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Abstract. This study evaluates transformer-based models for simultaneous
speech transcription and background audio captioning in mixed audio sce-
narios. Using Whisper for speech and Prompteus for environmental sounds,
the models are tested on the Clotho Voice dataset, which combines Portuguese
speech (Common Voice 5.1) and environmental audio (Clotho 2.1). Results us-
ing WER and FENSE metrics show that each model performs well in its domain
but degrades with overlapping signals. Whisper is robust to moderate noise,
while Prompteus struggles with dominant speech. The findings highlight the
need for hybrid approaches to enable reliable, context-aware audio processing
in complex environments.

Resumo. Este estudo avalia modelos baseados na arquitetura de Redes Neu-
rais Transformers para transcricdo de fala e descricdo de dudio de fundo si-
multdneas em cendrios com sinais de dudio mistos. Utilizando o Whisper para
fala e o Prompteus para sons ambientais, os modelos foram testados no conjunto
de dados Clotho Voice, que combina fala em portugués (Common Voice 5.1) e
sons ambientais (Clotho 2.1). Os resultados, obtidos por meio das métricas
WER e FENSE, mostram que cada modelo apresenta bom desempenho em
sua drea de especializacdo, mas sofre degradacdo quando hd sobreposicdo de
sinais. O Whisper se mostra robusto a ruidos moderados, enquanto o Promp-
teus apresenta dificuldades quando a fala é dominante. Os achados destacam a
necessidade de abordagens hibridas para viabilizar um processamento de dudio
confidvel e sensivel ao contexto em ambientes complexos.

1. Introduction

Generating natural language descriptions for audio clips represents a significant chal-
lenge in audio processing due to the need to capture diverse audio elements and their
interactions, which often involve complex spatial and temporal dynamics not typi-
cally addressed in tasks like speech-to-text [Mei et al. 2023, Kim et al. 2019a]. Un-
like speech-to-text, which focuses on transcribing spoken words, audio captioning aims



to describe the broader context of an audio clip, capturing prominent sounds, music,
and environmental noise [Stoter et al. 2019, Gemmeke et al. 2017a, Lane et al. 2015].
This task has diverse practical applications, such as assisting individuals with hear-
ing impairments, multimedia content retrieval, and audio analysis for security surveil-
lance [Crocco et al. 2016, Czyzewski et al. 1998, Wang et al. 2000].

This research addresses a critical problem in the field of robotics applied to indus-
trial environments: the reliable interpretation of voice commands in Portuguese amidst
intense and varied background noise. In industrial settings, the simultaneous transcription
of speech and detection of environmental sounds poses significant technical challenges,
as noise can both interfere with speech clarity and provide crucial contextual information,
such as warning alarms or machine failure signals. In this context, the study proposes
a methodology based on Transformer architectures for the simultaneous processing of
speech and background sounds, aiming to enable robots to accurately understand and re-
spond to spoken commands even under adverse conditions. The approach seeks to balance
two complementary aspects: the precision of speech transcription and the contextual in-
terpretation of non-verbal sounds. Specifically, the research investigates the performance
degradation of two advanced neural networks when processing composite audio inputs:
Whisper, specialized in speech transcription, and Prompteus, designed for general audio
captioning. Both models were evaluated for their ability to handle realistic mixtures of
speech and noise, simulating typical industrial scenarios.

The subsequent sections delve into the literature on transformer-based models for
speech transcription and background sound description (Section 2), outline the proposed
methodology and dataset construction (Section 3), present the experimental results for
both models (Section 4), and provide a comprehensive discussion of their performance
and limitations (Section 5). Finally, the paper concludes with a summary of key findings
and avenues for future research, highlighting the potential for further advancements in
multimodal, real-time audio processing.

2. Related Work

Recent research has emphasized enhancing general audio captioning through Transform-
ers, Large Language Models (LLMs), and their derivatives. Notable among these efforts
is the study by KadlI¢ik et al. [Kadl¢ik et al. 2023], which employed a Whisper-based
tool for general audio description. This research highlights the difficulty of collecting
high-quality data for general audio detection while maintaining the refined capabilities
of transformer-based architectures. Specialized models for environmental audio descrip-
tion may lose transcription capabilities inherited from their original Whisper checkpoints.
Maintaining transcription capabilities is crucial for practical applications where both en-
vironmental context and accurate speech recognition are required, such as in industrial
settings or assistive technologies. This trade-off impacts usability, as a loss of transcrip-
tion ability may hinder the seamless integration of audio description into workflows reliant
on both speech and environmental sound interpretation.

In contrast to image and video captioning, which have long been subjects of ex-
tensive research in the field of computer vision, the task of speech audio captioning
has only begun to garner interest more recently. Studies in this area include those by
Drossos et al. [Drossos et al. 2017], KadI¢ik et al. [Kadlc¢ik et al. 2023], and Mei et



al. [Mei et al. 2021], with a surge in attention starting in 2020 and a variety of methods
proposed thereafter, as evidenced by works from Kim et al. [Kim et al. 2019b], Wu et
al. [Wuetal. 2019], Ikawa et al. [Ikawa and Kashino 2019], and again Kadlcik et al.
[KadlI¢ik et al. 2023]. Audio captioning is often approached as a sequence-to-sequence
problem, where the prevalent methods employ an encoder-decoder architecture. In this
setup, the decoder produces words based on the audio features that are extracted and pro-
cessed by the encoder. The issue of captioning was initially tackled using recurrent neu-
ral networks equipped with attention mechanisms[Drossos et al. 2017, Kim et al. 2019b,
Mei et al. 2021]; however, these architectures may exhibit limitations in modeling long-
term temporal dependencies within audio signals.

Recent developments in Transformers, Large Language Models (LLMs), and their
derivatives have been introduced to address the description of audio samples. KadlI¢ik
et al. [Kadlcik et al. 2023] have finetuned a Whisper-based tool dedicated to the gen-
eral task of audio description. To achieve this, the authors fine-tuned the Whisper-based
model using three distinct sound-captioned datasets: Clotho [Drossos et al. 2020], Au-
dioSet [Gemmeke et al. 2017b], and AudioCaps [Kim et al. 2019b]. Following the cor-
rect re-sampling and processing of the datasets, the authors succeeded in refining a model
that is fully specialized in environmental and general audio descriptions, at the expense of
the speech transcription features present in the original Whisper checkpoint before tuning.

2.1. Contributions

This study offers significant contributions to the field of audio processing with mixed in-
puts (speech and background sounds), particularly in noisy conditions and real-world
scenarios. The main contributions are as follows: Development of the Clotho Voice
dataset — a novel resource for mixed audio analysis: A new dataset was created through
the controlled fusion of speech recordings from Common Voice 5.1 and environmental
sounds from Clotho 2.1. This methodology enables the realistic simulation of scenarios
where speech and background sounds coexist, providing a valuable resource for future
research in audio captioning and simultaneous transcription tasks. Systematic evaluation
of Transformer-based architectures: The study examines the performance of two state-
of-the-art models—Whisper, designed for speech transcription, and Prompteus, tailored
for general audio captioning—when exposed to composite audio inputs. Their strengths
and limitations were analyzed across varying speech-to-noise ratios, offering insights into
their robustness and suitability for different mixed audio scenarios.

2.2. Transformer

The Transformer architecture was proposed by Vaswani et al. in 2017, in the paper “At-
tention is All You Need”. It revolutionized the way we handle sequence processing tasks,
surpassing RNNs and LSTMs due to its efficiency and ability to manage long-range and
complex dependencies. The attention mechanism and modular structure of the Trans-
former architecture make it ideal for a wide range of applications, from machine trans-
lation and text summarization to speech transcription and audio understanding. This ar-
chitecture is composed of two main components: the Encoder and the Decoder, which
work together to perform tasks such as translation, transcription, and text summarization.
Furthermore, the core innovative concept of the Transformer is attention, specifically a
mechanism known as Scaled Dot-Product Attention. The basic idea is that each word in a



sequence can attend to other words with varying degrees of importance when generating
the output. Unlike RNN or LSTM networks, which process data sequentially, attention
allows the model to evaluate all elements of the sequence simultaneously.

3. Methodology

To investigate the performance of two distinct neural networks—one specialized in speech
sounds and another focused on non-speech sounds—when processing mixed audio con-
taining speech and other sounds, we constructed the Clotho Voice dataset. This dataset is
composed of various combinations of speech sounds from the Common Voice 5.1 dataset
[Ardila et al. 2020] and general sounds from the Clotho 2.1 dataset [Drossos et al. 2020].
This section details the protocol established to evaluate how each network’s performance
deteriorates when faced with mixed audio inputs. The overall procedure is summarized
in Figure 1. Each step is further described in the following subsections.
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Figure 1. Clotho Voice Dataset Creation: Steps for creating the Clotho Voice
Dataset, including (i) selecting the raw Clotho v2.1 and Common Voice v5.1
datasets, (ii) preprocessing them, (iii) applying audio padding and volume pro-
portion adjustments, and (iv) merging the audio samples.

3.1. Datasets

The Clotho v2.1 dataset [Drossos et al. 2020] is a benchmark dataset designed to facilitate
research in audio captioning, a task that involves generating descriptive textual captions
for audio recordings. It is an updated version of the original Clotho dataset, containing
diverse audio clips sourced from the Freesound platform, with durations ranging from 15
to 30 seconds. It contains 6,974 general audio samples. Each audio clip in Clotho v2.1
is paired with five human-annotated captions, providing a rich variety of descriptive per-
spectives for the same auditory scene. The captions range from 8 to 20 words in length.
The dataset is notable for its focus on real-world audio complexity, encompassing diverse
environmental sounds, human activities, and instrumentals. This dataset is widely used to
train and evaluate machine learning models in understanding and describing audio con-
tent, pushing the boundaries of multimodal Al systems. The Clotho dataset is available in
the WAV (Waveform Audio File) format, ensuring high-fidelity audio quality.



The Common Voice v5.1 dataset [Ardila et al. 2020], developed by Mozilla, is a
large-scale, multilingual dataset designed to advance research in automatic speech recog-
nition and other speech-related technologies. This dataset is part of the Common Voice
project, which crowdsources speech recordings from volunteers worldwide to create an
open and diverse speech corpus. Version 5.1 features over 7,300 hours of recorded audio
in 54 languages, including underrepresented languages. Each recording is paired with a
corresponding written text, facilitating supervised learning tasks. The dataset is freely ac-
cessible and is used by researchers and developers to train, evaluate, and improve speech
recognition models, as well as to support linguistic studies and the development of voice
technology for low-resource languages.

3.2. Evaluation Metrics

The Word Error Rate (WER) [Morris et al. 2004] is a well-known and applied metric
to evaluate the performance of an automatic speech recognition system. Derived from
the Levenshtein distance, the WER performs at the word level instead of the phoneme
level, being a valuable metric that first aligns the recognized word sequence with the
reference (spoken) word sequence using dynamic string alignment. Further, the corre-
lation between perplexity and word error rate is calculated to ensure the theory of the
power law. Such a metric has been employed to evaluate Clotho Voice dataset due to

its broad application in the evaluation of speech transcriptions conducted on Open Al’s
Whisper [Radford et al. 2023] models.

The FENSE metric is a novel evaluation framework specifically designed to assess
the quality of audio captions. Unlike traditional metrics, such as BLEU or CIDEr, which
were initially developed for image or machine translation tasks, FENSE incorporates se-
mantic similarity and robustness to erroneous descriptions, aligning better with human
judgments in the audio domain. It combines the capabilities of Sentence-BERT for cap-
turing semantic similarities and introduces an Error Detector that penalizes inaccurate or
misleading captions. This combination enables FENSE to outperform traditional metrics
in accurately reflecting the quality of audio captions, as shown by its superior performance
on benchmark datasets like AudioCaps-Eval and Clotho-Eval [Zhou et al. 2021].

3.3. Audio selection

Our primary objective is to examine how network performance degrades when audio sig-
nals are combined. To achieve this, we excluded audio samples in which the transcription
or audio captioning networks inherently performed poorly. Accordingly, audio samples
from each dataset were chosen based on specific selection criteria.

For the Common Voice 5.1 dataset, only the Portuguese audio samples that were
perfectly transcribed by the Whisper transcription network (WER = 0) were retained.
This choice ensures that any observed performance loss stems from mixing audio signals.
Hence, we selected the 43,902 Portuguese speech recordings from the Common Voice
5.1 dataset, ran them through the Whisper model, and calculated the WER metric. Only
the 32, 559 audio samples with WER = 0 were included in the Clotho Voice dataset.

Selecting audio samples from the Clotho v2.1 dataset posed a greater challenge,
because various descriptions can sufficiently match the same audio, yet each audio in
Clotho provides only five reference captions. For this step, we adopted the FENSE metric,



which is reportedly more suitable for audio captioning. We evaluated 6, 974 audio samples
from the Clotho v2.1 dataset using our chosen audio captioning network (Prompteus) and
calculated the FENSE metric for each. Although the FENSE metric ranges from zero
to one, the Prompteus captions did not reach a score of one. Therefore, we selected a
few random samples from different metric strata—namely FENSE > 0.8, 0.6 < FENSE
< 0.8,0.5 < FENSE < 0.6, and 0.4 < FENSE < 0.5—for subjective evaluation.

For the subjective evaluation, we randomly chose five audio samples from each
stratum. Two human annotators listened to each audio and created a caption. Then, these
human-generated captions were compared to the captions produced by the audio cap-
tioning network, and both were subsequently compared with the five reference captions
from the Clotho v2.1 dataset. We observed that audio samples yielding FENSE scores
above 0.5 had reasonably accurate captions. Therefore, a FENSE threshold of 0.5 was
established for the Clotho v2.1 samples.

3.4. Preprocessing

To exert more control over the audio mixing process and to systematically investigate
performance degradation as a function of the proportion of speech versus non-speech
content, the selected audio samples underwent normalization and resampling. For each
file, the absolute maximum amplitude was first identified, and all values in that file were
scaled by this maximum, yielding amplitude ranges from -1 to 1. This normalization
aligns the volume levels across all audio samples, thereby enabling consistent compar-
isons and combinations.

3.5. Audio mixing

Since the Common Voice dataset yielded more selected samples, it served as the base
dataset. For each audio sample from Common Voice, we randomly paired one audio
sample from Clotho. Consequently, certain Clotho audio samples may appear multiple
times in the Clotho Voice dataset. Because the audio files typically differed in duration,
the shorter audio was padded with zeros at its endpoint. Next, we parameterized the
relative volumes of each dataset. We adjusted each audio sample by a volume coefficient
and mixed them, producing five sub-datasets:

* Clotho-100-Voice-0: The Clotho audio was multiplied by one, and the Common
Voice audio was multiplied by zero. This sub-dataset serves to assess the effect of
preprocessing on the performance of the audio captioning network.

* Clotho-75-Voice-25: The Clotho audio was multiplied by 0.75, and the Common
Voice audio was multiplied by 0.25. This setup enables analysis of how minimal
speech content can degrade audio captioning performance, while also evaluating
the transcription network’s robustness to substantial background noise.

* Clotho-50-Voice-50: Both Clotho and Common Voice audio samples were each
multiplied by 0.5. This configuration reflects a scenario where speech and back-
ground noise are equally prominent, representing an average case of performance
degradation for both networks.

* Clotho-25-Voice-75: The Clotho audio was multiplied by 0.25, and the Common
Voice audio was multiplied by 0.75. This sub-dataset tests how a relatively quiet
noise signal and dominant speech signal may degrade the audio captioning net-
work. It also reveals the impact of a small amount of background noise on the
transcription network.



* Clotho-0-Voice-100: The Clotho audio was multiplied by zero, and the Common
Voice audio was multiplied by one. This sub-dataset investigates how preprocess-
ing alone influences the transcription network’s performance.

Together, these five sub-datasets encompass a broad range of mixing ratios, pro-
viding a comprehensive platform for examining performance degradation in both audio
captioning and transcription networks.

4. Results

In this section, we report the performance outcomes of both Whisper and Prompteus when
exposed to different levels of speech and background content in the Clotho Voice dataset.

4.1. Evaluating Whisper’s Transcription Robustness Under Background
Interference

Figure 2 illustrates the Word Error Rate (WER) obtained by the Whisper model when
transcribing each subdataset of the Clotho Voice dataset, highlighting how increasing
amounts of non-speech background sounds affect speech detection accuracy. At one
extreme, Clotho-100-Voice-0 (all background, zero speech) exhibits the highest WER,
indicating a substantial mismatch between Whisper’s speech-focused architecture and
purely non-speech inputs. As background content becomes progressively mixed with
speech—moving from Clotho-75-Voice-25 to Clotho-50-Voice-50 to Clotho-25-Voice-
75—there is a marked decrease in WER, reflecting the model’s ability to better dis-
cern speech when the signal-to-noise ratio improves. Finally, Clotho-0-Voice-100 (pure
speech) yields an almost negligible WER, confirming that Whisper excels when back-
ground interference is minimal or absent.

Figure 3 presents a chart showing the number of audio files that achieved perfect
transcription (WER = 0, shown in green) versus those with transcription errors (WER
> 0, shown in red) across the five Clotho Voice sub-datasets. Notably, Clotho-100-
Voice-0—composed primarily of background sounds—features no samples with WER
= 0, underscoring the speech-centric nature of Whisper’s architecture. As the proportion
of speech gradually increases in Clotho-75-Voice-25, Clotho-50-Voice-50, and Clotho-
25-Voice-75, the number of perfectly transcribed files (green bars) grows steadily. The
subdataset containing only speech (Clotho-0-Voice-100) stands out with the highest count
of flawlessly transcribed samples, showcasing the model’s strong performance when min-
imal background interference is present. However, it is noteworthy that 222 samples in
the Clotho-0-Voice-100 sub-dataset did not achieve WER = 0, indicating that the prepro-
cessing applied to the original audio still impacts the network’s performance.

Overall, these findings demonstrate that Whisper is well-suited for scenarios with
predominantly speech-based inputs but exhibits notable performance drops when non-
speech components increase. By systematically analyzing each Clotho Voice sub-dataset,
we have highlighted the trade-offs involved in applying a speech-centric model to mixed
audio conditions. These insights lay the groundwork for future investigations aimed at
further enhancing transcription robustness, either through improved preprocessing or tar-
geted retraining strategies that account for varying levels of background interference.
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Figure 2. Speech detection evalua-
tion on Clotho Voice dataset. Figure 3. Number of samples that
achieved WER = 0 and WER > 0.

4.2. Prompteus’s Background Sound Detection Under Mixed Speech Conditions

Figure 4 presents the FENSE scores obtained by Prompteus for background sound detec-
tion across the Clotho Voice sub-datasets. The sub-dataset comprising only background
audio (Clotho-100-Voice-0) attains the highest score (0.66), indicating that Prompteus ef-
fectively captures background phenomena when no speech content is present. As speech
is incrementally introduced into the audio mixtures (Clotho-75-Voice-25 through Clotho-
25-Voice-75), the FENSE metric progressively decreases, suggesting that overlapping
speech signals impede the model’s ability to discern background events. Finally, the
nearly negligible score observed in the all-speech sub-dataset (Clotho-0-Voice-100) con-
firms that Prompteus’s architecture, tuned for background detection, is markedly limited
when no clear environmental cues are present in the input signal.

Figure 5 provides a chart depicting how many audio files in each Clotho Voice sub-
dataset yielded FENSE scores above (green) or below (red) the 0.5 threshold. In Clotho-
100-Voice-0, which contains only background sounds, most samples exceed the FENSE
0.5 threshold, indicating Prompteus’s effectiveness in describing environmental audio.
As speech content increases across Clotho-75-Voice-25 through Clotho-25-Voice-75, the
proportion of samples with high FENSE scores steadily decreases, reflecting the grow-
ing difficulty of accurately characterizing background events amid overlapping speech.
Finally, in Clotho-0-Voice-100, which is entirely speech-based, only a small number of
files achieve FENSE scores above 0.5, underscoring Prompteus’s reduced capacity for
capturing background elements when foreground speech dominates the input.
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It is noteworthy that 212 samples in the Clotho-100-Voice-0 sub-dataset, which
contains purely background audio, obtained FENSE scores below 0.5. These instances
indicate that the preprocessing steps applied to the original audio may have adversely
affected borderline samples, particularly those with inherently low signal quality or am-
biguous acoustic cues. As a result, the Prompteus model struggled to accurately char-
acterize environmental components in a subset of these processed background record-
ings. Interestingly, 129 samples in the Clotho-0-Voice-100 sub-dataset, which is entirely
speech-based, achieved FENSE scores exceeding 0.5. Closer inspection of these audio
files revealed that they indeed featured people speaking, leading the reference captions
to describe speech events within the recordings. Because these references coincidentally
aligned with Prompteus’s capacity to detect environmental cues, the model was able to
produce sufficiently accurate descriptions, thereby resulting in high FENSE values even
in a nominally non-background dataset.

5. Discussion

In this section, we present a comprehensive discussion of how both the Whisper and
Prompteus models respond to varying degrees of speech and background sounds in the
evaluated audio samples. We investigate both qualitative and quantitative aspects, empha-
sizing how the tasks of transcription and audio captioning degrade under conditions of
mixed or mismatched input signals.

5.1. Qualitative Evaluation of Speech and Background Detection

As expected, the greater the proportion of merged audio portions fed into Whisper and
Prompteus, the larger the degradation in their respective performances. Such behavior
arises because the evaluated models were initially tuned to yield optimal performance un-
der specific conditions, i.e., Whisper focuses on speech-based audio, whereas Prompteus
was designed to capture background phenomena. When audio containing both speech
and non-speech sounds is supplied to these models, a degree of misinterpretation ensues.
Whisper attempts to convert non-speech effects into words, and Prompteus attempts to
describe not only the background effects but also interprets that “someone is speaking” in
the audio.

Interestingly, Whisper’s degradation for the Clotho-50-Voice-50 subset is more
similar to Clotho-0-Voice-100 than to Clotho-75-Voice-25. This finding suggests that
Whisper is robust to background effects that can mask speech in the input audio. Even
with half of the audio consisting of background sounds, Whisper can still handle the
speech component and produce a reasonable transcription, as indicated by the WER re-
sults shown in Figure 2.

A similar pattern emerges when evaluating the Clotho-Voice dataset on the Promp-
teus model. A progressive and smooth degradation is observed from Clotho-100-Voice-
0 to Clotho-25-Voice-75. However, performance drops considerably from Clotho-25-
Voice-75 to Clotho-0-Voice-100 (which is essentially the Common Voice subset). Again,
Prompteus, derived from a Whisper-based architecture, retains its ability to detect sound
effects even when additional speech “clouds” the background audio. Figure 4 illustrates
this behavior, highlighting the potential of Prompteus for background-detection tasks in
the presence of non-background phenomena in the input samples.



Depending on the proportion of speech and background effects in the merged
input, both Whisper and Prompteus can detect their respective targets—speech and back-
ground phenomena—in a complementary manner. Together, they can fully describe the
content of each audio in a closed-caption style, with an acceptable degradation rate, as
shown in the Results section.

5.2. Ablation Study: Analyzing the Impact of Audio Merging on Model
Performance

After evaluating the complete Clotho-Voice dataset, as presented in Figures 2 and 4, we
conducted an ablation study to examine how the merging process contributes to perfor-
mance degradation in Whisper and Prompteus. For this analysis, five distinct pairs of
tracks from Clotho and Common Voice were randomly selected, merged, and then evalu-
ated using both Whisper and Prompteus. When examining the most relevant Clotho-Voice
subset (the 50/50 mixture), several notable outcomes were observed. Whisper, even when
faced with background sounds from Clotho, remains robust enough to detect speech in
the merged input, achieving the same WER as the original pre-merging audio. However,
if the Clotho sample in the mixture also contains speech, Whisper attempts to transcribe
it, thereby substantially influencing the WER metric. Because Whisper expects speech-
based signals, introducing additional speech to the input can compromise the transcription
outcome.

A similar evaluation on Prompteus, where predictions for five merged samples
(50/50 ratio) were compared with their original Clotho recordings, revealed instances
where certain Clotho samples did not contain background phenomena. Conversely, some
Common Voice samples did include background sounds (which ideally should not occur).
When merged, these unexpected background sounds led to descriptions of the Clotho-
Voice mixture that were markedly different from the original Clotho sample. Neverthe-
less, Prompteus is robust enough to recognize any effect in the input, although the added
audio elements can drastically alter the descriptions compared to the corresponding orig-
inal files in the Clotho dataset. In addition, Prompteus often detects human speech in the
merged samples, showing high sensitivity to speaker gender. However, changes in phras-
ing or tense—e.g., “A woman is speaking.” vs. “A woman speaks.” or “A girl spoke.”
and so forth—can adversely affect comparison metrics that rely on exact word matching
and positioning. Although the overall semantic context may remain intact, minor textual
variations can lead to discrepancies in these quantitative metrics.

6. Conclusions

Overall, this study has demonstrated the feasibility and challenges of jointly handling
speech transcription and background sound detection using two specialized transformer-
based models, Whisper and Prompteus. Through systematic experimentation with the
Clotho Voice dataset, which merges speech from Common Voice and general sounds
from Clotho, we showed that both models exhibit high performance within their special-
ized domains but experience predictable degradation when confronted with significant
overlap between speech and non-speech signals. We further highlighted that preprocess-
ing steps, such as audio normalization and mixing, can have non-negligible effects on
model performance, particularly for borderline examples.



This investigation underscores the need for versatile approaches capable of han-
dling diverse audio tasks under real-world conditions. In industrial environments or simi-
larly noisy settings, the ability to accurately capture both speech and contextually relevant
background sounds remains essential for safety, automation, and robust multimodal inter-
faces. Our findings suggest that future work should focus on enhancing model robustness
through more comprehensive training strategies, including targeted data augmentation for
challenging acoustic conditions and hybrid architectures that integrate joint representa-
tions of speech and environmental cues. Moreover, progress in general sound caption-
ing would greatly benefit from the creation of a large-scale, dataset that encompasses a
broader array of environmental and non-speech events. Ultimately, this line of research
paves the way for more intelligent, context-aware systems that can leverage both tran-
scription and audio captioning to better understand and interact with complex auditory
environments.
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