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Abstract

This study investigates efficient speech-to-intent recognition for human—robot interaction in elderly-care environments
in German, targeting deployment on resource-constrained platforms such as the Jetson AGX Orin. To benchmark
performance, we created a domain-specific German dataset with two sub-datasets (PaSID and PaSynTex) that
simulate specific nursing home communication scenarios. Two alternative speech-to-intent pipelines were developed
and evaluated: a two-stage system combining automatic speech recognition (ASR) with a large language model
(LLM), and an end-to-end large audio—language model (LALM) architecture. The performance of Whisper-based
ASR systems was evaluated across a wide variety of LLMs and several LALMs, comparing intent-classification
accuracy, latency, and resource efficiency. The results indicate that optimized ASR + LLM configurations, particularly
Whisper Turbo coupled with Phi-3.5-mini or Qwen 2.5-7B, outperform unified LALM approaches while maintaining
substantially lower memory and inference costs. Also, the analysis shows that, the unified LALM models outperform
the two-step integration of ASR + LLM in the same configuration, but at the cost of higher resource utilization, likely
due to limited optimization for edge deployment. Overall, the findings provide initial evidence that modular ASR +
LLM pipelines provide a more practical solution for real-time, on-device intent recognition in assistive robotics in
German, offering an effective trade-off between performance and deployability on resource-constrained platforms.

Keywords: speech-to-intent recognition, intent recognition, spoken language understanding (SLU), large
language models (LLMs), large audio-language models (LALMs), edge Al deployment, assistive robotics, elderly care

1. Introduction

Large language models (LLMs), such as GPT
(Open Al, 2023), have shown strong performance
in natural language understanding (NLU), dia-
logue management, and generation (NLG). By
fine-tuning or prompting these models for specific
tasks, researchers can achieve end-to-end dia-
logue pipelines that reduce the need for domain-
specific rules and heuristics (Madotto et al., 2020).
Unlike traditional systems that separate intent clas-
sification and dialog management, using LLM-
based frameworks we could unify these compo-
nents, allowing more fluid, context-aware interac-
tions (Minaee et al., 2024; Zhou et al., 2023). In nu-
merous domains, from manufacturing and logistics
to healthcare, the integration of robots into every-
day tasks promises efficiency gains, cost savings,
and improved service quality (Chiang and Trimi,
2020; Karabegovic et al., 2015). However, these
benefits cannot be realized without addressing the
critical need for robots to understand humans and
respond intuitively to complex cues.

A major challenge is ther recognition of intent
from spoken input in real-time, especially under
the computational constraints of embedded plat-
forms like Jetson (NVIDIA Corporation, 2025b). Al-
though modern LLMs and large audio-language
models (LALMs) offer high accuracy, they are typi-
cally optimized for cloud-based inference, limiting

their direct application in edge scenarios. This work
addresses this gap by designing and evaluating
optimized speech-to-intent pipelines suitable for
real-time patient—robot interaction in elderly-care
environments in Germany and deployable on edge
hardware. This involves creating domain-specific
datasets that simulate nursing home interactions
in German and benchmarking automatic speech
recognition (ASR) systems. The study also evalu-
ates LLMs for intent detection with a focus on ac-
curacy, latency, and resource efficiency. Integrated
ASR+LLM pipelines are developed and optimized
for edge deployment, and their performance is com-
pared with recent end-to-end LALMSs to identify the
most effective and efficient solutions for real-time,
on-device intent recognition.

In summary, this paper addresses the challenge
of real-time intent recognition from spoken input
in elderly-care robotics, with a focus on resource-
efficient edge deployment. By developing and eval-
uating both modular ASR+LLM pipelines and end-
to-end LALM pipelines, we examine the trade-offs
among accuracy, latency, and resource demands.
Through the creation of two domain-specific Ger-
man datasets, we aim to provide an initial bench-
mark for speech-to-intent processing in this setting.
The remainder of this paper presents the datasets,
methodology, and model architectures, followed by
an empirical evaluation of their performance and a

10102

Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 10102-10113
11-16 May 2026. ©ELRA Language Resources Association (ELRA), 2026



discussion of their suitability for real-world assistive
applications.

2. Background

Human-Robot Interaction (HRI) is becoming more
relevant in healthcare, where robots support staff
and improve patient care (Abdi et al., 2018). In nurs-
ing homes, socially assistive robots have shown
promise in emotional support, cognitive stimulation,
and reducing staff workload (Worth, 2024). In this
context, dialogue systems play a central role in en-
abling effective communication between humans
and robots.

2.1. Dialogue System in HRI

Modern dialogue systems have evolved from rule-
based to neural end-to-end architectures, now pow-
ered by LLMs. These systems integrate key compo-
nents such as ASR, NLU, and NLG, allowing more
fluid and human-like conversations (Yi et al., 2024;
Chung et al., 2023). Building on this foundation,
adapter-based multi-modal LLMs introduce a mod-
ular approach to integrating various modalities (Li
etal., 2024). Instead of training a single, monolithic
model from scratch, adapters act as lightweight
transformation layers, allowing a pre-trained LLM to
incorporate additional input types, such as speech
signals. This approach preserves the strengths of
the base LLM while enabling it to process and align
diverse modalities efficiently. In this context, Ultra-
vox (Fixie Al, 2025) stands out as an innovative
open-source adapter-based LALM that improves di-
alogue systems by directly processing speech input
without the need for intermediate text conversion.

Unlike adapter-based models, which rely on
separate speech encoders and fusion adapters,
end-to-end LALMs jointly train a single model
on both speech and text data. For example,
Qwen-Audio (Chu et al., 2023), developed by Al-
ibaba Cloud, is an end-to-end trained large audio-
language model, designed to process a variety of
audio inputs.

2.2. Intent Recognition

Intent recognition is the process of inferring an
agent’s goals by analyzing their behavior (Smith
et al., 2022). This capability is crucial for the de-
velopment of dialogue systems. The rise of pre-
trained language models, such as BERT (Devlin
et al., 2019), has improved intent classification by
capturing complex semantic relationships within the
language (Chen et al., 1902). Fine-tuning these
models on domain-specific data has led to notable
improvements in performance. For instance, the
TOD-BERT maodel, pre-trained in task-oriented dia-
logues, has demonstrated improved performance
in intent recognition tasks (Wu et al., 2020).
Recent studies have explored the application of

LLMs for intent recognition. For example, the paper
IntentGPT (Rodriguez et al., 2024) introduces a
method that effectively prompts LLMs, such as GPT,
to discover new intentions with minimal labeled
data.

Furthermore, the study "User Intent Recogni-
tion and Satisfaction with Large Language Mod-
els" (Bodonhelyi et al., 2024) analyzes the quality
of intent recognition and user satisfaction with an-
swers from intent-based prompt reformulations of
GPT-3.5 Turbo and GPT-4 Turbo models.

2.3. NVIDIA Jetson for HRI Applications

The NVIDIA Jetson platform (NVIDIA Corporation,
2025b) is a leading edge Al solution for resource-
intensive tasks. Benchmark studies (NVIDIA Cor-
poration, 2025, 2024) demonstrate its efficiency
in running optimized ASR and LLM models us-
ing quantization and inference acceleration frame-
works like TensorRT.

An empirical benchmark conducted by NVIDIA
Jetson Al Lab (NVIDIA Corporation, 2024), utilizing
MLC/TVM framework and 4-bit quantization, pro-
vided insights into the throughput performance of
Jetson hardware. As shown in Table 1, the AGX
Orin achieves between 40-150 tokens per second
(TPS) for models ranging from approximately 1 bil-
lion to 8 billion parameters. Even running larger
variants (such as 33B or 70B models) remains tech-
nically feasible, although at lower throughput levels
(approximately 10 TPS and 5 TPS, respectively).

3. Multimodal Dataset for Evaluating
Intent Detection in Elderly Care

To support the evaluation of intent detection in
elderly-care scenarios, we created a domain-
specific German dataset focused on patient—robot
interaction. The dataset comprises two sub-
datasets designed for different evaluation tasks and
captures both spoken and written forms of commu-
nication. In addition, the data include three forms of
expression with varying levels of linguistic complex-
ity and implicitness. The following datasets were
used in the analysis:

» PaSID (Patient Speech for Intent Detection):
a dataset comprising one hour of German
speech and 348 samples based on predefined
scenarios simulating interactions in a nursing-
home setting. Each sample is annotated with
the corresponding intent and slot labels.

+ PaSynTex (Patient Synthetic Text Expres-
sions): a dataset of 300 synthetic German
sentences, ranging from simple to implicit for-
mulations, for intent classification and slot ex-
traction.

The PaSID dataset was collected from ten stu-
dent participants between 26 and 35 years of age.
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Model

Jetson Orin Nano (TPS)

Jetson AGX Orin (TPS)

Phi-2 (2.7B) (Javaheripi et al., 2023)
Gemma-2B (Team et al., 2024)
Llama2-7B (Touvron et al., 2023b)
Llama3-8B (Grattafiori et al., 2024)
Llama2-13B (Touvron et al., 2023b)
Llama1-33B (Touvron et al., 2023a)
Llama2-70B (Touvron et al., 2023b)

24 74
27 75
16 47
15 40

Table 1: LLM Text-generation throughput (4-bit Quantization with MLC/TVM) (NVIDIA Corporation, 2024)

Female

30.0%

70.0%

Male

Figure 1: Gender distribution of participants

Non-Native Speakers

30.0%

70.0%

Native Speakers

Figure 2: Language-background distribution of par-
ticipants

Figures 1 and 2 illustrate the demographic and
language-background distributions of the partici-
pants.

The PaSynTex dataset, consisting of 300 sam-
ples and four primary intents, was generated using
ChatGPT-40 and manually reviewed. Both datasets
were designed to approximate daily patient—robot
interactions in elderly-care scenarios and to test
the robustness of ASR systems, LLMs, and LALMs
across different levels of linguistic complexity. Table
3 outlines the structure of the PaSID dataset.

To support the collection of structured, high-
quality speech data, the Patient—Robot Interac-
tion' survey was developed and implemented us-

'"The  full survey is  available  at:

ing the online platform SoSci Survey (SoSci Sur-
vey GmbH, 2023). During the audio-recording
sessions, participants were instructed to use high-
quality microphones or headsets to maximize audio
clarity and minimize background noise. They were
also given the opportunity to review and, if neces-
sary, re-record their audio, which further improved
the quality and consistency of the collected data.

The data-collection process was structured into
three phases to capture a range of natural and
controlled speech variations and to examine their
effects on ASR performance. In the first phase, par-
ticipants produced freely formulated speech, provid-
ing relatively natural and spontaneous input. In the
second phase, they read pre-formulated texts de-
scribing specific scenarios in an elderly-care setting.
In the final phase, speech was recorded in different
modalities (e.g., speaking quickly in an emergency-
like situation or slowly to ensure that each word was
clearly understood). These samples were based
on pre-formulated texts read aloud by the partici-
pants and were used to study the impact of different
speaking styles on ASR performance.

We classified the dataset intents into four main
categories: Assistance Request, Medication Re-
minder, Information Query, and Emergency Alert.

4. Methodology

This study evaluates two dialogue system pipelines
for intent recognition from spoken input in patient-
robot interaction. The first pipeline integrates ASR
with an LLM for comparative performance analysis.
The second pipeline uses LALMs as a unified end-
to-end solution and is evaluated comparatively in
terms of intent-detection performance, inference
latency, and resource efficiency on edge hardware.

4.1. Modular ASR and LLM-Based
Pipeline

A two-step pipeline (illustrated in Figure 3) is imple-
mented in which speech input is first transcribed
using selected ASR models (e.g., Whisper). The
transcribed text is then processed by LLMs in the
natural language analysis system (NLAS) compo-
nent. Guided by prompt engineering, the LLMs
classify user intent.

https://befragungen.ovgu.de/
patient-robot-interaction/.
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Speech Speech Text Reference (German) English Translation Intent Slots
(Audio) "Kénnten Sie meine Brille suchen?" "Could you look for my  Assistance Request object: Brille
glasses?"
(Audio) "Erinnern Sie mich bitte daran,um9 Uhr ~ "Please remind me to take my  Medication Reminder time: 9 Uhr, medi-
mein Insulin zu nehmen." insulin at 9 o'clock." cation: Insulin
(Audio) "Was steht heute auf dem Speiseplan ~ "What's on the menu for lunch  Information Query
zum Mittagessen?" today?"
(Audio) "Mir ist sehr schwindelig." "l feel very dizzy." Emergency Alert
Table 2: Example entries from the PaSID dataset
R I Multi Modal Language R
T Pl Q. | | cocansenie o T
A A
A
A 4

v v

Text to Speech Context Store system

Figure 3: Dialogue system based on modular ASR
and LLM integration

4.2. Large Audio-Language Model
Pipeline

The multi-modal language analysis system compo-
nent, illustrated in Figure 4, is designed to process
spoken input directly for downstream tasks such
as intent detection, thereby bypassing the explicit
text-transcription step used in traditional ASR+LLM
pipelines. Two LALM architectures are considered
in this study:

» Adapter-based models: These models use a
modular architecture that combines a frozen
or fine-tuned ASR component with an LLM
through lightweight adapter modules (e.g., UI-
travox (Fixie Al, 2025)). The adapters act as
transformation layers that align and fuse audio
embeddings with text-based representations,
enabling the LLM to process spoken-language
input more effectively. This architecture al-
lows flexible integration of pre-trained models
while minimizing computational overhead and
retraining requirements.

» End-to-end trained models: In contrast,
these models are trained jointly on audio
and text modalities using unified tokeniza-
tion schemes and multimodal transformer en-
coders (e.g., Qwen-Audio (Chu et al., 2023)).
They directly process raw audio input and per-
form intent classification and text generation
within a single unified model. This approach
removes intermediate processing steps and
may offer advantages for real-time applica-
tions through lower processing latency and
improved alignment between input and output
modalities.

v

Text to Speech Context Store system

Figure 4: Dialogue system based on LALM

By comparing these two architectures, we exam-
ine the trade-offs among modular flexibility, end-to-
end efficiency, and suitability for edge deployment.

4.3. Prompt Design

In this study, a structured zero-shot prompt tem-
plate was used to guide LLMs and LALMs in clas-
sifying utterances into four intent categories: As-
sistance Request, Medication Reminder, Informa-
tion_Query, Emergency Alert. Using the same
prompt across models supports a consistent eval-
uation setup and a fair comparison of their intent-
classification performance.

Prompt

You are an intent classification
assistant.

You should only output one of
the following intents: As-—
sistance_Request, Medica-
tion_Reminder, Information_Query,
Emergency_Alert.

Here is a short description of
each intent:

- Assistance_Request: The user
is seeking help with a non-
emergency task or activity.

— Medication_Reminder: The user
needs a reminder to take medica-
tion.

— Information_Query: The user
is asking for information or de-
tails.

- Emergency_Alert: The user is
experiencing distress or an ur-—
gent situation requiring immedi-
ate attention.

Intent:
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4.4. Edge-Device-Oriented Models

To reduce memory requirements and improve in-
ference speed, all selected models were quantized
to 4-bit precision. Model sizes were systemati-
cally benchmarked and compared with recent edge-
performance results.

The following key metrics were used to evaluate
edge suitability:

* Inference latency (average processing time
per input)

» Tokens per second (TPS) for generation-
based models

Peak GPU memory usage during inference
+ Intent classification accuracy

Together, these metrics provide a practical basis
for assessing whether a model is not only accurate,
but also lightweight and fast enough for real-time
deployment in embedded assistive systems.

4.5. Evaluation Metrics

The following evaluation metrics are used to com-
pare the modular ASR+LLM pipeline and the unified
LALM-based system.

For the ASR component, transcription quality is
evaluated using Word Error Rate (WER) and BERT
sentence similarity score (He et al., 2021). WER is
defined as:

S+D+1
WER = N (1)
where S is the number of substitutions, D the
number of deletions, I the number of insertions,
and N, the total number of words in the refer-
ence transcription. To complement surface-level
transcription accuracy, semantic similarity between
the ASR output and the reference transcription is
also measured using the BERT sentence similar-
ity score. In addition, average inference time is
recorded to assess ASR latency.
For the LLM and LALM components, intent clas-
sification is evaluated using accuracy and F1-score.
Accuracy is defined as:

Number of Correct Predictions

Accuracy =
y Total Predictions

()

The F1-score is computed as follows:

. TP

Precision = TP+ FP (3)
TP

Recall = 7P+ P @

Precision - Recall
Precision + Recall

F1=2

where TP, FP, and F'N denote the numbers of
true positives, false positives, and false negatives,
respectively.

To assess computational efficiency, inference
latency (the inverse of the Real-Time Factor (RTF)),
and throughput in tokens per second (TPS) are
measured. TPS is defined as:

Number of Output Tokens

PS = Inference Time (s)

(6)

In addition, maximum GPU memory usage dur-
ing inference is recorded to assess the resource
requirements of each model.

5. Experimental Setup

This section describes the experimental setup,
model selection, and datasets used to evaluate
speech-to-intent pipelines for patient—robot interac-
tion in German.

5.1. Experimental Hardware

The experiments were conducted on an NVIDIA
A100 80GB Tensor Core GPU (NVIDIA Corpo-
ration, 2025a). Although this hardware enables
large-scale evaluation, the proposed pipelines are
designed for deployment on resource-constrained
edge devices such as the NVIDIA Jetson platform.
To account for this difference, the analysis consid-
ers performance trade-offs between server-grade
and edge hardware.

5.2. Model Selection

ASR: For ASR, a range of OpenAl Whisper models,
from Tiny to Large-v3 (OpenAl, 2022), was evalu-
ated because of their strong performance on ASR
benchmarks and the availability of optimized open-
source implementations and deployment frame-
works, such as Faster-Whisper and WhisperTRT.
Whisper models have shown strong performance
in German speech transcription on Common Voice
15 (OpenAl, 2024) and Common Voice German
(Meta Al, 2023). The Faster-Whisper implementa-
tion (SYSTRAN, 2025) was used for optimized in-
ference. WhisperTRT (NVIDIA Corporation, 2025)
is also a promising solution for edge deployment,
but it lacks multilingual support.

LLMs: We evaluated a broad range of
instruction-tuned models, spanning 0.5B to 90B pa-
rameters, on the task of intent recognition. Model
selection was guided by multilingual support, effi-
ciency on edge devices, and performance on es-
tablished benchmarks (MMLU, GPQA, and MMLU-
Pro) (Hendrycks, 2020; Wang et al., 2024; Rein
et al., 2023). Benchmark information was collected
from multiple sources, primarily official model re-
ports and the ArtificialAnalysis.ai platform (Artifi-
cial Analysis, 2025), to make the comparisons as
consistent as possible. Some variability may nev-
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ertheless arise from differences in prompt formula-
tion (Klu.ai, 2025) and option ordering in multiple-
choice evaluations (Pezeshkpour and Hruschka,
2023; Zheng et al., 2024). However, these differ-
ences are minimal and do not affect the overall
ranking of the models in the benchmark.

This study uses the MLC (Machine Learning
Compilation) optimization framework (Machine
Learning Compilation, 2023) for implementation
and performance analysis, helping align the evalua-
tion setup with NVIDIA Jetson benchmark practices
(NVIDIA Corporation, 2024).

LALMs: The availability of LALMs adapted to
German remains limited, although some existing
models show potential for effectiveness in this con-
text. End-to-end trained and adapter-based models
LALMs, such as Qwen2-Audio and Ultravox (Chu
et al., 2023; Fixie Al, 2025), were evaluated for
direct speech-to-intent classification.

6. Results and Discussion

The results are presented for the ASR, NLAS, and
end-to-end LALM components of the evaluated
pipelines.

6.1. Evaluation of Automatic Speech

Recognition System

The first part of the analysis focuses on evaluating
various ASR models using the PaSID data. The
models are assessed on multiple criteria.

As shown in Figure 5, larger ASR models gener-
ally achieve lower WER values. In particular, Whis-
per Turbo maintains low WER with more than 30%
lower memory usage than larger models, making it
a promising option for edge deployment.

40

tiny

304

[
20 base

Word Error Rate (WER)

med\um. °
turbo large-v3

0 - - - - - - -
1000 1500 2000 2500 3000 3500 4000 4500 5000
GPU Memory Utilization (MB)

Figure 5: WER vs. peak GPU memory usage while
inference for Faster-Whisper models on the PaSID
dataset (A100 GPU)

Complementing this, semantic similarity results
shown in Figure 6, measured using DeBERTa
embeddings (He et al., 2021), indicate that both

Whisper-turbo and Whisper-large-v3 achieve near-
perfect semantic accuracy despite differences in
model size and complexity.

1.000

Model Size
e Small
® Medium

small @ targe

large-v3 turbo
0.975 4 ° & medium

0.950 4

o
o
N
o

base

BERT Similarity Score
g
3

o
@
N
@

tiny|

0.850 4

0.825 1

T T y T
20 22 24 26 28 30
Inference Latency (x realtime)

Figure 6: BERT similarity vs. latency (x realtime)
for Faster-Whisper models on the PaSID dataset
(A100 GPU)

6.2. Evaluation of Natural Language
Analysis System

A variety of LLMs were evaluated on the developed
PaSynTex dataset. Using 4-bit quantization and five
iterations for robustness, model performance was
measured by intent classification accuracy, end-to-
end latency, and hardware efficiency.

Figure 7 shows a general correlation between
model size and accuracy, with diminishing returns
for models with 14B parameters or more. Phi-
3.5-mini (Microsoft Azure-Al Services, 2024) again
stands out, achieving top performance at a low
resource cost.

A comparison of text-generation throughput be-
tween the experimental A100 system and the Jet-
son AGX Orin (NVIDIA Corporation, 2024), reveals
a performance gap of 3 to 4 times, presented in

Mistral 248,
Gemma 2 9B Qwen2.5-14B
100 5 (]
phi-3.5-mini QVe"g>7E @ b4
b4 Uama 3.2 116

Llama 3.1 85 Mistral Nemo 128

90 L]

N SEE

80

Gemma 2 2B
70 e

Accuracy (%)

wen2.5-1.58
.Q

60

50 Qwen2.5-0.58
..Llama 3218

o O O o, 0 o °
AT o7 o oS K3 o

Model Parameter Size (Billions)

0(?8‘0‘\%0 '5'0 ’5%

Figure 7: LLM accuracy vs. parameter size on the
PaSynTex dataset
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Figure 8. For example, Gemma 2B generates 282
tokens/sec on A100 versus 75 on Orin; Llama 2 7B
drops from 154 to 47 tokens/sec. Although Jetson
AGX Orin can technically run large models such as
Llama 70B, the generation of 40 tokens takes over
8 seconds, making real-time performance impracti-
cal without further optimization.

282.35 tokens/s. s A100 80GB (tokens/sec)

Jetson AGX Orin 64GB (tokens/sec)

153.75 tokens/s

132.50 tokens/s

88.40 tokens/s

Text Generation Rate (tokens/sec)

1®

@ ® ®
o’ m“l\} «@11
W RS RS

Models

7%
@ 2
I e

Figure 8: Text-generation throughput on NVIDIA
A100 80GB vs. Jetson AGX Orin 64GB (4-bit quan-
tization, MLC)

For assistive healthcare applications, language
models must maintain high accuracy across all in-
tent classes, especially for critical categories like
Emergency Alert and Medication Reminder. Fig-
ure 9 illustrates that models such as Qwen2.5-14B
and Gemma 2 9B consistently achieve near-perfect
F1-scores across all classes. Phi-3.5-mini and
Qwen2.5-7B also perform reliably while requiring
fewer resources.

Although the top models excel in detecting emer-
gencies, smaller models (e.g., Qwen2.5-3B, Llama
3.2 3B) show a reduced accuracy, which could be
risky in real-world scenarios. Most confusion oc-
curs between overlapping intent classes, such as
Information Query and Medication Reminder, as
detailed in Table 6.2.

Models
== Phi-3.5-mini
Qwen2.5-78
Liama 3.1 88
Gemma 2 98
= Llama 3.2 11b (text)
Mistral Nemo 128
mm Qwen2.5-14B

F1-Score (%)

Assistance_Request  Medication_Reminder Information_Query
Classes

Emergency_Alert

Figure 9: F1-score by intent class for LLMs on the
PaSynTex dataset (4-bit quantization, 5 runs)

6.3. Evaluation of the End-to-End
Pipelines

Figure 10 compares inference latency and intent-
detection accuracy for end-to-end pipelines on the
PaSID dataset. Turbo-Qwen2.5-14B and Llama 3.3
70B achieve the highest accuracy, but with high la-
tencies (984 ms and 2178 ms, respectively), which
limits their suitability for edge deployment. Models
such as Turbo-Phi-3.5-mini and Turbo-Qwen2.5-
7B provide a more favorable trade-off, with approx-
imately 92-94% accuracy and moderate latency.
Among LALMs, Ultravox-Turbo-Llama3.1-8B and
Ultravox-Turbo-Mistral-Nemo-12B achieve strong
results (90.9% and 88.5%, respectively) at the cost
of longer inference times.

100

Turbo-Llama-70B Turbo-Qwen2.5-14B
L] L]

T.urbo—OwenZ 5-7B
Turbo-Gemma2-98 Turbo-Phi-3 5-M|g

%0 @ Ultravox-Turbo-Liama-3_1-88

@ Ultravox-Turbo-Mistral-nemo-128
Turbo-Mistral-Nemo
Turbo-Llama3.1-88
°

Accuracy (%)
@
3

Turbo-Llama3.2-3B
o

70

@ Large Audio-Language Models
@ Integrated Whisper Turbo - Large Language Models

60

4 6 8 10 12 14 16 18 20
Throughput (1 / RTF)

Figure 10: Intent-detection accuracy vs. inference
latency (x realtime) for end-to-end pipelines on the
PaSID dataset (A100 GPU)

Figure 11 compares peak GPU memory usage
across the evaluated end-to-end pipelines. In gen-
eral, LALMs require approximately 60% more mem-
ory than comparable two-step systems because of
their unified architecture. In contrast, integrated
ASR+LLM pipelines benefit from quantized and
optimized implementations (4-bit LLMs and Faster-
Whisper), which substantially reduce memory de-
mands. Although LALMs achieve competitive ac-
curacy, their limited quantization support currently
reduces their efficiency for edge deployment.

Based on the analysis of the end-to-end
pipelines, none of the evaluated systems achieved
100% accuracy on the PaSID dataset. Three main
factors appear to contribute to the remaining errors.

First, ASR transcription errors sometimes led
to a complete change in the intended meaning.
For example, the utterance “Ich muss mich schnell
Ubergeben” (“I need to vomit quickly,” indicating
an emergency) was transcribed as “lch muss das
Spiel ergeben” (“I have to surrender the game”),
which led to an incorrect classification as Informa-
tion Query instead of Emergency Alert. This exam-
ple highlights the importance of transcription quality
for downstream intent recognition. Second, partici-
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Sentence (German) Sentence (English)

True Intent Predicted Intent

Kénnen Sie meine Brille suchen?
Bitte stellen Sie sicher, dass ich meine
Augentropfen morgens und abends
benutze.

Was steht auf meinem Medikamenten-
plan?

the morning and evening.

Can you help me find my glasses?
Please make sure | use my eye drops in

What is on my medication schedule?

Assistance Request
Medication Reminder

Information Query
Information Query

Information Query Medication Reminder

Table 3: Common intent confusions on the PaSynTex dataset

100
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Figure 11: Intent-detection accuracy vs. peak GPU
memory usage for end-to-end pipelines on the
PaSID dataset (A100 GPU)

pants introduced errors who did not express their in-
tention correctly. For instance, the sentence“Weif3t
du, wo meine Decke ist?” (“Do you know where
my blanket is?”) was classified as an "Informa-
tion Query" rather than the intended "Assistance
Request", which was meant for the participant to
express. Third, some utterances contained word-
ing that shifted the perceived intent. For example,
the sentence “Ich bin ausgerutscht. Kénnten Sie
mir bitte helfen, wieder aufzustehen?” (“I slipped.
Could you please help me get up again?”) was
in some cases classified as Assistance Request
rather than the intended Emergency Alert. This
likely reflects the indirect and polite formulation of
distress, which may have led the system to interpret
the utterance as a general request for help rather
than as an urgent situation.

7. Conclusion

This study investigated intent detection in the con-
text of speech to text processing for a defined el-
derly care scenario. It compares two pipelines:
a two-step ASR+LLM system and an end-to-end
Large Audio-Language Model (LALM) approach,
with deployment targeted at resource-constrained
hardware like the Jetson AGX Orin.

Datasets: Two custom datasets were created:
PaSID for ASR and end-to-end pipeline evaluation,
and PaSynTex for LLM evaluation, both targeting
intent detection in realistic elderly-care scenarios.
While these datasets provide an initial benchmark

for this application setting, further validation on
larger and more diverse datasets is needed to con-
firm the generalizability of the findings.

ASR Benchmark: Among the evaluated ASR
models, Whisper Large-v3, and Whisper Turbo
delivered top accuracy. Whisper Turbo offered the
best balance of accuracy and resource efficiency
within the tested setup.

LLM Benchmark: A diverse range of LLMs was
assessed for intent classification. Smaller models
like Phi3.5-mini and Qwen2.5-7B performed re-
markably well, outperforming other models within
the same size range and even some larger mod-
els. Slightly better performance was observed with
mid-sized models like Gemma 9B and Qwen2.5
14B, although this came at the cost of increased
latency.

2-Step Pipeline: ASR+LLM combinations using
Whisper Turbo with Phi3.5-mini or Qwen2.5-7B
achieved strong results while maintaining compar-
atively low resource usage. Within the scope of
this study, these configurations seem better suited
for edge deployment. Larger model combinations
provided small performance gains, but these were
accompanied by higher latency and GPU demands.

End-to-End LALMs: While LALMs like
Ultravox-Turbo-Llama3.1-8B delivered com-
petitive accuracy (up to 90%), they suggested
60% more GPU usage compared to the same
configuration in the 2 step ASR+LLM integration
systems, suggesting the latter as more efficient for
edge scenarios.
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11. Appendices

11.1. Details of Speech Data Collection

As described above, the data collection process
was divided into three phases. Participants re-
ceived detailed instructions to clarify the expected
responses and to encourage natural utterance for-
mulation. Figure 12 shows the introduction to the
first phase of the speech-data collection process,
while Figure 13 presents an example scenario from
this phase.

Erklérungen zur Audioaufzeichnung : Teil 1

.......

Intention Bitte form:
eine entsprechende, als ob Sie mit einem Pfleger kommunizieren.

Figure 12: Instructions for participant speech-data
collection in Phase 1

11.2. Additional ASR Model Analysis

Figure 14 shows WER as a function of ASR model
size (in millions of parameters). For clarity, Whisper
Large and Large-v2 are omitted because they share
the same parameter size.

Wav2Vec2-Tevr (fine-tuned for German speech
recognition) is used as a reference model due to its
strong performance on the Common Voice German
dataset (Meta Al, 2023). The Figure 14 shows
that Whisper Large-v3 Turbo achieves performance
comparable to Whisper Large-v3 and Wav2Vec2-
Tevr on the PaSID dataset.
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Figure 13: Example scenario from Phase 1 of the
speech-data collection process
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Figure 14: ASR performance (WER) vs. parameter
size

11.3. Benchmark Rankings of Evaluated
LLMs

Table 11.3 compares the rank positions of the eval-
uated LLMs across MMLU, MMLU-Pro, GPQA, and
the zero-shot intent-classification experiment.

Model MMLU | MMLU-Pro | GPQA | Experiment
Qwen2.5-0.5B 20 15 14 20
Llama 3.2 1B 19 14 17 19
Qwen2.5-1.5B 17 13 15 17
Gemma 2 2B 18 - - 18
Llama 3.2 3B 16 10 16 15
Qwen2.5-3B 13 11 11 16
Phi-3.5-mini 6 6 - 9
Gemma 7B 15 12 - 14
Qwen2.5-7B 8 8 6 8
Ministral 8B 14 - 10 13
Llama 3.1 8B 11 7 12 11
Gemma 2 9B 10 9 9 6
Llama 3.2 11B 9 - 13 10
Mistral Nemo 12B 12 - 7 12
Qwen2.5-14B 5 3 8 6
Mistral 24B 4 5 3 1
Gemma 2 27B 7 4 5 1
Qwen2.5-32B 3 1 2 1
Llama 3.3 70B 1 2 1 1
Llama 3.2 90B 1 - 4 1

Table 4: Rank positions of models across external
benchmarks and the experiment
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Figure 15: Intent Detection Performance of Large
Audio Language Models

Larger models generally rank higher on MMLU,
MMLU-Pro, and GPQA, which is consistent with
their stronger general knowledge and reasoning
capacity. In contrast, the intent-classification task
used in this study is narrower in scope, resulting in
smaller performance differences between medium-
sized and large models. As a consequence, com-
pact models can remain competitive in this domain-
specific setting.

These results should be interpreted with caution,
as some models have missing benchmark values
and the task-specific dataset is less discriminative
than the general benchmarks.

11.4. Additional Results for Large
Audio-Language Models

Figure 15 depicts the intent detection accuracy of
the large audio-language models (LALM) in the
PaSID dataset.

The comparatively lower performance of Qwen2-
Audio-7B-Instruct on the German intent-detection
task may be explained by both its training-data com-
position and its architectural design. Although the
model supports more than eight languages, includ-
ing German, its training data primarily centered on
Chinese and English, with more limited coverage
of German. This imbalance may have led to a less
robust understanding of German linguistic patterns.
(Qwen Team, 2024).

11.5. Dataset

This section provides example entries from the
dataset, illustrating the utterances, intent labels,
and slot annotations (Table 11.5). In this study the
performance of the systems were evaluated only
on intent classification.
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Sentence

Label

Slots

Koénnten Sie mir helfen, meine Schuhe
anzuziehen?

Ich brauche Unterstiitzung beim Gehen zum
Speisesaal.

Bitte helfen Sie mir, die Fernbedienung zu
finden.

Kénnen Sie mir beim Anziehen meines
Pullovers helfen?

Ich kann meine Wasserflasche nicht finden,
kénnen Sie mir helfen?

Kénnten Sie mir bitte beim Aufstehen helfen?
Ich brauche Hilfe, um meinen Rollator zu finden.
Bitte helfen Sie mir, mich hinzusetzen.
Kénnen Sie meine Brille suchen?

Helfen Sie mir bitte, ins Bett zu gehen.
Erinnern Sie mich bitte an meine Blutdruck-
tabletten um 8 Uhr morgens.

Ich muss vor dem Frihstick meine Schild-
driisentabletten nehmen.

Bitte erinnern Sie mich an meine Schmerzmittel
um 15 Uhr.

Ich darf meine Vitaminpillen nicht vergessen,
kénnen Sie mich erinnern?

Bitte geben Sie mir meine Schlafmittel vor dem
Zubettgehen.

Erinnern Sie mich bitte daran, um 9 Uhr mein
Insulin zu nehmen.

Ich muss nach dem Essen meine Herztabletten
einnehmen.

Bitte geben Sie mir vor dem Schlafengehen
meine Medikamente.

Vergessen Sie nicht, dass ich um 14 Uhr meine
Antibiotika brauche.

Kénnen Sie mich alle vier Stunden an meine
Augentropfen erinnern?

Wann kommt mein Physiotherapeut heute?
Gibt es heute Besuchszeiten fur Angehérige?
Was steht heute auf dem Speiseplan zum Mit-
tagessen?

Kann ich heute an der Gymnastikstunde teil-
nehmen?

Wie spét ist es jetzt?

Wann ist mein nachster Arzttermin?

Wie wird heute das Wetter?

Gibt es Neuigkeiten von meiner Familie?

Was gibt es heute zum Abendessen?

Ich bin ausgerutscht und kann nicht aufstehen.
Mein Kopf tut sehr weh, bitte rufen Sie Hilfe!
Ich habe plétzlich Schmerzen in meinem Bein!
Ich flihle mich benommen und kann kaum ste-
hen.

Ich bekomme kaum Luft, bitte helfen Sie!

Mir ist sehr schwindelig.

Mein Herz schlagt sehr schnell, ich fiihle mich
nicht gut.

Ich habe starke Schmerzen im Brustbereich!
Koénnten Sie mir helfen, meine Schuhe zu
binden?

Bitte reichen Sie mir die Fernbedienung.

Ich brauche Hilfe, um aus dem Bett zu kommen.
Kénnen Sie das Licht fir mich ausschalten?
Bitte helfen Sie mir, meine Jacke auszuziehen.
Bitte erinnern Sie mich an meine Medikamente
um 8 Uhr.

Vergessen Sie nicht, mich an meine Tabletten
vor dem Schlafengehen zu erinnern.

Ich muss meine Schmerztabletten nach dem
Essen nehmen. Bitte erinnern Sie mich.

Bitte sagen Sie mir Bescheid, wenn es Zeit fiir
meine Tropfen ist.

Denken Sie daran, dass ich meine Herztablet-
ten um 10 Uhr nehmen muss.

Welches Datum haben wir heute?

Ich wiirde gerne wissen, was es heute zum
Mittagessen gibt.

Wann ist mein nachster Besuch beim Arzt?
Kénnen Sie mir sagen, wie das Wetter heute
ist?

Ich méchte wissen, wann mein Physiotherapeut
kommt.

Mir ist sehr schwindelig. Ich brauche sofort
Hilfe!

Ich habe Atemnot. Bitte holen Sie einen Arzt!

Assistance_Request
Assistance_Request
Assistance_Request
Assistance_Request
Assistance_Request
Assistance_Request
Assistance_Request
Assistance_Request
Assistance_Request
Assistance_Request
Medication_Reminder
Medication_Reminder
Medication_Reminder
Medication_Reminder
Medication_Reminder
Medication_Reminder
Medication_Reminder
Medication_Reminder
Medication_Reminder
Medication_Reminder
Information_Query
Information_Query
Information_Query
Information_Query
Information_Query
Information_Query
Information_Query
Information_Query
Information_Query
Emergency_Alert
Emergency_Alert
Emergency_Alert
Emergency_Alert
Emergency_Alert
Emergency_Alert
Emergency_Alert

Emergency_Alert
Assistance_Request

Assistance_Request
Assistance_Request
Assistance_Request
Assistance_Request
Medication_Reminder
Medication_Reminder
Medication_Reminder
Medication_Reminder

Medication_Reminder

Information_Query
Information_Query

Information_Query
Information_Query

Information_Query
Emergency_Alert

Emergency_Alert

task: Schuhe anziehen; object: Schuhe
task: Gehen; object: None

task: finden; object: Fernbedienung
task: Anziehen; object: Pullover

task: finden; object: Wasserflasche

task: Aufstehen; object: None

task: finden; object: Rollator

task: hinsetzen; object: None

task: suchen; object: Brille

task: ins Bett gehen; object: None
medication: Blutdrucktabletten; time: um 8 Uhr
morgens

medication: Schilddriisentabletten; time: vor
dem Frihstlck

medication: Schmerzmittel; time: um 15 Uhr

medication: Vitaminpillen; time: None

medication: Schlafmittel; time: vor dem Zu-
bettgehen
medication: Insulin; time: um 9 Uhr

medication: Herztabletten; time: nach dem Es-
sen

medication: Medikamente; time: vor dem
Schlafengehen

medication: Antibiotika; time: um 14 Uhr

medication: Augentropfen; time: alle vier Stun-
den; repetition: True

topic: Physiotherapie-Termin

topic: Besuchszeiten

topic: Speiseplan

topic: Gymnastikstunde

topic: Uhrzeit

topic: néchster Arzttermin
topic: Wetter

topic: Familiennachrichten
topic: Abendessen

type: Sturz

type: starke Kopfschmerzen
type: Beinschmerzen

type: Benommenheit

type: Atemnot
type: Schwindel
type: Herzrasen

type: Schmerzen im Brustbereich
task: Schuhe binden; object: Schuhe

task: reichen; object: Fernbedienung
task: aufstehen; object: None

task: Licht ausschalten; object: Licht
task: Jacke ausziehen; object: Jacke
medication: Medikamente; time: 8 Uhr
medication: vor dem
Schlafengehen

medication: Schmerztabletten; time: nach dem
Essen

medication: Tropfen; time: None

Tabletten; time:

medication: Herztabletten; time: 10 Uhr

topic: aktuelles Datum
topic: Mittagessen

topic: néchster Arztbesuch
topic: Wetter

topic: Physiotherapie-Termin
type: Schwindel

type: Atemnot

Table 5: Example entries from the PaSynTex dataset
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