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Abstract
Intent recognition (IR) for speech commands is
essential for artificial intelligence (AI) assistant
systems; however, most existing approaches
are limited to short commands and are pre-
dominantly developed for English. This pa-
per addresses these limitations by focusing on
IR from speech by elderly German speakers.
We propose a novel approach that combines
an adapted Whisper ASR model, fine-tuned
on elderly German speech (SVC-de), with
Transformer-based language models trained on
synthetic text datasets generated by three well-
known large language models (LLMs): LeoLM,
Llama3, and ChatGPT. To evaluate the robust-
ness of our approach, we generate synthetic
speech with a text-to-speech model and con-
duct extensive cross-dataset testing. Our results
show that synthetic LLM-generated data signif-
icantly boosts classification performance and
robustness to different speaking styles and un-
seen vocabulary. Notably, we find that LeoLM,
a smaller, domain-specific 13B LLM, surpasses
the much larger ChatGPT (175B) in dataset
quality for German intent recognition. Our
approach demonstrates that generative AI can
effectively bridge data gaps in low-resource
domains. We provide detailed documentation
of our data generation and training process to
ensure transparency and reproducibility.

1 Introduction

Speech command recognition is essential for nat-
ural interaction with artificial agents in everyday
life, especially for elderly or handicapped users
(Fronemann et al., 2021). Commercial solutions
have seen vast improvements and increased usage
over the last few years. However, their cloud-based
models not only struggle with speech from user
groups that would benefit from a voice assistant
the most (Moro-Velazquez et al., 2019; Ngueajio
and Washington, 2022), but they also introduce pri-
vacy issues because the processing of speech input
usually does not happen locally.

Figure 1: An overview of our model setup (left) and a
traditional baseline (right). The speech is transcribed
with a Whisper ASR model, the transcript is then classi-
fied with a transformer-based LM (BERT, DistilBERT,
Electra) trained on a generated text dataset and a one-
layer classification network (CN1). For the baseline, we
use the output of the Whisper encoder to classify the
intent with a two-layer classification network (CN2).

Additionally, traditional speech command recog-
nition is usually restricted to short phrases and
words (Warden, 2018), which requires the user to
adapt to the system and change their way of speak-
ing. That is usually not as intuitive for older people
who might not have the same experience with re-
cent technologies as younger users (Pekarek Rosin
et al., 2025). Therefore, we argue that to create a
more natural interaction with speech-based assis-
tant systems, we need to move away from one-word
command recognition to unconstrained utterance-
based intent recognition.

However, the lack of large-scale datasets for lan-
guages besides English makes it difficult to im-
plement such a change by retraining open-source
speech models for intent recognition on different
domains (e.g., elderly voices). Collecting new
speech data on a larger scale for any speech recog-
nition or classification task is not only an incredible
effort for researchers and participants but also ulti-
mately inefficient, since the process would need to
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be repeated every time new functionalities become
available. This issue is amplified by the amount of
training data that Transformer-based, state-of-the-
art models require to be trained in their entirety.

We suggest two potential solutions to these is-
sues: 1) through the use of layer-specific fine-
tuning (Shor et al., 2019; Pekarek Rosin and
Wermter, 2023) pretrained foundation models can
be adapted to other domains with small amounts of
speech data while preserving existing knowledge,
2) through the generation of additional domain-
focused data with large language models (LLMs),
we can increase the generalization abilities of the
model to different linguistic patterns.

We combine a state-of-the-art automatic speech
recognition (ASR) model, Whisper (Radford et al.,
2023), with three transformer-based pretrained lan-
guage models, BERT (Devlin et al., 2019), Distil-
BERT (Sanh et al., 2019), and Electra (Clark et al.,
2020) for German speech intent recognition. We
utilize three LLMs to generate additional training
data for these language models, and we synthesize
speech samples based on this data with a text-to-
speech model to evaluate our approach.

2 Related Work

Speech command recognition typically involves
accurately identifying words or short phrases as
commands linked to functionalities in an underly-
ing system. This classification can be performed
on either the audio feature representations or the
transcript produced by the ASR model. In con-
trast, intent recognition requires a larger context,
such as complete sentences, to discern user intent.
For English-language tasks, the Speech Command
Dataset (Warden, 2018) is a commonly used re-
source for training and evaluating models in speech
command recognition or keyword spotting.

Diverse strategies have been proposed for speech
command recognition, with a recent approach by
Sadovsky et al. (2023) exploring the use of spiking
neural networks for this task, and achieving a max-
imum accuracy of 72% on the Speech Command
Dataset. Other baselines mentioned in their paper
reach 79% accuracy using Gated Recurrent Units.

Berg et al. (2021) propose the Keyword Trans-
former model. They train their model on the
Speech Command Dataset for approximately 100
episodes and achieve between 97.49% and 98.56%
accuracy using knowledge distillation with only
minimal improvements over the baseline.

In low-resource settings, Kumar Nayak et al.
(2023) explore speech command recognition in
the Kui language using a small dataset of 7,090
utterances covering just seven words. Their con-
volutional neural network (CNN) baseline was the
only model to exceed 90% accuracy after 300 train-
ing episodes, highlighting the challenges of limited
data. Similarly, Hernández et al. (2024) investi-
gate intent recognition in Spanish and Nahuatl by
training models on a manually collected dataset of
383 natural language navigation commands. Their
results show that transformer-based models outper-
form traditional baselines, especially for longer and
more complex utterances.

Despite these advances, most approaches often
rely on extensive training, large-scale datasets, or
costly real-world data collection. Notably, the
lack of recent work examining this research topic
for German speech suggests that the absence of
datasets deters research in that direction.

LLMs have emerged as powerful tools for syn-
thetic dataset generation (Kaplan et al., 2025), en-
abling the creation of task-specific training data and
offering a solution to data scarcity. Additionally,
their capabilities in common-sense reasoning (Li
et al., 2022) and their strong performance in natu-
ral language understanding make them well-suited
for tasks such as intent recognition. Transformer-
based language models have shown value in both
data augmentation for intent classification (Kumar
et al., 2020) and in intent classification itself (Chen
et al., 2019).

Additionally, the use of more powerful LLMs
for intent recognition has increased significantly
(Dighe et al., 2024; Dzeparoska et al., 2024; Wang
et al., 2024), and LLMs have been widely stud-
ied for their ability to assist people through mul-
timodal applications with speech (Wagner et al.,
2024; Padmanabha et al., 2024). However, the
majority of the work has been conducted in En-
glish, leaving considerable room for exploration in
other languages. While some recent work explores
German-language applications of LLMs (Irrgang
et al., 2024; Volk et al., 2024), they have primar-
ily focused on other tasks. The release of Ger-
man LLMs, such as LeoLM 1, has demonstrated
the potential of LLMs for the German language
and motivates our work, which explores the use
of LLM-generated datasets to create robust intent
recognition systems for German speakers.

1https://laion.ai/blog/leo-lm/
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3 Methodology

3.1 Senior Voice Commands Dataset

The German Senior Voice Commands (SVC-de) is
a dataset collected by Pekarek Rosin and Wermter
(2023) for the development of speech-based inter-
action with a home assistant system for German se-
nior citizens. The dataset contains recordings from
30 native German speakers (21 female, 9 male)
between the ages of 50 and 99, of 52 sentence-
based speech commands. Per speaker, approxi-
mately 6-7 minutes of audio from two different
microphones is available, which leads to a total of
3 hours and 9 minutes of speech data. The recorded
sentences can be separated into 6 classes: "help",
"light_on", "light_off", "roll_up", "roll_down", and
"no_command". The class "no_command" essen-
tially serves to catch common false positives in
command classification to decrease wrong triggers,
while keeping the interaction natural without the
involvement of wake-words or restriction of the
user’s speech.

3.2 Intent Recognition Dataset

For our intent recognition task, we generated sen-
tences for the same six classes, with three differ-
ent large language models (LLMs): LeoLM-13b1,
Llama3-8b2, and ChatGPT by OpenAI. Llama3 is
a well-known recent option for local LLMs, while
LeoLM was developed specifically for the German
language. We included ChatGPT as an assumed
upper baseline, since it outperforms most LLMs
on a large number of tasks, even though its lack of
transparency makes results hard to reproduce. We
generated approximately 2500 samples for each
LLM.

3.2.1 Prompt Engineering
We tailored specific prompts for each label to main-
tain consistency and aimed to keep these prompts
as similar as possible. Figure 2 illustrates a general
example of the prompt structure. Every prompt, ex-
cept for the "no_command" label, is comprised of
four sentences, each targeting different sub-tasks.
The initial sentence typically clearly outlines the
scenario and initiates the task generation. The sec-
ond sentence aims to enhance diversity by suggest-
ing the LLM should incorporate various situations.
The third sentence helps with the structuring of the
outputs, making it easier to parse them for data

2https://huggingface.co/meta-llama/Llama-3.
1-8B

Figure 2: An example for the structure of our prompts.
The original prompts are in German and can be found
in Appendix A in Table 5.

collection. The parsing script is employed post-
generation and utilizes the shown keywords to ex-
tract the necessary data. Moreover, those keywords
provide additional clues and structure to the LLM
by clearly indicating the start and end points of the
sentences. The final sentence, inspired by Amin
et al. (2023), is designed specifically to minimize
unwanted outputs that usually happen due to the
nature of the pre-training of LLMs and their initial
underlying prompts. After parsing, each dataset is
checked manually to remove sentences with gram-
matical issues, nonsense content, or ones unrelated
to the command they were labeled as.

The "no_command" label required more prompt
engineering than the others, since the concept of
false positive sentences does not seem to be easily
graspable for LLMs. It often caused the LLM to
hallucinate or generate data better suited to other
labels. However, we managed to address this issue
by employing a few-shot prompting approach with
additional example sentences to enrich the existing
prompt structure. To further enhance the diver-
sity of the responses, we split the "help" label into
two distinct prompts. In addition to the standard
prompt, we also requested short calls for help (1-2
words) to account for emergencies, where the user
might not be able to speak in full sentences. Addi-
tionally, for the "no_command" label, we tailored
three different prompts that correspond to false pos-
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seed top_p top_k RP typ. p temp.
0 1 10000 1 0.995 0.7

Table 1: The parameters used for the local LLMs. RP:
Repetition Penalty

itive sentences for "help", "light_on" or "light_off",
and "roll_up" or "roll_down", respectively. A few
examples of false positive sentences would be: "My
assistant turns on the lights as soon as it gets dark.",
for control of the lights, "Every morning I open the
blinds.", for control of the blinds, and "I should call
my doctor later.", for help.

3.2.2 LLM Parameters
We utilized the local LLMs, LeoLM and Llama3,
by integrating the TextgenWebUI Chat API 3 and
Ollama4, which offer similar functionalities as
OpenAI’s Chat API, but also allow access to the
full range of LLM parameters. Table 1 contains
all the parameters we used for the dataset genera-
tion for the local LLMs. The seeds were initialized
randomly with 0 and then selected from the range
(0, 235). They remained fixed during the generation
to ensure the generated data would be diverse and
reproducible. In our specific setup, the tempera-
ture setting was not as critical due to the stabilized
seed; thus, we maintained it at the default value
of 0.7. We selected high values for top_p, top_k,
and typical_p to enrich the context diversity and
expand the array of potential utterances. Addition-
ally, we reduced the repetition penalty (RP ) to
prevent constriction of the LLM with the tokens it
previously generated.

3.2.3 Speech Synthesis
Since our model is based on speech input, we uti-
lize XTTS-v25, which is a multilingual text-to-
speech model that generates high-quality speech,
in its German language configuration. XTTS-v2 is
an extension of the XTTS model by Casanova et al.
(2024), which builds on the Tortoise model (Betker,
2023) to enable multilingual training, faster infer-
ence, and voice cloning.

We randomly select four speakers (two male,
two female) between 70 and 80 years of age from
the Common Voice DE 10.0 dataset (Ardila et al.,
2020), and create short audio files as a reference

3https://github.com/oobabooga/
text-generation-webui

4https://ollama.com/
5https://huggingface.co/coqui/XTTS-v2

for the generation of synthetic speech. We generate
audio from these reference files for each LLM-
generated text dataset and use the resulting syn-
thetic speech for the complete evaluation of our
approach.

3.3 Architecture

The task of intent recognition requires reliable
speech recognition, not only to enable the use of
language models to perform classification on the
transcript but also to increase the transparency of
the entire model in case of misclassification. Con-
sidering these conditions, we use the state-of-the-
art Whisper model developed by Radford et al.
(2023) in our setup. Whisper follows an encoder-
decoder structure, which allows us to neatly uti-
lize the same model for both the baseline and
our approach. Specifically, we use a pretrained
Whisper-small model that has already been fine-
tuned for the German language6 and adapt it to the
domain of elderly German speech with the SVC-de
dataset, following the approach by Pekarek Rosin
and Wermter (2023). We continually train only the
encoder part of the architecture with Experience
Replay (Rolnick et al., 2019) on 10% of the Com-
mon Voice DE 10.0 dataset, to avoid overfitting
the model on the limited vocabulary of the SVC-de
dataset.

In our approach, we combine the domain-
adapted Whisper model with a Transformer lan-
guage model (LM) trained on synthetic text data
to perform the task of intent recognition on the
transcript provided by the Whisper model (Fig-
ure 1). We utilize three pretrained Transformer
LMs: BERT (Devlin et al., 2019), DistilBERT
(Sanh et al., 2019), and Electra (Clark et al., 2020).
BERT was one of the first transformer-based LMs
that allowed the adaptation to specific tasks without
retraining the entire model, due to the pretrained bi-
directional representations in each layer. This prop-
erty makes BERT and other models like it uniquely
suited for low-resource tasks. Additionally, these
models have proven reliable on a variety of tasks,
and pretrained German versions are readily avail-
able in the Hugging Face model repository7.
DistilBERT reduces BERT’s size by 40% through
knowledge distillation, and Electra replaces
BERT’s masked language modeling task for pre-
training with a more sample-efficient one. Since

6https://huggingface.co/bofenghuang/
whisper-small-cv11-german

7https://huggingface.co/
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train/test ChatGPT LeoLM Llama3 Combined
ChatGPT 95.59± 0.90 79.43± 1.79 71.00± 1.40 81.83± 1.09

BERT LeoLM 82.91± 2.06 94.35± 0.76 76.75± 1.45 84.26± 0.40

Llama3 80.00± 2.68 76.31± 1.00 92.01± 1.23 82.41± 0.44

Combined 98.16± 0.92 97.43± 0.55 95.40± 0.76 96.98± 0.24

train/test ChatGPT LeoLM Llama3 Combined
ChatGPT 92.99± 1.08 78.29± 2.17 71.75± 1.58 80.25± 0.69

DistilBERT LeoLM 81.19± 1.44 93.71± 0.63 70.32± 1.42 82.58± 0.61

Llama3 76.76± 2.76 74.59± 1.38 89.25± 1.40 79.67± 0.40

Combined 97.70± 0.37 96.89± 0.55 94.40± 0.61 96.51± 0.36

train/test ChatGPT LeoLM Llama3 Combined
ChatGPT 84.80± 1.79 68.89± 2.33 67.71± 1.81 72.86± 1.03

Electra LeoLM 72.05± 2.32 87.24± 1.07 66.31± 1.72 75.06± 0.83

Llama3 66.43± 1.14 71.04± 1.09 81.94± 2.92 72.35± 1.23

Combined 94.88± 1.01 94.35± 0.81 93.85± 0.67 94.33± 0.36

Table 2: Results for intent recognition from text with all transformer models on all synthetic text datasets. Results
are averaged over 5 runs, each model was trained for 5 epochs. We show the mean accuracy (%) on the test dataset,
averaged over 5 checkpoints, and the standard deviation.

the application context of our approach is real-time
interaction with the user, and we want to create a
model that could be used locally without access
to GPU resources, we utilize these comparatively
smaller Transformer models instead of LLMs.

3.4 Experimental Setup

In our experimental setup, we take a pretrained
BERT (bert-base-german-cased), DistilBERT
(distilbert-base-german-cased), and Electra
(german-nlp-group/electra-base-german-uncased)
model from the Hugging Face model repository7.
We equip each model with a fully connected output
layer for classification and keep the pretrained
model frozen. We train the models with a learning
rate of 3e-4 and a dropout of 0.1 over 5 epochs, on
the ChatGPT-, LeoLM-, and Llama3-generated
text datasets, with a split of 70-20-10 for training,
validation, and testing. We selected these hyperpa-
rameters empirically, since the models converged
after approximately 4 epochs.

Afterward, we perform a cross-evaluation be-
tween datasets and also evaluate each model on a
combination of all generated datasets, to examine
whether there are noticeable differences in quality
within the LLM-generated data. This also allows us
to assess whether there are LLM-specific patterns

in the data and if one of the datasets allows a higher
level of generalization to unseen sentences.

We then combine the domain-adapted Whisper-
small model with the trained LMs and evaluate our
architecture on the generated speech datasets. The
goal is to compare its performance with the accu-
racy achieved by the text transformers. We also
examine the word error rate (WER) and charac-
ter error rate (CER) of Whisper on the generated
speech datasets and compare them with its per-
formance on SVC-de, to assess the quality of the
synthetic speech.

As a baseline, we use the output of the encoder
part of the Whisper model to train a two-layer
classification network for intent recognition on the
SVC-de dataset only. This baseline represents tra-
ditional approaches and their limitations in low-
resource domains.

4 Results

We train and evaluate BERT, DistilBERT, and Elec-
tra on each synthetic dataset to examine how well
they generalize to different semantic structures and
syntax. As seen in Table 2, the transformer mod-
els trained with data generated by LeoLM show
the best generalization abilities across all datasets.
While BERT and DistilBERT perform similarly,
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Dataset WER (%) ↓ CER (%) ↓
ChatGPT 12.14 6.16

LeoLM 15.01 8.41

Llama3 9.56 4.94

SVC-de 5.65 5.42

Table 3: The word error rate (WER) and the character er-
ror rate (CER) of the domain-adapted Whisper-small on
the real-world SVC-de dataset and the synthetic speech
datasets.

Electra’s accuracy is on average 10% lower. We
also trained the LMs on the SVC-de transcripts and
found that the results of the evaluation matched
the baseline results in Table 4, with low accuracies
(35-40%) across all synthetic datasets.

The confusion matrices in Figure 3 show that
models trained on the LeoLM data generally show a
more stable performance, even for unseen samples
generated by other models. All models exhibit
some level of confusion with the differentiation of
"light_on" and "roll_up" from their counterparts
and "no_command". However, BERT outperforms
both Electra and DistilBERT. Electra seems to have
more issues overall with the separation of different
classes, which is also reflected in the previously
discussed lower accuracies. A notable, positive
result is the fact that all models across all datasets
seem to be able to distinguish real calls for help
reliably from the false positives introduced in the
data for "no_command".

We continue the evaluation of our approach and
the baseline with synthetic speech, as discussed
in Section 3.2. As can be seen in Table 3, the
quality of the generated speech is within an ac-
ceptable range, considering the domain-adapted
ASR model was not trained on the synthetic speech.
We observe word error rates (WERs) of 12.14%
for ChatGPT, 15.01% for LeoLM, and 9.56% for
Llama3. Meanwhile, the real speech from the SVC-
de dataset achieves a WER as low as 5.65%, which
is in line with the results by Pekarek Rosin and
Wermter (2023).

The results in Table 4 show that pre-training the
LMs on the data generated by the LLMs increases
the overall models’ robustness against unseen sen-
tences. This is supported by the significantly lower
performance of the baseline on the synthetic data,
with around a 50% difference in accuracy. The
LeoLM data proves to be especially useful for

pre-training, with Whisper+DistilBERT(LeoLM)
achieving the highest accuracy with 83.01% on
SVC-de compared to the baseline result of 95.05%.
It even outperforms the models trained on a combi-
nation of the synthetic text data. The same patterns
that can be observed in the evaluation of the text
data (Table 2) are present here as well, with a per-
formance drop for Electra-based models. Overall,
we observe that adding a language model trained
on a supplementary synthetic text dataset vastly
improves generalization to new data, compared to
the baseline results.

5 Discussion

In our approach, we equip a Whisper ASR model
with a Transformer LM for intent recognition, to
allow LLM-generated text data to supplement the
small-scale speech dataset available for the task
(SVC-de). Our results show that training the LM on
the synthetic text data increases the overall model’s
ability to generalize across various semantic struc-
tures and syntax, and previously unseen sentences.

LeoLM, a local LLM specifically created for the
German language, outperforms both ChatGPT and
Llama3 in terms of generalization to unseen data
(Table 2) and demonstrates a more stable perfor-
mance overall (Figure 3). This shows the potential
of language-specific fine-tuning for local LLMs,
which offer more transparency of their parameters
and therefore higher control of the output and re-
producibility. Notably, models trained only on the
Llama3 data do not trail behind the ones trained
on LeoLM or ChatGPT, even though Llama3 is
a smaller model. For the BERT models in par-
ticular, performance differences are minimal, and
BERT(Llama3) even outperforms BERT(ChatGPT)
on the dataset combination.

The confusion matrices in Figure 3 show that the
distinction between "help" and the false positives
contained in "no_command" seems to be straight-
forward for all models, which is great for real-life
applications, since calls for help should ideally
not be misclassified at all. All models seem to
struggle to varying degrees with differentiating be-
tween "light_on" or "light_off" and "roll_up" or
"roll_down", which is to be expected due to the
high similarity of the generated sentences. The
Electra models seem to have more issues with this
differentiation overall, especially the model trained
on the ChatGPT data. In a real home assistant sys-
tem, this would ideally be alleviated by introducing
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Figure 3: Confusion matrices for all LM+dataset variations, evaluated on the combination of all generated datasets.

context information to help reduce uncertainty, e.g.,
by checking the state of the lights or blinds.

The word error rates (WERs) of the synthetic
speech datasets (Table 3) are comparable to the
ones measured by Pekarek Rosin and Wermter
(2023) for Whisper-small-de on the Common Voice
DE test split (11.2%). This indicates that the quality
of the synthetic speech approximates real speech.
As can be seen in Table 4, the evaluation results
on the synthetic speech datasets and SVC-de show
that BERT and DistilBERT can keep the classifica-
tion performance high for unseen speech data. The
performance for the speech-based evaluation drops
slightly across all models compared to the text-only
evaluations, which is expected since ASR models

usually create noisy transcriptions (Table 3), and
some information might be lost. We also observe
that supplementing with data from a single LLM
(LeoLM) seems to be more beneficial than combin-
ing the data from all LLMs for training.

The low performance of the baseline Whisper-
Encoder+CN on the synthetic datasets highlights
how fine-tuning on small-scale speech data can
significantly affect pretrained model generalizabil-
ity and emphasizes the advantage of our approach.
Since the WER of the synthetic speech is com-
parable to real speech, the limited vocabulary of
the real dataset likely explains the baseline’s low
accuracy. Additionally, while SVC-de was used
for domain adaptation of the Whisper encoder,
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train/test ChatGPT-s LeoLM-s Llama3-s SVC-de
ChatGPT 91.49± 0.95 77.51± 1.44 71.35± 1.54 65.91± 3.86

Whisper+BERT LeoLM 78.28± 0.46 89.95± 0.43 72.88± 1.06 73.51± 2.65

Llama3 76.04± 1.11 71.99± 0.88 91.09± 0.70 63.44± 6.63

Combined 93.63± 0.44 92.32± 0.26 94.23± 0.37 74.37± 2.87

ChatGPT 87.50± 1.60 73.93± 0.83 68.11± 2.23 75.58± 3.80

Whisper+DistilBERT
LeoLM 74.29± 1.37 86.69± 1.42 67.43± 1.80 83.01± 1.54

Llama3 75.04± 1.06 71.93± 0.83 87.04± 1.07 71.47± 1.89

Combined 94.35± 0.11 92.13± 0.21 92.12± 0.42 72.28± 1.35

ChatGPT 74.16± 1.34 65.50± 0.42 64.48± 0.84 61.67± 0.96

Whisper+Electra
LeoLM 65.94± 0.63 80.97± 0.36 63.35± 0.74 71.42± 2.27

Llama3 67.16± 1.01 69.05± 1.64 81.76± 1.73 51.52± 4.53

Combined 87.32± 0.65 86.48± 0.67 90.10± 0.32 68.61± 1.09

Whisper-Encoder+CN SVC-de 34.72± 0.61 38.40± 0.65 36.36± 0.75 95.05± 0.39

Table 4: Results of the evaluation on the synthetic speech datasets (-s), and on the SVC-de dataset of all combinations
of Whisper+LM models, trained on the text datasets generated by ChatGPT, LeoLM, and Llama3. Whisper-
Encoder+CN is the baseline trained only on the real speech dataset, SVC-de. We show the mean accuracy (%),
averaged over 5 checkpoints, and the standard deviation.

none of the Whisper+LM variations were explic-
itly trained on it for classification. Still, all models
achieved above-average accuracy on SVC-de, with
Whisper+DistilBERT(LeoLM) outperforming all
other model variations and approaching the base-
line trained on SVC-de (Whisper-Encoder+CN).

Finally, all our models require only 5 epochs
to be trained sufficiently, which can be done in a
fraction of the time needed for other approaches
(Section 2), since each training run on the generated
text data takes only 1-2 minutes.

6 Conclusion

In this paper, we present a novel approach for in-
tent recognition (IR) in the domain of elderly Ger-
man speakers using a home assistant system. We
leverage a pretrained Whisper model and adapt it
to the domain through layer-specific fine-tuning
and continual learning on the SVC-de dataset. To
address the limitations of the dataset, we gener-
ate supplementary classification datasets with three
large language models (LLMs): LeoLM, Llama3,
and ChatGPT. These datasets are then used to train
transformer-based language models (LMs) for IR.

Our results show that a pretrained ASR model
combined with an LM trained on synthetic text
data displays increased robustness to diverse lin-

guistic patterns and unseen vocabulary. Evaluating
our models on high-quality synthetic speech shows
that they outperform the baseline trained only on
real-world data (SVC-de), indicating improved ro-
bustness to different speakers. This adaptability is
critical for reducing user strain in real-world appli-
cations. We find that training Transformer LMs on
synthetic text data is more efficient than continued
ASR fine-tuning in terms of resources and gener-
alizability of the model. Additionally, our models
are reliably able to differentiate calls for help from
false alarms, which is essential for a home-assistant
system for elderly speakers.

This work is an exploration of LLMs and gener-
ative AI for the generation of German speech and
language processing datasets. We show that (1) a
domain-specific, smaller LLM like LeoLM (13B)
can surpass larger models like ChatGPT (175B)
in dataset quality, while offering transparency and
reproducibility; (2) supplementing an ASR model
with a language model trained on synthetic text
data can enhance model performance and robust-
ness; and (3) our method offers a fast and efficient
way to adapt existing speech systems for IR tasks.
As such, our approach offers a practical and scal-
able solution for deploying reliable home-assistant
systems in real-world speaker environments.
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Ethical Considerations

No experiments with human participants or addi-
tional recordings were conducted during this re-
search. We chose to use local LLMs as well as
ChatGPT for the dataset generation to explore their
performance, since local LLMs allow for greater
control of their parameters. For the sake of trans-
parency, we have shared every parameter (Table 1)
and prompt (Appendix A) we used. The generated
data can be fully reproduced using the same LLMs,
prompts, and parameters, provided that the same
seed is used.

Limitations

In this research, we have encountered a couple
of limitations associated with the use of smaller
LLMs. It was observed that the LLM may trun-
cate its outputs. To address this issue, we imple-
mented a check during the parsing phase to verify
the completeness of each utterance in terms of start-
ing and ending keywords. If incomplete, the parser
excludes that utterance, ensuring that the parsed
data does not contain missing values. We also ob-
served instances where recurrent utterances appear
in more than one output. This issue is resolved
by eliminating duplicate utterances during parsing
and selecting the more diverse ones during manual
filtering. For the ASR model, we chose one model
to simplify the experimental setup, but ideally, we
would have examined the performance of differ-
ent versions of Whisper as well. The approach
we follow for domain adaptation does an extensive
evaluation with the same dataset, so we did not
repeat a similar evaluation.
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Label Prompt

he
lp

Generieren Sie 10 verschiedene Sprachbefehle, mit denen ein älterer Mensch seinen KI-Assistenten in
gefährlichen Situationen um Hilfe bitten kann, ohne jedes Mal explizit um Hilfe zu bitten. Verwenden Sie
verschiedene Sätze und unterschiedliche Gesundheitssituationen. Sie müssen vor jeder Äußerung die Anweisung
’Ältere_Person:’ als Sprechername einfügen und ’NÄCHSTES’ am Ende jeder Äußerung, um das Ende der
Äußerung zu kennzeichnen. Geben Sie die angeforderten Sätze genau in der beschriebenen Struktur aus, geben
Sie nichts anderes aus.

Generieren Sie 10 verschiedene sehr kurze Sprachbefehle, mit denen eine ältere Person ihren KI-Assistenten
in gefährlichen Situationen um Hilfe bitten kann, ohne jedes Mal explizit um Hilfe zu bitten. Verwenden Sie
verschiedene, kurze Sätze, die aus ein bis zwei Wörtern bestehen und verschiedene Gesundheitssituationen
beschreiben. Fügen Sie vor jeder Äußerung die Anweisung ’Ältere_Person:’ als Sprechername ein und am
Ende jeder Äußerung ’NÄCHSTES’, um das Ende der Äußerung zu markieren. Geben Sie die geforderten Sätze
genau in der beschriebenen Struktur aus, geben Sie nichts anderes aus.

ro
ll

Generieren Sie 10 verschiedene Sprachbefehle für eine ältere Person, die ihren KI-Assistenten bittet, die
Rollläden hochzufahren. Verwenden Sie verschiedene Sätze und unterschiedliche Ausdrücke. Sie müssen
vor jeder Äußerung die Anweisung ‘Ältere_Person:‘ als Sprechername einfügen und ‘NÄCHSTES‘ am Ende
jeder Äußerung, um das Ende der Äußerung zu kennzeichnen. Geben Sie die angeforderten Sätze genau in der
beschriebenen Struktur aus, geben Sie nichts anderes aus.

Generieren Sie 10 verschiedene Sprachbefehle für eine ältere Person, die ihren KI-Assistenten bittet, die
Rollläden herunterzufahren. Verwenden Sie verschiedene Sätze und unterschiedliche Ausdrücke. Sie müssen
vor jeder Äußerung die Anweisung ’Ältere_Person:’ als Sprechername einfügen und ’NÄCHSTES’ am Ende
jeder Äußerung, um das Ende der Äußerung zu kennzeichnen. Geben Sie die angeforderten Sätze genau in der
beschriebenen Struktur aus, geben Sie nichts anderes aus.

lig
ht

s

Generieren Sie 10 verschiedene Sprachbefehle für eine ältere Person, die ihren KI-Assistenten bittet, das Licht
einzuschalten. Verwenden Sie verschiedene Sätze und unterschiedliche Ausdrücke. Sie müssen vor jeder
Äußerung die Anweisung ’Ältere_Person:’ als Sprechername einfügen und ’NÄCHSTES’ am Ende jeder
Äußerung, um das Ende der Äußerung zu kennzeichnen. Geben Sie die angeforderten Sätze genau in der
beschriebenen Struktur aus, geben Sie nichts anderes aus.

Generieren Sie 10 verschiedene Sprachbefehle für eine ältere Person, die ihren KI-Assistenten bittet, das Licht
auszuschalten. Verwenden Sie verschiedene Sätze und unterschiedliche Ausdrücke. Sie müssen vor jeder
Äußerung die Anweisung ’Ältere_Person:’ als Sprechername einfügen und ’NÄCHSTES’ am Ende jeder
Äußerung, um das Ende der Äußerung zu kennzeichnen. Geben Sie die angeforderten Sätze genau in der
beschriebenen Struktur aus, geben Sie nichts anderes aus.

no
_c

om
m

an
d

Generieren Sie 10 Sätze von einer älteren Person, die von einer Spracherkennung fälschlicherweise als ’Bitte
um Hilfe’ klassifiziert werden können, aber in Wirklichkeit als ’kein Befehl’ für einen KI-Assistenten ver-
wendet werden. Der Assistent benutzt dafür eine Keyword Detection. Verwenden Sie verschiedene Sätze und
verschiedene Ausdrücke. Sie müssen vor jeder Äußerung als Sprechernamen die Anweisung ’Ältere_Person:’
und am Ende jeder Äußerung ’NÄCHSTES’ einfügen, um das Ende der Äußerung anzuzeigen. Ein paar
Beispiele: Ältere_Person: Kannst du mir bitte helfen, mein Handy zu finden? NÄCHSTES Ältere_Person: Mein
Sohn hat mir gestern mit dem Garten geholfen. NÄCHSTES Ältere_Person: Manchmal muss ich um Hilfe
bitten. NÄCHSTES Ältere_Person: Diese neuen Geräte sind ohne Hilfe gar nicht zu bedienen. NÄCHSTES
Ältere_Person: Früher konnte ich alles alleine, ohne um Hilfe zu bitten. NÄCHSTES

Generieren Sie 10 Sätze von einer älteren Person, die von einer Spracherkennung fälschlicherweise als ’Rol-
lläden hoch- oder runterfahren’ klassifiziert werden können, aber in Wirklichkeit als ’kein Befehl’ für einen
KI-Assistenten verwendet werden. Der Assistent benutzt dafür eine Keyword Detection. Verwenden Sie
verschiedene Sätze und verschiedene Ausdrücke. Sie müssen vor jeder Äußerung als Sprechernamen die
Anweisung ’Ältere_Person:’ und am Ende jeder Äußerung ’NÄCHSTES’ einfügen, um das Ende der Äußerung
anzuzeigen. Ein paar Beispiele: Ältere_Person: Mein Assistent fährt die Rollläden jeden Abend pünktlich
um 18:00 herunter. NÄCHSTES Ältere_Person: Im Sommer habe ich die Jalousien gerne den ganzen Tag
unten. NÄCHSTES Ältere_Person: Es ist sehr praktisch, dass mein Sprachassistent die Rollläden steuern
kann. NÄCHSTES Ältere_Person: Meine Rollläden sind beim letzten Sturm kaputtgegangen. NÄCHSTES
Ältere_Person: Sobald meine Jalousien oben sind, kann ich meinen Tag beginnen. NÄCHSTES

Generieren Sie 10 Sätze von einer älteren Person, die von einer Spracherkennung fälschlicherweise als ’Licht ein-
oder ausschalten’ klassifiziert werden können, aber in Wirklichkeit als ’kein Befehl’ für einen KI-Assistenten
verwendet werden. Der Assistent benutzt dafür eine Keyword Detection. Verwenden Sie verschiedene Sätze und
verschiedene Ausdrücke. Sie müssen vor jeder Äußerung als Sprechernamen die Anweisung ’Ältere_Person:’
und am Ende jeder Äußerung ’NÄCHSTES’ einfügen, um das Ende der Äußerung anzuzeigen. Ein paar
Beispiele: Ältere_Person: Mein Assistent schaltet mir jeden morgen die Lichter an. NÄCHSTES Ältere_Person:
Gestern hatten wir schon sehr früh kein Licht mehr im Raum. NÄCHSTES Ältere_Person: Die Tatsache, dass
mein Sprachassistent das Licht an- und ausschalten kann ist sehr praktisch. NÄCHSTES Ältere_Person: Da
ist mir ein Licht aufgegangen. NÄCHSTES Ältere_Person: Manchmal ist es hier ziemlich dunkel ohne Licht.
NÄCHSTES

Table 5: All the prompts used for the different classes in the datasets.
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