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Abstract: We investigated and compared two agent-based evolutionary models for sexual selec-
tion of Blue-and-white Flycatcher songs, based on Variational Autoencoder (VAE) and Text-To-
Audio (TTA) models. In the TTA evolutionary model, we extended the numerical genotypes from
the previously proposed VAE-based model to textual genotypes for generating audio using Stable
Audio Open 1.0, and applied mutations using a large language model (Gemma-2). The preliminary
results of evolution experiments indicate that while the VAE evolutionary model can drive differ-
entiation in genotypes and phenotypes under sexual selection, it tends to produce homogenized
evolved songs due to inherent selection pressure favoring well-reconstructed and clear vocalizations
near the latent space origin. In contrast, the Text-To-Audio evolutionary model promotes greater
genotype diversity and fosters the creation of novel genes, while preserving the core characteristics
of the original Blue-and-white Flycatcher songs. This allows the model to balance genotype and
phenotype differentiation, demonstrating its potential to effectively capture the evolutionary com-
plexity of natural vocalizations.

1 INTRODUCTION
Agent-based modeling has contributed significantly to
our understanding of the evolutionary dynamics of so-
cial behaviors, particularly the emergence of commu-
nication through various signaling mechanisms. These
models demonstrate how simple interaction rules among
agents and population-level evolutionary processes can
yield complex evolutionary phenomena. However, the
nature and complexity of signals in these models often
differ from those observed in real-world communica-
tion systems.

Deep learning techniques are contributing to com-
putational bioacoustics [1], and generative models have
recently been used in the study of animal commu-
nication and ecoacoustics. Variational Autoencoders
(VAEs) [2] have demonstrated effectiveness in mod-
eling latent variables in both experimental and real-
world acoustic data [3] and have recently shown promise
in synthesizing bird songs [4]. Gibbons et al. ex-
plore generative AI models, such as Auxiliary Classi-
fier Generative Adversarial Networks (ACGAN) and
Denoising Diffusion Probabilistic Models (DDPMs),
to enhance bioacoustic species classification, particu-
larly in challenging, noisy environments [5].

Recently, another emerging generative audio model,
Text-To-Audio (TTA), such as models like AudioGen
[6] and Stable Audio [7], has recently gained atten-
tion for its ability to synthesize general audio based
on textual descriptions. While it has progressed in
music generation and human speech creation, its ap-
plication to animal sound generation remains limited.
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Figure 1: Recording field.

Also, with the rapid development of large language
models (LLMs), their generative capabilities can be
used in the process of genetic mutation within evo-
lutionary models. Fernando et al. proposed a frame-
work that utilizes prompts to describe mutation meth-
ods, effectively enhancing genetic evolution [8].

Our objective is to extend agent-based evolution-
ary models by harnessing the rich and realistic gen-
erative capabilities of generative models and to ex-
plore potential interactions with real ecological sys-
tems. As a preliminary approach, Suzuki et al. con-
structed a novel agent-based evolutionary model for
animal vocalizations utilizing generative models, ex-
emplified through case studies on several species (e.g.,
Japanese Bush-warbler (Horornis diphone) [9], Spot-
ted Towhee (Pipilo maculatus)[10]). They focused
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on a sexual selection process inspired by Higashi et
al. [11] where male song and female preference geno-
types were represented as vectors within the 2D latent
space of a Variational Autoencoder (VAE) trained on
the focal species. Spectrogram images generated from
these vectors were interpreted as vocalizations and
song preferences. Females probabilistically choose males
based on the similarity between the spectrogram im-
ages of male songs and their own preference spectro-
gram images. The results indicated that clear and
moderately complex vocalizations were preferentially
selected during the evolutionary process and some-
times exhibited segregation of the population, which
may lead to sympatric speciation. However, their evo-
lutionary model still faces several limitations. First,
the evolutionary process is strongly constrained by the
limitations of the latent space, leading to rapid pop-
ulation convergence. Second, the diversity in gener-
ated songs (phenotypes) is restricted to interpolations
within the training data space.

Figure 2: Original sound clips of Blue-and-white Fly-
catcher.

This study employs a Text-To-Audio (TTA) gen-
eration model to investigate the evolutionary dynam-
ics of vocal signals and preferences in sexual selection.
It incorporates a more flexible genetic space based
on linguistic expressions and diverse vocal represen-
tations. As an initial step, we replace the phenotype
mapping component in Suzuki and Arita’s sexual se-
lection model, which originally used a VAE with nu-
merically encoded genes, with a TTA generation sys-
tem that employs natural language-based genetic rep-
resentations.

We fine-tune the Text-To-Audio model, Stable Au-
dio Open 1.0 (Stability AI) [7], using a dataset of
Blue-and-white Flycatcher (BWFL) songs. The trained
model is expected to generate songs that share char-
acteristics with, but are not identical to, those of the
focal species, based on various textual descriptions of
the species’ songs. These descriptions serve as genes
encoding both male songs and female preferences. Ad-
ditionally, we utilize a Large Language Model (LLM),
Gemma-2 (Google) [12], to express genetic mutations
in textual form. We first demonstrate how these mod-
els generate songs resembling BWFL songs. Then,
through preliminary evolutionary experiments using
these models, we examine the effects of different gen-

erative models on evolution within individual-based
evolutionary models.

2 METHODS

2.1 Field recording and dataset
Field recordings of the Blue-and-white Flycatcher were
conducted in the Inabu Field, an experimental for-
est of the Field Science Center, Graduate School of
Bioagricultural Sciences, Nagoya University, in cen-
tral Japan (Fig. 1). The recordings were conducted
on June 5th, 2024, using a 16-channel microphone ar-
ray system (Chirpy type-S; System in Frontier Inc.)
in 16-bit, 16 kHz format. We manually selected 100
sound clips of the songs from the recording (11:00 AM
to 11:20 AM on June 5, 2024) as the training samples
(Fig. 2). The duration of each clip was 4 seconds.

2.2 Generative audio models
We constructed two generative audio models using the
dataset above. The construction process is outlined
as follows.

2.2.1 Training Variational Autoencoder model

Figure 3: Song distribution within the latent space of
Blue-and-white Flycatcher songs, with feature vectors
represented by spectrograms. Songs near the origin in
the center are most similar to natural songs.

The first model, built from the recorded songs, em-
ploys a convolutional variational Autoencoder (VAE),
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as described by Suzuki et al. [10]. This model features
an encoder with eight convolutional layers and three
fully connected layers that compress the information
into two dimensions, along with a decoder that mir-
rors the architecture of the encoder [13].

The 100 4-sec sound clips were converted into 496
x 128-pixel grayscale sound spectrogram images and
used as the training dataset. A representative spec-
trogram was generated from the corresponding coor-
dinate position in the 2-dimensional latent space and
mapped onto the same coordinate system (Fig. 3).

2.2.2 Fine-tuning Text-To-Audio model

Figure 4: An example sound generated using the fine-
tuned Stable Audio Open 1.0 model, with the prompt
"The bird song of a Blue and White Flycatcher in the
quiet forest in the morning.".

The second model, introduced in this study, in-
volves fine-tuning the pre-trained Stable Audio Open
1.0 (Stability AI). This Text-to-Audio generative model
utilizes transformer diffusion techniques, allowing it to
produce artificial sounds based on text prompts [7].

We used the audio files of the above 100 sound
clips. We paired these files with a text description
(prompt), "The bird song of a Blue and White Fly-
catcher in the quiet forest in the morning," for train-
ing across 30 iterations. Fig. 4 illustrates an example
of an artificial bird song generated by this fine-tuned
model with this text prompt. While preserving the
original timbre, the generated sounds seem to incor-
porate features from multiple original song samples.

Fig. 5 also shows several examples of the song
spectrograms generated by the models before and af-
ter fine-tuning using different additional prompts with
various descriptions of songs, such as “lonely, and quiet".
The generated sounds with the original model appear
to be vocalizations of some species, but they differ
from those of BWFL. After fine-tuning, the gener-
ated songs have diverse and unique acoustic struc-
tures while retaining the properties of BWFL songs.
In addition, while it is not clear, there seems to be
some similarity in the sound structures (e.g., temporal
changes) between the sounds produced with the same
prompt. This indicates that the additional descrip-

Figure 5: The generated songs from the original and
fine-tuned TTA models. A) Before training with the
same prompts.; B) After training.

tions in each prompt, at least in part, are reflected in
the acoustic properties of the generated songs, which
implies that different prompts can bring about diverse
BWFL-like songs.

2.3 Evolutionary model of bird songs
using the generative audio models

First, we describe the original evolutionary model by
Suzuki et al. [10], which uses a VAE. Then, we present
the extended version incorporating a Text-To-Audio
model and a large language model (Fig.6).

2.3.1 Evolutionary model based on VAE

In this evolutionary model (Fig.6 (left)), each indi-
vidual has two real-valued genes. We assume the two
populations, each composed of N males and N fe-
males, respectively. Each gene represents a 2D vec-
tor (or position) in the latent space, described by a
pair of (x, y) coordinates (Fig.3). One gene is used
to generate a song spectrogram vocalized by a male,
and the other is used to generate a female preference
spectrogram using the VAE with (x, y) as the latent
vector. In the initial population, both genes’ x and y
coordinates are generated randomly within the range
[−W,W ]. Females select one male from all males with
a probability proportional to exp(−β · x), where x
is the average difference in pixel values between the
male’s song spectrogram and the female’s preference
spectrogram, and β is a coefficient. Therefore, fe-
males stochastically select the male whose song is clos-
est to their preference spectrogram. One male and
one female offspring are produced from the parental
genes, with recombination and mutation effects in-
cluded. Recombination is modeled as BLX-α crossover
[14] with a probability pc, a crossover method de-
signed to produce offspring genes by combining the
characteristics of the parents’ real-valued genes within
a defined range. Mutation is modeled as a normal ran-
dom value with a mean of 0 and a standard deviation
σ, occurring in each gene with a probability pm. The
trials are conducted over T generations.
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Figure 6: Evolution models based on VAE and Text-To-Audio model.

2.3.2 Evolutionary model based on Text-To-
Audio model

Unlike the VAE-based evolutionary model, each indi-
vidual consists of two three-word text genes describing
some properties of songs (e.g. “sweet, bright, com-
plex"). One is a gene used to generate a song vocal-
ized by a male, and the other is a gene used to gen-
erate a female preference song (Fig.6 (right)). The
gene expression involves utilizing the vocalizing gene
or preference gene to construct a prompt for generat-
ing a song of BWFL. The prompt is formatted as:

The bird song of a Blue-and-white Fly-
catcher, which is {word1}, {word2}, and
{word3}.

This prompt is used to generate a corresponding song
using the fine-tuned model of Stable Audio Open 1.0,
as mentioned above. This prompt can help the gen-
erated songs closely resemble the original songs of the
Blue-and-white Flycatcher while being different from
them. It should be noted that our goal is not to cre-
ate songs that directly match the described proper-
ties, but rather to use the creative ability of the TTA
model to generate novel BWLF-like songs guided by
these descriptions.

A mutation is performed on each text gene of par-
ents using a large language model named Gemma-2-
9b-it, which is a 9-billion-parameter instruction-tuned
model developed by Google and available from Hug-
ging Face 1. The mutation was guided by a defined
prompt with a probability pm. The used prompt is as
follows:

Please partially modify the following three
words to describe a bird song. The out-

1https://huggingface.co/google/gemma-2-2b-it

put must consist of exactly three words
formatted as: word1, word2, word3. Do
not include explanations, introductions, or
additional symbols. The original descrip-
tion is: {text gene}.

Recombination will exchange partial words between
the two vocalizing genes or the two preference genes
of the parents with a probability pc. Each gene in
the initial population was randomly generated by the
LLM as three words describing a birdsong.

3 Results

3.1 Evolutionary experiment based on
VAE model

For the VAE evolutionary model, we used the param-
eter settings as follows: N = 20, W = 5.0, β = 0.3,
α = 1.1, T = 80, pc = 0.5, pm = 0.15, and σ = 0.2.
The analysis of several trials showed that the male vo-
calizing genes and female preference genes tended to
cluster one (Fig. 7 C) or two groups (Fig. 7 B) from
the initial population in each trial. Both song and
preference genes converged to similar positions. The
distribution of genes varied significantly across trials,
so additional experiments were conducted to identify
overall trends. Fig. 8 (A) shows the frequency distri-
bution of the vocalization genes of the last generation
of males in 100 trials, using a kernel density estimation
(KDE). Fig. 8 (B) shows a measurement of the Acous-
tic Complexity Index (ACI) [15] for the spectrograms
in the latent space. The Acoustic Complexity Index
(ACI) measures temporal changes in sound intensity
across frequency bins. High ACI values are complex
or noisy temporal variations in sound intensity within
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frequency bins, while low ACI values represent more
consistent sound intensity patterns over time.

Figure 7: Distribution of male vocalization genes
(blue) and female preference genes (red) in the VAE
evolutionary model: A) initial population; B) and C)
final population from different trials.

The frequency distribution of vocalization genes
(Fig. 8 A) shows that the selected songs are gener-
ally distributed over a wide area around the origin.
Compared to the ACI distribution (Fig. 8 B), the
evolved songs tend to be distributed in a range with
less noise, and the vocalizations are generated rela-
tively clearly or well reconstructed, indicating a rela-
tively lower ACI. Suzuki et al. tested a comparative
approach using the same model on Spotted Towhee
songs [10], where mating was based on the distance
between gene coordinates instead of spectrogram dif-
ferences. This led to rapid convergence to an uni-
modal distribution centered at the origin in repeated
experiments.

This suggests that in the VAE evolutionary model,
the evolution of songs in populations faces an inherent
selection pressure. This pressure may arise because
songs near the origin of the latent space typically ex-
hibit simple and stable characteristics corresponding
to the average features of the training songs. As a
result, the songs of populations tend to evolve within
the central region of the latent space. However, the
influence of complexity and uniqueness of generated
vocalizations and preferences on the evolutionary pro-
cess has, to some extent, mitigated the homogeniza-
tion of population genes and contributed to increasing
the diversity of evolved songs.

3.2 Evolutionary experiment based on
Text-To-Audio model

Figure 8: A) Frequency distribution of male vocaliza-
tion genes in the final generation across 100 trials; B)
Distribution of the Acoustic Complexity Index (ACI)
of spectrograms in the latent space (Fig. 3). In both
figures, red indicates higher values, and blue indicates
lower values.

For the Text-To-Audio evolutionary model, we used
the parameter settings as follows: N = 20, β = 0.3,
T = 80, pc = 0.5, pm = 0.15. We compared the dis-
tribution of male vocalization genes and female pref-
erence genes between the initial and final populations
in a pilot experimental trial. Both genes, represented
as text, were transformed into 2D vectors using the
SentenceTransformer package in Python and Uniform
Manifold Approximation and Projection (UMAP). Fig.
9 illustrates the distribution of male vocalization genes
and female preference genes in the 2D latent space for
the initial and final population.

We observed that the distribution of male vocal-
ization and female preference genes in the latent space
shifted during the evolutionary process, deviating from
their initial positions and forming clusters (Fig. 9
(right)). Both vocalization and preference genes were
organized into several discrete groups. For exam-
ple, both male song and female preference genes with
"trilling" formed distinct clusters on the top right
area. This suggests that the evolutionary process
drives changes in male vocalization and female prefer-
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Figure 9: Distribution of male vocalization genes (blue) and female preference genes (red) in the initial (left)
and final (right) populations within the latent space, based on the Text-To-Audio evolutionary model. Note
that the two figures show the different distributions on the same latent space.

ence genes, leading to clustering tendencies under the
rules of sexual selection [11] due to some kind of run-
away process. Meanwhile, the mutations based on the
LLM contributed to the creation of novel genes (e.g.,
the preference gene “trilling, brighter, resonating" and
the vocalization gene “chirping, lilting, glowing")(Fig.
9 (right)), thereby enhancing the genetic diversity of
the population. Consequently, the gene clusters are
distributed across distinct regions of the latent space
compared with the initial population.

However, the clusters of vocalization genes and the
clusters of preference genes are not closely located in
the latent space, implying that complex relationships
among genotypes and phenotypes might have strongly
affected the evolution process. We used the wav2vec
2.0 model [16] to extract the evolved vocalization and
preference song embeddings in the initial and final
populations and visualize them in the 2D latent space
(Fig. 10).

The latent space distribution of male vocalization
and female preference songs maintained a consistent
structure across generations, likely reflecting inher-
ent characteristics of BWFL songs. Both phenotypes
gradually mixed together in the latent space through
sexual selection, indicating increased affinity between
vocalization and preference songs. However, their cor-
responding genotypes showed no clear spatial prox-
imity among neighbors. This discrepancy suggests
complex genotype-phenotype relationships that make
the selection process non-trivial. This is because dis-
tinct genes could produce structurally similar songs in
the latent space, as demonstrated by the proximity of
songs generated from different descriptive sequences
(e.g., “chirping, lifting, complex" for vocalization and
“harmonious, vibrant, harmonic" for preference) (Fig.
10 bottom).

These results indicate that in the Text-To-Audio

evolutionary model, the influence of LLM promotes
greater diversity in the population’s genotypes, which
are further differentiated during the evolutionary pro-
cess. However, the evolved songs still face evolution-
ary pressure, as gene expression guided by specific
prompts and the structure of the original songs en-
sures that the evolved songs retain the characteris-
tics of the original Blue-and-white Flycatcher songs.
Consequently, while different vocalization and pref-
erence genes produce songs with distinct properties,
they also maintain the overall features of the original
songs. This effectively preserves the core structure of
the evolved songs within the population. The model
might balance the differentiation of population geno-
types (vocalization genes and preference genes) with
the differentiation of phenotypes (evolved songs).

Therefore, different vocalization genes and prefer-
ence genes may produce similar song structures, lim-
iting the overall variation in the evolved songs.

3.3 Comparison of the evolutionary dy-
namics of genes between VAE and
TTA-based models

To quantitatively compare the evolutionary dynamics
of male vocalizing genes and female preference genes
in both evolutionary models, we focused on the gen-
erational changes in the degree of clustering in both
experiments. In both cases, we used the average co-
sine similarity of possible pairs among male vocalizing
genes or female preference genes in the 2D space dis-
cussed above. The cosine similarity of these genes was
calculated every five generations.

Fig. 11 shows the comparison of average cosine
similarity across generations between the Text-To-Audio
(left) and VAE evolutionary (right) models. In the
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Figure 10: Latent space of evolved songs in initial (top) and final (bottom) population based on Text-To-Audio
evolutionary model. Note that the two figures show the different distributions on the same latent space.
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Figure 11: The average similarity of female preference genes (red) and male vocalizing genes(blue) across
the evolutionary process. (left) Based on the Text-To-Audio evolutionary model; (right) Based on the VAE
evolutionary model.

VAE model (right), the population rapidly converged,
reaching a similarity of 1.0, with their genes becoming
nearly identical. In contrast, the text-to-audio model
(left) showed a more gradual increase in similarity
over generations, suggesting maintained differences in
the population’s genes. This suggests that the large
language model can enhance genetic diversity within
the population during the evolutionary process, par-
tially mitigating the converging trend of genes in the
process of sexual selection, which still needs investi-
gation.

4 Conclusion
In this study, we compared two evolutionary models of
bird songs based on two generative audio models: the
VAE and the Text-To-Audio models. The VAE evo-
lutionary model, though capable of driving differen-
tiation in genotypes and phenotypes under the influ-
ence of the evolutionary framework, tends to produce
homogenized evolved songs due to the inherent selec-
tion pressure on well-reconstructed and clear vocal-
izations near the origin of the latent space. However,
the Text-To-Audio model, along with the LLM-based
gene mutations, promotes greater diversity of geno-
types and fosters the creation of novel genes. This
is due to more distinct song properties while main-
taining the core characteristics of the original Blue-
and-white Flycatcher songs. Therefore, the Text-To-
Audio model balances the differentiation of genotypes
and phenotypes, showcasing its potential to better
simulate the evolutionary complexity of natural vo-
calizations.

While further experiments and analyses are nec-
essary, these results highlight the advantages of in-
tegrating natural language models into evolutionary
frameworks for studying and generating complex an-
imal behaviors, specifically in realizing the evolution-
ary emergence of novel yet realistic signals in ecolog-
ical contexts.
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