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Abstract

Soundscape research has received growing attention
in recent years, particularly in relation to machine
learning-based prediction and multimodal applica-
tions. Recent multimodal audio generation models
have shown promising performance on general au-
diovisual content, but their applicability to urban
soundscape generation has received limited attention.
This paper presents a pilot study on adapting the pre-
trained MM Audio model for video-conditioned urban
soundscape generation. Urban scene recordings were
segmented into 8 s clips using overlapping temporal
sampling with a stride of 4 s, resulting in a dataset of
6,946 clips. A lightweight adaptation pipeline was de-
veloped on top of the original MM Audio framework,
including custom clip loading, streaming TensorDict
memmap feature extraction, and full fine-tuning in 16
kHz mode on a single NVIDIA L4 GPU. The study
establishes a practical baseline workflow for urban
soundscape generation under limited computational
resources. Preliminary results suggest that domain-
specific fine-tuning is feasible and can move generated
outputs closer to the target urban soundscape do-
main, while also highlighting limitations related to
data scale, simple textual conditioning, feature com-
pleteness, and the need for fuller evaluation. The work
provides an initial step toward video-conditioned ur-
ban soundscape generation.
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1. Introduction

Soundscape research explores how people perceive
and experience the acoustic environment[1], and the
field has a wide range of applications, such as
urban planning and environmental psychology. Urban
soundscapes are shaped by the interplay of acoustic
events, visual context, environmental background,
and human perception. Integrating multimodal data
(particularly audio and visual data) has significantly
advanced soundscape research. When auditory and
visual stimuli are combined, attention paid to the
visual cues can change the subjective perception of
sound and vice versa[2]. Studies demonstrate a strong
correlation between visual factors and soundscape
perception[3], highlighting the importance of visual
information. Modelling these relationships remains a
longstanding challenge in soundscape research, par-
ticularly because it requires integrating multiple types
of data, including visual, acoustic, and perceptual
information.

Early work in audio generation focused primarily on
waveform synthesis or spectrogram-based generation
from audio-only inputs[4], [5]. More recent approaches
extend this paradigm to multimodal settings, such
as text-to-audio or video-to-audio generation, where
visual or semantic cues provide contextual constraints
on the generated sound. These models aim not
only to produce acoustically plausible signals, but
also to ensure semantic consistency and temporal
synchronization between modalities. MMAudio[6] is
a recent multimodal video-to-audio generation frame-
work that addresses several limitations of earlier
approaches. Rather than relying solely on relatively
small-scale video—audio datasets, MMAudio adopts a
joint training strategy that leverages large-scale text—
audio data alongside video—audio pairs. This design
enables the model to learn semantically meaningful
audio representations while maintaining alignment
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with visual input. In addition, MM Audio incorporates
a conditional synchronization mechanism that aligns
visual features with audio latent representations
at the frame level, improving temporal coherence
between generated audio and video content. The
model is trained using a flow-matching[7] objective
and achieves competitive performance in terms of
audio quality, semantic alignment and audio—visual
synchrony, while remaining computationally efficient.
However, these results have mainly been demon-
strated on general audiovisual data, and it remains
unclear how well such a model adapts to the urban
soundscape, where scenes often contain ambient back-
ground sound and multiple simultaneous sources.

To investigate this issue, we fine-tune MMAudio on
a custom urban dataset using a resource-constrained
workflow based on pre-extracted memmap features.
The dataset was derived from the International
Soundscape Database (ISD)[8], a large-scale resource
compiled from soundscape assessment campaigns con-
ducted across Europe and China. ISD follows the
standardized SSID Protocol9], which integrates in
situ soundscape experience questionnaires, ambison-
ics recordings, binaural recordings, monaural record-
ings, video captures, acoustic data, and other environ-
mental information and in accordance with the ISO
12913[10] standard for soundscape data collection.
The contributions of this paper are threefold. First, it
presents a practical pipeline for adapting MMAudio
to an urban soundscape dataset. Second, it establishes
a feature extraction and fine-tuning workflow that can
be implemented on limited computational resources.
Third, it provides an initial comparison between
ground-truth audio and the outputs generated by the
pretrained and fine-tuned models, together with a dis-
cussion of the main limitations and future directions.
The overall aim is not to claim a final solution, but
to establish an initial baseline for video-conditioned
urban soundscape generation.

2. Method

2.1. Dataset preparation

A custom urban video dataset derived from ISD[8]
was prepared for this study. The source material
consisted of approximately 30 long-form urban sound-
scape recordings, each with a duration of around 14—
20 min. These recordings include typical public urban
scenes such as streets, markets, pedestrian areas, and
other shared public spaces. To construct model-ready
samples, the videos were segmented into 8 s clips using
a sliding-window approach with a stride of 4 s for data
augmentation.

The primary experiment reported in this paper uses
6,946 overlapping clips. The data were divided into
training, validation, and test subsets using TSV files
that define clip identifiers and labels. The final split
used in the main experiment contains 5,556 training
clips, 695 validation clips, and 695 test clips. During
the current stage of the study, a single generic text
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label, “urban soundscape”, was used as the textual
conditioning signal.

Temporal sampling density is an important design
choice in this dataset construction process. The use
of a stride shorter than the clip duration produces
overlapping neighboring clips from the same source
recording, thereby increasing the number of available
training samples. In practice, this acts as a denser
temporal sampling strategy and may be regarded
as a simple form of data augmentation, although
adjacent samples remain highly correlated [11]. For
this reason, overlap must be handled carefully when
defining training and evaluation splits. In the present
pilot study, stride is treated primarily as a dataset
construction variable rather than as a central experi-
mental contribution.

2.2. Feature extraction

Following the MMAudio training workflow, audiovi-
sual features were extracted in advance and stored as
TensorDict memmap tensors for efficient fine-tuning.
The extraction pipeline used the official MMAudio
framework together with lightweight custom modifi-
cations for folder-based clip loading and dataset-spe-
cific handling. The extracted representations include
audio latent means and standard deviations from the
MMAudio VAE[12], CLIP-based visual features[13],
Synchformer-based synchronization features[14], and
CLIP text embeddings. Of the 6,946 allocated clips,
6,860 were successfully processed. Feature complete-
ness varied across modalities, and 5,210 clips con-
tained valid features for all modalities and were
therefore used for training.

To avoid excessive RAM usage during large-scale ex-
traction, a streaming memmap strategy was adopted:
each batch was encoded, written directly to disk, and
then discarded before the next batch was processed.
This approach enabled stable extraction without re-
quiring the full dataset to be kept in memory. From
a practical perspective, this step was essential for
making the workflow feasible in a small-scale experi-
mental setting.

2.3. Model adaptation and fine-tuning

A full fine-tuning strategy was adopted using the pre-
trained mmaudio small 16k. The task is formulated
as conditional audio generation from video input,
with urban soundscape content as the target domain.
The core MMAudio architecture was left unchanged.
Instead, the adaptation focused on the surrounding
training pipeline, including data loading, sequence
configuration, extracted feature compatibility, and
sample generation robustness.

Several practical modifications were necessary to
stabilize the workflow. These included aligning
sync_seq_len with the extracted synchronization fea-
tures, supporting both caption and label columns in
TSV files, ensuring consistency between training and
evaluation configurations, and safely skipping non-
critical failures during video joining and automatic
metric evaluation. These changes do not modify the
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generative backbone itself, but they make the official
framework usable for a urban soundscape dataset
under constrained experimental conditions.

3. Experimental setup

Fine-tuning was conducted in 16 kHz mode using the
pretrained mmaudio_small 16k checkpoint. Train-
ing relied on pre-extracted memmap features and the
main experiments were run in Google Colab using a
single NVIDIA L4 GPU. The batch size was set to 2,
which means that one epoch corresponds to approxi-
mately 2778 iterations given 5556 training clips.
Because the current extraction output does not pro-
vide a fully valid feature set for every allocated sample
and modality, the present study should be under-
stood as a pilot implementation focused on practical
feasibility rather than exhaustive optimization. The
present submission therefore emphasizes the training
workflow, loss behavior, and a lightweight compari-
son between ground-truth, pretrained, and fine-tuned
outputs. Fuller evaluation, including broader evalua-
tion metrics and perceptual listening assessment, is
reserved for future work.

4. Results

This section presents the main observations from the
pilot study, focusing on the training process and qual-
itative comparison between ground-truth, pretrained,
and fine-tuned outputs. Rather than full evaluation,
the aim here is to provide initial evidence on whether
the adapted MM Audio pipeline can be used for urban
soundscape generation from video under limited com-
putational resources.

4.1. Training process

The training process provides initial evidence that
domain adaptation is feasible. Figure 1 shows the
training and validation loss during fine-tuning and is
intended to illustrate overall optimization behavior
rather than to claim definitive convergence. In the
present setting, training loss is logged more frequently
than validation loss, while the validation curve serves
as the main indicator of generalization behavior.
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Figure 1: Training and validation loss curves for MM Au-
dio fine-tuning on the urban soundscape dataset. (a) Full
loss curves showing both training and validation loss over
15k iterations. (b) Zoomed view of the validation loss, with
the best checkpoint (iteration 14,399) marked in red.

The loss curves suggest that the model adapts to
the urban soundscape training distribution, while the
validation curve provides a more informative signal of
generalization beyond the seen clips. The model con-
verges rapidly within the first 2,000 iterations, with
validation loss stabilizing around 0.719 after approx-
imately 10,000 iterations. Because the present study
uses a modest dataset and a small batch size, some
fluctuation in validation loss is expected. Therefore,
the most meaningful checkpoint is not necessarily the
final one, but rather the one with the lowest validation
loss or the best overall balance between quantitative
metrics and qualitative output quality.

4.2. Initial comparison of generated audio

An initial comparison is also presented between the
ground-truth audio and the outputs generated by the
pretrained and fine-tuned MMAudio models. This is
shown using spectrogram-based visual comparison in
Figure 2. The purpose of this figure is not to replace
formal evaluation, but to provide an initial indication
of whether fine-tuning moves the generated outputs
closer to the acoustic characteristics of the target
urban soundscape.
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Figure 2: Spectrogram comparison of the ground-truth
audio and the audio generated by the pretrained and fine-
tuned MMAudio models for one representative clip from
the test set.

Table 1: Mean spectrogram-distance values over 30 ran-
domly selected test clips. Lower values indicate closer
agreement with the ground-truth spectrogram.

Metric | Pretrained | Fine-tuned A

L1 11.610 11.066 —0.544
MSE 217.378 203.379 —13.999
LSD 13.319 12.539 —0.780

Figure 2 presents a preliminary spectrogram com-
parison between the ground-truth audio, the audio
generated by the pretrained MMAudio model, and
the audio generated by the fine-tuned model for
a representative test clip. All three signals show a
low-frequency-dominant structure, which is typical
of urban ambient soundscapes. Compared with the
pretrained output, the fine-tuned result exhibits a
smoother broadband spectral distribution and fewer
pronounced narrow-band horizontal patterns in the
mid- and high-frequency regions, making it visually
closer to the ground truth.

To complement this visual comparison, a lightweight
spectrogram-distance analysis was conducted on 30
samples randomly selected from the test set. For each
sample, distances between the generated output and
the ground-truth spectrogram were computed using
L1 distance, mean squared error (MSE), and log-
spectral distance (LSD), where lower values indicate
closer agreement with the target spectrum. Table 1
reports the mean values of these distances over the 30
sampled test clips. Across all three measures, the fine-
tuned model achieved smaller average distances than
the pretrained baseline. Although clear differences
from the target signal remain, these results provide
initial quantitative evidence that fine-tuning moves
the generated audio closer to the target urban sound-
scape domain.

5. Discussion

The present findings should be interpreted cautiously.
First, the dataset remains relatively small compared
with the scale of the original pretraining regime,
making overfitting a realistic concern during longer
fine-tuning runs. Second, the text conditioning used
here is deliberately simple, relying on a single generic
caption. This reduces semantic diversity and limits
controllability. Third, the current evaluation remains
limited. In an urban soundscape context, conventional
automatic audio metrics do not necessarily capture
scene-level plausibility [15], environmental realism, or
perceptual suitability, so lightweight comparisons are
useful but not sufficient on their own.

A further issue concerns the role of datasets in sound-
scape Al. As highlighted in our recent literature re-
view, existing soundscape datasets often differ widely
in recording methods, scale, perceptual framework,
and accessibility[16]. The present pilot study reflects
this broader problem: beyond model design itself, the
practical usability of a dataset for multimodal gener-
ation depends strongly on how consistently its audio,
visual, and metadata components can be reorga-
nized into a trainable format. From this perspective,
database scale, structure, and comparability remain
central challenges for future soundscape Al research.
Within this scope, the current results nevertheless
suggest that domain-specific fine-tuning is meaning-
ful. The loss behavior indicates that the pretrained
model can adapt to the urban soundscape training
distribution, while the spectrogram comparison sug-
gests that the fine-tuned outputs become closer to the
ground-truth than the untuned pretrained baseline.
For a pilot study of this scope, this kind of initial
comparison is valuable because it addresses a prac-
tical question: whether fine-tuning produces outputs
that are at least more consistent with the target data
distribution.

At the same time, the current study should not be
taken as a definitive evaluation of urban soundscape
generation quality. The spectrogram comparison is
informative as a first qualitative analysis, but it
cannot fully capture perceptual realism, audiovisual
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consistency, or scene-level appropriateness. A more
complete assessment would ideally combine broader
evaluation metrics with listening-based perceptual
evaluation.

Overall, the present results suggest that pretrained
multimodal audio generation models are promising
for soundscape-related applications, but further work
is needed in three main directions: larger and more di-
verse datasets, richer caption conditioning strategies,
and evaluation protocols that are better aligned with
environmental soundscape perception.

6. Conclusion

This paper presented a pilot study on adapting the
pretrained MMAudio model to urban soundscape
generation from video. Using a custom urban dataset
derived from the International Soundscape Database
(ISD) and a lightweight fine-tuning workflow, the
study established a practical baseline for domain-
specific multimodal audio generation under limited
computational resources. The main contribution is
therefore methodological and practical: it shows that
the official MMAudio framework can be adapted to
urban soundscape data through a practical and work-
able pipeline.

The preliminary findings suggest that domain-spe-
cific fine-tuning can move generated audio closer
to the target urban soundscape domain, but they
also underline the current limitations of small-scale
experiments, simple textual conditioning and limited
evaluation. The work should therefore be understood
as an initial baseline rather than a final generative
solution. Future work will extend the present study
through fuller objective evaluation, richer caption
conditioning, and larger datasets.
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