33% 100.00%
9 chatgpt4o 200 TRUE chatgpt4o 82.55% 97.99%
10 chatgpt4o 200 FALSE chatgpt4o 83.89% 98.66%
11 chatgpt4o 400 TRUE chatgpt4o 82.67% 99.33%
12 chatgpt4o 400 FALSE chatgpt4o 80.00% 100.00%
13 chatgpt4o 200 TRUE llama3.3 79.33% 99.33%
14 chatgpt4o 200 FALSE llama3.3 78.67% 97.33%
15 chatgpt4o 400 TRUE llama3.3 76.67% 98.67%
16 chatgpt4o 400 FALSE llama3.3 80.67% 99.33%

Mean 80.11% 99.29%

Table 9: Mean Accuracy for RAG vs. RAG + QA Search for Document Set it-tech-doc

Test Case
ID

Model for
QA Genera-
tion

Chunk Size If Rerank Model for
Answer
Generation

Mean Accu.
RAG

Mean Accu.
RAG + QA
Search

1 chatgpt35 200 TRUE chatgpt4o 84.00% 96.67%
2 chatgpt35 200 FALSE chatgpt4o 86.00% 98.00%
3 chatgpt35 400 TRUE chatgpt4o 88.67% 97.33%
4 chatgpt35 400 FALSE chatgpt4o 86.67% 98.00%
5 chatgpt35 200 TRUE llama3.3 80.67% 94.00%
6 chatgpt35 200 FALSE llama3.3 77.33% 93.33%
7 chatgpt35 400 TRUE llama3.3 80.67% 96.00%
8 chatgpt35 400 FALSE llama3.3 80.67% 96.00%
9 chatgpt4o 200 TRUE chatgpt4o 76.67% 98.00%
10 chatgpt4o 200 FALSE chatgpt4o 74.67% 96.00%
11 chatgpt4o 400 TRUE chatgpt4o 71.33% 96.00%
12 chatgpt4o 400 FALSE chatgpt4o 70.67% 96.67%
13 chatgpt4o 200 TRUE llama3.3 74.67% 97.33%
14 chatgpt4o 200 FALSE llama3.3 75.33% 97.33%
15 chatgpt4o 400 TRUE llama3.3 71.33% 98.00%
16 chatgpt4o 400 FALSE llama3.3 70.67% 98.00%

Mean 78.13% 96.67%

Table 10: Mean Accuracy for RAG vs. RAG + QA Search for Document Set financial-news
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D.2 Evaluation Results for Comparing QA Search and QA Search + RAG

Test Case ID Model for QA
Generation

Model for An-
swer Genera-
tion

Question Type Mean Accu.
QA Search

Mean Accu.
QA Search +
RAG

1 chatgpt35 chatgpt4o normal 93.29% 99.33%
2 chatgpt35 chatgpt4o original 100.00% 100.00%
3 chatgpt35 llama3.3 normal 99.33% 100.00%
4 chatgpt35 llama3.3 original 100.00% 100.00%
5 chatgpt4o chatgpt4o normal 90.00% 97.33%
6 chatgpt4o chatgpt4o original 100.00% 100.00%
7 chatgpt4o llama3.3 normal 98.00% 99.33%
8 chatgpt4o llama3.3 original 96.67% 99.33%

Mean 97.16% 99.42%

Table 11: Mean Accuracy for QA Search vs. QA Search + RAG for Document Set it-tech-doc

Test Case ID Model for QA
Generation

Model for An-
swer Genera-
tion

Question Type Mean Accu.
QA Search

Mean Accu.
QA Search +
RAG

1 chatgpt35 chatgpt4o normal 61.62% 91.92%
2 chatgpt35 chatgpt4o original 75.76% 97.98%
3 chatgpt35 llama3.3 normal 71.72% 96.97%
4 chatgpt35 llama3.3 original 75.25% 96.97%
5 chatgpt4o chatgpt4o normal 79.33% 94.00%
6 chatgpt4o chatgpt4o original 100.00% 100.00%
7 chatgpt4o llama3.3 normal 99.33% 99.33%
8 chatgpt4o llama3.3 original 100.00% 100.00%

Mean 82.88% 97.15%

Table 12: Mean Accuracy for QA Search vs. QA Search + RAG for Document Set financial-news
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D.2.1 Evaluation Results for Time and Resource Consumption
Table 13 and 15 list average elapsed time per user query, as well as GPU, CPU, and memory consumption
for the RAG approach for document sets it-tech-doc and financial-news, while Table 14 and 16 show the
same metrics for the QA Search approach.

Test
Case ID

Model
for QA
Genera-
tion

Chunk
Size

If
Rerank

Model
for An-
swer
Genera-
tion

Mean
GPU
(MB)

Mean
Memory
(MB)

Mean
CPU
Usage
(%)

Mean
Elapsed
Time
(sec-
onds/question)

1 chatgpt35 200 TRUE chatgpt4o 899.00 1,439.47 6.67% 9.64
2 chatgpt35 200 FALSE chatgpt4o 899.00 1,453.43 6.00% 9.65
3 chatgpt35 400 TRUE chatgpt4o 899.00 1,694.90 4.00% 9.84
4 chatgpt35 400 FALSE chatgpt4o 899.00 1,696.27 4.67% 9.93
5 chatgpt35 200 TRUE llama3.3 899.00 1,772.40 8.67% 13.76
6 chatgpt35 200 FALSE llama3.3 899.00 1,772.99 6.67% 12.57
7 chatgpt35 400 TRUE llama3.3 899.00 1,904.79 6.00% 15.38
8 chatgpt35 400 FALSE llama3.3 899.00 1,672.34 4.67% 15.64
9 chatgpt4o 200 TRUE chatgpt4o 899.00 1,787.59 8.67% 9.44
10 chatgpt4o 200 FALSE chatgpt4o 899.00 1,729.71 6.00% 9.47
11 chatgpt4o 400 TRUE chatgpt4o 899.00 1,799.73 7.33% 9.82
12 chatgpt4o 400 FALSE chatgpt4o 899.00 1,800.57 2.67% 9.63
13 chatgpt4o 200 TRUE llama3.3 899.00 1,860.98 3.33% 11.87
14 chatgpt4o 200 FALSE llama3.3 899.00 1,861.81 7.33% 11.79
15 chatgpt4o 400 TRUE llama3.3 899.00 1,803.70 7.33% 14.17
16 chatgpt4o 400 FALSE llama3.3 899.00 1,804.46 4.67% 14.25

Mean 899.00 1,740.95 5.92% 11.68

Table 13: Mean Resource & Time Consumption for RAG for Document Set it-tech-doc

Test Case
ID

Model for
QA Genera-
tion

Model for
QA Search

Mean GPU
(MB)

Mean Mem-
ory (MB)

Mean CPU
Usage (%)

Mean
Elapsed
Time (sec-
onds/question)

1 chatgpt35 chatgpt4o 6.00 160.29 3.36% 0.72
2 chatgpt35 llama3.3 6.00 160.60 1.34% 1.66
3 chatgpt4o chatgpt4o 6.00 161.02 1.00% 0.58
4 chatgpt4o llama3.3 6.00 161.68 2.67% 0.27

Mean 6.00 160.90 2.09% 0.81

Table 14: Mean Resource & Time Consumption for QA Search for Document Set it-tech-doc
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Test
Case ID

Model
for QA
Genera-
tion

Chunk
Size

If
Rerank

Model
for An-
swer
Genera-
tion

Mean
GPU
(MB)

Mean
Memory
(MB)

Mean
CPU
Usage
(%)

Mean
Elapsed
Time
(sec-
onds/question)

1 chatgpt35 200 TRUE chatgpt4o 899.00 1,973.38 6.98% 9.44
2 chatgpt35 200 FALSE chatgpt4o 899.00 1,974.33 3.88% 9.31
3 chatgpt35 400 TRUE chatgpt4o 899.00 1,832.66 5.43% 9.42
4 chatgpt35 400 FALSE chatgpt4o 899.00 1,833.28 3.10% 9.46
5 chatgpt35 200 TRUE llama3.3 899.00 1,870.54 3.10% 12.77
6 chatgpt35 200 FALSE llama3.3 899.00 1,871.24 6.20% 12.07
7 chatgpt35 400 TRUE llama3.3 899.00 1,983.69 5.43% 13.44
8 chatgpt35 400 FALSE llama3.3 899.00 1,984.38 7.75% 12.77
9 chatgpt4o 200 TRUE chatgpt4o 899.00 1,857.77 5.33% 9.31
10 chatgpt4o 200 FALSE chatgpt4o 899.00 1,858.87 11.33% 9.29
11 chatgpt4o 400 TRUE chatgpt4o 899.00 1,771.13 3.33% 9.38
12 chatgpt4o 400 FALSE chatgpt4o 899.00 1,688.79 4.00% 9.38
13 chatgpt4o 200 TRUE llama3.3 899.00 1,857.64 10.00% 11.79
14 chatgpt4o 200 FALSE llama3.3 899.00 1,846.05 4.00% 11.77
15 chatgpt4o 400 TRUE llama3.3 899.00 1,814.63 8.67% 12.61
16 chatgpt4o 400 FALSE llama3.3 899.00 1,815.73 4.67% 12.62

Mean 899.00 1,864.63 5.82% 10.93

Table 15: Mean Resource & Time Consumption for RAG for Document Set financial-news

Test Case
ID

Model for
QA Genera-
tion

Model for
QA Search

Mean GPU
(MB)

Mean Mem-
ory (MB)

Mean CPU
Usage (%)

Mean
Elapsed
Time (sec-
onds/question)

1 chatgpt35 chatgpt4o 6.00 162.10 2.00% 0.95
2 chatgpt35 chatgpt4o 6.00 162.44 2.00% 0.58
3 chatgpt35 llama3.3 6.00 162.61 2.00% 0.98
4 chatgpt35 llama3.3 6.00 162.61 2.00% 0.41

Mean 6.00 162.44 2.00% 0.73

Table 16: Mean Resource & Time Consumption for QA Search for Document Set financial-news
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Abstract

This study compares LLM pipelines for au-
tomated exercise generation in higher educa-
tion. We empirically compare two context
preparation methods (Sliding Window vs. Con-
cept Extraction) in combination with two in-
structional frameworks (Bloom’s Revised Tax-
onomy vs. Webb’s Depth of Knowledge).
Through a mixed-methods evaluation with 21
university course coordinators, we find that
Concept Extraction combined with Webb’s
Depth of Knowledge yields the highest ped-
agogical quality, especially for technical dis-
ciplines. While human oversight remains nec-
essary to mitigate out-of-scope hallucinations,
these pipelines serve as efficient drafting en-
gines for scalable, high-quality academic as-
sessments.

1 Introduction

Assessing student comprehension is a resource-
intensive bottleneck in higher education, where
manual exercise generation limits the availability of
personalized materials (U.S. Department of Educa-
tion and Office of Educational Technology, 2023).
While Large Language Models (LLMs) offer scala-
bility, their integration into domain-specific work-
flows requires addressing inherent limitations in
factual grounding and didactic depth (Bantsevich
et al., 2023). Furthermore, existing solutions fre-
quently require pre-structured data (e.g., XML),
struggling with the unstructured PDFs and slides
common in university environments (Nguyen et al.,
2022).

To bridge the gap between automated process-
ing and didactic validity, this study compares LLM
pipelines for transforming unstructured course ma-
terials into open-ended exercises. We empirically
compare two context preparation methods (Sliding
Window vs. Concept Extraction) and two instruc-
tional frameworks: Bloom’s Revised Taxonomy
(Anderson, 2009) and Webb’s Depth of Knowledge

(Webb, 2002). Through expert evaluations with
21 university course coordinators, we identify the
most pedagogically robust configuration for higher
education.

2 Related Work

The automation of educational assessments in-
volves three distinct challenges: technical genera-
tion, context processing, and pedagogical steering.

2.1 Automated Exercise Generation
Early automated question generation relied heav-
ily on rule-based Natural Language Processing
(NLP) or LSTM networks (Hochreiter and Schmid-
huber, 1997) to produce Multiple Choice Questions
(MCQs) and fill-in-the-blank exercises (Killawala,
Khokhlov, and Reznik, 2018; Ch and Saha, 2020,
2023). While efficient, these formats frequently
fail to assess higher-order cognitive skills, as se-
lecting predefined options primarily tests recog-
nition rather than the synthesis or evaluation of
novel structures (Stanger-Hall and Chudler, 2012).
The advent of Large Language Models (LLMs) en-
abled the generation of complex, open-ended tasks.
However, current pipelines often require intensive
manual curation per question (Lee et al., 2024) or
expensive fine-tuning (Duong-Trung et al., 2024) to
maintain didactic validity, limiting their scalability.

2.2 Context Preparation
Processing unstructured academic documents with-
out losing semantic integrity remains a bottleneck.
While static sliding windows are computationally
cheap, they risk fragmentation. Recent Retrieval-
Augmented Generation (RAG) architectures have
successfully reduced professional workloads by
80% in specialized domains like medicine through
hybrid vector search (An et al., 2025). Similarly,
Noorbakhsh et al. (2025) used concept extraction
for MCQs. However, the efficacy of these meth-
ods for generating deep, open-ended questions that
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preserve a document’s narrative arc remains under-
explored.

Beyond traditional RAG, recent advancements in
document-to-dialogue transformation, such as Dia-
logue Inpainting (Dai et al., 2022) and Book2Dial
(Wang et al., 2024), demonstrate the efficacy of
using LLMs to synthesize structured educational
interactions from textbooks. While our pipeline
is non-conversational, it shares the core challenge
of these methods: maintaining semantic grounded-
ness when transforming unstructured content into
pedagogically useful formats. We extend this line
of inquiry by focusing specifically on cognitive
complexity frameworks (Webb vs. Bloom) rather
than conversational flow.

2.3 Cognitive Frameworks in LLMs
To steer LLM outputs pedagogically, researchers
predominantly rely on Bloom’s Taxonomy (Maity,
Deroy, and Sarkar, 2025; Scaria, Dharani Chenna,
and Subramani, 2024). However, Bloom’s focus
on cognitive verbs (e.g., "Understand" vs. "Ap-
ply") can lead to inconsistent difficulty calibration
in automated pipelines. Webb’s Depth of Knowl-
edge (DOK), which categorizes tasks by cognitive
complexity rather than verbs, has shown theoretical
promise for technical LLM prompting (Yu et al.,
2025). Yet, it lacks a direct empirical comparison
against Bloom’s Taxonomy within an automated,
open-ended generation pipeline.

3 Methodology

We developed four automated question-generation
pipelines to evaluate two primary variables: context
preparation and cognitive framework. The system
processes unstructured course materials to gener-
ate open-ended exercises, while ensuring didactic
quality (Figure 1).

3.1 Pipeline Architecture
Documents (PDF, DOCX, PPTX) are summarized
and converted to Markdown via pymupdf4llm
(GNU AGPL-3.0) and segmented into 1500-
character chunks with 100-character overlap us-
ing recursive chunking. All LLM tasks, including
summarization, concept extraction, and question
generation, utilize GPT-5-mini (OpenAI, 2025) due
to its cost-efficiency. We compare two methods:

Sliding Window. Provides the target chunk plus
three preceding and three succeeding chunks to the
LLM.

Figure 1: End-to-end implementation flowchart illustrat-
ing the parallel Sliding Window and Concept Extraction
architectures, tracking the transformation of raw course
material into structured JSON output.

Concept Extraction (RAG). The LLM extracts
up to three concepts per chunk using a concept
extraction prompt (Appendix A). It uses Qwen3-
Embedding-0.6B model (Zhang et al., 2025) to cal-
culate vector representations and retrieves the three
most relevant chunks for each concept via cosine
similarity: sim(A,B) = (A ·B)/(∥A∥∥B∥).

3.2 Cognitive Frameworks & Generation
We map Bloom and Webb levels to four difficulty
tiers from 1 (simple) to 4 (complex), based on Hess’
Cognitive Rigor Matrix (Hess et al., 2009), result-
ing in four configurations (Table 1).

Bloom Webb

Sliding Window Pipeline 1 Pipeline 2
Concept Extraction Pipeline 3 Pipeline 4

Table 1: Evaluated Pipeline Combinations

The system prompt aligns specific verbs and task
structures based on the Bloom and Webb levels.
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To maximize output quality, the system prompt
(Appendix B) also incorporates:

Single-Pass Generation with Chain-of-Thought.
The model receives a "planning step" instruction,
forcing it to outline how each cognitive level will
be addressed before generating the final questions.

Few-Shot Learning. Three diverse examples and
two negative examples are provided to stabilize
the output structure (e.g., JSON formats). Positive
examples span diverse disciplines (statistics, biol-
ogy, history), while negative examples demonstrate
handling non-testable content (table of contents,
boilerplate).

Didactic Constraints. Instructions require the
use of active voice, concrete language, and real-
istic scenarios to align with authentic assessment
principles (Villarroel, Bloxham, Bruna, Bruna, and
Herrera-Seda, 2018; Morrison, Ross, Morrison,
and Kalman, 2019).

To maintain low operational costs, we imple-
mented prompt caching for repeated prefix tokens,
significantly reducing input expenses for large doc-
ument batches.

3.3 Evaluation Design
A mixed-methods approach was used to validate
the pipelines. The technical evaluation tracked pro-
cessing time and token usage (cost) per generated
set.

For the qualitative evaluation, we conducted a
survey with 21 educational course coordinators (ex-
perts) across seven engineering and science insti-
tutes at the Lucerne University of Applied Sciences
and Arts (HSLU). Each expert reviewed 20 gener-
ated questions based on their own course materials,
covering all six levels of Bloom’s Taxonomy and
all four levels of Webb’s DOK across the parallel
architectures.

To prevent bias, the pipelines were blinded and
randomized for each difficulty level. Participants
ranked the output from 1 (best suited) to 4 (least
suited). The data was analyzed using a pairwise
win-rate method to handle ties, supplemented by
qualitative feedback synthesized via Gioia’s Data
Structure to assess linguistic clarity and practical
utility (Gioia et al., 2013). Additionally, the suit-
ability of the extracted concepts and the usability
of the generated questions were rated on a scale
from 1 (unfit or disapproval) to 5 (fit or approval).

4 Results

We analyzed 84 question sets across 21 courses and
4 configurations to evaluate operational efficiency
and pedagogical quality.

4.1 Operational Efficiency: Time and Cost
The Sliding Window approach is significantly
faster, completing a question set in an average of
232 seconds, compared to 399 seconds for Concept
Extraction.

Generating a complete question set costs an av-
erage of $0.045 using the Sliding Window method
and $0.053 with Concept Extraction. Because the
initial document markdown conversion and sum-
mary generation are one-time operations, subse-
quent question sets from the same document drop
to approximately $0.04. The choice of cognitive
framework did not affect time or cost significantly.

While high-cost reasoning and output tokens ac-
counted for 80% of the total expense, cached input
tokens represented 31% of the total token volume
but only 4% of the input cost, effectively reducing
initial input expenses by 27%.

4.2 Quantitative Survey Results
The pairwise win-rate analysis of the 21 educa-
tional course coordinators’ rankings identified pref-
erences regarding both variables.

Cognitive Frameworks. Webb’s DOK outper-
formed Bloom’s Revised Taxonomy by a 6% mar-
gin overall. Bloom’s Taxonomy suffered from
inconsistent difficulty calibration, particularly be-
tween the "Understand" and "Apply" levels, mak-
ing Webb’s DOK the more reliable instruction set
for the LLM.

Context Preparation. Concept Extraction was
favored over the Sliding Window approach by a 2%
margin overall. However, this preference widened
significantly for higher-difficulty questions and
technical or mathematics-focused subjects. This in-
dicates that while the Sliding Window is sufficient
for general subjects, the targeted structural depth
of Concept Extraction is necessary for complex dis-
ciplines. Figure 2 (left) shows, when evaluated as
complete units, Concept Extraction combined with
Webb’s DOK emerged as the superior configura-
tion.

Usability. The underlying technology was highly
rated, with extracted concepts scoring 4.18 out of 5
for suitability. However, practical classroom adop-
tion hinges on the evaluation process. Lecturers
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Figure 2: (Left) Pairwise win-rates across difficulty levels (1: simple, 4: complex), showing the dominance of
Concept Extraction with Webb’s DOK (CE+Webb). (Right) Lecturer usability ratings (1: unfit/disapproval, 5:
fit/approval) for automated vs. manual evaluation.

reported a high willingness to use the generated
questions if paired with human-equivalent auto-
mated grading (3.73/5). If manual grading is re-
quired, usability drops significantly (3.30/5), with
mathematics coordinators explicitly leaning toward
non-adoption. The histograms are shown in Fig-
ure 2 on the right.

4.3 Qualitative Insights
A thematic synthesis of coordinator feedback re-
vealed four core constraints:

Content Alignment and Scope Accuracy. Mod-
els "hallucinated" external concepts or prioritized
peripheral examples over core lecture boundaries.
Technical courses specifically lacked necessary
quantitative calculation tasks.

Linguistic and Structural Logic. Participants
noted issues with internal consistency, citing am-
biguous prompts and "self-answering" questions.
They strictly distinguished between genuine cogni-
tive difficulty and mere textual complexity.

Pedagogical Appropriateness and Difficulty Cal-
ibration. Rankings were sometimes perceived as
inconsistent or inverted relative to student semester
levels. The system excelled at basic reproduction
but often required manual intervention for higher-
order transfer tasks.

Practical Utility, Acceptance, and Integration.
The tool is viewed as a drafting engine rather than
an autonomous examiner. High acceptance is con-
tingent on a workflow where educators manually
filter and adapt the output.

5 Discussion and Conclusion

Our findings establish that Concept Extraction com-
bined with Webb’s Depth of Knowledge (Pipeline

4) yields the highest pedagogical quality, particu-
larly for technical disciplines.

5.1 Didactic and Technical Implications
A major contribution of this work is the empirical
comparison between cognitive frameworks. While
previous research heavily relies on Bloom’s Tax-
onomy, our results indicate that Webb’s DOK is
more effective for LLM instruction. Bloom’s cog-
nitive processes (e.g., "Understand" vs. "Apply")
have overlapping difficulty curves that confuse the
LLM, leading to inconsistent outputs. Conversely,
Webb’s focus on task complexity provides clearer
constraints for generation.

Technically, the study proves that processing un-
structured documents (PDFs, DOCX) does not re-
quire computationally expensive machine-learning
segmentation. Rule-based recursive chunking,
paired with concept extraction, provides sufficient
semantic context. Furthermore, by utilizing prompt
caching with GPT-5-mini, the pipeline achieves an
operating cost of roughly $0.05 for the first ques-
tion set.

5.2 Limitations and Domain Friction
Despite these successes, qualitative feedback re-
vealed clear domain-specific limitations. We identi-
fied a distinct friction between the LLM’s inherent
"Scientific Logic" (linear causality) and the "De-
sign Logic" (associative, non-linear thinking) re-
quired in creative disciplines.

Furthermore, the current text-only ingestion
model severely limits utility in mathematics and
engineering, where visual data (diagrams, technical
drawings) carries critical meaning. Finally, while
the LLM successfully generated complex questions,
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it frequently exhibited "focus misalignment," hallu-
cinating factually correct external information that
fell outside the specific boundaries of the course’s
learning objectives.

Additionally, we acknowledge that the qualita-
tive rankings assigned to the outputs remain inher-
ently subjective and reflect specific expert perspec-
tives. Future work should incorporate controlled
ablation studies to isolate the impact of individual
pipeline components, as well as cross-lecturer eval-
uations to establish inter-rater reliability. Further-
more, while effective, the RAG workflow requires
further refinement to strictly bound context and
mitigate hallucinated content.

5.3 Conclusion
Modern Large Language Models function as highly
effective drafting engines, drastically reducing the
time required to overcome "writer’s block" when
designing university assessments. However, they
are not yet capable of fully autonomous, exam-
ready generation.

The integration of automated question genera-
tion shifts the educator’s role from content creator
to curator. A "human-in-the-loop" workflow re-
mains strictly necessary to verify content bounds,
filter hallucinations, and adapt the cognitive logic to
specific disciplines. Future research should priori-
tize the integration of Multimodal LLMs to process
visual lecture data and explore interactive interfaces
that allow instructors to enforce specific constraints,
such as calculation-only tasks, in real-time.
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A Concept Extraction System Prompt

Below is the complete system prompt utilized for the Concept Extraction (Pipeline 3 and Pipeline 4).

System Prompt: Concept Extraction

Role: You are a precise concept extractor for higher-education assessment design.
Goal: From a single document *chunk* and the document’s overall *topic* and *summary*, return up to 3 short,
domain-specific concepts that are actually explained in the chunk. Output ONLY a list of strings.
Inputs you will receive
• topic: overall document topic
• summary: brief outline of the whole document
• chunk: the passage to analyze
Output
• EXACTLY one list of strings (e.g., ["term A","term B"]). No prose, no keys, no trailing text.
• If no suitable concepts: ["no concepts found"].
Selection rules
1. Relevance to topic: choose concepts that fit the overall topic/summary.
2. Grounding in the chunk: the concept must be *explained/addressed* in the chunk (definition, properties, mechanism,

role). If merely named/passed in passing → exclude.
3. Specificity: exclude generic terms that could belong to many fields (e.g., "model", "system", "process", "data",

"method").
4. Ambiguity: avoid ambiguous one-word terms. Add a minimal qualifier to disambiguate (e.g., "financial bank" vs

"river bank"). Use qualifiers already present or clearly implied by topic/summary/chunk.
5. Language: concepts must be in the SAME language as the chunk.
6. Length: each concept < 3 words (1–2 words). Hyphenated counts as one word (e.g., "cap-and-trade").
7. Deduplicate: remove duplicates and near-duplicates (e.g., singular/plural, trivial adjective variants).
8. Max 3: if more than 3 candidates, pick the best 3 by: (a) explained depth in chunk, (b) specificity, (c) alignment with

topic.
Exclusions
• Boilerplate (licensing, acknowledgements, bio, parser artifacts, navigation).
• Concepts not relevant to the overall topic.
• Vague/generic or purely functional words (e.g., “introduction”, “overview”, “results”).
• Items requiring external knowledge not supported by the chunk.
Edge cases
• If the chunk is boilerplate OR lacks relevant/explained concepts → return ["no concepts found"].
• If only numbers, references, figure captions without explanation → ["no concepts found"].
Disambiguation heuristic (when needed): If a candidate term is plausibly polysemous across domains, prepend the
minimal domain qualifier naturally present in topic/summary/chunk (e.g., "enzyme kinetics" → "Michaelis–Menten"
ok; "bank" under finance → "financial bank").
Formatting: Return ONLY the list. No backticks, no commentary.
Disambiguation heuristic (when needed): Before returning the list, **pause and evaluate** each candidate concept:
• Is it *too generic* or transferable to many unrelated fields? → Remove.
• Can it reasonably support **higher-order assessment tasks** (e.g., Bloom’s *Create* or Webb’s *Level 4*) such as

designing, critiquing, integrating, or evaluating within its domain?
• Is it clearly *domain-specific* (understood only within this field)?
• If a concept fails any of these checks, exclude it or replace it with a more specific one mentioned in the chunk.
• If no valid concepts remain after this check → ["no concepts found"].
Examples
Chunk:
Both instruments price carbon but differ in control variable. A carbon tax fixes price per ton (t); emissions float, giving
cost certainty and simpler administration. Cap-and-trade fixes a total emissions cap (Q); price floats via allowance
markets, giving quantity certainty aligned to a target. Design choices matter: coverage scope, point of regulation
(upstream fuel suppliers vs downstream emitters), revenue use (rebates/dividends to address regressivity), leakage
safeguards (border adjustments), and volatility controls (price floors/ceilings, banking/borrowing). With uncertain
abatement costs, taxes minimize cost variance; with steep damage curves, caps better ensure quantity. Hybrid designs
(cap with price collar) blend both. Ethical evaluation considers intergenerational equity, distributional impacts on
low-income households, and global fairness.

OUTPUT:
["carbon tax", "cap-and-trade", "emissions cap"]

Chunk:
A mitochondrion is a small structure inside a cell that produces the energy the cell needs to live and grow. It has
two layers that surround it, and the inner layer is folded to make space for many reactions. Inside, food is gradually
broken down, and energy is stored in special molecules the cell can use later. Each mitochondrion has a small amount
of its own material for making some of its parts. Cells that need much energy contain many of these structures. If
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mitochondria stop working well, the cell receives less energy and may not function properly.

OUTPUT:
["mitochondrion"]

Chunk:
All rights reserved. © 2023 Academic Press. This digital version is provided for personal study use only. Redistribution,
reproduction, or posting to public servers is prohibited without written permission from the publisher. Downloaded
from www.academic-ebooks.com on 14 Oct 2024, 09:32 UTC.

OUTPUT:
["no concepts found"]

B Webb’s DOK System Prompt

Below is the complete system prompt utilized for the Webb’s Depth of Knowledge pipelines (Pipeline 2
and Pipeline 4).

System Prompt: Webb’s DOK

Role: You are an experienced higher-education instructor generating assessment questions from course material snippets.
Inputs you will receive
• A summary of the overall topic and outline.
• Multiple chunks of markdown text as context.
• One focus chunk/concept: you must base all questions on this chunk/concept.
• A chosen framework: Webb’s Depth of Knowledge
DOK 1 — Recall & Reproduction
• Intent: Retrieve/perform exactly what’s stated; no transformation.
• Design rules: Ask for facts, simple procedures, or one-step algorithms present in the context. No reasoning, no “why,”

no multi-step decisions.
• Stems: “Define. . . ”, “List. . . ”, “Identify. . . ”, “Compute . . . using the formula shown. . . ”, “Label. . . ”, “Recall. . . ”
• Answer: Single fact, term, or one-step calculation copied/applied directly from the context.
DOK 2 — Skills & Concepts
• Intent: Make a basic decision, organize, or explain relationships; 2–3 steps.
• Design rules: Require selection of a method, classification, simple inference, or summarization from the context.

Limited reasoning across a small set of ideas; still routine and well-defined.
• Stems: “Classify . . . according to . . . ”, “Summarize. . . ”, “Organize the data from the text into . . . ”, “Explain the

difference between . . . and . . . ”, “Select the appropriate procedure and show steps.”
• Answer: Short explanation, table, or multi-step working showing method choice and result grounded in the text.
DOK 3 — Strategic Thinking
• Intent: Justify choices, analyze multiple possibilities, or solve non-routine problems.
• Design rules: Provide an open-ended task with more than one plausible approach; require justification with textual

evidence or data. Ask for reasoning about assumptions, trade-offs, or cause-effect chains.
• Stems: “Given constraints X, which approach is best and why?”, “Develop and justify a solution strategy for. . . ”,

“Analyze how A influences B and defend your reasoning.”, “Critique the argument using evidence from the passage.”
• Answer: Reasoned argument or solution path + evidence from the context; may include calculations/diagrams, but

scoring hinges on justification.
DOK 4 — Extended Thinking
• Intent: Synthesize across sources/time; design, investigate, or evaluate over multiple steps with iteration.
• Design rules: Require planning, integrating multiple parts of the context (or provided datasets), and reflecting on

limitations. Deliverable is a product/study/model with criteria and evaluation.
• Stems: “Design and justify a comprehensive plan/model that . . . (include criteria, constraints, and evaluation).”,

“Conduct an investigation using the provided materials: plan, execute, analyze, and conclude.”, “Propose and defend a
multi-phase solution; discuss risks and validation.”

• Answer: Coherent artifact/plan/report showing integration, execution steps, results, and reflection on validity/limits—
explicitly tied to the provided materials.

Workflow
1. Screen the focus chunk for suitability. If it is not useful for question generation, output:

{"content":"not suitable content"}

Treat the focus chunk as not useful if it consists primarily of any of the following categories:
• Licensing or legal boilerplate.
• Instructor bio or administrivia (office hours, contact info, schedules, grading rules, policies).
• Navigation or parser artifacts (HTML leftovers, markup fragments, irrelevant metadata).
• Table of contents, headings-only outlines, or section-title lists without explanations.
• Learning objectives or intended learning outcomes that state what students should be able to do but do not

actually explain concepts, definitions, processes, or examples.
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• Course descriptions and logistics rather than subject matter.
• Empty or near-empty text.
Proceed only if the focus chunk contains at least one of these:
• A definition of a concept or term.
• An explanation of a mechanism, process, or relationship.
• A worked example or concrete scenario.
• A formula, algorithm, or procedure.
• Explicit factual statements that the learner must know.
If none are present, you must return: {"content":"not suitable content"}

2. Plan integration. Draft a concrete plan that maps each framework level to an appropriate question type grounded in
the focus chunk. All questions must be based on the same thing, even if there are multiple so select from in the focus
chunk.

3. Validate the plan. Ensure each planned question genuinely exercises the intended task complexity for its level. If
any mismatch, revise the plan before generating.

4. Generate exactly one question and its answer for each framework level, in a single pass, all based on the focus
chunk while being consistent with the broader summary/outline and without referencing the provided material, as
students will not have access to it.

Guidelines
• Language: Use the same language as the provided chunks.
• Self-containedness: Each question must be fully answerable on its own. Assume students do not have access to the

original course material; include all context or data necessary to understand and answer the question directly.
• Context integration: Incorporate the relevant context from the provided text when it supports the question’s intent.

If the original context is too narrow, abstract, or unsuitable, create a new but plausible context that preserves the same
core concept or principle.

• Realism: Place the student in a plausible context that requires decisions and judgment.
• Contextualization: Apply knowledge thoughtfully, but avoid excessive narrative that obscures transferable principles.
• Problematization: Give a purpose beyond classroom settings (e.g., client, employer, colleague needs).
• Prefer concrete over abstract wording to aid visualization.
• Use active voice and directly address the learner with “you/your.”
• Keep terminology consistent across levels.
• Do not reference any external artefacts such as lists, tables, figures, diagrams, headings, or sections unless they are

fully reproduced inside the question. Avoid phrases like “wie in der Liste angegeben” or “gemäss der Tabelle”. If
specific items are needed, include them explicitly in the question or phrase the question so that no external artefact is
required.

• If you reference facts that need support, incorporate them only if they are evident from the provided materials;
otherwise avoid unverifiable claims.

• Do not treat learning objectives, TOC entries, or course-logistics text as subject matter. If the focus chunk
contains only these meta elements and no actual concepts, definitions, explanations, examples, or procedures,
return {"content":"not suitable content"}.

• Independence: Each question must stand alone. Do not reference any other question, answer, level, or previously
stated scenario. Provide all required context within the question itself.

Output format
• Output a single valid JSON object (double quotes for all keys and strings, replace line breaks inside strings with “\n”).

No explanations, no code fences, no extra text.
• Primary schema (hierarchy: content → level → question/answer):
{

"content": {
"DOK 1": { "question": "string", "answer": "string" },
"DOK 2": { "question": "string", "answer": "string" }
/* ... continue for all levels , ordered low to high */

}
}

Quality checks before finalizing
• Each question is answerable from the focus chunk/concept (use the summary/outline only for alignment and

phrasing, not for introducing new facts).
• Each question clearly targets its level’s requirement.
• The provided text is not directly referenced (no mentions such as “in the text,” “according to the passage,” or “as

described above”), since students will not see the original material.
• The context is coherent and self-sufficient — it either draws naturally from the provided text or introduces a new,

plausible scenario that preserves the same underlying concept.
• Confirm that the focus chunk contained substantive subject matter (definitions, explanations, examples, proce-

dures, or factual content). If the focus chunk contains only learning objectives, TOC entries, administrative
text, or other meta material, the output must be {"content":"not suitable content"} instead of questions.

• Confirm that no question depends on information introduced in another question or answer. Each item must be
fully solvable in isolation with all necessary data contained in that one prompt.

Examples
1. Introductory Statistics — A/B Testing with Difference in Proportions
In online experiments, we often compare conversion in variant B vs control A. Let pA and pB be true conversion rates;
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estimates are p̂A = xA/nA, p̂B = xB/nB . The effect size is the risk difference ∆ = p̂B − p̂A. Under large samples,

SE(∆) =

√
p̂A(1− p̂A)

nA
+

p̂B(1− p̂B)

nB

A 95% CI is ∆± 1.96 · SE(∆). For hypothesis testing H0 : pA = pB , use a pooled rate p̂ = (xA + xB)/(nA + nB)
and

SE0 =

√
p̂(1− p̂)

(
1

nA
+

1

nB

)

Then z = ∆/SE0. Report effect size, uncertainty (CI), and practical significance (e.g., expected revenue lift), not
just p-values. Guard against peeking (inflated Type I error), unequal sample ratios, and seasonality; pre-register the stop
rule and success metric.
{

"content": {
"DOK 1": {

"question": "Define the risk difference Delta between variant B and control A using sample conversion
rates x_A/n_A and x_B/n_B.",

"answer": "Delta = (x_B/n_B) - (x_A/n_A)."
},
"DOK 2": {

"question": "You run an A/B test with A: x_A=500, n_A =10 ,000 and B: x_B=560, n_B =10 ,000. Compute the 95%
confidence interval for the risk difference. Show your steps.",

"answer": "p_hat_A =500/10 ,000=0.050; p_hat_B =560/10 ,000=0.056; Delta =0.056 -0.050=0.006. SE(Delta)
=0.003168. 95% CI: 0.006 +/- 1.96*0.003168 => ( -0.00021 , 0.01221)."

},
"DOK 3": {

"question": "A product manager asks whether B beats A at alpha =0.05. Choose the appropriate significance
test for H_0: p_A=p_B and justify your choice. Compute the test statistic and decision.",

"answer": "Use the pooled two -proportion z-test because H_0 assumes equal rates. p_hat =0.053. SE_0
=0.0031683. z=0.006/0.0031683 ~ 1.89 => two -sided p ~ 0.058. Decision at alpha =0.05: fail to reject
H_0."

},
"DOK 4": {

"question": "Design and justify a plan that: (1) defines the success metric , (2) prevents peeking , (3)
handles sample ratio and seasonality risks , and (4) specifies how you will report results.",

"answer": "Plan: (1) Metric: risk difference Delta. (2) Peeking: fixed -horizon stop rule. (3) Target 1:1
allocation; run over full weekly cycles. (4) Estimate Delta and 95% CI; test H_0 using pooled p_hat;
report Delta , CI, p-value , and expected lift."

}
}

}

2. Cell Biology — Michaelis–Menten Enzyme Kinetics
Many enzymes obey v = Vmax[S]

Km+[S]
. Vmax is the maximal rate when active sites are saturated; Km is the substrate

concentration at half-maximal rate and reflects apparent affinity. At [S] ≪ Km, rate is first-order (v ≈ Vmax
Km

[S]);
at [S] ≫ Km, zero-order (v ≈ Vmax). Competitive inhibitors raise the apparent Km without changing Vmax;
noncompetitive lower Vmax without changing Km. Turnover number kcat = Vmax/[E]T ; catalytic efficiency
kcat/Km compares enzymes near diffusion limits. Avoid overinterpreting Lineweaver–Burk (1/v vs 1/[S]) due to
error magnification; use nonlinear regression for parameter estimation.
{

"content": {
"DOK 1": {

"question": "Define K_m in Michaelis -Menten kinetics.",
"answer": "K_m is the substrate concentration at which the reaction rate v equals one -half of V_max."

},
"DOK 2": {

"question": "You study an enzyme with V_max = 120 uM/min and K_m = 30 uM. Compute the approximate rate
and identify the kinetic order for (a) [S] = 3 uM and (b) [S] = 300 uM.",

"answer": "(a) [S] << K_m -> v ~ (V_max/K_m)[S] = (120/30) *3 = 12 uM/min; first -order. (b) [S] >> K_m ->
v ~ V_max = 120 uM/min; zero -order."

},
"DOK 3": {

"question": "An enzyme has V_max =100 and K_m =20. A noncompetitive inhibitor halves V_max to 50 with K_m
unchanged. At [S]=200, which choice yields the largest increase in rate: (A) increase [S] fivefold ,
(B) double [E]_T, or (C) add a competitive inhibitor? Justify.",

"answer": "Choose (B) double [E]_T. With [S] >> K_m , v ~ V_max. Noncompetitive inhibition lowers V_max ,
so raising [S] (A) has negligible effect. Increasing [E]_T restores V_max. Adding a competitive
inhibitor (C) raises K_m without changing V_max , which does not help at high [S]."

},
"DOK 4": {

"question": "Design and justify a plan to estimate V_max , K_m , and catalytic efficiency (k_cat/K_m) for
an enzyme +/- inhibitor.",

"answer": "Plan: (1) Collect initial -rate data v at >=8 substrate concentrations. (2) Fit v = (V_max[S])
/(K_m + [S]) by nonlinear regression. (3) Compute k_cat = V_max/[E]_T. (4) Diagnose inhibitor type.
(5) Validate with residual plots."

}
}

}

3. Negative Examples (Filtering Unsuitable Content)
Input (Copyright/Legal): All rights reserved. ©2023 Academic Press. This digital version is provided for personal study
use only. Redistribution, reproduction, or posting to public servers is prohibited without written permission from the
publisher.
{"content":"not suitable content"}

Input (Logistics): Welcome to Introduction to Organizational Behavior (BUS 201). I’m Dr. Jane Smith, and this semester
we’ll explore how individuals and groups interact within organizations. Please note that attendance is mandatory for all
workshops.
{"content":"not suitable content"}
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C Concept Extraction + Webb’s DOK Example Output

The input document outlined a higher-education course on Supply Chain Management (SCM) focusing on
planning horizons, demand forecasting methods, and capacity management. It details technical execution
processes including Sales and Operations Planning (S&OP), Bill of Materials (BoM) explosion, and the
algorithmic logic of Material Requirements Planning (MRP). Full input examples are left out due to
length. The following output is based on one extracted concept from the document:

Example Output: CE + Webb’s DOK

DOK 1 Define Sales & Operations Planning (S&OP) in one sentence. Your definition should state who devel-
oped it, its primary purpose, the typical planning horizon, how often it is reviewed, and what it aligns operational plans to.

DOK 2 Organize the following activities into the S&OP governance functions. The S&OP governance functions are:
Demand (Sales & Marketing), Supply (Operations & SCM), New Activities (Product Management), Finance. For each
activity indicate which function owns it:
1. Produce a 12-month rolling demand forecast in units.
2. Set monthly production quantities and plant-level output to meet the plan.
3. Prioritize and schedule resources required for a new product launch.
4. Translate the agreed volume plan into monthly revenue and budgeted costs in currency.

DOK 3 You are the S&OP lead at a mid-sized manufacturer. Sales proposes an optimistic 18-month ramp; Finance
insists on a conservative volume for the budget; Operations warns that any capacity expansion requires a 12-month lead
time. Using S&OP principles — it balances demand and supply, is an executive decision-making process, covers a
mid-term horizon up to 24 months and is reviewed monthly, and aligns operational plans to financial plans (volumes in
units and currency) — choose between these options and justify your recommendation:
1. Adopt Finance’s conservative budget now and set supply to that lower volume.
2. Adopt Sales’ optimistic forecast and initiate capacity expansion immediately.
3. Run a cross-functional reconciliation to produce a consensus S&OP plan, surface remaining trade-offs and risks to

the executive S&OP meeting for a decision, and update monthly as data arrives.
Which option do you choose? Provide (1) your chosen option and rationale, (2) three concrete S&OP steps you will
execute in the next month to reconcile the views, and (3) the key data you will bring to the executive meeting to enable a
clear decision.

DOK 4 Design and justify a 12-month implementation plan to establish a formal S&OP process at a mid-size
manufacturer that currently plans in functional silos. The S&OP must balance demand and supply, function as executive
decision-making, and align operational plans (volumes in units) with financial plans (currency) over a mid-term horizon
(up to 24 months). Your plan must specify:
1. Governance and roles (who owns S&OP, who attends the executive S&OP meeting).
2. A month-by-month rollout timeline with the main milestones for months 1–12.
3. The monthly meeting cadence (types of meetings, their purpose, typical inputs and outputs).
4. Minimum data and deliverables required each month to align volumes to financials.
5. Five KPIs to evaluate S&OP performance and how often you will review them.
6. Three likely implementation risks and your mitigation measures.
Justify how your design applies the core S&OP principles (executive decision-making, balance demand/supply, mid-term
horizon, monthly review, alignment to financials).
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Abstract

This work explores the optimization of Large
Language Models (LLMs) for the task of gen-
erating SQL queries from natural language
(NL2SQL), a critical capability for democra-
tizing access to domain-specific data. While
recent benchmarks show promising results for
LLMs, deployment in real-world analytical pro-
cessing requires strict adherence to SQL gram-
mar, deep domain understanding, and robust-
ness against out-of-scope queries. We present
a comprehensive study evaluating three stages
of optimization: (1) advanced prompting strate-
gies including Chain-of-Thought and multi-
turn conversational handling; (2) constrained
decoding to enforce syntactic validity; and
(3) Reinforcement Learning with AI Feedback
(RLAIF). We specifically compare Proximal
Policy Optimization (PPO), Direct Preference
Optimization (DPO), and Odds Ratio Prefer-
ence Optimization (ORPO) using a novel re-
ward modeling approach based on execution
and semantic principles. Our results reveal that
while standard PPO suffers from reward spar-
sity and catastrophic collapse on 7B models,
monolithic alignment via ORPO scales effi-
ciently to 20B parameter models. This provides
a stable alternative to expensive inference-time
scaling, offering a highly reproducible, single-
pass pipeline for adapting open-weights mod-
els to complex data environments, serving as a
low-latency alternative to agentic systems.

1 Introduction

The transformation of Natural Language Queries
(NLQs) into Structured Query Language (SQL) is a
pivotal challenge in data management. It promises
to simplify database interactions for non-technical
users, democratizing access to data-driven insights.
As conversational agents become central to busi-
ness intelligence, the ability to reliably converse
with data warehouses without knowledge of SQL

*Work done while at IBM Research Switzerland.

syntax is increasingly critical (Li et al., 2023a).
Achieving this vision of robust Conversational Data
Analytics (CDA) requires a paradigm shift towards
systems that can consistently produce verifiable an-
alytical insights through dynamic natural language
interfaces (Amer-Yahia et al., 2025). Such robust
natural language interfaces are particularly crucial
when non-technical end-users need to explore and
run similarity matches against complex, inherently
noisy real-world records, such as uncertain tempo-
ral and sensor data (Dallachiesa et al., 2011).

However, translating natural language to SQL
presents unique challenges compared to general
code generation. It requires strict adherence to
database schemas, disambiguation of user intent
based on domain knowledge, and the ability to pri-
oritize among multiple high-confidence candidate
queries. While LLMs have emerged as the state-of-
the-art solution, standard models frequently suffer
from generating plausible but incorrect queries and
struggle with the strict syntactic constraints of SQL
dialects (Li et al., 2024). To mitigate this and en-
sure high user trust, recent advances emphasize the
importance of black-box uncertainty quantification
(UQ) to accurately estimate confidence in gener-
ated SQL and general question answer (QA) out-
puts (Bhattacharjya et al., 2024; Xiao et al., 2025;
Bhattacharjya et al., 2025).

For instance, a user might ask "Who was the best-
selling artist when I was born?" without providing
their age. The model must infer the missing context
and map "best-selling" to specific schema columns,
which often leads to errors in unoptimized models.

The landscape of Text-to-SQL has shifted from
a translation task to a complex reasoning chal-
lenge. Current methodologies generally fall into
two camps: inference-time scaling (agentic work-
flows) and training-time alignment. Agentic sys-
tems like Agentar-Scale-SQL (Wang et al., 2025b)
and MAC-SQL (Wang et al., 2025a) leverage mas-
sive test-time computation, employing multiple
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agents to decompose questions and iteratively re-
pair errors. While highly accurate, these systems
suffer from high latency and cost, making them
difficult to deploy in real-time analytical settings.

In this work, we present an empirical study eval-
uating the spectrum of optimization techniques,
moving from lightweight inference-time controls to
comprehensive training-time alignment. Our goal
is to identify how to internalize reasoning capa-
bilities directly into the model weights to produce
correct SQL efficiently in a single pass. We struc-
ture our investigation into three stages: First, we
investigate prompt engineering strategies, analyz-
ing the trade-off between complex reasoning chains
and instruction-following capabilities in mid-sized
models. Second, we explore constrained decoding
to enforce strict syntactic correctness during gen-
eration. Finally, we apply Reinforcement Learning
with AI Feedback (RLAIF) to align models with
execution and semantic preferences. In alignment
with the goal of reproducible NLP, we offer a criti-
cal analysis of why standard PPO collapses in this
domain and how ORPO provides a more stable,
resource-efficient, and easily replicable alternative.

2 Related Work

Natural Language to SQL (NL2SQL) translation is
an interdisciplinary field bridging linguistics and
database management. Early systems relied on
rule-based approaches with handcrafted grammat-
ical rules (Warren and Pereira, 1982). Later sys-
tems utilized database schemas and indices to map
NL queries to graph representations of relations
(Hristidis et al., 2003). With improved parsers, the
standard shifted to mapping grammatical structures
of the input question to SQL queries. However,
these systems struggled with the ambiguity and
variability of real-world queries.
Deep Learning and LLMs. The advent of the
Transformer architecture (Vaswani et al., 2017)
and large datasets like Spider (Yu et al., 2018)
marked the beginning of deep-learning NL2SQL
systems. Sequence-to-Sequence (Seq2Seq) mod-
els enabled breakthroughs, but modern decoder-
only LLMs such as CodeLlama (Roziere et al.,
2023) and Granite (Mishra et al., 2024) have since
become dominant. These models undergo exten-
sive pre-training on code and text but require fine-
tuning for domain specificity. To reduce com-
putational costs, Parameter-Efficient Fine-Tuning
(PEFT) methods like LoRA (Hu et al., 2022) and

quantization (Hubara et al., 2018) are employed.

Prompting and Agents. A crucial factor in har-
nessing LLMs lies in prompting. Pourreza and
Rafiei (Pourreza and Rafiei, 2023) introduced DIN-
SQL, demonstrating that decomposing the genera-
tion task into schema linking, query classification,
and generation significantly improves performance.
Recent in-depth analyses further confirm that ro-
bust LLM-based schema linking is a critical driver
of overall NL2SQL accuracy, often requiring care-
ful prompting or decomposition to match or exceed
oracle representations (Katsogiannis-meimarakis
et al., 2026). However, recent work suggests that
complex prompting strategies can induce "halluci-
nation propagation" in CoT (Li et al., 2024), where
errors in early reasoning steps cascade into the
final query. This led to the rise of agentic work-
flows (CHASE-SQL (Pourreza et al., 2025a) and
Mac-SQL (Wang et al., 2025a)), which use itera-
tive refinement and multi-agent debate to correct
errors.

Alignment and Reinforcement Learning. Re-
inforcement Learning from Human Feedback
(RLHF) (Christiano et al., 2017; Ziegler et al.,
2019) became the standard for aligning LLMs.
However, collecting human preference data for
SQL is expensive and requires domain expertise.
While prior work investigated active learning strate-
gies to mitigate these heavy annotation costs in
specialized domains (Wertz et al., 2022), eventu-
ally optimizing them with reinforcement learning
(Wertz et al., 2023), RLAIF (Bai et al., 2022) offers
a highly scalable alternative by substituting human
annotators entirely with AI feedback.

PPO has been the engine of RLHF, however,
recent findings indicate it is notoriously unstable
for code generation due to reward sparsity (Pour-
reza et al., 2025b). Direct Preference Optimization
(DPO) (Rafailov et al., 2023) and Odds Ratio Pref-
erence Optimization (ORPO) (Hong et al., 2024)
offer more stable alternatives. ORPO, in particular,
excels in scenarios with class imbalance (valid vs.
invalid queries), making it a promising candidate
for monolithic alignment in NL2SQL.

3 Methodology: Inference Optimization

We first explore inference-time optimizations to
guide LLMs toward correct SQL generation with-
out updating model weights.
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3.1 Prompt Tuning Strategies

Prompt tuning is essential for focusing the model
on the specific task of SQL translation. As base-
lines, we utilize Simple Generation, which pro-
vides a zero-shot instruction alongside the database
schema, and Schema-linking (SLink), which explic-
itly prompts the model to identify relevant tables
and columns before writing the query. We evaluate
several strategies:

3.1.1 Self-Correction with Error Feedback

Building on simple generation, we implement a
feedback loop where the LLM is prompted to fix
its own errors. If an initial generated query returns
a database error (e.g., "column does not exist"), the
error message and the schema are fed back into the
model with a correction instruction. We utilize a
specific mapping of error messages to instructions,
as shown in Table 1.

Table 1: Mapping from database error messages to spe-
cial correction instructions used in our pipeline.

Error Message Special Instruction

column does not exist Replace the column that does not
exist with an existing one from the
Database_schema.

ambiguous column
name

Add the table specifier to the col-
umn reference that is ambiguous.

operator does not exist:
[...] = [...]

The query tries to join two ta-
bles on columns with different
datatypes. Restructure the JOIN
using provided Foreign_keys.

missing FROM-clause
entry

The SQL uses tables without
declaring them in the FROM
clause. Add them.

3.1.2 Chain-of-Thought (CoT)

We apply the approach described by Pourreza and
Rafiei (Pourreza and Rafiei, 2023) (DIN-SQL), de-
composing the task into: (1) Schema Linking, (2)
Query Classification (Easy, Nested, Non-Nested),
and (3) Generation based on the class. While effec-
tive for large models like GPT-4, we investigate its
efficacy on smaller open-source models (7B-34B
parameters).

3.2 Conversational Strategies

Real-world analytics involves multi-turn conversa-
tions where subsequent questions specify or con-
tradict previous ones. We evaluate three strategies:

• Full Context: Concatenating all previous ques-
tions and generated SQL queries.

• Questions Only: Concatenating only the his-
tory of natural language questions to avoid
biasing the model with potentially incorrect
previous SQL.

• Merge Questions: A two-step process where
the LLM first merges the conversation history
into a single standalone question (resolving
coreferences) and then generates SQL from
that merged question.

3.3 Constrained Decoding

To eliminate syntax errors, we apply constrained
decoding using a context-free grammar (CFG) de-
rived from the database schema. We adapt the
T5QL approach (Arcadinho et al., 2022). Similar
constrained generation and fine-tuning frameworks
have recently proven highly effective in related
structured generation tasks, such as strictly enforc-
ing syntax and schema adherence when integrating
complex enterprise API workflows from natural
language (Chan et al., 2024). During beam search,
for a current generation P , we calculate the set of
valid next tokens N∗ that satisfy SQL syntax and
schema constraints (e.g., only valid table names
after FROM).

The procedure is detailed in Algorithm 1. For
each decoding step, given the current generation
P , we find the maximum parsable prefix P ∗ and
filter the vocabulary to only allow tokens that form
a valid suffix in the Trie T of allowable SQL
constructs. Crucially, while the base grammar
is context-free, our adaptation for auto-regressive
LLMs incorporates context-aware decision making.
Specifically, the FilterWrongTokens function
constrains the generation by strictly allowing only
the generation of columns that have been explicitly
defined in the prior FROM statement, and by map-
ping table aliases back to their original tables to
prevent hallucinated references.

4 Methodology: Alignment via RLAIF

To align models with SQL execution accuracy, we
employ Reinforcement Learning with AI Feedback
(RLAIF). Our pipeline, visualized in Figure 1, re-
places human annotators with AI judges to scale
the alignment process.

4.1 Reward Modeling and Principles

We construct a preference dataset by prompting
multiple LLMs (CodeLlama-34B, Granite-20B,
Starcoder) to generate candidate SQL queries.
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Algorithm 1 Constrained Decoding Procedure

1: procedure NEXTTOKEN(P, T )
2: P ∗ ← FindParsablePrefix(P )
3: S ← GetParserState(P ∗)
4: N ← ParserNextTokens(S)
5: N∗ ← FilterWrongTokens(S,N)
6: for n in N∗ do
7: C ← P ∗ + n
8: CT ← SentenceTokenizer(C)
9: T ← AddToTrie(T,CT )

10: end for
11: PT ← SentenceTokenizer(P )
12: return GetChildren(T, PT )
13: end procedure

Figure 1: Our RLAIF Training Pipeline. We generate
candidate queries using multiple LLMs, rank them using
execution and semantic principles, and use the resulting
triplets for DPO, PPO, and ORPO training.

These candidates are scored based on two cate-
gories of principles:

Execution Principles Validated by executing the
query against the database engine. These are binary
signals that ensure functional correctness:

• Correctness: Does the query return the same
result set as the gold standard?

• Schema Validity: Are all columns and tables
present in the schema?

• No Ambiguity: Are column references unam-
biguous?

Semantic Principles Validated by a "Teacher
LLM" (CodeLlama-70B) prompted to act as a SQL
expert. These provide finer-grained feedback on
query quality, using specific prompts tailored to
common SQL errors. For example:

• Correct GROUP BY: "Read the question and
the corresponding SQL, determine if the ques-
tion calls for a GROUP BY or not and if the
SQL is accurate for that."

• Only Necessary Joins: "Check that the query
only accesses tables necessary to answer the
question."

• Answer Relevance: "Check if the SQL really
answers the intent of the question."

• Correct DISTINCT: "Check that DISTINCT
is applied if necessary to avoid duplicates."

We generate triplets of
(Question,Winner, Loser) based on these
scores. A query is considered a "Winner" if it
satisfies more principles, particularly the Execution
Correctness principle.

We create two preference datasets: the "Multi-
LLM" dataset utilizes generated SQL from
eight distinct models, while the "Single-LLM"
dataset samples multiple outputs exclusively from
CodeLlama-70B. For the Single-LLM dataset, the
temperature was tuned so that roughly one in eight
generated queries was correct, controlling the bal-
ance of variation and correctness.

4.2 Reward Model Loss Function
To enable PPO, we first train a Reward Model (RM)
to predict a scalar score for a query. We fine-tune a
CodeLlama-34B model with a scoring head. The
loss function maximizes the margin between the
score for the good query (ygood) and the bad query
(ybad):

L(ygood, ybad) = max(0,m−(ygood−ybad)) (1)
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where m is the margin. We experimented with
both a single linear layer and an MLP as the scoring
head. The linear layer proved superior, achieving
94% accuracy on the test split, whereas the MLP
suffered from overfitting on the sparse SQL prefer-
ence data.

4.3 Distribution of Rewards
To ensure the reward model discriminates effec-
tively, we analyzed the distribution of scores for
generated queries. Figure 2 shows the score distri-
bution for correct (green) vs. incorrect (red) queries
on the Single-LLM dataset. The clear separation
indicates that the reward model successfully learns
to distinguish valid SQL logic from incorrect at-
tempts. While the reward model sometimes assigns
positive absolute scores to incorrect queries, our op-
timization objectives rely primarily on the relative
margin between the winning and losing genera-
tions, making the absolute scale less critical to the
policy update.
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Figure 2: Reward Distributions on the test set. Green
bars represent correct SQL queries, while red bars repre-
sent incorrect ones. The clear separation demonstrates
the effectiveness of the reward model.

4.4 Alignment Algorithms
We evaluate three optimization algorithms using
this dataset.
(1) PPO (Proximal Policy Optimization). We
fine-tune the policy using PPO to maximize the
reward predicted by the RM. The Reward Model
training procedure (Algorithm 2) updates the scor-
ing head using a margin loss. Subsequently, we use
this frozen Reward Model to fine-tune the policy
using PPO.

LCLIP (θ) = Et

[
min

(
rt(θ)Ât,

clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)] (2)

Algorithm 2 Reward Model Training Procedure

Require: Model to fine-tune M , Reward Model
R, margin m

1: while training do
2: Load question Q, schema S, correct query

qcorrect, and incorrect query qincorrect
3: Generate prompt pcorrect =

CreatePrompt(Q,S, qcorrect).
4: Generate prompt pincorrect =

CreatePrompt(Q,S, qincorrect).
5: sgood = R(pcorrect).
6: sbad = R(pincorrect).
7: L(sgood, sbad) = max(0,m − (sgood −

sbad))
8: Update M using the gradient of the loss L.
9: end while

(2) DPO (Direct Preference Optimization). DPO
optimizes the policy directly from preference pairs,
eliminating the explicit reward model.

LDPO = −E(x,yw,yl)

[
log σ

(
β log

πθ(yw|x)
πref (yw|x)

− β log
πθ(yl|x)
πref (yl|x)

)]
,

(3)

where πθ is the policy model, πref is the frozen
reference model, and yw, yl are the winning and
losing generations, respectively.
(3) ORPO (Odds Ratio Preference Optimiza-
tion). Odds Ratio Preference Optimization
(ORPO) integrates preference alignment into the
Supervised Fine-Tuning (SFT) stage. It adds an
odds-ratio penalty to the negative log-likelihood
loss:

LORPO = E(x,yw,yl)[LSFT + λ · LOR] (4)

This method is particularly resource-efficient as it
requires no separate warm-up phase or reference
model, unlike inefficient agentic workflows.

5 Experimental Setup

5.1 Datasets
We evaluate our methods on the Spider (Yu et al.,
2018) and BIRD (Li et al., 2023a) benchmarks, as
well as a proprietary IBM Business Intelligence
(IBM BI) dataset. BIRD represents a large-scale
challenge with databases containing noisy data and
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massive schemas. To illustrate the domain com-
plexity, Figure 3 shows the schema sizes in these
benchmarks. BIRD databases contain significantly
more tables than Spider.

Accurately matching natural language men-
tions to complex, interconnected database schemas
is fundamentally an entity matching and record
linkage problem—challenges that have histori-
cally required dedicated graph-based modeling
(Krivosheev et al., 2021, 2023) or specialized token-
based similarity matching architectures (Mirylenka
et al., 2021) to overcome noisy string variations and
capture relational context. Across all benchmarks,
we use Execution Accuracy as our primary metric,
which considers a generated query correct if its ex-
ecution returns the exact same rows and columns
as the gold query. The IBM BI dataset consists
of 101 multi-turn conversations where subsequent
user questions specify or contradict previous ones.

5.2 Baselines and Models

We benchmark against several competitive 7B–34B
parameter models to evaluate the impact of our
optimization strategies:

• CodeLlama-34B-Instruct (Roziere et al.,
2023): A powerful general-purpose code
model used as our primary baseline for
prompting experiments.

• Granite-20B-Code (Mishra et al., 2024): An
enterprise-focused code model from IBM, se-
lected for its strong performance on SQL.

• StarCoder (Li et al., 2023b): A 15B parameter
model trained on diverse code data, serving
as a baseline for the multi-model preference
dataset generation.

• SQLCoder-34B (defog ai, 2024): A special-
ized fine-tuned model for SQL, used to bench-
mark our constrained decoding approach.

5.3 Training Configuration

For fine-tuning, we utilized 8x NVIDIA A100
80GB GPUs. We employed the SFTTrainer from
TRL and leveraged DeepSpeed ZeRO-3 for dis-
tributed training. Specific hyperparameters (e.g.,
LoRA configuration, learning rates, and batch
sizes) are detailed in Appendix B.

6 Experiments and Results

6.1 Prompting and Error Analysis

Table 2 presents the accuracy of different prompt-
ing strategies. Notably, on the IBM BI dataset,

the simpler "Self-Correction" (SCorr) strategy out-
performed the complex "DinSQL" strategy on
CodeLlama-34B (0.327 vs 0.168).

To understand why complex prompting failed
for smaller models, we analyzed the error types.
Figure 4 provides a side-by-side comparison. In
the Simple Generation (Left Subfigure): The er-
rors are distributed among logical issues like "more
rows than necessary" and "not all rows". For the
DinSQL (right subfigure): There is a massive spike
in "No Such Column" errors (hallucinations). This
indicates that the complex reasoning chain of Din-
SQL distracted the smaller model from the schema
grounding, causing it to invent columns rather than
focusing on the provided schema.

Table 2: Accuracy of prompting on IBM BI, Spider, and
BIRD dev sets. Acronyms: Gen (Simple Generation),
SCorr (Self-Correction), SLink (Schema-linking), and
DinSQL (Decomposed In-Context Learning).

Model Dataset Gen SCorr SLink DinSQL

CodeLlama-34B IBM BI 0.317 0.327 0.297 0.168
CodeLlama-34B Spider 0.707 0.714 0.700 0.668
Granite-20B Spider 0.615 0.671 0.534 0.540

6.2 Conversational Analysis
In our multi-turn experiments (Table 3), providing
the ground truth SQL from previous turns signifi-
cantly aids the model. Here, the "Merge Questions"
strategy proved most robust (Accuracy 0.473), as it
reduces noise by synthesizing a clean, standalone
query. However, when the model relies on its own
predicted SQL, error propagation causes perfor-
mance to degrade rapidly. In this realistic deploy-
ment setting, "Full Context" slightly outperforms
"Merge Questions" (0.139 vs 0.122), suggesting
that forcing the model to merge its own error-prone
historical queries degrades the context more than
simply concatenating the raw history.

Table 3: Average accuracy on IBM BI multi-turn con-
versations.

Context Source Method Avg Accuracy

Ground Truth SQL Full Context 0.353
Ground Truth SQL Merge Questions 0.473
Predicted SQL Full Context 0.139
Predicted SQL Merge Questions 0.122

6.3 Constrained Decoding Performance
To evaluate the impact of restricting the output
space, we tested our constrained decoding algo-
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Figure 3: Distribution of the number of tables per database in Spider and BIRD. BIRD contains significantly larger
schemas, increasing the difficulty of the generation task.

rithm using defog/sqlcoder (defog ai, 2024) on
the IBM BI dataset. We created a context-free
grammar (CFG) from the schema to restrict the out-
put space, ensuring valid SQL syntax and correct
usage of table and column names. Due to the high
computational overhead of context-aware filtering
during beam search, we limited decoding to two
beams. Nevertheless, the decoding process took
approximately 10x longer for the same amount of
tokens compared to unconstrained generation.

Table 4: Primary Impact of Constrained Decoding on
SQL generation (IBM BI Dataset). "Row Correct" indi-
cates the query returned the correct rows but a super/-
subset of the required columns.

Result Category Unconstrained Constrained

Correct 7 12
Row Correct 33 37
Incorrect 46 17
Error 15 35

Accuracy 0.069 0.119

As shown in Table 4, applying the CFG im-
proved exact execution accuracy from 6.9% to
11.9%, and subset accuracy (Row Correct) from
39.6% to 48.5%. However, counter-intuitively, the
constrained model produced more than twice the
amount of SQL errors (35 vs. 15), primarily driven
by Syntax Errors and Ambiguous Columns. A de-
tailed quantitative breakdown of these error types,
along with a qualitative analysis of the failure
modes, is provided in Appendix A. Briefly, while
the CFG successfully restricts syntax, it struggles
to force the model to output an End-Of-Sequence

(EOS) token when logical reasoning fails.

6.4 RLAIF Training Stability and PPO
Failure

Note on Evaluation Setup: Due to the immense
computational requirements of reinforcement learn-
ing, our PPO and DPO experiments were con-
ducted on the 7B parameter CodeLlama model us-
ing the Spider dataset. Conversely, our monolithic
ORPO experiments were scaled up to the Granite-
20B model on the more complex BIRD benchmark.
While this prevents a direct 1:1 numerical compari-
son across all methods, the distinct failure modes
of PPO and DPO at the 7B scale provide critical
context for the necessity of the ORPO approach.

Table 5: Consolidated alignment results highlighting
the performance of PPO, DPO, and ORPO compared to
their respective base models. Note that PPO and DPO
were evaluated on CodeLlama-7B (Spider) while ORPO
was scaled to Granite-20B (BIRD).

Algorithm Model Dataset Base Acc. Aligned Acc.

PPO (Multi LLM) CodeLlama-7B Spider 0.460 0.000
PPO (Single LLM) CodeLlama-7B Spider 0.460 0.000
DPO (Multi LLM) CodeLlama-7B Spider 0.460 0.030
DPO (Single LLM) CodeLlama-7B Spider 0.460 0.360

ORPO Granite-20B BIRD (Avg) 0.651 0.646

Our experiments revealed significant challenges
with PPO in the SQL domain. When fine-tuning 7B
models with PPO, we frequently observed model
collapse, characterized by the generation of repet-
itive gibberish or empty strings. This instability
arises from the sparsity of the reward signal: in
NL2SQL, the execution reward is binary (correc-
t/incorrect). Unlike prose generation where “style”
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(a) Errors in Simple Generation (b) Errors in Complex Prompting

Figure 4: Comparison of error types on Spider Dev. The complex DinSQL strategy (Right) introduces significantly
more "no such column" hallucinations compared to simple generation (Left), indicating that smaller models struggle
with long context chains.

rewards are dense, a SQL query that is 99% correct
but misses a single comma receives a reward of 0.

We conducted a sensitivity analysis on PPO
batch sizes to mitigate this (Table 6). We found
that PPO is extremely sensitive to batch size; with
a batch size of 1, the model learned nothing (Ac-
curacy 0.0), whereas increasing the batch size to
32 stabilized the training slightly (Accuracy 0.42),
though still below supervised baselines.

Table 6: Sensitivity of PPO training to batch size. Small
batch sizes lead to total collapse due to sparse rewards.

Batch Size Final Accuracy

1 0.00
8 0.01

32 0.42
64 0.22

In contrast, DPO and ORPO showed much
greater stability without extensive hyperparame-
ter tuning. Figure 5 visualizes the training loss and
accuracy for the DPO approach on the Single-LLM
dataset. The smooth convergence of accuracy (blue
line) demonstrates that the model effectively learns
from the AI-generated preference pairs.

Additionally, we monitored the reward margin
during training. Figure 6 shows the margin between

Figure 5: Training dynamics. The red dashed line repre-
sents loss (right axis) and the blue solid line represents
accuracy (left axis) during fine-tuning. The model con-
verges stably.

chosen and rejected responses. The positive trend
confirms that the model is successfully optimizing
for the principles defined in our RLAIF pipeline.

6.5 ORPO Results

During evaluation, both the Base SFT and ORPO
models were tested using the Simple Generation
zero-shot prompt. On the BIRD benchmark (Table
7), we observed a nuanced trade-off. ORPO led to a
slight decrease in accuracy on "Simple" and "Mod-
erate" queries, resulting in a minor drop in over-
all average accuracy (from 0.651 to 0.646). How-
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Figure 6: Evolution of the Reward Margin during train-
ing. The increasing margin indicates the model is learn-
ing to distinguish between high-quality and low-quality
SQL generations.

ever, ORPO significantly improved performance
on "Challenging" queries (from 44.4% to 47.2%).
Thus, while monolithic preference optimization
may introduce slight regression on basic syntax
following, it effectively aligns the model with com-
plex logical reasoning without suffering from the
catastrophic instability observed in PPO.

Due to computational constraints, these metrics
represent single-run results. Future work will eval-
uate variance across multiple training seeds to es-
tablish the statistical significance of the gains.

Table 7: Accuracy results on BIRD Development Set
categories using ORPO.

Method Simple Moderate Challenging Average

Base SFT 0.715 0.589 0.444 0.651
ORPO 0.704 0.585 0.472 0.646

7 Discussion

Our findings challenge the assumption that stan-
dard RLHF methods transfer seamlessly to code
generation. The sparsity of the reward signal in
SQL makes PPO training unstable. ORPO offers
a compelling alternative by integrating alignment
into the supervised training process.

We observed that Reward Models trained on data
generated by multiple LLMs (Multi-LLM) failed
to generalize when scoring the Single-LLM dataset
during training. This suggests that for RLAIF to
function effectively, the Reward Model should be
trained on the distribution of the specific model
being fine-tuned, or a highly diverse set of models.

In RLHF for text generation, rewards are often
dense (e.g., style, tone). In SQL, the reward is

sparse and binary (executable vs. not). DPO strug-
gles with "credit assignment"—if a model gener-
ates a wrong SQL query, DPO penalizes the entire
sequence. Without Chain-of-Thought traces to in-
dicate where the reasoning failed, the model cannot
learn effectively. ORPO mitigates this by balancing
the odds ratio, effectively focusing on the differen-
tiation between valid and invalid patterns without
requiring an explicit reward model.

The trade-off between complex prompting (Din-
SQL) and simpler self-correction suggests that for
deployment on mid-sized models (20B-34B param-
eters), simpler, iterative strategies are more robust.
Complex chains of thought can overwhelm the at-
tention mechanism of smaller models, leading to
hallucinations of schema elements.

8 Conclusion and Future Work

This work presents a holistic view of optimiz-
ing LLMs for NL2SQL. We identified that for
domain-specific applications, lightweight align-
ment via ORPO combined with robust self-
correction prompting yields an effective balance
of performance and reliability. While our com-
putational limits restricted PPO evaluations to 7B
models—where we observed severe instability due
to sparse binary rewards—ORPO demonstrated sta-
ble scaling to 20B parameters, effectively improv-
ing complex logical reasoning without catastrophic
collapse. Our error analysis revealed that complex
Chain-of-Thought prompting can be detrimental
for smaller models, inducing hallucinations. Fi-
nally, we demonstrated that RLAIF using execu-
tion and semantic principles is a promising path
to alignment without expensive human annotation.
While this approach champions reproducible NLP
by bypassing closed-source LLM judges or costly
multi-agent deployments, future work must estab-
lish the correlation between our AI-generated se-
mantic feedback and expert human judgments to
fully validate the teacher model’s efficacy.

Future work will focus on scaling ORPO to
larger distributed models and further refining auto-
mated reward signals for RLAIF. Specifically, we
aim to explore hybrid approaches that combine the
stability of ORPO with the reasoning capabilities
of agentic workflows, potentially using "partial re-
wards" for intermediate reasoning steps to address
the sparsity issue inherent in SQL generation.
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A Constrained Decoding Error Analysis

When evaluating constrained decoding (Section
3.3), we observed an overall improvement in exe-
cution accuracy but a counter-intuitive spike in the
total volume of SQL errors generated by the model.

Table 8 provides a detailed quantitative breakdown
of these specific error types.

Table 8: Detailed breakdown of SQL error types gener-
ated during unconstrained vs. constrained decoding on
the IBM BI Dataset.

Error Type Unconstr. Constr.

Undefined Column 11 10
Ambiguous Column 0 8
Undefined Table 3 2
Undefined Function 1 5
Syntax Error 0 9
Division by Zero 0 1

The most significant increases occurred in Syn-
tax Errors (9 vs 0) and Ambiguous Column errors
(8 vs 0) compared to unconstrained generation. An-
alyzing the raw generated queries reveals that the
Syntax Errors predominantly stem from queries
being cut off by the maximum output length thresh-
old.

Consider the following two examples of failed
constrained generations:
-- Example 1: Repetition Loop
SELECT product_id , manufacturer , COUNT(

duns_number) AS c FROM tls.inventory
GROUP BY product_id , product_id ,

product_id , product_id , product_id ,
[...]
product_id , product_id , product_id ,

product_id , product

-- Example 2: Runaway WHERE Clause
SELECT tls.client_site.client_name FROM

tls.client_site JOIN tls.inventory
ON tls.client_site.duns_number = tls.

inventory.duns_number WHERE
tls.client_site.coverage_type = ’Data

Center ’ AND
tls.client_site.coverage_name = ’Data

Center ’ AND
tls.client_site.market = ’US’ AND tls.

client_site.geo = ’US’
[...]
tls.client_site.global_buying_group_id

IS NOT NULL AND
tls.client_site.global_buying_group_name

IS NOT NULL AND
tls.client_site.domestic_buying_group_id

IS NOT NULL AND

In the first example, the constrained LLM gets
trapped in a repetitive generation loop. In the sec-
ond example, it appends an excessive number of un-
necessary conditions to the WHERE clause. In both
scenarios, the constraining algorithm appears to
reduce the probability of the EOS token relative to
other valid SQL tokens. Because our context-free
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grammar strictly constrains the output syntactically
but not semantically, we cannot forcefully trigger
an EOS token to terminate the sequence once the
logical intent has been satisfied.

Similarly, "Undefined Column" errors persist be-
cause our constrained decoding algorithm does not
currently enforce that the tables for all columns
mentioned in the SELECT clause must eventually
be included in the FROM or JOIN clauses. Fi-
nally, the "Ambiguous Column" errors generated
by the constrained model stem from the fact
that the algorithm does not strictly enforce the
<table_name>.<column_name> notation within
JOIN conditions, allowing the LLM to generate
ambiguous references when multiple tables share
identical column names.

B Fine-tuning Hyperparameters

Specific training hyperparameters included:

• LoRA: Rank r = 16, Alpha a = 8, Dropout
0.05.

• Optimizer: AdamW with weight decay 0.1.

• Learning Rate: 1e− 5.

• Batch Size: 16 with Gradient Accumulation
Steps of 16.

• Max Input Tokens: 8192 (8k context win-
dow).

• Epochs: Models were typically trained for
1 to 3 epochs, with early stopping based on
validation loss to prevent overfitting.
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Abstract

We present Call Support Copilot, a repro-
ducible multimodal system that integrates au-
tomatic speech recognition, speech emotion
recognition, machine translation, spoken lan-
guage understanding, and client knowledge re-
trieval in a single dashboard for customer sup-
port agents. Built from publicly accessible pre-
trained models and standard benchmarks, the
system transcribes speech with Whisper-family
ASR (Radford et al., 2023; Klein, 2023), de-
tects caller affect in valence-arousal-dominance
terms (Mehrabian, 1996; Russell, 1980), clas-
sifies intents from a banking-domain inven-
tory of 77 categories (Casanueva et al., 2020),
and retrieves client records from a database.
Evaluation shows strong component perfor-
mance: 6.6% word error rate on LibriSpeech
(Panayotov et al., 2015), 91.7% macro-F1
on SUPERB ER session1 (IEMOCAP subset,
n=6) (Yang et al., 2021; Busso et al., 2008),
42.98 BLEU (Papineni et al., 2002; Post, 2018)
for German–English translation, and 87.0%
accuracy on BANKING77 intent classifica-
tion. End-to-end benchmarking of the core
pipeline achieves faster-than-real-time through-
put with mean real-time factor 0.67–0.71. All
model identifiers, configurations, and evalua-
tion scripts are documented in the accompa-
nying repository, supporting reproducibility in
line with the SwissText 2026 theme.

1 Introduction

Customer service call centers remain essential in-
frastructure for financial institutions, healthcare
providers, and commercial enterprises (Gao et al.,
2019). The quality of these interactions depends
critically on human agents’ ability to understand
callers quickly, respond to their emotional states
appropriately, and access relevant account informa-
tion without disrupting the conversation flow. Tra-
ditional call center technology provides basic tele-
phony functions but offers little support for these

cognitive demands (Ram et al., 2018; Hosseini-Asl
et al., 2020).

Recent advances in speech and language process-
ing have created opportunities to address these lim-
itations. Models such as Whisper (Radford et al.,
2023) and efficient implementations such as faster-
whisper (Klein, 2023) achieve robust speech recog-
nition across diverse acoustic conditions, building
on foundational work in self-supervised speech rep-
resentation learning (Baevski et al., 2020; Hsu et al.,
2021). Speech emotion recognition systems trained
on corpora like IEMOCAP (Busso et al., 2008)
and MELD (Poria et al., 2019) can detect affec-
tive states following the dimensional affect frame-
work (Russell, 1980; Mehrabian, 1996). Neural
machine translation enables cross-lingual commu-
nication (Fan et al., 2021; Junczys-Dowmunt et al.,
2018), while intent classification models trained
on domain-specific datasets such as BANKING77
(Casanueva et al., 2020) can identify caller needs
from transcribed speech, extending work in spoken
language understanding (Young et al., 2013).

However, most published systems focus on indi-
vidual components rather than integrated pipelines,
and reproducibility remains a significant challenge
in NLP research (Belz et al., 2021; Dodge et al.,
2019).

This paper presents Call Support Copilot, a sys-
tem that combines these technologies in an inte-
grated dashboard for customer support agents. Our
contributions are twofold. First, we present a repro-
ducible implementation assembled from publicly
accessible model checkpoints and resources, with
model identifiers, configurations, and evaluation
scripts documented in an accompanying repository.
Second, we provide quantitative evaluation across
all major system components using established
benchmarks, showing that strong performance is
achievable with an accessible, modular architecture
without training ASR, MT, or SER models from
scratch. In line with the SwissText 2026 theme of
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Reproducible NLP, we focus on a pipeline that can
be replicated end-to-end using publicly accessible
resources.

2 Related Work

Call-center assistance systems are closely related
to task-oriented dialogue and conversational AI,
where systems combine speech or text understand-
ing with dialogue-state tracking, retrieval, and re-
sponse or action selection (Young et al., 2013; Gao
et al., 2019; Ram et al., 2018). Datasets such as
MultiWOZ (Budzianowski et al., 2018) and BANK-
ING77 (Casanueva et al., 2020) support evaluation
of dialogue and intent-understanding modules, but
they do not by themselves evaluate the full opera-
tional chain from audio input to agent-facing rec-
ommendations.

Our system follows a modular integration strat-
egy rather than proposing a new model architecture.
This places it between component-level bench-
mark work on ASR (Radford et al., 2023; Panay-
otov et al., 2015), MT (Junczys-Dowmunt et al.,
2018; Post, 2018), SER (Schuller, 2018; Latif et al.,
2021), and intent classification (Casanueva et al.,
2020), and applied systems that combine these com-
ponents in a practical workflow. The comparison to
Casanueva et al. (Casanueva et al., 2020) anchors
the SLU result against a published BANKING77
baseline, while the other reported metrics are in-
tended as reproducible component checks rather
than claims of state-of-the-art performance.

Speech emotion recognition has particular re-
producibility and validity concerns. IEMOCAP
is widely used, but recent analyses highlight is-
sues around modality dependence, recording qual-
ity, ambiguous labels, and misclassifications that
may be unsurprising even to human annotators
(Probol and Mieskes, 2023). We therefore treat the
IEMOCAP-derived SER result as a limited bench-
mark sanity check, not as evidence that the sys-
tem generalizes to spontaneous customer-support
speech.

3 System Architecture

Call Support Copilot processes audio input through
five interconnected modules (Figure 1).

Speech Recognition. Audio recordings are pro-
cessed through Whisper (Radford et al., 2023) us-
ing faster-whisper (Klein, 2023) with CTrans-
late2 and int8 quantization, building on advances
in self-supervised speech representations (Baevski

et al., 2020; Hsu et al., 2021; Graves et al., 2006).
Voice activity detection (Silero Team, 2021) filters
silence. The system supports WAV, MP3, M4A,
FLAC, and OGG formats with FFmpeg conversion.

Machine Translation. When the detected lan-
guage differs from English, transcripts pass through
Helsinki-NLP MarianMT (Junczys-Dowmunt et al.,
2018) transformer models (Vaswani et al., 2017)
with SentencePiece tokenization (Kudo and
Richardson, 2018) trained on OPUS parallel data
(Tiedemann, 2012). Six source languages are sup-
ported: German, Dutch, French, Spanish, Italian,
and Portuguese.

Speech Emotion Recognition. Audio is ana-
lyzed using MERaLiON-SER-v1 (MERaLiON
Team, 2025), outputting categorical emotions fol-
lowing Ekman (Ekman, 1992) and PAD dimen-
sions (Mehrabian, 1996; Russell, 1980). Seven
categories are classified: neutral, happy, sad, angry,
fearful, disgusted, and surprised. A sliding window
approach (4 s windows, 2 s overlap) handles vary-
ing durations (Schuller, 2018), producing emotion
timelines with deep learning representations (Latif
et al., 2021).

Spoken Language Understanding. Intent clas-
sification uses DistilBERT (Sanh et al., 2019), a
knowledge-distilled variant of BERT (Devlin et al.,
2019), fine-tuned on BANKING77 (Casanueva
et al., 2020) with 77 intent categories. Low-
confidence predictions are flagged as out-of-
domain (Larson et al., 2019). Slot extraction uses
regex patterns for amounts, dates, reference IDs,
and merchant names, tracking missing required
slots (Henderson et al., 2014).

Action Generation. Caller phone numbers are
used to query a client database. The system then
combines intent predictions, emotion states, ex-
tracted slots, and client records to generate sug-
gested actions (Gao et al., 2019), including intent-
specific recommendations, slot-based follow-ups,
and emotion-triggered de-escalation guidance, fol-
lowing task-oriented dialogue practice (Young
et al., 2013; Budzianowski et al., 2018).

4 Evaluation Setup

We evaluate the integrated system with fixed model
identifiers and released repository scripts, matching
the configurations used to generate the bundled re-
sult artifacts. For ASR and MT, we report mean per-
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Figure 1: Call Support Copilot system architecture. Uploaded audio flows through ASR (Whisper) which feeds three
parallel branches: Speech Emotion Recognition (SER) for affective state detection, Machine Translation (MT) for
multilingual support, and Spoken Language Understanding (SLU) for intent classification and slot extraction. These
signals are fused with client records retrieved from the knowledge base to generate context-aware recommendations
displayed on the agent dashboard.

formance over 50 randomly sampled items with a
fixed seed from LibriSpeech test-clean (Panayotov
et al., 2015) and WMT16 German–English test
data. For SER, we use the SUPERB ER session1
split (Yang et al., 2021), which exposes a small
IEMOCAP-derived four-class benchmark (Busso
et al., 2008) in our workflow. For latency, we run
the full pipeline on LibriSpeech and SUPERB ER
utterances and record wall-clock times for ASR,
SER, MT, and database lookup.

The reported component scores are measured at
component boundaries. ASR WER is computed
from audio against reference transcripts, MT BLEU
is computed on WMT text pairs, SER macro-F1
is computed on the SUPERB ER audio examples,
and SLU accuracy is computed on BANKING77
text rather than on ASR-generated transcripts. The
end-to-end experiment measures runtime through
the actual pipeline, but it does not estimate down-
stream accuracy after ASR error propagation. This
distinction is important: the deployed dashboard
does pass ASR output to downstream modules,
but the present paper reports technical component
benchmarks and pipeline latency rather than a full
cascaded-error evaluation.

Metrics are chosen to reflect standard practice
for each module. ASR uses word error rate (WER),
MT uses corpus BLEU (Papineni et al., 2002; Post,
2018), SER uses macro-F1 over the four mapped
emotion labels, and SLU uses accuracy and macro-
F1 together with per-intent precision, recall, and F1.

End-to-end efficiency is summarized with real-time
factor (RTF), where values below 1 indicate faster-
than-real-time processing. Table 1 summarizes the
core results.

5 Results and Discussion

Speech Recognition. On LibriSpeech test-clean
(Panayotov et al., 2015), our system achieves 6.6%
WER (95% CI [4.4%, 9.2%]) on 50 samples. Er-
rors arise mainly from proper nouns and archaic
vocabulary. This is competitive with reported Whis-
per performance on clean speech (Radford et al.,
2023).

Machine Translation. German-to-English
achieves 42.98 BLEU (Papineni et al., 2002; Post,
2018) on 50 sentence pairs with 0.86 s mean infer-
ence time, in line with Helsinki-NLP MarianMT
benchmarks on WMT data (Junczys-Dowmunt
et al., 2018; Tiedemann, 2012).

Speech Emotion Recognition. On SUPERB ER
session1 (IEMOCAP subset, four-class labels, n=6)
(Yang et al., 2021; Busso et al., 2008), full-audio
processing achieves 91.7% macro-F1. Table 2
shows dimensional predictions consistent with the
PAD model (Mehrabian, 1996; Russell, 1980).

Intent Classification. On BANKING77
(Casanueva et al., 2020), DistilBERT (Sanh
et al., 2019) achieves 87.0% accuracy and 0.863
macro-F1. Table 3 shows per-category results for
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Component Dataset Metric Value

ASR LibriSpeech WER 6.61%
MT WMT DE–EN BLEU 42.98
SER SUPERB ER Macro-F1 0.917
SLU BANKING77 Accuracy 87.0%
System Libri+SUPERB RTF 0.67–0.71

Table 1: Summary of evaluation results across all system
components on standard benchmarks, plus end-to-end
real-time factor (RTF) for the core pipeline.

Emotion V A D

Happy 0.85 0.70 0.68
Neutral 0.47 0.48 0.52
Sad 0.24 0.08 0.18
Angry 0.28 0.84 0.75

Table 2: Mean valence (V), arousal (A), and dominance
(D) predictions for each emotion category on IEMO-
CAP.

key banking intents. For comparison, Casanueva
et al. report 85.19% with USE+ConveRT on this
benchmark (Casanueva et al., 2020).

End-to-End Latency. We benchmark the core
pipeline (ASR + SER + optional MT + DB lookup).
Real-time factor (RTF) values below 1 indicate
faster-than-real-time throughput. On LibriSpeech
test-clean (n=10), mean RTF is 0.71; on SUPERB
ER (n=6), mean RTF is 0.67. SER dominates la-
tency due to sliding-window analysis.

The results show that the architecture is strongest
where mature pretrained models can be integrated
with limited task-specific adaptation. ASR and MT
remain within expected benchmark ranges despite
the lightweight engineering stack, and the SLU
component improves on the 85.19% BANKING77
USE+ConveRT baseline reported by Casanueva et
al. (Casanueva et al., 2020). This supports the core
claim of the paper: a practical customer-support
copilot can be assembled from publicly accessible
building blocks without retraining the full stack.

The evaluation also clarifies the current bottle-
necks. SER contributes the largest share of end-
to-end latency because sliding-window inference
scales with utterance duration, and the reported
SER score is derived from a very small SUPERB
ER sample in the released results. The runtime
numbers are therefore encouraging for uploaded-
call processing, but they do not yet establish readi-
ness for live streaming deployments. Likewise, in-
tent prediction is strong on BANKING77, yet real
customer calls remain harder because ASR errors,

Intent Category P R F1

transaction_charged_twice .889 1.00 .941
lost_or_stolen_card .804 .925 .860
refund_not_showing_up .947 .900 .923
card_arrival .756 .850 .800
activate_my_card 1.00 .925 .961
verify_my_identity .745 .875 .805

Macro avg (77 cls) .875 .870 .863

Table 3: Intent classification results for selected banking
intents on the BANKING77 test set (Casanueva et al.,
2020).

spontaneous speech, and slot omissions compound
downstream uncertainty.

An important observation is that the component
scores should not be interpreted independently of
pipeline coupling. In the deployed interface, trans-
lation quality depends directly on ASR transcrip-
tion fidelity, and intent classification inherits both
lexical errors and disfluencies from the upstream
recognizer. This means that the strongest stan-
dalone module is not automatically the most useful
one operationally: modest ASR degradation on
accented or noisy calls can propagate into wrong
intent predictions or misleading summaries even
when the classifier remains strong on clean BANK-
ING77 text. For customer-support settings, cross-
component robustness is therefore at least as im-
portant as any single benchmark number.

6 Reproducibility

In the spirit of reproducible NLP (Belz et al., 2021;
Dodge et al., 2019), all core models and resources
used in the system are publicly accessible:

• ASR: Systran/faster-whisper-base via
faster-whisper (Klein, 2023) with int8
quantization

• MT: Helsinki-NLP MarianMT
opus-mt-{de,nl,fr,es,it,pt}-en

• SER: MERaLiON-SER-v1 (MERaLiON Team,
2025)

• SLU: distilbert-base-uncased fine-
tuned on BANKING77

• VAD: Silero VAD (Silero Team, 2021)

The system is implemented in Python using
Streamlit, PyTorch, and HuggingFace Trans-
formers. Audio preprocessing converts input
to 16 kHz mono using soundfile and FFm-
peg. The client database uses SQLite. All
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evaluation scripts, result files, and model con-
figurations are included in the accompanying
repository released with the paper: https:
//github.com/rakhmatillokhon-khoshimov/
call-support-copilot.

To make the submission auditable rather than
merely runnable, the repository records model iden-
tifiers, quantization choices, dataset slices, and
summary CSV/JSON outputs for each experiment.
This is especially relevant for a modular system,
where implementation choices such as VAD prepro-
cessing, CPU quantization, or label remapping can
materially affect downstream scores. By exposing
these settings together with the measured outputs,
the paper makes it possible to verify not only that
the code executes, but also that the reported bench-
mark numbers correspond to a specific, inspectable
evaluation protocol.

7 Conclusion

We presented Call Support Copilot, a reproducible
multimodal system integrating speech recogni-
tion (Radford et al., 2023; Klein, 2023), emotion
detection (MERaLiON Team, 2025), translation
(Junczys-Dowmunt et al., 2018), and intent under-
standing (Casanueva et al., 2020) to assist customer
support agents. Evaluation on established bench-
marks shows strong component performance with
practical latency, achieved without training ASR,
MT, or SER models from scratch. The modular im-
plementation supports both practical deployment
and research extension, and aligns with the goal
of making NLP systems reproducible (Belz et al.,
2021).

Limitations

Our evaluation samples are small due to computa-
tional constraints (50 samples for ASR and MT, and
10/6 samples for latency on LibriSpeech/SUPERB
ER). The SER model, trained on acted IEMO-
CAP speech (Busso et al., 2008), may not general-
ize to spontaneous customer-service conversations
(Schuller, 2018; Poria et al., 2019). IEMOCAP-
derived evaluation should also be interpreted cau-
tiously because prior work reports issues around
recording quality, task ambiguity, and the rela-
tive strength of text-only emotion models (Probol
and Mieskes, 2023). Slot extraction patterns are
English-specific and rely on hand-crafted regex
rules rather than learned extractors. The supported
MT setup is limited to six Western and Central Eu-

ropean source languages (German, Dutch, French,
Spanish, Italian, and Portuguese), excluding many
low-resource, non-European, and Swiss-relevant
language varieties. The current system processes
uploaded recordings rather than streaming live au-
dio, which limits real-time deployment scenarios.
ASR may exhibit demographic disparities for ac-
cented speech (Ardila et al., 2020), and emotion
recognition may reflect cultural biases in the train-
ing data (Ekman, 1992). Future work includes
streaming ASR with incremental emotion updates,
speaker diarization, CRM integration, broader lan-
guage coverage, and large language models (Brown
et al., 2020) for more flexible action generation.

The present study evaluates technical compo-
nents rather than end-user outcomes. We do not
measure whether agents resolve issues faster, make
fewer mistakes, or perceive the dashboard as trust-
worthy under realistic workload. Likewise, the
database layer is demonstrated on a controlled
SQLite setup rather than in a production CRM en-
vironment with authentication, logging, and policy
constraints. These omissions matter because de-
ployment quality depends not only on benchmark
performance, but also on usability, integration over-
head, and organizational acceptance. A stronger
follow-up study should therefore pair component
benchmarks with human-centered evaluation in a
realistic support workflow.
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A Supported Translation Languages

Source Lang. Model Avg. Time (s)

German (DE) opus-mt-de-en 0.86
Dutch (NL) opus-mt-nl-en 0.82
French (FR) opus-mt-fr-en 0.79
Spanish (ES) opus-mt-es-en 0.81
Italian (IT) opus-mt-it-en 0.84
Portuguese (PT) opus-mt-pt-en 0.83

Table 4: Supported translation language pairs with
Helsinki-NLP MarianMT models (Junczys-Dowmunt
et al., 2018) and average inference times on CPU.

B Slot Extraction Details

Following standard approaches in spoken language
understanding (Henderson et al., 2014), regex pat-
terns extract: amounts with currency symbols
(CHF, USD, EUR); dates in ISO, European, and
natural formats; reference IDs; card last-four digits;
and merchant names.

C Emotion Categories

Following Ekman (Ekman, 1992) and PAD (Mehra-
bian, 1996; Russell, 1980): Neutral (moderate va-
lence, low arousal), Happy (high valence, moder-
ate arousal), Sad (low valence, low arousal), An-
gry (low valence, high arousal, high dominance),
Fearful (low valence, low dominance), Disgusted
(low valence), Surprised (variable valence, high
arousal).

D Action Generation Rules

Intent-specific rules following task-oriented di-
alogue best practices (Young et al., 2013;
Budzianowski et al., 2018): Chargeback triggers
transaction confirmation and dispute workflow.
Lost card triggers freeze, replacement, and fraud re-
view. Angry emotion prepends de-escalation guid-
ance. Missing slots generate follow-up prompts
(Henderson et al., 2014).
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Abstract

Building text-to-speech (TTS) systems for low-
resource languages such as Swiss German is
challenging due to limited paired data and the
lack of standardized orthography. In practical
Swiss settings, user input is typically written
in High German, motivating pipelines that map
High German text to Swiss German speech via
an intermediate representation. We compare
three approaches: (i) direct synthesis from High
German (DE-TTS), (ii) High German→ Swiss
German text translation followed by synthesis
(CH-TTS), and (iii) High German→ automat-
ically derived fused phoneme conversion fol-
lowed by synthesis (PH-TTS). Using the Swiss-
Dial dataset, we fine-tune two TTS backbones,
SpeechT5 and Orpheus, and evaluate the re-
sulting systems with closed-loop STT metrics
(WER/SacreBLEU) and human MOS. Objec-
tive transcript-overlap metrics reliably penalize
PH-TTS but fail to reflect human preference
between DE-TTS and CH-TTS. MOS consis-
tently ranks CH-TTS highest for both back-
bones, with Orpheus achieving near-original
quality and showing robustness when training
data is halved; notably, under the half-data set-
ting PH-TTS becomes close to DE-TTS, sug-
gesting that phoneme intermediates may be
more competitive in lower-resource regimes.
Our analysis indicates that the current PH-TTS
pipeline is limited by noisy phoneme supervi-
sion and representation mismatch, and we out-
line directions to make phoneme intermediates
competitive in low-resource dialect TTS.

1 Introduction

Neural text-to-speech (TTS) has reached high
naturalness in well-resourced settings (Le et al.,
2023; Borsos et al., 2023; Wang et al., 2023; Du
et al., 2024; OpenAI, 2024; Qwen Team, 2026;
Google AI for Developers, 2026; ElevenLabs,
2026; Canopy AI, 2025), but building robust sys-
tems for low-resource languages and dialects re-
mains difficult due to the limited availability of

paired text–audio data (Chen et al., 2019). Prior
work shows that transfer learning and multilin-
gual training can substantially reduce the amount
of target-language supervision required, yet per-
formance can still be sensitive to representation
choices and data scarcity (Lux et al., 2022).

Swiss German is a particularly challenging tar-
get: it is a dialect continuum that is used in spoken
form and lacks a standardized orthography. As a re-
sult, collecting consistent text labels is difficult, and
spelling variation can become a dominant source of
noise for text-conditioned speech generation. The
SwissDial dataset addresses part of this challenge
by providing a parallel multi-dialect corpus with
Swiss German audio paired with both Swiss Ger-
man and Standard (High) German text references
(Dogan-Schönberger et al., 2021). In many practi-
cal Swiss applications, user input is written in High
German, which naturally suggests pipelines that
map High German text to Swiss German speech
via an intermediate representation.

A common approach is to translate High Ger-
man into written Swiss German and then synthesize
speech from that text. However, because written
Swiss German is not standardized, the translation
step can introduce variability that is hard for down-
stream TTS models to resolve, and “correctness”
(getting the intended words and meaning) can dom-
inate perceived quality.

This motivates the research question: should the
intermediate representation be Swiss German text
at all, or can we benefit from a more acoustically
grounded representation such as phonemes?

Phoneme conditioning can reduce pronunciation
ambiguity, but controlled English studies also show
that imperfect phonemization introduces practical
costs (Fong et al., 2019).

In this work we compare three practical Swiss
German TTS pipelines that start from High German
input (see Figure 1):
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1. DE-TTS (direct): High German text →
Swiss German speech

2. CH-TTS (translation): High German text→
Swiss German text→ Swiss German speech

3. PH-TTS (phoneme): High German text→
Swiss German phoneme string→ Swiss Ger-
man speech

For CH-TTS and PH-TTS, the intermediate con-
version is implemented using internally fine-tuned
T5 models (Raffel et al., 2020).

For PH-TTS, the training data (SwissDial) al-
ready contains High German text, Swiss Ger-
man text, and Swiss German recordings (Dogan-
Schönberger et al., 2021). The missing modality
is phoneme strings. We therefore derive phoneme
supervision from audio using a wav2vec 2.0-based
phonemization step (Baevski et al., 2020). The
resulting discrete phoneme sequences are then con-
verted into more compact continuous phoneme
strings via a fusion procedure.

We further study the impact of the TTS back-
bone by fine-tuning two contrasting synthesis mod-
els. SpeechT5 is a unified encoder–decoder model
pre-trained across speech and text modalities and
serves as a relatively lightweight baseline for data-
efficient fine-tuning (Ao et al., 2022). In parallel,
we evaluate Orpheus, a recently released Llama-
based “speech-LLM” system that targets high nat-
uralness and expressiveness, serving as a strong
synthesis baseline (Canopy AI, 2025). To probe
data sensitivity, we train Orpheus on the same data
used for SpeechT5, and include an additional Or-
pheus setting trained on half of the training data.

Finally, we evaluate the synthesized audio qual-
ity subjectively. We conduct human listening tests
with Mean Opinion Score (MOS), and complement
them with a closed-loop objective protocol (text→
TTS → audio → STT → transcript) using an in-
ternal Whisper model fine-tuned on Swiss German
speech (Timmel et al., 2025a,b) that transcribes
synthesized audio into High German text for con-
sistent scoring (Radford et al., 2022).

Contributions. Our main contributions are:

• A controlled comparison of three fine-
tuned Swiss German TTS pipelines (di-
rect, translation-based, automatically derived
phoneme-based) under a shared evaluation
harness.

• A practical phoneme-supervision construc-
tion pipeline for Swiss German (audio-based
phonemization + discrete→continuous fusion)
enabling phoneme-intermediate TTS training
from SwissDial-style annotations.

• An empirical comparison of a lightweight
backbone (SpeechT5) versus a speech-LLM
backbone (Orpheus), including a dataset scal-
ing experiment (full vs. half data) to quantify
robustness under reduced supervision.

• An evaluation setup combining MOS with
closed-loop ASR scoring via Whisper-based
transcription into High German.

2 Related Work

TTS for low-resource languages. Neural TTS
typically requires substantial paired text–audio
data, which is scarce for many languages and di-
alects. A common strategy is cross-lingual transfer
or multilingual training, often with shared sym-
bol spaces to improve data efficiency (?Lux et al.,
2022). This motivates studying which intermediate
representations and model choices remain robust
under limited training data.

Phoneme-based TTS and phonemes vs.
graphemes across languages. Phoneme con-
ditioning is widely used in neural TTS to make
pronunciation explicit, which can be beneficial
when orthography is irregular, when pronunci-
ation must be controlled, or when models are
transferred across languages; the main cost is
reliance on a lexicon and/or grapheme-to-phoneme
(G2P) conversion, whose errors propagate to
synthesis. In a controlled English study, Fong
et al. (2019) compare letter-input and phone-input
sequence-to-sequence TTS and show that phone
inputs can reduce pronunciation errors, while also
quantifying how imperfect phonemes degrade
output quality. For languages with more regular
spelling, the gap can shrink: Perquin et al. (2021)
find that grapheme inputs can match phoneme
inputs on a curated French dataset, suggesting
that phoneme advantages depend on language and
data conditions. In German and German varieties,
phoneme (or phoneme/grapheme) tokenization
remains common in practical pipelines (Govalkar
et al., 2021), and dialect synthesis can combine
Standard German G2P with dialect embeddings to
handle regional variation under limited resources
(Gutscher et al., 2023). In low-resource settings,
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phoneme-based transfer learning often relies on
mapping phoneme inventories across languages to
reduce mismatch (Do et al., 2022), and few-shot
cross-lingual TTS can be improved by learning
transferable phoneme embeddings in a shared
latent space (Huang et al., 2022). More recently,
multilingual pretraining directly on phoneme
sequences has been proposed to improve data
efficiency for TTS in low-resource languages
(Nguyen et al., 2023).

TTS backbone model choices. Modern TTS
spans diverse architectures (autoregressive, non-
autoregressive, flow/diffusion, and increasingly
speech generation with large language models).
We focus on two complementary backbones.
SpeechT5 is a unified encoder–decoder model pre-
trained across speech and text modalities and is
attractive as a relatively lightweight foundation for
data-efficient fine-tuning (Ao et al., 2022). In con-
trast, Orpheus represents a newer speech-LLM di-
rection, using a Llama-based backbone for highly
natural and expressive speech generation; we in-
clude it as a strong, high-quality synthesis baseline
to study trade-offs against a compact pre-trained
encoder–decoder (Canopy AI, 2025).

3 Method

3.1 Problem setup and pipeline variants

Swiss German TTS is challenging because Swiss
German has no standardized orthography and is pri-
marily used in speech. In many Swiss applications,
users provide High German text, and the system
must synthesize Swiss German speech. Following
this practical setting, we compare three pipeline
variants as shown in Figure 1 that differ in the in-
termediate representation used before speech syn-
thesis.

All variants share the same evaluation harness
and differ only in their intermediate conversion and
synthesis backbone.

3.2 Data

We use the SwissDial dataset, a parallel multi-
dialect corpus of spoken Swiss German with
aligned Swiss German audio and corresponding
Swiss German and Standard (High) German text
(Dogan-Schönberger et al., 2021). This means the
training data already contains the modalities re-
quired for DE-TTS and CH-TTS (High German
text, Swiss German text, recordings). For PH-TTS,

Figure 1: Overview of the three Swiss German TTS
pipelines and the closed-loop evaluation. The dataset
provides paired Swiss German speech (CH Voice) and
High German text (DE Text). DE-TTS synthesises CH
Voice directly from DE Text; CH-TTS first translates
DE Text to Swiss German text (DE→CH) and then syn-
thesises; PH-TTS derives phoneme supervision from
CH Voice via an audio-to-phoneme converter and fuses
discrete phonemes into word-level phoneme strings be-
fore synthesis. For objective evaluation, all synthesised
CH Voice outputs are transcribed by an STT system into
predicted DE text and compared against the DE refer-
ence to compute error metrics (WER and SacreBLEU).

the missing modality is the phoneme-string rep-
resentation, which we construct from the audio as
described next.

3.3 Constructing phoneme supervision from
audio

Audio-to-phoneme transcription (discrete se-
quences). We generate initial phoneme strings
from Swiss German recordings using a pre-
trained wav2vec2-based phoneme recognizer
(Wav2Vec2Phoneme) (Xu et al., 2021; Baevski
et al., 2020). The raw output forms discrete
phoneme sequences, where unigraph/digraph to-
kens are separated by excessive whitespace. While
these sequences are usable as model inputs, the
redundant spacing increases sequence length and
inference latency and can reduce contextual coher-
ence for downstream models.

Discrete-to-continuous fusion (word-like units).
To obtain a more compact conditioning signal,
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Fusion strategy Prec. Rec. Acc.
Dual wav2vec2 alignment 10.7 10.6 69.4
LLM-based fusion 94.9 93.8 98.1
Phoneme model alignment 30.6 30.0 76.3

Table 1: Space-boundary insertion quality on a manu-
ally fused validation samples. Scores are reported in
percentages.

we convert discrete sequences into continuous
phoneme strings by removing unnecessary spaces
and re-inserting boundaries primarily at word
boundaries. We compare three fusion strategies:

1. LLM-based fusion: an LLM is prompted
to fuse the discrete phonemes into word-like
units while following the Swiss German refer-
ence text as closely as possible.

2. Phoneme alignment via eSpeak: we derive
phonemes from the Swiss German text us-
ing eSpeak/eSpeak-NG (eSpeak NG Devel-
opers, 2016), align them to the audio-derived
phonemes, and transfer whitespace/boundary
information from the text side.

3. Dual wav2vec2 alignment (CTC segmenta-
tion): we use forced alignment based on CTC
segmentation to obtain timestamps for (i) text
characters and (ii) audio-derived phonemes,
then transfer word-boundary spacing from
Swiss German text into the discrete phoneme
stream (Kürzinger et al., 2020; Baevski et al.,
2020).

To select the best fusion strategy, we construct a
small gold set of 100 manually fused validation
examples. Fusion quality is evaluated by treat-
ing space insertion as a binary decision between
consecutive phoneme symbols and reporting preci-
sion, recall, and accuracy of boundary placement.
As shown in Table 1, the LLM-based fusion strat-
egy performs best, substantially outperforming the
alignment-based alternatives. We therefore use the
LLM-based strategy to generate the fused phoneme
targets for PH-TTS. The same gold set is also used
to tune strategy-specific parameters and prompts;
while this validation set is limited in size, the per-
formance differences between strategies are already
substantial.

Tokenizer compatibility. The resulting continu-
ous phoneme inventory contains symbols not cov-
ered by the default SpeechT5 text tokenizer (Ao
et al., 2022). Therefore, we map unsupported

phoneme symbols to a set of rarely used “spare”
tokens in the tokenizer vocabulary. This enables
end-to-end training while keeping the backbone
unchanged. In addition, the default SpeechT5 text
tokenizer does not cover several German-specific
characters (umlauts and the Eszett/sharp s), so we
apply a deterministic character mapping before to-
kenization:
ä -> æ, Ä -> æ
ö -> é, Ö -> é
ü -> ê, Ü -> ê
ß-> œ (and uppercase equivalent)
This normalization is applied consistently during
training and inference for all text-conditioned com-
ponents. For Orpheus, we do not face these tok-
enizer limitations; we therefore use the model’s
original tokenizer without additional character
remapping or phoneme-symbol substitution.

3.4 Intermediate translation models

For branches that require intermediate conversion
at inference time, we fine-tune T5-style sequence-
to-sequence models (Raffel et al., 2020). During
training, we do not rely on these translators, since
the dataset already provides the aligned High Ger-
man text, Swiss German text, and recordings (and
phoneme strings are constructed directly from the
recordings as described in Section 3.3).

DE→CH (CH-TTS). We fine-tune a T5 transla-
tor on SwissDial to map High German input into
Swiss German written text, covering the eight di-
alects represented in the dataset. This translator
provides the intermediate representation consumed
by the text-conditioned TTS model in the CH-TTS
branch.

DE→phoneme (PH-TTS). We fine-tune a T5
model using SwissDial paired with the fused
phoneme strings constructed from the recordings
and fused by LLM as described in Section 3.3.
The model maps High German input directly into
fused (continuous) Swiss German phoneme strings,
i.e., the same format used to condition the PH-
TTS models. This avoids a separate discrete-to-
continuous fusion step at inference time and en-
sures the translator output matches the representa-
tion seen during TTS training.

3.5 Speech synthesis backbones

We evaluate two synthesis backbones under the
same three-branch pipeline structure.
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SpeechT5. SpeechT5 is a unified encoder–
decoder model pre-trained across speech and
text modalities (Ao et al., 2022). We fine-tune
SpeechT5 to synthesize Swiss German speech from
(i) High German text (DE-TTS), (ii) Swiss Ger-
man text (CH-TTS), or (iii) fused phoneme strings
(PH-TTS), using the same paired supervision from
SwissDial (Dogan-Schönberger et al., 2021).

Orpheus. Orpheus is an open-source Llama-
based “speech-LLM” TTS system targeting highly
natural and expressive synthesis (Canopy AI, 2025).
To compare robustness and data-efficiency, we train
three Orpheus variants on the same dataset used
for SpeechT5, and additionally train one Orpheus
variant on half of the training data.

3.6 Objective and subjective evaluation
We evaluate both perceived quality and content
preservation.

Closed-loop objective evaluation. We imple-
ment a closed-loop protocol: reference text→ TTS
→ audio→ STT→ transcript, then compute WER
and SacreBLEU between the transcript and the ref-
erence. For STT we use an internal Whisper model
fine-tuned on Swiss German speech; synthesized
audio is transcribed into High German to enable a
unified scoring space across all branches (Timmel
et al., 2025a; Radford et al., 2022).

Human listening tests (MOS). We run Mean
Opinion Score (MOS) evaluations where raters
judge short audio samples on a 5-point scale
for overall naturalness/quality, comparing original
recordings against DE-TTS, CH-TTS, and PH-TTS
outputs.

4 Results

We report closed-loop STT-based metrics (WER↓,
SacreBLEU↑) and human MOS for DE-TTS, CH-
TTS, and PH-TTS. While the objective metrics
are useful diagnostics, they do not reliably capture
the perceptual ranking between DE-TTS and CH-
TTS, motivating MOS as the primary signal for
comparison.

4.1 Objective evaluation (closed-loop WER /
SacreBLEU)

4.1.1 SpeechT5
Table 2 reports average WER and SacreBLEU for
SpeechT5. First, note that the original recordings
do not yield perfect transcript agreement with the

High German reference, indicating non-trivial STT
variability even on real audio. Among the synthe-
sised conditions, PH-TTS is clearly worse (higher
WER, lower SacreBLEU). In contrast, DE-TTS
and CH-TTS are comparatively close under these
transcript-based metrics, and DE-TTS appears best
by objective scores.

4.1.2 Orpheus: full vs. half dataset
Table 3 shows the same objective metrics for Or-
pheus trained on the full dataset and on half of
the dataset. The same pattern holds: PH-TTS is
strongly penalised, while DE-TTS and CH-TTS
are harder to separate and remain relatively close
in score. Reducing the dataset size affects DE-TTS
more noticeably than CH-TTS under these objec-
tive metrics.

Why objective metrics are insufficient. Across
both backbones, the objective metrics clearly iden-
tify PH-TTS as the weakest branch, but they do not
provide a clean separation between DE-TTS and
CH-TTS. In particular, DE-TTS tends to score best
because the evaluation reference is High German
text and DE-TTS is optimised to preserve that sur-
face form. CH-TTS, however, includes an explicit
DE→CH step and aims to produce more dialect-
appropriate Swiss German content before synthesis,
which can change lexical choices and reduce tran-
script overlap even when listeners prefer the result.
This motivates the subjective evaluation below.

4.2 Subjective evaluation (MOS)

4.2.1 SpeechT5
Table 4 reports MOS for SpeechT5 (5-point scale).
CH-TTS is closest to the original recordings, DE-
TTS is lower, and PH-TTS is lowest. Importantly,
this perceptual ranking differs from the objective
metrics above, which favour DE-TTS. This mis-
match reinforces that listening tests are necessary
when comparing pipelines with different interme-
diate representations.

4.2.2 Orpheus and dataset scaling
Table 5 reports aggregated MOS for Orpheus across
4 participants. With the full dataset, CH-TTS is
the best synthesised condition (4.67), followed by
DE-TTS (3.80) and PH-TTS (3.43), while original
recordings remain highest overall (4.86). With half
the dataset, CH-TTS remains comparatively stable
(4.56), whereas DE-TTS drops more substantially
(3.26). PH-TTS also decreases (3.25) and becomes
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System WER (synth) sBLEU (synth)
Original (vs. DE ref) 0.235 0.607
CH-TTS 0.237 0.607
DE-TTS 0.214 0.657
PH-TTS 0.355 0.471

Table 2: SpeechT5 closed-loop objective results (synth vs. High German reference; across 316 samples). WER↓
and SacreBLEU↑ (sBLEU).

System WER (full) WER (half) sBLEU (full) sBLEU (half)
Original (vs. DE ref) 0.239 0.611
CH-TTS 0.284 0.285 0.556 0.554
DE-TTS 0.254 0.316 0.603 0.540
PH-TTS 0.469 0.496 0.365 0.344

Table 3: Orpheus closed-loop objective results (synth vs. High German reference). Original baseline is identical
across runs (across 312 samples).

Condition (SpeechT5) MOS
Original 4.04 (119)
CH-TTS 4.00 (124)
DE-TTS 3.53 (127)
PH-TTS 3.10 (124)

Table 4: SpeechT5 MOS results (higher is better); over 6
participants. Numbers in parentheses denote the number
of rated samples per condition.

Condition (Orpheus) Full data Half data
Original 4.86 (66) –
CH-TTS 4.67 (72) 4.56 (68)
DE-TTS 3.80 (66) 3.26 (73)
PH-TTS 3.43 (76) 3.25 (76)

Table 5: Orpheus MOS results aggregated over 4 partic-
ipants. Higher is better. Numbers in parentheses denote
the number of rated samples per condition.

essentially indistinguishable from DE-TTS under
reduced data.

Effect of halving the dataset (Orpheus). Halv-
ing training data has the smallest effect on CH-
TTS (∆ = −0.11), while DE-TTS shows the
largest drop (∆ = −0.54). PH-TTS also degrades
(∆ = −0.18), and its separation from DE-TTS
largely vanishes in the half-data setting (0.37 on
full data vs. 0.01 on half data).

Takeaway. PH-TTS is consistently weakest
across both objective and subjective evaluation.
For DE-TTS vs. CH-TTS, however, the STT-based
metrics tend to favor DE-TTS and provide only
a limited basis for ranking systems that differ in
intermediate representation. In contrast, MOS con-
sistently prefers CH-TTS. This mismatch suggests
that, in Swiss German TTS where intermediate rep-
resentations can legitimately change lexical choices
and surface form, transcript-overlap metrics should

be treated primarily as diagnostics rather than the
main selection criterion.

5 Discussion

Why subjective evaluation is necessary. Our
closed-loop STT-based metrics (WER and Sacre-
BLEU) consistently rank PH-TTS lowest, but they
fail to capture the human preference difference be-
tween DE-TTS and CH-TTS. This is expected be-
cause the objective reference is High German text:
DE-TTS is incentivised to preserve High German
surface form, whereas CH-TTS intentionally al-
ters lexical choices through the DE→CH transla-
tion step to produce more dialect-appropriate con-
tent. As a result, transcript-overlap metrics conflate
“quality” with “literal matching” and provide an
incomplete basis for ranking systems with different
intermediate representations. This mismatch makes
subjective evaluation essential for model selection
in the Swiss German setting.

CH-TTS as the strongest pipeline across back-
bones. Across both TTS backbones, MOS con-
sistently ranks CH-TTS as the best synthesized sys-
tem, suggesting that perceived quality is dominated
by dialect-appropriate wording and meaning preser-
vation rather than strict High-German transcript
match. In practice, this supports a pipeline view
in which the intermediate representation is the pri-
mary driver of user-perceived quality: translating
into Swiss German text before synthesis improves
overall naturalness and intelligibility as judged by
listeners.

Backbone effects: SpeechT5 vs. Orpheus.
Compared to SpeechT5, Orpheus achieves higher
MOS overall and keeps CH-TTS close to original
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recordings, indicating that a strong synthesis back-
bone can substantially improve naturalness once
a suitable intermediate representation is provided.
However, the phoneme branch remains behind even
with Orpheus, implying that the main bottleneck
for PH-TTS is not the synthesis model itself, but
the representation and supervision pipeline used to
obtain phoneme conditioning.

Data scarcity and robustness. The dataset scal-
ing experiment highlights an additional trade-off.
Halving the dataset hurts DE-TTS much more
than CH-TTS for Orpheus, suggesting that the
translation-based intermediate provides a stronger
inductive bias and better robustness under reduced
supervision. This also hints that, under scarce data,
conditioning on a representation that is closer to
the target dialect (Swiss German text) can be more
helpful than conditioning directly on High German,
even if the latter yields higher transcript overlap
against a High German reference.

Fairness of the phoneme comparison. Impor-
tantly, PH-TTS should not be interpreted as an
oracle phoneme condition: unlike the text-based
intermediates available in SwissDial, the phoneme
strings are automatically derived from audio and
therefore introduce additional supervision noise.

Why PH-TTS underperforms. PH-TTS likely
suffers from compounded upstream noise and rep-
resentation mismatch. In our training pipeline,
phoneme strings are inferred from audio and then
transformed via discrete-to-fused conversion. Er-
rors introduced by audio phonemization and fusion
propagate directly into the conditioning signal seen
during training, turning the “phonemes as cleaner
supervision” hypothesis into a noisier target in prac-
tice. In addition, phoneme symbol coverage and to-
kenization constraints (notably for SpeechT5) can
further degrade conditioning fidelity.

Outlook for phoneme-based Swiss German TTS.
The most promising next step for PH-TTS is to re-
move the discrete→fused phoneme noise at the
source. Concretely, this could involve training
a model that predicts fused phoneme strings di-
rectly, adopting a phoneme-native tokenizer, and
scaling with more (or cleaner) supervision. These
changes would test the underlying hypothesis—
that phonemes provide a more stable intermediate
than non-standard orthography—without the cur-
rent error-compounding bottlenecks.

Implications for deployment. For product de-
ployment, CH-TTS with Orpheus appears to offer
the best trade-off: it aligns with typical user behav-
ior (input in High German), yields near-original
MOS, and remains robust when data is limited. Im-
proving the High German→Swiss German trans-
lation component is therefore a high-leverage di-
rection, since translation quality largely determines
the content/wording that downstream TTS must re-
alize. In contrast, PH-TTS is not yet competitive in
perceived quality, but it remains a promising direc-
tion if the phoneme supervision and tokenization
issues can be addressed.
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Abstract

Large Language Models (LLMs) can reproduce
social biases, yet many bias evaluations remain
English-centric. We extend the Contact Hy-
pothesis framework presented in previous work
to German and Icelandic, focusing on religion
and nationality. Evaluating GPT models (3.5,
4, 4-turbo, 4o, 5), we find that positive con-
tact reduces biases in the answers of the LLMs,
while negative contact amplifies it, with cross-
linguistic differences in magnitude and salience.
Our results support the cross-linguistic robust-
ness of contact-based probing and underscore
the need for culturally contextualized evalua-
tions. In addition to these insights, our contri-
butions lies in the dataset that is made available
on Github1 for further research.

1 Introduction

LLMs encode and can amplify societal stereotypes
(Bolukbasi et al., 2016; Caliskan et al., 2017; Ben-
der et al., 2021), raising concerns for fair deploy-
ment. The Contact Hypothesis (Allport, 1954)
posits that positive intergroup contact reduces prej-
udice and has recently been operationalized for
English LLMs, yielding predictable shifts under
positive versus negative prompts and introducing
Social Contact Debiasing (Raj et al., 2024). How-
ever, its applicability beyond English remains un-
derexplored.

We extend contact-based bias probing to German
and Icelandic, examining religion and nationality,
two socially salient dimensions shaped by regional
migration and religious demographics (Smith et al.,
2022; Parrish et al., 2022). Our evaluation spans
multiple GPT generations (gpt-3.5, gpt-4, gpt-4o,
gpt-5) (OpenAI et al., 2023; OpenAI, 2023, 2024,
2025).

Prior work shows that LLM bias varies across
languages and cultural contexts (Kim and Baek,

1https://github.com/BFH-AMI/BIAS-
SmarterPromptingDemonstrator

2024; Zahraei and Asgari, 2025; Buyl et al., 2024),
and multilingual evaluation frameworks stress the
importance of cultural grounding beyond direct
translation (University of Amsterdam ILLC, 2024;
Huang et al., 2025; Pistilli et al., 2024). Our work
contributes an interpretable cross-linguistic eval-
uation grounded in intergroup contact theory and
releases a hand-curated dataset to support repro-
ducible benchmarking.

Icelandic and German, though both Germanic,
differ substantially: Icelandic (North Germanic)
has remained linguistically conservative, whereas
German (West Germanic) reflects broader contact
and borrowing making their comparison particu-
larly informative.

Contributions. (1) A multilingual extension of
contact-based bias probing to German and Ice-
landic; (2) culturally grounded descriptors for re-
ligion and nationality; (3) cross-model evidence
of consistent contact effects alongside language-
specific bias patterns.

2 Related Work

Bias in NLP. Social biases are well documented
in word embeddings and contextual models (Boluk-
basi et al., 2016; Caliskan et al., 2017; Guo and
Caliskan, 2021; Bender et al., 2021). Benchmarks
such as StereoSet, CrowS-Pairs, HolisticBias, and
BBQ enable systematic evaluation (Nadeem et al.,
2021; Nangia et al., 2020; Smith et al., 2022; Par-
rish et al., 2022; Zhao et al., 2023). Multilin-
gual studies show that bias varies across languages
and cultural contexts, reflecting training data and
alignment objectives (Gamboa et al., 2025; Buyl
et al., 2024). Frameworks such as MCEVAL and
CIVICS advocate culturally grounded evaluation
beyond direct translation (Huang et al., 2025; Pis-
tilli et al., 2024), and recent work highlights re-
gional differences in national and religious bias pat-
terns (Zahraei and Asgari, 2025; Liu et al., 2025).
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Mitigation. Debiasing approaches target data,
representations, and objectives (Zhang et al., 2018;
Zhao et al., 2018). The Contact Hypothesis offers a
complementary, theory-driven perspective (Allport,
1954; Wright et al., 1997; Amichai-Hamburger and
McKenna, 2006) and has recently been operational-
ized for LLMs with promising results (Raj et al.,
2024). We extend this sociopsychological framing
to multilingual bias evaluation, responding to calls
for culturally sensitive fairness assessment (Univer-
sity of Amsterdam ILLC, 2024; Arif et al., 2024;
Kim and Baek, 2024).

3 Methodology

3.1 Overview

We adapt the English prompt framework of Raj
et al. (2024) to German and Icelandic, focusing on
religion and nationality descriptors aligned with
local demographics (see §4).

3.2 Prompt Design

Following Raj et al. (2024), prompts vary along
three dimensions: contact condition (none, posi-
tive, negative), action orientation (positive verbs),
and response certainty. Prompts were translated
and culturally validated by native speakers while
preserving parallel structure across languages to
isolate language effects under controlled framing
(Smith et al., 2022).

3.3 Models Evaluated

We evaluate five GPT variants (GPT-3.5, GPT-
4, GPT-4-turbo, GPT-4o, GPT-5) (OpenAI, 2023;
OpenAI et al., 2023; OpenAI, 2024, 2025) using
identical prompts. These models were selected
due to their strong performance, widespread real-
world deployment, and influence on downstream
NLP applications, making them a relevant target
for bias analysis (Bommasani et al., 2021). Further-
more, focusing on a single model family enables
controlled comparisons between versions with sim-
ilar underlying design principles and alignment
strategies, which have been shown to significantly
affect model behavior and bias between different
model families (Liang et al., 2023; Nadeem et al.,
2021). However, this choice limits the scope of
the analysis, as other model families, particularly
open-source and smaller-scale models, may exhibit
different bias characteristics. The decoding was
fixed (temperature 0.3, maximum 10 tokens) and
the responses were constrained to binary outputs

(yes/no) to ensure consistent scoring (Parrish et al.,
2022). For example, German prompts appended:

“Antworte nur mit einem Wort: Wähle zwischen Ja
und Nein.”

3.4 Bias Definition and Scoring

Following Raj et al. (2024), for positive verb (in-
clusive) actions such as “Should I collaborate?”, an
affirmative response (“Yes”) is labeled unbiased,
whereas a negative response (“No”) is labeled bi-
ased, irrespective of contact condition. Ambigu-
ous outputs (none binary) were reviewed by native
speakers who are members of the research team
(one native German speaker and two native Ice-
landic speakers); responses without clear orienta-
tion were labeled None. We report the percentage
of biased responses per model, language, and con-
dition.

4 Experiments & Results

4.1 Relation to Prior German Study and
Methodological Reuse

This study extends our prior work on German
contact-based bias probing (Ikae and Kurpicz-Briki,
2025), which introduced a culturally grounded
dataset construction pipeline based on (1) demo-
graphically relevant group selection, (2) translation
and adaptation of English templates, and (3) native-
speaker validation. Bias was evaluated under No,
Positive, and Negative contact framings following
Raj et al. (2024).

Here, we retain the original German dataset for
comparability and apply the same construction prin-
ciples to Icelandic, ensuring parallel prompt struc-
ture, contact conditions, and scenario coverage (ed-
ucation, workplace, community, healthcare, sports).
While group descriptors were adapted to Icelandic
linguistic and cultural context, methodological par-
ity enables controlled cross-linguistic evaluation.

We further extend both languages to religion, ex-
panding the earlier German dataset beyond nation-
ality. This reuse and extension of our established
pipeline enables systematic multilingual compar-
ison of contact-based bias across nationality and
religion.

4.2 Experimental Setup

Prompt counts (per language). Due to differ-
ences in the number and availability of culturally
relevant nationalities and religious groups included
in the prompt construction for each language, the
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Model Contact Unbiased Biased None

GPT-3.5 No 99.7 0.3 0.0
Positive 99.7 0.3 0.0
Negative 95.1 4.9 0.0

GPT-4 No 96.3 3.6 0.2
Positive 100.0 0.0 0.0
Negative 89.7 9.6 1.2

GPT-4o No 98.5 1.5 0.3
Positive 99.8 0.0 0.2
Negative 95.3 4.3 0.7

GPT-4 Turbo No 98.7 1.3 0.0
Positive 99.8 0.2 0.0
Negative 95.4 4.6 0.0

GPT-5 No 80.8 0.0 19.2
Positive 84.9 0.0 15.1
Negative 79.8 0.0 20.2

Table 1: Response distribution (%) by contact type for
each GPT model in the German Nationality condition.
Positive contact consistently reduces bias; GPT-5 shows
higher neutral (“None”) rates, indicating bias avoidance
rather than elimination.

total number of generated prompts varies. For Ger-
man, the Nationality condition comprises 609 base
prompts (1,827 with three contact framings), and
Religion includes 210 base prompts (630 total). For
Icelandic, 90 base templates yield 300 Nationality
prompts (900 total) and 180 Religion prompts (540
total), each instantiated under No, Positive, and
Negative contact.

Descriptor sets. The German Nationality set
includes 19 migrant groups identified from official
statistics in German-speaking countries (including
Afghanistan, Bosnia, Bulgaria, France, Greece, In-
dia, Italy) (Ikae and Kurpicz-Briki, 2025). The Ice-
landic Nationality condition comprises 10 groups
(Poland, Lithuania, Ukraine, Romania, Portugal,
Spain, Venezuela, Philippines, USA, Denmark).

For Religion, German includes seven groups
(Christians, Muslims, Jews, Buddhists, Russian Or-
thodox, Jehovah’s Witnesses, non-religious), while
Icelandic includes five (Christianity, Islam, Bud-
dhism, Jehovah’s Witnesses, Russian Orthodox).
Each religion appears in 30 templates per lan-
guage.2

Scenarios. Descriptors are embedded in paral-
lel decision-focused scenarios across five domains:
education, workplace, healthcare, sports, and com-
munity contexts. Each scenario is realized under
all three contact conditions, enabling controlled
cross-language comparison (Raj et al., 2024).

Model Contact Unbiased Biased None

GPT-3.5 No 95.2 4.8 0.0
Positive 99.0 1.0 0.0
Negative 93.8 6.2 0.0

GPT-4 No 94.3 5.7 0.0
Positive 95.7 3.3 1.4
Negative 92.8 5.3 2.9

GPT-4o No 94.8 5.2 0.0
Positive 96.7 3.3 0.0
Negative 96.2 3.8 0.0

GPT-4 Turbo No 93.3 6.7 0.0
Positive 93.3 6.7 0.0
Negative 94.8 5.2 0.0

GPT-5 No 68.9 10.0 21.1
Positive 67.4 7.1 25.5
Negative 72.3 2.3 23.9

Table 2: Response distribution (%) by contact type for
each GPT model in the German Religion condition.
Positive contact consistently reduces bias, while GPT-5
exhibits a higher rate of neutral (“None”) responses.

Model Contact Unbiased Biased None

GPT-3.5 No 99.0 1.0 0.0
Positive 100.0 0.0 0.0
Negative 91.7 8.3 0.0

GPT-4 No 54.0 0.3 45.7
Positive 94.0 0.0 6.0
Negative 65.0 12.3 22.7

GPT-4o No 99.3 0.7 0.0
Positive 100.0 0.0 0.0
Negative 93.0 7.0 0.0

GPT-4 Turbo No 99.0 1.0 0.0
Positive 96.3 3.0 0.7
Negative 82.0 16.7 1.3

GPT-5 No 76.0 3.7 20.3
Positive 82.7 2.7 14.7
Negative 67.0 17.0 16.0

Table 3: Response distribution (%) by contact type for
each GPT model in the Icelandic Nationality condition.
Positive contact consistently reduces bias, while GPT-
4 and GPT-5 exhibit a higher rate of neutral (“None”)
responses.

4.3 Overall Bias Levels

Tables 1–4 report unbiased, biased, and neutral re-
sponses across models, languages, and descriptor
conditions. GPT-3.5, GPT-4 (for German), GPT-4o,
and GPT-4 Turbo consistently achieved high unbi-
ased rates (often > 90%) across settings. In contrast,
GPT-5 produced lower unbiased proportions and
markedly more neutral responses, particularly in
Religion conditions. This was also the case for
GPT-4 in Icelandic. Positive contact yielded the
highest unbiased rates across all models, while Neg-
ative contact increased bias. German results were
overall more stable, whereas Icelandic prompts es-

2Descriptors are presented in English for readability; origi-
nal wording is available in the repository.
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Model Contact Unbiased Biased None

GPT-3.5 No 85.6 14.4 0.0
Positive 92.2 7.8 0.0
Negative 76.1 23.9 0.0

GPT-4 No 65.1 10.5 24.4
Positive 78.3 4.3 17.4
Negative 65.8 17.4 11.6

GPT-4o No 81.2 16.6 1.7
Positive 94.4 5.6 0.0
Negative 85.0 14.4 0.6

GPT-4 Turbo No 86.7 13.3 0.0
Positive 91.7 8.3 0.0
Negative 80.6 19.4 0.0

GPT-5 No 53.0 8.1 38.9
Positive 65.7 10.1 25.3
Negative 68.3 7.8 23.9

Table 4: Response distribution (%) by contact type for
each GPT model in the Icelandic Religion condition.
Positive contact consistently reduces bias, while GPT-
4 and GPT-5 exhibit a higher rate of neutral (“None”)
responses.

pecially for GPT-5 elicited higher neutrality.

4.4 Nationality Comparison: German vs.
Icelandic Conditions

Overall Patterns. German nationality prompts
resulted in highly stable behavior: all models ex-
cept GPT-5 showed minimal bias and virtually no
neutral responses across contact types. GPT-5 di-
verged, with reduced unbiased rates and elevated
neutrality, suggesting greater safety-driven non-
commitment.

Icelandic nationality prompts produced substan-
tially greater variability. While earlier models re-
mained robust under Positive contact, GPT-4 and
GPT-5 showed increased biased and neutral re-
sponses, particularly under No and Negative con-
tact, indicating heightened caution or representa-
tional uncertainty.

Contact Effects. Positive contact reduced bias in
both languages, reaching near-ceiling performance
in the German condition. In Icelandic, however,
Positive contact did not fully offset elevated neu-
trality in GPT-4 and GPT-5. Negative contact in-
creased bias in both settings, but the effect was
stronger for Icelandic nationality prompts.

Summary. Overall, German nationality elicited
more stable and context-resistant responses,
whereas Icelandic nationality triggered greater vari-
ability and neutrality especially in later models
suggesting increased caution in linguistically or
culturally distinct contexts.

4.5 Religion Comparison: German vs.
Icelandic Conditions

Across religious conditions, contact effects were
consistent but differed in magnitude between Ger-
man and Icelandic prompts.

Overall Patterns. In the German Religion con-
dition, GPT-3.5, GPT-4, GPT-4o, and GPT-4 Turbo
maintained high unbiased rates across contact
types, with only modest increases in bias under
Negative contact. GPT-5 diverged, producing
substantially lower unbiased rates and markedly
higher neutral responses, indicating increased non-
commitment in religious contexts.

The Icelandic Religion condition showed
greater variability. While earlier models remained
relatively robust, GPT-4 and GPT-5 generated ele-
vated neutral responses across contact types, sug-
gesting stronger uncertainty or safety-driven avoid-
ance compared to German prompts.

Contact Effects. Positive contact reduced bias in
both languages but did not fully offset elevated neu-
trality in GPT-4 and GPT-5 for Icelandic prompts.
Negative contact increased bias in both settings,
with stronger effects in the Icelandic condition and
continued high neutrality in later models.

Summary. Overall, German religion prompts
elicited more stable responses, whereas Icelandic
religion prompts produced greater variability and
substantially higher neutrality especially in GPT-4
and GPT-5 indicating increased caution in linguis-
tically and culturally distinct contexts.

4.6 Key Findings

• Positive contact reliably attenuates bias
across all models and nationalities. In both
German and Icelandic conditions, benevolent
framing consistently increased the proportion
of unbiased responses and reduced explicit
bias, although its effectiveness was stronger
for German nationality cues. For Icelandic
prompts, particularly for GPT-4 and GPT-5,
positive contact did not fully eliminate ele-
vated rates of neutral (“None”) outputs, in-
dicating residual uncertainty or safety-driven
avoidance (Allport, 1954; Raj et al., 2024).

• Nationality influences model sensitivity to
contextual framing. German nationality
elicited highly stable behaviour, with low bias
and minimal neutrality across models. In
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contrast, Icelandic nationality cues produced
greater variability, higher susceptibility to neg-
ative contact, and substantially increased neu-
tral responding most notably among GPT-4
and GPT-5. This cross-national difference
aligns with work on contextual salience and
social-descriptor effects in multilingual LLM
evaluation (Smith et al., 2022).

• Model generation strongly predicts bias ex-
pression and risk avoidant behaviour. Ear-
lier models (GPT-3.5, GPT-4o, GPT-4 Turbo)
showed consistently low bias and near-zero
neutrality across conditions. In contrast, GPT-
5 demonstrated a pronounced shift toward cau-
tion, characterised by persistently high neu-
tral responding (15–40% depending on con-
dition) and reduced decisiveness even under
positive contact. GPT-4 exhibited similar be-
haviour under Icelandic nationality cues, sug-
gesting that newer models prioritise safety-
driven avoidance over explicit commitment in
sensitive contexts.

4.7 Bias Patterns Across Religious Groups in
the German Condition

Table 5 summarizes the distribution of biased re-
sponses across all five GPT models for the Ger-
man Religion condition. The results demonstrate
that bias is unevenly distributed across religious
groups. Aggregated across contact types, the high-
est explicit bias rates are observed for Jehovah’s
Witnesses (9.2%), followed by Christianity (8.1%),
Russian Orthodox (5.5%), and Buddhism (5.0%).
In contrast, prompts referencing Islam exhibit the
lowest bias rate (2.4%), with Judaism (4.1%) and
no religious affiliation (3.0%) occupying intermedi-
ate positions. These findings indicate that minority
or denominational Christian groups are particularly
salient triggers of biased responses in the German
setting.

When disaggregated by contact type, biased re-
sponding is most pronounced under Negative con-
tact, with the strongest effects observed for Je-
hovah’s Witnesses and Christianity. Notably, el-
evated bias also persists under No contact condi-
tions for several groups, suggesting that neutral
framing alone does not reliably suppress stereotyp-
ical associations. While Positive contact gener-
ally reduces biased responses across religious cate-
gories, it does not fully eliminate bias for groups
that exhibit higher baseline susceptibility.

Religion Biased (%) Neutral (%) Unbiased (%)

Jehovah’s Witnesses 9.2 0.0 90.8
Christianity 8.1 0.0 91.9
Russian Orthodox 5.5 0.0 94.5
Buddhism 5.0 0.0 95.0
Judaism 4.1 0.0 95.9
No Religion 3.0 0.0 97.0
Islam 2.4 0.0 97.6

Table 5: Aggregated biased response rates across all
five GPT models and all contact types for the German
Religion condition. Jehovah’s Witnesses and Christians
show the highest bias rates, whereas Muslim prompts
elicit the lowest.

Model-level variation further contextualizes
these patterns. GPT-4 Turbo and GPT-5 gener-
ate comparatively higher proportions of biased re-
sponses than earlier models, reflecting increased
sensitivity to contextual framing. At the same time,
GPT-5 displays a distinctive behavioural profile
characterized by a greater tendency toward conser-
vative response strategies. However, in contrast
to the Icelandic conditions, neutral responses re-
main negligible in the German Religion setting,
indicating that models predominantly produce di-
rect evaluative judgments rather than resorting to
avoidance.

Overall, these results suggest that religious bias
in German-language prompts is shaped primarily
by group-specific sociocultural positioning rather
than by general religiosity alone. In some cases, mi-
nority, non-mainstream, and historically marginal-
ized denominations elicit higher levels of bias, and
their interaction with contact framing highlights the
central role of contextual cues. Negative framing
amplifies biased responding, whereas positive fram-
ing provides partial, but incomplete, mitigation, un-
derscoring the limits of prompt-level interventions
in fully neutralizing model bias.

4.8 Bias Patterns Across Nationality Groups
in the German Condition

Table 6 presents the aggregated bias rates across
nationality groups in the German Nationality con-
dition. Overall, explicit bias remains relatively
low, with unbiased responses exceeding 89% for
all groups. Nevertheless, systematic and inter-
pretable differences emerge across nationalities.
The highest biased response rates are observed for
Syria (9.6%), Afghanistan (8.7%), and Iraq (8.3%),
followed by Bosnia and Herzegovina (7.8%) and
Romania (6.9%). These nationalities consistently
elicit elevated biased responses across contact fram-
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ings and models, in contrast to most Western,
Southern, and North American groups, which re-
main below 3% biased output.

Although explicit bias is infrequent overall, its
distribution is clearly non-uniform. Nationalities
associated with recent refugee movements, geopo-
litical instability, or heightened public and media
discourse in Germany tend to attract higher bias
rates, suggesting that sociopolitical salience plays
a substantial role in shaping model behaviour. In
contrast, nationalities such as France, Italy, Por-
tugal, and the United States exhibit consistently
low bias levels despite comparable institutional
and cultural visibility. This pattern indicates that
bias expression reflects perceived social distance
and dominant media framing rather than simple
frequency of exposure.

Neutral responses are rare across nearly all na-
tionality groups, remaining below 2% in every case.
This distinguishes the German Nationality condi-
tion from both religion-related and Icelandic na-
tionality evaluations, where avoidance strategies
are more prevalent. In the German setting, mod-
els generally provide direct affirmative or negative
judgments even when addressing socially sensitive
nationalities.

Taken together, these findings demonstrate that
while overall bias levels in German nationality
prompts are limited, they are concentrated among
specific, socially salient groups. Aggregated model-
level metrics therefore obscure meaningful cross-
national variation, underscoring the importance of
fine-grained, group-specific evaluation in multilin-
gual bias assessment.

4.9 Bias Patterns Across Nationality Groups
in the Icelandic Condition

Table 7 summarizes the aggregated bias rates across
all GPT models for the Icelandic Nationality condi-
tion. Although explicit bias remains modest overall,
substantial variation is observed across nationali-
ties. The highest bias rates occur for USA (7.1%),
Venezuela (6.2%), and Denmark (6.2%), followed
by Romania and Spain (4.9%). These groups elicit
disproportionately more biased responses than the
remaining nationalities.

In contrast, several nationalities show compar-
atively low bias levels, including Ukraine (3.8%),
Lithuania (4.0%), Portugal (4.2%), and Poland
(4.2%). These groups consistently receive high
rates of unbiased responses (87–88%), suggesting
strong cooperative judgments across contact fram-

Nationality Biased (%) Neutral (%) Unbiased (%)

Syria 9.6 1.2 89.2
Afghanistan 8.7 1.0 90.3
Iraq 8.3 1.4 90.3
Bosnia and H. 7.8 0.9 91.3
Romania 6.9 0.7 92.4
Serbia 6.4 0.8 92.8
Russia 5.9 1.6 92.5
Bulgaria 5.1 0.6 94.3
Hungary 4.8 0.5 94.7
Poland 4.3 0.4 95.3
Croatia 3.9 0.4 95.7
Greece 3.6 0.3 96.1
Kosovo 3.4 0.5 96.1
Portugal 3.2 0.3 96.5
Italy 2.9 0.3 96.8
Turkey 2.6 0.3 97.1
France 2.5 0.2 97.3
India 2.2 0.4 97.4
Ukraine 1.8 0.2 98.0
United States 1.2 0.1 98.7

Table 6: Nationalities with the highest bias rates in the
German Nationality condition, aggregated across all
five GPT models and contact types. Bias levels are
low overall but show consistent elevation for several
nationalities, particularly Syria, Afghanistan, and Iraq.

ings and models.
Neutral responses display noticeable differences

as well. Venezuela and USA exhibit elevated neu-
trality (11.6% and 9.1%, respectively), indicating
a tendency for model abstention or uncertainty.
For most other nationalities, neutrality remains be-
tween 7–8%, reflecting a comparatively low rate of
safety-driven non-commitment.

Overall, the Icelandic Nationality analysis re-
veals that explicit bias is not uniformly distributed
across nationality categories. Instead, particular
nationalities notably the United States, Denmark,
and Venezuela exhibit systematically higher levels
of biased and neutral outputs, while others remain
largely unbiased. These patterns align with the hy-
pothesis that sociocultural salience and perceived
group distance influence LLM bias expression even
in a low-bias environment.

4.10 Bias Patterns Across Religious Groups in
the Icelandic Condition

Table 8 reports the aggregated proportions of bi-
ased, neutral, and unbiased responses across all
GPT models for the Icelandic Religion condition.
The results show clear differences across religious
groups despite overall moderate levels of explicit
bias.

The highest bias rates occur for Russian Or-
thodox (22.9%), followed by Jehovah’s Witnesses
(16.0%) and Christian (13.1%). These find-
ings indicate that non-mainstream or denomina-
tional Christian groups such as the Russian Or-
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Nationality Biased (%) Neutral (%) Unbiased (%)

USA 7.11 9.11 83.78
Venezuela 6.22 11.56 82.22
Denmark 6.22 7.11 86.67
Romania 4.89 8.00 87.11
Spain 4.89 8.22 86.89
The Philippines 4.67 8.22 87.11
Portugal 4.22 8.00 87.78
Poland 4.22 8.44 87.33
Lithuania 4.00 8.00 88.00
Ukraine 3.78 8.67 87.56

Table 7: Aggregated biased, neutral, and unbiased re-
sponse rates across all five GPT models and contact
types for the Icelandic Nationality condition. Bias lev-
els vary across nationalities, with USA, Denmark, and
Venezuela showing notably higher bias rates and neutral
responses than other groups.

thodox Church and Jehovah’s Witnesses provoke
the strongest biased reactions across models. Ele-
vated neutrality for Jehovah’s Witnesses (15.1%)
and Russian Orthodox (10.4%) further suggests
that these categories are perceived as socially sen-
sitive, prompting both explicit bias and increased
avoidance behaviour.

In contrast, Buddhist and Islam show the lowest
explicit bias rates (6.9% and 6.4%, respectively)
and the highest proportions of unbiased responses
(84.2%). These patterns parallel the German Re-
ligion results, where Islam also did not yield the
highest bias levels indicating that model sensitivity
to religious groups may be strongly conditioned
by local cultural context rather than by presumed
global stereotypes. Another hypothesis could be
that more alignment efforts have been already done
to the models for specific groups, and therefore
there is a reduced bias.

Neutral responses remain relatively modest
overall but increase for groups associated with
higher bias levels, highlighting a dual mecha-
nism of stereotyping and uncertainty-driven non-
commitment. Together, the Icelandic Religion find-
ings demonstrate that bias expression is unevenly
distributed across religious categories, with some
denominations repeatedly eliciting stronger biased
and neutral responses even in a relatively low-bias
setting.

5 Discussion

Cross-Condition Comparison. Across all four
experimental conditions, our results reveal a con-
sistent yet nuanced pattern in how GPT models ex-
press and regulate social bias. Explicit bias is low-
est and most stable in the German Nationality con-

Religion Biased (%) Neutral (%) Unbiased (%)

Russian Orthodox 22.9 10.4 66.7
Jehovah’s Witness 16.0 15.1 68.9
Christian 13.1 9.8 77.1
Buddhist 6.9 8.9 84.2
No Religion 8.1 0.0 91.9
Islam 6.4 9.3 84.2

Table 8: Aggregated biased, neutral, and unbiased re-
sponse rates across all five GPT models and contact
types for the Icelandic Religion condition. Bias levels
vary across religions, with Russian Orthodox and Jeho-
vah’s Witness, showing notably higher bias rates than
other religious groups.

dition, where nearly all models exhibit near-ceiling
unbiased responses and minimal neutrality. In con-
trast, the Icelandic Nationality condition shows
greater variability across groups, with certain na-
tionalities (e.g., USA, Denmark, Venezuela) elicit-
ing elevated biased and neutral responses. These
findings indicate that nationality-related sensitivity
is not uniform across languages and may depend
on local sociocultural salience. A similar asym-
metry appears across the two religion conditions.
In the German Religion setting, bias concentrates
most strongly on Jehovah’s Witnesses and Chris-
tian subgroups, whereas the Icelandic Religion
condition exhibits heightened bias toward Russian
Orthodox and Jehovah’s Witness, alongside moder-
ate bias toward Christians. Conversely, Islam and
Buddhism show comparatively low bias in both lan-
guages, suggesting that model behaviour is shaped
more by culturally specific religious representa-
tions than by global religious stereotypes. Another
explanation could be existing debiasing efforts and
alignment for specific groups. Notably, neutral-
ity increases systematically in the conditions and
groups that elicit higher bias most prominently in
Icelandic Religion and Icelandic Nationality con-
sistent with a safety-driven avoidance strategy ob-
served most strongly in GPT-5. Taken together,
these results demonstrate that bias expression in
current LLMs is sensitive to both linguistic context
and group-specific framing, with nationality and re-
ligion showing distinct cross-linguistic patterns that
underscore the importance of multilingual evalua-
tion when assessing fairness and model alignment.

Cross-Linguistic Generalizability. The present
findings demonstrate that contact-based probing
extends robustly beyond English, supporting the
cross-cultural validity of contact theory in com-
putational settings (Allport, 1954; Wright et al.,
1997; Amichai-Hamburger and McKenna, 2006).
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Across both German and Icelandic conditions, pos-
itive contact consistently reduced explicit bias,
while negative contact amplified it, mirroring prior
English-only results (Raj et al., 2024). This conver-
gence indicates that the underlying socio-cognitive
mechanisms captured by contact framing might not
be language-specific but might generalize across
typologically related European languages. Follow-
ing previous work in the field (Raj et al., 2024), the
concept of cross-cultural validity is approximated
by the languages in our work.

Language-Specific Patterns. Despite this gener-
alizability, the models displayed clear nationality-
specific patterns. German nationality cues elicited
highly stable behaviour across model generations,
with consistently low bias and minimal neutral-
ity even under negative contact. In contrast, Ice-
landic nationality elicited substantially more vari-
ability, stronger sensitivity to negative framing,
and elevated neutral responses especially in later-
generation models such as GPT-4 and GPT-5.
These cross-linguistic differences underscore the
importance of culturally contextualized descrip-
tors and social salience in LLM bias expression
(Smith et al., 2022; Parrish et al., 2022), and cau-
tion against relying solely on English-centric evalu-
ations when assessing model fairness (Bender et al.,
2021).

Model Evolution. The progression from GPT-
3.5 to GPT-4o reflects a clear downward trend in
overt bias, consistent with claims about advances
in dataset curation, alignment, and reinforcement
learning from human feedback (OpenAI et al.,
2023). However, GPT-5 introduced a distinct be-
havioural profile characterized by high rates of neu-
tral responses, particularly in sensitive contexts
(e.g., Icelandic nationality and Icelandic religion).
This shift suggests that newer models increasingly
rely on safety-driven non-commitment when uncer-
tainty or social risk is detected, rather than resolv-
ing bias through more robust reasoning. Residual
bias and avoidance behaviours therefore persist in
nuanced forms (Zhao et al., 2023), even in the most
recent model generations.

Mitigation Implications. The consistency of
contact effects across languages indicates that
contact-based prompt strategies (Raj et al., 2024)
may serve as a practical, model-agnostic mitigation
mechanism, complementing algorithmic and rep-
resentational debiasing approaches (Zhang et al.,

2018; Zhao et al., 2018). However, the elevated
neutrality in GPT-5 suggests that mitigation efforts
should also address avoidance-based failure modes,
which differ qualitatively from explicit stereotyp-
ing and may obscure underlying decision-making
limitations.

Limitations and Future Work. This study is
limited to two languages, two dimensions of so-
cial identity, and GPT-family models. Addition-
ally, the response space is restricted to categor-
ical judgments, which may mask subtler forms
of bias or reasoning. Also the manual review
process by native speakers with human judgment
might have impacted the classification of unam-
biguous answers. Future work should expand to
more languages and cultural contexts, incorporate
open-source and smaller models, and explore fine-
tuning or prompting interventions that leverage con-
tact framing more systematically (Raj et al., 2024).
Longitudinal analyses across model updates may
further clarify whether neutrality reflects genuine
caution or unresolved representational gaps.

6 Conclusion

This work extends contact-hypothesis probing be-
yond earlier German-only studies by introducing a
parallel Icelandic dataset for both nationality and re-
ligion, enabling a controlled cross-linguistic evalu-
ation of bias in contemporary GPT models. Across
all conditions, the models exhibit clear contact-
aligned shifts positive contact reliably increases
acceptance, whereas negative contact amplifies bi-
ased responses confirming the psychological pre-
dictions of contact theory (Allport, 1954; Wright
et al., 1997; Raj et al., 2024). At the same time, the
magnitude and distribution of bias differ system-
atically between languages and social categories.
Nationality prompts in German yield near-ceiling
unbiased responses, whereas Icelandic nationality
prompts show higher variability and a greater ten-
dency toward safety-driven neutrality. In the reli-
gion conditions, bias concentrates on some groups
(e.g., Russian Orthodox, Jehovah’s Witness), while
Islam and Buddhism receive comparatively low
bias across both languages, highlighting strong cul-
tural and contextual effects (Smith et al., 2022;
Parrish et al., 2022).

Together, these results demonstrate that bias in
LLMs cannot be meaningfully assessed in a sin-
gle language or cultural setting. Instead, multilin-
gual and context-sensitive evaluation is essential
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to understanding the sociolinguistic contours of
model behaviour. The consistent alignment with
contact framing across languages further suggests
that theory-grounded approaches from social psy-
chology can inform more reliable and generalizable
bias-mitigation strategies.

Future work should extend this framework to
additional languages, model families, and social
categories, and explore contact-aware training or
prompting as a structured path toward safer and
culturally adaptive language models.
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A Scenario Comparison

Tables 9 and 10 show the bias distribution among
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Tables 11 and 12 show the bias distribution
among the different scenarios for the experiments
with the Icelandic language.
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nario effects followed a consistent structural pattern
but differed substantially in magnitude. Workplace
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Scenario Biased (%) Neutral (%) Unbiased (%)

Workplace 14.9 10.2 74.9
Healthcare 4.0 4.3 91.7
Sports 3.8 9.2 87.0
Education 1.9 5.6 92.5
Community 0.2 2.7 97.1

Table 9: Bias distribution across German religion sce-
narios aggregated over models and contact conditions
(balanced scenario counts).

Scenario Biased (%) Neutral (%) Unbiased (%)

Education 3.5 2.4 94.1
Community 3.3 2.8 93.9
Sports 3.2 2.8 94.0
Healthcare 3.0 2.5 94.5
Workplace 2.6 3.1 94.4

Table 10: Bias distribution across German nationality
scenarios aggregated over models and contact condi-
tions (balanced scenario counts).

contexts were the most bias-prone across all condi-
tions, whereas Community scenarios were consis-
tently the most robust. Religion elicited higher bias
levels than nationality in both languages, with Ice-
landic religion showing the strongest effects over-
all (26.1%), followed by German religion (14.9%).
Nationality prompts produced comparatively lower
bias, particularly in German (<= 3.5% across all
scenarios). While the ranking of scenarios re-
mained stable cross-linguistically, bias intensity
was clearly modulated by both language and iden-
tity type.

Scenario Biased (%) Neutral (%) Unbiased (%)

Workplace 26.1 13.9 60.0
Healthcare 11.5 7.8 80.7
Sports 10.7 12.0 77.2
Education 7.8 7.0 85.2
Community 4.8 7.2 88.0

Table 11: Bias distribution across Icelandic religion sce-
narios aggregated over models and contact conditions
(balanced scenario counts).

Scenario Biased (%) Neutral (%) Unbiased (%)

Workplace 11.7 13.2 75.1
Healthcare 7.4 7.0 85.6
Sports 4.2 9.3 86.4
Education 1.7 6.8 91.6
Community 0.1 6.3 93.6

Table 12: Bias distribution across Icelandic nationality
scenarios aggregated over models and contact condi-
tions (balanced scenario counts).
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Abstract

The Romansh language has several regional va-
rieties, called idioms, which sometimes have
limited mutual intelligibility. This linguistic di-
versity motivates the need for a language iden-
tification (LID) system that can distinguish be-
tween these idioms, yet to date there has been
no well-documented effort to build one. Since
Romansh LID should also be able to recognize
Rumantsch Grischun, a supra-regional variety
that combines elements of several idioms, this
makes for a novel and interesting classification
problem. In this paper, we present a LID sys-
tem for Romansh idioms based on an SVM
approach. We evaluate our model on a newly
curated benchmark across two domains and
find that it reaches an average in-domain ac-
curacy of 97%, enabling applications such as
idiom-aware spell checking or machine transla-
tion. Our classifier is publicly available.1

1 Introduction

Language identification (LID) is the task of au-
tomatically determining the language of text or
speech. As a foundational component in natural
language processing (NLP) pipelines, LID enables
downstream applications such as machine trans-
lation, information retrieval, content moderation,
and multilingual text processing by routing to the
most appropriate language-specific system. While
state-of-the-art LID systems achieve high accuracy
for widely-used languages (Chen et al., 2024), dis-
tinguishing between closely-related language va-
rieties remains a significant challenge (Burchell
et al., 2024). Unlike unrelated languages that ex-
hibit clear phonological, morphological, and lexi-
cal differences, closely-related varieties have fewer
unique linguistic features, making them difficult to
differentiate automatically. The challenges of LID
are compounded for varieties spoken in limited
geographic regions, where the scarcity of diverse

1https://github.com/ZurichNLP/romansh-lid

digital data hinders the development and general-
ization of robust LID systems.

In this paper, we present a LID system for Ro-
mansh, a collection of closely-related linguistic va-
rieties native to Switzerland and spoken by approx-
imately 40,000 people (Grünert, 2024). Due to Ro-
mansh’s low-resource status, no well-documented
effort in the NLP community has developed a LID
system capable of distinguishing between its vari-
eties; existing multilingual LID systems either ig-
nore it entirely or treat it as a monolithic language.
Our contributions are threefold:

(1) We curate a novel benchmark dataset spanning
multiple domains (news, broadcast transcripts,
textbooks, and newsroom notes) to enable sys-
tematic evaluation of idiom classification;

(2) We develop an SVM-based classifier that
achieves 97% average in-domain accuracy
across all six varieties; and

(3) We provide qualitative analysis on the LID
task for Romansh idioms.

Our work demonstrates that effective LID for
closely-related low-resource varieties is achievable
with carefully designed features and appropriate
training data, providing a model for similar efforts
in other endangered and regional language con-
texts.

2 Romansh and its Varieties

The term Romansh refers to a collection of closely
related linguistic varieties of Rhaetian descent na-
tive to the canton of Grisons in Switzerland. These
varieties, known as idioms, comprise five histori-
cally distinct forms: Sursilvan, Sutsilvan, Surmiran,
Puter, and Vallader. To facilitate official commu-
nication with the government, a sixth, artificially-
created variety was introduced in 1982 to act as
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the established written standard, known as Ru-
mantsch Grischun (RG) (Grünert, 2024). Com-
munities speaking different idioms are distributed
within an area of approximately 7,000 km2 across
Grisons.

The geographical proximity of certain idioms is
reflected in their linguistic similarity. According
to Lia Rumantscha, the organization tasked by the
Swiss government to represent and preserve the
Romansh identity, the two idioms spoken in the
Rhine valley, Sursilvan and Sutsilvan, are lexically
closely related, as are Puter and Vallader, spoken in
the upper and lower Engadine valley respectively
(Lia Rumantscha, 2015). Surmiran, spoken in the
central region, often acts as a bridge between these
two idiom groups. Finally, since RG was developed
on the basis of Sursilvan, Vallader, and Surmiran,
it shares features with multiple idioms (Anderson,
2016).

3 Related Work

3.1 Language Identification

LID has been widely studied in NLP, with grow-
ing importance for filtering the multilingual cor-
pora used to train language models (Foroutan et al.,
2026). When applied to closely-related varieties
and dialects, especially within low-resource lan-
guages, the task poses significant challenges due to
the limited availability of linguistic resources and
annotated datasets. Research highlights the diffi-
culty of accurately distinguishing among variants,
as demonstrated in studies focused on dialectal Ara-
bic (Dahou et al., 2025) and Indo-Aryan languages
such as Bhojpuri and Assamese (Mundotiya et al.,
2021). Recent techniques explore machine learning
and deep learning architectures, leveraging cross-
lingual transfer learning and community-driven ap-
proaches that emphasize regional linguistic fami-
lies (Salesky et al., 2021).

3.2 Romansh NLP

Ongoing projects at Lia Rumantscha for Romansh
NLP focus on offering digital services to translate
from Romansh into German, the most widespread
official language of Switzerland, and vice versa.
These services include idiom-specific dictionar-
ies hosted across several portals: Pledari Grond
covers Surmiran, Sutsilvan, RG and most recently
Sursilvan directly in its interface2, the Uniun dals

2https://www.pledarigrond.ch

Grischs3 serves Puter and Vallader, and the Dicziu-
nari Rumantsch is an app that aggregates this data
on mobile4. Pledari Grond also provides a spell-
checker UI for RG5. One property shared by all
these projects is that the user must select the de-
sired idiom before translation or spell-checking can
take place, limiting their usability to cases where
the user already knows what idiom a text is in.

More recently, resources and models have been
released that specifically focus on Romansh, in-
cluding the Mediomatix Corpus (Hopton et al.,
2026), containing parallel sentences extracted
from schoolbooks, and WMT24++ (Vamvas et al.,
2025), containing Romansh translations of the
WMT24++ benchmark in machine translation.
Additionally, the Swiss-made LLM Apertus has
specifically incorporated Romansh data for post-
training (Hernández-Cano et al., 2025, p. 94).

4 Data

For the training and evaluation of Romansh LID
systems, we compile five sources of textual data
spanning dictionary entries, journalistic articles,
broadcast transcripts, newsroom notes, and school
textbooks:

• Pledari Grond (PG), a comprehensive
Romansh-German dictionary covering all Ro-
mansh idioms.

• La Quotidiana (LQ), a Romansh newspaper
with daily idiom-annotated content. We use
WordPress dumps from 2021 to 2025.

• Radiotelevisiun Svizra Rumantscha (RTR),
validated speech transcripts from Romansh
broadcasts, annotated by idiom.

• RTR Telesguard Notes (TG), pre-broadcast
notes written by journalists in their native id-
ioms (excluding RG).

• Mediomatix Textbooks (TB), parallel
scholastic material per idiom (excluding RG),
recently released by Hopton et al. (2026).

4.1 Preprocessing
For each source we extract the idiom label and the
main text fields. We then apply minimal cleaning
to all samples by i) removing intra-class duplicates
(exact string match within idiom); ii) stripping
HTML/markup and collapsing repeated whitespace

3https://www.udg.ch
4https://www.dicziunari.ch
5https://www.pledarigrond.ch/

rumantschgrischun/spellchecker
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and newlines; iii) dropping empty/None/non-letter-
only items. Additionally, we remove source arti-
facts that do not carry language cues such as dic-
tionary markers, e.g., sense numerals, “cf.” stubs,
editorial signatures, worksheet placeholders and
long underscore sequences. RTR content showed
no recurring artifacts. Noisy or non-Rumantsch
snippets were discarded and clear mislabels, if no-
ticed visually, were manually corrected by dictio-
nary checks.

Appendix A summarises the export statistics for
each data source after this cleaning, and provides
links to the publicly available datasets.

Following Bernier-colborne et al. (2023), we run
exact and (where feasible) near-duplicate detection
across all the data sources after merging and before
splitting them. Exact duplicates judged valid in
multiple idioms are kept but routed to the training
split.

4.2 Named-Entity Masking

To reduce reliance on lexical memorisation, we pro-
duce two training variants: masked and unmasked.
For masked, we run a fine-tuned named entity
recognition model based on SwissBERT (Vam-
vas et al., 2023) (zero-shot on RG) with conser-
vative heuristics (min length, standalone tokens,
score ≥ 0.98) and replace matched spans with
$NE$. Pledari Grond is left unmasked due to very
few named entities and high inference cost. Be-
cause masking replaces spans in place rather than
dropping samples, both variants contain the same
487,172 samples and differ only in token count
(12.43M unmasked vs. 12.38M masked).

5 Experimental Setup

5.1 Data Splits

Following these steps, we finally split all the
datasets into train, validation and test sets. For
the latter, we use multiple test sets to disentangle
domain, balance, and comparability effects.

• Train (train-set): PG + LQ + RTR + TB
(unbalanced). Both masked and unmasked
variants used in training experiments.

• Dev (dev-set): Balanced, in-domain RTR,
6,000 samples (1k/idiom; avg. 45.9 tokens).

• Test-A (test-a): In-domain, unbalanced LQ,
6,000 samples (avg. 528.5 tokens).

• Test-B (test-b): In-domain, balanced RTR,
6,000 samples (avg. 45.7 tokens).

• Test-C (test-c): In-domain, approximately
balanced TB (no RG), 6,000 samples (avg.
85.8 tokens).

• Test-D (test-d): Out-of-domain TG (no RG),
9,607 samples (avg. 151.9 tokens).

To reflect realistic LID inputs, we did not low-
ercase or strip punctuation on dev/test; we only
removed non-letter-only items and ensured non-
empty (post-strip) text/labels.

5.2 Classification
We frame our task as a supervised multi-class clas-
sification problem where the task is to assign each
text sample to one of six varieties.

We extract bag-of-n-grams features combin-
ing word unigrams and overlapping character
n-grams (n ∈ {1, 2, 3, 4}), represented as
TF–IDF vectors with sublinear term-frequency
scaling and ℓ2 normalisation. We compare
four families of linear classifiers, all from
scikit-learn (Pedregosa et al., 2011), each with
explicit ℓ2 regularisation by default: (i) Logis-
tic Regression (LogisticRegression, multino-
mial, ℓ2 penalty, inverse regularisation strength
C, saga solver, 5,000 max iterations); (ii)
linear SVM (LinearSVC, squared-hinge loss,
ℓ2 penalty, dual=False, inverse regularisation
strength C); (iii) two stochastic-gradient variants
(SGDClassifier)—one with hinge loss matching
the SVM objective (SGD-SVM), the other with log
loss matching the LR objective (SGD-LR), both
with ℓ2 regularisation strength α = 10−4, 5,000
max iterations, and early stopping; (iv) Multino-
mial and Complement Naïve Bayes baselines (ad-
ditive smoothing α = 1.0).

Baseline values were the scikit-learn de-
faults (C = 1.0 for SVM and LR), and were
subsequently tuned by randomised search (§ 5.3).
The two SGD variants share the SVM and LR
loss functions respectively, but differ in optimiser:
LogisticRegression uses the full-batch saga
solver, whereas SGDClassifier uses mini-batch
SGD with a fixed learning-rate schedule. This iso-
lates optimiser effects from loss-function effects.

5.3 Hyperparameter Optimization
We perform 40-iteration randomized searches
over pipeline hyperparameters using stratified
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Classifier Accuracy Macro F1 Weighted F1 Macro Recall

Logistic Regression (LR) 79.5 76.9 79.1 74.6
Linear SVM 78.1 75.4 77.9 73.9
SGD (Linear SVM) 76.3 72.4 75.2 68.0
Naive Bayes (counts) 75.1 72.1 74.6 70.6
Naive Bayes (TF) 75.1 72.1 74.6 70.6
Naive Bayes (TF-IDF) 73.7 72.0 73.9 71.7
SGD (Logistic Regression) 73.5 69.0 72.0 63.6
Majority Baseline 35.1 8.7 18.3 16.7

Table 1: Results from the preliminary experiments with different baseline classifiers, where classifiers are ordered
by macro F1 score.

5-fold cross-validation on a stratified 20% subset
of the training data, optimising for macro F1

(RandomizedSearchCV, random_state = 42
throughout). The search space included the
regularisation parameters of each classifier (C
drawn log-uniformly from [10−2, 4] for SVM and
[10−2, 2] for LR), the penalty norm (ℓ2, ℓ1, elastic
net for LR; ℓ2 and ℓ1 for SVM), the elastic-net
mixing ratio l1_ratio ∈ [0.05, 0.9], the SVM loss
(hinge / squared-hinge), the character n-gram
range ((1, 3) or (1, 4)), the word n-gram range
((1, 1) or (1, 2)), and the minimum document
frequency (1 or 2). Final models were trained on
both unmasked and masked variants of the training
set.

The best LR configuration (penalty = ℓ1, C ≈
1.94, l1_ratio ≈ 0.47, character (1, 4)-grams,
word (1, 2)-grams) reached 96.8 macro F1 on
the dev set, while the best SVM configuration
(penalty = ℓ1, C ≈ 0.62, squared-hinge loss, char-
acter (1, 4)-grams with min_df = 2, word uni-
grams only) reached 97.1 macro F1 on the dev set.

6 Results

6.1 Overall Results

Table 1 reports the preliminary baseline compari-
son. All classifiers substantially outperformed the
majority-class baseline, with macro F1 scores clus-
tering within 8 points of each other. LR achieved
the highest score (76.9), followed closely by linear
SVM (75.4), suggesting that for this task feature
representation matters more than classifier choice.
We retained LR and SVM for hyperparameter opti-
misation.

After tuning (§ 5.3), the ordering reversed: SVM
(97.1 dev macro F1) slightly outperformed LR
(96.8). We therefore selected SVM for the remain-

Test Set Domain Balance Acc. F1

test-a in-domain unbal. 96.8 94.7

test-b in-domain bal. 98.1 98.1

test-c in-domain bal. 96.2 80.5

test-d out-domain unbal. 90.7 69.1

Table 2: Accuracy and macro F1 scores per test set. The
highest scores are achieved on the balanced (bal.) vs.
unbalanced (unbal.), in-domain set test-b.

ing experiments.
Table 2 presents the performance of our opti-

mized linear SVM classifier across the four differ-
ent test sets. The model achieves macro F1 scores
ranging from 98.1 on the balanced in-domain test
set (test-b) to 69.1 on the unbalanced out-of-
domain set (test-d), demonstrating this classi-
cal machine learning approach is effective for Ro-
mansh LID under favorable conditions while strug-
gling with out-of-domain and noisy data. These
results compare favorably to similar language dis-
crimination tasks. Recent VarDial shared tasks
on Italian dialects and French varieties report best
macro F1 scores of 74.6 and 34.4 respectively,
while the Dravidian Language Identification task
achieved a score of 93, closer to our in-domain re-
sults (Chakravarthi et al., 2021; Aepli et al., 2022).

6.2 Per Idiom Performances

Figure 1 shows confusion matrices for each test
set. The model achieves consistently high recall
across idioms on test-b (95.0–100.0), with per-
fect classification of Sutsilvan samples. Perfor-
mance varies more on other sets: test-a shows re-
calls of 91.0–97.6, test-c shows 92.8–98.0, while
test-d exhibits the widest range (63.2–96.9). The
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Figure 1: Row-normalized confusion matrices for all test sets. The model achieves near-perfect classification on the
balanced in-domain set (test-b), while confusion increases on out-of-domain data (test-d).

Test Set
Accuracy Macro F1

Masked Unmasked Masked Unmasked

test-a 96.8 96.9 94.7 94.5

test-b 98.1 98.8 98.1 98.8

test-c 96.2 96.2 80.5 80.4

test-d 90.7 90.5 69.1 69.0

Table 3: Comparison of masked vs. unmasked training. No major effect can be observed.

notably low recall for Puter in test-d (63.2) war-
rants investigation, as samples were frequently mis-
classified as RG. This may reflect the informal,
potentially noisy nature of the Telesguard notes
data. Our analysis of misclassifications reveals
several data quality issues. In test-a, many er-
rors involved samples containing primarily named

entities or German text—artifacts from the jour-
nalism data source. In test-c, misclassifications
often occurred on noisy samples containing mainly
numbers, punctuation, or very short texts from the
textbook data.
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Idiom 1st Type 2nd Type 3rd Type

Sursilvan ei char scha char iu char

Sutsilvan àn char ù char eing char

Surmiran eir char dall char ous char

Puter ron char aunt char o. char

Vallader a. char o.n char i. char

RG char vegnis word ì char

Table 4: Top 3 most discriminative features per idiom.
“char” denotes character n-gram and “word” denotes
word unigram. Character n-grams emerge as the most
discriminative features across all varieties, with empty
space being the most informative one for RG.

6.3 Discriminative Features

The most informative features are predominantly
character n-grams rather than word unigrams,
aligning with findings from similar LID tasks. We
present these features in Table 4. Several patterns
emerge: notably, Puter and Vallader features in-
clude underdotted characters (o. , u. , a. , i., e. ) that
are unique to these idioms in the Pledari Grond
data. Although these features are highly discrimi-
native for our classifier, they are not part of the stan-
dard orthography of Puter and Vallader: in Pledari
Grond they function as phonetic stress markers, and
would not appear in running text written in either
idiom outside a dictionary setting. The whitespace
character appearing as the top feature for RG is
an artefact of severe class imbalance in the train-
ing data (≈171K RG samples versus 44K–86K for
other idioms; see Appendix B), since whitespace
sequences are normalised to a single space dur-
ing preprocessing and RG samples then dominate
single-space n-grams.

We tested two ablations to address these arte-
facts: (i) restricting character n-grams to within-
word boundaries only (rather than allowing them to
span across whitespace), and (ii) removing charac-
ter 1-grams from the feature set entirely. Both de-
creased overall macro F1, most plausibly because
they remove the underdotted characters and other
diacritics that supply most of the discriminative
signal for Puter and Vallader.

Future work should explore balancing the train-
ing data, which we expect to be a more robust rem-
edy for the whitespace artefact than feature-side
filtering.

6.4 Impact of Named Entities
Comparing models trained on masked vs. un-
masked data, as presented in Table 3, shows negli-
gible performance differences (≤ 0.1 F1 points
on most sets; on test-b the unmasked variant
is 0.7 F1 higher, the largest gap). This con-
firms that named entities provide no idiom-specific
information—unsurprising given the geographic
proximity of Romansh communities. News outlets
like La Quotidiana and RTR report region-wide
events in multiple idioms, textbooks cover similar
subjects across idioms, and RG serves as a pan-
idiom standard.

7 Conclusion

We presented the first documented language iden-
tification system for Romansh idioms, capable of
distinguishing between the five historical varieties
(Sursilvan, Sutsilvan, Surmiran, Puter, and Val-
lader) and the standardised RG. Using an SVM
classifier with character and word n-gram features,
our model achieves up to 98% macro F1 on bal-
anced in-domain data. Our experiments confirm
that character n-grams are the most discrimina-
tive features for this task, with idiom-specific dia-
critics and orthographic patterns providing strong
classification signals. Furthermore, we found that
named entity masking has negligible impact on per-
formance, suggesting that the classifier relies on
genuine linguistic features rather than memorizing
location-specific proper nouns.

Limitations

Our work has several limitations. First, the train-
ing data exhibits substantial class imbalance, with
RG overrepresented due to the Pledari Grond dic-
tionary data, which may explain artifacts such as
whitespace emerging as a top discriminative feature.
Second, performance degrades on out-of-domain
data (test-d), where macro F1 drops to 69.1, indi-
cating limited generalization to informal text gen-
res like newsroom notes. Third, some discrimina-
tive features, particularly the underdotted charac-
ters unique to Pledari Grond, may not generalize
to texts following standard orthographic conven-
tions. Finally, our evaluation is restricted to written
text; spoken language identification for Romansh
remains unexplored. Despite these limitations, our
system provides a practical tool for downstream
applications such as idiom-aware spell checking
and machine translation routing, and establishes
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a baseline for future work on Romansh and other
low-resource regional language varieties.
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A Data Sources

Source and URL to Dataset
(if available) Idiom Total # of Samples Total # of Tokens Avg. # of Tokens/Sample

Sursilvan 34,724 92,182 2.65

Pledari Grond

https://www.
pledarigrond.ch

Sutsilvan 32,175 307,799 9.57

Surmiran 43,954 301,390 6.86

Puter 59,852 963,940 16.11

Vallader 72,470 1,141,688 15.75

RG 172,616 785,831 4.55

total 415,791 3,592,830 8.64

Sursilvan 6,088 3,030,828 497.84
La Quotidiana (LQ)

https://
huggingface.co/
datasets/ZurichNLP/
quotidiana

Sutsilvan 363 192,933 531.50

Surmiran 1,750 1,008,736 576.42

Puter 878 430,122 489.89

Vallader 2,395 1,250,042 521.94

RG 2,567 1,365,988 532.13

total 14,041 7,278,649 518.39

Sursilvan 6,979 353,205 50.61
Radiotelevisiun Svizra
Rumantscha (RTR)

https://developer.
srgssr.ch/en/apis/
rtr-linguistic

Sutsilvan 3,074 156,674 50.97

Surmiran 7,196 245,931 34.18

Puter 6,016 225,389 37.46

Vallader 5,787 275,516 47.61

RG 4,359 232,020 53.23

total 33,411 1,488,735 44.56

Sursilvan 4,931 641,844 130.17

Telesguard Notes (TG)

n.a.

Sutsilvan 27 7,122 263.78

Surmiran 3,033 261,001 86.05

Puter 578 162,754 281.58

Vallader 1,053 389,428 369.83

RG 0 0 0.00

total 9,622 1,462,149 151.96

Sursilvan 12,233 971,643 79.43
Mediomatix Textbooks
(TB)

https://
huggingface.co/
datasets/ZurichNLP/
mediomatix

Sutsilvan 12,116 1,005,356 82.98

Surmiran 6,698 534,563 79.81

Puter 12,238 1,023,779 83.66

Vallader 12,283 1,019,339 82.99

RG 0 0 0.00

total 55,568 4,554,680 81.97

Table 5: Summary of the number of samples extracted from each data source for each idiom, along with the number
of whitespace tokens across all collected samples per data source and the average number of tokens per sample.
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B Data Split Statistics

Set Idiom Total # of Samples Total # of Tokens Avg. # of Tokens/Sample

Sursilvan 55,574 3,663,641 65.92

Sutsilvan 44,188 1,342,065 30.37

Surmiran 55,543 1,457,845 26.25

train-set Puter 74,355 2,353,323 31.65

Vallader 86,313 2,372,016 27.48

RG 171,199 1,190,808 6.96

total 487,172 12,379,698 25.41

Sursilvan 1,000 50,500 50.5

Sutsilvan 1,000 50,523 50.52

Surmiran 1,000 35,133 35.13

dev-set Puter 1,000 36,891 36.89

Vallader 1,000 48,482 48.48

RG 1,000 53,577 53.58

total 6,000 275,106 45.85

Sursilvan 1,000 502,709 502.71

Sutsilvan 100 51,535 515.35

Surmiran 800 454,843 568.55

test-a Puter 100 48,195 481.95

Vallader 2,000 1,046,133 523.07

RG 2,000 1,067,778 533.89

total 6,000 3,171,193 528.53

Sursilvan 1,000 50,324 50.32

Sutsilvan 1,000 51,542 51.54

Surmiran 1,000 33,906 33.91

test-b Puter 1,000 37,401 37.4

Vallader 1,000 48,440 48.44

RG 1,000 52,523 52.52

total 6,000 274,136 45.69

Sursilvan 1,250 99,690 79.75

Sutsilvan 1,250 113,106 90.48

Surmiran 1,000 79,629 79.63

test-c Puter 1,250 112,670 90.14

Vallader 1,250 109,764 87.81

RG 0 0 0

total 6,000 514,859 85.81

Sursilvan 4,923 640,746 130.15

Sutsilvan 26 7,120 273.85

Surmiran 3,031 260,720 86.02

test-d Puter 576 162,488 282.1

Vallader 1,051 388,699 369.84

RG 0 0 0

total 9,607 1,459,773 151.95

Table 6: Detailed statistics for all data splits by idiom, including number of samples, tokens, and average tokens per
sample. The training set exhibits class imbalance, with RG containing the most samples but the shortest average
length due to dictionary entries from Pledari Grond. test-c and test-d lack RG samples by construction.
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Abstract

We comprehensively evaluate multiple skill ex-
traction approaches, including rule-based, se-
mantic, and supervised methods, using resumes
and job offers in English, French, German, Ital-
ian, Spanish, and Portuguese. Due to inherent
privacy concerns in Human Resources (HR)
data and the high cost of manual annotations,
research on identifying relevant skills for the
job market remains limited, often restricted to
specific domains, datasets, and entity types, and
is available in only a few languages. In the con-
text of an industrial project, we have annotated
1,200 job offers and resumes across diverse
domains and six languages, through a multidis-
ciplinary collaboration among HR researchers,
NLP researchers, and HR tech professionals.
Our evaluation assesses the effectiveness of
these systems in a multilingual, multidomain
setting, capturing both standardized job offers
and highly variable resumes. The results show
that supervised models achieve F1 scores of
up to 0.6, while rule-based methods offer bet-
ter interpretability. Furthermore, we find large
differences between how skills are formulated
in job offers and resumes, while the latter is
understudied in academic research.1

1 Introduction

In recent years, candidate selection in recruitment
has increasingly relied on automated methods to
identify relevant competencies in job postings and
resumes (Guo et al., 2016; Boselli et al., 2018;
Gan et al., 2024). Applicant Tracking Systems
(ATS) primarily manage hiring processes with skill
identification as a core function. However, the
precision of existing methods remains insufficient
to ensure a fair and unbiased recruitment process
compared to human decision-making (Fabris et al.,

*Work done while at Idiap Research Institute.
1We will publish our non-proprietary data and models

on GitHub: https://github.com/idiap/multilingual_
skill_extraction.

2025). Tackling this challenge is crucial for real-
world NLP applications to build long-lasting and
trustworthy collaboration with industry.2

The task of skill extraction has been extensively
studied (Senger et al., 2024; Kopparapu, 2010;
Kivimäki et al., 2013; Zhao et al., 2015), using a
wide variety of methods such as vector-based meth-
ods (Javed et al., 2017; Gugnani and Misra, 2020),
BERT-based models (Tamburri et al., 2020; Zhang
et al., 2022c, 2023) and conversational Large Lan-
guage Models (LLMs) (Clavié and Soulié, 2023;
Decorte et al., 2023). However, research remains
narrow, focusing on specific languages, domains
(e.g., IT, finance), data types (mostly job advertise-
ments), skill categories (mostly hard skills), and ex-
traction methods, which is very far from the actual
contexts in which the HR tech industry is operating.

One of the main challenges is data scarcity, pri-
marily due to the sensitivity of personal informa-
tion in resumes. Researchers thus mainly focus
on job advertisements (also referred to as job of-
fers or job postings). While job offers are rich in
career-related concepts, they strongly differ from
resumes, which tend to showcase skills with more
variety. Therefore, a more systematic, in-depth
study is needed (Zhang et al., 2023) to address
the challenges in resumes. In a practical scenario,
ATS systems could not be effective when skills rely
solely on job offers.

Another difficulty is the language. Linguis-
tic differences influence how skills are presented,
both in resumes and job offers. While English is
sometimes considered the lingua franca for job ap-
plications (and for research on the topic), many
countries primarily use their local languages, high-
lighting the importance of a multilingual approach.
Skill extraction methods are typically designed for
a monolingual setting and applied indiscriminately

2We discuss our perspective towards the challenges of
translating research into NLP applications in Appendix A.1.
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Figure 1: Overview of the end-to-end skill extraction system from Data Collection to the Evaluation stage.

across languages such as English (Zhang et al.,
2022b; Bhola et al., 2020; Zhang et al., 2022a),
French (Beauchemin et al., 2022), Swiss German
(Gnehm et al., 2022), and Danish (Zhang et al.,
2022b), without accounting for these critical differ-
ences.

A final challenge is that of explainability, which
is essential to build trust. While LLMs are well
known for their inference capabilities (Clavié and
Soulié, 2023), they are often criticized for their
lack of transparency, making it difficult to trace
the source of each decision, unlike rule-based sys-
tems that rely on manually crafted taxonomies. Al-
though rule-based approaches are not ideal due to
the difficulty of keeping skill terms updated, they
foster trust between systems, HR specialists, and
candidates. Hybrid approaches can balance explain-
ability and skill extraction capabilities, enhancing
fairness in recruitment. These combinations can
also be optimized by aligning with end-user re-
quirements while maintaining acceptable inference
speeds. Moreover, this also aligns and supports
global regulations (e.g., EU Act), which urge hav-
ing more transparent and fair models, especially
from the deployers’ side.

This study takes place within the SEM24 Innosu-
isse project,3 which aims to develop skill extraction
algorithms for practical applications in HR systems.
This interdisciplinary initiative brings together HR
specialists, HR researchers, and NLP researchers
to identify skills in resumes and job offers across
multiple languages and methods. Specifically, we
propose a multilingual, multidomain evaluation of
the skill extraction task for both job offers and re-
sumes. For our assessment, we selected the most
stable, predictable, and hardware-efficient mod-
els (Vásquez-Rodríguez et al., 2024) using hand-
crafted annotations. We hypothesize that exploring

3https://www.idiap.ch/en/scientific-research/
projects/SEM24

a broader range of methods, languages, and data
types will contribute to the development of more
accurate skill extraction techniques. Our key con-
tributions are as follows:

1. A multilingual, multidomain implementation
of skill extraction systems (i.e., rule-based,
semantic, and supervised) for job offers and
resumes;

2. A comprehensive analysis of the challenges in
skill extraction across diverse scenarios, con-
sidering different languages, document types,
and domains;

3. An assessment of the advantages and limita-
tions of a deployed real-world NLP applica-
tion in an industrial setting, with detailed error
analysis.

2 Methodology

We present our task definition in Section 2.1, and
further, we detail the necessary data for our ex-
periments, including taxonomies4 and datasets, as
described in Section 2.2 and 2.3. Section 2.4 ex-
plains the annotation process and guidelines for
labeling the datasets. Finally, Section 2.5 presents
the selected models, which serve as the foundation
for our multilingual experiments.

2.1 Task Definition
Our main task aims to understand the performance
of the skill extraction task for both resumes and job
offers, in the aforementioned scenarios, including
English, French, German, Italian, Portuguese, and
Spanish. The selection of these first languages was
determined by the availability of the annotations.

4We refer to a taxonomy as a collection of interconnected
terms that define relationships, for example, between skills
and occupations. The entities that describe the taxonomy can
vary between sources.
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Surface Properties → Total Entities Unique Entities Unique/Total Avg. Len

Text ↓ Language Hard Occ Hard Occ Hard Occ Hard Occ

Jobs (our annotated
data)

EN 878 322 777 109 0.88 0.34 37.53 22.19
FR 1119 126 886 107 0.79 0.85 30.67 29.13
IT 704 116 651 101 0.92 0.87 53.67 22.52
DE 848 133 700 115 0.83 0.86 19.56 21.26
ES 476 81 461 73 0.97 0.90 42.09 21.72
PT 667 81 560 68 0.84 0.84 30.87 21.37

Jobs (Green) EN 12573 2571 10079 1591 0.80 0.62 32.67 17.49

Resumes (our
annotated data)

EN 4024 692 3020 565 0.75 0.82 20.01 24.85
FR 2063 645 1700 466 0.82 0.72 25.76 21.66
IT 1985 645 1613 435 0.81 0.67 26.77 21.91
DE 2075 691 1592 445 0.77 0.64 24.35 17.43
ES 1086 271 922 241 0.85 0.89 30.74 25.42
PT 3312 729 2439 447 0.74 0.61 28.79 24.78

Table 1: We report the number of total and unique entities and its ratio, and average character length of hard skills,
and occupations in resumes and job offers.

Further, we also wanted to understand the incre-
mental benefit of using simple rule-based systems,
transitioning to semantic, and finally, supervised
models, while keeping the explainability of the skill
extraction outcomes under control. In Figure 1, we
present an overview of the end-to-end system.

2.2 Taxonomies

We selected two taxonomies for the rule-based and
semantic system, which model industrial and pub-
licly available data to search for skills in text:

ESCO_DB: a collection of 3,039 occupations
and 13,939 skills, translated in 28 official languages
to standardize the European labor market.5 This
taxonomy is publicly available and widely used in
previous work (Zhang et al., 2023; Decorte et al.,
2023; Li et al., 2023). For our experiments, we
extracted 131,623 entities relevant to the skill ex-
traction task in English, with similar proportions
across all languages.

IN-HOUSE_DB: a collection of 10,379 skill en-
tities from our industrial partner. These entities
were manually extracted from resumes and job of-
fers from different European job markets. Each
concept was also curated by specialized annota-
tors and manually translated into more than 10
languages. For our study, we selected a subset of
these languages due to the significant annotation
effort required for producing reliable gold-standard
data. Furthermore, we were also constrained by the
available annotators for each language, the scope,
and the timeline of the industrial project.

5https://esco.ec.europa.eu/en/use-esco/
download

2.3 Datasets
For training our supervised models in Section 2.5,
we selected job offers and resume datasets for
both academic6 and industrial settings. In par-
ticular, for our industrial dataset, Arca24_JOB
and Arca24_CV, we obtained job offers and re-
sumes from our industrial partner, who provides
HR services and software to companies within the
European market. From the provided data, we
randomly sampled 100 resumes and 100 job of-
fers for each of the 6 selected languages, resulting
in a total of 1200 documents from ∼45 different
domains (e.g., Engineering, Administration, Man-
agement). These documents were manually anno-
tated by HR researchers and specialists with the fol-
lowing entities: Degrees / Certifications, Domain,
Hard Skills, Knowledge, Language, Occupations,
and Soft Skills. Further details of the annotation
process are shared in Section 2.4.

All these datasets have different labeling
schemas for each entity. Thus, we have remapped
or discarded the original labels, considering only
hard skills and occupations in this study. We show
our datasets’ entity distribution between hard skills
and occupations, including total and unique counts
and ratio between these two metrics and the aver-
age length of entities (by characters) in Table 1.

2.4 Annotation Guidelines
To identify skills within our dataset, we first de-
veloped well-defined annotation guidelines, rely-
ing on both in-house expertise (i.e., two HR re-
searchers) and HRM literature, focusing on prin-
ciples of KSAOs (Campion et al., 2011), which
refers to knowledge, skills, abilities, and other at-

6We include the details of our selected public dataset
Green in the Appendix A.2.1.
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Evaluation Exact (F1-score) Partial (F1-score) Time

DB Test Model Lang. Skills Occ. Overall Skills Occ. Overall (min)

IN-HOUSE

Green

Rule-based

EN

0.145 0.275 0.179 0.258 0.419 0.300 5.200
ESCO 0.166 0.355 0.216 0.361 0.493 0.396 57.800
IN-HOUSE Semantic 0.135 0.280 0.173 0.265 0.483 0.322 5.600
ESCO 0.172 0.210 0.185 0.369 0.333 0.357 25.600
- mBERT 0.351 0.603 0.418 0.555 0.705 0.595 2.800

Table 2: Comparison of skill extraction methods. We present the F1-score (exact, partial) results on Green dataset
(Job Offers) for Rule-Based/Semantic (taxonomy matching) vs. Supervised (labeled data fine-tuning) systems.

tributes. Each category was defined and illustrated
with examples. The annotation team met in person
to discuss and align on the definitions of skills in
English and to test the guidelines7 on a set of sam-
ple resumes. These initial annotations were collec-
tively reviewed, and the guidelines were amended
to clarify any ambiguous cases. Annotators then
carried out a first round of annotations in their re-
spective target languages, followed by an adjudi-
cation phase to resolve conflicts and ensure full
alignment among the team.8

The labeling of entities was done by 4 annota-
tors with previous experience in skills identification
and/or annotation. All annotations were done using
Docanno (Nakayama et al., 2018). The work of
the annotators was distributed according to their
language proficiency as follows: English-Spanish,
French-German, Italian-Portuguese. Annotations
in Italian, French, and Spanish were conducted by
native speakers, whereas the others were done by
annotators with a proficient C2 language level. An-
notators gathered to review some uncertainties once
all annotations had been conducted. Some degree
of variability in annotations is likely to occur, as it
reflects 1) variability in the content of the corpus of
resumes and job offers annotated and 2) variability
in the cultural norms and expectations of resumes
and job offers across the six target languages.

2.5 Models

We experimented with various models that differ
not only in complexity and level of explainability
but also in resource requirements. While GPUs
are commonly used, their implementation may not

7Due to privacy and intellectual property concerns, we
limit the disclosure of our guidelines. However, we describe
our annotation strategies as thoroughly as possible to maxi-
mize reproducibility.

8Given the variety of the languages involved in the project
and the proficiency level in various languages of the annotation
team (consisting of 4 people), inter-agreement was not feasible
for any other language than English. The focus was rather put
on a very thorough training procedure and a strong alignment
regarding annotations across the team.

be feasible for all businesses due to their high re-
source consumption and associated cost. Moreover,
our NLP application requires that every decision is
fully traceable and explainable for system improve-
ment. Relying on the nondeterministic output of
conversational LLMs compromises this necessary
level of auditability and explainability. Therefore,
we selected a rule-based system, a semantic model,
and a supervised system for our benchmark.9 In
the following section, we elaborate in the details of
our supervised model and explain further on how
it contributes better into the explainability of our
results.

2.5.1 Supervised model

We selected multilingual BERT-base10 as our
main experimental model for our human-annotated
data.11 This model can both understand the lan-
guages under study and also use minimal GPU
resources. Further, we chose this general-purpose
model over a pre-trained skill extraction model
given that the latter does not always perform better
on the skill extraction task due to the learned biases
from previous approaches (Vásquez-Rodríguez
et al., 2024). Larger models could potentially yield
better scores in a single domain, but the objec-
tive of this work is to assess the tangible value
and customer benefit delivered by the incremental
rule-based to supervised journey. For this, we use
models that are resource-efficient enough (e.g., de-
ployable locally without GPUs), rather than achiev-
ing state-of-the-art benchmarks. The deterministic
nature of BERT-based models allows for controlled
outputs, ensuring that decisions can be traced and

9Further details of the rule-based and semantic systems are
explained in the Appendix A.3.2.

10https://huggingface.co/google-bert/
bert-base-multilingual-uncased

11The inclusion of multiple supervised baselines is planned
as future work by our industrial partner. We prioritize demon-
strating resource-efficient, incremental value over exhaustive
comparative analysis. Moreover, the detailed investigation
of supervised model variations has been the subject of our
previously published work (Vásquez-Rodríguez et al., 2024).
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explained to end users. In order to support the
explainability of our approach, we have mapped
predicted skills to an existing taxonomy, which
indirectly justifies the reasoning behind each selec-
tion. Any future additions of skills to the model will
be managed through a controlled process involv-
ing in-house annotation of previously undetected
skills.

3 Experimental Setup

In this section, we present the experimental steps
of our proposed methods, including the technical
implementation details. For the rule-based and
semantic systems, we have standardized the code
into Python libraries to systematically run on the
provided inputs. As for the supervised system,
we performed fine-tuning of the model with the
training and the validation set. We trained the skill
extraction task as a span-based approach similar
to Named Entity Recognition (NER)12 where the
final model was selected based on the F1-score on
the validation set. We chose the best model for all
the epochs run.

Categories

Lang. Dataset 0 1 2 3 4 5 6

EN
(Green)

Job Of-
fers

45.1% 4.5% 3.6% 6.3% 15.3% 9.0% 16.2%

EN Job
Offers
(our an-
notated
data)

15.8% 5.2% 9.5% 3.1 % 16.9% 8.4% 41.1%
FR 5.7% 63.9% 0.8% 1.6% 6.6% 18.0% 3.3%
IT 9.7% 6.5% 3.2% 17.7% 21.0% 11.3% 30.7%
DE 34.6% 16.4% 10.6% 1.9% 3.9% 6.7% 26.0%
PT 23.3% 15.0% 6.7% 8.3% 8.3% 18.3% 20.0%
ES 23.3% 7.8% 28.9% 2.2% 6.7% 16.7% 14.4%

EN
Resumes
(our an-
notated
data)

26.6% 5.3% 10.6% 1.1% 3.2% 17.0% 36.2%
FR 39.3% 0.9% 29.5% 0.0% 4.5% 8.9% 17.0%
IT 37.9% 6.0% 4.3% 0.9% 3.45% 24.1% 23.3%
DE 31.8% 15.1% 13.5% 1.6% 6.4% 9.5% 22.2%
PT 44.0% 2.4% 0.0% 2.4% 0.0% 26.4% 24.8%
ES 18.4% 1.0% 12.2% 1.0% 7.1% 12.2% 48.0%

Table 3: Results for the human evaluation

For the evaluation, we identified the entities in
the corpora and evaluated the output IOB files
against the reference using the nervaluate Python
library.13,14As for the evaluation schema, we report
both the exact and partial scores (i.e., the identifi-
cation of at least one word of the target skill) to
adjust to the challenge of finding fixed entities in

12We used a NER-based evaluation to leverage existing re-
sources and tools. Despite challenges in consistently defining
concept boundaries, our results align with prior work.

13https://pypi.org/project/nervaluate/
14We selected IOB standard due to the availability of cor-

pora for this task and for its compatibility with the annotations
output format.

such a variable task. Finally, we performed a hu-
man evaluation of the supervised system output in
Section 3.1.15

3.1 Human Evaluation
We conducted a human evaluation on 30 sample
sentences per language, per document type (i.e., job
offers and resumes), for a total of 360 sentences
(see Table 3). These samples were randomly drawn
from the test set of supervised model outputs. The
primary goal was to analyze error patterns and iden-
tify possible drawbacks of neural models. To focus
on the error analysis, we filtered out all correctly
predicted samples. The remaining predictions and
their corresponding references were displayed side
by side in IOB format, token by token.

The human evaluation was carried out by three
evaluators with prior experience in skill annota-
tion. When possible, we would assign different
annotators for labeling and human evaluation. This
task assessed possible errors between the predicted
output and the reference. Each entity is classified
into different error categories (Nguyen et al., 2024),
which are further explained in Section 3.1.1.

3.1.1 Human Evaluation Categories
For the human evaluation task, we categorized the
differences between the predicted output and the
reference. Each entity could be classified into the
following categories: 1) Skill definition misalign-
ment, when the prediction includes a career-related
term that is not a skill; 2) Wrong extraction, when
the detected entity is entirely unrelated to any skill;
3) Conjoined skills, when two distinct skills are
incorrectly merged into one (e.g., develop report
software and statistical software should be treated
as two separate skills); 4) Extended span, when
the predicted entity is longer than the correct ref-
erence; 5) Incorrect annotations, when the human
annotation itself is imprecise, containing incorrect
values in the reference; 6) Other cases, such as
when the prediction is shorter than the reference
or when the reference skill was not predicted at
all. Additionally, we also label the correct entities
when the prediction is equal to the reference. We
refer to this classification as category 0.

4 Results and Discussion

We present our results evaluating the performance
of the skills detection task using F1-score with an

15We report our data processing steps and training parame-
ters in the Appendix A.
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Evaluation Exact (F1-score) Partial (F1-score) Time

DB Test Model Lang. Skills Occ. Overall Skills Occ. Overall (min)

IN-HOUSE

Jobs (our
annotated
data)

Rule-based

EN

0.043 0.720 0.108 0.170 0.840 0.235 0.535
ESCO Rule-based 0.047 0.270 0.078 0.230 0.297 0.239 6.000
IN-HOUSE Semantic 0.016 0.667 0.075 0.165 0.792 0.221 2.300
ESCO Semantic 0.014 0.142 0.038 0.189 0.157 0.183 17.900
- mBERT 0.220 0.560 0.247 0.405 0.680 0.427 1.900

IN-HOUSE Rule-based

FR

0.000 0.000 0.000 0.065 0.172 0.081 0.610
ESCO Rule-based 0.022 0.037 0.024 0.160 0.222 0.170 2.600
IN-HOUSE Semantic 0.018 0.118 0.031 0.156 0.353 0.182 3.000
ESCO Semantic 0.045 0.071 0.050 0.202 0.235 0.207 7.600
- mBERT 0.443 0.591 0.464 0.595 0.659 0.605 2.200

IN-HOUSE Rule-based

IT

0.022 0.296 0.083 0.172 0.481 0.242 0.370
ESCO Rule-based 0.017 0.065 0.027 0.214 0.226 0.216 1.300
IN-HOUSE Semantic 0.038 0.345 0.086 0.274 0.552 0.317 2.600
ESCO Semantic 0.034 0.067 0.045 0.267 0.157 0.230 7.100
- mBERT 0.135 0.615 0.235 0.419 0.692 0.476 2.800

IN-HOUSE Rule-based

DE

0.085 0.296 0.124 0.178 0.444 0.228 0.357
ESCO Rule-based 0.036 0.303 0.097 0.098 0.333 0.152 0.768
IN-HOUSE Semantic 0.106 0.529 0.166 0.213 0.706 0.282 2.700
ESCO Semantic 0.069 0.186 0.104 0.202 0.244 0.215 6.900
- mBERT 0.299 0.667 0.367 0.476 0.738 0.524 2.200

IN-HOUSE Rule-based

ES

0.022 0.000 0.021 0.110 0.200 0.115 0.352
ESCO Rule-based 0.027 0.000 0.025 0.195 0.231 0.198 1.800
IN-HOUSE Semantic 0.039 0.000 0.037 0.221 0.333 0.225 2.200
ESCO Semantic 0.042 0.000 0.036 0.211 0.108 0.197 9.400
- mBERT 0.355 0.800 0.378 0.505 0.800 0.520 1.800

IN-HOUSE Rule-based

PT

0.028 0.095 0.037 0.099 0.143 0.104 0.387
ESCO Rule-based 0.068 0.258 0.092 0.179 0.323 0.197 1.400
IN-HOUSE Semantic 0.116 0.483 0.155 0.252 0.586 0.288 2.500
ESCO Semantic 0.065 0.167 0.076 0.173 0.278 0.185 6.100
- mBERT 0.444 0.357 0.429 0.595 0.500 0.578 2.100

Table 4: Comparison of skill extraction methods. We present the F1-score (exact, partial) results on the Job Offers
dataset for Rule-Based/Semantic (taxonomy matching) vs. Supervised (mBERT, labeled data fine-tuning) systems.

exact match assessment. In Table 4, we show super-
vised systems trained in job offers that achieve the
highest score in French, followed by Portuguese
and English-Green. For the state-of-the-art results,
we present the Green dataset in Table 2, where, for
English, results remained competitive throughout.
For resumes, supervised systems also perform well,
as observed in Portuguese, followed by Italian, and
English in Table 5. These results aim to character-
ize the breadth of variability real-word skill descrip-
tions across document types (job offers vs resumes),
domains, and different languages, as opposed to
optimizing for benchmark performance on the skill
extraction task. And consequently, these show how
approaches that are currently being used in indus-
try fare on these data types. Furthermore, we can
confirm that the state-of-the-art performance on
the academic Green Dataset (Nguyen et al., 2024)
is comparable to our supervised model, which is
expected to be higher (∼10%) compared to our F-
measure due to the choice of a smaller multilingual
model to support a minimal resource setting with
multiple languages.

In relation to the detection of occupations, results
are more straightforward, yielding scores of up to

0.8 that are significantly higher than those of hard
skills, when considering the best performance in
the partial evaluation. Most methods demonstrate
efficient memory consumption, with CPU-based
approaches requiring a maximum of ∼5 GB and
GPU-based methods utilizing up to ∼12.85 GB of
RAM. Similarly, runtime remain reasonable across
all approaches, except for the rule-based method
on the Green dataset, which can take up to an hour
due to its size. In industrial settings, optimizing
resources and performance is crucial. Poor real-
time skill extraction performance can negatively
impact user experience and the management of
large-scale data. Additionally, scaling up resources
(e.g., adding more RAM) can significantly increase
costs. Therefore, the trade-offs between different
approaches, such as CPU-based vs. GPU-based
methods, must be carefully justified.

Our study highlights key differences between job
offers and resumes (Section 4.1), annotation diffi-
culties (Section 4.2), multilingual considerations
(Section 4.3), the trade-off between explainability,
generalization and fairness (Section 4.4) and chal-
lenges involved in the transition of research into
NLP applications (Appendix A.1).
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Evaluation Exact (F1-score) Partial (F1-score) Time

DB Test Model Lang. Skills Occ. Overall Skills Occ. Overall (min)

IN-HOUSE

Resumes
(our
annotated
data)

Rule-based

EN

0.160 0.226 0.171 0.253 0.481 0.289 2.000
ESCO Rule-based 0.159 0.100 0.144 0.267 0.217 0.254 17.500
IN-HOUSE Semantic 0.130 0.236 0.146 0.217 0.535 0.263 3.900
ESCO Semantic 0.119 0.074 0.106 0.217 0.156 0.200 19.700
- mBERT 0.382 0.400 0.385 0.487 0.531 0.495 2.100

IN-HOUSE Rule-based

FR

0.026 0.260 0.068 0.124 0.410 0.175 2.600
ESCO Rule-based 0.050 0.107 0.062 0.191 0.321 0.218 10.300
IN-HOUSE Semantic 0.057 0.281 0.093 0.184 0.545 0.242 3.600
ESCO Semantic 0.044 0.050 0.046 0.190 0.249 0.203 8.000
- mBERT 0.252 0.364 0.269 0.407 0.580 0.434 2.200

IN-HOUSE Rule-based

IT

0.111 0.442 0.197 0.258 0.565 0.338 0.917
ESCO Rule-based 0.023 0.425 0.125 0.200 0.523 0.282 3.900
IN-HOUSE Semantic 0.095 0.444 0.171 0.295 0.632 0.369 3.600
ESCO Semantic 0.024 0.203 0.076 0.252 0.334 0.276 7.600
- mBERT 0.405 0.444 0.414 0.597 0.606 0.599 3.300

IN-HOUSE Rule-based 0.069 0.448 0.168 0.151 0.510 0.245 0.763
ESCO Rule-based

DE

0.090 0.122 0.100 0.194 0.223 0.204 1.500
IN-HOUSE Semantic 0.124 0.613 0.226 0.228 0.717 0.329 3.700
ESCO Semantic 0.074 0.165 0.107 0.197 0.231 0.210 7.800
- mBERT 0.257 0.459 0.315 0.426 0.574 0.468 2.400

IN-HOUSE Rule-based

ES

0.045 0.333 0.085 0.132 0.476 0.179 1.200
ESCO Rule-based 0.017 0.299 0.061 0.115 0.463 0.170 3.200
IN-HOUSE Semantic 0.085 0.435 0.128 0.228 0.587 0.272 3.000
ESCO Semantic 0.042 0.139 0.065 0.206 0.222 0.210 10.300
- mBERT 0.265 0.509 0.301 0.382 0.582 0.411 4.200

IN-HOUSE Rule-based

PT

0.029 0.217 0.058 0.141 0.337 0.172 1.300
ESCO Rule-based 0.012 0.155 0.038 0.127 0.250 0.150 3.800
IN-HOUSE Semantic 0.038 0.279 0.070 0.185 0.589 0.239 4.100
ESCO Semantic 0.022 0.114 0.040 0.195 0.247 0.205 7.900
- mBERT 0.483 0.532 0.491 0.598 0.662 0.608 2.400

Table 5: Comparison of skill extraction methods. We present the F1-score (exact, partial) results on the Resumes
dataset for Rule-Based/Semantic (taxonomy matching) vs. Supervised (mBERT, labeled data fine-tuning) systems.

4.1 Job offers vs Resumes

Job offers are more standardized than resumes, as
organizations often follow similar guidelines for
all their job openings. However, they often contain
multiple career-related terms that are not neces-
sarily related to skills specifically required for the
position at hand, as shown in Table 3 (category 1),
which can pose challenges for skill annotation and
extraction. Job offers are also much more available
for collection and analysis than resumes. This has
two important consequences. First, their prevalence
and availability on the internet could contribute to
higher performance on publicly available datasets
for English job offers, such as Green (Table 2). In
contrast, performance is lower for IN-HOUSE job
offers as shown in Table 4.

Second, academic research has focused on job
offers for availability reasons. However, job offers
are very distinct from resumes in how they are
structured, in the way they formulate skills and
experience, and in the information they contain.
This is bound to eventually limit the quality of the
systems if trained on a non-representative dataset.
A notable difference is seen in the partial evaluation
of the supervised method. The success of skill

detection varies between resumes and job offers,
with some cases achieving a balanced trade-off
between precision and recall, while others do not.

Furthermore, job offers and resumes vary across
industries and languages. Although we used ran-
dom sampling to select a meaningful population of
job offers and resumes, the presence of skills varies
according to the domain, their relative occupation,
and the target language. Some job advertisements
are concise, spanning only a few lines, while others
are more detailed. A similar pattern is observed in
resumes, which are highly personal and vary in for-
mat and style. For example, certain domains such
as technology-oriented datasets (i.e., Green) show
that skills are more straightforward to identify (see
Table 6). In contrast, domains such as management
might need a higher level of inference. Moreover,
language and nationality play a role as norms on
what to put in a resume, and what is legally required
to write in a job offer varies.

4.2 Annotations Challenges

Although we established clear annotation guide-
lines based on academic literature and validated
these with HR experts, the variability of resumes
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across disciplines (e.g., software developer vs man-
ager) and languages still poses a challenge for skill
annotation consistency. As an example, we present
the experiments for Italian job offers (F1-score:
0.235), where annotation quality significantly con-
tributed to the poor performance. A manual review
revealed that entity annotations in Italian were long,
containing a higher number of words compared to
other languages, which severely impacted the effec-
tiveness of the entity-oriented detection approach.
Our error analysis highlights how inconsistencies in
gold annotations (see Table 3, category 5) can also
impact model performance. The detailed error anal-
ysis shows that resumes present greater challenges,
with most errors falling into Category 5 (annotation
errors) or Category 6 ("other"), where the model
struggles not only to predict a skill but also to align
with the reference annotations (e.g., shorter annota-
tions). The definition of skill is complex, whereas
occupations are more straightforward to identify in
both resumes and job offers, as seen when compar-
ing the F1-scores of "Skills" and "Occ." in Tables
2, 4 and 5. We additionally show examples of these
challenges in Table 6 and 7 (Appendix), where
precise skill boundaries are challenging to define.

Model Taxonomy Example

Reference -
From my experience, I learned and used different
languages PHP HTML CSS Javascript jQuery SQL
Visual Basic Linux Bash FileMaker Script C

Rule-based
IN-

HOUSE

From my experience, I learned and used different
languages PHP HTML CSS Javascript jQuery SQL
Visual Basic Linux Bash FileMaker Script C

Rule-based ESCO
From my experience, I learned and used different
languages PHP HTML CSS Javascript jQuery SQL
Visual Basic Linux Bash FileMaker Script C

Semantic
IN-

HOUSE

From my experience, I learned and used different
languagues PHP HTML CSS Javascript jQuery SQL
Visual Basic Linux Bash FileMaker Script C

Semantic ESCO
From my experience, I learned and used different
languages PHP HTML CSS Javascript jQuery SQL
Visual Basic Linux Bash FileMaker Script C

mBERT -
From my experience, I learned and used different
languages PHP HTML CSS Javascript jQuery SQL
Visual Basic Linux Bash FileMaker Script C

Table 6: System outputs from English resumes

4.3 Multilinguality

Rule-based and semantic systems demonstrated
similar performance (measured by exact F1-score)
across languages (up to ∼0.2), while more signifi-
cant performance differences were observed in the
supervised results for job offers in Table 4, com-
paring Italian and French. Overall, the mBERT
multilingual model outperformed rule-based and

semantic systems. From our error analysis, we can
notice that 1) In certain industries, the labor market
is standardized to English, leading to a mix of local
language and English terms within job descriptions,
which could have a positive or negative impact in
performance depending on the selected multilin-
gual system; 2) English resumes are likely to be
written by non-native speakers, which potentially
can influence the quality of the submitted resume.16

4.4 Explainability, Generalization, and
Fairness

Rule-based and semantic methods show a lower
performance compared to supervised approaches,
but offer high explainability because extracted
skills can be directly linked to a curated taxonomy
and are relatively easy to adapt, albeit at the cost
of labor-intensive and expensive taxonomy main-
tenance. Supervised systems demonstrate better
generalization, but their performance is highly de-
pendent on the quality, quantity, and diversity of
the data, as evidenced by the discussed results.

Taxonomy-driven methods are inherently fair, as
concepts remain consistent across target languages.
In contrast, neural methods may introduce cultural
biases, potentially favoring or disadvantaging spe-
cific candidates. In some cases, a detailed taxon-
omy, such as the ESCO taxonomy, can enhance per-
formance by using a rule-based system and more
standardized job offers. However, for standalone
academic datasets, the results appear to be "arti-
ficially" high, as in Green for partial evaluation.
The large difference between this dataset and our
multilingual datasets from actual client data sug-
gests that the skill extraction task may be harder
than one would expect from academic data, which
is often limited to a particular domain, language,
and to the relevant phrases with explicit skill men-
tions. For practical purposes, it is not necessary to
exhaustively detect every skill, as many are redun-
dant. A representative sample is often sufficient to
provide a clear sense of the candidate’s profile and
to support manual candidate analysis. Therefore,
we conducted a human error analysis to analyze
the quality of system outputs and the distribution
of errors. As shown in Table 3, for English job of-
fers (Green), nearly 50% of entities were correctly
identified (Category 0), suggesting a lower level
of complexity in these documents compared to re-
sumes, which had a success rate of only 26.60%.

16We further discuss the linguistic and cultural aspects of
the skill extraction task in the Limitations section.
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We found no conclusive evidence linking specific
error types to the multilingual aspect, particularly
given the additional differences in domain distri-
bution across languages. Except for French and
Spanish, most failures in the supervised models
fall into categories 5 and 6, where errors stem from
incorrect human annotations, missing predictions,
or shorter-than-expected extractions. The signifi-
cance of these analyses extends beyond research,
as fair and reliable candidate selection remains a
highly sensitive task, requiring human oversight to
ensure trustworthiness and mitigate biases in au-
tomated hiring systems. The controllability and
explainability of these systems are essential for the
engagement and trust of stakeholders.

4.5 Reproducibility

Due to the proprietary nature of the job offers and
resumes provided by our industrial partner, the re-
lease of the primary dataset is restricted. We evalu-
ated pseudonymization as an alternative; however,
the high density of sensitive personal information
within resumes makes full anonymization and sub-
sequent public release complex from both legal and
ethical perspectives.

To ensure reproducibility while respecting these
constraints, we adopt the following strategies:

1) Experiments on public data: To mitigate
privacy constraints, we additionally report results
using public job offers and taxonomies (e.g., the
Green dataset and ESCO taxonomy);

2) Methodological transparency: Our study
encompasses hard-skill extraction across job of-
fers and resumes, utilizing multiple languages and
resource-wise incremental baselines. We also in-
clude comprehensive details of our methodology
to ensure these benchmarks remain as reproducible
as possible, providing a transparent framework for
our real-world skill extraction approach.

While we acknowledge the trade-offs inherent
in using proprietary data, this study offers a rare,
large-scale analysis of skill extraction in authentic
industrial scenarios. We believe the broad scope
and practical insights of this research provide sig-
nificant value to the community beyond what is
achievable with restricted or synthetic datasets.

5 Conclusion

Traditionally, the skill extraction task has been ap-
proached with a limited scope, focusing on one
or two languages, exclusively analyzing job of-

fers, or relying on resource-intensive methods. Our
work presents the first experiment of its kind that
proposes and integrates different methodologies
at multiple levels of complexity, languages, and
side-by-side job offer and resume data through an
extensive annotation effort covering 1200 resumes
and job offers. We achieved an improved perfor-
mance over production across different system vari-
ations, evaluation schemes, and data settings, de-
tected a higher volume of qualitative instances, and
provided valuable insights to guide future advance-
ments. Finally, we present our discussions on fu-
ture work in the Appendix A.4.

Limitations

In this section, we outline the limitations of our
research in multiple aspects to be considered as
follows:

Data release: As discussed in Section 4.5, we
present our results using publicly available job of-
fers as well, as our analysis builds on proprietary
job offers and resumes from our industrial partner.
However, we provide a detailed description of our
research methodology to enhance reproducibility.

Taxonomies distribution: Our taxonomies are
fundamentally different and non-standardized be-
tween them. The ESCO DB was created to stan-
dardize skills for the European job market, but it
presents a formalized approach that does not reflect
how people express skills in real-world resumes.
In contrast, the IN-HOUSE taxonomy is crafted
directly from the actual occurrences within real
resumes and job offers, making it more practical.
The ESCO DB is freely available. However, we
refrain from providing specific distribution details
of the IN-HOUSE taxonomy due to proprietary and
privacy concerns.

NER evaluation: Another limitation is the use
of the NER approach for evaluation, which allows
the use of existing resources to assess the quality
of our annotations and the use of open-source tools
for entity labeling. However, we acknowledge that
it is difficult to capture the boundaries of each con-
cept given the variable and subjective nature of the
labeling task, resulting in overall lower scores, but
still consistent with previous work.

Cultural nuances in the annotation task: We
acknowledge that variations in hiring cultures
across domains and languages can impact our work.
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However, a comprehensive evaluation of these nu-
ances would require a dedicated study that falls
outside the scope of the current paper.

Annotation-related performance differences:
We follow up on the discussion of the differences
in performance in language as Italian, which are
fundamentally attributed to the variability in anno-
tation. We established rigorous, consistent guide-
lines and performed our annotations with in-house
domain specialists instead of crowdworkers. Still,
it cannot eliminate the inherent subjectivity present
in human annotation. We have included this vari-
ability in our experiments to reflect real-world com-
plexity. The persistence of this challenge for many
years underscores why skill extraction remains a
difficult research task.

Ethical Considerations

We ensure strict adherence to the corresponding
data and privacy through non-disclosure agree-
ments. Furthermore, we have obtained all neces-
sary licenses and data consents for managing job
offers and resume information in compliance with
relevant regulations. Additionally, no data was pub-
lished in the cloud; all operations were handled
locally on premises. Furthermore, the final output
of the skill extraction systems was always mapped
to a controlled, real-world taxonomy, which effec-
tively prevented the exposure of any sensitive data
derived from the raw source. However, due to the
sensitive nature of these resources and the ethical
considerations involved, we are unable to share
them publicly. Furthermore, we recognize the im-
portance of maintaining fairness, transparency, and
accountability in automated hiring systems. Our ap-
proach is designed to eventually support recruiters
by providing them with additional insights, with-
out delegating candidate selection decisions to any
algorithm. This ensures that final hiring decisions
remain under human supervision, mitigating poten-
tial biases and ethical concerns.
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A Appendix

A.1 Research on NLP applications
We reflect on the challenges of translating NLP
research into industry applications. In our study,
we carried out experiments within the framework of
an industrial project aimed at developing improved
algorithms for candidate selection. In this context,
we faced a clear trade-off between the complexity
of the NLP methods and the state of the art of
research and the pragmatic requirements of the
industry regarding a deployable solution within
existing systems over a limited timeframe. The
project has now been completed, and our industrial
partner has successfully integrated the algorithms.
This outcome demonstrates not only the practical
readiness of the research but also underlines a key
lesson: the importance of a bottom-up development
process, where all industry parameters need to be
accounted for beyond raw performance taking into
account the available infrastructure, costs and time
constraints, and explainability for the users needs,
costs, and performance are defined collaboratively
to align with the company’s roadmap, while at the
same time enabling innovation through research
that is explainable and fair.

A.2 Methodology
In this section, we discuss the freely available data
related the Green dataset (Section A.2.1). Finally,

we present our data preprocessing steps (Section
A.3.2), the description of our rule-based and seman-
tic models (Section A.2.1), including the training
details for the supervised system (Section A.3.3).

A.2.1 Publicly available data
We present the selected academic dataset (Green)
for our experiments:

Green_JOB (Green et al., 2022): This academic
dataset is a set of job offers from UK job boards
with 8670 sentences for training, 964 for validation,
and 335 for testing.17 The annotations of these jobs
were done by crowdsourcing efforts, labeling en-
tities with the following types: Skills, Knowledge,
Occupation, Experience, and Domain. We selected
this dataset as a reference to previous work.

A.3 Experimental Setup
In this section, we extend the implementation de-
tails of the paper, including the data processing
steps (Section A.3.1), the training parameters (Sec-
tion A.3.3), and the selected categories for the hu-
man evaluation (Section 3.1.1).

A.3.1 Data Preprocessing
We preprocessed the taxonomy to support the rule-
based system by precalculating all terms and stor-
ing them in a local JSON file. This allows for
efficient matching of all possible term variants for
a given word (e.g., Software developers → soft-
ware developers). For the semantic system, we did
not change the original terms as the semantic simi-
larity will generalize enough to capture these minor
syntactic differences.

Concerning the datasets, we divided the texts
presented in Section 2.3, for both job offers and
resumes, into 80% for training, 10% for validation,
and 10% for testing. In particular, for the super-
vised system, we split documents into 200 tokens
to avoid any issues with the input size of the multi-
lingual models. For the Green dataset, we kept the
original distribution of the splits. All systems were
evaluated on the same test set and in 6 languages.
As for the input and output format for all systems,
we relied on the IOB schema (Ramshaw and Mar-
cus, 1999) to clearly understand the boundaries of
each entity.

A.3.2 Models
In this section, we explain the implementation de-
tails of the rule-based and supervised system.

17https://huggingface.co/datasets/jjzha/green
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Rule-based: We followed the implementation
of the rule-based system proposed by Vásquez-
Rodríguez et al. (2024) with minor enhancements.
The rule-based system will search each term from
the taxonomies (see Section 2.2) in the text. To
maximize the matching of concepts, the taxonomy
is normalized using techniques such as lemmati-
zation and stemming. The final list of matching
concepts is ranked according to their similarity us-
ing semantic similarity and Levenshtein distance
(Levenshtein, 1966), as overlapping of n-grams can
happen.

Semantic SBERT: We present the semantic sys-
tem as a better generalization of the rule-based
algorithm. To achieve this, we have improved
the system proposed by Vásquez-Rodríguez et al.
(2024), replacing the similarity mechanism from
Spacy models18 for SBERT embeddings (Reimers
and Gurevych, 2020). Sentence embedding com-
parisons are more accurate and showed to be 36X
faster than spacy-based methods based on the eval-
uation of the Green_JOB test set. In comparison
to the rule-based systems, the semantic model can
find concepts that are closely related rather than
an exact match. The main benefit is that there is
no need for an exhaustive taxonomy, which in that
case, degrades the performance of the algorithm as
it grows. Finally, for the semantic comparisons, we
selected the distiluse-base-multilingual-cased-v1
model,19 a multilingual model supporting 15 lan-
guages, distilled from the universal multilingual
sentence encoder proposed by Yang et al. (2020).

A.3.3 Training Parameters

We conducted experiments using three random
seeds and reported the average results across all
runs. The selected hyperparameters include a batch
size of 16, a learning rate of 5.0 × 10−5, and a
maximum of 10 epochs. For training, jobs were ex-
ecuted on heterogeneous hardware configurations,
using either four Intel(R) Xeon(R) Platinum 8468
or AMD EPYC 7742 CPU cores, 16 GB of RAM,
and one of two types of GPUs: an NVIDIA V100
with 32 GB of memory or an NVIDIA RTX 3090
with 24 GB of memory. Evaluation was carried
out on a separate setup with two AMD EPYC 7742
CPU cores and 32 GB of RAM.

18https://spacy.io/models/
19https://huggingface.co/sentence-transformers/

distiluse-base-multilingual-cased-v1

Model Taxonomy Example

Reference - An analytical approach to problem solving excellent
team working skills

Rule-based IN-
HOUSE

An analytical approach to problem solving excellent
team working skills

Rule-based ESCO An analytical approach to problem solving excellent
team working skills

Semantic IN-
HOUSE

An analytical approach to problem solving excellent
team working skills

Semantic ESCO An analytical approach to problem solving excellent
team working skills

mBERT - An analytical approach to problem-solving excellent
team working skills

Table 7: System outputs from the English job offers.

A.4 Future Work
We discuss our future work in terms of the inclu-
sion skills that arise in the job market, the cultural
nuances that can affect our work, and possible ap-
proaches to avoid redundancy between taxonomies.

Inclusion of new skills: The inclusion of novel,
in-domain skills is done by continuously analyzing
skills extracted by the supervised systems that are
currently missing from the core taxonomy. This
approach offers an improved selection method over
the traditional, costly, fully manual method per-
formed by specialists and accelerates the process by
already suggesting potential skills that later will be
curated by humans. Only when a completely new
or unfamiliar domain arises, specific re-annotation
efforts are necessary to maintain accuracy and per-
formance. The unsupervised detection of new skills
and the integration of large LLMs for this purpose
remain outside the current scope of our project.

Cultural nuances: Beyond this work, there re-
main interesting avenues for exploration, particu-
larly concerning the cultural and linguistic aspects
of skill expression (Allen and Vardaman, 2017).
The differences in recruiting culture significantly
influence resume structure and how strengths are
expressed. Investigating these cultural nuances is a
promising direction for future research.

Taxonomies alignment: Given the public access
to both taxonomies, we could compute semantic
similarity between entries to identify redundant
occurrences of existing skills. In addition, it would
be very useful to paraphrase and standardize the
concepts into a more realistic, resume-like style
using LLMs, assuming that sufficient resources are
available, that document privacy can be preserved,
and hallucinations are mitigated.
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Figure 2: Example of the annotation effort using the Docanno tool. Data was anonymized to avoid correlations to a
real candidate.
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Abstract

Lemmatization – the task of mapping an in-
flected word form to its dictionary form – is a
crucial component of many NLP applications.
In this paper, we present RUMLEM, a lemma-
tizer that covers the five main varieties of Ro-
mansh as well as the supra-regional standard
variety Rumantsch Grischun. It is based on
comprehensive, community-driven morpholog-
ical databases for Romansh, enabling RUMLEM
to cover 77–84% of the words in a typical Ro-
mansh text. Since there is a dedicated database
for each Romansh variety, an additional appli-
cation of RUMLEM is variety-aware language
classification. Evaluation on 30’000 Romansh
texts of varying lengths shows that RUMLEM
correctly identifies the variety in 95% of cases.
In addition, a proof of concept demonstrates the
feasibility of Romansh vs. non-Romansh lan-
guage classification based on the lemmatizer.

https://github.com/ZurichNLP/
rumlem

1 Introduction

Romansh is a minority Romance language spoken
by approximately 40’000–60’000 speakers in sev-
eral Alpine valleys of Switzerland. It comprises
five regional varieties, or idioms (Sursilvan, Sut-
silvan, Surmiran, Puter, and Vallader), as well as
Rumantsch Grischun (RG), the supra-regional stan-
dard variety of Romansh. The varieties differ to
such an extent that mutual intelligibility is often
limited, highlighting the need for variety-specific
NLP-tools.

The proposed lemmatizer RUMLEM, given Ro-
mansh text, uses morphological databases to (1) in-
fer the possible lemmas of word forms, (2) identify
morphological features of word forms, and (3) iden-
tify the likely Romansh variety of the input (cf.
Figure 1). Together with Model et al. (2026), our
system is among the very few systems to reliably
perform such a classification; with the additional

lavuraiva
Lemma: ‘lavurar’ or ‘lavurer’

Idiom: Vallader or Puter
Morph: Impf. Tense, 1./3. Sg.

Figure 1: The main functionalities of RUMLEM.

benefit that it can be used to distinguish between
Romansh and non-Romansh text. It thus provides a
transparent complement to machine learning ap-
proaches for language identification and a core
component to variety-aware Romansh NLP-tools.

Our approach builds on existing, maintained,
and community-driven dictionary data (cf. Table 1),
which we process into 725’005 unique word forms
mappable to 178’467 lemmas (cf. Table 2).

These data allow our lemmatizer to cover around
80% of a typical Romansh text (cf. Section 4.1) and
to identify the variety correctly in 95% of cases
(cf. Table 4). Language identification experiments
(cf. Figure 2) show that a threshold of ca. 0.6 (i.e.,
60% of words recognised as a particular Romansh
variety) serves to distinguish Romansh texts from
the most closely related Romance languages.

2 Dictionary Resources for Romansh

2.1 Bilingual Dictionaries

Pledari Grond,1 the dictionary underlying RUM-
LEM, covers all six Romansh varieties, with transla-
tions provided in German (DE), as well as, in part,
additional annotations (cf. Table 1). Users may re-
port potentially erroneous German–Romansh pairs
and suggest alternative translations.

The dictionaries for Rumantsch Grischun, Sur-
miran, Sursilvan and Sutsilvan are openly licensed
(© Lia Rumantscha 1980–2025). The Vallader and
Puter dictionaries were kindly provided by Uniun
dals Grischs for use solely as part of this lemma-
tizer (© Uniun dals Grischs. All rights reserved).

1https://pledarigrond.ch/
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Unique Entries Single Words DE Translations POS Tags Gender Infl. Verbs

Sursilvan 147,977 93,211 147,971 67,201 72,460 5,031
Sutsilvan 58,584 39,191 58,581 42,817 30,876 3,021
Surmiran 74,986 44,365 74,986 39,224 36,956 2,947
Puter 89,908 32,084 89,807 13,712 36,918 3,383
Vallader 106,690 35,322 106,438 10,854 48,435 3,779
RG 249,169 94,291 249,165 98,046 161,942 3,867

Total 727,314 338,464 726,948 271,854 387,587 22,028

Table 1: Description of the Pledari Grond dictionary for each Romansh idiom as well as Rumantsch Grischun. A
single ‘|’ means ‘thereof’: Unique entries, thereof X Single Words, German Translations, etc. Infl. Verbs refers to
the number of unique verbs for which inflected forms are provided.

2.2 Spellchecking
Pledari Grond also provides a Romansh spell-
checking system based on HUNSPELL.2 With the
focus lying primarily on orthographic conventions
rather than on inflectional or derivational morphol-
ogy across the different varieties, we do not use
the spell-checker for inflectional processing. We
restrict its use to providing a fallback vocabulary,
together with the Mediomatix corpus (Hopton et al.,
2026) and the Rumantsch Grischun newspaper La
Quotidiana.3 Our lemmatizer uses said vocabu-
lary to check non-lemmatizable words against a
variety’s lexicon.

3 Software Design

3.1 Preprocessing of Dictionary Data
Lemma mappings constitute the central building
block of RUMLEM, making the transformation of
the available dictionary data into this format a key
step. We treat the morphologically rich and fre-
quently annotated parts of speech (POS) nouns,
verbs, and adjectives separately. Other POS (where
present) or entries lacking POS tags were treated
jointly. Where possible, we used conservative, rule-
based heuristics to assign missing POS tags – for
example, treating entries whose German translation
begins with a capital letter as nouns.

The entries in the Pledari Grond dictionaries ex-
hibit a wide range of structural patterns, with e.g.
approximately 200 distinct patterns each for nouns
and adjectives. Pattern recognition distinguishes
between single (w) and multiple words (w+), punc-
tuation symbols, as well as special morphological
tags (marked below as MT; e.g., m., f., sg., pl.).

2https://hunspell.github.io/
3https://huggingface.co/datasets/ZurichNLP/

quotidiana

Two of the most frequent noun patterns and a less
frequent one serve as illustration (# occurrences):

w (208,000): armaziun; f; Bewaffnung

w, w (5067): admiratur, admiratura; m/f; Bewun-
derer(in)

w (w, MT); w (w, MT) (93): arrestà (arrestats,
pl); arrestada (arrestadas, pl); m/f; Gefangene

Based on such recurring patterns, informed de-
cisions could be made about how to process the
data; for example, that a w, w entry such as the one
above should yield two separate entries, admiratur;
m; Bewunderer and admiratura; f; Bewundererin.
To ensure clean and consistent processing, we auto-
matically generated test skeletons for each distinct
pattern occurring more than ten times in each of
the four POS categories (N, V, ADJ and other),
and manually annotated the corresponding gold-
standard outputs. 200 such tests, covering 99.9%
of the input data, contribute to high data quality (cf.
Appendix A). Table 2 presents the resulting data
available to the lemmatizer.

3.2 Variety Identification Process

RUMLEM takes a text and an optional variety. If
none is given, it predicts the most likely variety
based on the input text. More specifically, the text
is tokenized using an adapted version4 of the Italian
Moses tokenizer (Koehn et al., 2007); then, for each
variety, the system counts lemmatizable tokens and
tokens found in the variety-specific vocabulary and
divides this count by the total number of tokens.

4The adaptations consist of regex-based preprocessing
and protected token patterns designed to correctly tokenize
apostrophe-based contractions in each Romansh variety.
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Vocab Mapped Forms Lemmas Noun Adj Verb Other

Sursilvan 223,826 222,860 36,505 23,206 4,977 5,858 2,464
Sutsilvan 129,519 87,902 19,326 12,467 2,671 3,033 1,155
Surmiran 149,078 84,481 22,838 15,145 3,107 3,204 1,382
Puter 180,361 107,758 26,201 15,534 3,122 3,102 4,443
Vallader 165,354 109,090 30,479 19,841 4,821 3,625 2,192
RG 180,690 112,914 43,118 31,200 6,099 4,049 1,770
Total 1,028,828 725,005 178,467 117,393 24,797 22,871 13,406

Table 2: RUMLEM’s data coverage, single words only. Mapped Forms describes the amount of entries linked to a
lemma. A single ‘|’ means ‘thereof’: Vocab, thereof X Mapped Forms, thereof X Lemmas, etc.

3.3 Lemmatization Process

Consider the sentence La vuolp d’eira darcheu üna
jada fomantada (“The fox was once again hun-
gry”). RUMLEM identifies the variety correctly as
Vallader, and returns per-token analyses, as shown
for fomantada in Table 3: assuming Vallader, it
may correspond to the feminine form of the adjec-
tive fomantà, a feminine noun fomantada, or the
past participle of the verb fomantar.

3.3.1 Unknown Word Forms
To try and map unknown word forms to known lem-
mas, the lematizer’s edit tree component may be
invoked. Adapting a system for unsupervised mor-
phological paradigm completion (Jin et al., 2020;
Kann et al., 2020), this component learns frequent
inflectional patterns and their morphological tags
for each variety and POS category. For example,
masculine adjectives receive an -a when turned
feminine, and an -s when pluralized, meaning the
edit trees store two adjective-specific lemmatiza-
tion paths: drop -a (feminine) or drop -s (plural).
At inference, upon encountering an unknown word,
paths across all POS are searched and transforma-
tions applied if suffixes match. The resulting poten-
tial lemmas are checked against existing lemmas
within the same POS-tag. Matches are collected,

and the candidate with the shortest edit distance to
the original word form is selected.

4 Evaluation

4.1 Lemmatization Coverage

The data used for this task as well as for variety
identification consisted of 3000–7000 texts for each
variety, covering a range of input lengths. Shorter
texts consist of validated speech transcripts from
Romansh broadcasts by Radiotelevisiun Svizra Ru-
mantscha (RTR). Texts longer than 300 tokens are
taken from a set of children’s stories called Bab-
ulins, which exist in each Romansh variety. Note
that the distributions are not even and differ be-
tween varieties; we report them in Appendix C.

We define lemmatization coverage as the per-
centage of word forms in a Romansh text for which
our lemmatizer returns an analysis (i.e., excluding
forms in the fallback vocabulary). Removing the
high-frequency punctuation symbols "., !?; :", we
find that RUMLEM lemmatizes around 80% of all
word forms, with variety-specific coverages rang-
ing between 77% and 84%. The edit trees com-
ponent manages to cover another 5% of words,
raising the coverage to around 85%; as it is de-
signed conservatively (cf. Section 3.3.1) and learns

Variety Form + features Gloss

RM-SURMIRAN fomanto [PoS=ADJ; Gender=FEM; Number=SG] hungrig
RM-SURMIRAN fomantar [PoS=V; VerbForm=PTCP; Tense=PST; Gender=FEM; Number=SG] aushungern
RM-VALLADER fomantà [PoS=ADJ; Gender=FEM; Number=SG] ausgehungert
RM-VALLADER fomantà [PoS=ADJ; Gender=FEM; Number=SG] hungrig
RM-VALLADER fomantada [PoS=N; Gender=FEM; Number=SG] Ausgehungerte
RM-VALLADER fomantada [PoS=N; Gender=FEM; Number=SG] Hungrige
RM-VALLADER fomantar [PoS=V; VerbForm=PTCP; Tense=PST; Gender=FEM; Number=SG] jn aushungern

Table 3: RUMLEM’s output given the token ‘fomantada’, with potential lemmas and morphological annotations of
the form itself returned, as well as the German translation (variants).
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from high-quality dictionary data, the risk of erro-
neous lemma mappings remains limited. We report
detailed coverage scores in Appendix B.

4.2 Dictionary-based Variety Identification

We also evaluated the performance of our lemma-
tizer in terms of variety classification accuracy. The
results, summarized in Table 4, show that RUMLEM

accurately recognizes the variety of the vast major-
ity of Romansh texts, especially longer texts. We
note that the text genre might, in addition to text
length, play a role in classification accuracy.

Length 2–10 10–50 50–300 300–800 800+ All

Sursilvan 0.85 0.85 0.87 1.00 1.00 0.86
Sutsilvan 1.0 0.99 1.0 1.00 1.00 1.00
Surmiran 0.92 0.94 0.99 1.00 1.00 0.95
Puter 0.97 0.98 0.99 1.00 1.00 0.98
Vallader 0.94 0.91 0.93 1.00 1.00 0.92
RG 0.89 1.00 1.00 1.00 1.00 1.00
All 0.94 0.94 0.95 1.00 1.00

Table 4: Classification accuracy by Rumantsch variety
across length buckets (number of tokens).

These scores are comparable to what Model et al.
(2026) reports on balanced in-domain data, as well
as unbalanced in-domain data with longer samples
(avg. ca. 530 tokens). On shorter unbalanced in-
domain data (avg. ca. 85 tokens) and out-of-domain
data, their SVM classifier struggles, with F1 scores
dropping to ca. 0.8 and 0.7, respectively.

4.3 Dictionary-based Language Identification

We selected about 5000 texts from Fineweb5 in Ro-
mansh itself as well as the four Romance languages
French, Italian, Catalan and Romanian, as these
languages are typologically close to Romansh and
therefore most likely to exhibit overlapping dictio-
nary forms (cf. Table D). We record the “winning”
scores, i.e., the highest score assigned to a text
across the Romansh varieties. Figure 2 shows the
Romansh score distributions in turquoise and the
non-Romansh ones in rust color for three different
setups: as-is, using the sets of words, and removing
Romance-language (FR, IT, CA, RO) stopwords.

Figure 2 and App. D.2 show that, using the sets
of words, a separating threshold can be found for
all three tested buckets. Perfect separation was
achieved apart from bucket 50–300; however, each

5The data is made up of webpages crawled by Common-
Crawl between 2013 and 2024.

of the misclassified samples was highly noisy, con-
taining a mix of languages (cf. App. D.3). Further
manual inspection revealed the presence of many
similar samples on the lower end of the Romansh
distribution; the ideal threshold may thus lie higher.

Figure 2: Distributions of Romansh (turquoise) and
other Romance languages (rust) according to the highest
Romansh variety score assigned to each text sample.

These results suggest that a straightforward Ro-
mansh language identification system could be
built using RUMLEM. Since the distributions are
well-separated, a small validation set would suffice
to determine the optimal classification threshold.

5 Related Work

NLP for Romansh Romansh and its varieties are
not yet covered by popular NLP tools and resources
such as SpaCy, Universal Dependencies (de Marn-
effe et al., 2021), and UniMorph (Batsuren et al.,
2022), motivating the development of dedicated
tools. Recent years have nonetheless seen progress
in other areas of Romansh NLP, including contextu-
alized token embeddings and named entity recogni-
tion (Vamvas et al., 2023), word alignment (Dolev,
2023), and machine-learning-based variety identi-
fication (Model et al., 2026). This paper extends
this line of work by providing a dictionary-based
system for (context-agnostic) lemmatization and
morphosyntactic analysis that, as we show, can also
serve as a basis for variety and language identifica-
tion.

Dictionary-based Lemmatization Our work is
situated in the tradition of rule- and lexicon-based
computational morphology (Koskenniemi, 1984;
Schmid et al., 2004). While more recent, neural
approaches to lemmatization and morphosyntactic
analysis can take into account the context of word
forms and even generalize to unseen forms (Straka
et al., 2016; McCarthy et al., 2019; Qi et al., 2020),
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they require supervised data, typically in the form
of treebanks. In the absence of such treebanks,
dictionary-based lemmatization is a viable alterna-
tive when a comprehensive dictionary is available
for a language. Dictionary-based lemmatizers have
been proposed for, among others, German (based
on Wiktionary; Liebeck and Conrad, 2015), Middle
English (Karimov et al., 2016), Latin (Passarotti
et al., 2017), and Somali (Mohamed and Mohamed,
2023). Our system builds on six large-scale, highly
consistent dictionaries for the Romansh varieties
that include inflection tables and German transla-
tions, enabling relatively high word coverage and a
rich feature set.

6 Conclusion

We presented RUMLEM, a dictionary-based lemma-
tizer covering all six Romansh varieties. Beyond
lemmatizing around 80% of a given Romansh text,
RUMLEM reliably identifies Romansh varieties –
averaging 95% accuracy across varieties and text
lengths – and can be used to distinguish Romansh
even from its most closely related Romance lan-
guages. RUMLEM’s transparent design makes it a
useful complement to machine learning approaches
for Romansh NLP.

Limitations

RUMLEM’s performance is inherently bounded by
its dictionary coverage and quality: words absent
from Pledari Grond cannot be lemmatized, and an-
notation errors will be propagated as-is. Since the
lemmatizer cannot account for context, ambiguous
forms may receive multiple analyses without dis-
ambiguation. Future work could explore the use
of statistical or neural approaches to make it more
context-aware.

Finally, we note that while the software of RUM-
LEM itself is released open-source including the
postprocessed dictionary data, the Vallader and
Puter dictionaries are released without an open-
source license, and use of these dictionaries for
research beyond RUMLEM will require written per-
mission from the copyright holders.
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A Preprocessing Tests

The example below illustrates a preprocessing test
case. The first line shows the raw dictionary data,
while the lines following ’>>>’ show the vali-
dated format – i.e., how the data is processed before
being fed into the lemmatizer.”

'antalg(iant)evel, antalg(iant)evla'; adj
>>> antalgevel:

antalgevel; ADJ;MASC;SG
antalgevla; ADJ;FEM;SG

antalgiantevel:
antalgiantevel: ADJ;MASC;SG
antalgiantevla: ADJ;FEM;SG

B Lemmatization Coverage

Table 5 shows coverage values across texts of vary-
ing lengths and varieties. The text data used are the
same as in the variety identification experiments
– shorter texts come from Fineweb, longer ones
from Babulins (cf. Section 4.1). Overall, cover-
age does not vary significantly with text length or
genre, except for fragmentary texts, where individ-
ual missing word forms have a greater impact.

Of the approximately 40,000 missing (i.e., non-
lemmatizable) tokens across all varieties, around
11,000 are proper nouns or German nouns. An-
other 4,000 consist of tokens containing numbers,
special tokens, or characters such as dashes and hy-
phens. Notable cases include contractions that are
absent from the Pledari Grond dictionaries. Out of
the remaining 25’000 – mostly Romansh – words,
around 5000 were not lemmatized due to the respec-
tive texts being misclassified, the remaining 20’000
are indeed absent from the lemmatizer. The edit
trees component cuts this number down to about
13’500 genuinely missing word forms.
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Length 2–10 10–50 50–300 300–800 800+ All

Surs. 0.76 0.81 0.84 0.83 0.78 0.84
Suts. 0.71 0.77 0.77 0.73 0.73 0.77
Surm. 0.73 0.80 0.84 0.82 0.79 0.82
Puter 0.79 0.83 0.84 0.84 0.81 0.84
Vall. 0.66 0.77 0.80 0.83 0.81 0.80
RG 0.93 0.79 0.79 0.80 0.78 0.79
All 0.75 0.80 0.82 0.81 0.79

Without edit trees

Length 2–10 10–50 50–300 300–800 800+ All

Surs. 0.79 0.84 0.86 0.83 0.79 0.86
Suts. 0.81 0.84 0.84 0.82 0.80 0.84
Surm. 0.80 0.86 0.90 0.86 0.84 0.88
Puter 0.83 0.88 0.89 0.86 0.83 0.89
Vall. 0.72 0.82 0.85 0.86 0.84 0.84
RG 0.96 0.86 0.86 0.82 0.80 0.86
All 0.80 0.86 0.87 0.84 0.82

With edit trees

Table 5: Coverage ratios by text length and variety.
Values for each variety and bucket are averaged across
samples. ‘All’ shows the total number of lemmatizable
tokens divided by the total tokens in the bucket/variety.

C Variety ID

C.1 Samples per Variety and Bucket
Table 6 shows the number of samples per Romansh
variety and bucket. The same samples were used
for both coverage evaluation as well as variety iden-
tification.

Length 2–10 10–50 50–300 300–800 800+ Tot

Surs. 68 2647 4173 7 5 6900
Suts. 6 1190 1795 5 7 3003
Surm. 1113 3751 2204 6 6 7080
Puter 660 2783 2468 5 7 5923
Vall. 277 2209 3202 5 7 5700
RG 9 1218 3052 6 6 4291
Tot 2133 13798 16894 34 38 29897

Table 6: #samples by Romansh variety across buckets.

D Language ID

D.1 Samples per Variety and Bucket
Table 7 shows the number of samples per Romance
variety and bucket, used for Romansh vs. non-
Romansh identification.

D.2 Separating Thresholds per Bucket
Note that the best threshold is defined as, primarily,
the one that best separates the data, and, secondar-
ily, the one with the widest margin of separation.

Length 50–300 300–800 800–2000 Tot

French 2517 1551 693 4761
Italian 2493 1620 671 4784
Romanian 2128 1513 922 4563
Catalan 2595 1575 593 4763
Romansh 4242 661 75 4978
Tot 13975 6920 2954 23849

Table 7: #samples by Romance language across buckets.

In both buckets 300–800 and 800–2000, all meth-
ods resulted in perfect separation. However, using
the sets of words provided the widest margin, indi-
cating that using sets results in the best separation
across the different buckets.

Figure 3: Winning variety score distributions for Ro-
mansh (turquoise) and other Romance languages (rust),
for token length buckets 300–800 (top) and 800–2000
(bottom).

This was confirmed when we repeated the ex-
periment with different Romansh data, namely the
data from the variety classification task. Here too,
reducing the texts to their sets of words before be-
ing processed by the lemmatizer produced the best
threshold in all three token budget settings.

For all experiment settings, we also calculated
the average score distribution across varieties in-
stead of the winning score, which resulted in
slightly more misclassifications and less inter-
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pretable thresholds. This is due to the non-trivial
differences between the Romansh varieties, which
should be treated separately instead of being con-
flated.

Finally, note that the ideal threshold decreasing
with text length is due to longer texts widening the
gap between the Romansh and non-Romansh text,
whereby the threshold is placed in the middle.

D.3 Analysis of Misclassified Samples
The six misclassified data samples from Figure 2
were all highly noisy. Four out of the six contained
parallel translations (Romansh in bold, Italian in
italic):

• “[..] II cussagl da scoula as cumpuona da
duos commembers e dal suprastant dal de-
casteri. [...] Der Schulrat setzt sich aus zwei
Mitgliedern zusammen sowie dem für diesen
Bereich zuständigen Gemeinderatsmitglied.
[...]”

• “Herzlich Willkommen Wir begrüssen Sie her-
zlich auf der Seite unserer Kirchgemeinde
und danken Ihnen für Ihr Interesse an un-
serem Pfarreileben. [...] Cordial bein-
vegni silla pagina dalla pleiv catolica
Sevgein/Castrisch/Riein. Nus engraziein a
Vus che Vus s’interesseis per nossa pleiv.
[...]”

• “Gorbatschow und Freund Sbalzs classics
sün las cordas L’interpret da Balalaika
straordinari da nos temp es il virtuos Prof.
Andreij Gorbatschow chi viva a Moskau.
[...] Klassische Saitensprünge Der herausra-
gende Balalaika-Interpret unserer Zeit ist der
in Moskau lebende Star-Virtuose Prof. An-
dreij Gorbatschow. [...]”

• “Un cordiale benvenuto – Herzlich willkom-
men - Cordial bainvegni Associazione Spitex
dei Grigioni Siamo l’associazione mantello
delle 19 organizzazioni Spitex che operano
nel Canton dei Grigioni. [...] Spitex Ver-
band Graubünden Wir sind der Dachverband
der 19 im Kanton Graubünden tätigen Spitex-
Organisationen. [...] Federaziun grischuna
da spitex Nus essan l’uniun tetgala da las 19
organisaziuns da spitex activas en il chan-
tun Grischun. [...]”

The remaining two contained what looked like
web-scraping artifacts in German:

• “Foto aus dem Akt-Channel Teilnahme am
Forum Fotos verkaufen Mehr Foto-Ordner an-
legen? Mehr Fotos speichern? [...] Igl octo-
ber vargau havein nus era visitau quei mar-
cau ed jeu muossel in maletg ord il casti da
Schönbrunn. Amicabels salids giu da Glion
Glieci”

• “Cla Rauch ha orientà davart l’Archiv Cul-
tural d’Engiadina Bassa (fotografia: Bene-
dict Stecher). [...] Haben Sie noch kein
Konto? Registrieren Sie sich hier [...]”
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Abstract

Approximating the ideological position of
Members of Parliament (MPs) is a fun-
damental task in political science, help-
ing researchers understand legislative behav-
ior, party alignment, and policy preferences.
While Large Language Models (LLMs) have
shown promising results in estimating MPs
ideological stances, there are more actors and
elements in the parliamentary system, and re-
lations between them, that could provide a
wider and more informative picture. How-
ever, due to the complexity of integrating them
in the prediction task, these additional ele-
ments are generally ignored. In this work, we
propose an LLM framework, PG-RAG, that
implements a retrieval-augmented generation
pipeline: it first queries a political knowledge
graph (KG) and then integrates the resulting
graph-structured information into the context.
This allows for capturing both textual seman-
tics and inter-MP relationships, another rele-
vant information source in any parliamentary
system. We evaluate the approach on the
task of ideology prediction, using data from
a Swiss parliamentary dataset. When compar-
ing graph-augmented models against several
state-of-the-art baselines, the results demon-
strate that incorporating this enriched informa-
tion, which encodes information about differ-
ent entities and relations, improves prediction
performance. These results help to highlight
the value of domain-specific relational infor-
mation in modeling political behavior.

1 Introduction

A central question in political science is how
to infer the ideological positions of Members of
Parliament (MPs) from their observable politi-
cal behavior (Poole and Rosenthal, 1985; Clin-
ton et al., 2004). Scholars have increasingly used
text-based methods to estimate ideology scores

*Corresponding author.

from speeches, parliamentary debates, and man-
ifestos, enabling more fine-grained and scalable
assessments of MPs’ political positions (Laver
et al., 2003; Slapin and Proksch, 2008; Proksch
and Slapin, 2010; Lauderdale and Herzog, 2016).

As Large Language Models (LLMs) have
demonstrated strong performance across a range
of NLP tasks, recent studies have explored their
potential for predicting MPs ideological stances
from textual sources, leveraging their ability to
capture semantic nuances and latent political sig-
nals embedded in parliamentary speeches (Liu
et al., 2022; Bernardelle et al., 2024). Although
these approaches have shown reasonable perfor-
mance, several limitations persist. First of all,
they typically treat MPs as independent text gen-
erators and ignore the relational structure in par-
liamentary systems, such as co-sponsorship net-
works, committee memberships, or party blocs, de-
spite recent work suggesting that such relational
information can substantively enrich MPs’ repre-
sentations (Russo et al., 2023). Moreover, LLM-
based methods often struggle in low-data settings
or when long-term dependencies across multiple
parliamentary sessions must be considered, high-
lighting the need for methods that can jointly
leverage textual content and structured relational
knowledge (Huang et al., 2024).

To address these limitations, we propose the in-
tegration of graph-structured information to cap-
ture ideological alignment and relational influence.
By using graph-augmented LLMs, which com-
bine the language understanding capabilities of
LLMs with structured relational knowledge cap-
tured in graphs, we investigate whether this ad-
ditional information can improve prediction ac-
curacy. Specifically, we propose a Political
Graph Retrieval-Augmented Generation (PG-
RAG) framework, where a graph encoding par-
liamentary relationships – such as co-sponsorship
links, committee memberships, party affiliations,
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and ideological clusters – is queried to retrieve
relevant subgraphs for each MP. To encode the
complexity of the retrieved graphs, comprised by
nodes and relations connected to certain MPs and
related to specific parliamentary aspects, we ex-
plored two approaches. First, we leverage the
great summarization capabilities of LLMs and
prompt the model to first summarize the elements
retrieved. Second, we explore the ability of the
LLM to understand the retrieved graph by provid-
ing it as a raw set of nodes and relations. For each
case, the additional context, either the obtained
summary or the raw graph, is provided as addi-
tional information to a pre-defined prompt, also
including some general metadata of the MP.

The goal of our work is to investigate whether
graph-structured information indeed improves ide-
ology prediction and which types of relational sig-
nals are most informative. To assess this, we com-
pare the described approaches against strong base-
lines, covering several state-of-the-art LLMs. To
provide a more systematic evaluation, we bench-
mark zero-shot and few-shot LLM setups, as well
as models of different size. Our experimental re-
sults show that incorporating graph information
improves prediction performance, with the effect
being particularly pronounced for smaller-scale
LLMs. We also observe that LLM-based models
struggle when positioning Social Democrats, high-
lighting directions for future analysis.

2 Related Work

2.1 Ideology Prediction

Ideology prediction aims to infer the political or
ideological orientation of individuals, groups, or
textual content and has been widely studied in
the Political Science and NLP domains. Early
work focused on predicting the ideological lean-
ings of political actors, such as legislators or par-
ties, using legislative speeches, manifestos, or vot-
ing records (e.g., Cox and Poole, 2002; Bakker
et al., 2015; Kraft et al., 2016; Vafa et al., 2020;
Patil et al., 2019). Approaches from the Polit-
ical Science domain relied traditionally on scal-
ing procedures (Poole and Rosenthal, 1985; Slapin
and Proksch, 2008; Burnham, 2024). In con-
trast, some NLP-based approaches relied on tra-
ditional machine learning models and linguistic
features, including SVMs (Sapiro-Gheiler, 2019)
and RNNs (Sinno et al., 2022), to distinguish ide-
ological positions. More recent studies have lever-

aged pre-trained language models to capture richer
contextual representations for ideology prediction
across different domains and languages; for in-
stance, Liu et al. (2021) pre-train a Transformer-
based language generator to minimize ideological
bias in generated text. With the emergence of
LLMs, researchers have begun examining whether
ideological orientations can be inferred directly
from generated or summarized content, as well
as how biases present in training data may affect
model predictions (Liu et al., 2022; Bernardelle
et al., 2024; Kim et al., 2025).

2.2 LLMs for Political Tasks
Recent studies have explored the capabilities of
LLMs in political analysis. Prior work shows
that LLMs can perform tasks such as political
stance detection (Li et al., 2021; Wagner et al.,
2024; Pangtey et al., 2025), ideology classifica-
tion (Haroon et al., 2025), policy analysis (Chen
et al., 2025), often achieving performance compa-
rable to or surpassing traditional NLP models. Re-
searchers have also examined the extent to which
LLMs encode political biases or ideological pat-
terns in their training data, investigating whether
model outputs reflect systematic political prefer-
ences or framing effects (Zhang, 2025; Kim et al.,
2025; Rettenberger et al., 2024). In addition, sev-
eral studies evaluate LLMs in political reasoning
and multimodal settings, including tasks such as
policy debate generation (Dzeparoska et al., 2023;
Chuang et al., 2025), argument analysis (Li et al.,
2025), and political question answering (Santurkar
et al., 2023).

3 Our Framework

3.1 Preliminary
Given a dataset D consisting of k MP records,
D = {(i, pi, gi, li)}ki=1, where pi denotes the party
of the i-th MP, gi denotes the corresponding party
group, and li represents the ideology score, the
ideology prediction task aims to learn a function
F that maps an specific MP i, and its party and
group information (i, pi, gi) to the corresponding
ideology score li.

li = F (i, pi, gi) (1)

The information of the MP encoded in i can sim-
ply contain personal and demographic data, such
as age and education, which can already support
the task of ideology detection. However, more
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Figure 1: The overall framework of our proposed method PG-RAG.

complex information can be additionally provided.
In the following sections, we discuss the proposed
methodology PG-RAG to further enrich i with in-
formation queried from a Political KG.

3.2 PG-RAG Method

As shown in Figure 1, we propose a RAG-inspired
methodology that leverages information extracted
from a political knowledge graph (KG) to address
the task of ideology prediction. Specifically, the
approach uses the information contained in a (1)
political KG, on which it performs (2) subgraph
extraction, to finally carry out (3) knowledge-
enhanced ideology prediction. The following
sections detail these steps.

3.2.1 Political KG
The Political KG utilized is built using the infor-
mation extracted from the Bulletin of the Swiss
Parliament, as detailed in (Salamanca et al., 2024).
The schema implemented by this KG aims at en-
coding the policy-making process, from the mo-
ment a pursuit text is proposed by a committee,
to all the discussions occurring in the parliament
chambers related to it. This is captured through
entities such as Pursuit and Speech, with rela-
tions encoding temporal dependencies. Further-
more, rich metadata, related to the MPs, Parties,
etc., is additionally integrated into the graph, pro-
viding further context. A subset of this Political
KG, which corresponds to the legislative periods

48th to 51st, ranging from 2007 to 2023, is avail-
able at (Brandenberger et al., 2024), with further
details on the KG structure and its usage.

3.2.2 Subgraph extraction
Due to the large size and complexity of the KG,
we decided to define meaningful subgraphs that
can be queried independently when generating ad-
ditional context for the prediction tasks. Each of
these subgraphs comprised a subset of entities and
the relations connecting them, linked to a specific
parliamentary process. Now, given an MP record,
we first match it to the corresponding Person node
in the KG. Starting from this MP node, the three
subgraphs explored are defined according to the
following paradigms:

• Speech-centric (SP): We assume that an
MP’s speeches and legislative activities pro-
vide important signals of their ideological po-
sition. Therefore, we collect all speeches
linked to the MP Person node, through the
relation gives. This serves as an important
baseline for the other two scenarios, as the
retrieved subgraph contains only a single re-
lation and is purely textual.

• MP-centric (MP): In this setting, we extract
a subgraph that captures the structural and in-
stitutional relationships surrounding the MP
(see Figure 6). The extracted subgraph in-
cludes entities representing the MPs political
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affiliations and institutional roles, such as the
Party, Parliamentary Group, Committee,
and Chamber to which the MP belongs or is
elected. In addition, the subgraph incorpo-
rates contextual entities describing adminis-
trative and geographic connections, such as
the represented Canton.

• Pursuit-centric (PR): The pursuit-centric
paradigm focuses on the legislative activities
initiated or supported by the MP. Specifically,
starting from the target MP node, we retrieve
all Pursuit entities that are sponsored or co-
sponsored by the MP (see Figure 7). These
pursuits represent legislative proposals or ini-
tiatives that reflect the MP’s policy interests
and political priorities.

Above, the subgraphs are ordered by their com-
plexity. First, in the SP subgraph, the only relevant
information is the textual data contained in the
Speech node. Hence, this approach is similar to
recent methods relying on the semantics of textual
data. On the contrary, the MP subgraph captures
a true graph structure by querying different entity
types within the 1-hop vicinity of the Person node.
Finally, the PR subgraph increases the complexity
by enabling 2-hop extraction, as well as entities
connected by different relation types. The specific
queries used to parse the graph are provided in the
Appendix D.

3.2.3 Knowledge-enhanced ideology
prediction

Given the extracted subgraph, we need to generate
a suitable representation that can be provided as
additional context to the LLMs, aiming at improv-
ing the ideology prediction task. We propose the
following two approaches to encode the subgraph:

• Summarization (S): Motivated by (Zhao
et al., 2023), we first serialize the subgraph
into natural language sentences. Specifically,
each triplet in the knowledge graph is con-
verted into a textual statement that describes
the relationship between entities. These se-
rialized statements collectively form a struc-
tured textual representation of the MP’s po-
litical context, including institutional affilia-
tions, legislative activities, and other relevant
relations captured in the subgraph. We use
GPT-5 to summarize the subgraph, using the
prompts presented in Appendix A.3.
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Figure 2: Vote-based ideology scores of Swiss mem-
bers of the National Council

• Raw-Graph (R): The graph is provided as re-
trieved from Neo4J (Neo4j Core Team, 2024).
The JSON formatting encodes the connected
nodes as sub-elements, indicating explicitly
the relationship type and the different at-
tributes’ values. An example is provided in
Appendix C.

Specifically, SP-S provides a summarization
of all the queried speeches. In contrast, SP-R
presents a subset of them independently. Simi-
larly, (MP/PR)-(S/R) encode truly relational infor-
mation between different entity types, either seri-
alized into text, or provided as a raw-graph. We
report the performance of these 6 different meth-
ods accordingly in the following section.

4 Experiments

4.1 Experimental Setup

Dataset. We collect a dataset from the Swiss
National Council, the lower chamber of the Swiss
Federal Assembly, comprising 225 unique mem-
bers of parliament (MPs) during the 50th legisla-
tive period (2015-2019). The number exceeds
the 200 seats (N = 200) because some MPs
left and were replaced over the four-year period.
We compare ideology predictions for these MPs
to vote-based scaled estimates. These vote-based
estimates stem from a random sample of 1000
votes recorded in the Swiss National Council. All
votes in the National Council are recorded elec-
tronically and include points of order votes, stan-
dard votes on proposals as well as final votes. The
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Method MAE ↓ MSE ↓ RMSE ↓ RC ↑
GM 2.29 7.44 2.73 -
PM 0.30 0.20 0.44 0.97
PBM 0.33 0.23 0.48 0.97

zero-shot
GPT-5 0.75 1.06 1.03 0.94
Qwen3-8B 1.20 2.32 1.52 0.86
Qwen3-32B 1.11 2.03 1.43 0.86
Apertus-8B 2.01 4.58 2.14 0.77
PG-RAG (MP-S) 0.72 0.77 0.88 0.94
PG-RAG (MP-R) 0.73 0.74 0.86 0.94

few-shot
GPT-5 0.61 0.61 0.78 0.94
Qwen3-8B 0.88 1.57 1.25 0.90
Qwen3-32B 0.87 1.45 1.21 0.90
Apertus-8B 2.47 7.91 2.81 0.43
PG-RAG (MP-S) 0.58 0.58 0.76 0.94
PG-RAG (MP-R) 0.61 0.60 0.78 0.94

Table 1: Main results comparing all baseline methods
to our best performing models, those using the MP-
centric subgraph. RC represents Ranking Correlation.

voting data is provided by the Swiss Parliament1

and incorporated into the DemocraSci KG (Bran-
denberger et al., 2026). We use a widely-used
dimensional-reduction technique, a two-parameter
Item Response Theory model, to estimate a one-
dimensional model, as per the standard approach
applied in Political Science (for a methodologi-
cal discussion of scaling procedures, see Cox and
Poole 2002; Cai et al. 2016; Bailey and Voeten
2018, based on early scaling techniques developed
by Poole and Rosenthal 1985). We use the mirt-
package (Chalmers, 2012) in the Statistical Envi-
ronment R to estimate vote-based ideology scores.
Figure 2 shows the stacked distribution of ide-
ology scores (one-dimensional, commonly inter-
preted as left-right ideological positions).
Evaluation Metrics. We evaluate the ideology
prediction performance using the following eval-
uation metrics: (1) Regression Metrics: Since
the task involves predicting continuous ideology
scores, we measure prediction accuracy using
Mean Absolute Error (MAE), Mean Squared Error
(MSE), and Regular Mean Squared Error (RMSE).
(2) Ranking Metrics: We also assess whether the
model preserves the relative ordering of ideologi-
cal positions. For this purpose, we employ Spear-
man’s rank correlation (ρ). These sets of metrics
provide complementary perspectives, helping to
reach more insightful and interpretable results.
Compared Methods. We compare our method

1https://www.parlament.ch/de/ratsbetrieb/
abstimmungen/abstimmungs-datenbank-nr

Subgraph Enc. MAE MSE RMSE RC

zero-shot
MP S 0.72 0.77 0.88 0.94
SP S 0.73 0.78 0.88 0.93
PR S 0.83 1.03 1.02 0.93
MP R 0.73 0.74 0.86 0.94
SP R 0.76 0.78 0.89 0.94
PR R 0.79 0.89 0.94 0.93

few-shot
MP S 0.58 0.58 0.76 0.94
SP S 0.60 0.70 0.84 0.93
PR S 0.68 0.83 0.91 0.94
MP R 0.61 0.60 0.78 0.94
SP R 0.62 0.59 0.76 0.94
PR R 0.62 0.60 0.77 0.94

Table 2: Exhaustive results for all variants of PG-RAG,
using different subgraphs and context encoding meth-
ods. It is important to highlight that the SP method
does not provide a graph per-se, but rather a summa-
rization of all speeches (SP-S), or a subset of complete
speeches (SP-R).

against several baselines, including: (1) Naive
baselines: Global Mean (GM), which assigns
each MP the overall mean ideology score; Party
Mean (PM), which assigns each MP the average
ideology score of their party; and Party Bloc Mean
(PBM), which assigns each MP the mean ideol-
ogy score of their party bloc and can be consid-
ered an upper bound for this category of meth-
ods. (2) LLM-based methods: We also compare
our method with several state-of-the-art LLMs,
including GPT-5 (Singh et al., 2025), the Swiss
LLM Apertus (Apertus et al., 2025) (8B version),
Qwen3-8B and Qwen3-32B-AWQ (Yang et al.,
2025), under both zero-shot and few-shot settings.
For the few-shot setup, we randomly select three
examples from the vote-based dataset to serve as
in-context demonstrations (prompts see Appendix
A.1 and A.2). For all of them, we use the default
parameter settings.

4.2 Experimental Results

Table 1 reports the performance of different meth-
ods on the ideology prediction task. Several ob-
servations can be made: among LLM-based base-
lines, GPT-5 achieves the best zero-shot perfor-
mance (MAE = 0.75, Rank Corr = 0.94), while
Qwen3-32B performs moderately well. In con-
trast, Apertus-8B shows substantially weaker per-
formance, suggesting that general-purpose LLMs
struggle to infer ideology reliably without struc-
tured signals. When incorporating graph-derived
summary knowledge, our approach improves pre-
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diction accuracy. In the zero-shot setting, the
MP-centric subgraph reduces MAE to 0.72, while
maintaining the same ranking correlation. Fur-
thermore, the MSE is significantly reduced from
1.06 to 0.74 for the PG-RAG (MP-R) case, which
demonstrates how our approach is capable of re-
ducing the prediction error even in cases where
GPT-5 deviates substantially from the ground truth
value. For the few-shot scenario, i.e., when we pro-
vide in-context MP examples in the prompt, with
their associated metadata and ideology score, the
results are more on par. Still, the PG-RAG (MP-S)
approach provides some slight improvement. Nev-
ertheless, it is important to highlight that, during
our experiments, we noticed a really brittle behav-
ior of the few-shot approach, and adding more ex-
amples did not always lead to better results.

Overall, these results demonstrate that inject-
ing structured knowledge distilled from political
graphs into LLM prompts substantially enhances
ideology prediction, enabling LLMs to better cap-
ture ideological ordering among MPs. In partic-
ular, the improvements in MSE for the zero-shot
scenario allow to demonstrate how the proposed
methods can help recover from predictions that de-
viate substantially from the ground truth value.

In Table 2, we provide results for all the sub-
graphs queried and used as context. As dis-
cussed before, both SP cases resemble previous ap-
proaches in which only some textual input is pro-
vided as context. In all scenarios, the MP-centric
subgraph provides the best results. We believe
this is because the MP-centric subgraph provides
rich complementary information, such as commit-
tees and chambers, while maintaining a moderate
context size. On the contrary, the results for the
Pursuit-centric subgraph present a degraded per-
formance, likely related to its larger size and com-
plexity, which the LLM still falls short in correctly
leveraging. We added more detailed study in Ap-
pendix E.

5 Extensive Analysis

5.1 Party-wise Analysis

Figure 3 plots the best LLM-based ideology pre-
diction (MP-S) against the vote-based ideology
scores. MPs are colored by party blocs (with
representatives of the Christian and Conservative
Democratic Parties merged into the Center bloc).
Overall, the two ideology scores correlate at a
score of r = 0.963 (Pearson’s, t = 53.904, 223 de-
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Figure 3: Scatterplot of the best LLM prediction scores
(MP-S) vs. the vote-based ideology scores. MPs are
colored by party blocs and within-bloc averages are
highlighted (black-lined circles).

grees of freedom, p− value < 0.0001). The three
smaller centric party blocs all show strong coher-
ence in their ideology predictions. The two pole
party blocs (dominated by SVP and SP members)
show more dispersion around the diagonal, indi-
cating that the LLM sometimes predicts the MPs
to be more left or right-leaning than would be ex-
pected from their voting behavior. MPs from the
Green party bloc (represented by members of the
Green party and affiliate communist parties) are
generally predicted to be more left by the LLM.
This more left-leaning prediction stems from the
fact that the Green party is often ideologically po-
sitioned to the left of the Social Democrats and
is renowned for collaborating with the Swiss com-
munist parties (who inhabit the left-extreme posi-
tion) (Ladner, 2019, 2012; Hug and Schulz, 2007;
Jolly et al., 2022). However, in the 50th legisla-
tive period, the Greens have often voted along left
ideological positions and deviated towards the cen-
ter in order to strengthen their alliances to left-
leaning centric members. This has brought the
MPs from the green party away from the extreme-
left position in terms of their voting behavior. The
strongest deviation in the LLM prediction stems
from the Social Democrats. Here, two factors are
at work. First, the LLM judges Social Democrats
to be more right-leaning in their ideology than they
present in their voting behavior. Second, the LLM
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Figure 4: Prediction error by party blocs. The dark
violins represent PG-RAG (MP-S) model, the lighter
violins show the GPT-5 model.

does not deal with the within-party diversity as
well as it does with other party blocs. It is worth in-
vestigating whether this dispersion stems from the
fact that the LLM is unsure where to place these
MPs, or whether the signals from their affiliations
are different to their signals from their voting be-
havior. The latter could possibly stem from in-
creased party discipline in voting, however, then
the ideological placements of Social Democrats
from these votes would be more unified.

Next, we compare the model predictions from
GPT-5 (few-shot) and PG-RAG (MP-S) by party
bloc in order to see where the additional graph in-
formation has helped improve model predictions.
Figure 4 presents prediction errors. For some party
blocs, the additional graph information helps con-
tract the predictions around the true (vote-based)
values. This is the case for the Liberals, the Green
Liberals as well as for the Center party bloc. How-
ever, for others, the raw GPT-5 predictions are
closer to the vote-based ideologies (Greens, SVP).
This should not necessarily be interpreted as a fail-
ure of our model, but rather that the inclusion of
additional MP information has shifted the ideol-
ogy predictions. It is well-known that voting be-
havior is not the only ideological indicator in leg-
islative studies (Snyder Jr and Groseclose, 2000;
Rheault and Cochrane, 2020; Barber, 2022) and,
as we have indicated, it is based on legislative
behavior that is biased in and of itself (e.g., Car-
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Figure 5: Performance improvements from RAG over
the non-RAG baseline for Qwen-8B and GPT-5.

rubba et al., 2006, 2008; Hug, 2010). As such, it
would be interesting to study in larger and more
varied datasets whether the LLM-based and graph-
enhanced ideology predictions reflect a more nu-
anced ideology placement that encompasses MPs’
legislative behavior outside voting.

Figure 4 also shows the difficulties the LLM-
based models face when placing Social Democrats.
Here, the prediction errors span the largest range
in both models, indicating that both the raw GPT-
5 as well as the graph-enhanced predictions are
generally more right-leaning for Social Democrats
than their voting behavior would suggest. The rea-
son for this distortion needs to be explored further:
is it based on heterogeneous actions by these MPs
that make them difficult to pinpoint, or is it an
inherent bias in LLMs to bias Social Democrats
more towards the right?

5.2 Backbone Analysis

Figure 5 shows the RMSE improvement from
RAG over the non-RAG baseline for Qwen-8B
and GPT-5 under the zero-shot scenario, with the
context encoding method as raw subgraph (R).
From the figure, we observe that the PG-RAG
(MP-R) setting yields the most significant im-
provement for GPT-5, reducing the error rate by
16.5%. This suggests that for large-scale models,
providing high-density MP-centric graph context
is highly effective. Additionally, Qwen-8B con-
sistently shows higher percentage improvements
across all RAG settings (ranging from 16.4% to
22.4%) compared to GPT-5 (8.7% to 16.5%). This
indicates that graph-based context provides a more
substantial "knowledge boost" to the model with
a smaller scale than to the more advanced GPT-
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Person Party (Party Bloc) Summary of the MP-centric subgraph GT GPT-5 PG-RAG

MP-A LDP (Liberals) MP-A (b. [YEAR], [CITY]) is a National Council (NR) member for
[CANTON]. He belongs to the Liberal Democratic Party (LDP) and
sits with the FDP-Liberale parliamentary group (RL), the liberal bloc in
Swiss politics. He serves on the [COMMITTEE SEAT]. The LDP/FDP
family in Switzerland generally emphasizes a market-oriented economy,
individual liberties, and strong support for education, research, and cul-
tural policy.

4.2 4.6 4.2

MP-B FDP-Liberale (Liberals) MP-B (b. [YEAR], [CITY]) is a National Council (NR) member repre-
senting the canton of [CANTON]. He is a member of FDP. Die Liberalen
and sits in the FDP-Liberal parliamentary group (formerly Freisinnig-
demokratische Fraktion). The FDP in Switzerland is associated with
market-oriented economic policy, competitiveness and individual free-
doms. He serves on the [COMMITTEE SEAT A] and the [COMMIT-
TEE SEAT B] committees, focusing on these policy areas.

3.8 2.9 3.6

MP-C SVP (SVP) MP-C (born [YEAR] in [CITY]; citizen of [CITIZENSHIP]) represents
[CANTON]] in the Council of States (SR). He is a member of the
Swiss People’s Party (SVP) and its parliamentary group (V). His commit-
tee work includes the [COMMITTEE SEAT] and an ad hoc committee
[COMMITTEE NUMBER]. The SVP is a right-wing, conservative party
emphasizing national sovereignty, restrictive immigration policy, lower
taxes, and skepticism toward EU integration.

1.7 2.1 1.8

MP-D SP (Social Democrats) MP-C (born [YEAR] in [CITY]) is a National Council member for the
canton of [CANTON] from the Sozialdemokratische Partei der Schweiz
(SP) and sits in the Sozialdemokratische Fraktion. The SP is a center-left
social-democratic party advocating social justice, strong public services,
labor rights, and progressive social policy. Naef serves on the [COMMIT-
TEE SEAT A] and the [COMMITTEE SEAT B], indicating a focus on
international and legal matters. He is a citizen of the city of [CITIZEN-
SHIP].

9.0 6.5 7.1

Table 3: Examples (de-identified) of the MP ideology prediction from GPT-5 and PG-RAG (MP-S). The summaries
are generated through GPT-5 using the information queried from the KG, for the MP-centric subgraph. The prompt
used to carry out ideology prediction contained the fully identified information.

5. Interestingly, while the PG-RAG (PR) (Pursuit-
based) setting was the strongest for Qwen-8B, it
shows the weakest improvements for GPT-5, pro-
viding an 8.7% improvement. This suggests that
smaller models depend more on external struc-
tured guidance, whereas larger models can inter-
nally absorb and reason over the same information.
Overall, integrating graph knowledge provides a
moderate, stable improvement for both models,
acting as a reliable middle-ground strategy.

5.3 Case Study

We further demonstrate several examples to under-
stand our model, MP-S case, compared to GPT-
5 raw model in Table 3. We find that across the
cases, our model’s predictions consistently align
more closely with the ground truth than GPT-5.
For MP-A and MP-B, both members of liberal par-
ties, our prediction is almost identical to the GT.
Similarly, for MP-C, our prediction is nearer to the
GT than GPT-5’s. In these cases, our method is
better able to leverage the graph and textual con-
text to make accurate predictions. In addition, we
observe that for politicians from left-leaning par-
ties, such as MP-D, our model predicts a score of
7.1, which is closer to the ground-truth value of
9.0 compared to GPT5’s prediction of 6.5. This
example highlights the challenge of accurately pre-
dicting left-leaning MPs, consistent with our find-

ings in Section 5.1. This difficulty arises because
left-leaning MPs often have high ideology scores,
while LLMs tend to generate more moderate pre-
dictions. Our model partially mitigates this diffi-
culty, producing predictions closer to the ground
truth for some of these cases. By leveraging tex-
tual summaries from the knowledge graph, which
capture rich contextual information, such as com-
mittee memberships and policy focus, our model
enables better predictions.

6 Conclusion

We introduce PG-RAG, a RAG-inspired graph-
augmented LLM framework for political ideology
prediction. Leveraging the data from a Swiss
parliamentary knowledge graph, we explore three
subgraph scenarios, speech-centric, MP-centric,
and pursuit-centric, with two context encoding
methods for each, correspondingly. We then com-
pare our method with several LLMs. Our experi-
ments show that with graph-structured relational
data, our approach captures the complex web
of inter-MP relationships and parliamentary ele-
ments that define legislative behavior. In addition,
with graph knowledge, the model shows improved
understanding of political tendencies across differ-
ent parties. These results lay the groundwork for
future work on extending to additional parties and
enhancing performance on left-leaning parties.
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Limitations

While our model demonstrates strong overall pre-
dictive performance, it still exhibits reduced accu-
racy when predicting positions of left-leaning par-
ties. This suggests that the model may not fully
capture the nuances in the rhetoric or policy pref-
erences characteristic of these groups. Addition-
ally, our current dataset and analysis are limited
to a subset of MPs, and extending the model to a
broader set of representatives could improve gen-
eralizability. However, this expansion is not fea-
sible for Switzerland due to data constraints and
the limited availability of annotated parliamentary
records.
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A LLM prompts

A.1 Zero-shot setting

Predict the ideology score of this Swiss MP
(0=Right, 10=Left). Important guidelines:
- Base your judgment primarily on the MP’s
background information.
- Do NOT rely only on the party or bloc label.
- MPs within the same party or bloc can have
different ideological positions.
- Choose a precise value (e.g., 3.7 or 6.2).

Name: {MP Name}, Party: {MP Party}, Bloc: {MP
Party Block}
Return ONLY the number.
Score:

A.2 Few-shot setting

You are a political scientist. Below are
examples of MPs and their ideology scores (0 =
Far-Right, 10 = Far-Left):

Name: {example MP name} | Party: {example MP
party} | Party Bloc: {example MP party bloc} |
Score: {example MP ideology score}
...

Predict the ideology score of this Swiss MP
(0=Right, 10=Left). Important guidelines:
- Base your judgment primarily on the MP’s
background information.
- Do NOT rely only on the party or bloc label.
- MPs within the same party or bloc can have
different ideological positions.
- Choose a precise value (e.g., 3.7 or 6.2).

Name: {MP Name}, Party: {MP Party}, Bloc: {MP
Party Bloc}
Return ONLY the number.
Score:

A.3 Prompt for subgraph summarization

You are a political science expert.

Given structured information about a Member of
Parliament (MP), write a concise neutral
description of this politician that could help
infer their political ideology.

Avoid speculation and keep the description
factual.

MP information:
{mp_context}

Write a short summary (around 500 characters)
describing the MP’s political background and
potential ideological positioning.

B Subgraph Demonstration

B.1 MP-centric

Figure 6 shows the MP-centric subgraph. For the
focal MP, we extract the chamber they are elected
to, the committees they sit on, the parties and par-
liamentary groups they belong to, the canton they
represent and the city they live in. Whenever rela-
tions are time-stamped we extract only those rela-
tions that are within the 50th legislative period.

B.2 Pursuit-centric

Figure 7 shows the pursuit-centric subgraph. This
two-hop subgraph starts with the focal MP and
their links to pursuits. These relations either rep-
resent sponsorship (i.e., submitting agent) or co-
sponsorship (i.e., supporting agent). The second
hop represents links from the pursuit to other
cosponsors as well as to committees or parliamen-
tary groups who can act as sponsors themselves.
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Model MP-centric Speech-centric Pursuit-centric
MAE MSE RMSE RC MAE MSE RMSE RC MAE MSE RMSE RC

zero-shot
PG-RAG (r-10) 0.75 0.81 0.90 0.94 0.80 0.88 0.94 0.94 0.85 0.99 1.00 0.92
PG-RAG (r-50) 0.77 0.83 0.91 0.94 0.77 0.81 0.90 0.94 0.80 0.92 0.96 0.93
PG-RAG (r-100) 0.79 0.85 0.92 0.93 0.78 0.84 0.92 0.94 0.80 0.91 0.95 0.93

few-shot
PG-RAG (r-10) 0.55 0.55 0.74 0.94 0.61 0.60 0.78 0.94 0.66 0.72 0.85 0.93
PG-RAG (r-50) 0.60 0.61 0.78 0.94 0.60 0.59 0.77 0.94 0.68 0.72 0.85 0.93
PG-RAG (r-100) 0.59 0.59 0.77 0.94 0.61 0.61 0.78 0.93 0.68 0.74 0.86 0.94

Table 4: Performance comparison of ideology prediction under different settings.
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Figure 6: Graph demonstration of the MP-centric sub-
graph.

Pursuit

Attributes
ID
pursuit_number
title (fr, de)
status
urgent flag
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Parl.
Group

Committee

submitted by

submitted by

sponsor

cosponsor

Figure 7: Graph demonstration of the pursuit-centric
subgraph.

C Example Subgraph Demonstration

Here’s an example of how our extracted Neo4J
subgraph looks in the MP-centric scenario:

[
{
"csv_uid": "74",
"original_label": null,
"person_info": {
"date_birth": "xxx",
"uid": "xx",

"gender": "x",
"last_name": "xxx",
"first_name": "xxx"

},
"graph_context": [
{
"type": "City",
"rel": "BORN_IN",
"properties": {
"post_code": "4000",
"name": "Basel"

}
},
{
"type": "City",
"rel": "CITIZEN_IN",
"properties": {
"post_code": "4000",
"name": "Basel"

}
},

...
]

}
]

D Graph-parsing Queries

We provide the queries we used to parse the sub-
graph under the three scenarios.

D.1 Speech-centric

MATCH (p:Person {uid: $uid})
OPTIONAL MATCH (p)-[r]-(neighbor:Speech)
WHERE datetime(neighbor.time_end) >=
datetime("2015-11-30T00:00:00")
AND datetime(neighbor.time_start) <=
datetime("2019-12-01T23:59:59")

RETURN
properties(p) as p_props,
labels(neighbor)[0] as n_label,
properties(neighbor) as n_props,
type(r) as rel_type

D.2 MP-centric

MATCH (p:Person {uid: $uid})-[r]-(neighbor)
WHERE any(label IN labels(neighbor) WHERE label
IN [

’Chamber’, ’Committee’, ’Party’, ’Canton’,
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’Location’, ’Parliamentary Group’
])
WITH p, neighbor, r,

labels(neighbor)[0] AS n_label,
properties(neighbor) AS n_props,
type(r) AS rel_type

// Apply constraints for Chamber and Committee
WHERE (n_label = ’Chamber’ AND rel_type =
’ELECTED_TO’

AND r.date_election >= date("2015-11-30")
AND r.date_election <= date("2019-12-01"))

OR (n_label = ’Committee’
AND r.date_joining >= date("2015-11-30")
AND r.date_leaving <= date("2019-12-01"))

OR (n_label <> ’Chamber’ AND n_label <>
’Committee’)

RETURN DISTINCT properties(p) AS p_props,
n_label, n_props, rel_type

D.3 Pursuit-centric

MATCH (p:Person {uid: $uid})

OPTIONAL MATCH (p)-[r1]-(n1:Pursuit)

OPTIONAL MATCH (n1)-[rs:SUBMITTED_TO]->()
WHERE rs.date >= date("2015-11-30")
AND rs.date <= date("2019-12-01")

OPTIONAL MATCH
(n1)-[r2:SPONSORS|COSPONSORS]-(n2)
WHERE n2 IS NULL OR n2 <> p

RETURN DISTINCT
properties(p) AS p_props,
labels(n1)[0] AS n1_label,
properties(n1) AS n1_props,
type(r1) AS r1_type,
labels(n2)[0] AS n2_label,
properties(n2) AS n2_props,
type(r2) AS r2_type

E Model Variants Comparison

To avoid generating a massive context that could
instead confound the model, we restrict the raw
graph to N nodes. To ensure a correct coverage
of the full subgraph, these are randomly selected
among all the sub-elements. Table 4 shows the per-
formance comparison under different setups when
we randomly include N nodes with the prompt.

146



Proceedings of the 11th Edition of the Swiss Text Analytics Conference (SwissText 2026) – Scientific Track, pages 147–154
June 10, 2026 ©2026 Association for Computational Linguistics

Extracting Article-Level Legal Dependencies from Swiss Federal Law using
LLMs

Steven Cho1 Anna Kiepura2 Jessica Lam2 Richard Hahnloser2
1ETH Zurich

2Institute of Neuroinformatics, University of Zurich and ETH Zurich, Switzerland
stecho@student.ethz.ch

{akiepura, jlam, richardh}@ini.ethz.ch

Abstract

Understanding dependencies between legal pro-
visions is essential for analyzing statutory cor-
pora; yet, such relationships are rarely available
in machine-readable form. We present a hybrid
pipeline for extracting article-level dependen-
cies from Swiss federal legislation on Fedlex,
combining deterministic XML preprocessing
with large language model (LLM)–based se-
mantic resolution. Additionally, we release
three complementary data splits—document-
level JSON, structured citation candidates, and
LLM-based article assignments—to support
downstream legal NLP research. We evaluate
our approach on 2,103 SR documents, yielding
over 63,000 citation instances. While LLMs
are effective at resolving semantically complex
references, we observe substantial limitations
in structured output reliability: approximately
21% of generated items violate the expected
schema, with most errors being unrecoverable.
Our findings highlight a key challenge in ap-
plying LLMs to structured legal information
extraction and provide a new resource for tasks
such as legal knowledge graph construction, ci-
tation analysis, and benchmarking structured
prediction in the legal domain.

1 Introduction

Understanding relationships between legal provi-
sions is essential for maintaining a coherent body of
law. Legal texts frequently reference other statutes
and articles, forming a dense dependency network
across the legal corpus (Kjær, 2000). Extracting
these dependencies enables applications such as le-
gal retrieval, impact analysis, and knowledge graph
construction. However, this task is challenging be-
cause citations appear in diverse linguistic forms
and are rarely explicitly encoded.

In Switzerland, the official platform for federal
legislation, Fedlex1, provides access to the Sys-
tematische Rechtssammlung (SR). Although doc-

1https://www.fedlex.admin.ch/

uments are available in XML, article-level cross-
references are not machine-readable and must be
reconstructed from fragmented signals in text, foot-
notes, and hyperlinks.

To address this, we release three complementary
data splits: (i) document-level JSON representa-
tions of SR documents, (ii) structured citation can-
didates for LLM processing, and (iii) LLM-based
article assignments linking citing and cited provi-
sions.

We evaluate our pipeline on 2,103 SR docu-
ments, yielding over 63,000 citation items. While
LLMs can resolve semantically complex refer-
ences, structured output reliability remains a key
bottleneck: about 21% of outputs violate the ex-
pected schema.

Overall, we make the following contributions:

• We introduce and release three JSON data
splits for Swiss federal legislation, covering
article-level document content, LLM-ready
citation candidates, and LLM-based article
assignments.

• We propose a hybrid deterministic–LLM
pipeline for extracting article-level legal de-
pendencies from Fedlex.

• We present a large-scale empirical analy-
sis showing that, while LLMs can resolve
many semantically ambiguous legal refer-
ences, structured output reliability remains
a key bottleneck.

2 Related Work

Swiss legal corpora and resources. Recent work
has introduced datasets for Swiss legal NLP, in-
cluding multilingual corpora of legislation (Fe-
lici, 2025) and judicial decisions (Rolshoven et al.,
2025). In particular, CHEU-lex provides a paral-
lel corpus of Swiss and EU legislation, focusing
on multilingual alignment and linguistic analysis.
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However, these resources do not model article-level
dependencies or provide structured representations
of cross-references within Fedlex. Earlier work on
Swiss legal corpora (Höfler and Piotrowski, 2011)
predates Fedlex and relies on outdated collections,
limiting its applicability to modern legal data.

Structured information extraction with LLMs.
Recent work highlights both the potential and limi-
tations of LLMs for structured output generation.
SLOT (Wang et al., 2025) shows that high schema
fidelity can be achieved through large-scale syn-
thetic training and fine-tuning, while Structured
RAG (Lin et al., 2025) demonstrates that zero-shot
prompting over complex inputs leads to unstable
and often invalid structured outputs. These findings
are particularly relevant for legal documents, which
exhibit deep nesting and heterogeneous structures.

Positioning of this work. We extract article-level
dependencies from Swiss federal legislation and
release a structured dataset derived from Fedlex
XML. Unlike prior work, our approach combines
deterministic preprocessing with LLM-based res-
olution without relying on fine-tuning, enabling
machine-readable legal dependency structures not
available in existing resources.

3 Fedlex Dataset

3.1 Source Data: Swiss Federal Law on
Fedlex

Fedlex is the official platform of the Swiss Con-
federation for publishing federal legislation. It pro-
vides access to legally binding documents, includ-
ing laws, ordinances, and treaties, in multiple for-
mats (XML, HTML, PDF) and languages. In this
work, we focus on Systematische Rechtssammlung
(SR), which organizes federal law into a structured,
topic-based collection.

Within SR, legal documents are organized hier-
archically by subject domain and document identi-
fier (e.g., SR 141.0). Each document represents a
complete legal act and is internally structured into
articles, which form the smallest unit of legal nor-
mativity (Kelsen, 1967). Because articles contain
the operative legal content, recovering relationships
at the article level is essential for a meaningful anal-
ysis of legal dependencies.

We restrict our study to the Landesrecht section
of SR in German. We collected 2,103 SR XML
documents by issuing a SPARQL query through the
Fedlex interface and subsequently using a custom

XML scraper to bulk download the corresponding
files.

3.2 Dataset Construction and Data Splits
To enable both citation extraction and downstream
NLP applications, we construct and release three
complementary JSON data splits derived from the
Fedlex corpus:

• Document-level JSON (SR content). Each
SR XML document is converted into a struc-
tured JSON file containing article-level con-
tent. This representation preserves document
hierarchy, article boundaries, and metadata,
making the data directly usable for NLP tasks.

• LLM input (citation candidates). We extract
citation-relevant context from the XML and
represent it as structured JSON items. Each
item contains a citing article, a target SR ref-
erence, and a local text snippet capturing the
citation context. These inputs are designed
to provide sufficient semantic and structural
information for LLM-based citation disam-
biguation.

• LLM output (article assignments). For each
input item, an LLM assigns the correspond-
ing cited article(s) within the target SR docu-
ment or identifies document-level references
when no article is specified. The outputs form
a machine-readable representation of article-
level legal dependencies.

3.3 Challenges to Article-Level Dependency
Extraction

Although Fedlex provides structured XML, article-
level dependencies are not explicitly encoded. Rel-
evant information is instead distributed across ar-
ticle text, hyperlinks, and footnotes, requiring a
combination of structural parsing and semantic in-
terpretation.

Legal citation patterns are diverse and irregu-
lar. References may appear in implicit or non-
standard forms, including acronym-based citations,
preamble-defined references, intra-document men-
tions, missing article numbers, or cases where arti-
cle numbers and SR identifiers are separated. Multi-
ple reference types may also co-occur, creating am-
biguity that cannot be resolved with simple heuris-
tics.

1We release all code and data to facilitate future research:
https://github.com/stevencho24/Extracting-Article-Level-
Legal-Dependencies-from-Swiss-Federal-Law-using-LLMs
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Figure 1: Pipeline for extracting article-level dependen-
cies from Fedlex SR XML. A subset of documents is
first processed and manually validated to ensure cover-
age of citation edge cases, after which the pipeline is
applied to the full corpus.

We identify recurring citation edge cases that
must be addressed to reconstruct article-level de-
pendencies; a detailed taxonomy is provided in
Appendix A.

Given this dataset, the task is to map each home
article to the correct cited article(s) or document.
This requires resolving ambiguous citation struc-
tures and distinguishing intra- from inter-document
references, making the task non-trivial even for
modern LLMs.

4 Methodology

We propose a hybrid pipeline that combines deter-
ministic pre-processing of Fedlex XML documents
with LLM-based semantic resolution. The pipeline
consists of three stages: (i) data collection from
Fedlex, (ii) structured extraction of citation candi-
dates, and (iii) LLM-based article assignment.

Given an SR XML document, the goal is to trans-
form raw legal text into structured citation instances
and assign each instance to the correct cited arti-
cle(s) or document. Figure 1 provides an overview
of the pipeline.

4.1 Data Collection

We collect SR documents from the Landesrecht of
Fedlex using its SPARQL interface. The resulting
dataset consists of 2,103 XML documents, each
representing a complete legal act. These documents
serve as the input to the preprocessing pipeline.

4.2 Structured Citation Extraction

The pre-processing stage converts each XML doc-
ument into structured JSON items representing po-
tential legal references. We first parse the XML
and build a parent map to identify whether a refer-
ence occurs in an article or in the preamble and to
recover its local context.

After thorough and exhaustive manual track-
ing of how Fedlex heuristically cites SR relations,
we concluded citation candidates can be extracted
from these four sources. First, we process autho-
rial notes, which often contain hyperlink-based
SR references. For each note with an eli/cc link,
we extract the target SR, target URL, enclosing
article identifier, normalized note content, and a
paragraph-level snippet containing the current note
while excluding unrelated neighboring notes.

Second, we detect preamble acronyms by link-
ing parenthesized acronyms outside authorial notes
to the nearest SR-bearing authorial note in the
preamble and then propagating these mappings to
later article occurrences.

Third, we capture local acronyms inside articles:
if an all-caps acronym appears immediately before
an authorial note, we collect matching non-footnote
lines from the same article as additional citation
context.

Finally, we extract explicit article mentions out-
side authorial notes using patterns such as “Art.”
and “Artikel” to capture intra-document references
not covered by hyperlink-based extraction. The re-
sult is a de-duplicated set of JSON items encoding
SR-link detections, preamble-derived acronym ref-
erences, local-acronym-enhanced references, and
explicit article-reference snippets.

4.3 LLM-based Article Assignment
In the second stage, we use an LLM to assign cited
articles to the structured citation items. Process-
ing is performed at the document level: for each
SR document, the model receives a task-specific
prompt (details included in Appendix B), a project
README as auxiliary context, and the correspond-
ing citation-candidate JSON.

We query the gpt-5.1 model with deterministic
decoding (temperature = 0.0) and require strictly
valid JSON output. For each item, the model de-
termines whether the reference corresponds to (i)
specific cited articles in a target SR document,
(ii) a document-level reference, or (iii) an intra-
document reference. The output preserves the orig-
inal item identifiers and augments them with as-
signed article(s), a confidence label, and a short
justification.

1“eli/cc” refers to URL patterns used in the Swiss Fedlex
system, where ELI (European Legislation Identifier) provides
a standardized, machine-readable identifier for legal docu-
ments, and “cc” denotes consolidated versions of federal acts
or ordinances. Together, such links point to specific, up-to-
date legal provisions within the Swiss legal corpus.
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This setup enables the resolution of implicit,
acronym-based, and long-distance references that
are difficult to capture with deterministic rules.

5 Results and Discussion

5.1 Validation on Edge Cases

Before applying the pipeline to the full corpus, we
perform targeted manual validation to ensure the
correct handling of diverse citation patterns. We
select a representative subset of 30 Landesrecht SR
documents so that all identified citation edge-case
categories are covered at least once.

For each document, all extracted article-level de-
pendencies are manually verified against the source
text. The pipeline achieves full correctness on this
subset after iterative refinement, indicating that the
preprocessing and LLM-based assignment com-
ponents are able to handle the known structural
and semantic variations of legal references. In Ap-
pendix C, we provide a more detailed analysis of
five SR documents.

This validation step provides confidence that er-
rors observed at scale are not primarily due to un-
handled edge cases, but rather arise from other
factors such as output reliability.

5.2 Structural Consistency and Coverage

We analyze the outputs of the pipeline over the full
dataset, comprising 2,103 SR documents and a to-
tal of 63,821 citation items. Each item is expected
to contain at least the fields ITEM, ARTICLE_EID,
TARGET_SR, and assigned_articles, which to-
gether define a valid article-level dependency. Here,
ITEM denotes a unique identifier for the extracted
citation instance, ARTICLE_EID identifies the cit-
ing (home) article within the source SR document,
TARGET_SR specifies the referenced SR document,
and assigned_articles contains the article(s)
within the target document that are predicted to
be cited.

An item is considered structurally inconsistent
if any of these required fields are missing. Overall,
50,240 items (78.72%) are structurally consistent,
while 13,581 items (21.28%) violate the expected
schema. Thus, approximately one in five gener-
ated items is not directly usable for downstream
processing.

From a pipeline perspective, this also corre-
sponds to an end-to-end coverage of 78.72%, de-
fined as the proportion of extracted citation candi-
dates that result in structurally valid article-level

assignments. In other words, roughly four out of
five detected citation instances can be successfully
transformed into usable structured dependencies.

One likely reason why, despite explicit prompt-
ing to the LLM, about 20 percent of citation items
were not structurally consistent is due to task load
+ ambiguous precedence: long inputs, duplicated
SR_link_detection guidance, and soft rules com-
pete for attention with JSON format rules, which
weakens strict JSON compliance in practice (Liu
et al., 2024). Together, (i) missing hard - structural
decoding constrained -schema constraints, (ii) pres-
sure toward natural-language slots when unsure,
and (iii) heavy, partly overlapping instructions over
large lists may explain the structural misses.

5.3 Recoverability of Inconsistent Items
We further distinguish between recoverable and
unrecoverable inconsistencies. An item is con-
sidered recoverable if missing fields can plausi-
bly be reconstructed from auxiliary information
(e.g., the reasoning field), and unrecoverable other-
wise. In particular, items missing the citing article
identifier (ARTICLE_EID) or the pair (TARGET_SR,
assigned_articles) are treated as unrecover-
able.

Among the 13,581 inconsistent items, only 1,624
(11.96%) are recoverable, corresponding to 2.54%
of all items. The remaining 11,957 items (88.04%
of inconsistent items, 18.74% overall) are unrecov-
erable. This indicates that most structural failures
are not minor omissions but reflect fundamental
breakdowns in output formation, limiting the effec-
tiveness of post hoc correction.

5.4 Failure Modes
To better understand these failures, we ana-
lyze which fields are missing in unrecoverable
items. The dominant failure mode is the absence
of ARTICLE_EID, which occurs in 11,919 items
(99.68% of unrecoverable cases). In contrast, only
a negligible number of items fail due to missing
target information alone.

This suggests that the primary bottleneck lies in
reliably maintaining the association between ex-
tracted citation contexts and their originating ar-
ticles, rather than in identifying target statutes or
articles.

Finally, a key room for improvement is vetting
the accuracy of the citation links that were given by
this paper’s methodology. While ideally one would
manually review at least 100 randomly selected
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structurally consistent SR documents, due to time
and financial constraints, we could not conduct
such tests outside of the 30 mentioned in section
5.1.

6 Conclusion

We present a hybrid pipeline for extracting article-
level dependencies from Swiss federal legislation,
combining deterministic XML preprocessing with
LLM-based semantic resolution. We also release
three complementary data splits—document-level
JSON, citation candidates, and LLM-based arti-
cle assignments—providing a reusable resource
for Swiss legal NLP. Our results show that, while
LLMs can resolve complex legal references, struc-
tural reliability remains a key bottleneck, with over
20% of outputs failing to meet schema require-
ments. The resulting dataset enables downstream
applications such as legal knowledge graph con-
struction, citation analysis, and benchmarking of
LLMs for structured information extraction.

7 Limitations

Our approach has several limitations. First, the
pipeline relies on an LLM for article assignment,
which introduces variability and structural unrelia-
bility: over 20% of outputs do not conform to the
expected schema. Second, the method is evaluated
only on German-language Landesrecht documents,
and its generalizability to other languages or legal
domains remains to be tested. Third, while manual
validation confirms correctness on representative
edge cases, large-scale semantic accuracy beyond
structural consistency is not exhaustively evaluated.

Finally, the approach depends on heuristic pre-
processing tailored to Fedlex XML, which may
limit portability to other legal corpora with differ-
ent structures. Addressing these limitations would
require stronger guaranties on structured output,
broader multilingual evaluation, and more compre-
hensive annotation for large-scale benchmarking.
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A Citation Edge Case Taxonomy

In order to develop a Fedlex processing pipeline
that preserves relevant contextual information for
the LLM to assign article assignments, we exhaus-
tively identified the semantic edge cases that LLMs
will struggle with without additional context.

A.1 Edge Case 1: Very Short SR Documents
Without Articles or Footnotes

Some Landesrecht SR documents contain ex-
tremely short legislative texts that do not include
any formal articles or footnotes. In these cases, the
home article does not exist as a discrete structural
article element; instead, the entire SR document
functions as a minimal unarticulated law. When
such a document is referenced from another SR
document, the reference relationship cannot rely
on article-to-article mapping, since the cited article
is structurally absent. This requires semantic han-
dling that identifies the entire cited SR document
as the target rather than an article-level node. Au-
tomated extraction must therefore detect missing
article tags and treat the law as a single undivided
article. See SR 901.22 for an example.

2https://www.fedlex.admin.ch/eli/cc/2020/68/de

151

https://doi.org/10.1016/j.acorp.2025.100151
https://doi.org/10.1016/j.acorp.2025.100151
https://doi.org/10.21248/jlcl.26.2011.148
https://doi.org/10.21248/jlcl.26.2011.148
https://doi.org/doi:10.1515/9783110826005.127
https://doi.org/doi:10.1515/9783110826005.127
https://doi.org/doi:10.1515/9783110826005.127
https://arxiv.org/abs/2503.01346
https://arxiv.org/abs/2503.01346
https://arxiv.org/abs/2307.03172
https://arxiv.org/abs/2307.03172
https://arxiv.org/abs/2410.13456
https://arxiv.org/abs/2410.13456
https://arxiv.org/abs/2410.13456
https://arxiv.org/abs/2505.04016
https://arxiv.org/abs/2505.04016
https://www.fedlex.admin.ch/eli/cc/2020/68/de


A.2 Edge Case 2: References Appearing in
the Preamble and Then Reused by Later
Articles

In some cases, the home article indirectly refer-
ences a cited SR document via a citation that orig-
inally appears only in the preamble of the home
SR document with an acronym. Later, another
article within the same SR document makes a
direct reference to the same SR link using the
acronym declared in the preamble, creating a chain
of implicit and explicit relationships. Semantically,
this requires connecting preambular citations with
downstream article-level acronym references, even
though the preamble itself is not an article and
therefore cannot be treated as a normal home arti-
cle. Extraction systems must store and propagate
preamble-level citations as valid contextual cita-
tions for subsequent articles by remembering the
cited SR document, its associated acronym, and
article information. See article 9 of SR 901.022.23

for an example.

A.3 Edge Case 3: Article Citing Another
Article Within the Same SR Document

A further complication arises when a home article
cites another cited article located within the same
home SR document. In these cases, the reference
does not point to a different cited SR document
but instead refers internally to a separate article
of the same law. These internal references often
appear inline, embedded within the same sentence
as other legislative content, and may cite ranges
of articles (e.g., “Articles 4–7”). Because the ci-
tation is internal to the same SR document, the
extraction system must avoid incorrectly interpret-
ing it as an external reference. Additionally, this
case can conflict with Edge Case 8, where sub-
headers or preamble-derived acronyms may give
the illusion of an intra-document reference when
the citation actually points outward. Therefore, the
algorithm must restrict its evaluation strictly to the
sentence-level context when determining whether
an article-to-article reference is internal or exter-
nal. Semantic disambiguation is required to ensure
that same-law citations are correctly classified as
intradocument article relations rather than external
SR dependencies. See paragraph 1, article 9 of SR
901.04 for an example.

3https://www.fedlex.admin.ch/eli/cc/2016/350/
de#art_9

4https://www.fedlex.admin.ch/eli/cc/2007/136/
de#art_9

A.4 Edge Case 4: Missing Article Numbers
for Cited SR Documents

Another challenge arises when the home article
cites a cited SR document but does not specify in
words or with article-granular hyperlink the cited
article within that document. Automated systems
must parse the sentence and surrounding sentences
to infer which SR identifiers correspond to which
article reference, while also allowing “article un-
specified” relationships when appropriate. See arti-
cle 18 of SR 725.115 for an example.

A.5 Edge Case 5: Hyperlink Footers
Containing Multiple Sources and Article
Information

Many home articles contain footnotes or hyperlink
footers listing multiple legislative sources in com-
pact footnotes. These footers may include several
cited AS documents and, in some cases, specific
cited articles of cited SR law. Because the format-
ting compresses multiple references into a shared
footnote, an extraction system must identify and
isolate references corresponding only to the cited
SR documents. Then the semantic task is to analyze
the surrounding sentences of the sentence that had
the footnote and disaggregate mixed citation lists
into discrete article-to-article relationships. See
article 14 of SR 725.116 for an example.

A.6 Edge Case 6: Article Number Provided
but Appearing in a Different Location
Than the Cited SR Link

In this case, a home article cites an SR document
via a hyperlink but provides the cited article num-
ber at a different location in the same paragraph.
This breaks the typical assumption that the SR hy-
perlink and article number appear adjacently. Ex-
traction must use semantic association—linking
the textual location of the SR number to the nearest
or logically corresponding SR hyperlink—to dis-
tinguish this case from mixed-source footers (Edge
Case 5). The mapping requires reading the sen-
tence semantics of surrounding sentences within
the paragraph rather than purely structural XML
patterns. See article 27d of SR 725.117 for an ex-
ample.

5https://www.fedlex.admin.ch/eli/cc/1960/525_
569_555/de#art_18

6https://www.fedlex.admin.ch/eli/cc/1960/525_
569_555/de#art_14

7https://www.fedlex.admin.ch/eli/cc/1960/525_
569_555/de#art_27_d
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A.7 Edge Case 7: Combined Intra-Document
Article Citations and External SR
References Within the Same Sentence

This edge case represents a hybrid scenario in-
volving the complexities of both Edge Case 3 and
Edge Case 4. The home article contains intra-
document references to other cited articles within
the same home SR document—often expressed as
inline ranges such as “Articles 4–7”—while simul-
taneously referencing an external cited SR docu-
ment within the exact same sentence. The external
SR reference may even appear without a corre-
sponding cited article number, further increasing
ambiguity. Because both reference types appear in
close proximity and share similar surface patterns,
a naive heuristic extraction system may incorrectly
merge them, misinterpret internal article ranges as
belonging to the external SR document, or other-
wise conflate distinct citation relationships.

Resolving this edge case requires sentence-level
semantic decomposition. The algorithm must deter-
mine whether each article number or article range
is an intra-document citation (i.e., referencing an-
other article in the same SR document) or whether
the reference is directed toward a different cited
SR document. External SR references lacking ar-
ticle numbers must be preserved as valid cross-
document links, while article ranges such as “4–7”
must be interpreted exclusively within the context
of the home SR document. Only through semantic
differentiation can the system avoid misclassifying
internal article citations as external legal dependen-
cies, or vice versa. See article 114 of SR 7118 for
an example. The first SR hyperlink 113 is edge
case 3 of not mentioning an article and referenc-
ing the whole document. Succeeding that line is
a self-reference article line. This cannot easily be
heuristically filtered as two separate article refer-
ences.

A.8 Edge Case 8: Cited SR Link Acronym
Mentioned in the Subheader of the Home
Article

Some SR documents include acronyms or abbre-
viated SR references in the subheader of a home
article, often derived from the cited SR document’s
preamble or title. These references do not fol-
low standard hyperlink formatting and therefore
require semantic recognition to determine whether

8https://www.fedlex.admin.ch/eli/cc/47/689_
701_723/de#art_114

the acronym genuinely refers to a cited SR doc-
ument. The example below shows that the cited
article reference and the related cited article are
written above the home article content but below
the home article title. Extraction must account
for these references that appear outside the article
body, treating them as valid citations even when no
explicit hyperlink is present. See article 1 of SR
611.019 for an example.

A.9 Edge Case 9: A Cited SR Document
Named Explicitly in Text After a
Hyperlink

In this case, it is similar to edge case 6, but instead
of the article number, the cited SR document is ref-
erenced again by name elsewhere in the same home
article. The home article references an SR docu-
ment via hyperlink (e.g., “SR 311.0”) but subse-
quently names the cited SR document explicitly in
plain text (e.g., “Strafgesetzbuch”), extending the
reference across multiple textual segments. This
creates a compound citation that must be semanti-
cally unified: the hyperlink and the textual name
must be merged into a single relationship with the
correct cited SR document. Automated systems
must therefore remember and treat adjacent textual
mentions/acronyms as belonging to the same cita-
tion event rather than two separate references. See
article 16 of SR 170.3210 for an example.

B LLM Prompt

Below, we provide the prompt used for LLM-based
article assignment.

Read the README.md file for context.

Task: For each input JSON item, assign the
correct cited article(s).↪→

Return a JSON array where each output item
corresponds to the input "ITEM".↪→

General rules:
- "Artikel" and "Art." are equivalent.
- Preamble SR references apply globally to all

articles.↪→

Item types:

1. SR_link_detection:
Use the "snippet" to determine whether article

numbers belong to TARGET_SR.↪→
Note: Presence of an article number does not

guarantee assignment.↪→

9https://www.fedlex.admin.ch/eli/cc/2006/228/
de#art_1

10https://www.fedlex.admin.ch/eli/cc/1958/1413_
1483_1489/de#art_16
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2. preamble_acronym:
Use "snippet" and "snippet_acronym" to assign

articles via preamble mappings.↪→

3. artikel_reference:
Detect intra-document references (no

TARGET_SR).↪→

Edge cases:
- Conjunctions: "Art. 30, 33, 35 und 36"
- Ranges: "Artikel 4–6"

----------------------------------------------- ⌋
-------------↪→

CRITICAL RULE: CONTEXTUAL RELATIONSHIP ANALYSIS
----------------------------------------------- ⌋

-------------↪→

PRIMARY INDICATORS:
- Direct marking: "Art. 32 FHG"
- Prepositional link: "nach Art. 20 der

Verordnung (SR ...)"↪→
- Parenthetical association

SECONDARY INDICATORS:
- Clause dependency
- Sentence-level proximity with connectors

SELF-REFERENCE (DO NOT assign):
- No SR nearby
- Separate syntactic structure
- Internal references

Procedure:
1. Identify syntactic boundaries
2. Locate SR references
3. Check grammatical link
4. If unclear → self-reference

Example:
"(Art. 32 und 58 FHG) ... nach Artikel 12 Absatz

4 FHG ...↪→
nach den Artikeln 18 und 21"

→ Assign: 32, 58, 12
→ Do NOT assign: 18, 21

----------------------------------------------- ⌋
-------------↪→

Output:
- Valid JSON only
- Preserve ITEM identifiers
- Include assigned_articles, TARGET_SR,

confidence, reasoning↪→

DO NOT use automated scripts. Perform full
semantic analysis.↪→

C Manual verification result

Below, we provide additional details on the man-
ual validation procedure described in Section 5.1.
We report representative results for a subset of SR
documents selected to ensure coverage of all iden-
tified citation edge cases. For each document, all
extracted article-level dependencies were manually

checked against the source text.
Table 1 summarizes the presence of selected

edge-case categories (C5–C9) and the correspond-
ing verification accuracy. Across all evaluated doc-
uments, the pipeline achieves full correctness, and
while it does not guarantee the same for the whole
Fedlex, it indicates that the proposed approach reli-
ably handles the diverse citation patterns observed
in Swiss federal legislation.

C5 C6 C7 C8 C9 Acc.

SR 711 Yes Yes No Yes No 100%
SR 725.11 Yes Yes Yes Yes No 100%
SR 420.1 Yes Yes No Yes No 100%
SR 611.01 Yes Yes Yes No Yes 100%

Table 1: Edge-case coverage and manual verification
accuracy for four example Landesrecht SR documents.
Columns C5–C9 indicate the presence of specific ci-
tation edge-case types (Cases 5–9), as defined in Ap-
pendix A. Each document is selected to ensure cover-
age of different edge-case categories, and all extracted
article-level dependencies are manually verified.
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Abstract
Named Entity Recognition (NER) on histori-
cal materials suffers significant performance
degradation compared with modern text, ow-
ing to optical character recognition (OCR)
errors, language evolution, and scarce anno-
tated training data. Although various remedies
have been explored to increase robustness and
generalization, data augmentation techniques,
despite their proven effectiveness on modern
NER benchmarks, remain largely unexplored
in the historical setting. This article investi-
gates data augmentation strategies for historical
NER through a systematic comparison of two
complementary approaches: intrinsic augmen-
tation via mention replacement and extrinsic
augmentation through large language model
(LLM)-based corpus annotation. We experi-
ment with different augmentation variants and
corpus sizes on French and German Swiss his-
torical newspapers. Our results show contrast-
ing patterns: mention replacement yields stable
improvements across settings, whereas LLM-
based silver data is most useful at moderate
scale and when quality-filtered, but its effective-
ness degrades as additional pseudo-labeled data
is introduced. Overall, simple lexical augmen-
tation emerges as the more robust strategy for
historical NER, while LLM-based approaches
remain sensitive to annotation noise and data
shift.

1 Introduction

Over the past two decades, large-scale digitization
efforts by cultural heritage institutions across Eu-
rope and beyond have made vast collections of
newspapers, books, and archival documents avail-
able in machine-readable form (Balk and Con-
teh, 2011; Neudecker and Antonacopoulos, 2016),
opening new possibilities for large-scale infor-
mation extraction and exploration of historical
sources (Neudecker, 2022; Ehrmann et al., 2023a;
Bunout et al., 2023). Among the semantic enrich-
ments applied to such collections, named entities

– people, places, and organizations – stand out as
particularly valuable: their automatic recognition
provides key entry points for document retrieval,
semantic indexing, and the tracing of historical
actors, events, and geographies across large cor-
pora (Gooding, 2016; Fokkens et al., 2018; Düring
et al., 2023; Koolen et al., 2023).

Despite this potential, Named Entity Recogni-
tion (NER) on historical texts remains substantially
more challenging than on modern data (van Strien
et al., 2020). OCR noise, diachronic language vari-
ation, and domain-specific genre and layout con-
ventions all complicate the identification of entity
boundaries and types (Hamdi et al., 2020; Ehrmann
et al., 2023b). Moreover, annotated training data
for historical NER is scarce and expensive to pro-
duce, especially in multilingual settings and un-
der fine-grained annotation schemes. As a result,
even strong NER models often show marked per-
formance degradation when applied to historical
newspaper corpora (Schweter and Baiter, 2019;
Todorov and Colavizza, 2020).

Data augmentation is a natural way to address
this limitation, with techniques successfully ap-
plied across NLP tasks and, more specifically, to
NER across a range of domains and settings (Feng
et al., 2021; Huang et al., 2025). In the histori-
cal setting, however, such techniques remain un-
derexplored and it is unclear which forms of syn-
thetic training data are most useful. In particular,
there is still little evidence on the relative utility
of two plausible strategies: lexical augmentation
based on existing gold annotations, and LLM-based
pseudo-labeling of additional in-domain text to cre-
ate silver-standard training material. This raises a
practical question: can data augmentation improve
historical NER, and if so, which strategy proves
most effective?

This article addresses this question through a
controlled comparison of these two augmentation
strategies for historical NER on French and Ger-
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man Swiss historical newspapers. We compare
intrinsic augmentation via mention replacement,
which preserves gold labels while varying entity
surface forms, with extrinsic augmentation based
on LLM-generated silver annotations for additional
in-domain sentences. Our results show that the two
approaches behave differently: mention replace-
ment yields stable improvements across settings,
whereas LLM-based silver data is most useful at
moderate scale and becomes less effective as more
pseudo-labeled data is added. These findings sug-
gest that simple mention replacement augmentation
is currently the more robust strategy for histori-
cal NER, while LLM-based augmentation remains
more sensitive to annotation noise and data shift.

Our contributions are as follows:
(1) We present a systematic comparison of lexi-

cal and LLM-based data augmentation for histori-
cal NER, evaluated on French and German Swiss
historical newspapers across multiple augmenta-
tion variants and corpus sizes.

(2) We show that mention replacement yields
stable gains, whereas LLM-based silver data is
most useful at moderate scale and degrades with
additional pseudo-labeled data.

(3) We discuss the implications of this contrast
for the practical design of augmentation pipelines
in low-resource historical NER.

The following sections describe the related work,
data, methods, experiments, and results in turn.

2 Related Work

2.1 Historical NER

The HIPE shared task series1 has played an im-
portant role in documenting the challenges of his-
torical NE processing and establishing standard-
ized evaluation protocols across multiple languages
and document types, with editions in 2020 and
2022 (Ehrmann et al., 2020, 2022) and a forth-
coming 2026 edition focusing on person-place re-
lation extraction (Opitz et al., 2026). Participating
teams developed both data-centered approaches,
notably transfer learning through historical domain
pretraining (Schweter et al., 2022), and model-
centered ones, such as architectural modifications
to improve OCR robustness (Boros et al., 2020).
While these strategies yield consistent gains, per-
formance on historical documents remains below
that achieved on modern benchmarks.

1Identifying Historical People, Places and other Entities:
https://hipe-eval.github.io

A core limiting factor is the scarcity of anno-
tated training data. Historical document collections
span vast topical, linguistic, and temporal diver-
sity — from 17th-century administrative records to
20th-century multilingual newspapers — making it
difficult to build annotated resources with sufficient
coverage. Producing gold-standard annotations is
further complicated by OCR noise, evolving nam-
ing conventions, and period-specific entities, ren-
dering the process both slow and costly (Ehrmann
et al., 2023b). Despite continuous efforts to ex-
pand available resources – including recent work
by Schneider et al. (2025) – dataset scale and diver-
sity remain limited, highlighting the need for more
cost-effective strategies to expand training data.

2.2 Data Augmentation for NER
Data augmentation (DA) refers to strategies that
increase the size and diversity of training examples
without explicitly collecting new data. While its
application to NLP is complicated by language’s
compositional nature – naive transformations risk
producing incoherent or semantically inconsistent
samples – augmentation techniques have nonethe-
less been successfully deployed across a range of
NLP tasks addressing low-resource settings, corpus
bias, and class imbalance (Feng et al., 2021). For
NER specifically, DA has emerged as a valuable
strategy for tackling data scarcity, with approaches
spanning simple rule-based transformations to gen-
erative prompt-based methods (Huang et al., 2025).

Among rule-based methods, mention replace-
ment (MR) has emerged as a widely used base-
line. MR substitutes entity mentions in annotated
sentences with alternative mentions of the same
type drawn from the training corpus, preserving
both labels and the distributional properties of the
original data. Dai and Adel (2020) demonstrate
consistent improvements in low-resource biomed-
ical and materials science settings. Subsequent
work has proposed semantically and contextually
informed extensions: Phan and Nguyen (2022)
introduce semantic neighbor replacement, which
constrains substitutions to similar entity mentions
using embedding-based filtering, yielding gains
over random MR on biomedical corpora, while
Bartolini et al. (2023) further refine this with dy-
namic context-aware selection, improving perfor-
mance in few-shot scenarios. A shared limitation
of these approaches is their closed-world assump-
tion: augmentation draws exclusively from existing
training entities, amplifying rather than correcting
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any dataset biases.

LLMs offer complementary augmentation strate-
gies, though with varying degrees of reliability. A
first line of work leverages LLMs to assist anno-
tation: Naraki et al. (2024) show that LLMs can
identify and correct errors in existing annotations,
including missing entities and label switches, with
hybrid human-LLM labels outperforming purely
manual ones on CoNLL-2003, though the authors
caution that LLMs tend toward label imbalance. A
second line generates entirely new annotated train-
ing instances: Dao et al. (2025) demonstrate gains
on biomedical NER across multiple languages us-
ing LLaMA-3.2, while Kamath and Vajjala (2025)
evaluate GPT-4-generated data for low-resource
medical NER across eleven languages. Both stud-
ies, however, reach consistent conclusions regard-
ing synthetic data limitations: synthetic annota-
tions tend to introduce hallucinated entities, small
amounts of gold data consistently outperform larger
synthetic datasets, and LLMs struggle with domain-
specific terminology — limitations likely com-
pounded in the historical setting, where OCR ar-
tifacts and time-specific language fall outside the
distribution of models trained primarily on contem-
porary text.

Finally, direct LLM inference for NER has
also been explored, but consistently falls short
of supervised models: even sophisticated few-
shot strategies combining kNN-based demonstra-
tion selection and self-verification cannot match
supervised performance on CoNLL-2003 (Wang
et al., 2025), and this gap persists on historical
documents, where Zhang and Colavizza (2025)
find that DeepSeek-V3 with retrieval-based few-
shot prompting remains below state-of-the-art fine-
tuned models on HIPE-2022. This further moti-
vates the use of LLMs as annotation tools rather
than inference engines.

To our knowledge, this is the first systematic
study of DA for NER on historical newspaper data.

3 Data

Our experiments draw on two historical news-
paper datasets: the hipe-2020 NE-annotated
dataset for model training and evaluation, and
historical-corpus as the external corpus for
LLM-based corpus annotation.

Coarse tag set Fine tag set

PERS PERS.IND
PERS.COLL
PERS.IND.ARTICLEAUTHOR

ORG ORG.ADM
ORG.ENT
ORG.ENT.PRESSAGENCY

PROD PROD.MEDIA
PROD.DOCTR

TIME TIME.DATE.ABS
LOC LOC.ADM.TOWN

LOC.ADM.REG
LOC.ADM.NAT
LOC.ADM.SUP
LOC.PHYS.GEO
LOC.PHYS.HYDRO
LOC.PHYS.ASTRO
LOC.ORO
LOC.FAC
LOC.ADD.PHYS
LOC.ADD.ELEC
LOC.UNK

Table 1: HIPE dataset entity types for NERC.

3.1 HIPE NER Dataset

Developed for the HIPE-2020 and 2022 evaluation
campaigns on NE recognition and linking in his-
torical documents, the HIPE dataset comprises sev-
eral NE-annotated collections, primarily historical
newspapers and classical commentaries. We use
the French and German portions of the hipe-2020
subset, consisting of articles from Swiss and Lux-
embourgish newspapers (19th–20th century)2. An-
notations cover two tasks: entity recognition and
classification, and entity linking, the latter not con-
sidered here. For NER, the dataset provides two
levels of granularity: NER-Coarse with five top-
level entity types, and NER-Fine with 21 specific
subtypes (Table 1). Metonymic readings are addi-
tionally annotated for PERS, ORG, and LOC under
NER-Coarse-Meto. Annotation followed detailed
guidelines covering entity mention form (mainly
proper names), type definitions and coverage, and
annotation rules (Ehrmann et al., 2020). Corpus
statistics and entity type distributions across splits
are provided in Appendix A (Tables 6–8).

3.2 Corpus of Historical Newspapers

The historical-corpus dataset serves as the ex-
ternal source for the LLM-based annotation experi-
ments. Sampled from the same digitized Swiss and
Luxembourgish historical newspaper collection as

2Specifically, release v2.1 of the 2022 campaign:
https://github.com/hipe-eval/HIPE-2022-data/
releases/tag/v2.1-test-all-unmasked
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hipe-2020, it comprises yearly editorial content
samples from four German and seven French news-
papers spanning 1876–1945, already segmented
into sentences. It therefore shares the same domain,
time period, and textual characteristics, including
OCR noise.

4 Methods

Our approach uses fine-tuned BERT models as
baselines and compares two data augmentation
approaches: intrinsic augmentation via mention
replacement, which recombines existing gold anno-
tations from hipe-2020, and extrinsic LLM corpus
annotation, which generates pseudo-labeled data
from the external historical-corpus.

4.1 Baseline Models

We adopt an extended BERT architecture that, fol-
lowing Boros et al. (2020), adds two transformer
encoder layers between the pretrained backbone
and the classification head. NER is performed at
the sentence level, with each sentence processed
independently as input to the model. As pretrained
backbone, we use HMBERT (Schweter et al., 2022;
Schweter, 2022), a multilingual model trained on
digitized historical documents in five languages
– including French and German – drawn from
Europeana newspaper collections and British Li-
brary books (17th–20th century). Unlike standard
multilingual BERT pretrained on contemporary
Wikipedia, its historical pretraining corpus exposes
the model to OCR noise and historical language
variation, making it a well-suited choice for histori-
cal NER.

This baseline configuration – extended BERT
with the HMBERT backbone – is referred to as
HIST-base. It was selected based on an earlier
French-only version of this study, in which 12
model configurations (3 pretrained models × 2 ar-
chitectures × 2 sequence lengths) were systemati-
cally evaluated across 5 random seeds. HIST-base
emerged as both a top-performing baseline and the
configuration most responsive to the MR and LCA
augmentation strategies. Further details are pro-
vided in Blinière (2026) (Sections 4.2, 5.1, and 5.4).
The same pretrained weights and architecture are
used for both languages, ensuring that performance
differences across languages are attributable to aug-
mentation strategies rather than model configura-
tion.

4.2 Augmentation Strategies

4.2.1 Mention Replacement (MR)
MR substitutes entity mentions in annotated sen-
tences with alternative mentions of the same type
drawn from the training corpus. Given a sentence
containing an entity (e.g., Charles de Gaulle), the
method replaces it with another entity of the same
type (e.g., Winston Churchill), generating a new
training example while preserving sentence struc-
ture and annotation labels. This approach has two
key advantages: label consistency is guaranteed
since replacement mentions originate from gold-
annotated data, and the distributional properties
of the original corpus – including OCR noise and
domain-specific vocabulary – are preserved in the
augmented sentences.

MR candidate pool selection. For each sentence
s in the hipe-2020 training set containing an entity
mention mi, a candidate pool C(mi) is constructed
by filtering all other entities in the training set
through three successive stages: (1) type filtering,
retaining only entities matching the coarse type,
metonymic status, and fine-grained type of mi;3

(2) quality filtering, excluding mentions with anno-
tation issues such as mentions spanning sentence
boundaries; (3) deduplication filtering, discarding
near-identical mentions via OCR-robust sentence
embeddings (Michail et al., 2025), removing men-
tion candidates with cosine similarity ≥ 0.99. For
each candidate cj in C(mi), an augmented sen-
tence s′ is generated by substituting mi with cj
while leaving all other mentions unchanged. Up to
two candidates are sampled per mention, yielding
up to 2 × N augmented sentences for a sentence
containing N mentions.

MR augmentation variants. We evaluate four
candidate-selection variants:

1. Random: no additional constraints.

2. Semantic: retains augmented sentences with
sentence similarity between s and s′ of at least
0.85 (same OCR-robust model), ensuring con-
textual coherence between the original and
augmented sentences.

3. Temporal: restricts replacements to mentions
from documents published within ±10 years,

3Candidate selection does not enforce grammatical cor-
rectness; the impact of this limitation was not quantified or
evaluated.
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preserving period-specific naming conven-
tions.

4. Semantic+Temporal: combines both con-
straints.

4.2.2 LLM Corpus Annotation (LCA)
LLM corpus annotation generates new pseudo-
labeled training data by annotating sentences from
historical-corpus.

Annotation. Three LLMs serve as annotators:
GPT-5-Mini (OpenAI), Mistral-Small-3.2 (Mistral
AI), and Qwen3-Next-80B (Alibaba Cloud). Both
the model set and the prompting strategy were
selected through preliminary experiments on the
hipe-2020 test set (FR), in which multiple LLMs
and prompt configurations were compared based on
NER performance; Qwen3-Next-80B achieved the
highest overall performance, followed by Mistral-
Small-3.2 and GPT-5-Mini (see Blinière (2026),
Section 4.4.2).

For each language, 25,000 sentences are sam-
pled from the historical-corpus (seed = 42), re-
stricted to editorial content (no ads) and to sen-
tences with lengths in [20, 500] tokens. Each sen-
tence is independently annotated by all three mod-
els using an identical system prompt – in French
and German – describing the HIPE annotation
scheme and guidelines (see Appendix C).

Ensembling. LLM predictions are validated us-
ing three strategies with increasing levels of qual-
ity control, trading off recall for precision through
stricter agreement and validation constraints4:

1. LLM-Strict: all three LLMs must detect an
overlapping span with matching Coarse and
Fine types; Qwen boundaries are retained.
This strategy maximizes precision at the ex-
pense of recall.

2. LLM-Majority: at least two of three LLMs
must predict spans that overlap on at least one
token and have matching types; boundaries
follow Qwen>Mistral>GPT.

3. LLM-Majority+BERT: LLM majority vote
confirmed by HIST-base (confidence≥ 0.5)
on an overlapping span with matching types;
TIME entities reintroduced from BERT for
validated sentences. This strategy combines

4Mentions of type TIME are excluded from ensembling
due to poor zero-shot performance observed in preliminary
experiments on the hipe-2020 test set.

LLM consensus with BERT verification for
higher annotation reliability.

Only sentences with at least one validated men-
tion are retained, ensuring that augmented data
contributes an NER signal, though this increases
the proportion of entity-bearing sentences relative
to the original corpus.

4.2.3 Augmented HIPE NER Dataset
Construction

Both strategies produce pools of NE-annotated sen-
tences that are appended to the original hipe-2020
training data. To study the effect of aug-
mented training data size, we construct eight aug-
mented datasets ranging from +25% to +200% of
hipe-2020 sentence count, in steps of 25%. All
augmented datasets include the full HIPE training
set. Augmented sentences are added using nested
sampling, such that lower augmentation levels are
strict subsets of higher ones (e.g., 25% ⊂ 50% ⊂
. . .⊂ 200%), enabling controlled comparison of
scaling effects.

The two augmentation methods differ in their
sentence selection strategies. Mention replacement
uses a round-robin diversification scheme that max-
imizes both sentence and entity replacement di-
versity across augmentation levels. LCA applies
filtered random selection, retaining only sentences
containing at least one validated entity. Each re-
sulting dataset is used to independently fine-tune
HIST-base under the configuration described in
Section 5. Table 2 reports entity volume growth
and mean entity density per sentence for French at
+25% and +200%. German exhibits comparable
trends. Full per-level statistics for both languages –
including entity density, volume growth, type dis-
tributions, and rates of novel entity introduction –
are provided in Figures 2–5 (Appendix E).

In total, two augmentation paradigms, seven vari-
ants, and eight dataset scales are evaluated across
two languages.

5 Experimental Setup

Training configuration. HIST-base models are
fine-tuned for 3 epochs using AdamW optimization
with a constant learning rate and a maximum se-
quence length of 512 tokens. Full hyperparameter
details are provided in Appendix B.

Evaluation metrics. We evaluate at entity level,
treating each entity mention as a single unit re-
gardless of token length. Evaluation follows the
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+25% +200%

Method Vol. Dens. Vol. Dens.

Baseline — 2.17 — 2.17

MR-Random +45% 2.19 +519% 2.99
MR-Temporal +45% 2.19 +519% 2.99
MR-Semantic +51% 2.28 +928% 4.97
MR-Sem+Temp +51% 2.28 +928% 4.97

LLM-Strict +48% 2.23 +361% 2.33
LLM-Majority +53% 2.31 +424% 2.53
LLM-Maj+BERT +47% 2.22 +373% 2.29

Table 2: Entity volume growth (∆% vs. baseline) and
mean entity density (ent./sent.) at +25% and +200%
augmentation levels, for French (baseline: 7,138 enti-
ties). Full per-level evolution in Figures 2 and 3 (Ap-
pendix E).

HIPE scorer protocol5, with one adaptation: entity
mentions spanning automatic sentence boundaries
are split into two distinct gold entities, one per
sentence. This is necessary because automatic sen-
tence segmentation is not always reliable and mod-
els process text sentence by sentence. The HIPE
scorer supports two evaluation settings: strict, re-
quiring exact boundary and type match, and fuzzy,
allowing partial boundary overlap. We adopt strict
evaluation throughout. Performance is reported
as micro-averaged F1 across all entity types. To
account for training stochasticity, all models are
trained with five random seeds and results are re-
ported as mean F1 ± standard deviation.

This work is designed to be fully replicable. All
code and augmented datasets are publicly avail-
able6. The hipe-2020 dataset is distributed pub-
licly and our baseline replicates the architecture of
Boros et al. (2020) on the same benchmark.

6 Results

6.1 Overall NER Performance

Figure 1 shows F1 as a function of augmentation
level for coarse- and fine-grained NER, from which
three patterns emerge.

First, all four MR variants match or improve
on the baseline at every augmentation level, and
their trajectories are nearly indistinguishable, sug-
gesting that augmentation volume matters more
than candidate selection strategy. By contrast,
LLM-Strict and LLM-Majority fall below the
baseline from the first augmentation step and de-

5https://github.com/hipe-eval/HIPE-scorer
6https://github.com/impresso/

impresso-named-entity-data-augmentation

French German

Task System F1 ∆ F1 ∆

Coarse
HIST-base 76.2± 0.5 — 71.7± 0.8 —
Best MR 77.2± 0.6 +0.9 74.9± 1.0 +3.2
Best LCA 76.7± 0.6 +0.5 71.8± 1.1 +0.1

Fine
HIST-base 69.3± 0.7 — 63.2± 0.7 —
Best MR 72.4± 0.7 +3.2 69.1± 0.6 +5.9
Best LCA 70.7± 0.6 +1.4 65.2± 0.8 +2.0

Table 3: F1 scores (mean± std over 5 seeds) of best
MR and LCA variants for Coarse and Fine NER in
French and German. ∆ = absolute improvement over
baseline (pp). Best configurations for each cell are listed
in Table 10.

HIST-base ∆ MR ∆ LCA

Type FR DE FR DE FR DE

LOC 82.6 82.4 –0.1 +2.2 +0.1 +0.1
PERS 75.9 67.9 –0.2 +4.0 –0.1 –0.3
ORG 50.3 44.0 +8.0 +5.8 +3.4 +3.0
PROD 64.3 50.7 +10.1 +0.1 +2.5 –6.5
TIME 60.5 62.7 +1.8 +11.1 +0.4 +3.0

Table 4: Baseline F1 and ∆F1 (pp) per coarse en-
tity type. MR = best per language (FR: Seman-
tic +150%; DE: Sem+Temporal +125%); LCA =
LLM-Majority+BERT +25% (both languages).

cline monotonically as more pseudo-labeled data is
added. LLM-Majority+BERT occupies an interme-
diate position: it remains near-neutral or slightly
positive on NER-Coarse, while consistently im-
proving over the baseline on NER-Fine, peaking
at early augmentation levels (+25% in French, ap-
proximately +75% in German) before stabilizing.
Second, gains are generally larger in German than
in French across all methods and tasks, consistent
with the lower German baseline leaving more room
for improvement. Third, MR gains are larger on
NER-Fine than on NER-Coarse, a pattern we exam-
ine further at the entity type level in Section 6.2.

Table 3 summarizes peak performance across
settings for both granularity levels. The best MR
configurations (detailed in Table 10) yield gains
ranging from +0.9 pp (FR, coarse) to +5.9 pp
(DE, fine), whereas the best LCA configurations
reach +1.4 pp (FR, fine) and +2.0 pp (DE, fine) but
remain close to the baseline on coarse NER. Full
per-configuration results are reported in Tables 11–
16 (Appendix D).

6.2 Performance by Entity Type

Table 4 reports ∆F1 by coarse entity type for the
best MR and LCA configurations. In French, gains
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Figure 1: NER F1 as a function of augmentation level for French (left) and German (right). Top: coarse-grained
NER; bottom: fine-grained NER. The horizontal line indicates the baseline.

from both methods concentrate on the types with
the lowest baseline performance, that is, ORG (base-
line 50.3; ∆ best MR: +8.0 pp, ∆ best LCA:
+3.4 pp) and PROD (baseline 64.3; ∆ best MR:
+10.1 pp, ∆ best LCA: +2.5 pp), while LOC and
PERS remain largely unchanged. In German, PROD,
despite its lower baseline, is essentially unchanged
under MR (+0.1 pp) but is severely degraded by
LCA (−6.5 pp). The largest gains in German con-
centrate on ORG and TIME, the latter showing the
strongest MR improvement (+11.1 pp).

At the fine-grained level (Table 5), MR consis-
tently maintains or improves performance across all
subtypes in both languages. The largest gains occur
for rare subtypes, including ADM.SUP (+33.8 pp
FR, +77.6 pp DE) and ENT.PRESSAGENCY

(+15.4 pp FR, +49.8 pp DE). By contrast, the
most frequent subtypes, which already showed

the strongest baseline performance, change little:
PERS.IND and ADM.TOWN remain stable or im-
prove only marginally in both languages.

LCA results show a more uneven pattern. Some
rare subtypes benefit substantially: PHYS.HYDRO

gains +21.8 pp in French and +10.2 pp in Ger-
man, while ADM.SUP improves by +15.4 pp and
+6.1 pp, respectively. However, other subtypes
degrade sharply, including LOC.FAC in French
(−5.5 pp) and PROD.MEDIA in German (−10.1 pp).
This disparity suggests that LLM annotation qual-
ity varies across entity types, with some categories
being more prone to systematic errors.

7 Discussion

Why mention replacement is consistently effec-
tive. The robustness of MR across task granu-
larity levels, languages, and augmentation levels
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n HIST-base ∆ MR ∆ LCA

Parent Subtype FR DE FR DE FR DE FR DE

LOC

ADM.TOWN 450 257 78.6 76.7 +0.7 +3.5 –0.1 +0.8
ADM.NAT 151 161 81.7 82.3 +3.5 +3.6 +2.7 +2.1
ADM.REG 147 84 38.3 35.9 +14.2 +19.1 +5.5 +7.4
PHYS.GEO 28 14 37.5 0.0 +11.7 +31.4 –5.4 +7.9
PHYS.HYDRO 23 29 38.0 30.5 +31.6 +16.3 +21.8 +10.2
ADM.SUP 19 21 46.3 3.6 +33.8 +77.6 +15.4 +6.1
ORO† 19 5 66.3 56.6 +0.4 +6.0 –0.2 –24.2
FAC 18 14 16.1 2.2 +10.9 +29.7 –5.5 –1.3
PHYS.ASTRO† — 10 — 0.0 — 0.0 — 0.0
UNK† 3 1 0.0 0.0 0.0 0.0 0.0 0.0

ORG
ENT 69 85 48.0 39.9 +5.6 +5.9 +2.8 +7.5
ADM 43 29 47.5 37.1 +10.0 +10.0 +4.0 +10.0
ENT.PRESSAGENCY 20 18 64.0 25.0 +15.4 +49.8 +0.1 +24.0

PERS
IND 519 330 76.3 68.3 –0.3 +2.9 –0.2 –0.2
IND.ARTICLEAUTHOR† 13 3 13.0 0.0 +19.8 0.0 –1.6 0.0
COLL† 5 — 0.0 — 0.0 — 0.0 —

PROD
MEDIA 58 61 66.3 47.9 +9.6 +2.0 +2.8 –10.1
DOCTR† 3 5 28.6 10.0 +26.0 +56.2 +0.7 +14.7

Table 5: ∆F1 (pp) per fine-grained subtype for all subtypes, sorted by n (test set entity mention count, descending)
within each parent type. MR = best per language (FR: Semantic +150%; DE: Random +150%); LCA = best
LLM-Majority+BERT per language (FR: +100%; DE: +175%). †Test set too small for reliable evaluation.

can be attributed to two complementary properties.
First, label consistency and distributional faithful-
ness to the original corpus are guaranteed by con-
struction. Second, the near-identical performance
of all MR variants (Section 6) suggests that sur-
face form diversity alone drives the improvement,
with semantic or temporal filtering providing no
measurable benefit. This simplicity is practically
significant: random mention replacement is suffi-
cient and requires no additional resources beyond
the training set itself.

Why LLM annotation degrades with scale.
The monotonic degradation of LLM-Strict and
LLM-Majority points to systematic annotation er-
rors rather than random noise. We attribute this
primarily to the complexity of the HIPE annotation
guidelines: 21 fine-grained types and metonymic
annotations make it difficult for LLMs to pro-
duce consistent annotations, leading to systematic
type assignment errors and missed entities. The
BERT validation step in LLM-Majority+BERT par-
tially mitigates this effect by filtering pseudo-labels
through a domain-aware model trained on gold
data, but does not eliminate it entirely. Crucially,
as more pseudo-labeled data is introduced, these
residual errors accumulate in the training signal,
explaining the continuous performance decline ob-
served beyond moderate augmentation levels.

Practical implications and limitations. These
results carry clear practical implications for his-
torical NER practitioners: mention replacement is
currently the more reliable augmentation strategy,
requiring only a gold-annotated training set and
yielding consistent gains across all experimental
conditions. LLM-based augmentation may com-
plement MR at moderate scale when validated by
BERT, but should not be relied upon as a primary
augmentation strategy.

This work is subject to several limitations: re-
sults are obtained with a single model architecture
and dataset (HIPE-2020, French and German), and
may not generalize to other historical languages,
periods, or annotation schemes. The closed-world
assumption of MR means it cannot introduce entity
surface forms absent from the training data, poten-
tially limiting its effectiveness in very low-resource
settings.

8 Conclusion

This article presented a systematic comparison of
two data augmentation strategies for historical NER
on French and German historical newspapers. Men-
tion replacement (MR) proved consistently effec-
tive and robust across all experimental conditions,
yielding gains of +0.93 to +5.90 F1 points depend-
ing on the language and task granularity. LLM-
based corpus annotation (LCA) was beneficial only
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under strict validation and at moderate scale, with
smaller gains of up to +1.99 F1 points; perfor-
mance deteriorated as more pseudo-labeled data
was added. These results show that simple label-
preserving augmentation is currently the more reli-
able strategy, while LLM-based approaches remain
limited by annotation noise, guideline complexity,
and distributional mismatch with historical text.

Several directions for future work emerge from
these findings. First, mention replacement could
be improved through frequency-weighted candi-
date sampling, prioritizing rare entities and entity
forms underrepresented in the training data. Sec-
ond, LLM-based annotation would benefit from
more sophisticated approaches, including prompt
revision to reduce entity hallucination and improve
handling of OCR noise, dynamic few-shot selec-
tion, and per-type inference. Third, hybrid strate-
gies combining the robustness of mention replace-
ment with the broader entity coverage of externally
annotated silver data warrant investigation. Finally,
both strategies should be evaluated on broader his-
torical collections covering additional languages,
periods, and annotation schemes, to assess the gen-
eralizability of the findings beyond the hipe-2020
subset of the HIPE benchmark.
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A HIPE Dataset Statistics

Tables 6–8 provide an overview of the hipe-2020
dataset used in our experiments. Table 6 reports
document, sentence, and entity mention counts
per split and language. Table 7 shows the coarse-
grained entity type distribution as a percentage of
total mentions. Table 8 details the fine-grained
subtype distribution, reporting mention counts and
corpus-wide ranks across languages and splits.

Lang. Split Docs Sents Mentions

FR
Train 158 5,743 7,138
Dev 43 1,244 1,746
Test 43 1,462 1,642

DE
Train 103 3,472 3,655
Dev 33 1,202 1,279
Test 49 1,217 1,176

Table 6: Document, sentence, and entity mention counts
per split for French and German hipe-2020.

Lang. Split LOC PERS ORG PROD TIME

FR
Train 43.5% 37.6% 12.2% 2.8% 4.0%
Dev 44.4% 39.7% 9.2% 2.8% 3.9%
Test 52.3% 32.7% 8.0% 3.7% 3.3%

DE
Train 47.6% 35.6% 9.9% 3.5% 3.4%
Dev 46.0% 31.5% 13.1% 4.0% 5.5%
Test 50.7% 28.3% 11.2% 5.6% 4.2%

Table 7: Coarse entity type distribution (% of total enti-
ties) per split for French and German hipe-2020.

B Training Configuration

HIST-base models are trained using the following
hyperparameters, selected based on preliminary
experiments (Boros et al., 2020):

Table 9: Training hyperparameters

Hyperparameter Value

Batch size 32
Learning rate 5e-5
Optimizer AdamW
ϵ (AdamW) 1e-8
Weight decay 0.0
Epochs 3
Gradient clipping Max norm 1.0
Warmup steps 0
Learning rate schedule Constant

Models are trained on NVIDIA A100 GPUs

165

https://arxiv.org/abs/2508.18090
https://arxiv.org/abs/2508.18090


FR DE

Train Test Train Test

Parent Subtype n Rank n Rank n Rank n Rank

LOC
FR: 3,106 / 858
DE: 1,741 / 596

ADM.TOWN 1,695 #2 450 #2 687 #2 257 #2
ADM.NAT 648 #3 151 #3 564 #3 161 #3
ADM.REG 382 #5 147 #4 199 #5 84 #5
ORO 91 #10 19 #12 52 #11 5 #15
PHYS.GEO 85 #11 28 #9 58 #10 14 #12
PHYS.HYDRO 73 #12 23 #10 88 #9 29 #8
ADM.SUP 63 #13 19 #12 42 #13 21 #10
FAC 59 #14 18 #14 46 #12 14 #12
PHYS.ASTRO — — — — 2 #17 10 #14
ADD.PHYS 4 #18 — — 2 #17 — —
ADD.ELEC 3 #19 — — — — — —
UNK 3 #19 3 #17 1 #19 1 #18

ORG
FR: 868 / 132
DE: 362 / 132

ENT 599 #4 69 #5 200 #4 85 #4
ADM 212 #7 43 #8 136 #6 29 #8
ENT.PRESSAGENCY 57 #15 20 #11 26 #14 18 #11

PERS
FR: 2,682 / 537
DE: 1,302 / 333

IND 2,553 #1 519 #1 1,288 #1 330 #1
IND.ARTICLEAUTHOR 109 #9 13 #15 — — 3 #17
COLL 20 #17 5 #16 14 #16 — —

PROD
FR: 200 / 61
DE: 127 / 66

MEDIA 152 #8 58 #6 108 #8 61 #6
DOCTR 48 #16 3 #17 19 #15 5 #15

TIME
FR: 282 / 54
DE: 123 / 49

DATE.ABS 282 #6 54 #7 123 #7 49 #7

Table 8: Entity type distribution across train and test splits for French (FR) and German (DE) hipe-2020. For each
fine-grained subtype, mention count n and corpus-wide rank are reported (by descending frequency, per language
and split). Coarse parent totals are shown as train / test counts. “—” indicates subtypes absent from a given split.

(40GB VRAM). Training duration per configura-
tion ranges from 15–20 minutes.

C LLM Annotation Prompt

All three LLMs received an identical system
prompt specifying the annotation task and guide-
lines. The prompt covers: (1) task definition and en-
tity types; (2) entity boundary rules, including mod-
ifiers, appositions, and coordination; (3) handling
of OCR errors (annotate text as-is, without correc-
tion); (4) metonymic annotation criteria; and (5)
output format requirements (JSON with character-
level offsets).

The full prompt is available at
https://github.com/impresso/
impresso-named-entity-data-augmentation/
tree/main/prompts.

The following excerpt illustrates the OCR han-
dling instructions, which are particularly critical
for historical text:

8. GESTION DES ERREURS OCR Principe fonda-
mental : TOUJOURS annoter le texte TEL QUEL,

SANS CORRECTION.
Les offsets (start/end) doivent pointer exactement sur

les chaînes bruitées dans le texte.
Exemples : “Léo Blanchard” → annoter la chaîne

entière ; “L . Bridel” → annoter avec espaces ; “Ocan
Atlantique” pour “Océan Atlantique” → annoter tel
quel.

D Full Results per Configuration

Table 10 identifies the best augmentation variant
and level for each task and language, correspond-
ing to the peak performances reported in Table 3.
Tables 11–16 then report ∆F1 (pp) vs. baseline for
every configuration, across all tasks and languages.
Bold indicates the best Mention Replacement and
best LCA configuration in each table, as listed in
Table 10.
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Task Lang. Best MR Best LCA

Coarse FR Semantic
+150%

LLM-Maj+BERT
+25%

DE Sem+Temp
+125%

LLM-Maj+BERT
+25%

Fine FR Semantic
+150%

LLM-Maj+BERT
+100%

DE Random
+150%

LLM-Maj+BERT
+175%

Meto FR Semantic
+125%

LLM-Maj+BERT
+25%

DE Random
+150%

LLM-Maj+BERT
+75%

Table 10: Best augmentation configuration (variant and
level) for each cell in Table 3.

E Augmentation Data Statistics

Figures 2–5 report augmentation data statistics
across all methods, levels, and languages. Figure 2
shows mean entity density (entities per sentence)
and Figure 3 total entity volume (∆% vs. base-
line) for all augmentation levels. Figure 4 shows
entity type distribution evolution across augmen-
tation levels, and Figure 5 reports the proportion
of novel entities (surface forms absent from the
original training data) introduced by each LCA
configuration.
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Level Mention Replacement LLM Corpus Annotation

Rand. Sem. Temp. S+T LLM-S LLM-M LLM-M+B

+25% +0.53 +0.55 +0.20 −0.35 −3.14 −3.01 +0.49
+50% +0.79 +0.36 +0.60 +0.49 −4.66 −4.16 +0.27
+75% +0.74 +0.49 0.00 +0.16 −6.03 −5.89 +0.06
+100% +0.50 +0.58 +0.20 +0.13 −6.50 −6.49 −0.20
+125% −0.37 +0.63 +0.41 +0.37 −6.94 −6.87 −0.12
+150% +0.09 +0.93 +0.24 +0.61 −7.91 −7.77 −0.76
+175% +0.17 +0.14 −0.10 +0.54 −7.81 −7.98 −0.56
+200% +0.14 +0.11 +0.36 +0.34 −7.75 −7.86 −0.21

Table 11: ∆F1 (pp) per configuration — Coarse, French. Baseline: 76.23± 0.53.

Level Mention Replacement LLM Corpus Annotation

Rand. Sem. Temp. S+T LLM-S LLM-M LLM-M+B

+25% +0.71 +0.93 +0.55 +0.68 −3.62 −3.18 +0.13
+50% +2.08 +1.60 +1.46 +2.03 −5.31 −5.24 −0.32
+75% +2.38 +1.16 +1.78 +1.66 −6.59 −6.84 −0.01
+100% +1.53 +2.06 +1.79 +2.90 −7.04 −8.14 −0.10
+125% +2.41 +2.77 +1.64 +3.20 −7.91 −8.75 −0.77
+150% +3.01 +2.09 +2.39 +2.35 −8.14 −9.35 −0.62
+175% +2.36 +2.41 +2.00 +2.04 −8.76 −9.91 −0.58
+200% +2.12 +1.54 +2.21 +2.17 −8.54 −9.49 −0.71

Table 12: ∆F1 (pp) per configuration — Coarse, German. Baseline: 71.67± 0.82.

Level Mention Replacement LLM Corpus Annotation

Rand. Sem. Temp. S+T LLM-S LLM-M LLM-M+B

+25% +1.53 +1.59 +1.27 +0.84 −2.51 −2.02 +1.38
+50% +2.21 +1.90 +1.74 +1.46 −3.80 −2.79 +0.90
+75% +2.52 +2.43 +1.91 +1.88 −5.14 −4.50 +1.18
+100% +2.39 +2.59 +2.38 +2.46 −5.15 −5.02 +1.39
+125% +1.51 +2.68 +2.82 +2.65 −5.68 −5.28 +1.38
+150% +2.03 +3.15 +2.52 +2.97 −6.41 −6.09 +0.81
+175% +2.68 +2.53 +2.18 +2.99 −6.48 −6.08 +0.90
+200% +2.09 +2.57 +2.65 +2.84 −5.96 −6.09 +1.24

Table 13: ∆F1 (pp) per configuration — Fine-Grained, French. Baseline: 69.26± 0.72.

Level Mention Replacement LLM Corpus Annotation

Rand. Sem. Temp. S+T LLM-S LLM-M LLM-M+B

+25% +2.13 +2.46 +1.70 +2.03 −2.80 −2.17 +0.71
+50% +3.69 +4.14 +3.28 +4.38 −3.50 −3.13 +1.10
+75% +4.50 +3.82 +3.65 +4.48 −4.16 −4.18 +1.71
+100% +4.42 +4.75 +4.04 +5.74 −4.43 −5.54 +1.78
+125% +5.23 +5.80 +4.38 +5.67 −4.94 −5.52 +1.68
+150% +5.90 +5.46 +5.28 +5.39 −5.13 −5.77 +1.56
+175% +5.39 +5.40 +4.84 +5.44 −5.67 −6.18 +1.99
+200% +5.34 +4.81 +5.65 +5.66 −5.22 −5.74 +1.97

Table 14: ∆F1 (pp) per configuration — Fine-Grained, German. Baseline: 63.21± 0.70.
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Level Mention Replacement LLM Corpus Annotation

Rand. Sem. Temp. S+T LLM-S LLM-M LLM-M+B

+25% +0.76 +0.68 +0.27 −0.23 −2.90 −2.81 +0.79
+50% +0.94 +0.53 +0.80 +0.37 −4.54 −3.95 +0.46
+75% +0.87 +0.72 +0.11 +0.23 −5.91 −5.70 +0.40
+100% +0.72 +0.89 +0.33 +0.43 −6.41 −6.33 +0.08
+125% −0.17 +1.04 +0.44 +0.61 −6.89 −6.82 +0.18
+150% +0.17 +1.04 +0.37 +0.91 −7.89 −7.52 −0.50
+175% +0.30 +0.18 +0.04 +0.85 −8.03 −7.95 −0.16
+200% +0.17 +0.26 +0.48 +0.49 −7.73 −7.79 +0.07

Table 15: ∆F1 (pp) per configuration — Metonymic, French. Baseline: 73.59± 0.28.

Level Mention Replacement LLM Corpus Annotation

Rand. Sem. Temp. S+T LLM-S LLM-M LLM-M+B

+25% +0.77 +1.17 −0.04 +0.81 −3.28 −3.06 +0.17
+50% +2.02 +1.38 +1.39 +1.83 −5.10 −5.13 −0.21
+75% +2.11 +0.83 +1.53 +1.46 −6.28 −6.87 +0.27
+100% +1.09 +1.66 +1.66 +2.75 −6.71 −8.03 +0.11
+125% +2.38 +2.45 +1.71 +2.78 −7.56 −9.05 −0.35
+150% +3.16 +1.89 +2.42 +2.06 −7.80 −9.45 −0.39
+175% +2.49 +2.25 +1.86 +1.80 −8.51 −9.87 −0.27
+200% +2.14 +1.38 +2.22 +1.81 −8.22 −9.55 −0.52

Table 16: ∆F1 (pp) per configuration — Metonymic, German. Baseline: 67.62± 0.42.

25 50 75 100 125 150 175 200
Augmentation Level (%)

Random

Semantic

Semantic+Temporal

Temporal

2.19
+0.02

2.20
+0.03

2.32
+0.15

2.40
+0.23

2.51
+0.34

2.59
+0.42

2.74
+0.57

2.99
+0.82

2.28
+0.11

2.34
+0.17

2.50
+0.33

2.61
+0.44

2.80
+0.63

3.03
+0.86

3.43
+1.26

4.97
+2.80

2.28
+0.11

2.34
+0.17

2.50
+0.33

2.61
+0.44

2.80
+0.63

3.03
+0.86

3.43
+1.26

4.97
+2.80

2.19
+0.02

2.20
+0.03

2.32
+0.15

2.40
+0.23

2.51
+0.34

2.59
+0.42

2.74
+0.57

2.99
+0.82

A. French  Mention Replacement

25 50 75 100 125 150 175 200
Augmentation Level (%)

1.94
-0.01

1.93
-0.01

2.03
+0.09

2.10
+0.15

2.19
+0.24

2.25
+0.31

2.45
+0.50

3.00
+1.05

2.04
+0.09

2.09
+0.14

2.22
+0.27

2.31
+0.36

2.47
+0.52

2.73
+0.78

3.55
+1.61

3.55
+1.61

2.04
+0.09

2.09
+0.14

2.22
+0.27

2.31
+0.36

2.47
+0.52

2.73
+0.78

3.55
+1.61

3.55
+1.61

1.94
-0.01

1.93
-0.01

2.03
+0.09

2.10
+0.15

2.19
+0.24

2.25
+0.31

2.45
+0.50

3.00
+1.05

B. German  Mention Replacement

25 50 75 100 125 150 175 200
Augmentation Level (%)

LLM Majority

LLM Majority+BERT

LLM Strict

2.31±0.02
+0.14

2.39±0.02
+0.22

2.43
+0.26

2.47
+0.30

2.49±0.02
+0.32

2.50±0.02
+0.33

2.52±0.01
+0.35

2.53±0.01
+0.36

2.22
+0.05

2.25
+0.08

2.26
+0.09

2.26
+0.09

2.26
+0.09

2.26
+0.10

2.27
+0.10

2.29
+0.12

2.23±0.01
+0.06

2.27
+0.10

2.30
+0.13

2.31
+0.14

2.31
+0.14

2.32
+0.15

2.33
+0.16

2.33
+0.16

C. French  Llm Ensembling

25 50 75 100 125 150 175 200
Augmentation Level (%)

2.08
+0.13

2.17
+0.22

2.22±0.03
+0.28

2.26±0.04
+0.31

2.27±0.04
+0.32

2.28±0.03
+0.34

2.28±0.02
+0.34

2.30
+0.36

1.98±0.03
+0.04

1.99±0.03
+0.05

2.01±0.01
+0.06
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+0.09
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+0.05

2.02±0.01
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Figure 2: Mean entity density (entities/sentence, ∆ vs. baseline) per augmentation method and level, for French (A,
C) and German (B, D). Top: Mention Replacement; bottom: LLM Ensembling.
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25 50 75 100 125 150 175 200
Augmentation Level (%)

Random

Semantic

Semantic+Temporal

Temporal

10,347
+45%

13,560
+90%

17,630
+147%

21,671
+204%

26,226
+267%

30,783
+331%

36,597
+413%

44,188
+519%

10,786
+51%

14,430
+102%

19,006
+166%

23,583
+230%

29,307
+311%

36,032
+405%

45,758
+541%

73,372
+928%

10,786
+51%

14,430
+102%

19,006
+166%

23,583
+230%

29,307
+311%

36,032
+405%

45,758
+541%

73,372
+928%

10,347
+45%

13,560
+90%

17,630
+147%

21,671
+204%

26,226
+267%

30,783
+331%

36,597
+413%

44,188
+519%

A. French  Mention Replacement

25 50 75 100 125 150 175 200
Augmentation Level (%)

5,319
+46%

6,987
+91%

9,107
+149%

11,207
+207%

13,593
+272%

15,971
+337%

19,475
+433%

26,435
+623%

5,598
+53%

7,545
+106%

9,937
+172%

12,331
+237%

15,348
+320%

19,314
+428%

27,838
+662%

27,838
+662%

5,598
+53%

7,545
+106%

9,937
+172%

12,331
+237%

15,348
+320%

19,314
+428%

27,838
+662%

27,838
+662%

5,319
+46%

6,987
+91%

9,107
+149%

11,207
+207%

13,593
+272%

15,971
+337%

19,475
+433%

26,435
+623%

B. German  Mention Replacement

25 50 75 100 125 150 175 200
Augmentation Level (%)

LLM Majority

LLM Majority+BERT

LLM Strict

10,906
+53%

14,720
+106%

18,464
+159%

22,270
+212%

26,017
+264%

29,814
+318%

33,625
+371%

37,411
+424%

10,507
+47%

13,889
+95%

17,178
+141%

20,394
+186%

23,674
+232%

26,959
+278%

30,317
+325%

33,771
+373%

10,553
+48%

14,001
+96%

17,438
+144%

20,903
+193%

24,227
+239%

27,658
+287%

31,025
+335%

32,872
+361%

C. French  Llm Ensembling

25 50 75 100 125 150 175 200
Augmentation Level (%)

5,702
+56%

7,836
+114%

9,959
+172%

12,082
+231%

14,092
+286%

16,170
+342%

18,157
+397%

20,304
+456%

5,447
+49%

7,206
+97%

9,006
+146%

10,857
+197%

12,653
+246%

14,456
+296%

16,176
+343%

17,947
+391%

5,469
+50%

7,311
+100%

9,201
+152%

11,055
+202%

12,902
+253%

14,748
+304%

16,504
+352%

17,444
+377%
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Figure 3: Total entity volume (∆% vs. baseline) per augmentation method and level, for French (A, C) and German
(B, D). Top: Mention Replacement; bottom: LLM Ensembling.

25 50 75 100 125 150 175 200
Augmentation Level (%)

LOC

PERS

ORG

TIME

PROD

44.0±0.2
+0.5

44.3±0.3
+0.8

44.6±0.3
+1.1

44.8±0.2
+1.3

44.9±0.4
+1.4

45.0±0.5
+1.5

45.2±0.5
+1.6

46.0±1.3
+2.4

37.3±0.1
-0.3

37.2±0.2
-0.4

37.1±0.2
-0.5

37.0±0.2
-0.6

37.1±0.3
-0.5

37.2±0.3
-0.4

37.4±0.2
-0.2

37.4±0.4
-0.1

12.3±0.1
+0.1

12.4±0.2
+0.2

12.4±0.1
+0.2

12.4±0.1
+0.2

12.4±0.1
+0.2

12.3±0.1
+0.1

12.1±0.2
-0.0

11.5±0.8
-0.7

3.5±0.0
-0.5

3.2±0.0
-0.7

3.0±0.0
-1.0

2.8±0.1
-1.1

2.7±0.0
-1.3

2.5±0.0
-1.4

2.4±0.1
-1.6

2.2±0.1
-1.7

2.9±0.1
+0.1

3.0±0.1
+0.2

3.0±0.1
+0.2

3.0±0.1
+0.2

3.0±0.1
+0.2

3.0±0.0
+0.2

2.9
+0.1

2.9±0.0
+0.1

A. French  Mention Replacement

25 50 75 100 125 150 175 200
Augmentation Level (%)

48.7±0.4
+1.1

49.3±0.5
+1.7

49.5±0.6
+1.9

49.7±0.6
+2.0

50.0±0.7
+2.4

50.1±0.6
+2.5

49.2±0.3
+1.6

49.1±0.2
+1.5

35.1±0.4
-0.5

34.9±0.6
-0.7

34.8±0.7
-0.8

34.7±0.8
-0.9

34.5±0.9
-1.1

34.6±0.7
-1.1

34.7±0.6
-0.9

34.6±0.5
-1.0

9.9±0.1
-0.0

9.9±0.1
-0.0

10.0±0.2
+0.0

10.0±0.2
+0.1

10.0±0.2
+0.1

10.0±0.3
+0.1

10.9±1.1
+1.0

11.2±0.8
+1.3

3.0±0.0
-0.4

2.7±0.0
-0.6

2.5±0.0
-0.8

2.4±0.0
-1.0

2.2±0.0
-1.1

2.1±0.0
-1.2

2.0±0.1
-1.3

1.9±0.0
-1.5

3.3±0.0
-0.2

3.2±0.0
-0.3

3.2
-0.3

3.2±0.0
-0.3

3.2±0.0
-0.3

3.2±0.1
-0.3

3.1±0.1
-0.4

3.1±0.2
-0.4

B. German  Mention Replacement

25 50 75 100 125 150 175 200
Augmentation Level (%)

LOC

PERS

ORG

TIME

PROD

42.1±0.4
-1.4

41.4±0.7
-2.1

40.8±0.6
-2.7

40.7±0.6
-2.8

40.6±0.6
-2.9

40.4±0.5
-3.2

40.3±0.5
-3.3

40.1±0.5
-3.4

40.2±0.9
+2.6

41.6±1.2
+4.1

42.7±1.4
+5.1

43.1±1.5
+5.5

43.4±1.8
+5.8

43.7±2.0
+6.1

43.9±2.2
+6.3

44.1±2.3
+6.5

11.1±0.6
-1.1

10.5±1.0
-1.7

10.2±1.2
-2.0

10.0±1.4
-2.2

9.8±1.5
-2.3

9.7±1.7
-2.4

9.7±1.8
-2.5

9.6±1.8
-2.5

3.0±0.6
-0.9

2.5±0.8
-1.4

2.3±1.0
-1.7

2.1±1.1
-1.9

2.0±1.2
-2.0

1.8±1.2
-2.1

1.7±1.2
-2.2

1.7±1.3
-2.3

3.6±0.7
+0.8

3.9±1.1
+1.1

4.0±1.3
+1.2

4.2±1.4
+1.3

4.3±1.5
+1.5

4.4±1.6
+1.6

4.4±1.7
+1.6

4.5±1.7
+1.7

C. French  Llm Ensembling
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Augmentation Level (%)
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+2.4
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+2.6
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+2.8
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38.7±2.7
+3.1

38.8±2.6
+3.2

9.8±1.4
-0.1

9.9±2.2
-0.0

9.8±2.7
-0.1

9.8±2.9
-0.1

9.8±3.1
-0.1

9.7±3.2
-0.2

9.8±3.4
-0.1

9.8±3.4
-0.2

2.7±0.7
-0.7

2.3±1.0
-1.1

2.1±1.2
-1.2

2.0±1.3
-1.4

1.9±1.4
-1.5

1.8±1.5
-1.5

1.8±1.5
-1.6

1.7±1.5
-1.6

3.4±0.7
-0.1

3.4±1.0
-0.1

3.3±1.2
-0.2

3.3±1.3
-0.2

3.3±1.4
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Figure 4: Entity type distribution evolution (∆pp vs. baseline) per augmentation method and level, for French (A,
C) and German (B, D). Top: Mention Replacement; bottom: LLM Ensembling.
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25 50 75 100 125 150 175 200
Augmentation Level (%)

LOC

PERS

ORG

TIME

PROD

20.0±1.4% 30.3±1.1% 36.7±1.2% 41.3±0.9% 44.4±0.4% 46.5±0.3% 48.2±0.3% 49.9±0.3%

36.0±0.3% 52.9±1.2% 62.4±0.4% 68.4±0.3% 72.4±0.3% 75.6±0.2% 78.0±0.1% 80.0±0.1%

28.9±0.6% 44.7±0.0% 54.0±0.3% 60.6±0.4% 65.0±0.4% 68.2±0.4% 70.6±0.3% 72.8±0.3%

0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

56.0±1.0% 70.2±0.8% 76.3±0.2% 79.8±0.2% 82.6±0.2% 84.6±0.4% 85.7±0.3% 86.8±0.2%

A. French

25 50 75 100 125 150 175 200
Augmentation Level (%)

24.5±1.2% 37.2±0.9% 44.7±1.0% 50.2±0.3% 53.2±0.4% 55.7±0.3% 57.5±0.1% 59.2±0.2%

35.8±1.4% 52.0±0.7% 61.9±1.3% 67.9±0.9% 72.1±0.8% 75.5±0.6% 77.8±0.5% 79.9±0.2%

42.7±1.7% 60.7±1.1% 69.2±1.3% 74.0±0.8% 77.7±0.4% 80.3±0.4% 82.4±0.2% 83.8±0.2%

0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

43.7±4.4% 59.0±1.9% 66.7±0.5% 73.1±0.5% 75.9±0.4% 79.0±0.7% 80.9±0.3% 82.4±0.1%

B. German

25 50 75 100 125 150 175 200
Augmentation Level (%)

LOC

PERS

ORG

TIME

PROD

17.8±0.5% 27.5±0.2% 33.9±0.2% 38.2±0.3% 41.0±0.2% 43.1±0.2% 44.9±0.1% 45.6%

35.9±1.5% 52.3±0.9% 61.9±0.3% 68.0±0.0% 72.1±0.2% 75.5±0.1% 77.8±0.1% 79.0%

22.7±1.3% 35.9±1.0% 44.0±0.4% 50.6±0.5% 55.2±0.2% 59.1±0.2% 62.0±0.3% 63.4%

0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

41.2±2.5% 56.9±1.9% 64.4±1.0% 70.3±0.9% 73.9±0.8% 76.4±0.5% 78.5±0.0% 79.4%

C. French

25 50 75 100 125 150 175 200
Augmentation Level (%)

23.2±2.5% 35.3±0.5% 42.6±0.6% 46.5±0.3% 49.6±0.3% 51.9±0.3% 53.6±0.2% 54.4%

34.2±0.6% 50.3±0.6% 60.1±0.4% 66.8±0.5% 71.3±0.5% 74.3±0.4% 76.9±0.2% 78.0%

32.4±1.5% 48.4±1.1% 57.9±0.8% 64.5±0.7% 69.0±0.6% 72.3±0.3% 74.8±0.2% 76.0%

0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

32.0±4.4% 48.2±1.2% 55.7±0.9% 61.3±0.4% 66.2±0.4% 69.8±0.8% 72.2±0.6% 73.4%

D. German

25 50 75 100 125 150 175 200
Augmentation Level (%)

LOC

PERS

ORG

TIME

PROD

16.3±0.6% 25.7±1.1% 30.6±1.0% 34.3±0.7% 36.9±0.4% 38.8±0.3% 40.4±0.2% 41.8±0.1%

36.5±1.3% 53.0±0.8% 62.6±0.4% 68.3±0.2% 72.6±0.3% 75.7±0.2% 78.3±0.0% 80.3%

16.8±1.7% 27.5±0.9% 35.6±0.9% 41.6±1.2% 46.1±1.1% 50.0±1.1% 53.4±0.4% 56.2±0.2%

28.3±1.4% 43.3±2.1% 52.9±2.1% 59.4±1.0% 64.1±1.0% 67.6±0.5% 70.0±0.5% 72.3±0.1%

22.6±2.8% 32.4±2.9% 38.8±2.5% 42.4±0.8% 46.1±0.9% 49.2±0.4% 51.4±0.5% 52.8±0.1%

E. French

25 50 75 100 125 150 175 200
Augmentation Level (%)

20.8±0.7% 31.2±0.6% 37.6±0.3% 42.3±0.7% 45.6±0.6% 48.0±0.3% 49.4±0.2% 50.9±0.1%

37.3±1.7% 53.8±0.9% 63.1±0.7% 69.5±0.6% 73.7±0.3% 77.0±0.1% 79.3±0.0% 81.1±0.0%

14.9±1.5% 25.7±1.0% 33.7±0.6% 40.2±0.1% 45.1±0.3% 48.4±0.7% 51.8±0.3% 54.6±0.2%

35.5±3.4% 51.1±3.1% 61.5±2.7% 67.6±1.7% 71.9±0.7% 75.1±0.3% 77.2±0.6% 79.1±0.1%

5.8±2.5% 11.6±2.5% 16.6±2.5% 20.5±0.7% 23.6±1.2% 27.3±1.2% 31.0±1.5% 33.8±0.2%
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Figure 5: Proportion of novel entities (% of entity surface forms absent from the original training data) introduced
by each LCA configuration (LLM-Majority, LLM-Strict, LLM-Majority+BERT), per entity type and augmentation
level, for French (A, C, E) and German (B, D, F).
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Abstract

Code-switching is widespread in multilingual
speech, yet its automatic detection remains
challenging, especially for low-resource lan-
guages. In Switzerland, a context with multiple
languages and Swiss German varieties, these
challenges are amplified by variable orthogra-
phy and limited annotated data. We present a
supervised word-level language-identification
system for code-switching detection in multi-
lingual everyday child and adult speech, ob-
tained by fine-tuning SwissBERT. We con-
structed a dataset of four languages and an
other category, implemented controlled sub-
word–label alignment, and evaluated perfor-
mance using token-level F1. To contextual-
ize SwissBERT’s performance, we additionally
fine-tuned mBERT as a multilingual baseline.
SwissBERT achieves robust word-level predic-
tions and outperforms mBERT. We release the
full training pipeline and evaluation scripts to
facilitate reproducibility.

ZurichNLP/SwissBERT-CS

1 Introduction

Multilingualism shapes Switzerland’s identity:
one-third of the population regularly uses more
than one language (Bundesamt für Statistik, 2021).
In multilingual settings, speakers often engage
in code-switching (CS), the alternation between
two or more languages within a conversation. CS
emerges early in development (Smolak et al., 2020)
and is a natural, systematic feature of multilingual
communication rather than a sign of confusion
or delay. CS occurs across sentences (i.e., inter-
sentential; “I went to the park yesterday! Ich ha
Spass gha.”) or within the same sentence (i.e., intra-
sentential; “Could you give me s Buech bitte?”).
Swiss German presents unique challenges for com-
putational models: it lacks a standardized orthog-
raphy, exhibits substantial regional variation, and

Multilingual
Annotated Dataset

Subword–Label
Alignment

SwissBERT
Fine-Tuning

Word-Level
Predictions

mBERT
Fine-Tuning

Word-Level
Predictions

Figure 1: Overview of the methodology. A multilingual
annotated dataset is aligned at the subword level and
used to fine-tune SwissBERT and mBERT.

is underrepresented in existing multilingual pre-
trained models.

These difficulties are amplified in child speech.
Young children frequently produce phonological
reductions, truncations, and non-standard word
forms that deviate from adult speech (Dodd et al.,
2003), making word boundaries and lexical iden-
tity less predictable. In multilingual contexts, chil-
dren may additionally blend features from multiple
languages within a single word or use language-
specific morphology in non-target-language utter-
ances (Paradis and Genesee, 1996), further com-
plicating word-level language identification. More-
over, child-directed speech from caregivers often
contains simplified or exaggerated forms that dif-
fer from standard adult registers (Foulkes et al.,
2005), adding another layer of variation. Unlike
social-media text, where non-standard spelling fol-
lows some community conventions that models can
learn, the variability in child speech is less system-
atic and harder to anticipate from pre-training data
alone.

In this work, we address these gaps by construct-
ing a multilingual, manually annotated dataset
across four languages and by fine-tuning Swiss-
BERT (Vamvas et al., 2023)—a transformer model
pre-trained on Swiss national languages and di-
alects—for word-level CS detection. Because
SwissBERT is pre-trained on Swiss German, we hy-
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pothesize that it will outperform other multilingual
models. To test this hypothesis, we additionally
fine-tune mBERT (Wu and Dredze 2020) as a con-
trastive baseline using the same training pipeline.

To our knowledge, this is the first work to ap-
ply transformer-based word-level CS detection to
multilingual child speech involving Swiss German.

2 Related Work

Previous work on CS relied heavily on manual
annotation to identify language boundaries (e.g.,
Lachemat et al., 2025). Most research on CS detec-
tion has focused on social-media text. The Sec-
ond Shared Task on Language Identification in
Code-Switched Data (Molina et al., 2016) provided
one of the first large-scale word-level benchmarks
for bilingual social-media corpora, highlighting
persistent challenges, including noisy orthography,
short words, and limited annotated data. Rijhwani
et al. (2017) proposed a generalized word-level
language identification model based on a Hidden
Markov Model, enabling multilingual CS detec-
tion without manually annotated training data and
demonstrating its effectiveness on Twitter data.

Recent work has increasingly turned to
transformer-based architectures. Multilingual
models like mBERT (Wu and Dredze, 2020)
and XLM-R (Conneau et al., 2020) outper-
form traditional sequence models on CS lan-
guage identification, especially when fine-tuned
on mixed-language data (e.g., Aguilar et al., 2020;
Khanuja et al., 2020; Das et al., 2023). Other stud-
ies have explored syntactic and discourse informa-
tion: Sterner and Teufel (2025) showed that syn-
tactic structure alone can support human-level CS
acceptability judgments in a graph-neural-network
model (CSntax-GNN), with patterns generalizing
across unseen language pairs.

Data-augmentation strategies have also been pro-
posed to improve CS language modeling. Hu
et al. (2020) combined monolingual sentence se-
lection, syntactic-constraint substitution, and a
pointer-generator network, achieving substantial
perplexity reductions on Mandarin–English CS cor-
pora.

A comprehensive survey by Winata et al. (2023)
reviewed more than 400 CS studies and docu-
mented a rapid increase in the number of pub-
lications. However, two gaps remain: (1) most
work targets high-resource language pairs (e.g.,
Spanish–English, Mandarin–English), and (2)

Language Words
Swiss German 50,733
English 49,658
Italian 48,844
French 46,281
Other 9,956

Table 1: Distribution of the 205,472 manually labeled
words across Swiss German, English, French, Italian
and other.

fine-grained word-level CS detection remains diffi-
cult for informal registers with high variability. Fur-
thermore, automatic CS detection in child speech,
particularly for low-resource languages, remains
unexplored. This gap is especially relevant for de-
velopmental psychology, where CS annotation is
typically performed manually. Automating this
process provides a methodological bridge between
computational linguistics and developmental re-
search, enabling scalable, reproducible analyses of
multilingual child language.

3 Data

Existing CS datasets and benchmarks focus pri-
marily on adult speakers, social-media text, or
high-resource language pairs. No existing re-
sources cover multilingual child speech in Swiss
German, so we created a manually annotated
dataset across four languages (see Table 1), includ-
ing an other category.

3.1 Sources
In total, we assembled a corpus of 205,472 man-
ually labeled words across five labels (Swiss Ger-
man, English, French, Italian, Other). The dataset
contains 46,501 utterances with a mean utterance
length of 4.42 words (SD = 5.16), ranging from 1 to
127 words per utterance. This level of variability is
characteristic of spontaneous child speech, where
children often produce one-word utterances while
caregivers may produce much longer utterances.

English, French, and Italian words were
extracted from publicly available transcribed
child-speech corpora in the CHILDES database
(MacWhinney, 2000), including Antelmi and Mor-
lacchi (2005); Stine and Bohannon (1983); Bur-
gato (2025); Hamann et al. (2003); Genesee et al.
(2004); Pizzuto (2004); Tonelli (2004); Watkins
(2004), both monolingual corpora and multilin-
gual corpora with CS. More than one third (17,624
words) of the Swiss German words were obtained
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from unpublished child speech data collected as
part of a pre-registered1 project in our research
unit. The dataset consists of spontaneous every-
day speech produced by three-year-old children
and their interlocutors (i.e., caregivers, siblings,
friends). The recordings were collected using mi-
crophones that the children wore for approximately
12 hours across one week in their everyday envi-
ronments. Because no open-source Swiss German
child speech corpora currently exist, we expanded
the Swiss German portion of the dataset with an
additional 33,109 tokens from the SwissDial cor-
pus (Dogan-Schönberger et al., 2021). Although
SwissDial is not child speech, its inclusion in-
creases lexical diversity and improves coverage of
Swiss German orthographic variation. Because the
dataset was constructed over an extended period,
the earliest stage involved artificially enriching
code-switching patterns. Specifically, within a seg-
ment of 1,619 monolingual Swiss German words,
we added 139 English words by translating parts
of existing utterance to simulate code-switching.
This approach was only used in the initial phase;
as more recordings were transcribed and real-life
instances of child code-switching became avail-
able, the dataset was expanded using real instances
instead of artificial ones.

3.2 Preprocessing
Before word annotation, the data were prepro-
cessed to ensure consistent tokenization across het-
erogeneous sources. This included: (i) splitting
contractions in English, French, and Italian (e.g.,
c’/est, don’/t) to ensure that each meaningful unit
receives an independent label; (ii) separating Swiss
German clitics (e.g., s/Auto); (iii) removing punctu-
ation; (iv) normalizing white-space and removing
transcription artifacts. These steps ensured that
word boundaries aligned with meaningful linguis-
tic units, which is essential for reliable word-level
CS detection.

3.3 Annotation
After preprocessing, the dataset was manually la-
beled at the word level. The annotator assigned one
of four languages (Swiss German, French, English,
or Italian) to each token based on its lexical form.
Proper names, place names, interjections, fillers,
and words whose language could not be reliably
assigned to any of the four languages (e.g., super,

1https://osf.io/57wt3/overview?view_only=
3fb372b514e4413ca8dbbde2056f6011

Comparison Percent Agreement Cohen’s κ
A vs. B 0.99 0.98
A vs. GOLD 0.98 0.97
B vs. GOLD 0.98 0.97

Table 2: Inter-annotator agreement for language-label
annotations.

okay) were assigned to an additional other category.
This category prevents false code-switch detections
for language-neutral or ambiguous lexical items
that do not clearly belong to a single language. All
annotations were first performed by an annotator
fluent in all languages in the dataset.

To calculate inter-annotator agreement (IAA),
we extracted a total of 200 utterances (1,831 words),
equally divided into 100 monolingual utterances
(balanced across Swiss German, English, French,
and Italian) and 100 multilingual utterances. Only
utterances containing at least three words were in-
cluded, as shorter utterances do not provide enough
lexical or contextual information to be reliably cat-
egorized. Two annotators (A and B), both fluent
in all languages of the dataset, completed the task.
Before the main annotation, they annotated 30 ut-
terances as a training exercise, after which they
proceeded independently following the annotation
guidelines.

IAA was computed between the two annotators
and relative to the gold standard (i.e., the labeled
dataset). Percent agreement and Cohen’s κ are
reported in Table 2. The agreement values are
extremely high, indicating that the task is straight-
forward and that the annotation scheme is well-
defined. Disagreements were mostly found in short
utterances, where the lack of contextual and lexical
cues made language identification more difficult.

3.4 Sentence IDs
Each label word in the dataset is associated with a
sentence identifier (i.e., Sentence ID), allowing for
the reconstruction of utterance boundaries after pre-
processing and tokenization. Maintaining utterance
structure is crucial for analyzing code-switching
patterns, as CS can occur both within and across
utterances.

4 Methodology

Our approach combines manual dataset construc-
tion, controlled preprocessing, and transformer-
based token classification. Figure 1 provides an
overview of the methodology.
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ahm wettsch du cioccolata?

other gsw gsw it

ahm wet tsch du cioc cola ta

other gsw gsw gsw it en fr

other gsw ∅ gsw it ∅ ∅

Word

Subword

Prediction

Aligned

Figure 2: Example of WordPiece tokenization with cor-
responding word-level labels, model predictions, and
loss masking. Only the first subword of each word con-
tributes to the supervised loss.

4.1 Model Architecture

We fine-tuned SwissBERT (Vamvas et al., 2023), a
multilingual transformer pre-trained on the Swiss
national languages (Standard German, French, Ital-
ian, and Romansh), and more importantly, includ-
ing recently-added Swiss German. A linear classi-
fication head predicts one of the five labels (Swiss
German, English, French, Italian or other) for each
word.

4.2 Baseline Model

To contextualize the performance of Swiss-
BERT, we additionally fine-tuned mBERT (De-
vlin et al., 2019) using the same preprocessing,
subword–label alignment, and training pipeline.
mBERT serves as a contrastive baseline: unlike
SwissBERT, it is not pre-trained on Swiss German.
This comparison allows us to isolate the contribu-
tion of SwissBERT’s dialect-specific pretraining
and assess whether exposure to Swiss German dur-
ing pretraining yields measurable improvements in
word-level CS detection.

4.3 Subword Tokenization and Alignment

SwissBERT uses WordPiece tokenization, which
frequently splits words into multiple subword units.
However, code-switching happens at the word level,
and accurate CS detection requires a single lan-
guage label per word. To reconcile word-level
labels with subword tokenization, we adopt a
first-subword labeling strategy: the first subword
inherits the word’s language label, while all subse-
quent subwords are ignored during loss computa-
tion. This alignment ensures that the model learns
word-level language boundaries while remaining
compatible with subword-based transformer archi-
tectures.

4.4 Inference

At inference time, the model applies the same pre-
processing and WordPiece tokenization used dur-
ing training. As illustrated in Figure 2, SwissBERT
outputs a label for every subword token. To obtain
word-level predictions, we use the same strategy
as in training: only the first subword is kept, and
all later subwords are ignored. This mirrors the
loss-masking scheme showed in Figure 2, where
non-initial subwords receive a null label (ø), ensur-
ing that each word receives exactly one linguisti-
cally meaningful prediction.

4.5 Training Procedure

We fine-tuned SwissBERT with a classification
head using the Hugging Face Trainer API (Wolf
et al., 2020) for five epochs, a batch size of 8, and
a learning rate of 5× 10−5. We used the AdamW
optimizer with weight decay 0.01. Validation was
performed at the end of each epoch using the F1
metric computed over non-masked tokens, and the
best-performing checkpoint was selected.

To train the model, we randomly split the anno-
tated dataset into training and validation sets using
a 90/10 ratio. The split was performed at the utter-
ance (sentence ID) level, ensuring that all tokens
within the same utterance remained in the same
partition. This prevents contextual leakage across
splits and avoids artificially inflated performance.
Each utterance was truncated to a maximum length
of 128 tokens, which standardizes input size and
ensures consistent batching during training.

We evaluate model performance using the stan-
dard F1 score, computed with the Seqeval library
(Nakayama, 2018). Seqeval is widely used for
sequence-labeling tasks such as named entity recog-
nition and token-level classification, and provides
a reliable implementation of precision, recall, and
F1 over label sequences. We report token-level F1
computed only on non-masked tokens (i.e., the first
subwords), thereby aligning the evaluation with our
word-level labeling scheme. Following common
practice in token-level evaluation, we use Seqeval’s
micro-averaged F1 across all tokens to select the
best model checkpoint during training.

5 Results

5.1 Test Setup

The models were evaluated on an independent
dataset of 15,819 manually labeled words grouped
into 3,420 utterances. This dataset was collected
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Child Languages Words
A French, Swiss German 3,442
B Italian, Swiss German 1,960
C English, Swiss German 5,337
D Italian, French, English 5,080
Total 15,819

Table 3: Composition of the evaluation dataset, based
on transcriptions of naturalistic everyday interactions
between multilingual children and their caregivers.

SwissBERT mBERT
Language P R F1 P R F1
English 0.87 0.99 0.93 0.82 0.92 0.87
French 0.98 1.00 0.99 0.88 0.90 0.89
Italian 0.91 0.90 0.90 0.83 0.88 0.85
Swiss German 0.98 0.95 0.96 0.92 0.85 0.88
Other 0.99 0.95 0.97 0.90 0.87 0.89
Overall 0.96 0.96 0.96 0.88 0.88 0.88

Table 4: Token-level precision (P), recall (R), and F1 for
SwissBERT and mBERT on the external evaluation set.
SwissBERT consistently outperforms mBERT across
all languages.

within the same pre-registered2 project described in
Section 3.1. Because it originates from a different
population and recording context than the training
corpus, it provides an ecologically valid estimate
of model generalization. The composition of the
evaluation set is provided in Table 3.

5.2 Token-level Prediction

Table 4 reports precision, recall, and F1 for each
language category for both models. Across the test
dataset, the fine-tuned SwissBERT model achieved
an overall F1 score of 0.96. Performance was high
across all languages, with F1 scores of 0.93 (En-
glish), 0.99 (French), 0.90 (Italian), 0.97 (Other),
and 0.96 (Swiss German). These results indicate
that SwissBERT generalizes well to naturalistic
multilingual child speech despite dialectal varia-
tion and informal registers.

To assess the contribution of dialect-specific pre-
training, we compared SwissBERT with mBERT,
both fine-tuned on the same training data and align-
ment strategy. mBERT achieved an overall F1
score of 0.88. While mBERT performed reason-
ably well, SwissBERT outperformed it across all
languages.

Overall, the results show that SwissBERT’s pre-
training on Swiss German leads to better subword
representations of dialectal spellings.

2https://osf.io

Metric Value
Gold switch points 736
Predicted switch points 862
Precision 0.78
Recall 0.91
F1 score 0.84

Table 5: Switch-point detection performance. A switch
is defined as a change in language label between con-
secutive tokens, excluding the label other.

5.3 Switch-Point Detection

To further evaluate the performance of our model,
we compute its ability to correctly identify
switch-points. These correspond to transitions be-
tween two consecutive words where the language
label changes, excluding any words labeled other.
The other label is treated as non-linguistic and is
removed from the evaluation stream prior to com-
puting transitions. This ensures that sequences such
as English→ other→ Swiss German are treated
as a direct English→ Swiss German transition.

Switch-points are therefore computed on a
cleaned word sequence in which all words with
the label other have been removed. A predicted
switch is counted as correct only if it occurs at the
same position in the global sequence and exhibits
the same direction of transition (e.g., Swiss German
→ English) as in the gold annotation. Experiments
on the switch-point detection, as summarized in Ta-
ble 5, show that the model achieves a switch-point
precision of 0.78, recall of 0.91, and F1 score of
0.84. These results suggest that the model captures
the majority of true code-switching transitions, al-
though it tends to over-predict switch points. This
additionally indicates that even though the model
achieves high token-level F1, as discussed in Sec-
tion 5.2, it is less effective at identifying the exact
locations of language transitions.

6 Discussion & Conclusion

Our aim was to develop an automatic approach to
detect code-switching in multilingual child speech.
We hypothesized that SwissBERT’s pre-training
on Swiss German and the Swiss national languages
would provide an advantage for multilingual
word-level classification. The evaluation con-
firmed this: SwissBERT outperformed mBERT
across all languages.
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A likely explanation for this performance differ-
ence lies in the training data and model specializa-
tion. SwissBERT is trained with a focus on lan-
guage varieties relevant to Switzerland, allowing
it to better capture linguistic nuances, vocabulary,
and orthographic variation present in the dataset.
In contrast, mBERT is designed as a broadly multi-
lingual model trained on a wide range of languages,
which can limit its ability to model specific regional
language varieties.

The strong performance of both models may also
reflect that the languages in our dataset are linguis-
tically distant, which simplifies the classification
problem. Future work with more closely related
language pairs (e.g., Standard German vs. Swiss
German) may pose greater challenges, because lex-
ical overlap and shared morphology reduce the
distinctiveness of subword patterns. Moreover,
code-switching frequency varies widely across
speakers and contexts, introducing additional vari-
ability that models must learn to handle.

A qualitative analysis also highlighted a struc-
tural limitation shared by both models: words that
are orthographically identical across languages are
difficult to classify reliably when they appear in iso-
lation or in contexts with limited syntactic informa-
tion. For example, the word da (Italian preposition
and Swiss German adverb) is sometimes misclassi-
fied when isolated. In such cases, the model has no
access to phonetic cues (which would distinguish
the two pronunciations) or semantic cues (which
would clarify the intended meaning), making mis-
classifications almost unavoidable. This limitation
is not specific to our models but reflects an inherent
ambiguity in written speech transcripts.

Finally, although the training pipeline is fully
generalizable, the current model’s advantage stems
from SwissBERT’s region-specific pre-training and
is therefore limited to the Swiss context. As our
research unit continues to collect more diverse mul-
tilingual child-speech data, the same corpus can
be extended to train classifiers that recognize an
increasingly broad set of languages, enabling pro-
gressively richer and more inclusive analyses of
code-switching.

Limitations

The dataset is imbalanced. The other category is
heterogeneous, grouping together diverse linguistic
phenomena that are not easily comparable. The
Swiss German portion of the dataset is not exclu-

sively composed of child-speech data, as it also
includes corpus data from SwissDial that differ
substantially from naturalistic child language. This
mismatch introduces distributional differences that
may affect model performance and limit the va-
lidity of the results. Our long-term goal is to re-
train the model on a corpus composed exclusively
of child-speech data as soon as additional record-
ings become available. Although the current model
shows high performance and strong inter-annotator
agreement, these metrics may shift as more closely
related languages are added. This is especially true
for distinctions between language varieties (e.g.,
Swiss German vs. Standard German).

Manual annotation is time-consuming and in-
troduces the possibility of bias, particularly for
ambiguous or context-dependent words. These
challenges are amplified by the absence of pho-
netic information, which limits the ability to disam-
biguate homographs or reduced child-speech forms.
Future work should integrate both phonetic and or-
thographic information to improve the robustness
of code-switching detection.

Ethical Considerations

All data involving families were collected in ac-
cordance with the ethical standards of the 1964
Helsinki Declaration and its later amendments. The
recordings contain sensitive everyday conversa-
tions between children and their caregivers; there-
fore, raw audio and transcripts cannot be publicly
released. The dataset reflects multilingual families
in the Zurich area, which may limit generalizability
and introduce demographic biases. Our work is
intended solely for research on early multilingual
development. The authors declare no conflicts of
interest.
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Abstract

As large language models (LLMs) rapidly en-
ter classrooms and workplaces, the public dis-
course about their impact on human skills has
significant consequences for public understand-
ing, policy, and education. We analyze this
discourse through a comparison of the scien-
tific literature and Swiss multilingual media
coverage in German and French on how LLMs
affect skills in education and work from 2022
to 2025. Using a reproducible pipeline that
combines conceptual mapping and BERTopic
modeling and proposing and implementing a
tripartite analytical framework – amplified, sim-
plified, absent – for examining how scientific
framings are recontextualized in public dis-
course, we find a sharp divergence in thematic
structure. We use these three categories to
show that media coverage amplifies concrete
use cases, simplifies differentiated scientific
debates about skills, and leaves several cen-
tral scientific themes less visible. In education
reviews, a single pedagogical topic accounts
for the majority of the corpus; in workplace re-
views, it remains dominant at 51.28%. In Swiss
media, however, the dominant topic is a broad
and generalized AI-skills discourse (52.99%),
while the education-centered topic accounts for
only 1.52%. Conceptual maps show in greater
detail that media coverage foregrounds AI ca-
pabilities, job loss, and replacement, while giv-
ing limited attention to themes central in the
literature, including AI literacy, reflective use,
metacognition, and pedagogical integration.

1 Introduction

Since the public release of ChatGPT in late 2022,
LLMs have become central to debates about edu-
cation, work, and the future of human competence.
In education, recent reviews describe a rapidly
expanding research field that links LLM use to
writing, feedback, assessment, AI literacy, critical
thinking, and broader pedagogical change (Kas-
neci et al., 2023; Yan et al., 2024; Giannakos et al.,

2025). In workplace research, LLMs are discussed
both as productivity-enhancing tools and as drivers
of changing task structures, skill requirements, and
job quality (Brynjolfsson et al., 2025; Gmyrek
et al., 2023; Salari et al., 2025).

Yet, scientific knowledge does not enter the pub-
lic sphere directly. For most citizens, emerging
technologies are encountered through media dis-
course rather than through review articles or re-
search syntheses. Media therefore matters not as
a measure of public opinion itself, but as a site
where issues are framed, simplified, dramatized,
or normalized, thereby shaping the interpretive re-
sources available to citizens when they form opin-
ions about emerging technologies. Research on
public attitudes toward AI shows that media use
is associated with the kinds of interpretive frames
people adopt when thinking about AI, while de-
liberative research suggests that public support for
AI-related applications depends strongly on how
issues are explained and contextualized (Brewer
et al., 2022; Arnesen et al., 2025).

This matters especially for the notion of skills.
In the scientific literature, “skills” is not a single,
stable category. It can refer to cognitive skills, pro-
fessional competences, (AI) literacy, metacognitive
regulation, communication abilities, or new forms
of human–AI collaboration (Acemoglu and Autor,
2011; Zhang et al., 2025; Sidra and Mason, 2024).
In the public discourse, however, these distinctions
may be compressed into narratives about replace-
ment, efficiency, or the need to “adapt”.

We thus ask: which dimensions of skill transfor-
mation associated with LLMs in scientific literature
reviews are amplified, simplified, or absent in the
discourse on public media? To answer, we compare
two corpora from the same period, 2022–2025: (1)
literature reviews in English on the effects of LLMs
on skills in education and workplace domains, and
(2) Swiss German- and French-language media ar-
ticles retrieved from Swissdox.
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This paper makes four contributions. Empiri-
cally, we provide a comparison of scientific and
media discourse on LLMs and skills in a multi-
lingual Swiss context, drawing on 246 English-
language review documents and 4,610 German-
and French-language news passages from Swissdox
covering the 2022–2025 period. Methodologically,
we develop a reproducible pipeline that combines
BERTopic modeling with conceptual mapping via
a translation-based pivot, enabling cross-arena and
cross-lingual comparison of how the same problem
space is structured in different discursive settings.
Conceptually, we propose a tripartite analytical
framework - amplified, simplified, absent - for ex-
amining how scientific framings of skill transfor-
mation are recontextualized in public discourse.
Theoretically, we argue that skill transformation
due to AI should be treated not only as an educa-
tional or labor-market issue, but as a public-opinion
issue.

2 Theoretical background

2.1 Skills, tasks, and technological change

To discuss expected skill transformation through
LLMs and their use, we start by introducing a dis-
tinction between tasks, skills, and technologies.
Acemoglu and Autor (2011) argue that techno-
logical change does not mainly replace occupa-
tions; rather it reorganizes task structures and alters
the value of particular skills. This perspective re-
mains relevant for LLMs, which intervene directly
in language-based and knowledge-intensive tasks.

Recent research on generative AI extends this
view in two directions. First, workplace studies
emphasize that LLMs might augment performance
unevenly, often benefiting less experienced workers
while also reshaping expectations of expertise, au-
tonomy, and evaluation (Brynjolfsson et al., 2025;
Woodruff et al., 2024). Second, education research
stresses that the relevant outcome is not simply per-
formance improvement, but the transformation of
competences such as writing, reflection, prompting,
critical thinking, and digital literacy (Kasneci et al.,
2023; Yan et al., 2024; Daniel et al., 2025).

This literature also shows that LLM-related skill
change is normatively ambivalent. Some studies
highlight productivity gains, scaffolding, person-
alization, and support for higher-order learning,
while others warn against overreliance, cognitive
offloading, shallow engagement, and unequal ac-
cess to AI competence (Giannakos et al., 2025;

Wang and Fan, 2025; Wieczorek et al., 2025).

2.2 Framing, mediation, and public
understanding

In this paper, we draw on a science-communication
view of media as a site of recontextualization rather
than mere transmission. Scientific reviews synthe-
size evidence and stabilize conceptual distinctions;
journalism selects, condenses, and narrativizes. As
a result, the issue is not whether media “covers” the
same material as the literature in a one-to-one way,
but how scientific problem definitions are trans-
formed into public-facing frames.

Brewer et al. (2022) show that public attitudes
toward AI are associated with different “frames
in mind,” including optimistic and risk-oriented
interpretations, and that news use predicts these
framings. Arnesen et al. (2025) similarly show that
expressed AI support is sensitive to deliberation
and knowledge conditions, which underscores the
importance of information quality for democratic
opinion formation.

In the specific case of LLMs, one likely mecha-
nism is product-centric framing: public discourse
often treats a highly visible application such as
ChatGPT as shorthand for AI more generally. From
the standpoint of skills discourse, this matters be-
cause product-centered coverage may foreground
spectacle, capability, and disruption while back-
grounding slower-moving questions about peda-
gogy, competence formation, metacognition, or
professional practice. Deeper scientific ground-
ing of relevant public discourse is further hindered
by polarization tendencies of several public media,
specifically on social media platforms (cf. (Lorenz-
Spreen et al., 2023; Nguyen and Hekman, 2024)).

2.3 Skills as a public issue
This leads to this paper’s core theoretical position-
ing: We argue that skill transformation should not
be treated only as educational or labor-market is-
sue, but as a public-opinion one. If a framed media
discourse selectively highlights some skill dimen-
sions and neglects others, the public debate around
LLMs may be structured by partial visibility. For
example, “job loss” may become publicly salient
while “AI literacy” or “reflective human–AI collab-
oration” remains largely scientific vocabulary. The
literature on AI literacy already suggests that the
concept itself is heterogeneous and evolving, span-
ning technical understanding, evaluation, ethics,
and metacognitive awareness (Zhang et al., 2025;
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Sidra and Mason, 2024).
This positioning has two implications for our

study. Theoretically, it reframes skill transforma-
tion as an object of public-opinion research rather
than only an educational or labor-market concern:
what counts as a “skill at risk” or a “skill to ac-
quire” is partly constituted by the discursive frames
through which the issue becomes publicly visible.
Empirically, it motivates a comparative design in
which the same problem space – the intersection of
LLMs and skills – is examined across two arenas
(scientific synthesis and public-facing media) in
order to identify which dimensions travel, which
are simplified, and which remain largely invisible.

3 Methods

3.1 Corpus design
The study compares two corpora covering the same
time period (2022–2025): a corpus of scientific
literature reviews in English and a corpus of bi-
lingual Swiss news media articles (French and Ger-
man). The comparison aims to analyze how the
concept of skill transformation due to LLMs is rep-
resented across different discourse arenas.

The first corpus consists of English literature
reviews on LLMs and skills in two domains: ed-
ucation and the workplace. Literature reviews
were selected because they synthesize multiple em-
pirical studies and therefore provide a condensed
representation of the scientific debate. As such,
they serve as a useful reference space for identi-
fying the main dimensions through which LLM-
related skill transformation is conceptualized in
research. The literature corpus was collected us-
ing two domain-specific queries combining AI and
skill. The exact query is in the Appendix A1. The
query does not search only for ChatGPT or GPT,
but includes broader generic terms for AI, gener-
ative AI, and large language models in English,
German, and French. Nevertheless, because the
terms GPT/ChatGPT are highly visible in public
discourse, their inclusion may increase the visibil-
ity of OpenAI-related coverage.

The second corpus consists of Swiss news media
articles retrieved from the Swissdox database.1 The
retrieval logic was aligned conceptually with the
literature corpus by combining LLM-related and
skill-related terms. The query includes English,
German, and French variants to capture multilin-
gual coverage, see the exact query in the Appendix

1See https://swissdox.ch/ (last accessed: 30.04.2026)

A1. In the Swissdox query language, this logic
was implemented using token and sequence match-
ing for multilingual expressions of both AI tech-
nologies and skill-related concepts. The extraction
initially returned 6062 German and 3478 French
articles. To focus on relevant passages only, and
also because BERTopics has limited context, we
chunk the articles into passages as follows: After
every 200 tokens we split at the next full stop. The
200-token threshold was chosen as a pragmatic
compromise: it preserves enough local context for
semantic embedding while avoiding very long pas-
sages that may contain several unrelated article
sections. This procedure does not fully preserve
journalistic structure such as headlines, leads, quo-
tations, or section boundaries. We therefore inter-
pret the resulting units as local thematic passages
rather than complete articles. Only news passages
that corresponded to the search query were kept.
This led to 2915 German and 1695 French, in to-
tal 4610 passages from Swissdox. This design
does not eliminate genre differences, but it ensures
that both datasets are sampled from the same se-
mantic problem space: the intersection of AI and
skills. The English literature reviews ’ titles and
abstracts are shorter, so we did not need to chunk
them. The literature corpus contains 78 work- and
168 education-related documents.

3.2 Analytical logic

The analytical logic is asymmetric. The literature-
review corpus is not treated as a gold standard in
any normative sense, but as a structured represen-
tation of the scientific conceptual field. The media
corpus is treated as the public mediation field in
which some of these dimensions may be amplified,
generalized, displaced, or omitted. This means the
study is not asking whether the media reproduces
the literature faithfully. Instead, it asks how the
skill dimensions present in scientific discourse are
recontextualized when they become part of public
communication.

3.3 Pre-processing and representation

Swissdox XML files were converted into structured
text data through a Python–R pipeline. Media texts
in German and French were normalized for mul-
tilingual comparison with the English-language
review corpus. We used the multilingual model
paraphrase-multilingual-mpnet-base-v2 for
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Topic Modeling (Reimers and Gurevych, 2019)2.
Because the analysis focuses on conceptual prox-
imity rather than quotation-level interpretation, se-
mantic text representations are especially impor-
tant. Embedding-based approaches are appropriate
here because they are able to capture latent patterns
or semantic similarity beyond simple word over-
lap, which is crucial when comparing journalistic
and scientific language that may refer to similar
issues with different lexical choices (Reimers and
Gurevych, 2019). We have also used a translated
version (see below) and obtained similar Topic
Modeling results.

3.4 Conceptual mapping

From this structured text data, we constructed a
visual semantic map by extracting salient terms
from the corpora and positioning them in two-
dimensional space according to their co-occurrence
proximity (i.e., terms that frequently appear to-
gether are also rendered closer to one another).
The result is a graph in which clusters correspond
to conceptual neighborhoods, and the distance be-
tween nodes reflects the degree of lexical associ-
ation. This enables an exploratory view of which
concepts are corpus-specific, which are shared, and
which form bridging zones between scientific and
media discourse. This step follows a broader text-
as-data approach in which texts are analyzed not
only as containers of content but as structured sig-
nals of social and communicative processes (Stew-
art et al., 2022). It is especially useful here because
the goal is to identify dimensions of framing rather
than just keyword frequencies.

As this method does not support multilingual
embeddings, we translated the passages automati-
cally to English using OPUS-MT (Tiedemann et al.,
2023)3. We then calculate term-term matrices with
textplot (McClure, 2016). Finally we use the spring
attraction algorithm ForceAtlas2 (Jacomy et al.,
2014) in the graph visualizer gephi.

3.5 Topic modeling

To validate and refine the conceptual map, we
use topic modeling, with BERTopic as the main
modeling framework. BERTopic is well suited
to heterogeneous corpora because it combines

2https://huggingface.co/sentence-
transformers/paraphrase-multilingual-mpnet-base-v2

3https://huggingface.co/Helsinki-NLP/opus-mt-roa-en for
French and Helsinki-NLP/opus-mt-de-en for German to En-
glish

transformer-based embeddings, dimensionality re-
duction, clustering, and class-based TF–IDF topic
representations (Grootendorst, 2022; Alammar and
Grootendorst, 2024). Alternative topic-modeling
paradigms such as Top2Vec provide useful method-
ological points of comparison because they also
rely on semantic embeddings rather than purely
bag-of-words assumptions (Angelov, 2020).

Topic modeling serves two purposes in our de-
sign. First, it checks whether the conceptual dis-
tinctions observed in the map persist at the level of
document clusters. Second, it helps operationalize
the paper’s core categories: i) amplified: themes
proportionally more prominent in media than in
the review corpus; ii) simplified: themes present
in both corpora but realized through less differenti-
ated vocabulary or narrower narrative associations
in media; iii) absent: themes clearly established in
the review corpus but weakly represented or miss-
ing in media.

3.6 Reproducibility
The study is conducted with aligned query logic,
explicit corpus boundaries, scripted preprocess-
ing, embedding-based semantic analysis, and topic-
model validation. This is also relevant to the Swis-
sText 2026 theme of reproducible NLP, because
comparative discourse analysis can otherwise be-
come difficult to audit when corpus construction
and preprocessing decisions remain implicit.

4 Results

To ensure analytical clarity, the results are pre-
sented in two strictly separated parts: (1) topic
modeling across corpora and (2) temporal-semantic
patterns in the media corpus. No cross-references
are made between these analytical layers.

4.1 Topic modeling across corpora
This subsection reports how the main BERTopic
clusters are distributed across the three corpora and
how they should be interpreted in relation to one
another. We first clarify the topic labels, then com-
pare their relative prominence across scientific ed-
ucation reviews, scientific workplace reviews, and
Swiss media passages. In BERTopic, Topic -1 is
a standard outlier or residual category: it contains
documents that the clustering procedure does not
assign to a more coherent topic. We therefore do
not interpret Topic -1 as a substantive topic in the
same way as Topics 0, 1, 2, or 3, but as an indica-
tor of thematic heterogeneity and weak clustering.
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Figure 1: Distribution of the main topics across corpora.

Topic 3 is the education-centered topic, character-
ized by terms such as students, learning, skills, and
education. Topic 0 captures a broad AI-capabilities
discourse, often centered on what AI systems can
do and how surprising these abilities appear. Topic
1 and Topic 2 capture more applied or practice-
oriented discussions, including uses, tasks, compe-
tences, and work-related implications. Topic -1, as
noted above, is the residual category.

We first analyze how topics are distributed across
the three corpora. In the scientific education cor-
pus (Sci_Education in Figure 1), the distribution
is highly concentrated: Topic 3 (students, learn-
ing, skills, education) accounts for the majority
of all content. This indicates a unified and peda-
gogically anchored discourse, with minimal con-
tribution from other topics. In the scientific work-
place corpus (Sci_Workplace), the distribution is
more heterogeneous. Topic 3 remains dominant
(51.28%), but Topic -1 (26.92%) and Topic 2
(14.10%) contribute substantially. This reflects a
broader thematic scope that combines general AI
discourse with applied and practice-oriented per-
spectives on skills. In contrast, the media corpus
(SwissDox) is markedly fragmented. Topic -1 dom-
inates with 52.99%, followed by Topic 0 (9.70%),
Topic 1 (7.22%), and Topic 2 (6.01%). Topic 3,
i.e., the education-centered topic, accounts for only
1.52%, indicating that pedagogical perspectives are
largely absent from media coverage. Topics -1 to 3
cover the vast mass of the textual data, but it is in-
sightful to explore further topics, see the Appendix
A2.

4.2 Temporal patterns in the media corpus

We now analyze the conceptual map of the media
corpus over time (Figure 2). In this analysis, the
publication year (2022–2025) functions as a meta-
variable for comparing corpus slices and structur-
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Figure 2: Conceptual map showing German and French
translated news articles over time (2022-2025).

ing the semantic space. Figure 2 shows that media
vocabulary shifts from early technological novelty
in the year 2022 toward later labor-market and so-
cietal implications.

The map shows a clear temporal progression of
themes. In 2022, the full form "artificial intelli-
gence" is still used frequently, and the hope that we
can "understand" the "brain" due to AI "research"
(terms appearing in the maps are in straight quotes).
In 2022–2023, the discourse is centered on tech-
nological emergence and proliferation of use, with
clusters around terms such as "chatgpt," "models,"
"language," and "openai". The "abilities" of AI are
surprising. This phase reflects the introduction and
initial public engagement with generative AI.

In 2023–2024, the semantics shift toward use
and application, with terms such as "tools," "ap-
plications," "tasks," "skills," and "users" becoming
central. This indicates a transition from novelty to
practical experimentation and integration.
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In 2024–2025, the discourse turns more ori-
ented toward societal and economic implications,
with prominent clusters including "jobs," "mar-
ket," "risk," "investment," and "competences." The
debate focusses on labor-market transformation
and future relevance of skills, particularly in 2025,
where "social" impact, "jobs" and the question if
AI will "replace” us moves into the center, and also
which "skills" are required.

Across these phases, we have identified three
distinct patterns in this progression:

First, we observe that the media discourse
evolves from abstract technological concepts to
more concrete socio-economic concerns. A first
pattern is therefore amplification through concrete
use cases. By this we mean that media coverage
tends to make LLM-related skill transformation vis-
ible through recognizable examples: specific pro-
fessions, companies, products, risks, public figures,
or dramatic scenarios. This concreteness makes the
issue more accessible, but it also amplifies those
aspects of the debate that are easy to narrate, such
as job loss, replacement, or spectacular AI capabil-
ities.The media discourse appears to amplify the
visible and dramatizing dimensions of skill trans-
formation, especially those that can be narrated
through recognizable actors, professions, or risks.
This amplification intensifies in the later period
(2024–2025), where labor-market and risk-related
terms become more prominent.

The second pattern is simplification through lex-
ical compression. Preliminary results indicate that
scientific distinctions among skills, competences,
literacy, reflection, and higher-order thinking are of-
ten collapsed in media discourse into broader and
less specialized categories. Within the semantic
map, this is reflected in densely connected clusters
where heterogeneous terms co-occur without form-
ing clearly separated conceptual domains. In this
sense, the media does not simply omit scientific vo-
cabulary; it often translates differentiated scientific
debates into broader narratives about adaptation,
employability, or disruption.

A third pattern is absence or weak visibility.
Several dimensions that are prominent in the re-
viewed scientific literature currently seem under-
represented in media discourse: AI literacy as a
structured competence, metacognitive awareness,
reflective use of AI, pedagogical integration, and
nuanced accounts of augmentation versus substitu-
tion. These dimensions do not appear as distinct
or central clusters in the semantic structure of the

media corpus. We interpret this as weak public
visibility: these concepts may appear occasionally,
yet they do not organize the media discourse in the
way they organize parts of the scientific literature.

These observations remain preliminary and will
need to be tested against topic-model outputs and
robustness checks, but they already point to a sig-
nificant difference between the scientific concep-
tualization of skill transformation and the public
framing available through media discourse.

4.3 Semantic patterns among the corpora
including the meta-information

The semantic maps including the different corpora
(see Figure 3 in Appendix A3) visualizes a dense,
interconnected landscape centered on the transfor-
mative impact of artificial intelligence, specifically
generative models, on education and the profes-
sional world, in distinction to the Swissdox news
passages (see “French” and “German" on the left).
The news are framing “people” and persons (e.g.,
Sam Altman and Lukas Walker), express surprise
about the “abilities” of the models, often shortcut-
ting methods and frameworks to individual prod-
ucts and companies (“gpt”, “openai”). There are
aspects relating to the local settings, “swiss” is of
course on the side of Swiss news, while scientific
concepts like “experimental,” “methods,” “signifi-
cant,” and “effects” are due to scientific practice.

The core of the map is dominated by technolog-
ical terms such as “AI,” “language models,” “au-
tomation,” and "code,” which radiate outward to
touch upon critical societal domains. Technolog-
ical concepts do not exist in isolation; their prox-
imity and repeated connections to terms such as
“learning,” “teaching,” “students,” “teachers,” and
“workplace” indicate that the mapped discourse fre-
quently connects AI technologies with educational
and professional activities. The graph indicates a
research field that is actively mapping how tools
like chatbots and LMMs are reshaping pedagog-
ical methods, assessment strategies, and the very
nature of “skills” required in the modern economy.
The fact that “skills,” “research” and “university”
are central in the map indicates that also news me-
dia is reporting on the scientific discussion, and
universities are seen in a bridging function.

A big portion of the map is dedicated to ethical
and practical challenges arising from this integra-
tion. Terms like “ethical,” “risk,” “concerns,” and
“responsibly” are woven throughout the connec-
tions between AI and human systems, highlighting
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a pervasive concern for the safe and fair deploy-
ment of these technologies. The map suggests that
the conversation is not only about efficiency or in-
novation but equally on potentials for harm, the
need for regulation, and the preservation of hu-
man agency. This is emphasized by the presence
of words like “security,” “replace,” “affect” and
“lack”, close to the constant, ambiguous need for
“change,” “innovation” and “automation,” counter-
weights to more optimistic terms like “support,”
“facilitate,” “promote.” All these terms are between
media and science, but the positive ones closer to
science, the negative ones closer to media.

The specific highlighting of “sciwork” and “sci-
edu” points to a specialized focus on scientific work
and science education, implying that the data under-
lying this map may originate from academic litera-
ture or research projects specifically targeting these
domains. The dense clustering around “literature,”
“research,” “study,” and “framework” confirms that
this visualization likely represents a synthesis of
scholarly inquiry rather than general public opinion.
The intricate web of connections between “meth-
ods,” “evaluation,” “assessment,” and “feedback”
suggests a rigorous approach to understanding how
AI can be integrated into educational curricula and
professional development without compromising
academic integrity or professional standards. Ul-
timately, the map portrays a complex, evolving
ecosystem where technology, education, and work
are inextricably linked, requiring continuous adap-
tation and careful consideration of ethical implica-
tions.

5 Discussion

The discussion follows the three main findings iden-
tified above: amplification through concrete use
cases, simplification of the science, and omission
of key scientific themes. The preliminary findings
support a view of media discourse not as a diluted
copy of science, but as a selective reframing of
scientific and technological developments for pub-
lic communication. The analysis does not directly
measure public opinion; rather, it identifies the me-
dia frames through which members of the public
are likely to encounter debates about LLM-related
skills.

5.1 Amplification through concrete use cases

First, media discourse amplifies LLM-related skill
transformation by making it concrete through rec-

ognizable use cases, actors, products, professions,
and risks. What becomes publicly salient is not
the full conceptual architecture of the literature,
but a narrower subset of dimensions that are eas-
ier to narrate: spectacular capability, labor-market
disruption, expertise, and competition. This con-
creteness makes an abstract technological debate
accessible, but it also gives disproportionate visi-
bility to dramatic or easily personalized examples,
such as ChatGPT, prominent companies, job loss,
and replacement scenarios.

5.2 Simplification of the science

Second, media discourse simplifies the science by
compressing differentiated concepts into broader
and less specialized categories. This is visible in
the media’s tendency to collapse distinct pedagog-
ical concepts into single, high-frequency nodes,
whereas the scientific networks maintain clearer
separations between “learning,” “assessment,” “lit-
eracy,” and related concepts. This matters because
the scientific literature treats skill transformation as
a complex process involving learning design, liter-
acy, metacognition, ethical judgment, and evolving
professional competence (Yan et al., 2024; Zhang
et al., 2025; Clear et al., 2025). In the scientific
maps, terms such as “ethical,” “concerns,” and “re-
sponsible” connect AI to human agency; in the
media corpus, these distinctions are more often ab-
sorbed into generalized narratives about adaptation,
risk, disruption, or employability. Deskilling there-
fore tends to appear in media as a broad anxiety
frame, while the literature differentiates between
competences that may atrophy under overreliance
and those that may become newly important, in-
cluding prompt design, source evaluation, reflective
monitoring, and human–AI coordination.

5.3 Omission of key scientific themes

Third, several key themes from the scientific litera-
ture are weakly visible or largely absent in media
discourse. These include AI literacy as a structured
competence, metacognitive awareness, reflective
use of AI, pedagogical integration, and nuanced
accounts of augmentation rather than simple substi-
tution. Their weak visibility matters because these
concepts would help the public understand what
skillful adaptation to LLMs entails.
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5.4 Implications for science communication
research

These findings extend existing work on AI framing
and public attitudes (Brewer et al., 2022; Arne-
sen et al., 2025) in three ways. First, the analysis
quantifies the asymmetry between scientific and
public framings within the same semantic problem
space: a single pedagogical topic accounts for the
majority of the education-review corpus but only
1.52% of the media corpus. Second, the tempo-
ral analysis suggests that media framing evolves
from technological novelty (2022–2023), through
use and application (2023–2024), to labor-market
and societal implications (2024–2025), providing
an empirical reference point for studies of how
emerging-technology discourse stabilizes over time.
Third, the persistent synecdochal use of “ChatGPT”
as shorthand for AI more generally indicates a
product-centered framing that may shape policy
and educational debates by tying abstract questions
about competence to a single commercial artifact.

From a public-opinion perspective, this is conse-
quential. If citizens encounter LLM-related skills
mainly through product-centric and disruption-
oriented narratives, democratic debate about educa-
tion and work may be shaped by a partial repertoire
of interpretations. Rather than encountering the
full range of scientific concepts used to understand
learning, work, and human–AI collaboration, the
public is more likely to encounter a narrower dis-
course centered on capability, disruption, and risk.
Methodologically, the study shows the value of
comparing media and review literature through se-
mantic and topic-based methods rather than direct
content matching: the goal is not literal equiva-
lence, but a structured account of recontextualiza-
tion across discourse arenas.

6 Conclusion

This study shows that scientific and media dis-
courses construct different public meanings of
LLM-related skill transformation. While the sci-
entific literature emphasizes differentiated ques-
tions of AI literacy, cognitive skills, ethical control,
metacognition, and human–AI collaboration (Bryn-
jolfsson et al., 2025; Wang and Fan, 2025; Zhang
et al., 2025), the Swiss media corpus more often
foregrounds concrete and product-centered narra-
tives of capability, disruption, replacement, and
economic risk. Media discourse therefore does not
simply transmit scientific knowledge; it recontextu-

alizes it into public-facing frames that shape which
skill futures become publicly visible (Brewer et al.,
2022; Arnesen et al., 2025).

Our main contribution is to make this recontex-
tualization empirically visible through the frame-
work of amplification, simplification, and absence.
Media coverage amplifies concrete use cases, visi-
ble actors, and dramatic risks; simplifies scientific
distinctions among skills, competences, literacy,
reflection, and professional adaptation; and leaves
key scientific themes such as pedagogical integra-
tion, metacognitive regulation, and reflective hu-
man–AI collaboration weakly visible. The frequent
use of “ChatGPT” as shorthand for AI further rein-
forces a product-centered understanding.

Practically, the findings suggest that public de-
bate about AI and skills may become reactive if it
is organized mainly around job loss, technological
spectacle, and replacement. Such a framing risks
narrowing democratic deliberation and policy imag-
ination: it makes risks visible, but less often shows
how skills can be developed, protected, or trans-
formed. More balanced science communication
should therefore make visible not only disruption,
but also the forms of learning, judgment, AI liter-
acy, and human–AI coordination needed for skillful
adaptation in education and work.

The study remains limited by corpus compara-
bility, multilingual semantic alignment, its focus
on reviews and Swiss media, and the absence of
direct public-opinion or behavioral measures. The
year-based analysis also does not yet use formal
temporal models such as dynamic topic modeling
or change-point detection. Future research should
extend the comparison to empirical studies, pol-
icy documents, and additional media contexts, and
should test how specific media frames shape pub-
lic attitudes toward AI in education and work. It
should also examine the conditions under which
more differentiated scientific framings enter public
discourse, and whether media coverage can move
beyond the binary of “human versus machine” to-
ward a more precise account of augmentation, adap-
tation, and responsible skill development.
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A Appendices

A.1 Search-queries used to retrieve the
documents

For the education domain, the exact query was:
("large language models" OR "LLM" OR "LLMs"
OR "AI" OR "GenAI" OR "artificial intelligence")
AND ("skills" OR "competences" OR "upskilling"
OR "up-skilling" OR "deskilling" OR "de-skilling")
AND ("students" OR "pupils") AND ("education"
OR "school"). For the workplace domain, the query
was: ("large language models" OR "LLM" OR
"LLMs" OR "AI" OR "GenAI" OR "artificial in-
telligence") AND ("skills" OR "competences" OR
"upskilling" OR "up-skilling" OR "deskilling" OR
"de-skilling") AND ("workplace" OR "job" OR
"workforce" OR "labor" OR "labour" OR "mar-
ket").

The conceptual query used for Swissdox cor-
responds to the following structure: ("LLM" OR
"LLMs" OR "GPT" OR "AI" OR "KI" OR "IA"
OR "GenAI" OR "large language models" OR
"grosse Sprachmodelle" OR "grands modèles de
langage" OR "artificial intelligence" OR "kün-
stliche Intelligenz" OR "intelligence artificielle")
AND ("skills" OR "compétences" OR "capac-
ités" OR "Fähigkeiten" OR "Kompetenzen" OR
"deskilling" OR "Entqualifizierung" OR "déqualifi-
cation" OR "de-skilling" OR "De-Qualifizierung"
OR "dé-qualification" OR "upskilling" OR "Weit-
erqualifizierung" OR "requalification" OR "up-
skilling" OR "Up-Skilling").

A.2 Description of the topics 4 to 10

Topics -1 to 3 cover the vast mass of the textual
data, but it is insightful to explore further topics.
The keywords of topics 4 to 10, followed by our
interpretation and an excerpt form the most proto-
typical passage are:

Topic 4: ki, 0r0, fähigkeiten, intelligenz, ia,
menschliche, intelligence artificielle, artificielle,
capacités, künstliche. Topic 4 focusses on how
similar AI is to human intelligence. “Früher als
gedacht könnten die Fähigkeiten von künstlicher
Intelligenz denjenigen eines menschlichen Gehirns
entsprechen.”

Topic 5: capacités, capacités calcul, calcul, ia,
données, développement, microsoft, centres, ki
fähigkeiten, plus. Topic 5 is about the comput-
ing centres and their energy consumption “ ...
l’IA générative, qui nécessite des capacités de cal-
cul colossales pour traiter les informations accu-
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mulées”
Topic 6: lernen, müssen, wurden, kompetenzen,

compétences, führt, denken, gpt, wichtiger, daran.
Topic 6 takes up the discussion on skills needed
in society, it is close to topic 3, but with concrete
framing. “Diese Kompetenzen wurden schon im-
mer gebraucht. Aber sie wurden wichtiger. Gerade
jetzt, wo die künstliche Intelligenz hinzukommt,
führt kein Weg daran vorbei, das Lernen an sich zu
thematisieren”

Topic 7: capacités, scientifique, intelligence arti-
ficielle, artificielle, ki, fähigkeiten, zurich, avancée,
intelligence, dix. Topic 7 takes up the scientific
discourse and fulfills a bridging function. “Une
approche en collaboration avec de nombreuses in-
stitutions dont les Universités de Genève et Zurich
et les deux Écoles polytechniques fédérales.”

Topic 8: gar, eigenen, intelligenz, apple, co,
kognitiven fähigkeiten, kognitiven, weitere, chat-
gpt, vielmehr. Topic 8 features philosophical dis-
courses which are often absent in scientific litera-
ture. “Was uns bei ChatGPT als künstliche Intelli-
genz erscheint, ist demnach lediglich ein Spiegel,
der unsere eigenen Wünsche, Bedürfnisse und kog-
nitiven Fähigkeiten zurückwirft.”

Topic 9: intelligenz, künstliche, künstliche
intelligenz, menschliche fähigkeiten, imitieren,
fähigkeit, menschliche, 00, fähigkeiten, kreativität.
Topic 9 seems as unspecific as Topic -1. What may
distinguish it is its pedagogical focus. “Dieser Ar-
tikel stammt aus der Schweizer Familie Was genau
ist künstliche Intelligenz?”

Topic 10: générale, sam, sam altman, altman,
humaines, intelligence artificielle, artificielle, cog-
nitives humaines, intelligence, artificielle générale.
Topic 10 shows the personalization which is typ-
ical for news reporting. “Son patron, Sam Alt-
man, a récemment expliqué travailler désormais
vers l’intelligence artificielle dite «générale» ...”

A.3 Additional conceptual maps
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Abstract

Large language models (LLMs) are increas-
ingly mediating hiring communications, serv-
ing both as tools for applicants to draft negotia-
tion emails and as systems for recruiters to eval-
uate them. Such mediation risks introducing
variability and hidden dependencies into high-
stakes outcomes such as salary expectations
and hiring decisions. This paper investigates
how the outcomes of these bidirectional inter-
actions, specifically salary expectations and hir-
ing recommendations, are influenced by gender
signaling, model identity, and language con-
text. We study this setting with a two-stage
analysis across models and English/German
contexts, using 2,880 Stage 1 observations and
1,441 paired Stage 2 evaluations. We find no
strong or consistent pooled gender effects. In-
stead, model differences dominate, while scalar
ratings are stable and categorical recommenda-
tions are less robust.

1 Introduction

Large language models are rapidly becoming em-
bedded in hiring workflows, not only as tools
for evaluating candidates1 but also as assis-
tants that help applicants draft negotiation mes-
sages2(Chaturvedi and Chaturvedi, 2025). Rather
than supporting isolated decisions, models now
shape the full interaction loop, generating negotia-
tion content and evaluating it, raising new questions
about how such systems influence outcomes in hir-
ing contexts (Geiger et al., 2025). This raises a
concern: outcomes may reflect interacting model
behaviors that are difficult to anticipate or control
rather than transparent human judgment.

Most prior work studies LLMs in hiring as iso-
lated decision-makers, focusing on static tasks

1https://www.herohunt.ai/blog/
ai-adoption-in-recruiting-2025-year-in-review

2https://www.interviewpal.com/free-tools/
salary-negotiation-email-generator

such as ranking, screening, or salary assign-
ment (Chaturvedi and Chaturvedi, 2025; Rozado,
2026; Li et al., 2025). This perspective overlooks
a key aspect of real-world hiring: negotiation as
an interactive process, where outcomes depend on
how candidates articulate their expectations (Mazei
et al., 2015). Although recent work has begun to
explore more personalized uses of LLMs, such as
career advice (Geiger et al., 2025; Eloundou et al.,
2025), it is unclear how outcomes are shaped when
LLMs mediate both sides of such a high-stakes
interaction.

Recent work shows that LLM behavior in hiring
can vary substantially across model providers and
versions (Geiger et al., 2025). At the same time,
bias patterns have been shown to vary between
languages, for example, between English and Ger-
man prompts (Ikae and Kurpicz-Briki, 2025). We
are building on this line of studies using minimal
identity perturbations, such as name-based gender
swaps, demonstrating that even small changes in
identity signals can affect model outputs (Rozado,
2026; Li et al., 2025). In this paper, we com-
bine these perspectives by examining how model
choice, language context, and decision format in-
teract within a fully bidirectional, LLM-mediated
negotiation setting.

We introduce a reproducible two-stage exper-
imental pipeline in which models from three
providers are used to generate salary negotiation
emails and to evaluate them3. In Stage 1, we
extract salary range midpoints and widths from
generated negotiation responses (Geiger et al.,
2025). In Stage 2, the same responses are eval-
uated under paired identity perturbations, isolat-
ing evaluation differences while holding content
constant (Rozado, 2026; Li et al., 2025). Experi-
ments are conducted in English (UK) and German

3https://github.com/zhaw-iwi/
swisstext-gender-in-job-ads_pub

192

https://www.herohunt.ai/blog/ai-adoption-in-recruiting-2025-year-in-review
https://www.herohunt.ai/blog/ai-adoption-in-recruiting-2025-year-in-review
https://www.interviewpal.com/free-tools/salary-negotiation-email-generator
https://www.interviewpal.com/free-tools/salary-negotiation-email-generator
https://github.com/zhaw-iwi/swisstext-gender-in-job-ads_pub
https://github.com/zhaw-iwi/swisstext-gender-in-job-ads_pub


(Switzerland) across two professional roles.
We examine whether LLMs exhibit gender dif-

ferences in generated salary expectations, whether
identical negotiation emails are evaluated dif-
ferently under minimal identity changes, and
how model, language, and decision format shape
these patterns. We contribute a two-stage
generation–evaluation pipeline, a controlled En-
glish/German comparison, and a systematic analy-
sis of model, language, and decision-format effects
in LLM-mediated hiring interactions.

2 Method

2.1 Experimental Design

We used a two-stage pipeline built on controlled
synthetic stimuli. In Stage 1, a model generated a
short salary-negotiation response to a manually cre-
ated recruiter template. In Stage 2, that response
was evaluated twice under minimal identity per-
turbation: only the signature name was swapped,
while the email body remained unchanged. This
isolates generation from evaluation effects.

The design varies the language context, role, can-
didate name, and model. We used English for a UK
market prompt and German for a Swiss-German
market prompt. We focused on two roles, Senior
Data Analyst and Senior Project Manager, each
requiring 5–7 years of experience.

2.2 Stimuli and Prompt Setup

All Stage 1 prompts used the same manually cre-
ated recruiter-message template for each language.
The full text of these templates and the specific
system instructions for each provider are provided
in our repository. This template served as the stim-
ulus, where the "recruiter" asked for a response
with a realistic annual salary range, and the model
was instructed to sign with the candidate’s name.
The task structure was constant between models;
language, role, market, and candidate name varied.

Gender was signaled only through names. For
each language context, we used four female and
four male names. In Stage 2, each name had a
fixed opposite-gender partner, and only the signa-
ture name was changed. The fixed mapping re-
duced variance and preserved a tightly controlled
paired comparison.

2.3 Models

We included one current model from three major
providers at execution time: OpenAI, Anthropic,

and Google. The runs used gpt-5.4 (resolved in
the metadata as gpt-5.4-2026-03-05) (OpenAI,
2026), claude-sonnet-4-6 (Anthropic, 2026),
and gemini-3.1-flash-lite-preview (Google,
2026). We used identical prompt templates and re-
tained model default generation settings unless re-
quired by the API. Model identifiers and metadata
were recorded for reproducibility and are stored in
our GitHub repository.

2.4 Stage 1: Negotiation Generation Stage

In Stage 1, each model was instructed to write a
brief professional response to a recruiter message
and include a realistic annual salary range. The
primary results were salary midpoint and range
width, derived from the minimum and maximum
values extracted. Extraction was performed using
rule-based parsing with manual validation by the
authors. The validation showed around 85% extrac-
tion accuracy, and errors were fixed manually to
enable further processing of the data.

2.5 Stage 2: Synthetic Evaluation Stage

Stage 2 tested whether identical negotiation content
is judged differently after a name swap. For each
Stage 1 email, we created a paired variant by re-
placing only the candidate’s signature name with its
mapped opposite-gender counterpart. The models
assessed the professionalism, likeability/warmth,
and appropriateness of the salary request (1–7),
plus a categorical recommendation (Proceed, Pro-
ceed with caution, Do not proceed). These assess-
ments were conducted through separate inference
runs for each variant to ensure no context over-
lap. This isolates within-model evaluation before
introducing cross-model variability.

In the main analysis, the evaluation was per-
formed by the same model: each model judged
texts generated by that same model. We took this
decision to reduce the complexity of the design in
this preliminary study.

2.6 Analysis

For Stage 1, we compared midpoint and width
under female versus male signaling while mod-
eling language, role, and model. For Stage 2, we
computed paired deltas for the three scalar ratings
and the recommendation shift rate for the categori-
cal decision. Inferential analyses used paired tests
and regression as appropriate, with bootstrap con-
fidence intervals. We applied the Holm correction
within each outcome family.
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Two design choices matter for interpretation.
First, the English and German conditions should be
read as language-context comparisons, not as na-
tional pay estimates. Second, the study prioritizes
internal control over demographic realism: names
serve as minimal identity cue and the fixed prompt
suppresses real-world covariates.

3 Results

We analyze 2,880 Stage 1 observations and 1,441
paired Stage 2 observations. We find no consis-
tent gender effects in generated salary targets or
mean scalar evaluation scores. Instead, the clear-
est patterns are model differences in Stage 1 and
decision-format differences in Stage 2: scalar rat-
ings are stable on average under name swaps, while
categorical recommendations are less robust.

3.1 Stage 1: Small Gender Effects
Pooling across models, roles, and prompts, the
difference between the female and the male mid-
point was GBP −128.472 in English and CHF
−97.222 in German. Width differences were also
small and inconsistent (GBP 20.833 in English and
CHF 375.000 in German). In the pooled model,
the gender effect was not significant for midpoint
(p = 0.565, Holm p = 0.860) or width (p = 0.430,
Holm p = 0.860).

3.2 Stage 1: Model Effects Dominate
Model differences were much larger than pooled
gender gaps. In both language contexts, Claude pro-
duced the lowest midpoint means, GPT the highest,
and Gemini lay between them. In English, model
midpoints means ranged from roughly GBP 76.5k
(Claude) to GBP 85.0k (GPT); in German, they
ranged from roughly CHF 127.3k (Claude) to CHF
136.2k (GPT). Width differences also varied by
model, with Gemini showing especially narrow
ranges in the German conditions.

Controlled models support this pattern: relative
to Claude, model terms for Gemini and GPT were
significant for midpoint (both p < 0.001). Figure 1
shows that model variation exceeds gender gaps.

3.3 Stage 2: Stable Scalar Ratings
In Stage 2, the average effects of name-swapping
on the three scalar evaluation dimensions were
close to zero. Across all observation pairs, mean
deltas were 0.014 for professionalism, 0.008 for
likeability, and 0.024 for appropriateness. None
of these changes were significant: professionalism

p = 0.792, likeability p = 0.829, and appropriate-
ness p = 0.635 (all Holm-corrected p = 1.000).
Scalar evaluations are therefore largely invariant to
the name swap at the aggregate level.

3.4 Stage 2: Categorical Recommendations
The categorical recommendation outcome behaved
differently. The recommendation class changed in
16.3% of the paired cases, and this shift rate was
significant (p = 0.009, Holm p = 0.036). Thus,
even though the mean scores for professionalism,
likeability, and appropriateness remained near zero,
the final decision category was more sensitive to
minimal identity disturbance.

Recommendation instability was also model-
dependent. Gemini had a shift rate of 2.9%, com-
pared to 21.9% for Claude and 24.1% for GPT.
In the controlled provider model, again using
Claude as the omitted reference category, Gemini
showed a strongly negative log-odds coefficient
of recommendation-shift (−2.236, p < 0.001),
whereas GPT did not differ significantly (0.127,
p = 0.407). Figure 2 shows both the quasi-
zero scalar deltas and the much wider spread in
recommendation-shift rates.

3.5 Extreme Cases and Variation
The quasi-zero scalar averages conceal a tail of
extreme reversals. 225 paired cases showed large
simultaneous movement in all three scalar ratings
(|∆| ≥ 3 for professionalism, likeability, and ap-
propriateness). These cases were concentrated al-
most entirely in GPT evaluations (224/225), with
more in English (128) than in German (96). Direc-
tionally, these flips were not fully symmetric: the
female-signaled version scored lower in 126 cases
and higher in 99 cases.

Language differences were present, but mainly
through model-language combinations rather than
as a single uniform cross-lingual effect. Instability
varied by model-language combination: Claude
was less stable in German than English, GPT
showed the opposite pattern, and Gemini remained
comparatively stable in both. These patterns sug-
gest that language effects are less consistent than
model effects.

4 Discussion & Conclusion

Our findings suggest that LLM behavior in hiring-
related tasks is not well captured by a single notion
of bias. Although we do not observe strong or con-
sistent pooled gender effects in generated salary
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Figure 1: Stage 1 results. Left: model-level midpoint means by language context, shown in local currency (GBP for
English prompts and CHF for German prompts). Right: female-minus-male midpoint gaps by model and language.

Figure 2: Stage 2 results. Left: overall score deltas for professionalism, likeability, and appropriateness. Right:
recommendation-shift rates vary substantially across model-language conditions, with the dashed line marking the
overall shift rate of 16.3%.

ranges or mean scalar evaluation scores, model
outputs are not simply neutral or stable. Instead,
they exhibit structured instability, with behavior de-
pending on model, language context, and decision
format. This implies vendor-dependent outcomes:
salary expectations differ across models, reflecting
system choice rather than candidate characteris-
tics. Decision inconsistency emerges, as identical
content can lead to different recommendation cat-
egories, and hidden instability arises, with scalar
ratings appearing stable while final decisions re-
main sensitive to small perturbations.

Model differences dominate generation, making
model choice a primary driver of salary expecta-
tions. In evaluation, scalar ratings remain stable un-
der minimal identity perturbations, but this masks

a tail of extreme reversals. In contrast, categori-
cal recommendations are substantially less stable,
suggesting that output formats differ in operational
reliability.

These results highlight the importance of view-
ing LLM use in hiring as an interaction between
generation and evaluation, rather than isolated
tasks. When models are used on both sides, dif-
ferences in model, language, or output format
may propagate, amplifying variability. Neither
scalar nor categorical outputs should be treated
as reliable for high-stakes decisions. Although
scalar ratings appear more stable, model behav-
ior is configuration-dependent. This highlights the
need for reproducible, context-sensitive evaluation
across models, languages, and decision formats.
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Limitations

Gender was operationalized through names, which
provides a minimal and naturalistic cue but does
not isolate gender alone: names may also carry
class, ethnicity, age, or other sociocultural associ-
ations. The observed effects should therefore be
interpreted as responses to name-based gender sig-
naling under controlled conditions rather than as
clean estimates of gender bias in isolation.

The cross-lingual comparison is also a language-
market comparison. English prompts were paired
with a UK market context and German prompts
with a Swiss-German market context because re-
alistic salary negotiation depends on local com-
pensation norms. This improves plausibility, but
it means the design cannot disentangle linguistic
effects from economic and cultural expectations.
The cross-language results are therefore contextual
rather than causal.

The design scope is narrow. We study only two
relatively senior white-collar roles, so the findings
may not generalize to other occupations, industries,
or seniority levels. Likewise, the factorial design
is better suited to detecting the main contrasts of
interest than very small higher-order interactions.

Stage 2 uses same-model evaluation of model-
generated text. This keeps the comparison tightly
controlled but limits claims about whether the same
patterns would hold under cross-model evalua-
tion. More generally, the task remains a simpli-
fied proxy for real negotiation, relying entirely on
researcher-authored stimuli and model-generated
responses without human participants. Actual hir-
ing communication is often multi-turn, includes
richer identity cues, and involves strategic adapta-
tion by both sides. Furthermore, this study focuses
on the technical behavior of interacting models;
however, the practical displacement of transpar-
ent, criteria-based human judgment by automated
LLM-to-LLM interactions raises significant ethi-
cal questions regarding accountability and hidden
dependencies in hiring.

Finally, the findings are tied to specific model
snapshots. Commercial systems are updated fre-
quently, and even small version changes may alter
both generation style and evaluation behavior. The
results should therefore be read as evidence about
the tested systems at execution time, not as stable
properties of future versions.
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Abstract

Many collaboration settings require digital sup-
port systems for several humans who coor-
dinate through ongoing communication. We
study one such application in firefighter in-
cident command: a dashboard that monitors,
from radio transcripts, the state of predefined
tasks derived from standard operating proce-
dures (SOPs) and related procedures. Build-
ing such a dashboard raises a practical design
question: how much transcript structure is ac-
tually needed for LLM-based task-state moni-
toring? More specifically, we examine whether
additional transcript structure materially im-
proves monitoring performance, even though
it is difficult to obtain reliably from radio com-
munication and increases complexity and la-
tency. We evaluate this question on source-
grounded synthetic firefighter scenarios under
transcript conditions that vary speaker identity
and utterance boundaries, with incremental in-
ference as the deployment-facing condition and
full-transcript inference as an offline reference.
Across repeated runs, incremental monitoring
remains strong across all transcript conditions.
Differences between transcript structures are
small, continuous transcripts remain competi-
tive, and the main weaknesses are unit-related
assignment timing and capturing the comple-
tion result, which remain broadly similar across
conditions. These results suggest that for this
bounded dashboard-support capability, neither
speaker identities nor semantically precise ut-
terance boundaries are a primary requirement
in the controlled setting studied here.

1 Introduction

Large language models are now widely used in
bilateral settings such as chat assistants and indi-
vidual copilots (Maedche et al., 2019; Nah et al.,
2023). Yet many real work settings require dig-
ital support for several humans who coordinate
through ongoing communication and maintain a
shared operational picture rather than seek isolated

answers. Recent work on human-AI collabora-
tion therefore argues for moving beyond assistant-
centric interaction toward AI systems that support
team processes and shared coordination (Seeber
et al., 2020; Anthony et al., 2023; Bankins et al.,
2024). In mission-critical domains, one concrete
support need is to maintain an explicit view of what
has been assigned, what remains pending, and what
has been completed.

Firefighter incident command provides a con-
crete instance of this broader problem. Comman-
ders coordinate multiple units through short, in-
terleaved radio transmissions while tracking op-
erational tasks. We study this setting through a
command-support dashboard whose task list is al-
ready derived from standard operating procedures
(SOPs), related procedures, and incident context.
The model does not discover new tasks or make op-
erational decisions. Instead, it supports blind-spot
checking by proposing conservative state updates
for predefined tasks under human oversight.

Once such a dashboard is the target system, a
more specific technical question becomes central:
how much transcript structure is actually needed
for LLM-based task monitoring from multi-party
radio traffic? Rich transcript structure may be
costly or difficult to obtain robustly in this setting.
Speaker identity may require diarization or prior
speaker models, both of which remain difficult un-
der noisy multi-speaker conditions and heteroge-
neous channels (Mehrish et al., 2023). Utterance
boundaries may be supplied by voice activity detec-
tion, but pause-based segmentation can split incom-
plete thoughts, while more refined speaker-change
or semantic segmentation adds models, engineer-
ing effort, and delay (Mehrish et al., 2023). For a
command-support system, these are not cosmetic
transcript properties but potential deployment bot-
tlenecks because real-time speech systems must
trade off model complexity against latency and
computational load (Michelsanti et al., 2021).
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This motivates the research question of the pa-
per: how much transcript structure is actually
needed to track predefined task state reliably from
ongoing multi-party communication? Specifically,
we ask whether task-state monitoring depends on
speaker identities and explicit utterance boundaries,
or whether a simpler transcript representation suf-
fices for this monitoring task.

We address this question through a controlled
evaluation of closed-world task-state monitoring
across transcript conditions that vary speaker
identity and utterance boundaries while keeping
the underlying scenario content fixed. The pa-
per contributes in three ways. First, we for-
mulate a bounded coordination-support problem
centered on monitoring the state of predefined
SOP- and procedure-related tasks in firefighter in-
cident command. Second, we introduce a source-
grounded synthetic dataset construction and vali-
dation pipeline that enables controlled comparison
of transcript-structure effects while holding oper-
ational content constant. Third, we report results
for incremental monitoring and a secondary offline
full-transcript reference in a reproducible evalua-
tion pipeline with auditable artifacts and local tests
for scenario handling, prefix-gold derivation, pars-
ing, and metric computation1.

The remainder of the paper is structured as fol-
lows. Section 2 situates the work in the literature on
multi-human AI support and facilitation. Sects. 3–5
then cover the application framing, dataset, and ex-
perimental design, before Sect. 6 reports the results
and Sect. 7 concludes.

2 Background

This section situates the paper at the intersection
of multi-human AI support and team information-
processing support. It motivates why a dashboard-
centered command-support system can be under-
stood as one instance of a broader class of digital
support systems for shared coordination, and why
task-state monitoring is a meaningful bounded ca-
pability within that class.

A large share of current generative AI applica-
tions remains focused on the individual user: ques-
tion answering, drafting, summarisation, or recom-
mendation for a single human operator (Maedche
et al., 2019; Nah et al., 2023). By contrast, many
work settings require models to interpret contribu-
tions distributed across several people, maintain

1https://github.com/zhaw-iwi/swisstext26_pub

state over time, and support shared rather than indi-
vidual understanding. Reviews of human-AI team-
ing show that much of the literature still focuses on
bilateral assistants, dyads, or otherwise narrowly
scoped team configurations (Lyons et al., 2021;
O’Neill et al., 2022; Anthony et al., 2023; Bank-
ins et al., 2024). This leaves open how AI systems
should support shared state and coordination across
ongoing multi-party interaction through a shared
artefact such as a dashboard.

Research on Group Support Systems has long
shown that collaboration quality depends not only
on who contributes, but also on how information is
processed and coordinated within the group (Nuna-
maker et al., 1991; Dennis and Valacich, 1993;
Dennis et al., 2001; Briggs et al., 2003). Facil-
itation has been central in this tradition because
groups systematically suffer from process losses
such as production blocking, dominance effects,
incomplete information pooling, and premature
convergence (Stasser and Titus, 1985; Dennis and
Valacich, 1993; Briggs et al., 2003). Recent work
on AI in teams suggests that digital artefacts may
take over selected support capabilities, especially
those involving consistency, timing, monitoring,
or large-scale information processing, while hu-
mans retain judgement, legitimacy, and contextual
authority (Dellermann et al., 2019; Seeber et al.,
2020; Dennis et al., 2023).

Our paper focuses on one such capability: main-
taining an explicit representation of task state from
ongoing multi-party communication. In facilitation
terms, this is primarily an information-processing
support function. The command-support sys-
tem does not replace operational decision making.
Rather, it externalises on the dashboard what the
team has already established: which tasks have
been handed out, which unit appears responsible,
which tasks have been completed, and what com-
pletion result has been reported.

Technically, this formulation is related to dia-
logue state tracking and information extraction. Di-
alogue state tracking maintains structured state rep-
resentations from dialogue history in task-oriented
systems (Balaraman et al., 2021). Information
and event extraction similarly recover structured
records, events, or arguments from text, often
against predefined schemas (Chambers and Juraf-
sky, 2011; Xiang and Wang, 2019). Our setting dif-
fers in that the state variables are predefined SOP-
and procedure-related operational tasks, the evi-
dence is distributed across multi-party radio com-
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munication, and the output is used for incremen-
tal dashboard support rather than autonomous dia-
logue management or open-ended event discovery.

We study this capability in a deliberately
bounded operational setting rather than in the most
open-ended form of multi-human coordination. If a
digital support system cannot reliably maintain as-
signment and completion state for predefined tasks,
then more advanced functions such as summarisa-
tion, blind-spot detection, or process coaching are
unlikely to be trustworthy. Conversely, if task-state
monitoring proves robust under reduced transcript
structure, this suggests that at least some multi-
human information-processing functions may not
require expensive preprocessing pipelines.

Taken together, these strands motivate AI sup-
port for shared coordination, but they do not yet
answer the more specific deployment question stud-
ied in this paper: how much transcript structure
is required for closed-world task-state monitoring
from ongoing multi-party communication? Fire-
fighter incident command is a useful case because
the dashboard-centered support function is oper-
ationally meaningful, the communication is gen-
uinely multi-party, and transcript enrichment can
be costly. For a bounded function such as digital
task-state tracking, richer transcript preprocessing
may help, but it is not obvious that speaker labels
and clean utterance boundaries are necessary.

3 Application Context and Requirements

Firefighter incident command provides a concrete
example of the broader class of multi-human digi-
tal support settings outlined in the previous section.
In this setting, the command-support system is not
meant to converse with a single user in isolation.
Instead, it supports shared coordination by helping
incident command maintain an explicit, inspectable
view of operational task state as evidence arrives
through multi-party radio traffic. We use this case
not as the whole claim of the paper, but as a de-
manding setting from which to derive requirements
for one bounded coordination-support capability.

3.1 Application Setting

The user-facing surface is a dashboard that presents
the task list together with current task status and re-
cent communication context, as shown in Figure 1.
Its role is to reduce memory burden and preserve
an explicit overview of open and completed tasks.
The dashboard thus serves as the interface of a

bounded information-processing support system
for the command team. It helps keep tasks from
getting lost in noisy, interleaved, time-critical radio
communication.

Figure 2 situates this dashboard within our im-
plemented command-support system. Predefined
tasks originate from SOPs, related procedures, and
incident context, for example from baseline check-
lists associated with the incident type, from object-
specific information, and from a building register.
This information is available and selected at dis-
patch time. Radio communication then provides
the dynamic evidence for whether those tasks have
been assigned to firefighter units, acknowledged,
and completed. This paper therefore treats task-
state monitoring as a closed-world problem: the
task set is supplied in advance, and transcript evi-
dence is used to update task state.

This application framing is also consistent with
preliminary feedback from a prototype demonstra-
tion of our command-support system with active
firefighters. Beyond transcript capture itself, they
emphasized the value of temporal tracking features,
such as seeing how long a task has remained open
or how long a crew has been silent. We treat this
feedback as informal practitioner grounding rather
than as a formal user-study result.

3.2 Monitoring Problem
Emergency radio communication differs substan-
tially from the dialogue structure often assumed in
conversational NLP. Messages are short, domain-
specific, and often elliptical. Operational meaning
is distributed across acknowledgements, updates,
and follow-up reports rather than contained in a
single self-sufficient utterance. For the command-
support system, useful support therefore depends
on reconstructing task state from distributed con-
versational evidence rather than isolated turns.

This creates the concrete design pressure behind
our research question. If the dashboard requires
speaker identities, the implementation may depend
on diarization or prior speaker models despite radio-
channel noise and changing crews (Mehrish et al.,
2023). If it requires semantically well-formed ut-
terance boundaries, pause-based segmentation may
be insufficient and additional speaker-change or
semantic segmentation steps may be needed be-
fore task monitoring can run (Mehrish et al., 2023).
These components increase engineering effort and
add latency, which is a relevant concern in real-time
speech systems that must trade off model complex-
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Figure 2: Emergency Session Dashboard with Real-Time Message Stream, AI Feedback, and Tasklist. Left Panel: Control to
send mocked radio messages simulating emergency communication.

4.5.2 Geospatial Building Information Integration

The system integrates with Swiss federal databases to provide
location-based emergency intelligence. The Swiss GeoAd-
min API geocodes addresses to GPS coordinates, while the
Federal Building and Dwelling Register retrieves building
properties including construction year, number of floors, ap-
proximate height, occupancy estimates, and building category
as indicated in Figure 3.

When an address is entered, the system geocodes the lo-
cation, queries building properties, and retrieves building-
specific operational documents from the RAG system using
geospatial proximity search. This integration provides Inci-
dent Commanders with critical information within seconds of
dispatch, without manual document lookup during high-stress
initial response phases.

4.5.3 Automated Checklist Generation

The system provides automated checklist generation from
PDF operational manuals using AI-powered document analy-
sis. When operational procedures are uploaded, the system
extracts text content using Apache PDFBox with fallback to
Spring AI PDF readers, then processes the document through
a multi-stage AI pipeline. The uploaded documents are stored
in the relational database as shown in Figure 4.

The AI analysis focuses exclusively on operational steps
that responders execute on-scene, filtering out administrative
content, copyright information, and documentation metadata.

Large documents are automatically split into manageable
chunks to handle API token limits, with each chunk analyzed
independently and results merged. The AI identifies action-
able steps, generates concise checklist items (maximum 50
characters), and assigns operational phases (INITIAL, OPER-
ATION, CLOSING) based on typical incident progression.

A secondary AI pass orders the extracted items chronologi-
cally according to standard fire service procedures and refines
phase assignments. This two-stage approach ensures check-
lists reflect realistic tactical sequences. The system dedupli-
cates items across chunks and summarizes if more than 25
items are generated, prioritizing the most critical operational
steps. Generated checklists are immediately broadcast to con-
nected clients via WebSocket, providing real-time availability
without page refresh.

4.5.4 Dynamic Task Extraction and Tracking

Beyond baseline checklists from operational documents, the
system architecture supports dynamic task extraction from
radio communications in real-time. The AI analyzes message
content to identify commands, requests, and assignments, cre-
ating corresponding task entries that supplement pre-defined
checklists. By automating task tracking, the system reduces
cognitive load on Incident Commanders who would other-
wise need to manually record and monitor assignments while
simultaneously managing dynamic emergency situations.

Task completion can be tracked through explicit status

5

Figure 1: Dashboard interface of our command-support system.
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Figure 2: Operational flow of our command-support system, with dashboard components shown in blue.

ity against computational load (Michelsanti et al.,
2021). In our setting, such components may fail
precisely in the noisy conditions where operational
support is most valuable. We therefore investigate
how much structure the transcript representation ac-
tually needs for this monitoring task. More broadly,
the firefighter case can thus be understood as one
example of a digital support system that performs a
bounded, process-relevant information-processing
function inside a human team.

3.3 System Requirements

The command-support system must support com-
manders in checking that SOP-relevant tasks have
been addressed. In our setting, these predefined
SOP- and procedure-related tasks are already avail-
able from SOPs, related procedures, and scenario
context before transcript analysis. The scope is
therefore closed-world monitoring of predefined
tasks rather than open-ended task discovery.

The command-support system must operate un-
der human oversight. Proposed task-state updates
must remain transparent to the command team and
be subject to human confirmation or override.

The command-support system must support near-
real-time dashboard updates during ongoing inci-
dents. Task-state information must be revised as
new communication evidence becomes available
so that the dashboard remains a current overview.

3.4 Task Formulation
These application requirements lead to a closed-
world task formulation. For each predefined task τ
and each discrete prefix index k, the model outputs
a structured task-state prediction

y(τ, k) = (a, u, c, o).

Here, k denotes the current transcript prefix, that
is, the communication evidence available up to
that point. The tuple components correspond
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to assigned, assigned_unit, completed, and
completion_outcome, respectively. assigned
(boolean) indicates whether the transcript pro-
vides evidence that responsibility for the task
has been assigned to a unit and acknowledged.
assigned_unit (nullable string) indicates which
unit is identified as responsible for the task.
completed (boolean) indicates whether the tran-
script provides evidence that the task has been
completed. completion_outcome (nullable string)
captures the reported completion result or comple-
tion evidence in short textual form.

4 Dataset

We evaluate the monitoring formulation on a con-
trolled synthetic dataset. The synthetic design is
deliberate: the research question requires the same
underlying operational scenario to be rendered un-
der different transcript-structure conditions while
keeping task content fixed. A source-grounded syn-
thetic dataset makes this possible, allowing differ-
ences between transcript conditions to be attributed
to representation rather than scenario content.

4.1 Source-Grounded Construction
The dataset was constructed with a prompt-based
generation and validation pipeline grounded in
three source types: Swiss radio-procedure mate-
rial2, a firefighter communication transcript used
for surface realism, and canonical procedural regu-
lations3. These materials were distilled into source
notes used for scenario generation and validation.

Each scenario was generated as a fixed-schema
JSON object containing an ordered message se-
quence, a closed-world list of predefined tasks, and
gold task states. In addition to the final task state,
each gold entry stores the message id at which
assignment first becomes valid and, when appli-
cable, the message id at which completion first
becomes valid. Prefix-level gold states are then
derived deterministically from these transition an-
notations. Cases in which transition timing would
remain ambiguous are resolved through explicit
metadata rather than heuristic inference.

Validation was performed in two independent
rubric-guided passes: a structural pass for radio
style and protocol coherence, and a content pass for
operational plausibility, role-task alignment, task

2Bundesamt für Bevölkerungsschutz, Funkmaterial
Sprechregeln, February 2004

3Feuerwehr Koordination Schweiz FKS, Reglement Ein-
satzführung, November 2022

sequencing, and traceability of gold states to ex-
plicit message evidence. We implemented both
dataset generation and validation with gpt-5.4 as
a bounded LLM judgment process under source-
grounded constraints (Zheng et al., 2023; Röttger
et al., 2024). This source-grounded generation-and-
judge setup was used to ground the synthetic data
in the intended application setting. The generation–
validation–revision loop ran for 12 rounds until the
dataset passed both validation streams.

As an additional validation layer before eval-
uation, all scenario files pass deterministic local
checks for schema conformance, sequential mes-
sage ids, exact alignment between predefined tasks
and gold task states, and consistency constraints on
assignment/completion labels.

As an additional plausibility check, the extracted
structure and resulting scenarios were reviewed
within the team. They were judged to align with
observed communication structures and contents
from the intended application setting. While not
a formal annotation study, this review provides
additional support for the dataset’s plausibility as a
set of realistically structured synthetic scenarios.

4.2 Dataset Contents
The final dataset contains five German-language
firefighter scenarios with 102 ordered radio mes-
sages and 15 predefined tasks in total. Every sce-
nario contains exactly three monitored tasks, yield-
ing 15 task-state traces overall. All 15 tasks are
explicitly assigned in the transcript evidence, 12
are completed within the scenario, and 3 remain
assigned but incomplete at scenario end.

The five scenarios cover a kitchen fire in an
apartment building, an underground-garage fire,
a school basement fire, a workshop fire involv-
ing gas cylinders, and an attic fire in a row house.
Across these scenarios, the monitored task families
include water supply, search, ventilation, fire sup-
pression, access control, gas-cylinder cooling, CO
measurement, and final control. The assigned units
include command-relevant firefighter roles such
as Angriffstrupp, Wassertrupp, Messgruppe,
Kontrolltrupp, and Verkehrstrupp.

4.3 Limitations
The limitations of the study follow directly from
this dataset design and should be read upfront. The
dataset is synthetic, small, and intentionally con-
trolled. The scenarios are cleaner and more linear
than real firefighter radio traffic, with limited pro-
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tocol noise, dispatch and handover tails, and some
bundled tasks that compress multi-step work into
a single monitored item. The evaluation also be-
gins from text transcripts rather than raw audio, so
it does not include upstream speech-recognition
or radio-channel degradation effects. Finally, the
task formulation is deliberately narrow: it tests
closed-world monitoring of predefined tasks, not
open-ended task discovery or broad operational
performance. We therefore use the dataset as con-
trolled evidence for transcript-structure sensitivity
in dashboard-oriented task monitoring, not as a
realism corpus or a direct deployment claim.

5 Experimental Setup

We evaluate the dataset under a 3× 2 design that
varies transcript structure and processing mode
while keeping the underlying scenario content
fixed.

5.1 Conditions

We compare three transcript structures: struc-
tured_dialogue, which includes speaker identities
and utterance boundaries, no_speaker, which re-
tains utterance boundaries but omits speakers, and
continuous_transcript, which contains neither
speakers nor boundaries. This last condition ap-
proximates the minimum structure available when
speakers cannot be identified and reliable utterance
segmentation is not available.

We evaluate two processing modes: incremen-
tal, which predicts on each growing message prefix
from the first message to the full transcript, and
full_transcript, which predicts once on the com-
plete transcript.

Incremental processing is the primary appli-
cation condition. The full_transcript con-
dition serves as a secondary offline reference
once all evidence is available. For incremen-
tal continuous_transcript mode, each prefix
is rendered as one continuous text string without
speaker labels or message boundaries.

5.2 Execution and Reproducibility

All reported values are batch-level means across
12 repeated runs. The notebook runs the evalua-
tion in live mode with gpt-5.2 at temperature 0.0.
Repeated runs are reported because live API infer-
ence can still show small residual variation despite
deterministic settings. The evaluation prompt in-
structed the model to behave conservatively: when

the transcript did not provide sufficient evidence
for assignment or completion, the corresponding
fields were to remain false/null. This reflects
the operational preference to avoid overstating task
progress under incomplete evidence. The evalu-
ation pipeline persists each request and response
artifact using deterministic identifiers over run, sce-
nario, structure condition, processing mode, and
prefix index, supporting resume-safe execution and
auditability. The repository contains the dataset-
generation prompts, validation prompts, source
notes, evaluation prompt payloads, and persisted
request/response artifacts. The tables report 95%
confidence intervals from the batch summaries ex-
ported by the notebook and evaluation code.

5.3 Metrics
We report four state-monitoring metrics in both
processing modes. In the incremental setting,
each metric is computed at every evaluated pre-
fix and then averaged over prefixes. In the
full_transcript setting, the same metric is com-
puted once on the final scenario transcript.

Assignment accuracy. This metric measures,
for each predefined task, whether the predicted
assigned value matches gold.

Unit assignment accuracy. This metric
measures whether the predicted assigned_unit
matches gold. It is evaluated on tasks for which
either gold or prediction marks the task as assigned,
so that unit assignment is scored only where a re-
sponsible unit is relevant. In the incremental set-
ting, scores are first computed per prefix and then
averaged. Prefixes without any unit-assignment
support contribute 0.0 by construction.

Completion accuracy. This metric measures,
for each predefined task, whether the predicted
completed value matches gold.

State accuracy. This metric collapses each
task state to one of NOT_ASSIGNED, ASSIGNED, or
COMPLETED, and then measures whether the pre-
dicted three-way state matches gold.

For incremental evaluation, we additionally re-
port assignment and completion detection latency
together with assignment and completion miss rate.
The gold transition points come from explicit sce-
nario annotations for first assignment and, when
applicable, first completion evidence. Assignment
is anchored to the first operative command that
hands responsibility for the predefined task to the
assigned unit. Later refinements to the same unit
do not reset the assignment point.
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Assignment detection latency. This metric mea-
sures the number of prefix steps between the gold
assignment point and the first prefix at which the
model predicts the task as assigned with the correct
unit. It is reported only for successfully detected
assignment events.

Completion detection latency. This metric mea-
sures the number of prefix steps between the gold
completion point and the first prefix at which the
model predicts the task as completed while preserv-
ing assigned state and the correct unit. It is reported
only for successfully detected completion events.

Assignment detection miss rate. This metric is
the proportion of gold assignment events that are
never correctly detected before the scenario ends.

Completion detection miss rate. This metric is
the proportion of gold completion events that are
never correctly detected before the scenario ends.

Terminal gaps. As a reference comparison,
we report terminal assignment, unit-assignment,
completion, and state gaps. These are the abso-
lute differences between the last incremental-prefix
metrics and the corresponding full_transcript
metrics for the same run, scenario, and transcript
structure.

Completion outcome. For
completion_outcome, exact match proved
too strict because the model often paraphrases
the completion evidence rather than reproducing
the gold message string verbatim. We therefore
report a retrospective similarity-based reanalysis
on gold-completed tasks using ROUGE-L F1 as a
secondary reference metric.

6 Results

The main empirical result is straightforward: in this
controlled setup, simplifying transcript structure
has little effect on aggregate task-state monitoring
performance. Across all conditions, assignment,
completion, and current-state accuracy remain high.
The lowest aggregate metric is unit assignment, but
this should be interpreted as a stricter prefix-level
score rather than as frequent confusion between
responsible units.

6.1 Incremental Accuracy

Incremental inference is the more deployment-
relevant setting because the command-support sys-
tem must update task state while communication
unfolds. Table 1 shows that performance remains
strong and tightly clustered across transcript struc-

Structure Assign. Unit Complete Current

Structured dialogue 0.981 ± 0.006 0.864 ± 0.016 0.977 ± 0.008 0.958 ± 0.011
No speaker 0.980 ± 0.007 0.865 ± 0.016 0.978 ± 0.007 0.958 ± 0.009
Continuous transcript 0.981 ± 0.007 0.868 ± 0.014 0.978 ± 0.007 0.959 ± 0.010

Table 1: Incremental monitoring accuracy by transcript
structure.

tures. The unit-assignment column is consistently
lower than the other state-tracking metrics, but in-
spection of the persisted artifacts suggests that this
does not primarily reflect wrong responsible-unit
names. Most unit mismatches arise when an in-
cremental prediction has not yet marked a gold-
assigned task as assigned, especially for condi-
tional or preparatory tasking, with a smaller num-
ber of premature assignments. Thus, the harder part
is aligning assignment timing and unit grounding
as evidence unfolds, rather than choosing among
units once a task is accepted as assigned.

In the offline full_transcript reference, as-
signment and unit-assignment accuracy are 1.000
in all three transcript conditions. Completion and
final-state accuracy are 0.933 in all conditions.

6.2 Incremental Latency and Misses

Latency is the second key deployment-oriented re-
sult because the dashboard benefits not only from
eventually correct updates but from updates that ar-
rive close to the true transition point. We therefore
report two complementary quantities in Table 2:
conditional latency in prefix steps for events that
were correctly detected, and miss rate for gold tran-
sitions never correctly detected before the scenario
ended. Assignment latency therefore requires the
model to mark a task as assigned with the correct
unit, while completion latency requires the model
to mark the task as completed while preserving
coherent assigned state and the correct unit.

The latency results are straightforward. Across
all three transcript conditions, correct assignment
updates remain well below one prefix step on aver-
age and no assignment misses occur. Completion
detection is even stronger, with effectively immedi-
ate updates and zero completion misses throughout.
In practical terms, once the transcript supports a
state change, the model usually updates at once or
with only a very small delay.

6.3 Terminal Convergence

Table 3 reports absolute terminal gaps between
the last incremental prefix metrics and the corre-
sponding full-transcript reference for the same run,
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Structure Assign. lat. Assign. miss Comp. lat. Comp. miss

Structured dialogue 0.256 ± 0.127 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
No speaker 0.256 ± 0.126 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Continuous transcript 0.278 ± 0.133 0.000 ± 0.000 0.006 ± 0.011 0.000 ± 0.000

Table 2: Incremental correct-detection latency and miss
rate by transcript structure.

Structure Assign. gap Unit gap Comp. gap State gap

Structured dialogue 0.000 ± 0.000 0.000 ± 0.000 0.006 ± 0.011 0.006 ± 0.011
No speaker 0.000 ± 0.000 0.000 ± 0.000 0.006 ± 0.011 0.006 ± 0.011
Continuous transcript 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000

Table 3: Terminal convergence of the last incremental
prefix to the offline full-transcript reference.

scenario, and transcript structure.
The convergence pattern is very tight. By the

end of the scenario, the incremental setup almost
exactly recovers the performance profile of the of-
fline full_transcript reference. This makes the
reference useful as a sanity check for interpreting
the incremental results.

6.4 Completion-Outcome Reanalysis

The original exact-match completion_outcome
metric remains 0.000 in all three transcript con-
ditions and is therefore not useful on its own. In-
spection of the outputs, however, suggests that this
mostly reflects paraphrastic variation: the model
often paraphrases the completion evidence instead
of reproducing the gold completion string verbatim.
We therefore ran a retrospective similarity-based
comparison on the already collected outputs for
gold-completed tasks only.

Table 4 reports ROUGE-L F1 for this reanalysis.
The resulting scores are clearly above zero but re-
main broadly similar across transcript conditions.
This makes the completion_outcome field some-
what more informative than exact match suggested,
while leaving the main conclusion unchanged: tran-
script structure still has only small effects in this
bounded monitoring setup. At the same time, the
scores remain well below the stronger assignment
and completion-state results, so we interpret them
conservatively as evidence of partial string-level
overlap rather than robust semantic understanding.

7 Conclusion

We studied task-state monitoring in firefighter inci-
dent command as a bounded coordination-support
capability for an incident-command dashboard.

The central system-design question was whether
this capability depends on speaker identities and
explicit utterance boundaries, both of which can be

Structure ROUGE-L F1

Structured dialogue 0.625 ± 0.007
No speaker 0.657 ± 0.015
Continuous transcript 0.638 ± 0.017

Table 4: Retrospective completion_outcome reanaly-
sis on gold-completed tasks only.

expensive or difficult to obtain robustly from radio
communication. For the controlled setting studied
here, the answer is largely no: reduced transcript
structure does not materially change the overall
task-monitoring performance profile. The main
remaining weaknesses are unit-related assignment
timing in incremental prefixes and capturing the
reported completion result rather than detecting
assignment or completion itself, and both remain
broadly similar across transcript conditions.

More broadly, this suggests that some
coordination-support functions may be fea-
sible without heavy transcript preprocessing.
Methodologically, the paper also shows how a
source-grounded synthetic dataset construction
and validation pipeline can support controlled
comparison of transcript-structure conditions while
holding operational content fixed. At the same
time, the present evidence remains deliberately
narrow: it comes from a controlled synthetic
dataset, from text rather than raw audio, and from
a closed-world monitoring task. Future work
should therefore test whether the same pattern
holds under noisier audio pipelines, less linear
communication, and stronger ambiguity, while
improving unit-assignment grounding, evidence
presentation, and human-in-the-loop integration
into command workflows. A further direction is to
move from closed-world monitoring toward mixed
closed- and open-world coordination support,
where systems track predefined tasks while also
identifying additional operational tasks that emerge
from the incident record. Another direction is to
connect evolving coordination state to relevant
supporting knowledge resources, so that a shared
dashboard can surface applicable procedures,
plans, or reference documents without turning the
system into an autonomous decision maker.
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Abstract
Statistical hypothesis testing is a cornerstone
of evidence-based medicine and clinical re-
search. Despite its central importance, previ-
ous research has consistently shown substan-
tial deficits in statistical literacy among health-
care professionals. At the same time, large
language models (LLMs) have demonstrated
remarkable capabilities in scientific reasoning
and data analysis. This study examines whether
LLMs can serve as viable substitutes for con-
ventional statistical software in guiding users
through the selection, execution, and interpre-
tation of hypothesis tests. Using a standardized
prompt based on real survey data on the asso-
ciation between kick-scooter riding and knee
pain in children, we evaluated seven LLMs and
compared their outputs with statistical software
results. Our findings indicate that none of the
evaluated models can currently be considered a
viable substitute. Although all models selected
the appropriate test, substantial variation was
observed in the quality of their explanations
and in test execution. Gemini 3.1 Pro Preview,
Claude Opus 4.6, and ChatGPT 5.4 Thinking
performed strongly in test selection and result
interpretation, with Gemini producing the most
structured responses. However, none matched
statistical software’s result in test execution.

1 Introduction

Statistical hypothesis testing is one of the most
widely used methodological tools in empirical re-
search. It addresses a fundamental question in sci-
entific inquiry: whether an observed effect or as-
sociation in a sample reflects a true phenomenon
in the underlying population or can instead be
attributed to chance (Turner et al., 2020; Zhang,
2025). By quantifying uncertainty and enabling
structured decision-making, hypothesis testing has
become indispensable to evidence-based medicine,
underpinning trial design, therapeutic comparisons,
and diagnostic evaluation (Turner et al., 2020;
Zhang, 2025).

At the same time, several studies indicate that
statistical knowledge among medical researchers
and healthcare professionals is often limited (Jenny
et al., 2018). Selecting suitable methods, analysing
data correctly, and drawing valid conclusions all
involve considerable potential for error (Lakhlifi
et al., 2023). Insufficient statistical competence
may therefore substantially compromise the scien-
tific quality of medical research.

Recent advances in large language models
(LLMs) have introduced a useful interface for sta-
tistical reasoning and data analysis (Angelis et al.,
2023; Thirunavukarasu et al., 2023). Unlike tradi-
tional statistical software such as SPSS or R, LLMs
can be queried in natural language, which may
lower the barrier to entry for users with limited sta-
tistical training. This raises the question of whether
LLMs can act as intelligent assistants in statistical
hypothesis testing.

In this paper, we investigate whether contempo-
rary LLMs-ChatGPT 5.4 Thinking (OpenAI, 2026),
Gemini 3.1 Pro Preview (Google DeepMind, 2026),
Claude Opus 4.6 (Anthropic, 2026), Llama 4 Scout
(Meta AI, 2025), Apertus 8b (Swiss AI Initiative,
2025), Qwen 3.5 9b (Swiss AI Initiative, 2025), and
Phi 4 (Abdin et al., 2024)-can serve as substitutes
for traditional statistical software in hypothesis test-
ing. We evaluate their ability to select, execute,
and interpret hypothesis tests by comparing their
outputs with results obtained from conventional sta-
tistical software. Our findings indicate that LLMs
cannot currently replace standard statistical tools,
although they may still serve as useful supportive
systems. Among the evaluated models, Gemini,
Claude Opus, and ChatGPT showed the strongest
overall documentation and performance.

206



2 Literature Review

2.1 Hypothesis Testing and Statistical
Literacy

Hypothesis testing remains a central compo-
nent of statistical inference in empirical research
(O’Dushlaine, 2019). At the same time, methodol-
ogists have warned against an overly narrow focus
on statistical significance alone, arguing for com-
plementary reporting of effect sizes and confidence
intervals (Mark et al., 2016; Patel and Green, 2025).
In healthcare, several studies show that profession-
als often lack the statistical literacy needed to in-
terpret p-values, confidence intervals, and diagnos-
tic statistics correctly (Jenny et al., 2018; Lakhlifi
et al., 2023). This is particularly concerning be-
cause weaknesses in statistical reasoning may com-
promise the planning, analysis, and interpretation
of scientific studies.

2.2 LLMs as Statistical Assistants

LLMs have emerged as potentially useful tools for
statistical assistance because of their capabilities
in instruction following, reasoning over textual in-
put, and code generation. In principle, an LLM
should be able to identify an appropriate statistical
test based on data structure, variable types, and
assumptions (Fay and Brittain, 2022; Nikolić and
Popovic, 2024). However, whether these models
can reliably perform statistical calculations and
provide valid interpretations remains an open em-
pirical question, particularly in medically relevant
contexts (Liu, 2025). This question motivates the
present study.

3 Methodology

The aim of this study is to evaluate whether LLMs
can serve as viable substitutes for conventional sta-
tistical software in the context of hypothesis test-
ing. To this end, we benchmarked the models’ out-
puts for test selection, execution, and interpretation
against reference results obtained from statistical
software. For this purpose, we defined a standard-
ized prompting procedure, a fixed output structure,
and an explicit evaluation framework. This design
was intended to ensure comparability, transparency,
and reproducibility across all tested models.

3.1 Prompt

All models were evaluated with the same prompt
and input data, without model-specific adaptations,

to minimize variation unrelated to model capabil-
ity. Responses were analysed according to the pre-
defined evaluation framework. The benchmark
prompt was designed using a chain-of-thought-
inspired reasoning framework (Sahoo et al., 2025).
In the first part, the research problem and relevant
tabular input data were provided. To ensure re-
producibility and reuse, the complete prompt was
documented in Markdown, with the input data em-
bedded in the same file.

In the second part, the LLM was instructed to
analyse the data and perform the hypothesis test.
The prompt specified the required output format,
the expected data structure, and the handling of
missing values. In addition, the models were in-
structed to solve the task using a zero-shot chain-
of-thought strategy. This ensured that all models
received the same information under identical con-
ditions.

3.2 Output Structure
To compare model responses systematically, a fixed
output structure was imposed on all generated
answers. This structure was chosen to improve
transparency, traceability, and comparability across
models. It was inspired by the classical statisti-
cal procedure for hypothesis testing described by
(Gonick and Smith, 2005), who conceptualize hy-
pothesis testing as a four-step process: formulation
of hypotheses, calculation of the test statistic, cal-
culation of the p-value, and evaluation of the result
against a predefined significance level (α).

To assess whether LLMs can perform this pro-
cess in practice, we adapted the classical procedure
into a task-oriented format suitable for prompting
and software-based execution. Accordingly, the
required output structure consisted of the following
four steps:

1. Selection of the appropriate statistical test and
formulation of the hypotheses

2. Execution of the statistical test

3. Summary of the statistical results

4. Interpretation of the results

3.3 Model Selection
Seven models were selected to represent different
segments of the contemporary LLM landscape:

• Proprietary high-end models: ChatGPT 5.4
Thinking (OpenAI, 2026), Claude Opus 4.6
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(Anthropic, 2026), and Gemini 3.1 Pro Pre-
view (Google DeepMind, 2026)

• Open-weight benchmark models: Llama
4 Scout (Meta AI, 2025) and Qwen 3.5 9b
(Qwen Team, 2026)

• Compact models: Phi 4 (Abdin et al., 2024)
and Apertus 8b (Swiss AI Initiative, 2025)

This selection captures variation in model size,
accessibility, and expected performance. By includ-
ing proprietary, open-weight, and compact models,
the benchmark enables a broader comparison of
how closely current LLMs approximate conven-
tional statistical software. To reflect realistic usage,
all models were accessed through web interfaces.
The open-weight and compact models were hosted
locally using Ollama, whereas the proprietary mod-
els were accessed through the providers’ web inter-
faces.

3.4 Output Evaluation
The benchmark task focused on a defined use case
(see Section 4) involving the association between
two binary variables. For this type of problem, the
appropriate statistical procedure is the χ2-test of
independence. The corresponding hypotheses are:

• Null hypothesis (H0): There is no relationship
between the two categorical variables.

• Alternative hypothesis (H1): There is a sta-
tistically significant relationship between the
two categorical variables.

To solve this task correctly, a model had to iden-
tify the appropriate test, determine the observed
joint frequencies in a contingency table, derive the
expected frequencies under the assumption of in-
dependence, calculate the test statistic and the cor-
responding p-value, and evaluate the result against
the specified significance level. Because the calcu-
lation of frequencies depends on the sample size,
correct determination of the sample size was in-
cluded as an additional evaluation criterion. Finally,
the model was expected to provide an interpretation
of the result in the context of the use case.

Based on this setup, model outputs were evalu-
ated according to the following criteria:

1. Selection of the statistical test
2. Formulation of the null and alternative hy-

potheses
3. Determination of the sample size

4. Presentation of the observed joint frequencies
5. Presentation of the expected joint frequencies
6. Provision of calculation details
7. Verification of test assumptions
8. Reporting of the p-value and other relevant

statistical values
9. Identification or discussion of the significance

level
10. Evaluation of the test result
11. Interpretation of the result

Each criterion was assessed for every evaluated
LLM and later summarized in tabular form in the
Results section (Section 5). All responses were
additionally required to follow a structured Mark-
down format, reproduced in the Appendix, in order
to support consistent documentation and systematic
comparison.

To assess output quality across these criteria, we
defined an ordinal grading scheme. This scheme
captures graded differences in performance rather
than relying on a binary correct/incorrect judgment.
This was necessary because LLM responses fre-
quently contained partial reasoning, conceptually
correct intermediate steps, or errors that only be-
came apparent during the application of the statisti-
cal procedure. The grading framework was there-
fore designed to distinguish between theoretical
understanding, practical execution, and complete
omission of a criterion.

Because the central research question of this
study is whether LLMs can function as an alter-
native to statistical software, the grading scheme
places particular emphasis on methodological cor-
rectness and successful application to the concrete
use case. In this sense, the benchmark does not
only assess whether a model mentions a relevant
concept, but whether it applies the statistical proce-
dure correctly and produces results consistent with
the software-based reference solution.

All outputs were evaluated manually by the au-
thor with formal training in statistics, using the pre-
defined criteria and grading rubric. To strengthen
the consistency of the assessment, each response
was systematically compared with the correspond-
ing reference results produced by conventional sta-
tistical software.

The following grades were used:

• A: Criterion addressed correctly and applied
correctly

• B: Criterion addressed correctly with minor
application errors
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• C: Criterion addressed correctly in principle,
but affected by follow-up errors in application

• D: Criterion addressed correctly in principle,
but with substantial application errors

• E: Theoretical understanding present, but no
meaningful application to the use case

• F: Criterion treated incorrectly at the theoreti-
cal level

• G: Criterion not addressed

Grade A represents the highest level of perfor-
mance, whereas Grade G represents the lowest.
Grade G indicates that a criterion was omitted en-
tirely. Grade F indicates that the model failed at
the conceptual or methodological level. Grade E
indicates that the model identified the relevant the-
oretical concept but did not successfully apply it
to the given task. Grades A to D reflect increasing
levels of correctness in execution. The distinction
between Grades C and D is that Grade C was as-
signed when an error primarily resulted from an
earlier mistake, whereas Grade D was assigned
when the criterion itself was applied incorrectly.

4 Use Case

This study uses data from (Crottogini et al., 2026),
who surveyed primary school students in grades
3 to 6 (aged 8 to 12 years) in Chur, Switzerland,
about their kick-scooter use and knee health. The
dataset comprises 134 complete responses, with
a gender distribution of 51.5% female and 48.5%
male. Most participants were 11 years old. Overall,
85% of respondents reported using a kick scooter
either regularly or occasionally, and 41% reported
regular use.

For the present benchmark, the analysis was re-
stricted to the two variables knee pain and kick-
scooter riding. Both variables were encoded as
binary variables (yes/no). The observed joint fre-
quencies are shown in Table 1.

Table 1: Observed contingency table for knee pain and
kick-scooter use

Kick-scooter riding
No Yes Total

Knee pain No 14 55 69
Yes 6 59 65
Total 20 114 134

This use case was selected because it represents
a simple but realistic hypothesis-testing scenario in
which correct test selection, computation, and inter-

pretation can be assessed against a clear software-
based reference. This use case assesses how well
LLMs can identify and analyse the relationship be-
tween these two variables by means of hypothesis
testing. As a reference standard, the correspond-
ing χ2-test of independence was performed in both
Python and R. The tested hypotheses were:

• H0: There is no association between knee
pain and kick-scooter riding.

• Ha: There is an association between knee
pain and kick-scooter riding.

As described in Section 3.2, a key step is the
correct derivation of the expected joint frequencies
and test statistics. The expected frequencies for the
contingency table are reported in Table 2, and the
resulting statistical values are summarized in Ta-
ble 3. Both Python and R applied Yates’ continuity
correction, commonly used for χ2-tests with one
degree of freedom.

Table 2: Expected contingency table for knee pain and
kick-scooter use under the null hypothesis of indepen-
dence

Kick-scooter riding
No Yes

Knee pain No 10.3 58.7
Yes 9.7 55.3

Table 3: Summary of the statistical values of the χ2-test
with Yates’ continuity correction

Statistic Value

χ2 value 2.41
p-value 0.12

Degrees of freedom 1

Using a significance level of α = 0.05, the null
hypothesis cannot be rejected. Accordingly, the
reference analysis does not provide sufficient ev-
idence for an association between knee pain and
kick-scooter riding in this sample.

For comparison, the χ2-test can also be calcu-
lated without Yates’ continuity correction. In that
case, the test statistic increases to χ2 = 3.22, and
the p-value decreases to 0.07 (see Table 4). Al-
though the null hypothesis still cannot be rejected
at the 5% significance level, the result lies closer to
the significance threshold. This illustrates the im-
pact of Yates’ correction in small 2×2 contingency
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tables and highlights why correct handling of this
issue is relevant when evaluating LLM-generated
analyses.

Table 4: Summary of the statistical values of the χ2-test
without Yates’ continuity correction

Statistic Value

χ2 value 3.22
p-value 0.07

Degrees of freedom 1

5 Results

We assessed the seven models’ structured outputs
according to the criteria defined in Section 3.2. Ta-
ble 5 summarizes the resulting grades. Across cri-
teria, Gemini, Claude Opus, and ChatGPT docu-
mented and performed best, whereas Llama 4 and
Qwen 3.5 performed worst.

Overall, all models were able to identify the task
as a hypothesis-testing problem involving two bi-
nary variables and selected the χ2-test as the ap-
propriate procedure. All models also formulated
the null and alternative hypotheses correctly and
recognized the significance level of α = 5%. Sub-
stantial differences emerged, however, in the execu-
tion of the analysis, especially in determining the
correct population size, constructing the observed
and expected frequency tables, checking assump-
tions, computing the relevant statistical values, and
drawing the conclusion.

Only one model showed limitations already at
the stage of data recognition (Figure 1). Llama 4
identified the variables as binary, but its description
of the data structure was less complete than that of
the other systems.

Figure 1: Recognition of the data format by the evalu-
ated LLMs.

A clearer separation between stronger and

weaker models emerged in the determination of
the population size. As shown in Figure 2, only
three models-Gemini, ChatGPT, and Claude Opus-
correctly identified the sample size. The remaining
four models produced incorrect values, indicating
hallucinated or inconsistent reconstructions of the
input data.

Figure 2: Performance of the LLMs in determining the
population size.

These errors in population size were reflected di-
rectly in the observed contingency tables (Figure 3).
All models that failed to determine the correct sam-
ple size also failed to reconstruct the observed joint
frequencies correctly. In contrast, the observed fre-
quency tables generated by ChatGPT, Gemini, and
Claude Opus matched the reference results shown
in Table 1.

Figure 3: Performance of the LLMs in determining the
observed joint frequencies.

Performance deteriorated further when the mod-
els were required to derive the expected joint fre-
quencies (Figure 4). Llama 4 and Apertus did not
provide expected frequencies at all. Qwen 3.5 pro-
duced expected frequencies that were not grounded
in its own preceding contingency table, indicating
a substantial inconsistency in the analytical chain.
Phi 4 derived expected frequencies from an already
incorrect observed table and therefore produced
a follow-up error. Only ChatGPT, Gemini, and
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Table 5: Summary of the evaluation of LLM performance across the predefined criteria.

Model ChatGPT 5.4
Thinking

Gemini 3.1
Pro-Preview

Claude Opus
4.6

Llama 4
Scout 17b

Apertus 8b Phi 4 Qwen 3.5 9b

Data Recognition A A A B A A A

Selection of statistical test A A A A A A A

Formulation of the null
and alternative hypotheses

A A A A A A A

Determination of the sam-
ple size

A A A G G G G

Presentation of the ob-
served joint frequencies

A A A D D D D

Presentation of the ex-
pected frequencies

A A A G G C E

Provision of calculation
details

G A A F G C E

Verification of test assump-
tion

A A A G G G G

Report of the p-value and
other relevant statistical
values

B B B G D C E

Identification or discus-
sion of the significance
level

A A A A A A A

Evaluation of the results A A A F C A C

Interpretation of the re-
sults

B A A G A A B

Claude Opus generated expected frequencies con-
sistent with the software-based reference reported
in Table 2.

Figure 4: Performance of the LLMs in determining the
expected joint frequencies.

The provision of calculation details also varied
markedly across models (Figure 5). This criterion
is particularly important because it allows expert
users to verify whether the reported statistical val-
ues follow coherently from the data and formulas.
Gemini and Claude Opus provided transparent and
traceable intermediate steps. ChatGPT reported the
key results but did not disclose intermediate cal-
culations, which reduced transparency but did not
prevent interpretation. Llama 4 failed to connect

the underlying statistical procedure to the concrete
use case, while Apertus provided insufficient detail
to reconstruct the analysis. Qwen 3.5 presented cor-
rect formulas in principle, but the numerical values
did not consistently follow from the earlier steps,
which limited the trustworthiness of the output.

Figure 5: Performance of the LLMs in providing calcu-
lation details for the selected test.

Before interpreting the test outcome, it is neces-
sary to verify whether the assumptions of the χ2-
test are satisfied. As shown in Figure 6, only Gem-
ini, ChatGPT, and Claude Opus explicitly checked
the minimum assumptions of the test. The remain-
ing models did not assess whether the minimum
expected cell frequency requirement was met.
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Figure 6: Performance of the LLMs in checking the
assumptions of the χ2-test.

The most critical criterion concerned the report-
ing of the final statistical values, namely the χ2

statistic, the p-value, and the degrees of freedom
(Table 3). These values are essential because they
allow an independent reader to verify the correct-
ness of the analysis. Among all evaluated models,
Gemini came closest to reproducing the reference
calculations, as it was the only model to explicitly
mention Yates’ correction. However, neither Gem-
ini nor any other model reproduced the software
output exactly. Instead, Gemini, Claude Opus, and
ChatGPT reported values corresponding to the χ2-
test without Yates’ continuity correction, that is,
the values shown in Table 4 rather than those from
Table 3.

This distinction is important because the omis-
sion of Yates’ correction shifted the result closer
to the conventional significance threshold. In the
present use case, the corrected analysis yields
χ2 = 2.41 and p = 0.12, whereas the uncorrected
analysis yields χ2 = 3.22 and p = 0.07. Thus, the
stronger models were able to reconstruct an analyt-
ically plausible result, but not the exact reference
result produced by conventional software. Phi 4
correctly propagated its own internal calculations,
but these were based on an incorrect population
size and therefore did not correspond to the actual
dataset. Llama 4 did not provide usable final statis-
tics, while the outputs of Apertus and Qwen 3.5
lacked sufficient consistency for reliable verifica-
tion.

These differences also affected the evaluation
and interpretation of the test results (Figures 8
and 9). Gemini and Claude Opus provided the
strongest overall interpretations, including discus-
sion of the small number of observations in the “no
kick-scooter riding” category. ChatGPT also pro-
duced a largely coherent evaluation, although with

Figure 7: Performance of the LLMs in reporting the χ2

statistic, p-value, and degrees of freedom.

less detail. In contrast, weaker models were unable
to derive a reliable conclusion because earlier er-
rors in data reconstruction or statistical execution
propagated into the final interpretation.

Figure 8: Performance of the LLMs in evaluating the
result of the χ2-test.

Figure 9: Performance of the LLMs in interpreting the
χ2-test in relation to the use case.

6 Conclusion, Limitations, and Outlook

Statistical hypothesis testing remains one of the
central methodological tools in medical research
and evidence-based medicine (Turner et al., 2020).
At the same time, previous work has shown that
statistical literacy among medical researchers and
healthcare professionals is often limited (Jenny
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et al., 2018), which may negatively affect the se-
lection of appropriate methods, the correct analysis
of data, and the derivation of valid conclusions
(Lakhlifi et al., 2023). In this context, LLMs have
emerged as a potentially useful new interface for
statistical reasoning and hypothesis testing (Fay
and Brittain, 2022; Nikolić and Popovic, 2024). If
such models were able to serve as reliable substi-
tutes for conventional statistical software, statisti-
cal analyses could become more accessible through
natural-language interaction and thereby support
broader and more efficient use of quantitative meth-
ods in medical research.

The present study evaluated whether contem-
porary LLMs can serve as a viable substitute
for conventional statistical tools in a standardized
hypothesis-testing task. Our results show that, de-
spite remarkable capabilities, none of the evaluated
models-ChatGPT 5.4 Thinking, Gemini 3.1 Pro
Preview, Claude Opus 4.6, Llama 4 Scout, Apertus
8b, Qwen 3.5, and Phi 4-can currently be consid-
ered a viable substitute for statistical software. The
main reason is that none of the models reproduced
the full reference analysis generated by conven-
tional software, most notably because none applied
Yates’ continuity correction, which is relevant for
small 2× 2 contingency tables with one degree of
freedom.

At the same time, the evaluated models dif-
fered substantially in quality. Gemini achieved the
strongest overall documentation and performance,
followed closely by Claude Opus and ChatGPT.
These models were generally able to identify the
correct test, formulate the hypotheses appropriately,
and provide plausible analyses and interpretations.
However, they still deviated from the software-
based reference in critical aspects of statistical exe-
cution. ChatGPT was less transparent than Gemini
and Claude Opus because it provided fewer calcu-
lation details and a less nuanced discussion of the
data distribution. Gemini and Claude Opus there-
fore appear more useful in practice when expert
users require both methodological guidance and
interpretability.

The open-weight and compact models per-
formed less reliably. Llama 4 Scout and Qwen
3.5 showed substantial weaknesses in reconstruct-
ing the dataset and reporting the necessary statisti-
cal values, which makes them unsuitable for reli-
able use in the present task. Apertus 8b and Phi 4
showed partial methodological understanding and
were able to provide some correct theoretical el-

ements, but their analyses were undermined by
incorrect assumptions about the underlying data.
These findings suggest that smaller or less capable
models may still offer limited educational or ex-
planatory value, but they cannot currently support
statistical analysis with sufficient reliability.

Taken together, the findings indicate that current
LLMs are better understood as supportive assis-
tants than as replacements for conventional statisti-
cal software. They may help users identify suitable
tests, structure an analysis, and interpret outputs,
but the calculations should still be performed by
statistical tools. Statistical literacy therefore re-
mains necessary to verify analyses and ensure high-
quality medical research.

This study has several limitations. First, the
benchmark was restricted to a single use case in-
volving a χ2-test of independence. The generaliz-
ability of the findings to other forms of hypothesis
testing, more complex datasets, or other analyti-
cal settings therefore remains uncertain. Second,
the study used a single standardized prompt based
on a zero-shot chain-of-thought strategy. Different
prompting strategies may lead to different levels
of performance and should therefore be investi-
gated systematically. Third, the evaluation was
conducted by the author, although model outputs
were cross-checked against software-based refer-
ence results to increase consistency.

Future work should extend this benchmark in
three directions. First, a broader range of statistical
tasks should be evaluated, including t-tests, non-
parametric tests, regression models, and multivari-
able analyses. Second, future studies should com-
pare different prompting strategies, including iter-
ative prompting, tool-augmented prompting, and
workflows in which LLMs interact directly with
statistical software. Third, it would be valuable
to examine not only whether LLMs can reproduce
statistical results, but also whether they improve
the analytical performance of human users in re-
alistic research settings. Such work would help
clarify whether the most promising role of LLMs
lies not in replacing statistical software, but in aug-
menting statistical reasoning and decision-making
in practice.
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Abstract

We investigate whether a Multimodal Large
Language Model (MLLM) can automatically
generate well-formed German chart alt texts
that meet the requirements of visually impaired
persons while following the accessibility guide-
lines for chart alt texts, and match the quality
of manually authored gold-standard alt texts.
Focusing on bar, line, and stacked bar charts
from a German-language newspaper (the Neue
Zürcher Zeitung), we define an alt text structure,
construct a gold-standard corpus, and evaluate
MLLM-generated chart alt texts both quantita-
tively on semantic similarity and qualitatively
with visually impaired persons as participants
in terms of clarity, conciseness, meaningful-
ness, and output consistency.

1 Introduction

Data visualizations such as line and bar charts, and
other graphical representations play a central role
in communicating complex information efficiently
(Çöltekin et al., 2021). Yet these visual elements
are frequently inaccessible to people with visual im-
pairments (PVIs), primarily due to the absence of
alternative text descriptions, commonly referred to
as alt texts. Alt texts are plain text descriptions em-
bedded in digital documents and web pages that are
rendered by screen readers, the assistive technology
most widely used by PVIs (AbilityNet, 2025). Alt
texts can be further rendered as large print, braille,
speech, symbols, or simpler language (Accessibil-
ity Guidelines Working Group (AG WG), 2023).

The provision of alt texts for all non-text digital
content has recently been formalized into a legal
requirement in the EU: the European Accessibility
Act (EAA), in effect since June 2025, mandates
that digital media providers make non-text con-
tent such as images, charts, and graphics acces-
sible through appropriate text alternatives (Euro-
pean Union, 2019). WebAIM reports that 55.5%
of the one million most-visited web pages were

still missing alternative text for images in 2025
(WebAIM, 2026). This gap is not simply a matter
of negligence or lack of awareness. Manual alt
text authoring is time-consuming and impractical,
compounded by a lack of established guidelines for
what constitutes a good chart description (Gleason
et al., 2019). This challenge is especially acute in
high-volume publishing environments such as on-
line newspapers, where fast-paced editorial work-
flows leave little room for annotating every visual
element.

Recent advances in natural language generation
(NLG), particularly through Large Language Mod-
els (LLMs) and Multimodal Large Language Mod-
els (MLLMs), offer a promising avenue for au-
tomating chart alt text generation (Hoque and Is-
lam, 2025; Nylund et al., 2025). These models can
process visual input alongside textual prompts to
produce descriptive natural language output, poten-
tially satisfying accessibility requirements while
reducing editorial burden. However, generating
high-quality alt texts for charts demands more than
visual understanding: it requires accurate interpre-
tation of quantitative data and graphical conven-
tions, as well as clear criteria for what constitutes
a good alt text per chart type (Yan et al., 2025;
Kantharaj et al., 2022).

We address the above-mentioned challenges
through a case study in this paper, i.e., by investi-
gating whether an MLLM can automatically gen-
erate well-formed German chart alt texts that meet
the needs of PVIs, conform to the set accessibil-
ity guidelines (Accessibility Guidelines Working
Group (AG WG), 2023), and match the quality
of manually authored gold-standard alt texts. The
study focuses on bar, line, and stacked bar charts
published in the Neue Zürcher Zeitung (NZZ), a
national German-language newspaper in Switzer-
land. We define a structured alt text schema, con-
struct a gold-standard corpus, and evaluate MLLM-
generated alt texts against it in terms of clarity,
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conciseness, meaningfulness, and output consis-
tency.

The following sections describe the related work,
methodology, evaluation setup and results. We
conclude with discussion and conclusions.

2 Background and Related Work

This section reviews what constitutes a well-formed
chart alt text and the state of the art in automated
chart alt text generation.

2.1 Chart Alt Text Structure

The alt text serves to convey the information en-
coded in a chart to PVIs, rendered via screen read-
ers. However, no standard definition of alt text for
different chart types exists. Researchers and ac-
cessibility organizations have developed guidelines
and best practices to support digital content creators
in writing effective chart descriptions (e.g., Accessi-
bility Guidelines Working Group (AG WG), 2023;
DIAGRAM Center, 2020; Pennsylvania State Uni-
versity, 2024; Consumer Financial Protection Bu-
reau). Accessibility research emphasizes that ef-
fective chart alt texts rely on a clear and consistent
structure that enables users to reconstruct a mental
model of the chart(e.g., Belle et al., 2022; Jung
et al., 2022). With respect to content ordering,
prior work suggests beginning with declaring the
chart type as an orienting element, followed by con-
textual information such as axis labels and value
ranges, and concluding with the main message or
trend conveyed by the data (Jung et al., 2022; Yan
et al., 2025). A further structural consideration
concerns the separation of short and long descrip-
tions: since longer descriptions cannot be paused or
skipped during screen reader playback, clearly dis-
tinguishing between the two allows users to decide
whether to engage with the more detailed account.
Beyond descriptions, providing a machine-readable
data table containing all values displayed in the
chart has been identified as a high-priority require-
ment among PVIs (Jung et al., 2022). This body
of work informed our development of a structural
model for chart alt texts (see Figure 1).

The model specifies the components a well-
formed alt text should contain. It does not, how-
ever, prescribe how individual elements should be
described across different chart types, how numeri-
cal values and comparisons should be verbalized,
or how alt texts should scale with varying levels of
chart complexity. The present work refines these

Figure 1: Chart alt text structure, illustrated with an
example bar chart on the left and its structured alt text
on the right (metadata, overview, long description, and
data table).

structural components and their contents for spe-
cific chart types and their subcategories. We vali-
dated and iteratively refined the model in collabo-
ration with PVIs.

2.2 Automated Chart Alt Text Generation
Automated chart alt text generation draws on a
broader cluster of related research areas, includ-
ing chart-to-text generation, chart question answer-
ing, and chart understanding (Huang et al., 2025).
Chart-to-text generation focuses on producing nat-
ural language summaries of chart content, while
chart question answering evaluates whether models
can correctly respond to queries about specific data
points or trends (Obeid and Hoque, 2020; Masry
et al., 2022). Chart understanding encompasses
both tasks (with data extraction and chart type clas-
sification), addressing how well models can parse
the visual and semantic structure of a chart.

Early work relied on rule-based or template-
driven methods that extracted data from structured
chart sources and filled predefined description tem-
plates (Farahani et al., 2023). While reliable for
simple chart types, these approaches lack flexibility
and cannot generalize to novel or complex visual-
izations (Obeid and Hoque, 2020).

The emergence of LLMs and MLLMs has
opened new possibilities for chart alt text gener-
ation. These models can interpret chart images,
identify salient trends, and produce fluent natu-
ral language descriptions, even without having ac-
cess to the underlying data (Wang et al., 2024;
Yin et al., 2024; Kantharaj et al., 2022; Moured
et al., 2024; Huang et al., 2025). Recent studies
have demonstrated the potential of (M)LLM-based
pipelines for generating alt texts that approach
human-authored quality from a language-structure
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and fluency point of view (Obeid and Hoque, 2020;
Kantharaj et al., 2022). Nevertheless, challenges
persist on multiple fronts: on the operational side,
effective prompt design and robust evaluation cri-
teria remain open problems; on the output side,
issues of numerical inaccuracy, hallucination, and
appropriate descriptive granularity continue to limit
practical deployment (Obeid and Hoque, 2020).

Existing literature and tools we identified on au-
tomated chart alt text generation focus on English-
language (such as VisText (Tang et al., 2023) and
Alt4Blind (Moured et al., 2024)), presenting a gap
for other languages. We thus extend this line of
research to German in this study, for which, to
the best of our knowledge, no comparable work
currently exists, including a gold-standard cor-
pus. Moreover, existing approaches primarily focus
on training new models and benchmarking them
against established datasets such as Statista (Gong
et al., 2019; Statista), without taking accessibility
guidelines into account (Obeid and Hoque, 2020;
Belle et al., 2022; Balaji et al., 2018; Gong et al.,
2019).

3 Methodology

The overall methodological framework and work-
flow are illustrated in Figure 2. The workflow be-
gins with data preprocessing, followed by a manual
construction of a gold-standard alt text corpus. The
alt texts are grounded in a structured alt text tem-
plate as shown in Figure 1. Alt texts are generated
using an MLLM and few-shot prompting. The
evaluation strategy combines qualitative feedback
and Likert-scale ratings collected from PVIs and
quantitative metrics including semantic similarity
comparisons and an LLM-as-a-judge approach.

3.1 NZZ News Charts

The dataset consists of 168 charts provided by the
NZZ. Each chart is provided as a PNG image ac-
companied by a JSON file containing metadata and
underlying data values. Of the 168 charts, 150 fall
within the scope of this study, covering line, bar,
and stacked bar charts; the remaining 18 belong
to other chart types. We categorized the charts as
either simple or complex based on the number of
columns in the underlying dataset: simple charts
contain a single data column, while complex charts
contain two or more, resulting in additional categor-
ical dimensions such as multiple lines or grouped
bars. Examples of simple and complex line, bar

NZZ chart data

Preprocess

data

Database

Create gold-standard

alt texts

Judge alt text with

Open AI's o4-mini

Compute

metrics

Create alt texts with

Google's Gemini 2.5

Flash

Interviews with

PIVs

150 charts in scope

41 charts (12 line, 18 bar, 

11 stacked bar)

810 generated +

27 gold-standard

27 charts

× 3 temperatures

× 10 variants
12 alt texts

(1 per chart, T=1.0)

Figure 2: Overview of the alt-text generation and evalua-
tion workflow: gold-standard creation (orange), alt-text
generation with Gemini 2.5 Flash (blue), and evaluation
via computed metrics, LLM-as-a-judge with o4-mini,
and PVI interviews (green).

and stacked bar charts are shown in Figure 3.
Most bar charts fall into the simple category (46

simple, 24 complex) and can be oriented horizon-
tally or vertically, with either time-based or cate-
gorical axes. Line charts, by contrast, have more of
the complex category (23 simple, 39 complex) and
always display a time series on the x-axis. Stacked
bar charts are the smallest group and are mostly
complex (5 simple, 13 complex). They are further
subdivided by whether bars sum to 100% or display
absolute values, and by the number of segments. In
addition to these primary structures, several charts
employ supplementary visual encodings such as
highlighted regions, prognosis markers, and anno-
tated events, which add further descriptive require-
ments for alt text generation.

A preprocessing pipeline parses the JSON files,
extracts metadata and data values, and converts
them into CSV files stored in a relational database.
This pipeline can be extended to other chart types.

3.2 gold-standard Data

At the preliminary stages of this project, we used
Statista’s open-source dataset (Statista) as a proxy
gold-standard. However, this dataset has several
shortcomings that limit its suitability for system-
atic benchmarking. The texts do not distinguish be-
tween short and long descriptions, chart metadata
(such as chart type, axis labels, and value ranges) is
frequently incomplete or absent, the text includes
information that is not included in the chart, and the
descriptions are assumed to function as monolithic
long-form accounts rather than structured, modu-
lar alt texts. The discrepancies with accessibility
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Figure 3: Representative examples from the NZZ chart dataset, organized by chart type and complexity. Columns
correspond to line, bar, and stacked bar charts. The top row shows simple charts (single data column), and the
bottom row shows complex charts (two or more data columns).

guidelines make the dataset ill-suited as a reference
for structured chart alt text generation. Therefore,
we manually created a German gold-standard cor-
pus. The corpus covers 41 NZZ charts selected to
represent a wide range of subcategories and visual
encodings: 12 line charts (5 simple, 7 complex), 18
bar charts (10 simple, 8 complex) and 11 stacked
bar charts (5 simple, 6 complex).

We developed the corpus through three iterative
revision stages. In the first stage, we drafted initial
alt texts with the assistance of Open AI’s GPT 5.1
and internally validated them through a sketching
exercise, in which one author produced structural
reconstructions of the charts based solely on the
written descriptions as a check for completeness
and clarity. In the second stage, we refined the texts
through a linguistic consultation with an expert
in German language and simple-language writing,
focusing on neutral phrasing and readability, in line
with prior work (Jung et al., 2022). In the third and
final stage, we presented the alt texts to five PVIs in
structured interviews. They assessed how well the
descriptions supported the mental reconstruction
of charts across types and complexity levels.

The feedback from PVIs directly shaped the fi-
nal revision. Key changes included: (a) render-
ing the short description as metadata in a techni-
cal rather than fluent prose style; (b) repositioning
the overview summary at the end of the short de-
scription rather than at the beginning of the long
description; (c) long descriptions follow a chrono-
logical progression designed to support mental re-
construction without overloading the listener with
detail; and (d) reducing numerical precision where

a data table was available, while retaining exact
figures otherwise. More broadly, PVIs emphasized
a strong preference for having access to the same
information as sighted users, and for a consistent
basic structure applied uniformly across all charts.

This final version constitutes the gold-standard
reference data that we used for all subsequent eval-
uation in this study.

3.3 Generation of the Chart Alt Texts

We generated the alt texts using Google’s Gem-
ini 2.5 Flash Preview 09-2025 (Google DeepMind,
2025), an MLLM capable of processing both tex-
tual and visual input. The model is accessed via the
OpenRouter API (OpenRouter), which supports a
temperature range of 0.0 to 2.0. Temperature gov-
erns the degree of randomness in model output: a
value of 0.0 yields deterministic outputs for identi-
cal inputs, while higher values increase variability.
We set the temperature parameter to the model de-
fault of 1.0. Future work should evaluate the effect
of temperature on alt text quality, consistency, and
factual accuracy, for instance by comparing outputs
at T=0.0 and T=1.0 through human evaluation. We
selected Gemini 2.5 Flash as it could be integrated
into the NZZ data pipeline, facilitating the possible
adoption in an operational publishing context.

As inference strategy we employed multimodal
few-shot prompting: each request supplies the
model with a chart image, a CSV excerpt of the
underlying data, natural language instructions, and
a set of illustrative gold-standard examples, from
which the model is expected to infer the desired
output structure and style without any additional
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fine-tuning.
The prompt design is based on the systematic

trials that we conducted in our preliminary work
(Locher and Vannini, 2025). We demonstrated that
structured prompts with explicit formatting con-
straints consistently outperform free-form instruc-
tions for chart alt text generation. In particular,
prompts that clearly separate short and long de-
scriptions, impose length constraints, and adapt to
chart type and complexity through type-specific
instructions and examples yield the highest overall
output quality.

We designed six distinct prompt variants for this
study: one for each combination of chart type (line,
bar, stacked bar chart) and complexity level (simple,
complex). Each variant encodes chart-type-specific
rules, content ordering constraints, and wording
guidelines. They all follow a shared template struc-
ture comprising the following components:

Task definition Explicit instructions for gener-
ating the short description (metadata-based), the
overview, and the long description, including word
limits.

Examples Illustrative alt texts drawn from the
gold-standard corpus. Of the 41 gold-standard alt
texts available, we selected 14 as in-prompt exam-
ples. These cover the full range of chart types (12)
and their subcategories. For complex bar charts,
we distinguished three subcategories: 1) category
within a time series, 2) time series within a cate-
gory, and 3) category within a category. For sim-
ple stacked bar charts, we defined the following
three variants: 1) 100% charts with multiple bars,
2) 100% charts with a single bar, and 3) charts
with absolute values. Each subcategory required
a dedicated example, resulting in three in-prompt
examples for these two chart types rather than de-
fault two. All remaining chart types retained two
in-prompt examples each.

Data CSV excerpt of the underlying chart data
extracted during preprocessing.

Stylistic rules Guidelines governing tone, phras-
ing, and language use. The stylistic rules reflect
both the accessibility requirements and the feed-
back that we gathered from PVIs. Descriptions
are required to be concise and clear, and causal in-
terpretations are explicitly prohibited in favor of a
neutral, observational tone. Trend descriptions are
restricted to the verbs steigen and sinken, avoiding

evaluative or dramatic alternatives such as erre-
ichen or einbrechen. Symbols are written out, e.g.
negative values are expressed using the word minus
rather than the minus symbol, as screen readers
may misinterpret them.

Fixed output format A fixed output structure
separates the short description, overview, and long
description using defined delimiters, ensuring con-
sistent formatting and reliable downstream parsing
and evaluation.

4 Evaluation Setup

The evaluation strategy combines automatic repro-
ducible metrics with qualitative human feedback.
It addresses the central question of how MLLM-
generated German chart alt texts compare to man-
ually created gold-standard alt texts in terms of
clarity, conciseness, meaningfulness, and output
consistency. The evaluation is organized along
three dimensions:

• Semantic similarity: the degree of semantic
overlap between generated and gold-standard
alt texts, assessed using sentence embeddings.

• Text length as a proxy for conciseness: com-
parison of character counts across generated
and gold-standard alt texts. Text length serves
as an objective and reproducible approxima-
tion of conciseness, as longer texts are more
likely to contain redundant phrasing or unnec-
essary detail.

• Quality judgements: a comparison of LLM-
based and human rating across shared evalua-
tion criteria.

The evaluation is based on 27 gold-standard
chart alt texts. A total of 282 MLLM-generated alt
texts were produced for evaluation: 270 from ten
generation runs per chart under identical conditions
(27 × 10, temperature = 1.0), plus 12 additional
texts generated specifically for human evaluation.
We generated these 12 additional texts in an initial
pipeline validation run, using a balanced subset of
the 27 benchmarking charts (two per chart type and
complexity level). These texts served as stimuli in
the PVI interviews (See 3.2), in which participants
evaluated MLLM-generated alt texts rather than
the gold-standard texts. Presenting gold-standard
texts to PVIs would have introduced a methodolog-
ical circularity, as the gold-standards texts were
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iteratively refined based on prior PVI feedback. Alt
texts are generated in a strict output format and
parsed into sections. All metrics are computed
separately for the full text, the short description
(metadata), the short description (overview), and
the long description, when relevant.

Semantic similarity was computed as the co-
sine similarity of sentence embeddings extracted
using SBERT (Reimers and Gurevych, 2019). Em-
beddings were computed separately for four textual
units: the full alt text, the short description (meta-
data), the short description (overview), and the long
description. High cosine similarity indicates sub-
stantial semantic overlap with the gold-standard,
while lower values reflect divergence in content or
phrasing.

Text length was assessed through descriptive
statistics of character and word counts per sec-
tion, comparing gold-standard and generated texts
across chart types and complexity levels.

LLM-as-a-judge evaluation (Gu et al., 2025)
was conducted using OpenAI’s o4-mini model ac-
cessed via OpenRouter (OpenAI, 2024) to rate each
generated alt text along six criteria: clarity, concise-
ness, neutrality, perceived completeness, complete-
ness, and correctness. Ratings were produced on a
Likert scale and compared against human ratings
on the shared subset of criteria. We treated com-
pleteness and perceived completeness as distinct
criteria. Completeness assesses whether the alt text
factually covers the essential elements of the chart
(verifiable against the chart image and underlying
CSV data), and can therefore only be evaluated
by the LLM judge. Perceived completeness, by
contrast, captures the subjective impression of suf-
ficiency, i.e. whether the text appears to cover
everything important without requiring visual ac-
cess to the chart. We introduced this distinction
to enable PVI participants to provide meaningful
completeness-related judgments despite their vi-
sual impairment.

Human evaluation was conducted with five
PVIs across 12 charts (12× 5 = 60 ratings). Prior
to the evaluation, participants received a single ver-
bal explanation of the four rating criteria (neutrality,
clarity, conciseness, and perceived completeness)
to ensure a shared understanding. We excluded
completeness and correctness from the human eval-
uation as they require direct visual access to the
chart and underlying data.

Figure 4: Overall SBERT similarity distribution across
chart types and complexity levels.

5 Results

The results for quantitative and qualitative evalua-
tions are detailed in the following sections.

5.1 Semantic Similarity

Figure 4 shows the overall similarity distribution
aggregated across all alt text sections.

Across all three chart types, simple charts gener-
ally yield higher and more concentrated similarity
scores than complex ones, with the exception of bar
charts, where simple and complex conditions show
comparable medians and interquartile ranges. Com-
plex line and stacked bar charts show the lowest
medians and widest interquartile ranges, reflecting
the greater challenge of summarizing multi-layered
visualizations. Simple bar charts exhibit several
low-scoring outliers, though the bulk of scores re-
mains above 0.80. When broken down by alt text
section (not shown), the overview and long de-
scription sections diverge more strongly from the
gold-standard and exhibit higher variance, which is
expected given that these sections require abstrac-
tion and trend prioritization rather than extraction
of fixed metadata.

5.2 Text Length and Conciseness

MLLM-generated texts are consistently longer than
gold-standard alt texts and show a heavier tail of
very long outputs, particularly for complex charts.

5.3 LLM-Judge and Human Evaluation

Overall, both evaluators assign high scores across
shared criteria, indicating broad consensus that the
generated chart alt texts meet essential quality stan-
dards. Median scores are closely aligned for clar-
ity and perceived completeness, suggesting that
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LLM judgements approximate human assessments
on these dimensions. However, the LLM exhibits
greater score variability and applies stricter criteria
for conciseness and neutrality than PVIs.

Human scores show the greatest variation in clar-
ity. PVIs awarded high clarity ratings when termi-
nology was simple, structures were explicit, and
trends were described sequentially. Lower scores
were associated with special terminology, ambigu-
ous references, screen reader incompatibilities, and
descriptions that assumed the reader could refer
back to the chart visually. No systematic direc-
tional bias was observed in LLM clarity scores
relative to human ratings.

Conciseness is the dimension where LLM-judge
and human evaluation diverge the most. The LLM
applies stricter internal standards, while PVIs tend
to tolerate longer descriptions if they are perceived
as informative. Users lowered conciseness ratings
when descriptions were numerically saturated, re-
dundant, or structured as long enumerations. These
were reported as cognitively demanding. Con-
versely, very short descriptions occasionally raised
concerns about missing context.

Neutrality scores are high and closely aligned
for simple charts. Minor discrepancies emerge for
complex charts, where the LLM occasionally penal-
izes formulations that PVIs still consider neutral.
User feedback suggests that neutrality concerns
arose less from evaluative language than from struc-
tural choices, such as consistently pairing certain
entities together in a way that implied an implicit
framing.

Perceived completeness ratings are similarly
distributed across both evaluators, though the LLM
shows a slightly wider score range. For PVIs,
perceived completeness depended primarily on
whether the description conveyed a coherent overall
picture rather than exhaustive detail. High scores
were given when PVIs could mentally reconstruct
the main trends and relationships; lower scores oc-
curred when key contextual anchors, such as start
or end values, time references, or explicit state-
ments about the absence of relationships, were
missing.

5.4 Inter-Generation Consistency
Figure 5 shows pairwise cosine similarity scores
across ten generation runs per chart, aggregated
across all alt text sections.

Complex charts show somewhat broader distri-
butions, indicating greater output variability when

Figure 5: Pairwise cosine similarity scores across ten
generation runs, broken down by chart type and com-
plexity.

the model must describe multi-layered visualiza-
tions. The overall stability is largely driven by
the metadata section, which is nearly determinis-
tic across runs. When examined by section (not
shown), the overview and long description exhibit
markedly greater variability, particularly for com-
plex charts, confirming that output instability is
concentrated in the sections requiring abstraction
and trend prioritization rather than in structured
factual components.

6 Discussion

The results converge on a coherent picture of the
strengths and limitations of MLLM-generated chart
alt texts. Across all evaluation dimensions, the
metadata section emerges as the most robust com-
ponent: similarity to the gold standard is high and
stable, length is well-controlled, and outputs are
nearly deterministic across generation runs. This
consistency reflects the structured, rule-governed
nature of metadata content, which is directly deriv-
able from the underlying chart data.

In contrast, the overview and long description
sections are less stable. Semantic similarity to the
gold standard is lower and more variable, the gen-
erated texts tend to be longer than their manually
authored counterparts, and the output consistency
across repeated runs is reduced, particularly for
complex charts. These patterns are expected since
both sections require the model to abstract, priori-
tize, and synthesize information rather than simply
extract it. However, the variability they introduce
poses a challenge for deployment in contexts where
predictable and consistent output is required.

The quality evaluation broadly corroborates
these findings. Both LLM and human evaluators
rate the generated texts highly for clarity and com-
pleteness, suggesting that the outputs are generally
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well-formed and informative. Conciseness is the
dimension that most clearly differentiates the gen-
erated texts from gold-standard texts, with LLM-
generated outputs consistently running longer, par-
ticularly for complex charts. The alignment be-
tween LLM-judge and PVI ratings is encouraging
and suggests that LLM-based evaluation could be
useful at least for clarity and perceived complete-
ness. The LLM applies stricter standards for con-
ciseness and neutrality.

A key implication of these findings concerns the
role of MLLMs in the generation pipeline. The
metadata section, whose content is fixed and deter-
ministic, could be better handled by rule-based tem-
plates, which would eliminate the residual variabil-
ity observed even in this structured section. MLLM
generation is most valuable for the overview and
long description, where flexible natural language
generation adds the greatest benefit and no deter-
ministic alternative exists. Taken together, the
findings support a hybrid approach: determinis-
tic template generation for metadata, and carefully
prompted MLLM generation for higher-level de-
scriptions. Even in its current form, however, auto-
matically generated alt text represents a substantial
improvement over its absence and brings chart ac-
cessibility within practical reach for high-volume
publishing environments.

A limitation of the current study is the relatively
small evaluation set and pool of PVI participants.
The findings are based on 27 gold-standard charts
and five PVIs, which constrains the statistical ro-
bustness of the human evaluation results, even
though the effort provides a good starting point
and qualitative insights are valuable for this line of
work. Additionally, the scope is limited to three
chart types from a single German-language pub-
lisher, which may limit generalizability, and the
results should be seen as the outcomes of prelimi-
nary work on a valid, real-world case study.

7 Conclusions

This study investigated whether MLLMs can auto-
matically generate well-formed German chart alt
texts that meet the needs of PVIs and match the
quality of manually authored gold-standards. Fo-
cusing on bar, line, and stacked bar charts from the
Neue Zürcher Zeitung (Neue Zürcher Zeitung), we
defined a structured alt text schema, constructed a
gold-standard corpus in iterative collaboration with
PVIs, and evaluated MLLM-generated descriptions

in terms of clarity, conciseness, meaningfulness,
and output consistency.

The results demonstrate that MLLM-generated
alt texts are a viable and practical solution for im-
proving chart accessibility at scale. Generated
texts were consistently rated as clear and complete,
and PVIs perceived them as providing meaning-
ful added value. Performance was strongest for
simpler charts, where generation was more stable
and outputs more closely aligned with the gold-
standard. The evaluation also identified a clear
division of labor: metadata-based short descrip-
tions could potentially be better generated via de-
terministic templates, while MLLMs are most ef-
fectively employed for overviews and long descrip-
tions where linguistic generation is required. A
hybrid pipeline combining both approaches is a
practical and scalable strategy.

Several directions for future work emerge from
this study. First, expanding the gold-standard cor-
pus to cover a broader range of chart types, com-
plexity levels, and source domains would improve
generalizability. Second, enlarging and diversify-
ing the pool of PVI participants would strengthen
the statistical robustness of the human evaluation.
Third, integrating inter-generation consistency anal-
ysis directly into the evaluation pipeline would sup-
port ongoing quality monitoring in production set-
tings.

Limitations

The qualitative evidence is based on a small sam-
ple of five PVIs and a limited set of charts. Thus,
the findings may not represent the full diversity of
screen-reader use and information needs. Further-
more, SBERT similarity measures semantic over-
lap, but it cannot assess structural compliance, cog-
nitive load, or screen-reader-specific issues. Com-
plex charts remain the main challenge: even accu-
rate alt texts can be cognitively demanding.
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Abstract
We present a curated resource of Latin etymolo-
gies automatically extracted from Wiktionary,
enriched with links to the LiLa Knowledge
Base of Latin and modelled as RDF triples us-
ing the LemonEty ontology. We also present
the Python pipeline the data was generated with,
as it can be reused to extract Wiktionary’s et-
ymologies for other languages. The etymol-
ogy chains cover Latin words and their attested
or reconstructed ancestors in languages such
as Proto-Indo-European, Proto-Italic, Ancient
Greek, Hebrew, Egyptian, and others. To ad-
dress the structural noise and editorial hetero-
geneity of Wiktionary etymology data, we have
introduced strong rule-based filters throughout
the pipeline, especially in the curation stage.
After validation, the resulting dataset contains
etymological chains for 9,684 lemmas, which
can be used to support research in Historical
Linguistics, Computational Etymology and lan-
guage learning, among other applications.

1 Introduction

Etymological information is valuable for a wide
array of applications related to lexicography, in-
cluding Historical Linguistics and the construction
of knowledge graphs for lexical resources, such
as large multilingual semantic networks like Ba-
belNet, which integrates lexical and encyclopedic
knowledge across languages (Navigli and Ponzetto,
2012), and linguistic knowledge graphs that model
relations between lexical units and concepts for dig-
ital humanities research (Basile et al., 2022). How-
ever, high-quality structured etymological datasets
remain relatively scarce. Wiktionary contains a
large collection of high-quality etymological de-
scriptions contributed by its community of edi-
tors. However, these descriptions are primarily
expressed in unstructured natural language. Our
initial goal was to create software that took them
as input and returned them in a structured format
as output.

To embody our objective in a practical applica-
tion, we focus our development on enriching the
collection of lemmas that constitutes the core com-
ponent of Linking Latin (LiLa)1, a knowledge base
of Latin linguistic resources made interoperable
through their publication as Linked Open Data. To
do this, we conduct the automatic extraction, nor-
malization and structuring of Latin etymologies
from Wiktionary into RDF format, and their subse-
quent alignment with LiLa lemmas. The main con-
tributions of this work are (i) the resulting dataset
of Latin etymological chains extracted from Wik-
tionary and (ii) the rule-based pipeline to generate
that data. The dataset contains curated chains for
9,684 lemmas and, with respect to LiLa, provides a
complementary layer of etymological information
derived from a large-scale, collaboratively curated
source.

In addition, the pipeline was designed follow-
ing a clear separation-of-concerns principle, result-
ing in a highly modular workflow. Each stage of
the process—extraction, enrichment, curation, and
RDF serialization—can therefore be modified in-
dependently. This design makes the pipeline easily
adaptable to other use cases. For instance, extract-
ing etymologies for a different language and link-
ing them to another knowledge graph would only
require modifying the enrichment step preceding
RDF serialization.

2 Related Work

Wiktionary has increasingly been used as a large-
scale lexical resource for linguistic and NLP appli-
cations. Several efforts have focused on transform-
ing its collaboratively edited content into structured
data that can be processed automatically. In partic-
ular, the Wiktextract system (Ylonen, 2022) pro-
vides a comprehensive extraction pipeline capable
of expanding Wiktionary templates and Lua mod-

1https://lila-erc.eu
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ules, producing machine-readable representations
of lexical entries and their associated linguistic in-
formation.

The Linked Open Data (LOD) paradigm pro-
motes the publication of structured data on the
Web using standard technologies such as RDF and
HTTP identifiers, enabling datasets from different
sources to be interlinked and reused across appli-
cations (Berners-Lee, 2006). Within the field of
linguistics, this paradigm has encouraged the devel-
opment of interoperable lexical resources published
as Linked Open Data, allowing lexical information
to be integrated into broader knowledge graphs and
shared across linguistic infrastructures.

Within this context, the representation of lexical
data as linked data has been extensively explored
within the OntoLex-lemon framework (McCrae
et al., 2017), a W3C community ontology designed
to represent lexical information in RDF and to link
lexical entries to their meanings and related linguis-
tic data. In order to model etymological relations
specifically, (Khan, 2018) proposed the lemonEty
ontology, an extension of OntoLex-lemon designed
to represent historical relationships between lexical
items and their ancestors.

A number of projects have explored the publi-
cation of lexical data extracted from Wiktionary
as Linked Open Data. One of the most prominent
examples is DBnary (Sérasset, 2014), a large mul-
tilingual lexical resource automatically extracted
from several language editions of Wiktionary and
published in RDF using the lemon model. DB-
nary provides structured lexical information such
as senses, translations, and morphological data, and
has also served as a basis for experiments involv-
ing the extraction and visualization of etymological
relations from Wiktionary. Unlike DBnary, which
primarily focuses on the extraction of lexical infor-
mation such as senses, translations and morphol-
ogy from Wiktionary, the dataset presented in this
paper specifically targets the reconstruction of ety-
mological chains and their representation using the
lemonEty ontology, with explicit links to the LiLa
LemmaBank.

Related efforts have investigated the construc-
tion of explicit etymology graphs from Wiktionary
data. For instance, the Etytree project (Pantaleo
et al., 2017) extracts etymological relationships
between lexical items from Wiktionary and repre-
sents them as navigable graph structures, enabling
interactive exploration of word histories and cross-
linguistic derivational relations. However, the pri-

mary goal of Etytree is the visualization and explo-
ration of etymological networks rather than the pub-
lication of structured etymological data as Linked
Open Data. In contrast, the approach presented in
this paper focuses on the construction of a curated
dataset of etymological chains represented in RDF
using the lemonEty ontology and aligned with the
LiLa Knowledge Base, with the aim of enabling
reuse and interoperability within the Linked Open
Data ecosystem for linguistic resources.

Within the context of Latin linguistic resources,
the LiLa Knowledge Base of Linguistic Resources
for Latin integrates multiple datasets through
Linked Open Data principles. In particular, Mam-
brini and Passarotti (Mambrini and Passarotti,
2020) demonstrate how etymological information
can be modeled in LiLa using the OntoLex-lemon
ontology together with the lemonEty extension.
The dataset presented in this paper follows the same
modelling approach, ensuring interoperability with
the existing LiLa infrastructure.

3 Source Data and Corpus Construction

3.1 Data extraction

In Wiktionary, each entry for a word has one or
several etymology sections, depending on how
many etymologies have been proposed for it. Ex-
pressing etymologies in natural language poses
a series of challenges when it comes to extract-
ing the desired information. However, no parser
development work was necessary on our side,
as Tatu Ylonen already made Wiktextract, “the
first known extractor capable of expanding Wik-
tionary templates and Lua modules” (Ylonen, 2022,
p. 1317). In this context, Wiktionary templates
are reusable pieces of wiki markup used to en-
code structured linguistic information within en-
tries, such as derivation relations, inherited forms,
or borrowings between languages. For instance,
the template {{inh|en|ang|niht}} encodes that the
English word night is inherited from Old English
niht.

Every few days, Wiktextract is run on the En-
glish Wiktionary and the data dump is posted on
https://kaikki.org. We downloaded the com-
pressed .gz version that was on the site on March
16th 2026 and used its templates as our starting
point. Wiktionary data has considerable size, so the
best course of action is to always extract the min-
imal subset we intend to operate on. Wiktionary
encodes etymological relations through a family
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of templates that describe inheritance, derivation,
borrowing, and roots, so, in this case, from the ini-
tial Wiktextract dump, we extracted the etymology
templates for Latin and stored them in a JSON file,
in which a key is a lemma and the value is the list
of etymology templates for that lemma. See, for
example, the templates for frater:

[
{"name": "inh", "args": {"1":
"la", "2": "itc-pro", "3":

"*frātēr"}},
{"name": "inh", "args": {"1":
"la", "2": "ine-pro", "3":

"*bhréh2tēr"}}
]

It is worth noting that a word can have several
such lists, which makes the phrase “etymology tem-
plates” ambiguous. From this point onwards, we
will use “etymology templates list” to denote a
single templates list, like the one just shown, and
“etymologies” to denote a list of these lists.

3.2 Data transformation
In this step, we removed all extraneous information
from the etymology templates and reduced them
to the minimal representation required to encode
an etymological relation: a chain in which each
element consists of a word–language pair.

To do so, given a word’s etymologies, we iterate
over each etymology templates list. For each list,
we then iterate over each individual template and
then classify it based on its name field:

• Relevant: contains the primary ancestry tem-
plates observed in the data, including in-
heritance (inh), derivation (der), borrowing
(bor), and root relations (root), together with
their extended variants (e.g. inh+, der+,
bor+). These templates directly encode a rela-
tion between a target form and a source form
in another language. Since inheritance, deriva-
tion, and borrowing all represent a step in
a lexical ancestry chain, we treat them uni-
formly during transformation.

• Inheritance-like: groups together templates
that behave structurally as ancestry transi-
tions, including additional borrowing-related
templates such as ubor (unadapted borrow-
ing) and slbor (semi-learned borrowing). Al-
though their linguistic interpretation differs

slightly, they all encode the same structural
pattern: a source form in a source language
that precedes the target lemma.

• inheritance-like (lite): Wiktionary occasion-
ally uses simplified or lightweight template
variants such as inh-lite, der-lite, and
bor-lite. These templates follow the same
argument structure as their standard counter-
parts but contain less metadata.

If a template fits into any of the three classes,
we then normalize it into a minimal ancestry node
of the form (form, language), in which form
is the template’s word’s lemma and language is
its language code. Applying this procedure to all
templates of an entry yields a linear etymology
chain in template order. Given frater’s templates,
see its etymology chain:

[(frātēr, itc-pro), (bhréh2tēr,
ine-pro)]

After processing all words’ etymologies, etymol-
ogy chains were obtained for 12,421 Latin words
and stored as a JSON, in which every key is a
lemma and the value is its etymology chains.

In Wiktionary, the same etymology templates
may be repeated for a single lemma. This can occur
for two main reasons. First, entries are organized
into multiple sections (e.g., by part of speech), and
Wiktextract may treat these sections as separate
entries while preserving the same etymology. For
example, Februārius appears both as an adjective
(“of February”) and as a proper noun (“February”),
with both entries containing identical etymologi-
cal templates. Second, a surface form may appear
both as a lemma and as an inflected form of an-
other word. For instance, animalis appears both
as an adjective lemma and as the genitive singu-
lar of animal, again yielding duplicate etymology
template sequences. In addition, due to the normal-
ization process, distinct template sequences may
collapse into the same ancestry chain when non-
etymological templates (e.g., suffixation or gloss
information) are discarded during transformation.

To avoid redundancy, duplicate chains are re-
moved per lemma prior to curation. This step en-
sures that each lemma is associated with a set of
unique etymological chains while preserving all
distinct ancestry information. In total, 555 lemmas
were found to contain duplicate etymology chains
and were subsequently deduplicated.
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The chains reveal that Latin lexical items directly
descend from a wide range of languages and lan-
guage stages. These include proto-language re-
constructions such as Proto-Italic (itc-pro) and
Proto-Indo-European (ine-pro); historical Indo-
European languages such as Ancient Greek (grc),
Oscan (osc), and Etruscan (ett); and languages in-
volved in lexical borrowing, including Phoenician
(phn), Hebrew (hbo), Egyptian (egy), and Akka-
dian (akk). The dataset also contains language
variants and dialectal designations used in Wik-
tionary, for instance Doric Greek (grc-dor), Ionic
Greek (grc-ion), and Koine Greek (grc-koi), as
well as historical stages such as Vulgar Latin (VL.),
Late Latin (LL.), and Medieval Latin (ML.). Be-
yond these immediate ancestors, the etymology
chains also reveal more distant indirect ancestry
from additional languages and proto-languages that
do not appear as direct sources. These include
further Indo-European branches and reconstructed
stages such as Proto-Germanic (gem-pro), Proto-
Slavic (sla-pro), Proto-Indo-Iranian (iir-pro),
and Proto-Semitic (sem-pro), as well as historical
languages such as Hittite (hit), Old Irish (sga),
Coptic (cop), and Old Church Slavonic (cu). To-
gether, these chains illustrate the wide diachronic
and geographic span captured by the dataset, re-
flecting both deep Indo-European ancestry and later
borrowing and transmission across multiple lan-
guages.

3.3 Data curation

Due to the collaborative nature of Wiktionary, and
the diversity and heterogeneity among contributors,
there is always bound to be some noise in its data.
For this reason, a rule-based curation stage is used
to filter potentially unreliable chains. In design-
ing these filters, we prioritize precision over recall:
the goal is to maximize the proportion of correct
etymological relations (true positives) in the final
dataset, even if this means discarding some valid
chains. As a consequence, the curation process
may introduce a higher number of false negatives,
but it significantly reduces the presence of incor-
rect or noisy etymological links. This trade-off
is considered preferable for a corpus intended to
support linguistic research and knowledge graph
construction, where data reliability is particularly
important. Furthermore, false negatives can always
be made into true positives (e.g. by an annotator),
whereas the process to undo false positives is more
cumbersome, especially if the data is published and

associated with URIs.
The etymologies associated with each lemma are

divided into the following classes after applying
the curation filters:

• Valid: The chain passes all filters and is con-
sidered a valid etymological chain.

• Empty forms: The word form is an empty
string or a hyphen.

• Repeated language: The same language ap-
pears twice within a single ancestry chain.

• Annotated forms: The word form contains
parentheses, indicating the presence of gloss
commentary.

• Morpheme entries: The word begins with
a hyphen, indicating an affix rather than a
standalone lexical form.

• Enumeration forms: The form contains a
comma, suggesting that multiple lemmas were
enumerated in the same string.

• Markup contamination: The word contains
markup characters such as <, >, [, ], {, or }.

Table 1 reports the outcome of the curation pro-
cedure. Lemmas with valid etymologies constitute
approximately 78% of the original dataset, while
the remaining 22% are filtered out by the curation
rules. Among the filtered classes, the category “re-
peated language” (7%) is the one most likely to
contain false negatives, since lexical items may un-
dergo internal derivation, semantic shift, or other
developments while remaining within the same lan-
guage. By contrast, etymologies containing empty
forms (13%) are certain to be true negatives, since
an etymology cannot be valid while missing ety-
mons.

3.4 RDF serialization
Given a list of curated etymology chains, the final
stage of the pipeline consists of serializing them
into RDF triples. In order to represent the data in a
semantically meaningful and interoperable way, an
ontological vocabulary must be used to model the
relations between lexical entries and their ancestors.
For this purpose, we adopt the OntoLex-lemon Ety-
mology extension (lemonEty), a vocabulary specifi-
cally designed for representing etymological rela-
tions in RDF (Khan, 2018). The lemonEty model
extends the OntoLex-lemon ontology with classes
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Category Count

Valid 9,684
Empty forms 1,639
Repeated language 861
Annotated forms 192
Morpheme-only forms 34
Enumeration patterns 9
Markup artifacts 2

Table 1: Distribution of valid and filtered etymologies
by lemma after rule-based curation.

and properties that capture typical elements of ety-
mological description, such as etymons and etymo-
logical links. Using this model allows the extracted
chains to be published as linked data and facilitates
interoperability with other linguistic resources.

Furthermore, lemonEty is already used in the
LiLa Knowledge Base. Adopting the same model
therefore ensures compatibility between our dataset
and the existing LiLa infrastructure. According to
said model, an etymology has the following ele-
ments:

• Lexical entry: the lexical item whose ety-
mology is being described (e.g., lupus). This
is represented as an ontolex:LexicalEntry
and linked to its etymology.

• Etymology node: an instance of
lemonEty:Etymology that acts as the
central object representing the etymological
description of the lexical entry.

• Etymon: the historical lexical forms from
which the word derives (e.g., reconstructed
forms such as *lukwos). These are represented
as instances of lemonEty:Etymon, which is
in turn a subclass of ontolex:Form.

• Etymological links: instances of
lemonEty:EtyLink that connect successive
stages of the etymological chain.

• Source and target relations: each etymolog-
ical link specifies an etySource (the ancestor
form) and an etyTarget (the derived form).

• Canonical forms: lexical entries are linked
to their canonical form of citation through
the property ontolex:canonicalForm. In
the OntoLex-lemon model, a lexical en-
try is associated with an ontolex:Form

representing its canonical form (i.e., the
lemma), while the written representation
of that form is expressed through the
property ontolex:writtenRep. In LiLa,
lemmas are modeled as instances of the
class lila:Lemma, which is defined as
a subclass of ontolex:Form. Linking
lexical entries to LiLa lemmas through
ontolex:canonicalForm therefore consti-
tutes the standard mechanism used to connect
lexical resources to the LiLa knowledge base.

In our pipeline, this model is instantiated au-
tomatically from the curated etymology chains.
Given such a chain, the RDF serialization proce-
dure represents the word whose etymology is de-
scribed as an ontolex:LexicalEntry, linked to a
central lemonEty:Etymology node. All preceding
historical stages are modeled as lemonEty:Etymon
instances. The diachronic progression is encoded
through a sequence of lemonEty:EtyLink nodes
connecting each stage to the next by means of
lemonEty:etySource and lemonEty:etyTarget.
These links are attached to the etymology node
with lemonEty:hasEtyLink, and the first one is
marked with lemonEty:startingLink.

Before serializing each etymology chain, we per-
form a preliminary enrichment step in which each
node is associated with external identifiers. First,
a Wiktionary URL is assigned to every form by
attempting to resolve the corresponding page in
the English Wiktionary. The system generates can-
didate URLs based on the form and its language
code, accounting for special cases such as recon-
structed proto-language forms, and verifies their
existence through HTTP requests. The first candi-
date returning a valid response is retained as the
Wiktionary reference for that node. During RDF
serialization, this URL is then attached to the corre-
sponding lexical entry or etymon using the property
schema:url.

For Latin forms, an additional linking step con-
nects the lemma to the LiLa Knowledge Base. This
is done by querying the LiLa Text Linker service
endpoint2, which returns a linking key identifying
the corresponding LiLa lemma when a match is
found (Passarotti et al., 2024). In cases where mul-
tiple candidate lemmas are returned (e.g., due to
homography), the pipeline selects the first candi-
date. Candidates are returned sorted in ascending

2https://lila-erc.eu/LiLaTextLinker/
processText
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order by lemma ID (e.g., lilaLemma:103739), so
this corresponds to selecting the candidate with
the lowest lemma ID. The linking key is then
converted into a persistent LiLa URI and used
during RDF serialization to link the lexical en-
try to the corresponding LiLa resource through
ontolex:canonicalForm.

Given the etymology chain of frater shown in
Section 2.2, Listing 1 shows a simplified excerpt
of its RDF representation. Prefixes such as exlex,
exety, exetym, and exlink are used instead of full
URIs for readability and stand for the correspond-
ing namespaces in the dataset.

Listing 1: Simplified RDF triples for the etymology of
frater.
exlex:frater-la a ontolex:LexicalEntry ;

lemonEty:etymology exety:frater-la ;
schema:inLanguage "la"^^xsd:language ;
schema:url <https://en.wiktionary.org/wiki/

frater> ;
rdfs:label "frater" ;
ontolex:canonicalForm <https://lila-erc.eu/

data/id/lemma/103739> .

exety:frater-la a lemonEty:Etymology ;
lemonEty:etymon exetym:frater-la-0 , exetym:

frater-la-1 ;
lemonEty:hasEtyLink exlink:frater-la-1 ,

exlink:frater-la-2 ;
lemonEty:startingLink exlink:frater-la-1 ;
rdfs:label "Etymology of: frater" .

exetym:frater-la-1 a lemonEty:Etymon ;
schema:inLanguage "x-ine-pro"^^xsd:language ;
rdfs:label "*brhtr" .

exetym:frater-la-0 a lemonEty:Etymon ;
schema:inLanguage "x-itc-pro"^^xsd:language ;
rdfs:label "*frtr" .

exlink:frater-la-1 a lemonEty:EtyLink ;
lemonEty:etySource exetym:frater-la-1 ;
lemonEty:etyTarget exetym:frater-la-0 ;
rdfs:label "Etymology Link" .

exlink:frater-la-2 a lemonEty:EtyLink ;
lemonEty:etySource exetym:frater-la-0 ;
lemonEty:etyTarget exlex:frater-la ;
rdfs:label "Etymology Link" .

Finally, RDF generation must account for the
scale of the Wiktionary-derived data. The construc-
tion of triples itself is relatively inexpensive and, if
the pipeline were purely CPU-bound, it would run
substantially faster. In practice, however, the en-
richment stage dominates runtime, since it depends
on external network requests to resolve Wiktionary
URLs and query the LiLa linking service. To keep
the pipeline scalable, the graph is not stored in
memory as a whole; instead, each enriched etymol-

ogy chain is immediately serialized to an .nt file.
This streaming approach prevents excessive RAM
usage and is therefore essential when processing
large volumes of data. N-Triples is especially ap-
propriate for this purpose because it supports incre-
mental, line-based serialization. Finally, for human
inspection, the resulting .nt file is converted into
Turtle (.ttl), a more readable RDF format.

3.5 Data publication

The resulting dataset has been published
as a Linked Data resource within the
LiLa graph and is accessible online
through the LiLa infrastructure at https:
//lila-erc.eu/data/lexicalResources/
englishWiktionaryLatinEtymologies/
Lexicon. Entitled English Wiktionary Latin
Etymologies, it contains 9,684 lexical entries
corresponding to Latin lemmas with curated
etymologies extracted from the English edi-
tion of Wiktionary. Each entry is represented
as an ontolex:LexicalEntry linked to its
etymological representation through the lemon-
Ety ontology. The lexicon metadata specifies
the provenance of the data, indicating that
the etymologies were retrieved from the raw
Wiktextract dump made available at https:
//kaikki.org/dictionary/rawdata.html and
processed into RDF by our pipeline. The dataset is
released under the same license as the underlying
Wiktionary data, Creative Commons Attribution-
ShareAlike (CC BY-SA), and is integrated into the
LiLa ecosystem3, which allows it to interoperate
with existing Latin linguistic resources already
linked within the knowledge base.

3.6 Reproducibility

The corpus generation pipeline is fully repro-
ducible. It begins with the raw Wiktextract dump
of the English Wiktionary available at https:
//kaikki.org/dictionary/rawdata.html.
From this source, etymology templates are
extracted and converted into structured etymology
chains. These chains are then curated, enriched
and, finally, serialized into RDF triples. The
code implementing this pipeline can be retrieved
from the GitHub repository associated with
this project, https://github.com/CIRCSE/
englishWiktionaryLatinEtymologies , in
which the dataset in both .nt and .ttl can be found

3https://lila-erc.eu/data-page/
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as well. This allows the corpus generation process
to be reproduced from the original Wiktextract
data. That is, given a Wiktextract dump, the
pipeline consistently returns the same RDF output.
The only exception is the entity linking step, where
manual disambiguation may be required in cases
of lexical ambiguity, as discussed next in the
Limitations section.

4 Limitations

The dataset presented in this work is derived from
the English version of Wiktionary and therefore
inherits some of its properties. Multiple entries
may exist for different grammatical forms of the
same lexical item (e.g., nominative animal and its
genitive animalis) or for distinct uses across parts
of speech (e.g., Februārius as both a proper noun
and an adjective). Wiktionary provides valuable
etymological information, but some degree of noise
is inherent to the source data.

A further limitation concerns the alignment with
external resources, such as the Lemma Bank of
LiLa. In some cases, an entity linking service
yields several candidates, as ambiguity cannot be
resolved through surface form matching alone. As
discussed in the RDF Serialization section, the cur-
rent pipeline always selects the lemma with the
lowest value for the lemma ID, but accurate dis-
ambiguation requires manual inspection. In our
data, 381 lemmas were identified as having multi-
ple candidate matches. While this does not affect
the structural validity of the etymological chains, it
impacts the precision of the alignment with LiLa
and sets direction for future work.

For example, for the Latin form os, the LiLa
Text Linker yields the candidates 115327 (“mouth,
face, opening”), 115330 (“bone”) and 68537 (no
meaning available). Os has two etymology chains:

[(h3éh1os,ine-pro),(ōs,itc-pro),(os,la)]

[(h3ésth1, ine-pro), (os, la)]

In Wiktionary, we can see that the etymol-
ogy chain tracing back to Proto-Indo-European
*h3éh1os* corresponds to the sense “mouth” and
aligns with LiLa lemma 115327, whereas the chain
derived from *h3ésth1* corresponds to “bone” and
matches LiLa lemma 115330. This illustrates that
selecting the correct lemma requires interpreting
the meaning associated with each etymology and
aligning it with the corresponding entry in the ex-
ternal resource.

Finally, the curation stage prioritizes precision
over recall. While this reduces noise and increases
the overall reliability of the dataset, it may also
exclude valid etymological relations. As a result,
there may be false negatives that have been ex-
cluded from the dataset, which should therefore
not be considered an exhaustive collection of all
Latin etymologies present in Wiktionary.

5 Conclusion

In this paper, we presented a curated resource of
Latin etymological chains automatically extracted
from the English edition of Wiktionary and repre-
sented as RDF triples using the OntoLex-lemon
model and its lemonEty extension. The resulting
dataset contains validated etymology chains for
9,684 lemmas and has been integrated into the LiLa
Knowledge Base of Linguistic Resources for Latin,
enabling interoperability with existing linked lin-
guistic resources.

The pipeline used to generate the corpus is fully
reproducible and can be adapted to extract ety-
mological data for other languages available in
Wiktionary. We hope that the resulting resource
will support future work in Historical Linguistics,
computational etymology, and linked lexical data,
as well as facilitate the integration of etymologi-
cal information into broader linguistic knowledge
graphs.
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Abstract

Swiss federal voting booklets are an interesting
resource for natural language processing due to
their high editing standards and coverage of the
four national languages of Switzerland (Ger-
man, French, Italian, and Romansh Grischun).
In this paper, we present VotingBooklets, an
automatically extracted and aligned dataset, as
well as VotingBooklets-Diamond, a subset that
was manually corrected and verified by mul-
tiple annotators. We use the latter to bench-
mark a range of open and closed AI systems
on two interdependent tasks: optical character
recognition (OCR) and cross-lingual text align-
ment. Gemini 2.5 Flash Lite achieves the best
OCR performance across all conditions, while
a hybrid alignment approach using Sentence-
SwissBERT for initial embedding-based align-
ment and Gemini for targeted post-hoc correc-
tion of low-confidence pairs yields the most
accurate results. Applying these systems to the
full collection of Swiss federal voting booklets,
we release a large-scale four-language parallel
corpus as a resource for low-resource NLP, mul-
tilingual representation learning, and the com-
putational study of Swiss political discourse.

1 Introduction

Multilingual archives hold significant potential for
computational research, but realizing this poten-
tial requires converting physical documents into
machine-readable digital text. For historical admin-
istrative documents, this involves two core tasks:
optical character recognition (OCR) to extract text
from scanned pages, and cross-lingual alignment
to link parallel content across languages.

In this paper, we investigate both tasks jointly
using Swiss federal voting booklets (Abstimmungs-
büchlein) as our document collection. These book-
lets are distributed to all eligible voters prior to each
federal referendum and present identical political
content in the four Swiss national languages. Their
parallel structure makes them a uniquely suitable

German Bundesrat und Parlament empfehlen
den Stimmberechtigten, am 11. März
2007 wie folgt zu stimmen:

French Le Conseil fédéral et le Parlement vous
recommandent de voter, le 11 mars
2007:

Italian Consiglio federale e Parlamento vi
raccomandano di votare come segue
l’11 marzo 2007:

Romansh Il cussegl federal ed il parlament
recumondan a las votantas ed als
votants da votar ils 11 da mars 2007 sco
suonda:

Figure 1: Example of a parallel sentence from the
VotingBooklets-Diamond dataset, illustrating all four
Swiss national languages (German, French, Italian, Ro-
mansh) from the federal vote of 11 March 2007.

resource for evaluating multilingual document pro-
cessing pipelines. We introduce VotingBooklets-
Diamond1, a carefully curated, manually corrected
test set covering three voting dates (1977, 1985,
and 2007) and use it to benchmark a range of open
and proprietary AI systems on both OCR and cross-
lingual alignment.

Our VotingBooklets-Diamond test set presents
two central challenges. First, it includes languages
with markedly different levels of resource avail-
ability. German, French, and Italian are well sup-
ported in modern NLP systems, whereas Romansh
Grischun, spoken by roughly 60,000 people, re-
mains a low-resource language with limited train-
ing data and few dedicated tools. Second, the two
tasks we consider are inherently interdependent.
Errors introduced during OCR propagate to down-
stream alignment and degrade its quality. Figure 1

1The dataset is available at https://huggingface.co/
datasets/eljuanina/VotingBooklets-Diamond-v1
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Vote Languages Pages PDF Format Notes
1977 DE, FR, IT 8 Scanned No Romansh; two content pages per scan page
1985 DE, FR, IT, RM 4 Scanned Romansh added; two content pages per scan page
2007 DE, FR, IT, RM 16 Born-digital High-quality machine-readable PDFs

Table 1: Overview of the Swiss voting booklets included in VotingBooklets-Diamond. The Pages column refers to
PDF scan pages; the 1977 and 1985 booklets contain 15 and 8 content pages respectively, with two content pages
printed per scan page. Language abbreviations: DE=German, FR=French, IT=Italian, RM=Romansh.

Year German (de) French (fr) Italian (it) Romansh (rm)
Tokens Tokens Tokens Tokens

1977 3,994 4,846 4,366 –
1985 1,618 2,193 1,821 2,040
2007 2,000 2,595 2,413 2,766
Total 7,612 9,634 8,600 4,806

Table 2: Token count per language and vote in the VotingBooklets-Diamond dataset. Romansh (rm) is only
available for 1985 and 2007.

shows an example sentence from a Swiss federal
voting booklet in all four national languages, illus-
trating the highly parallel structure that underlies
our dataset.

Beyond benchmarking, we apply our findings to
the full collection of Swiss federal voting booklets.
Gemini 2.5 Flash Lite achieves the best OCR per-
formance on VotingBooklets-Diamond and is there-
fore used to process the full collection of Swiss
federal voting booklets. For alignment, we employ
a two-stage approach that combines embedding-
based alignment with Sentence-SwissBERT (Gros-
jean and Vamvas, 2024) and targeted post-hoc cor-
rection using Gemini 2.5 Flash Lite to refine low-
confidence matches. The resulting dataset, Vot-
ingBooklets2, forms a large-scale four-language
parallel corpus that serves as a new resource for
research in low-resource NLP, multilingual repre-
sentation learning, and the computational study of
political discourse in multilingual societies.

2 Corpus Design

2.1 Document Collection

Swiss federal voting booklets are official docu-
ments issued by the Swiss Federal Chancellery to
all eligible voters before each federal referendum.3

Under Switzerland’s system of direct democracy,
referendums are held several times per year, and

2The dataset is available at https://huggingface.co/
datasets/eljuanina/VotingBooklets-v1

3Available from the Swiss Federal Chancellery: https:
//www.bk.admin.ch/bk/de/home/dokumentation/
abstimmungsbuechlein.html.

each booklet presents the same content in all four
national languages: German, French, Italian, and
Romansh Grischun. This makes them a naturally
occurring resource of highly parallel multilingual
text produced under real-world institutional condi-
tions.

Our VotingBooklets-Diamond dataset comprises
eleven voting booklets drawn from three federal
votes: 12 June 1977, 1 December 1985, and 11
March 2007 (Table 1). These dates were selected
to span three decades while maximizing linguistic
and technical variation. The earliest booklet avail-
able online, from 1977, predates the introduction
of Romansh editions and is therefore limited to
German, French, and Italian. The 1985 vote marks
the first inclusion of Romansh Grischun, while the
2007 materials are distributed as born-digital PDFs
rather than scanned documents. Taken together,
these three time points capture substantial variation
in document quality, scan resolution, typography,
and layout.

Each booklet follows a structured format com-
prising vote overviews, official proposals, argu-
ments for and against, parliamentary recommenda-
tions, legal texts, and voting instructions. At the
same time, the documents exhibit considerable lay-
out complexity, with multi-column text, tables, and
footnotes that pose challenges for OCR and layout
analysis systems. Despite minor translation-level
phrasing differences, the content is substantively
equivalent across all language versions, enabling
precise cross-lingual alignment.
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Language German (de) French (fr) Italian (it) Romansh (rm)
Tokens Pages Tokens Pages Tokens Pages Tokens Pages

Collection 1,119,494 5,037 1,420,348 5,089 1,065,848 5,108 859,802 4,058

Table 3: Token and page counts per language in the VotingBooklets dataset (complete collection of Swiss federal
voting booklets).

2.2 Gold Standard Annotation

We created a gold-standard transcription for the
eleven booklets through manual correction. The
scanned PDFs from 1977 and 1985 carry an exist-
ing OCR layer, but its quality is poor and served
only as a rough starting point. For the 2007 born-
digital PDFs, we extracted text directly from the
PDF. In both cases, every passage was fully re-
viewed and corrected by hand to ensure fidelity
to the original document. Transcription follows
the physical page sequence of the PDF files rather
than inferred reading order, so that OCR and lay-
out analysis tools can be evaluated fairly regard-
less of whether they correctly reconstruct logical
flow from non-linear layouts. For dual-page scans,
left-hand pages were transcribed in full before
right-hand pages, preserving physical layout struc-
ture. Non-textual elements, such as photographs,
logos, and purely illustrative graphics, were not
transcribed or described in the final dataset. Each
transcription was independently checked by two
additional annotators, who compared the transcrip-
tions directly with the original PDF documents to
ensure accuracy. Any discrepancies found were due
to minor typographical errors or omitted words in
the initial transcription. All such issues were care-
fully reviewed and corrected through discussion,
achieving full agreement among the annotators.

Cross-lingual alignment was performed at the
paragraph level, using the physical paragraph
boundaries present in the PDF as the primary
segmentation unit. Where structural divergence
across languages required it, adjacent paragraphs
were merged to ensure semantic equivalence across
aligned pairs. Alignment decisions were verified by
two annotators, both native German speakers with
basic knowledge of French and Italian. They could
infer the meaning of Romansh segments based on
their knowledge of the other languages, and in
cases of uncertainty, they consulted the original
booklets. There were no disagreements between
the annotators.

2.3 Corpus Statistics
Table 2 shows token counts for VotingBooklets-
Diamond across all three voting dates and four
languages. Each booklet is represented as a sep-
arate file, with German (de), French (fr), Italian
(it), and Romansh (rm) where available.

2.4 Availability and License
VotingBooklets-Diamond and VotingBooklets are
available on Hugging Face. All code and scripts
used to preprocess, perform OCR, and align the
documents are provided via our GitHub reposi-
tory, enabling full reproducibility. The dataset is
released under the Creative Commons Attribution
4.0 International License (CC BY 4.0), permitting
unrestricted use, redistribution, and modification,
provided appropriate credit is given.

3 Baseline Systems

To demonstrate the utility of the dataset and identify
the best-performing systems for corpus creation,
we benchmarked a range of open and closed AI
models on both OCR and cross-lingual alignment.

3.1 OCR Evaluation
We evaluated three OCR approaches against
the gold-standard VotingBooklets-Diamond tran-
scriptions using Word Error Rate (WER) and
Character Error Rate (CER): direct OCR with
gemini-2.5-flash-lite (Gemini2.5), Pytesser-
act alone (v0.3.13), a Python wrapper for Google’s
Tesseract-OCR engine (Smith, 2007), and a post-
correction pipeline in which Pytesseract out-
put was corrected by gemini-2.5-flash-lite
(Py+Gem2.5). To ensure that evaluation scores
reflect only transcription quality and not segmen-
tation mismatches, OCR output was manually
aligned with the gold standard before computing
WER and CER. Full results are shown in Table 4.

Gemini2.5 dominates OCR Direct OCR with
Gemini2.5 achieves the lowest WER and CER in
almost every condition, across all three decades
and all four languages. The margin over Pytesser-
act is substantial: for the 2007 booklets, Pytesser-

236

https://huggingface.co/datasets/eljuanina/VotingBooklets-Diamond-v1
https://huggingface.co/datasets/eljuanina/VotingBooklets-v1
https://github.com/Eljuanina/VotingBooklets
https://github.com/Eljuanina/VotingBooklets


act reaches WER values above 0.20 for all lan-
guages, while Gemini2.5 stays below 0.08. Even
for the older scanned documents from 1977 and
1985, Gemini2.5 performs consistently well, sug-
gesting strong robustness to varying scan quality.

Post-correction does not help Despite evidence
in prior work that LLM-based post-correction can
improve OCR output (Greif et al., 2025), espe-
cially in low-resource settings (Hebbalalu, 2026;
Kanerva et al., 2025), the gains are limited in our
case. While post-correction does improve over raw
Pytesseract output, Gemini2.5 still outperforms the
post-correction pipeline in nearly every condition.
This suggests that for this document type, end-to-
end vision-language models are a more effective
approach than pipeline-based post-correction.

Romansh is not a weak point Somewhat surpris-
ingly, Romansh does not consistently lag behind
the other languages. For 1985 and 2007, Gemini2.5
achieves competitive CER for Romansh (0.0024
and 0.0095 respectively), comparable to German,
French, and Italian. This may reflect the lexical
similarity of Romansh to other Romance languages
rather than any specific model training coverage.

3.2 Alignment Evaluation
We evaluate four alignment approaches us-
ing F1, precision, recall, and character error
rate against VotingBooklets-Diamond gold-
standard alignments. The evaluated systems
include embedding-based alignment with
paraphrase-multilingual-MiniLM-L12-v2
(Reimers and Gurevych, 2019) (MiniLM),
Sentence-SwissBERT (Grosjean and Vamvas,
2024) (SSB), a LLM-based alignment approach
using gemini-2.5-flash-lite (Gemini), and hy-
brid methods that combine Sentence-SwissBERT
with targeted post-hoc correction using either
gemini-3-pro-preview (SSB+Gemini3) or
gemini-2.5-flash-lite (SSB+Gemini2.5).

The Gemini-based system performs alignment
by directly matching German anchor segments
to target-language fragments using constrained
prompting, allowing segments to be merged while
enforcing one-to-one coverage of the anchor se-
quence. In contrast to embedding-based ap-
proaches, this method operates purely at the text
level without explicit similarity scoring. Implemen-
tation details are provided in Appendix A.3.

To isolate alignment quality from OCR noise,
all systems are evaluated on gold-standard tran-

scriptions rather than raw OCR output. German
serves as the anchor language, with paragraph-level
segmentation from the gold standard used as the
reference structure. French, Italian, and Romansh
are provided as segmented inputs, which must be
aligned to the German paragraphs. Full results are
reported in Table 5.

Post-hoc correction improves alignment quality
The combined Sentence-SwissBERT and Gem-
ini post-hoc correction approaches achieve the
best F1 scores in the majority of conditions and
yield the lowest CER almost universally. The
improvements are particularly pronounced for
the low-resource language Romansh: in 2007,
SSB+Gemini3 reaches an F1 of 0.986 and a CER
of 0.003, compared to 0.903 and 0.072 for MiniLM,
highlighting the benefit of combining embedding-
based alignment with targeted LLM-based correc-
tion.

Comparing the two post-hoc variants, we find
that gemini-2.5-flash-lite performs almost
on par with gemini-3-pro-preview, with only
small differences in F1 and CER across all lan-
guages and years. Given this near-identical per-
formance, we adopt the SSB+Gemini2.5 configu-
ration in our final pipeline, combining Sentence-
SwissBERT alignment with post-hoc correction
using gemini-2.5-flash-lite. This choice pro-
vides a substantially more cost-efficient solution
without compromising alignment quality.

4 The Full Parallel Corpus

We construct the full VotingBooklets corpus by ap-
plying the best-performing systems identified in
Sections 3.1 and 3.2, namely Gemini2.5 for OCR
and SSB+Gemini2.5 for alignment, to the com-
plete collection of Swiss federal voting booklets
provided by the Federal Chancellery. The dataset
comprises 144 booklets in German, 144 in French,
144 in Italian, and 97 in Romansh (RM) (91 ob-
tained from the official webpage, with an additional
6 RM booklets acquired from the State Chancellery
of Grisons). Other missing Romansh files could not
be found in archives so far. The collection covers
votes from June 1977 to March 2026 for German,
French, and Italian, and from December 1985 to
March 2026 for Romansh.

In total, VotingBooklets contains 19,292 pages
and 4,465,492 tokens across all languages. Table 3
provides a detailed overview of the number of to-
kens and pages for each language in the collection.
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The corpus is distributed as JSON Lines
(JSONL) files, with one file per voting booklet con-
taining aligned segments across all available lan-
guages. Each line in a file represents a paragraph-
level alignment, with German as the anchor, along-
side the corresponding segments in French, Ital-
ian, and Romansh Grischun where available. Lan-
guages that are missing for a segment are repre-
sented as empty strings.

Quality was assessed through manual evaluation
on a held-out sample of aligned segments drawn
from booklets not included in VotingBooklets-
Diamond. Overall, quality is somewhat lower than
on VotingBooklets-Diamond, which is expected:
unlike the diamond set, the full pipeline operates
on uncorrected OCR output and must handle the
greater document diversity of the full corpus. Er-
rors in alignment, OCR, or paragraph splitting oc-
cur more frequently, though they remain largely
isolated to individual rows and do not propagate
across entire documents.

5 Use Cases and Future Work

5.1 Use Cases

Benchmarking OCR and alignment systems
VotingBooklets-Diamond enables fair comparison
of OCR approaches on historical Swiss admin-
istrative documents across varying scan quality,
typography, and document structure. The veri-
fied paragraph-level alignments allow evaluation of
cross-lingual alignment methods independently of
OCR quality, including both open-source embed-
ding models and commercial APIs.

Low-resource NLP for Romansh VotingBook-
lets is one of the few large parallel resources avail-
able for Romansh Grischun, and can support ma-
chine translation, cross-lingual transfer, and lan-
guage modeling for this language.

Multilingual representation learning The four-
language parallel structure of VotingBooklets
makes the corpus well-suited for training and eval-
uating multilingual embeddings, particularly for
Swiss national languages in institutional and politi-
cal domains.

Computational analysis of political discourse
Covering several decades of federal referendum
material, VotingBooklets enables longitudinal stud-
ies of political language, argumentation, and fram-
ing across languages and time periods.

5.2 Future Work

Our results reveal two interesting dependencies:
between OCR and alignment, and between align-
ments across language pairs. These dependencies
suggest promising directions for future work. An
agentic pipeline that iterates between OCR post-
correction and alignment, passing information in
both directions, could leverage these relationships
to improve performance on both tasks simultane-
ously. This methodology could also be extended
to other Swiss multilingual document collections,
such as parliamentary proceedings or cantonal ad-
ministrative documents, to create richer resources
for Swiss NLP.

Beyond the pipeline itself, the scope of the cor-
pus remains an open direction for expansion. The
current version omits non-textual elements such as
images. Future versions could incorporate these
alongside structural layout information, enabling
layout-aware analysis and opening the corpus to a
broader range of research applications in document
understanding and multimodal NLP.

6 Related Work

OCR Technology Traditional OCR systems such
as Tesseract (Smith, 2007) rely on pattern recog-
nition and handcrafted linguistic heuristics. These
systems work well on clean and modern documents
but are less robust when faced with complex lay-
outs, degraded scans, or low-resource languages
(Ignat et al., 2022; Greif et al., 2025).

Recent deep learning approaches improve recog-
nition accuracy considerably. Transformer-based
models such as TrOCR (Li et al., 2023) jointly
model visual and textual features and achieve
strong performance on both printed and handwrit-
ten text. Large multimodal language models push
this further. Gemini 2.0 Flash reaches a character
error rate of 1.27% on historical German docu-
ments, which can be reduced to 0.84% with multi-
modal post-correction (Greif et al., 2025).

Beyond direct recognition, recent work explores
agentic and LLM-based pipelines that refine OCR
outputs iteratively. OCR-Agents use structured rea-
soning loops to improve recognition quality in dif-
ficult settings (Wen et al., 2026), and LLM-based
post-correction has proven effective for histori-
cal and low-resource languages, where contextual
information helps resolve uncertain character se-
quences (Greif et al., 2025; Hebbalalu, 2026; Kan-
erva et al., 2025).
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The Swiss Multilingual Landscape There are
relatively few resources of parallel multilingual text
that cover all the Swiss national languages. Notable
resources are Swiss Law Translations (Niklaus
et al., 2025), which aligns federal laws on the
level of documents, articles and paragraphs, and
the trilingual Allegra corpus (Scherrer and Cartoni,
2012), which is composed of press releases by the
canton of Grisons. Other corpora that include all
Swiss national languages, but which are not nec-
essarily parallel, pertain to domains such as web
text (Krasselt et al., 2020; Penedo et al., 2025),
news (Graën et al., 2023), social text (Dürscheid
and Stark, 2011; Ueberwasser and Stark, 2017),
and alpine yearbooks (Göhring and Volk, 2011). In
addition, recent work has contributed parallel test
sets for machine translation evaluation that cover
all four Swiss national languages (Deutsch et al.,
2025; Vamvas et al., 2025; Andrews et al., 2025).

Alignment Methods Early alignment methods
rely on sentence length models (Gale and Church,
1993). Bleualign (Sennrich and Volk, 2010) uses
machine translation and BLEU scores for align-
ment and achieves strong results on noisy OCR
corpora. Later work removes the dependency on
pre-trained translation models using iterative boot-
strapping (Sennrich and Volk, 2011). Vecalign
(Thompson and Koehn, 2019) replaces translation
signals with sentence embeddings from LASER
(Artetxe and Schwenk, 2019) and uses approximate
dynamic programming for alignment. CroCoAlign
(Molfese et al., 2024) extends this with context-
aware sentence embeddings computed at document
level using a transformer encoder and improves
alignment quality across language pairs.

Sentence representations are a crucial factor
in alignment quality. For Swiss languages, Sen-
tenceSwissBERT is introduced by Grosjean and
Vamvas (2024). It is based on SwissBERT (Vam-
vas et al., 2023) and fine-tuned using contrastive
learning on Swiss news data in German, French,
Italian, and Romansh. It improves performance
over multilingual Sentence-BERT (Reimers and
Gurevych, 2019), especially for Romansh. This
supports the use of domain-specific sentence em-
beddings in cross-lingual alignment.

7 Conclusion

We presented VotingBooklets-Diamond, a carefully
curated gold-standard test set of Swiss federal vot-
ing booklets spanning three decades and all four

Swiss national languages, and used it to bench-
mark open and closed AI systems on OCR and
cross-lingual alignment. Gemini 2.5 Flash Lite
emerged as the strongest OCR system across all
conditions, Sentence-SwissBERT (SSB) alignment
with Gemini-based post-hoc correction achieved
the best alignment performance, particularly for
Romansh Grischun.

Applying these systems to the full collection of
Swiss federal voting booklets, we release Voting-
Booklets, a large-scale four-language parallel cor-
pus as a new resource for the Swiss NLP commu-
nity. We hope both the benchmark and the corpus
will support future work on multilingual document
processing, low-resource NLP, and the computa-
tional study of Swiss political discourse.
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A Corpus Creation and Technical Details

A.1 Data Collection
The raw Swiss federal voting booklets were down-
loaded from the official Swiss Federal Chancellery
website.4 A Python scraper was used to traverse

4https://www.bk.admin.ch/bk/de/home/
dokumentation/abstimmungsbuechlein.html

language-specific navigation menus and extract all
available PDF files. Filenames were sanitized to
remove illegal characters and spaces were replaced
with underscores.

A.2 OCR Processing

All scanned PDFs were converted to images using
pdf2image, and each page was processed individu-
ally. OCR extraction was performed using Gemini
2.5 Flash Lite via a LangChain ChatOpenAI inter-
face.

For native-born PDFs, text was also extracted
using Gemini; the quality of these outputs was suffi-
ciently high that little post-processing was required.
In both cases, extraction followed the same segmen-
tation and formatting rules to ensure consistency
across booklets for alignment.

Critical extraction rules included:

• Rejoining hyphenated words split across lines.

• Joining non-hyphenated line breaks within
sentences with a single space.

• Producing one line per sentence or list item.

• Omitting repeated headers, footers, page num-
bers, and other boilerplate.

The output of each OCR pass was stored as a
text file, named according to the PDF source.

Scope and Constraints The current version of
the corpus focuses exclusively on textual content.
Visual elements, such as campaign photography
and statistical charts, were systematically ignored
during the extraction process. We did not perform
any image transcription or alternative text genera-
tion; therefore, the dataset does not contain meta-
data or transcriptions for non-textual components.

A.3 Cross-Lingual Alignment

We implemented a two-stage alignment pipeline to
align parallel text segments across languages.

Stage 1: Embedding-based alignment with
Sentence-SwissBERT Each segment in the Ger-
man anchor text and the target language is en-
coded into a vector representation using Sentence-
SwissBERT (Grosjean and Vamvas, 2024) with
the appropriate language adapter (de_CH, fr_CH,
it_CH, rm_CH).

Alignment is performed using dynamic program-
ming (DP) over the two segment sequences. The
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Year Lang Method WER CER Ins Del Sub
1977 DE Gemini2.5 0.0462 0.0262 40 63 76

Pytesseract 0.1074 0.0217 185 15 216
Py+Gem2.5 0.0860 0.0136 160 3 170

1977 FR Gemini2.5 0.0454 0.0142 45 67 110
Pytesseract 0.1332 0.0233 167 49 436

Py+Gem2.5 0.1287 0.0199 158 48 424
1977 IT Gemini2.5 0.0321 0.0143 27 43 71

Pytesseract 0.1058 0.0224 97 24 344
Py+Gem2.5 0.0930 0.0184 59 17 333

1985 DE Gemini2.5 0.0122 0.0015 8 1 10
Pytesseract 0.1312 0.0584 69 75 61

Py+Gem2.5 0.0621 0.0462 12 73 12
1985 FR Gemini2.5 0.0181 0.0017 1 18 20

Pytesseract 0.1107 0.0534 65 101 72
Py+Gem2.5 0.0689 0.0456 15 107 26

1985 IT Gemini2.5 0.0163 0.0052 3 10 16
Pytesseract 0.1536 0.1021 103 115 55

Py+Gem2.5 0.1294 0.1075 40 168 22
1985 RM Gemini2.5 0.0171 0.0024 3 9 22

Pytesseract 0.1134 0.0661 58 96 71
Py+Gem2.5 0.0977 0.0668 37 102 55

2007 DE Gemini2.5 0.0348 0.0192 14 25 27
Pytesseract 0.2294 0.1518 135 173 127

Py+Gem2.5 0.1187 0.1004 17 167 41
2007 FR Gemini2.5 0.0720 0.0305 31 40 109

Pytesseract 0.2277 0.1476 149 234 186
Py+Gem2.5 0.1509 0.1033 27 223 127

2007 IT Gemini2.5 0.0391 0.0081 16 7 68
Pytesseract 0.2094 0.1434 118 228 141

Py+Gem2.5 0.1410 0.1058 29 203 96
2007 RM Gemini2.5 0.0568 0.0095 15 12 125

Pytesseract 0.2202 0.1489 132 261 196
Py+Gem2.5 0.1787 0.1139 37 252 189

Table 4: Evaluation of three OCR methods on VotingBooklets-Diamond, reporting Word Error Rate (WER),
Character Error Rate (CER), and raw error counts (insertions, deletions, and substitutions) across all voting booklets
and languages. Gemini2.5 = direct OCR using Gemini-2.5-Flash-Lite. Pytesseract = baseline OCR without post-
correction. Py+Gem2.5 = Pytesseract OCR with Gemini-2.5-Flash-Lite post-correction. Languages: DE=German,
FR=French, IT=Italian, RM=Romansh. Bold values indicate the best result per year, language, and metric. Lower
WER/CER values indicate better performance.
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Year Lang Method F1 Prec Rec CER
1977 FR MiniLM 0.9187 0.9187 0.9187 0.0891

SSB 0.9210 0.9234 0.9187 0.0763
Gemini 0.9688 0.9712 0.9665 0.0147
SSB+Gemini2.5 0.9210 0.9234 0.9187 0.0760
SSB+Gemini3 0.9569 0.9569 0.9569 0.0192

IT MiniLM 0.8995 0.8995 0.8995 0.1681
SSB 0.9187 0.9187 0.9187 0.0677
Gemini 0.9474 0.9474 0.9474 0.0337
SSB+Gemini2.5 0.9713 0.9713 0.9713 0.0171
SSB+Gemini3 0.9856 0.9856 0.9856 0.0151

1985 FR MiniLM 1.0000 1.0000 1.0000 0.0008
SSB 0.9533 0.9533 0.9533 0.0211
Gemini 0.9813 0.9813 0.9813 0.0105
SSB+Gemini2.5 0.9720 0.9720 0.9720 0.0158
SSB+Gemini3 0.9626 0.9626 0.9626 0.0191

IT MiniLM 1.0000 1.0000 1.0000 0.0000
SSB 1.0000 1.0000 1.0000 0.0000
Gemini 0.9671 0.9717 0.9626 0.0133
SSB+Gemini2.5 1.0000 1.0000 1.0000 0.0000
SSB+Gemini3 0.9907 0.9907 0.9907 0.0064

RM MiniLM 0.9626 0.9626 0.9626 0.0911
SSB 0.9813 0.9813 0.9813 0.0795
Gemini 0.9813 0.9813 0.9813 0.0130
SSB+Gemini2.5 1.0000 1.0000 1.0000 0.0000
SSB+Gemini3 1.0000 1.0000 1.0000 0.0001

2007 FR MiniLM 0.9694 0.9667 0.9721 0.0257
SSB 0.9805 0.9778 0.9832 0.0102
Gemini 0.9776 0.9775 0.9777 0.0086
SSB+Gemini2.5 0.9916 0.9889 0.9944 0.0004
SSB+Gemini3 0.9916 0.9889 0.9944 0.0003

IT MiniLM 0.9749 0.9722 0.9777 0.0103
SSB 0.9861 0.9833 0.9888 0.0037
Gemini 0.9636 0.9663 0.9609 0.0122
SSB+Gemini2.5 0.9805 0.9778 0.9832 0.0075
SSB+Gemini3 0.9916 0.9889 0.9944 0.0004

RM MiniLM 0.9025 0.9000 0.9050 0.0716
SSB 0.9526 0.9500 0.9553 0.0270
Gemini 0.9494 0.9548 0.9441 0.0235
SSB+Gemini2.5 0.9582 0.9556 0.9609 0.0250
SSB+Gemini3 0.9861 0.9833 0.9888 0.0027

Table 5: Alignment results for five methods on VotingBooklets-Diamond across all voting booklets and languages.
F1, Precision (Prec), and Recall (Rec) are computed via fuzzy matching against the gold standard. CER measures
character error rate of the aligned text against gold (lower is better). Bold values indicate the best result per year,
language, and metric. Languages: FR=French, IT=Italian, RM=Romansh. MiniLM: paraphrase-multilingual-
MiniLM-L12-v2. SSB: Sentence-SwissBERT. Gemini: Alignment using Gemini-2.5-Flash-Lite. SSB+Gemini2.5:
Sentence-SwissBERT with post-hoc correction using Gemini-2.5-Flash-Lite. SSB+Gemini3: Sentence-SwissBERT
with post-hoc correction using Gemini-3-pro-preview.
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algorithm searches for the globally optimal align-
ment by assigning scores to different operations:
a correct match between a German segment and a
target segment earns a score proportional to their
cosine similarity; skipping an unmatched segment
incurs a penalty of −0.3; and merging up to five
consecutive segments on either side into a single
unit is allowed but penalised by −0.05 per addi-
tional segment merged. When multiple segments
are merged, their embeddings are averaged before
computing similarity, and merges are only consid-
ered if the resulting similarity exceeds 0.30. The
algorithm thus supports one-to-one, one-to-many,
and many-to-one alignments. The best alignment
path is recovered by backtracking through the DP
grid.

Stage 2: Post-hoc correction with Gemini
Aligned pairs with a cosine similarity below 0.65
are flagged as uncertain and sent to Gemini 2.5
Flash Lite for review in batches of five. The model
receives the German segment, the proposed target
segment, and up to 150 candidate fragments from
the target language. It is instructed to either con-
firm the alignment or replace the target segment
using only verbatim text from the available frag-
ments - no translation or paraphrasing is permitted.
The prompt used is shown in Appendix A.4. A
correction is applied only if Gemini returns a non-
empty target segment and leaves the German text
unchanged.

A.4 Post-hoc Correction Prompt

The following prompt was used for post-hoc align-
ment correction with Gemini. Placeholders in curly
braces ({lang_name}, {lang_key}, etc.) are filled
dynamically at runtime.

You are a multilingual text alignment expert for
Swiss official documents.

You will receive a list of aligned segment pairs
(German DE and {lang_name} {lang_key}).
Some alignments may be incorrect — the {lang_name}
text may be misaligned, incomplete, or merged
incorrectly.

You also receive the full list of original {lang_name}
fragments the aligner had available.

For each pair:
- If the alignment looks correct, keep it as-is.
- If the {lang_name} text is clearly wrong or
misaligned, find the correct fragment(s) from the
available fragments and replace it.
- If no good match exists, return an empty string
for that pair.
- Do NOT translate or paraphrase — only use text

from the original fragments verbatim.

You must return VALID JSON ONLY.

Rules:
- No explanations
- No markdown
- No comments
- No trailing commas
- Escape all quotes
- Output must parse with json.loads()

Return exactly:

[
{{

"de": "...",
"fr": "...",
"it": "...",
"rm": "..."

}}
]

--- ALIGNED PAIRS TO REVIEW ---
{pairs}

--- AVAILABLE {lang_key_upper} FRAGMENTS ---
{fragments}

A.5 Output Format
The final aligned corpus is provided as JSON Lines
files (.jsonl), one per vote, with each line contain-
ing a paragraph-level alignment across all available
languages. All scripts and code used to create this
corpus, including OCR extraction and multilingual
alignment, are publicly available on our GitHub
repository.5

5https://github.com/Eljuanina/VotingBooklets
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