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Figure 1: Studies for, a collaborative generative sound installation created with sound artist Evala,
exhibited at the NTT InterCommunication Center [ICC] in Tokyo from December 14, 2024, to March
9, 2025 (Evala [2024]). The installation space was enveloped in white fabric, with eight-channel
speakers placed behind the fabric. The audience experienced the work by walking through the space.
Photo by Maruo Ryuichi, courtesy of ICC.

Abstract

This paper explores the integration of AI technologies into the artistic workflow
through the creation of Studies for, a generative sound installation developed in col-
laboration with sound artist Evala (https://www.ntticc.or.jp/en/archive/
works/studies-for/). The installation employs SpecMaskGIT, a lightweight
yet high-quality sound generation AI model, to generate and playback eight-channel
sound in real-time, creating an immersive auditory experience over the course of
a three-month exhibition. The work is grounded in the concept of a "new form
of archive," which aims to preserve the artistic style of an artist while expanding
beyond artists’ past artworks by continued generation of new sound elements. This
speculative approach to archival preservation is facilitated by training the AI model
on a dataset consisting of over 200 hours of Evala’s past sound artworks.
By addressing key requirements in the co-creation of art using AI, this study
highlights the value of the following aspects: (1) the necessity of integrating artist
feedback, (2) datasets derived from an artist’s past works, and (3) ensuring the
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inclusion of unexpected, novel outputs. In Studies for, the model was designed to
reflect the artist’s artistic identity while generating new, previously unheard sounds,
making it a fitting realization of the concept of "a new form of archive." We propose
a Human-AI co-creation framework for effectively incorporating sound generation
AI models into the sound art creation process and suggest new possibilities for
creating and archiving sound art that extend an artist’s work beyond their physical
existence. Demo page: https://sony.github.io/studies-for/

1 Introduction

Recent advancements in sound generation AI technologies (Kreuk et al. [2022], Huang et al. [2023],
Comunità et al. [2024], Saito et al. [2024], Evans et al. [2025]) have made it possible to generate
high-resolution sound. Both AI technologies and AI-driven art creation initially advanced in the
realm of visual arts, particularly with image generation. However, with the development of sound
generation AI technologies, it is now valuable to introduce these advancements into the domain of
sound art and explore the creativity inherent in sound generation AI technology.

This paper presents a case study of incorporating sound generation AI technology into the sound art
domain, through the collaborative creation of the sound art installation Studies for (Evala [2024])with
sound artist Evala. Studies for is a sound art piece that uses SpecMaskGIT (Comunità et al. [2024]), a
lightweight yet high-quality sound generation AI model, to generate and playback sound in real-time
across eight channels simultaneously throughout the three-month exhibition period. Figure 1 shows a
photograph of the actual exhibition venue.

The concept behind this work is "a new form of archive." In sound art and media art, due to their
spatial and performative nature, archiving poses a significant challenge because these works often rely
on specific environments and moments for their full experience, making it difficult to capture their
essence in traditional archival formats (Bulut [2006], Farbowitz [2018]). Evala, who creates many
site-specific sound spatialization works(Evala [2025]), was concerned that much of his work might
never be reproduced after his death. We, as his collaborators, saw the potential of this partnership as
an opportunity to explore the possibility of using AI models as a “new form of archive.”

In the context of the arts utilizing AI technology, referencing works such as Sofian Audry’s Art in the
Age of Machine Learning (Audry [2021]), the key requirements when artists work with AI can be
classified into two elements:

• Ensuring that the artist’s unique identity is preserved in the output
• The inclusion of unexpected surprises in the output that the artist did not anticipate

By addressing these requirements, the SpecMaskGIT model trained on Evala’s past works and
incorporating his feedback, not only reflected his artistic sensibility in the output but also continued
to generate previously unheard sounds.

2 Related Works

The challenges of archiving site-specific sound art, particularly works that rely on sound spatialization,
are significant due to the strong ties between spatial and performative context, which makes them
difficult to preserve in conventional archival formats. Zeynep Bulut, in The Problem of Archiving
Soundworks (Bulut [2006]), highlights how the ephemeral and temporal nature of sound art com-
plicates the process of archiving, especially for works involving spatialization and performance.
Similarly, Jonathan Farbowitz’s research on Archiving Computer-based Artworks (Farbowitz [2018])
examines the risks posed by technological shifts to the sustainability of computer-based artworks.
Given this background, the challenges of archiving Evala’s sound artworks become clear from both
sound art and media art perspectives. In response to these challenges, the collaborative work Studies
for was created with the concept of "a new form of archive". This work seeks to offer an innovative
solution to the difficulties surrounding the preservation of spatial and site-specific sound art. The
concept is discussed in more detail in Section 3.1.

One approach to ensuring the preservation of artist’s unique identity in the model output is for artists
to evaluate the quality of the generated results and iteratively refine the model by incorporating their
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feedback until a satisfactory outcome is reached. Prior work by Fiebrink et al. [2011] shows that such
generation–evaluation–feedback cycles are essential for maintaining creative �ow, and that reducing
the time required for each iteration helps the model adapt more effectively to the user's intentions. In
our collaboration, we minimized the model size while maintaining high output quality, enabling the
artist to repeat this process with minimal delay. A notable precedent is Fiebrink et al.'sWekinator
(Fiebrink et al. [2009]), an interactive supervised learning tool that supports iterative re�nement based
on user feedback, though it does not generate audio signals. To our knowledge, no prior work applies
sound generation AI models in the way described here. In this context, the SpecMaskGIT model
used in Studies for demonstrates how a lightweight yet high-quality Text-to-audio (T2A) model
can support such iterative cycles, allowing the artist's style to be progressively embedded into the
generated sound (see Section 4.1).

Another approach for the identity preservation is for artists to construct original models on the basis
of datasets they have curated or collected themselves. This approach allows the model to internalize
and reproduce the distinctive features of an artist's style, ensuring that the generated output remains
faithful to the artist's vision while allowing the artist to actively shape the dataset for training(Audry
[2021]). Artists such as Shantell Martin and Sarah Schmettmann in Mind the Machine (Shantell
and Sarah [2017]), Songwen Chung in Drawing Operations (Sougwen [2017]), and Anna Ridler in
Myriad (Tulips) (Anna [2018]) have used AI models trained on datasets they personally created. By
training the models on their original datasets, these artists ensure that their unique artistic practices
are re�ected in the AI's outputs. In our case ofStudies for, the AI model was exclusively trained
on a sound dataset provided by Evala, consisting of over 200 hours of his past works. This focused
training ensures that the model retains and re�ects his unique sound characteristics, preserving his
artistic identity. Sections 4.2 and 4.3 provide further details on this methodology.

When artists incorporate AI technology into their creative process, they often expect the technology
to produce outputs that exceed their own imaginative capacities. This is re�ected in works such as
Exquisite Corpus by Songwen Chung (Sougwen [2016]), Spring Spyre by Laetitia Sonami (Laetitia
[2011]), Listener by Suzanne Kite (Suzanne [2018]), and Co(AI)xistence by Justine Emard (Justine
[2017]). These artists explore the AI-human interaction within their work, examining how AI models
respond to human behavior and how humans, in turn, react to the outputs of the AI. The AI's ability
to produce surprising and sometimes unpredictable outputs often leads to expanding the artist's
creative boundaries. InStudies for, by combining text prompts (the titles of Evala's past works) with
audio inputs (the signature sound that opens all of his sound artworks), a conditioning structure was
implemented to ensure that the generated output did not resemble a mere collage of his past works.
This structure enables the model to generate sounds that re�ect Evala's artistic style while introducing
new, previously unheard elements. This methodology is explained in detail in Section 4.4.

3 Artwork Description

3.1 Archival Concept

In Evala's sound installations, which incorporate site-speci�c sound spatialization, the challenges
related to archiving works, as discussed in Section 2, are particularly pronounced. Evala has expressed
concern that most of his works might never be reproduced again after his death. In response to this,
Studies for, created in collaboration with Evala, represents a speculative attempt to address these
archival challenges by training an AI model using an artist's past works. This approach aims to
preserve the artist's style while continuing to generate the sounds of their work even after their death,
proposing a new form of archive.

3.2 Spatial Composition

Studies forincorporated a spatial design that embodied its core concept. The installation space was
enveloped in a white, curved fabric structure, symbolizing both the beginning of life — a womb
where sound is born — and the continuation — the afterlife — a realm where sound persists even
after the artist is gone. The actual exhibition space is shown in Figure 1. This duality created an
intimate and abstract auditory environment, immersing the audience in a space between the contrast
of life and death. Behind the fabric, eight speakers were positioned around the room, allowing the
audience to walk freely within the space and experience the generative sound from varying spatial
perspectives.

3



During the three-month exhibition, the model generated sound across eight channels in real-time
simultaneously. A distinctive feature of Evala's artistic practice is the use of multiple speakers to
create spatial and site-speci�c works. Similarly, this installation utilized eight channels to construct
an immersive environment where the audience could experience generative sound, unique to the
speci�c time and place, while walking through the space.

4 Technical Details

4.1 Model Architecture

In this artwork, we adopt SpecMaskGIT (Comunità et al. [2024]), a lightweight T2A model, as
it can directly generate full-band audio signals from either text or audio input. A comparison of
model size and performance with other models is shown in Figure 3 of the Appendix. Thanks to
the fast generation speed, this model allows artists to evaluate the quality of the output and quickly
incorporate their feedback into the model's learning process. Compared to previous T2A models,
which often require a signi�cant amount of time for the generation process, this feature enables
the artist to be more deeply involved in the model's development. As a result, the model is able to
generate high-quality outputs that better re�ect the artist's input. This makes SpecMaskGIT a good
choice for this project, as it integrates the artist's feedback more effectively into the creative process,
resulting in high-quality, artistically meaningful outputs.

The overall system comprises two main components: a spectrogram encoder and decoder (SpecVQ-
GAN) that compresses input audio into latent tokens, and a masked generative Transformer (Spec-
MaskGIT) that reconstructs Mel-spectrogram token sequences from masked token sequences. Details
of the training processes for both SpecVQGAN and SpecMaskGIT are illustrated in Figures 4 and 5
in the Appendix (Comunità et al. [2024]).

4.2 Dataset and Artistic Conditioning

In this artwork, the model was trained exclusively on audio data extracted from Evala's past sound
artworks, amounting to approximately 200 hours of material. This artist-speci�c dataset not only
aligned with the conceptual intent of creating a “new form of archive,” but also enabled the generative
model to internalize and reproduce sound characteristics unique to Evala's creative style. Furthermore,
the interviews with the artist revealed that a minimum sampling frequency of 48kHz was preferred to
faithfully deliver the artistic intent into the generated outputs. To achieve this minimum resolution, a
high-quality dataset needed to be used for training. As a result, the audio data extracted from Evala's
past works, which was used for training the model, was resampled to 48kHz before being processed.

4.3 Optimization of Model Complexity and Performance

As explained in Section 2,Studies forembodies the concept of "a new form of archive" and re�ects
Evala's spatially acoustic and site-speci�c artistic style. To generate sound that can only be experi-
enced by the audience at a speci�c time and place, real-time eight-channel simultaneous generation
was expected instead of pre-generate audio data then playing back in the venue. As mentioned in
the previous subsection, the output needed a minimum sampling frequency of 48kHz. Therefore,
to achieve fast inference while maintaining high-resolution output, optimizations were made to the
SpecMaskGIT model.

In Section 4.5, we provide a detailed description of the equipment setup used for this project. To
meet the requirements for real-time generation speed, it was necessary to ensure that the system
could operate without delay. For effective spatial acoustic representation, the minimum number
of speakers required was determined to be 8 channels, with speakers positioned to surround the
listener's left, right, front, back, above, and below, in accordance with the artist's decision. This eight-
channel con�guration allowed for the intended spatial expression while maintaining the necessary
performance for real-time sound generation.

To reduce model complexity while maintaining the desired quality, we optimized both SpecVQGAN
and SpecMaskGIT. In the SpecVQGAN training process, the wav2mel mapping was optimized for
48kHz audio, enabling ef�cient yet high-�delity spectrogram encoding. Additionally, for real-time
sound generation, HiFi-GAN (Kong et al. [2020]), the vocoder previously used in SpecMaskGIT
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paper (Comunità et al. [2024]), was a bottleneck in terms of generation time. Therefore, we replaced
it with Vocos (Siuzdak [2023]), a vocoder capable of faster processing. In the SpecMaskGIT training
process, the number of Transformer blocks was reduced from 24 to 12, decreasing the parameter
count to 89.27 million. The model details between the version of SpecMaskGIT trained on the open
dataset AudioSet (Gemmeke et al. [2017]) and the version trained forStudies forare compared in
Table 1 in the Appendix.

4.4 Continuous Sound Generation and Semantic Conditioning

As mentioned in Section 2, the artist sought unexpected outcomes from the model. Initially, the model
was trained exclusively on Evala's past works, which occasionally generated outputs resembling
collages of his previous pieces. While these outputs were technically coherent, the artist found
them unsatisfying: rather than merely recombining his past works, he hoped to hear sounds that felt
new—unheard, yet still true to his style.

In response to this challenge, we modi�ed the model's conditioning structure. Initially, the model was
conditioned only on a sound query of Evala's signature sound that opens all of his sound artworks.
Later, we incorporated textual prompts (the titles of eight of his past works) alongside the audio input
using CLAP (Contrastive Language-Audio Pre-training) (Wu et al. [2023]). As a result, each of the
eight output channels is semantically guided by a corresponding title, and sound is continuously
generated through an abstract interpretation of the compositional elements of Evala's past works
speci�cally, the titles and signature sound.

To implement this dual conditioning, we extended the standard Classi�er-Free Guidance (CFG)
formulation, which is commonly used to balance diversity and alignment in T2A synthesis (Ho and
Salimans [2022], Comunità et al. [2024]). Speci�cally, we adapted the CFG framework to incorporate
both text and audio conditions, following the approach introduced in SpecMaskFoley (Zhong et al.
[2025]). The modi�ed CFG objective is de�ned as:

` = `uncond + t[(` text � `uncond ) + ( `audio � `uncond )]; (1)
Where`uncond denotes the logits gained from the audio backbone without CLAP conditioning,` text
denotes the logits obtained from conditioning SpecMaskGIT with CLAP text features,`audio denotes
the logits earned by conditioning SpecMaskGIT with CLAP audio features, andt denotes the CFG
scale.

Additionally, to enable sound to be generate uninterruptedly and continuously throughout the three-
month exhibition, we adopted an audio outpainting strategy. The model generates 10-second segments
in real time, where the latter 5 seconds of each segment are overlapped with the �rst 5 seconds of
the subsequent generation. This overlapping technique ensures temporal coherence and avoids
perceptible discontinuities, allowing for a seamless auditory experience.

A diagram of the model structure used in the exhibition is shown in Figure 2.

Figure 2: Continuous Generation with Audio and Text Inputs.
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4.5 System Implementation and Technical Setup

To enable eight-channel audio to be generated and played back in real time at 48kHz, the generative
model was deployed a Linux Ubuntu-based workstations, equipped with two NVIDIA RTX 4080
GPUs. The generated audio signals were routed through an RME Babyface interface and a macOS-
based machine for sound tuning, including volume balancing and equalization. After processing, the
signals were transmitted via an RME Fireface 802 interface to a Crown CT8150 ampli�er, which
powered the speaker system.

The exhibition space, enclosed in curved white fabric, featured a spatial speaker array with seven
Gallo A'DIVA speakers and one Genelec subwoofer positioned behind the fabric, surrounding the
audience. Throughout the three-month exhibition, this setup continuously delivered generative eight-
channel audio in real time, creating an immersive and ever-evolving auditory environment.A diagram
of the equipment used in the actual exhibition is included as Figure 6 in the Appendix.

5 Exhibition Details

The artworkStudies forwas exhibited as part of sound artist Evala's large-scale solo exhibition “Evala:
Emerging Site / Disappearing Sight,” held at ICC in Tokyo from December 14, 2024, to March 9,
2025. The exhibition attracted more than 20,000 visitors. While many of Evala's sound artworks
are often presented in relatively dark rooms to make the audience focus on the auditory experience,
Studies for, in contrast, was displayed in a bright white space (in Figure 1), which expressed its
concept through the environment.

Studies forwas encountered at the end of the exhibition route, following other works by Evala. The
audience expressed that this layout effectively conveyed the idea that the sounds of the piece were
generated by a model that had learned from Evala's previous works. They found this arrangement to
be a clear and effective way to understand the relationship between the model and the artist's sound.

6 Conclusion

This study explored the co-creative integration of AI into the artistic work�ow ofStudies for, a
generative sound installation created in collaboration with sound artist Evala. To re�ect the artist's
intent in the AI model during the artistic production process, it is essential to:

• Use a lightweight model that allows for quick iterations of trial and error, ensuring that
the artist's identity is preserved in the output while also enabling effective integration of
feedback to re�ne the model and maintain quality. Additionally, using the artist's past works
as the dataset helps re�ect the artist's style in the output.

• Optimize the system to allow multiple queries as input. This approach introduces novelty
and fresh elements that can lead to unexpected surprises, as desired by the artist. This
structure, which increases the level of abstraction in the output, was identi�ed as necessary
in certain cases.

The use of a model like SpecMaskGIT, which can generate audio signals at high speed, enabled
sound to be generated and played back in real time across eight channels simultaneously, consistently
over a span of three months without any interruptions. This approach is considered an unprecedented
example in the �eld.

In media art, especially in sound art, the work itself is often intangible, and the challenge of archiving
such works remains unresolved. However, by training an AI model on an artist's past works,Studies
for suggests a speculative new form of archive that not only preserves and references the artist's
past creations but also allows for them to be expanded even after the artist's death. In this sense,
Studies forbecomes a meaningful work in the context of posthumanism, offering a forward-thinking
approach to using AI technology in the artistic domain, and presenting new possibilities for artistic
creation beyond the artist's lifetime.

6



References

Evala. Studies for.https://www.ntticc.or.jp/en/archive/works/studies-for/ , 2024.
Accessed: Jul. 25, 2025.

Felix Kreuk, Gabriel Synnaeve, Adam Polyak, Uriel Singer, Alexandre Défossez, Jade Copet, Devi
Parikh, Yaniv Taigman, and Yossi Adi. Audiogen: Textually guided audio generation.arXiv
preprint arXiv:2209.15352, 2022.

Jiawei Huang, Yi Ren, Rongjie Huang, Dongchao Yang, Zhenhui Ye, Chen Zhang, Jinglin Liu, Xiang
Yin, Zejun Ma, and Zhou Zhao. Make-an-audio 2: Temporal-enhanced text-to-audio generation.
arXiv preprint arXiv:2305.18474, 2023.

Marco Comunità, Zhi Zhong, Akira Takahashi, Shiqi Yang, Mengjie Zhao, Koichi Saito, Yukara
Ikemiya, Takashi Shibuya, Shusuke Takahashi, and Yuki Mitsufuji. Specmaskgit: Masked gen-
erative modeling of audio spectrograms for ef�cient audio synthesis and beyond.arXiv preprint
arXiv:2406.17672, 2024.

Koichi Saito, Dongjun Kim, Takashi Shibuya, Chieh-Hsin Lai, Zhi Zhong, Yuhta Takida, and Yuki
Mitsufuji. Soundctm: Uniting score-based and consistency models for text-to-sound generation.
arXiv preprint arXiv:2405.18503, 2024.

Zach Evans, Julian D Parker, CJ Carr, Zack Zukowski, Josiah Taylor, and Jordi Pons. Stable audio
open. InProc. ICASSP 2025, pages 1–5. IEEE, 2025.

Zeynep Bulut. The problem of archiving soundworks.Paci�c Review of Ethnomusicology, 2006.
Accessed: Jul. 25, 2025.

Jonathan Farbowitz. Archiving computer-based artworks. InProceedings of the Electronic Media
Review, New York, NY, USA, 2018. EMG Press.

Evala.https://evala.jp/Profile , 2025. Accessed: Jul. 31, 2025.

So�an Audry. Art in the Age of Machine Learning. MIT Press, 2021.

Rebecca Fiebrink, Daniel Trueman, and Perry R. Cook. Human model evaluation in interactive
supervised learning. InProceedings of the SIGCHI Conference on Human Factors in Computing
Systems, pages 147–156, 2011.

Rebecca Fiebrink, Daniel Trueman, and Perry R. Cook. A meta-instrument for interactive, on-the-�y
machine learning. InProceedings of the International Conference on New Interfaces for Musical
Expression (NIME), Pittsburgh, PA, USA, 2009. NIME.

Martin Shantell and Schwettmann Sarah. Mind the machine.https://magazine.art21.org/
2017/07/06/machine-drawing-shantell-martin-and-the-algorist/ , 2017. Accessed:
Jul. 25, 2025.

Chung Sougwen. Drawing operations.https://sougwen.com/project/drawing-operations ,
2017. Accessed: Jul. 25, 2025.

Ridler Anna. Myriad (tulips).https://annaridler.com/myriad-tulips , 2018. Accessed: Jul.
25, 2025.

Chung Sougwen. Exquisite corpus.https://sougwen.com/project/exquisite-corpus , 2016.
Accessed: Jul. 25, 2025.

Sonami Laetitia. Spring spyre.https://sonami.net/portfolio/items/spring-spyre/ ,
2011. Accessed: Jul. 25, 2025.

Kite Suzanne. Listener.https://www.kitekitekitekite.com/portfolio/listener , 2018.
Accessed: Jul. 25, 2025.

Emard Justine. Co(ai)xistence.https://justineemard.com/coaixistence-2/ , 2017. Ac-
cessed: Jul. 25, 2025.

7



Jungil Kong, Jaehyeon Kim, and Jaekyoung Bae. Hifi-gan: Generative adversarial networks for
efficient and high fidelity speech synthesis. NeurIPS, 33:17022–17033, 2020.

Hubert Siuzdak. Vocos: Closing the gap between time-domain and fourier-based neural vocoders for
high-quality audio synthesis. arXiv preprint arXiv:2306.00814, 2023.

Jort F Gemmeke, Daniel PW Ellis, Dylan Freedman, Aren Jansen, Wade Lawrence, R Channing
Moore, Manoj Plakal, and Marvin Ritter. Audio set: An ontology and human-labeled dataset for
audio events. In Proc. ICASSP 2017, pages 776–780. IEEE, 2017.

Yusong Wu, Ke Chen, Tianyu Zhang, Yuchen Hui, Taylor Berg-Kirkpatrick, and Shlomo Dubnov.
Large-scale contrastive language-audio pretraining with feature fusion and keyword-to-caption
augmentation. In Proc. ICASSP 2023, pages 1–5, 2023.

Jonathan Ho and Tim Salimans. Classifier-free diffusion guidance. arXiv preprint arXiv:2207.12598,
2022.

Zhi Zhong, Akira Takahashi, Shuyang Cui, Keisuke Toyama, Shusuke Takahashi, and Yuki Mitsufuji.
Specmaskfoley: Steering pretrained spectral masked generative transformer toward synchronized
video-to-audio synthesis via controlnet. arXiv preprint arXiv:2505.16195, 2025.

A Technical Appendices and Supplementary Material

A.1 Comparison of Model Size and Audio Synthesis Performance
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Figure 3: Audio synthesis performance and number of synthesis iterations of different methods. The
size of circle represents the model size. SpecMaskGIT achieves decent quality with only 16 iterations
and a small model size.

A.2 SpecVQGAN Training

Figure 4: SpecVQGAN, which encodes non-overlapping 16-by-16 time-mel patches into discrete
tokens, and decodes the discrete tokens back to Mel-spectrogram
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A.3 SpecMaskGIT Training

Figure 5: Self-supervised training of SpecMaskGIT. The Transformer is trained to reconstruct
SpecVQGAN token sequences that are randomly masked with variable masking ratios, conditioned
by a semantic embeddding from the CLAP encoder. “M” denotes the learned mask token, while “C”
denotes the proposed conditional mask.

Table 1: A comparison of the model details

SpecMaskGIT (Comunità et al. [2024]) Studies for

Dataset AudioSet 5000 hours Artist’s original dataset 200 hours
Sampling rate 22kHz 48kHz
SpecVQGAN params: 72M params: 72M

80 Mel bin x 848 frames 256 Mel bin x 960 frames
265 tokens (5 x 53) 960 tokens (16 x 60)
820x compression 480x compression

SpecMaskGIT params : 172M params : 89M
24 Transformer blocks 12 Transformer blocks

768 dim 8 heads attention 768 dim 12 heads attention
CLAP 630k-audioset-best.pt music_audioset_epoch_15_esc_90.14.pt

Vocoder HiFi-GAN Vocos

A.4 Equipment Configuration

Figure 6: System architecture for real-time eight-channel sound generation using dual RTX4080
GPUs, audio interface (RME Babyface and Fireface802), and spatial speaker setup.
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