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Abstract—Conventional general sound recognition systems typically
output deterministic sound event labels, implicitly assuming that the
target sound class can be correctly identified from the input audio.
However, in real listening situations, the sound event class is not always
clearly identifiable. Human listeners may nevertheless understand their
surroundings from an ambiguous sound without identifying its exact
sound event class. This motivates a discussion of how the outputs of sound
recognition systems should be redesigned under such uncertainty. As a
basis for this discussion, this paper proposes an output representation for
sound event recognition that combines a sound event class, its confidence
score, and an onomatopoeic description of the sound. The proposed
representation preserves conventional class-based recognition while pro-
viding an additional onomatopoeic description of acoustic characteristics
that can remain informative even when the class prediction is uncertain.
Experiments using ESC-50 and ESC-50-Onomatopoeia show that the
proposed method achieves sound recognition performance comparable to
that of a conventional recognition-only system. In addition, an LLM-as-a-
judge evaluation and subjective listening experiments indicate that the
proposed output is preferred over conventional deterministic outputs based
on the sound event label, particularly when used to support understanding
of the surrounding environment. These results suggest that such output
representations can make sound event recognition more informative and
communicative under uncertainty.

Index Terms—Sound event recognition, onomatopoeia, confidence level,
language-audio model

1. INTRODUCTION
General sound recognition, which aims to analyze and understand
a wide range of sounds beyond speech and music, has become an
important research topic in computational audio understanding. It has
been explored in applications such as machine condition monitoring
[1], ecological assessment [2], multimedia retrieval [3], and home
monitoring [4].

Common tasks in this field include sound event recognition (SER),
audio tagging [5], and sound event localization and detection (SELD)
[6]. In these tasks, systems primarily predict the sound event classes
contained in the input audio, with some tasks also estimating when
and where the sounds occur. Beyond these basic tasks, automated
audio captioning [7] and audio question answering [8] have also been
studied to produce more descriptive or interactive outputs. Rather than
outputting sound event labels, these tasks generate natural-language
descriptions of sound events or answers to questions about the input
audio. Even in these tasks, however, the outputs are still grounded in
the recognition of sound events, together with their temporal order,
co-occurrence, and surrounding context.

Existing work on general sound recognition has largely assumed
that systems should correctly identify the sound event class in the
input audio. When this identification fails, the output is simply
regarded as a recognition error to be reduced by improving the model
architecture, acoustic features, or training data. In human listening,
however, assigning an exact category name is not always necessary for
using a sound to understand the surrounding situation. For example,
a person may hear a loud explosive sound while its exact source
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remains unclear. Despite this uncertainty, the person still understands
the sound through an imitative expression like “a loud BANG, like a
small explosion or something being fired,” prompting them to check
the surroundings or warn others nearby. This suggests that general
sound recognition systems should be designed under the assumption
that the sound event class cannot always be correctly identified, and
that their output representations should be redesigned accordingly.

Following this view, we propose to represent the output of a sound
event recognition system as a combination of a sound event class, its
confidence score, and an onomatopoeic description of the sound.
This output is intended to preserve the conventional class-based
prediction while also providing a description that remains useful when
the prediction is uncertain. As a simple implementation, we adapt
contrastive language-audio pretraining (CLAP) [9] to onomatopoeic
expressions and use it to perform sound recognition and onomatopoeia
retrieval jointly. Experimental results show that the proposed method
achieves sound event recognition performance comparable to that of a
conventional recognition-only system. In addition, an LLM-as-a-judge
evaluation and subjective listening experiments show that the proposed
output is preferred over conventional outputs for systems that support
surrounding-environment understanding.

The remainder of this paper is organized as follows. Section 2
reviews conventional sound recognition systems and the general
ideas behind their outputs. Section 3 then describes the proposed
output representation for sound event recognition, along with a
representative implementation. Section 4 presents the fundamental
SER performance of the proposed method and the results of an
LLM-as-a-judge evaluation and subjective evaluations, followed by a
discussion on desirable output representations for sound recognition
systems. Finally, Section 5 concludes the paper.

2. CONVENTIONAL OUTPUT REPRESENTATIONS OF
SOUND EVENT RECOGNITION

In this section, we provide a brief overview of typical implementations
of sound recognition systems, with a focus on how outputs are
commonly provided in conventional approaches, as shown in Fig. 1.
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In many sound recognition pipelines, the input acoustic signal is first
transformed into time–frequency representations X ∈ RD×T , where
D and T represent the feature dimension along the frequency axis and
the number of time frames, respectively, typically using spectrograms
or log mel-spectrograms. The extracted feature X is then fed into
an SER system f , which outputs a logit y = f(X) ∈ RC , where C
denotes the number of sound event classes. The logit y is subsequently
converted into class scores by applying an activation function, such
as the softmax function for single-label classification or the sigmoid
function for multi-label classification. The final sound event prediction
is obtained through class assignment, which selects the sound event
class with the highest score in the single-label setting. In multi-label
classification, the assignment instead selects all classes whose scores
exceed a threshold ϕ as follows:

Ĉ =

arg max
c

softmaxc(y) (single-label classification)

{ c | σ(yc) ≥ ϕ } (multi-label classification)
(1)

where c is the index of the sound event class, yc is the c-th element
of y, softmaxc denotes the c-th element of the softmax output, σ is
the sigmoid function, and ϕ is the detection threshold.

This formulation indicates that conventional sound recognition
systems produce deterministic and discrete sound event labels. The
system output is therefore reduced to a decision about which sound
event class is present, while other information is discarded. One
possible way to retain information beyond the decided class label
is to use the scores obtained after applying the softmax or sigmoid
function as a proxy for prediction confidence. Although they can reflect
relative confidence, they are not necessarily calibrated probabilities
of correctness [10].

Meanwhile, imitative expressions such as onomatopoeic expressions
offer another way to describe the input sound when the sound event
class is not clearly identifiable. Several methods have exploited such
a relationship between sounds and onomatopoeic expressions in audio
retrieval [11], audio-to-onomatopoeia conversion [12], [13], and sound
generation [14]. Nevertheless, limited attention has been paid to how
SER systems should handle misrecognitions or how outputs should
be presented when the confidence is low.
3. PROPOSED OUTPUT OF SOUND EVENT RECOGNITION
3.1. Motivation and strategy
As described in Section 2, conventional sound recognition systems
are designed to produce deterministic and discrete sound event labels,
regardless of the reliability of the prediction. This design raises a
fundamental question about what the SER system should output when
the prediction is unreliable. In human perception and description of
sounds, the form of expression often depends on the confidence level.
When the sound source is clearly identifiable, explicit sound event
labels are used. In contrast, when the sound is ambiguous or the
confidence is low, descriptions tend to rely on acoustic characteristics
such as temporal and spectral patterns, often expressed using imitative
expressions such as onomatopoeia [15]. In this work, we thus introduce
an alternative output representation that combines a sound event label,
its confidence score, and an onomatopoeic description of the input

sound, as shown in Fig. 2. Such an output is expected to better align
with how humans adapt their descriptions of sounds according to
their confidence. Moreover, comparing the conventional and proposed
output representations enables an investigation of how the output
should be designed when the confidence is low.
3.2. Implementation of proposed method
There are several ways to implement the proposed framework, such
as jointly modeling sound event recognition with reliability estimation
and sequence-to-sequence transcription from audio to text. In this
work, we adopt a simple approach that jointly performs sound event
recognition, confidence estimation, and onomatopoeia retrieval from
audio input.

An overview of our implementation is illustrated in Fig. 3.
In this study, we use a shared embedding space between audio
and onomatopoeic text representations, based on pretrained CLAP
embeddings [9]. CLAP provides a joint audio-language embedding
space; however, the existing CLAP models are not trained with
sufficient amounts of onomatopoeic text. As a result, audio and
onomatopoeic text embeddings may not be sufficiently aligned in the
pretrained embedding space. To address this issue, we introduce
a simple projector implemented as an MLP applied to the text
embeddings produced by the CLAP text encoder. The projector is
trained to better align the embeddings of onomatopoeic text with the
corresponding audio embeddings.

During training, the audio and text encoders are frozen, and the
projector is trained to improve the alignment using the following
objective:

Lono =
1

N

N∑
i=1

∥ai − g(ti)∥22 , (2)

where ai and ti indicate the i-th audio and onomatopoeic text
embeddings, respectively. g is the projector and N is the number of
training pairs.

In addition, to predict sound event classes from the audio embed-
dings, we jointly train a classifier composed of several MLP layers.
Although this classifier can be replaced with predictors tailored to
various downstream tasks, such as SED, SELD, or audio captioning,
we focus on a simple sound event classification as an initial step in
this study. The sound event classifier is trained using the following
objective:

Lcls = −
C∑

c=1

zc log softmaxc(y), (3)

where zc is the ground-truth label for sound event class c. The overall
model is trained with the following objective:

L = Lono + λLcls, (4)

where λ is a weighting hyperparameter.
At inference time, the proposed system jointly produces a sound

event prediction and an onomatopoeic description from the input
audio. The trained sound event classifier outputs the predicted sound
event class with its confidence score, defined in our implementation as
the margin-based confidence score [16], computed as the normalized
difference between the top-two softmax scores:
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Table 1: Detailed experimental conditions

Network for MLP and classifier 3 dense layers
# units in MLP and classifier layers 512, 256, 128
λ 1.0
Optimizer AdamW [17]

s =
p(1) − p(2)
p(1) + p(2)

, (5)

where p(1) and p(2) are the softmax probabilities of the top-two
sound event classes. Note that other confidence measures can be used
instead. Meanwhile, the onomatopoeic description is retrieved from
the candidate set using the CLAP embedding space. Specifically, the
system retrieves the onomatopoeia whose projected text embedding
has the smallest Euclidean distance to the audio embedding:

ô = argmin
o∈O

∥a− g(to)∥2 , (6)

where O denotes the set of candidate onomatopoeic expressions, a is
the audio embedding, and to is the text embedding of onomatopoeic
expression o. The final output form is then determined according to
the confidence score of the predicted sound event class, as shown in
Fig. 2.

3.3. Output design for sound recognition results
The proposed output representation enables the system to adjust its
output form according to the confidence of the sound event prediction.
This is expected to prevent the system from asserting incorrect sound
event labels when the prediction is unreliable, and to provide useful
information to the user even in such cases.

One simple implementation is to switch between predefined output
templates according to the prediction confidence, as shown in Fig. 2.
For example, when the input contains a dog barking sound, the system
may output “That is a dog barking sound, and the sound is like bow
wow.” if the confidence score of the predicted class is greater than
or equal to 0.5. If the confidence score is between 0.2 and 0.5, the
system may instead output “That sound is like bow wow, and that
might be a dog barking sound.” If the confidence score is below
0.2, the system may output only “I heard a bow wow like sound.”
This template-based design is easy to implement, but its outputs can
become repetitive and may be perceived as formulaic and impersonal.

A more flexible design is possible when the SER system is
connected to an LLM-based dialogue system or agent. In this case, the
predicted sound event label, its confidence score, and the onomatopoeia
can be provided to the LLM to generate a natural response.

4. EVALUATION EXPERIMENTS
4.1. Experimental conditions
We conducted evaluation experiments to assess the fundamental SER
performance of the proposed method, as well as to examine whether
the proposed output representation is suitable for conveying the
recognition results through a conversational robot. For evaluation,
we used the ESC-50 dataset [18] as the audio data and ESC-
50-Onomatopoeia1 as the onomatopoeic text data. The ESC-50-
Onomatopoeia dataset provides onomatopoeic annotations for a subset
of 31 sound classes from ESC-50. In total, the dataset consists of
1,240 audio samples (31 sound classes × 40 samples) and 186,000
onomatopoeic descriptions (31 sound classes × 40 audio samples ×
150 onomatopoeia), all used as individual audio-onomatopoeia pairs.

The audio input was represented using 64-dimensional log-mel
spectrograms extracted from audio sampled at 16 kHz, with a
window size of 1024 and a hop length of 480. For the audio

1https://github.com/Y-Okamoto1221/ESC-50-Onomatopoeia

Table 2: SER performance on 31-class subset of ESC-50 (%)

Method Micro-F score Macro-F score
CLAP + classifier 97.81 ± 0.66 97.80 ± 0.66
CLAP + onoma. 98.54 ± 0.51 98.52 ± 0.51(Proposed)

You are an evaluator of the output representations of a sound
event recognition (SER) system. The system is connected to a
human-like conversational robot that perceives surrounding
sounds and speaks to a nearby user based on the system output.
Suppose that you have received two recognition results A and
B for the same sound. Rate each result and judge which one
is preferable and give a mean opinion score (MOS) with a
five-point scale (1: very poor - 5: excellent) to each result.
Also provide the reason for your judgment.

[The remainder of the prompt is omitted for brevity.]

Fig. 4: Prompt used for the LLM-as-a-judge evaluation. The SER system
outputs, ground-truth sound event labels, and instructions specifying the
required evaluation output format are omitted for brevity.

encoder, we employed the Hierarchical Token Semantic Audio
Transformer (HTS-AT) [19], while RoBERTa [20] was used as
the text encoder. Both encoders were used with the pretrained
CLAP checkpoint 630k-audioset-best.pt (non-fusion)
[9]. The other experimental conditions are shown in Table 1.

4.2. Sound event recognition performance
We first examined whether the proposed method preserves the
fundamental sound event recognition capability. For comparison, we
also evaluated a conventional SER system that uses the same audio
encoder and classification head as those used in the proposed method.
This baseline excludes the CLAP text encoder, the projector, and
the onomatopoeia retrieval module shown in Fig. 3, and is trained
only with Lcls. The experiments followed the official five-fold cross-
validation setup of ESC-50 [18], applied to the 31-class subset covered
by ESC-50-Onomatopoeia, and each fold configuration was repeated
ten times with different random seeds. All hyperparameters were
empirically determined in advance and were not tuned using the
evaluation split.

Table 2 summarizes the sound event recognition results. The
reported values are the means and standard deviations over the five
folds and ten random seeds. The proposed system achieved recognition
performance comparable to that of the conventional baseline. These
results indicate that the additional training for audio–onomatopoeia
alignment does not compromise the sound event recognition capability
of the system.

4.3. LLM-as-a-judge evaluation of output representations
We then evaluated whether the proposed output representation for
sound event recognition is preferable to the conventional outputs when
the SER system is used as a front-end for spoken dialogue systems.
As a first evaluation, we used an LLM-as-a-judge framework (with
ChatGPT 5.5 middle) to assess the system outputs through (i) pairwise
comparisons between the two output formats and (ii) mean opinion
score (MOS) ratings in terms of utterance naturalness, richness of
sound description, and communicative usefulness.

In this experiment, we assumed a scenario in which the SER system
is connected to a conversational robot that operates in the real world,
autonomously perceives its surrounding acoustic environment, and
proactively initiates communication with users. Under this assumption,
the LLM judge rated the system outputs on the three criteria above. As
illustrated in Fig. 4, the LLM judge was provided with a description
of the assumed situation, the sound recognition results with their
confidence scores and onomatopoeias, and the required format of the
evaluation output. Note that the input audio itself was not provided
to the judge.
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Table 3: Examples of system outputs under high- and low-confidence predictions. Onomatopoeias are written in an IPA-like format.

Ground-truth CLAP + classifier CLAP + classifier CLAP + onoma.
label (event label) (LLM) (template)
cow cow Did you hear that, too? It sounded like cow. I heard a "m o o:" sound, which sounded like cow.

engine chainsaw Something just made a sound around us, I heard a sound nearby, but I can only
and I think it may have been chainsaw. describe it as something like "g a g a g a g a g a".

As baselines for comparison, we prepared two output representations
based on the conventional CLAP-based deterministic SER system.
The first baseline directly uses the predicted sound event label as
the system output. In the second baseline, the predicted sound event
label is fed into an LLM (ChatGPT 5.5 middle) and reformatted
into a natural utterance. Note that, as shown in Table 2, both the
conventional and proposed systems achieve very high recognition
accuracy on the ESC-50 subset, which makes it difficult to assess the
quality of the output representations in the presence of misrecognitions
or low-confidence predictions. To emulate uncertain predictions, in
this experiment, we selected the number of training epochs so that the
recognition accuracy was approximately 85% for both systems, which
also degraded the audio–onomatopoeia alignment of the proposed
system. Examples of the system outputs generated by each method
for high- and low-confidence predictions are shown in Table 3.

Figure 5 and Table 4 show the pairwise comparison and MOS
evaluation results, respectively. Overall, both results indicate that the
outputs of the proposed system were preferred over those of the
conventional deterministic systems across all evaluation criteria, with
a particularly substantial advantage in richness of sound description.

In addition, the LLM judge was instructed to provide the reasons
for its judgments, and we examined them to identify the benefits
and limitations of the proposed output representation. In terms of
utterance naturalness, the proposed outputs were positively evaluated
for naturally expressing uncertainty in the recognition results. However,
excessively long or repetitive onomatopoeic expressions sometimes
made the resulting utterances awkward and less natural. Regarding rich-
ness of sound description, the proposed system was considered capable
of providing more concrete and detailed descriptions of the perceived
sounds. In contrast, when the onomatopoeia did not appropriately
describe the input sound, it degraded rather than enriched the sound
description. For communicative usefulness, explicitly conveying the
recognition uncertainty was regarded as useful information for users.
Nevertheless, outputs that did not provide any candidate sound event
label under low-confidence conditions were sometimes considered
less useful.

These findings indicate that further improvements in both SER
accuracy and onomatopoeia retrieval (or generation) accuracy are
necessary. The findings also suggest that a more sophisticated design
of the output representation could further improve the naturalness,
descriptive richness, and communicative usefulness of the proposed
output representation.

4.4. Subjective listening evaluation of system outputs

We next conducted an MOS evaluation using a crowdsourcing
platform with 310 participants, in which the evaluators listened to
the input audio and then rated the corresponding system output. In
this experiment, the same three criteria as in the LLM-as-a-judge
evaluation were applied. We evaluated the system outputs for 1,240
samples for each of the three methods. We excluded 3.2% of the
responses through a screening process, as they contained clearly
erroneous answers. Note that the proposed method was evaluated with
the simplest template-based implementation under the intentionally
degraded alignment condition.

Preference score (%)
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Fig. 5: Pairwise preference scores for SER output representations, obtained
using LLM-as-a-judge

Table 4: Mean LLM-as-a-judge scores for utterance naturalness, richness
of sound description, and communicative usefulness. Values are means ±
standard deviations.

Method Naturalness Richness Usefulness
CLAP + classifier (event label) 2.91 ± 0.31 1.78 ± 0.47 3.96 ± 1.08
CLAP + classifier (LLM) 3.71 ± 0.55 2.04 ± 0.25 4.06 ± 0.27
CLAP + onoma. (template) 3.87 ± 0.36 3.97 ± 0.61 4.39 ± 0.87

Table 5: Mean opinion scores by human evaluators for utterance naturalness,
richness of sound description, and communicative usefulness. Values are means
± standard deviations.

Method Naturalness Richness Usefulness
CLAP + classifier (event label) 3.69 ± 1.05 2.92 ± 1.18 3.56 ± 1.16
CLAP + classifier (LLM) 3.62 ± 1.07 3.26 ± 1.05 3.62 ± 1.04
CLAP + onoma. (template) 3.63 ± 1.02 3.70 ± 1.01 3.69 ± 1.05

As shown in Table 5, the results for richness and usefulness
exhibited trends similar to those observed in the LLM-as-a-judge
evaluation. However, the differences in the mean scores among all
three methods were smaller, while the variability of the human ratings
was greater. In contrast, little difference was observed among the
three methods in terms of utterance naturalness.

These results suggest that onomatopoeic expressions that do not
appropriately match the perceived impression of a sound can negatively
affect the naturalness of the system output. Because the human
evaluators, unlike the LLM judge, directly listened to the input audio,
such mismatches between the onomatopoeia and the sound were
likely more noticeable in this evaluation. Therefore, the accuracy
of onomatopoeia retrieval is crucial, and onomatopoeic expressions
should be incorporated into system outputs with care. Furthermore, the
human ratings exhibited greater variability than the LLM-as-a-judge
ratings, suggesting substantial individual differences in the preferred
form of system outputs. Such individual differences and audio-aware
automatic judges should be investigated in detail in future work.

5. CONCLUSION
This paper reconsidered the output representation of sound event
recognition systems, which have conventionally relied on deterministic
sound event labels. To provide more informative outputs when the
class prediction is uncertain, we proposed an output representation
that combines a sound event class, its confidence score, and an
onomatopoeic description of the input sound. Experiments using
ESC-50 and ESC-50-Onomatopoeia showed that the proposed method
maintained SER performance comparable to that of a conventional
recognition-only system. LLM-as-a-judge evaluation and subjective
listening experiments further indicated that the proposed output
was preferred over conventional label-based outputs for supporting
surrounding-environment understanding. These results suggest that
the output of sound event recognition should be abstracted according
to the confidence of the prediction, rather than always presented as a
deterministic sound event label.

174



Detection and Classification of Acoustic Scenes and Events 2026 28–29 October 2026, Boston, MA, USA

REFERENCES

[1] Y. Koizumi, Y. Kawaguchi, K. Imoto, T. Nakamura, Y. Nikaido, R. Tanabe,
H. Purohit, K. Suefusa, T. Endo, M. Yasuda, and N. Harada, “Description
and discussion on DCASE2020 challenge task2: Unsupervised anomalous
sound detection for machine condition monitoring,” Proc. Detection and
Classification of Acoustic Scenes and Events (DCASE), pp. 81–85, 2020.

[2] M. A. Acevedo, C. J. Corrada-Bravo, H. Corrada-Bravo, L. J. Villanueva-
Rivera, and T. M. Aide, “Automated classification of bird and amphibian
calls using machine learning: A comparison of methods,” Ecological
Informatics, vol. 4, no. 4, pp. 206–214, 2009.

[3] E. Wold, T. Blum, D. Keislar, and J. Wheaten, “Content-based classifica-
tion, search, and retrieval of audio,” IEEE MultiMedia, vol. 3, no. 3, pp.
27–36, 1996.

[4] K. Imoto, S. Shimauchi, H. Uematsu, and H. Ohmuro, “User activity
estimation method based on probabilistic generative model of acoustic
event sequence with user activity and its subordinate categories,” Proc.
INTERSPEECH, 2013.

[5] P. Foster, S. Sigtia, S. Krstulovic, J. Barker, and M. D. Plumbley, “Chime-
home: A dataset for sound source recognition in a domestic environment,”
Proc IEEE Workshop on Applications of Signal Processing to Audio and
Acoustics (WASPAA), pp. 1–5, 2015.

[6] S. Adavanne, A. Politis, J. Nikunen, and T. Virtanen, “Sound event
localization and detection of overlapping sources using convolutional
recurrent neural networks,” IEEE Journal of Selected Topics in Signal
Processing, vol. 13, no. 1, pp. 34–48, 2019.

[7] K. Drossos, S. Adavanne, and T. Virtanen, “Automated audio captioning
with recurrent neural networks,” Proc. IEEE Workshop on Applications
of Signal Processing to Audio and Acoustics (WASPAA), pp. 374–378,
2017.

[8] J. Abdelnour, G. Salvi, and J. Rouat, “CLEAR: A dataset for compo-
sitional language and elementary acoustic reasoning,” Porc. Visually
Grounded Interaction and Language Workshop (VIGIL), 2018.

[9] Y. Wu, K. Chen, T. Zhang, Y. Hui, T. Berg-Kirkpatrick, and S. Dubnov,
“Large-scale contrastive language-audio pretraining with feature fusion and
keyword-to-caption augmentation,” Proc. IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP), pp. 1–5, 2023.

[10] C. Guo, G. Pleiss, Y. Sun, and K. Q. Weinberger, “On calibration of
modern neural networks,” Proc. International Conference on Machine
Learning (ICML), pp. 1321–1330, 2017.

[11] S. Ikawa and K. Kashino, “Acoustic event search with an onomatopoeic
query: Measuring distance between onomatopoeic words and sounds,”
Proc. Detection and Classification of Acoustic Scenes and Events
Workshop, pp. 59–63, 2018.

[12] K. Miyazaki, T. Hayashi, T. Toda, and K. Takeda, “Connectionist temporal
classification-based sound event encoder for converting sound events
into onomatopoeic representations,” Proc. European Signal Processing
Conference (EUSIPCO), pp. 852–856, 2018.

[13] J. Kim and J.-H. Hong, “OnomaCap: Making non-speech sound captions
accessible and enjoyable through onomatopoeic sound representation,”
Proc. CHI Conference on Human Factors in Computing Systems, pp.
1–22, 2025.

[14] Y. Okamoto, K. Imoto, S. Takamichi, R. Yamanishi, T. Fukumori, and
Y. Yamashita, “Onoma-to-wave: Environmental sound synthesis from
onomatopoeic words,” APSIPA Transactions on Signal and Information
Processing, vol. 11, no. 1, 2022.

[15] G. Lemaitre and D. Rocchesso, “On the effectiveness of vocal imitations
and verbal descriptions of sounds,” The Journal of the Acoustical Society
of America, vol. 135, no. 2, pp. 862–873, 2014.

[16] T. Scheffer, C. Decomain, and S. Wrobel, “Active hidden Markov models
for information extraction,” Advances in Intelligent Data Analysis, pp.
309–318, 2001.

[17] I. Loshchilov and F. Hutter, “Decoupled weight decay regularization,”
Proc. International Conference on Learning Representations (ICLR), pp.
1–18, 2019.

[18] K. J. Piczak, “ESC: Dataset for environmental sound classification,” Proc.
ACM International Conference on Multimedia (ACMMM), pp. 1015–1018,
2015.

[19] K. Chen, X. Du, B. Zhu, Z. Ma, T. Berg-Kirkpatrick, and S. Dubnov,
“HTS-AT: A hierarchical token-semantic audio transformer for sound
classification and detection,” Proc. IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP), pp. 646–650, 2022.

[20] Y. Liu, M. Ott, N. Goyal, J. Du, M. Joshi, D. Chen, O. Levy, M. Lewis,
L. Zettlemoyer, and V. Stoyanov, “RoBERTa: A robustly optimized BERT
pretraining approach,” arXiv:1907.11692, 2019.

175


