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Abstract

Existing vocal-imitation-based methods for environmental sound or sound effect synthesis typically
use root-mean-square envelopes, text prompts or discrete codes, and do not directly learn spectral
correspondences between imitation and target sounds. This study uses vocal mimicry, nonlinguistic
imitation produced by the human articulatory system, as a control signal for sound effect synthesis.
This study proposes PronounSE, a method that directly learns spectral correspondences between vocal
mimicry and sound effects to generate outputs whose nuances follow the mimicry input. To address
data scarcity, this study constructs a new paired vocal-mimicry data set focused on explosion sounds as
a case study, since this category exhibits diverse acoustic variations and is relatively amenable to vocal
mimicry due to its predominantly aperiodic, noise-like characteristics. In addition to naturalness and
audio quality, this study evaluates mimicry-driven synthesis with two task-specific criteria: fidelity to
the target sound and reflection of vocal mimicry nuances. These four criteria support both objective
and subjective evaluation. Results show strong objective-subjective correlations for fidelity and
confirm that PronounSE effectively reflects mimicry nuances. Results also indicate that fidelity is
strongly affected by mimicry skill and speaker-specific characteristics, highlighting the importance of
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1. Introduction

Sound effects — including everyday environmental sounds, fantastical or exaggerated sounds, 465
and user interface operation sounds — are intentionally added to enrich the user experience of
various multimedia content. In visual media such as games, animation and film, a wide variety
of sound effects are selected for each scene. In professional production settings, sound effects
are created under the supervision of a sound director using multiple approaches: selecting audio
assets from large commercial sound effect libraries or in-house libraries, performing Foley
recording or field recording (Viers, 2008; Ament, 2009; Tierno, 2020), designing sounds
(Sonnenschein, 2001) (conceptual/expressive sound design; including synthesis techniques with
hardware or software synthesizers), generating sounds with commercially available procedural
audio software (Sinclair, 2001) such as Wwise [1], Reformer Pro [2] and GameSynth [3], and
sound editing and mixing (Holman, 2015; Yewdall, 2012). All of these methods demand
specialized knowledge, practical experience and creative judgment.

Deep learning techniques based on large-scale data have made it increasingly easy to
produce high-quality visual content (e.g. with models such as Dream Machine [4], Sora
2 [5] and Veo 3 [6]). In parallel with this, techniques for synthesizing environmental
sounds, beyond speech or music, have become an active area of research. For example,
the Detection and Classification of Acoustic Scenes and Events (DCASE) Challenge
included dedicated environmental sound synthesis tasks: “Foley Sound Synthesis”
(Choi et al., 2001) in 2023 and “Sound Scene Synthesis” (Lagrange et al., 2025) in
2024. Existing environmental sound synthesis approaches generate sounds from a range
of input modalities, such as phoneme sequences (Okamoto et al., 2021), acoustic event
labels (Okamoto et al., 2021), text prompts (Liu et al., 2023; Liu et al., 2024; Evans
et al., 2024; Yang et al., 2023), video prompts (Luo et al., 2023; Comunita et al., 2024;
Du et al., 2023; Chen et al., 2025) or audio signals (Evans et al., 2024; Okamoto et al.,
2024a; Chung et al., 2024; Garcia et al., 2025). However, these approaches often
struggle to capture subtle variations in timbre and dynamics, and video-based
approaches generally fail to account for sound events that occur outside the video frame.
In addition, most existing methods primarily focus on everyday environmental sounds
and animal calls, and the capability of synthesizing fictional sound effects is not
sufficiently explored.

In this study, vocal mimicry refers to a language-independent vocal expression that
captures fine-grained acoustic characteristics of sounds and cannot be adequately represented
by onomatopoeia or phoneme sequences. In professional sound production, vocal mimicry
of sound effects is commonly used to communicate intended sounds between collaborators
(Lemaitre et al., 2013; Mehrabi et al., 2017; Lemaitre et al., 2011). Inspired by the fact that
both specialists and nonspecialists can typically render sounds they have heard or imagined
through such mimicry (Hunt, 1923; Caren et al., 2024), this paper proposes PronounSE, a
method that synthesizes sound effects directly using vocal mimicry as a nonlinguistic control
input for sound synthesis. As shown in Figure 1, PronounSE leverages the human
articulatory system, incorporates a Transformer encoder-decoder network (Vaswani et al.,
2017) and uses a waveform vocoder (neural vocoder) to synthesize sound effects.
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Figure 1. Schematic image of PronounSE. The method synthesizes sound effects from vocal mimicry
using Transformer (Vaswani et al., 2017) and a neural vocoder

Language-independent
Vocal Mimicry

Since PronounSE learns correspondences between vocal mimicry and sound effects, it requires

a data set in which each sound effect is paired with a corresponding instance of vocal mimicry. To
meet this requirement, we constructed a new high-quality, language-independent vocal mimicry
data set. We therefore treat explosion sounds as a case study for examining the feasibility of sound
effect synthesis from language-independent vocal mimicry. In the construction, we especially
focus on explosion sounds because they are diverse and relatively easy to mimic vocally. Training
PronounSE on this data set enables controllable synthesis of explosion sounds that reflect subtle
vocal mimicry nuances and fine-grained variations in sound characteristics.
To evaluate the effectiveness of PronounSE, we conducted a comparative study with two other
existing methods (Evans et al., 2024; Chung et al., 2024) that accept vocal mimicry as input. We
set four criteria for subjective and objective evaluation: fidelity to the target sound, reflection of the
vocal mimicry nuance, naturalness as an explosion sound and quality of the audio source.
Accordingly, this paper should be regarded as a case study on explosion sounds rather than a full
validation across all sound-effect categories, and broader validation is left for future work.

In the remainder of this paper, Section 2 describes existing sound synthesis approaches
that accept vocal mimicry as input, as well as existing data sets that pair environmental
sounds with vocal mimicry. Sections 3 and 4 then describe the proposed method, PronounSE,
and the newly constructed data set. Sections 5 and 6 present the experimental setups and the
results on the evaluation of PronounSE. Section 7 discusses the results and limitations of the
method, and Section 8 concludes the paper.

The novelty of this work lies not in introducing a fundamentally new neural architecture,
but in formulating language-independent vocal mimicry as a direct control signal for sound
effect synthesis, together with a paired data set and an evaluation framework tailored to this
task. The main contributions of this case study on explosion sound synthesis from language-
independent vocal mimicry are summarized as follows:

* We collected 600 vocal mimicry samples from six speakers in their twenties for 100
commercial explosion sound samples and released the vocal mimicry subset as an
evaluation data set.
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+ The proposed approach, which learns spectral correspondences between vocal APSIPA
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+  The paper introduces an evaluation scheme for nuance reflection that decomposes Information
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synthesized sound are influenced by vocal mimicry and to what extent.
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low fidelity scores, indicating that fidelity depends on the skill of the vocal mimicry
and highlighting the necessity of evaluating both fidelity and nuance reflection as
distinct criteria.

+  The results also demonstrate a strong correlation between objective scores based on
both Fréchet Audio Distance (FAD) (Kilgour et al., 2019) and cosine similarity and
subjective fidelity ratings, supporting the effectiveness of FAD and cosine similarity
for automatic evaluation of fidelity.

2. Related work

2.1 Sound synthesis techniques using vocal mimicry input

Stable Audio 2.0 (Evans et al., 2024) is an audio synthesis model trained on a large-scale data
set of music and sound effects. In addition to a mandatory text prompt, it can take reference
audio signals such as instrumental sounds or vocal mimicry, and allows users to control the
conditioning strength and the duration of the output while synthesizing sounds at a 44100 Hz
sampling rate. Its training data are predominantly musical, and it is not specifically designed
for sound effect synthesis.

Voice-to-Foley (Okamoto et al., 2024b) is a technique that synthesizes environmental
sounds from reference audio signals together with acoustic event labels. The model is trained
to reconstruct Mel-spectrograms of environmental sounds from discrete vocal mimicry units
obtained by applying the k-means algorithm to features extracted with a pretrained encoder
(Niizumi et al., 2022). The vocal mimicry in the ESC-50-Voice data set (Okamoto et al.,
2024a), which is used to train the model, consists of onomatopoeic utterances with clear
linguistic characteristics rather than nonlinguistic vocal mimicry.

T-Foley (Chung et al., 2024) is an environmental sound synthesis method based on
acoustic event labels and the root-mean-square (RMS) envelope of the audio signal, which
encodes temporal information such as dynamics and timing. During training, the model is
conditioned on the RMS values computed from reference environmental sounds, along with
their acoustic event labels. Therefore, paired data between vocal mimicry and environmental
sounds are not required when training, and vocal mimicry is used only at synthesis time. In
this way, T-Foley utilizes RMS envelopes to enforce temporal alignment between vocal
mimicry and environmental sounds. Hence, the method does not learn spectral
correspondences between them.

Sketch2Sound (Garcia et al., 2025) is an audio synthesis method that controls both the
category and the temporal nuances of the generated sound by conditioning not only on a text
prompt but also on three time-varying control signals: loudness, brightness and pitch. As
with T-Foley, the method does not learn spectral correspondences between vocal mimicry
and sound effects.

Krotos Reformer Pro is a procedural-audio tool for professional sound designers that
synthesizes new sound effects by blending assets from sound effect libraries, conditioned on
inputs such as vocal mimicry and MIDI signals. A wide range of parameters, including
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blending behavior, can be adjusted to allow flexible sound creation. However, effective use
of the tool requires users to manually select appropriate source assets and tune a complex set
of blending and control parameters, which demands substantial expertise and training.

Beyond vocal-mimicry-driven sound synthesis itself, human involvement has also been
explored in other audio-generation-related tasks. For example, Wang et al. (2024) introduced
a human-in-the-loop framework for masked-speech enhancement, where a quality predictor
learned from human subjective judgments was incorporated into the optimization loop
(Wang et al., 2024). Although their task and the role of human involvement differ from ours,
this study is relevant as an example of integrating human evaluation into audio generation
systems.

2.2 Publicly available vocal mimicry data sets

VocalSketch Data Set (Cartwright and Pardo, 2015a) was created to systematically
investigate how well various types of sounds can be vocally imitated for use as inputs to
audio software (Cartwright and Pardo, 2015b). The data set comprises 240 reference sounds,
drawn from subsets of everyday environmental sounds, acoustic instruments, commercial
synthesizers and custom synthesized sounds, and provides 4,429 vocal mimicry samples
recorded by approximately 200 workers on Amazon Mechanical Turk [7]. The data set
includes nonenvironmental content, such as instrument and synthesizer sounds, and provides
only a small number of reference sounds. In addition, the vocal recordings may contain lip
noise, breath noise and background noise due to their crowdsourced nature. Therefore, the
data set does not meet the requirements of this study, which necessitates high-quality audio
for sound effect synthesis.

Vocal Imitation Set (Kim and Pardo, 2018) is a vocal mimicry data set designed to support
query-by-vocal-imitation and to provide baselines for acoustic classification (Bongjun et al.,
2018). The data set contains 302 environmental sound samples (302 classes, one sample per
class) collected from Freesound [8], along with 5,601 vocal mimicry recordings contributed
by 455 workers on Amazon Mechanical Turk. However, since only a single environmental
sound sample is available for each class, modeling intra-class diversity is not possible using
the data set alone. In addition, since the samples are derived from Freesound, a community-
driven platform where anyone can upload sounds, the sample quality is not sufficiently
controlled. Moreover, as with the VocalSketch Data Set, the vocal mimicry samples are
collected via crowdsourcing. Hence, the data set does not meet the requirements of this study
either.

ESC-50-Voice (Okamoto et al., 2024b) is a data set of onomatopeic utterances constructed
for training Voice-to-Foley models (Okamoto et al., 2024b). The data set provides 1,240
environmental sounds from 31 classes of ESC-50[9] (Piczak, 2015), together with 9,920
onomatopoeic recordings produced by eight speakers. However, 40 reference sounds per
class is too few for flexible sound effect synthesis, and the quality of the reference sounds is
also limited. Moreover, the data set consists of onomatopoeic utterances that follow the
Japanese phonology; nevertheless, language-independent vocal expressions are required in
this study.

3. Proposed method: PronounSE

3.1 Concept

In this study, we propose PronounSE, a sound effect synthesis method based on vocal
mimicry that imitates the sounds themselves, independent of language or culture, as
illustrated in Figure 1. The method aims to control over subtle acoustic nuances that are
difficult to capture using symbolic representations. The type of vocal mimicry considered in
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this work allows intuitive expression and conveys prosodic and phonetic information that APSIPA
cannot be represented through linguistic symbols such as phoneme sequences and text  Transactions on
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Since the proposed method enables immediate synthesis of sound effects from vocal Information
mimicry, it can be incorporated into a human-in-the-loop creative workflow, as illustrated in .
Figure 2. In this workflow, users can iteratively input vocal mimicry and refine the output to Processing
approach the desired sound. The method will enable collaborative production of sound
effects through interaction between humans and computers. This notion of human-in-the- 469
loop differs from that in Wang et al. (2024), where human subjective judgments are
incorporated into the optimization loop, whereas our setting emphasizes iterative creative
interaction through repeated vocal mimicry and listening.

3.2 Model architecture

Figure 3 illustrates the overview of PronounSE. The inference process of PronounSE
consists of the following three steps: a preprocessing step that converts the vocal mimicry
waveform into a Mel-spectrogram, a conversion step from the Mel-spectrogram of the vocal
mimicry into one of a target sound effect using a Transformer (Vaswani et al., 2017), and a
generation step using HiFi-GAN (Kong et al., 2020a), which synthesizes a waveform from
the converted Mel-spectrogram of the sound effect.

During training, we use paired Mel-spectrograms of vocal mimicry and the corresponding
sound effects. Let T denote the number of time frames and N the number of Mel-frequency
bins. Linear-layer-based Prenets first map a Mel-spectrogram of vocal mimicry X € R™*V
and that of sound effects Y € R”*" to high-dimensional frequency embeddings
EW, E0) ¢ RT*# as:

E®™ = Prenet,(X), E®) = Prenety(Y)7 (D

where H denotes the hidden dimensionality, and the Prenets project the input Mel-
spectrograms into higher-dimensional representations that facilitate subsequent sequence
modeling by the Transformer. The embeddings E**) and E®) are then provided to a three-
layer Transformer encoder and a three-layer Transformer decoder, respectively. This
encoder-decoder structure is used to flexibly model temporal and spectral correspondences
between vocal mimicry and the target sound effect. The decoder attends to the encoder

Desired Sound ~

Imagine Synthesis
\ ]
Represent :
Imagine P SyntheSIS. ®
Imagine Represent Synthesis P.ronouns.E

“¥ S Represent ———— o

Figure 2. Sound creation flow with PronounSE. This enables a human-in-the-loop sound design
workflow, in which users iteratively perform mimicking and synthesizing audio to gradually approach
the desired sound
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Figure 3. Architecture of PronounSE. This figure illustrates the inference-time synthesis flow of
PronounSE and the training process of Transformer, which is trained to map Mel-spectrograms of vocal
mimicry to those of corresponding sound effects

output and its own input embeddings. The resulting decoder output is passed through a feed-
forward network that projects the features back to the original Mel-spectrogram dimension:

Y = FeedForward (Decoder (Em, Encoder(E® )) )7 2)

where Y € RT*¥ represents the predicted Mel-spectrogram features. Finally, a Postnet
based on a residual correction network refines the predicted features to produce the final Mel-
spectrogram Y posmer € RT>*N.

?postne[ = Postnet(Y). 3)

The Postnet is introduced to refine coarse Mel-spectrogram predictions by modeling
residual details, following common practice in neural speech synthesis (Shen et al., 2018; Li
etal., 2019).

The training objective £ is defined as a weighted sum of ], losses applied to both the
inputs and outputs of the Postnet:

L=allY =Yl +AlIY postnet = Y1l )

In all experiments shown in this paper, both @ and f are set to 1. Through this training
procedure, the Transformer learns to model the correspondence between acoustic features of
vocal mimicry and those of sound effects. We adopt this simple [,-based objective for stable
reconstruction learning; its limitations and the effect of alternative loss designs are discussed
in Section 7.
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During inference, the Mel-spectrogram of vocal mimicry is fed into the trained APSIPA
Transformer, and the resulting Mel-spectrogram is converted into a waveform using HiFi-  Transactions on
GAN. During training, the decoder is conditioned on the ground-truth target sequence via

¢ S . . . O ; Signal and
teacher forcing, whereas during inference it uses its own previous predictions in an .
autoregressive manner. Specifically, the decoder generates the output Mel-spectrogram Inforrnagon
sequentially, one frame at a time, by feeding back previously predicted frames to produce the Processing
next frame. This train-inference mismatch may introduce exposure bias, which we discuss
further in Section 7. 471

The proposed method directly learns the correspondence between the Mel-
spectrograms of vocal mimicry and sound effects using paired data without relying on any
prompt or acoustic event label, which differs from the existing methods described in
Section 2.1.

4. Data set construction for vocal mimicry and sound effects

4.1 Required data set for this study

To train PronounSE, paired data consisting of sound effects and their corresponding vocal
mimicry is required. However, as described in Section 2.2, the reference sounds in existing
data sets (Okamoto et al., 2024b; Cartwright and Pardo, 2015a; Kim and Pardo, 2018) are
often collected from online videos or community-driven sound-sharing platforms, and many
of them contain background noise or reverberation, or are recorded at low sampling rates.
Although these data sets include multiple categories of environmental sounds, the number of
reference samples per category is limited, and the data sets primarily focus on everyday
environmental sounds. Moreover, the corresponding vocal mimicry samples are frequently
collected through crowdsourcing, resulting in low-quality recordings that are often
constrained by specific linguistic systems.

The goal of this study is to support the production of sound in media content, targeting
sound effects commonly used in science fiction and other non-everyday contexts. High-
quality sound effect synthesis is pursued by constructing a new data set that contains high-
quality reference sounds and language-independent vocal mimicry capable of capturing rich
acoustic nuances, rather than relying on existing data sets.

4.2 Our newly constructed data set

Since this study aims to control timbre in a language-independent manner, we constructed a
data set focused on a single sound category, especially explosion sounds, as the target.
Explosion sounds, while based on real acoustic events, are difficult to record or produce in
reality and are in high demand in audiovisual content. Moreover, they exhibit a wide range of
variations and are relatively easy for humans to imitate vocally, making them well-suited as
the subject of this study. Accordingly, in this study, explosion sounds are treated as a case
study for examining the feasibility of sound effect synthesis from language-independent
vocal mimicry.

For the training data set, we collected 1,748 types of explosion sounds from free and
commercial sound libraries. These include a variety of sounds such as stylized anime-like
explosions, gunfire, dynamite blasts and destruction sounds. All collected explosion sounds
are up to 12 s in length. We recorded 8,117 vocal mimicry samples from three male speakers
in their 20s (4,016 samples, 2,851 samples and 1,250 samples, respectively), resulting in a
data set of 8,117 explosion-mimicry pairs.

For the evaluation data set, we collected 100 explosion sounds from a separate
commercial sound library [10]. Then, 600 vocal mimicry samples were recorded by six
speakers (both male and female) in their 20s, identified as m-01 to m-05 and f-01, where the
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first characters indicate their gender. These speakers were not included in the training data
set, and each speaker mimicked all 100 explosion sounds. The training data set is speaker-
imbalanced, which may bias the model toward speaker-specific vocal patterns. To mitigate
trivial memorization in evaluation, we use six speakers who were not included in the training
data set; however, the imbalance in the training data remains a limitation of the present study.
To support reproducibility, the evaluation data set is publicly available on Zenodo [11].

All recordings were conducted in the same soundproof room using different devices: a
ZOOM H4n [12] for the training data set, recorded at 44100 Hz, and a ZOOM H4
Essential [13] for the evaluation data set, recorded at 48000 Hz.

This study involved human participants and was approved by the ethics review board of
Kyoto Sangyo University (Approval No. 0250). Informed consent was obtained from all
participants involved in the vocal mimicry recordings.

5. Experimental setup for comparative evaluation of audio-to-audio methods

5.1 Designing evaluation metrics for audio-to-audio

In the field of speech synthesis, as a subjective evaluation metric, mean opinion scores
(MOS), which are average ratings typically of a five- or seven-point Likert scale, are widely
used to assess the naturalness and intelligibility of synthesized speech. In addition, automatic
MOS prediction methods have also been proposed (Patton et al., 2016; Saeki and Takamichi,
2024). In the field of environmental sound synthesis, some studies (Okamoto et al., 2021,
2024a; Chung et al., 2024) have adopted MOS evaluations to assess audio quality and
naturalness as well. However, this study focuses on sound effects, which include both
fictitious sounds that do not occur in the physical world and stylized variations of real
environmental sounds. The explosion sounds used in the training of PronounSE also include
anime-style, exaggerated explosions and artificially created sound effects. Therefore, it is not
necessarily appropriate to evaluate the synthesized sounds solely in terms of naturalness or
audio quality. Accordingly, we propose an alternative evaluation approach based on a
different perspective.

This study adopts the view that, in audio-to-audio synthesis techniques, including
PronounSE, it is critical whether the synthesized sound both accurately reproduces the
intended reference sound and maintains plausibility based on the input features. Therefore, in
addition to evaluating the naturalness of the synthesized sound, we introduce two new
evaluation perspectives: (1) fidelity to the target sound and (2) reflection of vocal mimicry
nuances. For fidelity to the target sound, we conduct both objective and subjective
evaluations. The objective evaluation adopts Fréchet Audio Distance (FAD) (Kilgour et al.,
2019) and cosine similarity based on PANNs (Kong et al., 2020b) embeddings. Notably, the
FAD metric based on PANNs was also employed in the environmental sound synthesis tasks
of the DCASE Challenge (Choi et al., 2001; Lagrange et al., 2025). In addition, a subjective
evaluation is conducted using the MOS of perceived fidelity (Fidelity MOS). For reflection of
vocal mimicry nuances, we focus on the key characteristics that define the impression of
explosion sounds: the attack (onset) and release (decay) components. We evaluate (1) the
plausibility of the attack characteristics in the synthesized sound compared to the vocal
mimicry (Attack MOS), (2) the plausibility of the release characteristics (Release MOS), and
(3) the overall impression (Overall MOS). In addition to these, we also conduct subjective
evaluations of the naturalness (Naturalness MOS) and audio quality (Quality MOS) of the
synthesized sounds as perceived by human listeners.

For the subjective evaluations, we selected 10 reference sounds from the 100 explosion
sounds in the evaluation data set so that different explosion categories were represented. The
listening tests targeted general crowd workers rather than participants with specific musical
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or audio-related expertise. No additional worker screening or post hoc score filtering was
applied, and all submitted ratings were included in the analysis. No explicit headphone check
was conducted. Instead, workers were instructed to perform the listening task in as quiet an
environment as possible and to use headphones or earphones, although actual compliance
was not verified.

5.2 Synthesis methods

Using the 600 vocal mimicry samples in the evaluation data set as input, explosion sounds
were synthesized using three methods: PronounSE (Ours), T-Foley (TF) (Chung et al., 2024)
and Stable Audio 2.0 (SA2) (Evans et al., 2024). We did not include Sketch2Sound (Garcia
et al., 2025) in the comparative experiment because, to the best of our knowledge, no open-
source implementation is publicly available, which prevented reproducible evaluation under
our setting. PronounSE is configured using a Transformer with 256 Mel bands and an
embedding dimension of 512, trained on the constructed training data set for 20,000 epochs
with a batch size of 64, together with a HiFi-GAN model trained on explosion sounds within
the same data set. The implementation of PronounSE and the pretrained models used in this
experiment are publicly available on GitHub [14].

TF is based on the official implementation [15] and trained for 5,000 epochs with a batch
size of 8 using 1,748 explosion sounds from the PronounSE training data set. Both
PronounSE and TF are trained using audio sampled at 22050 Hz. SA is evaluated using the
synthesis engine provided on the official website [16]. For SA2, the text prompt was “Real
Explosion Sound,” and all input intensities were set to the default value (75%). The resulting
audio was downsampled to 22050 Hz to match the sampling rate of the synthesized sounds of
PronounSE and TF.

For reproducibility, we report the hardware configuration and inference efficiency of
PronounSE. Real-time factor (RTF) was measured using 100 vocal mimicry samples on a
single NVIDIA H200 GPU. The average inference time was 1.06s (SD: 0.54s), and the
average RTF was 0.317 (SD: 0.033), indicating that PronounSE can generate audio at about
3.2x faster than real time. In this measurement, the inference time included Mel-spectrogram
generation by the Transformer and waveform generation by HiFi-GAN, while Mel-
spectrogram conversion of the input audio, file I/O and visualization was excluded.

6. Evaluation results of audio-to-audio

6.1 Qualitative evaluation of synthesized sounds

Figure 4 shows representative Mel-spectrograms of three types of audio: the reference
sounds, six vocal mimicry samples from six speakers and the synthesized outputs from the
three methods [17].

TF often produces synthesized sounds that decay immediately after the attack, failing to
reflect intensity nuances. In addition, outputs for m-02, m-03, m-05 and f-01 contain noise
below 100 Hz, with m-02 showing noise across the entire frequency range, resulting in low
sound quality. First, one possible reason why intensity nuances are not properly reflected is
that the RMS envelope of the explosion sound differs substantially from the RMS envelope
of the vocal mimicry. As a result, the explosion-like dynamics may not be accurately
reproduced. In addition, in regions where the vocal mimicry has low amplitude, the
corresponding RMS envelope is likely to cause the synthesized sound to decay too rapidly.

In the results of PronounSE, the timbre of the synthesized attack subtly changes in
accordance with the consonant and vowel characteristics of the vocal mimicry’s attack phase.
On the other hand, harmonic artifacts (appearing as horizontal stripe noise) that are not
characteristic of explosion sounds are observed during the decay phase in the frequency
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Figure 4. Examples of the reference sound, vocal mimicry from six speakers and sounds synthesized
using PronounSE, T-Foley (Chung et al., 2024) and Stable Audio 2.0 (Evans et al., 2024). The
synthesized results are shown in the order of T-Foley, PronounSE and Stable Audio 2.0

range below 2 kHz for the results of m-02 and m-05. The possible causes of these artifacts are
discussed further in Section 7, including the train-inference mismatch and the limitations of
the current loss design.

Similar to PronounSE, the results of SA2 exhibit synthesis that reflects the consonants,
vowels and intensity of the vocal mimicry. However, the overall sound tends to resemble
destructive sounds, such as glass breaking, rather than having the timbre typically associated
with explosions, resulting in a different sound character from PronounSE.

6.2 Quantitative evaluation of synthesized sounds

In this section, we present the quantitative evaluation results of the synthesized sounds,
including both objective and subjective evaluations. We did not compute an explicit inter-
rater agreement statistic in the present study. Instead, to provide a qualitative view of rating
consistency and variability across listeners, we report the score distributions for each MOS
as stacked bar charts in the following subsections.

6.2.1 Fidelity to the target sound. To calculate the FAD scores, we used the 100
reference explosion sounds from the evaluation data set as the evaluation set, and the 600
synthesized samples generated by each model as the test set. This reference set corresponds
to all explosion sounds in our evaluation data set. Although this setup enables consistent
comparison within the present benchmark, we acknowledge that a larger reference set could
provide more stable distributional estimation for FAD. The cosine similarity scores are
calculated between the embedding vectors of each reference explosion sound and its
corresponding synthesized sounds. The mean and standard deviation were then computed for
each model.

To evaluate the fidelity to the target sound subjectively, a listening test was conducted
using ten explosion sounds from the evaluation data set. A total of 350 crowd workers
participated in the experiment, each being assigned one of the ten explosion sounds. They
evaluated the similarity between the assigned explosion sound and the corresponding
synthesized sounds (18 combinations of six vocal mimicry samples and three synthesis
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methods) on a five-point scale: 1 (completely different), 2 (different), 3 (neutral), 4 (similar) APSIPA
and 5 (very similar). Based on these evaluations, the Fidelity MOS was calculated. Transactions on
Table 1 presents the results of the objective evaluation based on FAD and cosine

similarity, and Figure 5 and Table 2 show the results of the subjective evaluation of the 1 Sflgnal a'lnd
fidelity to the target sound. As shown in Table 1, PronounSE achieved lower FAD scores and n orrnagon
higher cosine similarity than the other methods. In the subjective fidelity evaluation results Processing
shown in Figure 5 and Table 2, SA2 achieved the highest Fidelity MOS. However, based on

the results of the three-group test (Friedman test) and post hoc analysis (Nemenyi test), no 475

significant differences were observed between SA2 and PronounSE, except for the cases of
m-02, m-05, and the whole set. On the other hand, the Fidelity MOS of TF was lower than
that of PronounSE and SA2, with a higher proportion of scores rated as 1 (red), indicating
lower fidelity. Therefore, in terms of fidelity, PronounSE demonstrated superior performance
in objective evaluation and achieved performance comparable to SA2 in subjective
evaluation.

To investigate the relation between the objective and subjective scores, we calculated the
correlation coefficients between the objective evaluation metrics (FAD scores and cosine
similarity) and the subjective Fidelity MOS. Table 3 shows the results. A significant negative
correlation was observed between Fidelity MOS and FAD, with a Spearman correlation
coefficient of —0.573(p=0.0129) and a Pearson correlation coefficient of
—0.937 ( p=1.08x 10_8), indicating that lower FAD scores tend to correspond to higher
subjective fidelity ratings. Similarly, a positive correlation was observed between Fidelity
MOS and cosine similarity, with a Spearman correlation coefficient of 0.475 (p = 0.0465) and a
Pearson correlation coefficient of 0.898 (p=4.27 X 10_7), suggesting that higher cosine
similarity tends to be associated with higher subjective fidelity ratings. From these observation,
FAD and cosine similarity are considered sufficient to adequately evaluate the fidelity of the
synthesized sounds to the reference sounds.

6.2.2 Reflection of vocal mimicry nuances. Similar to the subjective evaluation of
fidelity, a listening test was conducted via crowdsourcing with 350 participants. Each
participant was assigned one of the ten explosion sounds and, after listening to the
corresponding vocal mimicry samples from six speakers and the synthesized sounds,
evaluated the reflection of nuances in the synthesized sounds in terms of three aspects: attack,
release and overall impression. The evaluation was performed on a five-point scale: 1 (not
reflected at all), 2 (not reflected), 3 (neutral), 4 (reflected) and 5 (strongly reflected). Based on
these ratings, the Attack MOS, Release MOS and Overall MOS were computed.

Table 4 shows the subjective evaluation results for nuance reflection in the synthesized
sounds with respect to the attack, release and overall impression of the vocal mimicry. For
Attack MOS, PronounSE achieved the highest MOS only for speakers m-01 and m-03, while
SA2 obtained the highest MOS for the other speakers. For Release MOS and Overall MOS,
PronounSE achieved the highest MOS for all speakers. In addition, PronounSE
outperformed TF in all conditions.

Figure 6 shows the score distributions for each MOS. Across all three MOS measures, the
bars corresponding to scores 1-3 (red, orange and yellow) for PronounSE and SA2 are
mostly shorter than those for TF. In addition, for Release MOS and Overall MOS,
PronounSE has fewer responses with score 1-3 than both TF and SA2.

The results suggest that, compared with TF, PronounSE can better reflect the attack and
release nuances of the vocal mimicry in the synthesized sounds. Although SA2 generally
achieved higher Attack MOS than PronounSE, PronounSE obtained the highest Release
MOS and Overall MOS, indicating that PronounSE surpasses SA2 in terms of reflection of
vocal mimicry nuances. On the other hand, despite PronounSE achieving nuance reflection
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Figure 5. Score distributions in subjective evaluations of fidelity. For each speaker, the frequency

distribution of similarity scores between the reference sounds and the synthesized sounds from each

model is shown as a stacked bar chart. The corresponding Fidelity MOS (mean +95% confidence
interval) is displayed next to each bar

Table 2. Fidelity MOS 1 for each speaker. The + indicates the 95% confidence intervals for the scores

Speaker ID TF (Chung et al., 2024) Ours SA2 (Evans et al., 2024)
m-01 1.54+0.09 2.57+0.12 2.67+0.13
m-02 1.29+0.06 2.23+0.11 2.66+0.12
m-03 1.44+0.07 2.67+0.12 2.71+0.12
m-04 1.47+0.08 2.56+0.12 2.68+0.12
m-05 1.57+0.09 2.31+£0.14 2.89+0.12
f-01 1.31+0.07 2.22+0.12 2.52+0.12
Whole 1.44+0.03 2.43+0.05 2.69+0.05

Table 3. Correlation coefficients between Fidelity MOS and FAD scores / mean cosine similarity
(with p-values)

Type of correlation FAD scores Cosine similarity
Spearman —0.573(p=0.0129) 0.475 (p = 0.0465)
Pearson —-0.937 (p=1.08x1078) 0.898 (p=4.27x1077)

MOS around 3 overall, its Fidelity MOS were around 2.5 and slightly lower than those of
SA2, suggesting that fidelity to the target sound depends on how accurately speakers can
mimic the reference sounds.

6.2.3 Naturalness and audio quality of the synthesized sounds. Subjective evaluations
of the naturalness and sound quality of the synthesized sounds were also conducted via
crowdsourcing with 350 participants. Each participant was randomly assigned one of the ten
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Figure 6. Score distributions in subjective evaluations of nuance reflection for attack, release and
overall impression (from top to bottom). For each speaker, the frequency distribution of nuance
reflection scores for the synthesized sounds is shown as a stacked bar chart. The corresponding MOS
(mean + 95% confidence interval) is displayed next to each bar
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explosion sounds and asked to listen to both the assigned explosion sound (ground truth) and
the corresponding synthesized sounds. They then rated the naturalness and quality of the
synthesized sounds as explosion sounds on a five-point scale (Naturalness: 1. very unnatural,
2. unnatural, 3. neutral, 4. natural, 5. very natural; Quality: 1. very poor, 2. poor, 3. neutral,
4. good, 5. very good). Based on these ratings, the Naturalness MOS and Quality MOS for
each method were calculated.

Table 5 shows the subjective evaluation results for the naturalness and audio quality of the
synthesized sounds. For naturalness, PronounSE achieved the highest MOS only for speaker
m-01, while SA2 obtained the highest MOS for all other speakers. In terms of audio quality,
SA2 achieved the highest MOS across all speakers.

Figure 7 shows the score distributions for each MOS. Except for speaker m-01, the bars
corresponding to scores 1-3 (red, orange and yellow) become shorter in the order TF,
PronounSE and SA2, indicating that PronounSE and SA2 yield substantially fewer low
scores than TF.

Taken together, the two MOS measures and their score distributions suggest that SA2
performs best in terms of naturalness as an explosion sound and overall audio quality. For
PronounSE, as described in Section 6.1, harmonic noise artifacts are frequently observed in
the synthesized sounds; this likely increases the number of low ratings (scores 1 and 2,
shown in red and orange) for naturalness and audio quality compared with SA2, resulting in
lower MOS. For TF, the frequent occurrence of low-frequency noise below 100 Hz and
broadband noise, as discussed in Section 6.1, is likewise considered the main reason for its
low MOS in naturalness and audio quality.

6.3 Summary of evaluation results

In all subjective evaluations, PronounSE achieved higher MOS than TF, and the subjective
results for reflection of vocal mimicry nuances showed that PronounSE outperformed SA?2 in
this aspect. These findings indicate that, for nuance reflection, a method that learns
correspondences between spectral feature representations of vocal mimicry and sound effects
is effective. On the other hand, subjective evaluations revealed that, for PronounSE, the
naturalness and audio quality are degraded by noise with a harmonic structure that does not
correspond to the acoustic characteristics of explosion sounds. This is considered to be caused
by the limited amount of audio data available to train the Transformer and the neural vocoder.

In the fidelity evaluation for explosion sounds, clear correlations were observed between
objective and subjective scores, demonstrating the effectiveness of automatic fidelity
assessment using FAD and cosine similarity.

In the subjective evaluation of fidelity, PronounSE achieved slightly lower MOS than
SA2, whereas in the subjective evaluation of nuance reflection, PronounSE obtained the
highest MOS. These results suggest that, even when the synthesized sound reflects the
nuances of the vocal mimicry well, high fidelity to the reference sound is not always
guaranteed. This is likely because fidelity depends not only on the model itself but also on
how accurately the speaker can vocally mimic the reference sound. Therefore, evaluating
only fidelity in vocal-mimicry-based audio synthesis does not adequately capture the
controllability of the model. Consequently, this study highlights the need to evaluate nuance
reflection and fidelity separately.

7. Discussion

In the subjective evaluations, PronounSE consistently outperformed T-Foley and showed
better performance than Stable Audio 2.0 in terms of reflection of vocal mimicry nuances.
On the other hand, cases were observed in which harmonic noise artifacts inconsistent with
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Figure 7. Score distributions in subjective evaluations on the naturalness and sound quality of the

synthesized explosion sounds (top: Naturalness MOS, bottom: Quality MOS). For m-01, the subjective

evaluation results for Ground Truth are shown above. For each speaker, the frequency distribution of

subjective scores is presented as a stacked bar chart. The corresponding MOS (mean + 95% confidence
interval) is displayed next to each bar

the acoustic characteristics of explosion sounds were generated by PronounSE, degrading
the naturalness and audio quality of the synthesized sounds. In the fidelity evaluation, clear
correlations were found between objective measures (FAD and cosine similarity) and
subjective ratings, supporting the validity of these metrics for automatic fidelity assessment.
Trade-off between fidelity and nuance reflection: Stable Audio 2.0 achieved higher
fidelity to the target sound than PronounSE, whereas PronounSE received higher scores for
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reflection of vocal mimicry nuances. This contrast suggests that agreement with the reference APSIPA
sound and following the intent encoded in the input cannot always be maximized at the same  Transactions on
time. PronounSE readily transfers the temporal structure and timbral variations of the vocal

Signal and
mimicry to the output, but the degree of agreement with the reference sound largely depends & .
Lo . Information
on how accurately each speaker can mimic it. In other words, even when the synthesized 3
sound reflects the nuances of the vocal mimicry well, high fidelity to the reference sound is Processing
not always guaranteed. This is likely because reproducing the reference sound itself depends
strongly on how faithfully the input vocal mimicry captures the reference. Overall, these 483

results indicate that, in vocal-mimicry-based audio synthesis, fidelity and nuance reflection
should be evaluated as separate criteria.

Speaker diversity and mimicry-skill dependence: A related limitation is the restricted
speaker diversity of the current training data set. The training data consist of three male
speakers, and the numbers of vocal mimicry samples are not balanced across speakers. In
practice, vocal mimicry styles can vary substantially across individuals, for example, in
fundamental-frequency characteristics and articulation style, as well as in whether the
imitation is more percussive or more speech-like. Such variability may affect how well the
model generalizes across speakers and may partly increase its dependence on the speaker’s
mimicry skill. Constructing a data set that captures broader speaker diversity will therefore
be an important direction for reducing this dependency in future work.

Harmonic noise artifacts in PronounSE: The synthesized explosions sometimes contained
pitched, harmonic noise that did not match typical explosion characteristics, which degraded
perceived naturalness and audio quality. In a diagnostic experiment, ground-truth explosion
Mel-spectrograms resynthesized with the trained HiFi-GAN did not exhibit such noise. This
suggests that the artifacts mainly stem from the Transformer, likely due to over-generation of
periodic structure in the predicted Mel-spectrograms rather than from the vocoder itself. A
plausible cause is the limited size and diversity of the explosion training data, which may
underrepresent inharmonic noise events and bias the model toward harmonic patterns. Another
possible factor is the mismatch between teacher-forced training and autoregressive inference,
which may introduce exposure bias and accumulate prediction errors during sequential
generation. In addition, the current simple ],-based objective may be insufficient to discourage
undesired harmonic structure in the predicted Mel-spectrograms. Possible remedies therefore
include enlarging and diversifying the training set, refining loss functions and regularization to
better handle inharmonic components, mitigating the train-inference mismatch, and introducing
quantitative checks on generated Mel-spectrograms, such as harmonicity measures or spectral-
slope statistics, to monitor and constrain their quality.

Relationship between objective metrics and subjective evaluations: Correlations observed
between subjective ratings and both FAD and cosine similarity in the fidelity evaluation
suggest that these objective metrics are reasonably valid as automatic measures of similarity
to the reference sound. To use subjective evaluations more efficiently, a key future task is to
design objective metrics that more directly capture nuance reflection. Possible candidates
include measures of agreement between the temporal (energy) envelopes of the vocal
mimicry and the synthesized sound (e.g. correlation or Dynamic Time Warping distance),
and measures of how closely the Mel-spectrogram patterns of the two signals match.
Similarity in an acoustic embedding space between vocal mimicry and synthesized sounds is
another promising option. Introducing such metrics would extend the current framework
from automatic evaluation of fidelity to a scheme that also quantifies how well input nuances
are reflected in the synthesized sounds.

A further limitation of this study is that our experiments are restricted to explosion
sounds. Thus, the present work should be regarded as a case study on sound effect synthesis
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from language-independent vocal mimicry, and the applicability of PronounSE to other
sound effect categories remains an important topic for future work.

8. Conclusion

This study proposed PronounSE, a sound-effect synthesis method that generates sound
effects from vocal mimicry imitating a reference sound and can reflect nuances contained in
the input. Focusing on explosion sounds, we construct a training data set for PronounSE and
prepare an evaluation data set suitable for both subjective and objective evaluations, thereby
establishing a reproducible evaluation environment. Subjective evaluation results showed
that PronounSE consistently outperformed T-Foley and achieved higher ratings than Stable
Audio 2.0 in terms of reflection of vocal mimicry nuances, while Stable Audio 2.0 yielded
superior scores for fidelity to the target sound (agreement between reference and synthesized
sounds), suggesting a potential trade-off between fidelity and nuance reflection. In addition,
strong correlations were observed between objective measures (FAD and cosine similarity)
and subjective ratings in the fidelity evaluation, supporting the validity of automatic fidelity
assessment based on these metrics.

Future work includes conducting user studies with sound designers to examine the
practical usefulness of PronounSE in real production workflows. Beyond the quality, fidelity
and nuance reflection of synthesized sounds, such studies should consider additional axes,
such as usability, time, the number of iterations required to achieve intended nuances and the
impact on the creative process. Production-oriented tasks combined with qualitative
feedback (e.g. open-ended comments and interviews) will be important for clarifying
PronounSE’s practical utility and for identifying design issues, such as the difficulty of vocal
input or desired forms of system feedback.

Accordingly, the present work should be regarded as a case study on explosion sounds
rather than a full validation across sound-effect categories. Nevertheless, it is essential to
verify the applicability of PronounSE to other sound-effect categories (e.g. impacts,
footsteps, machinery and scraping sounds) to clarify its practical scope. In addition, there
remains a large room to improve synthesis quality, such as reducing harmonic noise, by
expanding and diversifying the training data and refining loss functions and regularization.
Finally, developing objective metrics that more directly capture nuance reflection is required,
for example, by measuring temporal-envelope agreement or spectral consistency between
vocal mimicry and synthesized sounds.
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Notes

[1.] www.audiokinetic.com/en/wwise/overview/

[2.] www.krotosaudio.com/reformer-pro/

[3.] https://tsugi-studio.com/web/en/products-gamesynth.html
[4.] https://lumalabs.ai/dream-machine

[5.] https://sora.chatgpt.com/
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Transactions on

[7.] www.mturk.com/
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[8.] https:/freesound.org/ Information

[9.] An environmental sound data set collected from Freesound, consisting of 2,000 five-second Processing
audio clips (40 samples for each of 50 classes).

[10.] https://cine-tools.com/explosions/. This library provides cinematic, heavily designed explosion 485

sound effects intended for film/game production, including destruction- and debris-like elements.
[11.] https://doi.org/10.5281/zenodo.20283840
[12.] www.zoom.co.jp/ja/products/handy-recorder/h4nsp-handy-recorder
[13.] https://zoomcorp.com/en/us/handheld-recorders/handheld-recorders/h4essential/
[14.] https://github.com/Jinmaro/PronounSE
[15.] https://github.com/YoonjinXD/T-foley
[16.] https://stableaudio.com/

[17.] These audio samples are available at https://jinmaro.github.io/PronounSE_demo/
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