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Abstract
While many dialogue systems currently use end-to-end solutions, modular systems offer greater control, sustainability,
and more human-like dialogue. This makes them relevant, especially when aiming to study human behavior patterns
in interactions or applying them to sensitive domains. In this paper, we develop an automated metric to measure the
quality of an LLM-based NLG-component in a modular system based on the hallucination tendency and linguistic
quality. We apply the metric to various language models and usage techniques and, based on the results, discuss
the conditions a model must meet in order to be a good candidate for an NLG-component in a real-time capable
dialogue system. Although such automated metrics cannot replace a real interaction study, they help to compare
potential approaches of the individual modules. Therefore, they are indispensable when developing and testing
modules in isolation. One advancement of the introduced metrics is that it is developed and tested on a German
dataset, showing challenges when working with languages other than English and discrepancies to the abilities of
Generative AI assumed in current state-of-the-art literature.

Keywords: Natural Language Generation, Hallucination Metric, Modular Dialogsystem, Annotator Agree-
ment

1. Introduction

With the appearance of Large Language Models
(LLMs), more and more dialogue system use end-
to-end approaches. While there is no current sur-
vey comparing the amount of modular architectures
to the amount of end-to-end systems, the growing
amount of surveys comparing LLM-based end-to-
end approaches stresses their popularity (Qin et al.,
2023; Wang et al., 2025; Yi et al., 2025). At the
same time, modular systems have the advantage
of breaking down the dialogue into subtasks. This
allows them to combine different expert systems
and makes the dialogue structure more human.
Recent modular systems also use LLMs in their
components, either in combination with other LLMs
or other approaches (Hakimov et al., 2024; Zheng
et al., 2025). Given their high competencies in lan-
guage productions, LLMs are especially promising
to form the Natual Language Generation (NLG)-
component (Ni and Li, 2023). How such an NLG-
component for a modular architecture can be de-
veloped and tested will be explored in this paper.

Human interactions are characterized by both
conversation partners dynamically adapting to their
interlocutor, their preferences, and their current
level of knowledge (Brennan and Hanna, 2009).
Therefore, we develop a modular dialog system that
generates an adaptive explanation for the board
game Quarto (Robrecht and Kopp, 2023; Robrecht-
Hilbig et al., 2026). The full interaction is structured
into a sequence of related adaptation cycles con-
sisting of an explainee’s (the partner perceiving the

Figure 1: Two-parted input and one-parted output
of the NLG-component in a modular system for
adaptive explanation generation.

explanation) and an explainer’s (the partner gener-
ating the explanation) turn. Each cycle consists of
the cognitive and the interactive adaptation phase.
The process of cognitive adaptation describes how
the partner model is updated based on the per-
ceived user feedback. In the interactive adaptation,
the agent chooses the next utterance based on
the current partner model (Robrecht-Hilbig et al.,
2026). SNAPE-PM (Fig. 2) is such an adaptive
explainer, designed to co-constructively explain the
board game Quarto! to a user in German. This ar-
chitecture has already been tested in user studies
and showed a significant positive increase in user
understanding while only achieving mixed results
for user satisfaction (Robrecht-Hilbig et al., 2026).

The agent uses an NLG component to transform
the structured data used in the dialog state, e.g.
triple: [Players, are, Opponents] combined with an
instruction on how to present this information, into
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Figure 2: Visualization of the dataflow in SNAPE-PM. During the cognitive adaptation, the feedback is
analyzed, and the partner model is updated. The interactive adaptation consists of the partner-based
selection of the next information and move, and its verbalization. The NLG component is part of the
interactive adaptation.

natural language for the user to understand. An
illustration of the NLG task can be found in Figure
1. Large language models (LLMs) are increasingly
used for NLG due to their outstanding capabilities in
language generation. One major challenge when
using LLMs for NLG is hallucinations, as the LLM
might add information to increase sentence quality
or naturalness. However, modular systems have
a decision-making component that decides what
information should be addressed, and therefore,
the LLM should not add any extra information. In
the case of the proposed explanation system, the
decision-making component decides the speed and
style of explanation, and therefore, the NLG should
not interfere with that decision by hallucinating extra
information that might increase explanation com-
plexity. This paper addresses the issue of devel-
oping an NLG that is free of hallucination, while
processing time allows real-time interaction. The
two main questions addressed in this paper are:
Which models and methods (prompting vs. chain-
of-thought prompting vs. fine-tuning) achieve the
best results in NLG? How can the quality of NLG
be evaluated?

To answer these questions, we discuss the cur-
rent state-of-the-art (Sec. 2) in NLG, emphasizing
the opportunities and challenges of using LLMs in
that domain. In the rest of the paper, we discuss
the models used, their application, and their eval-
uation (Sec. 3). Based on the results (Sec. 4),
we provide some recommendations for optimizing
NLG components in modular agents (Sec. 5).

2. Related Work

2.1. NLG with LLMs
The NLG component is central for modular dia-
log systems as natural language is the interface
with which the agent communicates with the user.

Before the invention of transformers, grammars
and templates were used to generate natural lan-
guage for dialog systems (Santhanam and Shaikh,
2019). With the advances in LLMs, using those
has become state-of-the-art for NLG tasks as they
are more flexible than pre-defined grammars (San-
thanam and Shaikh, 2019). However, using LLMs
for NLG causes new challenges like hallucination.
Ji et al. (2023) differentiate between intrinsic and
extrinsic hallucination, where intrinsic hallucination
is the contradiction of the source that it references.
Extrinsic hallucination is not necessarily wrong infor-
mation, but information that is not available through
the source that it references. This means that the
text might refer to information from other sources,
attributing it to the wrong source or including more
sources than it was asked to do. Even when the
information provided is not factually wrong, it is
seen as a hallucination as it is unverifiable (Ji et al.,
2023). While many end-to-end dialog systems are
based on LLMs, their task is different to that of the
NLG component in a modular system, as the end-
to-end system combines the understanding of the
user’s utterance, the choice of the action, and the
creation of natural language. The task of the NLG
in modular systems is more restricted and should
therefore not interfere with the decision-making pro-
cess supporting the need for a hallucination free
NLG.

2.2. Task-specific adaptation of LLMs

While LLMs have great zero-shot capabilities, they
often fail to accomplish specific tasks if they are
not instructed properly or have not seen examples
of the task they need to perform. The two most
prominent techniques for tailoring LLMs to one’s
needs are prompting and fine-tuning. While it is
theoretically possible to train an LLM from scratch,
this approach is often too costly and data-intensive
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to be practical for most users and developers.
When prompting a language model, the task

is provided as natural language input. Most sys-
tems in use today have been pre-fine-tuned for han-
dling instructions (instruction models). The field of
prompt engineering primarily focuses on how to
effectively structure and formulate prompts to elicit
the best outputs from the system (Chen et al., 2025).
One effective strategy for obtaining more structured
responses is called chain-of-thought (CoT) prompt-
ing. This method incorporates intermediate reason-
ing steps, potentially enhancing output quality for
reasoning tasks (Wang et al., 2024). Another pop-
ular approach to improve output quality is few-shot
prompting, which involves giving the model a few
examples before requesting it to complete the task.
However, the effectiveness of few-shot prompting
compared to one-shot prompting varies based on
factors such as the specific task and the size of the
model (Chen et al., 2025).

While prompting utilizes the capabilities of the
given language model directly, fine-tuning involves
adapting the model for a specific task. This pro-
cess requires providing the base model, which has
already learned general language patterns, with a
dataset containing task-specific data to optimize
its parameters for that task (Wu et al., 2025). In
contrast to the data necessary for training a model
from scratch, fine-tuning is more data-efficient and
is therefore frequently used when optimizing for
domains with sparse or rare data availability.

2.3. Evaluating the performance of LLMs
When evaluating the performance of an LLM, this
is usually done in one of two ways: either by using
automated metrics or by using human evaluation.
For automated metrics, statistical inaccuracy and
the use of incorrect evaluation methods are often
criticized (Miller, 2024; Sun et al., 2024). The per-
formance highly depends on the size and version
of the model, the type of the task, and the formu-
lation of the given prompt. Rapid developments
in the field, therefore, necessitate suitable, quickly
applicable, and generalizable testing instruments.
Currently, several benchmarks testing various abili-
ties in LLMs are developed (Yu et al., 2024; Herron
et al., 2024). Both these newly developed and al-
ready established testing methods, such as BLEU
or ROUGE scores, can reflect the actual perfor-
mance of LLMs to a very limited extent, as they only
reflect parts of linguistic interaction, are influenced
by biases, and their results are often reported incor-
rectly or selectively (Reiter, 2018; Banerjee et al.,
2024). Therefore, automated metrics are underin-
formative in most cases and should not replace hu-
man evaluation, but as shown by Suh et al. (2025)
they often do. Nevertheless, they are time- and
cost-efficient and represent a good option for ini-

tial evaluation, as long as they are carefully and
appropriately selected (Van Der Lee et al., 2021).
Furthermore, Wei and Jia (2021) show that auto-
matic metrics can have statistical advantages with
regard to the evaluation of NLG components. While
there exist automatic hallucination metrics, these
are mostly used for English text and do not produce
good results for other languages, such as German
(Ul Islam et al., 2025; Kang et al., 2024). Since user
evaluation of individual components is costly and
time-consuming, and in some cases very unnatural,
we propose a combination: each component of a
modular system is tested and pre-evaluated during
development using automated metrics, so that the
finished system can then be evaluated with human
users. Therefore, we introduce a metric for testing
hallucinations in German NLG-components, which
can be used as a first indicator of the component’s
performance.

3. Architecture and Evaluation of an
LLM-based NLG

As prompting strategies differ per model and archi-
tecture, prompt engineering is a time-consuming
process, which may result in a prompt that might
work well for one particular model but not for oth-
ers. Instead of optimizing prompts for a specific
model, we opt to introduce a metric to assess the
quality of an NLG component, which can be used to
compare different techniques and models. This ap-
proach enables using the gathered insights for the
adaptation of the NLG component when more capa-
ble or efficient models are available. As no single
model is known to best solve the problem of lan-
guage generation from structured data, a broad list
of open-source models is compared. These include
commonly used models from Meta, Google, and
co, as visible in Table 1. For this paper we only con-
sider results from the models that are tested for all
three techniques: single-shot prompting (baseline),
CoT-prompting (DSPy), and fine-tuning. As we aim
for an online adaptation, the model has to react in
real-time to be a viable option. The selected mod-
els need to comply with the hardware limitation of
the workstation (Hardware specification: RTX 4090
24 GB VRAM) running the SNAPE-PM architecture
in order to enable hosting large-scale human user
studies. Due to this limitation, closed-source cloud-
hosted models like ChatGPT or Google’s Gemini
family of models are not considered. All models
are run with the help of Ollama, as it provides a
clear API for easy integration.

In order to fine-tune LLMs on a single worksta-
tion, finetuning of quantized LLMs is conducted
with the help of the QLORA (Dettmers et al., 2023)
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Table 1: Model usage across different techniques.
Model Baseline CoT fine-tuned
Gemma2 ✓ ✓ ✓
Llama3.2 ✓ ✓ ✓
Qwen2.5-l ✓ ✓ ✓
Phi4 ✓ ✓
Llama3.3 ✓
Llama3.1 ✓
Mistral ✓
Qwen2.5-s ✓

implementation in unsloth1, which simplifies fine-
tuning by extending the widespread Huggingface
Transformers library. Hyperparameter tuning is per-
formed using unsloth in a standard grid search ap-
proach, where lorar, loraα, dropout probability, and
learning-rateη are optimized for. As Ollama sup-
ports loading and inference with quantized models,
the technical integration of the fine-tuned model
into the overall system is straightforward.

For an optimized Chain-of-Thought (CoT)-
reasoning prompt with the DSPy2 framework, an
evaluation metric is supplied to the optimizer. In
theory, this enables optimization without an opti-
mization dataset. However, such a metric needs to
reliably evaluate language quality and hallucination
in German while being computationally lightweight.
Because such a metric is not available, the text sim-
ilarity, in the form of the BERTscore (Zhang et al.,
2020), of the generated utterances and the utter-
ances from the finetuning dataset is used as an
evaluation metric. Additionally, the score is zero
if specific move requirements, e.g., a comparison
move does not include the comparison domain,
are not satisfied. While our proposed hallucination
metric could be used for CoT prompt optimization,
its computational complexity makes the computa-
tional intensive DSPy optimization infeasible. Opti-
mization is performed by iteratively generating boot-
strapped examples and identifying optimal prompt
combinations. While DSPy determines prompts
internally, it relies on a user-defined pipeline de-
scribing steps called predictions to define the task.
We define a two-stage pipeline where the first pre-
diction is a potentially suboptimal utterance and the
second prediction cleans up the sentence. We use
the MIPROv2 optimizer with the described similar-
ity metric, pipeline, 100 candidates, 500 trials total
per run, and up to 10 bootstraped examples.

To evaluate the effectiveness of the fine-tuning
and DSPY, a baseline is created which utilizes a
straightforward prompt describing the task, visible
in the appendix in 10.1, supplemented by a sep-

1https://unsloth.ai/
2https://dspy.ai/

arate prompt addition based on the NLG moves
described in the next section (Tab.2).

3.1. Task-specific reference dataset

As both CoT and the fine-tuning process require
reference utterances for optimization, a dataset is
created that represents the NLG task of the adap-
tive explainer. The input to the NLG is a list of
triples, which are to be verbalized, and the expla-
nation move, which describes the style of explana-
tion, for example by providing information using a
comparison or deepening information by giving ad-
ditional information. While some moves are used
to fulfill different goals at different dialogue states,
they share the same linguistic surface. For exam-
ple: Quarto is a board game. can be a declarative
statement to provide new information, if not men-
tioned before, but a repetition otherwise. Due to
this linguistic similarity, those moves, however, are
mapped to the same prompt, decreasing the num-
ber of linguistic meta moves for the NLG (Tab. 2).

Table 2: The explanation moves used in SNAPE-
PM and their mapping to the three NLG-moves
used in the NLG-component.

Explanation move NLG move
Deepen Comparison Generate ComparisonProvide Comparison
Provide Declarative

State InformationDeepen Additional
Answer Declarative
Paraphrase Information
Answer Paraphrase Confirm Clarify

To create the required dataset, a knowledge
graph with 54 triples related to the game of UNO is
built manually. Based on the ontology and the dif-
ferent explanatory moves, a dataset with reference
utterances is created. The dataset contains all rel-
evant move permutations, as SNAPE-PM utilizes
different explanatory moves to verbalize a piece of
information and the corresponding reference utter-
ances, which are free of any form of hallucination.
The dataset consists of 142 data points. This switch
in domains (from the original domain of Quarto!
to UNO) is necessary to not poison the training
dataset and to not eliminate the ability to measure
result quality.

3Maximum perplexity is set to 1000 and the maxi-
mum possible number of errors to 15, as these were the
highest observed values in the dataset.

https://unsloth.ai/
https://dspy.ai/
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nlg component score = 1 −
(
w1 × hallucination + w2 × (1 − naturalness) + w3 ×

perplexity
max(perplexity)

+ w4 ×
language errors

max(possible errors)

)
3 (1)

3.2. Methods for evaluation

The main goal of the evaluation process is to deter-
mine if generated utterances are free of hallucina-
tions. This is crucial to ensure the NLG component
reliably verbalizes triples for the explanation pro-
cess.

Although desirable, manually annotating hallu-
cinations is time-intensive and not feasible for the
large number of models evaluated. To remedy this
issue an automatic hallucination detection metric
is developed. While automatic metrics can benefit
from statistical power, without proven agreement
with human annotators, they can not be used re-
liably in practice (see Sec. 2). The developed
automatic hallucination detection metric is LLM-
based, using a prompt that is designed to achieve
reliable agreement with human raters. As pointed
out beforehand, existing hallucination metrics fail
to measure hallucination for languages other than
English. Therefore, a custom hallucination metric
applicable to German utterances needs to be devel-
oped (Ul Islam et al., 2025; Kang et al., 2024). The
deepseek-r1:27b model showed the most promis-
ing results from a small set of different LLMs and
is used to evaluate hallucinations in combination
with the iteratively developed prompt (see Figure
3). The prompt follows a modular design consist-
ing of (1) the context defining triple and reference
data, (2) the sentence to evaluate, which is the
actual utterance, (3) the evaluation criteria which
is dependent on the given move, and (4) a binary
scoring. We compared the hallucination metric to
human judgment. As the objective is to develop
an NLG component that does not hallucinate, most
scores should be zero, indicating the absence of
hallucination. Agreement for all prompt versions
is measured using Gwet’s AC1 in addition to the
interclass correlation (ICC) between human raters
(n=1) and the prompt-based metric (Fig.3 for the
agreement over all prompt versions). A common
measure for annotator agreement is Cohen’s κ,
however, it is not suitable to capture agreement for
unbalanced classes. As the goal is to generate
utterances that are free of hallucination, the class
distribution is severely imbalanced. For Gwet AC1,
a score of 0.876 is reached, and for ICC 0.865 indi-
cating a strong correlation for both. The scores are
calculated based on 384 utterances, which were la-
beled by a human annotator and by the developed
hallucination metric.

The custom hallucination metric produces a bi-
nary classification indicating whether hallucination
is present. While the hallucination metric detects

Figure 3: Plot showing the growing agreement be-
tween human annotator and agreement measures
over the revision of prompts.

the presence or absence of hallucinations, it does
not provide insight into overall utterance quality. As
both factors are relevant for a high-quality NLG-
component, the NLG component score combines
those measures. First, UniEval (Zhong et al., 2022)
provides a normalized score ranging from 0 to 1,
which indicates the naturalness of the utterance.
Second, perplexity (Xu et al., 2025) is measured as
a positive floating-point value, with lower scores in-
dicating better performance. Third, LanguageTool
4 reports error counts within the sentence. Based
on a weighted combination of the hallucination met-
ric, the naturalness score, a relative perplexity, and
a relative language quality score, we introduce this
NLG component score (Eq. 1). The development of
such a metric is important for the developer to have
an indication of the performance of the respective
NLG before conducting user studies. Additionally,
focusing solely on a single metric, such as perplex-
ity or hallucination, may lead to an NLG component
that optimizes only that goal, for example, produc-
ing hallucination-free utterances that do not sound
natural.

4. Results

The evaluation compares the results of the previ-
ously introduced models using prompting (base-
line), CoT prompting (dspy), and fine-tuning. Here,
we focus in particular on the results with regard to
hallucination tendencies, the previously introduced
NLG component score, and the real-time capability
of the various approaches. The results discussed in
this section only compare the three language mod-
els that have been used for all three techniques.
Some are excluded as they produced formatting

4https://github.com/languagetool-org/
languagetool

https://github.com/languagetool-org/languagetool
https://github.com/languagetool-org/languagetool
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failures in DSPy-prompting (Phi4), showed bad
performance in the baseline (Llama 3.1, Mistral,
Qwen2.5-small), or had to high computational de-
mands for fine-tuning (Llama 3.3).

4.1. Hallucinations

Figure 4 shows that different language models
show different tendencies to hallucinate for different
moves. While the prompted Gemma2 hallucinates
for 69% of the comparisons, but never when stat-
ing information, Qwen2.5-large hallucinates in less
than 50% for all moves (confirm clarify: 38%; gener-
ate comparison: 44%; state information: 12%). In
general, the tendency to hallucinate is reduced by
both the CoT and the fine-tuned utilization approach
(baseline: 30%; DSPy: 12%; fine-tuned: 13%).
While Gemma2 and Llama3.2 improve their perfor-
mance when using CoT prompting, Qwen 2.5 only
shows minor improvement compared to the base-
line. Most models do decrease their hallucination
frequency when fine-tuned. Llama3.2, for exam-
ple, improves its performance by 25% from 38% to
only 10% of its output including hallucinations. Nev-
ertheless, the performance of Gemma2 is rather
negatively influenced. While comparisons are gen-
erated with less hallucinations (69% → 25%), the
hallucination frequency for the moves confirm clar-
ify (5% → 44%) and state information (0% → 25%)
increase in comparison to the baseline. In all base-
line models, intrinsic and extrinsic hallucination can
be observed (see Figure 8).

4.2. NLG component score

In addition to the main measure of hallucination
frequency, the NLG component score also includes
measures of the naturalness and linguistic qual-
ity of the utterances, thus providing a more com-
prehensive picture. LanguageTool results showed
strong linguistic quality for all three fine-tuned mod-
els (see Figure 18) with fewer than 0.2 errors per
utterance, whereas Gemma2 was an outlier at 0.73
errors, and perplexity scores ranged from 216 to
350 (see Figure 19). UniEval naturalness scores
clustered around 0.8, improving for Qwen2.5-Large
and Llama3.2 but declining for Gemma2 and Phi4
(see Figure 17). When using CoT prompting, lan-
guage errors were minimal across models, with
Llama3.2 showing the highest rate at 0.23 errors
per utterance (see Appendix). Perplexity improved
overall, with Qwen2.5 achieving the lowest aver-
age (129.54), followed by Llama3.2 (see Appendix).
UniEval results mirrored the fine-tuned models, with
all scores clustering around 0.8 (see Appendix).
The results comparing the nlg component scores
(Fig. 5) show that models that are prompted using
CoT or fine-tuned have show significantly higher

scores on average. Next to the decrease of halluci-
nations that has been discussed before (Sec. 4.1),
this is caused by model-dependent changes in the
different component such as the perplexity scores:
While fine-tuning decreases the perplexity score of
Qwen2.5-large from 435.75 to 262.19 and CoT to
129.54, the perplexity score of Gemma2 increases
when fine-tuned (198.4 → 216.58) and even worse
when using CoT (353.08). For Qwen2.5-large, both
fine-tuning and CoT significantly help to increase
the score for all moves, Llama 3.2 rather benefits
from fine-tuning, while Gemma2 benefits from fine-
tuning and CoT when generating comparisons only
(Tab. 3).

model move baseline CoT fine-tuned

Gemma2
CC 0.05 0.12 0.27
GC 0.31 0.12 0.19
SI 0.03 0.20 0.15

Llama3.2
CC 0.23 0.15 0.18
GC 0.46 0.12 0.07
SI 0.16 0.18 0.25

Qwen2.5-l
CC 0.31 0.13 0.11
GC 0.28 0.21 0.07
SI 0.25 0.10 0.16

Table 3: Table showing NLG component scores
distributed by moves (confirm clarify (CC), generate
comparison (GC), state information (SI)), model
and technique. The lowest value for each move
is marked in bold, the lowest for the move for all
models is marked in red.

4.3. Runtime
While CoT prompting is convincing in terms of its
low hallucination frequency and high NLG com-
ponent score, the technique leads to significantly
increased runtime depending on the moves (Fig.
6). Since SNAPE-PM is a modular system; the
runtime of the individual models add up (in some
cases), which makes short runtime even more im-
portant. While Llama is the fastest with an average
of 116.6ms (fine-tuned) and 303.1 (DSPy), Gemma2
is the slowest fine-tuned (626.8) and Qwen2.5-large
the slowest DSPy prompted model (1314.5). Es-
pecially when generating a comparison with the
DPSy-prompted Qwen2.5-large model the runtime
of over 21 seconds clearly exceeds the maximum
runtime of a component for real-time dialog sys-
tems.

4.4. Domain transfer
While the models in the previous sections are tested
on the same domain they were trained on (UNO),
in this section, we take a look at the performance
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Figure 4: Model-wise hallucination metric results per move for baseline, dspy, and fine-tuned models.

Figure 5: NLG component scores for all three tech-
niques per move and on average.

Figure 6: Heatmap of runtime performance in ms
comparing fine-tunes and DSPy prompted models.

when transferring to the domain of Quarto!. We only
look at the fine-tuned LLMs regarding the domain
transfer to Quarto! as for UNO, they perform better
than the baseline on the hallucination and nlg com-
ponent score and were significantly faster than the

Figure 7: Percentage of hallucination-free utter-
ances for fine-tuned models distributed by move
and model.

CoT-prompted models. In general, one can say that
the performance on the Quarto!-domain is worse
than on the UNO-domain (Fig. 7). Interestingly, we
see that Qwen2.5 event though it is only half the
size of Gemma2, performs well, especially when
generating comparisons for Quarto!. While all three
models reach high scores when stating information
(Gemma2: 0.76; Llama3.2: 0.76; Qwen2.5-large:
0.74), the scores differ significantly when generat-
ing comparisons (Gemma2: 0.38; Llama3.2: 0.24;
Qwen2.5-large: 0.83) and using the confirm clarify
move (Gemma2: 0.23; Llama3.2: 0.24; Qwen2.5-
large: 0.48).

5. Discussion

We introduced an LLM-based hallucination met-
ric that has been tested and iteratively improved to
show a high agreement with the human annotator.
This newly invented hallucination metric shows that
the tendency to hallucinate is not only dependent
on task (the explanation move fulfillment), model,
or technique, but also on combinations of these fac-
tors. While fine-tuning increases the ability to gen-
erate hallucination-free comparisons for Gemma2,
the performance for the other moves is decreased.
This is not the case for the other two models, which
show fewer hallucinations for all moves when fine-
tuned. Gemma2 might use general knowledge for
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the confirm clarify and state information moves,
which are weakened after fine-tuning. Looking at
the results for all models and techniques, patterns
for generate comparison differ from the two other
moves. While it is causing the most hallucinations
for the two prompting approaches, it causes the
least after fine-tuning. This is probably related to
the higher complexity of the task, as it has been
shown that hallucination frequency correlates with
task complexity (Chakraborty et al., 2025). While
our observation for the baseline models aligns with
Chakraborty et al. (2025), who find that larger mod-
els hallucinate less, this does not hold for the CoT-
prompted or fine-tuned models.

Next to the primary goal of hallucination-free ut-
terances, linguistic correctness and quality are also
relevant factors for a good NLG-component. All
these factors are evaluated in combination using
the NLG component score. While the single-shot
prompted Gemma2 model performed well for the
simpler moves, all models had a low score when
generating comparisons in the baseline condition.
These scores increased with both other techniques.
Especially Qwen2.5-large showed a small variance
and high overall scores when fine-tuned.

While the comparison of hallucination frequency
and NLG component score show that the quality of
single-shot prompted models is not sufficient to be
used for a dialog system, the runtime comparison
excluded CoT-prompting as an option. Even though
speech quality is high, a reasoning time above 20
seconds is way too high to make this technique
considerable for a real-time interaction.

Before looking into the actual results, one needs
to reflect on the applicability of the two domains,
as both are closely related. When selecting train-
ing and testing domains, one needs to balance be-
tween similarities and differences. While a higher
level of similarity usually has a positive influence on
the task performance, it also supports over-fitting.
At the same time, a fine-tuned model is not de-
signed to perform well on a completely unrelated
task or a differently structured domain. With the do-
mains of UNO and Quarto! we decided to choose
two domains sharing high similarities while being
aware that they might be too close. The results
for both techniques clearly show that, despite the
high degree of similarity, performance in the new
domain clearly declines. However, general struc-
tures remain intact. For both domains all models
show high performance when stating information.
While Gemma2 and Llama3.2 show a large de-
crease of performance, Qwen2.5-large displays
better domain-transfer capabilities.

6. Conclusion

Developing an NLG component that is free of hallu-
cination is crucial for any modular dialog system, as
the information reported to the user should be de-
cided upon by the decision-making component and
should not be altered by the NLG. As new LLMs with
better performance are proposed regularly, the goal
of this paper is not to propose one model that per-
forms best but to introduce a new metric and to com-
pare prompting, finetuning, and DSPy for several
different models. This paper proposes a novel hal-
lucination metric, using an LLM, which is optimized
for agreement with human raters. Building upon
this hallucination metrics, a combined NLG compo-
nent score is developed as a weighted combination
of the hallucination metric with scores rating the
overall language quality, consisting of naturalness,
perplexity, and language errors. These metrics
are used to assess the performance of prompted
LLMs, fine-tuned LLMs, and LLMs using DSPy for
the task of language generation from structured
data. It shows that finetuning and the application
of CoT both increase performance. However, using
DSPy greatly increases runtime, which makes it
unsuitable in real-time applications. Additionally,
great differences can be observed between differ-
ent models and their performance on different lin-
guistic moves. While the proposed metric enables
testing the NLG component of dialog systems, the
generated utterances also show that, for the final
evaluation, it is necessary to consider the user and
the context, and therefore, an evaluation of the
complete system needs to be conducted.

6.1. Take-Home Messages
General considerations on using LLMs without hal-
lucinations in structured data–to–text generation
can help improve the NLG of a dialogue system.
First, a bigger model does not necessarily result
in better performance. Second, prompting, finetun-
ing, and DSPy have different effects on different
models. Third, the task-specific properties influ-
ence the choice of technique, as CoT methods in
combination with large models are not suitable for
time-sensitive applications.

6.2. Future Work
Not only is the generation of language from struc-
tured data interesting, but also the extraction of
structured data from user utterances. Therefore,
the implementation of an NLU component will be
addressed in future work. Additionally, in this paper,
the UNO domain was used to fine-tune the models.
Future work will use other domains outside of board
games, for example, technical artifacts, to fine-tune
the LLMs in order to evaluate whether the system



150

is able to perform hallucination-free language gen-
eration from the provided triples.

Finally, we return to our thoughts from the begin-
ning of the paper. With the NLG component score,
we have introduced a metric that can test one of
the components of the system during development,
thus preparing it for a final interaction study. The de-
velopment of comparable metrics for the remaining
components is future work.

7. Limitations

This paper has several limitations, which we dis-
cuss below. First, the weights used to calculate the
NLG component score have not yet been tested and
optimized through studies. Perspectively, these
weights require empirical testing in the future. Since
this paper is based on a student thesis, the halluci-
nation metric is only optimized based on agreement
with one annotator. A comparison with several hu-
man annotators would be desirable. Although the
focus of our work is not on the evaluation of specific
models, we are aware that the language models
discussed here are no longer up to date. Many sci-
entists are currently confronted with this limitation,
as the time required for careful analysis is difficult
to reconcile with the rapid developments in the field
of research.
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10. Appendix

10.1. Prompts and Code

Listing 1: Custom Metric Prompt
STATE_INFORMATION_REQ =""" − ∗∗ State In fo rma t i on Requirement : ∗∗ Ex t rac t and

present on ly the in fo rma t i on e x p l i c i t l y prov ided i n T r i p l e 1 . Do not add
any d e t a i l s beyond what i s s ta ted . " " "

CONFIRM_CLARIFY_REQ = "" " − ∗∗Sentence S t a r t Requirement : ∗∗ The sentence ∗∗
must∗∗ begin w i th e i t h e r ∗∗ ’ Ja , ’ ∗ ∗ or ∗∗ ’ Nein , ’ ∗ ∗ âĂŤthis i s ∗∗ c r u c i a l ∗∗ !

− ∗∗Sentence Content Requirement : ∗∗ A f t e r the requ i red s t a r t , e x t r a c t and
present the i n fo rma t i on e x p l i c i t l y prov ided i n T r i p l e 1 . " " "

GENERATE_COMPARISON_REQ =""" − ∗∗Comparison S t ruc tu re Requirement : ∗∗ Compare
and e x t r a c t i n f o rma t i on from both t r i p l e s , ensur ing t h a t both s p e c i f i e d
domains are mentioned e x p l i c i t l y i n the sentence .

Comparison In fo rma t i on Requirement : ∗∗ Ex t rac t and present on ly the
in fo rma t i on e x p l i c i t l y prov ided i n T r i p l e 1 or T r i p l e 2 . Do not add any
d e t a i l s beyond what i s s ta ted . " " "

PROMPT_TEMPLATE = " " " Please evaluate the f o l l o w i n g German sentence
according to the requirements and scor ing gu ide l i nes .

### CONTEXT:
− ∗∗ T r i p l e 1:∗∗ { t r i p l e 1 } ( Domain : \ t e x t i t {UNO} Cardgame )
{ con tex t }

### SENTENCE TO EVALUATE:
{ sentence }
### END SENTENCE

### SPECIFIC REQUIREMENTS:
{ requirements }

### ADDITIONAL REQUIREMENTS:
− Synonyms and re fo rmu la t i ons are acceptable as long as the o r i g i n a l

meaning i s preserved .
− Use domain− s p e c i f i c te rmino logy a p p r o p r i a t e l y .
− C a r e f u l l y eva luate a l l requirements !

### SCORING GUIDELINES :
− ∗∗Score 0:∗∗ The requirements are c o r r e c t l y f u l f i l l e d , and the sentence

conta ins only i n f o rma t i on d i r e c t l y s ta ted i n the t r i p l e ( s ) w i thou t any
h a l l u c i n a t i o n s .

− ∗∗Score 1:∗∗ The requirements are not f u l f i l l e d ; the sentence inc ludes
dev ia t i ons or a d d i t i o n a l unsupported d e t a i l s ( h a l l u c i n a t i o n s ) not
present i n the t r i p l e ( s ) .

### REQUIRED OUTPUT FORMAT:
{ {

" score " : < i n t e g e r 0 or 1> ,
" reasoning " : <reasoning f o r score >

} }
" " "
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Figure 8: Hallucination metric results for baseline.

Figure 9: UniEval - Naturalness metric results for baseline.

10.2. Additional Figures
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Figure 10: Language error results for baseline.

Figure 11: Perplexity results for baseline.
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Figure 12: Hallucination metric results for dspy.

Figure 13: UniEval - Naturalness metric results for dspy.
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Figure 14: Language error results for dspy.

Figure 15: Perplexity results for dspy.
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Figure 16: Hallucination metric results for finetuned.

Figure 17: UniEval - Naturalness metric results for finetuned.
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Figure 18: Language error results for finetuned.

Figure 19: Perplexity results for finetuned.
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