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ABSTRACT

Text-to-music models provide new audio generational and transformational capability, though their control is not
a precise art. Embracing the aesthetics of ‘code bending’, glitch musicians’ approach to software manipulation
and the sounds of noise music, the open source Stable Audio 1.0 model is manipulated to enable radical new
audio outputs. The domain of historical late 1980s Detroit techno is used as a constrained arena for generation,
based on a fixed text prompt. A comparative study is then undertaken of perturbing model parameters for each
of the 745 layers of the model . Adding random noise to layer parameters is more likely to lead to interesting
results than zeroing (pruning) connections or randomly reconfiguring parameters throughout the model, though
all manipulations had some chance of creating interesting outputs. Further potential code bending projects for

text-to-music engines are discussed.

1 Introduction

Deep learning has established an immensely productive
and active research area for sound synthesis, in neural
audio synthesis. For instance, the original WaveNet
model [1] has had over 6000 citations, and subsequent
developments have included large dataset trained com-
pany efforts such as Meta’s AudioCraft' with open
source code and freely downloadable models [2], and
multiple audio models available through pipelines in
the Hugging Face transformers” and diffusers® python
packages. Such publicly available software is an irre-
sistible target for subversion in artistic projects, and
neural audio engines are powerful sound synthesis re-
sources which may be approached with more experi-
mental aesthetics.

Uhttps://github.com/facebookresearch/audiocraft
Zhttps://huggingface.co/docs/transformers/en/index
3https://huggingface.co/docs/diffusers/index

The area of code bending [3] is a development which
crosses hardware hacking [4] and live coding [5, 6],
promoting the deliberate rewriting and perturbation of
existing software for novel aesthetic ends. In the area
of deep neural networks, this has been called ‘network
bending’ [7] and is applicable to generative models for
the audio,visual and joint audiovisual modalities [8]. In
Collins et al. [9] open ‘brAln’ transplant surgery is ex-
plored swapping layers between multiple autoencoder
models; Dzwonczyk et al. [10] bend the Stable Dif-
fusion image generation engine to create music video
outputs, by using audio features as control parameters
to manipulate nodes to render a sequence of multiple
images . The corruption of neural audio models through
such techniques can lead to new timbres and new con-
trol possibilities, empowering new compositions util-
ising these sounds, and providing means to escape the
more obvious close reproductive intent of standard text-
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to-audio models. Such a project steers closer to glitch
[11] and noise music [12] aesthetics than conventional
computer science oriented deep learning work.

In this paper we explore hacking Stable Audio Open
(1.0) which is an open source text-to-music model. It
utilises a DiT (Diffusion-Transformer) model on the
inner representational (latent) space of an associated
audio encoder-decoder. Technical details of Stable
Audio 1.0 are discussed in reports from Stability-Al
researchers [13, 14]; the model with all source code
and weights is available online.*. This paper carries out
a comparative investigation of manipulating the param-
eters at the many different layers of the Stable Audio
generative model in section 2. We discuss the sound
transformations and the potential for further code bend-
ing in section 3. Sound examples® and open source
code® for the manipulations and figure generation ac-
company the paper.

2 Manipulations

Stable Audio 1.0 has around 1.2 billion float parame-
ters, with 745 layers in the core model combining the
autoencoder which accesses the lower dimensional
latent space where generation can take place, a
diffusion-transformer model for longer-structure
aware generation, and text embedding module for
conditioning generation on text prompts. The number
of parameters available at each layer vary but can
become three dimensional tensors with millions of
parameters (for example, layer 570 labelled pretrans-
form.model.decoder.layers. 1.layers.1.weight_v  has
shape [2048, 1024, 16] ). In section 2.1 we explore
adding Gaussian noise of different amplitudes to the
set of parameters at particular layers. In section 2.2
a subset of parameters across the entire model are
either zeroed out, or set to a random value; this latter
manipulation leads to more unstable outputs, including
silent output.

2.1 Adding noise to model layers

In order to better quantify the effect of interventions
on the many potential hacking points within a large
model, an exhaustive search was carried out across all
the 745 layers of the Stable Audio model. To each

“https://github.com/Stability- Al/stable-audio-tools
Shttps://composerprogrammer.com/unstableaudio.html
Shttps://github.com/sicklincoln/Unstable Audio

tensor of parameters for a given layer, Gaussian noise
was added” of amplitude 0.03, 0.3 and 3 (in initial ex-
periments, 0.01 was too little to hear much difference
in many cases). Gaussian noise was selected as a base-
line stochastic model rather than a uniform distribution,
but given the order of magnitude differences here, the
type of noise was not particularly critical. A fixed seed
and fixed prompt was used so that the baseline gener-
ation would always be the same and only the change
in weights would affect the output; outputs were all
10 seconds long, at 44.1KHz. The prompt was lifted
from the history of electronic dance music, namely
Derrick May’s description of Detroit Techno: ‘George
Clinton and Kraftwerk are stuck in an elevator with
only a sequencer to keep them company’ [15]. This
prompt was chosen because of the author’s familiarity
with the history of electronic dance music in this era
and electronic music history more generally [16].

Rendering of three added noise variants for each of
745 layers took 31 hours on a recent MacBook Pro
with Apple M4 Pro chip (utilising the Metal Perfor-
mance Shader GPU). Once obtained, the 10 second
outputs from Stable Audio were analyzed with respect
to three timbral features (spectral centroid, spectral
bandwidth and spectral flatness) extracted with librosa®
[17] and averaged over the 10 second clips. To pro-
vide further context to the text-to-music generation, a
small corpus of control cases was also introduced, and
analyzed with the same three audio features. The ad-
ditional audio sources consisted of 10 second extracts
from Kraftwerk (15 famous tracks from 1975 to 1981),
Parliament Funkadelic (eight tracks from the Mother-
ship Connection album released in 1975), and Derrick
May (10 well known tracks from 1985-1989, sourced
from his compilation Innovator (1997)). Further, 10
variations (without weight manipulation and without
any set seeds) were also created with Stable Audio 1.0
for each of the five prompts below, including the origi-
nal prompt above and some related descriptions of the
historical style:

e ‘Detroit techno circa 1988’
e ‘Derrick May electronic dance music’

e ‘carly techno music’

7Using torch.randn, which gives a normal distribution of mean 0
and standard deviation 1, scaled by the coefficients here.
8https://librosa.org/doc/latest/index.html
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1: Three scatter plots showing the interactions of three timbral features, plotted for Stable Audio generations

with different prompts, with different layer parameter manipulations, and with ground truth historical audio
from Kraftwerk, Parliament Funkadelic and Derrick May.

e ‘late 1980s Detroit techno’

e ‘George Clinton and Kraftwerk are stuck in an
elevator with only a sequencer to keep them com-

pany’

Figure 1 plots these different conditions with respect
to each other. The original Stable Audio generation
based on the ‘George Clinton’ prompt with seed 0 and
no weight variation is indicated as a larger point in pur-
ple. Figure 3 extends the analysis to rhythmic features,
extracted using the SuperCollider Music Information
Retrieval library [18]. The two features in the plot are
the mean IOI (Inter-Onset Interval) as found by a per-
cussive onset detector, and the ‘metricity’ which is a
measure of how metrically aligned the beat histogram
is in terms of simple integer harmonic or sub-harmonic
relationships of peak locations to the largest peak. The
historic human-composed music is generally separated
especially on the metricity dimension (for convenience
the figure also include audio examples of the overall
zeroing and noise conditions of section 2.2).

The outputs from the Detroit techno prompts, from a
musicological standpoint, are highly unreliable. Not
only do they include anachronistic sounds, but they are
often not electronic dance music at all but screaming
walls of noise. The weight manipulated outputs did
lead to interesting sonic variations, including the in-
troduction of voice-like sounds (despite Stable Audio
not being trained for vocal reproduction) and ‘ambient’
transformations from the original more noisy rhyth-
mic material, to spaced out ‘elevator music’ far from
techno’s pulsing drive.

The three features used here are only a rough timbral
guide to the music and do not include rhythmic or
pitch information, or time varying ‘spectromorphology’
[19]. Nonetheless, they show that the prompt based
generations, and the parameter manipulations of the
model, swarm around but do not often come close to
the original Kraftwerk, p-funk and Derrick May works,
and more often diverge into unrelated territory. Human
aural analysis confirms this.
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Fig. 2: Plot of two rhythmic features (mean IOI and metricity), plotted for Stable Audio generations with differ-
ent prompts, with different layer parameter manipulations, and with ground truth historical audio from
Kraftwerk, Parliament Funkadelic and Derrick May.

Interventions have different effect based not only on
what amplitude of Gaussian noise is added to a layer’s
parameters, but on the stage of the layer through the
model. Figure 3 plots the three features against layer.
It is initially striking that a run of layers, counts 380
to 562, do not adjust the output at all, seen in the fea-
ture data at a fixed plot level; zooming revealed no
finer grained structure, and aural checks showed only
the original seed O audio result was being returned.
However, closer investigation of the model proved that
this was not impactful in final rendering because it
corresponds to the pretransform.model.encoder layers,
which are only utilised in audio to audio transformation
and not when going from a text prompt direct to output
audio (adjusting weights for layer 563, the beginning
of the following pretransform.model.decoder, shows
audible results again). If starting from input audio, it
would be interesting to manipulate the encoder weights,
but wasn’t a task explored herein.

2.2 Zeroing out and randomising a subset of
weights

Rather than adding a fixed tensor of perturbations, it is
possible to directly change existing parameters, though
this can have a more unsettling effect on the model.

Fixing the same prompt and seed as previously, a ran-
dom set of parameters picked from any layer were set
to zero, for ten different conditions: 1, 10, 30, 100,
300, 1000, 3000, 10000, 100000 and 1000000 zeroings.
Each experiment was repeated 10 times (so across the
10 conditions, 100 runs of Stable Audio 1.0). The
more parameters zeroed out, the more likely a silent
output would be, though this only became a promi-
nent issue once going past 1000 zeroes. Many outputs,
especially for a smaller number of zeroes, had no per-
ceptible difference to the reference starting point (seed
0, no zeroes, no parameter adjustments). However, a
few more radical transformations were achieved for a
moderate number of zeroes (300-3000). Since zeroing
out parameters is equivalent to ‘pruning’ connections
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Fig. 3: Three scatter plots showing three timbral features plotted against the layer of network receiving a parameter

adjustment.

in a network, the model was only robust to moder-
ate pruning (around three in one million connections,
0.0003%).

We also investigated, again with the same prompt and
seed as previously, setting a random set of parameters
from any layer to a uniform random number from -1.0
to 1.0, for 1, 10, 30, 100, 300, 1000, 3000, 10000,
100000 and 1000000 parameter substitutions, each ex-
periment repeated 10 times (another 100 total runs of
Stable Audio 1.0). For higher numbers of randomised
parameters (>=10000), outputs tended to become high
frequency repetitions, sounding very coarse and not dis-
tinctive; nonetheless, when setting a moderate number
of parameters (100, 300, 1000, 3000) it was possible to
access new sounds; 1000-3000 zeros were especially
good at transforming sound in surprising ways.

3 Discussion

Hacking the Stable Audio 1.0 model does lead to some
productive and intriguing sounds. Audio examples

are released to accompany this paper; they range from
frequency filtering effects, to more radical slurring, tim-
bral substitution, stuttering, and changes of reverberant
acoustic. Most outputs were continuous in rhythmic or
ambient texture; a few demonstrated isolated hits with
silence inbetween. Occasionally, spectral processing
artefacts were obvious, but most had a nice sound qual-
ity, if sometimes distorting. Unless parameters were
entirely zeroed out, often leading to silent output, most
parameter changes would allow through a transformed
version of the original output. The systematic com-
parison by layer above only went up to a parameter
multiplier of 3; higher values still are perfectly possi-
ble, but in qualitative trials more often lead to extreme
distortion, or ‘frozen’ outputs with static frequency
partials or constant stridulation.

Musicians are actively exploring text-to-audio gen-
erative Al models [20], and more facilities for their
customisation, personalisation and sonically impactful
code bending warrant additional research. The manip-
ulations investigated here are not undertaken to repro-
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duce well worn paths in existing music (one of the
limitations of general text-to-audio training founded
in specific databases) but to push models outside of
the more obvious places in their generative space, and
access new sound transformations. With this goal in
mind, the project did reveal many unexpected sound
outputs that could not be reached in alternative obvi-
ous ways with existing computer music algorithms. A
more systematic polling of layer by layer weight per-
turbations led to more interesting results overall than a
global manipulation such as substituting an activation
function with another; however, given that only lim-
ited text prompts have been systematically compared
herein, there is much scope to compare manipulations
in the case of other prompts and no hard rule can be
established at this point.

Future techniques to be explored might include:

Coarse tuning It is possible to further train the base-
line Stable Audio 1.0 model on a given audio
corpus, via fine tuning of all model weights, or
substantially reduced numbers of parameters via
techniques like Low Rank Adapters (LORAS)
[21, 22, 23, 24]. Rather than fine tune an existing
model, we might ’coarse tune’, maximising unex-
pected outputs by training on non-congruent au-
dio, connecting an under-sized parasitical LORA
to awkward layer positions, using a deliberately
wild cost function etc.

Model cannibalization Varying the experiments of
Collins et al. [9], modular blocks such as the en-
coder, or specific layers, can be substituted from
alternative models, shuffled (where there are com-
patibilities of tensor shape, for instance, between
down and up sections of the encoder-decoder), or
additional layers added in to disrupt normal model
behaviour.

Short circuits Following the lead of hardware hack-
ing [4], additional rogue connections can be added
between any artificial neurons in any layers of the
network.

The slowness of Stable Audio inference does not facili-
tate deployment in live performance except perhaps via
background rendering.

At the time of writing, a Stable Audio 2.0 model ex-
ists and can be tried online®, but has not been open

%https://stableaudio.com/

sourced. The five Detroit techno prompts used above
were tested with SA2; plausible techno could be cre-
ated, but were not convincing historically. Just as for
Stable Audio 1.0 examined herein, this is not especially
unsurprising, since the model was ethically trained on
non-copyrighted audio, not including actual Detroit
techno in the training corpus. Specialisation of the
model towards historical accuracy could be undertaken,
at the likely expensive of generality (as found for Mu-
sicLDM in Ronchini et al. [20]). Whether the range of
sound transformation possible through model hacking
would be more compromised for an over-fitted fine-
tuned model is an open question. Research in this area
depends on open source code availability; hacking of
the suno or udio proprietary models, for example, is
not practicable at this time.

The manipulations detailed in this paper are not imme-
diately available to musicians to explore without use
of the source code provided directly (though it doesn’t
take many adjustments to hack a particular layer and
change the prompt and noise amplitude). A more used
friendly interface, and a more wide ranging user study
across a free choice of prompts and model manipula-
tions, would be a further interesting step.

4 Summary

This paper investigated sound transformations achiev-
able by manipulating the parameters of the Stable
Audio 1.0 model. Keeping generation fixed to a set
random number seed and prompt, parameter changes
within and across layers were investigated, often lead-
ing to interesting sound transformations. The model
was able to access sounds well outside of the norm, not
by reaching new places in the innermost latent space of
the encoder-decoder, but by fundamentally changing
the trained parameters utilised in the model itself for
generation and rendering. Many more potential hacks
are available including more profound manipulation of
text-to-audio models.
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