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ABSTRACT

In recent years, text-to-audio models have revolutionized the field
of automatic audio generation. This paper investigates their ap-
plication in generating synthetic datasets for training data-driven
models. Specifically, this study analyzes the performance of two
environmental sound classification systems trained with data gen-
erated from text-to-audio models. We considered three scenarios:
a) augmenting the training dataset with data generated by text-to-
audio models; b) using a mixed training dataset combining real and
synthetic text-driven generated data; and c) using a training dataset
composed entirely of synthetic audio. In all cases, the performance
of the classification models was tested on real data. Results indi-
cate that text-to-audio models are effective for dataset augmenta-
tion, with consistent performance when replacing a subset of the
recorded dataset. However, the performance of the audio recogni-
tion models drops when relying entirely on generated audio.

Index Terms— Text-to-audio generative models, synthetic
dataset, environmental sound classification, data augmentation

1. INTRODUCTION

In the past few years, Text-To-Audio (TTA) models have become
the new state-of-the-art for what concerns machine learning-based
sound synthesis. TTA models are deep learning generative systems
designed to generate audio samples based on textual descriptions,
commonly referred to as prompts, which are given as input to the
models. Several TTA models have been proposed to generate high-
quality, realistic audio samples. Pioneering models include Audio-
Gen [1], an auto-regressive generative model, and AudioLDM [2],
based on a latent diffusion model [3]. AudioLDM2 [4], a more
sophisticated version of AudioLDM, has been recently proposed.
Other TTA systems include Tango [5], Make-an-Audio [6], and Au-
diobox [7].

Thanks to the high-quality generated audio and ease of use,
TTA models have been applied to a wide variety of diverse do-
mains such as augmented and virtual reality [8], foley sound gen-
eration [9], among others. The versatility of these models makes
them potentially applicable to the task of synthetic dataset gener-
ation or data augmentation for deep learning models, particularly
in cases where data collection is challenging due to privacy con-
cerns or limited data availability. In fact, one limitation of data-
driven approaches is the need for large amounts of labeled train-
ing data to reach good performances. Unfortunately, dataset ac-
quisition and labeling are time-consuming and biases-prone proce-
dures [10]. Several studies in the field of sound recognition have
shown that augmenting the original dataset with synthetic data dur-
ing the training phase improves system generalization and enhances
performances [11, 12, 13, 14, 15]. The synthetic data considered
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in previous works were generated using signal-processing-based
or audio-mixing tools for synthesizing soundscapes, such as Sca-
per [11] or Pyroadacoustics [16]. These techniques require the man-
ual tuning of different parameters of the sound generation proce-
dure [11, 16], potentially making the process even more cumber-
some and error-prone. The introduction of TTA models could be
beneficial as they have the potential to overcome these limitations
by allowing the generation of the desired audio content through nat-
ural language. However, the literature related to the use of TTA for
dataset generation is still limited. In [17], Kroher et al. trained a
music genre classifier on a fully artificial music dataset generated
with MusicGen [18], a text-to-music generation model. The study
focused on 5 music genres and the results show that the classifier
effectively generalized features learned from artificial data to real
music recordings. In [19], the authors fine-tuned AudioLDM to
generate both normal and anomalous sounds, which were included
in the training dataset for the anomalous sound detection task. The
results indicate that generative sounds are promising to achieve per-
formances comparable to state-of-the-art models.

Motivated by these positive preliminary findings [17, 19], this
paper investigates how to leverage TTA models in the field of Envi-
ronmental Sound Classification (ESC) [20]. ESC refers to the task
of classifying environmental sounds that can be presented in an au-
dio clip. In our opinion, ESC is an ideal application area to inves-
tigate the possibility of including TTA-generated synthetic data for
two reasons: TTA models can generate all the sound types present
in most ESC datasets; ESC can be considered between the sim-
plest scenarios among the ones considered by the DCASE commu-
nity. Therefore, it is naturally the first one to address before tackling
more complex tasks.

Concurrently to our work, a similar research study addressed
the problem applied to speech modeling and audio recognition [21];
here we specifically focus on the ESC task. We consider two state-
of-the-art deep learning models for ESC and analyze how their per-
formances vary when TTA-generated data are included as part of the
training dataset according to different methodologies: 1) using TTA
to perform data augmentation; 2) using TTA data as the sole source
of training data; 3) mixing TTA-generated and real data. Audio
samples and the code used for this study are available on GitHub'.

2. EXPERIMENTAL PROCEDURE

In this section, we briefly introduce the TTA models selected for the
dataset generation, the prompt strategies for generating it, and the
dataset generation process. Sec. 2.4 briefly introduces the used ESC
model architectures.

Thttps://ronfrancesca.github.io/Text-to-Audio-ESC/
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Figure 1: US8K dataset classes distribution per each fold. Colors
represent the different sound classes, specified in the legend.

2.1. Text-to-Audio models

We selected two pre-trained models for generating the dataset: Au-
dioGen [1] and AudioLDM2 [4].

AudioGEN is an auto-regressive model that learns a discrete
representation of raw audio through an auto-encoding procedure.
It then generates audio using a transformer model applied to the
learned representation, conditioned on textual features [1].

AudioLDM?2 is a continuous latent-diffusion model condi-
tioned via CLAP [22], which removes the need for paired audio-text
data during the training process.

2.2. Synthetic dataset generation process

UrbanSound8K (US8K) [23] is the dataset selected for this study.
Along with ESC-10 and ESC-50 [24], they serve as the primary
datasets used as benchmarks for ESC tasks. The size of US8K
makes it more appropriate for training deep learning models com-
pared to ESC-10 and ESC-50, mainly used for evaluation. US8K
contains 8732 labeled sounds of 4 s maximum duration of urban
sounds from 10 classes. The dataset is divided into 10 folds, used
for leave-one-out cross-validation at evaluation time. Fig. 1 re-
ports the sound classes and their distribution in folders. We gen-
erated four versions of the US8K dataset: two with AudioLDM?2
and two with AudioGen. For each of them, we first generated the
total amount of data and then randomly divided it into 10 folds,
following the same distribution of USSK.

2.3. Prompt templates

We generated the dataset using two prompt strategies. Both strate-
gies employ a single-instruction sentence containing a sound gen-
eration instruction in an urban context, specifying the desired au-
dio class. We explored various templates and informally listened
to the generated audio to determine which prompt was the most
effective. The first strategy’s template is: “A clear sound of a
<class_to_generate> in an urban context.” The template and the
adjective choice are based on suggestions from the AudioLDM?2
authors’ guidelines® and studies related to prompt tuning for sound
classification [25]. Notably, the use of the adjective clear is sup-
ported by frequency counts of training data and by its use in other
studies [26]. The second strategy uses ChatGPT 3.5 Large Lan-
guage Model (LLM), which is asked to generate a single sen-
tence to be used as input for a TTA model. Different studies have

Zhttps://huggingface.co/docs/diffusers/main/en/api/pipelines/audioldm2
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Table 1: Data augmentation comparison between signal-processing-
based and TTA-based strategies.

Data aug. method | Accuracy (CNN) | Accuracy (CRNN)

USSK-PS 66.49 (0.60) 65.01 (0.95)
USSK-TS 64.14 (0.80) 62.63 (1.80)
USSK-AudioGen 68.42 (0.71) 65.18 (0.87)
US8K-AudioGengy 68.88 (0.50) 65.39 (0.63)
USSK-AudioLDM2 68.04 (0.63) 63.41 (0.99)
USSK-AudioLDM2p 69.64 (0.91) 64.69 (0.53)
USSK (Baseline) | 64.68(0.82) |  62.70 (0.65)

shown that using an LLM provides diverse and contextually rich
prompts [27, 28]. The prompt template suggested by the LLM
was: “Generate a realistic audio representation of the sound of a
<class_to_generate> in an urban environment”. For AudioLDM?2
we also used “Low quality” as a negative prompt, following the au-
thors’ guidelines and implementations in other domains [29]. De-
pending on the sound class, the templates were adapted to include
repetitive sounds for consistency with the study’s padding strategy
(e.g., dog bark or car horn) or to better specify a sound that might
confuse its generation (e.g., siren). The same templates were used
for AudioGen to ensure consistency. However, AudioGen does not
involve the use of a negative prompt. We are conscious of the fact
that handcrafted prompts proposed to generate the data could be a
limitation of the current study [30]. Alternative prompt strategies
will be considered in future works.

2.4. Model Architectures

We purposely select two simple, yet still relevant, architectures for
ESC classification since our objective is to focus as much as pos-
sible on the quality of the data and not on the complexity of the
architectures. Specifically, we considered a Convolutional Neural
Network (CNN) and a Convolutional Recurrent Neural Network
(CRNN) as ESC models. The CNN is implemented following a
similar structure as the one presented in [31]. It is composed of
three convolutional layers, each followed by a max-pooling opera-
tion, except the last layer. The kernel size, max pooling operation,
and dropout parameters are the same as [31]. The CRNN is inspired
by [32]. It is composed of seven convolutional blocks followed by
a bidirectional GRU layer and a dense layer that generates the final
output. We used the same parameters and configuration proposed
in [32]. For consistency, the input of both networks consists of TF
patches of 3 s taken from the log mel-spectrogram computed from
the audio input, as in [31]. All the sounds of US8K have been re-
sampled to 16 kHz, being this the frequency at which the selected
TTA models generate sounds. We computed the STFT considering
a Hann window of 1024 samples, and 2048 frequency points. We
used 64 mel-bands for the log mel-spectrogram with a frequency
range between 0 Hz and 8000 Hz. Both networks have been trained
for 100 epochs, with batch size of 128 and an early stop condition
with patience on the validation loss of 15 epochs. We considered
Adam optimizer with a learning rate of 0.001. Samples shorter than
4 s have been padded by repeating the sample until reaching the de-
sired time length. Our implementation of the networks is slightly
different than the originals so, as is common in practice, results will
not be exactly the same as the original paper.
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Figure 2: Classification accuracy when varying the size of the TTA-
generated augmentation dataset. Error bars represent 95% confi-
dence intervals over 5 runs of the experiment.

3. EXPERIMENTS AND RESULTS

This section describes the experiments designed to understand to
what extent the TTA-generated dataset impacts the performance of
ESC learning-based models. All results are averaged over 5 differ-
ent runs of the whole 9-fold cross-validation. When referring to the
baseline, we mean the ESC models trained with the original version
of the US8K dataset.

3.1. Can TTA-augmented datasets increase the accuracy of
ESC models?

This first experiment aims to understand how the integration of
TTA-generated audio samples as a data augmentation technique af-
fects the accuracy of the considered ESC systems. Data augmen-
tation is a common technique used in ESC tasks to increase and
diversify the dataset and improve the performance. Different tech-
niques have been proposed in previous years [31, 33] using signal
processing-based methods.

To investigate this, we trained the two networks with the orig-
inal US8K dataset by augmenting it with one version of the TTA-
generated datasets. We also compared the results with two signal
processing data augmentation techniques: Time Stretching (TS),
which is the process of changing the speed of an audio signal with-
out affecting its pitch, and Pitch Shifting (PS), which is the process
of changing the pitch without affecting the speed of the audio sam-
ple. While it would have been possible to compare with several
augmentation techniques, we chose TS and PS since they are well
established in the literature [33]. For this study, we considered the
same range of values of PS1 and TS in [31]. In all experiments, for
each file, we randomly select only one PS and TS value between
the four values proposed in [31] to double the USKS size. Table 1
reports the accuracy results for the data augmentation techniques
considered. USK-PS and USK-TS stand for PS and TS applied to
the US8K dataset, respectively. The last row indicates the accuracy
of the ESC systems trained with only the original US8K dataset.
The results show that almost all the TTA-based augmentation tech-
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Table 2: Models accuracy when trained only with synthetic data.

Training dataset | Accuracy (CNN) | Accuracy (CRNN)

AudioGen 40.32 (0.29) 38.79 (1.24)
AudioGengp 46.04 (0.71) 43.96 (1.36)
Audiol.DM2 38.81 (0.56) 36.11 (1.11)
AudioLDM2g 38.49 (1.21) 32.86 (1.01)
USSK (Baseline) |  64.68(0.82) |  62.70 (0.65)

niques reach higher performances compared to the signal process-
ing ones. For both models, the best accuracy scores are reached
when GPT-based datasets are considered as data augmentation. The
CNN model yields its optimal performance when augmented with
AudioLDM2,, achieving nearly a 5% increase in accuracy over the
baseline. For the CRNN model, the best results are obtained using
AudioGengp, reaching a 3% enhancement compared to the baseline.
Signal processing data augmentation techniques consistently yield
inferior or comparable performances. These findings suggest that
incorporating TTA-generated audio samples as a data augmentation
technique enhances the performance of the ESC system.

Motivated by these results, we perform a further experiment
to understand if increasing the size of the TTA-generated dataset
leads to a corresponding increase in performance. We consecutively
double the size of the data used for augmentation, up to 400% the
original size. We increased the size of the dataset following the
same distribution of US8K. Results are reported in Fig. 2, where
100% corresponds to the previous experiment.

Although the CRNN shows improved performance when the
original dataset is augmented by 200% to 300% with data from one
of the two AudioGen-generated versions, no clear trend is observed
for either model. These results suggest that using TTA models for
data augmentation is not trivial and requires further investigation.

3.2. Can we rely on only TTA-generated data to train an ESC
system?

Motivated by previous results, we explore if TTA-generated data
alone can effectively train an ESC system. We trained the ESC
models with the different TTA-generated versions of the dataset
and tested the models on real data. Table 2 reports the accuracy
for the different cases compared with the baseline. The baseline
achieves the best performance. However, it is worth noticing that
both ESC models (when trained with synthetic data) achieve their
highest accuracy when using AudioGengy, dataset. This emphasizes
the preference for AudioGen as a TTA model as a dataset genera-
tor for ESC. In contrast, using AudioLDM?2 results in inferior per-
formance. However, the results suggest that depending solely on
TTA-generated datasets is not yet feasible. Our intuition is that do-
main adaptation between the TTA-generated used for training and
real data used for testing impacts the performances and this will be
explored in future investigations.

As for the previous experiment, we analyzed if the threshold for
achieving baseline performance might be influenced by the quantity
of data used at training. Also in this case, we incrementally dou-
bled the dataset size to train models with up to 400% of synthetic
data. As reported in Fig. 3, increasing the number of audio data
is useful up to 2-3 times the original dataset size, confirming the
previous case experiment. Also in this case, both networks achieve
higher performances when trained with AudioGen dataset versions,
suggesting that AudioGen has the capabilities of generating more
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Figure 3: Classification accuracy when varying the size of the train-
ing dataset composed of only TTA-generated data. Error bars: 95%
confidence intervals over 5 experiment repetitions.

realistic audio data that can be used to train ESC models that will
then be able to better generalize to real-world data.

3.3. To what extent real data can be safely replaced by synthetic
data generated through TTA models?

Previous findings showed that datasets generated through TTA
models can enhance performance when used for data augmentation,
but solely using synthetic data is not sufficient for effectively train-
ing an ESC model. These observations make us wonder if there is
a threshold at which synthetic data can effectively replace real data,
allowing an ESC model to achieve baseline or better performance
while requiring less real data. To investigate this, we conducted
several experiments where we incrementally replaced one or more
folders of the real US8K dataset with corresponding TTA-generated
synthetic folders. Starting with replacing one folder and progressing
up to eight folders, we ensured that at least one folder of real data
was always included in the training dataset. The folder to be re-
placed was randomly selected for each iteration of the single exper-
iment. Results are reported in Fig. 4. The straight line indicates the
baseline performance. Both ESC models have a similar trend: with
up to nearly 20% of real data replaced by synthetic data, the perfor-
mance is comparable and slightly better for the CRNN. However,
beyond this point and up to almost 50% replacement, the accuracy
begins to decrease, losing nearly 10%. A noticeable drop in perfor-
mance occurs beyond the 50% replacement level, with the decline
becoming steeper as more real audio files are replaced, ultimately
reaching a performance level similar to the experiment described in
Section 3.2 when 8 out of 9 folders are replaced. It is worth not-
ing that the AudioGeng, version of the dataset allows the model to
maintain comparable performance even when about 40% of the data
is synthetically generated.

4. DISCUSSION

The results show that when training ESC models, TTA-generated
data are useful when used to augment or replace part of the real
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Figure 4: Classification accuracy when incrementally replacing
US8K folders using TTA-generated data. Error bars: 95% confi-
dence intervals over 5 experiment repetitions.

dataset, but they are not ready to completely replace it. While a
complete analysis of the reason behind this is out of the scope of
this paper and would require further investigations, we report here a
few anecdotal causes that we encountered. TTA models do not gen-
erate audio related to all the classes with the same effectiveness. For
example, a dog barking is better reproduced compared to an audio
clip of street music; hammer and air conditioning sounds might be
too similar, etc. This is probably part of the reason why the perfor-
mance drastically drops when only generated data are used during
training. We also conducted a preliminary experiment by remov-
ing the street music class from the dataset (both training and eval-
uation), which is the most problematic class. However, no better
results were obtained.

Interestingly, the results of this study are in line with the out-
come of a parallel study that came out at the time of writing [21],
where it is reported a consistent drop in performances when using
only synthetic data for similar tasks.

5. CONCLUSIONS AND FUTURE WORKS

This paper investigates the impact of incorporating Text-To-Audio-
generated datasets into the training process of ESC systems. We
conducted various experiments to explore different methods of in-
tegrating and replacing the original dataset with additional training
data generated with TTA models. The results show that generated
datasets are beneficial when used as data augmentation techniques,
but are not ready to be used as the only source of data during train-
ing. When replacing part of the real dataset with synthetically gen-
erated data, the results are comparable to the baseline up to 10-20%
of the data, depending on the ESC model and TTA used. We be-
lieve that the obtained results motivate further investigations on the
topic. In fact, as the quality of TTAs increases, it is likely that such
a training set synthesis approach will be more and more beneficial.
Future works will include the exploration of more advanced prompt
engineering strategies and the investigation of fine-tuning methods
to improve the generation capabilities of TTA models.
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